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ABSTRACT
Neuroanatomy in Mild Cognitive Impairment: Relationship to Functional Skills, Treatment
Expectancy, and Comorbid Depression
by
Sara N. Rushia
Advisor: Joel Sneed, Ph.D.
Mild cognitive impairment (MCI) is a neurocognitive disorder defined by cognitive decline in
older adults. Although MCI has been studied for decades, there remain important areas to be
explored in order to adequately characterize aspects of this disorder that provide information
valuable for possible interventions and disease progression to dementia, including a better
understanding of the neuroanatomical variables relevant to this disorder. Such neuroanatomical
variables include cortical thickness, hippocampal volume, and white matter hyperintensities
(WMHs). This dissertation consists of three separate studies aimed at addressing gaps in the
literature on MCI in relation to brain morphometrics and under-studied characteristics involved
in MCI, such as functional skills, treatment expectancy, and comorbid depression. The first study
evaluated the relationship between neuroanatomical variables and a performance-based
functional skills measure that is increasingly used to evaluate functional status in MCI.
Furthermore, this first study explored the relationship between the functional skills measure and
cognitive measures known to be affected in MCI. The second study evaluated the relationship
between neuroanatomical variables and expectancy beliefs in individuals with MCI partaking in
a computerized cognitive training (CCT) trial. Due to a dearth of research on this topic,
additional demographic and clinical characteristics known to be affected in MCI were also
investigated in relation to expectancy beliefs, to build a foundation for future research. The third
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study evaluated neuroanatomical and cognitive differences between MCI and comorbid
depression and MCI (Dep-MCI), a comorbidity that may be an indicator of progression from
MCI to dementia. The results from the three studies together support the importance of
measuring multiple aspects of structural brain changes in individuals with MCI, as the different
characteristics in MCI were related to differing structural abnormalities. Best brain
morphometric evidence for functional skills, participant treatment expectancy, and comorbid
Dep-MCI varied between cortical thickness, hippocampal volume, and white matter lesion
burden metrics. In general, cortical thickness was the best metric for evaluating functional skills
in MCI, hippocampal volume was the best metric for evaluating participant treatment
expectancy, and cortical thickness and WMHs were the best metrics for comparing MCI and
Dep-MCI. Taken together, unique structural brain abnormalities are present in these less-studied
aspects of MCI, with evidence of variable relationships to other facets of MCI such as cognition
and demographic characteristics. Results provide information that can be further studied
longitudinally to examine potential interventions for MCI, contribute to diagnosis of disease
severity, and evaluate progression to dementia. By establishing the structural neuroanatomical
correlates of various aspects of MCI, information important for evaluating disease-modifying
effects of interventions will be determined.
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CHAPTER ONE
Neuroanatomy in Mild Cognitive Impairment: Relationship to Functional Skills,
Treatment Expectancy, and Comorbid Depression
Mild cognitive impairment (MCI) is a neurocognitive disorder that represents a
transitionary state between typical aging and dementia, characterized by cognitive impairments
beyond what would be expected for a person’s age, but with relatively preserved functional
abilities (Gauthier et al., 2006; Petersen, 2016). A proportion of individuals diagnosed with MCI
cognitively decline at a rate faster than those without MCI (Petersen et al., 2009; Petersen et al.,
1999) and MCI has been shown to increase the risk of conversion to dementia (Jungwirth et al.,
2012; Landau et al., 2010). Prevalence estimates of MCI in adults aged 50 and older based on 15
studies range from 16% to 20% (Roberts & Knopman, 2013).
MCI may be classified into subtypes depending on the type and degree of cognitive
problems. Cognitive deficits in MCI are typically described as 1 to 1.5 standard deviations (SD)
below the mean for culturally-appropriate normative data based on age and education level
(Albert et al., 2011). Another definition of MCI for research purposes was created by the
National Institute on Aging and Alzheimer’s Association (NIA-AA) and describes that MCI may
also be based solely on clinical judgment. Furthermore, this definition describes that cognitive
test performance should be below the range expected for the individual, and does not have to be
based on population norms. According to this framework, MCI only denotes severity of
cognitive impairment and does not imply a specific etiology (Jack et al., 2018). Commonly
investigated subtypes of MCI include amnestic MCI (aMCI) and non-amnestic MCI (naMCI).
Amnestic MCI involves cognitive deficits in memory while naMCI describes individuals who
have deficits in cognitive domains other than memory. Conversion to various types of dementia

1

appear to be related to MCI subtypes. For example, individuals with aMCI have been shown to
have a higher likelihood of progression to Alzheimer’s disease (AD) (Albert et al., 2011; Ferman
et al., 2013; Jungwirth et al., 2012; Yaffe et al., 2006) whereas those with naMCI have been
shown to appear to be more likely to develop dementia with Lewy bodies (Donaghy & McKeith,
2014; Ferman et al., 2013), though findings regarding naMCI have been inconsistent (Jungwirth
et al., 2012). Additional subtypes of MCI include single-domain MCI and multi-domain MCI.
Single domain MCI involves deficits in a singular cognitive domain whereas multiple domain
MCI describes individuals with deficits in multiple cognitive domains (Petersen, 2004).
Individuals with multi-domain MCI have been found to have a higher likelihood of progressing
to dementia than individuals with single-domain MCI (Han et al., 2012; Michaud et al., 2017).
Within the literature, MCI may be defined into such subgroups or may be described more
broadly. One reason that the term MCI may be used broadly instead of in a subgroup is because
researchers may not have the available data to fully group the participants into subtypes. For
example, if poor memory performance was an inclusion criteria for a study, all participants could
be described as aMCI, however, if the researchers did not have normative data for the other
cognitive domains that were assessed, it would be unclear as to whether those participants had
single- or multi-domain MCI. Thus, many researchers elect to utilize the broad term MCI.
Brain morphometrics are useful in evaluating MCI from both clinical and intervention
research perspectives. For instance, neuroanatomical variables such as cortical thickness,
hippocampal volume, and white matter lesion burden have been shown to help elucidate which
individuals with MCI are more likely to progress to dementia (Kälin et al., 2017; Prasad et al.,
2011; Yi et al., 2016). As such, knowledge of the relationship between brain morphometrics and
other characteristics or measures thought to be associated with MCI may help inform clinical
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practice and research decisions. For example, such knowledge may lead to more aggressive
interventions for individuals with MCI and may provide researchers with specific areas to target
for treatments. Implications for research also include the ability to better characterize whether an
intervention has a disease-modifying effect. If an intervention is able to alter structural brain
changes that have occurred in MCI to be consistent with previously healthy levels, this may
provide evidence that any concurrent cognitive changes will be more lasting. Taken together,
knowledge of these neuroanatomical areas will provide a foundation for better clinical prognosis.
Aspects involved in MCI that are under-studied, yet still important, include functional skills,
expectancy beliefs in intervention trials, and comorbid depression.
Neuroanatomical Variables in MCI
Structural brain variables shown to be informative in studying MCI include cortical
thinning, hippocampal volume loss, and greater white matter lesion burden. Cortical thinning has
been shown to be a sensitive measure of age-associated decline in gray matter (Hutton et al.,
2009). Individuals with MCI have been found to have reduced cortical thickness in many areas
as compared to healthy controls (HC), with variation in areas possibly due to varying inclusion
criteria and heterogeneity of MCI subtypes. The most predominant areas that show cortical
thinning include temporal, frontal, and parietal regions; more posterior regions such as the
occipital lobe are less frequently involved (Fujishima et al., 2014; Li et al., 2011; Wang et al,
2009). Fujishima et al. (2014) found that MCI participants had reduced cortical thickness in the
bilateral temporal pole, fusiform gyrus, anterior parahippocampal gyrus, middle and inferior
temporal gyrus, inferior parietal gyrus, and left supramarginal gyrus as compared to HC. Li et al.
(2011) found that individuals with MCI had thinner left caudal anterior cingulate cortex (ACC),
inferior parietal lobe, isthmus cingulate gyrus, bilateral caudal middle frontal gyrus, paracentral
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gyrus, precentral gyrus, postcentral gyrus, posterior cingulate gyrus, superior frontal gyrus,
parahippocampal gyrus, temporal pole, and transverse temporal gyrus as compared to HC. Wang
et al., (2009) found reductions in cortical thickness in the entorhinal cortex, parahippocampal
gyrus, fusiform gyrus, inferior temporal gyrus, middle temporal gyrus, superior temporal gyrus,
frontal pole, paracentral lobule, pars orbitalis, pars triangularis, postcentral gyrus, rostral middle
frontal gyrus, and superior parietal gyrus in MCI participants as compared to HC. Cortical
thinning has also been identified as a predictor of increased risk of conversion from MCI to
dementia (Julkunen et al., 2010; Peters et al., 2014) and cortical thickness analyses have also
separated AD and HC (Schwarz et al., 2016). However, it should also be noted that cortical
thinning has also been observed in normal aging, even in areas vulnerable to AD and even when
the decline is accelerated (Fjell et al., 2014). For example, Shaw et al. (2016) found an annual
average cortical thinning rate of 0.3% over an 8-year period of time in cognitively healthy older
adults. However, it is possible that if these participants were followed for longer periods of time,
they may develop a dementia process, as structural changes often precede clinical changes.
Volume loss has also been observed in limbic structures, particularly the hippocampus, in
MCI (Li et al., 2011). Furthermore, atrophy of the hippocampus has been associated with an
increased conversion rate from MCI to dementia (Kälin et al., 2017; Yi et al., 2016). Participants
with MCI have shown reductions in hippocampal volume and entorhinal cortex as compared to
HC (Devanand et al., 2012; Pennanen et al., 2004). Furthermore, participants with AD have
shown significantly reduced volumes of hippocampus and entorhinal cortex as compared to MCI
and HC (Pennanen et al., 2004).
White matter lesion burden refers to areas of damage within the white matter of the brain,
and can be defined by white matter hyperintensities (WMHs) observed on brain magnetic
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resonance imaging (MRI). WMHs may be measured through automatic or semi-automatic
computer programs, or qualitative ratings completed by trained raters. WMHs have been found
to be present in both MCI (Fujishima et al., 2014; Prasad et al., 2011) and AD (Alosco et al.,
2018). In fact, WMHs have been shown to predict conversion of healthy controls to MCI
(Bangen et al., 2018) and of MCI to AD (Prasad et al., 2011). Furthermore, WMHs and cortical
thinning have often been found in conjunction and a higher WMH volume has been associated
with thinner cortices in the frontal, temporal, and parietal regions in participants with MCI
(Fujishima et al., 2014). WMHs have also been significantly associated with medial temporal
atrophy in samples of MCI and probable AD (Appel et al., 2009; Guzman et al., 2012).
While changes in structural neuroanatomical variables are crucial to assess in MCI,
functional anatomy and the connection between brain structures have also been found to be
important in MCI, though will not be evaluated in the current study. One brain network that has
shown changes in MCI is the Default Mode Network (DMN; Eyler et al., 2019). The DMN is a
network of connected brain areas that has been associated with emotional processing, selfreferential mental activity, and memory (Raichle, 2015). Information from structural and
functional analyses are also useful for forming predictions about how structural areas may be
connected through networks.
Relationship to Cognition
Neuroanatomical variables such as cortical thickness, hippocampal volume, and presence
of WMHs have been associated with poorer performance on cognitive measures in individuals
with MCI. Yao et al. (2012) found that atrophy in the left superior temporal gyrus, middle
temporal gyrus, superior temporopolar area, and middle temporopolar area was associated with
cognitive decline on a measure of overall functioning in MCI. Reduced cortical thickness has
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also been associated with poorer performance on tasks of letter fluency, semantic fluency,
processing speed, word retrieval, and visuospatial functioning in MCI (Kim et al., 2014).
Measures of executive function and verbal memory predicted variation in cortical thickness in
medial temporal and parietal areas in individuals with MCI (Eliassen et al., 2017). Further, poor
episodic memory has been associated with reduced cortical thickness in the left entorhinal cortex
and increased WMHs in MCI (Fujishima et al., 2014).
A meta-analysis evaluating 10 studies on MCI found large effect sizes for relationships
between WMHs and overall cognition, attention/executive functions, and processing speed (van
den Berg et al., 2018). Caillaud et al. (2020) found that in MCI participants, scores on executive
function measures were negatively associated with WMHs while scores on episodic memory
measures were positively associated with hippocampal volumes. WMHs have also been
associated with poorer performance on measures of executive function and visuospatial skills
(Son et al., 2012). Delano-Wood et al. (2009) separated individuals with MCI into three groups
based on a cluster analysis of cognitive scores and labeled the groups depending on where the
cognitive deficits were found: memory/language, executive/processing speed, and pure memory.
The executive/processing speed group showed significantly higher levels of white matter lesion
burden as compared to the other two groups. Furthermore, the memory/language group had
higher periventricular lesion burden and lower deep white matter lesion burden as compared to
the executive/processing speed group, whereas the executive/processing group showed the
opposite pattern (i.e., higher deep white matter lesion burden and lower periventricular lesion
burden than the memory/language group) (Delano-Wood et al., 2009).
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Functional Skills Assessment in MCI
Functional skills assessment has been less frequently studied in the MCI literature.
Functional status is a necessary component to the clinical MCI diagnosis as it is often the
delineating factor in staging MCI versus dementia. Moreover, functional status has been shown
to inform risk of conversion to dementia (Nowrangi et al., 2016). Functional skills refer to those
skills implemented in everyday life and can be divided into either instrumental activities of daily
living (IADL), which involve more complex tasks such as managing medications, finances, and
schedules, using the telephone, and planning trips, and basic activities of daily living (BADL),
which involve less complex, but important tasks such as bathing, dressing, and eating.
Individuals with MCI have historically been described as having only mild degrees of
impairment in functional skills (Albert et al., 2011), which were described as often
indistinguishable from functional problems that normal older adults encountered as they age
(Petersen, 2004). However, more recent research has shown that MCI is indeed associated with
some difficulties in IADL but not BADL (Aretouli & Brandt, 2010; Jekel et al., 2015; Lindbergh
et al., 2016; Luck et al., 2011). Furthermore, individuals with MCI and difficulties in IADL have
been shown to appear to be at a higher risk of converting to dementia than individuals with MCI
and no IADL difficulties (Luck et al., 2011; Pérès et al., 2006; Triebel et al., 2009), providing
further evidence that evaluating functional skills in individuals with MCI is a crucial
undertaking.
Functional skills may be assessed through neuropsychological measures, informant-based
report measures, self-report measures, or performance-based functional asessments. Assessment
of functional skills has historically been challenging as available neuropsychological tasks may
not be sensitive enough to capture more nuanced difficulties in everyday life. Informant-based
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reports may result in over-estimation or under-estimation of a patient’s abilities (Loewenstein et
al., 2001; Okonkwo et al., 2008), and demographic and relational features of informants have
been shown to influence their reporting of participant IADL functioning (Hackett et al., 2020).
Lastly, self-report may not be accurate as individuals with MCI may not be fully aware of their
own deficits (Bregman et al., 2020; Okonkwo et al., 2008; Onor et al., 2006). One emerging
technique to objectively measure functional skills is the utilization of performance-based
functional assessments, where individuals are tested and objectively scored on their ability to
perform real-world task analogues. A systematic review by Jekel et al. (2015) found that
performance-based functional assessments showed slight advantages in detecting group
differences in IADL functioning between MCI, AD, and HC groups. However, performancebased functional assessments are also susceptible to concerns and limitations. For example, such
measures do not involve assessing individuals in their home environments but rather in a
controlled environment. There may be some individuals with MCI who able to perform IADLs
well in their home environment due to procedural recall, but have difficulty in a new, unfamiliar
environment, which may result in a lower score than would be expected. Alternatively, there
may be some individuals who perform better in a controlled environment where there are fewer
distractions. Furthermore, such measures only capture an exerpt of real-world performance rather
than the range of complex activities people encounter in their everyday lives. Lastly, such
measures are often more time-consuming than questionnaires completed by participants and
informants (Jekel et al., 2015).
One performance-based measure that has recently garnered attention in MCI studies is
the University of California San Diego Performance-Based Skills Assessment (UPSA), which
involves role-play tasks that have similar degrees of complexity as tasks that older community-
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dwelling adults may be likely to encounter (Patterson et al., 2001). Indeed, the UPSA has been
shown to outperform traditionally used informant-based reports (Goldberg et al., 2010).
UPSA Use in MCI
The original UPSA measured five domains: comprehension/planning, transportation,
communication, financial procedures, and household chores, and was created to evaluate middleaged and older adult patients with severe mental illness (Patterson et al., 2001). In the
comprehension/planning domain, participants read out loud two stories describing a zoo outing
and a beach outing, and then answered questions about each story and described items that would
be necessary to have during the outings. Tasks in the transportation domain included determining
bus schedules, fees, and a telephone number based on provided information. In the
communication domain, tasks included making calls on a (disconnected) telephone including for
an emergency and to get information. Individuals were given a letter confirming a medical
appointment and had to call to reschedule the appointment, as well as recall and describe specific
information from the letter. Financial procedures included counting out certain amounts of
change from coins and bills and filling out a check based on an electric bill. In the household
chores domain, tasks included preparing a written shopping list for a specific recipe, picking out
items in a mock grocery store to make the recipe, and writing down items still needed that were
not in the mock grocery store. The UPSA was scored objectively, with points given for correct
responses. In the original UPSA, total scores for each domain were calculated by transforming
raw scores into a 0-to-10 scale, then multiplying the result by 2. A summary UPSA score was
calculated by summing the five domain scores, resulting in total scores ranging from 0 to 100.
Studies evaluating the UPSA in MCI samples have varied based on how many domains
were investigated, ranging from two to four. In one study, a version of the UPSA using the four
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domains of comprehension/planning, transportation, communication, and financial procedures
compared HC, individuals with MCI, and individuals with AD (Goldberg et al., 2010). This
study compared the UPSA to the informant-based report Alzheimer’s Disease Cooperative
Study-Activities of Daily Living Inventory (ADCS-ADL). Researchers found that on the UPSA,
HC outperformed individuals with MCI, who in turn outperformed individuals with AD, with all
differences yielding large effect sizes. In contrast, the ADCS-ADL did not differentiate between
the healthy control and MCI groups. Additionally, the MCI group had significant impairments on
the UPSA as compared to the ADCS-ADL. The UPSA was also less prone to ceiling and floor
effects than the ADCS-ADL (Goldberg et al., 2010).
Gomar et al. (2011) evaluated the same four domains of the UPSA and found that the two
domains of communication and comprehension/planning accounted for 89% of the variance in
scores. The short version of the UPSA using these two domains significantly correlated with the
four-domain version of the UPSA. With this two-domain UPSA, researchers found that HC
outperformed individuals with MCI, who in turn outperformed individuals with AD. This short
form UPSA showed minimal ceiling effects in the healthy controls, no ceiling effects in the MCI
and AD groups, and no floor effects (Gomar et al., 2011). A subsequent study further evaluated
this UPSA short form and found that working memory and executive function measures were
predictors of performance on the UPSA for an MCI group (Garcia-Alvarez et al., 2018).
Furthermore, they found that cortical thickness and white matter volume were related to
measures of processing speed and executive functioning. Specifically, global cortical thickness
was a significant predictor for working memory maintenance, cognitive speed and visual search,
and executive function. The superior prefrontal cortex was a predictor of speed, the middle
frontal gyrus was associated with an executive factor, and episodic memory was predicted by
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hippocampal volume. White matter volume reductions subjacent to the anterior cingulate were
associated with reductions in executive function and white matter hypointensity volume
reductions were associated with attenuations in executive function and speed (Garcia-Alvarez et
al., 2018).
The UPSA-3 was formed to comprise the three domains of communication,
comprehension/planning, and finance (Goldberg et al., 2020). This version has shown that HC
perform better than individuals with MCI, who in turn perform better than individuals with AD,
with all comparisons having large effect sizes. Furthermore, the MCI and AD groups showed
functional decline over one year while the healthy control group remained stable. This version of
the test has shown adequate test-retest reliability with no ceiling or floor effects (Goldberg et al.,
2020).
Use of the UPSA in MCI also has limitations, including that the only technology assessed
is telephonic. As technology continues to advance, it will be important to include measurement
of more aspects of technology, such as with computers or tablets, as such skills are now
frequently learned early in life. Additionally, while current geriatric patients are often familiar
with writing checks, future generations of older adults may not be as familiar, as such practices
may be diminishing with the advancement of technology. This is particularly important as Jekel
et al. (2015) found that financial capacity was often the domain affected consistently in MCI
participants with IADL difficulties. Lastly, many of the studies evaluating the UPSA in MCI
have used relatively small samples.
Functional Skills and Cognition in MCI
Although the UPSA has not been rigorously studied in relation to cognitive functioning
in individuals with MCI, other functional assessments have evaluated the relationship between
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functional skills and cognition. Reppermund et al. (2011) found that in a group of MCI and HC
participants, greater impairment on an informant-based measure of IADL was associated with
poorer cognitive functioning in the domains of attention/processing speed, executive function,
language, memory, and visuospatial skills. In aMCI participants, scores on an informant report of
IADL were associated with measures of overall functioning, executive function, and verbal
memory (Yeh et al., 2011). Marshall et al. (2011) found that worse scores on an informant-based
IADL measure were associated with worse scores on measures of processing speed and verbal
memory in a sample of MCI participants. Additionally, they found a quadratic relation between
the IADL measure and a measure of executive function, possibly due to a ceiling effect on the
task (Marshall et al., 2011). Jefferson et al. (2008) used an informant-based measure of activities
of daily living that quantifies functional errors and found that in MCI participants, poorer
performance on the informant-based report was associated with poorer performance on a
measure of verbal learning. However, this study also evaluated the informant-based measure the
Lawton and Brody Instrumental Activities of Daily Living and Physical Self-Maintenance Scale,
which did not show a relationship with any measures of learning, memory, information
processing, and executive functioning (Jefferson et al., 2008). Aretouli and Brandt (2010) found
that with an informant-based measure of daily functioning, lower scores on a working memory
composite were associated with poorer functional skills in participants with MCI. Ratings from a
self-report measure of activities of daily living in MCI showed that individuals with poorer
performance on tasks of memory and visuospatial skills who were older and female were more
likely to be impaired on activities of daily living (Tuokko et al., 2005). Thus, there appears to be
a positive relationship between functional skills and cognition. As such, evaluating the
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relationship between the UPSA, cognition, and neuroanatomy in MCI will be crucial for further
developing the research base behind this tool and for exploring functional skill ability in MCI.
Expectancy Effects in Computerized Cognitive Training Trials in MCI
As MCI confers high risk of transition to dementia, much research has attempted to
develop treatment options to reduce this risk. However, there has been difficulty in establishing
efficacy for medications to treat MCI, and computer cognitive training (CCT) has emerged as a
potential treatment option. CCT uses software aimed at training and sharpening cognitive skills
and involves the practice of computerized cognitive exercises that target specific abilities to
improve cognitive functioning. Some CCT programs target a single cognitive domain whereas
others target an array of cognitive domains. Some interventions have included interactions with
trained facilitators or have been combined with additional psychosocial and/or physical health
programs (Harvey et al., 2018).
CCT in older adults with MCI has shown mixed results, with some studies not showing a
positive benefit of CCT (Barnes et al., 2009) and others showing improvements after CCT (Hyer
et al., 2016). A meta-analysis of 17 randomized trials of CCT in MCI showed that immediately
post-intervention, CCT was efficacious for global cognition, verbal learning and memory,
nonverbal learning, working memory, attention, and psychosocial functioning (e.g., quality of
life, psychiatric symptoms) (Hill et al., 2016). Another meta-analysis of CCT for older adults
with MCI reported small-to-medium positive effect sizes on global cognition, episodic memory,
and working memory immediately post-intervention (Zhang et al., 2019). Additional research
evaluating clinical progression over longer periods of time will be crucial to determine the longterm benefits of CCT in MCI.
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However, there remain many criticisms of CCT. These include that the commercial
claims are unsubstantiated and that CCT simply “teaches to the test,” meaning that the CCT
games are too similar to outcome measures, and if one practices enough CCT they will
inherently perform better on the outcome measures simply due to the similarity with trainings.
This concern also relates to transfer effects, which relate to whether gains in cognitive
functioning transfer to other cognitive domains that were not explicitly practiced, or to everyday
functioning (Foroughi et al., 2016; Harvey et al., 2018). Transfer effects are important to assess
given the association that has been found between cognitive decline and functional disability (De
Vriendt et al., 2015). Another criticism is the reliance of some studies on waitlist control or
passive control conditions rather than active control conditions. Lastly, other limitations involve
placebo and expectancy effects (Foroughi et al., 2016; Harvey et al., 2018).
Expectancy is a belief-based factor, analogous to the placebo effect, that has the potential
to influence the magnitude of improvement following an intervention. Evaluating expectancy
involves measuring how much a person expects to improve after a given course of treatment. The
belief that a treatment will produce a particular outcome has influenced the effects of
psychotherapy (Smeets et al., 2008; Weinberger, 2014) and pharmacological interventions
(Rutherford et al., 2010). In CCT trials, expectancy is important to measure because it may
impact training engagement and transfer effects. However, expectancy effects have not been
explicitly evaluated in many CCT trials in MCI and instead much of the literature comes from
research evaluating individuals with no cognitive impairment. In one such a study, training
engagement was indeed associated with perceived cognitive benefits (Ng et al., 2020). Some
possible reasons that expectancy may affect CCT trials include that higher expectancy may lead
to higher motivation, greater attention, effort, investment of time, and compliance in training.
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These factors may then lead to increased cognitive benefits. This is particularly important in
CCT trials, as about one-quarter of adults aged 40 and older, and more than 4 in 10 of those who
identify as racial/ethnic minorities, reported that they believe that the best way to maintain or
improve brain health is to play brain games (Mehegen et al., 2017).
One consideration for expectancy effects is that there may be differences in expectancy
related to demographic variables, though studies evaluating demographic variables have
primarily been conducted with individuals without cognitive impairment. Some studies have
shown that women appear to be more optimistic about cognitive benefits than men (Mehegen et
al., 2017; Ng et al., 2020), while another study did not find significant gender differences
(Rabipour & Davidson, 2015). There have also been some differences in expectancy for various
age groups. Mehegen et al. (2017) found that those aged 40-60 were more inclined/optimistic to
engage in cognitive training to improve cognitive impairment as compared to those aged 61 and
older. Rabipour and Davidson (2015) found that a group of older adults was more optimistic
about benefits of cognitive training than younger adults; however, the older adult group were not
compared to a middle-aged group. Another study did not find any significant differences
between age groups (Ng et al., 2020). Another area that has had conflicting results is in
education. One study found that perceived cognitive benefits of cognitive training decreased with
increased levels of education (Ng et al., 2020), whereas another study found no significant
relationship between education and perceived cognitive benefits (Rabipour & Davidson, 2015).
Inconsistent results may have occurred due to various sample sizes and age groups across
studies. The main limitation of these studies is that they included mainly individuals with no
cognitive impairment, and it is possible that individuals with cognitive impairment may have
differing expectations. For instance, if people form positive expectations regarding CCT from

15

learning about CCT through advertisements or other people, they must learn and retain the
information over time. If individuals have difficulties with learning and recalling information,
perhaps they will have difficulty maintaining positive expectations regarding CCT. Additional
hypotheses for how older adults with cognitive impairments may form expectations for
interventions arise from literature in late life depression.
In older adults, there is a sizable literature on expectations of treatment for depression.
Interestingly, depressed older adults have shown deficits in the ability to benefit from
manipulations that boost expectancy in depressed younger adults (Rutherford et al., 2016). One
important consideration is that neuroanatomical variables may differ from older and younger
depressed adults, which might play a role in the ability to form or change expectations. Indeed,
depressed older adults have been shown to frequently have WMHs (Smagula & Aizenstein,
2016) and reduced cortical thickness (Lim et al., 2012). Reduced cortical thickness has been
observed in the left insular region, ACC, medial orbitofrontal cortex (OFC), dlPFC, superior and
middle temporal cortex, and posterior cingulate cortex in depressed older adults (Lim et al.,
2012). Similar structural changes have also been seen in individuals with MCI (Fujishima et al.,
2014; Li et al., 2011; Prins & Scheltens, 2015; Wang et al., 2009). One possibility for the reason
behind differences in expectancy formations between younger and older depressed adults is that
white matter damage in older depressed adults may interrupt the neural circuitry underlying
expectancy effects, particularly in connections between the prefrontal cortex and subcortical
areas (Zilcha-Mano et al., 2019). Because individuals with MCI have similar structural brain
changes, it is possible that they may also have difficulty forming expectations. Thus,
understanding demographic, clinical, and structural brain imaging characteristics of MCI
participants that influence expectations may help to identify individuals who view training
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optimistically and are likely to engage with and remain in a CCT trial. Given CCT trials are often
costly, selecting participants who will participate fully in the intervention will be beneficial to
ensure study completion.
Comorbid Depression and MCI
Unipolar mood disorders and MCI are common diagnoses in older adults. The prevalence
rate of Major Depressive Disorder (MDD), in adults aged 55 and older in the U.S., has been
estimated to be 4% based on the National Comorbidity Study Replication (Byers et al., 2010).
Depression and cognitive impairment (Dep-MCI) frequently co-occur in older adults. In a metaanalysis exploring the presence of comorbid Dep-MCI, Ismail et al. (2016) found that 32% of
individuals presented with either depression or depressive symptoms along with a diagnosis of
MCI, indicative of high comorbid presence. This has also been found across ethnic groups in the
U.S., with higher rates of depression associated with MCI in Hispanic and European American
populations (Lang et al., 2021). Despite such a high comorbidity, these disorders are frequently
studied separately, as depression research tends to either exclude or not assess cognitive
impairment (Sheline et al., 2012) and MCI research tends to exclude or poorly operationalize
depression, such as by using a singular self-report measure (Petersen et al., 2005; Rozzini et al.,
2007). While such exclusionary practices are often done intentionally in order to ensure a
homogenous sample, such restrictions limit the generalizability of results to older adults with this
common comorbidity.
The Dep-MCI comorbidity in older adults has important health implications. The
presence of both depression and cognitive impairment has been shown to increase the rate of
adverse outcomes for physical health, functional status, mortality (Mehta et al., 2003), and
quality of life (Zafar et al., 2021). Lee et al. (2007) found that participants with Dep-MCI at

17

baseline were four times more likely to still be diagnosed with MCI one year later than those
only diagnosed with depression at baseline, despite remission of depression. A lack of
improvement in cognitive impairment following treatment of depression may be associated with
increased risk of later dementia (Devanand et al., 2003) and the presence of depression in
individuals with MCI has been shown to increase the risk of conversion to dementia (Mourao et
al., 2016; Richard et al., 2013; Ruthirakuhan, 2019). In a two-year follow-up study involving the
Alzheimer’s Disease Neuroimaging Initiative (ADNI), individuals with MCI and persistent
depressive symptoms had higher conversion to AD, and more decline on measures of global
cognition, language, and executive functioning as compared to individuals with MCI without
depressive symptoms (Lee et al., 2012). Furthermore, depressive symptoms in amyloid-positive
MCI patients have been shown to accelerate cognitive decline to AD (Brendel et al., 2015).
Cognition in Late-Life Depression
Late-life depression (LLD) describes older adults, typically defined as over age 50 or 60,
with unipolar depressive disorders or depressive symptomatology. LLD has been associated with
reduced cognitive functioning as compared to older adults without depression (Ganguli et al.,
2006; Koenig et al., 2015). However, it is unclear whether such reduced cognition is part of the
LLD symptomatology or is a sign of incipient dementia. In a longitudinal study following
cognitively normal participants of the ADNI study, individuals who had incident depression
declined in cognition over time as compared to participants who were non-depressed (Almdahl et
al., 2022). Lugtenburg et al. (2021) found that older adults with depression performed
significantly worse than healthy controls on verbal memory tasks and showed signs of
accelerated aging. In a 12-year prospective epidemiological study with a population-based
sample of rural older adults, Ganguli et al. (2006) found that participants with depressive
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symptoms had poorer performance on tasks of overall functioning, executive functioning,
language, learning and memory, and visuospatial ability as compared to older adults without
depressive symptoms. A subset of older adults with depressive symptoms and cognitive
impairment showed further cognitive decline and resultant development of dementia, whereas a
separate subset with depressive symptoms and cognitive impairment showed no further cognitive
decline. However, depressive symptoms were not associated with the rate of cognitive decline
over time in either group (Ganguli et al., 2006). Together, this research suggests that although
there are cognitive deficits associated with LLD, they may not necessarily indicate future decline
to dementia.
Koenig et al. (2015) found that older adult participants recruited near a large university
who were both currently depressed or previously depressed showed poorer performance on tests
of global cognition, attention, processing speed, verbal ability, episodic memory, and
visuospatial ability as compared to never-depressed older adults. However, there were no
differences between those who were currently depressed and those who were previously
depressed, suggesting that the cognitive deficits associated with LLD are more trait-like than
state-like (Koenig et al., 2015). Some researchers have argued that late-onset depression (LOD;
i.e. first depressive episode in later life, typically after age 50) is a prodrome of cognitive decline,
and therefore cognitive abilities will not improve with remission of depression in this group
(Ballmaier et al., 2008; Panza et al., 2010). These researchers have posited that the underlying
neuropathological condition that causes MCI or dementia also causes depressive symptoms in
older adults.
Cognition in Dep-MCI
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Cognitive symptoms are present in both LLD and MCI, and thus may confer an even
greater risk for cognitive impairment in individuals with comorbid Dep-MCI. However,
cognitive profiles of Dep-MCI and MCI are not commonly investigated and there are some
inconsistent results. In perhaps the most extensive study comparing Dep-MCI and MCI in 153
individuals from a university hospital memory clinic in Korea, Dong et al. (2016) found that
Dep-MCI participants had poorer performance on tasks of attention/processing speed, executive
function, verbal memory, and visual learning compared to individuals with only MCI, with small
to medium effect sizes. The Dep-MCI and MCI participants did not differ on two tasks of
general cognitive functioning. In this study, a diagnosis of depression was based on DSM-IV-TR
criteria and confirmed by board-certified psychiatrists (Dong et al., 2016). Johnson et al. (2013)
found that Dep-MCI participants performed significantly worse on composite index scores of
immediate and delayed memory, which included both verbal and visual memory tasks, as
compared to MCI participants without depression. Brunet et al. (2011) found similar results, that
Dep-MCI was associated with poorer immediate and delayed verbal memory as compared to
MCI. No differences were observed on measures of executive function, verbal fluency, naming,
visuoconstructional abilities, or visuoperceptual abilities (Brunet et al., 2011). Hudon et al.
(2008) did not find differences between Dep-MCI and MCI patients on verbal immediate and
delayed memory, but did find that Dep-MCI patients had greater deficits in executive function
than individuals with MCI.
A major limitation of many of these studies relates to the operationalization of
depression. Some studies defined depression by a singular self-report measure (Brunet et al.,
2011; Chung et al., 2016; Fujishima et al., 2014; Johnson et al., 2013; Lee et al., 2012), which
may result in inclusion of individuals in the study who would not meet full diagnostic criteria for
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major depressive disorder as determined by a clinician or structured clinical interview, or
allowed for subclinical depressive symptoms (Hudon et al., 2008). Such varying
operationalizations may explain some of the conflicting results. An additional limitation is small
sample sizes in these studies (Brunet et al., 2011; Hudon et al., 2008). Thus, a more
comprehensive assessment is warranted to evaluate for potential differences between Dep-MCI
and MCI groups.
Neuroanatomical Variables in LLD
Reduced cortical thickness and volume of subcortical structures as well as presence of
WMHs have been shown in some studies of depressed older adults, though findings have been
inconsistent. In a longitudinal study following cognitively normal participants of the ADNI
study, WMHs, reduced hippocampal volume, and cortical amyloid burden were significant
predictors of incident depression (Almdahl et al., 2022). In studies that show cortical thinning in
LLD, frontal, temporal, and parietal regions are typically the most affected areas. In a metaanalysis conducted by Boccia et al. (2015), it was found that LLD was associated with greater
atrophy in the superior frontal gyrus, precuneus, and ventromedial frontal cortex. Recent work
carrying out whole brain voxel-wise analysis of gray matter volume and amyloid deposition
between participants with LLD and age-matched controls found no significant differences in
amyloid deposition, but significantly lower gray matter volume in the left temporal and parietal
regions of participants with LLD. This reduced volume was associated with episodic memory
dysfunction, indicative of potential overlap with AD-type dysfunction in this group (Takamiya et
al., 2021). A meta-analysis of 27 studies found reduced volume in the hippocampus, OFC,
putamen, and thalamus in individuals with LLD as compared to healthy participants, but regions
such as the ACC, dlPFC, and amygdala were unable to be evaluated due to too few studies with
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these variables (Sexton et al., 2013). Lim et al. (2012) found that drug-naïve LOD patients had
reduced cortical thickness in the left hemisphere medial OFC, dlPFC, pars triangularis, rostral
ACC, superior temporal gyrus, middle temporal gyrus, precentral gyrus, postcentral gyrus,
lingual gyrus, superior parietal gyrus, and paracentral gyrus, and right hemisphere postcentral
gyrus, dlPFC, pars opercularis, rostral middle frontal gyrus, precuneus, and isthmus cingulate as
compared to group-matched healthy control participants. The LOD patients also had reduced
volume of the right hippocampus as compared to HC (Lim et al., 2012). Mackin et al. (2013)
found that LLD participants had thinner cortex in the right caudal middle frontal, rostral middle
frontal, supramarginal, inferior temporal, and medial superior frontal gyri, and in the left pars
triangularis and superior parietal gyrus as compared to healthy elderly individuals. Mak et al.
(2016) found reduced cortical thickness in the left insular region in LLD as compared to HC.
Lastly, Lebedeva et al. (2015) found that individuals with LLD had reduced cortical thickness in
the left fusiform, parahippocampal, and inferior-parietal regions as compared to HC.
Other studies have shown either no relationship between LLD and cortical thickness or
an increase in cortical thickness related to LLD. For instance, Koolschijn et al. (2010) evaluated
older adult females with a lifetime diagnosis of MDD and did not find a relationship between
MDD and cortical thickness as compared to age-matched healthy control participants.
Importantly, only eight of the 28 patients were depressed at the time of the study and 22 of the 28
patients were taking antidepressants (Koolschijn et al., 2010), which may have influenced the
results. However, Colloby et al. (2011) also did not find any differences in cortical thickness
between a group of depressed older adults and healthy comparison participants. In direct
opposition to other studies, Szymkowicz et al. (2016) found that greater cortical thickness in the
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right isthmus cingulate and the left precuneus was associated with increased depressive
symptoms in community-dwelling older adults.
Studies evaluating WMHs in LLD have also shown variable findings. A recent review
examining neural substrates of LLD found that participants with LLD had significantly more
WMHs in functional brain networks such as the cognitive control network, DMN, and corticostriatal and fronto-limbic affective network as compared to age-matched healthy controls (Kim &
Han, 2021). Wu et al. (2011) found that WMH burden was greater in LLD than in elderly
comparison groups and Firbank et al. (2004) found that individuals with LLD had significantly
greater white matter lesion volume in the frontal lobe than HC. Similar results were shown by
Taylor et al. (2003), who found that elderly depressed individuals were more likely to have
WMHs in bilateral frontal and left parieto-temporal regions whereas HC were more likely to
have WMHs only in bilateral parieto-temporal regions. However, conflicting results do exist, as
some studies have not found any differences in WMH volume between LLD and HC (Köhler et
al., 2010; Mak et al., 2016). Possible reasons for inconsistent results include differing sample
sizes and operationalizations of depression.
These neuroanatomical variables are also related to cognitive functioning. Cortical
thinning in specific areas of the temporal, frontal, and parietal lobes in LLD were linked to
poorer performance on measures of executive function and immediate and delayed verbal
memory (Lim et al., 2012). Köhler et al. (2010) found that in an elderly depressed group, more
severe white matter lesions, especially in the deep white matter and periventricular areas, were
associated with greater impairments in memory and executive function.
Neuroanatomical Variables in Dep-MCI
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As discussed, older adults with either depression or MCI share common brain structural
changes. Since these commonalities have been elucidated, researchers have begun to investigate
what occurs when the comorbidity between these disorders is present. In fact, differences in
cortical thickness and WMHs have been found between individuals with only MCI and
individuals with comorbid Dep-MCI. In two community-based cohorts, Fujishima et al. (2014)
found that Dep-MCI participants had reduced cortical thickness in the temporal pole, left
parahippocampal gyrus, left uncus, and bilateral gyrus adjacent to the amygdala as compared to
MCI participants. Further, Dep-MCI participants had greater WMH volume than MCI
participants, which was associated with cortical thinning in frontal, temporal, and parietal
regions (Fujishima et al., 2014). In an ADNI study, individuals with MCI and depressive
symptoms had more atrophy in frontal and parietal white matter (left greater than right), and in
bilateral temporal white matter than those with MCI and no depressive symptoms after two years
(Lee et al., 2012). In another ADNI study, over a two-year period, Dep-MCI patients who
converted to dementia had earlier rates of conversion and greater left hippocampal volume loss
than depression converters and Dep-MCI non-converters (Chung et al., 2016). Xie et al. (2012)
found that the interaction of depression and MCI was related to gray matter volume loss in
bilateral dorsomedial prefrontal cortex, dorsal ACC, ventromedial prefrontal cortex, and cuneus;
left lentiform nucleus and superior frontal gyrus; and right lingual gyrus,
amygdala/hippocampus, and postcentral gyrus. These areas only overlapped to some degree with
gray matter volume loss in depressed participants and in individuals with MCI, indicating that
comorbid Dep-MCI may result in some unique structural changes in the brain (Xie et al., 2012).
Studies utilizing diffusion tensor imaging have also shown differences in white matter
microstructure between Dep-MCI, LLD, and MCI participants (Duffy et al., 2014; Li et al.,
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2014). If the cognitive and brain changes in Dep-MCI are different from LLD and MCI, this may
suggest that the etiology varies between these disorders and could lead to differing treatment or
prevention approaches. Limitations of studies of Dep-MCI include operationalizing depression
through a singular self-report measure (Chung et al., 2016; Fujishima et al., 2014; Lee et al.,
2012) or allowing for subclinical depressive symptoms (Lee et al., 2012). An additional
limitation is small sample sizes (Xie et al., 2012).
The Current Study
The goal of the current study is to expand upon existing research in MCI by addressing
gaps across three individual studies, which investigate distinct aspects of the MCI disease
process and relationships to structural neuroanatomical variables. The three individual studies
examine under-studied characteristics (functional status, treatment expectancy beliefs, comorbid
depression) that are either newer to be evaluated or neglected in MCI research. By examining
these areas with baseline data, results will indicate whether there is evidence to suggest that it
will be useful to examine longitudinal data within these areas. As longitudinal research trials are
more time consuming and costly, establishing foundations for future studies is a worthwhile
endeavor. As there is no cure for MCI, understanding individual characteristics that may be
related to conversion to dementia is crucial for identifying those individuals with MCI who may
be at a greater risk for progression to dementia. By identifying such individuals, both research
and clinical care can be more targeted. Furthermore, obtaining a better understanding of
structural neuroanatomical changes in MCI will be useful to determine if one metric is superior
to others in identifying significant relationships. Results will help to inform researchers of which
neuroanatomical variables will be most useful to investigate in these aspects of MCI.
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Understanding the relationship between neuroanatomical variables and a comprehensive
functional skills assessment may allow for better characterization of the link between structural
brain changes observed in MCI and difficulties in IADL. If there is a relationship, this may
explain why individuals with difficulties in IADL have an increased risk of conversion to
dementia. Next, if treatment expectancy beliefs affect treatment response in MCI participants,
and expectancy is influenced by structural brain changes, then understanding the brain changes
related to expectancy will help to predict treatment response. CCT has the potential to be an
intervention option for individuals with MCI, and understanding the neuroanatomical variables
related to an important component of CCT will help provide researchers with more evidence for
examining the effects of CCT in this population. Finally, understanding similarities and
differences between MCI and Dep-MCI may help explain the increased risk of conversion to
dementia and help clarify whether these two disorders are separate conditions or whether they
exist along a continuum of a dementia process. Thus, together, these three studies will provide
information relevant to the examination of disease-modifying effects of interventions for MCI
and that may explain risk of conversion to dementia and enhance classification of MCI in future
research.
Aim 1a: To investigate the relationship between functional skills and structural
neuroanatomical variables. It is hypothesized that regional brain atrophy (i.e., reduced cortical
thickness and hippocampal volume) will be associated with lower functional skills (as measured
by the UPSA-3).
Aim 1b: To investigate the relationship between functional skills and white matter lesion
burden. It is hypothesized that greater white matter lesion burden (i.e., white matter
hyperintensities) will be associated with lower functional skills (as measured by the UPSA-3).

26

Aim 1c: To investigate the relationship between functional skills and cognitive
functioning. It is hypothesized that poorer performance on a range of cognitive measures will be
associated with lower functional skills (as measured by the UPSA-3).
Aim 2a: To investigate the relationship between treatment expectancy beliefs and
structural neuroanatomical variables. It is hypothesized that regional brain atrophy (i.e., reduced
cortical thickness and hippocampal volume) will be associated with lower participant
expectancy.
Aim 2b: To investigate the relationship between treatment expectancy beliefs and white
matter lesion burden. It is hypothesized that greater white matter lesion burden (i.e., white matter
hyperintensities) will be associated with lower participant expectancy.
Aim 2c: To investigate the relationship between treatment expectancy beliefs and
cognitive functioning. It is hypothesized that higher cognitive functioning at baseline (as
measured by the RAVLT Long Delay Free Recall and ADAS-Cog11) will be associated with
higher participant expectancy.
Aim 2d: To investigate the relationship between treatment expectancy beliefs and age. It
is hypothesized that older age will be associated with lower participant expectancy.
Aim 3a: To investigate differences between MCI and Dep-MCI in structural
neuroanatomical variables. It is hypothesized that regional brain atrophy (i.e., reduced cortical
thickness and hippocampal volume) will be associated with greater odds of being classified with
Dep-MCI than MCI.
Aim 3b: To investigate differences between MCI and Dep-MCI in white matter lesion
burden. It is hypothesized that greater white matter lesion burden (i.e., white matter
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hyperintensities) will be associated with greater odds of being classified with Dep-MCI than
MCI.
Aim 3c: To investigate differences between MCI and Dep-MCI in aspects of cognitive
functioning. It is hypothesized that poorer performance on a range of cognitive measures will be
associated with greater odds of being classified with Dep-MCI than MCI.
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CHAPTER TWO
General Methods
The sections below outline the general methodology; please refer to the methods section
of each individual study for additional details. This investigation used data from two different
research trials. The first trial was the Cognitive Training and Neuroplasticity in Mild Cognitive
Impairment (COG-IT) study, which was designed to evaluate the effects of computerized
cognitive training (CCT), as compared to crossword puzzles training (CPT), on MCI (D’Antonio
et al., 2019). The second trial was the Donepezil Treatment of Older Adults with Cognitive
Impairment and Depression (DOTCODE) study, which evaluated the effects of donepezil versus
placebo on participants with Dep-MCI who were receiving stable antidepressant treatment
(Devanand et al., 2018; Pelton et al., 2015). Both studies were conducted at two sites: the New
York State Psychiatric Institute/Columbia University Medical Center (NYSPI) in New York,
NY, and Duke University in Durham, NC. All detailed procedures were approved by the
respective Institutional Review Boards. The data utilized in this dissertation were gathered at
baseline and screening visits from each study, before any interventions were applied.
Procedure and Participants
In the COG-IT study, 109 participants signed informed consent forms and completed the
baseline/screening evaluations and 107 completed brain MRI scans. In the DOTCODE study, 81
participants signed informed consent forms and completed the baseline evaluation and 55
completed brain MRI scans. Recruitment was conducted through current patient caseload of the
study investigators (with specialties including geriatrics and psychiatry), referrals by neurology,
psychiatry, primary care, public health, and geriatric medical clinics affiliated with the centers,
and community advertisements.
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For COG-IT, inclusion criteria were: ages 55-95 years, subjective cognitive concerns
(assessed through participant report), Wechsler Memory Scale-III (WMS-III) Logical Memory
(Wechsler, 1997b) delayed recall raw score 0-11, Folstein Mini Mental State Examination
(MMSE; Folstein et al., 1975) score ≥ 23, availability of an informant, and access to a home
computer with internet connection. For COG-IT, exclusion criteria were: history of major
psychiatric or neurological illness (including major depression), dementia diagnosis,
contraindication to MRI scan, lack of English-speaking ability, use of medication rated as likely
cause of cognitive impairment, acute medical illness, and regular online brain training or regular
crossword puzzle use (defined as doing these procedures at a frequency of twice weekly or
greater during the year prior to screening).
For DOTCODE, inclusion criteria were: ages 55-95 years, diagnosis of major depression
or dysthymic disorder, minimum score of 14 on the 24-item Hamilton Depression Rating Scale
(HAM-D; Carrozzino et al., 2020), subjective cognitive complaints (assessed through participant
report), raw score of 0-11 on the Wechsler Memory Scale – Revised (WMS-R) Logical Memory
(Wechsler, 1981) subtest delayed recall or a score of ≥ 1.5 SD below norms on the Free and
Cued Selective Reminding Test (FCSRT; Grober & Buschke, 1987) immediate or delayed recall,
MMSE ≥ 21, Clinical Dementia Rating of 0.5, and willing and capable of giving informed
consent. For DOTCODE, exclusion criteria were: other major pre-existing psychiatric and
neurological disorders, dementia diagnosis, acute medical illness, active suicidal ideation or
suicide attempt, use of medication rated as likely cause of cognitive impairment, uncontrolled
hypertension, contraindication to MRI scan, current use of effective antidepressants, and EKG
QTc interval > 460ms.
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Data were collected at screening and baseline in-person visits from both studies. In the
COG-IT study, the brain MRI scan was completed at screening and the neuropsychological
battery was completed at the baseline visit. The neuropsychological battery was composed of the
following measures: the Alzheimer’s Disease Assessment Scale-Cognitive Subscale 11 (ADASCog11; Mohs et al., 1997), Wechsler Adult Intelligence Scale-III (WAIS-III) Block Design (BD;
Wechsler, 1997a), WAIS-III Digit Symbol Test (DST; Wechsler, 1997a), Trail Making Test
(Reitan & Wolfson, 1985), Controlled Word Association Test (Benton & Hamsher, 1976), 15item Boston Naming Test (Kaplan et al., 1983), Rey Auditory Verbal Learning Test (RAVLT;
Lezak, 1983), WMS-III Visual Reproduction (VR; Wechsler, 1997b), UPSA-3 (Goldberg et al.,
2020), and Expectancy Scales (participant and informant versions). The neuropsychological
battery was administered by trained research assistants. Additional information collected by
study psychiatrists/psychologists and trained research assistants at the screening visit included
informed consent, demographic and clinical information, Geriatric Depression Scale, and MiniMental State Examination (MMSE).
In the DOTCODE study, a clinical evaluation and neuropsychological battery were
completed at the baseline visit. The clinical evaluation was conducted by study psychiatrists and
consisted of a detailed history and measurement of depression. The neuropsychological battery
was composed of the ADAS-Cog13 (Mohs et al., 1997), WAIS-III Block Design (BD; Wechsler,
1997a), WAIS-III Digit Symbol Test (DST; Wechsler, 1997a), Stroop Color-Word Interference
Test (Stroop, 1935), Trail Making Test (Reitan & Wolfson, 1985), Controlled Word Association
Test (Benton & Hamsher, 1976), 15-item Boston Naming Test (Kaplan et al., 1983), Selective
Reminding Test (SRT; Buschke & Fuld, 1974), and WMS-R Visual Reproduction (VR;
Wechsler, 1987). The neuropsychological battery was administered by trained research
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assistants. Additional information collected by study psychiatrists and trained research assistants
at the baseline visit included informed consent, demographic and clinical information, and
MMSE.
While vision and hearing abilities were not part of the inclusion/exclusion criteria, all
participants enrolled in both research trials had adequate vision and hearing abilities. In COG-IT,
83% (n = 89) used some type of corrective lense and 13% (n = 14) used hearing aids. In
DOTCODE, 79% (n = 64) used some type of corrective lense and 5% (n = 4) used hearing aids.
Additional clinical characteristics that were assessed included history or current problems
related to the heart, vascular system, and endocrine/metabolic and breast systems. These
problems were evaluated on a Likert scale and the response options were: 0 “no problem,” 1
“current mild problem or past significant problem,” 2 “moderate disability or morbidity,” 3
“severe/constant significant disability,” and 4 “extremely severe.” Additional details regarding
these endorsed problems were not collected.
Clinical Measures
During the screening visits to assess for inclusion criteria, participants in COG-IT were
administered the MMSE and WMS-III Logical Memory while participants in DOTCODE were
administered the MMSE, WMS-R Logical Memory, FCSRT, and HAM-D. The MMSE (Folstein
et al., 1975) scores ranged from 0 to 30. The MMSE is a screening measure that has been
commonly used in aging populations to evaluate general cognitive functioning (Bhalla et al.,
2009; Culang-Reinlieb et al., 2012; Morimoto et al., 2015), with high test-retest reliability
(Folstein et al., 1975). The WMS-III Logical Memory (Wechsler, 1997b) and WMS-R Logical
Memory (Wechsler, 1981) were used to assess memory and have been shown to have adequate
reliability and validity. The FCSRT (Grober & Buschke, 1987) was used to assess memory and
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has been shown to have good internal consistency and excellent construct validity (Clerici et al.,
2015). The HAM-D has been one of the most widely used clinician-rated scales for the
assessment of depression severity and scores ranged from 0 to 75 (Carrozzino et al., 2020).
The neuropsychological batteries in COG-IT and DOTCODE were composed of
measures selected to assess areas of cognitive functioning that pertain to aging, cognitive
impairment, and major depression. Measures in the COG-IT battery were: ADAS-Cog11 (Mohs
et al., 1997), WAIS-III DST (Wechsler, 1997a), Trail Making Test (Reitan & Wolfson, 1985),
Controlled Word Association Test (Benton & Hamsher, 1976), 15-item BNT (Kaplan et al.,
1983), RAVLT (Lezak, 1983), WMS-III Visual Reproduction (VR; Wechsler, 1997b), WAIS-III
Block Design (BD; Wechsler, 1997a), UPSA-3 (Goldberg et al., 2020), and Expectancy Scales.
Measures from the DOTCODE battery were selected for this investigation if they were the same
as measures in the COG-IT battery, or if they assessed the same construct as measures in the
COG-IT battery. Such measures were: WAIS-III DST (Wechsler, 1997a), Trail Making Test
(Reitan & Wolfson, 1985), Controlled Word Association Test (Benton & Hamsher, 1976), SRT
(Buschke & Fuld, 1974), and WMS-R Visual Reproduction (Wechsler, 1987). Raw scores were
utilized in this study rather than normative data as demographic information was included in
analyses as covariate variables, and normative data would require transforming the data based on
demographic information. In order to account for demographic information only once, raw data
was used. Furthermore, the measures that were utilized do not have a singular source of
normative data, and thus multiple sets of normative data would have had to be used.
Additionally, transforming raw data into normative data would reduce the range of datapoints
available, possibly limiting significant findings due to a restricted range of data. Thus, raw data
was used, while controlling for the effects of demographic information as applicable.
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The UPSA-3 was used to evaluate functional skills, and was composed of three subtests:
comprehension/planning, communication, and financial procedures. In the
comprehension/planning domain, participants read aloud two stories describing outings, and then
answered questions about each story and described items needed during the outings. In the
communication domain, tasks included making calls on a disconnected telephone for an
emergency and to obtain information. Individuals were given a letter confirming a medical
appointment and had to call to reschedule the appointment, as well as recall and describe specific
information from the letter. Financial procedures included counting out certain amounts of
change from coins and bills and filling out a check based on an electric bill. The scoring was
objective in nature; each subtest was given a raw score, which was translated into a percentage
correct. A total score was generated as the average of the three subtests, ranging from 0 to 100.
This measure has been shown to have adequate test-retest reliability and no ceiling or floor
effects in a study with HC, individuals with MCI, and individuals with AD (Goldberg et al.,
2020).
To evaluate general cognitive functioning the ADAS-Cog (Mohs et al., 1997) was used.
The ADAS-Cog was composed of subtests evaluating orientation, verbal commands,
constructional praxis, ideational praxis, naming, and word recall and recognition. The measure
also had four subtests based on clinician-rated judgment for level of impairment in remembering
task instructions, spoken language ability, word-finding difficulty, and comprehension of spoken
language. This measure was reverse scored so that higher scores represented worse performance.
The total score was generated by summing the scores from the subtests, with a range from 0 to
70. The ADAS-Cog has been shown to have good reliability (Lezak et al., 2012) and has been
frequently used in MCI research (Podhorna et al., 2016).
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Attention/processing speed were assessed using the WAIS-III Digit Symbol Test
(Wechsler, 1997a) and Trail Making Test – Trails A (Reitan & Wolfson, 1985). The WAIS-III
DST was measured through number of items correct in 120 seconds. The WAIS-III DST has
been shown to have high reliability and validity (Wechsler, 1997a) and has been used in research
with older adults (Ciafone et al., 2021; Steenland et al., 2012). Trails A was measured through
time to completion in seconds and thus a higher score reflected poorer performance. Reliability
coefficients vary for Trails A (Strauss et al., 2006), but it has been commonly used in research
with older adults (Ciafone et al., 2021; Culang-Reinlieb, et al., 2012; Hafiz et al., 2022).
To assess cognitive flexibility and set-shifting ability (i.e., executive functioning), the
Trail Making Test – Trails B (Reitan & Wolfson, 1985) was used. Trails B was measured
through time to completion in seconds and thus a higher score reflected poorer performance.
Test-retest reliability has been shown to be overall adequate (Strauss et al., 2006) and this
measure has been frequently used in research with older adults (Ciafone et al., 2021; CulangReinlieb, et al., 2012; Hafiz et al., 2022).
To evaluate verbal fluency, the Controlled Word Association Test (letters CFL and
category Animals) was administered (Benton & Hamsher, 1976), which has shown sufficient
reliability (Strauss et al., 2006) and has been used in research with older adults (Manning et al.,
2020; McDonnell et al., 2020; Mueller et al., 2015). For letter fluency the score was the sum of
correct items across the three trials; this measure was also considered to evaluate executive
functioning. For category fluency the score was the total correct items from one trial. To assess
naming, the 15-item Boston Naming Test (BNT; Kaplan et al., 1983) was used. The score for the
BNT was the total number of correct items named. The 15-item BNT has been shown to be
equivalent to the complete 60-item BNT in older adults with dementia and low education (Calero
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et al., 2002) and to have good reliability (Katsumata et al., 2015). The 15-item BNT has been
frequently used in research with older adults (Marra et al., 2020).
In the COG-IT trial, verbal list learning and memory were evaluated using the RAVLT
(Lezak, 1983). The RAVLT had five learning trials of a list of 15 words, a second list of 15
words for interference, a short delay free recall, and a long delay with free recall and recognition.
The variables used in this study were the number of words correctly recalled in the learning trials
(summed across five trials), short delay free recall, and long delay free recall and recognition.
Performance on this measure has been shown to differentiate MCI and normal aging (EstévezGonzález et al., 2003) as well as HC, persistent amnestic MCI, and recovered MCI (Klekociuk &
Summers, 2014). The RAVLT has also been shown to be a predictor of conversion from MCI to
AD (Varon et al., 2015). In the DOTCODE study, the SRT was used to measure verbal list
learning and memory (Buschke & Fuld, 1974). The SRT had six learning trials of 12 words and a
long delay. The SRT was examined through test-retest procedures to have good reliability (Ruff
et al., 1989) and has been successfully used to elicit memory impairment in MCI (Devanand et
al., 1997) and predict conversion to AD (Tabert et al., 2006). As the verbal learning and memory
tasks were different between COG-IT and DOTCODE, scores from the sum of the learning trials
and the total long delay free recall were translated into z-scores based on means and standard
deviations from each study, which allowed for comparison of the learning and memory scores.
Non-verbal learning and memory were assessed by the WMS-III Visual Reproduction
(Wechsler, 1997b) in COG-IT and the WMS-R Visual Reproduction (Wechsler, 1987) in
DOTCODE. Visual Reproduction has been shown to have sufficient reliability and validity
(Wechsler, 1987; Wechsler, 1997b) and has been used in research with older adults (Gallassi et
al., 2006; Niccolai et al., 2017). In order to compare non-verbal learning and memory between
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studies, scores from the learning and delayed recall were translated into z-scores based on studyspecific means and standard deviations.
To assess visuospatial skills, WAIS-III Block Design was utilized, which has been shown
to have good reliability and validity properties (Wechsler, 1997a) and has been used in MCI
research (Li et al., 2019). The score for Block Design was based on how quickly correct designs
are constructed and ranges from 0 to 68.
As expectancy effects have not been widely studied in CCT trials, there is no widely
accepted form of measurement of such effects. Therefore, we developed two items that asked
participants and their informants to rate their expectancy during the baseline visit prior to
randomization: ‘Doing computerized games online will have the following effect on my memory
and other intellectual abilities’, and ‘Doing crossword puzzles will have the following effect on
my memory and other intellectual abilities’, with response options: ‘Markedly Worsen’, ‘Mildly
Worsen’, ‘No Effect’, ‘Mildly Improve’, and ‘Markedly Improve’ quantified from 1-5. Because
responses were highly skewed with frequencies of zero for some responses, expectancy scores
were dichotomized into ‘High Expectancy’, and ‘Low Expectancy’. Within participants and
informants, those who expected to mildly or markedly improve were classified as ‘High
Expectancy’, and those who expected to mildly worsen, markedly worsen, or experience no
effect from either CCT or CPT were classified as ‘Low Expectancy’. Scores from CCT and CPT
were additionally combined to create a ‘Total Expectancy’ dichotomous variable.
Neuroanatomical Variables
In the COG-IT study, MRI scans were completed at the screening visit and in the
DOTCODE study, MRI scans were completed at the baseline visit. In COG-IT, brain MRI were
acquired on four different scanners: three at NYSPI due to system updates and one at Duke
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University. In COG-IT, the three scanners at NYSPI were: (1) NYSPI GE MR 750 scanner with
8-channel coil, (2) NYSPI MBBI Siemens Prisma scanner with 64-channel coil, and (3) Weill
Cornell GE MR 750 scanner with 8-channel coil; the scanner at Duke University was a GE MR
750 scanner with 8-channel coil. For the DOTCODE study, images were acquired on a GE Signa
3 Tesla scanner, using an identical model at both study sites. The MRI scans for all sites and
research trials include the following sequences: localizer, high-resolution T1-weighted inversion
recovery prepped 3D spoiled gradient recalled (SPGR), and T2 fluid attenuated inversion
recovery (FLAIR) images.
Cortical thickness and hippocampal volume were extracted via the FreeSurfer version 6.0
pipeline. FreeSurfer is an automated brain segmentation program that measures cortical thickness
through boundaries between white matter, cortical gray matter, and pial surface, as well as
subcortical region volumes, and can be downloaded for free (http://surfer.nmf.mgh.harvard.edu).
Through FreeSurfer, T1-weighted structural images were corrected for motion errors and run
through non-uniform intensity normalization (Reuter et al., 2010); non-brain tissue was removed
through a watershed/surface deformation procedure (Segonne et al., 2004). An affine
transformation matched the original volumes to Talairach coordinate space and the MNI305 atlas
and then subcortical white matter and deep gray matter volumetric structures were segmented
(Fischl et al., 2002; Fischl et al., 2004). Next, the images went through intensity normalization
(Sled et al., 1998), tessellation of the gray matter and white matter boundary, automated topology
adjustments (Fischl et al., 2001; Segonne et al., 2004), and surface deformation (Dale et al.,
1999). Subsequent procedures included surface inflation, registration to a spherical atlas (Fischl
et al., 1999), and parcellation into gyral and sulcal structures (Desiken et al., 2006). Intensity and
continuity information from the entire three-dimensional MRI scans produced representations of
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cortical thickness, which were measured as the closest distance from the gray/white boundary to
the gray/CSF boundary at each vertex on the tessellated surface (Fischl & Dale, 2000). These
procedures have shown good test-retest reliability (Han et al., 2006; Reuter et al., 2012).
In the COG-IT study, left and right hippocampal volumes were also generated through
the hippocampal subfield segmentation tool in FreeSurfer, which was found to be slightly more
accurate than the standard pipeline for hippocampal volume (Iglesias et al., 2015). Visual quality
control was modeled after the methods used in ADNI (Jack et al., 2008) and was completed by
an independent reviewer. N = 104 scans passed quality control for the hippocampal subfields
procedure; three scans failed at the initial stage as no manual edits were possible.
WMHs on axial T2 FLAIR images were rated using the Fazekas-modified Coffey Rating
Scale (Fazekas et al., 1987), which was a qualitative rating of lesion severity. This method
separated WMHs into three regions: periventricular, deep white matter, and subcortical gray
matter. Periventricular hyperintensities (PVHs) were rated as 0 (absent), 1 (caps), 2 (smooth
halo), or 3 (irregular and extending into deep white matter). Deep white matter hyperintensities
(DWMHs) were rated as 0 (absent), 1 (punctate foci), 2 (beginning confluence of foci), or 3
(large confluent areas). Subcortical gray matter hyperintensities (SCGs) in the basal ganglia were
rated as 0 (absent), 1 (punctate), 2 (multipunctate), or 3 (diffuse). Ratings were conducted by a
trained research assistant who achieved high interrater reliability (ICC = .97) with expert raters.
WMH volume was also measured with a semi-automatic quantitative method through the
program MRIcro (Rorden & Brett, 2000). In this method, a global intensity filter was first
applied to the T2 FLAIR image, which allowed hyperintense regions to be differentiated from
non-hyperintense surrounding tissues. A rater then manually traced the outline of suspected
hyperintensities in the periventricular, deep white, and subcortical gray regions, separately for
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each slice in the volume, in order to distinguish hyperintensities from normal white voxels such
as the skull and choroid plexus. Areas of mutual overlap between the intensity filter and the
tracings for each region, and total regions together, were extracted. Thus, this method was used
to quantify the volume of WMHs in the regions also used in the Fazekas-modified Coffey Rating
Scale. Our group has published extensively using these methods (Motter et al., 2018; Pimontel et
al., 2013) and ratings were conducted by a trained research assistant who achieved high interrater
reliability (ICC = .98) with expert raters.
Statistical Analyses
For parsimony, please see the statistical analyses sections of Chapters Three, Four, and
Five for details on the specific data analysis strategies used in each study.
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CHAPTER THREE
Functional Skills in Mild Cognitive Impairment: Relationship to Neuroanatomy and
Cognition
Sara N. Rushia, Sophie Schiff, Aditya Kulkarni, Mikell Bursky, Joel R. Sneed, Terry E.
Goldberg, P. Murali Doraiswamy, & D. P. Devanand

Mild cognitive impairment (MCI) refers to a neurocognitive state between typical aging
and dementia, characterized by cognitive impairments beyond what would be expected for a
person’s age, but with relatively preserved functional skill abilities (Gauthier et al., 2006;
Petersen, 2016). A proportion of individuals diagnosed with MCI cognitively decline at a rate
faster than individuals without MCI (Petersen et al., 2009; Petersen et al., 1999) and MCI has
been shown to increase the risk of conversion to dementia (Jungwirth et al., 2012; Landau et al.,
2010). Furthermore, MCI specifically involving memory deficits has been associated with
increased risk of conversion to dementia (Ravaglia et al., 2006; Serrano et al., 2013). Prevalence
estimates of MCI in individuals aged 50 and older based on 15 studies worldwide range from
16% to 20% (Roberts & Knopman, 2013).
While cognition is a major area of investigation in the MCI literature, functional skills
assessment has been less frequently studied. Functional status is a necessary component to the
MCI diagnosis, and thus any assessment tool used to evaluate functional skills must be able to
accurately capture deficits in everyday functioning. Moreover, functional status is important not
only for diagnostic purposes, but because it can inform risk of conversion to dementia (Nowrangi
et al., 2016). Brain morphometrics are also useful for evaluating MCI from both clinical and
intervention research perspectives. For instance, neuroanatomical variables such as cortical

41

thickness and hippocampal volume have been shown to help elucidate which individuals with
MCI are more likely to progress to dementia (Kälin et al., 2017; Yi et al., 2016). As such,
knowledge of the relationship between brain morphometrics and functional status in MCI may
help inform neuroanatomical underpinnings of MCI specific to functional status that may not
typically be captured in studies of cognition alone. This may lead to more aggressive
interventions for such individuals, provide researchers with specific areas to target with
treatments, and allow for a better understanding of whether an intervention has a diseasemodifying effect. Thus, knowledge of these neuroanatomical areas will provide a foundation for
better clinical prognosis.
Structural brain variables shown to be informative in studying MCI include cortical
thickness, hippocampal volume, and white matter hypertensities (WMHs). Cortical thinning has
been shown to be a sensitive measure of age-associated decline in gray matter (Hutton et al.,
2009) and a predictor of increased risk of conversion from MCI to dementia (Julkunen et al.,
2010; Peters et al., 2014). Cross-sectional studies have shown cortical thickness differences in
temporal, frontal, and parietal regions between individuals with MCI and healthy controls (HC).
For example, Fujishima et al. (2014) found that MCI participants had reduced cortical thickness
in the bilateral temporal poles, fusiform gyrus, anterior parahippocampal gyrus, middle and
inferior temporal gyrus, inferior parietal gyrus, and left supramarginal gyrus when compared to
HC. Li et al. (2011) found that individuals with MCI had thinner left caudal anterior cingulate
cortex (ACC), inferior parietal lobe, isthmus cingulate gyrus, bilateral caudal middle frontal
gyrus, paracentral gyrus, precentral gyrus, postcentral gyrus, posterior cingulate gyrus, superior
frontal gyrus, hippocampus, parahippocampal gyrus, temporal pole, and transverse temporal
gyrus when compared to healthy controls. Lastly, Wang et al. (2009) found a reduction in
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cortical thickness in entorhinal cortex, fusiform gyrus, parahippocampal gyrus, inferior temporal
gyrus, middle temporal gyrus, superior temporal gyrus, frontal pole, paracentral lobule, pars
orbitalis, pars triangularis, postcentral gyrus, rostral middle frontal gyrus, and superior parietal
gyrus in MCI patients as compared to HC. Overall, cortical thickness differences between those
with MCI and HC are apparent multifocally and inform important cross-sectional differences.
However, it should also be noted that cortical thinning has also been observed in normal aging,
including in areas vulnerable to AD and with accelerated decline (Fjell et al., 2014). Fjell et al.
(2014) found an annual thinning rate of 0.9% in the entorhinal cortex in healthy adults. Shaw et
al. (2016) found an annual average cortical thinning rate of 0.3% over an 8-year period of time in
healthy older adults. However, it is possible that if these participants were followed for longer
periods of time, they may develop a dementia process, as structural changes often occur prior to
clinical changes.
Regional volume differences have also been observed between individuals with MCI and
HC, particularly in mesial temporal structures. Participants with MCI have shown reductions in
hippocampal volume and entorhinal cortex as compared to HC (Devanand et al., 2012; Pennanen
et al., 2004) though Pennanen et a. (2004) found that entorhinal cortex thickness was more
efficient at classifying MCI. Furthermore, atrophy of the hippocampus has been associated with
an increased conversion rate from MCI to dementia (Kälin et al., 2017), and more specifically,
dementia due to Alzheimer’s disease (AD) (Yi et al., 2016). Comparisons of the predictive value
of whole brain volume measures to hippocampal atrophy rate have shown only hippocampal
baseline volume and atrophy rate predicted progression in patients with MCI (Henneman et al.,
2009). Thus, while cortical thickness studies show multifocal changes, volumetric investigations
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are best limited to the hippocampus when studying brain morphometrics of individuals with
MCI.
In addition to cortical thinning and hippocampal volume loss, white matter
hyperintensities (WMHs) have also been identified in individuals with MCI (Fujishima et al.,
2014; Prasad et al., 2011). In fact, WMHs have been shown to predict conversion of HC to MCI
(Bangen et al., 2018) and of MCI to AD (Prasad et al., 2011). Furthermore, higher WMH volume
has been associated with thinner cortices in the frontal, temporal, and parietal regions in
participants with MCI (Fujishima et al., 2014). WMHs have also been significantly associated
with medial temporal atrophy in MCI (Appel et al., 2009; Guzman et al., 2012). Much like
cortical thicknesses, WMHs span multiple regions and are important in delineating individuals
with MCI from those typically aging.
As mentioned, functional skills are critical to assess in individuals with MCI, as
significant impairment in functional skills are often the delineating factor in staging MCI versus
dementia. Functional skills refer to those skills implemented in everyday life and can be divided
into either instrumental activities of daily living (IADL), which involve more complex tasks such
as managing medications, finances, and schedules, using the telephone, and planning trips, and
basic activities of daily living (BADL), which involve less complex tasks such as bathing,
dressing, and eating. Individuals with MCI have typically been described as having only mild
degrees of impairment in functional skills (Albert et al., 2011), which were often
indistinguishable from functional problems that normal older adults encountered as they aged
(Petersen, 2004). However, more recent research has shown that MCI has indeed been associated
with some difficulties in IADL but not BADL (Aretouli & Brandt, 2010; Jekel et al., 2015;
Lindbergh et al., 2016; Luck et al., 2011). Evaluating these difficulties is particularly important
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as individuals with MCI and difficulties in IADL have shown evidence of being at a higher risk
of converting to dementia than individuals with MCI and no IADL difficulties (Luck et al., 2011;
Pérès et al., 2006; Triebel et al., 2009).
Functional skills may be assessed through neuropsychological measures, informant-based
report measures, self-report measures, or performance-based functional assessments. Assessment
of functional skills has historically been challenging as available neuropsychological tasks may
not be sensitive enough to capture more nuanced difficulties in everyday life. Informant-based
reports may result in over-estimation or under-estimation of a patient’s abilities (Loewenstein et
al., 2001; Okonkwo et al., 2008). Additionally, Hackett et al. (2020) found that demographic and
relational features of informants influenced their reporting of participant IADLs on the
frequently used informant-report Functional Assessment Questionnaire. Lastly, self-report
measures may not be accurate as individuals with MCI may not be fully aware of their own
deficits (Bregman et al., 2020; Okonkwo et al., 2008; Onor et al., 2006). One emerging technique
to objectively measure functional skills is the utilization of performance-based functional
assessments, where individuals are tested and objectively scored on their ability to perform realworld task analogues. A systematic review found that performance-based functional assessments
showed slight advantages in detecting group differences in IADL functioning between MCI, AD,
and healthy control groups (Jekel et al., 2015). One performance-based measure that has recently
garnered attention in MCI studies is the University of California San Diego Performance-Based
Skills Assessment (UPSA), which involves role-play tasks that have similar degrees of
complexity as tasks that older community-dwelling adults are likely to encounter (Patterson et
al., 2001). Indeed, the UPSA has been shown to outperform more traditionally used informantbased reports (Goldberg et al., 2010).
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The original UPSA measured five domains: comprehension/planning, transportation,
communication, financial procedures, and household chores, and was created to evaluate middleaged and older adult patients with severe mental illness (Patterson et al., 2001). Studies
evaluating the utility of the UPSA in MCI populations have differed on how many domains were
investigated, ranging from two domains (comprehension/planning and transportation in Gomar et
al., 2011) to four domains (comprehension/planning, transportation, communication, and finance
in Goldberg et al., 2010). Both the four-domain and two-domain versions of the UPSA showed
that HC outperformed individuals with MCI, who in turn outperformed individuals with AD,
with minimal ceiling and floor effects (Goldberg et al., 2010; Gomar et al., 2011). The UPSA-3
is comprised of the three domains of communication, comprehension/planning, and financial
procedures and showed that HC performed better than individuals with MCI, who in turn
performed better than individuals with AD, with all comparisons yielding large effect sizes.
Furthermore, MCI and AD groups showed functional decline over one year while the HC group
remained stable. This version of the test has shown adequate test-retest reliability with no
meaningful ceiling or floor effects (Goldberg et al., 2020). Limitations of these studies
evaluating the use of the UPSA in MCI include relatively small sample sizes and lack of
evidence of ecological validity.
Although the UPSA has not been rigorously studied in relation to cognitive functioning
in MCI participants, one study found that working memory and executive function measures
were predictors of performance on the UPSA for an MCI group (Garcia-Alvarez et al., 2018). On
more traditional informant-based reports of functional skills in MCI participants, greater
impairment in reported functional skills has been associated with poorer cognitive functioning,
including poor attention/processing speed, working memory, executive function, language,
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memory, and visuospatial skills (Aretouli & Brandt, 2010; Marshall et al., 2011; Reppermund et
al., 2011; Yeh et al., 2011).
While performance-based functional skills assessments show promise towards more
accurately capturing IADL abilities in individuals with MCI, there are also limitations to these
measures. Performance-based functional skills measures do not capture individuals in their home
environment, where they may perform better if they have consistent routines they follow (e.g.,
through procedural memory). On the other hand, individuals may perform better on such tasks in
a controlled environment than when they are in their everyday lives, due to reduced opportunities
for distractions. Furthermore, these measures only capture an exerpt of real-world performance
rather than the range of activities in everyday life. Lastly, such measures are often more timeconsuming than self-reports and informant-reports (Jekel et al., 2015), which may make
implementing them in research trials or clinical care more challenging. Additional research on
the validity of such measures (including ecological validity) will assist in strengthening the
research base behind such tools and provide evidence for whether such measures should be
included both in research and in clinical practice.
The UPSA also has measure-specific limitations, including that the only technology
assessed is telephonic. As technology continues to advance, it will be important to include
measurement of computer skills or other technologies (e.g., tablets) for future generations, as
such skills are becoming more commonly learned early on in life. Additionally, while current
geriatric patients are often familiar with writing checks, future generations of older adults may
not be as familiar, as such practice may be diminishing with the advancement of technology
(e.g., automated online bank payments). This is particularly important as Jekel et al. (2015)
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found that financial capacity was often the domain affected consistently in MCI participants who
exhibited difficulties with IADL.
Research has shown that older adults with MCI exhibit structural neuroanatomical and
cognitive changes as compared to HC. Given there is increasing literature on the presence of
difficulties in IADL in individuals with MCI, there may be a connection between these three
areas. In individuals with MCI, neuroanatomical changes may lead to difficulties with both
cognitive functioning and functional skill abilities. Given functional skills require cognitive
effort, there is also likely a relationship between measures of cognitive functioning and measures
of IADL functioning. In turn, more significant changes in all three of these areas appears to be a
sign of an incipient dementia process. Thus, understanding the relationship between these areas
may assist in identifying those individuals who are more likely to progress to dementia, and may
have implications for clinical practice such as using performance-based measures of functional
skills within clinical evaluations.
Current Study
Prior research has shown that assessment of functional skills in older adults with MCI is
crucial in order to determine to what extent IADLs may be affected in MCI and how such skill
abilities change during conversion to dementia. However, few studies to date have examined the
relationship between functional skill ability in MCI and other areas known to be affected in MCI,
such as structural neuroanatomy and cognition. The current study aims to address these
limitations by investigating within a sample of MCI indivdiuals, the relationship between UPSA3 scores and brain morphometrics, and UPSA-3 scores and cognition, in order to examine
functional skills in MCI participants and to further develop the research base behind this tool.
Understanding the relationship between neuroanatomical variables and a performance-based
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functional skills assessment that has differentiated individuals with MCI from HC and
individuals with AD may afford better characterization of the relationship between structural
changes observed in MCI and difficulties with IADL. If there is a relationship, this may help to
explain why studies have shown that individuals with MCI and difficulties in IADL appear to
have an increased risk of conversion to dementia. For the current study, it is hypothesized that
regional brain atrophy (i.e., reduced cortical thickness and hippocampal volume) will be
associated with lower functional skills. It is also hypothesized that greater white matter lesion
burden will be associated with lower functional skills. Lastly, an exploratory hypothesis is that
poorer performance on measures of cognition will be associated with lower functional skills.
This hypothesis is exploratory given the lack of research evaluating the UPSA-3 and cognitive
functioning, and thus measures within multiple cognitive domains will be investigated.
Method
Procedure and Participants
One hundred and nine older adults with MCI from two medical centers, one in New York
City, NY (New York State Psychiatric Institute/Columbia University Medical Center – NYSPI)
and one in Durham, NC (Duke University Medical Center), were enrolled in the trial. All study
procedures were approved by the respective institutional review boards. Participants were part of
a larger trial that evaluated the effects of computerized cognitive training versus crossword
puzzles; the method of this research study is described in detail elsewhere (D’Antonio et al.,
2019). Two participants were excluded because they did not complete any training sessions,
bringing the final analytic sample to n = 107. Data from the screening/baseline visits were used
in this study, including a brain MRI scan, a comprehensive neuropsychological battery, and the
UPSA-3. Additional information collected by study psychiatrists/psychologists and trained
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research assistants at the screening visit included informed consent and demographic
information. Participants were recruited from the current patient caseload of the investigators
(with specialities in psychiatry and geriatrics), referral by neurology, psychiatry, primary care,
public health and geriatric medical clinics affiliated with the centers, and community
advertisement. MCI was defined the same across both sites, as a Wechsler Memory Scale-III
(WMS-III) Logical Memory (Wechsler, 1997b) delayed recall raw score of 0-11. Participants
were thus selected on the basis of amnestic difficulties, but may have also had difficulties in
other cognitive domains. Inclusion criteria were: age between 55-95 years, subjective cognitive
concerns (assessed through participant report), WMS-III Logical Memory delayed recall raw
score of 0-11, Folstein Mini Mental State Examination (MMSE) score ≥ 23, availability of an
informant, and access to a home computer with internet connection. Exclusion criteria were: a
history of major psychiatric or neurological illness, a dementia diagnosis of any type,
contraindication to MRI scan, lack of English-speaking ability, use of medication rated as likely
cause of cognitive impairment, acute medical illness, and regular online brain training or regular
crossword puzzle use (defined as doing these procedures at a frequency of twice weekly or
greater during the year prior to screening). All participants had adequate hearing and vision
capabilities, as some participants utilized corrective devices.
Measures
To evaluate functional skills, the UPSA-3 was used, which was composed of three
subtests: comprehension/planning, communication, and financial procedures. In the
comprehension/planning domain, participants read aloud two stories describing outings, and then
answered questions about each story and described items needed during the outings. In the
communication domain, tasks included making calls on a disconnected telephone for an
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emergency and to obtain information. Individuals were then given a letter confirming a medical
appointment and had to call to reschedule the appointment, as well as recall and describe specific
information from the letter. Financial procedures included counting out certain amounts of
change from coins and bills and filling out a check based on an electric bill. Each subtest was
given a raw score which was translated into a percentage correct. A total score was generated as
the average of the three subtests, ranging from 0 to 100. This measure has been shown to have
adequate test-retest reliability and no ceiling or floor effects in a study comprised of healthy
controls, individuals with MCI, and individuals with AD (Goldberg et al., 2020).
The neuropsychological battery was comprised of measures selected to assess areas of
cognitive functioning pertaining to aging and cognitive impairment, including overall
functioning, attention/processing speed, executive function, language, memory, and visuospatial
skills. The battery was composed of the Alzheimer’s Disease Assessment Scale-Cognitive
Subscale 11 (ADAS-Cog11; Mohs et al., 1997), Wechsler Adult Intelligence Scale-III (WAISIII) Digit Symbol Test (DST; Wechsler, 1997a), Trail Making Test (Reitan & Wolfson, 1985),
Controlled Word Association Test (Benton & Hamsher, 1976), 15-item Boston Naming Test
(BNT; Kaplan et al., 1983), Rey Auditory Verbal Learning Test (RAVLT; Lezak, 1983), WMSIII Visual Reproduction (VR; Wechsler, 1997b), and WAIS-III Block Design (BD; Wechsler,
1997a). The neuropsychological battery was administered by trained research assistants.
The ADAS-Cog11 (Mohs et al., 1997) was used to evaluate general cognitive
functioning, and was comprised of subtests evaluating orientation, verbal commands,
constructional praxis, ideational praxis, naming, and word recall and recognition. The measure
also had four subtests based on clinician-rated judgment for level of impairment in remembering
task instructions, spoken language ability, word-finding difficulty, and comprehension of spoken
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language. This measure was reverse scored so that higher scores represented worse performance.
A total score was generated by summing the scores from the subtests, with a range from 0 to 70.
The ADAS-Cog has been shown to have good reliability (Lezak et al., 2012) and has been
frequently used in MCI research (Podhorna et al., 2016).
Attention/processing speed was assessed using the WAIS-III DST (Wechsler, 1997a) and
Trail Making Test – Trails A (Reitan & Wolfson, 1985). The WAIS-III DST has been shown to
have high reliability and validity (Wechsler, 1997a) and has been used in MCI research (Ciafone
et al., 2021). The WAIS-III DST was measured through number of items correct in 120 seconds.
Trails A was measured through time to completion in seconds and thus a higher score reflected
poorer performance. Reliability coefficients have been shown to vary for Trails A (Strauss et al.,
2006), but it has been commonly used in MCI research (Ciafone et al., 2021; Hafiz et al., 2022).
To assess cognitive flexibility and set-shifting ability (i.e., executive functioning), the
Trail Making Test – Trails B (Reitan & Wolfson, 1985) was used. Trails B was measured
through time to completion in seconds and thus a higher score reflected poorer performance.
This test has been shown to have overall adequate reliability (Strauss et al., 2006) and has been
frequently used in MCI research (Ciafone et al., 2021; Hafiz et al., 2022).
To evaluate verbal fluency, the Controlled Word Association Test (letters CFL and
category Animals) was administered (Benton & Hamsher, 1976), which has shown sufficient
reliability (Strauss et al., 2006) and has been used in MCI research (McDonnell et al., 2020;
Mueller et al., 2015). For letter fluency the score was the sum of correct items across the three
trials; this measure was also considered to evaluate executive functioning. For category fluency
the score was the total correct items from one trial. To assess naming, the 15-item Boston
Naming Test (Kaplan et al., 1983) was used. The score for the BNT was the total number of
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correct items named. The 15-item BNT has been shown to be equivalent to the complete 60-item
BNT in older adults with dementia and low education (Calero et al., 2002) and to have good
reliability (Katsumata et al., 2015). The 15-item BNT has been frequently used in MCI research
(Marra et al., 2020).
Verbal list learning and memory were evaluated using the RAVLT (Lezak, 1983). This
measure had five learning trials for a list of 15 words, a second list of 15 words for interference,
a short delay free recall, and a long delay with free recall and recognition. The variables used in
this study were the number of words correctly recalled in the learning trials (summed across five
trials), short delay free recall, and long delay free recall and recognition. Performance on this
measure has been shown to differentiate HC, persistent amnestic MCI, and recovered MCI
(Klekociuk & Summers, 2014). The RAVLT has also been shown to be a predictor of conversion
from MCI to AD (Varon et al., 2015). To assess non-verbal learning and memory, WMS-III
Visual Reproduction was used. Visual Reproduction I was administered immediately after
presentation of the stimuli, thus measured non-verbal learning, and scores ranged from 0 to 104.
Visual Reproduction II was administered after a delay, thus measured non-verbal memory, and
scores ranged from 0 to 104. This task has been shown to have sufficient reliability and validity
(Wechsler, 1997b) and has been used in MCI research (Niccolai et al., 2017).
To assess visuospatial skills, WAIS-III Block Design was utilized, which has shown good
reliability and validity properties (Wechsler, 1997a) and has been used in MCI research (Li et al.,
2019). The score for Block Design was based on how quickly correct designs were constructed
and scores ranged from 0 to 68.
Neuroanatomical Variables
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In this study, brain MRI scans were acquired on four different scanners: three at NYSPI
due to system updates and one at Duke University. At NYSPI, the three scanners were: (1)
NYSPI GE MR 750 scanner with 8-channel coil, (2) NYSPI MBBI Siemens Prisma scanner with
64-channel coil, and (3) Weill Cornell GE MR 750 scanner with 8-channel coil. At Duke
University, images were acquired on a GE MR 750 scanner with 8-channel coil. All four
scanners used the same sequences: localizer, high-resolution T1-weighted inversion recovery
prepped 3D spoiled gradient recalled (SPGR), and T2 fluid attenuated inversion recovery
(FLAIR) images; refer to Table 1 for the MRI parameters.
Cortical thickness and hippocampal volume were extracted via the FreeSurfer version 6.0
pipeline. FreeSurfer is an automated brain segmentation program that measures cortical thickness
through boundaries between white matter, cortical gray matter, and pial surface, as well as
subcortical region volumes, and can be downloaded for free (http://surfer.nmf.mgh.harvard.edu).
Through FreeSurfer, T1-weighted structural images were corrected for motion errors and run
through non-uniform intensity normalization (Reuter et al., 2010); non-brain tissue was removed
through a watershed/surface deformation procedure (Segonne et al., 2004). An affine
transformation matched the original volumes to Talairach coordinate space and the MNI305 atlas
and then subcortical white matter and deep gray matter volumetric structures were segmented
(Fischl et al., 2002; Fischl et al., 2004). Next, the images went through intensity normalization
(Sled et al., 1998), tessellation of the gray matter and white matter boundary, automated topology
adjustments (Fischl et al., 2001; Segonne et al., 2004), and surface deformation (Dale et al.,
1999). Subsequent procedures included surface inflation, registration to a spherical atlas (Fischl
et al., 1999), and parcellation into gyral and sulcal structures (Desiken et al., 2006). Intensity and
continuity information from the entire three-dimensional MRI scans produced representations of
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cortical thickness, which were measured as the closest distance from the gray/white boundary to
the gray/CSF boundary at each vertex on the tessellated surface (Fischl & Dale, 2000). These
procedures have shown good test-retest reliability (Han et al., 2006; Reuter et al., 2012). Visual
quality control was modeled after the methods used in the Alzheimer Disease Neuroimaging
Initiative (ADNI; Jack et al., 2008) and was completed by two independent reviewers. Manual
edits were attempted on scans that failed initial quality control, and then re-evaluated by each
reviewer. N = 97 scans passed quality control for cortical reconstruction, seven scans failed at
the initial stage due to motion artifact or inability to make manual edits, and three scans failed in
the second stage after manual edits did not correct errors.
Left and right hippocampal volumes were generated through the hippocampal subfield
segmentation tool in FreeSurfer, which was found to be slightly more accurate than the standard
pipeline for hippocampal volume (Iglesias et al., 2015). Visual quality control was modeled after
the methods used in ADNI (Jack et al., 2008) and was completed by an independent reviewer. N
= 104 scans passed quality control for the hippocampal subfields procedure; three scans failed at
the initial stage as no manual edits were possible.
WMHs on axial T2 FLAIR images were rated using the Fazekas-modified Coffey Rating
Scale, a qualitative rating of lesion severity (Fazekas et al., 1987). This method separated WMHs
into three regions: periventricular, deep white matter, and subcortical gray matter. Periventricular
hyperintensities (PVHs) were rated as 0 (absent), 1 (caps), 2 (smooth halo), or 3 (irregular and
extending into deep white matter). Deep white matter hyperintensities (DWMHs) were rated as 0
(absent), 1 (punctate foci), 2 (beginning confluence of foci), or 3 (large confluent areas).
Subcortical gray matter hyperintensities (SCGs) in the basal ganglia were rated as 0 (absent), 1
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(punctate), 2 (multipunctate), or 3 (diffuse). Ratings were conducted by a trained research
assistant who achieved high interrater reliability (ICC = .97) with expert raters.
WMH volume was also measured with a semi-automatic quantitative method through the
program MRIcro (Rorden & Brett, 2000). In this method, a global intensity filter was first
applied to the T2 FLAIR image, to allow hyperintense regions to be differentiated from nonhyperintense surrounding tissues. A rater then manually traced the outline of suspected
hyperintensities in the periventricular, deep white, and subcortical gray regions, separately for
each slice in the volume, in order to distinguish hyperintensities from normal white voxels such
as the skull and choroid plexus. Areas of mutual overlap between the intensity filter and the
tracings for each region, and total regions together, were extracted. Thus, this method was used
to quantify the volume of WMHs in the regions also used in the Fazekas-modified Coffey Rating
Scale. Our group has published extensively using these methods (Motter et al., 2018; Pimontel et
al., 2013) and ratings were conducted by a trained research assistant who achieved high interrater
reliability (ICC = .98) with expert raters.
Statistical Analyses
Study-specific alpha was set at .05, unless otherwise specified. All analyses were carried
out using the IBM SPSS Statistics version 28 software. General linear model assumptions were
tested (e.g., normality, linearity) and variables that did not meet assumptions were either
transformed (e.g., log, reciprocal transformations) or evaluated via non-parametric tests (i.e.,
Spearman’s partial correlations). Independent t-tests and chi-squares were used to evaluate
continuous and categorical demographic characteristics. To evaluate study hypotheses, multiple
linear regressions, Pearson partial correlations, and Spearman’s partial correlations were
conducted. For the multiple linear regressions, neuroanatomical variables were selected as the
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independent variable and the UPSA-3 was selected as the outcome variable, as this is the more
likely order of a possible relationship (e.g., neurobiological changes more likely to result in
changes in functional skills rather than changes in functional skills leading to neurobiological
changes).
Results
Table 2 presents demographic characteristics of the sample. Of the 107 participants,
57.9% (n = 62) were female. 75.7% (n = 81) identified as White, 22.4% (n = 24) identified as
Black, and 1.9% (n = 2) identified as “Other.” Ethnicity was also reported, with 96.3% (n = 103)
identifying as Not Hispanic and 3.7% (n = 4) identifying as Hispanic. The mean age of the
sample was 71.2 years (SD = 8.8, range = 55 – 89), and the mean years of education was 16.7
years (SD = 3.1, range = 8 – 26). Participants recruited at Duke University were significantly
older (M = 72.0, SD = 7.8) than participants recruited at NYSPI (M = 66.8, SD = 7.4). A greater
percentage of participants from Duke University were White than from NYSPI (χ2 (1) = 6.92, p
= .031), 87% of participants at Duke University where White whereas 65% of participants at
NYSPI were White. There were no significant differences in proportion of sex or years of
education between Duke University and NYSPI (all p > .05). The UPSA-3 had a mean score of
81.05 (SD = 11.11) with a score range from 41 to 99.
Cortical Thickness and Hippocampal Volume
To examine the relationship between the UPSA-3 and cortical thickness and hippocampal
volume, multiple linear regressions were conducted. Cortical thickness regions of interest (ROIs)
in the frontal, temporal, and parietal lobes were chosen a priori using the Desikan-Killiany atlas
(Desikan et al., 2006; see Figure 1) based on published studies identifying regions where cortical
thickness is most often affected in MCI. The selected ROIs were the entorhinal cortex,
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parahippocampal gyrus, temporal pole, middle temporal gyrus, inferior temporal gyrus, fusiform
gyrus, inferior parietal gyrus, paracentral lobule, and postcentral gyrus. In order to correct for
multiple comparisons, the alpha level was adjusted using Bonferroni correction (Bonferronicorrected ɑ = .05/20 = .0025). Age and site were included as covariates in all models. Because
cortical thickness maps were aligned to the common surface template, intracranial volume (ICV)
was not included as a covariate for the cortical thickness analyses. After adjustment for age and
site, better performance on the UPSA-3 was significantly associated with greater cortical
thickness in the left hemisphere (LH) middle temporal gyrus, LH fusiform gyrus, LH inferior
parietal gyrus, LH entorhinal cortex, right hemisphere (RH) parahippocampal gyrus, and RH
middle temporal gyrus (see Table 3 and Figure 2). Specifically, results showed that for every one
standard deviation increase in LH middle temporal gyrus thickness (0.18mm), the UPSA-3 score
increased by 3.73 points; thus for every 1mm increase, the UPSA-3 increased by 20.52 points.
Similarly, as the LH fusiform gyrus thickness increased by 1mm, the UPSA-3 score increased by
23.18 points; as the LH inferior parietal gyrus thickness increased by 1mm, the UPSA-3 score
increased by 26.84 points; as the LH entorhinal cortex thickness increased by 1mm, the UPSA-3
score increased by 8.71 points; as the RH parahippocampal gyrus thickness increased by 1mm,
the UPSA-3 score increased by 15.02 points; and as the RH middle temporal gyrus thickness
increased by 1mm, the UPSA-3 score increased by 27.53 points. In examining the relationship
between the UPSA-3 and hippocampal volume, age, site, and ICV were included as covariates in
the models. After adjustment for age, site, and ICV, there were no significant associations
between the UPSA-3 and either left or right hippocampal volumes (p = .008 and p = .048,
respectively).
White Matter Lesion Burden
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For WMHs measured through the semi-automated method, the total WMH mean was
6.39 cm3 (SD = 12.37, range = 0.1 – 69.7), the PVH mean was 5.79 cm3 (SD = 11.79, range =
0.10 – 69.3), the DWM mean was 0.52 cm3 (SD = 1.25, range = 0 – 10.9), and the SCG mean
was 0.07 cm3 (SD = 0.26, range = 0 – 1.7). For the PVH Fazekas ratings nine (8.4%) had ratings
of 1, 49 (45.8%) had ratings of 2, and 46 (43%) had ratings of 3. For the DWM Fazekas ratings,
11 (10.3%) had ratings of 0, 52 (48.6%) had ratings of 1, 34 (31.8%) had ratings of 2, and seven
(6.5%) had ratings of 3. For the SCG Fazekas ratings, 66 (61.7%) had ratings of 0, 21 (19.6%)
had ratings of 1, 15 (14%) had ratings of 2, and two (1.9%) had ratings of 3.
To test the second hypothesis and examine the relationship between the UPSA-3 score
and white matter lesion burden, multiple linear regressions were conducted for the quantitative
semi-automated variables (total WMH, PVH, DWM). Age, site, and ICV effects were included
as covariates in the models. After adjustment for age, site, and ICV, there were no significant
associations between the UPSA-3 and any of the semi-automated white matter lesion burden
variables. Spearman’s partial correlations were conducted for Fazekas ratings (PVH, DWM,
SCG), with age and site effects included as covariates in the models. After adjustment for age
and site, there were no significant associations between the UPSA-3 and Fazekas-rated white
matter lesion burden.
Cognitive Measures
Means and SDs for each cognitive measure are provided in Table 4. To evaluate the
relationship between UPSA-3 scores and cognitive measures, Pearson partial correlations were
conducted for continuous variables and a Spearman’s partial correlation was conducted for one
measure (BNT) that did not meet normality assumptions. Age and site effects were included as
covariates in the models. After controlling for age and site, the UPSA-3 was significantly
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positively correlated with scores from the WAIS-III Digit Symbol Test (r = .45, p < .001),
RAVLT Total Learning (r = .35, p < .001), RAVLT Short Delay Recall (r = .31, p = .001),
RAVLT Long Delay Recall (r = .28, p = .004), WMS-III Visual Reproduction I (r = .48, p <
.001), WMS-III Visual Reproduction II (r = .55, p < .001), Letter Fluency (r = .23, p = .021),
Category Fluency (r = .38, p < .001), BNT (Spearman’s ρ = .46, p < .001), and WAIS-III Block
Design (r = .37, p < .001). After controlling for age and site, the UPSA-3 was significantly
negatively correlated with three measures in which lower scores represent better performance
(i.e., better performance on the UPSA-3 was significantly associated with better performance on
the cognitive measures): ADAS-Cog11 (r = -.51, p < .001), Trails A (r = -.56, p < .001), and
Trails B (r = -.48, p < .001). After controlling for age and site, the UPSA-3 was not significantly
correlated with RAVLT Recognition (r = -.12, p = .21).
Post-Hoc Analyses
Since statistically significant relationships were found between several areas of cortical
thickness and performance on the UPSA-3, post-hoc analyses were conducted in order to
evaluate the relationship between the three subtests of the UPSA-3 and cortical thickness.
Pearson correlations were conducted to evaluate the relationships between the three subtests.
Multiple linear regressions were conducted using the same cortical thickness ROIs as
independent variables, age and site as covariates, each UPSA-3 subtest as the dependent variable,
and the same adjusted alpha (ɑ = .0025). For the comprehension/planning subtest, the mean was
80.02 (SD = 11.54, range = 48 – 96). For the financial subtest, the mean was 87.96 (SD = 13.58,
range = 27 – 100). For the communication subtest, the mean was 75.14 (SD = 17.81, range = 11
– 100).
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Since all three of the subtests were not normally distributed, each subtest was
transformed first by a reverse score transformation and then by a square root transformation.
Scores were then transformed into z-scores before being entered into statistical analyses in order
to be able to interpret graphs more easily. Given these transformations, all significant
relationships were interpreted as being reversed, so that any negative relationships that were
found in fact indicated positive relationships between the variables and any positive relationships
that were found in fact indicated negative relationships. This is because the initial reverse score
transformation reversed the variable (i.e., large scores became small and small scores became
large).
The comprehension/planning subtest was significantly positively associated with the
financial procedures subtest (r = .28, p = .004) and the communication subtest (r = .38, p < .001).
The financial procedures subtest was significantly positively associated with the communications
subtest (r = .39, p < .001).
Results showed that better performance on the UPSA-3 comprehension/planning subtest
was significantly associated with greater cortical thickness in the LH middle temporal gyrus, LH
parahippocampal gyrus, LH entorhinal cortex, RH inferior temporal gyrus, and RH middle
temporal gyrus (see Table 5 and Figure 3). Better performance on the UPSA-3 financial
procedures subtest was significantly associated with greater cortical thickness in the LH inferior
parietal gyrus (see Table 6 and Figure 4). No significant associations were found for the UPSA-3
communication subtest.
Lastly, in order to explore the possibility that the cortical thickness ROIs selected for
analysis were linked through brain networks, Pearson correlations were conducted for all cortical
thickness ROIs. As there were 18 ROIs analyzed in this study, this resulted in 153 correlations,
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130 of which were statistically significant (p < .05). The level of significance was not adjusted
due to the exploratory nature of this analysis, which likely resulted in some false positive results
and as such details regarding specific correlation values have not been provided. Individual
inspection of the non-significant correlations revealed that all such correlations were between
some areas of the temporal lobe (e.g., temporal pole, parahippocampal gyrus, entorhinal cortex,
inferior temporal gyrus) and some areas of the parietal lobe (e.g., paracentral gyrus, postcentral
gyrus, inferior parietal gyrus).
Discussion
The current study investigated the relationship between functional skills (as measured
through the UPSA-3) and neuroanatomical variables and cognitive functioning in older adults
with MCI. The first study hypothesis was that reduced functional skills would be associated with
reduced cortical thickness and hippocampal volume. The first part of this hypothesis was
supported: reduced cortical thickness in temporal and parietal areas was associated with worse
performance on the UPSA-3. Importantly, these cortical regions are associated with
neuroanatomical patterns seen in individuals with AD dementia (Lerch et al., 2005; Seiger et al.,
2018). Furthermore, although there were bilateral and RH regions found to be significant, more
regions within the left hemisphere were found to be affected as compared to the right
hemisphere. Such hemispheric asymmetry is of note, as Long et al. (2018) found that
hemispheric asymmetry in the medial temporal lobe, particularly in the entorhinal cortex, was
observed between individuals with MCI who converted to AD and individuals with MCI who did
not covert to AD, three years prior to dementia progression. This hemispheric asymmetry has
also been observed in previous studies of AD participants, suggesting increased susceptibility of
the left hemisphere to neurodegeneration in AD (Thompson et al., 2003). Thus, this measure of
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functional skills was associated with cortical thickness in areas known to be associated with
MCI.
Post-hoc analyses showed that the UPSA-3 subtest for comprehension/planning had the
greatest number of significant relationships with areas of cortical thickness, in areas involving
the bilateral temporal lobes. This may suggest that the results from the UPSA-3 total score were
driven largely by this subtest. Since this subtest included a story memory component, it is further
possible that low scores on this subtest were driven by poor memory scores, which would likely
be expected given the inclusion criteria of objective memory problems. Further, given that the
significant cortical thickness ROIs were in temporal areas, which are known to be related to
memory (Ward et al., 2014), there is additional evidence that the low scores may have been
indicative of memory difficulties. As scores for the individual components for this subtest were
not available for analysis, the question remains whether a memory deficit drove the observed
effects, thus potentially indicating that the UPSA-3 may not be sensitive to other IADL
difficulties. However, the financial procedures subtest did show one significant relationship to an
area of the left parietal lobe. This may be of particular interest as a systematic review of MCI and
difficulties in IADL found that financial capacity was affected in the majority of studies (Jekel et
al., 2015). However, while there was some overlap among significant cortical thickness ROIs for
the total UPSA-3 and these two subtests, there were also differences in significant results,
suggesting the subtests together lead to some unique results for the total UPSA-3. Further
supporting this idea, all three subtests were significantly positively associated with each other.
Goldberg et al. (2020) also evaluated the individual subtests within the UPSA-3 and found
significant main effects for group such that all three subtests differentiated between HC, MCI,
and AD, but found no group by time (timepoints at baseline, six weeks, 12 weeks) significant
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interactions between the subtests. Given that not all of the UPSA-3 subtests within our sample
were associated with cortical thickness ROIs, further research regarding these subtests is
warranted.
Upon closer inspection of the specific cortical thickness ROIs that were found to be
significantly associated with the UPSA-3 total score, comprehension/planning subtest, and
financial procedure subtest, there are several potential reasons as to why these areas showed
significant relationships. Significance in the bilateral parahippocampal and LH inferior parietal
gyri may indicate possible involvement of the Default Mode Network (DMN), a network of
brain regions known to be affected in aging (Tomasi & Volkow, 2012) and MCI (Ward et al.,
2014). While some studies have found reduced cortical activation in the DMN in MCI
participants as compared to HC (De Volgelaere et al., 2012), a systematic review and metaanalysis of the DMN in MCI (Eyler et al., 2019) found variable and inconsistent results in resting
DMN function/connectivity across studies. The DMN has been associated with emotional
processing, self-referential mental activity, and memory. The DMN includes areas such as the
parahippocampal gyrus and inferior parietal lobule, and has connections to the hippocampus
(Raichle, 2015). The entorhinal cortex has also been found to be connected to the hippocampus
(Hales et al., 2014; Tsoi et al., 2022) and has been associated with memory performance
(Knopman et al., 2019). Additionally, several areas may be relevant due to their connections to a
potential network for language in the brain, including the bilateral middle temporal gyrus
(Schoffelen et al., 2017) and LH fusiform gyrus (Forseth et al., 2018). Language networks are
important to consider in individuals with MCI, particularly amnestic MCI, as semantic
information is known to be affected in AD processes (Mårdh et al., 2013). However, it remains
unclear why the RH inferior temporal gyrus showed significant results, as the LH inferior

64

temporal gyrus has been associated with auditory naming in participants with temporal lobe
epilepsy (Trimmel et al., 2018) and bilateral inferior temporal gyri have been implicated in affect
recognition in individuals with major depressive disorder (Wu et al., 2016), but there is sparse
information regarding the RH inferior temporal gyrus independently.
Relationships between UPSA-3 scores and left and right hippocampal volumes were not
statistically significant (p = .008 and p = .048, respectively) after correction to account for
multiple comparisons. While hippocampal volume is known to be affected in AD, only a subset
of individuals with MCI truly go on to convert to AD. Thus, one possibility is that our sample
included more individuals with MCI who will not convert to AD. However, this may not be the
case as inclusion criteria for the study included poor performance on a measure of memory to
capture individuals with memory problems, and MCI with memory deficits has been shown to
confer a greater risk of conversion to dementia (Ravaglia et al., 2006; Serrano et al., 2013).
Alternatively, given the sample was selected on the basis of poor memory performance, it is
possible the range of potential hippocampal volumes was restricted to individuals with atrophy
of the hippocampus already occurring, which thus may limit predictive utility. Regardless,
evaluating the data longitudinally will be important to examine progression to dementia.
Furthermore, contrary to our second hypothesis, white matter lesion burden was not
associated with performance on the UPSA-3. As prior research has shown that WMH volume
has been associated with thinner cortices and mesial temporal atrophy, perhaps cortical thinning
in these areas best captured baseline structural impairment in individuals with MCI rather than
WMHs, as ICV was included as a covariate in our analyses and thus may have controlled for
effects related to cortical thinning and subcortical volume loss. WMHs have been frequently
observed on MRI scans of older adults and the presence and severity of WMHs has been shown
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to increase with age; such common prevalence in healthy older adults may contribute to
ambiguous results from research evaluating the relationship of WMHs to health status (i.e., HC
vs. MCI vs. dementia) (Prins & Scheltens, 2015). As progression of WMHs has been associated
with cognitive decline (Bangen et al., 2018; Prasad et al., 2011), it is possible that evaluating
change in WMHs longitudinally may show a relationship to UPSA-3 performance. Overall, there
was mixed support for relationships between the UPSA-3 and neuroanatomical variables known
to be affected in MCI, with the best evidence emerging from cortical thickness metrics.
Exploratory analyses showed that UPSA-3 scores were significantly associated with
almost all measures of cognitive functioning, including attention/processing speed, executive
functioning, language, verbal and visual learning and memory, and visuospatial skills, indicating
an important relationship between functional status and cognitive functioning. The UPSA-3 was
not significantly associated with yes/no recognition of a word list task, possibly due to a
restricted range of datapoints on this measure (84% of participants were within the raw score
range 10-15 on this measure). It was surprising that almost all measures were statistically
significant and these results may indicate that the UPSA-3 taps into several cognitive domains or
that there were other unknown factors that affected results. Regardless, it will be crucial to
continue to evaluate the relationship between functional skills and cognitive functioning, as well
as evaluate longitudinally whether functional status could be additive or even better than certain
cognitive measures in prognosticating those individuals who will progress to dementia.
Post-hoc analyses regarding correlations between cortical thickness ROIs revealed that
most areas selected were significantly positively associated with each other, except for some
areas of the temporal lobe that were not significantly associated with some areas of the parietal
lobe. This suggests that there may be some connections between the temporal and parietal lobe,
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but within-lobe circuits may be more strongly linked. Given the DMN includes areas in both
temporal and parietal regions (Raichle, 2015), it is somewhat surprising that some of these
correlations were not significant, though parietal regions often described in the DMN include
regions that were not included in this study, such as the posterior parietal cortex and
supramarginal gyrus. Given the vast amount of significant correlations, conclusions regarding
evidence for specific brain networks being involved were unable to be clarified.
There are several limitations to consider while evaluating these conclusions, with one of
the most important being the lack of a control group. As the data used was part of a larger
randomized trial (D’Antonio et al., 2019), it was not possible to add in a reference control group.
Because prior research has shown that the UPSA can differentiate between healthy older adult
controls, MCI, and AD, evaluating neuroanatomical and cognitive correlates in these populations
would provide additional evidence for the use of this measure in MCI. Nevertheless, our findings
provide some initial evidence of a relationship between a performance-based functional skill
measure and brain morphometrics that could prove useful in staging the disease course if the
UPSA-3 is shown to be valid and analyzed longitudinally. Another drawback of the study was
the lack of racial/ethnic diversity in this sample, which limited the generalizability of our
findings. As race/ethnicity have been shown to be important considerations in prevalence of MCI
and dementia (Wright et al., 2021), it is crucial to ensure research studies recruit more diverse
samples. Lastly, as ROIs were selected a priori due to established literature on cortical thickness
in MCI samples, it is possible that whole-brain vertex-wise analyses could illuminate additional
regions of interest, such as those regions involved in the DMN that were not selected for this
study.
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Despite the limitations mentioned above, this is one of the first studies to examine the
relationship between a newer performance-based functional skills measure (UPSA-3) and
neuroanatomical and cognitive variables known to be affected in MCI. As such, these results
provide information to be used as building blocks in developing the research base behind this
measure. However, until additional research has been conducted evaluating aspects of validity,
caution should be taken when interpreting results from the UPSA-3 with particular concern
regarding the sensitivity of the three subtests. Future research should focus on further
investigating validity for this measure, as well as examining these findings longitudinally and
with comparative control groups to evaluate whether the UPSA-3 predicts conversion from MCI
to dementia.
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Table 1
MRI Scan Parameters
Sequence

TR/TE/TI (ms) Flip
Angle

Matrix

Acquisition
Time

Scout
3D SPGR

5.0/1.4
6.0/min/400

30°
11°

256x128
256x256

T2 FLAIR

11000/147/2250 90°

256x256

12”
4’37” w/ASSET
option
4’24”

Table 2
Baseline Demographic Characteristics of the Sample
Demographic Variable
All Participants (n=107)
Age
71.2 (8.8)
Education
16.7 (3.1)
Sex
Male
45 (42.1%)
Female
62 (57.9%)
Race
White
81 (75.7%)
Black
24 (22.4%)
Other
2 (1.9%)
Ethnicity
Non-Hispanic
103 (96.3%)
Hispanic
4 (3.7%)
Site
NYSPI
55 (51.4%)
Duke University
52 (48.6%)
Note. All values expressed as mean (SD) or n (%).
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Slice
Thickness
(mm)
5/5
1.1/0

Slices

5/0

42

15
200

Table 3
Significant Linear Regression Model 2 for Cortical Thickness with UPSA-3 Total Score as
Dependent Variable
B

SE (B)
t (df)
p
95% CI
LH Middle Temporal Gyrus (MTG)
Intercept
99.02
9.27
10.68 (96)
<.001
80.61 – 117.44
Age
-0.16
0.13
-1.17 (96)
.247
-0.42 – 0.11
Site
-4.42
2.11
-2.09 (96)
.039
-8.61 – -0.23
LH MTG (z-score)
3.73
1.15
3.24 (96)
.002
1.45 – 6.02
LH Fusiform Gyrus (FG)
Intercept
43.27
23.97
1.81 (96)
.074
-4.32 – 90.86
Age
-0.20
0.13
-1.58 (96)
.118
-0.46 – 0.05
Site
-5.26
2.09
-2.52 (96)
.013
-9.41 – -1.12
LH FG
23.18
7.36
3.15 (96)
.002
8.56 – 37.79
LH Inferior Parietal Gyrus (IPG)
Intercept
43.83
23.42
1.87 (96)
.064
-2.68 – 90.33
Age
-0.23
0.13
-1.81 (96)
.074
-0.48 – 0.02
Site
-5.30
2.08
-2.55 (96)
.013
-9.44 – -1.17
LH IPG
26.84
8.37
3.21 (96)
.002
10.22 – 43.46
LH Entorhinal Cortex (EC)
Intercept
77.13
12.82
6.02 (96)
<.001
51.68 – 102.59
Age
-0.22
0.12
-1.79 (96)
.077
-0.47 – 0.02
Site
-4.29
2.08
-2.06 (96)
.042
-8.42 – -0.16
LH EC
8.71
2.37
3.68 (96)
<.001
4.01 – 13.41
RH Parahippocampal Gyrus (PG)
Intercept
60.44
15.63
3.87 (96)
<.001
29.39 – 91.48
Age
-0.17
0.13
-1.39 (96)
.167
-0.42 – 0.07
Site
-4.32
2.05
-2.10 (96)
.038
-8.40 – -0.24
RH PG
15.02
3.77
3.98 (96)
<.001
7.52 – 22.51
RH Middle Temporal Gyrus (MTG)
Intercept
28.02
22.39
1.25 (96)
.214
-16.45 – 72.49
Site
-0.21
0.12
-1.72 (96)
.088
-0.45 – 0.03
Age
-2.96
2.12
-1.40 (96)
.166
-7.17 – 1.25
RH MTG
27.53
6.70
4.11 (96)
<.001
14.23 – 40.82
Note. B = unstandardized regression weight. SE = standard error. CI = confidence interval. LH =
left hemisphere. RH = right hemisphere.
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Table 4
Descriptive Statistics for Cognitive Measures
Measure
Mean (SD)
N
UPSA-3
81.05 (11.11)
107
ADAS-Cog11
9.56 (3.48)
107
WAIS-III DST
39.67 (11.37)
107
Trails A
46.06 (17.74)
106
Trails B
116.41 (57.26)
106
Letter Fluency
40.01 (11.51)
107
Category Fluency
15.87 (5.01)
107
BNT
14.18 (1.55)
107
RAVLT Learning
36.93 (9.81)
106
RAVLT Short Delay
5.92 (3.25)
106
RAVLT Long Delay
5.14 (3.60)
106
RAVLT Recognition
12.22 (2.30)
106
WMS-III VR I
59.30 (18.54)
107
WMS-III VR II
27.75 (24.72)
107
WAIS-III BD
28.17 (8.70)
107
Note. UPSA-3 = University of California San Diego Performance-Based Skills Assessment – 3.
ADAS-Cog11 = Alzheimer’s Disease Assessment Scale-Cognitive Subscale 11. WAIS-III DST
= WAIS-III Digit Symbol Test. BNT = Boston Naming Test. RAVLT = Rey Auditory Verbal
Learning Test. WMS-III VR I = WMS-III Visual Reproduction I. WMS-III VR II = WMS-III
Visual Reproduction II. WAIS-III BD = WAIS-III Block Design.
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Table 5
Significant Linear Regression Model 2 for Cortical Thickness with UPSA-3
Comprehension/Planning Subtest Score as Dependent Variable
B

SE (B)
t (df)
p
95% CI
LH Middle Temporal Gyrus (MTG)
Intercept
0.13
0.90
0.14 (96)
.888
-1.65 – 1.91
Age
-0.004
0.01
-0.32 (96)
.753
-0.30 – 0.02
Site
0.11
0.20
0.56 (96)
.579
-0.29 – 0.52
LH MTG (z-score)
-0.43
0.11
-4.05 (96)
<.001
-0.64 – -0.22
LH Parahippocampal Gyrus (PG)
Intercept
1.78
1.37
1.30 (96)
.196
-0.94 – 4.50
Age
0.01
0.01
1.20 (96)
.232
-0.01 – 0.04
Site
0.06
0.22
0.29 (96)
.773
-0.37 – 0.49
LH PG
-1.09
0.35
-3.16 (96)
.002
-1.78 – -0.40
LH Entorhinal Cortex (EC)
Intercept
1.64
1.29
1.28 (96)
.205
-0.91 – 4.20
Age
0.01
0.01
0.61 (96)
.542
-0.02 – 0.03
Site
0.14
0.21
0.66 (96)
.511
-0.28 – 0.55
LH EC
-0.79
0.24
-3.33 (96)
.001
-1.26 – -0.32
RH Inferior Temporal Gyrus (ITG)
Intercept
-0.47
0.86
-0.54 (96)
.591
-2.18 – 1.25
Age
0.01
0.01
0.71 (96)
.477
-0.02 – 0.03
Site
-0.09
0.23
-0.41 (96)
.682
-0.55 – 0.36
RH ITG (z-score)
-0.41
0.12
-3.51 (96)
<.001
-0.64 – -0.18
RH Middle Temporal Gyrus (MTG)
Intercept
7.27
2.20
3.30 (96)
.001
2.90 – 11.65
Age
0.01
0.01
0.39 (96)
.700
-0.02 – 0.03
Site
-0.02
0.21
-0.09 (96)
.927
-0.43 – 0.40
RH MTG
-2.87
0.66
-4.36 (96)
<.001
-4.18 – -1.56
Note. Given the UPSA-3 comprehension/planning subtest was transformed (reverse score, square
root, z-score) to correct for non-normality, all relationships were interpreted in the opposite
direction, see text for additional details. B = unstandardized regression weight. SE = standard
error. CI = confidence interval. LH = left hemisphere. RH = right hemisphere.
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Table 6
Significant Linear Regression Model 2 for Cortical Thickness with UPSA-3 Financial
Procedures Subtest Score as Dependent Variable
B

SE (B)
t (df)
p
95% CI
LH Inferior Parietal Gyrus (IPG)
Intercept
3.51
2.09
1.68 (96)
.096
-0.63 – 7.65
Age
0.02
0.01
1.98 (96)
.050
0.00 – 0.04
Site
0.45
0.19
2.43 (96)
.017
0.08 – 0.82
LH IPG
-2.52
0.75
-3.38 (96)
.001
-4.00 – -1.04
Note. Given the UPSA-3 financial procedures subtest was transformed (reverse score, square
root, z-score) to correct for non-normality, all relationships were interpreted in the opposite
direction, see text for additional details. B = unstandardized regression weight. SE = standard
error. CI = confidence interval. LH = left hemisphere.
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Figure 1
Regions in the Desikan-Killiany Cortical Labelling Protocol

Note. From Desikan et al. (2006).
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Figure 2
Significant Partial Regression Plots for Cortical Thickness and UPSA-3 Total Score
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Note. UPSA-3 = University of California San Diego Performance-Based Skills Assessment – 3.
LH = left hemisphere. RH = right hemisphere.
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Figure 3
Significant Partial Regression Plots for Cortical Thickness and UPSA-3
Comprehension/Planning Subtest
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Note. Given the UPSA-3 comprehension/planning subtest was transformed (reverse score, square
root, z-score) to correct for non-normality, all relationships were interpreted in the opposite
direction, see text for additional details. UPSA-3 = University of California San Diego
Performance-Based Skills Assessment – 3. LH = left hemisphere. RH = right hemisphere.
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Figure 4
Significant Partial Regression Plot for Cortical Thickness and UPSA-3 Financial Subtest

Note. Given the UPSA-3 financial subtest was transformed (reverse score, square root, z-score)
to correct for non-normality, this relationship was interpreted in the opposite direction, see text
for additional details. UPSA-3 = University of California San Diego Performance-Based Skills
Assessment – 3. LH = left hemisphere.
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CHAPTER FOUR
Expectancy of Mild Cognitive Impairment Participants Enrolled in a Digital Therapeutic
Trial: Effects of Age, Clinical Characteristics, and Neuroanatomy
Sara N. Rushia, Jeffrey N. Motter, Charlie Ndouli, Joel R. Sneed, Adaora Nwosu, Jeffrey R.
Petrella, P. Murali Doraiswamy, Terry E. Goldberg, & D. P. Devanand

Mild cognitive impairment (MCI) has been shown to confer high risk of transition to
dementia, most commonly due to Alzheimer’s disease (AD) (Petersen et al., 1999). Given the
difficulty in establishing efficacy for medications to treat MCI, computerized cognitive training
(CCT) has emerged as a potential treatment option. CCT uses software aimed at training and
sharpening cognitive skills. CCT in older adults with MCI has shown mixed results, some studies
have not shown a positive benefit of CCT (Barnes et al., 2009) and others have shown short-term
improvements after CCT (Hyer et al., 2016). A meta-analysis of CCT for older adults with MCI
reported small-to-medium positive effect sizes on global cognition, episodic memory, and
working memory immediately post-intervention (Zhang et al., 2019). However, there remain
criticisms of CCT, including the view that CCT simply “teaches to the test” and that cognitive
effects from CCT do not transfer to everyday functioning. Another challenge is isolating the
effect of CCT from other factors such as engagement, motivation, and novelty (Boot et al., 2013;
Motter et al., 2016).
Expectancy is a belief-based factor, analogous to the placebo effect, that has the potential
to influence the magnitude of improvement following an intervention. The belief that a treatment
will produce a particular outcome has been shown to impact the effects of psychotherapy
(Smeets et al., 2008; Weinberger, 2014) and pharmacological interventions (Rutherford et al.,
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2010). In CCT trials, expectancy is crucial to measure because it may impact training
engagement and transfer effects. However, the literature on expectancy in CCT is sparse, with
mixed findings, and has been restricted to cognitively intact individuals (Foroughi et al., 2016;
Tsai et al., 2018; Rabipour et al., 2019; Vodyanyk et al., 2021). In one such study with
cognitively intact individuals, training engagement was indeed associated with perceived
cognitive benefits (Ng et al., 2020). Some possible reasons that expectancy may affect CCT trials
include that higher expectancy may lead to higher motivation, greater attention, effort,
investment of time, and compliance in training. These factors may then in turn lead to increased
cognitive benefits. This is particularly important in CCT trials, as Mehegen et al. (2017) found
that about one-quarter of adults aged 40 and older, and more than 4 in 10 of those who identify
as racial/ethnic minorities, believe that the best way to maintain or improve brain health is to
play brain games.
One consideration is that there may be differences in expectancy related to demographic
variables, though studies investigating demographic variables have again primarily been
conducted with individuals without cognitive impairment. Mehegen et al. (2017) found that those
aged 40-60 were more optimistic about engaging in cognitive training to improve cognitive
impairment as compared to those aged 61 and older. Rabipour and Davidson (2015) found that a
group of older adults (age M = 69.88, SD = 5.27) was more optimistic about benefits of
cognitive training than younger adults (age M = 19.84, SD = 2.58); however, the older adult
group was not compared to a middle-aged group. Furthermore, differences between gender and
level of education regarding cognitive benefits from brain training have been mixed (Mehegen et
al., 2017; Ng et al., 2020; Rabipour & Davidson, 2015). Inconsistent results may have occurred
due to various sample sizes and age groups across studies. The main limitation of these studies is
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that they included primarily individuals with no cognitive impairment, and it is possible that
individuals with cognitive impairment may have differing expectations. For instance, jf people
form positive expectations regarding CCT from advertisements or based on information from
other people, they must first learn such information, then retain the information over time. If
individuals have difficulties with learning and recalling information, perhaps they will have
difficulty developing and/or maintaining positive expectations regarding CCT.
While there is a lack of research on treatment expectancy for older adults with MCI, there
is a sizable literature on expectations of treatment for depression in older adults. Interestingly,
depressed older adults have shown deficits in the ability to benefit from manipulations that boost
expectancy in depressed younger adults (Rutherford et al., 2016). One important consideration is
that neuroanatomical variables may differ between older and younger depressed adults, which
might play a role in the ability to form or change expectations. Indeed, depressed older adults
frequently have been found to have neuroanatomical changes such as the presence of WMHs
(Smagula & Aizenstein, 2016) and reduced cortical thickness (Lim et al., 2012). Similar
structural changes, such as cortical thinning and the presence of WMHs, in addition to reductions
in hippocampal volume, have also been found in individuals with MCI (Fujishima et al., 2014; Li
et al., 2011; Prins & Scheltens, 2015; Wang et al., 2009). One possibility for the reason behind
differences in expectancy formations between younger and older depressed adults is that white
matter damage in older depressed adults may interrupt the neural circuitry underlying expectancy
effects, particularly in connections between the prefrontal cortex and subcortical areas (ZilchaMano et al., 2019). Because individuals with MCI have similar structural brain changes, it is
possible that they may also have difficulty forming expectations.
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Expectancy has not been well studied in CCT trials with MCI or AD participants. It is
important to determine whether participant’s expectancy of improvement influences the
magnitude of cognitive and functional gains following cognitive training. Similarly,
understanding demographic, clinical, and structural brain imaging characteristics of MCI
participants that influence an individual’s expectations may help to identify individuals who
view training optimistically and are likely to engage with and remain in a CCT trial.
Current Study
The purpose of the present study is to determine which factors at baseline are related to
expectancy of improvement among individuals with MCI enrolled in a clinical trial of cognitive
training. Participants were randomly assigned to complete either CCT (Lumosity platform;
intervention condition) or Crossword Puzzle Training (CPT; active control condition).
We hypothesized that: (1) greater MRI-defined brain atrophy would be associated with lower
expectancy; (2) greater MRI-defined white matter lesion burden would be associated with lower
expectancy; (3) higher cognitive functioning at baseline would be associated with higher
expectancy; and (4) older age would be associated with lower expectancy.
Method
Procedure and Participants
The methods were performed in accordance with relevant guidelines and regulations and
approved by the New York State Psychiatric Institute/Columbia University Irving Medical
Center Institutional Review Board and Duke University Medical Center Institutional Review
Board. This study is registered on ClinicalTrials.gov (NCT03205709, posted July 2, 2017).
Participants gave written informed consent prior to participation. Full study procedures have
been described elsewhere (D’Antonio et al., 2019). Recruitment took place at two sites: New
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York State Psychiatric Institute (NYSPI) and Duke University Medical Center. Participants were
recruited through patient caseload of the investigators (with specialties in geriatrics and
psychiatry), referral from neurology, psychiatry, primary care, public health and geriatric
medical clinics affiliated with the medical centers, and supplemented by advertisement. MCI was
defined the same across both sites, as a Wechsler Memory Scale-III (WMS-III) Logical Memory
(Wechsler, 1997b) delayed recall raw score of 0-11. As such, participants were selected on the
basis of memory problems, though may have had cognitive difficulties in addition to amnestic
difficulties. Inclusion criteria were age 55-95 years, subjective cognitive concerns (assessed
through participant report), WMS-III Logical Memory delayed recall score 0-11, Folstein Mini
Mental State Examination score ≥ 23, availability of an informant, and access to a home
computer with internet connection. Exclusion criteria were a history of major psychiatric or
neurological illness, a dementia diagnosis of any type, contraindication to MRI scan, lack of
English-speaking ability, use of medication rated as likely cause of cognitive impairment, acute
medical illness, or engagement in regular online brain training or regular crossword puzzle use
(defined as doing these procedures at a frequency of twice weekly or greater during the year
prior to screening). All participants had adequate hearing and vision capabilities, as some
participants utilized corrective devices.
Measures
Participants completed measures of verbal memory (Rey Auditory Verbal Learning Test
– Long Delay Free Recall; RAVLT) and overall cognitive functioning (Alzheimer’s Disease
Assessment Scale-Cognitive Subscale; ADAS-Cog11). The RAVLT (Lezak, 1983) was
comprised of five learning trials for a list of 15 words, a second list of 15 words for interference,
a short delay free recall, and a long delay with free recall and recognition. The variable used in
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this study was the long delay free recall score. Performance on this measure has been shown to
differentiate healthy controls, persistent amnestic MCI, and recovered MCI (Klekociuk &
Summers, 2014). The RAVLT has also been shown to be a predictor of conversion from MCI to
AD (Varon et al., 2015). The ADAS-Cog11 (Mohs et al., 1997) was used to evaluate general
cognitive functioning, and was comprised of subtests evaluating orientation, verbal commands,
constructional praxis, ideational praxis, naming, and word recall and recognition. The measure
also had four subtests based on clinician-rated judgment for level of impairment in remembering
task instructions, spoken language ability, word-finding difficulty, and comprehension of spoken
language. This measure was reverse scored so that higher scores represented worse performance.
A total score was generated by summing the scores from the subtests, with a range from 0 to 70.
The ADAS-Cog has been shown to have good reliability (Lezak et al., 2012) and has been
frequently used in MCI research (Podhorna et al., 2016).
Expectancy
As expectancy effects have not been widely studied in CCT trials, there is no widely
accepted form of measurement of such effects. Therefore, we developed two items that asked
participants and their informants to rate their expectancy for the participant during the baseline
visit prior to randomization: ‘Doing computerized games online will have the following effect on
my memory and other intellectual abilities’, and ‘Doing crossword puzzles will have the
following effect on my memory and other intellectual abilities’, with response options: ‘Markedly
Worsen’, ‘Mildly Worsen’, ‘No Effect’, ‘Mildly Improve’, and ‘Markedly Improve’ quantified
from 1-5. Participants and their informations answered these questions separately. Informants
completed expectancy measures because they interacted regularly with their participants and
may have shared their predictions regarding the study with their participants, which could
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possibly influence the manner in which participants considered the study and its various
components (e.g., online training, neuropsychological testing).
Responses were highly skewed for participant self-report and informant report, with
frequencies of zero for some responses (e.g., n = 0 participants expected CCT and n = 2 expected
CPT to ‘Markedly Worsen’ their abilities, whereas n = 33 expected CCT and n = 25 expected
CPT to ‘Markedly Improve’ their abilities), and as such expectancy scores were dichotomized
into ‘High Expectancy’, and ‘Low Expectancy’. Within participants and informants, those who
expected to mildly or markedly improve were classified as ‘High Expectancy’, and those who
expected to mildly worsen, markedly worsen, or experience no effect from either CCT or CPT
were classified as ‘Low Expectancy’. Scores from CCT and CPT were additionally combined to
create a ‘Total Expectancy’ dichotomous variable.
Treatment
Participants were told that they were to be randomized to either CCT or CPT, both
administered on a home computer via the internet, and the informed consent described the
interventions. The consent form was worded in an unbiased way such that it was plausible that
both interventions could produce cognitive benefits. The CCT game battery was from the
Lumosity platform (Lumos Labs) and involved drill-practice of cognitive tests targeting multiple
cognitive domains, which scaled difficulty automatically based on participant performance
(D’Antonio et al., 2019). A score was given after completion of the CCT suite of exercises after
30 minutes. For the CPT group, crossword puzzle questions were completed in any order without
feedback for accuracy of the response. Both groups were required to train for four 30-min
sessions per week for 12 weeks. Compliance was monitored automatically through the Lumosity
website with reminder emails and/or phone calls from research assistants as needed.
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Brain MRI
At NYSPI, images were acquired across three scanners: (1) NYSPI GE MR 750 scanner
with 8-channel coil; (2) NYSPI MBBI Siemens Prisma scanner with 64-channel coil; and (3)
Weill Cornell GE MR 750 scanner with 8-channel coil. At Duke University Medical Center,
images were acquired on a GE MR 750 scanner with 8-channel coil. At screen, participants
underwent scanning including the following sequences: Localiser, high-resolution T1-weighted
Inversion recovery prepped 3D SPGR (spoiled gradient recalled), and T2 FLAIR (fluid
attenuated inversion recovery) and GE-EPI (General Electric echo-planar imaging) resting-state
fMRI scans.
Cortical thickness and hippocampal volume were extracted via the FreeSurfer version 6.0
pipeline. FreeSurfer is an automated brain segmentation program that measures cortical thickness
through boundaries between white matter, cortical gray matter, and pial surface, as well as
subcortical region volumes, and can be downloaded for free (http://surfer.nmf.mgh.harvard.edu).
Through FreeSurfer, T1-weighted structural images were corrected for motion errors and run
through non-uniform intensity normalization (Reuter et al., 2010); non-brain tissue was removed
through a watershed/surface deformation procedure (Segonne et al., 2004). An affine
transformation matched the original volumes to Talairach coordinate space and the MNI305 atlas
and then subcortical white matter and deep gray matter volumetric structures were segmented
(Fischl et al., 2002; Fischl et al., 2004). Next, the images went through intensity normalization
(Sled et al., 1998), tessellation of the gray matter and white matter boundary, automated topology
adjustments (Fischl et al., 2001; Segonne et al., 2004), and surface deformation (Dale et al.,
1999). Subsequent procedures included surface inflation, registration to a spherical atlas (Fischl
et al., 1999), and parcellation into gyral and sulcal structures (Desiken et al., 2006). Intensity and
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continuity information from the entire three-dimensional MRI scans produced representations of
cortical thickness, which were measured as the closest distance from the gray/white boundary to
the gray/CSF boundary at each vertex on the tessellated surface (Fischl & Dale, 2000). These
procedures have shown good test-retest reliability (Han et al., 2006; Reuter et al., 2012). Visual
quality control was modeled after the methods used in the Alzheimer Disease Neuroimaging
Initiative (ADNI; Jack et al., 2008) and was completed by two independent reviewers. Manual
edits were attempted on scans that failed initial quality control, and then re-evaluated by each
reviewer. N = 97 scans passed quality control for cortical reconstruction, seven scans failed at
the initial stage due to motion artifact or inability to make manual edits, and three scans failed in
the second stage after manual edits did not correct errors.
Left and right hippocampal volumes were generated through the hippocampal subfield
segmentation tool in FreeSurfer, which was found to be slightly more accurate than the standard
pipeline for hippocampal volume (Iglesias et al., 2015). Visual quality control was modeled after
the methods used in ADNI (Jack et al., 2008). N = 104 scans passed quality control for the
hippocampal subfields procedure; three scans failed at the initial stage as no manual edits were
possible.
WMHs on axial T2 FLAIR images were rated using the Fazekas-modified Coffey Rating
Scale (Fazekas et al., 1987), a qualitative rating of lesion severity. This method separated WMHs
into three regions: periventricular, deep white matter, and subcortical gray matter. Periventricular
hyperintensities (PVHs) were rated as 0 (absent), 1 (caps), 2 (smooth halo), or 3 (irregular and
extending into deep white matter). Deep white matter hyperintensities (DWMHs) were rated as 0
(absent), 1 (punctate foci), 2 (beginning confluence of foci), or 3 (large confluent areas).
Subcortical gray matter hyperintensities (SCGs) in the basal ganglia were rated as 0 (absent), 1
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(punctate), 2 (multipunctate), or 3 (diffuse). Ratings were conducted by a trained research
assistant who achieved high interrater reliability (ICC = .97) with expert raters.
WMH volume was also measured with a semi-automatic quantitative method through the
program MRIcro (Rorden & Brett, 2000). In this method, a global intensity filter was first
applied to the T2 FLAIR image, in order to allow hyperintense regions to be differentiated from
non-hyperintense surrounding tissues. A rater then manually traced the outline of suspected
hyperintensities in the periventricular, deep white, and subcortical gray regions, separately for
each slice in the volume, in order to distinguish hyperintensities from normal white voxels such
as the skull and choroid plexus. Areas of mutual overlap between the intensity filter and the
tracings for each region, and total regions together, were extracted. Thus, this method was used
to quantify the volume of WMHs in the regions also used in the Fazekas-modified Coffey Rating
Scale. Our group has published extensively using these methods (Motter et al., 2018; Pimontel et
al., 2013) and ratings were conducted by a trained research assistant who achieved high interrater
reliability (ICC = .98) with expert raters.
Statistical Analyses
This was a cross-sectional analysis of participants at the baseline visit. No longitudinal
data were included (as the study blind had not yet been broken). All statistical tests were twotailed and performed at α = .05 for inference, unless otherwise specified. In this preliminary
investigation that aimed to broadly examine factors related to expectancy to develop hypotheses
for follow-up studies, no correction was applied for multiple comparisons. Chi square and t-tests
were used to evaluate differences between sites and expectancy groups. Logistic regression
models were used to evaluate the study hypotheses, with each cognitive, demographic, or
anatomical measure as independent variables, and expectancy groups as dependent variables. For

90

one measure of WMHs (Fazekas ratings), Spearman partial correlation was used with expectancy
ranked data rather than groups, in order to evaluate ranked data.
Results
One hundred and nine individuals met criteria and were enrolled in the trial. Two were
excluded because they did not complete any training sessions, bringing the final analytic sample
to 107. The average age was 71.2 years (SD = 8.8, range = 55 – 89), with 57.9% of the sample
being female (Table 1). Of the 107 participants, 75.7% (n = 81) identified as White, 22.4% (n =
24) identified as Black, and 1.9% (n = 2) identified as ‘Other’. Ethnicity was also reported, with
96.3% (n = 103) identifying as Not Hispanic and 3.7% (n = 4) identifying as Hispanic. The mean
years of education was 16.7 years (SD = 3.1, range = 8 – 26). Participants recruited at Duke
University were significantly older (M = 72.0, SD = 7.8) than participants recruited at NYSPI (M
= 66.8, SD = 7.4). A greater percentage of participants from Duke University were White than
from NYSPI (χ2 (1) = 6.92, p = .031), 87% of participants at Duke University where White
whereas 65% of participants at NYSPI were White. There were no significant differences in
proportion of sex or years of education between Duke University and NYSPI (all p > .05).
Expectancy Ratings at Baseline for Participants and Informants
86.0% of participants were classified as ‘High CCT Expectancy’, while 14.0% were
classified as ‘Low CCT Expectancy’. 78.5% of participants were classified as ‘High CPT
Expectancy’, while 21.5% were classified as ‘Low CPT Expectancy’. CCT and CPT ratings were
combined through the following procedure: each participant’s ratings for the two items were
summed, then the participants with new ratings from 1 to 7 were grouped as ‘Low Total
Expectancy’ and participants with new ratings from 8 to 10 were grouped as ‘High Total
Expectancy’. When CCT/CPT ratings were combined to create this overall expectancy index,
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72.0% of participants were classified as ‘High Total Expectancy’ and 28.0% were classified as
‘Low Total Expectancy’.
Participants classified as ‘High CCT Expectancy’, ‘High CPT Expectancy’, and ‘High
Total Expectancy’ were significantly older than those classified as ‘Low CCT Expectancy’,
‘Low CPT Expectancy’, and ‘Low Total Expectancy’ respectively (Table 1; Figure 1).
Participants with ‘High CCT Expectancy’ and ‘High Total Expectancy’ were significantly more
likely to have been recruited at NYSPI than Duke University.
For informants, 78.3% were classified as ‘High CCT Expectancy’, and 21.7% as ‘Low
CCT Expectancy’. 60.4% of informants were classified as ‘High CPT Expectancy’, and 39.6%
as ‘Low CPT Expectancy. Finally, 55.7% of informants were classified as ‘High Total
Expectancy’ and 44.3% were classified as ‘Low Total Expectancy’.
Participants (χ2 [2, n = 107] = 6.7, p = .010) and their informants (χ2 [2, n = 106] = 12.4,
p < .001) were significantly more likely to report higher expectancy for CCT than CPT.
Agreement between participants’ expectancy classification and the corresponding informants’
expectancy classification was not significantly different from chance for CCT expectancy (χ2 [2,
n = 106] = 0.3, p = .614), CPT expectancy (χ2 [2, n = 106] = 1.9, p = .164), or total expectancy
(χ2 [2, n = 106] = 1.4, p = .242). Most participants expected either null or positive effects of
CCT/CPT. Very few participants (n = 6) anticipated worsening of cognition due to training
(Table 2).
Cognitive Measures
For the unadjusted models (Table 3), better ADAS-Cog and RAVLT performance was
significantly associated with the High CCT Expectancy, High CPT Expectancy, and High Total
Expectancy groups. For adjusted models, age and site effects were evaluated as covariates in the
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models because age and site effects differed significantly across expectancy groups. When age
and site were entered together, age was significantly associated with expectancy groups across
models, but site was not (likely owing to the significant difference in age between sites), thus site
was removed from the final models. After adjustment for age, better performance on ADAS-Cog
remained significantly associated with the High Total Expectancy group, but not with the High
CCT or High CPT Expectancy groups. RAVLT performance remained significantly associated
with the High Total Expectancy group and the High CCT Expectancy group but not with the
High CPT Expectancy group. Older age was significantly associated with lower expectancy in
each model after adjusting for other parameters in the model (p < .05).
The effects of sex and race on expectancy groups were not significant. There was no
significant difference between High Informant Expectancy and Low Informant Expectancy
groups on any cognitive measure (all p > .05).
Hippocampus Volume, Cortical Thickness, and White Matter Lesion Burden
For the unadjusted models, greater left and right hippocampus volumes were significantly
associated with the High CCT expectancy group, but not with the High CPT or High Total
Expectancy groups. Mean hippocampus volume was significantly associated with higher
expectancy across all groups (Figure 2).
For the adjusted models, age, total intracranial volume (ICV), and MRI scanner were
evaluated as covariates for the structural MRI measures. Across the models, age and total ICV
were significantly associated with participant expectancy groups, but MRI scanner was not, thus
MRI scanner was removed from the final models. After adjusting for age and total intracranial
volume, greater left hippocampus volume remained significantly associated with the High CCT
Expectancy group, but not with the High CPT or High Total Expectancy groups. Greater right
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hippocampus volume was significantly associated with High CCT, High CPT, and High Total
Expectancy groups.
Cortical thickness regions of interest (ROIs) in the frontal, temporal, and parietal lobes
were chosen a priori using the Desikan-Killiany atlas (Desikan et al., 2006) based on published
studies identifying regions where cortical thinning occurs in MCI. The selected ROIs were
entorhinal cortex, parahippocampal gyrus, temporal pole, middle temporal gyrus, inferior
temporal gyrus, fusiform gyrus, inferior parietal gyrus, paracentral lobule, and postcentral gyrus.
Cortical thickness variables were not significantly associated with participant expectancy groups.
White matter lesion burden variables were not significantly associated with participant
expectancy groups.
Post-Hoc Analyses
In order to further evaluate differences between various responses of the Likert
expectancy scales, post-hoc analyses were conducted. Logistic regressions were conducted to
evaluate differences between response 3 ‘No Effect’ and response 4 ‘Mildly Improve’, between
response 3 ‘No Effect’ and response 5 ‘Markedly Improve’ and between response 4 ‘Mildly
Improve’ and response 5 ‘Markedly Improve’ for both CCT and CPT. The Total Expectancy
variable was unable to be evaluated due to the nature of how the variable was formed. Each
cognitive, demographic, or anatomical variable was the independent variable, and expectancy
groups were the dependent variable. Adjusted models using the same covariates as described
above were utilized.
For CCT ratings, greater age was significantly associated with being in the ‘No Effect’
group as compared to the ‘Mildly Improve’ group [B(SE) = -0.17(0.06), p = .003, 95%CI = 0.71
– 0.94]. For CCT ratings, greater age was also significantly associated with being in the ‘No

94

Effect’ group as compared to the ‘Markedly Improve’ group [B(SE) = -0.23(0.07), p = .002
95%CI = 0.69 – 0.92]. There were no significant results for any cognitive or anatomical
variables.
Discussion
To our knowledge, this is the first study to examine predictors of expectancy at baseline
in a trial of CCT for individuals with MCI. As hypothesized, higher cognitive performance was
generally associated with higher expectancy at baseline, albeit with select measures only (global
cognition and verbal memory). Consistent with these cognitive findings, some measures of
structural brain atrophy were also related to participant expectancy. In the adjusted models, there
was mild evidence of hemispheric asymmetry, such that greater left hippocampus was associated
with greater CCT expectancy while greater right hippocampus was associated with greater CCT,
CPT, and Total expectancy. Potential reasons for this asymmetry may be related to literature
regarding multiple hypotheses on hemispheric asymmetry in emotional processing (Gainotti,
2012). One such hypothesis is the Right Hemisphere Hypothesis (RHH), which has purported
that the right hemisphere is superior to the left hemisphere in processing all emotional stimuli. In
contrast, the Valence Hypothesis (VH) has purported that the left hemisphere specializes in
processing positive emotions while the right hemisphere specializes in processing negative
emotions. Further, Gainotti (2012) suggested that the right hemisphere may be characterized by
more emotional processing, unawareness, and automaticity, while the left hemisphere may be
characterized by more cognitive processing, consciousness, and intentionality. Further still,
Turnbull and Salas (2021) have proposed including a hierarchical dimension to the debate
relating to emotion-regulation strategies. Given these competing hypotheses and the lack of
consensus within the field, it is somewhat challenging to explain why the right hippocampus was
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associated with more positive expectancies than the left hippocampus. Perhaps this finding aligns
best with the RHH, as with the VH it would be expected that reduced right hippocampus would
be associated with less negative expectancies. An alternative explanation could be that the
relationship between the hippocampus and amygdala is driving the hippocampal results. The
amygdala and hippocampus are connected and this connection has been shown to be involved in
encoding of positive and negative information (Fastenrath et al., 2014). As such, with reduced
hippocampal volumes, there will likely be reduced connections to the amygdala, which may
affect emotional processing, thus affecting ability to form positive expectations. For example,
van Mierlo et al. (2015) found that in individuals with Parkinson’s disease, depression scores
were correlated negatively with bilateral hippocampus and right amygdala volume.
Contrary to our hypotheses, cortical thickness and white matter lesion burden were not
related to participant expectancy. Given that there is limited research on contributors to
expectancy, it is possible that these neuroanatomical changes are simply not related to
expectancy beliefs in individuals with MCI. Alternatively, perhaps conducting whole-brain
vertex-wise analyses could have illuminated significant regions of interest. Additionally, the lack
of significant results in post-hoc analyses for cognitive and structural variables that utilized a
more fine-grained approach to the dataset may have been due to small and imbalanced sample
sizes at the level of individual reponses. Such imbalanced sample sizes may have affected
results.
Taken together, these results indicate that individuals with possible evidence of some
greater risk of progression to AD (e.g., lower cognitive performance on measures of overall
functioning and verbal memory, structural brain atrophy in the hippocampus) are less likely to
anticipate positive benefits from training in CCT/CPT.
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A key finding from this study is that older age was consistently associated with lower
participant expectancy in models and even when examined alongside other cognitive measures,
structural brain variables, and other demographic variables. We speculate this may be due in part
to less frequent computer use, lower familiarity with computers, and greater skepticism of
computerized interventions among older participants. Nevertheless, all participants were required
to have access to a computer at home, thus narrowing the sample to individuals with at least
some degree of computer familiarity. Age has been shown to significantly moderate the effect of
CCT in samples of cognitively intact adults, such that younger adults have tended to experience
larger effects and broader transfer to untrained domains than older adults (Brehmer et al., 2012;
Heinzel et al., 2014). Future studies should investigate whether expectancy partially mediates
this relationship.
Notably, there was no direct relationship between participant and informant expectancy
(other than both believing that CCT was better than CPT). In contrast to participant expectancy,
there was also no relationship between informant expectancy and any participant cognitive,
functional, or demographic variables. We may construe this as meaning that participant and
informants have formed independent opinions about the benefits of CCT/CPT, and that
informants may not be basing their expectancies on the relative level of functioning of the
participants. Participants had greater expectancy for CCT than for CPT. This may be due to
knowledge of CCT in the general population and exposure to CCT advertising; the description of
the trial suggested that both CCT and CPT may improve cognition.
Although the impact of expectancy is well-established in psychotherapy and
pharmacological interventions, there is reason to remain skeptical as to whether expectancy
influences outcomes in CCT. One study induced varying expectancies by posting two different
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recruitment flyers, which advertised beneficial effects of CCT on fluid intelligence or advertised
a generic opportunity for college course credit. Greater improvements were reported following
CCT in the high expectancy flyer (Foroughi et al., 2016). Nonetheless, multiple studies that have
experimentally manipulated participants’ expectations after enrollment by providing varying
training instructions to induce belief of improved performance from CCT have found no
differences between high expectancy and low expectancy conditions on cognitive gains
(Rabipour et al., 2019; Tsai et al., 2018; Vodyanyk et al., 2021). These discrepancies in the
literature underscore the notion that expectancies are not a universal phenomenon in CCT, nor
are they the sole driver of CCT’s effects. Even so, caution must be taken before generalizing any
previous finding to MCI trials, as the prior studies on expectancy in CCT have been far shorter
(predominantly single session), recruited primarily young adults, and involved cognitively intact
samples. It is possible that the expectations of a group of MCI participants hoping to remediate a
deficit are fundamentally different than the expectations of a group of healthy adults hoping to
improve an already adequate aspect of cognition.
Limitations from this study include uneven sample sizes between the high and low
expectancy groups, which may have affected results. Although there are individuals who may
enroll in research trials with low positive expectations, such as those who enroll at the request of
loved ones and/or have a negative perception regarding prognosis of their medical conditions,
healthy individuals have been shown to often have optimistic views of brain training (Mehegen
et al., 2017; Rabipour & Davidson, 2015). In fact, by recruiting participants with lower
expectations, this would help to clarify study results by ensuring that sample sizes were more
similar between high and low expectancy groups. An additional limitation is that the expectancy
scale used in this study was one generated by the researchers and was relatively limited as it only
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asked two questions, each with a 5-point Likert scale. In the future it would be beneficial for
CCT trials to utilize a more comprehensive measure of expectancy, as this would increase
psychometric qualities, which would allow for greater confidence in results.
In conclusion, higher expectancy of individuals with MCI participating in a CCT/CPT
trial was associated with better global cognition, verbal memory, and hippocampus volume.
Older individuals tended to have lower expectations of improvement. Findings should next be
examined longitudinally to evaluate whether baseline expectations influence the effect of CCT
on cognition and everyday functioning, as well as participant retention and engagement in the
trial.
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Table 1
Baseline Demographic Characteristics Across Participant Expectancy Groups
Demographic Variable

Participant
All
Participants Expectancy
for CCT: Low
(n=107)
vs. High

Participant
Expectancy
for CPT: Low
vs. High

Participant Total
Expectancy: Low
vs. High

Age
71.2 (8.8)
t=3.4, p=.001
t=2.1, p=.034
t=3.1, p=.003
Education
16.7 (3.1)
t=0.1, p=.966
t=-0.1, p=.933
t=-0.2, p=.837
2
2
Site
X =6.9, p=.009 X =0.7, p=.391 X2=3.6, p=.057
NYSPI
55 (51.4%)
Duke University
52 (48.6%)
Sex
X2=0.9, p=.340 X2=0.4, p=.527 X2=3.7, p=.056
Male
45 (42.1%)
Female
62 (57.9%)
Race
X2=3.0, p=.226 X2=1.3, p=.517 X2=4.0, p=.135
White
81 (75.7%)
Black
24 (22.4%)
Other
2 (1.9%)
Note. Comparison of Low Expectancy and High Expectancy groups at baseline on demographic
variables. All values are expressed as mean (SD) or n (%).
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Table 2
Expectancy Ratings for Different Theoretical Treatment Conditions
Markedly
Worsen

Mildly
Worsen

No Effect

Mildly
Improve

Markedly
Improve

Participant
Expectancy:
n=0 (0%)
n=3 (2.8%)
n=12 (11.2%) n=61 (57.0%) n=31 (29.0%)
CCT
Participant
Expectancy: n=2 (1.9%)
n=4 (3.7%)
n=17 (15.9%) n=59 (55.1%) n=25 (23.4%)
CPT
Informant
Expectancy:
n=0 (0%)
n=0 (0%)
n=23 (21.5%) n=61 (57.0%) n=22 (20.6%)
CCT
Informant
Expectancy:
n=0 (0%)
n=2 (1.9%)
n=40 (37.4%) n=53 (49.5%) n=11 (10.3%)
CPT
Note. Participant and Informant ratings in response to the statement: “Doing ____ (crossword
puzzles/CCT) will have the following effect on my memory and other intellectual abilities:” CPT
= crossword puzzles. CCT = computerized cognitive training.
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Table 3
Logistic Regression Models for Participant Expectancy and Cognitive and Anatomical Variables
CCT Expectancy (Unadjusted)
CCT Expectancy (Adjusted)
Parameter
B(SE)
p (95% CI)
B(SE)
p (95% CI)
ADAS-Cog
-0.17 (0.08)
.028 (0.72-0.98)
-0.12 (0.08)
.160 (0.76-1.05)
RAVLT
0.25 (0.10)
.014 (1.05-1.57)
0.20 (0.11)
.079 (0.98-1.51)
Left Hipp
0.002(0.001)
.016(1.000-1.003)
0.002(0.001)
.028(1.000-1.004)
Right Hipp
0.002(0.001)
.023(1.000-1.003)
0.003(0.001)
.013(1.001-1.005)
CPT Expectancy (Unadjusted)
CPT Expectancy (Adjusted)
Parameter
B(SE)
p (95% CI)
B(SE)
p (95% CI)
ADAS-Cog
-0.13 (0.07)
.047 (0.77-1.00)
-0.10 (0.07)
.143 (0.79-1.04)
RAVLT
0.21 (0.08)
.009 (1.05-1.44)
0.18 (0.08)
.033 (1.02-1.41)
Left Hipp
0.001(0.001)
.053(1.000-1.002)
0.001(0.001)
.077(1.000-1.003)
Right Hipp
0.001(0.001)
.059(1.000-1.002)
0.002(0.001)
.029(1.000-1.004)
Total Expectancy (Unadjusted)
Total Expectancy (Adjusted)
Parameter
B(SE)
p (95% CI)
B(SE)
p (95% CI)
ADAS-Cog
-0.19 (0.07)
.006 (0.73–0.95)
-0.14 (0.07)
.035 (0.76-0.99)
RAVLT
0.22 (0.07)
.003 (1.08–1.43)
0.17 (0.08)
.026 (1.02-1.38)
Left Hipp
0.001 (0.001)
.051 (1.000-1.002)
0.001 (0.001)
.121 (1.000-1.003)
Right Hipp
0.001 (0.001)
.079 (1.000-1.002)
0.002 (0.001)
.035 (1.000-1.003)
Note. Logistic regression models comparing high vs. low participant expectancy of CCT, CPT,
and Total Expectancy. Unadjusted: parameter only model, with participant expectancy group
(High/Low) as dependent variable. Adjusted: parameter plus age and total intracranial volume
(for MRI variables only) as covariates, with participant expectancy group as dependent variable.
ADAS-Cog = Alzheimer’s Disease Assessment Scale-Cognitive Subscale 11 (higher
scores=lower performance). RAVLT = Rey Auditory Verbal Learning Test, Long Delayed
Recall (higher scores=better performance). Hipp = hippocampus volume.
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Figure 1
Boxplots of Age Across Participant Expectancy Groups

Note. Lower CPT, CCT, and Total Participant Expectancy was linked with significantly older
age. See text for details.
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Figure 2
Boxplots of Mean Hippocampus Volumes Across Participant Expectancy Groups

Note. Lower CPT, CCT, and Total Participant Expectancy was linked with significantly smaller
mean hippocampus volume. See text for details.
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CHAPTER FIVE
Neuroanatomical Differences Between Mild Cognitive Impairment and Comorbid
Depression and Mild Cognitive Impairment
Sara N. Rushia, Aditya Kulkarni, Pranitha Y. Premnath, Joel R. Sneed, Terry E. Goldberg, P.
Murali Doraiswamy, & D. P. Devanand

Late-life depression (LLD) and mild cognitive impairment (MCI) frequently co-occur in
the older adult population. MCI is a neurocognitive disorder characterized by cognitive
impairments beyond expectations for a person’s age (Petersen et al., 2009; Petersen et al., 1999).
In a meta-analysis exploring the presence of comorbid depression and MCI (Dep-MCI), Ismail et
al. (2016) found that 32% of older adult patients presented with either depression or depressive
symptoms along with a diagnosis of MCI, indicative of high comorbid presence. This finding has
also been shown to hold across ethnic groups in the U.S., with higher rates of depression
associated with MCI in Hispanic and European American populations (Lang et al., 2021).
Despite such a high comorbidity, these disorders are frequently studied separately; depression
research tends to either exclude or not assess cognitive impairment (Sheline et al., 2012);
similarly, MCI research tends to exclude or poorly measure depressive symptoms (Petersen et
al., 2005; Rozzini et al., 2007). Such exclusions are typically done intentionally, in order to
procure a more homogenous sample, however, this limits research on an important comorbidity
in older adults.
LLD describes older adults, typically age 50 or 60 and older, with unipolar depressive
disorders or depressive symptomatology. Individuals with LLD have shown reduced cognitive
functioning as compared to older adults without LLD (Ganguli et al., 2006; Koenig et al., 2015).
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Indeed, Butters et al. (2004) found that 60% of individuals with LLD showed cognitive
impairment beyond expectations in at least one cognitive domain. Lugtenburg et al. (2021) found
that older adults with depression performed significantly worse than healthy controls (HC) on
verbal memory and showed signs of accelerated aging. However, it is unclear whether this
phenotype may be attributable to LLD or rather is a sign of incipient dementia.
The Dep-MCI comorbidity in older adults has important health implications. The
presence of both depression and cognitive impairment has been shown to increase the rate of
adverse outcomes for physical health, functional status, mortality (Mehta et al., 2003), and
quality of life (Zafar et al., 2021). Initial cognitive impairment in depressed older adults has been
associated with increased risk of persistent cognitive impairment as well as dementia, even after
successful treatment of the depression (Devanand et al., 2003; Lee et al., 2007). Furthermore, the
presence of depression in individuals with MCI has been shown to increase the risk of
conversion to dementia (Mourao et al., 2016; Richard et al., 2013; Ruthirakuhan, 2019). Indeed,
individuals with both MCI and persistent depressive symptoms showed higher conversion rates
to Alzheimer’s disease (AD), and increased decline on measures of global cognition, language,
and executive functioning, as compared to individuals with MCI without depressive symptoms
(Lee et al., 2012).
Cognitive symptoms are present in both MCI and LLD, and thus may confer an even
greater risk for cognitive impairment in individuals with comorbid Dep-MCI. However,
cognitive profiles of Dep-MCI and MCI are not commonly compared and studies which have led
such investigations show inconsistent results. For example, Dong et al. (2016) found that DepMCI participants had poorer performance on tasks of attention/processing speed, executive
function, verbal memory, and visual learning when compared to individuals with MCI only, with
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small to medium effect sizes. However, Dep-MCI and MCI participants did not differ on two
tasks of general cognitive functioning, the Mini-Mental Status Exam and the Montreal Cognitive
Assessment (Dong et al., 2016). Similarly, Brunet et al. (2011) found that Dep-MCI participants
had worse immediate and delayed verbal memory abilities as compared to MCI participants;
however, no differences were observed on measures of executive function, verbal fluency,
naming, and visuoconstructional/visuoperceptual abilities. Muddling these findings, Hudon et al.
(2008) did not find differences between Dep-MCI and MCI patients on verbal immediate and
delayed memory, but did find greater deficits in executive function in Dep-MCI patients as
compared to MCI patients. Overall, it has been difficult thus far to establish robust
neuropsychological differences between individuals with Dep-MCI versus only MCI.
In terms of neuroanatomy, older adults with either LLD or MCI share common structural
brain changes. Regional cortical thinning in both LLD and MCI has been shown to be a
prominent area of change, with areas of reduced cortical thinning including the anterior cingulate
cortex (ACC), dorsolateral prefrontal cortex, middle temporal gyrus, posterior cingulate cortex,
supramarginal gyrus, inferior temporal gyrus, superior frontal gyrus, superior temporal gyrus,
pars triangularis, superior parietal gyrus, fusiform gyrus, parahippocampal gyrus, and inferior
parietal gyrus (Fujishima et al., 2014; Lebedeva et al., 2015; Li et al., 2011; Lim et al., 2012;
Mackin et al., 2013; Wang et al., 2009). However, it should also be noted that cortical thinning
has also been observed in normal aging (Fjell et al., 2014; Shaw et al., 2016). Additional metrics
of change have included hippocampal volume loss (Pennanen et al., 2004; Sexton et al., 2013),
and greater white matter lesion burden (Firbank et al., 2004; Fujishima et al., 2014; Prasad et al.,
2011; Wu et al., 2011). However, there have been some inconsistencies reported in both cortical
thickness and WMH findings in LLD (Köhler et al., 2010; Mak et al., 2016).
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Both MCI and Dep-MCI have been associated with increased risk of progression to
dementia, with some evidence that individuals with Dep-MCI may have higher relative risk. As
such, there may be differences in neuroanatomical changes between these two groups. In fact,
differences in cortical thickness and WMHs have been found between individuals with only MCI
and individuals with comorbid Dep-MCI. For example, Fujishima et al. (2014) found that DepMCI participants had reduced cortical thickness in the temporal pole, left parahippocampal
gyrus, left uncus, and bilateral gyrus adjacent to the amygdala as compared to MCI participants.
Further, Dep-MCI participants had greater WMH volume than MCI participants (Fujishima et
al., 2014). Chung et al. (2016) found that over a two-year period, Dep-MCI patients who
converted to dementia not only had earlier rates of conversion, but also had greater left
hippocampal volume loss than depression converters and Dep-MCI non-converters. Xie et al.
(2012) found that the interaction of depression and MCI was related to gray matter volume loss
in bilateral dorsomedial prefrontal cortex, dorsal ACC, ventromedial prefrontal cortex, and
cuneus; left lentiform nucleus and superior frontal gyrus; and right lingual gyrus,
amygdala/hippocampus, and postcentral gyrus. These areas only overlapped to some degree with
gray matter volume loss typically associated in either participants with depression or participants
with MCI, indicating that comorbid Dep-MCI may result in unique structural changes in the
brain (Xie et al., 2012). If cognitive and brain changes in Dep-MCI differ from those in MCI,
this may suggest that the etiology varies between these disorders and could lead to alternative
treatment or prevention approaches. Alternatively, if there are similar patterns of changes but
with differing degrees of intensity, this may suggest that the two groups lay along the same
disease process continuum.
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A major limitation of many of these studies relates to the operationalization of
depression. Some studies defined depression by a singular self-report measure (Brunet et al.,
2011; Chung et al., 2016; Fujishima et al., 2014; Johnson et al., 2013; Lee et al., 2012), which
may result in inclusion of individuals in the study who would not meet full diagnostic criteria for
major depressive disorder as determined by a clinician or structured clinical interview, or
allowed for subclinical depressive symptoms (Hudon et al., 2008). Such differing
operationalizations may explain some of the conflicting results. An additional limitation is the
small sample sizes common across these studies (Brunet et al., 2011; Hudon et al., 2008). Thus, a
more comprehensive assessment is warranted to evaluate for potential differences between DepMCI and MCI groups.
Current Study
Few studies have examined differences between MCI and Dep-MCI, as it is rare for
research to include both diagnoses of depression and cognitive impairment. The current study
sought to address these limitations by investigating Dep-MCI and MCI on both neuroanatomical
and cognitive measures. Specifically, we hypothesized that: (1) reduced cortical thickness and
hippocampal volume will be associated with greater odds of being classified with Dep-MCI than
MCI; (2) greater white matter lesion burden will be associated with greater odds of being
classified with Dep-MCI than MCI; and (3) poorer performance on cognitive measures will be
associated with greater odds of being classified with Dep-MCI than MCI.
Method
Procedure and Participants
The current study utilizes data from two separate research trials. One trial was the
Cognitive Training and Neuroplasticity in Mild Cognitive Impairment (COG-IT) study, which
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was designed to evaluate the effects of computerized cognitive training as compared to
computerized crossword puzzles in MCI; the method is described in detail elsewhere (D’Antonio
et al., 2019). Thus, the COG-IT study involved participants with MCI only. The second trial was
the Donepezil Treatment of Older Adults with Cognitive Impairment and Depression
(DOTCODE) study, which evaluated the effects of donepezil versus placebo in participants with
Dep-MCI who were receiving stable antidepressant treatment; the method is described in detail
elsewhere (Devanand et al., 2018; Pelton et al., 2015). Thus, the DOTCODE study involved
participants with Dep-MCI. Both studies were conducted at two sites: the New York State
Psychiatric Institute/Columbia University Medical Center (NYSPI) in New York, NY, and Duke
University in Durham, NC. All study procedures were approved by the respective institutional
review boards. Data from the screening/baseline visits was used in the current study, including a
brain MRI scan and a comprehensive neuropsychological assessment. Additional information
collected by study psychiatrists/psychologists and trained research assistants at the screening
visits included informed consent and demographic information.
Participants were recruited from the current patient caseload of the investigators (with
specialties in geriatrics and psychiatry), referral by affiliated neurology, psychiatry, primary care,
public health, and geriatric medical clinics, and community advertisement. For COG-IT, MCI
was defined as a Wechsler Memory Scale-III (WMS-III) Logical Memory (Wechsler, 1997b)
delayed recall raw score 0-11. For DOTCODE, MCI was defined as a raw score of 0-11 on the
Wechsler Memory Scale – Revised (WMS-R) Logical Memory (Wechsler, 1981) subtest delayed
recall or a score of ≥ 1.5 SD below norms on the Free and Cued Selective Reminding Test
immediate or delayed recall (Grober & Buschke, 1987).
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For COG-IT, inclusion criteria were: ages 55-95 years, subjective cognitive concerns
(assessed through participant report), WMS-III Logical Memory delayed recall raw score 0-11,
Folstein Mini Mental State Examination (MMSE) score ≥ 23 (Folstein et al., 1975), availability
of an informant, and access to a home computer with internet connection. For COG-IT,
exclusion criteria were: history of major psychiatric or neurological illness (including major
depression), dementia diagnosis, contraindication to MRI scan, lack of English-speaking ability,
use of medication rated as likely cause of cognitive impairment, acute medical illness, and
regular online brain training or regular crossword puzzle use (defined as doing these procedures
at a frequency of twice weekly or greater during the year prior to screening).
For DOTCODE, inclusion criteria were: ages 55-95 years, diagnosis of major depression
or dysthymic disorder, minimum score of 14 on the 24-item Hamilton Depression Rating Scale
(Carrozzino et al., 2020), subjective cognitive complaints (assessed through participant report),
raw score of 0-11 on the WMS-R Logical Memory subtest delayed recall or a score of ≥ 1.5 SD
below norms on the Free and Cued Selective Reminding Test immediate or delayed recall,
MMSE ≥ 21, Clinical Dementia Rating of 0.5, and willing and capable of giving informed
consent. For DOTCODE, exclusion criteria were: other major pre-existing psychiatric and
neurological disorders, dementia diagnosis, acute medical illness, active suicidal ideation or
suicide attempt, use of medication rated as likely cause of cognitive impairment, uncontrolled
hypertension, contraindication to MRI scan, current use of effective antidepressants, and EKG
QTc interval > 460ms.
All participants had adequate vision and hearing, though some participants utilized
corrective devices. Both studies administered questions regarding participants’ history and
current problems for heart, vascular, and endocrine/metabolic and breast systems (described
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below). However, neither research trial collected information regarding factors that may place
individuals at greater risk for cerebrovascular disease, such as medical conditions (e.g.,
hypertension, diabetes mellitus, dyslipidemia) or activities (e.g., smoking).
In the COG-IT study (MCI participants), 109 participants signed informed consent and
two individuals were excluded because they did not complete any training sessions, bringing the
final analytic sample size to 107. After imaging quality control checks, final analytic sample size
was 97 for cortical thickness and hippocampus volumes and 104 for white matter lesion burden
variables. In the DOTCODE study (Dep-MCI participants), of the 81 participants who signed
informed consent, 55 completed brain MRI scans.
Measures
The neuropsychological batteries from both research trials were comprised of measures
selected to assess areas of cognitive functioning that pertain to aging, cognitive impairment, and
major depression, including attention/processing speed, executive function, language, and
memory. Measures were selected for the current study when the same version of a test was used
in both research trials or when there were tests evaluating the same concept (e.g., verbal list
learning/memory, visual learning/memory). As such, measures from COG-IT were: WAIS-III
Digit Symbol Test (DST; Wechsler, 1997a), Trail Making Test (Reitan & Wolfson, 1985),
Controlled Word Association Test (Benton & Hamsher, 1976), Rey Auditory Verbal Learning
Test (RAVLT; Lezak, 1983), and WMS-III Visual Reproduction (VR; Wechsler, 1997b).
Measures from DOTCODE were: WAIS-III DST (Wechsler, 1997a), Trail Making Test (Reitan
& Wolfson, 1985), Controlled Word Association Test (Benton & Hamsher, 1976), Selective
Reminding Test (SRT; Buschke & Fuld, 1974), and WMS-R Visual Reproduction (VR;
Wechsler, 1987). Neuropsychological batteries were administered by trained research assistants.
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To assess attention/processing speed, Trail Making Test – Trails A (Reitan & Wolfson,
1985) and WAIS-III DST (Wechsler, 1997a) were used. Trails A was measured through time to
completion in seconds. Reliability coefficients have varied for Trails A (Strauss et al., 2006), but
it has been commonly used in research with older adults (Ciafone et al., 2021; Culang-Reinlieb,
et al., 2012; Hafiz et al., 2022). The WAIS-III DST was measured through number of items
correct in 120 seconds. The WAIS-III DST has been shown to have high reliability and validity
(Wechsler, 1997a) and has been used in research with older adults (Ciafone et al., 2021;
Steenland et al., 2012).
To assess cognitive flexibility and set-shifting (i.e., executive functioning), the Trail
Making Test – Trails B (Reitan & Wolfson, 1985) was used. Trails B was measured through time
to completion in seconds. This test has shown overall adequate reliability (Strauss et al., 2006)
and has been frequently utilized in studies with older adults (Ciafone et al., 2021; CulangReinlieb, et al., 2012; Hafiz et al., 2022).
To evaluate verbal fluency, the Controlled Word Association Test (letters CFL and
category Animals) was administered (Benton & Hamsher, 1976), which has shown sufficient
reliability (Strauss et al., 2006) and has been used in research with older adults (Manning et al.,
2020; McDonnell et al., 2020; Mueller et al., 2015). For letter fluency, the score was the sum of
correct items generated across the three trials; for category fluency, the score was the total
number of correct items generated on one trial.
In the COG-IT trial, verbal list learning and memory were evaluated using the RAVLT
(Lezak, 1983). The RAVLT had five learning trials for a list of 15 words, a second list of 15
words for interference, a short delay free recall, and a long delay with free recall and recognition
trials. Performance on this measure has been shown to be a predictor of conversion from MCI to
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AD (Varon et al., 2015) and the RAVLT has been frequently been used in research with older
adults (Klekociuk & Summers, 2014; Lauriola et al., 2018). In the DOTCODE trial, the SRT was
used to measure verbal list learning and memory (Buschke & Fuld, 1974). The SRT had six
learning trials of 12 words and a long delay recall. The SRT was examined through test-retest
procedures to have good reliability (Ruff et al., 1989), has been shown to predict conversion to
AD (Tabert et al., 2006), and has been used in research with older adults (Pomara et al., 2012). In
order to compare verbal learning and memory scores across studies, scores from the sum of the
learning trials and the total long delay free recall for these measures were transformed into zscores based on study-specific means and standard deviations.
Non-verbal learning and memory were assessed by the WMS-III Visual Reproduction in
COG-IT and the WMS-R Visual Reproduction in DOTCODE. Visual Reproduction has been
shown to have sufficient reliability and validity (Wechsler, 1987; Wechsler, 1997b) and has been
used in research with older adults (Gallassi et al., 2006; Niccolai et al., 2017). In order to
compare non-verbal learning and memory between studies, scores from the learning and delayed
recall for these measures were transformed into z-scores based on study-specific means and
standard deviations.
Neuroanatomical Variables
In the COG-IT study, MRI scans were completed at the screening visit and in the
DOTCODE study, MRI scans were completed at the baseline visit. In COG-IT, brain MRIs were
acquired on four different scanners: three at NYSPI due to system updates and one at Duke
University. At NYSPI, the three scanners were: (1) NYSPI GE MR 750 scanner with 8-channel
coil, (2) NYSPI MBBI Siemens Prisma scanner with 64-channel coil, and (3) Weill Cornell GE
MR 750 scanner with 8-channel coil. At Duke University, images were acquired on a GE MR
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750 scanner with 8-channel coil. For the DOTCODE study, images were acquired on a GE Signa
3 Tesla scanner, using an identical model at both study sites. The MRI scans for both studies
include the following sequences: localizer, high-resolution T1-weighted inversion recovery
prepped 3D spoiled gradient recalled (SPGR), and T2 fluid attenuated inversion recovery
(FLAIR) images; see Table 1 for specific MRI parameters.
Cortical thickness and hippocampal volume were extracted via the FreeSurfer version 6.0
pipeline. FreeSurfer is an automated brain segmentation program that measures cortical thickness
through boundaries between white matter, cortical gray matter, and pial surface, as well as
subcortical region volumes, and can be downloaded for free (http://surfer.nmf.mgh.harvard.edu).
Through FreeSurfer, T1-weighted structural images were corrected for motion errors and run
through non-uniform intensity normalization (Reuter et al., 2010); non-brain tissue was removed
through a watershed/surface deformation procedure (Segonne et al., 2004). An affine
transformation matched the original volumes to Talairach coordinate space and the MNI305 atlas
and then subcortical white matter and deep gray matter volumetric structures were segmented
(Fischl et al., 2002; Fischl et al., 2004). Next, the images went through intensity normalization
(Sled et al., 1998), tessellation of the gray matter and white matter boundary, automated topology
adjustments (Fischl et al., 2001; Segonne et al., 2004), and surface deformation (Dale et al.,
1999). Subsequent procedures included surface inflation, registration to a spherical atlas (Fischl
et al., 1999), and parcellation into gyral and sulcal structures (Desiken et al., 2006). Intensity and
continuity information from the entire three-dimensional MRI scans produced representations of
cortical thickness, which were measured as the closest distance from the gray/white boundary to
the gray/CSF boundary at each vertex on the tessellated surface (Fischl & Dale, 2000). These
procedures have shown good test-retest reliability (Han et al., 2006; Reuter et al., 2012). Visual
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quality control was modeled after the methods used in the Alzheimer Disease Neuroimaging
Initiative (Jack et al., 2008) and was completed by two independent reviewers.
WMH volume was measured with a semi-automatic quantitative method through the
program MRIcro (Rorden & Brett, 2000). In this method, a global intensity filter was first
applied to the T2 FLAIR image, in order to allow hyperintense regions to be differentiated from
non-hyperintense surrounding tissues. A rater then manually traced the outline of suspected
hyperintensities in the periventricular, deep white, and subcortical gray regions, separately for
each slice in the volume, in order to distinguish hyperintensities from normal white voxels such
as the skull and choroid plexus. Areas of mutual overlap between the intensity filter and the
tracings for each region, and total regions together, were extracted. Thus, this method was used
to quantify the volume of WMHs in the regions used in the Fazekas-modified Coffey Rating
Scale (Fazekas et al., 1987). Our group has published extensively using these methods (Motter et
al., 2018; Pimontel et al., 2013) and ratings were conducted by a trained research assistant who
achieved high interrater reliability (ICC = .98) with expert raters.
Statistical Analyses
Study-specific alpha was set at .05, unless otherwise specified. All analyses were carried
out using the IBM SPSS Statistics version 28 software. General linear model assumptions were
tested (e.g., normality, linearity) and variables that did not meet assumptions were transformed
(i.e., log transformations). Independent t-tests, chi-squares, and Mann-Whitney U tests were used
to evaluate continuous, categorical, and ordinal demographic characteristics. To evaluate study
hypotheses, logistic regressions were conducted with each anatomical or cognitive measure as
independent variables and participant group as the dependent variable.
Results

116

Tables 2 and 3 present demographic characteristics of the total sample, the separate
studies (i.e., COG-IT/MCI and DOTCODE/Dep-MCI), and groupings based on availability of
MRI data. Of the 188 total participants, 54.3% (n = 102) were female, the mean age was 70.1
years (SD = 8.9), and the mean years of education was 16.1 years (SD = 3.1). Of the 152
participants with MRI scans, 53.3% (n = 81) were female, the average age was 69.7 years (SD =
8.7), and the average years of education was 16.2 years (SD = 3.2). Of the 107 MCI participants,
57.9% (n = 62) were female, the mean age was 71.2 years (SD = 8.8, range = 55 – 89), and the
mean years of education was 16.7 years (SD = 3.1, range = 8 – 26). Of the 81 Dep-MCI
participants, 49.4% (n = 40) were female, the mean age was 68.7 (SD = 8.9, range = 56 – 88),
and the mean years of education was 15.3 (SD = 2.8, range = 5 – 24). MCI participants (M =
16.7, SD = 3.1) had significantly greater years of education than Dep-MCI participants (M =
15.3, SD = 2.8; t(186) = 3.17, p < .001). This difference remained significant when evaluating
only participants who had MRI scans (t(150) = 2.26, p = .025; MCI M = 16.6, SD = 3.2; DepMCI M = 15.4, SD = 3.0). There were no significant differences in age or proportion of sex
between MCI and Dep-MCI in the total sample and in the reduced sample with MRI scans.
There were no significant differences in demographics between participants who had MRIs and
those who did not have MRIs. Although the MMSE inclusion criteria cutoff was slightly lower
for the DOTCODE than the COG-IT study, the MMSE in the COG-IT (i.e., MCI) study (M =
26.97, SD = 1.64) was significantly lower than the MMSE in the DOTCODE (i.e., Dep-MCI)
study (M = 27.89, SD = 1.96; t(184) = -3.46, p < .001; Cohen’s d = 0.51). In the COG-IT trial
race and ethnicity were separated into two conditions whereas in the DOTCODE trial race and
ethnicity were combined into one group, and thus race and ethnicity were unable to be compared
between the studies.

117

Participants in both research trials were asked to identify on a Likert scale whether they
had a history of or current problems related to heart, vascular, or endocrine/metabolic and breast
systems. The Likert scale response options were: 0 “no problem,” 1 “current mild problem or
past significant problem,” 2 “moderate disability or morbidity,” 3 “severe/constant significant
disability,” and 4 “extremely severe.” Such responses may serve as evidence for cerebrovascular
risk factors, though details were not garnered from the participants to explain their answers. See
Table 4 for participant responses for each research trial. Significantly more Dep-MCI
participants reported having heart problems than MCI participants, U = 5372.00, p < .001.
Significantly more MCI participants reported having vascular problems than Dep-MCI
participants, U = 3123.00, p < .001. There was no significant difference in report of
metabolic/endrocrine and breast problems between Dep-MCI and MCI participants.
Cortical Thickness and Hippocampal Volume
To examine the relationship between participant group (MCI vs. Dep-MCI) and cortical
thickness and hippocampus volume, multiple logistic regressions were conducted (Table 5).
Cortical thickness regions of interest (ROIs) were chosen a priori using the Desikan-Killiany
atlas (Desikan et al., 2006; see Figure 1), based on published studies identifying regions that are
affected in Dep-MCI as well as areas affected in both LLD and MCI groups. The selected ROIs
were entorhinal cortex, parahippocampal gyrus, temporal pole, superior temporal gyrus, middle
temporal gyrus, inferior temporal gyrus, fusiform gyrus, superior parietal gyrus, inferior parietal
gyrus, supramarginal gyrus, superior frontal gyrus, caudal middle frontal gyrus, rostral middle
frontal gyrus, pars triangularis, postcentral gyrus, posterior cingulate cortex, cuneus, and lingual
gyrus. In order to correct for multiple comparisons, the alpha level was adjusted using
Bonferroni correction (Bonferroni-corrected ɑ = .05/39 = .0013). Education, age, and site effects
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were included as covariates in the models. Since cortical thickness maps were aligned to the
common surface template, intracranial volume (ICV) was not included as a covariate. After
adjustment for education, age, and site, greater cortical thickness was significantly associated
with greater odds of being classified with Dep-MCI for bilateral middle temporal gyrus, inferior
temporal gyrus, and superior frontal gyrus, left hemisphere (LH) posterior cingulate cortex, and
right hemisphere (RH) caudal middle frontal gyrus and rostral middle frontal gyrus. After
adjustment for education, age, and site, greater cortical thickness was significantly associated
with greater odds of being classified with MCI for bilateral cuneus and LH lingual gyrus.
To evaluate hippocampal volume, education, age, site, and ICV were entered as
covariates in the models. When education, age, site, and ICV were entered together, education
and ICV were significantly associated with groups across models, but site and age were not
(likely owing to the inclusion of ICV as a covariate), thus age and site were removed from the
final models. After adjustment for education and ICV, there was no significant differences
between MCI and Dep-MCI for left and right hippocampal volumes (p = .04 and p = .021,
respectively). For MCI participants, mean left hippocampal volume was 3568.93 mm3 (SD =
510.16) and mean right hippocampal volume was 3675.36 mm3 (SD = 480.83). For Dep-MCI
participants, mean left hippocampal volume was 3859.03 mm3 (SD = 468.92) and mean right
hippocampal volume was 3981.45 mm3 (SD = 551.33).
White Matter Lesion Burden
To examine the relationship between participant group (MCI vs. Dep-MCI) and white
matter lesion burden, multiple logistic regressions were conducted (Table 6). White matter lesion
burden was evaluated as total WMH volume, PVH volume, DWM volume, and SCG volume.
Due to violation of assumptions (e.g., normality, linearity), these variables were log transformed.
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Education, age, site, and ICV were entered as covariates in the models and when entered
together, education, age, and ICV were significantly associated with groups across models, but
site was not. Thus, site was removed from the final model. After adjustment for education, age,
and ICV, greater total WMH volume, PVH volume, and DWM volume were associated with
greater odds of being classified with Dep-MCI.
For MCI participants, mean total WMH volume was 6.39 cm3 (SD = 12.37, range = 0.1 –
69.7), mean PVH volume was 5.79 cm3 (SD = 11.79, range = 0.1 – 69.3), mean DWM volume
was 0.52 cm3 (SD = 1.25, range = 0 – 10.9), and mean SCG volume was 0.07 cm3 (SD = 0.26,
range = 0 = 1.7). For Dep-MCI participants, mean total WMH volume was 34.14 cm3 (SD =
54.58, range = 0.6 – 229.4), mean PVH volume was 28.50 cm3 (SD = 45.03, range = 0.6 =
174.2), mean DWM volume was 5.60 cm3 (SD = 11.72, range = 0 – 55.2), and mean SCG
volume was 0.04 cm3 (SD = 0.27, range = 0 – 2.0).
Cognitive Measures
To examine the relationship between participant group (MCI vs. Dep-MCI) and cognitive
measures, multiple logistic regressions were conducted. Education, age, and site effects were
included as covariates in the models and when entered together, education and age were
significantly associated with groups across models, but site was not and therefore was removed
from the final models. To correct for multiple comparisons with an ɑ = .006 (Bonferronicorrected ɑ = .05/9 = .006), after adjustment for education and age, there was no significant
difference between MCI and Dep-MCI for any cognitive measures. However, when using ɑ =
.05, higher scores on category fluency were associated with greater odds of being classified with
Dep-MCI (p = .025).
Discussion
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The current study investigated the relationship between participant group (MCI and DepMCI) and neuroanatomical and cognitive measures. The first study hypothesis was that reduced
cortical thickness and hippocampal volume would be associated with greater odds of being
classified with Dep-MCI than MCI. The first part of this hypothesis was partially supported, as
reduced cortical thickness in bilateral cuneus and LH lingual gyrus (i.e., occipital areas) was
associated with greater odds of being in the Dep-MCI group. In contrast, greater cortical
thickness in frontal, temporal, and parietal areas was associated with greater odds of being in the
Dep-MCI group. This is largely counter to cortical thickness findings in these regions in prior
studies (Fujishima et al., 2014; Xie et al., 2012). However, the occipital cortical thickness
findings observed in this study did align with findings from Xie et al. (2012). These findings
suggest there may be unique structural changes in the brain due to comorbid Dep-MCI, with
region-specific variability in cortical thickness.
Regarding the specific cortical thickness ROIs that were shown to be significantly
different between groups, there are various possibilities for why these areas were significant.
One possible reason the cuneus was found to be significant is because the cuneus has
connections to the precuneus, which is an area involved in the Default Mode Network (DMN;
Raichle, 2015). Additionally, the posterior cingulate cortex has been implicated as part of the
DMN. Thus, the involvement of multiple areas that may be associated with the DMN may
suggest differences in DMN functioning between the MCI and Dep-MCI groups. The DMN has
been associated with emotional processing, self-referential mental activity, and memory. The
DMN has also been associated with cognitive deficits in individuals with LOD (Liu et al., 2018).
However, a systematic review and meta-analysis of the DMN in MCI (Eyler et al., 2019) found
variable and inconsistent results in resting DMN function/connectivity across studies. Several
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areas may be relevant due to their connections to a potential language network, including the
middle temporal gyrus (Schoffelen et al., 2017) and inferior temporal gyrus (Trimmel et al.,
2018). Language networks are important to consider in individuals with amnestic MCI, as
semantic information is known to be altered in AD processes (Mårdh et al., 2013). The lingual
gyrus has been implicated in cognitive decline in individuals with AD and in individuals with
Parkinson’s disease (Pagonabarraga et al., 2013). Perhaps such a result suggests that the DepMCI group has greater evidence of risk of cognitive decline. Evidence for the involvement of
superior and middle frontal gyri in depression has emerged from research on the limbic-frontal
brain network. Marano et al. (2015) found that in individuals with LLD, higher gray matter
volumes in the superior and middle frontal gyrus were associated with greater mood
improvement after a 12-week trial of citalopram. Interestingly, there was no consistent pattern of
hemispheric asymmetry in the cortical thickness ROI results, which may suggest more
widespread networks being involved across hemispheres. Functional MRI would be a useful
adjunct to explore why these cortical regions were found to be different between groups.
Due to the dearth of research in Dep-MCI where operationalization of depression reflects
a clinical diagnosis of a depressive disorder, it is possible that information from LLD may
elucidate some of the findings, as some studies of LLD have found either no relationship
between LLD and cortical thickness or an increase in cortical thickness related to LLD. It is also
possible that there are additional factors that were not accounted for that may influence cortical
thickness, such as age of onset of depression. Some researchers have argued that late-onset
depression (i.e., first depressive episode in later life, typically after age 50) is a prodrome of
cognitive decline, and therefore cognitive abilities will persist with remission of depression in
this group (Ballmaier et al., 2008; Panza et al., 2010). These researchers have posited that the
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underlying neuropathological condition that causes MCI or dementia also causes depressive
symptoms in older adults. As the DOTCODE study did not assess age of onset of depression,
perhaps the sample included more individuals with early-onset depression rather than late-onset
depression. An additional area of concern was the MRI parameters, which did differ slightly
between studies. However, this did not seem to affect cortical thickness analyses as not all
regions were significant, some were associated with Dep-MCI, and others were associated with
MCI. If the parameters did affect the results, it is unlikely that the relationships would occur in
multiple directions.
The second part of the first hypothesis was not supported; hippocampal volume was not
differentially associated with group classification. Given the sample was selected based on
cognitive impairment in the form of amnestic memory performance, it is possible the range of
baseline hippocampal volumes was restricted to individuals with atrophy of the hippocampus
already occurring, which thus may limit our ability to make predictions regarding hippocampal
volume. Another possibility is that the current study may have a larger proportion of Dep-MCI
participants who will not convert to dementia, again masking hippocampal effects, as Chung et
al. (2016) found that Dep-MCI patients who converted to dementia had greater left hippocampal
volume loss than depression converters and Dep-MCI non-converters. Alternatively, it is
possible that hippocampal volume simply was not different between groups.
The second study hypothesis was that greater white matter lesion burden would be
associated with greater odds of being classified as Dep-MCI than MCI. Consistent with
expectations, total WMH volume, PVH volume, and DWM volume were associated with greater
odds of being in the Dep-MCI group. This confirms the findings of Fujishima et al. (2014)
related to WMHs, suggesting that WMH severity is a unique structural change more attributable
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to Dep-MCI than MCI. As such, WMHs may be a more sensitive indicator of Dep-MCI than
either cortical thickness or hippocampal volume. However, it is important to note that
information was not collected regarding factors that may contribute to increased WMHs, such as
certain medical conditions. The only information that was provided was participant report
regarding history/current problems in heart, vascular, and endocrine/metabolic and breast
systems. Dep-MCI participants endorsed greater heart problems while MCI participants endorsed
greater vascular problems. Given that there was no additional information provided regarding
reasons for these endorsements, we were unable to determine how such problems may have
impacted group differences, and thus, the observed results.
The final study hypothesis was that poorer performance on cognitive measures would be
associated with greater odds of being classified with Dep-MCI than MCI. This was not supported
as cognitive functioning was not differentially associated with participant group. It is possible
that participant selection criteria may have affected these results, as individuals in both studies
were required to have both subjective cognitive concerns and objective memory deficits. Given
the inclusion criteria of poor performance on a verbal memory task, it is not surprising that the
two groups did not differ on other tasks of memory. However, it is surprising that none of the
non-memory variables were significant as there were significant corresponding neuroanatomical
findings. It is possible that the sample size did not provide adequate power to detect small
effects. Furthermore, while there has been some evidence of differences in cognition between
Dep-MCI and MCI, there has also been evidence of no cognitive differences; thus, there is no
consistent evidence of specific cognitive differences between these two participant groups.
Furthermore, the differences in inclusion criteria for defining MCI between the COG-IT
and DOTCODE trials may also have contributed to study findings. Although both COG-IT and
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DOTCODE utilized delayed recall for a story for study inclusion, DOTCODE also allowed for
definition of MCI by scores on immediate or delayed recall for a word list that is accompanied
by visual presentation. Although both of these measures include verbal memory, it is possible
that this led to differing MCI samples between the trials. The DOTCODE inclusion criteria
allows for amnestic MCI to be defined by problems with either encoding or retrieval, which are
different cognitive processes that are associated with different functional and structural changes
in MCI (Han et al., 2021). Furthermore, word list recall scores have showed generally higher
diagnostic accuracy as compared to story recall scores in MCI and AD (Weissberger et al.,
2017).
There are several limitations to consider, including limits to generalizability due to high
levels of education and no inclusion of race and ethnicity information. Given the differing
operationalization of race and ethnicity in the two studies, these demographic characteristics
were unable to be evaluated in the present study. As race/ethnicity has been shown to be
important in prevalence of MCI and dementia (Wright et al., 2021), it is crucial to include such
variables when evaluating MCI as well as ensure that recruitment of more diverse samples is a
priority for research trials. Furthermore, comparisons to control groups such as a healthy older
adult group or a LLD group without cognitive impairment would help to clarify study results.
Another limitation as stated above was the lack of information regarding factors that may lead to
WMHs, such as certain medical conditions (e.g., hypertension, diabetes mellitus, cardiovascular
disease, dyslipidemia, metabolic syndromes) and activities such as smoking (see Grueter &
Schulz, 2012 and Prins & Scheltens, 2015 for reviews). Such factors may contribute to the WMH
results.
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In conclusion, Dep-MCI was associated with greater WMH volume, reduced cortical
thickness in areas of the occipital lobe, and greater cortical thickness in areas of the frontal,
parietal, and temporal lobes as compared to MCI. Hippocampal volume and cognitive
functioning did not differ between Dep-MCI and MCI. Thus, there was some evidence of
neuroanatomical differences between these two conditions, which may suggest that etiological
processes contributing to disease may differ between Dep-MCI and MCI participants.
Longitudinal data will be crucial to assess for how such factors contribute to risk of conversion
to dementia. Longitudinal data would also allow for investigation into cognitive functioning over
time, which would allow for examination of any cognitive fluctuations over time. Evaluating
such longitudinal cognitive data would further allow for consideration of how much variance of
any cognitive fluctuations is due to MCI or depression. Exploring differences in functional MRI
would also be helpful to investigate whether there are any differences in brain networks between
the groups.
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Table 1
MRI Scan Parameters
Sequence

TR/TE/TI (ms)

Flip
Angle

Scout
3D SPGR
T2 FLAIR

5.0/1.4
6.0/min/400
11000/147/2250

30°
11°
90°

Scout
3D SPGR
T2 FLAIR

23.4/1.7
5.0/min/500
10000/122/2000

30°
11°
90°

Matrix
COG-IT
256x128
256x256
256x256
DOTCODE
256x128
256x256
320x256

Slice
Thickness
(mm)

Slices

5/5
1.1/0
5/0

15
200
42

5.0/1.5
1.1/0
5/0

9
128
31

Table 2
Baseline Demographic Characteristics of the Sample
Demographic
Total Sample (n=188)
Variable
Age
70.1 (8.9)
Education
16.1 (3.1)
Sex
Male
86 (45.7%)
Female
102 (54.3%)
Site
NYSPI
96 (51.1%)
Duke University
92 (48.9%)
Note. All values expressed as mean (SD) or n (%).
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MCI (n=107)

Dep-MCI (n=81)

71.2 (8.8)
16.7 (3.1)

68.7 (8.9)
15.3 (2.8)

45 (42.1%)
62 (57.9%)

41 (50.6%)
40 (49.4%)

55 (51.4%)
52 (48.6%)

41 (50.6%)
40 (49.4%)

Table 3
Baseline Demographics for MRI Groupings of Participants in the Sample
Demographic
MRIs
No MRIs
Variable
(n=152)
(n=36)
Age
69.7 (8.7)
71.9 (9.9)
Education
16.2 (3.2)
15.7 (2.5)
Sex
Male
71 (46.7%)
15 (41.7%)
Female
81 (53.3%)
21 (58.3%)
Site
NYSPI
80 (52.6%)
16 (44.4%)
Duke University
72 (47.4)
20 (55.6%)
Note. All values expressed as mean (SD) or n (%).
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MCI MRIs
(n=97)
70.4 (8.7)
16.6 (3.2)

Dep-CI MRIs
(n=55)
68.4 (8.5)
15.4 (3.0)

40 (41.2%)
57 (58.8%)

31 (56.4%)
24 (43.6%)

52 (53.6%)
45 (46.4%)

28 (50.9%)
27 (49.1%)

Table 4
Participant Responses Regarding Problems Related to Specific Health Systems, Organized by
Research Trial
Research
Trial and
Health System
COG-IT
Heart Problems
COG-IT
Vascular
Problems
COG-IT
Metabolic/
Endocrine
and Breast
Problems
DOTCODE
Heart
Problems
DOTCODE
Vascular
Problems
DOTCODE
Metabolic/
Endocrine
and Breast
Problems

No Problem

Current Mild
Problem or
Past Significant
Problem

Moderate
Disability or
Morbidity

Severe/Constant
Significant
Disability

Extremely
Severe

n=80 (74.8%)

n=10 (9.3%)

n=16 (15.0%)

n=1 (0.9%)

n=0 (0%)

n=41 (38.3%)

n=11 (10.3%)

n=54 (50.5%)

n=0 (0%)

n=1 (0.9%)

n=67 (62.6%)

n=5 (4.7%)

n=35 (32.7%)

n=0 (0%)

n=0 (0%)

n=42 (51.9%)

n=10 (12.3%)

n=29 (35.8%)

n=0 (0%)

n=0 (0%)

n=51 (63.0%)

n=9 (11.1%)

n=21 (25.9%)

n=0 (0%)

n=0 (0%)

n=45 (55.6%)

n=7 (8.6%)

n=29 (35.8%)

n=0 (0%)

n=0 (0%)
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Table 5
Significant Logistic Regression Models for Cortical Thickness
B
4.55

SE (B)
1.26

Wald
13.00

p
<.001

Exp(B)
94.56

95% CI
7.98 – 1121.01

LH middle
temporal
LH posterior
7.03
1.52
21.37 <.001 1130.44
57.38 – 22271.50
cingulate
LH inferior
9.82
1.80
29.88 <.001 18335.67 542.83 – 619344.75
temporal
LH superior frontal
4.40
1.36
10.44
.001
81.24
5.64 – 1169.97
LH cuneus
-4.62
1.33
12.11 <.001
0.01
0.001 - 0.133
LH lingual
-8.29
1.65
25.27 <.001
0.00
0.00 - 0.01
RH middle
5.91
1.36
18.81 <.001
370.25
25.58 – 5359.19
temporal
RH inferior
6.88
1.37
25.17 <.001
974.54
66.26 – 14332.70
temporal
RH superior frontal
6.44
1.59
16.32 <.001
626.31
27.54 – 14243.07
RH caudal middle
5.53
1.524
13.16 <.001
251.83
12.69 – 4996.07
frontal
RH rostral middle
7.02
1.84
14.63 <.001 1117.05
30.64 – 40722.68
frontal
RH cuneus
-4.98
1.32
14.15 <.001
0.007
0.001 – 0.09
Note. Logistic regression models assessing MCI (reference group) and Dep-MCI participants for
cortical thickness. Adjusted for parameter plus education, age, and site as covariates, with study
group as dependent variable. B = unstandardized regression weight. SE = standard error. Exp(B)
= exponential of the beta (i.e., odds ratio). CI = confidence interval. LH = left hemisphere. RH =
right hemisphere.
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Table 6
Significant Logistic Regression Models for White Matter Lesion Burden
B
SE (B) Wald
p
Exp(B)
95% CI
Log Total WMH
2.28
0.45
25.56 <.001
9.77
7.98 – 1121.01
Log PVH
2.30
0.45
25.79 <.001
9.97
4.10 – 24.20
Log DWMH
4.01
1.06
14.41 <.001
55.09
6.95 – 436.53
Note. Logistic regression models assessing MCI (reference group) and Dep-MCI participants for
white matter lesion burden. Adjusted for parameter plus education, age, and intracranial volume
as covariates, with study group as dependent variable. B = unstandardized regression weight. SE
= standard error. Exp(B) = exponential of the beta (i.e., odds ratio). CI = confidence interval.
WMH = white matter hyperintensity. PVH = periventricular hyperintensity. DWMH = deep
white matter hyperintensity.
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Figure 1
Regions in the Desikan-Killiany Cortical Labelling Protocol

Note. From Desikan et al. (2006).
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CHAPTER SIX
General Discussion
Taken together, these three studies highlight the importance of evaluating multiple brain
morphometrics in conjunction with under-studied, but important, characteristics involved in
MCI. The current findings suggest that cortical thickness, hippocampal volume, white matter
lesion burden, and cognitive functioning have differential implications in under-studied aspects
of MCI such as functional skills, expectancy beliefs, and comorbid Dep-MCI. The current
findings contribute to the limited literature within these areas and provide significant
implications for researchers and clinicians.
Cortical Thickness
In evaluating cortical thickness, ROIs were selected a priori based on published studies
identifying regions where cortical thickness is most affected in MCI for the MCI-only studies
and in Dep-MCI, MCI, and LLD for the study comparing MCI and Dep-MCI. The three studies
showed variable results related to cortical thickness.
In the first study, better performance on the UPSA-3, a performance-based functional
skills measure, was significantly associated with greater cortical thickness in LH middle
temporal gyrus, LH fusiform gyrus, LH inferior parietal gyrus, LH entorhinal cortex, RH
parahippocampal gyrus, and RH middle temporal gyrus. Additionally, better performance on the
comprehension/planning subtest of the UPSA-3 was significantly associated with greater cortical
thickness in the LH middle temporal gyrus, LH parahippocampal gyrus, LH entorhinal cortex,
RH inferior temporal gyrus, and RH middle temporal gyrus. Lastly, better performance on the
UPSA-3 finance subtest was significantly associated with greater cortical thickness in the LH
inferior parietal gyrus. Some of these cortical areas may be connected through differing brain
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networks, which may assist in explaining why these areas showed significant relationships to the
UPSA-3. Networks implicated by the significant results include the DMN (e.g., parahippocampal
gyrus, inferior parietal lobule; Raichle, 2015) and a network for language (e.g., middle temporal
gyrus, fusiform gyrus; Schoffelen et al., 2017; Forseth et al., 2018). Furthermore, connections to
the hippocampus might help explain results, as both the DMN and the entorhinal cortex are
connected to the hippocampus. Lastly, there is little information regarding the function of the RH
inferior temporal gyrus independently, and as such it remains unclear why this area was
associated with performance on the UPSA-3. More areas within the left hemisphere were
significant, indicating a hemispheric asymmetry in the relationships between the UPSA-3 and
cortical thickness ROIs. This is of particular importance as hemispheric asymmetry in the medial
temporal lobe has been observed in individuals with MCI who converted to AD as compared to
individuals with MCI who did not convert to AD (Long et al., 2018). Indeed, research has
suggested an increased susceptibility of the left hemisphere to neurodegeneration in AD
(Thompson et al., 2003). Taken together, there are indicators that certain brain networks may be
involved in UPSA-3 performance and in areas that may be important for memory and/or
progression to dementia. However, these are hypotheses and thus functional MRI would need to
be conducted in order to determine if these predictions were accurate or not. Additionally, an
important consideration is the possibility that the UPSA-3 was being driven by the
communication/planning subtest, which in itself may have been driven by story recall. If this
occurred, then the UPSA-3 would have been capturing the amnestic memory problem that is
typical of this aMCI sample, rather than other IADL difficulties that have been observed in MCI
groups. This would result in the UPSA-3 being similar to a memory measure such as WMS-III
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Logical Memory and thus would still align with hypotheses regarding why the specific ROIs
were significant.
In the third study, participants with reduced cortical thickness in the bilateral cuneus and
LH lingual gyrus (i.e., occipital areas) had greater odds of being in the Dep-MCI group than the
MCI group. In contrast, participants with greater cortical thickness in bilateral middle temporal
gyrus, LH posterior cingulate cortex, bilateral inferior temporal gyrus, bilateral superior frontal,
RH caudal middle frontal gyrus, and RH rostral middle frontal gyrus. These results were largely
counter to cortical thickness findings in these regions in prior studies (Fujishima et al., 2014; Xie
et al., 2012), although the occipital cortical thickness findings observed in this study did align
with results from Xie et al. (2012). Widespread findings may indicate the involvement of neural
circuits or networks. The DMN includes the posterior cingulate cortex as well as the precuneus,
which has connections to the cuneus. The DMN has been associated with emotional processing,
self-referential mental activity, and memory (Raichle, 2015). Thus, the results suggest there may
be differences in DMN functioning between the MCI and Dep-MCI groups. However, the DMN
has also been associated with cognitive deficits in individuals with LOD (Liu et al., 2018) and a
systematic review and meta-analysis of the DMN in MCI (Eyler et al., 2019) found variable and
inconsistent results in resting DMN function/connectivity across studies. Several areas may be
relevant due to their connections within a potential language network, including the middle
temporal gyrus (Schoffelen et al., 2017) and inferior temporal gyrus (Trimmel et al., 2018).
Language networks are important to consider in individuals with amnestic MCI, as semantic
information is known to be altered in AD processes (Mårdh et al., 2013). The lingual gyrus has
been implicated in cognitive decline in individuals with various aging disease processes
(Pagonabarraga et al., 2013). Such a result may suggest that the Dep-MCI group has evidence of
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greater risk of cognitive decline. Evidence for the involvement of superior and middle frontal
gyrus in depression has emerged from research on the limbic-frontal brain network. Marano et al.
(2015) found that in individuals with LLD, higher gray matter volumes in the superior and
middle frontal gyrus were associated with greater mood improvement after a 12-week trial of
citalopram. Interestingly, there was no consistent pattern of hemispheric asymmetry in the
cortical thickness ROI results, which may suggest more widespread networks being involved
across hemispheres. Functional MRI would be a useful adjunct to explore why these cortical
regions were found to be different between groups. These findings suggest there may be unique
structural changes in the brain due to comorbid Dep-MCI, with region-specific variability in
cortical thickness. It is also possible that there are additional factors that were not accounted for
that may influence cortical thickness, such as age of onset of depression. In fact, some
researchers have posited that late-onset depression (i.e., first depressive episode in later life,
typically after age 50) is a prodrome of cognitive decline (Ballmaier et al., 2008; Panza et al.,
2010). These researchers posit that the underlying neuropathological condition that causes MCI
or dementia also causes depressive symptoms in older adults. As the DOTCODE study did not
assess age of onset of depression, perhaps the sample included more individuals with early-onset
depression rather than late-onset depression.
Lastly, cortical thickness was not related to participant expectancy beliefs in a CCT trial.
Zilcha-Mano et al. (2019) posited that white matter damage in depressed older adults may
interrupt neural circuity between the prefrontal cortex and subcortical areas that underlie
expectancy effects. As ROIs were selected on the basis of changes typically observed in MCI, it
is possible that there are other ROIs (e.g., in the prefrontal cortex) that would have been found to
be significant had they been included in analyses. The differing sample sizes between high and
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low expectancy groups may have masked effects, though it is also possible that the results should
be taken at face value that there were no significant relationships.
Hippocampal Volume
The three studies showed variable results in regards to relationships with hippocampal
volume. In the second study, greater left hippocampal volume was associated with higher CCT
expectancy while greater right hippocampal volume was associated with higher CCT, CPT, and
Total expectancy, indicating mild evidence of hemispheric asymmetry. Potential reasons for this
asymmetry may be related to literature on hemispheric asymmetry in emotions (Gainotti, 2012).
The findings appear to align best with the Right Hemisphere Hypothesis, which purports that the
right hemisphere processes all emotional stimuli. The results would likely not be expected with
the Valence Hypothesis, which posits that the left hemisphere processes positive emotions while
the right hemisphere processes negative emotions (Gainotti, 2012); with this hypothesis, one
might expect that reduced right hippocampus would be associated with less negative expectancy
beliefs. An alternative explanation could be that the relationship between the hippocampus and
amygdala is driving the hippocampal results. The neural connection between the amygdala and
the hippocampus has been shown to be involved in encoding of positive and negative
information (Fastenrath et al., 2014). As such, with reduced hippocampal volumes, there will
likely be reduced connections to the amygdala, which may affect emotional processing, thus
affecting ability to form positive expectations. For example, van Mierlo et al. (2015) found that
in individuals with Parkinson’s disease, depression scores were correlated negatively with
bilateral hippocampus and right amygdala volume.
For studies 1 and 3, due to correction to account for multiple comparisons, there were no
significant differences between left and right hippocampal volumes and performance on a
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functional skills measure (p = .008 and p = .048, respectively) as well as between left and right
hippocampal volumes and Dep-MCI/MCI participant group classification (p = .04 and p = .021,
respectively). Given that the participants in this investigation were selected based on poor
memory performance, it is possible the range of baseline hippocampal volumes was restricted to
individuals with atrophy of the hippocampus already occurring, thus limiting predictive utility.
Another possibility for the study comparing Dep-MCI and MCI groups is that there may have
been a larger proportion of Dep-MCI participants who will not convert to dementia, again
masking hippocampal effects, as Chung et al. (2016) found that Dep-MCI participants who
converted to dementia had greater left hippocampal volume loss than depression converters and
Dep-MCI non-converters.
White Matter Lesion Burden
The three studies also showed variable results with regard to relationships with white
matter lesion burden, as measured by MRI-defined WMHs. Significant results were found for the
third study when comparing Dep-MCI and MCI participants. Total WMH volume, PVH volume,
and DWM volume were associated with greater odds of being in the Dep-MCI group. This
confirms the findings of Fujishima et al. (2014) related to WMHs, suggesting that WMH severity
is a unique structural change more attributable to Dep-MCI than MCI. As such, WMHs may be a
more sensitive indicator of Dep-MCI than either cortical thickness or hippocampal volume.
However, it is important to note that information was not collected regarding factors that may
contribute to increased WMHs, such as certain medical conditions. The only information that
was provided was participant report regarding history/current problems in heart, vascular, and
endocrine/metabolic and breast systems. Dep-MCI participants endorsed greater heart problems
while MCI participants endorsed greater vascular problems. Given that there was no additional
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information provided regarding reasons for these endorsements, we were unable to determine
how such problems may have impacted group differences, and thus, the observed results.
There were no significant associations between WMHs and a functional skills measure
and participant expectancy beliefs. The non-significant results for expectancy were surprising, as
white matter burden has been thought to play a prominent role in disrupting neural circuity
important for the ability to form positive expectations in older adults with depression (ZilchaMano et al., 2019). Perhaps there is a different mechanism of action in forming expectancies in
older adults with MCI that differs from older adults with depression. The imbalanced sample
sizes should also be considered, as this may have masked results. Given the variable research on
WMHs in MCI, it is possible that more significant burden must occur before there are
independent relationships with functional skills and expectancy in participants with MCI,
particularly as progression of WMHs is associated with cognitive decline (Bangen et al., 2018;
Prasad et al., 2011). Furthermore, as prior research has shown that WMH volume is also related
to thinner cortices and mesial temporal atrophy, perhaps cortical thinning in these areas best
captures baseline structural impairment in individuals with MCI rather than WMHs, as ICV was
included as a covariate and may control for effects related to cortical thinning and volume loss.
WMHs are also frequently observed on MRI scans of older adults and the presence and severity
of WMHs increases with age, which may confound results (Prins & Scheltens, 2015).
Cognitive Functioning
Cognition was also explored across the studies, with varying results. Better performance
on a measure of functional skills was significantly associated with better performance on
measures of global cognition, attention/processing speed, executive functioning, verbal fluency,
naming, verbal list learning and memory, visual learning and memory, and visuospatial skills.
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Given the preponderance of significant results, it is possible that there were other unknown
factors that affected results. Better performance on measures of global cognition and verbal
memory were also associated with higher participant expectancy in a CCT trial.
In the study comparing MCI and Dep-MCI, cognitive functioning was not differentially
associated with participant group. The inclusion criteria used to select participants for the
research trials may have affected these results, as subjective cognitive concerns and objective
memory deficits were required for both trials. Given the inclusion criteria of poor performance
on a measure of verbal memory, it is not surprising that the two groups did not differ on other
tasks of memory. However, it is surprising that none of the other cognitive domains were
significant considering there were significant neuroanatomical differences. Of note is that
research has not shown consistent evidence of specific cognitive differences between these two
participant groups. One possibility is that the sample size did not provide adequate power to
detect small effects.
Research and Clinical Implications
Although the studies varied in relationships between neuroanatomical variables and
outcomes, important implications for research and clinical practice remain. Our findings provide
some initial evidence of a relationship between a performance-based functional skill measure
that is being increasingly used with MCI participants and cortical thickness. If the UPSA-3 is
shown to be a reliable and valid measure of IADL functioning in MCI, our results could prove
useful in staging the disease course if data were next analyzed longitudinally. Additional
research regarding the validity of the UPSA-3 is recommended, and until then, interpretations
should be cautious due to concerns regarding the sensitivity of the three subtests and whether the
overall score is being driven by one subtest in particular. Assessing functional skills are
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important not only in research studies but also in clinical practice, where level of functional skill
ability may be used in diagnostic considerations between MCI and AD.
By showing associations between expectancy beliefs and cognitive functioning and
hippocampal volume, a foundation is built for further exploration of this rarely studied
consideration in CCT trials in MCI. With this foundation, examining study outcomes will be a
crucial next step, as results indicate that individuals with possible evidence of some greater risk
of progression to AD (e.g., lower cognitive performance on measures of overall functioning and
verbal memory, structural brain atrophy in the hippocampus) are less likely to anticipate positive
benefits from training in CCT/CPT. Given the limited research evaluating comorbid MCI and
diagnosis of depressive disorders, evidence that such comorbidity differs from MCI-only in
cortical thickness and WMHs supports the continued exploration of this comorbidity and
reinforces the importance of evaluating these groups comparatively.
Results from the first and third studies may also be applicable to clinical practice.
Clinical neuropsychologists may want to consider adding a performance-based functional skills
assessment such as the UPSA-3 to their typical neuropsychological batteries in older adults,
however, providers should interpret results cautiously and with clinical judgment, given the
limitations described above. Including the UPSA-3 within a comprehensive neuropsychological
evaluation may be helpful in cases when MRIs are not feasible or cost effective for MCI patients.
Differences in structural neuroanatomical profiles of MCI and Dep-MCI participants indicate
there may be differing underlying etiological processes contributing to these groups. This
suggests that there may be differing implications for treatment as well as progression to dementia
when working with these patient populations in clinical care.
Limitations and Future Directions
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There are several limitations to consider while evaluating these conclusions, with one of
the most important being the lack of a healthy control group. As the data used were part of larger
randomized trials (D’Antonio et al., 2019; Devanand et al., 2018), it was not possible to add in
reference healthy control groups. Since prior research has shown the UPSA can differentiated
between HC, MCI, and AD, evaluating neuroanatomical and cognitive correlates in these
populations may provide additional evidence for the applicability of using this measure in MCI.
In evaluating differences between MCI and Dep-MCI, reference groups with HC and/or LLD
would also be beneficial to elucidating results.
Limitations regarding sample size were also evident, particularly in the expectancy study,
as the high and low expectancy groups had uneven sample sizes, which may have affected results
and the ability to detect small effects. Additionally, the expectancy scale used in this study was
one generated by the researchers and was relatively limited as it only asked two questions, each
with a 5-point Likert scale. In the future it would be beneficial for CCT trials to utilize a more
comprehensive measure of expectancy, as this would increase psychometric qualities, which
would allow for greater confidence in results.
Additionally, the inclusion criteria of these studies should be considered. The use of
memory tests to determine eligibility within the two trials prevents a full range of MCI
participants from being evaluated, such that non-amnestic MCI participants would not meet
eligibility criteria. Thus, this may limit the ability to detect effects such as hippocampal volume,
as it is possible the samples included participants who have already developed some degree of
hippocampal atrophy, limiting our ability to detect effects. The differences in inclusion criteria
for defining MCI between the COG-IT and DOTCODE trials may also have contributed to study
findings. Although both COG-IT and DOTCODE utilized delayed recall for a story for study
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inclusion, DOTCODE also allowed for MCI to be defined by scores on delayed recall for a word
list that is accompanied by visual presentation. Although story recall and word list recall both
assess verbal memory, it is possible that this led to differing MCI samples between the trials. The
DOTCODE inclusion criteria allows for amnestic MCI to be defined by problems with either
encoding or retrieval, which are different cognitive processes that are associated with different
functional and structural changes in MCI (Han et al., 2021). Furthermore, word list recall scores
have showed generally higher diagnostic accuracy as compared to story recall scores in MCI and
AD (Weissberger et al., 2017).
It is also important to note limitations related to demographic characteristics of the
samples, which limit generalizability of findings. This includes high levels of education as well
as limited racial/ethnic diversity. As race/ethnicity have been shown to be important
considerations in prevalence of MCI and dementia (Wright et al., 2021), ensuring research
studies prioritize the recruitment of more diverse samples is crucial for generalizability and for
clarifying results. Of particular concern in the study evaluating MCI as compared to Dep-MCI,
was the lack of information regarding presence of certain medical conditions (e.g., hypertension,
diabetes mellitus, cardiovascular disease, dyslipidemia, metabolic syndromes) and activities such
as smoking, because such factors have been associated with increased prevalence of WMHs in
some studies (see Grueter & Schulz, 2012 and Prins & Scheltens, 2015 for reviews).
Lastly, as cortical thickness ROIs were selected a priori due to established literature on
cortical thickness in MCI, Dep-MCI, and LLD samples, it is possible that whole-brain vertexwise analyses could illuminate additional regions of interest. While identifying regions of
reduced cortical thickness is useful for detecting areas driving changes in MCI and Dep-MCI, the
relationship of these areas to each other and to wider neural networks such as the DMN will also
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be useful to examine. Including functional MRI in future research studies would also help to
explore what brain networks are involved in these concepts.
As each of the studies evaluated baseline data, future research should also focus on
exploring longitudinal data and progression to dementia. Evaluating these findings within
longitudinal designs is warranted to establish how each of these areas may impact progression to
dementia. For example, it will be important to evaluate longitudinally whether functional status
is additive or even better than certain cognitive measures in prognosticating those individuals
who will progress to dementia. Exploring whether baseline expectations influence the effect of
CCT on cognition and everyday functioning, as well as participant retention and engagement in
the trial, will provide valuable information for future CCT trials in MCI. Furthermore, better
understanding of regional brain atrophy areas driving changes in MCI and related disorders (i.e.,
Dep-MCI) will inform treatment selection and development of interventions.
Conclusions
In summary, the current project represents an assessment of structural neuroanatomical
correlates of under-studied characteristics involved in MCI as well as various areas of MCI also
known to be affected, such as cognition. While there were not consistent findings across all of
the studies, the results of the three papers support the importance of evaluating areas of MCI that
are under-studied yet still have important research and clinical implications. Best brain
morphometric evidence for functional skills, participant treatment expectancy beliefs, and
comorbid Dep-MCI varied between cortical thickness, hippocampal volume, and white matter
lesion burden metrics. In general for the neuroanatomical variables, cortical thickness was the
best metric for evaluating functional skills in MCI, hippocampal volume was the best metric for
evaluating participant treatment expectancy beliefs, and cortical thickness and WMHs were the
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best metrics for comparing MCI and Dep-MCI. The variable relationships provide support for
continuing to examine all three aspects of structural neuroanatomy within MCI research. Taken
together, unique structural brain abnormalities are present in these less-studied characteristics
involved in MCI, with evidence of variable relationships to other facets of MCI such as cognition
and demographic characteristics. These results are important for informing future research trials
as well as for considering implications for treatment options, disease staging, and disease
progression in older adults with MCI.
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