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This multipaper dissertation examined two types of late-life cognitive
change (1) late-life learning and (2) short-term fluctuation in late-life cognitive
functioning. The papers examined the structure, predictors, and potential
consequences of practice-related learning in late-life, how sleep relates to elders’
ability to acquire skills through practice, and how an aberrant week of sleep
affects subsequent cognitive functioning. Future implications of the work relate to
both a deeper understanding of how effectively practice functions as a cognitive
intervention strategy (in terms of producing broad cognitive enhancement
effects), and how sleep predicts the ability to profit from practice interventions.
The dissertation successfully replicated previously reported findings in
cognitive aging literature (i.e., older adults are capable of demonstrating
significant practice-related learning, and there is substantial short-term fluctuation
present in the cognitive performance of older adults), while simultaneously
addressing unanswered questions regarding late-life cognitive plasticity (i.e.,
practice-related learning and short-term fluctuations in late-life cognitive
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functioning). Both processing speed measures and an executive processing
measure demonstrated significant gains associated with repeated practice,
individuals who gained more in one ability were more likely to gain in another,
both education and state-anxiety were associated with one’s ability to benefit
from repeated practice, and generalized practice-related learning demonstrated
limited near transfer for processing speed. We also discovered that older adults
who spent more time awake during the night on average had lower average
cognitive performance. Interestingly, the same older adults that spent increased
time awake during the night were found to also benefit the most from cognitive
practice on a very simple task reaction time task. No relationships were observed
between weekly fluctuations in sleep and cognitive functioning in late-life.
As a whole, these finding suggest several conclusions and directions for
future investigation. Older adults are very capable of engendering improvements
in their cognitive functioning through self-administered practice, and sleep is
related to elders’ ability to benefit from practice. Sleep appears primed for further
investigation as a potential target towards the enrichment of elders’ cognitive
vitality. Future research examining sleep and late-life cognitive functioning should
be conducted to further explicate the complicated association between these
important quality-of-life indicators.
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CHAPTER 1
GENERAL INTRODUCTION
Overview
In this General Introduction it is argued that late-life cognitive changes can
occur at three broad levels of functioning: (1) development, (2) learning, and (3)
short-term fluctuation. This document examined cognitive changes in older adults
at the latter two of these three levels – learning and short-term fluctuation.
Investigation into learning and short-term fluctuation is an important area of
investigation given their potential to impact daily functioning and quality-of-life in
older adults.
The first two individual studies conducted in this document examined latelife learning, which may be important for maintenance of independence [i.e.,
cognitive interventions may slow the decline in activities of daily living in late-life
(Willis et al., 2006)] and has traditionally been investigated through interventional
work (Ball et al., 2002). However, older adults appear to be able to benefit
considerably from practice alone (Yang, Krampe, & Baltes, 2006). Thus, the first
two individual studies sought to focus on practice-related learning because: (1)
self-guided practice is likely a simpler, more cost-effective, and a more widely
scalable approach to cognitive interventions than traditional tutor-based
approaches, and (2) practice appears to be the active ingredient in many
cognitive training studies (and should be investigated in its purest form). While
studies of late-life practice-related learning have existed for several decades,
these studies were innovative in its focus on the more general nature of practice
effects, and the identification of predictors of individual differences in practice-
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related gain. More specifically, through its focus on practice-related learning, the
set of studies attempted to characterize the structure (i.e., is practice-related
learning domain general or domain specific?), predictors (i.e., what predicted
practice-related learning?), and potential consequences (i.e., does practicerelated learning transfer to non-practiced tests?) of practice-related learning in
late-life. The longer-term practical implications of this set of studies are (a)
characterization of the effectiveness of practice as an intervention approach for a
wide set of cognitive outcomes; (b) deeper understanding of the extent to which
practice effects are measure-specific or more reflective of broad, domain-general
learning processes that may transfer to other, non-practiced cognitive outcomes;
and (c) identification of attributes and characteristics of older adults that may
make them differentially able to profit from practice.
The first paper in this dissertation describes the magnitude, generality,
and demographic/personality-level predictors of practice-related learning on a
wide set of outcomes. Following this examination of practice-related learning, the
second study in this document then turned specifically to the investigation of
sleep as a predictor of one’s ability to benefit from practice-related learning. The
evidence linking sleep to cognitive functioning in late-life is mixed (Altena, Van
Der Werf, Strijers, & Van Someren, 2008; Tworoger, Lee, Schernhammer, &
Grodstein, 2006); however, no known research has examined sleep as a
predictor of elders’ ability to learn through practice. Thus, this set of studies may
yield important information regarding optimal characteristics of sleep necessary
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for older adults to achieve the most advantageous results from engaging in
cognitive exercise (i.e., practicing cognitive tasks).
Lastly, the third study in this set of studies investigated late-life cognitive
changes at the level of short-term fluctuation in late-life cognitive functioning. As
fluctuation in cognitive performance has been demonstrated to be an overall
negative indicator of health (Hultsch, Strauss, Hunter, & MacDonald, 2008) and
relates to adaptive fitness at any given time (such that when an individual is
performing closer to their intrapersonal mean levels of performance their
adaptive fitness may be higher than when they are performing at lower levels of
performance), it is important to understand potential predictors of fluctuations in
cognitive functioning. This study could result in potential treatment
recommendations regarding sleep that are aimed at regulating the cognitive
performance of elders and potentially increasing independence.
Late-life Cognitive Change
The psychology of aging is a sub-discipline of psychology that is devoted to
the empirical investigation of psychological change associated with the aging
process. The vast majority of both basic and applied investigations in the
psychology of aging have been focused on some aspect of late-life cognitive
functioning. Cognitive change, like all behavioral change, can be characterized in
three broad ways: (1) development, (2) learning, and (3) short-term fluctuation.
As Li and colleagues (2004) have described, the varying types of cognitive
change involve “different degrees of reversibility on different time scales” (Li,
Huxhold, & Schmiedek, 2004). Investigation of cognitive change, like
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investigation of any type of change, is an exploration into plasticity or the
malleability of cognitive functioning.
The first type of cognitive change, developmental maturation, is expected to
be the result of cumulative, long-term processes that are universal or nearly
universal and are resistant to efforts to reverse the change (Li et al., 2004;
Nesselroade, 1991). This type of change has been investigated through both
cross-sectional and longitudinal investigation of age differences and age-related
changes in cognitive functioning [i.e., (Park et al., 1996; Schaie, Willis, & Caskie,
2004)]. Results of such investigations have found there is a general cognitive
decline experienced with increasing age (Craik & Byrd, 1982; Hasher & Zacks,
1988; Lindenberger & Baltes, 1994; Salthouse, 1996). This decline has been
demonstrated to be pervasive, affecting many sub-domains of cognition including
reaction time, sensory processing, attention, memory, reasoning, and executive
control. Park and colleagues (1996) collected cross-sectional data from adults
ranging in age from 20 years old to 90 years old in the domains of processing
speed, working memory, long-term memory, and vocabulary. They found
generally linear declines in all fluid intelligence (processing speed, working
memory, long-term memory) constructs across the lifespan. However, their lone
indicator of crystallized intelligence (i.e., vocabulary) displayed no such decline
(Park, Smith, Lautenschlager, et al., 1996). Several large-scale longitudinal
studies of cognitive functioning in late-life have provided evidence to corroborate
the cross-sectional findings of significant decreases in cognitive performance
across the lifespan (e.g., Christensen, Mackinnon, Jorm, et al., 2004; Lovden,
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Ghisletta, & Lindenberger, 2004; Schaie, Willis, & Caskie, 2004). While much is
known regarding developmental changes in cognitive functioning, relatively little
is known regarding developmental changes in learning potential, with the
exception that advanced age may be related to reduced training-related gains in
cognitive functioning (McArdle & Prindle, 2008; Yang et al., 2006).
The second type of cognitive change, learning, likely occurs over a short to
moderate time frame (i.e., within a day, across several days, and across months)
and is semi-reversible (that is, learned behavior can be forgotten and/or
unlearned) (Li et al., 2004; Nesselroade, 1991). In late-life, learning is commonly
the result of targeted strategies aimed at engendering noticeable improvements
in functioning (though it can also be the result of practice alone). This type of
change has been investigated through direct manipulation of variables thought to
affect late-life cognitive functioning [such as cognitive process training (i.e., Ball
et al., 2002), exercise training (i.e., McAuley, Kramer & Colcombe, 2004), and
metacognition training (i.e., Jennings & Jacoby, 2003)], and has been referred to
as intervention-related learning. Cognitive interventions, all of which contain
significant practice components (i.e., practice with sample problems is usually a
key constituent of most cognitive training programs), have been described as an
“experimentally controlled way to explore the degree of plasticity in intellectual
functioning” in late-life (Hertzog, Kramer, Wilson, & Lindenberger, 2008). Results
of such investigations have revealed: (a) that late-life learning can be substantial,
(b) that transfer of learning in late-life is limited, (c) that late-life learning can be
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maintained long-term, and (d) that late-life learning is reduced in older adults with
dementias (Hertzog et al., 2008).
The third type of cognitive change is short-term fluctuation (i.e.,
inconsistency or intraindividual variability). As the name implies, this type of
change is typically characterized by fluctuation in functioning that occurs over a
relatively brief time frame and is thought to be highly reversible in nature (Li et
al., 2004; Nesselroade, 1991). This type of change has been examined through
repeated assessments spaced in close proximity to one another [such as multiple
cognitive assessments repeated daily [i.e., (Allaire & Marsiske, 2005)] and/or
examination of inconsistency from trial-to-trial within a given assessment (i.e.,
(Hultsch, MacDonald, & Dixon, 2002)]. Results of investigations into this type of
late-life cognitive change have revealed: (1) that older adults display large
amounts of short-term fluctuation in cognitive performance [i.e., (Hultsch,
MacDonald, & Dixon, 2002)], (2) that short-term cognitive fluctuation is related to
disease status [i.e., (Hultsch, MacDonald, Hunter, Levy-Bencheton, & Strauss,
2000)], and (3) that relative peaks and valleys of cognitive functioning can be
predicted [i.e., (Neupert, Almeida, Mroczek, & Spiro, 2006)].
Public Health Importance of Learning and Short-term Fluctuation in Latelife
This dissertation aimed to examine two of the three types of late-life
cognitive change discussed above: (1) late-life learning (specifically, practicerelated late-life learning), as well as (2) short-term fluctuation (i.e., inconsistency)
in late-life cognitive performance. Examination of these two types of late-life
cognitive changes (i.e., learning and short-term fluctuation) is important for
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several reasons. Understanding practice-related learning (i.e., change
independent of intervention) can shed needed light on the ”natural” range of
improvement in cognition prior to the onset of a specific tutor-based intervention
(Hertzog et al., 2008); in other words, the degree of improvement in cognitive
functioning that older adults can achieve on their own.
Understanding practice-related learning also allows for an examination of
predictors of individual differences in plasticity, while investigation into short-term
fluctuation gives a lens into the patterns of “ups” and “downs” that have been
found to be a prominent characteristic of cognitive functioning in late-life [e.g.,
(Gamaldo, Weatherbee, & Allaire, 2008; Weatherbee, Gamaldo, & Allaire, 2009)]
and which may influence an individual’s adaptive fitness on a given day (i.e., may
reflect the level of cognitive effort that a person might bring to bear to manage
daily living challenges on a given day). Further, there is considerable, and
growing, national interest in behavioral and cognitive plasticity in late-life. This set
of studies examined two different aspects of late-life cognitive functioning (i.e.,
learning and short-term fluctuation) that may relate to adaptability and
maintenance of independence in old age [i.e., receiving a cognitive intervention
may slow the rate of decline in activities of daily living and older adults who
demonstrate more short-term fluctuation in cognitive functioning perform worse
on laboratory measures of everyday functioning (Burton, Strauss, Hultsch, &
Hunter, 2009; Willis et al., 2006)]. This is important both socially and
economically, as the cost of providing both formal (i.e., paid) and informal (i.e.,
unpaid, typically provided by a blood relative) care for older adults who lose their
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ability to maintain independence has been estimated at over $200 billion
(LaPlante, Harrington, & Kang, 2002).
Paper 1: Intensive Cognitive Practice in Older Adults: Gains, Structure,
Predictors, and Transfer
Emerging trends in the late-life cognitive learning literature have examined
the following topics: (a) long-term maintenance [e.g., (Unverzagt et al., 2009)]
and transfer [e.g., (Willis et al., 2006)] of learning, (b) what older adults can selfachieve (via computerized home-based intervention tools) [e.g., (Mahncke et al.,
2006; Smith et al., 2009)], and (c) individual difference characteristics as
predictors of training responsivity [e.g., (Unverzagt et al., 2007)]. However, these
research lines have largely ignored one potential important “active ingredient” in
late-life learning: practice. With several notable recent [i.e., (Yang & Krampe,
2009; Yang et al., 2006; Yang, Reed, Russo, & Wilkinson, 2009) and historical
[i.e., (Baltes, Sowarka, & Kliegl, 1989; Hofland, Willis, & Baltes, 1981)]
exceptions, the vast majority of literature examining late-life learning has viewed
practice-related improvements in cognitive functioning as a nuisance that needs
to be controlled methodologically and statistically [i.e., (Ball et al., 2002; Jaeggi,
Buschkuehl, Jonides, & Perrig, 2008; Jennings & Jacoby, 2003)]. However,
practice alone has been empirically demonstrated to engender gains equivalent
to focused cognitive interventions (Baltes et al., 1989).
Practice-related learning, also referred to as “retest learning” (i.e.,
performance improvement through retest practice) (Yang et al., 2006), differs
from traditional cognitive training in several substantive ways, including the
absence of: (1) adaptive feedback, (2) strategy training, and (3) goals. Thus,
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questions have been posed as to whether practice alone is sufficient to be
labeled as a “cognitive intervention”. Researchers have questioned the
mechanisms responsible for practice-related learning (Yang et al., 2009) and
whether practice-related learning is merely the result of memorization of specific
test items (Salthouse, Schroeder, & Ferrer, 2004). For practice-related learning
to be considered a cognitive intervention it must be found to meet some of the
following criteria: (a) demonstrate substantial gains in cognitive functioning, (b)
demonstrate durability over time, and (c) demonstrate at least as much transfer
to other unpracticed measures of cognition as training-related learning does.
Correspondingly, the first paper in this document examined practice-related
learning in older adults, and specifically addressed: (a) the magnitude of gains,
(b) whether gains in various practiced cognitive abilities improve together, (c)
individual differences in gains, and (d) whether level of improvement in practiced
cognitive measures predicted amount of improvement in unpracticed measures.
The first overall goal (i.e., Paper 1/Chapter 2) of this document was to
examine practice-related learning in community-dwelling older adults. Specific
aims of this study included: (1) To replicate the presence of significant practicerelated learning in both processing speed and reasoning in older adults, (2) To
examine whether a higher-order practice-related learning construct was evident
(i.e., do practiced cognitive measures improve together?), (3) To examine
individual difference predictors of practice-related learning (i.e., who was most
likely to improve from cognitive practice?), and (4) To examine whether individual
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differences in practice-related learning predicted changes in unpracticed
measures.
Cognitive functioning in late-life has demonstrated an ability to respond to
cognitive interventions [i.e., (Ball et al., 2002)]. However, some of the gains
illustrated through these interventions may be the result of practice-related
learning (i.e., learning independent of instruction), given that even untrained
controls show pre-posttest improvements.
An emerging goal of cognitive training research has been to demonstrate
that improving basic cognitive functions might generalize to elders’ ability to
perform tasks of daily living (Willis et al., 2006). The hope was that improvements
in basic functions (like memory, reasoning, speed) might yield benefits in areas
like Instrumental Activities of Daily Living or, more generally, health,
institutionalization rates, mortality, etc. However, for at least the past 100 years
(Thorndike, 1903), it has also been known that generalization of training effects
from one cognitive skill to another is very difficult to achieve; indeed, this has
been the normative finding in cognitive intervention research across the lifespan
(Baltes & Willis, 1982; Owen et al., 2010). More recent research has suggested
that cognitive training in speed and reasoning may generalize to everyday
functioning, in that persons who received such training showed slower rates of
decline in self-reported Instrumental Activities of Daily Living. (Willis et al., 2006).
The current investigation could not examine these broader transfer
questions, in part due to the short time frame (18 weeks) of the investigation.
However, as a first look at the question of transfer, we examined whether
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extensive practice (the 18-week duration of practice in this study exceeded the
dosage of most cognitive training studies) on selective cognitive tasks might
generalize to other non-practiced cognitive measures. Demonstration of even
local (i.e., cognitive) generalization of transfer might suggest that practice is a
route to more broadly improving cognitive functioning.
Previous research has shown substantial gains in cognitive functioning
following practice that can be maintained for eight months (Yang & Krampe,
2009), while tutor-guided cognitive training gains have been shown to persist for
up to five years (Willis et al., 2006). However, examination of transfer of gains
(i.e., how learning on one task is related to learning on a separate task) as well
as the magnitude and predictors individual differences in gains has yielded mixed
results (Baltes et al., 1989; Yang et al., 2006).
Paper 2: Sleep Variables as Predictors of Initial Level and Gain in Late-Life
Cognition
In addition to characterizing practice-related learning (see above), it is also
important to attempt to identify factors related to an individual’s ability to benefit
from practice; since practice is an important component of training-related
learning, findings in this area are likely to be relevant to predicting more general
ability to profit from interventions. In fact, a key question in the emerging
gerontological cognitive intervention literature concerns individual differences in
learning potential and the identification of predictors of such differences (Hertzog
et al., 2008). Understanding individual differences in response to repeated
exposure to cognitive stimuli (i.e., practice-related learning) is essential for two
main reasons. First, a solid understanding of who responds best to practice
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would enable the empirically guided selection of individuals best suited to partake
in cognitive interventions, such that individuals with characteristics known to be
related to optimal performance gains through practice might be identified and
encouraged to partake in such activities. Secondly, identification of factors and
individuals unlikely to respond to intervention would allow for potential
remediation through modifiable factors. For example, if it is discovered that
individuals with poor mood or lengthy wake time during the night respond poorly
to cognitive practice, one could envision that efforts to improve mood and sleep
may also increase an individual’s ability learn through practice.
While researchers are interested in individual differences in response to
cognitive training (and presumably practice-related learning), sleep has not been
widely explored in the gerontological literature on this topic. Sleep represents an
intriguing individual difference variable as it has been shown to relate to various
aspects of cognitive functioning [e.g., (Pilcher & Huffcutt, 1996)] and has
demonstrated an ability to be malleable well into the later years of life [e.g.,
(Dzierzewski, O’Brien, Kay, & McCrae, 2010)]. Past research has revealed that
sleep is related to level of cognitive functioning in older adults (Blackwell et al.,
2006; Tworoger et al., 2006), long-term decline in late-life cognitive functioning
(Cricco, Simonsick, & Foley, 2001), and learning in children (O'Brien, 2009) and
adults (Maquet, 2001). These studies have generally indicated that more/better
sleep is associated with positive outcomes. However, the sleep – cognitive
functioning relationship in late-life is not without controversy. While retrospective
recall of sleep typically yields the expected results [i.e., worse/less sleep
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associated with poorer cognitive functioning (Tworoger et al., 2006)], older adults
with poor sleep do not routinely exhibit poorer performance on
neuropsychological measures [e.g., verbal fluency, vigilance, etc.) than noncomplaining older adults (Altena, Van Der Werf et al., 2008; Altena, Werf et al.,
2008)]. Thus, this study was unique in its methodology (i.e., intense repeated
measurement) and outcome (i.e., practice-related learning) in its examination of
the sleep – cognitive functioning relationship in old age.
The second overall goal (i.e., Paper 2/Chapter 3) of this document was to
examine sleep as an individual difference predictor of practice-related learning in
late-life. Specific aims of this paper included examination of how an individual’s
sleep relates to: (1) their initial level of cognitive performance, and (2) their ability
to benefit from repeated exposure to cognitive stimuli (i.e., ability to demonstrate
practice-related learning) after controlling for salient individual difference
variables (i.e., age, education, estimated IQ, etc.).
There is currently much ambivalence in the literature regarding the precise
nature of the association between sleep and cognition, particularly in later-life.
While certain aspects of sleep have been experimentally associated with learning
[i.e., (Maquet, 2001)], no research has yet examined sleep’s impact on an
individual’s ability to learn through practice. This research could result in
recommendations regarding “optimal aging”, cognitive interventions, and the
potential necessity for pre-cognitive interventions to address sleep to enable
older adults to exhibit maximal gains from cognitive practice.

28

Paper 3: Do Weekly Deviations in Sleep Impact Subsequent Cognitive
Functioning in Older Adults?
In addition to the examination of late-life learning (i.e., practice-related
learning), and sleep as an individual difference predictor of late-life learning, the
third paper in this dissertation switches to a very different level analysis.
Specifically, in the cognitive aging literature, there has been growing attention to
the topic of short-term fluctuation in cognitive performance in late-life and its
possible sources. Short-term fluctuation (sometimes called “inconsistency” or
“intraindividual variability”) may be an important indicator of overall health and
well being, including cognitive health (Hultsch et al., 2008). Some investigators
have argued that short-term fluctuation in cognitive performance may be
indicative of underlying dysfunction; correspondingly, increased short-term
fluctuation in cognitive performance has been shown to be related to poorer
overall performance on many cognitive tasks (Hultsch et al., 2002; Hultsch et al.,
2000; Nesselroade & Salthouse, 2004; Salthouse, Nesselroade, & Berish, 2006).
Further, it has been found that individuals with known neurological disorders
(e.g., Parkinson’s Disease, Mild Cognitive Impairment, Traumatic Brain Injury,
Alzheimer’s Disease, Lewy Body Dementia) display more short-term fluctuation
in cognitive performance than non-demented older adults (Burton, Hultsch,
Strauss, & Hunter, 2002; Sliwinski, Hofer, & Hall, 2003). One retrospective study
recently reported that individuals who were closer to death also displayed more
short-term fluctuation in cognitive performance, in addition to poorer levels of
overall functioning (MacDonald, Hultsch, & Dixon, 2008).
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The parent study from which the data for these papers was drawn was
optimally designed to investigate short-term fluctuation in cognitive functioning
(i.e., cognitive inconsistency, cognitive intraindividual variability). Multiple
repeated assessments of cognitive functioning permitted us to examine week-toweek variations in individuals’ cognitive performance.
To understand week-to-week variations in cognition, one must also
examine concurrent weekly fluctuations in predictors. Extant investigations into
understanding and predicting cognitive inconsistency in late-life have largely
focused on stress (Sliwinski, Smyth, Hofer, & Stawski, 2006) and blood pressure
(Gamaldo et al., 2008). These investigations found that on days when a stressful
event occurred, older adults had worse attention/concentration performance. On
days when an elder’s blood pressure was above their intrapersonal mean, they
also performed worse cognitively.
Given that better prior night’s sleep quality is associated with improvements
in next day’s mood (McCrae et al., 2008) and blood pressure (Endeshaw, White,
Kutner, Ouslander, & Bliwise, 2009; Silva, Moreira, Bicho, Paiva, & Clara, 2000)
in older adults, it would seem reasonable to extrapolate that better recent sleep
may also be related to subsequent cognitive functioning in older adults. As with
the under-studied role of sleep in predicting learning in later life, so too sleep has
been under-investigated as a potential source of cognitive inconsistency. With
the exception of work done by Christina McCrae (NIH AG0244591) and Gamaldo
and colleagues (2010), virtually no aging studies have done careful examinations
of the occasion-to-occasion variations in sleep and how they are coupled with
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occasion-to-occasion variations in cognitive functioning (Dzierzewski, 2007;
Gamaldo, Allaire, & Whitfield, 2010). The work by McCrae and colleagues,
however, has mostly focused on older adults with disordered sleep, while
Gamaldo’s work focuses exclusively on older African American elders. Thus, the
current set of studies offers the possibility of extending our knowledge of the
sleep-cognition coupling to a normal community-based sample of the aging
population.
The third overall goal (i.e., Paper 3/Chapter 4) of this dissertation was
therefore to examine various dynamic associations (i.e., mean-level and week-toweek) between sleep and short-term changes in cognition in late-life. Specific
aims of this paper include: (1) To explore the amount of short-term fluctuation in
cognitive functioning across an 18-week period, and (2) To explore various
different temporal associations (i.e., mean-level and weekly deviations in sleep)
that may exist between self-reported sleep and cognitive functioning in older
adults. In Paper 3, we further detailed the aspects of sleep that may be
particularly germane to understanding inconsistency in cognition.
Short-term fluctuation in cognitive functioning has been related to a
multitude of poor outcomes in late-life (Hultsch et al., 2008). If sleep predicted
fluctuations in cognition, sleep treatment (which should produce more consistent
sleep) might constitute one available approach for practitioners if regulating
cognitive functioning becomes a future treatment goal. Thus, the results of the
third paper may result in treatment recommendations involving sleep that, in
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addition to improving sleep as a primary outcome, may have meaningful
secondary benefits in reducing the inconsistency of elders’ cognitive functioning.
Summary
The study from which this dissertation was derived repeatedly assessed
cognitive functioning across an 18-week lifestyle intervention in a sample of older
adults (Aiken Morgan, 2008; Buman, 2008; Buman et al., 2011). Thus, this study
can provide insight into both the magnitude of practice-related change (and its
predictors), as well as short-term fluctuation in cognitive performance. Both type
of changes (practice-related learning and short-term fluctuation) may have
important functional consequences for elders’ everyday performance of daily life
tasks (Burton et al., 2009; Hultsch et al., 2008; Willis et al., 2006).
In general, this dissertation attempted to examine two out of the three types
of late-life cognitive change (1) late-life learning and (2) short-term fluctuation in
late-life cognitive functioning. The papers that follow examined the structure,
predictors, and potential consequences of practice-related learning in late-life,
how sleep relates to elders’ ability to acquire skills through practice, and how an
aberrant week of sleep may affect a subsequent cognitive functioning. The
results of each paper independently are likely to offer considerable new evidence
regarding the magnitude, nature, and predictors of learning and cognitive
inconsistency in older adults. Future implications of the work will relate to both a
deeper understanding of how effectively practice functions as a cognitive
intervention strategy (in terms of producing broad cognitive enhancement
effects), and how sleep might predict the ability to profit from practice
interventions.
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CHAPTER 2
INTENSIVE COGNITVE PRACTICE IN OLDER ADULTS: GAINS, STRUCTURE,
PREDICTORS, AND TRANSFER.
Introduction
As age increases, many aspects of cognitive functioning (i.e., processing speed,
reasoning, attention, executive functioning, and memory) tend to decrease. In crosssectional studies, these changes appear to begin in the mid-twenties; however,
cognitive decline (where cognitive losses become discernible to oneself or others) is
typically considered a problem of late-life (Salthouse, 2004). While decline may be
considered a prominent feature of aging, cognitive functioning remains plastic well into
late-life (Hertzog et al., 2008). In adults as old as the eighth and ninth decade of life,
achieving cognitive improvements through training appears to remain normatively
possible (Ball et al., 2002). Common findings from the literature on intervention-related
learning in late-life [summarized by (Hertzog et al., 2008)] suggest that late-life learning:
(a) can be substantial, (b) demonstrates limited transfer or generalizability to untrained
skills/abilities [e.g., (Willis et al., 2006)], (c) can be maintained long-term [e.g., up to 5-7
years (Unverzagt et al., 2009)], and (d) is reduced in older adults with dementias [e.g.,
(Unverzagt et al., 2007)]. When discussing late-life learning, it is crucial to distinguish
between learning as a result of focused cognitive interventions (i.e., intervention-related
learning) and learning due to repeated practice (i.e., practice-related learning). This
distinction is complicated by the fact that all cognitive training interventions contain
substantial practice components.
With several notable exceptions [i.e., (Baltes et al., 1989; Hofland et al., 1981;
Yang & Krampe, 2009; Yang et al., 2006; Yang et al., 2009)], the vast majority of the
late-life learning literature has considered practice-related improvements in cognitive
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functioning as a nuisance in need of methodological and statistical control.
Understanding practice-related learning (i.e., learning independent of focused
intervention) can shed light on the “natural” range of improvability; that is, what older
adults can achieve on their own, without formal training. Consequently, practice-related
learning has been referred to as “a basic form of cognitive plasticity” (Yang et al., 2006).
There have been relatively few studies in the area of elders’ practice-related learning,
meaning that questions remain regarding (1) the magnitude of gains associated with
repeated practice, (2) the effects of practice on underlying cognitive constructs (do
improvements on a test generalize to other measures of related abilities?), (3)
predictors of elders’ response to practice (who gains more, and why?), and (4) transfer
of practice-related effects (do untrained abilities also improve).
The overarching goal of this first paper was an in-depth investigation into practicerelated learning in late-life. Specifically, this paper sought to replicate previous studies
(Baltes et al., 1989; Yang et al., 2006) that have found that practice can result in
significant gains in the cognitive performance of older adults. Subsequently, this paper
investigated whether the effects of practice differ by cognitive domain (i.e., does
practicing speed tasks yield more or less gain than practicing reasoning tasks?) and by
individual characteristics of participants. Lastly, this paper turned to an investigation of
potential transfer of practice-related gains in cognitive functioning. As used in this study,
transfer refers to the effects of learning on one task on another task (McArdle & Prindle,
2008). As practice is a key component of focused cognitive interventions [see (Ball et
al., 2002; Jaeggi et al., 2008; Jennings & Jacoby, 2003; Mahncke et al., 2006) for
examples of focused cognitive interventions that contain substantial practice
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components], it is often difficult to disentangle the effects of strategy, feedback, adaptive
difficulty, etc. versus the effects of repeated exposure to demanding cognitive exercises.
Practice-Related Learning Gains
In one of the earliest examinations of practice-related learning, it was found that
two measures of reasoning ability, figural relations and inductive reasoning, both
displayed significant improvements (i.e., 0.75 standard score increase in performance)
when practiced for eight sessions by older adults age 60 – 84 years old (Hofland et al.,
1981). With each subsequent practice session, older adults attempted and correctly
answered more items, with no increase in commission errors even though item difficulty
increased. Thus, in that study, repeated practice appeared to result in increased speed
of responding and ability to answer increasingly difficult items (Hofland et al., 1981).
Yang, Krampe, and Baltes (2006) investigated practice-related learning in
measures of processing speed, reasoning, and visual attention across 6 retest sessions
in a sample of older adults 70 – 91 years of age and reported that practice-related
learning was substantial. In general (across all three cognitive domains), the average
improvement from initial retest to the last retest was a 1standard score gain in
performance (Yang et al., 2006). Yang and Krampe (2009) subsequently retested
available subjects from this study of practice learning [i.e., (Yang et al., 2006)] to
examine maintenance of practice learning in older adults (Yang & Krampe, 2009). They
reported that older adults were able to maintain over 50% of their original practice gains
following an eight month delay. Interestingly, the authors reported that the maintenance
in reasoning (0.45 standard score) was comparable to the immediate training gain (0.48
standard score) in tutor-guided training in ACTIVE 10-sessions (Ball et al., 2002) – or
the estimated age-related decline over a 14 year period (Yang & Krampe, 2009).
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Given that practice-related learning may be the result of simple memorization of
specific test items (Salthouse et al., 2004), Yang and colleagues (2009) examined
practice-related learning in the absence of item-specific effects by creating parallel
forms of all practice measures (Yang et al., 2009). Administration of the alternate forms
(in reasoning, processing speed, and attention) occurred over 8 practice sessions. All
three domains demonstrated significant learning. The authors examined the effects of
item-specific learning by comparing their results to those achieved in previous work
(Yang et al., 2006) in which the same measures were administered repeatedly instead
of alternate forms. They found that only reasoning learning was significantly greater
when same items were repeatedly administered, and thus concluded that older adults
are able to demonstrate significant gains (i.e., 0.33 – 1.35 standard score increases) in
cognitive functioning that do not appear the result of mere memorization (Yang et al.,
2009). An important caveat to note, however, is that even when the specific content of
items changes, the algorithm for solution may not. For example, in a series reasoning
test, if in one form it must be determined what comes next in the series “a – m – b – a –
n – b – a” (“o” is the answer), and in another form it must be determined what comes
next in the series “q – d – r – q – e – r – q” (“f” is the answer), even though the specific
item content has changed, the specific algorithms and the general understanding of the
need for algorithms may not have changed. Said differently, there may be algorithmspecific learning that looks like more generalizable learning because it appears to be
free of identical items; however, this would not be learning that will generalize to tasks
with other solution algorithms. As such, distinguishing learning effects from
memorization effects appears difficult.
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Baltes and colleagues (1986) noticed that a control group in a tutor-guided
cognitive intervention (i.e., ADEPT Protocol) which received only pretesting, posttesting, and two follow-up assessments of figural relations and inductive reasoning
exhibited significant, and comparable, gains in cognitive functioning as compared to the
intervention group (i.e., 0.85 standard score increase). However, the practice-control
group was outperformed by the tutor-guided intervention group on the most difficult
items (Baltes, Dittmann-Kohli, & Kliegl, 1986). Baltes, Dittmann-Kohli, and Kliegl (1988)
performed a follow-up study to compare three groups. Eighty seven older adults aged
60 – 86 years were assigned to receive either (1) 10 hours of tutor-guided training, (2)
10 hours of retest-only practice on figural relations and inductive reasoning, or (3) a nocontact control condition. Both training conditions demonstrated significant gains in both
inductive reasoning and figural relations. Interestingly, the practice group also
demonstrated significant gains in two additional transfer measures of perceptual speed
(that the tutor-guided group did not). When item difficulty was examined, the practice
group outperformed the training group on medium difficulty items; the two groups did
not differ on easy or hard items. However, the training group had better accuracy (i.e.,
lower error rates) on half of the outcome measures than did the practice group. The
authors concluded, based on the preponderance of the evidence (i.e., practice group
had better transfer, better performance on medium difficulty items, and that tutor training
contains practice), “What seems primarily important is to offer an opportunity for
practice” (Baltes, Kliegl, & Dittmann-Kohli, 1988).
Additional work has examined the effects of cognitive training and extended
practice on cognitive functioning (Dittmann-Kohli, Lachman, Kliegl, & Baltes, 1991). The
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authors compared four groups: (1) a no-contact control group; (2) a pre-test only group;
(3) a group that received 10 sessions of tutor-guided training, and (4) a group that
received 10 sessions of no-feedback practice. Participants were 116 healthy adults
aged 63 – 89 years old. They reported that both the training and practice groups
significantly cognitively outperformed the other two groups on all criterion tasks
(Dittmann-Kohli et al., 1991).
In another head-to-head comparison of five-session intervention-related learning
versus five-session practice-related learning in 72 older adults aged 63 – 90 years,
investigators reported that older adults receiving practice alone gained equally as much
as older adults who received tutor-guided training in figural relations performance (i.e.,
approximately 0.5 standard score increase) (Baltes et al., 1989). Further, no differences
emerged between the practice and tutor groups on accuracy, number of errors, and
ability to answer questions of varying difficulty levels (i.e., easy, medium, hard). Again,
these authors concluded, “Older adults were shown to be capable of producing gains by
themselves that were comparable to those following tutor-guided training” (Baltes et al.,
1989). Thus, practice-related learning appears to be substantial in size (and may be
comparable to intervention-related learning cognitive improvements). In fact, many of
the effect sizes reported from practice studies are comparable to those found in focused
cognitive interventions [i.e., ACTIVE intervention (Ball et al., 2002)].
Practice-Related Learning Structure
The underlying goal of late-life cognitive intervention (whether through active
training or practice) is to engender noticeable changes in both the specific tasks being
trained and the constructs underlying these specific tasks (McArdle & Prindle, 2008). As
such, the goal of cognitive training is not only to improve performance on specific
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cognitive tasks (e.g., processing speed tasks), but rather the goal is to also improve
one’s overall processing speed (i.e., the underlying processing speed construct) or
general cognitive functioning. In this sense, the structure of practice-related learning is
of importance.
When considering tutor-guided cognitive interventions, results typically
demonstrate very narrow ability gains [i.e., training in reasoning produces gains in
reasoning and not in other domains (Ball et al., 2002)]. This is likely due to the domainfocused nature of the interventions employed. However, because practice does not
require specialized instruction, participants who enroll in practice studies typically are
able to practice in multiple cognitive domains. Thus, the potential for broader gains in
multiple domains may actually be greater.
To date, there are no known studies of practice-related learning that examined
whether generalized learning or underlying constructs improved with practice. However,
there is indirect evidence regarding the structure of practice-related learning. Hofland
and colleagues (1981) reported that gains in both figural relations and inductive
reasoning displayed constant linear improvements with no sign of asymptote being
reached across eight testing sessions (Hofland et al., 1981). Interestingly, others have
reported significant linear and quadratic (signifying potential diminishing gains) trends in
practice-related learning of reasoning, processing speed, and attention across six
sessions (Yang et al., 2006). In a follow-up examination Yang, Reed, Russo, and
Wilkinson (2009) reported that reasoning, processing speed, and attention all
demonstrated significant linear improvements across 8 testing sessions; however, only
processing speed demonstrated a significant quadratic trend (Yang et al., 2009). Thus,
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there is some evidence suggesting that practice-related learning typically follows a
pattern of linear improvements across retest sessions (sometimes demonstrating a
‘leveling off’ feature). This common shape may suggest that practice has an effect on
generalized learning.
In addition to simple descriptions of the overall shape of practice-related learning,
it is useful to also examine the rate of practice-related learning. Yang and colleagues
(2009) examined the rate of practice-related learning in reasoning, processing speed,
and attention. They reported that while attention and processing speed did not differ
from each other in learning rate (although it was marginal, p = .09), they both displayed
a steeper rate of learning than reasoning (over twice as steep) (Yang et al., 2009). Such
results suggest that practice may affect cognitive domains distinctly.
Several practice-related learning investigations have repeatedly administered
multiple measures within a single cognitive domain. Yang and colleagues administered
multiple measures of reasoning and examined practice-related learning in a composite
measure (simple average) of reasoning (Yang et al., 2006). They reported steady linear
and quadratic time trends in this composite measure. In a subsequent investigation,
multiple measures of both reasoning and speed were administered (Yang et al., 2009).
Simple composites (formed through averaging) demonstrated significant linear
(reasoning) and linear and quadratic (speed) time trends. Additionally, it was reported
that practice-related learning across the domains of reasoning, processing speed, and
attention are highly correlated (i.e., correlations among practice gains of 0.66 – 0.79, all
p <0.01) (Yang et al., 2006). These shared trajectories seem to open the possibility that
some broader trans-ability (general cognitive) learning may have occurred. The present
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study sought to extend these findings by (a) examining the extent to which a single
common trajectory (latent growth model) can be fitted to multiple practice trajectories,
and (b) whether there is evidence that individual differences in practice-related
improvement on a specific set of measures transferred to other, unpracticed measures
(i.e., correlated gain).
Practice-Related Learning Predictors
Understanding which factors may predict an individual’s ability to benefit from
repeated cognitive practice could shed much needed light on the potential mechanisms
underlying practice-related learning. Further, it could also aid in the empirically guided
selection of individuals into cognitive practice interventions. It has been reported that
practice-related learning in processing speed, reasoning, and visual attention is
substantial in the young-old (70-79 years) and oldest-old (80-91 years) (Yang et al.,
2006). However, younger age and higher levels of initial functioning have both been
associated with increased rates of practice-related learning. For reasoning both lower
age and higher functioning is associated with increased practice-related learning. For
processing speed only younger age was associated with improved practice-related
learning. For attention, neither age nor level of functioning was found to be associated
with practice-related learning (Yang et al., 2006). Additionally, older adults with higher
levels of cognitive functioning do not benefit more from practice than those with lower
levels of cognitive functioning (Yang et al., 2006).
Similarly, it was reported that maintenance of practice-related gains following an 8month delay differed according to age classification (young-old vs. oldest-old) (Yang &
Krampe, 2009). The young-old maintained slightly, but significantly, more than did the
oldest-old. Additionally, individuals who gained more during initial practice also
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maintained the most during follow-up (correlations between initial gain and maintenance
of .52 – 0.63) (Yang & Krampe, 2009). Both state-anxiety (Hofland et al., 1981) and
trait-anxiety (Yang et al., 2009) have been examined as a potential predictors of
response to practice; however, neither state- nor trait-anxiety significantly contributed to
or explained the patterns of practice-related learning in late-life. Thus, while evidence
from a handful of studies by Yang and colleagues have identified several important
individual differences variables in practice-related learning, additional research is need
to further explicate these relationships.
When focused cognitive interventions are examined for predictors of training
gains, mixed results are reported. Results from the largest clinical trial of cognitive
interventions in late-life [i.e., ACTIVE (Ball et al., 2002)] suggests that most
demographic variables (i.e., age, sex, education, visual functioning, and mental status)
are not related to training-related gains (Ball et al., 2002). However, subsequent
analysis did reveal that specific impairment in the trained domain does reduce training
gains in that domain [i.e., memory impairment impact memory training gains (Unverzagt
et al., 2007)]. However, other work has demonstrated largest training-related gains in
individual with the lowest initial ability levels (Jaeggi et al., 2008). Thus, even in the
realm of focused cognitive interventions in late-life, much remains to be explored
regarding individual difference predictors of training response.
Practice-Related Learning Transfer
Transfer of learning can be defined as the influence of learning one skill on the
performance of another skill (Salomon & Perkins, 1989; Woodworth & Thorndike, 1901).
Transfer can be further examined in terms of distance along a continuum from near to
far transfer. Simplistically stated, near transfer refers to the transfer of learning to tasks
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that are similar in structure, content, and the processes required to complete them, and
far transfer refers to transfer of learning to tasks that are different in structure, content,
and the processes required to complete them [i.e., (Blieszner, Willis, & Baltes, 1981;
Salomon & Perkins, 1989)]. As such, transfer is more likely to occur for near measures
as opposed to far measures. While the concept of transfer has received much attention
in the cognitive training literature [e.g., (Hertzog et al., 2008)], results are not very
promising. With several notable exceptions [i.e., (Jaeggi et al., 2008; Smith et al., 2009;
Willis et al., 2006)], transfer of training in cognitive interventions appears to be the
exception- rather than the norm.
While the most recent examinations [i.e., (Yang & Krampe, 2009; Yang et al.,
2006; Yang et al., 2009)] of practice-related learning have not examined potential
transfer of learning, the foundational works examining practice-related learning [i.e.,
(Baltes et al., 1986; Baltes et al., 1988; Baltes et al., 1989; Dittmann-Kohli et al., 1991;
Hofland et al., 1981) have all included assessment of transfer.
In examining transfer of learning through a tutor-guided cognitive intervention
Baltes and colleagues (1986) reported that the control group (which only received
practice) demonstrated comparable transfer of learning to near ability measures of
figural relations and reasoning (Baltes et al., 1986). In a subsequent study it was found
that equivalent time spent in practice as spent in tutor-guided training produced identical
patterns of transfer to near ability measures (again in figural relations and reasoning).
Additionally, the practice group displayed additional transfer to processing speed
measures that were not demonstrated by the tutor-guided group (Baltes et al., 1988).
Dittmann-Kohli and colleagues (1991) reported that ten sessions of practice produced
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more near transfer as compared to ten session of tutor-guided training. However, tutorguided training produced transfer to self-efficacy beliefs while practice did not
(Dittmann-Kohli et al., 1991). Five sessions of practice and tutor-guided training have
been shown to produce equivalent gains in near transfer measures of figural relations
and inductive reasoning (Baltes et al., 1989). While it appears that transfer of practicerelated learning to near ability tasks is possible, definitive conclusions regarding transfer
of practice-related learning to novel tasks/skills cannot be drawn from the extant
literature due to limited investigations and mixed results.
The Current Investigation
Previous research has revealed that older adults can achieve substantial gains
from practice-related learning (Baltes et al., 1989; Hofland et al., 1981; Yang & Krampe,
2009; Yang et al., 2006; Yang et al., 2009) and can maintain those gains for relatively
long time frames (Yang & Krampe, 2009). To our knowledge, no known research has
examined whether practice-related learning has an effect on generalized learning in
older adults; thus, conclusions regarding the nature of practice-related learning cannot
be drawn. While both young-old and oldest-old, as well as high and low functioning
older adults, respond to practice with substantial gains (Yang et al., 2006), it is unknown
how other individual difference variables relate to elders’ ability to benefit from repeated
practice. Similarly, the paucity of research attempting to demonstrate transfer of
practice-related learning (Baltes et al., 1989) precludes any definitive conclusions.
Known practice-related learning investigations have utilized relatively brief numbers of
practice sessions [eight (Hofland et al., 1981; Yang et al., 2009), five (Baltes et al.,
1989), and six sessions (Yang & Krampe, 2009; Yang et al., 2006)]. Thus, questions
remain regarding older adults response to more intensive practice (and the gains,
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structure, predictors, and transfer within a more intensive practice paradigm), and,
optimal practice dosage needed to achieve cognitive gains.
The current investigation seeks to address four specific aims: (1) To replicate the
presence of significant practice-related learning in both speed and reasoning abilities in
older adults, (2) To examine whether a higher-order practice-related learning construct
is evident (i.e., generalized learning), and whether such a construct can account for
practice-related learning in individual measures (i.e., What was the effect of practicerelated learning on overall or generalized learning?), (3) To examine common individual
difference predictors (i.e., age, education, and mood) of practice-related learning (i.e.,
What predicted practice-related learning?), and (4) To examine whether individual
differences in practice-related learning predict changes in unpracticed measures (i.e.
Does practice-related learning transfer to unpracticed tests?). We hypothesized that: (1)
Practice-related learning would be substantial in both processing speed and reasoning
[based on prior research (Baltes et al., 1986; Baltes et al., 1988; Baltes et al., 1989;
Yang et al., 2006; Yang et al., 2009)]; (2) Repeated practice would engender changes
generalized learning; (3) Age, education, and mood would predict response to practice;
and (4) Practice-related learning would transfer to near ability measures but not far
ability measures.
Methods
General Study Design
This study represents a secondary analysis of the Active Adult Mentoring Program
(Project AAMP). The primary objective of Project AAMP was to test the efficacy of a
social-cognitive lifestyle intervention to increase moderate-intensity exercise in older
adults. Participants were randomly assigned to either an Active Lifestyle intervention
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arm (receiving weekly, group-based behavioral counseling) or a Health Education arm
(receiving appropriately matched health education). The current study utilizes data from
the initial 18 weeks of the study, including a baseline week of observation prior to group
assignment, 16 weeks of intervention, and a subsequent week of observation following
the intervention period. The study protocol was approved by the appropriate university
institutional review boards.
Procedure
Individuals who expressed interest in study participation were initially screened by
telephone (see below). Following telephone screening, qualified participants were
consented and completed a baseline assessment. This baseline assessment included
both computerized cognitive assessment and traditional paper-pencil cognitive
assessment of both practice cognitive measures (i.e., measures that were subsequently
assessed weekly) and transfer cognitive measures (i.e., cognitive measures that were
only reassessed at post-treatment). Next, participants were randomized to either the
Active Lifestyle or Health Education arm of the intervention. Each intervention arm
consisted of sixteen weekly group meetings [see (Buman, 2008; Buman et al., 2011) for
more information]. Either before or after each group meeting all participants completed
a computerized cognitive battery that included all practice measures (see below). Lastly,
each participant completed a post-treatment assessment that included both
computerized cognitive assessment and traditional paper-pencil cognitive assessment
of both practice and transfer cognitive measures. Thus, this study included 18consecutive weeks of cognitive practice, paired with pre/post cognitive assessment of
potential transfer measures.

46

Participants
Study participants include 90 adults aged 50 years and greater who participated in
Project AAMP. Potential enrollees responded to community-based health promotion
recruitment delivered through local media outlets. To ensure their suitability for the
study, subjects went through a thorough screening process that included many inclusion
and exclusion criteria.
Inclusion/Exclusion Criteria
All potential participants were screened by telephone to exclude individuals based
on the following criteria: severe dementing illness, history of significant head injury (loss
of consciousness for more than 5 minutes), neurological disorders (e.g., Parkinson’s
disease), inpatient psychiatric treatment, extensive drug or alcohol abuse, use of an
anticholinesterase inhibitor (such as Aricept), severe uncorrected vision or hearing
impairments, terminal illness with life expectancy less than 12 months, major medical
illnesses, cardiovascular disease, pulmonary disease requiring oxygen or steroid
treatment, and ambulation with assistive devices. Telephone screening included the 11item Telephone Interview for Cognitive Status (TICS), with a cut-off score of 30 points
being employed to differentiate mild dementia from cognitively intact (Brandt, Spencer,
& Folstein, 1988). All study participants were required to self-report sedentary lifestyle
[defined as not currently meeting minimum physical activity guidelines of ≥150
minutes/week of moderate or vigorous physical activity during the previous 6 months
(Physical Activity Guidelines Advisory Committee Report, Part A: Executive Summary,
2009)]. A note from primary care physicians acknowledging ability to participate in the
study prior to formal enrollment was required.
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Demographic and Descriptive Measures
Each study participant provided demographic data through means of a telephone
screening instrument. Information regarding participant age (measured in years since
birth), gender (male or female), and education level (years of education) were collected.
During the first in-person session, all individuals completed the North American Adult
Reading Test (NAART) (Blair & Spreen, 1989), yielding a pre-morbid IQ estimate (that
has been found to correlate between 0.40 and 0.80 with other measures of intelligence).
The Beck Depression Inventory, Second Edition [BDI-II; (Beck, Steer, & Brown, 1996)]
was administered to assess depressive symptomatology. The BDI-II consists of 21
groups of statements related to cognitive and somatic depression symptoms. The BDI-II
is a commonly used self-report measure of depression in both younger (Beck et al.,
1996) and older adults (Segal, Coolidge, Cahill, & O'Riley, 2008). The State-Trait
Anxiety Inventory [STAI; (Spielberger, 1983)] was administered to assess current (state)
and typical (trait) anxiety symptoms. The STAI consists of 40 statements to which
participants respond based on the degree to which they feel like each statement either
“right now” or “generally”.
Descriptive Statistics
The final sample included 90 adults aged 50 years and older. Mean age for the
entire sample was 63.56 years, range = 50-86 years. The sample was highly educated,
average years of education of 16.12, predominately female, 82%, of above average
intelligence, and evinced few depressive and anxiety symptoms (i.e., few depressive
and anxiety symptoms). Please refer to Table 2-1 for a complete list of
demographic/descriptive statistics.
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Measures
Cognitive measures presented below are organized into two main subheadings:
(1) Practiced Cognitive Measures, and (2) Transfer Cognitive Measures. Please refer to
Table 2-2 for a schematic of practiced measures, and near and far transfer measures.
Practice cognitive measures were administered once per week for 18-consecutive
weeks. Transfer cognitive measures were administered twice, once at pretest and once
at posttest (and are further subdivided into near and far transfer measures). Near
transfer measures represent tasks that rely on similar underlying abilities as practiced
measures. Far transfer measures are tasks that tap into unpracticed abilities.
Practiced Cognitive Measures
All weekly cognitive measures (except Simple Reaction Time and Complex
Reaction Time) were slightly modified to allow for computer administration.
Computerization of the cognitive measures was done using DirectRT experimental
generation program (Jarvis, 2008a). All computerized cognitive measures were then
compiled and administered via MediaLab experimental implementation program (Jarvis,
2008b). In an attempt to minimize practice effects due to memorization commonly found
in repeated cognitive assessments (Salthouse et al., 2004), fourteen alternate forms of
each test were used and rotated such that the same version of any given test was not
given within 6 weeks of each other. The alternate forms were constructed to be
comparable in difficulty and cognitive resources needed to complete them and have
been shown to have high test-retest reliabilities (i.e., Letter Series = 0.95-0.98; Symbol
Digit = 0.40-0.91) (Allaire & Marsiske, 2005; McCoy, 2004). Processing speed and
reasoning domains were selected as practiced cognitive domains due to their inclusion
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in previous practice-related learning investigations (Yang & Krampe, 2009; Yang et al.,
2006; Yang et al., 2009).
Processing speed
Processing speed was practiced with the Symbol Digit and Digit Copy tests
(Smith, 1982). These tests consist of matching symbols that are paired with numbers
(Symbol Digit) or numbers paired with same numbers (Digit Copy) as quickly as
possible. There was a 120-second time limit for each task and the performance score
was the total number of correct pairings made by the participant.
Processing Speed was also practiced with the Simple and Choice Reaction Time
task (Hultsch et al., 2000). The Simple Reaction Time (SRT) task presented
respondents with a warning stimulus (•••) followed by a signal stimulus (+) in the middle
of the screen. Participants were instructed to press a key with their preferred hand as
quickly as possible when the signal stimulus (+) appears. The Choice Reaction Time
(CRT) task presented respondents with a warning signal consisting of two X’s presented
to the left and right of the center of the screen. After a delay one of the X’s changed into
a circle and the location of the circle was randomly equalized across trials. Respondents
were instructed to press a key corresponding to the location of the circle as quickly as
possible. Ten practice trials were followed by 50 test trials. The outcome measures for
SRT and CRT were the mean latencies for correct test trials.
Executive processing
Executive processing was practiced with the Letter Series task (Thurstone, 1962),
which is primarily a measure of reasoning. In this task, participants had to identify the
pattern for a series of letters. Participants were asked to choose the letter that would
continue an established pattern (A B D A B D A B ___?) in a series of letters from five
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answer choices. Participants were given four minutes to complete as many items as
possible. The performance score was the number of correct responses.
Near Transfer Cognitive Measures
Transfer is conceptualized as the influence of learning one skill on the
performance of another skill (Salomon & Perkins, 1989; Woodworth & Thorndike, 1901).
Transfer measures described below are those cognitive measures that were not
practiced; that is, they were only assessed at pre and posttest. Transfer can be further
examined in terms of distance along a continuum from near-to-far. Near transfer refers
to the transfer of learning to measures that are similar in structure, content, and the
processes required to complete them. Far transfer refers to transfer of learning to
measures that are different in structure, content, and the processes required to
complete them (Blieszner et al., 1981; Salomon & Perkins, 1989).
Processing Speed
To assess near transfer for processing speed (i.e., tasks that assess processing
speed) the Trail Making Test A and B was administered (Reitan, 1992). This task
required individuals to connect circles containing numbers, and numbers and letters as
quickly as possible. The outcome measures were the time to complete the tasks. Near
transfer for processing speed was also assessed with the N-Back Task (1-back and 2back conditions). The N-Back was computerized via DirectRT (Jarvis, 2008a) and
administered via MediaLab (Jarvis, 2008b). In the 1-back condition, participants had to
judge whether the current letter matches the immediately preceding letter. In the 2-back
condition, participants had to judge whether the current letter matches the letter
presented 2 letters previously, as quickly as possible. As such, it was a measure of
speed of processing (Cohen et al., 1994). The outcome measures were the average
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reaction times for correct responses in the 1-Back and 2-Back conditions. Both Trail
Making Test A and B and N-Back (1-back and 2-Back) represent near transfer
measures of processing speed due to their heavy reliance on speed of responding.
Executive Processing
To assess near transfer for executive processing (i.e., tasks that measure
executive processes) the Letter-Number Sequencing subtest of the WMS-III (Wechsler,
1997), which is a working memory tasks requiring mental manipulation and serial
rearrangement of numbers and letters presented aurally, was administered. The
outcome measure was the total number of correct sequences recalled. The Control Oral
Word Association task (COWA) was used to assess phonemic fluency (Benton &
Hamsher, 1989), which is considered an executive function. Participants were read a
letter (“F”, “A”, and “S”) and asked to generate as many non-proper nouns beginning
with that letter as possible within sixty seconds. The outcome measure was the total
number of correct words produced for each letter. The above described measures are
all near transfer measures for executive processing due to the demanding cognitive skill
set required for their completion and their common reliance on frontal lobe functioning.
Far Transfer Measures
One far transfer tasks (i.e., a task that measures neither processing speed nor
executive processing) was administered. The Logical Memory subtest of the WMS-III
(Wechsler, 1997) measures verbal memory. Two short stories were read to participants.
Free recall of the stories occurred immediately after story presentation and again 30
minutes later. One of the two stories was presented twice to measure learning. Delayed
recall and recognition trials for each story were completed following a 25-35 minute
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delay interval. The outcome measures are the total number of propositions produced at
immediate recall and delayed recall.
Analyses
Preliminary Analyses
Prior to statistical analyses to address each main aim, preliminary analyses were
conducted. Preliminary analyses: (1) examined normality of the data, (2) examined
rates of missingness among the data, (3) examined attrition (differences between
attrited and non-attrited subjects), and (4) examined whether the proposed structure of
the cognitive variables (i.e., processing speed, executive processing, and near and far
transfer) held true across time.
Preliminary analysis examined the data for normality. All data were screened for
outliers at the intraindividual level (i.e., within-person from trial-to-trial). Further, all
cognitive variables were also screened for potential outliers at the interindividual level
(i.e., between-persons). Interindividual outliers were replaced with their respective 3
standard deviation values, while intraindividual outliers were simply removed from the
dataset prior to calculation of occasion-specific values. Skewness and kurtosis values
were also examined using generally agreed upon criteria (i.e., skewness and kurtosis
values less than 1.0) (Field, 2005). Rates of missingness were calculated as a
descriptor of the data, because all available data was utilized. All structural equation
modeling (SEM) was implemented through AMOS (Arbuckle & Wothke, 1999) via full
information maximum likelihood (FIML) estimation methodology. Analysis of attrition
was conducted to examine whether there were differences between study completers
(those whom were present at posttest) and study attriters (those whom dropped out
before reaching posttest) on all cognitive and descriptive/demographic variables.
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The proposed structure of the cognitive variables was examined via an exploratory
factory analysis (EFA) for all cognitive variables obtained during baseline testing (i.e.,
practiced and unpracticed measures). In order to determine if the structure of the
cognitive variables was maintained throughout the course of the study, a subsequent
confirmatory factor analysis (CFA) was conducted with all cognitive variables obtained
during posttest testing (i.e., practiced and unpracticed measures) with the baseline
structure imposed. As such, the EFA suggested cognitive structure was estimated at
posttest, and the fit was evaluated.
The parent study (Project AAMP) to the current paper was a test of the efficacy of
a social-cognitive lifestyle intervention to increase moderate-intensity exercise in older
adults. Participants were assigned to either an Active Lifestyle intervention or a Health
Education. As such, concerns regarding differing cognitive trajectories between these
groups may be present. However, previous reports have reported few baseline to
posttest fitness effects by group status (Buman, 2008) and no baseline to posttest
cognitive effects by group status (Aiken Morgan, 2008). Thus, group status was not
controlled for in subsequent analyses.
Main Analyses
To determine if practice-related learning was evident in each individual repeated
cognitive measure (Aim 1), separate univariate growth curves were estimated. Both
linear and quadratic estimates of change were examined. Significant practice-related
learning was indicated by tests of the slope being non-zero. Further, random slopes and
intercepts were estimated and were examined to determine if the slope-related or
intercept-related variance was non-zero. There must be significant individual differences
(i.e., random variance) in the slopes and/or intercepts prior to estimation of models that
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predict either an intercept or slope term. Model fit was evaluated by examining the
following fit statistics: χ2 (chi-squared), ratio of χ2 value to degrees of freedom
(CMIN/DF), comparative fit index (CFI), Tucker-Lewis index (TLI), incremental fit index
(IFI), and root mean square error of approximation (RMSEA). Good model fit was
indicated by models with non-significant chi-square statistic, CMIN/DF < 2, CFI, TLI, and
IFI > 0.90, and RMSEA < .08.
To examine whether practice-related learning in individual cognitive measures
results in gains in generalized learning (Aim 2) a higher order latent growth model
(curve of factors) was estimated. Initially, a factor of curves model was proposed;
however, this model was not identifiable and it has been reported that factor of curves
and curve of factors models typically produce very similar results while addressing
comparable questions (Duncan, Duncan, & Strycker, 2006). This model explored if at
each assessment point, for each cognitive measure that was practiced, the measures
could be made to load on a single common occasion-specific factor, and then whether
these common occasion-specific factors could be made to load on a common intercept
and linear and quadratic slope. If the unique univariate measures load on common time
factors that load on an overall intercept and linear and quadratic slope it would be
suggestive that practice-related learning in the individuals tasks results in a common (or
generalized) gain in cognitive functioning. Significant higher-order practice-related
learning was indicated by tests of the common factor slopes being non-zero. Model fit
was evaluated by examining common fit statistics (i.e., χ2, CMIN/DF, CFI, TLI, IFI, and
RMSEA). Please refer to the dashed center circle in Figure 2-1 for a graphical
representation of this analysis.
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Frequently used predictors of individual difference in cognition were next added to
the model built in Aim 2 to examine their predictive utility on practice-related learning in
late-life (Aim 3). That is, Aim 3/Analysis 3 explored predictors of practice-related
learning. The variables of age, education, depression, and state anxiety were examined.
It was initially hypothesized that the relevant predictors of growth to study would include
gender, predicted IQ, and trait anxiety. In the models that follow, these terms are not
included because such models did not converge. As these variables were found to have
little predictive value or overall effect on model fit, they were removed from further
analyses.
A single model in which all four predictors were estimated concurrently was
estimated, as there was no hypothesized hierarchical ordering among the predictors.
Each variable was evaluated based on the significance of their paths to (a) commonlevel practice intercept, (b) common-level practice linear slope, and (c) common-level
practice quadratic slope. Significant paths from these exogenous variables to commonlevel intercept and slopes indicate significant prediction of practice-related learning.
Variables were also be evaluated based on their overall consequences to model fit
statistics (i.e., χ2, CMIN/DF, CFI, TLI, IFI, and RMSEA). Please refer to the solid lower
rectangle in Figure 2-1 for a graphical representation of this analysis.
To examine any potential transfer of practice-related learning to non-practiced
cognitive measures (Aim 4) the above-described transfer measures were added to the
model built in Aim 3. Transfer measures were allowed to have correlated residuals if
improvement in model fit resulted from such correlated residuals. Transfer measures
were calculated as simple pre/post change scores. Each transfer measure (both near
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and far transfer measures) became a dependent variable that was predicted by (a) the
common-level linear slope and (b) the common-level quadratic slope. Significant paths
from either slope indicated significant transfer of learning. Paths from the common-level
slopes were evaluated based on their significance levels and overall effects on model fit
(i.e., χ2, CMIN/DF, CFI, TLI, IFI, and RMSEA). Please refer to the double-lined upper
rectangle in Figure 2-1 for a graphical representation of this analysis.
Results
Preliminary Analyses
Normality
Descriptive statistics revealed the presence of numerous sample outliers and
suggested data were both skewed and kurtic. An iterative approach to outlier trimming
resulted in data that were normally distributed. Please refer to Table 2-3 for descriptive
and normality statistics pre and post outlier trimming procedures, and for raw cognitive
scores for each measure at each occasion. In total, 118 variables were cleaned for 90
subjects. This produced a total of 10,620 potential data points that could have been
trimmed. Only 87 actual data points were trimmed; resulting in 0.82% of the data being
altered. Following data cleaning procedures, all RT-based data (i.e., N-Back, Simple
and Choice RT, and Trails A and B) were transformed such that higher scores were
indicative of better performance. This was done to place all cognitive measures on a
similar metric and to improve interpretability of the main study Aims.
Missing Data
Ninety subjects were enrolled in the current investigation. Of these 90 subjects,
twenty-two (or approximately 25% of the baseline sample) did not complete posttesting. As is typical for intraindividual variability studies, throughout the repeated
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assessments, participation waxed and waned considerably. In general, participation
was at its highest during the earlier weeks of assessment. Week 1 had the lowest
percent of missing data with just over 12% missing. In contrast, participation was at its
lowest at the end of the repeated assessments. Week 15 had the highest rate of
missing data with just over 49% missing. Overall, the average level of missing data was
approximately 31%, while the median amount of missing data was also approximately
31% missing. Please refer to Figure 2-2 for a graphical representation of missing data
across the study period.
Attrition
As is shown in Table 2-4, comparing demographic/descriptive characteristics of
individuals who completed posttest (n = 68) to those that failed to complete posttest
(i.e., attriters; n = 22), independent samples t-tests indicated that the study’s attriters
reported significantly more depressive symptoms than did study completers, t (88) =
2.41, p = 0.02. Study completers and attriters did not significantly differ in their
performance on any baseline cognitive measure, all p’s > 0.05. Full information
maximum likelihood (FIML) estimation methodology was employed in all subsequent
analyses, as such methodology has been shown to produce reliable estimates even
when data are not missing at random and is preferable to listwise deletion and
purposive estimation (Graham, 2009).
Data Structure
As a preliminary exploration of the relatedness of the baseline cognitive variables
a set of bivariate correlations were ran among practiced and non-practiced (i.e.,
transfer) cognitive measures. These correlations generally supported a high degree of
associations among the baseline cognitive measures. Please see Table 2-5 for a
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complete list of correlation coefficients among baseline cognitive variables. An
exploratory factor analysis (EFA) with principal axis factoring and Promax rotation with
Kaiser normalization was conducted to examine the structure of all cognitive variables
at baseline assessment. Four factors had eigenvalues greater than the recommended
level of 1 (Tabachnick & Fidell, 2001); however, interpretability, loadings of at least .30,
and percent variance explained in the indicators all suggested a three-factor explanation
to be parsimonious. All three factors had eigenvalues greater than 1 (4.75, 1.82, and
1.27, respectively) and explained 60.32% of the variance between measures (36.55%,
14.01%, and 9.76%, respectively). While the variance explained by the three-factor
solution fell short of recommended guidelines (Gorsuch, 1983), interpretability of
structure loadings suggested the three-factor model to be the most desirable solution.
Please refer to Table 2-6 for the pattern matrix of factor loadings from the three-factor
solution. In general, the proposed structure of the cognitive data, with processing speed
and executive processing (both practiced and unpracticed) measures along with far
transfer measures (i.e., memory measures), was confirmed.
To explore the stability of the cognitive structure across the repeated assessments
a confirmatory factor analysis (CFA) was conducted on the posttest data. Model
parameters were estimated using maximum likelihood. Evaluation of model fit was done
through commonly used fit statistics including chi-square statistic, ratio of chi-square
value to degrees of freedom (CMIN/DF), comparative fit index (CFI), Tucker-Lewis
index (TLI), incremental fit index (IFI), and root mean square error of approximation
(RMSEA). The three-factor model resulted in exceptional fit. χ2(57) = 51.15, p < .05,
CMIN/DF = 0.90, CFI, TLI, and IFI all ≥ 1.00, and RMSEA = 0.00. With the exception of
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the 2-Back, and as depicted in Figure 2-3, factor loadings (ranging from .34 to .95) and
explained variance (ranging from .12 to .90) were good. As such, it appears that the
factor structure was maintained from baseline to posttest.
Main Analyses
Initially, parameterization of the latent growth curves (LGC), one for each
repeatedly assessed cognitive variable, was planned with each individual assessment
occasion (i.e., 18 total occasions) being modeled. However, preliminary analyses
revealed that these models, without exception, failed to converge and thus did not
provide robust estimates. As such, composite cognitive scores composed of blocks of
adjacent occasions were computed and used in all subsequent analyses of Aims 1 - 4.
Blocks were constructed in the following manner: Block 1 = baseline, week 1, and week
2; Block 2 = week 3, week 4, week 5, and week 6; Block 3 = week 7, week 8, week 9,
and week 10; Block 4 = week 11, week 12, week 13, and week 14; and Block 5 = week
15, week 16, and posttest. The blocks were constructed in this manner so that each
block would contain roughly equal numbers of occasions and to allow the earliest
occasions (i.e., occasions 1 – 3) and the latest occasions (i.e., occasions 15 – 17) to
have slightly more influence on their respective block scores. Five blocks were
constructed as this number of occasions is in accordance with other higher-order latent
growth models published in the psychology and aging literature (Christensen et al.,
2004; Hofer et al., 2002). Please see Table 2-7 for mean performance on each
cognitive measure at each block.
Aim 1: Individual Growth Curves
All latent growth curve analysis results are presented in Table 2-8. Please refer to
this table for all intercept and slope estimates, and correlation coefficients between
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intercept and slope estimates. Additionally, please see Figure 2-4 for a graphical
representation of standardized model implied change in each cognitive measure across
the study period.
Number Copy. Fit statistics indicated good model fit for the Number Copy LGC
model. χ2(10) = 8.79, p > .05, CMIN/DF = 0.88, CFI, TLI, and IFI all ≥ 1.00, and RMSEA
= 0.00. The mean intercept was 42.56, p < .01, suggesting that the average Block 1
starting value was significantly greater than zero. The mean estimate of the linear slope
was -0.13, p > .05, suggesting non-significant linear growth across blocks in Number
Copy performance. However, the mean estimate of the quadratic slope was 1.85, p <
.01, suggesting significant quadratic change across blocks in Number Copy
performance. Specifically, significant growth was observed during the first two blocks of
assessment, followed by decelerated growth throughout the end of the study period.
The intercept-related variance was 16.23, p < .01, suggesting significant individual
differences in Block 1 Number Copy performance. The linear slope-related variance
was 0.57, p > .05, suggesting non-significant individual differences in linear change in
Number Copy performance. However, the quadratic slope-related variance was 6.23, p
< .05, suggesting significant individual differences in quadratic change in Number Copy
performance.
Symbol Digit. Fit statistics indicated good model fit for the Symbol Digit LGC
model. χ2(10) = 13.99, p > .05, CMIN/DF = 1.40, CFI, TLI, and IFI all ≥ 0.98, and
RMSEA = 0.067. The mean intercept was 23.44, p < .01, suggesting that the average
Block 1 starting value was significantly greater than zero. The mean estimate of the
linear slope was -0.03, p > .05, suggesting non-significant linear growth across blocks in
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Symbol Digit performance. However, the mean estimate of the quadratic slope was
2.24, p < .01, suggesting significant quadratic change across blocks in Symbol Digit
performance. Specifically, significant growth was observed during the first two blocks of
assessment, followed by decelerated growth throughout the end of the study period.
The intercept-related variance was 19.07, p < .01, suggesting significant individual
differences in Block 1 Symbol Digit performance. The linear slope-related variance was
1.82, p < .05, suggesting significant individual differences in linear change in Symbol
Digit performance. Lastly, the quadratic slope-related variance was 9.38, p < .05,
suggesting significant individual differences in quadratic change in Symbol Digit
performance.
Letter Series. The LGC model for Letter Series would not properly converge with
correlations to the quadratic slope being estimated. This was likely due to negative
quadratic slope variance. As a result, the correlations between the intercept and linear
slope and the quadratic slope were not estimated and the quadratic slope variance was
set to zero. Fit statistics indicated adequate model fit for the Letter Series LGC model.
χ2(13) = 43.81, p < .001, CMIN/DF = 3.37; however, CFI, TLI, and IFI all ≥ 0.92. Lastly,
RMSEA = 0.16. The mean intercept was 7.85, p < .01, suggesting that the average
Block 1 starting value was significantly greater than zero. The mean estimate of the
linear slope was 0.14, p > .05, suggesting non-significant linear growth across blocks in
Letter Series performance. However, the mean estimate of the quadratic slope was
2.14, p < .01, suggesting significant quadratic change across blocks in Letter Series
performance. Specifically, significant growth was observed during the first two blocks of
assessment, followed by decelerated growth throughout the end of the study period.
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The intercept-related variance was 10.82, p < .01, suggesting significant individual
differences in Block 1 Letter Series performance. The linear slope-related variance was
0.47, p < .05, suggesting significant individual differences in linear change in Letter
Series performance. Lastly, as stated above, the quadratic slope-related variance was
set to zero.
Simple RT. The LGC model for Simple RT would not properly converge with
correlations between the intercept, linear slope and quadratic slope being estimated. As
a result, these correlations were not estimated. Fit statistics indicated good model fit for
the Simple RT LGC model. χ2(13) = 13.73, p > .05, CMIN/DF = 1.06, CFI, TLI, and IFI
all ≥ 0.99, and RMSEA = 0.03. The mean intercept was 486.38, p < .01, suggesting that
the average Block 1 starting value was significantly greater than zero. The mean
estimate of the linear slope was -6.79, p < .05, suggesting significant linear change
across blocks in Simple RT performance. The mean estimate of the quadratic slope was
26.54, p < .01, suggesting significant quadratic change across blocks in Simple RT
performance. Specifically, significant growth was observed during the first two blocks of
assessment, followed by a leveling off throughout the end of the study period. The
intercept-related variance was 2466.41, p < .01, suggesting significant individual
differences in Block 1 Simple RT performance. The linear slope-related variance was
85.22, p < .05, suggesting significant individual differences in linear change in Simple
RT performance. Lastly, the quadratic slope-related variance was 181.90, p > .05,
suggesting non-significant individual differences in quadratic change in Simple RT
performance.
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Choice RT. Fit statistics indicated good model fit for the Choice RT LGC model.
χ2(10) = 5.08, p > .05, CMIN/DF = 0.51, CFI, TLI, and IFI all ≥ 1.00, and RMSEA =
0.00. The mean intercept was 353.81, p < .01, suggesting that the average Block 1
starting value was significantly greater than zero. The mean estimate of the linear slope
was -17.15, p < .01, suggesting significant linear change across blocks in Choice RT
performance. The mean estimate of the quadratic slope was 54.53, p < .01, suggesting
significant quadratic change across blocks in Choice RT performance. Specifically,
significant growth was observed during the first two blocks of assessment, followed by a
slight decline throughout the end of the study period. The intercept-related variance was
4557.28, p < .01, suggesting significant individual differences in Block 1 Choice RT
performance. The linear slope-related variance was 349.68, p < .05, suggesting
significant individual differences in linear change in Choice RT performance. Lastly, the
quadratic slope-related variance was 2604.88, p < .05, suggesting significant individual
differences in quadratic change in Choice RT performance.
Aim 2: Curves of Factors
The Curve of Factors model was fit with both a linear and quadratic slope. The
Curve of Factors model would not converge due to negative deviance-related variances
at Block 1 and Block 5. As a result, these variances were set to zero. Fit statistics
indicated adequate model fit for the model, χ2(240) = 433.90, p < .001; however,
CMIN/DF = 1.81, CFI and IFI = 0.92, TLI = 0.89. Lastly, RMSEA = 0.095. Each block of
each measure significantly loaded on its respective overall block, all p’s < .005. The
mean intercept was 369.03, p < .01, suggesting that the average Block 1 starting value
was significantly greater than zero. The mean estimate of the linear slope was 8.49, p <
.01, suggesting significant linear growth across blocks in overall generalized learning.
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The mean estimate of the quadratic slope was 53.76, p < .01, suggesting significant
quadratic change across blocks in generalized learning. Specifically, significant growth
was observed during the first two blocks of assessment, followed by a leveling off
throughout the end of the study period. The intercept-related variance was 2317.34, p <
.01, suggesting significant individual differences in Block 1 general cognitive
performance. The linear slope-related variance was 37.96, p < .05, suggesting
significant individual differences in linear change in generalized learning. Lastly, the
quadratic slope-related variance was 554.71, p > .05, suggesting non-significant, though
marginal, individual differences in quadratic change in generalized learning. Please
refer to Table 2-9 for all intercept and slope estimates, correlation coefficients between
intercept and slope estimates, and standardized loadings for each measure to each
general block. Please see Figure 2-5 for a graphical representation of model implied
change in overall generalized learning across the study period. See Figure 2-6 for the
standardized coefficients in model path diagram.
Aim 3: Curves of Factors: Individual Differences
The goal of Aim 3 was to examine common individual difference predictors of the
general cognitive functioning level (i.e., common intercept) and change in generalized
learning (i.e., common slopes) modeled in the previous analysis (i.e., Aim 2). In order to
examine the predictive utility of widely used individual difference variables on the level
and rate-of-change in generalized learning age, education, depressive symptomology,
and state-anxiety were added to the previously parameterized curve of factors model. In
addition to the negative deviance-related variances at Block 1 and Block 5 that were
observed in Aim 2, the current model had convergence problems due to negative

65

deviance-related variance at Block 2. As a result, Blocks 1, 2, and 5 variances were set
to zero.
Fit statistics indicated adequate model fit, χ2(337) = 576.27, p < .001; however,
CMIN/DF = 1.71, CFI and IFI = 0.90, TLI = 0.87. Lastly, RMSEA = 0.089. The level of
the common factor was associated with age (-0.50, p < .001), education (0.19, p < .05),
and depressive symptoms (-0.30, p < .05). This indicated that the intercept of the
common factor was lower in older adults, less educated adults, and older adults with
more depressive symptoms. The linear slope of the generalized learning factor was not
associated with any of the individual difference variables. The quadratic slope of the
generalized learning factor was associated with education (-0.40, p < .05) and state
anxiety symptoms (0.41, p < .05). This indicated that older adults with more years of
education experienced less pronounced deceleration in generalized learning, while
older adults with more state anxiety-related symptoms experience increased
deceleration in generalized learning. Please refer to Table 2-10 for a listing of
standardized coefficients predicting the common level and change in generalized
learning. Please see Figure 2-7 for the complete path diagram modeling individual
differences in common level and change in generalized learning. See Figure 2-8 for a
path diagram of standardized loadings and significance levels of the individual
difference predictors. Refer to Figure 2-9 for a graphical representation of generalized
learning for both a high (i.e., 90th %ile) and low (i.e., 10th %ile) educated and stateanxious subject.
Aim 4: Curves of Factors: Transfer
The goal of Aim 4 was to examine potential transfer of the practice-related gains in
generalized learning to changes in unpracticed cognitive measures (i.e., do common
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slopes predict pre/post changes in unpracticed measures?). In order to examine the
potential transfer of generalized learning, simple pre-post change scores in the
unpracticed cognitive measures were added to the previously parameterized curve of
factors model in Aim 3. Paths were subsequently drawn from the common intercept,
linear and quadratic slopes to the pre/post change scores. Like in previous models,
negative deviance-related variances at Block 1, 2, and 5 were present. As a result,
Blocks 1, 2, and 5 variances were set to zero.
Fit statistics indicated adequate model fit, χ2(572) = 944.23, p < .001; however,
CMIN/DF = 1.65, CFI = 0.85, IFI = 0.86, and TLI = 0.82. Lastly, RMSEA = 0.085. There
were no statistically significant associations between either the common intercept or
common slope and any pre/post change scores. However, there were significant
associations between the common-level quadratic slope and pre-post change in 1-Back
RT (0.91, p < .01) and 2-Back RT (0.36, p < .05). This indicated that subjects whom
experienced more positive growth in generalized learning also experience greater levels
of pre-post improvement in 1-Back and 2-Back RT. This transfer of practice-related
learning represents near transfer for processing speed. Please refer to Table 2-11 for a
listing of standardized coefficients for transfer in generalized learning to non-practiced
measures. Please see Figure 2-10 for the complete path diagram modeling transfer as
a result of change in generalized learning. See Figure 2-11 for a path diagram of
standardized loadings and significance levels of transfer. Refer to Figure 2-12 for a
graphical representation of generalized learning transfer for both a high (i.e., 80th %ile)
and low (i.e., 20th %ile) change 1-Back RT and 2-Back RT subject.
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Discussion
The current study investigated improvements in cognitive functioning in older
adults that were the result of repeated practice with cognitive stimuli (i.e., practicerelated learning). Specifically, this study sought to: (a) replicate the findings of
significant practice-related learning in late-life, (b) investigate if practice in specific
cognitive measures resulted in improvements in overall cognitive
functioning/generalized learning, (c) determine if individual difference variables predict
improvements in any generalized learning observed, and (d) examine whether
improvements in generalized learning led to subsequent transfer of learning to nonpracticed cognitive measures.
It was found that both processing speed measures (i.e., Number Copy, Symbol
Digit, Simple RT, and Choice RT) and an executive processing measure (i.e., Letter
Series) demonstrated significant gains associated with repeated practice. Further, the
significant practice-related gains observed in these individual measures were found to
result in generalized learning. Specifically, it was possible to extract a common growth
model that suggested the existence of correlated growth across all the measures;
individuals who gained more in one ability were more likely to gain in another.
Regarding predictors of generalized learning, it was found that both education and
state-anxiety were associated with one’s ability to benefit from repeated practice. Lastly,
very limited near transfer for processing speed was observed.
Practice-Related Learning
The first overall goal of the current investigation was to replicate previous research
demonstrating the presence of significant practice-related learning in late-life. Previous
investigation has demonstrated significant practice-related learning in figural relations
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and inductive reasoning (i.e., .75 standard score increase in performance) across eight
practice trails (Hofland et al., 1981), processing speed, reasoning, and visual attention
gains (i.e., 1standard score gain in performance) across 6 retest sessions (Yang et al.,
2006), reasoning, processing speed, and attention (i.e., .33 – 1.35 standard score
increases) over 8 practice sessions (Yang et al., 2009), figural relations and inductive
reasoning improvements (i.e., 0.85 standard score increase) across 4 practice sessions,
and figural relations improvements (i.e., approximately 0.5 standard score increase)
over 5 testing sessions (Baltes et al., 1989). The current investigation successfully
replicated these previous findings. Significant practice-related learning (i.e., 0.48 – 1.40
standard score increases) was observed in processing speed and executive processing
measures over 18 practice sessions.
As Baltes and colleagues (1986, 1988) have reported, practice-related learning
has been shown to compare favorably to tutor-guided cognitive intervention in head-tohead trials (Baltes et al., 1986; Baltes et al., 1988). In line with these previous
investigations, the gains demonstrated in the current study (i.e., 0.48 – 1.40 standard
score increases) are comparable to the average immediate training gains (.48 standard
score) in tutor-guided training in ACTIVE 10-sessions (Ball et al., 2002) – and are larger
than the estimated age-related decline over a 14 year period (Yang & Krampe, 2009).
Of importance, due to speculation that practice-related learning may be the result
of mere item memorization by older adults (Salthouse et al., 2004), in the current
investigation no specific test item was repeated within 6 weeks of itself. As such, it
appears highly unlikely that the practice-related gains observed are the result of item
memorization. Our results corroborate those of Yang and colleagues (2009) whom also
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found significant practice-related learning in the absence of item-specific effects (Yang
et al., 2009). While it cannot be guaranteed that there were no item-specific learning
effects in the current study, the number of items presented and the lag between same
items greatly reduced the likelihood of such learning.
Practice-Related Learning Structure
There is little previous knowledge regarding the effects of cognitive interventions,
through either practice or tutor-guided instruction, on generalized learning. Further, the
knowledge that does exist in this domain is mixed. In general, tutor-guided cognitive
interventions typically result in very narrow ability gains (Ball et al., 2002). This has been
speculated to be a result of the domain-focused nature of the interventions employed.
As practice does not require specialized instruction and is therefore not necessarily
domain-specific (i.e., practice can occur across many domains), ability gains may be
more dispersed. As such, the potential for gains in general cognitive functioning remain.
Indirect evidence of practice’s effects on generalized learning come from practicerelated learning investigations that have reported that growth in various different
cognitive constructs (i.e., figural and inductive reasoning, processing speed, attention,
etc.) all appear to occur in similar fashion (Hofland et al., 1981; Yang et al., 2006). That
is, it has been reported that separate cognitive constructs all improve with linear and
quadratic trends across repeated testing sessions. While this is only a cursory way to
comment on the potential effects of practice on generalized learning, it does suggest
that practice potentially results in common changes to general functioning. In the current
investigation, we progressed beyond noting similar trajectories to the finding of
correlated trajectories; that is, as individuals improved on some cognitive measures, so
too did they improve on all other cognitive measures. Similarly to these previous
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investigations, the current study also reported that across 5 distinct processing speed
and executive processing measures practice resulted in linear and quadratic
improvements in functioning. Further evidence of the effects of practice on generalized
learning come from Yang and colleagues (2006, 2009), who similarly showed that
cognitive composites demonstrate significant practice-related learning (Yang et al.,
2009), and that gains across composite measures are highly correlated with one
another (Yang et al., 2006).
The current investigation directly examined the question of whether or not
practice-related learning engenders changes in overall (or generalized) cognitive
functioning through modeling change at the latent factor level. In this sense, the
combined effect of repeated cognitive practice of multiple cognitive tests on generalized
learning was directly modeled. Significant linear and quadratic growth was noted in
generalized learning as a result of repeated practice. The generalized cognitive growth
was substantial in size (i.e., 0.84 standard score increase), with the vast majority of
gains occurring within the first 4 weeks of practice (i.e., 0.77 standard score increase in
performance). As such, it appears that generalized learning can be strengthened with
as little as 4 weeks of practice. Further, lengthier practice seems to offer little additional
bonus in terms of improved cognitive functioning. However, such a claim is deserving of
future investigations.
The goal of late-life cognitive interventions is to produce changes in both the
specific tasks being training and overall cognitive functioning (McArdle & Prindle, 2008).
The current study found evidence of generalized learning resulting from cognitive
practice in older adults. As such, future investigations/interventions aimed at improving
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late-life cognitive functioning may do well to consider utilization of a cognitive practice
paradigm. Not only is practice easy to implement (due to the absence of tutors and
specific techniques), it also appears to affect general cognitive functioning in late-life.
This effect on general cognitive functioning may have important functional and qualityof-life implications, though such questions are in need of further investigation.
Practice-Related Learning Predictors
Previous research has examined predictors of response to test-specific practicerelated learning in older adults. In this realm it has been reported that both the youngold and old-old demonstrate practice-related learning in processing speed, reasoning,
and visual attention (Yang et al., 2006). However, age and level of initial functioning
have been found to be differentially related across these various cognitive domains
(Yang et al., 2006). Recently, it was reported that reasoning, spatial visualization,
episodic memory, perceptual speed and vocabulary show significant practice-related
gains, but more pronounced gains in younger individuals (Salthouse, 2010).
Additionally, neither state- nor trait-anxiety significantly predicted the patterns of
practice-related learning in late-life (Hofland et al., 1981; Yang et al., 2006).
As no previous research has directly modeled changes in gains that transcend
multiple measures, so too no previous investigation has attempted to examine individual
difference predictors of changes in generalized learning as a result of practice.
However, if task-specific practice-related improvements are related across measures
(i.e., generalized learning), then it stands to reason that individual difference predictors
found to be related to task-specific improvements may also be related to generalized
learning improvements. The current investigation found that individuals with higher
levels of education displayed more constant improvements in generalized learning than
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those with lower levels of educations. Further, and contrary to previous examinations in
task-specific practice-related learning, individuals with increased levels of state-anxiety
were found to show a decreased rate of generalized learning.
Selection of subjects optimally suited to participate in practice-related cognitive
interventions in late-life may be guided by the current results: individuals with higher
levels of education and low levels of anxiety appear best suited to gain maximal benefits
from practice. While educational attainment (which is most typically attained in early
adulthood) is not something that can be altered/intervened in during late-life, anxiety
appears very modifiable in older adults (Barrowclough et al., 2001; Stanley, Beck, &
Glassco, 1996; Wetherell, 1998). As such, it appears warranted to recommend that prior
to enrollment in practice-related cognitive interventions in late-life older adults should be
screened appropriately for anxiety symptoms and, if present, should receive appropriate
evidence-based treatments to ameliorate the anxiety prior to engaging in cognitive
practice.
The findings that educational attainment and anxiety are related to practice-related
improvements in generalized learning may shed light on the potential mechanisms
underlying practice-related learning. Educational level is thought to be a proxy for
reserve, which is the ability to optimize or maximize performance (Stern, 2002).
Reserve is hypothesized to serve as a protective agent to late-life cognitive decline
(Stern, 2006). As such, educational level may not only be a protective agent against
cognitive decline it may also be an active ingredient in cognitive improvement. As
education is a proxy for reserve, it is suggestive that practice-related improvements in
generalized learning may be due to either brain reserve or optimization of neural
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networks and/or recruitment of alternative networks (Stern, 2002, 2006). General
anxiety and state-anxiety have been shown to be negatively related to cognitive
functioning in younger (Elliman, Green, Rogers, & Finch, 1997) and older adults
(Beaudreau & O'Hara, 2009; Wetherell, Reynolds, Gatz, & Pedersen, 2002). Theorists
speculate that anxiety’s negative impact on cognitive functioning is due mainly to worry
and intrusive thoughts that compete for cognitive resources (i.e., inhibition and attention
deficits) (Eysenck & Calvo, 1992; Eysenck, Derakshan, Santos, & Calvo, 2007). As
anxiety was related to lower gains in practice-related learning, it may be that changes in
generalized learning rely on attentional and inhibitory processes. Additional research is
needed to further explicate the mechanisms underlying practice-related changes in
generalized learning.
Practice-Related Learning Transfer
Transfer of learning in a major goal of nearly all cognitive interventions. However,
it is a goal that is seldom achieved (Hertzog et al., 2008). With very few exceptions [i.e.,
(Jaeggi et al., 2008; Smith et al., 2009; Willis et al., 2006)] tutor-guided interventions
have not demonstrated transfer of learning. Conversely, several recent investigations of
practice-related learning investigations [i.e., (Yang & Krampe, 2009; Yang et al., 2006;
Yang et al., 2009)] have not attempted to examine potential transfer. However, the
earliest investigations into practice-related learning [i.e., (Baltes et al., 1986; Baltes et
al., 1988; Baltes et al., 1989; Dittmann-Kohli et al., 1991; Hofland et al., 1981)] all
investigated transfer and demonstrated narrow transfer to near abilities. This
demonstrated transfer represents transfer from practiced specific-tasks to non-practiced
specific tasks of the same underlying ability.
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The current investigation examined transfer from practice-related gains in
generalized learning to non-practiced measures of both near and far abilities. It was
found that individuals whom showed more constant improvements in generalized
learning also demonstrated the highest levels of pre/post improvements in 1-Back and
2-Back RT. As such, near transfer from generalized learning to a processing speed
measure was demonstrated. Such transfer suggests that improving older adults’
generalized learning through simple repeated practice may be a viable means to
improving other areas of cognitive functioning. [Note: This set of analyses was
hampered by a reduced N. Please see Limitations Section below for further discussion
of transfer in the current investigation.]
Limitations
There are several limitations to the current study that need to be recognized. The
current study was embedded within a larger trial of a lifestyle intervention (Aiken
Morgan, 2008; Buman, 2008; Buman et al., 2011). There was no effect of intervention
group on cognitive performance across the entirety of the study. However, all subjects
were given a free gym membership for the length of the investigation. As physical
activity and physical fitness has been shown to be related to cognitive functioning in
late-life (McAuley, Kramer, & Colcombe, 2004), it is possible that some of the variance
associated with growth in generalized learning is related to physical activity/fitness
levels, and/or changes in physical activity/fitness. While previous studies have
demonstrated an absence of relationships between changes in physical activity/fitness
and cognition in the current sample (Aiken Morgan, 2008), the lack of such relationships
does not suggest the lack of other relationships between physical activity/fitness and
cognition (i.e., correlated changes across time, etc.).
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Another limitation is related to the practiced and unpracticed cognitive measures
employed in the study. As demonstrated by the EFA/CFA, only two cognitive domains
were assessed repeatedly (i.e., processing speed and executive processing). It would
have been advantageous to examine multiple other cognitive domains in the context of
practice-related learning. Further, far transfer was assessed by a single measure (i.e.,
Logical Memory) which resulted in two indices of verbal memory. Again, it would have
been advantageous to assess more than one potential far transfer measure. Lastly,
related to the cognitive assessments, the number of specific measures assessing each
cognitive domain was extremely unbalanced. It would have been beneficial to have
multiple executive processing measures practiced so that practice-related learning
could have been examined at the individual, construct, and overall levels.
Another major limitation of the current investigation was its relatively small sample
size for its complex analytical approach. This limitation bares direct consequences to
some of the reported results and interpretations. For example, only one instance of
significant transfer of learning was detected. The standardized path coefficients in
structural equation modeling are analogous to Pearson's r (Tabachnick & Fidell, 2001).
Examination of the coefficients observed in the analysis of transfer suggests that 7
associations between change in generalized learning and pre/post changes in transfer
measures were of medium effect sizes or larger (Cohen, 1992). As such, it appears as
though the current investigation (particularly Aim 4 which had an even smaller N due to
pre/post attrition) was hindered by a small sample size which may have affected power
and the ability to detect significant results. In fact, studies employing similar analytic
techniques (i.e., Factor of Curves) with much larger samples have resulted in significant
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associations of much weaker strength than those reported in the current study
(Christensen et al., 2004). However, we believe the density/richness of the current
dataset out-weighs the limitations imposed by reduced power.
Future Directions
Future investigations should examine individual difference predictors of taskspecific practice-related learning (Please see Chapter 3/Paper #2) in addition to
predictors of generalized learning. Such examination would allow for the direct
examination of potential differences in predictors of task-specific versus generalized
cognitive change. Any differences observed may allow for targeted cognitive
interventions for special populations of older adults (i.e., those with comorbid
psychological disorders, those with low educational attainment, etc.).
Furthermore, future work would be well suited to investigate the effects of
improved generalized learning resulting from practice on both functional (i.e., driving,
self-care activities, falls, etc.) and quality-of-life (i.e., mood, self-efficacy, interpersonal
relations, etc.) outcomes. Research is need that examines the real-world
consequences, and hopefully benefits, of laboratory-based interventions with older
adults. Additionally, as the current investigation reported significant gains resulting from
short-term practice (i.e., 4 weeks) and little additional gains from continued practice, the
optimal length of practice should receive further investigation. Older adults should be
randomized to varying lengths of cognitive practice to examine not only gains in
cognitive functioning, but also individual difference predictors and potential transfer
resulting from differing lengths of cognitive practice.
The addition of a tutor-guided comparison group would allow for compelling
comparisons to be made. Direct comparison between older adults receiving the “gold
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standard” cognitive training and practice would allow for definitive statements regarding
cognitive gains, transfer, and impact on functioning. Without such a direct comparison,
such statements are hypothetical and subject to severe limitations.
Lastly, future investigation should recruit a large, diverse sample of older adults.
Obtainment of a larger sample would allow for robust tests of potential transfer and
predictors of gain. Further, without the limitations on modeling resulting from a restricted
sample, estimation of the relationships between intercept and slopes for the higher
order cognitive construct (i.e., generalized learning) may be possible. Such estimations
would allow for examination of whether individuals who initially had better general
cognitive functioning also demonstrated the most gains in generalized learning.
Additionally, future investigations would likely benefit from the collection of multiple
indicators of both near and far transfer in addition to multiple indicators of each cognitive
domain assessed.
Summary
The current investigation examined the gains, structure, predictors, and transfer of
cognitive practice in older adults. We confirmed the presence of significant practicerelated learning in late-life and extended this work by demonstrating that practice in
individual cognitive tasks can result in positive generalized learning. Furthermore, we
then revealed that both education level and anxiety symptoms were related to elders’
ability to demonstrate generalized learning as a result of practice. Lastly, very limited
transfer was demonstrated to near ability measures of processing speed.
Recommendations regarding screening and treatment of anxiety prior to enrollment in
cognitive interventions were made. Potential mechanisms of reserve and attentional and
inhibitory processing were identified and suggested for future investigation.
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In summation, it appears that older adults remain very plastic well into late-life.
Given the vast age range included in the present investigation (i.e., 50 years to 87
years) and the lack of association of age with change in generalized learning, it would
appear that middle aged and older adults are capable of demonstrating the same
benefits of cognitive practice. While this result is in contrast to other recent studies
demonstrating diminished practice effects with increasing age (Salthouse, 2010), our
results were obtained on the correlated cognitive functioning level. As such, older adults
may be less plastic than younger adults in specific cognitive domains; however, it
appears they remain as capable of positive changes in cognitive functioning and as
such, research into methods of improving cognition in late-life appear to warranted.
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Table 2-1. Descriptive/demographic statistics.
Mean (SD)
Age
63.56 (8.45)
Education
16.12 (2.25)
Gender
1.82 (0.38)
NAART
113.17 (6.45)
BDI-II
6.52 (5.39)
State Anxiety
30.3 (7.94)
Trait Anxiety
31.54 (8.77)
Notes: Age measured in years since birth; Education
measured in years; Gender: 1 = male, 2 = female;
NAART = premorbid IQ estimate; BDI-II = Beck
Depression Inventory, 2nd Edition.
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Table 2-2. Measures.
Domain

Processing Speed

Executive Processing

Practiced
Measures

Near Transfer
Measures

Simple RT
Choice RT
Number Copy
Symbol Digit

Trails A and B
N-Back

Letter Series

Far Transfer
Measures

Logical Memory
Letter-Number Sequencing
COWA

Notes: Domain is the hypothesized underlying construct common to all practiced and near transfer tests.
Practiced measures were assessed weekly for 18-consecutive weeks. Transfer measures were assessed
pre/post only. Near transfer measures are those tests hypothesized to tap similar cognitive processes as
the practiced cognitive measures. Far transfer measures are those tests hypothesized to require
unpracticed cognitive skills needed for completion.
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Figure 2-1. Path diagram depicting higher order latent growth model (aim 2, center
circles/large dashed circle), predictor variables (aim 3, bottom rectangles/solid
rectangle), and transfer learning (aim 4, top rectangles/double-lined
rectangle). LS = letter series; NC = number copy; DS = digit symbol; SRT =
simple reaction time; CRT = choice reaction time; BDI = Beck Depression
Inventory; STAI = State-Trait Anxiety Inventory; LetterNum = letter-number
sequencing; COWA = Controlled Oral Word Association; LogicMem = logical
memory.
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Table 2-3. Descriptive, normality, and raw cognition values prior to and post data cleaning.
Measure
Logical Memory Immediate pre
Logical Memory Delay pre
FAS pre
Trails A pre
Trails B pre
Letter-Number Sequencing pre
1-Back pre
2-Back pre
Number Copy pre
Number Copy week 01
Number Copy week 02
Number Copy week 03
Number Copy week 04
Number Copy week 05

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
-17.00
-6.00
16.00
16.00
17.00
17.00
33.32
33.32
5.00
5.00
449.67
449.67
298.05
298.05
1.00
27.08
24.00
29.30
26.00
29.90
29.00
31.55
30.00
34.68
27.00
30.70

Maximum
-59.00
-44.00
70.00
70.00
73.62
61.69
237.85
163.62
20.00
19.01
1638.32
1460.19
4867.96
3593.69
53.00
53.00
88.00
57.06
52.00
52.00
89.00
57.61
53.00
53.00
52.00
52.00
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Mean (SD)
-- -41.01 (8.73)
-- -25.91 (7.54)
39.49 (10.42)
39.49 (10.42)
31.58 (10.67)
31.40 (10.07)
78.09 (38.06)
76.02 (30.85)
10.73 (2.76)
10.72 (2.72)
867.60 (204.30)
865.59 (197.42)
1715.46 (714.17)
1688.95 (613.57)
41.43 (6.72)
41.86 (4.83)
43.91 (8.36)
43.26 (4.90)
43.61 (4.57)
43.66 (4.38)
45.00 (7.14)
44.53 (4.45)
44.66 (3.88)
44.74 (3.63)
43.90 (4.40)
43.95 (4.20)

Skewness
(SE)
-- --0.05 (0.25)
-- --0.07 (0.25)
0.22 (0.25)
0.22 (0.25)
1.35 (0.25)
1.00 (0.25)
2.18 (0.25)
1.19 (0.25)
0.93 (0.25)
0.85 (0.25)
0.97 (0.26)
0.72 (0.26)
1.90 (0.25)
0.89 (0.25)
-3.15 (0.25)
-0.73 (0.25)
3.10 (0.27)
-0.30 (0.27)
-0.94 (0.28)
-0.62 (0.28)
3.74 (0.31)
-0.20 (0.31)
-1.14 (0.30)
-0.69 (0.30)
-1.03 (0.29)
-0.69 (0.29)

Kurtosis (SE)
-- --0.35 (0.50)
-- --0.39 (0.50)
0.10 (0.50)
0.10 (0.50)
2.67 (0.50)
0.97 (0.50)
6.06 (0.50)
1.04 (0.50)
1.15 (0.50)
0.80 (0.50)
1.57 (0.51)
0.45 (0.51)
6.16 (0.50)
1.00 (0.50)
16.08 (0.50)
0.95 (0.50)
16.54 (0.53)
1.69 (0.53)
2.15 (0.55)
0.68 (0.55)
24.26 (0.60)
1.65 (0.60)
2.84 (0.60)
0.95 (0.60)
2.37 (0.57)
0.82 (0.57)

Table 2-3. Continued.
Measure
Number Copy week 06
Number Copy week 07
Number Copy week 08
Number Copy week 09
Number Copy week 10
Number Copy week 11
Number Copy week 12
Number Copy week 13
Number Copy week 14
Number Copy week 15
Number Copy week 16
Number Copy post
Symbol Digit pre
Symbol Digit week 01

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
30.00
33.15
33.00
33.00
38.00
38.00
36.00
36.00
37.00
37.00
3.00
34.01
3.00
34.50
37.00
37.00
33.00
36.72
38.00
38.00
36.00
36.00
34.00
34.00
0.00
6.38
14.00
14.00

Maximum
93.00
55.22
54.00
54.00
53.00
53.00
56.00
56.00
56.00
56.00
57.00
57.00
54.00
54.00
52.00
52.00
54.00
54.00
56.00
56.00
55.00
55.00
56.00
56.00
32.00
32.00
48.00
35.49
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Mean (SD)
45.20 (7.13)
44.67 (3.88)
45.23 (4.14)
45.23 (4.14)
45.54 (3.69)
45.54 (3.69)
45.16 (4.11)
45.16 (4.11)
45.58 (3.84)
45.58 (3.84)
45.09 (6.91)
45.67 (4.04)
44.82 (6.50)
45.34 (3.75)
45.14 (3.31)
45.14 (3.31)
45.82 (3.56)
45.90 (3.32)
46.87 (3.66)
46.87 (3.66)
45.78 (4.26)
45.78 (4.26)
45.85 (4.29)
45.85 (4.29)
21.99 (6.30)
22.22 (5.59)
24.49 (5.12)
24.19 (3.95)

Skewness
(SE)
4.62 (0.30)
-0.32 (0.30)
-0.64 (0.30)
-0.64 (0.30)
-0.15 (0.31)
-0.15 (0.31)
-0.10 (0.32)
-0.10 (0.32)
-0.16 (0.31)
-0.16 (0.31)
-4.34 (0.32)
-0.42 (0.32)
-4.63 (0.31)
-0.57 (0.31)
-0.39 (0.34)
-0.39 (0.34)
-0.62 (0.33)
-0.06 (0.33)
-0.07 (0.35)
-0.07 (0.35)
-0.43 (0.34)
-0.43 (0.34)
-0.50 (0.29)
-0.50 (0.29)
-1.66 (0.25)
-1.14 (0.25)
2.07 (0.27)
0.11 (0.27)

Kurtosis (SE)
32.07 (0.59)
0.81 (0.59)
1.36 (0.60)
1.36 (0.60)
-0.26 (0.61)
-0.26 (0.61)
-0.23 (0.62)
-0.23 (0.62)
0.33 (0.61)
0.33 (0.61)
26.27 (0.64)
1.52 (0.64)
29.39 (0.61)
0.92 (0.61)
-0.17 (0.66)
-0.17 (0.66)
2.59 (0.66)
0.70 (0.66)
0.43 (0.69)
0.43 (0.69)
0.02 (0.67)
0.02 (0.67)
0.33 (0.57)
0.33 (0.57)
3.33 (0.50)
1.14 (0.50)
9.15 (0.53)
1.12 (0.53)

Table 2-3. Continued.
Measure
Symbol Digit week 02
Symbol Digit week 03
Symbol Digit week 04
Symbol Digit week 05
Symbol Digit week 06
Symbol Digit week 07
Symbol Digit week 08
Symbol Digit week 09
Symbol Digit week 10
Symbol Digit week 11
Symbol Digit week 12
Symbol Digit week 13
Symbol Digit week 14
Symbol Digit week 15

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
16.00
16.00
9.00
14.85
15.00
16.51
18.00
18.00
17.00
17.00
22.00
22.00
19.00
19.00
10.00
14.58
16.00
16.00
0.00
15.17
16.00
16.87
21.00
21.00
19.00
19.00
21.00
21.00

Maximum
33.00
33.00
45.00
37.61
32.00
32.00
32.00
32.00
55.00
36.83
34.00
34.00
34.00
34.00
33.00
33.00
34.00
34.00
35.00
35.00
35.00
35.00
34.00
34.00
35.00
35.00
37.00
37.00
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Mean (SD)
25.37 (3.55)
25.37 (3.55)
26.26 (4.72)
26.23 (3.99)
26.19 (3.23)
26.22 (3.15)
25.96 (3.37)
25.96 (3.37)
26.80 (4.95)
26.52 (3.69)
26.52 (3.20)
26.52 (3.20)
26.64 (3.44)
26.64 (3.44)
26.61 (4.01)
26.69 (3.71)
26.54 (3.54)
26.54 (3.54)
26.63 (4.94)
26.91 (3.67)
27.08 (3.40)
27.09 (3.36)
27.04 (3.15)
27.04 (3.15)
27.12 (3.24)
27.12 (3.24)
28.37 (3.59)
28.37 (3.59)

Skewness
(SE)
-0.53 (0.28)
-0.53 (0.28)
0.04 (0.30)
-0.31 (0.30)
-0.82 (0.30)
-0.64 (0.30)
-0.38 (0.29)
-0.38 (0.29)
2.94 (0.30)
0.48 (0.30)
0.36 (0.30)
0.36 (0.30)
-0.05 (0.31)
-0.05 (0.31)
-1.27 (0.32)
-0.65 (0.32)
-0.59 (0.31)
-0.59 (0.31)
-2.80 (0.32)
-0.20 (0.32)
-0.45 (0.30)
-0.34 (0.30)
0.06 (0.34)
0.06 (0.34)
0.13 (0.33)
0.13 (0.33)
0.08 (0.35)
0.08 (0.35)

Kurtosis (SE)
0.30 (0.56)
0.30 (0.56)
5.75 (0.60)
1.57 (0.60)
1.28 (0.60)
0.50 (0.60)
-0.36 (0.57)
-0.36 (0.57)
15.75 (0.59)
0.76 (0.59)
-0.93 (0.60)
-0.93 (0.60)
-0.37 (0.61)
-0.37 (0.61)
3.86 (0.62)
0.72 (0.62)
0.73 (0.61)
0.73 (0.61)
15.26 (0.64)
0.92 (0.64)
1.06 (0.60)
0.70 (0.60)
-0.46 (0.66)
-0.46 (0.66)
0.54 (0.66)
0.54 (0.66)
-0.38 (0.69)
-0.38 (0.69)

Table 2-3. Continued.
Measure
Symbol Digit week 16
Symbol Digit post
Letter Series pre
Letter Series week 01
Letter Series week 02
Letter Series week 03
Letter Series week 04
Letter Series week 05
Letter Series week 06
Letter Series week 07
Letter Series week 08
Letter Series week 09
Letter Series week 10
Letter Series week 11

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
14.00
15.03
16.00
16.84
0.00
0.00
1.00
1.00
0.00
0.00
2.00
2.00
0.00
0.00
0.00
0.00
2.00
2.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
3.00
3.00

Maximum
36.00
36.00
36.00
36.00
13.00
13.00
19.00
19.00
22.00
22.00
22.00
22.00
23.00
23.00
21.00
21.00
19.00
19.00
21.00
21.00
21.00
21.00
24.00
24.00
8.00
8.00
23.00
23.00
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Mean (SD)
27.02 (4.07)
27.04 (4.01)
28.64 (3.93)
28.65 (3.89)
6.02 (3.09)
6.02 (3.09)
8.85 (3.62)
8.85 (3.62)
9.85 (4.64)
9.85 (4.64)
10.89 (4.98)
10.89 (4.98)
10.37 (5.02)
10.37 (5.02)
8.84 (5.10)
8.84 (5.10)
9.89 (4.00)
9.89 (4.00)
11.42 (3.90)
11.42 (3.90)
11.54 (4.48)
11.54 (4.48)
12.34 (4.36)
12.34 (4.36)
4.05 (2.05)
4.05 (2.05)
12.36 (5.38)
12.36 (5.38)

Skewness
(SE)
-0.87 (0.34)
-0.76 (0.34)
-0.82 (0.29)
-0.76 (0.29)
0.09 (0.26)
0.09 (0.26)
0.15 (0.27)
0.15 (0.27)
-0.02 (0.28)
-0.02 (0.28)
0.10 (0.30)
0.10 (0.30)
0.47 (0.30)
0.47 (0.30)
0.17 (0.29)
0.17 (0.29)
-0.28 (0.30)
-0.28 (0.30)
-0.45 (0.30)
-0.45 (0.30)
-0.24 (0.31)
-0.24 (0.31)
-0.05 (0.31)
-0.05 (0.31)
0.07 (0.31)
0.07 (0.31)
-0.02 (0.32)
-0.02 (0.32)

Kurtosis (SE)
1.85 (0.67)
1.47 (0.67)
0.85 (0.57)
0.59 (0.57)
-0.60 (0.51)
-0.60 (0.51)
-0.15 (0.53)
-0.15 (0.53)
-0.34 (0.55)
-0.34 (0.55)
-0.54 (0.60)
-0.54 (0.60)
0.09 (0.60)
0.09 (0.60)
-0.34 (0.57)
-0.34 (0.57)
-0.91 (0.59)
-0.91 (0.59)
0.12 (0.60)
0.12 (0.60)
-0.55 (0.61)
-0.55 (0.61)
0.52 (0.62)
0.52 (0.62)
-0.91 (0.61)
-0.91 (0.61)
-1.05 (0.63)
-1.05 (0.63)

Table 2-3. Continued.
Measure
Letter Series week 12
Letter Series week 13
Letter Series week 14
Letter Series week 15
Letter Series week 16
Letter Series post
Simple RT pre
Choice RT pre
Simple RT week 01
Choice RT week 01
Simple RT week 02
Choice RT week 02
Simple RT week 03

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
3.00
3.00
1.00
1.00
4.00
4.00
5.00
5.00
2.00
2.00
1.00
1.00
220.04
220.04
341.97
341.97
228.70
228.70
321.30
321.30
212.42
212.42
305.62
305.62
186.55
186.55

Maximum
22.00
22.00
19.00
19.00
23.00
23.00
23.00
23.00
21.00
21.00
25.00
25.00
518.12
518.12
921.78
705.62
596.82
464.32
869.43
637.41
697.93
469.78
774.88
594.10
754.91
477.95
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Mean (SD)
12.55 (4.77)
12.55 (4.77)
12.10 (4.24)
12.10 (4.24)
13.31 (5.20)
13.31 (5.20)
13.91 (4.86)
13.91 (4.86)
14.08 (5.30)
14.08 (5.30)
10.87 (5.51)
10.87 (5.51)
322.97 (66.77)
322.97 (66.77)
473.24 (106.89)
466.85 (84.45)
308.09 (58.76)
306.11 (50.90)
442.67 (95.05)
435.42 (68.49)
304.05 (70.47)
300.73 (55.70)
424.00 (77.00)
419.39 (59.44)
313.75 (106.53)
301.37 (61.66)

Skewness
(SE)
-0.11 (0.31)
-0.11 (0.31)
-0.69 (0.34)
-0.69 (0.34)
0.02 (0.33)
0.02 (0.33)
0.01 (0.35)
0.01 (0.35)
-0.46 (0.34)
-0.46 (0.34)
0.50 (0.29)
0.50 (0.29)
0.96 (0.25)
0.96 (0.25)
2.20 (0.25)
1.03 (0.25)
1.96 (0.27)
0.91 (0.27)
2.63 (0.27)
1.09 (0.27)
2.73 (0.28)
0.88 (0.28)
2.40 (0.28)
0.86 (0.28)
3.05 (0.30)
1.04 (0.30)

Kurtosis (SE)
-0.55 (0.61)
-0.55 (0.61)
0.21 (0.66)
0.21 (0.66)
-1.07 (0.66)
-1.07 (0.66)
-0.82 (0.69)
-0.82 (0.69)
-0.89 (0.67)
-0.89 (0.67)
-0.26 (0.57)
-0.26 (0.57)
0.51 (0.50)
0.51 (0.50)
6.53 (0.50)
0.78 (0.50)
7.00 (0.53)
0.95 (0.53)
8.93 (0.53)
1.48 (0.53)
13.02 (0.56)
0.97 (0.56)
8.80 (0.56)
1.04 (0.56)
10.47 (0.60)
1.89 (0.60)

Table 2-3. Continued.
Measure
Choice RT week 03
Simple RT week 04
Choice RT week 04
Simple RT week 05
Choice RT week 05
Simple RT week 06
Choice RT week 06
Simple RT week 07
Choice RT week 07
Simple RT week 08
Choice RT week 08
Simple RT week 09
Choice RT week 09

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No

Minimum
304.57
304.57
191.87
191.87
307.41
307.41
183.61
183.61
309.17
309.17
179.62
179.62
311.31
311.31
147.12
147.12
313.59
313.59
127.03
127.03
321.07
321.07
146.48
146.48
312.99
312.99
142.13

Maximum
546.49
546.49
448.58
448.58
506.80
506.80
635.68
480.13
943.55
545.78
816.25
502.18
627.01
570.69
428.40
428.40
738.21
546.59
512.68
491.47
778.58
547.09
844.86
516.73
552.93
552.93
586.61

Simple RT week 10
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Mean (SD)
412.20 (53.39)
412.20 (53.39)
289.78 (56.58)
289.78 (56.58)
399.39 (48.78)
399.39 (48.78)
294.17 (70.67)
291.88 (61.36)
407.31 (80.98)
401.46 (50.17)
302.11 (92.33)
296.96 (69.52)
403.67 (55.68)
402.79 (52.44)
279.67 (63.16)
279.67 (63.16)
401.47 (68.63)
397.36 (53.04)
279.58 (70.63)
279.22 (69.47)
395.57 (67.06)
391.65 (48.45)
286.44 (100.46)
280.69 (73.74)
398.92 (52.23)
398.92 (52.23)
282.55 (76.02)

Skewness
(SE)
0.57 (0.30)
0.57 (0.30)
0.68 (0.30)
0.68 (0.30)
0.33 (0.30)
0.33 (0.30)
1.94 (0.29)
0.85 (0.29)
4.53 (0.29)
0.95 (0.29)
3.07 (0.30)
1.09 (0.30)
1.15 (0.30)
0.70 (0.30)
0.29 (0.30)
0.29 (0.30)
2.40 (0.30)
0.78 (0.30)
0.59 (0.31)
0.47 (0.31)
3.32 (0.31)
0.79 (0.31)
3.09 (0.32)
0.59 (0.32)
0.68 (0.32)
0.68 (0.32)
1.16 (0.31)

Kurtosis (SE)
-0.06 (0.60)
-0.06 (0.60)
0.42 (0.60)
0.42 (0.60)
-0.65 (0.60)
-0.65 (0.60)
7.05 (0.57)
0.64 (0.57)
28.67 (0.57)
1.02 (0.57)
14.84 (0.59)
1.68 (0.59)
2.95 (0.59)
0.70 (0.59)
-0.06 (0.60)
-0.06 (0.60)
9.45 (0.60)
0.74 (0.60)
0.97 (0.61)
0.50 (0.61)
17.68 (0.61)
0.68 (0.61)
16.39 (0.62)
0.90 (0.62)
0.27 (0.62)
0.27 (0.62)
3.41 (0.62)

Table 2-3. Continued.
Measure
Choice RT week 10
Simple RT week 11
Choice RT week 11
Simple RT week 12
Choice RT week 12
Simple RT week 13
Choice RT week 13
Simple RT week 14
Choice RT week 14
Simple RT week 15
Choice RT week 15
Simple RT week 16
Choice RT week 16

Data cleaned
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
142.13
315.03
315.03
111.36
111.36
321.68
321.68
124.19
124.19
305.72
305.72
167.63
167.63
296.42
296.42
127.43
127.43
266.00
266.00
105.77
105.77
318.84
318.84
118.86
118.86
297.04
297.04

Maximum
510.62
709.75
570.95
458.75
458.75
566.76
566.76
527.99
506.00
656.34
579.79
489.66
489.66
549.24
549.24
731.01
524.29
556.15
556.15
1147.66
529.11
498.83
498.83
645.68
518.88
690.02
574.05
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Mean (SD)
281.24 (71.19)
405.43 (67.60)
403.03 (58.48)
285.48 (71.00)
285.48 (71.00)
406.70 (57.74)
406.70 (57.74)
288.07 (72.64)
287.70 (71.46)
399.03 (60.26)
397.75 (55.32)
292.26 (73.60)
292.26 (73.60)
404.22 (53.54)
404.22 (53.54)
283.15 (95.02)
279.10 (78.51)
394.88 (56.08)
394.88 (56.08)
298.90 (158.96)
280.87 (83.37)
394.48 (46.33)
394.48 (46.33)
282.06 (87.54)
279.48 (77.91)
400.33 (68.22)
397.96 (59.41)

Skewness
(SE)
0.65 (0.31)
1.97 (0.31)
1.02 (0.31)
-0.08 (0.32)
-0.08 (0.32)
0.75 (0.32)
0.75 (0.32)
0.67 (0.31)
0.55 (0.31)
1.45 (0.31)
0.80 (0.31)
0.47 (0.34)
0.47 (0.34)
0.60 (0.34)
0.60 (0.34)
2.03 (0.33)
0.50 (0.33)
0.55 (0.33)
0.55 (0.33)
3.93 (0.35)
0.96 (0.35)
0.62 (0.35)
0.62 (0.35)
1.31 (0.34)
0.36 (0.34)
2.04 (0.34)
1.24 (0.34)

Kurtosis (SE)
1.00 (0.62)
6.29 (0.62)
0.84 (0.62)
0.26 (0.64)
0.26 (0.64)
-0.08 (0.64)
-0.08 (0.64)
1.07 (0.61)
0.60 (0.61)
4.32 (0.61)
0.80 (0.61)
0.00 (0.66)
0.00 (0.66)
0.38 (0.66)
0.38 (0.66)
8.73 (0.66)
0.60 (0.66)
0.65 (0.66)
0.65 (0.66)
19.08 (0.69)
2.16 (0.69)
-0.39 (0.69)
-0.39 (0.69)
5.02 (0.67)
0.75 (0.67)
6.16 (0.67)
1.66 (0.67)

Table 2-3. Continued.
Measure
Simple RT week 17
Choice RT week 17
Logical Memory Immediate post
Logical memory Delay post
FAS post
Trails A post
Trails B post
Letter-Number Sequencing post
1-Back post
2-Back post

Data cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum
129.90
129.90
303.34
303.34
-23.00
-11.00
23.00
23.00
16.00
16.00
18.25
18.25
7.00
7.00
467.98
467.98
633.49
633.49

Maximum
594.69
539.62
1133.68
595.09
-66.00
-45.00
80.00
76.69
49.72
49.72
202.00
187.37
16.00
16.00
2179.14
1239.92
3662.74
3557.87

Mean (SD)
293.66 (85.13)
292.74 (82.09)
419.14 (111.11)
409.07 (63.21)
-- -45.76 (9.10)
-- -26.67 (7.32)
42.07 (11.54)
41.99 (11.31)
30.29 (7.94)
30.29 (7.94)
77.22 (38.57)
76.90 (37.57)
10.80 (2.24)
10.80 (2.24)
790.13 (227.56)
775.03 (155.92)
1586.14 (663.94)
1584.58 (659.08)

Skewness
(SE)
0.89 (0.29)
0.64 (0.29)
4.43 (0.29)
0.98 (0.29)
-- --0.27 (0.29)
-- --0.30 (0.29)
0.84 (0.35)
0.70 (0.35)
0.34 (0.35)
0.34 (0.35)
1.31 (0.35)
1.18 (0.35)
0.59 (0.35)
0.59 (0.35)
3.66 (0.29)
0.81 (0.29)
1.09 (0.29)
1.05 (0.29)

Kurtosis (SE)
1.94 (0.57)
0.96 (0.57)
26.09 (0.57)
0.79 (0.57)
-- -0.00 (0.57)
-- --0.17 (0.58)
1.41 (0.69)
0.84 (0.69)
-0.73 (0.69)
-0.73 (0.69)
1.87 (0.69)
1.26 (0.69)
-0.34 (0.69)
-0.34 (0.69)
20.70 (0.58)
0.99 (0.58)
1.16 (0.58)
0.99 (0.58)

Note: All data reported in raw metric (i.e., RT data not recoded to positive = better format). Data presented prior to and post cleaning
procedures to allow interested readers to inspect changes in descriptive, normality, and raw data values due to cleaning procedures.
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Figure 2-2. Graphical representation of missing data across the study period.
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Table 2-4. Comparison of means and standard deviations of baseline study variables among completed and attrited
subjects.
Characteristic

Total Sample
n = 90

Completed Sample
n = 68

Attrited Sample
n = 22

Df

t/χ2

p-value

Demographic/Descriptive
Age (SD), years

63.56

(8.45)

63.88

(8.75)

62.55

(7.56)

88

-0.64

0.52

Education (SD), years

16.12

(2.25)

16.22

(2.22)

15.82

(2.34)

88

-0.73

0.47

Gender, n (% female)

(77)

1

-0.69

0.49

113.17

(6.45)

113.10

(6.50)

113.41

(6.43)

88

0.19

0.85

6.52

(5.38)

5.76

(5.17)

8.86

(5.47)

88

2.41

0.02

30.30

(7.94)

29.85

(7.47)

31.68

(9.30)

88

0.94

0.35

Logical Memory Immediate (SD)

41.01

(8.73)

41.05

(8.50)

40.86

(9.63)

88

-0.09

0.93

Logical Memory Delay (SD)

25.91

(7.54)

25.75

(7.57)

26.41

(7.61)

88

0.35

0.72

FAS Total (SD)

39.49

(10.42)

39.56

(10.89)

39.27

(9.04)

88

-0.11

0.91

Trails A (SD)

168.60

(10.07)

167.82

(10.37)

170.99

(8.88)

88

1.29

0.20

Trails B (SD)

123.98

(30.85)

121.48

(31.10)

131.72

(29.41)

88

1.36

0.18

10.72

(2.72)

10.71

(2.81)

10.77

(2.49)

88

0.10

0.92

-1.59

0.12

Estimated IQ (SD)
BDI-II (SD)
State Anxiety (SD)

72

(82)

57

(84)

17

Baseline Cognition

LN Sequencing (SD)
1-Back (SD)

3134.41

(197.42)

3153.27

(192.86)

3076.95

(204.50)
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2-Back (SD)

2311.05

(613.57)

2270.16

(623.21)

2437.45

(578.12)

88

1.11

0.27

Number Copy (SD)

41.86

(4.83)

41.93

(4.74)

41.64

(5.23)

88

-0.24

0.81

Symbol Digit (SD)

22.22

(5.59)

22.44

(5.39)

21.52

(6.24)

88

-0.67

0.50

Letter Series (SD)

6.02

(3.09)

5.94

(3.05)

6.27

(3.25)

87

0.44

0.66

Simple RT (SD)

477.03

(66.77)

482.94

(63.08)

458.75

(75.74)

88

-1.49

0.14

Choice RT (SD)

387.80

(53.39)

340.34

(84.93)

310.93

(80.79)

88

-1.43

0.16

Notes: Mean (Standard Deviation); BDI-II = Beck Depression Inventory, 2nd Edition; LN = Letter-Number; RT = Reaction
Time.
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Table 2-5. Baseline correlations between practiced and unpracticed (i.e.,
transfer) cognitive measures.

Logical Memory Immediate
Logical Memory Delay
FAS Total
Trails A
Trails B
LN Sequencing
1-Back RT
2-Back RT

Number
Copy
0.45**
0.39**
0.26*
0.27**
0.39**
0.33**
0.42**
0.16

Symbol
Digit
0.35**
0.33**
0.04
0.32**
0.47**
0.32**
0.54**
0.11

Notes: * p < .05; ** p < .01.
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Letter
Series
0.39**
0.39**
0.32**
0.23*
0.48**
0.47**
0.29**
0.14

Simple
RT
0.07
0.08
0.13
0.39**
0.35**
0.17
0.45**
0.22*

Choice
RT
0.07
0.10
0.08
0.44**
0.39**
0.24*
0.47**
0.17

Table 2-6. Rotated factor pattern of cognitive measures at baseline.
Factor 1:
Factor 2:
Processing
Executive
Factor 3:
Measures
Speed
Processing
Far Transfer
0.98
Choice RT
-0.16
-0.11
0.80
Simple RT
-0.13
-0.13
0.57
1-Back
0.08
0.05
0.50
Symbol Digit
0.06
0.29
0.40
0.33
Number Copy
0.08
2-Back
0.23
0.02
0.07
1.00
Logical Memory Immediate
-0.06
-0.14
0.85
Logical Memory Delay
-0.06
0.03
0.91
Letter-Number Sequencing
-0.05
-0.12
0.66
FAS
-0.13
-0.03
0.45
Letter Series
0.02
0.28
0.38
0.38
Trails A
-0.11
0.35
0.36
Trails B
-0.13
Note: Extraction Method: Principal Axis Factoring. Rotation Method: Promax with Kaiser
Normalization. Coeffiecients with values greater than .32 are bolded.
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.93
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.15

U11
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.51
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.54
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Figure 2-3. Posttest confirmatory factory analysis of cognitive variables.
Note: All factor loadings are statistically significant (all p’s < 0.05), except Speed  2Back, p = 0.57.
Factor correlations are statistically significant (all p’s < 0.05), except Speed Memory, p = 0.11.
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Table 2-7. Cognitive block data
Mean (SD)
Number Copy Block 1
Number Copy Block 2
Number Copy Block 3
Number Copy Block 4
Number Copy Block 5
Symbol Digit Block 1
Symbol Digit Block 2
Symbol Digit Block 3
Symbol Digit Block 4
Symbol Digit Block 5
Letter Series Block 1
Letter Series Block 2
Letter Series Block 3
Letter Series Block 4
Letter Series Block 5
Simple RT Block 1
Simple RT Block 2
Simple RT Block 3
Simple RT Block 4
Simple RT Block 5
Choice RT Block 1
Choice RT Block 2
Choice RT Block 3
Choice RT Block 4
Choice RT Block 5

42.57
44.5
45.05
45.59
45.89
23.41
26.17
26.46
26.99
27.92
7.92
9.85
11.4
12.44
12.24
486.85
504.67
515.64
515.37
512.21
353.75
394.63
399.37
398.96
397.67

(4.32)
(3.40)
(3.54)
(3.33)
(3.89)
(4.53)
(3.15)
(3.04)
(3.20)
(3.61)
(3.47)
(4.40)
(4.26)
(4.71)
(5.40)
(53.60)
(56.14)
(63.50)
(70.83)
(74.82)
(69.80)
(48.10)
(51.32)
(52.65)
(55.24)

Note: Higher values = better
performance on all cognitive variables.
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Table 2-8. Parameter Estimates for Latent Growth Curve Models.
Estimate
Number Copy

SE

z Value

42.56
-0.13
1.85

0.46
0.21
0.47

93.32
-0.61
3.96

16.23
0.57
6.23

2.79
0.65
3.16

5.82
0.87
1.98

----

1.13
-2.69
-1.00

23.44
-0.08
2.24

0.48
0.21
0.44

49.07
-0.37
5.1

19.07
1.82
9.38

3.05
0.58
2.61

6.26
3.12
3.6

----

2.45
-3.66
-3.07

7.85
0.14
2.14

0.37
0.22
0.4

20.33
0.67
5.41

10.82
0.47
0

1.87
0.12
--

5.79
3.8
--

0.64
---

----

3.96
---

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

0.35
-0.72
-0.61
Symbol Digit

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

0.42
-0.62
-0.88
Letter Series

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope
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Table 2-8. Continued.
Estimate
Simple RT

SE

z Value

486.38
-6.79
26.54

5.72
2.94
5.55

85.07
-2.31
4.78

2466.41
85.22
181.9

411.52
40.73
146.71

5.99
2.09
1.24

----

----

----

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

Choice RT
Mean
Intercept
353.81
7.36
Linear Slope
-17.15
2.92
Quadratic Slope
54.53
6.85
Variance
Intercept
4557.28
722.59
Linear Slope
349.68
115.92
Quadratic Slope
2604.88
636.45
Correlations
Intercept-Linear Slope
0.65
-Intercept-Quadratic Slope
-0.75
-Linear Slope-Quadratic Slope
-0.93
-Note: z scores greater than 1.96 are statistically significant (p < .05).
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48.01
-5.87
7.96
6.31
3.02
4.09
3.62
-4.52
-3.38

Eighteen-week Cognitive Change (Standardized Metric)
1.6
1.4

Letter Series

1.2
1

Symbol Digit

Z-score 0.8

Number Copy

0.6

Choice RT
Simple RT

0.4
0.2
0
1
(0-2)

2
(3-6)

3
(7-10)
Blocks (trials in parentheses)

4
(11-14)

Figure 2-4. Model implied change in cognitive functioning across study period.
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5
(15-17)

Table 2-9. Parameter estimates for curve of factors model.
Estimate

SE

z Value

369.026

5.88

62.8

Linear Slope

8.49

1.31

6.46

Quadratic Slope

53.76

6.46

8.33

2317.34

434.41

5.33

Linear Slope

37.96

15.29

2.48

Quadratic Slope

554.71

308.45

1.8

Intercept-Linear Slope

-0.11

--

-0.53

Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

-0.55
0.76

---

2.25
-2.34

Standardized Estimate

z Value

Choice RT

0.81

--

Simple RT

0.76

9.21

Letter Series

0.27

2.95

Number Copy

0.51

6.98

Symbol Digit

0.45

6.07

Choice RT

0.92

--

Simple RT

0.68

9.21

Letter Series

0.19

2.95

Number Copy

0.55

6.98

Symbol Digit

0.48

6.07

Choice RT

0.94

--

Simple RT

0.68

9.21

Letter Series

0.19

2.95

Number Copy

0.57

6.98

Symbol Digit

0.53

6.07

Choice RT

0.93

--

Simple RT

0.67

9.21

Letter Series

0.19

2.95

Number Copy

0.58

6.98

Symbol Digit

0.52

6.07

Mean
Intercept

Variance
Intercept

Correlations

Block 1

Block 2

Block 3

Block 4

Block 5
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Table 2-9. Continued.
Estimate

SE

z Value

Choice RT

0.9

--

Simple RT

0.65

9.21

Letter Series

0.17

2.95

Number Copy

0.56

6.98

Symbol Digit

0.51

6.07

Note: z scores greater than 1.96 are statistically significant (p < .05).
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Z-score Change in Overall Cognition
0.9
0.8
0.7

Z-Score

0.6
0.5
0.4
0.3
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0.1
0
1

2

3

4

5

Blocks

Figure 2-5. Model implied change in general cognitive functioning across study period.
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Figure 2-6. Curve of factors path diagram with standardized coefficients.
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Table 2-10. Standardized coefficients predicting common
level and change in generalized learning.
Common Factor Loadings
Level
Linear
Quadratic
Age
-0.50***
-0.03
0.03
Education
0.19*
0.03
-0.40*
Depression
-0.26*
0.02
-0.19
Anxiety
-0.08
0.05
0.41*
Notes: *** p < .001; * p < .05.
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Figure 2-7. Complete path diagram of individual difference predictors of overall change
in generalized learning.
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Figure 2-8. Standardized loadings and significant levels of individual differences in
generalized learning. Note: ** p < .01, * p < .05.
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Figure 2-9. Graphical representation of generalized learning for both a high (i.e., 90th
%ile) and low (i.e., 10th %ile) educated (left) and state-anxious (right) subject.
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Figure 2-10. Complete path diagram of transfer of generalized learning in cognitive
functioning.
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e2

Figure 2-11. Standardized loadings and significant levels of transfer in generalized
learning. Note: *** p < 0.01, *p < 0.05, ~ p < 0.10. N = 68.
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Table 2-11. Standardized coefficients for transfer in generalized learning to
non-practiced measures (N = 68).
Common Factor Path Loadings
Pre-Post Change Scores
Linear
Quadratic
Intercept
Trails A
Trails B
1-Back
2-Back
Letter Number Sequencing
FAS Total
Logical Memory Immediate
Logical Memory Delay

-0.17
-0.22~
-0.04
0.02
-0.11
0.08
0.05
0.06

Notes: * p < .05; ** p < .01; ~ p < .10.
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-0.37~
0.04
0.51
0.01
-0.37~
-0.29
-0.04
-0.15

0.04
-0.21
0.91**
0.36*
0.29~
-0.13
-0.15
-0.05

Figure 2-12. Graphical representation of generalized learning transfer for both a high
(i.e., 80th %ile) and low (i.e., 20th %ile) change 1-back RT subject (left) and 2back RT subject (right).
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CHAPTER 3
SLEEP VARIABLES AS PREDICTORS OF INITIAL LEVEL AND GAIN IN LATE-LIFE
COGNITION
Introduction
Late-life cognitive improvement can be the result of either targeted intervention
strategies [i.e., intervention-related learning (Ball et al., 2002)] or repeated practice with
cognitive stimuli [i.e., practice-related learning (Hofland et al., 1981)]. While a relatively
large amount of research has been conducted examining intervention-related cognitive
improvements in late-life, a comparatively small amount of research has examined
practice-related learning in old age. However, practice with cognitive stimuli is a major
part of any cognitive intervention and practice-related learning has been demonstrated
to be comparable to intervention-related learning in magnitude and ability to be
maintained (Baltes et al., 1988; Baltes et al., 1989; Yang & Krampe, 2009). As such, it is
important to not only understand older adults’ responses to repeated practice, but to
also understand predictors of that response. A key question in the emerging
gerontological cognitive intervention literature concerns individual differences in learning
potential and the identification of predictors of such differences (Hertzog et al., 2008).
Consequently, it is important to attempt to identify factors related to an individual’s
ability to benefit from practice.
Sleep represents an intriguing individual difference variable as it has been shown
to relate to various aspects of cognitive functioning [e.g., (Pilcher & Huffcutt, 1996)] and
has demonstrated an ability to be improved well into the later years of life [e.g.,
(Dzierzewski et al., 2010)]. As such, the overarching goal of the current investigation
was to examine sleep as an individual difference predictor of both initial level of late-life
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cognitive functioning and gain in late-life cognitive functioning as a result of repeated
practice.
Late-Life Practice-Related Learning
Repeated practice with cognitive stimulus has been shown to produce significant
gains in cognitive functioning. The domains of reasoning, processing speed, and
attention have all demonstrated substantial (i.e., .45 to 1.35 standard score
improvements) practice-related learning (Baltes et al., 1989; Hofland et al., 1981; Yang
et al., 2006; Yang et al., 2009). Given that the magnitude of practice-related learning
gains is comparable in size to gains demonstrated following focused cognitive
interventions (Baltes et al., 1986; Baltes et al., 1988; Baltes et al., 1989), it is just as
important to understand individual difference predictors of response to practice-related
learning as it is to understand individual difference predictors of response to cognitive
interventions (Hertzog et al., 2008).
A small number of investigations have examined individual difference variables in
relation to practice-related learning in late-life. Understanding the characteristics of an
individual that may predict an individual’s capability to profit from repeated cognitive
practice may well illuminate the mechanisms basic to practice-related learning and/or
the facilitating conditions for optimal practice-related learning to occur. For example,
given the known involvement of scientifically manipulated sleep (i.e., sleep deprivation)
on learning and plasticity (Drummond et al., 2000; Maquet, 2001; Walker, 2008),
differences in subjective sleep as a predictor of practice-related learning would suggest
that individual differences in naturally occurring sleep are important to learning as well.
Further, an appreciation of individual differences in practice-related learning could also
aid in the empirically guided selection of individuals into cognitive practice interventions,
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and/or may suggest avenues through which response to cognitive practice may be
bolstered. For example, if it is discovered that individuals with less than average time
spent asleep respond poorly to cognitive practice in a particular domain, one could
envision that efforts to improve sleep may also increase an individual’s ability learn
through practice.
While the extant literature regarding individual difference predictors of practicerelated learning is limited, several factors have been investigated. It has been previously
report that both age and level of cognitive functioning are related to an elder’s rate of
gains in processing speed, reasoning, and visual attention (Yang et al., 2006). While
young-old (70-79 years), oldest-old (80-91 years), and older adults with higher and
lower levels of cognitive functioning all benefit from repeated practice, younger age and
higher levels of initial functioning both have been associated with increased rates of
practice-related learning in reasoning and to a lesser extent processing speed (Yang et
al., 2006). This finding is consistent with other studies in which similar individual
differences in cognitive training-related gains were observed (McArdle & Prindle, 2008).
Both stable anxiety (i.e., trait-anxiety) and momentary anxiety (i.e., state-anxiety) have
been examined as potential predictors of older adults’ response to practice; however,
neither type of anxiety significantly predicted patterns of practice-related learning in latelife (Yang et al., 2009).
When considering predictors of focused cognitive interventions, results have been
mixed. In particular, it has been reported that common demographic/descriptive
indicators (i.e., age, sex, education, visual functioning, and mental status) do not predict
response to cognitive training (Ball et al., 2002). It has also been reported that
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individuals with localized impairments (e.g., memory impairments) do not respond to
cognitive training in the impaired domain (Unverzagt et al., 2007), while others have
reported largest training-related gains from individuals with the lowest initial ability levels
(Jaeggi et al., 2008). Thus, it appears that much is yet to be known regarding predictors
of practice and training-related learning in late-life.
While sleep has not been investigated as a predictor of late-life practice-related
learning (or cognitive-training-related learning), its relation to late-life cognition (in
general) has received some empirical attention. As sleep is associated with frontal lobe
functioning (Jones & Harrison, 2001), and frontal lobe functioning is critical for higher
order cognitive functioning and learning (Cabeza & Nyberg, 2000), it stands to reason
that sleep should be related to cognitive functioning and learning in late-life. Similarly,
sleep is critical for hippocampal processing of memory formations (Hobson & PaceSchott, 2002), that are important for learning. The assertion that sleep is related to
cognitive functioning appears correct [i.e., (Banks & Dinges, 2007; Goel, Rao, Durmer,
& Dinges, 2009; Maquet, 2001; Walker, 2008)]; however, the direction and strength of
this relationship is still relatively not well understood.
Sleep and Cognitive Functioning
The vast majority of investigations examining the link between nocturnal sleep and
daytime cognitive functioning have been conducted through either correlation/quasiexperimental designs, where differences in sleep serve as independent variables to
predict cognitive functioning (i.e., sleep is naturally occurring and simply measured) or
experimental designs in which sleep is manipulated experimentally to test effects on
cognitive performance (i.e., sleep deprivation paradigms). Correlation and quasiexperimental designs have allowed for the measurement of naturally sleeping
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individuals to determine how aspects of sleep are related to aspects of cognitive
functioning. Experimental deprivation paradigms have allowed for direct manipulation of
sleep and subsequent examination of how experimentally manipulated changes in sleep
relate to cognitive functioning. Thus, the literature regarding the sleep-cognition
relationship will be summarized as those in which sleep was naturally occurring and
those in which sleep was experimentally manipulated (with emphasis drawn to studies
of older adults when available).
Natural Sleep
Naturally occurring sleep can be measured in several different manners.
Researchers can ask research subjects to retrospectively self-report their habitual sleep
characteristics via simple questions [e.g., Over the past year, did you have difficulty
falling asleep or staying asleep? (Tworoger et al., 2006)] or through well-validated
retrospective sleep questionnaires [e.g., Pittsburg Sleep Quality Index; PSQI (Nebes,
Buysse, Halligan, Houck, & Monk, 2009)]. Subjects can also prospectively self-report
their sleep characteristics nightly through use of widely used instruments called sleep
diaries (Lichstein, Riedel, & Means, 1999). Sleep diaries require subjects to record
various aspects of their sleep (length of onset, quality, etc.) each morning upon
awakening for a period of time defined by the research team (typically 1 – 2 weeks).
Additionally, it is possible to objectively assess the naturally occurring sleep of research
subjects through both actigraphy and polysomnography (PSG). Actigraphy attempts to
quantify sleep through precise measurement of limb movements subsequently applied
to mathematical computations. PSG quantifies sleep through multiple physiological
indices, including muscle tone, eye movements, EEG recordings, respiration, etc.
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Retrospective
In a study of 157 community-dwelling older adults, it was found that poor sleepers
(as identified by the PSQI global score) performed worse than good sleepers on several
tests of executive functioning (i.e., RBANS, TONI, Trails B, and N-Back); however, there
were no differences between the groups on indicators of processing speed, inhibition, or
verbal memory. Interestingly, habitual sleep fragmentation indicators (i.e., SOL and SE)
were related to lower scores on RBANS, TONI, and N-Back while habitual sleep
duration was not related to any cognitive measure. Such findings led the authors to
conclude that the “more important aspect of sleep appears to be the amount of
unwanted intruding wakefulness experienced, rather than the total number of minutes of
sleep the individual obtains” (Nebes et al., 2009). However, such a statement is in direct
contention with several large epidemiological studies that have reported associations
between habitual sleep duration and cognitive functioning.
Several large-scale epidemiological studies have included questions which have
garnered information regarding habitual sleep duration and difficulty. In a study of over
3000 older Spanish adults, sleep duration (as reported in response to the question “How
many hours do you usually sleep per day?”) was associated with overall cognitive
functioning (assessed via MMSE) (Faubel et al., 2009). Cognition was found to
decrease linearly from sleepers of 7 hours per night through sleepers of 11 hours per
night, such that sleeping 11 hours per night was equivalent to 10 years of aging. No
association with short sleep duration and cognitive functioning was observed. However,
the use of a single, global indicator of cognitive functioning may have truncated any
potential relationships. In a similar study of over 5000 adults in Finland, sleep duration
(as reported in response to the question “How many hours do you sleep in 24h?”) was
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associated with verbal fluency and list memory, such that both long and short sleep
duration were associated with poorer performance (Kronholm et al., 2009). The authors
of these studies suggest that sleep duration may be related to cognitive functioning
through changes in sleep architecture, fragmentation, quality, and neurological
conditions (Faubel et al., 2009; Kronholm et al., 2009).
Tworoger and colleagues (2006) reported that in a large sample of communitydwelling older women, sleeping less than 5 hours per night (as reported in response to
a question of “total hours of actual sleep in a 24h period?”) was associated with poorer
“global cognition” (a z-score composite of many cognitive tests) when compared to
women sleeping 7 hours or more per night. It was also reported that these short
sleeping older women performed significant worse across many of the individual
indicators of cognitive functioning (i.e., TICS, East Boston Memory Test, Category
Fluency, and Digit Span Backwards). Additionally, women who responded affirmatively
to a question of having “difficulty falling asleep or staying asleep” also scored lower on
the “global cognition” composite score. Sleep-related cognitive difficulties were reported
to be equivalent to 4-5 years of aging. The authors suggested that being “more tired on
average” could explain the relationships between duration of sleep and cognitive
functioning (Tworoger et al., 2006).
Two additional studies examined habitual sleep difficulties reported through
retrospective recall and general cognitive functioning (measured with global assessment
tools, the Short Portable Mental Status Questionnaire and the MMSE) in communitydwelling older adults (Cricco et al., 2001; Jelicic et al., 2002). Both investigations
reported that the presence of a sleep complaint (as indicated through response to
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simple questions regarding difficulty initiating or maintaining sleep) was associated with
increased risk for cognitive decline at 3-year follow-up. The authors suggest that
cognitive decline “may be the result of decreased restoration secondary to poor sleep”
(Cricco et al., 2001; Jelicic et al., 2002).
In summation, examination of the association between retrospective self-reported
recall of habitual sleep duration/difficulty and cognitive functioning has resulted in
reports of contradictory findings. Good and poor sleepers have been shown to differ on
several indicators of executive performance while performing similarly on a measure of
verbal memory. Interestingly, no association between sleep duration and cognitive
functioning was reported (Nebes et al., 2009b). However, other groups have reported
relationships between short sleep lengths (Kronholm et al., 2009; Tworoger et al., 2006)
and cognitive performance, while others have failed to observe the relationship between
short sleep duration, but did note relationships between long sleep duration and
cognitive functioning (Faubel et al., 2009). In general, there does appear to be a
relationship between self-reported retrospective recall of habitual sleep duration and
cognitive functioning; however, the exact nature of that relationship cannot be
ascertained from the extant literature.
Prospective
The use of prospective sleep diaries to investigate the relationship between sleep
and cognitive functioning is a relatively rare occurrence in the literature. In addition,
most of the work using prospective self-report of sleep characteristics tend to focus on
either poor sleepers or differences between good and poor sleepers. This is most likely
due to the subjective nature of insomnia, the utility of sleep diaries in quantifying sleep
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characteristics over time, and the requirement of a sleep complaint (Martin & AncoliIsrael, 2002).
In a study of 60 older adults (grouped into good sleepers and those with insomnia)
it was found that better sleep diary-measured depth (i.e., self-reported ratings of depth
of sleep), SQR, and SE was associated with better attention and concentration (digit
forwards and backwards) and worse memory (verbal paired associates, visual
reproductions) in the good sleepers. Additionally, better SOL and TWT was related to
better speed (digit symbol, pegboard, Trails A and B, RT) in good sleepers. However,
the same relationships were not observed for the poor sleepers. It was discovered that
increased depth and lower TWT were related to increased memory for poor sleepers
(Bastien et al., 2003). The authors concluded that “a good night’s sleep is associated
with better cognitive performance.” However, they speculate that the counter intuitive
results (i.e., poor sleep being related to better cognitive functioning in some cases)
“could be due to the fact that these individuals invest more effort in maintaining good
performance when they think they have slept poorly” (Bastien et al., 2003).
In a study of 49 younger subjects (grouped into poor sleepers and good sleepers),
self-reported sleep diary measures differed between the groups (i.e., poor sleepers
consistently reported worse sleep); however, the groups did not differ on any of the
numerous cognitive measures administers [Attention (Stroop, Digit Span, Brief Test of
Attention, LN Sequencing, Sustained Attention), Speed (Digit Symbol, Trails), Verbal
Fluency (COWA), Verbal Memory (HVLT)] (Orff, Drummond, Nowakowski, & Perlis,
2007). The authors speculate that “if hyperarousal extends to daytime hours, it aids in
maintaining performance.” Additionally, they hypothesize that a lack of group
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differences may indicate “individuals with insomnia actively recruit additional cerebral
resources in response to a cognitive challenge” (Orff et al., 2007).
In a set of excellently designed experiments, Altena and colleagues (2008, 2008)
examined the brain functioning of older adult poor and good sleepers (Altena, Van Der
Werf et al., 2008; Altena, Werf et al., 2008). Insomnia diagnosis was based on
prospective sleep diary and accompanying complaint. Poor sleeping elders were
demonstrated to have superior verbal fluency performance while simultaneously
exhibiting hypoactivation in prefrontal regions. The authors suggest that “prefrontal
hypoactivation in the absence of behavioral differences may be related to individually
differential recruitment of other brain regions for successful task completion” (Altena,
Werf et al., 2008). Interestingly, these same poor sleeping elders performed faster on a
simple RT task than good sleepers, but performed slower on a complex RT than good
sleepers. However, following a multicomponent behavioral treatment to improve sleep
(which was successful), treated subjects became slower on the simple RT task and
faster on the complex RT task (i.e., matched the good sleepers). The authors suggest a
“state of high arousal, or internal drive” may be responsible for the interesting results
(Altena, Van Der Werf et al., 2008).
Similar to the retrospective recall of sleep summarized above, examination of the
association between prospective self-reported sleep characteristics and cognitive
functioning has resulted in reports of contradictory findings. Indicators of poor sleep
have been associated with both better and worse performance on various cognitive
tasks (Bastien et al., 2003). Good and poor sleepers have been shown to not differ
across many measures of cognitive functioning (Altena, Werf et al., 2008; Orff et al.,
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2007). And, sometimes poor sleepers have been found to outperform their good
sleeping counterparts, while other times they perform at lower levels than good sleepers
(Altena, Van Der Werf et al., 2008). In general, the relationship between self-reported
prospective sleep and cognition is currently unclear. While there appears to be a
relationship between these variables, the exact nature of that relationship cannot be
ascertained from the extant literature.
Objective: PSG
In the above described study of 49 younger subjects (grouped into poor sleepers
and good sleepers), sleep was also measured objectively via PSG (in concert with the
sleep diary assessments already discussed) (Orff et al., 2007). While good and poor
sleepers did not differ in any measure of cognitive functioning, canonical correlation
revealed that objectively measured sleep indicators (SE, SOL, WASO, REM latency,
NWAK, TST, % in various sleep stages) were associated with speed indicators (Digit
Symbol, Trails) (Orff et al., 2007). However, the nature of the inferential statistics
prevents a more detailed description of this association.
Several well designed experiments have allowed subjects to sleep naturally
(measuring sleep with PSG) while manipulating the time of cognitive testing/training to
either allow sleep to occur following testing or not in order to examine any effects of
post testing/training sleep on subsequent testing. In a study of 66 younger, healthy
subjects individual who slept following training on a number reduction task were twice
as likely as individuals who spent comparable time awake to spontaneously discover
the “short cut” in the task (Wagner, Gais, Haider, Verleger, & Born, 2004). While no
PSG-measured sleep characteristic was associated with “insight”, the authors
concluded that “sleep, by restructuring new memory representations, facilitates
122

extraction of explicit knowledge and insightful behavior.” In a similarly designed
experiment, 62 younger, healthy subjects underwent training in various finger tapping
sequences either early in the morning or at night, and were retested 12 hours later
(Walker, Brakefield, Morgan, Hobson, & Stickgold, 2002). It was reported that a night of
sleep provided a 20% increase in motor skills, while equivalent time awake offered no
benefits. Further, a positive correlation between time spent in Stage 2 NREM sleep and
motor skill learning was observed. The authors suggest that Stage 2 sleep and sleep
spindle activity may be important for learning simple tasks, while SWS and REM sleep
may be more important for complex task learning (Walker et al., 2002)
In an attempt to extend the findings of optimized performance following sleep,
Tucker and colleagues (2011) trained 16 healthy older adults in the finger tapping
sequencing employing the above-described experimental paradigm (Tucker, McKinley,
& Stickgold, 2011). Older adults performed significantly better following sleep than 12
hours of not sleeping, suggesting sleep-dependent motor skill performance in the
elderly. Interestingly, older adults showed similar rates of improvement as was found in
younger samples; however, sleep characteristics did not correlate with next day’s
performance (in contrast, Stage 2 sleep and sleep spindle activity does correlate in
younger adults). The authors concluded that sleep in the elderly does optimize motor
skill learning; however, it may do so differently than in younger adults (Tucker et al.,
2011).
In the above described study of 60 older adults (grouped into good sleepers and
those with insomnia), sleep was also measured objectively via PSG (in concert with the
sleep diary assessments already discussed) (Bastien et al., 2003). It was reported
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poorer SOL was related to poorer verbal memory (for both the good and poor sleepers),
executive functioning (i.e., Wisconsin Card Sorting Test; for the good sleepers), and
psychomotor speed and attention (for the poor sleepers). Higher amounts of TWT were
related to lower psychomotor speed (for both the good and poor sleepers) and memory
(good sleepers only) (Bastien et al., 2003).
In a study of 64 older adults (grouped into good sleepers and those with
insomnia), SWS measured with PSG was unrelated to performance on a Simple RT
task, Continuous Performance task, and Switching Attention test in the good sleeping
elderly. However, older poor sleepers with the slowest RTs were found to have
comparative deficits in the amount of time spent in SWS (Crenshaw & Edinger, 1999).
The authors stipulate that “slow-wave sleep deficits may contribute to lowered cognitive
performances;” however, why this relationship was only found in poor sleeping elders
was not discussed (Crenshaw & Edinger, 1999).
Investigation into the relationship between naturally occurring sleep, assessed via
PSG, and waking cognitive functioning has provided mixed results. Sleep does appear
to facilitate learning/insight (Tucker et al., 2011; Wagner et al., 2004; Walker et al.,
2002); however, the aspects of sleep that contribute to this optimization vary across
studies (Wagner et al., 2004; Walker et al., 2002) and may change with age (Tucker et
al., 2011). Further, some investigators have demonstrated a general association
between PSG-measured sleep and cognitive functioning (Orff et al., 2007), while other
have failed to demonstrate such associations, or only demonstrated them in a unique
subset of subjects (Crenshaw & Edinger, 1999). As such, it appears additional research
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is need to further explicate the relationship between PSG-measured naturally occurring
sleep and cognitive functioning.
Objective: Actigraphy
In a study of nearly 3000 older community-dwelling women actigraphy-measured
sleep (SE, SOL, WASO, and napping) were associated with an increased risk of poorer
MMSE and Trails B performance, such that worse sleep was related to worse cognitive
functioning (Blackwell et al., 2006). However, TST was not related to cognitive
functioning, which led the authors to conclude that “it is disturbance of sleep rather than
quantity that affects cognition” (Blackwell et al., 2006). In a different, but complementary
vein, 7 nights of actigraphy were used to compute sleep/wake patterns in 144
community-dwelling older adults. It was reported that older adults who displayed many
shifts from rest to activity performed worse on composites of executive functioning (Digit
backwards, Stroop interference, Trails B), memory (AVLT, Digit Span, Pattern
Recognition), and speed (Stroop, Trail Making Test) than elderly with more consistent
rest-activity patterns (Oosterman, Van Someren, Vogels, Van Harten, & Scherder,
2009)
It does appear that there is a relationship between objectively measured naturally
occurring sleep measured with actigraphy and cognitive performance. However, the
scarcity of research studies examining these associations and the differing
methodologies of the two studies that did examine these associations preclude any
definitive conclusions from being drawn.
Experimentally Manipulated Sleep
For reasons of experimental control, most studies of the sleep-cognition
relationship employ either a sleep deprivation or sleep restriction paradigm. In these
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paradigms, subjects are typically cognitively assessed initially, kept awake in a
laboratory for an extended period of time (1-3 days) or allowed to sleep for a restricted
amount of time for several nights (e.g., 5 nights of 4 hours sleep per night), and then
cognitively assessed again. However, for several reasons, the majority of
experimentally manipulated sleep studies utilize convenience samples that exclude
elders. Potential reasons for the lack of older adult subjects in such studies include:
difficulty recruiting older adults due to the high demand of the studies, concerns about
older adults’ safety participating in these studies, and a perceived lack of practical utility
of results obtained from these types of studies among older participants. On this last
point, many deprivation/restriction studies focus specifically on young samples because
they are more often employed in jobs in which sleep deprivation and/or restriction is
required (e.g., the military, truck driving, etc.) and there is funding for research in these
populations.
As a note, while many of the below discussed experiments utilize PSG
measurement of sleep, few examine the association between PSG indicators and
cognitive functioning. Sleep deprivation/restriction paradigms are achieved through
direct manipulation of time spent in bed. PSG devices are typically employed in these
experiments as screening devices to detect the presence of occult sleep disorders.
Sleep Deprivation
Horne (1988) compared the “creative thinking” ability of 12 young, healthy subjects
following a single night of sleep deprivation to that of 12 young, healthy subjects allowed
to sleep as usual (Horne, 1988). He reported that 1 night of sleep deprivation impaired
performance on all subtest of the Torrance Test of Creative Thinking (flexibility, strategy
change, originality, generation of unusual ideas, etc.) and also impaired word fluency.
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He concluded that a night of sleep loss can negatively impact divergent thinking ability
(Horne, 1988).
In a similar experiment, 30 younger, healthy subjects underwent 40 hours of total
sleep deprivation (i.e., 1 night) and were repeatedly assessed with a computerized
version of the Stroop Color-Word test (Cain, Silva, Chang, Ronda, & Duffy, 2011). The
authors reported that reaction times were slowest in the incongruent trials and fastest in
the congruent trials. Interestingly, while performance deteriorated as a function of time
awake, extended wakefulness did not significantly change the additional time needed to
respond when the color and word did not match (Stroop interference), nor did it change
the amount of facilitation when color and word matched. Consequently, the authors
concluded that one night of sleep deprivation influences performance on the Stroop task
by an overall increase in response time, but does not appear to impact the underlying
processes of interference or facilitation. Interpretation may be that the degree to which
an “executive function” is affected by sleep deprivation may depend on the particular
executive function studied and the degree to which it is subserved by the prefrontal
cortex (Cain et al., 2011).
However, Harrison and Horne (1997, 1998, 1999) have run several sleep
deprivation experiments in which they demonstrate acute sleep loss has a negative
impact on “executive” tasks (Harrison & Horne, 1998; Harrison & Horne, 1997, 1999). In
the first experiment, 9 healthy, younger subjects underwent 36 hours of total sleep
deprivation and sleep as usual (in a counterbalanced design). Word fluency and reading
measures were repeatedly administered. Following a single night of total sleep
deprivation, fluency was significantly impaired compared to following normal sleep. The
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authors suggested that reductions in cerebral metabolic rate in the prefrontal cortex may
be responsible for the effects of sleep loss on language skills (Harrison & Horne, 1997).
In a similar experiment, 50 younger, healthy subjects underwent 1 night total sleep
deprivation and were tested using a sentence completion and word generation task.
Results indicated that following 1 night of sleep loss, performance was hindered and
“innovative or novel” responses were significantly impacted (Harrison & Horne, 1998).
Lastly, these authors tested younger, healthy subjects following either 36 hours of total
sleep deprivation or a normal night’s sleep on a dynamic, realistic marketing decision
game and a reasoning test. Their results suggested no effects of sleep deprivation on
reasoning; however, following a single night of sleep deprivation, subjects performed
worse on the marketing tasks, especially in maneuvers that required flexibility,
innovation, and updating information. They again suggested sleep loss has a negative
impact on the prefrontal cortex (Harrison & Horne, 1999). These effects of sleep
deprivation on cognitive functioning have led to the conclusion that in young, healthy
adults, 1 night of sleep deprivation produces similar effects on the prefrontal cortex as
60 years of aging (Harrison, Horne, & Rothwell, 2000).
A study of healthy, younger adults has demonstrated that following 43 hours of
total sleep deprivation suggestibility increases, and individuals’ ability to discriminate
accurate from inaccurate information that was previous presented demonstrates
dramatic declines (Blagrove, 1996). May and Kline (1987) designed an experiment to
examine the effects of sleep loss on cognitive functioning, as compared to normal sleep
and fatigue without sleep loss (May & Kline, 1987). They had 135 younger, healthy
subjects complete 15 cognitive tests (measuring the domains of flexibility, speed, verbal
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functioning, fluency, reasoning, working memory, perceptual speed, and visuospatial
ability) following 2 nights total sleep deprivation, 1 night of normal sleep, and 1 day of
fatigue producing activity with no sleep loss. The authors reported that following 2 nights
of sleep deprivation, 8 cognitive tests showed decrements (visuospatial tasks, scanning,
speed, originality, attention, working memory), 6 showed improvements (logic,
reasoning, directions), and 1 showed no change compared to no differences between
normal sleep and fatigue without sleep loss. The authors suggested that the more
complex and interesting a task, the more incentive subjects had to complete it and the
more effort they put forth – thus compensating for any effects of sleep loss (May &
Kline, 1987).
In a study comparing younger, healthy subjects undergoing 1 night total sleep
deprivation to younger, healthy subjects allowed adequate sleep in the domains of
figural relations, working memory, trial making, auditory discrimination, and recognition,
it was found that figural relations, trail-making, and letter recognition task performance
were impacted negatively following sleep loss. The authors suggest that sleep serves a
function of cognitive restitution, particularly in the maintenance of attentional
mechanisms (Wimmer, Hoffmann, Bonato, & Moffitt, 1992).
While the above studies have shown some select impairments following total sleep
deprivation (while also demonstrating a lack of effects on some tasks), other studies
have failed entirely to find any cognitive consequences of total sleep loss. In a study of
61 younger, healthy adults (half of which underwent 1 night total sleep deprivation) no
differences were found between groups on measures of intelligence (WAIS-III),
sustained attention (PASAT), or executive performance (COWA, WCST, Booklet
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Category). Interestingly, subjects rated their effort equivalently across groups; however,
the sleep deprived subjects rated their cognitive performance as worse than the
normally sleeping subjects (Binks, Waters, & Hurry, 1999). The authors speculate that
sleep loss only affects attention which can easily be compensated for through additional
effort; however, they fail to reconcile their findings of equal effort ratings across groups
(Binks et al., 1999).
As sleep deprivation has been suggested to differentially impact executive, or
frontally mediated, cognitive tasks, Pace-Schott and colleagues (2009) extensively
examined executive functioning and working memory in young, healthy sleep deprived
and non-sleep deprived subjects (Pace-Schott et al., 2009). They reported that on
verbal fluency, logical reasoning, Tower of London, temporal memory, digit span, NBack, Iowa Gaming, object alterations, sentence completion, and Stroop tasks, there
were no significant differences between individuals who underwent 35-39 hours of sleep
deprivation and those that slept normally. The authors suggest an unknown
compensatory mechanism may be responsible for the lack of group differences (PaceSchott et al., 2009).
Despite these null results, a 2010 meta-analysis confirmed that short-term total
sleep deprivation has a “significant deleterious effect across most cognitive domains”
(Lim & Dinges, 2010). The authors grouped cognitive functioning across 6 domains
(simple attention, complex attention, working memory, processing speed, short-term
memory, and reasoning) from 70 published empirical investigations. They reported
significant small to large effect sizes across domains and noted that “tasks of greater
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complexity [were] affected relatively less” following sleep deprivation (Lim & Dinges,
2010).
However, all the aforementioned sleep deprivation studies focused on young,
healthy samples. Webb and Levy (1982) and Webb (1989) conducted experiments to
examine potential age differences in cognitive response to sleep deprivation (Webb,
1985; Webb & Levy, 1982). In both experiments, older adults’ and younger adults’
performance on a variety of cognitive tasks (i.e., addition, visual search, word memory,
word detection, reasoning, object uses, remote associatives, auditory vigilance,
judgment, digit symbol, anagrams, long-term memory) were compared following 2
nights of sleep deprivation. It was reported that the older adult group showed greater
deterioration following sleep deprivation than did the younger adults in vigilance, visual
search, reaction times, word detection, addition, anagrams, and objects uses. This led
to the conclusion of “larger performance decrements associated with deprivation in
older subjects” (Webb, 1985; Webb & Levy, 1982).
While the above summarized behavioral accounts of the cognitive consequences
of sleep loss have provided evidence allowing researchers to speculate about the
potential neural underpinnings, there have been a growing number of sleep deprivation
studies have paired neuropsychological assessment and imaging protocols in the past
decade. In a set of well designed experiments, Sean Drummond and colleagues (1999,
2000, 2001) examined both the behavioral and functional correlates of sleep deprivation
in healthy, younger adults (Drummond & Brown, 2001; Drummond et al., 2000;
Drummond et al., 1999; Drummond, Gillin, & Brown, 2001). Using fMRI, the researchers
tested young, healthy good sleeping adults following a night of good sleep and a night
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of sleep deprivation (35 hrs) with a verbal learning, divided attention, and arithmetic
task. For verbal learning and divided attention, total sleep deprivation was associated
with poorer performances and increased activation in the bilateral prefrontal cortex and
parietal lobes. Further, lower levels of verbal learning impairments (i.e., better
performance following sleep deprivation) were associated with increased additional
activation. However, the arithmetic task following total sleep deprivation resulted in
impaired performance and decreased activation in the bilateral prefrontal cortex and
parietal lobes. Thus, there appeared to be “an adaptive cerebral response during
cognitive performance following TSD [total sleep deprivation] with the specific pattern of
adaptation depending on the specific cognitive processes performed.” The authors
hypothesized that “recruitment of additional brain regions to participate in performance
of a cognitive task following TSD [total sleep deprivation] represents an adaptive
cerebral compensatory response” (Drummond & Brown, 2001; Drummond et al., 2000;
Drummond et al., 1999; Drummond et al., 2001).
In order to delineate the potential neural response to sleep deprivation, a follow-up
study including verbal learning of both “easy” and “hard” words was conducted
(Drummond, Meloy, Yanagi, Orff, & Brown, 2005). Cerebral response to easy words on
both sleep and sleep deprived nights were identical. However, following sleep
deprivation, bilateral inferior frontal gyrus, bilateral dorsolateral prefrontal cortex, and
bilateral inferior parietal lobe showed increased activation to hard words. Complicating
the matter, the authors concluded that “increased activation may be both beneficial
(compensatory) and interfere with task performance” (Drummond & Brown, 2001).
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In another experiment employing fMRI technology, 8 healthy, young subjects were
tested on a sustained attention tasks following 1 night total sleep deprivation, normal
sleep, and normal sleep plus caffeine (Portas et al., 1998). Interestingly, following sleep
deprivation the ventrolateral thalamus showed the highest levels of activation compared
to both normal sleep and caffeine (which did not differ from each other). No differences
were observed between the groups on attentional task performance. The authors
speculate that the thalamus had to “work harder” as a “compensatory mechanism” to
maintain performance (Portas et al., 1998).
In a complimentary line of research, the functional neural response to sleep
deprivation has been examined using PET methodology (Patiau, 1998; Thomas et al.,
2000). In these studies younger, healthy subjects underwent one night sleep deprivation
and performed either a serial addition/subtraction task or word generation task while
being scanned. In both instances, performance was significantly negatively impacted by
sleep deprivation. Additionally, PET scan revealed decreased blood flow to prefrontal
areas and decreased whole brain metabolism and regional metabolisms (thalamus and
prefrontal cortex and posterior parietal lobes) during cognitive tasks. The authors
interpret their results to suggest that the “neurobehavioral function of sleep in humans is
to restore and sustain normal waking brain activity and behavior” (Patiau, 1998; Thomas
et al., 2000).
Like the methodology previously summarized, investigation into the relationship
between experimentally manipulated sleep, via sleep deprivation, and waking cognitive
functioning has provided mixed results. Authors have reported differences between
sleep deprived subjects and normally sleeping subjects on all [e.g., (Drummond et al.,
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2000; Drummond et al., 1999; Drummond et al., 2001; Harrison & Horne, 1998;
Harrison & Horne, 1997, 1999)], some [e.g., (Cain et al., 2011; May & Kline, 1987;
Wimmer et al., 1992)], and none [e.g., (Binks et al., 1999; Pace-Schott et al., 2009)] of
the cognitive measures administered. Further, some studies have indicated
hypoactivation (Drummond et al., 2000; Drummond et al., 1999; Harrison & Horne,
1997; Patiau, 1998; Thomas et al., 2000), while others suggest hyperactivation
(Drummond et al., 2000; Drummond et al., 1999; Drummond et al., 2001; Drummond et
al., 2005; Portas et al., 1998), following sleep deprivation. Jones and Harrison (2001)
summarized the extant sleep deprivation work nicely by stating “neurocognitve studies
present many inconsistencies, task classification is often ambiguous and, in the
absence of any unifying explanation at the level of cognitive mechanisms, the overall
picture is one of a disparate range of impairment following sleep loss” (Jones &
Harrison, 2001).
Sleep Restriction
In response to criticism that total sleep deprivation studies impose unrealistic
conditions on subjects and, as a result, cognitive consequences observed are
ecologically unimportant, researchers have begun employing sleep restriction
paradigms more frequently. Sleep restriction (sometimes referred to as partial sleep
deprivation) is an experimental methodology which curtails the amount of time an
individual is allowed to sleep across multiple days. As such, sleep restriction is believed
to be a better proxy for naturally occurring sleep. However, these studies are still less
abundant than total sleep deprivation studies, likely due to their time and resource
intensive nature.
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In one sleep restriction experiment, the sleep of 25 healthy, young adults was
restricted to 6 hours per night for 7 consecutive nights (Vgontzas et al., 2004). Daytime
cognitive functioning was assessed via the Psychomotor Vigilance Test. The
researchers also monitored proinflammatory cytokine levels with daily blood draws.
Results indicated reductions in Psychomotor Vigilance Test performance and increases
in proinflammatory cytokine levels (i.e., IL-6 and TNF-a) across the 7 days of sleep
restriction (Vgontzas et al., 2004). Such results indicate that very modest restriction to
sleep can have negative consequences for both cognitive functioning and neurobiology.
Dinges and colleagues (1997) restricted the sleep of 16 young, healthy subjects
approximately 33% of their normal sleep (i.e., to about 5 hours per night) for 7
consecutive nights (Dinges, 1997). Again, daytime cognitive functioning was assessed
with the Psychomotor Vigilance Test. Psychomotor Vigilance performance (RTs and
lapses) declined across the 7 days. There was mild evidence of asymptote being
reached after 3 days (i.e., leveling off of deterioration); however, the authors noted that
the predominate time trend was linear, suggestive of a cumulative effect of restricted
sleep on vigilance. The authors concluded that “restricting sleep… for seven
consecutive nights had a clearly measurable effect on neurobehavioral markers of
alertness” (Dinges, 1997).
In an elaborate design, the effects of rate of 8 hours of sleep loss [i.e., no sleep
loss, slow sleep loss (6 hours TIB/night for 4 nights), intermediate (4 hours TIB for 2
nights), and rapid sleep loss (0 hours TIB for 1 night)] on a probed-recall memory task,
psychomotor vigilance task, and divided attention task was investigated (Drake et al.,
2001). It was found that more rapid sleep loss produced the most substantial deficits in
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alertness, memory, and attention. The authors suggest that because the cognitive
consequences of sleep loss vary by rate, there must be a “compensatory adaptive
mechanism operating with the accumulation of sleep debt.” While these mechanisms
are unknown, potential candidates include: changes in sleep architecture and additional
effort (Drake et al., 2001).
While the above discussed study focus on young, healthy adults, Bliese and
colleagues (2006) examined age-related changes in response to modest sleep
restriction. Again, cognitive functioning was measured with the Psychomotor Vigilance
Test. Interestingly, older adults displayed less pronounced effects of sleep restriction on
their RTs than younger adults. However, 62 was the oldest adult included in the study,
so aging effects must be interpreted cautiously. Never-the-less, the authors suggest that
older adults may have “expended more effort across days thus producing age
differences in performance trends” (Bliese, Wesensten, & Balkin, 2006).
In summation, the experimental evidence regarding the sleep – cognition
relationship gained through studies employing sleep restriction methodology have
consistently yielded results indicating an impact on vigilance (Bliese et al., 2006;
Dinges, 1997; Drake et al., 2001; Vgontzas et al., 2004), which may be blunted in older
adults (Bliese et al., 2006). However, the evidence is equivocal regarding whether
(Drake et al., 2001) or not (Dinges, 1997) adaption to sleep restriction is normative.
Regarding potential mechanisms underlying the relationship between sleep restriction
and cognitive functioning, Banks and Dinges (2007) summarized the evidence by
suggesting there is no “definitive evidence of what is accumulating and destabilizing
cognitive functions over time when sleep is regularly restricted” (Banks & Dinges, 2007).
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Several studies have directly compared the cognitive consequences of sleep
restriction to total sleep deprivation. Forty-eight younger, healthy adults were
randomized to either 3 days of total sleep restriction or 14 days of sleep restriction to
either 4, 6, or 8 hours per night (Van Dongen, 2003). Cognitive functioning was
measured with the Psychomotor Vigilance Test (sustained attention), Digit Symbol
(working memory), and serial addition/subtraction (cognitive throughput). It was found
that chronic sleep restriction resulted in cognitive deficits in all domains. These deficits
were linear and did not reach any sign of leveling off. Reducing sleep to 4 hours per
night for 14 nights resulted in working memory and attention deficits equivalent to 2
days total sleep deprivation, while cognitive throughput was equivalent to 1 day total
sleep deprivation. Attention and working memory deficits of 6 hours restriction were
found to be equivalent to 1 night total sleep deprivation. Based on this evidence, it can
be concluded that chronically restricting sleep has serious neurobehavioral
consequences (Van Dongen, 2003).
However, in another study of chronic sleep restriction which compared the
cognitive functioning (i.e., logical reasoning, vigilance, visual search) of 1 night total
sleep deprivation to that of long-term sleep reduction (5.2 hours per night for 21 nights,
4.3hours per night for 4 nights, and 5.3hours per night for 18 nights), it was reported
that sleep restriction did not impact reasoning or vigilance, while total sleep deprivation
had an impact on all cognitive measures (Blagrove, Alexander, & Horne, 1995). Like
earlier investigations with null results, the authors speculate that added effort and
compensation during sleep restriction was responsible for a lack of effect of sleep
restriction.
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Sleep – Cognition Theories
The above referenced studies examining the relationship between sleep (both
subjective and objective naturally occurring and experimentally manipulated sleep) and
daytime cognitive functioning (across many domains) has led to the formation of several
informative hypotheses concerning sleep and cognitive functioning. The controlled
attention hypothesis (Pilcher, Band, Odle-Dusseau, & Muth, 2007) attempts to
synthesize the extant literature and reconcile discrepant findings by suggesting that
monotonous tasks are more affected by sleep loss due to increased amounts of “topdown control” needed to sustain attention and performance. This is compared to more
complex and difficult tasks (which often times fail to show effects of sleep loss) which
are intrinsically motivating and operate in a “bottom-up” fashion.
An alternative synthesis of the literature could be labeled the neuropsychological
hypothesis (Harrison & Horne, 2000; Jones & Harrison, 2001; Lim & Dinges, 2010). This
model suggests that sleep loss results in focal impairment in functions subserved by the
prefrontal cortex, beyond any impairment in attention or vigilance. In essence, this
stance posits that executive tasks are vulnerable to sleep loss beyond any detriments
that may be reasonably expected from lowered levels of arousal. Evidence supporting
the neuropsychological hypothesis comes from studies demonstrating select
impairments following sleep loss on tasks believed to be frontally dependent (Harrison &
Horne, 2000; Harrison et al., 2000) and imaging studies demonstrating marked changes
in functional activity in the frontal lobes following sleep loss (Drummond et al., 2000;
Drummond et al., 1999; Drummond et al., 2001).
Yet another proposed explanation for the observed sleep – cognition relationships
is the vigilance/arousal hypothesis. Attention, which is needed for the performance of
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many other cognitive tasks, is mediated by arousal -- a common correlated feature of
disturbed sleep (Bonnet & Arand, 2010; Richardson, 2007). In general, individuals with a
disturbed sleep display physiological hyperarousal. This hyperarousal that disrupts
nighttime sleep may also promote daytime cognitive functioning (Bonnet & Arand, 2010;
Richardson, 2007). While arousal may benefit some aspects of cognition, other cognitive

abilities may continue to be negatively affected by sleep disturbance (Bonnet & Arand,
2010). Consistent findings of altered vigilance and arousal levels following sleep loss
(i.e., Psychomotor Vigilance Test performance) lend support for this hypothesis (Dinges,
1997; Durmer & Dinges, 2005). Proponents of this theory suggest that most higher
order cognitive abilities are dependent, to some extent, on proper levels of arousal and
vigilance.
Lastly, the extant evidence examining the relationship between sleep and
cognitive functioning has been synthesized into the wake state instability hypothesis
(Dinges, 1997; Durmer & Dinges, 2005; Goel et al., 2009). This theory suggests that the
cognitive deficits observed as a result of sleep loss occur due to the interaction of the
drive to maintain alertness and the homeostatic drive to initiate sleep. As the sleep drive
increases in strength, it becomes more and more of a hindrance to the maintenance of
waking cognitive performance. Simplistically, it is believed that the “brain’s capacity to
maintain alertness is hindered by the activation of sleep processes” (Goel et al., 2009).
These various theories about the role of sleep processes in regulating and
maintaining cognitive functioning may not be mutually exclusive (Lim & Dinges, 2010).
The controlled attention and vigilance/arousal hypotheses are essentially parallel
descriptions of the same phenomena. As previously stated, many higher order cognitive
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functions may rely on the appropriate levels of attention and arousal. Similarly, it has
been suggested that impairment of the prefrontal cortex may cause decrements in
attention and vigilance (Boonstra, Stins, Daffertshofer, & Beek, 2007). As such, it would
appear that all three of these theories (attention control, vigilance/arousal, and
neuropsychological hypotheses) acknowledge the presence of detriments in lower-level
and executive functions following sleep loss, and only differ in their stance on which
impairment is preeminent. Lastly, the wake state instability hypothesis is more of a
description of the process through which impairments may occur, than an account of
specific mechanisms responsible for the impairments. In sum, sleep appears to impede
arousal/vigilance/attention and prefrontal functioning, potentially through instability of
the neurobiological systems responsible for attentional and sleep drives. Please refer to
Table 3-1 for a summary of the potential mechanisms linking sleep and cognitive
functioning.
The Current Investigation
It has been reported that age and level of cognitive functioning are related to
practice-related learning in older adults (Yang et al., 2006), while trait- and state-anxiety
are not (Yang et al., 2009). Additionally, sleep has been related to level (Blackwell et al.,
2006; Tworoger et al., 2006) and long-term decline in late-life cognitive functioning
(Cricco et al., 2001). No known research has examined sleep’s impact on older adult’s
ability to learn through exposure (i.e., demonstrate practice-related learning). In fact,
scholars have suggested “the need to ensure that participants are well trained in the
test procedures beforehand to minimize practice effects” (Harrison & Horne, 2000).
However, as practice-related learning has been referred to as “a basic form of cognitive
plasticity” (Yang et al., 2006) and sleep depth and continuity are associated with frontal
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lobe functioning (Jones & Harrison, 2001), neuronal plasticity (Wagner et al., 2004),
hippocampal memory processing (Hobson & Pace-Schott, 2002), and attention/arousal
(Bonnet & Arand, 2010), the association between sleep and practice-related learning
appears plausible and worth investigation.
The current investigation seeks to examine subjective sleep as an individual
difference predictor of practice-related learning in late-life. Specific aims of this study
include: (1) To replicate previous findings (Yang & Krampe, 2009; Yang et al., 2006;
Yang et al., 2009) of significant practice-related learning in processing speed and
reasoning in late-life, (2) To determine how an individual’s average level of sleep relates
to their: (a) initial level of cognitive performance, and (b) their ability to benefit from
repeated exposure to cognitive stimuli (i.e., ability to demonstrate practice-related
learning) after controlling for salient individual difference variables (i.e., age, education,
estimated IQ, etc.).
Given the previously described equivocal association between sleep and cognitive
functioning, a clear hypothesis regarding sleep’s relation to late-life practice-related
learning is not possible. It may be that individuals whose sleep is better (i.e., more time
asleep, less awake time) will display higher initial levels of cognitive functioning and will
also benefit the most from repeated cognitive practice, because not only is sleep loss
associated with cognitive decrements [i.e., (Banks & Dinges, 2007; Goel et al., 2009)]
but sleep gain is associated with positive cognitive changes [i.e., (Ellenbogen, 2005;
Wagner et al., 2004; Walker et al., 2002)]. Conversely, individuals who spend more time
awake during the night may also display higher levels of cognitive functioning and may
display more pronounced practice-related learning due to compensatory mechanisms

141

(Drake et al., 2001; Drummond et al., 2000) or heightened arousal responsible for both
difficulty sleeping and increased daytime vigilance (Altena, Van Der Werf et al., 2008;
Bonnet & Arand, 2010). While the current investigation will be able to examine the
relationship between subjective sleep variables and late-life cognitive functioning, it
does not directly measure any of the suspected underlying mechanisms that may be
responsible for any observed associations. As such, discussion of potential
mechanisms will occur only at the theoretical level.
Methods
General Study Design
This study represents a secondary analysis of the Active Adult Mentoring Program
(Project AAMP). The primary objective of Project AAMP was to test the efficacy of a
social-cognitive lifestyle intervention to increase moderate-intensity exercise in older
adults. Participants were randomly assigned to either an Active Lifestyle intervention
arm (receiving weekly, group-based behavioral counseling) or a Health Education arm
(receiving appropriately matched health education). The current study utilizes data from
the initial 18 weeks of the study, including a baseline week of observation prior to group
assignment, 16 weeks of intervention, and a subsequent week of observation following
the intervention period. The study protocol was approved by the appropriate university
institutional review boards.
Procedure
Individuals that expressed interest in study participation were initially screened by
telephone (see below). Following telephone screening, qualified participants were
consented and completed a baseline assessment. This baseline assessment included
seven consecutive nights of self-reported sleep monitoring, one in-person computerized
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cognitive assessment, and administration of demographic and descriptive self-report
questionnaires. Next, participants were randomized to either the Active Lifestyle or
Health Education arm of the intervention. Each intervention arm consisted of sixteen
weekly group meetings [see (Aiken Morgan, 2008; Buman, 2008; Buman et al., 2011)
for more information]. During the intervention period, each participant continued to
monitor their sleep nightly. Prior to each group meeting, all sleep logs were collected
and checked for compliance. Similarly, either before or after each group meeting all
participants completed the computerized cognitive battery. Lastly, each participant
completed a post-treatment week of assessment that included seven nights of sleep
monitoring and one computerized cognitive assessment. Thus, this study included 18consecutive weeks of sleep monitoring (i.e., up to 126 days), paired with 18-weekly
cognitive assessments.
Participants
Study participants include 87 adults aged 50 years and greater who participated in
Project AAMP. Potential enrollees responded to community-based health promotion
recruitment delivered through local media outlets. While participants were not recruited
or screened based on their sleep characteristics, older adults present with great
heterogeneity and have increased prevalence of disturbed sleep (Morgan, 2000). Thus,
the sample is likely to include a wide range of elder sleepers, including both good and
poor sleepers. To ensure their suitability for the study, subjects went through a thorough
screening process that included many inclusion and exclusion criteria.
Inclusion/Exclusion Criteria
All potential participants were screened by telephone to exclude individuals based
on the following criteria: severe dementing illness, history of significant head injury (loss
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of consciousness for more than 5 minutes), neurological disorders (e.g., Parkinson’s
disease), inpatient psychiatric treatment, extensive drug or alcohol abuse, use of an
anticholinesterase inhibitor (such as Aricept), severe uncorrected vision or hearing
impairments, terminal illness with life expectancy less than 12 months, major medical
illnesses, cardiovascular disease, pulmonary disease requiring oxygen or steroid
treatment, and ambulation with assistive devices. Telephone screening included the 11item Telephone Interview for Cognitive Status [TICS; (Brandt et al., 1988)], utilizing a
cut-off score of 30 points to differentiate mild dementia from cognitively intact (Brandt et
al., 1988). All study participants were required to self-report sedentary lifestyle [defined
as not currently meeting minimum physical activity guidelines of ≥150 minutes/week of
moderate or vigorous physical activity during the previous 6 months (Physical Activity
Guidelines Advisory Committee Report, Part A: Executive Summary, 2009)]. All
individuals were required to come to the laboratory with a note from their primary care
physician acknowledging their ability to participate in the study prior to formal
enrollment.
Demographic and Descriptive Measures
Each study participant provided demographic data through means of a telephone
screening instrument. Information regarding participant age (measured in years since
birth), gender (male or female), and education level (years of education) were collected.
During the first in-person session, all individuals completed the North American Adult
Reading Test [NAART; (Blair & Spreen, 1989)], yielding a pre-morbid IQ estimate (that
has been found to correlate between 0.40 and 0.80 with other measures of intelligence).
The Beck Depression Inventory, Second Edition [BDI-II; (Beck et al., 1996)] was
administered to assess depressive symptomatology. The BDI-II consists of 21 groups
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of statements related to cognitive and somatic depression symptoms. The BDI-II is a
commonly used self-report measure of depression in both younger (Beck et al., 1996)
and older adults (Segal et al., 2008). The State-Trait Anxiety Inventory [STAI;
(Spielberger, 1983) was administered to assess current (state) and typical (trait) anxiety
symptoms.
Descriptive Statistics
The final sample included 87 adults aged 50 years and older. Mean age for the
entire sample was 63.33 years, range = 50-87 years. The sample was highly educated,
average years of education of 16.14, predominately female, 82%, of above average
intelligence, and evinced few depressive and anxiety symptoms (i.e., few depressive
and anxiety symptoms). Please refer to Table 3-2 for a complete list of
demographic/descriptive statistics.
Measures
Cognitive Measures
The Letter Series task (Thurstone, 1962) is primarily a measure of reasoning. In
this task, participants had to identify the pattern for a series of letters. Participants were
asked to choose the letter that would continue an established pattern (A B D A B D A B
___?) in a series of letters from five answer choices. Participants were given four
minutes to complete as many items as possible. The performance score was the
number of correct responses.
Processing speed was assessed with the Symbol Digit and Digit Copy tests
(Smith, 1982). These tests consist of matching symbols that are paired with numbers
(Symbol Digit) or numbers paired with same numbers (Digit Copy) as quickly as
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possible. There was a 120-second time limit for each task and the performance score
was the total number of correct pairings made by the participant.
The Simple and Choice Reaction Time task (Hultsch et al., 2000) was used to
assess reaction time/processing speed. The Simple Reaction Time (SRT) task presents
respondents with a warning stimulus (•••) followed by a signal stimulus (+) in the middle
of the screen. Participants were instructed to press a key with their preferred hand as
quickly as possible when the signal stimulus (+) appeared. The Choice Reaction Time
(CRT) task presented respondents with a warning signal consisting of two X’s presented
to the left and right of the center of the screen. After a delay one of the X’s changed into
a circle and the location of the circle was randomly equalized across trials. Respondents
were instructed to press a key corresponding to the location of the circle as quickly as
possible. 10 practice trials were followed by 50 test trials. The outcome measures for
SRT and CRT was the mean latency of the total correct test trials.
All cognitive measures were computer administered. Administration occurred once
per week for 18-consecutive weeks. Computerization of the cognitive measures was
done using DirectRT experimental generation program (Jarvis, 2008a). All computerized
cognitive measures were then compiled and administered via MediaLab experimental
implementation program (Jarvis, 2008b). In an attempt to minimize practice effects due
to memorization commonly found in repeated cognitive assessments (Salthouse et al.,
2004), fourteen alternate forms of each test were used and rotated such that the same
version of any given test was not given within 6 weeks of each other. The alternate
forms were constructed to be comparable in difficulty and cognitive resources needed to
complete them and have been shown to have high test-retest reliabilities (Allaire &
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Marsiske, 2005; McCoy, 2004). Both processing speed and reasoning measures were
selected to be practiced due to their inclusion in previous practice-related learning
investigations (Yang & Krampe, 2009; Yang et al., 2006; Yang et al., 2009).
Sleep Measures
Participants completed sleep diaries (Lichstein et al., 1999) each morning for the
entirety of Project AAMP (i.e., 18 weeks/126 days). The sleep diaries provide subjective
estimates of the following sleep parameters: (1) total sleep time (TST): the total amount
of time asleep during the night (TST = total time in bed - sleep onset latency, wake time
after sleep onset, and terminal wakefulness); (2) total wake time (TWT): the total awake
time in bed (TWT = sleep onset latency + wake time after sleep onset + terminal
wakefulness); (3) sleep onset latency (SOL): the time it took to fall asleep after laying
down with the intention of going to sleep; (4) wake time after sleep onset (WASO): the
total amount of time spent awake during the night from the time sleep was first initiated
until the final wake-up, (5) sleep quality rating (SQR): overall rating of the quality of
sleep (from 1= very poor to 5 = excellent), (6) terminal wakefulness (TWAK): the
amount of time spent awake laying in bed in the morning following final wake-up, (7)
number of awakenings (NWAK): total number of nocturnal awakenings, and time in bed
(TIB): total amount of time spent in bed. For each participant, average level sleep
variables (averaged up from 5 blocks of sleep data; see below) were calculated. Due to
conceptual [i.e., potential consequences of sleep loss and sleep gain (Ellenbogen,
2005)] and pragmatic (i.e., high multicollinearity) issues, only TST and TWT were
employed as individual difference predictors of practice-related learning. Please see
Table 3-3 for a complete listing of inter-correlations among sleep variables and raw
mean-level sleep values over 5 blocks of assessment.
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Analyses
Preliminary Analyses
Prior to statistical analyses to address each main aim, preliminary analyses were
conducted. Preliminary analyses: (1) examined normality of the data, (2) examined
rates of missingness among the data, (3) examined attrition (differences between
attrited and non-attrited subjects), and (4) examined any systematic changes in sleep
across the study period.
Preliminary analysis examined the cognitive data (i.e., dependent variables) for
normality. All cognitive data were screened for outliers at the intraindividual level (i.e.,
within-person from trial-to-trial). Further, all cognitive variables were also screened for
potential outliers at the interindividual level (i.e., between persons). Interindividual
outliers were replaced with their respective 3 standard deviation values, while
intraindividual outliers were simply removed from the dataset prior to calculation of
occasion-specific values. Skewness and kurtosis values were also examined using
generally agreed upon criteria (i.e., skewness and kurtosis values less than 1.0) (Field,
2005). Normality in independent variables (i.e., covariates and sleep predictors) is less
of a concern in structural equation modeling (SEM) analyses (Tabachnick & Fidell,
2001), and as such these variables were only screened to detect impermissible values
that likely represent data entry errors and to render the data more appropriate for
parametric analyses. Extreme outliers (cases representing beyond the top and bottom
0.25% of the distribution) were rescaled to the cut points for the 0.25 and 99.75
percentiles of the distribution. Such a practice was performed to preserve participant
rank orders, improve skewness and kurtosis, and reduce the potential leverage and
influence of extreme outlier cases on relationships to be investigated (Hastings,
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Mosteller, Tukey, & Winsor, 1947). For the purposes of this report, data were cleaned at
the daily and weekly level.
Rates of missingness were calculated as a descriptor of the data, because all
available data was utilized. All structural equation modeling (SEM) was implemented
through AMOS (Arbuckle & Wothke, 1999) via full information maximum likelihood
(FIML) estimation methodology. Analysis of attrition was conducted to examine whether
there were differences between study completers (those whom were present at
posttest) and study attriters (those whom dropped out before reaching posttest) on all
cognitive, descriptive/demographic variables, and sleep variables from baseline to
posttest.
To examine for significant systematic changes in sleep over the course of the 5block observation period, a multilevel growth model was estimated (Bryk &
Raudenbush, 1992; Singer & Willett, 2003) for each sleep independent variable. We
first examined whether there were significant temporal trends in sleep over the 5-block
(i.e., 126 day) period. If no systematic time-related changes were found, then models of
occasion-to-occasion variability in sleep would not need to control for temporal trends; if
temporal trends were found, then corrections for change (e.g., mean-level sleep with
temporal trends residualized out) would be preferable. Thus, a final step prior to the
main analyses below was to estimate an unconditional growth model for sleep. Nonsignificant temporal trends indicated that mean-level sleep was an unbiased estimate.
The presence of significant temporal trends in sleep suggested alternative indices of
sleep (i.e., mean-level of sleep with temporal trends residualized out) may be preferable
individual difference predictors. For consistency with the cognitive growth models, the
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sleep variables were combined to form blocks of data. These blocks were formed in the
same manner as the cognitive blocks (i.e., Block 1 = baseline, week 1, and week 2;
Block 2 = week 3, week 4, week 5, and week 6; Block 3 = week 7, week 8, week 9, and
week 10; Block 4 = week 11, week 12, week 13, and week 14; and Block 5 = week 15,
week 16, and posttest).
The parent study (Project AAMP) for the current paper was designed to test the
efficacy of a social-cognitive lifestyle intervention to increase moderate-intensity
exercise in older adults. Participants were assigned to either an Active Lifestyle
intervention or a Health Education. As such, concerns regarding differing cognitive
trajectories between these groups may be present. However, previous works have
shown few baseline to posttest fitness effects by group status (Buman, 2008) and no
baseline to posttest cognitive effects by group status (Aiken Morgan, 2008). Thus, group
status was not controlled for in subsequent analyses.
Main Analyses
To attempt to replicate the findings of significant practice-related learning in older
adults (Yang et al., 2006), separate univariate growth curves (one for each cognitive
variable) were parameterized to model the level and rate-of-change in cognitive
functioning across the 18-week study period (Aim 1). This was done through a SEM
approach (Tabachnick & Fidell, 2001). Both linear and quadratic estimates of change
were examined. As these models contained no predictor variables they are termed
unconditional growth models. Significant practice-related learning was indicated by tests
of the slope being non-zero. Further, random slopes were estimated and were
examined to determine if the slope-related variance is non-zero. There must be
significant individual differences (i.e., random variance) in the slopes and/or intercepts
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prior to estimation of models that predict either an intercept or slope term. Model fit was
evaluated by examining the following fit statistics: χ2 (chi-squared), ratio of χ2 value to
degrees of freedom (CMIN/DF), comparative fit index (CFI), Tucker-Lewis index (TLI),
incremental fit index (IFI), and root mean square error of approximation (RMSEA). Good
model fit was indicated by models with non-significant chi-square statistic, CMIN/DF < 2,
CFI, TLI, and IFI > 0.90, and RMSEA < .08. Please see Figure 3-1 for a graphical
representation of the univariate unconditional growth curves.
Next, to examine sleep as an individual difference predictor of practice-related
learning in late-life (Aim 2), predictor variables were added to the unconditional growth
models estimated in Aim 1 to form conditional growth models. The individual difference
covariates of age, gender, education, estimated IQ, anxiety, and depression were
added to control for common factors associated with late-life cognitive functioning (Yang
et al., 2006; Yang et al., 2009). Additionally, mean-level TST and TWT were added to
the models to examine sleep’s association with initial level (Aim 2, sub-aim a) of
cognitive functioning and rate-of-change (Aim 2, sub-aim b) in cognitive functioning.
Variables were entered hierarchically to the models. Initially, all covariates (i.e.,
age, gender, education, estimated IQ, anxiety, and depression) were added to the
models. Subsequently, TST and TWT were both added to the models. Such hierarchical
model building allowed for examination of potential improvements in model fit. Each
variable was evaluated based on the significance of their paths to (a) practice intercept,
(b) practice linear slope, and (c) practice quadratic slope. Significant paths from these
exogenous variables to intercept and slopes indicate significant prediction of practicerelated learning. Variables were also be evaluated based on their overall consequences
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to model fit statistics (i.e., χ2, CMIN/DF, CFI, TLI, IFI, and RMSEA). Please see Figure
3-2 for a graphical representation of the final univariate conditional growth curves.
Based on previous research (See Chapter 2) all growth curve analyses (i.e., Aim 1
and Aim 2) utilized cognitive data formed into composite blocks of surrounding
occasions. Blocks were constructed in the following manner: Block 1 = baseline, week
1, and week 2; Block 2 = week 3, week 4, week 5, and week 6; Block 3 = week 7, week
8, week 9, and week 10; Block 4 = week 11, week 12, week 13, and week 14; and Block
5 = week 15, week 16, and posttest. The blocks were constructed in this manner so that
each block would contain roughly equal numbers of occasions and to allow the earliest
occasions (i.e., occasions 1 – 3) and the latest occasions (i.e., occasions 15 – 17) to
have slightly more influence on their respective block scores. Five blocks were
constructed as this number of occasions is in accordance with other higher-order latent
growth models published in the psychology and aging literature (Christensen et al.,
2004; Hofer et al., 2002).
Results
Preliminary Analyses
Normality
Descriptive statistics revealed the presence of numerous sample outliers and
suggested the cognitive data were both skewed and kurtic. An iterative approach to
outlier trimming resulted in cognitive data that were normally distributed. Please refer to
Table 3-4 for cognitive descriptive and normality statistics pre and post outlier trimming
procedures, and for raw cognitive scores for each measure at each occasion. In total,
90 cognitive variables were cleaned for 87 subjects. This produced a total of 7,830
potential data points that could have been trimmed. Only 69 actual data points were
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trimmed; resulting in 0.88% of the data being altered. Following data cleaning
procedures, all RT-based data (i.e., N-Back, Simple and Choice RT, and Trails A and B)
were transformed such that higher scores were indicative of better performance. This
was done to place all cognitive measures on a similar metric and to improve
interpretability of the main study Aims.
Inspection of the TWT data revealed 18 data points in need of trimming. Inspection
of the TST data revealed 41 data points in need of trimming. In total, 2 sleep variables
(i.e., TST and TWT) were trimmed for 126 occasions for 87 subjects. This produced a
total of 21,924 potential data points that could have been replaced. Only 59 actual data
points were replaced due to non-permissible values or extreme values, resulting in
0.27% of the sleep data being Winsorized (Hastings et al., 1947). Please refer to Table
3-3 for TST and TWT descriptive and normality statistics pre and post Winsorizing
procedures. Of note, while normality statistics improved post data replacement, TWT
was still largely skewed and kurtic. However, as the normality of independent variables
is not as critical in SEM analyses (Tabachnick & Fidell, 2001), and as the normality
concerns arise out of TWT data being confined to normal bounds, raw sleep data was
used in all subsequent analyses (when significant temporal trends were not present).
Missing Data
Eighty-seven subjects were enrolled in the current investigation. Throughout the
repeated cognitive assessments, participation waxed and waned considerably. While
missing data rates were relatively high for each cognitive measure across the 18consecutive weeks of testing (see Chapter 2, Figure 2-3), the current paper utilized
composite scores of adjacent occasions of cognitive data formed into 5 blocks. If any
data point was present in any occasion for a given block, that block would not be
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missing. As a result, the blocked cognitive dependent variables contain very little
missing data. Block 1 contained 100% data, Block 2 contained 94% data, Block 3
contained 85% data, Block 4 contained 78% data, and Block 5 contained 80% data. As
the sleep variables employed in the current paper represent person-level mean sleep,
and as every subject contributed at least one week of sleep data, there are no missing
sleep data for the current analyses. Similarly, no demographic covariates contained
missing data points.
Attrition
As is shown in Table 3-5, comparing demographic/descriptive characteristics (age,
education, gender, estimated IQ, depression, and anxiety) of individuals who completed
posttest (n = 68) to those that failed to complete posttest (i.e., attriters; n = 19),
independent samples t-tests indicated that the study’s attriters reported significantly
more depressive symptoms than did study completers, t (85) = 2.17, p = 0.03. It is
important to note that if correction for multiple comparisons had been conducted (e.g.,
Bonferroni), even this difference would not have reached significance. Study completers
and attriters did not significantly differ in their performance on any Block 1 cognitive
measure (Number Copy, Symbol Digit, Letter Series, Simple and Choice RT) or in their
mean TST or mean TWT, all p’s > 0.05. Full information maximum likelihood (FIML)
estimation methodology was employed in all subsequent analyses, as such
methodology has been shown to produce reliable estimates even when data are not
missing at random and is preferable to listwise deletion and purposive estimation
(Graham, 2009).
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Systematic Sleep Changes
To examine the daily TST and TWT data for any systematic changes across the 5block study period separate multilevel growth models (Bryk & Raudenbush, 1992;
Singer & Willett, 2003) were estimated. These models predicted change in sleep with
time (linear block and quadratic block) and error indicators alone through
implementation of the following equation:
Sleepit = β00 + β10(Time) + β20(Time2) + r1i(Time) + r2i(Time2) + roi + eit
The multilevel growth model for TST revealed no systematic changes across the
5-block (i.e., 126-day) study period, Linear Time, = 1.85, SE = 1.72, t(245.57) = 1.07,
p > .05, Quadratic Time, = -0.31, SE = 1.54, t(182.06) = -0.20, p > .05. As such, raw
mean-level 5-block TST was employed in future analyses. The multilevel growth model
for TWT also revealed no systematic changes across the 5-block (i.e., 126-day) study
period, Linear Time, = -2.24, SE = 1.21, t(285.17) = -1.85, p > .05, Quadratic Time,
= 0.75, SE = 1.04, t(222.72) = 0.73, p > .05. As such, raw mean-level 5-block TWT
was employed in future analyses. Please refer to Table 3-6 for a complete listing of
estimates obtained from the multilevel growth models.
Main Analyses
Aim 1: Unconditional Growth Curves
All unconditional latent growth curve analysis results are presented in Table 3-7.
Please refer to this table for all intercept and slope estimates, and correlation
coefficients between intercept and slope estimates. Additionally, please see Figure 3-3
for a graphical representation of standardized model implied change in each cognitive
measure across the study period.
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Number Copy. Fit statistics indicated good model fit for the Number Copy
unconditional LGC model. χ2(10) = 8.86, p > .05, CMIN/DF = 0.87, CFI, TLI, and IFI all
≥ 1.00, and RMSEA = 0.00. The mean intercept was 42.78, p < .01, suggesting that the
average Block 1 starting value was significantly greater than zero. The mean estimate
of the linear slope was -0.10, p > .05, suggesting non-significant linear growth across
blocks in Number Copy performance. However, the mean estimate of the quadratic
slope was 1.75, p < .01, suggesting significant quadratic change across blocks in
Number Copy performance. Specifically, significant growth was observed during the first
two blocks of assessment, followed by decelerated growth throughout the end of the
study period. The intercept-related variance was 13.99, p < .01, suggesting significant
individual differences in Block 1 Number Copy performance. The linear slope-related
variance was 0.54, p > .05, suggesting non-significant individual differences in linear
change in Number Copy performance. The quadratic slope-related variance was 5.66, p
= .066, suggesting marginal individual differences in quadratic change in Number Copy
performance.
Symbol Digit. Fit statistics indicated good model fit for the Symbol Digit
unconditional LGC model. χ2(10) = 13.92, p > .05, CMIN/DF = 1.40, CFI, TLI, and IFI all
≥ 0.98, and RMSEA = 0.067. The mean intercept was 23.92, p < .01, suggesting that
the average Block 1 starting value was significantly greater than zero. The mean
estimate of the linear slope was -0.01, p > .05, suggesting non-significant linear growth
across blocks in Symbol Digit performance. However, the mean estimate of the
quadratic slope was 2.00, p < .01, suggesting significant quadratic change across
blocks in Symbol Digit performance. Specifically, significant growth was observed
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during the first two blocks of assessment, followed by decelerated growth throughout
the end of the study period. The intercept-related variance was 12.62, p < .01,
suggesting significant individual differences in Block 1 Symbol Digit performance. The
linear slope-related variance was 1.68, p < .01, suggesting significant individual
differences in linear change in Symbol Digit performance. Lastly, the quadratic sloperelated variance was 7.82, p < .01, suggesting significant individual differences in
quadratic change in Symbol Digit performance.
Letter Series. The LGC model for Letter Series would not converge with
correlations to the quadratic slope being estimated. This was likely due to negative
quadratic slope variance. As a result, the correlations between the intercept and linear
slope and the quadratic slope were not estimated and the quadratic slope variance was
set to zero. Fit statistics indicated adequate model fit for the Letter Series LGC model.
χ2(13) = 44.61, p < .001, CMIN/DF = 3.43; however, CFI, TLI, and IFI all ≥ 0.92. Lastly,
RMSEA = 0.17. The mean intercept was 8.03, p < .01, suggesting that the average
Block 1 starting value was significantly greater than zero. The mean estimate of the
linear slope was 0.18, p > .05, suggesting non-significant linear growth across blocks in
Letter Series performance. However, the mean estimate of the quadratic slope was
2.10, p < .01, suggesting significant quadratic change across blocks in Letter Series
performance. Specifically, significant growth was observed during the first two blocks of
assessment, followed by decelerated growth throughout the end of the study period.
The intercept-related variance was 10.20, p < .01, suggesting significant individual
differences in Block 1 Letter Series performance. The linear slope-related variance was
0.47, p < .01, suggesting significant individual differences in linear change in Letter
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Series performance. Lastly, as stated above, the quadratic slope-related variance was
set to zero.
Simple RT. The LGC model for Simple RT would not properly converge with
correlations between the intercept, linear slope and quadratic slope being estimated. As
a result, these correlations were not estimated. Fit statistics indicated good model fit for
the Simple RT LGC model. χ2(13) = 13.71, p > .05, CMIN/DF = 1.05, CFI, TLI, and IFI
all ≥ 0.99, and RMSEA = 0.025. The mean intercept was 486.84, p < .01, suggesting
that the average Block 1 starting value was significantly greater than zero. The mean
estimate of the linear slope was -6.77, p < .05, suggesting significant linear change
across blocks in Simple RT performance. The mean estimate of the quadratic slope was
26.43, p < .01, suggesting significant quadratic change across blocks in Simple RT
performance. Specifically, significant growth was observed during the first two blocks of
assessment, followed by a leveling off throughout the end of the study period. The
intercept-related variance was 2509.00, p < .01, suggesting significant individual
differences in Block 1 Simple RT performance. The linear slope-related variance was
85.43, p < .05, suggesting significant individual differences in linear change in Simple
RT performance. Lastly, the quadratic slope-related variance was 181.52, p > .05,
suggesting non-significant individual differences in quadratic change in Simple RT
performance.
Choice RT. Fit statistics indicated good model fit for the Choice RT LGC model.
χ2(10) = 5.07, p > .05, CMIN/DF = 0.51, CFI, TLI, and IFI all ≥ 1.00, and RMSEA =
0.00. The mean intercept was 357.01, p < .01, suggesting that the average Block 1
starting value was significantly greater than zero. The mean estimate of the linear slope
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was -16.52, p < .01, suggesting significant linear change across blocks in Choice RT
performance. The mean estimate of the quadratic slope was 52.57, p < .01, suggesting
significant quadratic change across blocks in Choice RT performance. Specifically,
significant growth was observed during the first two blocks of assessment, followed by a
slight decline throughout the end of the study period. The intercept-related variance was
4398.31, p < .01, suggesting significant individual differences in Block 1 Choice RT
performance. The linear slope-related variance was 343.62, p < .05, suggesting
significant individual differences in linear change in Choice RT performance. Lastly, the
quadratic slope-related variance was 2545.51, p < .01, suggesting significant individual
differences in quadratic change in Choice RT performance.
Aim 2: Conditional Growth Curves
All conditional latent growth curve analysis results are presented in Tables 3-8 and
3-9. Please refer to these tables for all intercept and slope estimates, correlation
coefficients between exogenous predictor variables, regression weights, standardized
regression weights, and changes in model fit. Models were all constructed
hierarchically, such that initially only covariates (age, gender, education, estimated IQ,
depression, and anxiety) were included. Person-mean TST and TWT were together
subsequently added to the models. Below, final model estimates (i.e., models including
sleep variables) are presented for each cognitive DV separately. For no cognitive DV
did the model fit change significantly from the model containing covariates only to the
model also including sleep variables (see Table 3-9). All associations between sleep
and cognition (level and change) are displayed in graphical formats for ease of
interpretation (please see Figures 3-4, 3-5, and 3-6).
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Number Copy. Fit statistics indicated barely acceptable model fit for the final
Number Copy conditional LGC model. χ2(54) = 108.49, p < .001, CMIN/DF = 2.01, CFI
= 0.84, TLI = 0.74, and IFI 0.86, and RMSEA = 0.11. The mean intercept was 40.56, p <
.01, suggesting that the average Block 1 starting value was significantly greater than
zero. The mean estimate of the linear slope was -9.32, p < .05, suggesting significant
linear change across blocks in Number Copy performance. The mean estimate of the
quadratic slope was 18.59, p > .05, suggesting non-significant quadratic change across
blocks in Number Copy performance. The intercept-related variance was 8.09, p < .01,
suggesting significant individual differences in Block 1 Number Copy performance. The
linear slope-related variance was 0.07, p > .05, suggesting non-significant individual
differences in linear change in Number Copy performance. The quadratic slope-related
variance was 1.63, p < .05, suggesting individual differences in quadratic change in
Number Copy performance. Only age was a significant individual difference predictor of
Number Copy intercept, B = -0.17, p < .01; suggesting older adults had lower Number
Copy starting performances than younger adults. There were no significant predictors of
change in Number Copy performance across time.
Symbol Digit. Fit statistics indicated barely acceptable model fit for the final
Symbol Digit conditional LGC model. χ2(54) = 115.96, p < .01, CMIN/DF = 2.15, CFI =
0.86, TLI = 0.77, and IFI 0.87, and RMSEA = 0.12. The mean intercept was 320.03, p <
.01, suggesting that the average Block 1 starting value was significantly greater than
zero. The mean estimate of the linear slope was 1.22, p > .05, suggesting nonsignificant linear growth across blocks in Symbol Digit performance. Similarly, the mean
estimate of the quadratic slope was -2.03, p > .05, suggesting non-significant quadratic
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change across blocks in Symbol Digit performance. The intercept-related variance was
5.503, p < .01, suggesting significant individual differences in Block 1 Symbol Digit
performance. The linear slope-related variance was 0.20, p > .05, suggesting nonsignificant individual differences in linear change in Symbol Digit performance. The
quadratic slope-related variance was 0.48, p > .05, suggesting non-significant individual
differences in quadratic change in Symbol Digit performance. Age, B = -0.19, p < .01,
education level, B = 0.33, p < .05, and TWT, B = -0.19, p < .05, were significant
individual difference predictors of Symbol Digit intercept; suggesting older, less
educated adults and those that spend more time awake during the night had lower
Symbol Digit starting performances than younger, more highly educated adults and
those that spent less time awake during the night.
Education level was also a significant predictor of linear change in Symbol Digit
performance, B = 0.17, p < .05; suggesting more highly educated older adults exhibited
steeper linear changes in Symbol Digit with repeated practice than did lower educated
older adults. Similarly, education level was also a significant predictor of quadratic
change in Symbol Digit performance, B = -0.43, p < .05; suggesting more highly
educated older adults experienced less pronounced deceleration in Symbol Digit
learning than less educated older adults. Refer to Figure 3-4 for a graphical
representation of Symbol Digit level for both a high (i.e., 90th %ile) and low (i.e., 10th
%ile) TWT subject.
Letter Series. Fit statistics indicated barely acceptable model fit for the final Letter
Series conditional LGC model. χ2(54) = 120.82, p < .001, CMIN/DF = 2.24, CFI = 0.88,
TLI = 0.79, and IFI 0.89, and RMSEA = 0.12. The mean intercept was 3.23, p > .05,
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suggesting that the average Block 1 starting value was not significantly greater than
zero. The mean estimate of the linear slope was 0.60, p > .05, suggesting nonsignificant linear growth across blocks in Letter Series performance. Similarly, the mean
estimate of the quadratic slope was 2.04, p > .05, suggesting non-significant quadratic
change across blocks in Letter Series performance. The intercept-related variance was
6.99, p < .01, suggesting significant individual differences in Block 1 Letter Series
performance. The linear slope-related variance was 0.32, p > .05, suggesting nonsignificant individual differences in linear change in Letter Series performance. The
quadratic slope-related variance was 0.33, p > .05, suggesting non-significant individual
differences in quadratic change in Letter Series performance. Age, B = -0.16, p < .01,
predicted IQ, B = 0.24, p < .05, and TWT, B = -0.24, p < .05, were significant individual
difference predictors of Letter Series intercept; suggesting older adults with lower
intelligence and those that spent more time awake during the night had lower Letter
Series starting performances than younger adults with higher intelligence and those that
spent less time awake during the night. There were no significant predictors of change
in Letter Series performance across time. Refer to Figure 3-5 for a graphical
representation of Letter Series level for both a high (i.e., 90th %ile) and low (i.e., 10th
%ile) TWT subject.
Simple RT. Fit statistics indicated adequate model fit for the final Simple RT
conditional LGC model. χ2(54) = 84.01, p < .01, CMIN/DF = 1.56, CFI = 0.94, TLI =
0.89, and IFI 0.94, and RMSEA = 0.08. The mean intercept was 25.55, p < .01,
suggesting that the average Block 1 starting value was significantly greater than zero.
The mean estimate of the linear slope was -20.72, p > .05, suggesting non-significant
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linear growth across blocks in Simple RT performance. Similarly, the mean estimate of
the quadratic slope was 10.93, p > .05, suggesting non-significant quadratic change
across blocks in Simple RT performance. The intercept-related variance was 2262.30, p
< .01, suggesting significant individual differences in Block 1 Simple RT performance.
The linear slope-related variance was 82.81, p < .05, suggesting significant individual
differences in linear change in Simple RT performance. The quadratic slope-related
variance was 158.79, p > .05, suggesting non-significant individual differences in
quadratic change Simple RT performance. There were no significant predictors of level
in Simple RT performance.
TWT, B = -0.54, p < .05, was a significant predictor of quadratic change in Simple
RT performance; suggesting that older adults who spent more time awake during the
night benefited more from repeated practice than older adults who spent less time
awake during the night. Refer to Figure 3-6 for a graphical representation of Simple RT
learning for both a high (i.e., 90th %ile) and low (i.e., 10th %ile) TWT subject.
Choice RT. Fit statistics indicated barely adequate model fit for the final Choice
RT conditional LGC model. χ2(55) = 131.00, p < .001, CMIN/DF = 2.38, CFI = 0.85, TLI
= 0.74, and IFI 0.86, and RMSEA = 0.13. The mean intercept was 42.47, p < .01,
suggesting that the average Block 1 starting value was significantly greater than zero.
The mean estimate of the linear slope was 138.31, p < .05, suggesting significant linear
growth across blocks in Choice RT performance. Similarly, the mean estimate of the
quadratic slope was -333.84, p < .05, suggesting significant quadratic change across
blocks in Choice RT performance. The intercept-related variance was 2786.46, p < .01,
suggesting significant individual differences in Block 1 Choice RT performance. The
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linear slope-related variance was not estimated due to model non-convergence. The
quadratic slope-related variance was 302.46, p < .05, suggesting significant individual
differences in quadratic change Choice RT performance. Age, B = -1.78, p < .05, and
estimated intelligence, B = -2.48, p < .05, were significant individual difference
predictors of Choice RT intercept; suggesting older adults with higher estimated
intelligence had lower Choice RT starting performances than younger adults with lower
estimated intelligence.
Estimated intelligence, B = -1.15, p < .05, and anxiety symptoms, B = -0.74, p <
.05, were significant individual difference predictors of Choice RT linear slope;
suggesting older adults with lower estimated intelligence and lower anxiety symptoms
benefited more from repeated practice than older adults with higher estimated
intelligence and higher anxiety symptoms. Gender, B = 29.30, p < .05, estimated
intelligence, B = 2.43, p < .05, depressive symptoms, B = -2.63, p < .05, and anxiety
symptoms, B = 1.47, p < .05, were significant predictors of quadratic change in Choice
RT performance; suggesting that females, older adults with lower estimated intelligence,
higher depressive symptoms, and lower anxiety symptoms benefited more from
repeated practice than males, older adults with high estimated intelligence, lower
depressive symptoms, and higher anxiety symptoms.
Discussion
The current study investigated improvements in cognitive functioning in older
adults that were the result of repeated practice with cognitive stimuli (i.e., practicerelated learning). Specifically, this study sought to: (1) replicate previous findings (Yang
& Krampe, 2009; Yang et al., 2006; Yang et al., 2009) of significant practice-related
learning in processing speed and reasoning in late-life, and (2) determine how an
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individual’s average level of time spent asleep (i.e., TST) and time spent awake (i.e.,
TWT) relates to their: (a) initial level of cognitive performance, and (b) their ability to
benefit from repeated exposure to cognitive stimuli after controlling for salient individual
difference variables (i.e., age, education, gender, estimated IQ, and depression and
anxiety-related symptoms). A prominent question in the late-life cognitive intervention
literature revolves around the identification individual differences in learning potential
(Hertzog et al., 2008).
It was found that both processing speed measures (i.e., Number Copy, Symbol
Digit, Simple RT, and Choice RT) and an executive processing measure (i.e., Letter
Series) demonstrated significant gains associated with repeated practice. The various
individual difference variables (i.e., age, education, gender, estimated IQ, depressive
symptoms, and anxiety symptoms) were found to be differentially related to level and
rate-of-change across the cognitive dependent variables. Similarly, TWT (but not TST)
was related to both level and rate-of-change in cognitive functioning for certain cognitive
dependent variables.
Practice-Related Learning
The first overall goal of the current investigation was to replicate previous research
demonstrating the presence of significant practice-related learning in late-life. Paper 1 of
this multipaper dissertation also included this same goal. Further, while the samples
utilized in Paper 1 and Paper 2 differ by 3 subjects (due to missing sleep data), the
results of corresponding Aim 1s are identical. Readers are referred to the discussion of
Paper 1, Aim 1 for a discussion of practice-related learning in late-life.
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Predictors of Starting Level in Cognitive Functioning
The second aim of the current paper was to examine individual difference
predictors of initial level of cognitive functioning in late-life. The current investigation
found that the common individual difference variables of age, education, and estimated
IQ were related to initial level of cognitive functioning across the domains of processing
speed and reasoning in late-life. Such findings are congruent with decades of crosssectional and longitudinal examinations into factors related to late-life cognitive
functioning [e.g., (Christensen et al., 2004; Salthouse, 1991, 2004; Schaie, 1994,
1996)]. However, the current investigation also included examination into sleep
variables as potential predictors of initial level of cognitive functioning.
Previous research into the relation between self-reported sleep and cognitive
functioning in late-life has generally reported that worse sleep (i.e., indicators of sleep
disruption) is associated with poor cognitive functioning (Cricco et al., 2001; Nebes et
al., 2009; Tworoger et al., 2006). These associations have been reported for executive
functioning measures (i.e., RBANS, TONI, Trails B, and N-Back) and composite
cognitive functioning indices, but not for perceptual speed tasks (Cricco et al., 2001;
Nebes et al., 2009; Tworoger et al., 2006). Similarly, we found that older individuals who
spent more time awake on average during the night also performed significantly worse
on a reasoning and processing speed measure. Interestingly, we did not find any
associations between our indicator of sleep achieved (i.e., total sleep time) and
cognitive functioning. Previous research has also failed to capture this relationship
(Cricco et al., 2001; Nebes et al., 2009; Tworoger et al., 2006).
There are several plausible explanations for the observed relationships between
TWT and reasoning and processing speed. Disrupted sleep has been hypothesized to
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impact cognitive functioning through inhibiting the brain restoration that occurs during
healthy sleep (Nebes, Buysse, Halligan, Houck, & Monk, 2009; Tworoger et al., 2006).
As such, individuals who chronically spend more time awake during the night may
experience the cumulative effects of a lack of nighttime brain restoration. Another
potential explanation was suggested by Cricco and colleagues (2001) who
hypothesized that sleep difficulty may be related to cognitive functioning through
potential reductions in cognitively engaging activity resulting from a lack of restorative
sleep (Cricco et al., 2001). Chronic lack of intellectual engagement could result in poor
sleeping older adults performing worse than their good sleeping counterparts.
The lack of association between TST and initial level of cognitive functioning may
indicate that even in the presence of significant nightly awake time older adults are still
achieving sufficient nocturnal sleep. In fact, subjects in the current study achieved
nearly 7 hours and 15 minutes of sleep, on average, per night. This level of sleep is well
within commonly accepted recommendations for sleep obtainment (Ferrara & De
Gennaro, 2001). This level of sleep is suspected to be sufficient to achieve the cognitive
benefits of nighttime sleep. As such, it is unlikely that there would be any untoward
effects of the average levels of TST reported in the current study on daytime cognitive
functioning.
Interestingly, TWT was related to Letter Series and Symbol Digit level of
functioning. These two tasks represent the most complex of the five cognitive tasks
examined. These might have been the only tasks sufficiently difficult enough to not
allow for suspected compensatory mechanisms (Drake et al., 2001) to alleviate any
performance deficits as a result of sleep loss. Unwanted nocturnal wake time is believed
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to be resultant from hyperarousal (Bonnet & Arand, 2010), and this hyperarousal is
suspected to not only be present at night, but also be present during daytime hours
(Bonnet & Arand, 2010); as such, it may aid in the completion of relatively simple
cognitive tasks (Altena, Werf et al., 2008). However, the difficulty level of the Letter
Series and Symbol Digit tasks may have been too demanding for heightened levels of
arousal to adequately compensate.
Concretely, elevated arousal levels may impede night time sleep. These same
elevated arousal levels may provide compensation for nightly sleep disruption on
relatively simple daytime tasks. However, with increasing task difficulty it becomes less
likely that increased arousal can fully compensate for the lack of potential restoration
provided by nocturnal sleep. Future investigations that manipulate task difficulty are
necessary to answer such questions. Similarly, compensation for increased wake time
during the night may come in the form of added effort during cognitive tasks (Drake et
al., 2001). Disturbed night time sleep may be easily compensated for through increased
effort on relatively simple cognitive tasks; however, more complex or cognitively
demanding tasks may require more cognitive resources than a simple increase in effort
can provide. Again, future empirical endeavors that assess effort are required to
address this concept.
Such a finding of wake time being negatively related to more complex cognitive
functioning is consistent with the neuropsychological hypothesis of the effects of sleep
loss on cognitive functioning (Harrison & Horne, 2000; Harrison et al., 2000). This
theory suggests that sleep loss differentially impacts higher order cognitive functioning.
Perhaps any detriments in arousal/attention due to increased time spent awake during
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the night can be compensated for with additional effort, while the focal impairments in
more executive tasks are impervious to such increased effort.
Predictors of Practice-Learning in Cognitive Functioning
The second aim of the current paper also included an examination of individual
difference predictors of domain-specific practice-related learning in late-life. The current
investigation found that the common individual difference variables of education,
estimated IQ, gender, anxiety symptoms, and depression symptoms were related to
practice-related learning in various processing speed measures.
The previous research examining predictors of response to practice-related
learning is limited. Younger age has been reported to be related to practice-related
learning in processing speed, reasoning, visual attention, episodic memory, and
vocabulary (Salthouse, 2010; Yang et al., 2006). Both state- and trait-anxiety were
previously found to fail to significantly predict the patterns of practice-related learning in
late-life (Hofland et al., 1981; Yang et al., 2006). Interestingly, we did not find age to be
a significant predictor of practice-related learning, and we did find that state-anxiety was
a significant predictor of practice-related learning. These results are promising, as it
appears that age is related to an individual’s starting level of cognitive functioning, but
not their ability to benefit from practice. Such a finding suggests that cognitive plasticity
remains intact well into later life. Further, late-life anxiety appears very modifiable
(Barrowclough et al., 2001; Stanley et al., 1996; Wetherell, 1998). Prior to enrollment in
practice-related cognitive interventions older adults should be screened for anxiety
symptoms and, if present, should receive treatments to improve the anxiety prior to
engaging in cognitive practice.

169

Individual with higher levels of educational attainment were found to benefit more
from practice than those individuals with lower levels of educations attainment. As
discussed in Chapter 2 (Paper 1) such a finding may suggest a possible role of
cognitive/brain reserve (Stern, 2002, 2006) in late-life practice-related learning.
However, why individuals with lower estimated IQs and women would benefit more from
cognitive practice is unknown. Future studies would do well to investigate these
individual difference variables further. Such unanticipated findings must be viewed in
relation to what is known regarding individual differences in response to cognitive
training (which has been more widely investigated than individual differences in
response to cognitive practice). It has been reported that individuals with specific
impairments do not respond to cognitive training in the impaired domain (Unverzagt et
al., 2007); however, it has also been reported that the largest training-related gains can
be expected from individuals with the lowest initial ability levels (Jaeggi et al., 2008). As
such, much is yet to be known regarding predictors of practice and training-related
learning in late-life.
No known study has examined sleep as a predictor of an individual’s ability to
benefit from cognitive practice. We discovered that individuals who spent more time
awake during the night on average (i.e., had higher average TWT) benefited more from
repeated practice on the Simple RT task than individuals who did not spend as much
time awake during the night. While previous investigations have reported that poor
sleepers (i.e., those with the most time spent awake during the night) sometimes
outperform good sleepers (Altena, Van Der Werf et al., 2008; Altena, Werf et al., 2008),
this is the first investigation to extend this finding to learning. Altena and colleagues

170

(2008) reported that poor sleepers outperformed good sleepers on multiple cognitive
tasks (e.g., attention and speed tasks); however, they noted that the poor sleepers had
their largest performance advantage on the simplest tasks. So too, Simple RT was the
most simple cognitive task practiced in the current study.
Several plausible explanations might account for the positive effect of time spent
awake during the night on practice-related learning in reaction time. Compensation
through effort, altered brain activation, and arousal levels represent the most likely
explanatory mechanisms. Neural pruning, hippocampal processing, and
neurotransmitter and cytokine functioning are alternative explanatory factors (Krueger,
Rector, Churchill, Phelps, & Korneva, 2008; McAfoose & Baune, 2009). However, these
mechanisms do not explain why nightly wake time may benefit learning for a simple task
and not for complex tasks.
As Simple RT is a relatively simple task, individuals who spend more time awake
during the night may be able to put forth additional resources or increased effort to
compensate for any detrimental effects of potential sleep loss (Drake et al., 2001).
However, because it is such a simple task, they may actually outperform and learn more
than their better sleeping counterparts. Another potential explanation involves possible
altered brain functioning as a response to the added nightly awake time. Previous
reports (Altena, Werf et al., 2008; Drummond et al., 2000) have described altered brain
activation associated with disrupted sleep. This is suspected to be a compensatory
mechanism resulting from sleep loss. Again, due to the simplistic nature of the Simple
RT task, such additional neural resources may allow for increased learning. Lastly, as
hyperarousal appears to be at the core of nocturnal wake time (Bonnet & Arand, 2010)
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it may be possible that this heightened level of arousal may benefit performance on very
simple tasks. However, more complex tasks may rely on higher order cognitive
processes that increased arousal doesn’t promote. As such, with increased task
complexity/difficulty it is increasingly less likely that arousal will recompense for the lack
of nocturnal restoration due to wake time. Future research is needed before definitive
conclusion can be drawn.
Limitations
There are several limitations to the current study that need to be recognized. Only
two cognitive domains were assessed repeatedly (i.e., processing speed and executive
processing). It would have been advantageous to examine multiple other cognitive
domains in the context of practice-related learning. So too, the number of specific
measures assessing each cognitive domain was extremely unbalanced (i.e., 4
measures of processing speed and 1 measure of executive processing). It would have
been beneficial to have multiple executive processing measures practiced so that
practice-related learning could have been examined at the individual and construct
levels. Lastly, assessment of the varying cognitive domains with measures differing in
known degree of difficulty would be beneficial. It is unknown how difficult subjects
perceived each task. Having this information would have allowed for examination into
sleep’s impact on the different cognitive domains and also cognitive tasks of distinct
difficulty levels both within and across domains.
A limitation of the current investigation was its relatively small sample size for its
SEM analytical approach. This limitation bares direct consequences to some of the
reported results and interpreted. The standardized path coefficients in structural
equation modeling are analogous to Pearson's r (Tabachnick & Fidell, 2001).
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Examination of the coefficients observed in the analysis of predictors of initial level and
change in cognitive functioning reveal that 27 associations between individual difference
variables and level and rate-of-change were of medium effect sizes (i.e., 0.24) or larger
(J. Cohen, 1992). As such, it appears as though the current investigation was hindered
by a small sample size which may have affected power and the ability to detect
significant results.
Another limitation of the current investigation that needs to be acknowledged is the
current study’s reliance on self-reported sleep. Sleep diaries provide a non-invasive
measure of sleep that allowed for the repeated assessments employed in the present
study. However, as suggested by the reviewed literature, much of what is known
regarding the sleep – cognition relationship has been garnered through investigations
which utilize objective measures of nocturnal sleep – actigraphy and PSG. As such,
how findings and theories based on studies that employ alternative measures of sleep
translate to subjective measures of sleep is questionable. Yet, there is evidence to
suggest a relatively high concordance between the various measures of sleep (AncoliIsreal et al., 2003). Correlations between actigraphy measured TST and PSG measured
TST have been estimated as high as 0.97 (Jean-Louis et al., 1996). For older adults,
correlations between actigraphy and PSG measured TST have been estimated at 0.81
– 0.91 (Ancoli-Israel, Clopton, Klauber, Fell, & Mason, 1997). Actigraphy appears to be
less sensitive to detection of waketime than PSG; however, estimates of the correlation
between these measures reaches as high as 0.94 (Cole, Kripke, Gruen, Mullaney, &
Gillin, 1992). Recently, Sanchez-Ortuno and colleagues (2010) demonstrated that
actigraphy and PSG measured sleep (SOL, WASO, TST, and TST) displayed highly
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significant correlations both between individuals and within individual across time
(Sanchez-Ortuno, Edinger, Means, & Almirall, 2010). Importantly, these associations
were observed for both good and poor sleepers. In a recent study of depressed
individuals with insomnia, actigraphy, PSG, and sleep diary were only modestly related
(correlations range 0.22 – 0.59), though they were significantly associated with one
another (McCall & McCall, 2010). Further sleep diary rated sleep estimates have been
demonstrated to have high agreement rates with PSG measured sleep in healthy
subjects (Rogers, Caruso, & Aldrich, 1993).
While it is undeniable that sleep diary, actigraphy, and PSG measure sleep in a
non-uniform manner, it does appear that there is a strong enough association between
the three measures to allow for one to draw inferences across measures. Additionally,
knowledge of the relationship between subjectively reported sleep and cognitive
functioning is of high importance due to its ecological validity. Objective measures of
sleep are expensive to implement and require a great deal of specialized knowledge
and training. However, self-reported sleep is the most common way to assess sleep and
represents the standard by which common diagnoses, like insomnia, are assessed. As
such, self-reported sleep is an important topic of study due to its ecological validity and
real-world applications.
A lack of assessment of potential sleep disorders could be considered a limitation
of the current investigation. Simply asking subjects whether or not they had a sleep
complaint would have allowed for additional group comparisons that may have led to
interesting results. As individuals with sleep complaints are known to exhibit both
nocturnal and daytime hyperarousal (Bonnet & Arand, 2010), such an assessment
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would have potentially contributed insight into the mechanisms underlying the waketime – cognition associations. Thus, lack of subjective assessment of presence or
absence of a sleep complaint is a limitation. Further, an assessment of potential sleep
disorders would have yielding information regarding the probability of sleep apnea.
Sleep apnea has known associations with cognitive functioning (Beebe & Gozal, 2002;
Findley et al., 1986; Mathieu et al., 2008), which include executive dysfunction and
cognitive slowing. However, given the preponderance of our study’s sample were
female (82%), and that the prevalence of sleep apnea is much greater in males (Jordan
& Doug McEvoy, 2003), the risk of our observed sleep-cognition associations being
driven by the presence of sleep apnea is reduced. Yet, the prevalence of sleep apnea
appears to increase with age (Bixler et al., 2001; Bixler, Vgontzas, Ten Have, Tyson, &
Kales, 1998), though there still appears to be a gender difference. Future research is
needed that includes additional objective assessment for potential occult sleep
disorders.
Future Directions
Future investigations examining sleep’s association to late-life learning would be
well suited to assess for sleep complaint. As stated above, such a complaint may be
related to hyperarousal (Bonnet & Arand, 2010), and therefore may yield useful
information. Further, objective measurement of sleep, in conjunction with self-report
sleep, could yield potentially useful information regarding the mechanisms underlying
the sleep-cognition association. Previous examinations have found associations
between the various sleep stages and cognitive functioning (Ellenbogen, 2005; Hobson
& Pace-Schott, 2002; Peigneux, Laureys, Delbeuck, & Maquet, 2001; Tononi & Cirelli,
2006; Wagner et al., 2004; Walker et al., 2002), perhaps similar relationships exist
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between sleep stages and practice-related learning. Improved sleep assessment may
very well allow for a better understanding of sleep-cognition relationship in older adults.
This question deserves empirical attention.
The present study confirmed the presence of practice-related learning in late-life.
Future investigations may want to follow older adults longitudinally to examine whether
transition to mild cognitive impairment or dementia is impacted by practice-related
learning. Such information would have substantial public health implications.
Additionally, investigation into predictors of such practice-related learning would then
allow for the optimal selection of individuals to participate in practice interventions with
the goal of deterring or preventing late-life cognitive decline. On a similar line, future
investigations would be well suited to assess any real-world impact of improved
laboratory-based cognitive functioning resulting from practice.
Sleep and cognitive functioning were repeatedly assessed in the current study.
Further, both sleep (Buysse et al., 2010; Dzierzewski et al., 2008) and cognitive
functioning (Hultsch et al., 2000; Hultsch et al., 2008) have been show to display high
levels of intraindividual fluctuations in late-life. As such, future investigation should
examine the potential “coupling” of sleep and cognitive functioning over time. In fact,
some sleep researchers have called for future researchers to “consider including timevarying covariates” in future investigations of the sleep – cognition relationship (Bliese
et al., 2006).
Lastly, future investigation should recruit a large, diverse sample of older adults.
Obtainment of a larger sample would allow for robust tests of predictors of gain and
allow for the inclusion of additional predictors within a single model. Not only should
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future researchers collect a larger sample, this sample should also be of increased
diversity. The present sample may have limited generalizability due to its overrepresentation with highly educated white females. Examination of practice-related
learning, and predictors of practice-related learning, in less educated, non-white males
is necessary.
Summary
The current investigation examined the gains and predictors of cognitive practice
in older adults. We confirmed the presence of significant practice-related learning in
late-life, reported associations between learning and education, estimated IQ, gender,
anxiety symptoms, and depression symptoms, and extended this work by examining
sleep variables as potential predictors of late-life cognition (both initial level and
learning). Older adults were found to exhibit substantial gains from cognitive practice
alone. Amount of time spent awake during the night was found to be related to both
initial level of cognitive functioning and practice-related learning. Hyperarousal, which
has been associated with time spent awake during the night, may play a central role in
regulating sleep and sleep’s association with daytime cognitive functioning (Bonnet &
Arand, 2010), though future investigations are needed to clarify these ambivalent
relationships. Continued investigation into practice-related learning and sleep’s potential
impact on practice-related learning appear warranted.
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Table 3-1. Sleep – cognition relationship.
Sleep Aspect
1. Poor sleep, sleep
complaint, inability to
initiate or maintain
sleep

Mechanism/Process
Physiological hyperarousal (i.e.,
increased temperature, heart rate,
EEG, brain metabolism, etc.)

Cognitive Result
Attention and speed tasks may be
better in worse sleepers. Poor
sleepers outperform good sleepers,
especially on simple tasks.

Direction
(+)

2. Actigraphy
measured SOL,
WASO, SE,
Napping, and TST

NO MECHANISM SUGGESTED*

Cognitive impairment (i.e., MMSE)
and speed (Trails B) lower in worse
sleepers. No association with TST.

(-)

(Blackwell et al., 2006)

3. Sleep quality (i.e.,
PSQI), SOL, SE,
TST. Sleep duration
and sleep difficulty.

NO MECHANISM SUGGESTED
(attentional resource allocation
hinted at). Brain region responsible
for sleep perception potentially
involved in cognitive functioning.
Decreased brain restoration during
sleep. Decreased cognitive
engagement.*

Worse executive performance (i.e.,
RBANS, TONI, Trails B, N-Back) for
poor sleepers. No difference in
processing speed, inhibition, or
verbal memory. SOL and SE related
to cognition. TST not related to
cognition. Short sleep duration and
sleep difficulty associated with
impaired overall cognitive
functioning. Sleep difficulty related to
cognitive decline (i.e., SPMSQ)

(-)

(Cricco et al., 2001; Nebes
et al., 2009a; Tworoger et
al., 2006)

4. Total sleep loss
and sleep reduction
(experimentally
manipulated loss of
sleep), sleep
fragmentation

Frontal lobe/prefrontal functioning
(i.e., increased or decreased blood
flow, activation, deactivation, EEG,
etc.)*

Reduced executive functioning
(verbal fluency, creativity, planning),
working memory, attention,
processing speed – though
compensatory mechanisms and
stable – increased performance has
been noted.

(~)

(Altena, Werf et al., 2008;
Sean P. A. Drummond et
al., 2000; Durmer &
Dinges, 2005; Horne,
1988; Jones & Harrison,
2001; June J. Pilcher &
Huffcutt, 1996; Van
Dongen, 2003)

5. Non-rapid eye
movement sleep
(NREM): sleep
spindles

Long-term potentiation;
hippocampal processing; plasticity

Learning and memory formation
enhanced

(-)

(Hobson & Pace-Schott,
2002; Walker et al., 2002)
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Reference
(Altena, Van Der Werf et
al., 2008; Altena, Werf et
al., 2008; Bonnet & Arand,
2010; Richardson, 2007)

Table 3-1. Continued.
Sleep Aspect

Mechanism/Process

Cognitive Result

Direction

Reference

6. Rapid eye
movement sleep
(REM)

Hippocampal processing of memory
traces; neuronal replay; Cortical
plasticity

Increased learning and insight;
procedural memory

(-)

(Ellenbogen, 2005;
Hobson & Pace-Schott,
2002; Peigneux et al.,
2001; Stickgold, Hobson,
Fosse, & Fosse, 2001;
Wagner et al., 2004)

7. Slow wave activity
(SWA)

Synaptic homeostasis, pruning.*

Cognitive functioning and learning is
facilitated.

(-)

(Tononi & Cirelli, 2006)

8. Wakefulness
during sleep

Neurotransmitter and cytokine
regulation. Inability of sleep to
restore cognitive resources - brain’s
chemistry and biology not restored
to optimum. Decreased synaptic
plasticity.*

Decreased cognitive performance,
processing speed and higher order
functions.

(-)

(Baune et al., 2008;
Haensel et al., 2009; G. P.
Krueger, 1989; J. M.
Krueger, Obál, Fang,
Kubota, & Taishi, 2001;
McAfoose & Baune, 2009;
Vgontzas et al., 2004;
Wilson, Finch, & Cohen,
2002)

Notes: * Indicates that hyperarousal may also be implicated as a reasonable mechanism for stated process. (+) Indicates
that worse sleep is generally associated with better cognitive functioning. (-) Indicates that worse sleep is generally
associated with worse cognitive functioning. (~) Indicates that worse sleep has been associated with both better and
worse cognitive functioning.
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Table 3-2. Descriptive/demographic statistics.
Mean (SD)
Age
63.33 (8.49)
Education
16.14 (2.25)
Gender
1.82 (0.39)
NAART
113.23 (6.49)
BDI-II
6.41 (5.40)
State Anxiety
30.36 (7.99)
Trait Anxiety
31.44 (8.76)
Notes: Age measured in years since birth; Education
measured in years; Gender: 1 = male, 2 = female; NAART =
premorbid IQ estimate; BDI-II = Beck Depression Inventory,
2nd Edition.
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Table 3-3. Between-person correlations among 5-block sleep variables and descriptive sleep data.
SOL
WASO
TWAK
NWAK
SQR
TIB
TST
TWT
SE

SOL
1.00
0.38**
0.45**
0.10
-0.25*
0.39**
-0.13
0.82**
-0.78**

WASO

TWAK

NWAK

SQR

TIB

TST

TWT

SE

1.00
0.30**
0.45**
-0.39**
0.20*
-0.27*
0.70**
-0.72**

1.00
-0.17
-0.26*
0.24*
-0.26**
0.76**
-0.75**

1.00
-0.24*
0.02
-0.09
0.15
-0.19

1.00
0.15
0.41**
-0.39**
0.47**

1.00
0.79**
0.37**
-0.20

1.00
-0.27*
0.44**

1.00
-0.98**

1.00

Mean
18.65
17.80
18.34
1.33
3.67
490.75
436.02
54.96
89.00

(SD)
(15.02)
(13.08)
(14.18)
(0.79)
(0.54)
(50.36)
(49.16)
(32.65)
(6.15)

Notes: ** p < .01; * p < .05; SOL = sleep onset latency; WASO = wake time after sleep onset; TWAK =
terminal wakefulness; NWAK = number of awakenings; SQR = sleep quality rating; TIB = time in bed;
TST = total sleep time; TWT = total wake time; SE = sleep efficiency. Sleep measured in minutes.
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Figure 3-1. Graphical representation of univariate unconditional growth curve.
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intercept

Gender

1.00

Block 5

Education

1.00

Block 4

Estimated IQ

4.00
3.00

1.00

Linear slope

2.00

Block 3

1.00

1.00

Anxiety
Depression

0.00

Block 2

1.73
1.00

Block 1

Age

1.41

2.00

1.00
0.00

TST

Quadratic
slope

TWT

Figure 3-2. Graphical representation of final univariate conditional growth curve.
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Table 3-4. Descriptive and Normality Values for Cognitive Dependent Variables and Sleep Independent Variables Prior to
and Post Data Cleaning.
Data
Measure
Cleaned
Minimum Maximum
Mean (SD)
Skewness (SE)
Kurtosis (SE)
Number Copy pre
No
1.00
53.00
41.43 (6.72)
-3.15 (0.25)
16.08 (0.50)
Yes
27.08
53.00
41.86 (4.83)
-0.73 (0.25)
0.95 (0.50)
Number Copy week 01
No
24.00
88.00
43.91 (8.36)
3.10 (0.27)
16.54 (0.53)
Yes
29.30
57.06
43.26 (4.90)
-0.30 (0.27)
1.69 (0.53)
Number Copy week 02
No
26.00
52.00
43.61 (4.57)
-0.94 (0.28)
2.15 (0.55)
Yes
29.90
52.00
43.66 (4.38)
-0.62 (0.28)
0.68 (0.55)
Number Copy week 03
No
29.00
89.00
45.00 (7.14)
3.74 (0.31)
24.26 (0.60)
Yes
31.55
57.61
44.53 (4.45)
-0.20 (0.31)
1.65 (0.60)
Number Copy week 04
No
30.00
53.00
44.66 (3.88)
-1.14 (0.30)
2.84 (0.60)
Yes
34.68
53.00
44.74 (3.63)
-0.69 (0.30)
0.95 (0.60)
Number Copy week 05
No
27.00
52.00
43.90 (4.40)
-1.03 (0.29)
2.37 (0.57)
Yes
30.70
52.00
43.95 (4.20)
-0.69 (0.29)
0.82 (0.57)
Number Copy week 06
No
30.00
93.00
45.20 (7.13)
4.62 (0.30)
32.07 (0.59)
Yes
33.15
55.22
44.67 (3.88)
-0.32 (0.30)
0.81 (0.59)
Number Copy week 07
No
33.00
54.00
45.23 (4.14)
-0.64 (0.30)
1.36 (0.60)
Yes
33.00
54.00
45.23 (4.14)
-0.64 (0.30)
1.36 (0.60)
Number Copy week 08
No
38.00
53.00
45.54 (3.69)
-0.15 (0.31)
-0.26 (0.61)
Yes
38.00
53.00
45.54 (3.69)
-0.15 (0.31)
-0.26 (0.61)
Number Copy week 09
No
36.00
56.00
45.16 (4.11)
-0.10 (0.32)
-0.23 (0.62)
Yes
36.00
56.00
45.16 (4.11)
-0.10 (0.32)
-0.23 (0.62)
Number Copy week 10
No
37.00
56.00
45.58 (3.84)
-0.16 (0.31)
0.33 (0.61)
Yes
37.00
56.00
45.58 (3.84)
-0.16 (0.31)
0.33 (0.61)
Number Copy week 11
No
3.00
57.00
45.09 (6.91)
-4.34 (0.32)
26.27 (0.64)
Yes
34.01
57.00
45.67 (4.04)
-0.42 (0.32)
1.52 (0.64)
Number Copy week 12
No
3.00
54.00
44.82 (6.50)
-4.63 (0.31)
29.39 (0.61)
Yes
34.50
54.00
45.34 (3.75)
-0.57 (0.31)
0.92 (0.61)
Number Copy week 13
No
37.00
52.00
45.14 (3.31)
-0.39 (0.34)
-0.17 (0.66)
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Table 3-4. Continued.
Measure

Number Copy week 14
Number Copy week 15
Number Copy week 16
Number Copy post
Symbol Digit pre
Symbol Digit week 01
Symbol Digit week 02
Symbol Digit week 03
Symbol Digit week 04
Symbol Digit week 05
Symbol Digit week 06
Symbol Digit week 07
Symbol Digit week 08

Data
Cleaned
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum Maximum
37.00
33.00
36.72
38.00
38.00
36.00
36.00
34.00
34.00
0.00
6.38
14.00
14.00
16.00
16.00
9.00
14.85
15.00
16.51
18.00
18.00
17.00
17.00
22.00
22.00
19.00
19.00

52.00
54.00
54.00
56.00
56.00
55.00
55.00
56.00
56.00
32.00
32.00
48.00
35.49
33.00
33.00
45.00
37.61
32.00
32.00
32.00
32.00
55.00
36.83
34.00
34.00
34.00
34.00
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Mean (SD)
45.14
45.82
45.90
46.87
46.87
45.78
45.78
45.85
45.85
21.99
22.22
24.49
24.19
25.37
25.37
26.26
26.23
26.19
26.22
25.96
25.96
26.80
26.52
26.52
26.52
26.64
26.64

(3.31)
(3.56)
(3.32)
(3.66)
(3.66)
(4.26)
(4.26)
(4.29)
(4.29)
(6.30)
(5.59)
(5.12)
(3.95)
(3.55)
(3.55)
(4.72)
(3.99)
(3.23)
(3.15)
(3.37)
(3.37)
(4.95)
(3.69)
(3.20)
(3.20)
(3.44)
(3.44)

Skewness (SE)

Kurtosis (SE)

-0.39
-0.62
-0.06
-0.07
-0.07
-0.43
-0.43
-0.50
-0.50
-1.66
-1.14
2.07
0.11
-0.53
-0.53
0.04
-0.31
-0.82
-0.64
-0.38
-0.38
2.94
0.48
0.36
0.36
-0.05
-0.05

-0.17
2.59
0.70
0.43
0.43
0.02
0.02
0.33
0.33
3.33
1.14
9.15
1.12
0.30
0.30
5.75
1.57
1.28
0.50
-0.36
-0.36
15.75
0.76
-0.93
-0.93
-0.37
-0.37

(0.34)
(0.33)
(0.33)
(0.35)
(0.35)
(0.34)
(0.34)
(0.29)
(0.29)
(0.25)
(0.25)
(0.27)
(0.27)
(0.28)
(0.28)
(0.30)
(0.30)
(0.30)
(0.30)
(0.29)
(0.29)
(0.30)
(0.30)
(0.30)
(0.30)
(0.31)
(0.31)

(0.66)
(0.66)
(0.66)
(0.69)
(0.69)
(0.67)
(0.67)
(0.57)
(0.57)
(0.50)
(0.50)
(0.53)
(0.53)
(0.56)
(0.56)
(0.60)
(0.60)
(0.60)
(0.60)
(0.57)
(0.57)
(0.59)
(0.59)
(0.60)
(0.60)
(0.61)
(0.61)

Table 3-4. Continued.
Measure
Symbol Digit week 09
Symbol Digit week 10
Symbol Digit week 11
Symbol Digit week 12
Symbol Digit week 13
Symbol Digit week 14
Symbol Digit week 15
Symbol Digit week 16
Symbol Digit post
Letter Series pre
Letter Series week 01
Letter Series week 02
Letter Series week 03
Letter Series week 04

Data
Cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum Maximum
10.00
33.00
14.58
33.00
16.00
34.00
16.00
34.00
0.00
35.00
15.17
35.00
16.00
35.00
16.87
35.00
21.00
34.00
21.00
34.00
19.00
35.00
19.00
35.00
21.00
37.00
21.00
37.00
14.00
36.00
15.03
36.00
16.00
36.00
16.84
36.00
0.00
13.00
0.00
13.00
1.00
19.00
1.00
19.00
0.00
22.00
0.00
22.00
2.00
22.00
2.00
22.00
0.00
23.00
0.00
23.00
186

Mean (SD)
26.61 (4.01)
26.69 (3.71)
26.54 (3.54)
26.54 (3.54)
26.63 (4.94)
26.91 (3.67)
27.08 (3.40)
27.09 (3.36)
27.04 (3.15)
27.04 (3.15)
27.12 (3.24)
27.12 (3.24)
28.37 (3.59)
28.37 (3.59)
27.02 (4.07)
27.04 (4.01)
28.64 (3.93)
28.65 (3.89)
6.02 (3.09)
6.02 (3.09)
8.85 (3.62)
8.85 (3.62)
9.85 (4.64)
9.85 (4.64)
10.89 (4.98)
10.89 (4.98)
10.37 (5.02)
10.37 (5.02)

Skewness (SE)
-1.27 (0.32)
-0.65 (0.32)
-0.59 (0.31)
-0.59 (0.31)
-2.80 (0.32)
-0.20 (0.32)
-0.45 (0.30)
-0.34 (0.30)
0.06 (0.34)
0.06 (0.34)
0.13 (0.33)
0.13 (0.33)
0.08 (0.35)
0.08 (0.35)
-0.87 (0.34)
-0.76 (0.34)
-0.82 (0.29)
-0.76 (0.29)
0.09 (0.26)
0.09 (0.26)
0.15 (0.27)
0.15 (0.27)
-0.02 (0.28)
-0.02 (0.28)
0.10 (0.30)
0.10 (0.30)
0.47 (0.30)
0.47 (0.30)

Kurtosis (SE)
3.86 (0.62)
0.72 (0.62)
0.73 (0.61)
0.73 (0.61)
15.26 (0.64)
0.92 (0.64)
1.06 (0.60)
0.70 (0.60)
-0.46 (0.66)
-0.46 (0.66)
0.54 (0.66)
0.54 (0.66)
-0.38 (0.69)
-0.38 (0.69)
1.85 (0.67)
1.47 (0.67)
0.85 (0.57)
0.59 (0.57)
-0.60 (0.51)
-0.60 (0.51)
-0.15 (0.53)
-0.15 (0.53)
-0.34 (0.55)
-0.34 (0.55)
-0.54 (0.60)
-0.54 (0.60)
0.09 (0.60)
0.09 (0.60)

Table 3-4. Continued.
Measure
Letter Series week 05
Letter Series week 06
Letter Series week 07
Letter Series week 08
Letter Series week 09
Letter Series week 10
Letter Series week 11
Letter Series week 12
Letter Series week 13
Letter Series week 14
Letter Series week 15
Letter Series week 16
Letter Series post
Simple RT pre

Data
Cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum Maximum
Mean (SD)
0.00
21.00
8.84 (5.10)
0.00
21.00
8.84 (5.10)
2.00
19.00
9.89 (4.00)
2.00
19.00
9.89 (4.00)
1.00
21.00
11.42 (3.90)
1.00
21.00
11.42 (3.90)
1.00
21.00
11.54 (4.48)
1.00
21.00
11.54 (4.48)
1.00
24.00
12.34 (4.36)
1.00
24.00
12.34 (4.36)
1.00
8.00
4.05 (2.05)
1.00
8.00
4.05 (2.05)
3.00
23.00
12.36 (5.38)
3.00
23.00
12.36 (5.38)
3.00
22.00
12.55 (4.77)
3.00
22.00
12.55 (4.77)
1.00
19.00
12.10 (4.24)
1.00
19.00
12.10 (4.24)
4.00
23.00
13.31 (5.20)
4.00
23.00
13.31 (5.20)
5.00
23.00
13.91 (4.86)
5.00
23.00
13.91 (4.86)
2.00
21.00
14.08 (5.30)
2.00
21.00
14.08 (5.30)
1.00
25.00
10.87 (5.51)
1.00
25.00
10.87 (5.51)
220.04
518.12
322.97 (66.77)
220.04
518.12
322.97 (66.77)
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Skewness (SE)
0.17 (0.29)
0.17 (0.29)
-0.28 (0.30)
-0.28 (0.30)
-0.45 (0.30)
-0.45 (0.30)
-0.24 (0.31)
-0.24 (0.31)
-0.05 (0.31)
-0.05 (0.31)
0.07 (0.31)
0.07 (0.31)
-0.02 (0.32)
-0.02 (0.32)
-0.11 (0.31)
-0.11 (0.31)
-0.69 (0.34)
-0.69 (0.34)
0.02 (0.33)
0.02 (0.33)
0.01 (0.35)
0.01 (0.35)
-0.46 (0.34)
-0.46 (0.34)
0.50 (0.29)
0.50 (0.29)
0.96 (0.25)
0.96 (0.25)

Kurtosis (SE)
-0.34 (0.57)
-0.34 (0.57)
-0.91 (0.59)
-0.91 (0.59)
0.12 (0.60)
0.12 (0.60)
-0.55 (0.61)
-0.55 (0.61)
0.52 (0.62)
0.52 (0.62)
-0.91 (0.61)
-0.91 (0.61)
-1.05 (0.63)
-1.05 (0.63)
-0.55 (0.61)
-0.55 (0.61)
0.21 (0.66)
0.21 (0.66)
-1.07 (0.66)
-1.07 (0.66)
-0.82 (0.69)
-0.82 (0.69)
-0.89 (0.67)
-0.89 (0.67)
-0.26 (0.57)
-0.26 (0.57)
0.51 (0.50)
0.51 (0.50)

Table 3-4. Continued.
Measure
Choice RT pre
Simple RT week 01
Choice RT week 01
Simple RT week 02
Choice RT week 02
Simple RT week 03
Choice RT week 03
Simple RT week 04
Choice RT week 04
Simple RT week 05
Choice RT week 05
Simple RT week 06
Choice RT week 06
Simple RT week 07

Data
Cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum Maximum
Mean (SD)
341.97
921.78
473.24 (106.89)
341.97
705.62
466.85 (84.45)
228.70
596.82
308.09 (58.76)
228.70
464.32
306.11 (50.90)
321.30
869.43
442.67 (95.05)
321.30
637.41
435.42 (68.49)
212.42
697.93
304.05 (70.47)
212.42
469.78
300.73 (55.70)
305.62
774.88
424.00 (77.00)
305.62
594.10
419.39 (59.44)
186.55
754.91
313.75 (106.53)
186.55
477.95
301.37 (61.66)
304.57
546.49
412.20 (53.39)
304.57
546.49
412.20 (53.39)
191.87
448.58
289.78 (56.58)
191.87
448.58
289.78 (56.58)
307.41
506.80
399.39 (48.78)
307.41
506.80
399.39 (48.78)
183.61
635.68
294.17 (70.67)
183.61
480.13
291.88 (61.36)
309.17
943.55
407.31 (80.98)
309.17
545.78
401.46 (50.17)
179.62
816.25
302.11 (92.33)
179.62
502.18
296.96 (69.52)
311.31
627.01
403.67 (55.68)
311.31
570.69
402.79 (52.44)
147.12
428.40
279.67 (63.16)
147.12
428.40
279.67 (63.16)
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Skewness (SE)
2.20 (0.25)
1.03 (0.25)
1.96 (0.27)
0.91 (0.27)
2.63 (0.27)
1.09 (0.27)
2.73 (0.28)
0.88 (0.28)
2.40 (0.28)
0.86 (0.28)
3.05 (0.30)
1.04 (0.30)
0.57 (0.30)
0.57 (0.30)
0.68 (0.30)
0.68 (0.30)
0.33 (0.30)
0.33 (0.30)
1.94 (0.29)
0.85 (0.29)
4.53 (0.29)
0.95 (0.29)
3.07 (0.30)
1.09 (0.30)
1.15 (0.30)
0.70 (0.30)
0.29 (0.30)
0.29 (0.30)

Kurtosis (SE)
6.53 (0.50)
0.78 (0.50)
7.00 (0.53)
0.95 (0.53)
8.93 (0.53)
1.48 (0.53)
13.02 (0.56)
0.97 (0.56)
8.80 (0.56)
1.04 (0.56)
10.47 (0.60)
1.89 (0.60)
-0.06 (0.60)
-0.06 (0.60)
0.42 (0.60)
0.42 (0.60)
-0.65 (0.60)
-0.65 (0.60)
7.05 (0.57)
0.64 (0.57)
28.67 (0.57)
1.02 (0.57)
14.84 (0.59)
1.68 (0.59)
2.95 (0.59)
0.70 (0.59)
-0.06 (0.60)
-0.06 (0.60)

Table 3-4. Continued.
Measure
Choice RT week 07
Simple RT week 08
Choice RT week 08
Simple RT week 09
Choice RT week 09
Simple RT week 10
Choice RT week 10
Simple RT week 11
Choice RT week 11
Simple RT week 12
Choice RT week 12
Simple RT week 13
Choice RT week 13
Simple RT week 14

Data
Cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum Maximum
Mean (SD)
313.59
738.21
401.47 (68.63)
313.59
546.59
397.36 (53.04)
127.03
512.68
279.58 (70.63)
127.03
491.47
279.22 (69.47)
321.07
778.58
395.57 (67.06)
321.07
547.09
391.65 (48.45)
146.48
844.86
286.44 (100.46)
146.48
516.73
280.69 (73.74)
312.99
552.93
398.92 (52.23)
312.99
552.93
398.92 (52.23)
142.13
586.61
282.55 (76.02)
142.13
510.62
281.24 (71.19)
315.03
709.75
405.43 (67.60)
315.03
570.95
403.03 (58.48)
111.36
458.75
285.48 (71.00)
111.36
458.75
285.48 (71.00)
321.68
566.76
406.70 (57.74)
321.68
566.76
406.70 (57.74)
124.19
527.99
288.07 (72.64)
124.19
506.00
287.70 (71.46)
305.72
656.34
399.03 (60.26)
305.72
579.79
397.75 (55.32)
167.63
489.66
292.26 (73.60)
167.63
489.66
292.26 (73.60)
296.42
549.24
404.22 (53.54)
296.42
549.24
404.22 (53.54)
127.43
731.01
283.15 (95.02)
127.43
524.29
279.10 (78.51)
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Skewness (SE)
2.40 (0.30)
0.78 (0.30)
0.59 (0.31)
0.47 (0.31)
3.32 (0.31)
0.79 (0.31)
3.09 (0.32)
0.59 (0.32)
0.68 (0.32)
0.68 (0.32)
1.16 (0.31)
0.65 (0.31)
1.97 (0.31)
1.02 (0.31)
-0.08 (0.32)
-0.08 (0.32)
0.75 (0.32)
0.75 (0.32)
0.67 (0.31)
0.55 (0.31)
1.45 (0.31)
0.80 (0.31)
0.47 (0.34)
0.47 (0.34)
0.60 (0.34)
0.60 (0.34)
2.03 (0.33)
0.50 (0.33)

Kurtosis (SE)
9.45 (0.60)
0.74 (0.60)
0.97 (0.61)
0.50 (0.61)
17.68 (0.61)
0.68 (0.61)
16.39 (0.62)
0.90 (0.62)
0.27 (0.62)
0.27 (0.62)
3.41 (0.62)
1.00 (0.62)
6.29 (0.62)
0.84 (0.62)
0.26 (0.64)
0.26 (0.64)
-0.08 (0.64)
-0.08 (0.64)
1.07 (0.61)
0.60 (0.61)
4.32 (0.61)
0.80 (0.61)
0.00 (0.66)
0.00 (0.66)
0.38 (0.66)
0.38 (0.66)
8.73 (0.66)
0.60 (0.66)

Table 3-4. Continued.
Measure
Choice RT week 14
Simple RT week 15
Choice RT week 15
Simple RT week 16
Choice RT week 16
Simple RT week 17
Choice RT week 17
Total Sleep Time Mean
Total Wake Time Mean

Data
Cleaned
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

Minimum Maximum
Mean (SD)
266.00
556.15
394.88 (56.08)
266.00
556.15
394.88 (56.08)
105.77
1147.66 298.90 (158.96)
105.77
529.11
280.87 (83.37)
318.84
498.83
394.48 (46.33)
318.84
498.83
394.48 (46.33)
118.86
645.68
282.06 (87.54)
118.86
518.88
279.48 (77.91)
297.04
690.02
400.33 (68.22)
297.04
574.05
397.96 (59.41)
129.90
594.69
293.66 (85.13)
129.90
539.62
292.74 (82.09)
303.34
1133.68 419.14 (111.11)
303.34
595.09
409.07 (63.21)
292.14
533.85
435.59 (49.41)
297.93
533.85
436.02 (49.16)
5.99
206.81
55.43 (33.40)
5.99
201.54
54.96 (32.65)

Skewness (SE)
0.55 (0.33)
0.55 (0.33)
3.93 (0.35)
0.96 (0.35)
0.62 (0.35)
0.62 (0.35)
1.31 (0.34)
0.36 (0.34)
2.04 (0.34)
1.24 (0.34)
0.89 (0.29)
0.64 (0.29)
4.43 (0.29)
0.98 (0.29)
-0.21 (0.26)
-0.20 (0.26)
1.77 (0.26)
1.69 (0.26)

Kurtosis (SE)
0.65 (0.66)
0.65 (0.66)
19.08 (0.69)
2.16 (0.69)
-0.39 (0.69)
-0.39 (0.69)
5.02 (0.67)
0.75 (0.67)
6.16 (0.67)
1.66 (0.67)
1.94 (0.57)
0.96 (0.57)
26.09 (0.57)
0.79 (0.57)
-0.07 (0.51)
-0.15 (0.51)
4.96 (0.51)
4.49 (0.51)

Note: All data reported in raw metric (i.e., RT data not recoded to positive = better format). Data presented prior to and post cleaning procedures
to allow interested readers to inspect changes in descriptive, normality, and raw data values due to cleaning procedures.
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Table 3-5. Comparison of means and standard deviations of baseline study variables among completed and
attrited subjects.
Attrited
Df
t/χ2 p-value
Total Sample
Completed Sample
Sample
Characteristic
n = 87
n = 68
n = 19
Demographic/Descriptive
Age (SD), years

63.33

(8.49)

63.88

(8.75)

61.37

(7.33)

85

-1.14

0.26

Education (SD), years

16.14

(2.25)

16.22

(2.22)

15.84

(2.39)

85

-0.65

0.52

Gender, n (% female)

71

(74)

1

-1.00

0.32

113.68

(6.60)

85

0.34

0.73

Estimated IQ (SD)
BDI-II (SD)

(82)

113.23

(6.49)

57

(84)

113.10

(6.50)

14

6.41

(5.40)

5.76

(5.17)

8.74

(5.70)

85

2.17

0.03

State Anxiety (SD)

30.36

(7.99)

29.85

(7.47)

32.16

(9.62)

85

1.11

0.27

Trait Anxiety (SD)

31.44

(8.76)

30.66

(8.08)

34.21

(10.63)

85

1.57

0.12

Number Copy (SD)

42.78

(4.05)

42.77

(3.88)

42.84

(4.71)

85

0.07

0.94

Symbol Digit (SD)

23.89

(3.74)

23.72

(3.71)

24.49

(3.91)

85

0.79

0.43

Letter Series (SD)

8.10

(3.35)

7.82

(3.23)

9.08

(3.68)

85

1.45

0.15

Block 1 Cognition

Simple RT (SD)

487.33

(54.04)

492.28

(52.71)

470.06

(54.06)

85

-1.71

0.09

Choice RT (SD)

356.96

(68.66)

360.22

(71.33)

333.76

(62.16)

85

-1.56

0.12

TST

436.02

(49.16)

433.49

(49.06)

442.59

(50.03)

85

0.71

0.48

TWT

54.96

(32.65)

55.14

(35.01)

55.74

(24.53)

85

0.07

0.94

Sleep Variables

Notes: Mean (Standard Deviation); BDI-II = Beck Depression Inventory, 2
Reaction Time; TST = Total Sleep Time; TWT = Total Wake Time.
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nd

Edition; LN = Letter-Number; RT =

Table 3-6. Unconditional multilevel growth models examining change in sleep over
time.
Parameter

Symbol

Estimate

SE

Estimate

Total Sleep Time

SE

Total Wake Time
Fixed Effects

Intercept

β00

433.04

3.34***

61.44

2.73***

Linear Time

β10

1.85

1.72

-2.24

1.21

Quadratic Time

β20

-0.31

1.54
0.75
Random Effects

1.04

Intercept

roi

4490.65

72.23***

1578.01

25.45***

Residual

eit

2261.00

364.61**

1337.46

212.93***

Linear Time

r1i

0.04

0.02**

0.04

0.01***

Quadratic Time

r2i

0.0001

0.00002***

0.00001

0.00001**

Note: * p < .05, ** p < .01, *** p < .001.
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Table 3-7. Parameter estimates for unconditional latent growth curve models.
Estimate
Number Copy

SE

z Value

42.78
-0.10
1.75

0.44
0.21
0.46

98.34
-0.49
3.77

13.99
0.54
5.66

2.50
0.65
3.08

5.60
0.83
1.84

----

0.92
-2.37
-0.92

23.92
-0.01
2.00

0.40
0.21
0.42

59.59
-0.02
4.77

12.62
1.68
7.82

2.12
0.56
2.38

5.96
2.99
3.29

----

1.86
-2.92
-2.85

8.03
0.18
2.10

0.38
0.22
0.40

20.94
0.83
5.29

10.20
0.47
0.00

1.80
0.12
--

5.66
3.80
--

0.64
---

----

3.94
---

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

0.30
-0.56
-0.70
Symbol Digit

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

0.32
-0.51
-0.87
Letter Series

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

Simple RT
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Table 3-7. Continued.
Estimate

SE

z Value

486.84
-6.76
26.43

5.86
2.95
5.56

83.10
-2.29
4.76

2509.00
85.43
180.52

424.25
40.75
146.77

5.91
2.10
1.23

----

----

----

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Correlations
Intercept-Linear Slope
Intercept-Quadratic Slope
Linear Slope-Quadratic Slope

Choice RT
Mean
Intercept
357.01
7.36
Linear Slope
-16.52
2.92
Quadratic Slope
52.57
6.86
Variance
Intercept
4398.31
710.83
Linear Slope
344.62
115.16
Quadratic Slope
2545.51
629.67
Correlations
Intercept-Linear Slope
0.64
-Intercept-Quadratic Slope
-0.74
-Linear Slope-Quadratic Slope
-0.92
-Note: z scores greater than 1.96 are statistically significant (p < .05).
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48.52
-5.65
7.67
6.19
2.98
4.04
3.54
-4.42
-3.33

Eighteen-week Cognitive Change (Standardized Metric)
1.6
Letter Series
1.4
1.2
Symbol Digit
1
Number Copy

Z-score 0.8

Choice RT
0.6
Simple RT

0.4
0.2
0
1
(0-2)

2
(3-6)

3
(7-10)
Blocks (trials in parentheses)

4
(11-14)

Figure 3-3. Model implied change in cognitive functioning across study period.
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5
(15-17)

Table 3-8. Parameter estimates for final conditional latent growth curve models.
Estimate
Parameter
Standard Estimate
Number Copy
Mean
Intercept
-40.56
Linear Slope
--9.32
Quadratic Slope
-18.59
Variance
Intercept
-8.09
Linear Slope
-0.07
Quadratic Slope
-1.63
Regression Weights
Age-->Intercept
-0.42
-0.17
Age-->Linear Slope
-0.14
-0.01
Age-->Quadratic Slope
0.07
0.01
Gender-->Intercept
0.01
0.06
Gender-->Linear Slope
0.32
0.55
Gender-->Quadratic Slope
-0.13
-0.59
Education-->Intercept
0.13
0.20
Education-->Linear Slope
0.27
0.08
Education-->Quadratic Slope
-0.29
-0.23
NAART-->Intercept
0.17
0.09
NAART-->Linear Slope
0.59
0.06
NAART-->Quadratic Slope
-0.35
-0.10
Depression-->Intercept
-0.08
-0.05
Depression-->Linear Slope
0.03
0.004
Depression-->Quadratic Slope
0.06
0.02
Anxiety-->Intercept
-0.18
-0.08
Anxiety-->Linear Slope
-0.26
-0.02
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SE

z Value

7.88
4.67
9.62

5.15
-2.00
1.93

1.48
0.18
0.74

5.46
0.37
2.19

0.04
0.03
0.05
0.91
0.54
1.11
0.17
0.10
0.21
0.06
0.04
0.07
0.07
0.04
0.09
0.05
0.03

-4.05
-0.45
0.28
0.07
1.02
-0.53
1.17
0.80
-1.13
1.56
1.74
-1.36
-0.73
0.09
0.22
-1.59
-0.77

Table 3-8. Continued.
Parameter
Anxiety-->Quadratic Slope
TST-->Intercept
TST-->Linear Slope
TST-->Quadratic Slope
TWT-->Intercept
TWT-->Linear Slope
TWT-->Quadratic Slope
Correlations
Predicted IQ-Education
State Anxiety-Depression
TST-TWT

Standard Estimate
0.27
0.06
0.18
-0.17
0.01
0.37
-0.34

Estimate
0.06
0.004
0.002
-0.01
0.001
0.01
-0.02

SE
0.06
0.01
0.004
0.01
0.01
0.01
0.01

z Value
1.03
0.58
0.54
-0.70
0.06
1.15
-1.38

----

0.37
0.40
-0.27
Symbol Digit

----

3.20
3.44
-2.43

Intercept
Linear Slope
Quadratic Slope

----

32.03
1.22
-2.03

6.47
3.91
7.54

4.95
0.31
-0.27

Intercept
Linear Slope
Quadratic Slope
Regression Weights
Age-->Intercept
Age-->Linear Slope
Age-->Quadratic Slope
Gender-->Intercept
Gender-->Linear Slope
Gender-->Quadratic Slope
Education-->Intercept

----

5.50
0.20
0.48

0.99
0.12
0.46

5.57
1.58
1.05

-0.50
-0.07
0.12
-0.12
-0.19
0.34
0.23

-0.19
-0.01
0.02
-1.00
-0.35
1.25
0.33

0.03
0.02
0.04
0.75
0.45
0.87
0.14

-5.44
-0.27
0.53
-1.34
-0.78
1.43
2.35

Mean

Variance
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Table 3-8. Continued.
Parameter
Education-->Linear Slope
Education-->Quadratic Slope
NAART-->Intercept
NAART-->Linear Slope
NAART-->Quadratic Slope
Depression-->Intercept
Depression-->Linear Slope
Depression-->Quadratic Slope
Anxiety-->Intercept
Anxiety-->Linear Slope
Anxiety-->Quadratic Slope
TST-->Intercept
TST-->Linear Slope
TST-->Quadratic Slope
TWT-->Intercept
TWT-->Linear Slope
TWT-->Quadratic Slope
Correlations
Predicted IQ-Education
State Anxiety-Depression
TST-TWT

Standard Estimate
0.52
-0.67
0.07
0.06
0.10
-0.18
0.15
-0.22
-0.16
-0.18
0.32
0.004
-0.44
0.20
-0.19
-0.39
0.36

Estimate
0.17
-0.43
0.03
0.01
0.02
-0.11
0.02
-0.06
-0.07
-0.02
0.06
0.000
-0.01
0.01
-0.02
-0.01
0.02

SE
0.08
0.16
0.05
0.03
0.06
0.06
0.04
0.07
0.04
0.02
0.05
0.01
0.004
0.01
0.01
0.01
0.01

z Value
1.97
-2.67
0.69
0.24
0.39
-1.80
0.56
-0.85
-1.65
-0.68
1.24
0.04
-1.75
0.84
-1.98
-1.55
1.49

----

0.37
0.40
-0.27
Letter Series

----

3.20
3.44
-2.43

Intercept
Linear Slope
Quadratic Slope

----

3.23
0.60
2.04

7.36
4.62
8.72

0.44
0.13
0.23

Intercept

--

6.99

1.26

5.55

Mean

Variance
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Table 3-8. Continued.
Parameter
Linear Slope
Quadratic Slope
Regression Weights
Age-->Intercept
Age-->Linear Slope
Age-->Quadratic Slope
Gender-->Intercept
Gender-->Linear Slope
Gender-->Quadratic Slope
Education-->Intercept
Education-->Linear Slope
Education-->Quadratic Slope
NAART-->Intercept
NAART-->Linear Slope
NAART-->Quadratic Slope
Depression-->Intercept
Depression-->Linear Slope
Depression-->Quadratic Slope
Anxiety-->Intercept
Anxiety-->Linear Slope
Anxiety-->Quadratic Slope
TST-->Intercept
TST-->Linear Slope
TST-->Quadratic Slope
TWT-->Intercept
TWT-->Linear Slope
TWT-->Quadratic Slope
Correlations

Standard Estimate
---

Estimate
0.32
0.33

SE
0.17
0.59

z Value
1.90
0.56

-0.40
-0.12
-0.28
-0.03
-0.12
0.02
0.19
0.54
-0.50
0.24
-0.08
0.34
-0.02
0.14
-0.52
-0.07
-0.40
0.54
-0.03
-0.02
-0.20
-0.24
-0.10
0.07

-0.16
-0.01
-0.04
-0.26
-0.24
0.06
0.28
0.18
-0.24
0.12
-0.01
0.06
-0.01
0.02
-0.10
-0.03
-0.04
0.07
-0.002
0.000
-0.004
-0.03
-0.002
0.002

0.04
0.02
0.05
0.85
0.53
1.01
0.16
0.10
0.19
0.06
0.03
0.07
0.07
0.04
0.08
0.05
0.03
0.05
0.01
0.004
0.01
0.01
0.01
0.01

-4.02
-0.44
-0.76
-0.31
-0.45
0.06
1.75
1.82
-1.26
2.25
-0.26
0.85
-0.18
0.46
-1.29
-0.61
-1.35
1.35
-0.31
-0.06
-0.51
-2.34
-0.36
0.19
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Table 3-8. Continued.
Parameter
Predicted IQ-Education
State Anxiety-Depression
TST-TWT

Standard Estimate
----

Estimate
0.37
0.40
-0.27
Simple RT

SE
----

z Value
3.20
3.44
-2.43

Mean
Intercept
Linear Slope
Quadratic Slope

----

625.55
-20.72
10.93

125.16
64.88
122.05

5.00
-0.32
0.09

----

2262.30
82.81
158.79

384.98
39.01
139.32

5.88
2.12
1.14

-0.19
0.27
-0.20
0.02
-0.10
0.14
0.03
0.28
-0.24
-0.01
-0.18
0.17
-0.20
-0.24
0.42

-1.10
0.37
-0.48
2.95
-3.07
7.27
0.73
1.46
-2.24
-0.09
-0.31
0.53
-1.83
-0.51
1.60

0.66
0.34
0.65
14.44
7.49
14.08
2.69
1.39
2.62
0.93
0.48
0.91
1.14
0.59
1.11

-1.65
1.07
-0.75
0.20
-0.41
0.52
0.27
1.05
-0.85
-0.09
-0.65
0.58
-1.61
-0.86
1.44

Variance
Intercept
Linear Slope
Quadratic Slope
Regression Weights
Age-->Intercept
Age-->Linear Slope
Age-->Quadratic Slope
Gender-->Intercept
Gender-->Linear Slope
Gender-->Quadratic Slope
Education-->Intercept
Education-->Linear Slope
Education-->Quadratic Slope
NAART-->Intercept
NAART-->Linear Slope
NAART-->Quadratic Slope
Depression-->Intercept
Depression-->Linear Slope
Depression-->Quadratic Slope
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Table 3-8. Continued.
Parameter
Anxiety-->Intercept
Anxiety-->Linear Slope
Anxiety-->Quadratic Slope
TST-->Intercept
TST-->Linear Slope
TST-->Quadratic Slope
TWT-->Intercept
TWT-->Linear Slope
TWT-->Quadratic Slope
Correlations
Predicted IQ-Education
State Anxiety-Depression
TST-TWT

Standard Estimate
0.06
0.10
0.06
-0.16
-0.01
0.07
-0.05
0.42
-0.54

Estimate
0.39
0.15
0.17
-0.17
-0.003
0.03
-0.08
0.15
-0.34

SE
0.77
0.40
0.75
0.12
0.06
0.12
0.18
0.09
0.17

z Value
0.50
0.37
0.22
-1.39
-0.04
0.26
-0.46
1.67
-2.01

----

0.37
0.40
-0.27
Choice RT

----

3.20
3.44
-2.43

----

742.47
138.31
-333.84

135.09
53.86
114.37

5.50
2.57
-2.92

----

2786.46
0.00
302.46

459.83
0.00
73.85

6.06
0.00
4.10

-0.26
0.06
0.13
-0.13
-0.29

-1.78
0.07
0.45
-18.77
-7.45

0.72
0.29
0.61
15.59
6.22

-2.49
0.25
0.75
-1.20
-1.20

Mean
Intercept
Linear Slope
Quadratic Slope
Variance
Intercept
Linear Slope
Quadratic Slope
Regression Weights
Age-->Intercept
Age-->Linear Slope
Age-->Quadratic Slope
Gender-->Intercept
Gender-->Linear Slope

201

Table 3-8. Continued.
Estimate
Parameter
Standard Estimate
Gender-->Quadratic Slope
0.38
29.30
Education-->Intercept
0.14
3.63
Education-->Linear Slope
0.09
0.38
Education-->Quadratic Slope
-0.04
-0.53
NAART-->Intercept
-0.27
-2.48
NAART-->Linear Slope
-0.75
-1.15
NAART-->Quadratic Slope
0.52
2.43
Depression-->Intercept
0.07
0.78
Depression-->Linear Slope
0.51
0.94
Depression-->Quadratic Slope
-0.47
-2.63
Anxiety-->Intercept
-0.03
-0.23
Anxiety-->Linear Slope
-0.60
-0.74
Anxiety-->Quadratic Slope
0.39
1.47
TST-->Intercept
0.00
0.01
TST-->Linear Slope
-0.07
-0.01
TST-->Quadratic Slope
0.01
0.01
TWT-->Intercept
-0.17
-0.30
TWT-->Linear Slope
0.09
0.03
TWT-->Quadratic Slope
0.11
0.11
Correlations
Predicted IQ-Education
-0.37
State Anxiety-Depression
-0.40
TST-TWT
--0.27
Note: z scores greater than 1.96 are statistically significant (p < .05).
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SE
13.20
2.90
1.16
2.46
1.01
0.40
0.85
1.23
0.49
1.04
0.83
0.33
0.70
0.13
0.05
0.11
0.19
0.08
0.16

z Value
2.22
1.25
0.33
-0.22
-2.46
-2.88
2.85
0.64
1.92
-2.53
-0.27
-2.24
2.10
0.04
-0.28
0.08
-1.56
0.34
0.64

----

3.20
3.44
-2.43

Tables 3-9. Model fit for conditional latent growth curve models.
χ2 (df)

p

Δ χ2 (df)

p

CMIN/DF

CFI

TLI

Number Copy
Covariates Only
110.22 (60)
0.001
-- (--)
-1.84
0.86 0.78
Sleep Added
108.49 (54)
0.001
1.73 (6)
> 0.05
2.01
0.84 0.74
Symbol Digit
Covariates Only
123.29 (60)
0.001
-- (--)
-2.06
0.86 0.79
Sleep Added
115.96 (54)
0.001
7.34 (6)
> 0.05
2.15
0.86 0.77
Letter Series
Covariates Only
126.31 (60)
0.001
-- (--)
-2.11
0.88 0.81
Sleep Added
120.82 (54)
0.001
5.49 (6)
> 0.05
2.24
0.88 0.79
Simple RT
Covariates Only
89.10 (60)
0.009
-- (--)
-1.49
0.94 0.91
Sleep Added
84.01 (54)
0.006
5.09 (6)
> 0.05
1.56
0.94 0.89
Choice RT
Covariates Only
136.24 (61)
0.001
-- (--)
-2.23
0.85 0.77
Sleep Added
131.00 (55)
0.001
5.24 (6)
> 0.05
2.38
0.85 0.74
Notes: No models displayed significant change in fit from covariates only model to sleep added model.
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IFI

RMSEA

AIC

0.87
0.86

0.10
0.11

198.22
208.49

0.87
0.87

0.11
0.12

211.29
215.96

0.88
0.89

0.11
0.12

214.31
220.82

0.94
0.94

0.08
0.08

177.10
184.01

0.86
0.86

0.12
0.13

222.24
229.00

35.00

Block 1 Symbol Digit

30.00

25.00

R Sq Linear = 0.117
20.00

15.00
0.00

50.00

100.00

150.00

200.00

250.00

Mean TWT

Figure 3-4. Graphical representation of association between TWT and block 1 symbol
digit.
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20.00

Block 1 Letter Series

15.00

10.00

R Sq Linear = 0.115
5.00

0.00
0.00

50.00

100.00

150.00

200.00

250.00

Mean TWT

Figure 3-5. Graphical representation of association between TWT and block 1 letter
series.
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Raw Score

Simple RT and TWT
615
595
575
555
535
515
495
475
455
435

High TWT

Low TWT

1
(0-2)

2
(3-6)

3
(7-10)

4
(11-14)

5
(15-17)

Block (trials)

Figure 3-6. Graphical representation of practice learning in simple RT for both a high
(i.e., 90th %ile) and low (i.e., 10th %ile) TWT subject.
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CHAPTER 4
DO WEEKLY DEVIATIONS IN SLEEP IMPACT SUBSEQUENT COGNITIVE
FUNCTIONING IN OLDER ADULTS?
Introduction
Possible links between aspects of sleep and cognitive functioning have long been
theorized about and studied. There exists, however, a lack of consensus regarding the
role of sleep on cognitive functioning and the effects of sleep loss on cognitive
functions, especially in late-life (Bruce & Aloia, 2006). This lack of consensus may be
the result of the numerous ways in which both sleep (i.e., objective and subjective
measurement, and naturally occurring and experimentally manipulated sleep) and
cognitive functioning (objective and subjective measurement across many different subdomains) can be conceptualized and measured. Further, both sleep and cognitive
functioning can be measured across many different time scales, which may result in
inconsistencies across research studies.
Generally speaking, both sleep architecture (Morgan, 2000) and cognitive
functioning (Salthouse, 2004) demonstrate considerable age-related changes. As such,
it is a common idea that age-related changes in sleep contribute to cognitive decline. In
fact, sleep and cognitive functioning do appear to be related in late-life; however, this
relationship is not without many inconsistencies and seemingly contradictory findings
[i.e., reports of poor sleep being related to both better and worse cognitive performance
exist (Goel et al., 2009; Jones & Harrison, 2001)]. Such contradictory findings may be
the result of diverging approaches to the conceptualization and measurement of both
sleep and cognition.
While the sleep-cognition relationship has garnered empirical attention, a lack of
attention to the inherent short-term fluctuations found in both sleep (Buysse et al., 2010;
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Dzierzewski et al., 2008) and cognition (Hultsch et al., 2008) in favor of studies of
between-person associations may have resulted in a restricted conceptualization of the
impact of sleep on cognitive performance in late-life. Said differently, much of the extant
literature has looked at between-person associations – we know, however, that there is
significant amounts of short-term fluctuation in aspects of sleep and subtypes of
cognition – thus, there is relatively little that we may be able to generalize from
understanding how between-person differences in sleep and cognition are related to
how short-term fluctuation in aspects of sleep and cognition might be related. Disturbed
sleep often follows a pattern of several nights of poor sleep followed by a night of higher
quality sleep (Buysse et al., 2010). This pattern of naturally occurring short-term
fluctuations in sleep are analogous to a form of naturally occurring experimentally
manipulates chronic partial sleep deprivation (see Sleep and Cognitive Functioning
section below). The above-referenced pattern of short-term fluctuation in sleep (i.e., up
and down nights of sleep) likely obscures the relationship between cognition and sleep
when several weeks of sleep are averaged to achieve a single “reliable” index of sleep.
To maximize the power in establishing the sleep – cognition relationship, microlongitudinal studies that investigate the time varying nature of sleep and cognitive
performance on several occasions are needed. As such, the overall goal of this paper
was to examine weekly temporal associations that may exist between sleep and
cognitive functioning in late-life [i.e., how prior week’s self-reported sleep was related to
next day’s cognitive functioning (i.e., processing speed and reasoning) in communitydwelling older adults]. Rationale and evidence for the potential relationship between
weekly sleep and subsequent cognitive functioning is provided below. Briefly, the
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weekly level of analysis was chosen based on pragmatic rational (i.e., timing involved in
the parent study) and theoretical consideration (i.e., extrapolating from chronic partial
sleep restriction studies).
Sleep and Cognitive Functioning
For a detailed review of the relationship between nocturnal sleep and daytime
cognitive functioning please refer to Chapter 3 (Paper 2). In general, no matter what the
manner of sleep assessment or the domains of cognitive functioning assessed, results
of studies examining the link between aspects of sleep and various cognitive domains
have been mixed. Naturalistic designs, or designs that do not pose an experimental
manipulation on sleep, typically employ rather crude measurement of sleep and/or
disregard the dynamic nature of sleep [e.g., (Blackwell et al., 2006; Cricco et al., 2001;
Nebes et al., 2009; Orff et al., 2007)]. Conversely, experimentally manipulated sleep
studies have resulted in detailed information regarding brain function (i.e. prefrontal
activity and cytokine density), cognitive functioning (i.e., attention, vigilance, executive
functions, and reaction time), and very specific sleep characteristics [e.g., (Banks &
Dinges, 2007; Goel et al., 2009; Walker, 2008)]. However, the majority of experimentally
manipulated sleep studies did not manipulate sleep in a manner that mirrors actual
sleep habits and researchers have called for “a move to greater ecological validity in
future research” (Jones & Harrison, 2001). That is, researchers have called for
examination into the relationship between naturally occurring characteristics of sleep (or
proxies thereof) and various components of cognitive functioning.
In an attempt to examine the cognitive consequences of more ecologically valid
sleep loss, researchers have employed chronic partial sleep deprivation paradigms.
Chronic partial sleep deprivation (i.e., reducing the amount of time allowed to sleep at
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night for several consecutive nights), which most realistically resembles ‘real’ sleep, has
reportedly mixed effects on cognitive performance. In general, chronic partial sleep
deprivation has been found to negatively affect psychomotor vigilance, attention,
processing speed, and working memory (Banks & Dinges, 2007). In fact, Pilcher and
Huffcutt (1996) performed a meta-analysis on the effects of sleep deprivation on
cognitive performance. The results of their analysis found that chronic partial sleep
deprivation, getting less than 5 hours of sleep a night for several nights, resulted in the
largest decrease in cognitive performance (Pilcher & Huffcutt, 1996). Such evidence
suggests that there may be a naturally occurring relationship between fluctuations in
several nights of sleep and subsequent cognitive functioning. As such, examination into
the relationship between self-reported weekly deviations in sleep and subsequent
cognitive functioning represents a natural extension of the extant chronic partial sleep
deprivation literature. Such research not only represents an extension of previous
research and addresses direct calls to move towards more ecological validity in
research, but due to the inherent short-term fluctuation in both sleep and cognitive
functioning in late-life research examining the association between these constructs
over time is both timely and theoretically substantive.
Short-term Fluctuation in Late-Life Sleep and Cognitive Functioning
Sleep and cognitive functioning are both very dynamic processes. Experts have
commented on the relevance of short-term fluctuation in sleep patterns for broadening
understanding of sleep (Espie, 1991; Pallesen, Nordhus, & Kvale, 1998). However,
short-term fluctuation in sleep has yet to be largely investigated. The majority of
research has focused on other aspects of sleep [such as measuring sleep in laboratory
versus in the home (Edinger et al., 1997) or characterizing good and poor sleepers
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(McCrea et al., 2003)] and then commented on the considerable variability observed in
the data. In studying the effects of measuring sleep via polysomnography at home or in
laboratory, several researchers have found that poor sleepers tend to display highly
variable sleep while at home compared to normal sleepers and compared to their own
sleep in lab (Edinger et al., 1997; Edinger, Marsh, Mccall, Erwin, & Lininger, 1991;
Frankel, Coursey, Buchbinder, & Snyder, 1976; Hauri & Wisbey, 1992). Further, it has
been shown that sleep in older adults exhibits great short-term fluctuation in both selfreported quantity and quality (Buysse et al., 2010; Dzierzewski et al., 2008). In this
sense, from night-to-night, the sleep of an older adult may vary considerably. As such,
single occasion measurements or aggregate indices of sleep may not fully capture the
dynamics present in the real world and associations of such measurements with
cognitive functioning may not be fully accurate. Interestingly, research has
demonstrated that it may be possible to classify poor sleepers by the predictability of
their nightly sleep based on levels of variability (Vallieres, Ivers, Bastien, BeaulieuBonneau, & Morin, 2005), as poor sleepers tend to exhibit more variable sleep (Edinger
et al., 1997; Edinger et al., 1991; Frankel et al., 1976; Hauri & Wisbey, 1992) than good
sleepers (Edinger et al., 1997; McCrae et al., 2005; McCrea et al., 2003). No known
research has examined short-term fluctuation in sleep from week-to-week. However,
weekly deviations in self-reported sleep appear plausible as previous research has
shown that several nights of sleep may vary in predictable pattern in older adults
(Buysse et al., 2010).
In contrast to the limited empirical research on short-term fluctuation in sleep,
short-term fluctuation in cognitive functioning in late-life is relatively well studied. It has
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been found that older adults exhibit a great amount of short-term fluctuation (i.e., over
50% of the amount of between-person fluctuation) in performance in vocabulary, speed,
reasoning, and memory (assessed with 13 cognitive tests) (Salthouse et al., 2006).
Short-term fluctuation across many cognitive domains (i.e., nonverbal and verbal
reaction time, perceptual speed, working memory, episodic memory, visual-motor
dexterity, processing speed, and mental computation and flexibility) has been found to
relate to increased age (Hultsch et al., 2002; Nesselroade & Salthouse, 2004), level of
cognitive functioning in those domains and in general fluid and crystallized composite
scores (Hultsch et al., 2002; Nesselroade & Salthouse, 2004; Salthouse et al., 2006),
diagnosis status (i.e., AD, PD, MCI, etc.) (Burton et al., 2002; Hultsch et al., 2000;
Sliwinski et al., 2003), and impending death (MacDonald, Nyberg, Sandblom, Fischer, &
Backman, 2008). Short-term fluctuation in visual-motor dexterity, perceptual speed, and
executive functioning has also been found to be a stable characteristic of individuals that is, people who are more inconsistent at one point in time may be more inconsistent
at a future time (Nesselroade & Salthouse, 2004). As such, short-term fluctuation in
cognitive functioning (i.e., cognitive performance across the above-listed domains) is
considered an important indicator of overall health (indexed by time-to-death, cognitive
vitality, etc.) (Hultsch et al., 2008). Due to the large amounts of short-term fluctuation
present within late-life cognitive functioning, sleep deprivation and cross-sectional
studies of the sleep-cognition relationship in late-life may not accurately capture the
actual relationship between sleep and cognitive functioning. Concretely, observed
relationships may represent aberrant circumstances due to high levels of short-term
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fluctuations or the lack of any observed relationships may be the result of inaccurately
modeling the variables of interest.
Researchers have attempted to capture the covariation, or ‘coupling’, of variables
within individuals. That is, researchers have attempted to examine whether peaks and
valleys in one behavioral function are concurrent with peaks and valleys in another.
Such investigations are of value in a sense that understanding—from a coupled
variability perspective—what outside variables might predict peaks and valleys in
cognition may in turn lead to the identification of modifiable correlates that can be
manipulated in future studies. If a modifiable factor, like sleep, is related to fluctuations
in cognitive functioning, perhaps treatments may be developed to stabilize late-life
cognitive performance.
Thus, the search for correlates that explain within-person variability in cognition
has yielded several initial findings. For example, it has been reported that on days
when a stressful event occurred, older adults had worse cognitive performance
(Sliwinski et al., 2006) and on days when an elder’s blood pressure was above their
intrapersonal mean, they also performed worse cognitively (Gamaldo et al., 2008).
Additionally, prior night’s sleep quality has been found to relate to improvements in next
day’s affect (McCrae et al., 2008) and blood pressure (Endeshaw et al., 2009; Silva et
al., 2000). Regarding the dynamic association between sleep and cognitive functioning,
very little work has been conducted. It has been reported that following a night of aboveaverage self-reported SOL and terminal wakefulness older adults with poor sleep
perform better on measures of reasoning and processing speed (Dzierzewski, 2007). In
older African-American elders it has been reported that the greater an individual
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deviated from their usual self-reported sleep duration, the more their “global cognitive
performance” (i.e., standard score composite) would decline (Gamaldo et al., 2010).
While these two studies represent the only known attempts to examine the time
varying association between sleep and cognition (especially in late-life), others have
remarked on the necessity for additional research into these associations. Bliese and
colleagues have called for their colleagues to “consider including time-varying
covariates” in future investigations of the sleep – cognition relationship (Bliese et al.,
2006). The current investigation is an attempt to answer this call for added attention
regarding the potential dynamic association between sleep and cognitive functioning in
late-life.
The Current Investigation
Results from studies employing a sleep deprivation and sleep restriction paradigm
have limited ecological validity due to the nature of the manipulation (i.e., artificially
imposed sleep loss may not mimic real-world sleep loss). Further, the lack of sleep
deprivation/restriction studies including older participants, limits generalization to this
segment of the population. Results from cross-sectional investigations have largely
ignored the inherent short-term fluctuation (i.e., night-to-night inconsistency) in sleep of
older adults (Buysse et al., 2010; Dzierzewski et al., 2008). Furthermore, both sleep
deprivation/restriction and cross-sectional investigations regarding the relationship
between sleep and cognitive functioning, have not accounted for the short-term
fluctuation (i.e. day-to-day inconsistency) in cognitive functioning of older adults
(Hultsch et al., 2008). Thus, how deviations in sleep may relate to subsequent cognitive
functioning in community-dwelling older adults remains largely unknown. This question
is of vital importance given the highly variable nature of sleep in late-life (Buysse et al.,
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2010; Dzierzewski et al., 2008), and the limited ecological validity of both experimental
and correlational/quasi-experimental investigations into the sleep – cognition
relationship.
Both sleep (Buysse et al., 2010; Dzierzewski et al., 2008) and cognitive
functioning (Hultsch et al., 2008) display significant amounts of short-term fluctuations in
old age. Current investigations into understanding cognitive inconsistency in late-life
have reported that both fluctuations in stress (Sliwinski et al., 2006) and blood pressure
(Gamaldo et al., 2008) are related to fluctuations in cognitive functioning. Given that
better prior night’s sleep quality is associated with improvements in next day’s mood
(McCrae et al., 2008) and blood pressure (Endeshaw et al., 2009; Silva et al., 2000), it
seems reasonable to suggest that deviations in sleep may also relate to next day
cognitive functioning in late-life. Previous research has demonstrated such a
relationship, though within specialized segments of older adults (i.e., poor sleepers and
African Americans) (Dzierzewski, 2007; Gamaldo et al., 2010).
Sleep restriction studies have demonstrated that several days of experimentally
reduced sleep has a negative impact on vigilance (Bliese et al., 2006; Dinges, 1997;
Drake et al., 2001; Vgontzas et al., 2004); though this impact may be reduced in elders
(Bliese et al., 2006). Whether adaption to several days of experimentally reduced sleep
is possible is currently debatable (Dinges, 1997; Drake et al., 2001). This study
represents a test of the association between naturally occurring sleep restriction and
cognitive functioning in late-life. Stated more specifically, the current investigation
sought to extend the experimental chronic partial sleep deprivation research into the
domains of naturally occurring, self-reported sleep. Through examination of
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relationships between deviations in previous week’s self-reported sleep and subsequent
cognitive functioning, the work on experimental sleep restriction may be examined in
elders under naturally occurring situations (due to the natural fluctuations in the sleep of
older adults).
The overall goal of this paper was to examine the week-to-week association
between time spent asleep (sleep gained) and time spent awake (i.e., sleep loss) and
cognition functioning, specifically processing speed and reasoning, in a sample of older
adults. Specific aims of this study included: (1) To explore the amount of short-term
fluctuation in cognitive functioning (i.e., processing speed and reasoning) across a 17week period, and (2) To explore how weekly deviations in self-reported total sleep time
and total wake time may be related to subsequent cognitive functioning (i.e., processing
speed and reasoning) in older adults. It was hypothesized that: (1) older adults would
display substantial amounts of short-term variability in cognitive functioning across the
17-week study period, and (2) relative changes in level of self-reported sleep would be
associated with subsequent cognitive functioning. However, given the lack of previous
studies employing a similar methodology and the equivocal results of previous studies
into the sleep-cognition relationship, specific hypotheses regarding sleep’s association
with cognitive functioning cannot be made.
Methods
General Study Design
This study represents a secondary analysis of the Active Adult Mentoring Program
(Project AAMP). The primary objective of Project AAMP was to test the efficacy of a
social-cognitive lifestyle intervention to increase moderate-intensity exercise in older
adults. Participants were randomly assigned to either an Active Lifestyle intervention
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arm (receiving weekly, group-based behavioral counseling) or a Health Education arm
(receiving appropriately matched health education). The current study utilizes data from
the initial 17 weeks of the study, including a baseline week of observation prior to group
assignment and 16 weeks of intervention. The study protocol was approved by the
appropriate university institutional review boards.
Procedure
Individuals whom expressed interest in study participation were initially screened
by telephone (see below). Following telephone screening, qualified participants were
consented and completed a baseline assessment. This baseline assessment included
seven consecutive nights of self-reported sleep monitoring followed by one in-person
computerized cognitive assessment. Next, participants were randomized to either the
Active Lifestyle or Health Education arm of the intervention. Each intervention arm
consisted of sixteen weekly group meetings [see (Aiken Morgan, 2008; Buman, 2008;
Buman et al., 2011) for more information]. During the intervention period, each
participant continued to monitor their sleep nightly. Prior to each group meeting, all
sleep logs were collected and checked for compliance. Similarly, either before or after
each group meeting all participants completed the computerized cognitive battery. Thus,
this study included 17-consecutive weeks of sleep monitoring, paired with 18-weekly
cognitive assessments, such that 7 nightly sleep logs were completed prior to each
cognitive assessment session. Please refer to Figure 4-1 for a Gantt chart depicting the
flow of sleep and cognitive data collection.
Participants
Study participants include 87 adults aged 50 years and greater who participated in
Project AAMP. Potential enrollees responded to community-based health promotion
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recruitment delivered through local media outlets. While participants were not recruited
or screened based on their sleep characteristics, older adults present with great
heterogeneity and have increased prevalence of disturbed sleep (Morgan, 2000). Thus,
the sample is likely to include a wide range of elder sleepers, including both good and
poor sleepers. To ensure their suitability for the study, subjects went through a thorough
screening process that included many inclusion and exclusion criteria.
Inclusion/Exclusion Criteria
All potential participants were screened by telephone to exclude individuals based
on the following criteria: severe dementing illness, history of significant head injury (loss
of consciousness for more than 5 minutes), neurological disorders (e.g., Parkinson’s
disease), inpatient psychiatric treatment, extensive drug or alcohol abuse, use of an
anticholinesterase inhibitor (such as Aricept), severe uncorrected vision or hearing
impairments, terminal illness with life expectancy less than 12 months, major medical
illnesses, cardiovascular disease, pulmonary disease requiring oxygen or steroid
treatment, and ambulation with assistive devices. Telephone screening included the 11item Telephone Interview for Cognitive Status [TICS; (Brandt et al., 1988)], utilizing a
cut-off score of 30 points to differentiate mild dementia from cognitively intact (Brandt et
al., 1988). All study participants were required to self-report sedentary lifestyle [defined
as not currently meeting minimum physical activity guidelines of ≥150 minutes/week of
moderate or vigorous physical activity during the previous 6 months (Physical Activity
Guidelines Advisory Committee Report, Part A: Executive Summary, 2009)]. All
individuals were required to come to the laboratory with a note from their primary care
physician acknowledging their ability to participate in the study prior to formal
enrollment.
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Demographics
Each study participant provided demographic data through means of a telephone
screening instrument. Information regarding participant age (measured in years since
birth), gender (male or female), and education level (years of education) were collected.
Descriptive Statistics
The final sample included 87 adults aged 50 years and older. Mean age for the
entire sample was 63.33 years, range = 50-87 years. The sample was highly educated,
average years of education of 16.14, and predominately female, 82%. Please refer to
Table 4-1 for a complete list of demographic/descriptive statistics.
Measures
Cognitive Measures
All cognitive measures were computer administered. Administration occurred once
per week for 18-consecutive weeks. Computerization of the cognitive measures was
done using DirectRT experimental generation program (Jarvis, 2008a). All computerized
cognitive measures were then compiled and administered via MediaLab experimental
implementation program (Jarvis, 2008b). In an attempt to minimize practice effects due
to memorization commonly found in repeated cognitive assessments (Salthouse et al.,
2004), fourteen alternate forms of each test were used and rotated such that the same
version of any given test was not given within 6 weeks of each other. The alternate
forms were constructed to be comparable in difficulty and cognitive resources needed to
complete them and have been shown to have high test-retest reliabilities (Allaire &
Marsiske, 2005; McCoy, 2004). All cognitive measures were chosen for inclusion in the
present study due to their reliance on frontal lobe functioning [which is impacted by
sleep (Goel et al., 2009; Jones & Harrison, 2001)] and their utility in measuring cognitive
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domains (i.e., attention, processing speed, and executive functions) with previous
reported associations with acute changes in sleep (Banks & Dinges, 2007; Durmer &
Dinges, 2005; Goel et al., 2009). Based on theories of sleep’s impact on daytime
cognitive functioning, cognitive testing included tasks that likely vary their intrinsic
motivation due to difficulty (Pilcher et al., 2007), are differentially supported by the
prefrontal regions of the brain (Harrison & Horne, 2000; Jones & Harrison, 2001; Lim &
Dinges, 2010), and rely largely on vigilance/arousal (Bonnet & Arand, 2010; Durmer &
Dinges, 2005).
The Letter Series task (Thurstone, 1962) is primarily a measure of reasoning. In
this task, participants had to identify the pattern for a series of letters. Participants were
asked to choose the letter that would continue an established pattern (A B D A B D A B
___?) in a series of letters from five answer choices. Participants were given four
minutes to complete as many items as possible. The performance score was the
number of correct responses.
Processing speed and attention were assessed with the Symbol Digit and Digit
Copy tests (Smith, 1982). These tests consist of matching symbols that are paired with
numbers (Symbol Digit) or numbers paired with same numbers (Digit Copy) as quickly
as possible. There was a 120-second time limit for each task and the performance
score was the total number of correct pairings made by the participant.
The Simple and Choice Reaction Time task (Hultsch et al., 2000) was used to
assess reaction time. The Simple Reaction Time (SRT) task presented respondents
with a warning stimulus (•••) followed by a signal stimulus (+) in the middle of the
screen. Participants were instructed to press a key with their preferred hand as quickly
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as possible when the signal stimulus (+) appears. The Choice Reaction Time (CRT)
task presents respondents with a warning signal consisting of two X’s presented to the
left and right of the center of the screen. After a delay one of the X’s changed into a
circle and the location of the circle was randomly equalized across trials. Respondents
were instructed to press a key corresponding to the location of the circle as quickly as
possible. 10 practice trials are followed by 50 test trials. The outcome measures for SRT
and CRT was the mean latency of the total 60 test trials.
Sleep Measures
Participants completed sleep diaries (Lichstein et al., 1999) each morning for the
entirety of Project AAMP (i.e., 18 weeks/126 days). The sleep diaries provide subjective
estimates of the following sleep parameters: (1) total sleep time (TST): the total amount
of time asleep during the night (TST = total time in bed - sleep onset latency, wake time
after sleep onset, and terminal wakefulness); (2) total wake time (TWT): the total awake
time in bed (TWT = sleep onset latency + wake time after sleep onset + terminal
wakefulness); (3) sleep onset latency (SOL): the time it took to fall asleep after laying
down with the intention of going to sleep; (4) wake time after sleep onset (WASO): the
total amount of time spent awake during the night from the time sleep was first initiated
until the final wake-up, (5) sleep quality rating (SQR): overall rating of the quality of
sleep (from 1= very poor to 5 = excellent), (6) terminal wakefulness (TWAK): the
amount of time spent awake laying in bed in the morning following final wake-up, (7)
number of awakenings (NWAK): total number of nocturnal awakenings, and (8) time in
bed (TIB): total amount of time spent in bed.
Due to conceptual [i.e., potential consequences of sleep loss and sleep gain
(Ellenbogen, 2005)] and pragmatic (i.e., high multicollinearity) issues, only TST and
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TWT were employed as individual difference predictors of cognitive functioning. For
each participant, two unique parameterizations of TST and TWT were calculated and
utilized in subsequent analyses. For the purposes of this report TST and TWT were
parameterized in the following ways: (1) Person-level grand mean (i.e., an individual’s
overall mean-level of sleep across the entire study period), and (2) Week-level centered
sleep (i.e., an individual’s average weekly deviation in sleep around their intrapersonal
grand mean). As such, sleep was parameterized to include: (1) Overall mean
(calculated as an individual’s average TST and TWT across the 17 weeks of
assessment) and (2) Weekly deviation (calculated by subtracting an individual’s
average weekly TST and TWT values from their overall mean-level of TST and TWT).
Please see Table 4-2 for a complete listing of inter-correlations among sleep variables
(interindividual and intraindividual correlations) and descriptive sleep values. See Figure
4-2 for a graphical representation of weekly deviation in TST and TWT across the study
period.
Analyses
Preliminary Analyses
Prior to statistical analyses to address each main aim, preliminary analyses were
conducted. Preliminary analyses: (1) examined normality of the dependent variables, (2)
examined rates of missingness among the data, and (3) examined attrition (differences
between attrited and non-attrited subjects).
Preliminary analysis examined the cognitive data (i.e., dependent variables) for
normality. All cognitive data were screened for outliers at the intraindividual level (i.e.,
within-person from trial-to-trial). Further, all cognitive variables were also screened for
potential outliers at the interindividual level (i.e., between persons). Interindividual
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outliers were replaced with their respective 3 standard deviation values, while
intraindividual outliers were simply removed from the dataset prior to calculation of
occasion-specific values. While outlier trimming in a study of within-person fluctuation
may appear counterintuitive, practices like trimming at the +/- 3 SD level have
previously been employed in studies of intraindividual variability in late-life cognitive
functioning [i.e., (Bunce, MacDonald, & Hultsch, 2004; Hultsch et al., 2002)]. Skewness
and kurtosis values were also examined using generally agreed upon criteria (i.e.,
skewness and kurtosis values less than 1.0) (Field, 2005).
While multilevel modeling (MLM) uses all available data, and is valid for making
inferences to the population of origin when data are missing at random, the impact of
non-random missingness will increase with higher levels of missigness. Thus it was
important to begin by characterizing the extent of missingness within the data (Bryk &
Raudenbush, 1992). Analysis of attrition was conducted to examine whether there were
differences between study completers (those whom provided data on any occasion after
baseline) and study attriters (those whom dropped out and did not provide data
following baseline) on all cognitive, descriptive/demographic variables, and sleep
variables at baseline.
The parent study (Project AAMP) for the current paper was designed to test the
efficacy of a social-cognitive lifestyle intervention to increase moderate-intensity
exercise in older adults. Participants were assigned to either an Active Lifestyle
intervention or a Health Education. As such, concerns regarding differing cognitive
trajectories between these groups may be present. However, previous work have
shown few baseline to posttest fitness effects by group status (Buman, 2008) and no
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baseline to posttest cognitive effects by group status (Aiken Morgan, 2008). Thus, group
status was not controlled for in subsequent analyses.
Main Analyses
To examine the amount of short-term fluctuation (Aim 1) in cognitive functioning in
older adults (above and beyond learning trends), unconditional growth curves (with
predictors of linear and quadratic time only) were estimated. These models produced
intercept and residual variance estimates. Such variance estimates were subsequently
used to compute intraclass correlation coefficients (ICC), which serves as an estimate
of the proportion of the total variance at the interindividual (i.e., between-subjects) level
in a given variable (Bryk & Raudenbush, 1992). These ICC’s were subsequently
subtracted from 1, providing an estimate of the concomitant amount of intraindividual
variability within the same variable. As such, 1 – ICC is a representation of the relative
proportion of within-person variation (in the absence of an overall trend toward
increase/decrease, this can be interpreted as the amount short-term fluctuation) in
cognitive functioning.
To explore various different temporal associations (i.e., mean-level sleep and
weekly deviations in sleep) that may exist between self-reported sleep and cognitive
functioning in older adults (Aim 2), separate (one for each cognitive variable) conditional
multilevel models (MLM) were parameterized (Singer & Willett, 2003). MLM, also
referred to as mixed effects modeling or hierarchical linear modeling [HLM; (Bryk &
Raudenbush, 1992)], is an extension of the general linear model, and does not require
observations to be independent. Model building was conducted in a hierarchical
manner, such that each dependent variable (cognitive functioning) was predicted by
four increasingly complex models. Model 1 included no predictor estimates and was
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parameterized to allow for estimation of subsequent fit statistics (i.e., null model). Model
2 permitted estimates of time trends (e.g., gain or decline) to control for any systematic
growth in the data and allowed for estimation of ICC’s used in Aim 1 (i.e., unconditional
growth model). Model 3 included the covariates of age, gender, and education (i.e.,
conditional model with covariates only), as previous research has suggested that these
variables are associated with late-life cognitive functioning. Model 4 included the
previously entered variables, with the addition of mean-level and weekly deviation TST
and TWT variables (i.e., conditional model with predictors of interest).
The final model (Model 4) predicted weekly cognition with: average level of
cognition (β00), linear and quadratic time functions to control for growth trajectories in
cognitive functioning (β10, β20), demographic variables [age (β01), gender (β02),
education (β03)], person-level TST (β04), weekly-centered TST (β30), person-level TWT
(β05), weekly-centered TWT (β40), random coefficients of the time functions (r1i, r2i) and
within-person TST (weekly) and TWT (weekly) functions (r3i, r4i, ), random error term
(eit), and random residual component (roi). The specifics of MLM are beyond the scope
of this paper. Interested readers are referred to other sources (Bryk & Raudenbush,
1992). All variables were evaluated based on their significance levels, effects on overall
model fit (i.e., -2LL), and their effect on intercept and residual-related variance
estimates (Bryk & Raudenbush, 1992; Singer & Willett, 2003). Final model equation
was:
Cognitionit = β00 + β10(Time) + β20(Time2) + β01(Agei) + β02(Genderi) + β03(Educationi) +
β04( TSTi ) + β05( TWTi ) + β30( TSTi - TSTiweek ) + β40( TWTi - TWTiweek ) + r1i(Time) +
r2i(Time2) + r3i( TSTi - TSTiweek )+ r4i( TWTi - TWTiweek ) + roi + eit
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Results
Preliminary Analyses
Normality
Normality of the cognitive data was thoroughly examined in previous studies.
Please refer to Paper 2 (Chapter 3) for full details of this process. Interested readers are
encouraged to inspect Table 3-4 for cognitive descriptive and normality statistics pre
and post outlier trimming procedures, and for raw cognitive scores for each measure at
each occasion. As stated previously, outlier trimming has historical grounding in
variability studies [i.e., (Bunce et al., 2004; Hultsch et al., 2002)]. In fact, such a practice
has been deemed a “conservative approach” to examination of within-person fluctuation
(Hultsch et al., 2002). In total, the data cleaning procedure resulted in much more
normally distributed data and required very little of the data being manipulated (i.e.,
0.88%), which falls well below the level of data manipulation resulting from outlier
trimming reported in previous within-person fluctuation studies (Bunce et al., 2004;
Hultsch et al., 2002). Following data cleaning procedures, all RT-based data (i.e., NBack, Simple and Choice RT, and Trails A and B) were transformed such that higher
scores were indicative of better performance. This was done to place all cognitive
measures on a similar metric and to improve interpretability of the main study Aims.
Missing Data
Eighty-seven subjects were enrolled in the current investigation. Throughout the
repeated cognitive assessments, participation waxed and waned considerably. In
general, participation was at its highest during the earlier weeks of assessment. Week 1
had the lowest percent of cognitive missing data with just over 10% missing. In contrast,
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participation was at its lowest at the end of the repeated assessments. Week 15 had the
highest rate of cognitive missing data with just over 47% missing. Overall, the average
level of cognitive missing data was approximately 29%, while the median amount of
cognitive missing data was also approximately 28% missing. A similar pattern of
increasing missing data as the study progressed was observed for the sleep variables.
Missing weekly sleep was lowest at the beginning of the trial (approximately 3%). The
average level of sleep missing data was approximately 18%. Please refer to Figure 4-2
for a graphical representation of missing cognitive and sleep data across the study
period.
Attrition
Only 1 subject failed to provide any data following baseline assessment. All
subsequent analyses are based on all available participants minus this one nonrespondent.
Main Analyses
Aim 1: Amount of Short-term Fluctuation
The ICC for Number Copy was 0.6455, indicating that 64.55% of the variance in
Number Copy is between-persons while 35.45% of the variance is within-persons
(across occasions). The ICC for Symbol Digit was 0.6955, indicating that 69.55% of the
variance in Symbol Digit is between-persons while 30.45% of the variance is withinpersons (across occasions). The ICC for Letter Series was 0.6619, indicating that
66.19% of the variance in Letter Series is between-persons while 33.81% of the
variance is within-persons (across occasions). The ICC for Simple RT was 0.6944,
indicating that 69.44% of the variance in Simple RT is between-persons while 30.56% of
the variance is within-persons (across occasions). The ICC for Choice RT was 0.7746,
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indicating that 77.46% of the variance in Choice RT is between-persons while 22.54%
of the variance is within-persons (across occasions). Please see Figures 4-3 and 4-4 for
graphical representations of the amount of short-term fluctuation in cognitive functioning
across the study period.
Aim 2: Temporal Sleep-Cognition Associations
Predictor estimates, significance levels, and model parameters are presented in
Table 4-3 for Number Copy, Table 4-4 for Symbol Digit, and Table 4-5 for Letter Series,
Table 4-6 for Simple RT, and Table 4-7 for Choice RT. All models were constructed with
quadratic time residualized from linear time, to control for multicollinearity among the
time trends. TWT and TST (both mean-level and weekly deviation) were included in all
models in their raw metric. Correlations amongst the various sleep predictors, at the
various levels, were found to be low (see Table 4-2). Further, to confirm that collinearity
between the sleep variables was not artificially biasing the results, all models were
conducted once more splitting the TWT and TST predictors into separate models.
These separated models yielded identical patterns of results (in terms of significance
levels and direction of associations). Thus, only the combined model is shown below.
In the final MLM predicting Number Copy, no individual sleep predictors was found
to be significant; however, the addition of TST and TWT to the model did significantly
improve model fit, Χ2 = 197.83(4), p < .001. Age, = -0.16, SE = 0.04, t(76.63) = -3.90,
p < .001, was a significant between-person predictor, suggesting that older individuals
had lower than average Number Copy performance. At the within-person level both
Linear Time, = 0.19, SE = 0.03, t(72.32) = 7.04, p < .001, and Quadratic Time, = 0.01, SE = 0.005, t(77.05) = -2.35, p < .05, were significant predictors of Number Copy
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performance, suggesting that across the 18-week study period individuals experienced
improvements in Number Copy performance that decelerated as the study progressed.
The linear temporal and quadratic trends in Number Copy performance were qualified
by significant random effects, suggesting that there were individual differences in the
17-week Number Copy trends. The model explained 29% of the within-person variance,
38% of the between-person variance, and 34% of the total variance in Number Copy
performance.
In the final MLM predicting Symbol Digit, Age, = -0.15, SE = 0.03, t(78.31) = 4.47, p < .001, and person-mean TWT, = -0.03, SE = 0.01, t(78.54) = -3.38, p < .001,
were significant between-person predictors, suggesting that older individuals and
individuals who spent more time awake during the night on average had lower than
average Symbol Digit performance. No other sleep variable (either fixed or random
effect) was found to be a significant predictor of cognitive functioning. However, the
addition of TST and TWT to the model did significantly improve model fit, Χ2 =
198.81(4), p < .001. At the within-person level both Linear Time, = 0.20, SE = 0.02,
t(79.34) = 8.16, p < .001, and Quadratic Time, = -0.02, SE = 0.005, t(83.85) = -4.90, p
< .001, were significant predictors of Symbol Digit performance, suggesting that across
the 18-week study period individuals experienced improvements in Symbol Digit
performance that decelerated as the study progressed. The linear temporal and
quadratic trends in Symbol Digit performance were qualified by significant random
effects, suggesting that there were individual differences in the 17-week Symbol Digit
trends. The model explained 38% of the within-person variance, 49% of the betweenperson variance, and 44% of the total variance in Symbol Digit performance.
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In the final MLM predicting Letter Series, Age, = -0.15, SE = 0.04, t(81.34) = 3.61, p < .001, Education, = 0.39, SE = 0.16, t(81.03) = 2.49, p < .05, and personmean TWT, = -0.03, SE = 0.01, t(81.32) = -2.66, p < .01, were significant betweenperson predictors, suggesting that older individuals, individuals with lower educational
levels, and individuals who spent more time awake during the night on average had
lower than average Letter Series performance. No other sleep variable (either fixed or
random effect) was found to be a significant predictor of cognitive functioning.
However, the addition of TST and TWT to the model did significantly improve model fit,
Χ2 = 181.47(4), p < .001. At the within-person level both Linear Time, = 0.38, SE =
0.03, t(78.79) = 13.14, p < .001, and Quadratic Time, = -0.01, SE = 0.004, t(909.20) =
-2.80, p < .01, were significant predictors of Letter Series performance, suggesting that
across the 18-week study period individuals experienced improvements in Letter Series
performance that decelerated as the study progressed. The linear temporal trend in
Letter Series performance was qualified by significant random effect, suggesting that
there were individual differences in the 17-week Letter Series trend. The model
explained 43% of the within-person variance, 47% of the between-person variance, and
46% of the total variance in Letter Series performance
In the final MLM predicting Simple RT, no sleep variables (either fixed or random
effect) was found to be a significant predictor of cognitive functioning. While no
individual sleep predictors was found to be significant, the addition of TST and TWT to
the model did significantly improve model fit, Χ2 = 402.95(4), p < .001.Additionally, there
were no significant between-person predictors. At the within-person level both Linear
Time, = 1.21, SE = 0.50, t(76.89) = 2.49, p < .05, and Quadratic Time, = -0.25, SE =
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0.06, t(69.90) = -4.34, p < .001, were significant predictors of Simple RT performance,
suggesting that across the 17-week study period individuals experienced improvements
in Simple RT performance that decelerated as the study progressed. The linear
temporal trend in Simple RT performance was qualified by significant random effect,
suggesting that there were individual differences in the 18-week Simple RT trend. The
model explained 29% of the within-person variance, 41% of the between-person
variance, and 37% of the total variance in Simple RT performance
In the final MLM predicting Choice RT, the addition of TST and TWT to the model
did significantly improve model fit, Χ2 = 365.60(4), p < .001. No sleep variables (either
fixed or random effect) were found to be a significant predictor of cognitive functioning.
Age, = -1.58, SE = 0.67, t(81. 40) = -2.36, p < .05, was a significant between-person
predictor, suggesting that older individuals had lower than average Choice RT
performance. At the within-person level Linear Time, = 1.70, SE = 0.35, t(68.86) =
4.86, p < .001, Quadratic Time, = -0.50, SE = 0.08, t(76.38) = -6.64, p < .001, were
significant predictors of Choice RT performance. The time trends suggest that across
the 17-week study period individuals experienced improvements in Choice RT
performance that decelerated as the study progressed.. The linear temporal trends in
Choice RT performance were qualified by significant random effects, suggesting that
there was individual differences in the 17-week Choice RT trends. The model explained
45% of the within-person variance, 19% of the between-person variance, and 28% of
the total variance in Choice RT performance

231

Discussion
The current study sought to investigate aspects of short-term fluctuations in latelife cognitive functioning. Specifically, this study aimed to (1) replicate previous findings
(Hultsch et al., 2002; Hultsch et al., 2008; Nesselroade & Salthouse, 2004; Salthouse et
al., 2006) of large amounts of short-term fluctuations (i.e., within-person or
intraindividual variability) in late-life cognitive functioning, and (2) investigate various
different temporal associations (i.e., mean-level and weekly) that may exist between
self-reported TST and TWT and cognitive functioning in older adults. As short-term
fluctuations in cognitive functioning have been previously demonstrated to be important
predictors of cognitive and overall health in late-life (Hultsch et al., 2002; Hultsch et al.,
2008; MacDonald et al., 2008; MacDonald et al., 2008; Nesselroade & Salthouse, 2004;
Sliwinski et al., 2003), identifying predictors (especially modifiable predictors) of this
short-term fluctuation becomes paramount.
It was found that both processing speed measures (i.e., Number Copy, Symbol
Digit, Simple RT, and Choice RT) and an executive processing measure (i.e., Letter
Series) demonstrated large amounts of short-term (i.e., week-to-week) fluctuation.
Persons whom spent more time awake on average during the night were found to
perform worse, on average, on some cognitive variables. However, no relationships
were observed between weekly fluctuations in TST and TWT and cognitive functioning.
Amount of Fluctuation
We observed large amounts of short-term fluctuation in each cognitive variable.
Number Copy, Symbol Digit, Letter Series, Simple RT, and Choice RT displayed 35%,
30%, 34%, 31%, and 23% of the total variance within-persons (across occasions).
These estimates of short-term fluctuation are slightly lower than previously reported
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estimates in the cognitive aging literature, which typically approach or exceed 50% of
the size of between-person variability (Li et al., 2004; MacDonald et al., 2008;
Nesselroade & Salthouse, 2004; Salthouse et al., 2006). While smaller, the estimates
from the current investigation are of a similar magnitude. Due to differences in the
method used to calculate the amount of short-term fluctuation, estimates are presented
as the percent of the total amount of variance (as opposed a proportion of the amount of
between-person fluctuation). If placed in this between-person metric [through simple
conversion using the following formula: short-term fluctuation/(100 – short-term
fluctuation)], Number Copy, Symbol Digit, Letter Series, Simple RT, and Choice RT
displayed 55%, 44%, 53%, 44%, and 29.% of the amount of between-persons
variability within-persons (across occasions). Such estimates are congruent with
previous investigations into the amount of short-term fluctuation in cognitive functioning
in late-life (Li et al., 2004; MacDonald et al., 2008; Nesselroade & Salthouse, 2004;
Salthouse et al., 2006).
Such findings add confirmation to the growing evidence suggestive of the
presence of short-term fluctuation in late-life cognitive functioning (Hultsch et al., 2008).
This is important due to the fact that previous research has demonstrated that shortterm fluctuation in cognitive functioning is typically associated with negative outcomes
(Hultsch et al., 2000; MacDonald et al., 2008; MacDonald et al., 2008; Sliwinski et al.,
2003). As such, inspection of factors related to short-term changes in late-life cognition
appears needed and warranted. It has been found that blood pressure (Gamaldo et al.,
2008), mood (Sliwinski et al., 2006), and physical functioning (Li et al., 2004) are
associated with the up-and-down, short-term fluctuation in late-life cognition. Two
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previous investigations have directly examined the potential associations between
deviations in sleep and cognitive functioning in late-life (Dzierzewski, 2007; Gamaldo et
al., 2010), though both studies were conducted on specialized segments of the older
adult population. This study represents a frontline attempt at examination into the
dynamic association between self-reported sleep and cognitive functioning in
community-dwelling elders.
Temporal Sleep-Cognition Associations
We observed that individuals who spent longer amounts of time awake during the
night, on average, performed worse on a measure of processing speed (i.e., Symbol
Digit) and reasoning (i.e., Letter Series). Such relationships between time spent awake
during the night and poorer cognitive functioning make intuitive sense, and are
supported by previous reports of poor sleep being associated with lower levels of
cognitive functioning (Blackwell et al., 2006; Cricco et al., 2001; Nebes et al., 2009;
Tworoger et al., 2006). These associations are suggestive of nocturnal wake time
impeding normally occurring processes during sleep that may either maintain or
promote healthy cognitive functions. Decreased brain restoration due to nocturnal wake
time has been proposed as a potential mechanism responsible for the association
between poor sleep and decreased levels of cognitive functioning (Cricco et al., 2001;
Nebes et al., 2009; Tworoger et al., 2006). The negative association between TWT and
processing speed and reasoning was observed at the person-mean level of analysis
(i.e., TWT was the average of 119 days of self-reported sleep). Such an association is
indicative of a chronic relationship between nightly wake time and waking cognitive
functioning. As in chronic sleep restriction (Durmer & Dinges, 2005), the effects of
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additional time spent awake during the night may have a cumulative effect on
individuals’ ability to perform daytime cognitive tasks.
Interestingly, we observed no relationships between either TST or TWT and
cognitive functioning at the weekly level of analysis. Such null findings indicate that
following a week of above- or below-average TST or TWT older adults in the current
sample did not perform better or worse on cognitive measures of processing speed or
reasoning. While the absence of significant results does not suggest the null hypothesis
is correct, several interesting possibilities for the lack of an association at the weekly
level abound. Previous research has demonstrated a rather consistent negative effect of
experimentally induced sleep restriction on vigilance (Bliese et al., 2006; Dinges, 1997;
Drake et al., 2001; Vgontzas et al., 2004). There might exist a fundamental difference in
the way naturally occurring deviations in sleep occur and are perceived as opposed to
restrictions in sleep that are arbitrarily imposed by an outside source. Conversely,
naturally occurring sleep changes may need to be more chronic in nature to accumulate
a noticeable effect on cognitive functioning.
Previous research has suggested that sleep restriction may have a reduced
impact in older adults (Bliese et al., 2006). As the deviations in sleep were naturally
occurring in the present study, perhaps a reduced effect of sleep restriction would be
too small to be reliably detected. While there is debate regarding whether individuals
are able to adapt to several days of experimentally reduced sleep (Dinges, 1997; Drake
et al., 2001), the potential for adaptation to naturally occurring deviations in sleep is very
possible. In the present study, the modal weekly deviation in TST was approximately 35
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minutes, while the modal deviation in TWT was only approximately 3 minutes. Such
estimates are considerably smaller than experimentally reduced levels of sleep.
Lastly, perhaps sleep may be operating on a more acute basis, as is the case in
the plethora of sleep deprivation experiments. Weekly associations between sleep and
cognition may be both too short to observe any chronic effects and too long to detect
any acute relationships. In fact, the use of “sleep hours from the previous night” as a
predictor of next day’s cognitive functioning has been suggested by sleep researchers
(Bliese et al., 2006). Similarly, “night-to-night variability” has been deemed a culprit for
the lack of associations between sleep and cognitive functioning in previous
investigations (Crenshaw & Edinger, 1999). The current investigation was not designed
to examine such fine grained associations, and as such we were unable to confirm the
time sequence of data collection at a level to allow for such an analysis.
Limitations and Future Directions
There are several limitations to the current study that need to be recognized. Only
two cognitive domains were assessed repeatedly (i.e., processing speed and executive
processing). It would have been advantageous to examine multiple other cognitive
domains in the context of potential dynamic associations between sleep and cognition.
Given some of the known associations between sleep and hippocampal processing and
memory formations (Hobson & Pace-Schott, 2002; Stickgold et al., 2001; Wagner et al.,
2004; Walker et al., 2002), it would have been intriguing to examine the potential
dynamic associations between sleep and memory functioning in older adults. Future
investigations would do well to include repeated assessments of memory functioning.
Another limitation of the present investigation is its lack of assessment of potential
sleep disorders. Asking subjects whether or not they had a sleep complaint would have
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allowed for additional group comparisons that may have led to interesting results. As
individuals with sleep complaints are known to exhibit both nocturnal and daytime
hyperarousal (Bonnet & Arand, 2010), such an assessment would have potentially
contributed insight into the mechanisms underlying the observed sleep – cognition
associations. Further, individuals with and without sleep complaints may exhibit distinct
dynamic associations between sleep and daytime cognitive functioning. Future research
that clearly assesses for the presence of a sleep complaint is needed to examine such
hypotheses. As such, lack of subjective assessment of the presence or absence of a
sleep complaint is a limitation.
Assessment of potential sleep disorders would have yielded information regarding
probable sleep apnea. Sleep apnea has known associations with cognitive functioning
(Beebe & Gozal, 2002; Findley et al., 1986; Mathieu et al., 2008), which include
executive dysfunction and cognitive slowing. However, given the preponderance of our
study’s sample were female (82%), and that the prevalence of sleep apnea is much
greater in males (Jordan & Doug McEvoy, 2003), the risk of our observed sleepcognition association being driven by the presence of sleep apnea is reduced. Yet, the
prevalence of sleep apnea appears to increase with age (Bixler et al., 2001; Bixler et al.,
1998), though there still appears to be a gender difference. Future research is needed
that includes additional objective assessment for potential occult sleep disorders.
Additionally, repeated objective assessments of sleep would allow for examination of
the short-term fluctuations in sleep apnea symptoms and their potential associations
with next day’s cognitive functioning. Such examination may yield potential insightful
information regarding the role of nocturnal oxygenation for daytime cognitive
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functioning. Future research may be well suited to include repeated polysomnographic
assessments of sleep.
Additionally, repeated objective measurement of sleep would yield potentially
useful information regarding the mechanisms underlying the dynamic sleep-cognition
association. Previous examinations have found static (i.e., occurring at a single time
point) associations between the various sleep stages and cognitive functioning
(Ellenbogen, 2005; Hobson & Pace-Schott, 2002; Peigneux et al., 2001; Tononi &
Cirelli, 2006; Wagner et al., 2004; Walker et al., 2002), perhaps similar relationships
exist between sleep stages and cognitive functioning across time. Improved sleep
assessment may very well allow for a better understanding of sleep-cognition
relationship in older adults. This question deserves empirical attention.
Another limitation of the current investigation that needs to be acknowledged is the
reliance on self-reported sleep. Subjective (i.e., self-reported measures) and objective
(PSG and actigraphy measures) indicators of sleep vary in several important ways. As
such, information gathered from the various different measurement methodologies may
yield information may be consistent or inconsistent across populations and assessment
modalities. Interested reviews are referred to the Limitation and Future Directions
section of Paper 2/Chapter 3 for a more detailed discussion of the relationship between
objective and subjective measurement of sleep.
The present study was unable to confirm the presence of week- to-week
associations between sleep and cognitive functioning in late-life. This lack of an
observed association may be the result of several different factors, as discussed above.
However, future investigations would be well suited to carefully collect both sleep and
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cognitive functioning data across time in order to allow for the precision necessary to
examine how the preceding night of sleep may impact next day cognitive functioning. A
wealth of knowledge extracted from sleep deprivation studies suggests such a
relationship may exist.
Lastly, future studies should recruit a larger, more diverse sample of older adults.
Obtainment of a larger sample would allow for the inclusion of additional predictors of
late-life cognitive functioning. Not only should future researchers collect a larger sample,
this sample should also be of increased diversity in terms of both ethnic/cultural
background and levels of cognition and sleep assessed. The present sample may have
limited generalizability due to its over-representation with highly educated white
females. Examination of the dynamic association between sleep and late-life cognitive
functioning in less educated, non-white males is necessary.
Summary
The current investigation examined the amount of short-term fluctuation displayed
in the cognitive functioning of older adults. Our results confirm the presence of
substantial amounts (i.e., approximately 50% of the amount of between-person
variability) of within-person variability in late-life cognitive functioning. We then
investigated how TST and TWT were related to late-life cognitive functioning. The
relationship between sleep and cognitive functioning was examined at multiple different
temporal levels. Average amount of time spent awake during the night was found to be
negatively related to processing speed and reasoning performance. No relationships
were observed between weekly fluctuations in sleep and weekly cognitive performance.
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Figure 4-1. Gantt chart illustrating the timing of sleep and cognitive data collection.
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Table 4-1. Demographic statistics.
Mean (SD)
Age
63.33 (8.49)
Education
16.14 (2.25)
Gender (% female)
82 -Notes: Age measured in years since birth;
Education measured in years; Gender: 1 = male,
2 = female; NAART = premorbid IQ estimate;
BDI-II = Beck Depression Inventory, 2nd Edition.
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Table 4-2. Interindividual (below diagonal) and intraindividual (above diagonal) correlations among sleep variables and
descriptive sleep data.
SOL
WASO
TWAK
NWAK
SQR
TIB
TST
TWT
SE
Mean (SD)
SOL
1
0.43**+ 0.55**+
0.12
-0.19
0.43**+
-0.11
0.84**+ -0.79**+
18.66 (15.37)
WASO
0.09
1
0.32**
0.45**+ -0.32**
0.20
-0.28*
0.72**+ -0.73**+
18.02 (13.75)
TWAK
-0.06
-0.01
1
-0.15
-0.28*
0.25*
-0.28*
0.80**+ -0.79**+
18.84 (14.35)
NWAK
0.07
0.37**+
-0.02
1
-0.22*
0.04
-0.07
0.28*
-0.19
1.31 (0.75)
SQR
-0.18
-0.32**
-0.10
-0.23*
1
0.12
0.34*
-0.33**
0.40**+
3.68 (0.53)
TIB
0.23*
0.22*
0.19
0.11
-0.05
1
0.78**+ 0.38**+
-0.21
491.57 (50.45)
TST
-0.13
-0.21
-0.12
-0.06
0.16
0.79**+
1
-0.28*
0.44**+
436.33 (48.95)
TWT
0.54**+ 0.64**+ 0.53**+ 0.44**+ -0.34**
0.35**
-0.28*
1
-0.98**+
55.35 (33.40)
SE
-0.49**+ -0.62*+* -0.51**+ -0.27* 0.36**+
-0.18
0.44**+ -0.95**+
1
88.96 (6.25)
Notes: ** p < .01; * p < .05; + indicates correlation would remain significant following Bonferroni correction for multiple
comparisons. SOL = sleep onset latency; WASO = wake time after sleep onset; TWAK = terminal wakefulness; NWAK =
number of awakenings; SQR = sleep quality rating; TIB = time in bed; TST = total sleep time; TWT = total wake time; SE =
sleep efficiency. Sleep measured in minutes.
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Figure 4-2. Graphical representation of weekly and TST and TWT: raw data plots of subjects’ weekly sleep values.
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Figure 4-3. Graphical representation of missing data across the study period.
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Figure 4-4. Graphical representation of the amount of intra and interindividual fluctuation
and the proportion of intra to interindividual variability in cognitive functioning.
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Figure 4-5. Graphical representation of fluctuation in cognitive functioning: raw data plots of subjects’ mean weekly
performance.
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Table 4-3. Two-level multilevel model predicting number copy performance.
Parameter

Symbol

Estimate

SE

Model 1
Intercept
Linear Time
Quadratic Time
Agea
Genderb
Educationc
TST persond
TST weeke
TWT persond
TWT weeke
Residual
Intercept
Linear Time
Quadratic Time
TST weeke
TWT weeke
-2LL (df)

f

a

β00
β10
β20
β01
β02
β03
β04
β30
β05
β40
eit
roi
r1i
r2i
r3i
r5i

44.38

8.93
11.14

0.37***

0.41***
1.97***

5471.85 (3)

Estimate

SE

Model 2
Fixed Effects
43.13
0.40***
0.19
0.03***
-0.02
0.005**

Random Effects
6.37
0.32***
11.60
2.08***
0.03
0.01***
0.001
.0003**

Model Fit
5270.42 (7)

b

c

Estimate

SE

Estimate

Model 3

SE

Model 4

51.08
0.18
-0.01
-0.16
0.70
0.15

3.23***
0.03***
0.005**
0.04***
0.89
0.15

51.78
0.19
-0.01
-0.16
0.70
0.09
0.002
0.001
-0.02
0.004

4.20***
0.03***
0.005*
0.04***
0.87
0.15
0.007
0.003
0.01
0.005

6.43
7.72
0.03
0.001

0.32***
1.42***
0.01***
.0003*

6.39
7.04
0.02
0.001
-0.0001

0.33***
1.32***
0.01**
.0004**
-- g
0.0002

5154.08 (10)
d

4956.25 (16)

Notes: Measured in years since birth. 0 = male, 1 = female. Measured in total years. subscript ‘person’ indicates
variables is person-level mean indicator. e subscript ‘week’ indicates variables is weekly, grand mean-centered
indicator. TST = total sleep time; TWT = total wake time. f -2LL = -2 Log Likelihood (an indicator of model fit). g
Variance too small to be estimated. The final Hessian matrix is not positive definite although all convergence criteria are
satisfied. The test statistic and confidence interval cannot be computed.*** p < .001; ** p < .01; * p < .05, + p < .10.

247

Table 4-4. Two-level multilevel model predicting symbol digit performance.
Parameter

Symbol

Estimate

SE

Model 1
Intercept
Linear Time
Quadratic Time
Agea
Genderb
Educationc
TST persond
TST weeke
TWT persond
TWT weeke
Residual
Intercept
Linear Time
Quadratic Time
TST weeke
TWT weeke
-2LL (df)

f

a

β00
β10
β20
β01
β02
β03
β04
β30
β05
β40
eit
roi
r1i
r2i
r3i
r4i

25.84

7.50
10.04

0.35***

0.35***
1.77***

5304.93 (3)

Estimate

SE

Model 2
Fixed Effects
24.54
0.38***
0.20
0.02***
-0.03
0.005***

Random Effects
4.68
0.23***
10.69
1.88***
0.03
0.01***
0.0008
0.0003**

Model Fit
5304.93 (3)

b

c

Estimate

SE

Model 3

Estimate

SE

Model 4

31.42
0.20
-0.02
-0.17
1.40
0.26

2.93***
0.02***
0.005***
0.04***
0.80+
0.14+

35.04
0.20
-0.02
-0.15
1.36
0.14
-0.003
-0.002
-0.03
-0.01

3.61***
0.02***
0.004***
0.03***
0.74+
0.13
0.006
0.003
0.01***
0.01

4.72
6.42
0.02
0.0008

0.24***
1.16***
0.01***
0.0003**

4.69
5.17
0.02
0.0001
-0.0002

0.24***
0.96***
0.01**
0.0003**
-- g
0.0002

4867.79 (10)
d

4668.98 (16)

Notes: Measured in years since birth. 0 = male, 1 = female. Measured in total years. subscript ‘person’
indicates variables is person-level mean indicator. e subscript ‘week’ indicates variables is weekly, grand meancentered indicator. TST = total sleep time; TWT = total wake time. f -2LL = -2 Log Likelihood (an indicator of model
fit). g Variance too small to be estimated. The final Hessian matrix is not positive definite although all convergence
criteria are satisfied. The test statistic and confidence interval cannot be computed.*** p < .001; ** p < .01; * p < .05,
+ p < .10.
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Table 4-5. Two-level multilevel model predicting letter series performance.
Parameter

Symbol

Estimate

SE

Model 1
Intercept
Linear Time
Quadratic Time
Agea
Genderb
Educationc
TST persond
TST weeke
TWT persond
TWT weeke
Residual
Intercept
Linear Time
Quadratic Time
TST weeke
TWT weeke
-2LL (df)

f

a

β00
β10
β20
β01
β02
β03
β04
β30
β05
β40
eit
roi
r1i
r2i
r3i
r4i

10.56

10.40
15.07

0.43***

0.45***
2.57***

5689.70 (3)

Estimate

SE

Model 2
Fixed Effects
8.10
0.39***
0.37
0.03***
-0.01
0.004**

Random Effects
5.92
0.28***
11.59
1.97***
0.04
0.01***
--- g

Model Fit
5203.40 (7)

b

c

Estimate

SE

Model 3

Estimate

SE

Model 4

11.15
0.37
-0.01
-0.17
0.35
0.48

3.37**
0.03***
0.004**
0.04***
0.92
0.16

13.89
0.38
-0.01
-0.15
0.40
0.39
-0.002
0.001
-0.03
0.005

4.41**
0.03***
0.004**
0.04**
0.91
0.16*
0.01
0.003
0.01**
0.005

5.82
8.62
0.03
--

0.28***
1.54***
0.01***
-- g

5.90
7.92
0.03
----

0.28***
1.44***
0.01**
-- g
-- g
-- g

5070.48 (10)

4889.01 (16)
d

Notes: Measured in years since birth. 0 = male, 1 = female. Measured in total years. subscript ‘person’
indicates variables is person-level mean indicator. e subscript ‘week’ indicates variables is weekly, grand meancentered indicator. TST = total sleep time; TWT = total wake time. f -2LL = -2 Log Likelihood (an indicator of
model fit). g Variance too small to be estimated. The final Hessian matrix is not positive definite although all
convergence criteria are satisfied. The test statistic and confidence interval cannot be computed.*** p < .001; ** p
< .01; * p < .05, + p < .10.
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Table 4-6. Two-level multilevel model predicting simple RT performance.
Parameter

Symbol

Estimate

SE

Model 1
Intercept
Linear Time
Quadratic Time
Agea
Genderb
Educationc
TST persond
TST weeke
TWT persond
TWT weeke
Residual
Intercept
Linear Time
Quadratic Time
TST weeke
TWT weeke
2LL (df)

f

a

β00
β10
β20
β01
β02
β03
β04
β30
β05
β40
eit
roi
r1i
r2i
r3i
r4i

502.92

1428.66
3250.35

6.26***

65.48***
519.00***

10777.70 (3)

Estimate

SE

Model 2
Fixed Effects
494.41
5.64***
1.38
0.44**
-0.25
0.06***

Random Effects
1063.15
52.59***
2416.70 409.03***
10.36
2.31***
0.05
0.04

Model Fit
10596.03 (7)

b

c

Estimate

SE

Model 3

Estimate

SE

Model 4

587.36
1.32
-0.24
-1.45
12.17
0.05

51.76***
0.45**
0.06***
0.63*
14.16
2.42

663.24
1.21
-0.25
-0.98
8.02
-1.06
-0.16
-0.002
-0.31
-0.06

68.25***
0.50*
0.06***
0.65
13.97
2.40
0.12
0.04
0.17+
0.07

1047.77
2066.63
10.72
0.05

52.10***
361.44***
2.37***
0.04

1018.91
1929.56
11.92
0.05
-0.02

52.55***
342.37***
2.70***
0.04
-- g
0.04

10396.50 (10)
d

9993.55 (16)

Notes: Measured in years since birth. 0 = male, 1 = female. Measured in total years. subscript ‘person’ indicates
variables is person-level mean indicator. e subscript ‘week’ indicates variables is weekly, grand mean-centered indicator.
TST = total sleep time; TWT = total wake time. f -2LL = -2 Log Likelihood (an indicator of model fit). g Variance too
small to be estimated. The final Hessian matrix is not positive definite although all convergence criteria are satisfied.
The test statistic and confidence interval cannot be computed.*** p < .001; ** p < .01; * p < .05, + p < .10.
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Table 4-7. Two-level multilevel model predicting choice RT performance.
Parameter

Symbol

Estimate

SE

Model 1
Intercept
Linear Time
Quadratic Time
Agea
Genderb
Educationc
TST persond
TST weeke
TWT persond
TWT weeke
Residual
Intercept
Linear Time
Quadratic Time
TST weeke
TWT weeke
--2LL (df)
a

f

β00
β10
β20
β01
β02
β03
β04
β30
β05
β40
eit
roi
r1i
r2i
r3i
r4i

385.25

1360.95
2634.69

5.66***

62.52***
430.52***

10704.17 (3)

Estimate

SE

Model 2
Fixed Effects
370.84
5.91***
2.03
0.31***
-0.49
0.07***

Random Effects
793.88
39.68***
2727.85 449.95***
4.72
1.27***
0.29
0.07***

Model Fit
10361.05 (7)

b

c

Estimate

SE

Model 3

Estimate

SE

Model 4

478.19
1.85
-0.47
-1.86
22.78
0.84

53.15***
0.34***
0.07***
0.65**
14.54
2.49

528.46
1.70
-0.50
-1.58
20.23
-0.28
-0.07
-0.008
-0.33
0.04

70.31***
0.35***
0.08***
0.67*
14.43
2.48
0.12
0.04
0.17+
0.06

768.95
2261.80
4.99
0.25

38.56***
380.92***
1.30***
0.06***

747.99
2136.26
4.86
0.28
0.02
0.01

37.62***
362.01***
1.38***
0.07***
0.02
0.02

10139.31 (10)
d

9773.71 (16)

Notes: Measured in years since birth. 0 = male, 1 = female. Measured in total years. subscript ‘person’ indicates
variables is person-level mean indicator. e subscript ‘week’ indicates variables is weekly, grand mean-centered indicator.
TST = total sleep time; TWT = total wake time. f -2LL = -2 Log Likelihood (an indicator of model fit). g Variance too
small to be estimated. The final Hessian matrix is not positive definite although all convergence criteria are satisfied.
The test statistic and confidence interval cannot be computed.*** p < .001; ** p < .01; * p < .05, + p < .10.
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CHAPTER 5
GENERAL DISCUSSION
The previous Papers/Chapters have successfully replicated previously reported
findings in the cognitive aging literature (i.e., older adults are very capable of
demonstrating significant practice-related learning, and there is substantial short-term
fluctuation present in the cognitive performance of older adults), while simultaneously
attempting to address unanswered questions regarding late-life cognitive plasticity (i.e.,
practice-related learning and short-term fluctuations in late-life cognitive functioning).
We found that both processing speed measures and an executive processing measure
demonstrated significant gains associated with repeated practice, that individuals who
gained more in one ability were more likely to gain in another, that both education and
state-anxiety were associated with one’s ability to benefit from repeated practice, and
that generalized practice-related learning demonstrated limited near transfer for
processing speed. We also discovered that older adults who spent more time awake
during the night on average had lower average cognitive performance. Interestingly, the
same older adults that spent increased time awake during the night were found to also
benefit the most from cognitive practice on a very simple task (i.e., Simple RT).
However, no relationships were observed between weekly fluctuations in sleep and
cognitive functioning.
As a whole, these finding suggest several conclusions and directions for future
investigation. First, these findings suggest that older adults are capable of much positive
change. A number of scholars have suggested that late-life is a time of perpetual loss,
absent of gains (Olshansky, Carnes, & Grahn, 1998). Additionally, the utility of
continued efforts to extend life into very late-life, or the “fourth age” (i.e., 80-85 years old
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and onward), has come under scrutiny (Baltes & Smith, 2003). However, the present set
of studies has shown that older adults are very capable of positive change, even in the
complete absence of directed intervention. While very few participants in the current set
of investigations were old enough to be considered members of the “fourth age”, without
exception, age was not related to elders’ ability to demonstrate practice related learning
– suggesting the potential of significant plasticity well into old age. Future investigations
should specifically examine practice-related learning as a potential avenue for
preserving and/or enhancing the cognitive functioning and lives of the oldest-old.
Practice-related learning has been referred to as “a basic form of cognitive
plasticity” (Yang et al., 2006). As such, the first two studies included in this document
suggest that older adults remain very plastic. The “natural” range of improvement in
late-life cognition prior to the onset of a specific tutor-based intervention appears to be
very large. In fact, this “natural” range (Hertzog et al., 2008) is as large as the gains
demonstrated in tutor-based interventions (Ball et al., 2002). Practice is a major
component of tutor-based interventions. Future investigations should examine whether
tutor-provided interventions result in improvements above-and-beyond those found
through practice-related learning. Self-guided practice is a simpler, more cost-effective,
and a more widely scalable approach to cognitive interventions than traditional tutorbased approaches. If tutor-based interventions do not significantly add to the gains
found through practice alone, monies currently devoted to funding tutor-based
interventions could be better partitioned to wide-scale dissemination of practice-learning
programs. Such intervention may have to potential to reach numerous elders and
influence their quality-of-life and long term independence (Willis et al., 2006).
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A key question in the emerging gerontological cognitive intervention literature
concerns individual differences in learning potential and the identification of predictors of
such differences (Hertzog et al., 2008). Increased time spent awake during the night
was associated with increased benefit from cognitive practice. We do not recommend
focused efforts to disrupt the sleep of elders in an attempt to heighten learning potential.
Instead future work should investigate the potential factors common to nocturnal wake
time and increased plasticity. Global hyperarousal is a good candidate for further
inspection (Altena, Van Der Werf et al., 2008; Bonnet & Arand, 2010). The idea of
increasing arousal without impacting night time sleep is daunting; however, this may not
be entirely necessary. The nocturnal hyperarousal that has been observed in poor
sleepers is often accompanied by daytime levels of increased arousal (Bonnet & Arand,
2010). Increased levels of daytime arousal are likely responsible for improved cognitive
functioning in individuals with poorer sleep (however, this is an empirical question
worthy of investigation). In fact, previous research has demonstrated that stimulants,
like caffeine, may provide cognitive enhancement effects for older adults (Jarvis, 1993;
Johnson-Kozlow, Kritz-Silverstein, Barrett-Connor, & Morton, 2002; Ryan, Hatfield, &
Hofstetter, 2002). Future endeavors to modify arousal levels such that daytime arousal
may be heightened and nighttime arousal may be lessened appear timely and
warranted. If successful, such efforts may further enhance elders’ ability to self-promote
their own cognitive vitality through practice. One intriguing potential avenue to increase
daytime arousal and decrease nighttime arousal may be exercise. Exercise has been
demonstrated to have beneficial effects on late-life cognitive functioning (Colcombe,
Kramer, McAuley, Erickson, & Scalf, 2004), has been shown to promote healthy sleep
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in late-life (King, Oman, Brassington, Bliwise, & Haskell, 1997; King et al., 2008), and
has demonstrated effects on physiological daytime arousal (Kamijo et al., 2004).
Perhaps exercise may be impacting late-life cognitive functioning through alterations in
the arousal levels of elders. Such a hypothesis is worthy of direct investigations. Future
investigations should examine this possibility through structured assessment of arousal,
physical activity, cognitive performance, and sleep characteristics.
Like an elders’ ability to learn, short-term fluctuation may be an important indicator
of overall health and well being, including cognitive health (Hultsch et al., 2008). Shortterm fluctuation may serve as a proxy for an individual’s adaptive fitness at any given
time point (i.e., may reflect the level of cognitive effort that a person might bring to bear
to manage daily living challenges during a given situation/on a given day). Following a
week of above or below average sleep, elders cognitive functioning was not found to
respond systematically. Several potential explanations for the lack of an observed
association were hypothesized in Paper 3/Chapter 4 of this document. As sleep remains
very malleable in late-life (Dzierzewski et al., 2010) and as short-term fluctuation in
cognitive functioning is associated with worse performance on measures of everyday
functioning (Burton et al., 2009; Willis et al., 2006), continued investigation into the
potential dynamic association between sleep and late-life cognitive functioning is
warranted. Late-life sleep treatments likely stabilize sleep. As such, there is potential
that sleep treatments may stabilize late-life cognitive functioning. To date, there have
been no known interventions aimed at promoting consistent cognitive performance. If
such research is embarked upon, sleep appears a likely avenue for potential
intervention, though future research is needed to conclude such a stance.

255

Amount of time spent awake has consistently demonstrated reliable improvements
following sleep interventions (Dzierzewski et al., 2010). We have shown that older
adults who spend less time awake during the night perform better across several
cognitive tasks. Whether reduction in time spent awake during the night could improve
cognitive functioning remains unknown. A common difficulty in interpreting the observed
sleep – cognition relationships reported in the current set of investigations is the fact
that the present sample was comprised of older adults of unknown sleep complaint
status. However, as sleep tends to display age-correlated negative changes (Morgan,
2000), the present set of studies likely included a heterogeneous sample of older adults
with varying degrees of sleep complaint (i.e., from no complaint to moderate complain to
severe complaint). Further, given the above-noted age-correlated negative changes in
sleep, there would likely be room for improvements in the sleep of even nondiagnosable elders. Even “good sleeping” elders may display up to 30 minutes of
unwanted awake time initiating sleep and unwanted awake time during the night
(Morgan, 2000). Additionally, complaint status may be unrelated to actual quantitative
sleep characteristics in older adults (McCrea et al., 2003). While theoretically possible,
no know research has attempted to intervene in the sleep of non-complaining elders.
Such an attempt would prove highly original, and would be consist with the positive
psychology movement aimed at optimization of behavior and functioning – rather than
mere remediation of problem behavior. Practice-related learning of elders completing a
healthy sleep program could be compared to elders not completing such a program.
Differences in the magnitude or slope of practice-related learning would suggest a role
of modifiable sleep.
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In general, this dissertation examined the plastic nature of late-life cognitive
functioning. It was found that older adults are very capable of engendering
improvements in their cognitive functioning through self-administered practice. Further,
sleep was found to be related to elders’ ability to benefit from practice. As such, sleep
would appear primed for further investigation as a potential target towards the
enrichment of elders’ cognitive vitality. Future research examining sleep and late-life
cognitive functioning should be conducted to further explicate the complicated
association between these important quality-of-life indicators.
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