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ABSTRACT
Physical activity level and poor sleep quality are associated with inflammation, chronic
disease and acute fatality. However, the links between lifestyle factors and the development of
inflammation are not completely understood. We examined whether levels of physical activity
and sleep quality were predictive of acute inflammatory responses (peak CRP) in a human model
of induced inflammation (IV 0.6 ng/kg endotoxin challenge). Volunteers were healthy adults (n =
18, ages 20-44 yrs, BMI 20-30 kg/m2) who participated in a fish oil supplementation study.
During the visit, subjects completed the Pittsburgh Sleep Quality Index (PSQI), a visual analog
scale of subjective sleep quality, and the International Physical Activity Questionnaire (IPAQ).
Regression analyses identified subjective sleep quality during the past week as the best predictor
of peak (24 h) CRP response (R2=60%, p=0.001). Subjective sleep quality in the past week and in
the past month were best fit to a quadratic model, indicating a non-linear relationship between
sleep quality and inflammatory response. The best predictor of peak CRP response via the IPAQ
included three parameters: days of walking, days of moderate physical activity, and days of
vigorous physical activity (R2=51.2%, p=0.016). Several sleep quality and physical activity
parameters only became significant predictors of peak CRP responses when combined,
supporting the suspected interplay between lifestyle behaviors in predicting inflammatory
response. Additionally, our finding that moderate sleep quality predicts a smaller inflammatory
response has important implications for understanding the role of lifestyle factors in the
development of inflammatory diseases.
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Chapter 1
Introduction
Chronic inflammation, lifestyle factors, and disease are intimately related in ways that are
not completely defined. Modern lifestyle factors, including poor sleep quality and inadequate
physical activity, are associated with an increasing prevalence of chronic disease. It is possible
that poor lifestyle factors increase these diseases via activation of inflammatory pathways.
Inflammation is involved in the etiology of many diseases, including diabetes [1], hypertension
[2], and cardiovascular disease (CVD) [3].
Behavioral risk factors can influence the presence or absence of systemic inflammation,
and their modification may play a large role in reducing disease risk. Sleep quality and level of
physical activity have been shown to affect inflammatory response, progression of chronic
disease, and risk of death [4]. Continued technological advancements and longer workdays have
caused many Americans to neglect basic health practices. Improvements in sleep quality and
physical activity may improve these trends. Recommendations to promote the health of
Americans might be improved with a stronger evidence base for the effect of specific sleep and
physical activity characteristics on inflammation and resulting diseases. However, current
research on the interrelationship between sleep quality, physical activity, and inflammation is
equivocal.
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Inflammation
A number of biomarkers can be used to measure inflammatory status and inflammatory
responses. Serum concentrations of proinflammatory cytokines, specifically interleukin (IL)-6
and tumor necrosis factor-alpha (TNF-α), and high sensitivity C-reactive protein (hs-CRP) are the
most commonly studied markers of inflammation [5]. While all may serve as potentially reliable
indicators of inflammation, hs-CRP is the most widely examined and recommended due to its
greater consistency [5, 6]. Unlike cytokines, hs-CRP levels are more stable day-to-day, providing
a more representative indication of inflammation levels over time [7, 8]. Additionally, hs-CRP
may be more sensitive to health behaviors than circulating cytokines; Okun et al. found that poor
sleep quality was associated with increased CRP, but not IL-6 or TNF-α [9]. This study supports
the use of CRP as a clearer, more stable marker of inflammation than IL-6 or TNF-α.
Ridker et al. conducted a prospective, nested case-control study to examine inflammatory
markers as predictors of cardiovascular events [10]. Of 12 markers examined, hs-CRP was the
strongest univariate predictor [10]. Additional studies of hs-CRP in nested case-control and
prospective trials have shown similar correlations of hs-CRP with increasing CVD risk [5, 7]. HsCRP has also been shown to increase the predictive power of established risk factors, such as
LDL-C and blood pressure [5]. Studies have also demonstrated that hs-CRP levels are strongly
correlated with diabetes [11], CHD [12, 13], and CVD [5] risk, offering an important predictive
measure of these common diseases.
Hs-CRP commercial assays are readily available and provide an adequately precise
measure of inflammatory status through standardized risk categories. Hs-CRP categories (low,
average, high) have been defined as <1.0, 1.0-3.0, and >3.0 mg/L, respectively [5]. These tertiles
of values are based on a collection of population studies. Hs-CRP levels of >10 mg/L are often
indicative of acute inflammation [5]. Thus, measurement of this marker can be used to predict
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both acute and chronic disease risk in most adults. Consequently, hs-CRP is a widely utilized,
sensitive measure of inflammation, which can be reliably associated with chronic disease
development and premature mortality [5, 11]. Therefore, studying the effects of lifestyle factors
on hs-CRP helps develop an understanding of how these factors relate to morbidity and mortality.

Sleep Quality
Epidemiological evidence shows the current prevalence of poor sleep quality and sleep
deprivation in the general population [14]. Because sleep loss affects the biological processes
that induce inflammation [9, 15], recommendations targeting sleep could provide valuable
interventions for reducing widespread inflammatory disease risk. Additionally, parameters of
sleep quality (latency, sleep hours, etc.) should be studied individually to determine optimal
models of public health sleep guidelines.
Research has demonstrated strong links between sleep and inflammation [4, 16, 17]. In
fact, impaired sleep may be a better predictor of inflammation than depression [18]. Impaired
sleep (as measured by the Pittsburgh Sleep Quality Index [PSQI]) is associated with higher
inflammatory marker concentrations in both men and women, suggesting sleep quality as a
predictor of detrimental inflammatory processes [19]. Even relatively small sleep deficits may
induce an inflammatory response [15, 20]. The precise mechanism by which poor sleep quality
provokes chronic low-grade inflammation is not known.
Further consequences of poor sleep quality include endothelial dysfunction, plaque
rupture, and insulin resistance [21]. Poor sleep has been shown to acutely increase blood pressure
and sympathetic nervous system activity [22, 23]. Thus, it is associated with chronic adverse
health outcomes, including hypertension.
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Meier-Ewert et al. implemented the first study to describe hs-CRP increases in relation to
sleep loss. They aimed to determine the effects of sleep restriction on hs-CRP levels via a
randomized controlled study of healthy adults. They noted that sleep complaints are often
associated with increased CVD risk via inflammation, recognizing the relationships between
inflammatory response and chronic diseases [23]. Additionally, they concluded that
accumulation of sleep deficits may contribute to mechanisms of inflammatory process activation.
Sleep quality indices, including sleep duration and sleep complaints, were associated with CVD
incidence in a review of epidemiological studies [23].
Several parameters of sleep quality predict varying levels of inflammatory response.
Greater variability in bedtime and wake time has been associated with higher cytokine (IL-6 and
TNF-α) levels. [22]. Reducing hours of sleep per night has also been shown to increase
inflammatory disease risk [24, 25]. Gangwisch et al. performed a study supporting these
relationships, suggesting that sleep restriction to 5 hours per night shows an increased risk of
hypertension and an acute rise in blood pressure [24]. They also found that less than 7 hours of
sleep predicted hypertension for younger subjects, and greater than 9 hours of sleep predicted
hypertension for older subjects. Similarly, Ayas et al. found that both short (≤ 5 h per day) and
long (≥ 9 h per day) sleep durations were associated with increased risk of diabetes [25]. These
trends suggest a potential non-linear relationship between hours of sleep and disease incidence;
too little or too much sleep could increase disease risk.
While most studies utilize subjective sleep quality measurements, including standardized
questionnaires such as PSQI, objective sleep quality measurements may seem more accurate. To
determine the relative precision of sleep assessment techniques, Lockley et al. compared
subjective and actigraphic measures of sleep quality [26]. Both assessments observed similar
sleep timing and duration, but showed poor correlations between sleep and wake state transitions
as well as absolute sleep parameters. Despite these discrepancies, both methods recorded similar
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results over time. Thus, subjective sleep quality assessments may serve as reliable measures of
sleep, even in comparison to more objective actigraph recordings [26].

Physical Activity
Physical activity is associated with reduced risk of many diseases, including hypertension
[27, 28], CVD [29], coronary heart disease (CHD) [29], and type-2 diabetes [30]. There is
additional evidence that physical activity decreases CVD and all-cause mortality [21, 27, 31-33].
Morris et al. were the first to explore the inverse relationship of physical activity and CHD risk
over 60 years ago [34]. Since then, observational studies have shown that CHD is inversely
correlated to physical activity level, and most suggest a dose-response relationship [29, 35].
Additional research involving other diseases shows similar relationships between physical
activity and disease risk [29, 35, 36]. The relationship between physical activity, morbidity, and
mortality is not simply dependent on amount of exercise. Many other factors must be considered
when reporting the “amount” of physical activity an individual performs; frequency, duration, and
intensity are valuable measures to include in physical activity analyses [35].
In the interest of public health guidelines, it is important to define the physical activity
characteristics most strongly linked to health and to establish evidenced-based physical activity
recommendations for patients. While it is widely known that physical activity is generally
beneficial for overall well-being, guidelines regarding optimal exercise intensity and duration
could be further evolved provided a stronger evidence base. Thus, additional scientific research
on specific exercise characteristics (frequency, duration, and intensity) is valuable for the public’s
overall health.
Public health recommendations for duration and intensity of physical activity have
changed in recent history. The American College of Sports Medicine (ACSM) published a

6
Position Stand in 2011 for physical activity guidelines [37]. This document superseded ACSM’s
1998 statement and outlined specific recommendations regarding cardiovascular conditioning,
strength training, and flexibility exercises for improving and maintaining health. The core of
these recommendations for most adults is to perform moderate-intensity activity of at least an
accumulated 30 minutes per day, at least 5 days/week. Adults should also engage in vigorousintensity cardiorespiratory activity for at least 20 minutes/day, at least 3 days/week. A
combination of moderate and vigorous intensity exercise may also be performed to achieve an
energy expenditure of at least 500-1000 MET-min/week. Additionally, adults should perform
resistance and flexibility exercises 2-3 days/week. ACSM’s statement noted that engaging in
exercises less than the recommended amounts may still provide health benefits [37]. Therefore,
although public health recommendations regarding amount and intensity of activity exist, there is
a need for further research to discover which exercise characteristics are most effective for the
general adult population. Because public health recommendations are constantly altered and
updated, it is clear that governing bodies require consistent evolution of research on the efficacy
of various physical activity characteristics.
For example, in 1995, the Centers for Disease Control and Prevention (CDC)
collaborated with ACSM to issue physical activity guidelines that focused on moderate-intensity
physical activity as most beneficial for health [38]. These recommendations were the hallmark of
a major shift in exercise prescription principles. This statement differed from previous position
statements in that it emphasized moderate, rather than vigorous, physical activity as sufficient for
health [39]. Current physical activity guidelines focus mainly on the amount of physical activity,
rather than frequency, intensity, or duration. As a result, recent guidelines acknowledge
accumulation of multiple bouts of physical activity as meeting the recommendations. According
to ACSM’s most recent position paper, accruing an appropriate daily amount of physical activity
offers similar benefits to exercising one larger bout per day [37]. Advocating shorter, effective
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bouts of physical activity throughout the day may be more attractive to non-exercisers than one
longer bout of formal physical activity.
Contrary to some public views of exercise guidelines, the evidence base does not support
the necessity of long durations of intense physical activity. Given that a main reason for avoiding
physical activity is lack of time, minimum requirements (particularly those accumulated
throughout the day) would be more conducive to a person’s busy schedule. Advocating even
small amounts of moderate-intensity physical activity provides valuable information for people
struggling to find time or motivation for formal exercise. Likewise, educating the public on the
benefits of even a small amount of exercise could help increase physical activity in sedentary
individuals. In accordance with this need, a prospective cohort study by Brown et al. indicated
that low levels of physical activity are beneficial for health [33]. It has also been found that
engaging in higher levels of recreational physical activity predicts lower risk of death due to CVD
[40, 41]. Furthermore, it is important to advocate a lifestyle incorporating regular physical
activity as protective against this risk.
Some studies support the role of vigorous-intensity activity as optimal for health [42, 43],
while others support moderate-intensity activity for benefits [32, 37, 44]. Data from the Harvard
Alumni Study support an emphasis on moderate-intensity activity for longevity, with additional
benefits of vigorous-intensity activity. The study indicated that expenditure of 4,200 kJ/week is
associated with a 30% reduction in all-cause mortality [44]. Similarly, Oguma et al. found that
energy expenditure equivalent to moderate physical activity most days of the week (4,200
kJ/week) may avert premature mortality [32].
Although ACSM’s guidelines for physical activity have been issued [37], further
scientific research for establishing optimal exercise characteristics for health is warranted.
Determining evidence-based recommendations for sleep quality and physical activity
characteristics would be useful for both governing bodies and the general public. A guideline
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accounting for the additive effects of physical activity and sleep quality on inflammation would
be particularly novel. Identifying optimal characteristics of these lifestyle factors has important
implications for combating the development of chronic disease and early mortality.

Hypotheses
The following a priori hypotheses were formulated regarding physical activity and sleep
quality parameters and inflammatory response:
(1) A higher PSQI score will predict a higher change in CRP compared to a lower PSQI
score.
(2) More days of walking will predict lower CRP change compared to less days of walking.
(3) Greater time sitting will predict higher CRP change compared to less time sitting.
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Methods

Participants
Participants were a subset of healthy adults (20-45 years of age) enrolled in an omega-3
supplementation research study. Exclusion criteria included high intake of fish (4 or more
servings per month) or use of omega-3 supplements, serious medical conditions, history of
diabetes, or smoking; chronic anti-inflammatory medications; pregnant, nursing, or planning a
pregnancy; planning to change dietary habits; and body mass index (BMI) <20 or >30 kg/m2.
Potential subjects were screened initially via telephone interview to determine if they met
the following criteria: age, self-determined health status, weight, fish intake, and willingness to
participate in the study and adhere to all aspects of the study protocol. Potential subjects who met
the telephone screening criteria were scheduled for additional screening at the Penn State Clinical
Research Center. After a written informed consent was provided, study participants were
comprehensively evaluated in an examination that included anthropometric measurements,
biochemical assessment for traditional CVD risk factors, a complete blood count (CBC) and
standard chemistry panel to rule out the presence of serious illness, medical history, and physical
examination. The study protocol was approved by the Institutional Review Board at the
Pennsylvania State University and registered on ClinicalTrials.gov (NCT01078909). All
procedures followed were in accordance with the ethical standards of the Helsinki Declaration of
1975, revised in 2000.
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Endotoxin Challenge
Subjects reported to the Clinical Research Center (GCRC) at approximately 6:30 am on
the day of testing. Study staff administered questions to ensure compliance with pre-visit
instructions and absence of identifiable inflammatory stimuli (e.g. infection, trauma, recent
medical/dental procedures). Vital signs were also performed to verify the absence of acute
injury/illness. Two intravenous catheters were inserted into veins of the lower arm and/or hand.
A 500 mL saline bolus was administered through one catheter in order to prevent potential
cardiovascular side effects that have been rarely observed at higher doses. A baseline blood
sample was collected for a complete blood count and baseline inflammatory measures. A sterile
solution of protein-free endotoxin (reference endotoxin, E. coli O113:H10:K:neg, provided by
Anthony Suffredini, NIH) was injected at a dose 0.6 ng/kg body weight. During the visit,
participants’ vital signs (temperature, heart rate, and blood pressure) and symptoms were
monitored frequently at pre-specified intervals.

Blood Derived Parameters
Whole blood samples were collected by venipuncture in the fasting state (12 h with
nothing but water, 48 h without alcohol, and 2 h without vigorous exercise) at the beginning of
the test visit. A general chemistry profile and complete blood count (CBC) was obtained using
fresh blood samples (Quest Diagnostics, Pittsburgh, PA). Additional samples were obtained at 1,
2, 3, 4, 8, 24, 48, 72, and 120 hr post injection Whole blood was centrifuged at 1500 x g for 15
min at 4˚C. Plasma and serum samples were aliquoted into cyrovials. Except for endpoints that
required unfrozen specimens, samples were stored at −80 °C until they were analyzed.
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Total cholesterol (TC) and triglycerides (TG) were measured by enzymatic analysis
(Quest Diagnostics, Pittsburgh, PA; CV < 2% for both). HDL cholesterol (HDL-C) was
estimated according to the modified heparin-manganese procedure (CV <2%). LDL cholesterol
(LDL-C) was calculated by using the Friedewald equation (LDL cholesterol = TC – [HDL+
TG/5]). Serum high-sensitivity C-reactive protein (hs-CRP) was measured by latex-enhanced
immunonephelometry (Quest Diagnostics; assay CV < 8%).

Sleep Quality and Physical Activity Questionnaires
During the afternoon of the test visit subjects completed two validated questionnaires: the
Pittsburgh Sleep Quality Index (PSQI) and the International Physical Activity Questionnaire
(IPAQ). A visual analog scale of subjective sleep quality during the last night, week and month
was also administered. The questionnaires were scored using established guidelines (Appendix).
Responses to individual questionnaire items were also analyzed as predictors where indicated.
The visual analog scale was scored by measuring the length of the mark made by participants.

Statistical analysis
Regression modeling was performed with Minitab (version 16.2, Minitab, State College,
PA). The assistant function was utilized for univariate regression. The best subsets procedure
was used to identify potential multivariate models. Best subsets regression compares all models
of selected predictors to identify the best-fitting models for increasing numbers of predictors.
Model selection was based on adjusted R-squared values and the Mallow’s Cp fit statistic. Better
values have a higher adjusted R-squared and lower Mallow’s Cp values, ideally similar to the
number of predictors. Multivariate regression was used to examine these potential models for the
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effect of predictors on peak (24 h) CRP response. Graphic representations were generated by the
Minitab assistant function and as scatter plots for outcome vs. predictor with regression lines.
Change scores were calculated as peak (24 h) CRP value minus baseline value. Residual vs. fit
plots were examined to ensure homoscedasticity. Outliers and leverage points were investigated
when identified.
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Chapter 2
Results
Many potential predictors were evaluated using the best subsets regression method. For
clarity of interpretation, the procedures were performed by grouping potential predictors
according to questionnaire: 1) subjective sleep quality assessment using the visual analog scale,
2) indices of sleep quality from the Pittsburgh Sleep Quality Index, and 3) indices of physical
activity from the International Physical Activity Questionnaire. Minitab’s Assistant function was
used to further interrogate identified factors. This allowed for identification of quadratic
relationships between predictors and CRP response. Subsequent analyses integrated the results
from these evaluations.
All potential predictors were given shorthand names for ease of explanation and better
understanding of the results (Tables 1-3). Each predictor name is italicized throughout the
explanation of results. The following tables give a description of each predictor and identify its
possible range of values.
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Sleep Quality Visual Analog
Table 1: Abbreviated names and possible range of values for subjective sleep quality visual analog
scale potential predictors

Predictor

Description

Value Range

Subjective sleep quality in the
0 (worse) – 12 (better) (cm)

night
past night
Subjective sleep quality in the

0 (worse) – 12 (better) (cm)

week
past week
Subjective sleep quality in the

0 (worse) – 12 (better) (cm)

month
past month

Pittsburgh Sleep Quality Index (PSQI)
Table 2: Abbreviated names and possible range of values for Pittsburgh Sleep Quality Index (PSQI)
potential predictors

Predictor

Description

Value Range

sleep hours

Hours of Sleep

0 (better) – 3 (worse)

Sleep Latency
0 (better) – 3 (worse)

latency

PSQI score

PSQI Global Score

0 (better) – 21 (worse)
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International Physical Activity Questionnaire (IPAQ)
Table 3: Abbreviated names and possible range of values for International Physical Activity
Questionnaire (IPAQ) potential predictors

Predictor

Description

Value Range

sit time

Time spent sitting (weekly)

0-960 (min)

walk days

Days of walking (weekly)

0-7 (days)

walk time

Time spent walking (weekly)

10-960 (min)

mod days

Days of moderate physical
0-7 (days)
activity (weekly)
Time spent doing moderate

mod time

10-960 (min)
physical activity (weekly)
Days of vigorous physical

vig days

0-7 (days)
activity (weekly)
Time spent doing vigorous

vig time

10-960 (min)
physical activity (weekly)

IPAQ score

IPAQ total score

0+

Sleep Quality via Visual Analog Scale and CRP response
The first best subsets procedure evaluated subjective assessment of sleep quality during
the last night, week, and month. This was used to evaluate whether subjective sleep quality data
obtained from the visual analog scale were predictive of change in CRP resulting from endotoxin
administration. Participants indicated their sleep quality with a mark on a 12.7 cm line, where
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higher values indicate better sleep quality (Appendix A). Therefore, responses range from 0
(worst sleep) to 12.7 (best sleep). Potential predictors were obtained for sleep quality during the
past night (night), week (week), and month (month).

Figure 1: Best subsets regression of change in CRP vs. subjective sleep quality in the past night, week,
and month (measured via visual analog scale)

The best subsets procedure enabled unbiased selection of significant models for futher
analysis. Based on adjusted R2 value (18.6) and the Mallows’ Cp statistic (1.6), month was the
strongest univariate linear predictor of change in CRP (Figure 1). Week was the next best
univariate predictor; however, a lower adjusted R2 (5.4) and higher Mallows’ Cp (4.2) indicate
that it is inferior to month for predicting CRP change. Week and month in the same model were
more predictive of CRP change than models including either factor alone (R2 adj=22.2, Mallows’
Cp=2.0).
Minitab’s Assistant tool was used to further analyze month as a potential predictor of
CRP change. The best subsets regression procedure tests predictors only in linear models. The
Assistant function was used to statistically evaluate the univariate predictor, as well as to identify
superiority of alternative model fits (quadratic and cubic). The relationship between sleep quality
in the past month vs. CRP change was best modelled using a quadratic transformation of the
predictor (Figure 2).
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Figure 2: Regression output using Minitab assistant. Change in CRP (mg/L) from baseline to 24-hour
vs. subjective sleep quality in the past month (measured via visual analog scale)

Participants who rated their sleep quality in the past month on the “poor” end of the
spectrum exhibited a larger increase in CRP from baseline, and those who rated their sleep quality
on the “excellent” end of the scale also showed larger increases in CRP. The lowest change in
CRP was measured in participants who rated their sleep quality in the past month as “good” on
the visual analog scale. Recalling that the visual analog scale was based on mark placement on a
12.7 cm line, areas of distribution are related to differing areas of mark placement. Distribution
around moderate responses (~6.5-9.5 cm) is much wider than those at either the low (~2-5.5 cm)
or high (~10-12.7 cm) end of the spectrum. Both very good sleep quality and very poor sleep
quality in the past month predicted large increases in CRP. However, moderately good sleep
quality in the past month is a less precise predictor of change in CRP, as shown by wider
distribution of CRP responses in this range. Nevertheless, moderately good subjective sleep
quality tends to be predictive of the smallest change in CRP.
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Regression analysis was performed with month and its quadratic term “month_squared”
to confirm the prediction model for CRP indicated by the best subsets procedure results in Figure
1.

Figure 3: Regression analysis of change in CRP vs. subjective sleep quality in the past month
(measured via visual analog scale) using a quadratic model

Regression analysis of month (with a quadratic fit) as a predictor of CRP change revealed that
48.8% of change in CRP can be explained by subjective rating of sleep quality in the past month
(R2=48.8, p=0.007).
Although best subsets revealed month as the strongest linear univariate predictor,
alternative model fits were explored for other potential predictors in case non-linear models
rendered these predictors superior.
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Figure 4: Regression output using Minitab’s Assistant. Change in CRP (mg/L) from baseline to 24hour vs. subjective sleep quality in the past week (measured via visual analog scale)

Minitab’s Assistant identified a quadratic model as best fit for CRP change vs. week.
Similar trends were seen in CRP change vs. month and CRP change vs. week. Both those who
rated their sleep quality as “excellent” and those who rated it as “poor” exhibit larger elevations
in CRP. However, those who rated their sleep quality in the past week as mid-range, or “good”,
showed the smallest increase in CRP. Again, similar to month as a predictor of CRP change,
there is a wider distribution of CRP responses among those who rated sleep quality in the midrange area. Sleep quality values on both the low and high ends of the scale show less variability
in CRP response, indicating that extreme ratings of sleep quality in the past week are more
precisely predictive of change in CRP. However, “good” (mid-range) ratings of sleep quality
tend to predict the lowest change in CRP.
Regression analysis was performed with week and its quadratic term “week_squared”, to
confirm the prediction model for CRP indicated by the best subsets procedure results in Figure 1.
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Figure 5: Regression analysis of change in CRP vs. subjective sleep quality in the past week (measured
via visual analog scale). A “week squared” term was calculated and included in the model to replicate the
optimal quadratic model.

Regression analysis of CRP change vs. week and “week_squared” shows that week is
strongly predictive of CRP response (R2 = 60, p=0.001). Sleep quality in the past week explains
60.0% of change in CRP, whereas month explains 48.8% of CRP response (Figure 3).
Regression analyses of best-fit models show that week may be more predictive of CRP response
than month.
While regression analyses show that week may be a stronger predictor of CRP response
than month, both were correlated with CRP change. Regression analysis using Minitab’s
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Assistant was performed using week to predict month as a test for collinearity of the predictors
(Figure 6).

Regression for Month vs Week
Summary Report
Y: Month
X: Week

Fitted Line Plot for Linear Model
Y = - 0.2873 + 0.9958 X

Is there a relationship between Y and X?
0

0.05 0.1

> 0.5

Yes

12

No

P = 0.000
The relationship between Month and Week is statistically
significant (p < 0.05).

Month

9

3

% of variation accounted for by model
0%

100%

R-sq (adj) = 84.05%
84.05% of the variation in Month can be accounted for
by the regression model.

Negative
-1

Correlation between Y and X
No correlation
0

6

Positive
1

0.92
The positive correlation (r = 0.92) indicates that when
Week increases, Month also tends to increase.

4

6

8
Week

10

12

Comments
The fitted equation for the linear model that describes the
relationship between Y and X is:
Y = - 0.2873 + 0.9958 X
If the model fits the data well, this equation can be used
to predict Month for a value of Week, or find the settings
for Week that correspond to a desired value or range of
values for Month.
A statistically significant relationship does not imply that X
causes Y.

Figure 6: Minitab Assistant regression of sleep quality in the past week vs. sleep quality in the past
month. This regression was performed to test for collinearity of the predictors.

Linear regression via Minitab Assistant showed a highly significant correlation between
week and month (p<0.001). Collinearity of the two predictors may make the model unstable,
preventing determination of whether week or month predicts CRP change. Therefore, use of both
week and month in the same best subsets procedure or regression analysis should be avoided.
Although the first best subsets regression did not show night as a strong potential
predictor, it was reasonable to perform a regression analysis of night vs. CRP change using
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Minitab’s Assistant. Because both week and month exhibited surprisingly non-linear fits,
alternative models for night were tested using the Assistant tool.

Figure 7: Regression output using Minitab assistant. Change in CRP (mg/L) from baseline to 24-hour
vs. subjective sleep quality in the past night (measured via visual analog scale).

Minitab’s Assistant fit night vs. CRP change to a linear model. There was an apparent
clustering pattern in the data, showing unequal distribution among different areas of responses.
Recalling that the visual analog scale was based on a 12.7 cm line, the resulting clusters are
arranged according to mark placement on the line. Marks measuring from ~2 cm to ~5.5 cm on
the line are clustered to the left, ~6 cm to ~9 cm in the middle, and ~11 cm to 12.7 cm clustering
on the right.
It may have been assumed that responses marked on the scale were signifcant predictors
simply due to the nature of the distribution of participants’ responses on the line. The null
outcome of sleep quality in the past night further supports the reliable significance of both sleep
quality in the past week (p=0.001) and in the past month (p=0.007) as predictors of change in
CRP.
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Sleep Quality via the Pittsburgh Sleep Quality Index and CRP response
The Pittsburgh Sleep Quality Index (Appendix B) measures multiple parameters of sleep
quality, as well as global sleep quality score. In general, a score of ≤ 5 is good sleep quality, and
a score >5 is poor sleep quality. Our a priori hypothesis was that the global score (PSQI score),
as well as several response items (sleep hours and latency) would be most predictive of
inflammatory response. Thus, these items were examined in the best subsets and Minitab’s
Assistant procedures.
Before the first best subsets procedure, the following a priori hypothesis was tested: A
Higher PSQI score will predict a higher change in CRP compared to a lower PSQI score.
Therefore, it was expected that poor sleep quality would result in a larger CRP response, while
good sleep quality would result in a smaller change in CRP. Minitab’s Assistant was used to test
PSQI score vs. CRP change without constraining the model to a linear fit. (Figure 8).

Figure 8: Regression output using Minitab assistant. Regression analysis of change in CRP vs. global
PSQI score.

Minitab’s Assistant for regression chose a linear model as best fit for change in CRP vs.
PSQI score. There was a noted leverage value at a PSQI score >10.0, and there were no apparent
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trends in the scatterplot that would suggest a relationship between PSQI score and change in
CRP.
In addition to pre-specified variables of interest, the PSQI questionnaire (Appendix B)
asks detailed questions that may be difficult to reliably recall (such as number of times awoken
due to coughing). To reasonably limit the number of potential predictors, only a priori potential
predictors of CRP change (PSQI score, latency, and sleep hours) were included in a best subsets
procedure (Figure 9).

Figure 9: Best subsets regression of CRP change vs. selected data from the Pittsburgh Sleep Quality
Index (hours of sleep, latency, global score)

Best subsets regression resulted in no compelling univariate linear potential predictors.
PSQI score in combination with sleep hours showed the most potential to be a strong model for
predicting CRP response (R2 adj=34.1, Mallows’ Cp=2.0). All three parameters (latency, sleep
hours, PSQI score) in one model was also predictive of CRP change, at the expense of overparameterization. Better models for predicting CRP response include a smaller number of
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parameters, and potential models exhibit diminishing returns with the addition of many items.
Identified potential models were further interrogated using linear regression procedures.
The first regression for PSQI data included sleep hours and PSQI score in the same model
(Figure 10).
A linear model including sleep quality and PSQI score accounts for 42.3% of CRP
change (p = 0.02). The significance of each individual predictor confirms that sleep hours and
PSQI score together predict CRP response. For every additional hour of sleep, CRP response
increased by 4.83 mg/L. Additionally, each increase of “1” in PSQI score, reflecting poorer
sleep quality, predicted a 1.93 mg/L increase CRP response. The next strongest potential model
as indicated by best subsets includes latency, sleep hours, and PSQI score. These potential
predictors were included in another multivariate linear regression.
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Figure 10: Multivariate regression analysis of sleep hours and PSQI global score vs. CRP response

Physical Activity via International Physical Activity Questionnaire and CRP response
The final questionnaire analyzed was the International Physical Activity Questionnaire
(IPAQ) (Appendix C). The following a priori hypotheses were initially tested for physical
activity and CRP response relationships: 1) Higher walk days will predict lower CRP change
compared to less walk days, and 2) Greater sit time will predict higher CRP change compared to
less sit time. All IPAQ indices were included in a best subsets procedure, followed by further
interrogation of identified factors using Minitab’s Assistant tool. Minitab’s Assistant was used to
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perform a univariate regression analysis of walk days vs. CRP change (Figure 11). The Assitant
function identified a linear model for best fit of walk days vs. CRP change. Figure 11 shows a
high number of responses at 7 days of walking. This uneven distribution may diminish the ability
of the model to effectively predict CRP response. Additionally, only one participant recorded a
value of 0 days of walking, likely resulting in the creation of a leverage point in the model.
Because the model exhibits poor distribution, no reliable conclusions were made regarding the
strength of walk days as a potential predictor. Thus, it was not included in further potential
models for predicting change in CRP.

Figure 11: Regression output using Minitab assistant. Regression analysis of change in CRP vs. days
of walking (measured by IPAQ).

Minitab’s Assistant was used to test the second and final a priori potential predictor, sit
time (Figure 12). Recall that the hypothesis was increasing sit time would predict increasing CRP
response. The unequal distribution in the model may present issues in determining its
significance. Additionally, a response of >700 min for sit time likely creates a leverage value,
causing distortion of the regression line to fit that point. Similar to the previous results of walk
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days vs. CRP change, sit time vs. CRP change exhibits problematic distribution and prevents
interpretation of the relationship. Regression analyses did not support either a priori hypothesis.

Figure 12: Regression output using Minitab assistant. Regression analysis of change in CRP vs. sitting
time in the past week (measured by IPAQ).

A best subsets regression procedure including all IPAQ parameters was performed to
determine the strongest univariate and multivariate physical activity models (Figure 13). Best
subsets identified mod days as the strongest linear univariate predictor, based on R2 adj (9.6) and
Mallows’ Cp statistic (8.8). Walk days was also revealed as a potential univariate predictor (R2
adj=14.1, Mallows’ Cp= 9.0). Both mod days and walk days in the same model (R2 adj=23.6,
Mallows’ Cp=6.2) was more predictive of CRP change than either potential predictor alone. Sit
time and walk days were identified in the same model (R2 adj=23.6, Mallows’ Cp=6.2). A model
including walk days, mod days, and vig days was the strongest for predicting CRP change (R2
adj=37.3, Mallows cp=4.1).
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Figure 13: Best subsets regression of change in CRP vs. International Physical Activity Questionnaire
(IPAQ) data (vigorous days and time, moderate days and time, walking days and time, and sitting time, all
measured in the past week).

Best subsets identified mod days as a potential univariate predictor, and Minitab’s
Assistant was used to perform a univariate regression analysis of mod days vs. CRP change
(Figure 14). Minitab’s Assistant fit the relationship of mod days vs. CRP change to a linear
model. Figure 14 shows a relatively continuous distribution in values for mod days . The
regression line shows a potential trend for participants who recorded a lower number of moderate
days of physical activity having a larger increase in CRP compared to those who recorded more
days of moderate physical activity.
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Figure 14: Minitab assistant regression analysis of change in CRP vs. moderate days of physical
activity (measured by IPAQ).

Mod days was further examined by performing a linear regression analysis (Figure 15).
Although the scatterplot of mod days vs. CRP change (Figure 14) showed no apparent issues with
the data, the model did not reach statistical significance (p=0.090). However, there is a trend
between days of moderate physical activity and CRP change (p<0.1).
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Figure 15: Linear regression of CRP change vs. days of moderate physical activity.

Best subsets regression identified mod days and walk days as the strongest two-predictor
model (R2 adj=27.1%, Mallows’ Cp=6.2) (Figure 13). Recalling that Minitab’s Assistant tool
tests only univariate predictors, all multivariate models were tested using standard regression
analysis. Mod days and walk days were included in this procedure as potential predictors of
change in CRP (Figure 16). The multivariate linear regression analysis showed a significant
relationship between mod days and walk days and CRP change (R2=35.7, p=0.037). Mod days in
combination with walk days explain 35.7% of CRP response.
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Figure 16: Multivariate regression of CRP change vs. days of moderate physical activity and days of
walking

After analysis of the best univariate and two-predictor models identified by best subsets,
the strongest three-predictor model was examined. According to best subsets, this model includes
walk days, mod days, and vig days (R2 adj=37.3%, Mallows’ Cp=4.1). A multivariate linear
regression was performed using walk days, mod days, and vig days as potential predictors (Figure
17). The regression confirmed that the model including walk days, mod days, and vig days

33
significantly predicts CRP response (R2=51.2, p=0.016). Thus, this combination of predictors
explains 51.2% of CRP change.

Figure 17: Multivariate regression analysis of CRP change vs. moderate days of physical activity,
vigorous days of physical activity, and days of walking

The best four-predictor model identified by best subsets was CRP change vs. mod days,
walk days, sit time, and vig time (R2 adj=46.4, Mallows’ Cp=3.3). A regression analysis was
performed to determine a potential relationship between these predictors and CRP change (Figure
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18). Multivariate linear regression with these factors revealed that the model predicts 59.8% of
the CRP response (R2=59.8, p=0.019).

Figure 18: Multivariate regression analysis of CRP change vs. days of moderate physical activity, days
of walking, sitting time, and time doing vigorous physical activity
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Sleep Quality, Physical Activity, and CRP response
In the previous sections, best subsets procedures and regression analyses were used to test
parameters in each assessment: sleep quality visual analog scale, PSQI, and IPAQ. Identified
predictors were included in a best subsets procedure combining all three assessments (Figure 19).
This procedure determined potential relationships between sleep quality, physical activity, and
change in CRP with endotoxin administration. Combinations of the strongest sleep quality and
physical activity predictors were then included in all-encompassing regression analyses to
establish the best overall models for predicting CRP change.
Based on previous regression analyses, the following potential predictors were included
in the best subsets procedure (Figure 19): PSQI score, vig days, vig time, walk days, sit time, mod
days, month, month squared, sleep hours, week, and week squared. The “month_squared” and
“week_squared” terms were added to replicate the quadratic models for month and week chosen
by Minitab’s Assistant tool.
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Figure 19: Best subsets regression of strongest physical activity and sleep quality predictors

The first best subsets procedure suffered from very high Mallow’s Cp values and
identified no potential models for predicting CRP response with an acceptable number of
predictors. This is likely caused by model instability due to collinearity of the week and month
terms. Additional best subsets regression analyses were performed with inclusion of month only
(Figure 20) and week only (Figure 22) to determine potential models.
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Best subsets regression was repeated using the same predictors as the previous analysis
(Figure 19), with exclusion of week and week squared (Figure 20); only month and month
squared were included.

Figure 20: Best subsets regression of strongest physical activity and sleep quality predictors (excluding
sleep quality in the past week)

This model was further examined in a multivariate regression analysis (Figure 21).
Analysis of the strongest model (PSQI score, vig days, walk days, sit time, mod days, month,
month squared and sleep hours) indicated that this combination of predictors is highly significant
(p<0.001), predicting 95.7% of CRP response (R2=95.7%).
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Figure 21: Regression analysis of strongest physical activity and sleep quality model as determined via
best subsets regression

A similar best subsets procedure was then performed, replacing month and month
squared with week and week squared. In other words, rather than include only month from the
visual analog scale indices (Figure 20), best subsets was performed only with week (Figure 22).
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Inclusion of only week or only month avoided potential issues associated with using collinear
predictors in the same model.

Figure 22: Best subsets regression of strongest physical activity and sleep quality predictors (excluding
sleep quality in the past month)

The best fitting model included week, week squared, mod days, PSQI score, sleep hours,
and vig time (R2 adj=74.3%, Mallows’ Cp=6.1). Multivariate regression was then performed to
test the model for statistical significance (Figure 23). Multivariate regression analysis of week,
week squared, mod days, PSQI score, sleep hours, and vig time vs. CRP change showed that 85%
of CRP response can be explained by a combination of these predictors (R2=85.0%). The model
is highly significant (p=0.001), and all factors except for mod days are significant individually.
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Figure 23: Regression analysis of strongest physical activity and sleep quality model as determined via
best subsets regression

Best subsets regression including only the month visual analog predictor (Figure 21)
revealed a highly significant model (p<0.001) that explained over 95% of CRP response, while
the strongest model predicted by best subsets with only the week visual analog predictor predicted
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85% of CRP response (p=0.001). Depending on available information, either combination of
questions could potentially be used to predict a large percentage of CRP response.
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Chapter 3
Discussion
Our results demonstrate that both month and week most strongly predict CRP response
when fit to a quadratic model. This non-linear relationship agrees with current research showing
that health behaviors and inflammatory responses tend to exhibit a j-shaped correlation [22]. In
both models, those reporting “poor” sleep quality and those reporting “excellent” sleep quality
exhibit larger increases in CRP. However, those whose responses fall in the mid-range or “good”
sleep quality category show a lower CRP response. This result indicates that moderate sleep
quality is most predictive of lower levels of inflammatory response. Therefore, measuring
subjective sleep quality, particularly via a visual analog scale, may provide valuable insight into
inflammatory response and chronic disease risk.
All a priori hypothesis tests produced surprisingly null results. Although it was
hypothesized that PSQI score would predict CRP response, no relationship was observed (Figure
9). Because there was no apparent correlation between these scores and change in CRP, the visual
analog scale may be a more useful instrument for measuring subjective sleep quality in this case.
Either the PSQI supplemented with a visual analog scale, or the analog alone, may be a more
sensitive predictor of inflammatory responses than the PSQI alone. This is perhaps due to the
simplicity of the visual scale and its conduciveness to more instinctual, ecompassing responses
compared to the PSQI. The CDC has identified factors that interfere with accurate assessments of
subjective sleep quality. Many questionnaires are subject to exaggeration of amount of activity
and time intervals, as well as incomplete recall of activity [39]. Participants may have trouble
remembering specific information asked on the PSQI, whereas the visual analog scale enables
responders to record a simple, broad, possibly more sensitive measure of subjective sleep quality.
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The visual analog scale combined with an objective measurement such as polysomnography may
provide a useful technique for assessing overall sleep quality. This approach would not only
determine both subjective and objective sleep measures, but would also avoid influence of
psychosocial factors that could make use of solely subjective measures problematic.
Best subsets identifed the strongest three-predictor physical activity model to include
walk days, mod days, and vig days (Figure 17). All three parameters are associated with days of
physical activity, rather than time, creating a consistent and intuitive model for predicting CRP
change. This model could be particularly useful in a clinical setting, where people are more
likely to recall the number of days performing each intensity, rather than average time spent
doing each type of exercise. Because this combination of predictors explains a large amount of
the inflammatory response, it would provide a useful tool for determining disease risk in most
adults.
Based on the best subsets procedure and regression analyses, the strongest physical
activity/sleep quality combination model for predicting CRP response includes PSQI score, sleep
hours, month, month squared, vig days, walk days, sit time, and mod days (Figure 21). While the
model may seem somewhat over-parameterized, it identifies valuable sleep quality and physical
activity characteristics. Such insight can be useful for designing physical activity and sleep
quality questionnaires that address only relevant predictors of inflammatory response.
This particular model is useful because it accounts for interplay between parameters in
predicting CRP response. The best subsets procedure allowed for testing all possible models and
identification of the strongest combinations. Many univariate indices of sleep quality and
physical activity were not correlated with change in CRP. However, in combination with other
parameters, some of these characteristics became significant predictors of inflammatory response.
For example, the strongest model combining both sleep quality and physical activity included
only one parameter that predicted CRP response in a univariate model (month as a quadratic
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term). Other parameters only became valuable when included in a multivariate model. This
finding corroborates suspected interplay between sleep quality, physical activity, and
inflammation.

Strengths and Limitations

Because overall well-being is rarely dependent on just one behavior, recognizing possible
interactions between modifiable risk factors is important. Our procedures tested combinations of
these behaviors to determine the strongest models for predicting inflammatory response.
Identifying such models has vital implications for assessing disease and mortality risk. Use of the
best subsets procedure as an unbiased selection method for predictors allowed for fair, methodical
model identification processes. An additional strength of this study is the increased signal of the
induced inflammation model, providing a consistent measure of inflammatory response. Also,
use of the visual analog scale as supplemental to the PSQI provided both a sensitive assessment
technique and a standardized questionnaire, respectively.
There are several limitations to this study, particularly regarding potential covariates in
the models. Future studies should account for potentially confounding variables, including body
mass index (BMI) and gender. Past studies have found conflicting results in the relationship
between health behaviors and inflammatory responses according to gender. Women tend to have
more sleep complaints than men, but objective data show that women actually sleep better than
men. Additionally, longer sleep, shorter sleep latencies, and more efficient sleep have predicted
inflammatory response in women only [19]. Gender differences have also been observed in
studies of physical activity and disease risk [33].
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In addition to gender, BMI may have been a confounding factor. Higher BMI has been
associated with higher CRP [12]. Because CRP is produced in visceral adipocytes, BMI may
play a direct role in inflammation [12, 45].
Our finding that mid-range subjective sleep quality predicts lower change in CRP
includes some limitations. Considerations should be made regarding participants’ interpretation
of “poor,” “good,” or “excellent” sleep quality. It is likely that responses were based on perceived
sleep quality according to hours of sleep per night. This result would support current literature
describing the optimal benefits of sleep in moderation [24, 25]. Sleeping too little or too many
hours per night is more detrimental to health than sleeping a moderate number of hours.
However, it is also possible that participants rated their sleep quality based on latency or number
of times awaking throughout the night. Future modifications should include a supplementary
question asking which parameters contributed to their overall subjective sleep quality rating.
Alternatively, individual visual analog responses could be compared to each participant’s PSQI
responses. This would also offer insight into which sleep quality characteristics influenced their
perceived level of overall sleep quality.
Many original participants in the fish oil supplementation study were excluded from
further involvement due to infection and complications from endotoxin administration. Thus, the
sample size was markedly reduced to only 18 data points for analysis. Future examination of
physical activity and sleep quality parameters in a similar study should include larger sample
sizes.

Conclusions

Replicating models such as the walk days, mod days, vig days combination could be
potentially useful for creating questionnaires that can predict inflammatory responses.
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Additionally, the identification of a quadratic fit for both week and month vs. CRP change gives
valuable insight into the non-linear relationship between subjective sleep quality and
inflammation. Physical activity level and subjective sleep quality may concurrently predict the
presence or absence of systemic inflammation. Through the analyses of combinations of sleep
quality and physical activity parameters, this study aimed to determine aggregates of lifestyle
characteristics that are most beneficial for health. However, future studies are needed to provide
additional supporting evidence. Further studies that address our limitations (including BMI and
gender parameters) would greatly contribute to existing literature on the roles of physical activity
and sleep quality in inflammatory responses. Such substantiation would be valuable in assessing
both disease and mortality risks.
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Appendix A
Sleep Quality Visual Analog Scale

N.B. Line length not to scale. Original line length = 12.7 cm.
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Appendix B
Pittsburgh Sleep Quality Index (PSQI)
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Appendix C
International Physical Activity Questionnaire (IPAQ)
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