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Abstract

A disease trait often can be characterized by multiple phenotypic measurements that can provide
complementary information on disease etiology, physiology or clinical manifestations. Given that
multiple phenotypes may be correlated and reflect common underlying genetic mechanisms, the
use of multivariate analysis of multiple traits may improve statistical power to detect genes and
variants underlying complex traits. The literature, however, has been unclear as to the optimal
approach for analyzing multiple correlated traits. In this study, heritability and linkage analysis
was performed for six Obstructive Sleep Apnea Hypopnea Syndrome (OSAHS) related
phenotypes, as well as principal components of the phenotypes and principal components of the
heritability (PCHs) using the data from Cleveland Family Study, which include both African and
European American families. Our study demonstrates that principal components generally result in
higher heritability and linkage evidence than individual traits. Furthermore, the PCHs can be
transferred across populations, strongly suggesting that these PCHs reflect traits with common
underlying genetic mechanisms for OSAHS across populations. Thus, PCHs can provide useful
traits for using data on multiple phenotypes and for genetic studies of trans-ethnic populations.
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Introduction

In genetic studies, multiple correlated phenotypes are often measured to better characterize a
complex disease. Correlation among different measurements may be induced by common
underlying genetic mechanisms or environmental factors. A number of analytical approaches
have been suggested to improve statistical power in detecting genetic variants underlying
complex traits[Stephens 2013] [Solovieff, et al. 2013] [Zhu, et al. 2015], although most
current genome wide association studies perform analysis for each trait individually. The
optimal method for analyzing multiple traits for genetic studies is still under debate
[Aschard, et al. 2014]. Multivariate analysis offers one way to model genetic effects to
multiple phenotypes simultaneously [Obrien 1984]. Multivariate regression analysis of
modeling the correlation matrix among the traits has the flexibility of testing a variety of
parameters without losing any information but can be computationally intensive. On the
other hand, principal components (PC) analysis, based on a dimension reduction technique
summarizing information across multiple measured traits has been suggested for use in
linkage and association analysis [Comuzzie, et al. 1997] [Klei, et al. 2008] [Gu, et al. 2008]
with the potential of losing important information when only the top PCs are analyzed
[Aschard, et al. 2014]. The traditional PCs are the linear combination of traits calculated by
maximizing the variance with the assumption of independent subjects, which we termed
PCVs. When family data are available, the linear combinations of traits can be obtained by
maximizing heritability, which we termed PCHs [Ott and Rabinowitz 1999]. The top PCHs
have the potential to extract more information reflecting the genetic components of traits
than may be derived from PCVs. Furthermore, when the correlation among phenotypes is
driven by a common genetic mechanism, it is reasonable that the top PCVs and PCHs likely
capture such effects. However, this hypothesis has to be examined using real data.

Obstructive sleep apnea-hypopnea syndrome (OSAHS) is a complex disorder characterized
by the occurrence of repetitive episodes of complete or partial upper airway obstruction
during sleep associated with snoring, intermittent hypoxemia, and daytime sleepiness
[Mbata and Chukwuka 2012]. The public health importance of the disorder relates to its high
prevalence and its impact on a wide range of health outcomes. Epidemiological studies
indicate that OSAHS affects approximately 2 to 6% of children and more than 15% of adults
[Badran, et al. 2015; Capdevila, et al. 2008; Rosen, et al. 2003]. The recurrent episodes of
upper airway obstruction that occur with OSAHS lead to disruptive snoring, sleep
fragmentation and daytime sleepiness, which negatively impact quality of life and daytime
performance [Mbata and Chukwuka 2012]. OSAHS also results in overnight hypoxemia and
heightened sympathetic activation, which adversely affect blood pressure, metabolism, and
vascular health [Mbata and Chukwuka 2012]. Indeed, research over the last two decades has
identified OSAHS as an independent risk factor for the development of hypertension,
cardiovascular disease, stroke and premature mortality [Badran, et al. 2015].

There is large variation in the clinical expression of OSAHS. Although OSAHS is
significantly more common in men and individuals who are obese [Badran, et al. 2015],
male gender and obesity only explain a portion of the variation in the trait distribution. The
mechanisms that account for individual susceptibility are not well understood but likely
include anatomic and physiological factors that influence upper airway size and
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collapsibility and stability of ventilatory control during sleep [Redline and Tishler 2000;
Young, et al. 2004]. Understanding the genetic etiology of OSAHS, including the genetic
bases for intermediate mechanisms, may provide a means of better understanding its
pathogenesis, with the goal of improving preventive strategies, diagnostic tools and
therapies.

Although a significant genetic basis for the disorder is supported by family studies and
emerging candidate gene association analyses, molecular studies of OSAHS genetics has
lagged those of other chronic diseases [Redline, et al. 1995] [Palmer, et al. 2003] [Larkin, et
al. 2008]. To date, the chief quantitative metric that has been used in genetic analysis is the
apnea-hypopnea index (AHI), which averages the number of complete and partial airway
occlusions that occur hourly during sleep. The advantages of using the AHIinclude its
simplicity, high night-to-night reproducibility and widespread clinical use. However, the
AHI does not provide information on attributes of OSAHS that may reflect intermediate
pathways or reflect specific subtypes of OSAHS that my represent different underlying
intermediate pathways.

In this paper, we postulate that additional measures of OSAHS- including features extracted
from the overnight sleep study and associated symptoms — may be heritable, and when used
alone or in combination with other metrics, may improve the ability to detect genetic signals.
We evaluated PCVs and PCHs obtained using six OSAHS traits that captured a range of
features of this disorder: the frequency of apneas/hypopneas (AHI), the duration of
respiratory disturbance events during sleep (apnea or hypopnea duration), measures of
nocturnal hypoxemia, and self-reported snoring and sleepiness. In a sample of European and
African-American families from the Cleveland Family Study (CFS), we compared the
heritability estimates of the PCVs, PCHs and individual traits as well as the transferability of
PCs across ethnic populations. We studied whether a common genetic mechanism can be
captured by the top PCs. We further investigate the impact of PCs on identifying linkage
signals in linkage analysis of measures of OSAHS.

Cleveland Family Study (CFS)

Phenotypes

Analyses were performed using data collected from the CFS, a family-based longitudinal
study comprised of index cases with laboratory diagnosed sleep apnea, their family members
and neighborhood control families. Individuals have been followed on as many as four
occasions over a period of 16 years, and have completed sleep apnea, anthropometry, and
other related measurements as well as standardized questionnaires, as detailed previously
[Mehra, et al. 2010]. Table 1 presents the characteristics of 139 European and 147 African
American families in CFS, including 645 Europeans (EAs) and 656 African Americans
(AAs), respectively.

Analysis in this study was performed based on the measures from the last available
examination for each participant. Body mass index (BMI) was defined as weight divided by
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the square of height derived from the same examination as the AHI Sleep apnea was
assessed using overnight sleep studies that consisted of either Type 3 polygraphy (measuring
oxygen saturation, body position, airflow using thermistry, chest wall effort, and heart rate;
Eden Trace; Eden Prairie, MN) which was performed in participants studied prior to 2000,
or by 14-channel polysomnography (Compumedics E series, Abottsford, AU) performed
after 2000. The AHI derived from each type of assessment were highly correlated, as
described previously [Redline, et al. 2003].

The AHI was computed as the average number of apneas and hypopneas, each associated
with a 3% desaturation, per hour of sleep. We also assessed the following sleep traits that
each describes specific aspects of the disorder:

a. Average nocturnal oxygen saturation (AVGOZ2) and percentage of sleep
time at oxygen saturation levels < 90% (PER90), two readily obtainable
measures from the sleep study that quantify degree of overnight
hypoxemia; extracted from the oximetry signal recorded during the
overnight sleep study after manually excluding periods of artifact.

b. Average respiratory disturbance event duration (hypopnea and apnea;
AVGDUR), a measure of the propensity to arouse and terminate a
hypopnea or apnea [Berry and Gleeson 1997];

c. Habitual snoring (HABSNORE), based on self-report of average snoring
frequency over the prior month, and reported on a 5-point Likert scale
(never, rarely, sometimes, frequently, and almost always or always);

d. Excessive daytime sleepiness (EXCSLPDY), based on the report of
whether the individual experienced “excessive (too much) sleepiness
during the day” over the prior month, recorded on a 5-point likert scale (as

above).

Genotyping
All the individuals were genotyped using the IBC array [Keating, et al. 2008]. The IBC array
includes approximately 50,000 SNPs in cardiovascular, pulmonary, hematological and sleep-
related disorders. In addition, 1900 Ancestry Informative Markers (AIMs) were also
included in the IBC array for adjusting for the population structure between African and
European, and within sub-European populations. Standard QC, including a Mendelian
inconsistency check and Hardy-Weinberg equilibrium for each SNP, were performed.

Statistical Analysis

Principal Component Analysis maximizing variance and heritability—Since the
traits were skewed, rank normal transformation was first performed for each of the six traits,
including both continuous traits (AHI, AVGO2Z2, PER90 and AVGDUR) and two ordinal
traits (EXCSLPDY and HABSNORE) in the European and African-American cohorts
separately. It has been known the population structure between the European-American and
African American are different. One of our goals is to investigate whether the loadings of
PCs can be transferred from one population to another. Thus, we did not perform rank
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normal transformation on European-American and African-American cohorts together. Two
PC approaches were performed for the six rank normalized traits: PCV, which maximizes
variance without consideration of family structure; and PCH, which maximizes heritability
using family data, as introduced by Ott and Rabinowitz [Ott and Rabinowitz 1999]. The
PCH was original developed for sib pair data [Ott and Rabinowitz 1999]. Here we applied
the method by Wang et al. [Wang, et al. 2007], which is an extension of the method by Ott
and Rabinowitz. Briefly, the PCH maximizes the ratio of the family-specific variance to the

3 T Z q 'j
total variance: mélx -'Ilng[Z-_q—i_Z-f: )3 where Bis the loading vector of PCs, o is calculated as

the within-family variance-covariance matrix and X, is calculated as the between-family
variance-covariance matrix. It should be cautioned that this PCH will not differentiate
variance components attributable to common environmental factors from polygenic
variance, therefore only approximately maximizing the heritability.

Heritability Estimation

Heritability ( ) estimates based on individual traits and PCVs and PCHs were determined
using Statistical Analysis for Genetic Epidemiology (S.A.G.E.) ASSOC program (v6.1.0),
which assumes a linear mixed model with polygenic and random error components. For each
trait, PCV or PCH, two models for adjusting for covariates were investigated. Model 1
included the covariates age, age?, gender, age x gender, reflecting non-linear age
associations and an age-gender interactions, and two principal components calculated from
AIMs for correcting for population stratification [Zhu, et al. 2008]. Model 2 included all the
covariates in Model 1 with the addition of BMI and BMI2. BMI and BMI? were used in
model 2 given the high, but non-linear correlation of BMI with indices of OSAHS severity.
The corresponding residuals were used for estimating heritability of a trait, PCH or PCV.

Linkage Analysis

Variance components linkage analysis of the rank normalized traits, PCHs and PCVs was
performed using SNPs on the IBC array using the software Merlin [Abecasis, et al. 2002]. In
this analysis, the total covariance matrix of the residuals after adjusting for covariates was
decomposed into three variance components: the variance due the major quantitative trait

9

or1)» the variance due to the random polygenic effect ( O’é), and the variance due to

locus (&

the random environmental effect ( o:;),
2 2 2
E :HJQ_TL+2<T>UG+IJE

The elements of Il matrix are the identical by descent probability between two related
individuals i and j. ® is the kinship matrix and I is the identity matrix. In particular, when

i=j, the total variance of a trait is 0" =0, +7_+0..

The null hypothesis of no linkage is Ho:o é?‘ =0 and the alternative hypothesis is

H,wo f,T . >U. Merlin uses the likelihood ratio test to test the null hypothesis. Again, we
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performed linkage analysis for each trait by adjusting for two sets of covariates as
demonstrated in Models 1 and 2 above.

PCHs and PCVs to combine six phenotypes

Descriptive statistics for the covariates and phenotypes in the AA and EA samples are shown
in Table 1. The loadings of each of the PCVs and PCHs are presented in Table 2. The
loadings of the corresponding PCH and PCV are substantially different, suggesting that a PC
with the largest variances does not correspond to a PC with the largest heritability. In fact,
PCHI, the first PCH, has the largest correlation with PCV2, the second PCV in AAs, while
PCHI1 has the largest correlation with PCV3 from EAs (Supplemental Table 1). The loadings
of the PCHs are highly correlated between EAs and AAs with the correlation coefficient
0.94 (Figure 1A). In contrast, the correlation coefficient of the loadings from PCVs between
EAs and AAs is 0.53 (Figure 1B).

Heritability of Individual Traits and the PCHs and PCVs

The estimated heritability for individual traits, PCHs and PCVs are presented in Figure 2
and Supplemental Table 2. In the individual trait analysis, heritability of the AHI, which is
the traditional metric for sleep apnea, was 0.272 and 0.311 in AAs and EAs respectively for
the age, gender and BMI-adjusted model. All individual traits were heritable other than
HABSNORE in the EAs. Of the significantly heritable traits (P<0.05) in the EAs,
heritability ranges from 0.261 (EXCSLPDY) to 0.401 (AVGDUR) and 0.409 (AVGO?2) for
BMI-adjusted models (Supplemental Table 2). In AAs, all traits are significantly heritable,
ranging from 0.218 (HABSNORE) to 0.608 (AVGDUR) for BMI-adjusted models
(Supplemental Table 2). Overall, heritability estimates are similar in BMI-adjusted and
unadjusted models.

For PCVs, the maximum heritability is observed for PCV2 in both EAs and AAs (0.513 and
0.538, respectively) (Supplemental Table 2). Heritability is not substantively changed with
or without BMI adjustment. In contrast, for PCHs, the maximum heritability for EAs and
AAs is observed for PCH1 with estimated heritability 0.512 and 0.657 respectively
(Supplemental Table 2).

Linkage analysis of Individual Traits and PCs from PCV and PCH

We performed linkage analysis using individual traits, PCHs and PCVs. There are 6 and 8
regions with LOD score > 2.0 for at least one trait in each of the AA and EA populations,
respectively, which are summarized in Table 3 and Figures 3 and 4. Among these 14 linkage
regions, both PCH and PCV analyses have the largest LOD scores six times and individual
traits analyses have the largest LOD scores two times. Among the 14 linkage regions, 10, 9
and 7 regions have LOD scores larger than 2.0 for PCH, PCV and individual trait analysis,
respectively. In general, the linkage evidence identified by individual trait analysis could
also be identified by PCH or PCV analysis, except for the two regions on chromosome 12 at
150 ¢cM and chromosome 8 at 48 cM that were identified for EXCSLPDY and PERY0,
respectively. In contrast, 7 linkage regions identified by PCH or PCV analysis would have
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been missed by individual trait analyses. Overall, PCH and PCV analysis resulted in a
greater number of linkage peaks with LOD scores > 2.0 as well as larger LOD scores than
those from an individual trait analysis (Table 3). The phenomena are also true when
examining EAs or AAs separately. The two most improved linkage peaks by PCH and PCV
analysis are at 16.2 cM and 21.2 cM on chromosome 8, with maximum LOD scores 4.6 and
4.83 identified by PCH3 and PCV1 respectively in EAs, in contrast to the maximum LOD
score of 3.23 and 4.71 for AVGOZ2 and PER90. These two peaks may reflect the same peak
since they are only 5 cM away. Comparing PCH and PCV analysis, 7 linkage regions could
be identified by both PCH and PCV analysis, although they may correspond to different
PCs. Interestingly, all the regions identified by PCHs and PCVs are restricted to the first
three PCs.

Discussion

The comparison of heritability estimation and linkage analysis for multiple sleep apnea traits
in this study has important inferences. These analyses supported the utility of PCHs in
genetic analyses of family data and the PCHs can be transferred across populations.
Principal components generally result in higher heritability and linkage evidence with an
increased number of linkage peaks identified in comparison to individual trait analysis.

In calculating PCHs and PCVs between AAs and EAs, we observed a high correlation
among the loadings of the PCHs between the two populations of AAs and EAs (Figure 1). In
contrast, the loadings of PCVs were less strongly correlated. This result suggests that
common genetic mechanisms can contribute the top PCHs and these genetic mechanisms are
transferable between African Americans and European Americans. In comparison, PCVs are
less likely to capture the underlying common genetic mechanisms, possibly due to different
environmental factors across populations. However, whether this conclusion is generalizable
for other complex traits in other populations needs further analysis.

In general, the PCHs have higher heritability estimates than PCVs. Individual traits analysis
resulted in the lowest heritability estimates. It is not surprising that a PCV may not
correspond to a PCH, as suggested by our results. For example, the first PCH is most
strongly correlated to the second PCV in AAs with R2 = 0.61 and the third PCV in EAs with
R2 =0.59. For PCHs, heritability always decreases across PCH1 to PCH6, while PCV2 has
the maximum heritability in both EAs and AA. This result suggests that PCV1 may not have
an advantage over the other PCVs in detecting genetic factors, which is consistent with the
conclusion by Aschard et al. [Aschard, et al. 2014]. In both PCH and PCV analysis, the first
three PCs capture most of trait heritability, and all three PCs result in higher heritability
estimates than individual trait analysis, suggesting an advantage of using PCs in genetic

analyses.

In the linkage analysis using individual traits as well as PCHs and PCVs, we also observed
that PCs usually resulted in higher LOD scores and more linkage peaks with LOD scores > 2
than individual traits (Table 3), suggesting that PC analysis has advantages for searching for
genetic variants for complex traits. In particular, most of the linkage peaks from individual
trait analysis could also be identified by PC analysis. Specifically, only two linkage peaks
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(chromosome 8 for PER90in EAs and 12 for EXCSLPDY in AAs) from the individual trait
analysis could not be detected by either PCHs or PCVs. In contrast, the linkage peaks
identified by PCHs or PCVs usually were not identified by individual trait analysis. For
example, 7 linkage regions identified by PCHs or PCVs could not been detected by
individual trait analysis. In particular, we observed a substantial improvement of linkage
evidence on chromosome 8 at 16.2 ¢cM using PCH or PCV analysis over the individual trait
analysis, with the LOD score for the highest individual trait (AVGO2) of 3.23 compared to a
LOD score of greater than or equal to 4.6 for the PC traits. In a combined linkage and
association analysis of AVGO?Z, we identified that the ANGPT2 gene in this linkage region
potentially contributes to the observed linkage evidence of AVGO?Z (data not shown).
Furthermore, all the linkage peaks identified in both PCHs and PCVs are from the first three
PCs, suggesting that an approach that focuses on the top PCs may be advantageous;
however, the number of PCs which should be analyzed remains a question for future studies.
In practice, we suggest to examine the eigenvalues of the variance-covariance matrix. For
example, we can only study the top PCs which account for over 90% total trait variability.
Limiting to the top PCs could substantially reduce the penalty accrued due to multiple
comparisons. In addition, analysis of linkage peaks can enhance the detection of rare
variants [Zhu, et al. 2010].

Multivariate linkage analysis employs a multivariate variance components approach which
can test multiple parameters, such as pleiotropic effect, and has been suggested to have
greater power to identify genetic loci with small effects than a single trait analysis [Iturria et
al. 2000, Turner et al. 2004]. However, for many complex diseases, genetically relevant
disease definition is not very clear and people tend to collect large numbers of phenotypes
related directly or indirectly to the disease. If combining all the traits, multivariate linkage
analysis usually have difficult computational task burden [Oualkacha et al. 2012].
Alternatively, principal components of heritability (PCH), as a dimension reduction
technique, capture the familiar information across traits by calculating linear combinations
of trait that maximize heritability. Thus, top PCHs capturing most of trait heritability can be
used to do linkage analysis, which is advantageous.

Finally, it should also be noted that an analysis of multiple phenotypes provides
opportunities to discover genetic signals that may not emerge with single trait analysis. For
example, recent studies in the psychiatric literature indicate that analysis of multiple
phenotypes that likely reflect pleiotropy have allowed discovery of genetic variants that are
common to several related disorders [Cross-Disorder Group of the Psychiatric Genomics
2013]. For hypertension, an analysis combining systolic blood pressure, diastolic blood
pressure and hypertensive status identified four genes which were missed by individual trait
analysis [Zhu, et al. 2015]. Combining data across traits may also enhance the reliability of
measurement, as has been proposed for studies of inflammatory pathways [Fibrinogen
Studies 2009]. Use of data from several related traits may provide an enriched description of
the phenotype, which may improve its association with genetic variants that influence such
features. For example, for OSAHS, the AHIis usually used clinically and in genetic studies.
However, as a simple count of the number of respiratory disturbances per hour of sleep, it
does not provide information on key physiological processes that likely are heritable-such as
ventilatory arousability and propensity for oxygen desaturation and sleepiness. Notably, we
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found that respiratory event duration (AVGDUR) was among the most heritable individual
traits. Although this trait has never been analyzed in genetic epidemiological studies of
OSAHS, recent data suggest that this trait better predicts mortality than does the AH!
[Butler, et al. 2015]. Furthermore, ventilatory arousability is considered to be a fundamental
risk factor for OSAHS. AVGDUR loads on PCV1 and PCH2 and PCH3, which may improve
the heritability estimate of these PCs. Other factors loading on the top 3 PCs include AHL
EXCSLPDY, AVGOZ2for PCH and AHI, EXCSLPDY, HABSNORE for PCYV, and suggest
that OSAHS is better described when considering multiple aspects of physiological sleep
disturbance.

The strengths of this study include its consideration of the influence of alternative
approaches for analyzing multiple traits through heritability and linkage analysis and the
availability of phenotype and genotype data for both European-American and African-
American families. Each of the six sleep apnea traits underwent rank normalization before
analysis ensuring that the trait distributions were normal, but reducing statistical power in
linkage analysis. Since the goal of this study is to compare two PC approaches and
individual traits in genetic analysis, including heritability estimating and linkage analysis,
ensuring normality for each trait enhanced their comparability. Using both EA and AA
families enabled us to make a comparison across populations. Finally we were able to
compare the linkage results among different phenotype approaches as well as across
populations. However, our study does have limitations. First, the heritability estimated by PC
approaches may be over-estimated because within-family shared environmental effects that
are confounded with genetic effects. In fact, this is a general problem for heritability
estimation using family data. Second, we only analyzed sleep apnea traits from CFS in
which a similar design was applied to European and African American families. It is still not
clear whether our general conclusion of PCHs being better than individual traits in trans-
ethnic analysis can be generalized to different complex diseases. However, it has already
been suggested that the effect sizes of genetic variants detected in many GWAS are
transferable, including hypertension related traits [Franceschini, et al. 2013]. Finally, our
study sample sizes are relatively small and have limited power in linkage analysis. For the
linkage peaks detected in PCHs in either European or African American families, we did not
observe any peaks with a LOD score larger than 2 in the other population, which could be
attributed to low statistical power. We did not obtain PCs when maximizing either linkage
evidence or association evidence, as proposed in [Klei et al. 2008]. Therefore, the
approaches used in the current study will not lead to biased inference in the subsequent
association or linkage analysis. However, it should be pointed out that the method by Klei et
al. 2008 should be more powerful than that first calculating PCVs or PCHs then performing
association analysis. In this study, we have not studied how PCVs and PCHs affect family-
based association analysis. Similar to linkage analysis, we expect PCVs and PCHs will
improve statistical power but this is not always true, as suggested by Aschard et al. [2014].

In summary, we compared two PC approaches with individual trait analysis in genetic
analysis of six sleep apnea traits collected from CFS data. Our study strongly suggests that
PC based approaches, especially PCs calculated by maximizing trait heritability have
multiple advantages in genetic studies. A common genetic mechanism of PCHs across
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ethnic populations may provide useful traits for trans-ethnic analysis and association
analysis aimed to detect both rare and common genetic variants underlying complex traits.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Plots between 36 PC loadings between EAs and AAs in PCH (A) and PCV (B).
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Figure 2. Heritability estimated for six individual traits (HABSNORE, EXCSLPDY, AHI, AVGO2,
PER90 and AVGDUR) and six PCVs and six PCHs in models with and without BMI and BMI? as

covariates

A. Heritability of each individual trait in EAs. B. Heritability of each individual trait in AAs.
C. Heritability of PCVs in EAs. D. Heritability of PCVs in AAs. E. Heritability of PCHs in
EAs. F. Heritability of PCHs in AAs.
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Figure 3. Variance component linkage analysis of chromosome 2q, 4q, 5q, 10q, 12q, and 17q in

African Americans

Genetic distance in cM is plotted against the multipoint variance component LOD score for
different individual traits, PCVs and PCHs with BMI adjusted or unadjusted.
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Figure 4. Variance component linkage analysis of chromosome 6q, 8q, and 14q in European

Americans

Genetic distance in centimorgans is plotted against the multipoint variance component LOD
score for different individual traits, PCHs and PCVs with BMI adjusted or unadjusted.
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Table 1

Sample characteristics of African Americans and European Americans in CFS
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African Ameri

cans

European Americans

Total Subjects (Families) | 656 (147) | 645 (139)
No. of Males (%) | 285 (43.4) | 302 (46.8)
HABSNORE (%)

0 106 (16.2) 137 (21.2)

1 98 (14.9) 132 (20.5)

2 151 (23.0) 139 (21.6)

3 95 (14.5) 88 (13.6)

4 206 (31.4) 149 (23.1)
EXCSLPDY (%)

0 229 (34.9) 171 (26.4)

1 161 (24.5) 181 (28.1)

2 143 (21.8) 165 (25.6)

3 58 (8.8) 81 (12.6)

4 65 (9.9) 47(7.3)

Mean + Standard Median with Interquartile Mean + Standard Median with Interquartile
Deviation ranges Deviation ranges

Age | 382+19.2 | 39.0 (20.8-51.3) | 41.1+£19.5 | 422 (24.1-54.7)
BMI | 31.8+£9.6 | 30.8 (24.8-37.2) | 30.0 £ 8.6 | 28.8 (24.3-34.4)
AHI | 17.6 £26.8 | 5.6 (1.4-21.1) | 152+23.1 | 4.6 (1.5-17.7)
AVGO2 | 94.5+3.7 | 95.3 (93.9-97.0) | 939+34 | 94.8 (93.0-96.0)
PER90 | 48+135 | 0.23 (0.0-2.0) | 4.1+122 | 0.2 (0.0-1.4)
AVGDUR | 20.4£5.6 | 20.0 (16.3-24.0) | 20.6 £6.2 | 20.0 (16.1-23.9)

Abbreviations are as follows: AVGO2: Average nocturnal oxygen saturation; PER90: percentage of sleep time at oxygen saturation < 90%;
EXCPLSPY: excessive daytime sleepiness; HABSNORE: habitual snoring; AHI: Apnea Hypopnea Index; AVGDUR: Average duration of apnea

and hypopneas
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