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TABLE 5. Mean (SD) index values by sample and site

Philadelphia Baltimore Pittsburgh
n Mean (SD) n Mean (SD) n Mean (SD)

1. Factor analysis/predictive model

I1 310 2.67 (1.30y 104 1.89 (1.36) 0 - -

12 310 1.88 0.96) 104 1.64 0.97y 0 - -

I3 310 1.63 (1.17y 104 1.75 (1.23y 0 - -

14 310 0.74 (1.03)y 104 0.68 (0.94y 0 - -
2. Factor analysis/no predictive model

I1 348 2.52 (1.37) 89 2.51 (1.30) 77 2.05 (1.57)

12 348 1.78 (1.01) 89 1.83 (1.05) 77 1.53 (0.99)

I3 348 1.49 (1.149) 89 1.69 (1.20) 77 1.21 (1.06)

14 348 0.67 (0.98) 89 0.71 (1.02) 77 0.60 (1.00)

“ Index definitions: I1, apnea symptom index; 12, difficulty sleeping symptom index; 13, excessive daytime sleepiness symptom index;

14, narcolepsy symptom index.

* No significant difference in Philadelphia between Sample 1 and Sample 2 for I1 (¢ = 1.45, df = 656, p = 0.15), 12 (t = 1.27, df = 656,
p=0.20), 13 (r = 1.60, df = 656, p = 0.11) or I4 (¢ = 0.89, df = 656, p = 0.38).

¢ Significant difference in Baltimore between Sample 1 and Sample 2 for I1 (¢t = —3.22, df = 191, p = 0.002).

“ No significant site difference in Baltimore between Sample 1 and Sample 2 for I2 (¢ = —1.33, df = 191, p = 0.19), I3 (t = 0.34, df =

191, p=0.73) or 14 (+ = —0.18, df = 191, p = 0.86).

for Indices 1, 2, 3 and 4 were 0.92 (n = 29), 0.85 (n=
30), 0.79 (n = 29) and 0.86 (n = 29), respectively. All
test—retest reliability coefficients were significant, with
p < 0.0001. We compared the demographic charac-
teristics of the test-retest subsample to the Temaining
patients in the Philadelphia sample and found no sig-
nificant differences in age, BMI, marital status and
gender. Furthermore, the mean values of the four in-
dices did not differ significantly. However, the test—
retest subsample had a proportion with RDI = 10 that
was higher than the rest of the Philadelphia sample
(80.0% vs. 57.1%, p = 0.02).

We examined the internal consistency of the four
indices using Cronbach alpha statistics computed for
the factor analysis samples (Samples 1 and 2) at each
site separately. The Cronbach alpha values for Index
1 were estimated to be 0.85 at the Philadelphia site,
0.88 at the Baltimore site and 0.93 at the Pittsburgh
site. In comparison, the Cronbach alpha values for
Indices 2, 3 and 4 were 0.71, 0.76 and 0.66, respec-
tively, at Philadelphia. Values similar to these were
also obtained at the Baltimore and Pittsburgh sites.

Initial assessment of the predictive ability
of Index 1

The initial assessment of the predictive ability of
Index 1 was carried out in the predictive model sample
(n = 321) at the Philadelphia site. This was done by
categorizing Index 1. The results are shown in Table
6. An RDI cutoff of 10 was used to define the presence
of apnea in order to compare our results with those in
the literature (e.g. references 1-4). The table shows the
estimated prevalence of sleep apnea for patients with
Index 1 values in the indicated categories. The cate-
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gories were chosen so that a value of 4 is obtained for
patients indicating the maximum frequency for all three
items. The category of 3.33-3.67 represents a patient
indicating maximum frequency on at least one item
but not all three. The remaining categories represent
a variety of item patterns. Thus, we find that the prev-
alence of apnea ranges from 20% in those patients with
Index 1 values <1 to 74% in those patients with Index
1 values equal to 4.

Development of the multivariable apnea risk
index (MAP index)

Multiple logistic regression models were used to in-
corporate BMI, age and gender into a multivariable
apnea risk index (MAP index). The model was devel-
oped as follows: First, main effects logistic regression
models were estimated separately for the Philadelphia
and Baltimore sites, pooling their Samples 1 and 3,
respectively. Data from the Pittsburgh site could not
be used because BMI was missing. Then, the signifi-
cance of site differences in the relationship between
each variable and the probability of apnea was assessed
by pooling the data and adding an indicator variable

TABLE 6. Predictive value of Index 1 alone at Philadelphia

site

Index 1 No. with

category RDI = 10 Total no. % RDI = 10
0-<1 8 40 20
1-<2 17 37 46
2-<3 45 69 62

3 29 41 71
3.33-3.67 29 40 73

4 70 94 74
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TABLE 7. Site-specific main effects logistic regression mod-
els
Philadelphia Baltimore

Variable® Beta® (SE) Beta (SE) p-value?
Intercept 5718  (0.966) —7.075 (1.610)

I1 0.445 (0.114) 0.376  (0.203) 0.50
BMI 0.093 (0.019) 0.088 (8.227) 0.63
Age 0.023 (0.011) 0.058 (0.019) 0.08
Male 1.331 (0.315) 1.427 (0.545) 0.94

a All variables in both models significant at p < 0.05.

¢ Beta coefficient derived from maximum likelihood estimation of
a multivariable logistic regression.

< Standard error of the estimated beta coefficient.

4 p-value from chi-square test for site differences (interaction test)
in pooled model.

for site + site x predictor variable interactions. The
interactions were tested one at a time. Table 7 sum-
marizes the results. There were no significant differ-
ences between the sites for any of the variables. All
variables at both sites were significant. The fact that
Index 1 was significant at both sites in multivariable
models including BMI is further evidence of construct
validity. It demonstrates that Index 1 is a valid mea-
sure of apnea risk, not just of obesity.

In addition, there was no difference in outcome prev-
alence holding constant the variables in the main ef-
fects model (site effect x> = 0.13, df = 1, p = 0.72),
nor was there any significant difference between sites
in the demographic variables summarized in Tables 2
and 3. Therefore, the samples were pooled to increase
the power for identifying interactions among the pre-
dictor variables. A significant interaction between In-
dex 1 and BMI emerged (x2 = 4.97, df = 1, p = 0.026).
Quadratic terms were then added to this model one at
a time for Index 1, age and BMI. This was to assess
whether nonlinear relationships existed. None of these
terms were significant in the model that included the
Index 1 x BMI interaction. The results from this final
logistic regression model are summarized in Table 8.
The Hosmer-Lemeshow Goodness of Fit chi-square
statistic (8) was used to test the hypothesis that the
estimated model does not adequately fit the data. Be-
cause x2 = 7.36, df = 8, p = 0.50, there was no indi-
cation of a poor fit of the model to the data.

As last steps, we added systolic and diastolic blood
pressures to the model because they might be attainable
at relatively low cost if found of additional predictive
value. When they were simultaneously added to the
model as either linear or linear + quadratic terms, no
significant increase in the model’s ability to predict
was found. We then simultaneously added Indices 2,
3 and 4 to the model. These indices added no addi-
tional explanatory power to the model (x> = 3.18, df
= 3, p = 0.36) and so were not included in the MAP
index.

;—
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TABLE 8. Final model with interaction

Variable . Beta® (SEy p-valuec
Intercept —8.160 (1.334)
11 1.299 (0.403) 0.001
BMI 0.163 (0.038) <0.0001
11 by BMI -0.028 (0.013) 0.026
Age 0.032 (0.0093) 0.0006
Male 1.278 (0.273) <0.0001

= Beta coefficient derived from maximum likelihood estimation of
a multivariable logistic regression using data pooled from Philadel-
phia and Baltimore.

¢ Standard error of the estimated beta coefficient.

< p-value from chi-square.

Figure 1 illustrates the nature of the statistically sig-
nificant Index 1 x BMI interaction. This figure pro-
vides the model-estimated probability of apnea for a
49-year-old male with varying values of BMI com-
puted for Index 1 values of 0—4. Other ages or female
gender would only represent parallel shifting of the
curves up or down. We find that Index 1 is useful in
discriminating patients with and without sleep apnea
only if the patient is not extremely obese (i.e. <40
BMI).

The estimated probabilities that a patient will have
an RDI =10 may be computed using the coefficients
listed in Table 8. First, the linear predictor (x) is com-
puted by incorporating patient-specific data. Then, the
estimated probability is computed from x using the
following formula:

Probability = e*/(1 + e*)
where
x = —8.160 + 1.299<Index 1 + 0.163+«BMI
— 0.028<Index 1+-BMI + 0.032+Age
+ 1.278+Male,

and Male = 1 if male and O if female.

Assessment of clinical utility of the
multivariable apnea risk index

Figure 2 presents ROC curves for the predicted prob-
abilities derived from the MAP index. Also plotted are
the ROC curves for Index 1 alone and for BMI alone.
These curves were derived by plotting sensitivity (true
positive rate) versus the complement of specificity (false
positive rate) using various cutpoints. For the MAP
index and for BMI alone, cutpoints were defined at
each decile of predicted probability derived from lo-
gistic regression models. For Index 1, this was done
for the cutpoints defined in Table 6. The areas and SE
(in parentheses) under the ROC curves for the MAP
index, BMI alone and Index 1 alone, were 0.786 (0.023),
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FIG. 1. Estimated probabilities that RDI = 10 for a 49-year-old
man. The probabilities are given as a function of BMI and computed
separately for Index 1 values of 0—4.

0.734 (0.025) and 0.695 (0.028), respectively. The ar-
eas under the ROC curves (11,12) represent the prob-
ability that a randomly selected patient with apnea has
a predicted value larger than a randomly selected pa-
tient without apnea. The difference between 0.786 and
0.734 represents a measure of the increase in predictive
power for the MAP index as compared to making pre-
diction using BMI alone. This difference is statistically
significant, as demonstrated by the simultaneous sig-
nificance of the additional parameters in the logistic
regression model (partial x> = 72.5, df = 4, p < 0.0001).

DISCUSSION

Several authors (1-4) have explored the utility of the
self-reporting of symptoms usually associated with
sleep-disordered breathing. Kapuniai et al. (1) com-
puted the sensitivity, specificity, and positive and neg-
ative predictive value of a decision rule that required
both loud snoring and breathing cessation to be present
sometimes, often or always. For predicting an apnea
+ hypopnea index >10/hour, they reported a sensi-
tivity and specificity of 78% and 67%, respectively,
and positive and negative predictive values of 64% and
80%, respectively. This exploratory study was based
on a relatively small number of patients, however.
Similarly, Haraldsson et al. (3) compared a clinical
diagnosis of sleep apnea based on a self-report of symp-
tom frequency to a diagnosis made on the basis of a
nocturnal polysomnography also in a relatively small
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FIG.2. Receiver operating characteristic (ROC) curves for the pre-
dicted probabilities derived from the multivariable logistic regres-
sion model (MAP index), BMI alone and Index 1 (self-report index
of frequency of apnea symptoms). The dotted line represents the line
tangent to the MAP index ROC assuming equal costs of false pos-
itives and false negatives.

number of patients. Viner et al. (2) extended this work
by investigating the predictive utility of a screen based
on age, BMI, male sex and the presence of snoring in
a large sample (n = 410). However, patients in this
study were specifically referred for sleep apnea syn-
drome. Also, examinations of possible statistical in-
teractions among these variables were not reported.
The presence of statistical interaction would suggest
that the predictive utility of a specific variable de-
pended upon other factors. Hoffstein and Szalai (4)
based their analyses on a continuous measure of RDI
in a population of patients also specifically referred to
a sleep disorders clinic because of a suspicion of sleep
apnea. Again, the issue of prediction in general sleep
disorders center populations was not addressed.

Our study differs from these investigations in several
ways. First, it is based on general populations of pa-
tients presenting at sleep disorders centers. Secondly,
our study was predicated on first examining the valid-
ity and reliability of using an index computed from the
self-report of the frequency of symptoms usually
thought to be associated with sleep-disordered breath-
ing. This documentation is an essential first step when
proposing that an instrument has practical utility. To
this end, we embedded three questions thought to be
associated with sleep-disordered breathing in a ques-
tionnaire that also contained 10 other questions about
a variety of symptoms. These questions were chosen
based on the judgment of sleep physicians and sleep
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experts with the aim of asking about symptoms thought
to reflect other sleep disorders. The factor analysis con-
firmed that the chosen questions could discriminate
among patients with symptoms from several domains,
namely, sleep-disordered breathing, difficulty sleeping,
excessive daytime sleepiness and narcolepsy. Addi-
tionally, we estimated reliability using test-retest cor-
relations. The test-retest correlations were high for all
four indices, especially for the apnea symptom index
(0.92). Although the test-retest subsample was similar
demographically to the total sample, there was signif-
icantly more apnea. This could have biased the reli-
ability result for the apnea index but should have had
little effect on the other indices. It also appears that
the three apnea symptom questions have substantial
internal consistency as measured by a Cronbach alpha
statistic. The values for the other symptom indices
were also reasonably large when one considers the small
number of items per index. Thirdly, we looked for
statistical interactions among the variables in the mul-
tivariable model. We postulated that the presence of
interactions between Index 1 and other variables might
identify subgroups of patients in which the frequency
of apnea symptoms is especially discriminating. In our
study the statistical interaction between Index 1 and
BMI suggested that the ability of the screening tool to
differentiate between those at risk and not at risk for
sleep apnea may be larger in the subpopulation not
already at risk due to a large BML

It may be tempting to apply our model in other
clinical settings. However, the predictive characteris-
tics of diagnostic tests vary from one clinical popula-
tion to another for at least two reasons. The distri-
bution of other clinical characteristics, such as comorbid
conditions, age, etc., may differ, and these differences
may affect the sensitivity and specificity of diagnostic
tests. In addition, there may be varying prevalences of
the disease under study caused by differing referral
patterns, etc. Thus, the results of this study must be
validated prior to use in other settings. To do so, the
intercept may be removed from the logistic regression
equation presented above. The resulting modified MAP
index becomes a unitless measure of relative apnea
risk. To determine its utility in other clinical settings,
the modified MAP index may be computed for a large
number of patients. Then, the MAP values may be
categorized into deciles or quintiles. The MAP index
can be considered to be effective in the new clinical
setting if the proportions with RDI = 10 increase steep-
ly as a function of category number.

Quantitative indices such as the MAP index can
have a number of uses in clinical settings. For example,
they can be used in primary care physician offices. A
patient with a high probability could be referred im-
mediately for a diagnostic sleep study. A patient with

low probability could be first referred to a sleep spe-
cialist for clinical evaluation. Alternatively, indices such
as the MAP index could be used in the context of
managed care. A primary care physician could Jjustify
the cost of an overnight study for patients with high
predicted probabilities. In experimental trials used to
assess the clinical utility of in-home overnight poly-
somnography, analyses could be done stratified by ini-
tial risk as defined by the MAP index. In treatment
efficacy trials, patient allocation could be made within
strata defined by the MAP index. A more statistically
powerful comparison among treatments would arise if
there were significant relationships between the index
values and treatment efficacy.

Many such uses require the determination of an op-
timal cutpoint on which to base the prediction of ap-
nea. The determination of a specific cutpoint is based
on outcome prevalence and the ratio of costs associated
with false positive predictions to costs associated with
false negative predictions (10). These costs are derived
for the specific context in which the prediction is being
made. Thus, they may include costs from a wide range
of factors, including costs from the patient’s perspec-
tive (e.g. ratio of expected healthy life years) and costs
from society’s perspective (e.g. ratio of total expected
healthcare costs). The cutpoint that minimizes total
errors may be used when costs are equal or when there
is no information regarding costs (10). In that case, the
optimal cutpoint is derived from the ROC curve using
the ratio of nonapnea prevalence to apnea prevalence.
The optimal cutpoint is located where the slope of the
line tangent to the curve is equal to this ratio. For our
sample this is 0.4/0.6, or 0.67. This tangent line is
indicated as the dotted line in Fig. 2 and corresponds
to an MAP index cutpoint of approximately 0.50. Thus,
for example, a primary care physician could refer a
patient directly for a sleep study if the MAP value was
larger than 0.50 and could refer the patient for a clinical
evaluation if the MAP value was less than 0.50. The
estimated positive and negative predictive values (95%
confidence interval) of this cutpoint are 0.75 (0.70-
0.80)and 0.74 (0.66-0.82), respectively. The estimated
sensitivity and specificity of this cutpointare 0.88 (0.84—
0.92) and 0.55 (0.48-0.62), respectively. These appear
to be in a range consistent with potential clinical utility.

In conclusion, we have shown that the self-report of
symptoms of sleep apnea can be obtained in a valid
and reliable way. Age, gender and BMI added addi-
tional information. A multivariable apnea risk index
was derived and a method for modifying the prediction
rule for use in other settings was given. Finally, the
derivation of optimal cutpoints was discussed. Thus,
the MAP index is potentially useful in the allocation
of medical resources, in complementing the diagnostic
process and in aiding in efficient research designs.
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Occupational Screening for Obstructive Sleep Apnea

in Commercial Drivers
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Excluding the presence of obstructive sleep apnea in commercial
drivers is valuable, as the syndrome may increase their risk of sleepi-
ness-related accidents. Using polysomnography as the criterion
standard, we prospectively compared accuracies of five strategies
in excluding the presence of severe sleep apnea and, secondarily,
any sleep apnea among 406 commercial drivers. These strategies
were as follows: (1) symptoms; (2) body mass index; (3) symptoms
plus body mass index; (4) a two-stage approach with symptoms
plus body mass index for everyone, followed by oximetry for a
subset; and (5) oximetry for all. For excluding severe apnea, the
two-stage strategy was highly successful, with 91% sensitivity and
specificity, and a negative likelihood ratio of 0.10. This strategy was
comparable in accuracy to oximetry, which had a negative likelihood
ratio of 0.12, and was 88% sensitive and 95% specific. If we avoided
oximetry altogether, then symptoms together with body mass in-
dex were 81% sensitive and 73% specific, with a negative likelihood
ratio of 0.26. On the other hand, excluding any apnea could not
be done with reasonable accuracy unless oximetry was used. We
conclude that two-stage screening is likely to be a viable means of
excluding severe sleep apnea among commercial drivers.

Keywords: nocturnal pulse oximetry; polysomnography; questionnaire

Obstructive sleep apnea (OSA) with daytime sleepiness affects
2-4% of Americans (1). Untreated OSA may lead to decreased
cognitive function (2), psychomotor impairment (3), decrement
in driving skills (4), including increased off-road deviations in
driving simulators (4) and increased risk of vehicular accidents
(5-7). In the occupational setting, then, OSA is a salient issue
for commercial drivers.

Among commercial drivers, severe apnea, defined as having
an apnea-hypopnea index (AHI) of 30 events or more per hour
(8) in a sleep study, may lead to marked sleepiness and impaired
task performance (9). Moreover, treating severe sleep apnea
with positive airway pressure (10) improves alertness (11), crash
risk (12), and performance assessed by a driving simulator (13),
benefits that are not realized after administering placebo (13).
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However, data for treating mild to moderate sleep apnea, with
an AHI between 5 and 30 events per hour (8), are less compelling
(14-18). Thus, identifying and then treating severe OSA in com-
mercial drivers are of particular interest.

Identification of sleep apnea has long relied on in-laboratory
polysomnography as the diagnostic standard (19). However, pol-
ysomnography is expensive (20) and not easily accessible, and
remains unsuitable for occupational screening. Other case identi-
fication strategies are readily available and avoid reliance on a
specialized laboratory, but have never been evaluated in this
occupational setting. We evaluated several such strategies alone
and in various combinations, each with increasing complexity.

The simplest strategy we explored depended on response to
questions about three apnea-related symptoms. We also chose
body mass index (BMI), because obesity is a major OSA risk
factor (20). In addition, we looked at a risk score that combined
information about these symptoms with BMI as well as age and
sex, in a tool we developed and called the multivariable apnea
prediction index (21). Another strategy we chose combined
multivariable prediction with nocturnal oximetry in two stages,
limiting oximetry to a subset of drivers. The final strategy used
oximetry for all drivers, counting the desaturation frequency as
a measure of sleep-disordered breathing.

In a large cohort of commercial drivers, we compared how
well these strategies could exclude individuals with severe sleep
apnea. Secondarily, we determined how well they exclude any
sleep apnea, defined as an AHI of five events or more per hour.
We have presented results of this study in abstracts (9, 22-25),
and a manuscript describing results of performance tests in this
sample is in review (Pack Al, Staley B, Pack FM, Rogers WC,
George CFP, Dinges DF, Maislin G. Impaired performance in
commercial drivers: role of short sleep durations and sleep apnea
[submitted manuscript]).

METHODS

See the online supplement for additional detail regarding subject selec-
tion, diagnostic studies, and data analysis.

Subject Selection

As part of a study of determinants of OSA and neurobehavioral conse-
quences, we mailed a questionnaire that asked about age, sex, height,
weight, and apnea symptom frequency to 4,286 randomly selected com-
mercial driver’s license holders in Pennsylvania, within Philadelphia and
its 50-mile radius. We enrolled individuals from among 1,329 responders
after sorting them into two strata, high or low risk for apnea, to enrich
the sample for the presence of apnea (1, 26). We performed oximetry
and polysomnography in 44.8% (247) of the 551 subjects in the higher-
risk stratum and in 20.4% (159) of the 778 in the lower-risk stratum.
When describing data pooled over risk groups, we computed summary
statistics as population-weighted averages of stratum-specific values. The
online supplement details our sampling strategy and weighting method.

Multivariable Prediction

We determined each respondent’s symptom frequency score for apnea
(range, 0-4) (21). The multivariable prediction (21) (range, 0-1) combines
this score with BMI, age, and sex, with 0 representing lowest risk and 1
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representing highest risk of having apnea (see the online supplement for
details).

Pulse Oximetry

Without knowing polysomnography results, a single technician computed
the oximetry desaturation index (ODI) from 379 studies as the number
of desaturations at or exceeding 3% magnitude divided by test duration
in hours. A second technician rescored a randomly chosen 10% of traces;
intraclass correlation coefficients were computed to assess reliability. See
the online supplement for details regarding oximetry.

Polysomnography and Mitigating Bias in Relationships
between Predictive Variables and Apnea Status

Prospectively (after questionnaire administration), technical staff moni-
tored electroencephalograms; eye, chin, and pretibial muscle activity;
electrocardiography; oximetry; respiratory effort; and airflow by therm-
istor. Blinded to questionnaire results, staff scored polysomnograms
(27) and computed the AHI as the number of apneas plus hypopneas
divided by hours of sleep time. An apnea was 10 seconds or more of
airflow cessation, and a hypopnea was at least 50% airflow reduction
for 10 seconds or more, associated with a 3% (or more) fall in oxyhemo-
globin saturation or an arousal. Although this 3% decline was part of
the definition of a hypopnea and also of an event on oximetry, desatura-
tion was not a requirement for the definition of a hypopnea. An AHI
of or exceeding 30 events/hour defined severe apnea, and an AHI of
or exceeding 5 events/hour defined at least mild apnea (8).

We assessed the comparability of survey responders, nonresponders,
and in-laboratory participants to evaluate our degree of success in
mitigating participation bias. We compared age, sex, and ZIP code (a
surrogate for ethnicity and socioeconomic status); the role of these
variables in OSA has been reviewed previously (28). We could not
compare body mass indices, as these data were unavailable through
Pennsylvania Driver Licensing Services.

Two-stage Strategy

We sorted in-laboratory subjects on the basis of high, intermediate, or
low multivariable predictions (29). Two parameters were defined to
categorize participant scores into three groups: “upper bound” sepa-
rated the high predictions from the intermediate, and “lower bound”
separated the intermediate from the low. High scorers were predicted
to have OSA, with subsequent review of their polysomnogram to assess
this prediction. Intermediate scorers would undergo oximetry; if the
ODI equaled or exceeded a third parameter value (the ODI threshold),
they would be predicted to have OSA and undergo polysomnography.
Those with low multivariable prediction or an ODI less than the ODI
threshold would be predicted not to have OSA (Figure 1).

Stage |
Multivariable Apnea Prediction
Questionnaire

Low Score n=1329 High Score
Intermediate |Score \
No Sleep study
further to confirm

testing OSA
\ / n=406
Low High

Desaturation ~ Stage Il pesatration
Index Oximetry Index
n=379

Figure 1. The two-stage strategy for prediction of apnea, which com-
bines use of a multivariable prediction index and oximetry. Stage |
consists of administering the symptom questionnaire and calculating
the multivariable apnea prediction on the basis of a symptom score,
body mass index (BMI), age, and sex. On the basis of the multivariable
apnea prediction, drivers undergo a sleep study if the score is high, or
no further testing if the score is low. The intermediate group undergoes
oximetry, with subsequent overnight sleep study if the desaturation
index is high, and no further testing if the desaturation index is low.

Determination and Comparisons of Optimal Cut Points

for Single-stage Strategies and Optimal Parameter

Set for Two-stage Strategy

We determined the discriminatory characteristics of symptoms, BMI,
multivariable prediction, and oximetry (29) by computing the area
under the curve (AUC) (30, 31) for receiver operating characteristic
(ROCQ) curves. These were constructed by computing sensitivity and
specificity at various cut points, using the ROCKIT software package
(University of Chicago, Chicago, IL [32]). The optimal sensitivity and
specificity, and the associated cut point, were derived by extrapolating
from the ROC curve at the point where the slope equaled 1 (33). This
slope was selected on assigning relative weights to false-positive and
false-negative diagnoses (see the online supplement). Negative likeli-
hood ratios were computed as (1 — sensitivity) divided by the specificity
at this optimal cut point.

For the two-stage method, we used SAS (Cary, NC) programming
to compute sensitivity and specificity for each of 180 combinations of
upper bound, lower bound, and ODI threshold (29). To do this, for
each combination of lower bound, upper bound, and ODI threshold,
we compared the binary prediction of the screening strategy against
the AHI value of each subject’s polysomnography. We computed the
total number of false-positive and false-negative predictions. Sensitivity
was defined as 1 — the false-negative rate, whereas specificity was calcu-
lated as 1 — the false-positive rate. We plotted these values of sensitivity
against 1 — the specificity, and computed the AUC (SigmaPlot; Rockware,
Golden, CO) (see the online supplement for details). We determined
an optimal parameter set for the two-stage strategy, using a procedure
analogous to that applied for the one-stage strategy. We found one pa-
rameter set for excluding severe apnea, and a different set of values for
any apnea.

Using bootstrap resampling (34), we computed nonparametric 95%
confidence intervals around the sensitivity, specificity, negative likeli-
hood ratio, and AUC (see the online supplement).

RESULTS

Demographics and Apnea Occurrence

Among respondents, 93.5% were male, with an average (= SD)
age of 44.4 (£ 11.2) years. The sample contained 85% white
individuals, 12.5% African-Americans, and 1.9% Hispanics. The
data are summarized in Table 1 for 247 high-risk subjects, 159
low-risk subjects, the weighted average of both groups, and the
1,329 respondents. The proportion of OSA in the weighted sam-
ple was 28.1%, using an AHI of five or more episodes per hour
to define any apnea, and 4.7%, using an AHI of 30 or more
episodes per hour to define severe apnea. The weighted averages
were computed as (0.42 X higher risk mean) + (0.59 X lower
risk mean).

Distribution of BMI

Figure 2 shows the BMI frequency distribution of the weighted
sample for the following categories: BMI less than 25 kg/m?,
25-29.9 kg/m? (overweight), 30-34.9 kg/m? (obese, Class I), 25—
39.9 kg/m? (obese, Class II), and 40 kg/m? or more (extremely
obese). Approximately half were obese, with a BMI of 30 kg/m*
or more, another 38% were overweight, with a BMI of 25-
29.9 kg/m>.

Two-stage Strategy: Determining Optimal Parameters

To identify severe apnea, an upper bound of 0.9, a lower bound
of 0.3, and a desaturation threshold of 10 events/hour are the
optimal parameters. To identify any apnea, these optima are as
follows: upper bound, 0.9; lower bound, 0.2; and desaturation
threshold, 5 events/hour.

Discriminatory Power of Screening Strategies

Table 2 shows the relative discriminatory power of symptoms,
BMI, multivariable prediction, the two-stage strategy, and
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TABLE 1. CHARACTERISTICS OF STUDY SAMPLE STRATIFIED BY RISK GROUP

Studied in Laboratory

High Risk Low Risk Weighted Total Sample
Variable (n=247) (n=159) Average* (n=1,329)
Mean age, yr (SD) 49.3 (11.6) 42.6 (9.8) 45.4 (7.5) 44.4 (11.2)
Men, % 97.2 90.6 93.3 93.5
Mean multivariable apnea prediction (SD) 0.64 (0.16) 0.26 (0.14) 0.41 (0.15) 0.49 (0.21)
Mean BMI, kg/m? (SD) 33.0 (5.5) 27.7 (3.65) 29.9 (4.86) 28.4 (4.85)
Systolic blood pressure, mm Hg (SD) 139.2 (17.1) 126.9 (17.2) 132 (0.92) —
Diastolic blood pressure, mm Hg (SD) 80.8 (9.3) 75.8 (11.3) 77.9 (0.58) —
Current smoking, % (SD)* 30.7 (3.0) 31.0 (3.7) 30.9 (2.5) —
Any smoking, % (SD) 63.9 (3.1) 58.9 (3.9) 61.0 (2.6) —
Proportion of subjects with OSA, % (SE)
No OSA 48.2 (3.2) 88.7 (2.5) 71.9 (2.0) —
At least mild OSA 51.8 (3.2) 11.3 (2.5) 28.1 (2.0) —
At least moderate OSA 23.5(2.7) 1.3 (0.9) 10.5 (1.2) —
Severe OSA 11.3 (2.0) 0.00 4.7 (0.8) —

Definition of abbreviations: BMI = body mass index; OSA = obstructive sleep apnea.
* Weighted average was computed as (0.415 X higher risk mean) + (0.585 X lower risk mean), and weighted standard error
(SE) was computed as the square root of (0.415)? X (higher risk SE)? + (0.585) X (lower risk SE)2.

" Smoked at least one cigarette during the preceding month.

oximetry for identification of severe apnea expressed as the AUC
for ROC curves, sensitivity, specificity, and negative likelihood
ratios. The ROC curves are shown in Figure 3.

For severe sleep apnea, the negative likelihood ratio is highest
(0.62) when symptoms alone are used. The ratio improved and
decreased further with the complexity of the strategy: it was 0.33
for BMI, 0.26 for multivariable prediction, 0.10 for the two-stage
strategy and 0.12 for oximetry.

We looked at whether increasingly complex strategies in-
creased discriminatory power by increasing sensitivity or speci-
ficity. We report these results for single cut points, which were
specifically chosen using the optimization strategy we described
(see the online supplement). This strategy takes into account
two salient criteria: OSA prevalence, and a ratio of false-positive
to false-negative diagnoses. These ratios were assigned so that
missing a case was considered more important than wrongly
labeling a normal driver as having apnea, particularly so in the
case of severe apnea. Using these optimized cut points, symp-
toms alone were least sensitive and specific; BMI was more
sensitive and specific than symptoms alone. Multivariable predic-
tion augmented sensitivity offered by BMI alone, from 77-81%,
and the two-stage strategy raised sensitivity and specificity to
91%. Oximetry enhanced specificity, raising it to 95 %, with sensi-
tivity similar to that of the two-stage strategy. The two-stage

0.4 38.4%

30.0%

0.2 4
13.8%

11.3%

6.4%

0.0 l—l

<25 [25 - 30) [30 - 35) [35 - 40) >= 40

Proportion Studied in Laboratory

BMI Interval (kg/m2)

Figure 2. Distribution of BMI among 406 subjects studied in the labora-
tory. At least 50% of the subjects were obese, and an additional 38%
were overweight. Only 11% had BMI values below 25 kg/m?.

strategy missed few cases of severe apnea, preserved specificity,
and had the lowest negative likelihood ratio.

All strategies identified any apnea less accurately than severe
apnea (see Table 3). Again, symptoms alone were not particu-
larly useful, with a negative likelihood ratio of 0.71. This ratio
again improved (i.e., decreased as complexity of the strategy
increased) with the two-stage strategy and oximetry having bet-
ter discriminatory power (negative likelihood, 0.29). No strategy,
however, excluded drivers with AHIs of 5 or more per hour with
acceptably high sensitivity.

DISCUSSION

Identifying commercial drivers with severe apnea, defined as an
AHI of 30 events per hour or more, was our primary goal because
this cut point is associated with marked sleepiness and impaired
task performance in our studies (9). In addition, patients with
severe sleep apnea derive benefits from positive airway pressure
therapy (10) including reduction in crashes (12) and improved
driving performance as measured by a driving simulator (13).

In this regard, our analysis shows that a two-stage strategy
combining symptoms and BMI with oximetry performed very
well, with 91% sensitivity and specificity, and yielded the best
negative likelihood ratio, 0.10. Applying a standard Bayesian
nomogram (35), if this strategy predicts low risk for severe apnea,
then given our pretest probability of 4.7%, the likelihood of
having severe apnea is below 0.5%. This excludes severe apnea
with high confidence (36). This result is particularly useful, be-
cause confirmatory polysomnography testing is expensive and
often inaccessible. In addition, the strategy predicted that oxime-
try is not necessary in 31% of our sample, nor is polysomnogra-
phy necessary in 86%. The false-positive rate was 8.9%, the
false-negative rate was 0.5%, and the negative predictive value
was 99%. Oximetry applied to every subject maintained the
negative predictive value at 99%, but is more expensive and less
convenient than the two-stage strategy, and did not improve the
negative likelihood ratio. Thus, to exclude severe apnea, the
two-stage strategy that we proposed previously (29) is optimal
for this sample.

All of our strategies performed relatively worse in the predic-
tion of any apnea, compared with severe apnea (see Table 3).
Again, symptoms alone had little value in this population, with a
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TABLE 2. DISCRIMINATORY POWER OF FIVE STRATEGIES FOR PREDICTING SEVERE SLEEP APNEA*

Predictor Cut Point AUC Sensitivity Specificity LR NEG

Symptoms 0.7 0.662 (0.517-0.763)* 0.613 (0.460-0.842) 0.620 (0.581-0.689) 0.624 (0.235-0.856)
BMI 32.7 0.802 (0.682-0.857) 0.769 (0.533-0.875) 0.705 (0.678-0.769) 0.327 (0.169-0.650)
Multivariable prediction 0.55 0.841 (0.707-0.872) 0.808 (0.516-0.905) 0.728 (0.719-0.802) 0.264 (0.123-0.568)

Multivariable prediction
plus oximetry 0.9, 0.3, 10%
Oximetry 14.9

0.937 (0.936-0.939)
0.971 (0.945-0.992)

0.909 (0.719-0.969)
0.885 (0.738-1.000)

0.906 (0.845-0.910)
0.946 (0.897-0.951)

0.100 (0.035-0.323)
0.122 (0.000-0.283)

Definition of abbreviations: AUC = area under receiver operating characteristic curve; BMI = body mass index; Cl = confidence interval; LR NEG = likelihood ratio
of a negative prediction from a screening test.

* Sensitivity and specificity are associated with the point on the curve where the slope of the tangent line equals 1. The cut point is the value of the predictor variable
associated with these values of sensitivity and specificity. The reported values of AUC, sensitivity, and specificity are bias-corrected means form 1,000 bootstrap resamples

(see the online supplement for details).
" Values in parentheses represent the 95% Cl.
# Upper bound, lower bound, desaturation threshold.

negative likelihood of 0.71, and oximetry offered minimal addi-
tional predictive advantage to the two-stage strategy, with a nega-
tive likelihood of 0.29.

For our two-stage strategy, we chose multivariable prediction,
which combined symptoms with BMI, rather than using BMI
alone. Although a BMI of less than 25 kg/m? was successful in
excluding all but 3 cases of apnea, only 46 subjects (20% of the
weighted sample) met this criterion, whereas 88 (38%) drivers
had a multivariable prediction of less than 0.3. Thus, addition
of symptoms was more useful in this setting than use of BMI
alone, because more subjects could potentially be prevented
from requiring oximetry.

Evaluating these strategies in this group of commercial driv-
ers is likely to be important for public health reasons, as U.S.
accident reports indicate that in 2001, large trucks were involved
in 429,000 crashes. Nearly 5,000 of these crashes were fatal,
responsible for 12% of all traffic deaths, whereas an additional
130,000 victims suffered nonfatal injuries. Commercial crashes

SENSITIVITY

1 - SPECIFICITY

Figure 3. Receiver operating characteristic curves with associated area
under the curve (AUC) for symptoms, BMI, multivariable prediction,
two-stage screening, and oximetry. Polysomnography was used as the
criterion standard. The discriminatory power increases as more adminis-
tratively complex strategies are used to identify severe sleep apnea.
Symptoms alone (thin solid black line) had the lowest AUC, BMI (thin
dashed black line) had higher AUC, multivariable prediction (solid gray
line) had still higher AUC, the two-stage algorithm (thick solid black
line) had higher AUC than multivariable prediction, and oximetry (thick
dashed black line) had the highest AUC.

are also expensive, costing on average $75,637 per crash and
$3.54 million per fatal crash (37). Sleepiness has been shown to
account for 31-41% of major crashes of commercial vehicles
(38, 39). Although we know little about the role of OSA in
crashes in commercial vehicles, studies of passenger cars have
shown increased crash risk in drivers with apnea (5-7) and that
effective treatment of OSA reduces such risk (12).

Our strategies assess the risk of OSA, rather than OSA syn-
drome, in which the presence of sleep-disordered breathing is
accompanied by subjective sleepiness. We did not limit our anal-
ysis to those drivers who reported sleepiness in our study. Such
sleepiness may itself be subject to reporting bias, particularly in
an occupational setting. Therefore, we propose that enrollment
of drivers regardless of the report of sleepiness remains one of
the study’s strengths.

Without taking sleepiness into account, the proportion of
OSA in our population was similar to that reported by Young
and coworkers, who reported that 24% of middle-aged men had
an AHI of at least 5 events per hour and 9.1% had an AHI of
at least 15 events per hour (1). Stoohs and coworkers (40) re-
ported a much higher value of 78% with an oxyhemoglobin
desaturation index at or exceeding 5 per hour, and 10% with
oxyhemoglobin desaturation index at or exceeding 30 per hour.
In our population, we note that 29% of the weighted sample
had an oxyhemoglobin desaturation index of 5 or more per hour,
and 3% had an oxyhemoglobin desaturation index of 30 or more
per hour. Diagnostic ascertainment methodologies differed be-
tween these studies; similar to Young and coworkers, we used
full sleep study data, whereas Stoohs and coworkers used a less
rigorous definition of snoring with 3% desaturation. Because
electroencephalogram and airflow data were not recorded during
this study, desaturations without airflow limitation could be
scored and raise the reported prevalence considerably (41), par-
ticularly because this group had a high prevalence (44%) of
smoking. This rate is higher than the smoking rate we report in
our sample (see Table 1). Pulmonary function data, were they
available, might explain a high prevalence of desaturation. In
addition, the subjects were recruited from a single employer,
rather than being drawn from a more representative, community-
based population.

We address whether this difference in proportion could be
an indication of differential participation in our study—not
merely on the basis of a given predictor, but rather on both the
predictor and apnea status simultaneously (e.g., greater partici-
pation among obese subjects who also have OSA, versus obese
subjects without OSA). Although this bias may limit generaliz-
ability, more serious is the potential threat to internal validity.
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Predictor Cut Point AUC Sensitivity Specificity LR NEG

Symptoms 0.7 0.618(0.554-0.679)" 0.516 (0.431-0.599) 0.686 (0.621-0.747) 0.705 (0.567-0.854)
BMI 29.8 0.757 (0.690-0.791) 0.702 (0.641-0.781) 0.609 (0.542-0.657) 0.490 (0.359-0.625)
Multivariable prediction 0.5 0.798(0.737-0.823) 0.724 (0.655-0.792) 0.756 (0.651-0.764) 0.365 (0.289-0.495)

Multivariable prediction
plus oximetry 0.9, 0.2, 5
Oximetry 495

0.881(0.869-0.887)
0.907 (0.867-0.936)

0.744 (0.609-0.765)
0.742 (0.667-0.822)

0.892 (0.869-0.937)
0.893 (0.846-0.926)

0.287 (0.257-0.432)
0.289 (0.200-0.388)

Definition of abbreviations: See Table 2.

* Sensitivity and specificity are associated with the point on the curve where the slope of the tangent line equals 1. The cut point is the value of the predictor variable
associated with these values of sensitivity and specificity. The reported values of AUC, sensitivity, and specificity are bias-corrected means from 1,000 bootstrap resamples

(see the online supplement for details).
Values in parentheses represent the 95% Cl.
* Upper bound, lower bound, desaturation threshold.

To mitigate this bias, then, given the value of any predictor, partici-
pation must be independent of apnea status.

Specific design strengths limit, but do not eliminate, the likeli-
hood of such bias in our study: prospective data collection, objec-
tive disease ascertainment, and blinded scoring of results. We
also conducted a nonresponder analysis to assess the likelihood
of such bias, were it to occur. Because we performed sleep studies
only after questionnaire administration, reporting symptoms on
the basis of a priori knowledge of apnea status was unlikely. In
addition, an overnight sleep study is the objective standard for
apnea diagnosis. Moreover, technicians who scored the sleep
studies had no knowledge of any other screening test result.
Finally, our comparison of age, sex, and sociodemographic fac-
tors as assessed by ZIP code between responders, nonrespond-
ers, and in-laboratory subjects yielded no statistically significant
differences. Indeed, the age and sex distributions were nearly
identical (data not shown). Although this comparability does
not guarantee the absence of participation bias, we are encour-
aged that responders and nonresponders were similar in the
variables we assessed. The availability of BMI data in nonre-
sponders would have further strengthened our analysis. Despite
these limitations, this is the first and largest scale study to address
screening for OSA in any high-risk population, where public
safety remains a distinct concern.

We also note that we validated our strategy in the same
cohort in which it was derived, which may artificially inflate its
predictive value, a phenomenon known as regression toward the
mean (42). Developing the strategy in a subset of our population
and validating it in another would have been a stronger approach.
However, this split-sample approach is not viable in this study
because of insufficient numbers of subjects with severe apnea.

Oximetry was conducted concurrently with polysomnography
in our study, raising the question of whether the two tests could
be scored independently. However, our scorer of oximetry data
had no prior knowledge of sleep study data. In addition, rescor-
ing of a random 10% sample of oximetry tracings by a second
as well as by the original interpreter showed no significant differ-
ences in scores. Test-retest and interrater reliabilities were high,
with intraclass correlation coefficients of 99 and 97%, respec-
tively. Performing oximetry and sleep studies together in the
laboratory also ensured that the driver was sleeping in an identi-
cal position and was in an identical stage of sleep for both studies.
Future studies need to evaluate oximetry done independently,
and also at home.

Although we chose oximetry for Stage II of our two-stage
strategy, we also considered the selection of multivariable predic-
tion for the first stage of this strategy, rather than BMI. Although
BMI may be a simpler alternative, multivariable prediction in-
corporates other information in addition to BMI—including age,

sex, and symptom frequency. The predictive utility of these addi-
tional variables becomes most important when the subject is not
obese (21). Thus, we expect our algorithm to have incremental
value among populations with lower prevalence of obesity com-
pared with using BMI as the Stage I screen. Even in this relatively
obese population, however, multivariable apnea prediction pro-
vided substantial improvement in discriminatory power over
BMI alone. Moreover, the optimal cut points we selected for
BMI and multivariable prediction, which take into account prev-
alence and misclassification rates, show that multivariable
prediction excluded a much larger proportion of drivers from
requiring further testing as compared with BMI alone.

Our study raises the question of whether commercial drivers
should be screened routinely for severe OSA, perhaps during
preemployment physical examination. Our study is the first step
toward addressing this question; the two-stage screening strategy
we propose is optimal and highly accurate in excluding severe
apnea. Before instituting routine screening, however, we propose
that additional data be acquired. A case-control study similar
to that done among drivers of passenger cars (7) should be
conducted first to evaluate the role of OSA as a risk factor
for crashes of commercial vehicles, particularly those involving
injury or death. A finding that an AHI of or exceeding 30 events
per hour is a risk factor for crashes would strengthen our conclu-
sion that the two-stage strategy would be a reasonable approach
to screen commercial drivers for this disorder. However, if fur-
ther studies indicate that an AHI below this level is a more
appropriate cutoff, then the screening strategy to be adopted
will require further refinement.

Second, controlled, randomized trials should assess whether
drivers identified by screening will use and benefit from therapy.
The costs of screening need to be weighed against the costs of
outcomes without screening. Confirming treatment benefits at
acceptable economic costs would provide justification for institu-
tion of a routine screening program in this occupational setting.

We conclude that among our community-based sample of
commercial drivers, a two-stage screening algorithm that incor-
porates questionnaire data in all, followed by oximetry in a
subset, is useful in excluding drivers with severe sleep apnea, a
group that may be at risk for fall-asleep accidents judged by off-
road deviations in driving simulators (4).
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