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Abstract

Introduction: Awareness of the high prevalence of ob-
structive sleep apnoea (OSA) coupled with the dramatic
proportion of undiagnosed individuals has been motivat-
ing research in the past two decades for elaborating sleep
questionnaires that could help in early detection of OSA.
This work aims to assess the predictive value of a subset
of features that are used in the STOP-BANG questionnaire
(BMI, age, gender; neck size) through a rigorous statistical
analysis.

Methods: A clinical database of 856 individuals re-
ferred to the sleep clinic for polysomnography was used
to estimate the predictive value of the individual and com-
bined demographic features in identifying OSA individu-
als. Four of the eight STOP-BANG questionnaire features
were available in this database. These features were com-
bined using a logistic regression model. The data were
divided into train (80%) and test set (20%).

Results: Results on the test set were 83.3% sensitivity,
45.8% specificity, 62.2% positive predictive value, 71.7%
negative predictive value. The area under the curve (AUC)
had a mean of 0.717. The results showed that combin-
ing the available subset of STOP-BANG questionnaire fea-
tures gave similar performance to the full STOP-BANG
questionnaire as reported in a number of studies. This
highlights that combining features using a machine learn-
ing framework may improve the STOP-BANG question-
naire prediction. Alternatively, it may indicate that there
are redundant or uninformative questions in the STOP-
BANG questionnaire.

1. Introduction

Sleep disorders are common and have been correlated
with a number of cardiovascular diseases, stroke and men-
tal health disturbances. The societal and financial costs of
such disorders are consequent. In particular, one of the
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most common and under-diagnosed sleep disorder is ob-
structive sleep apnoea (OSA). The prevalence of OSA was
estimated to represent 2% to 7% of the adult population
globally (15 125 [3; 145 IS5 16} [7) and a recent study even sug-
gested that the prevalence could be over 30% of the general
adult population (8)). It is estimated that 90% of the indi-
viduals with the condition stay undiagnosed and untreated
(9). OSA is characterised by breathing cessation (called
apnoea) and periods of overly shallow breathing (called
hypopnea). These are due to the partial or complete ob-
struction of the airway. In a recent review (10) the different
signals used in the diagnosis of OSA during polysonmog-
raphy (PSG) were thoroughly reviewed. The present paper
focuses on the sleep questionnaires used as a tool for OSA
screening.

Sleep apnoea is associated with hypertension, cere-
brovascular disease, myocardial infarction, diabetes and
long-term cognitive impairment (115 [12; [13; [14). In ad-
dition, a recent study showed that identification and treat-
ment of sleep disorder breathing (SDB) in admitted pa-
tients with chronic heart failure with SDB was associated
with reduced readmissions over 6 months after discharge
(15).

Sleep questionnaires are often used to screen for OSA
(16). The common questionnaires are the Epworth Sleepi-
ness Scale (ESS) (17), the Berlin Questionnaire (BQ) (18)
or the STOP BANG questionnaire (19). The ESS ques-
tionnaire aims to rate the likelihood of falling asleep i.e.
daytime sleepiness: eight questions are scored between 0-
3 making a total score out of 24. The higher the score
the more daytime sleepiness. Typically, ESS < 11, ESS €
[11; 14], ESS € [15; 18] and ESS > 18 are classified as
normal, mild subjective daytime sleepiness, moderate sub-
jective daytime sleepiness and severe subjective daytime
sleepiness respectively (20). The correlation between ESS
and OSA severity has demonstrated to be relatively weak
(21). The BQ consists of a series of ten questions related
to: snoring, breathing cessation, tiredness and blood pres-
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sure. Ahmadi ef al. (22) assessed the BQ on 130 patients
from a sleep clinic and reported 62% sensitivity (Se) and
43% specificity (Sp) at the respiratory disturbance index
(RDI 1) > 10. Their conclusion was that the BQ was not an
appropriate instrument for identifying patients with sleep
apnoea in a sleep clinic population. The STOP-BANG
questionnaire consists of eight questions related to: snor-
ing, tiredness, breathing cessation, blood pressure, body
mass index, age, neck size and gender. Thus a series of
eight Yes/No questions which total provides a score. A
score greater than or equal to three means that there is a
high risk of OSA and a score less than three will mean a
low risk of OSA. Chung et al. (19) evaluated the STOP
BANG questionnaire; the STOP BANG was completed by
2974 patients in the preoperative clinics of Toronto West-
ern Hospital and Mount Sinai Hospital, Toronto, Ontario,
Canada. Out of the patients that were invited, 211 pa-
tients agreed to undergo polysomnography, 34 for the pi-
lot study and 177 for validation (69% OSA). Respective
Se of 83.6%, 92.9% and 100%, Sp of 56.4%, 43% and
37%, PPV of 81.0%, 51.6%, 31.0% and N PV of 60.8%,
90.2%, 100% were found for AH greater than 5, 15, and
30 for the validation set. A recent study (23) assessed
the three questionnaires on 234 patients referred to a sleep
clinic. Although their dataset was unbalanced (87.1% of
the population had OSA) the results confirmed the rather
low specificity of these questionnaires: The STOP-BANG
gave Se =97.55%, Sp =26.32%, PPV =93.43%, NPV
= 50%; The BQ gave: Se =95.07% , Sp =25%, PPV =
92.79%, NPV = 33.33%; The ESS gave: Se = 72.55%,
Sp=175%, PPV =96.73%, NPV =21.13%. The thresh-
old for diagnosing OSA was set at an AHI > 5. These
statistics highlight the tendency of these questionnaire to
‘overdiagnose’ OSA. We noted that the classes (no OSA -
OSA) are often unbalanced in these studies.

The sleep questionnaires used in the context of OSA
screening have been assessed in a number of studies which
highlighted their merit and limitations (195 22} 23; 24).
This paper aims to: 1) assess the predictive value of a
number of individual features that are used in the STOP-
BANG questionnaire; 2) evaluate the performance of the
predictive value of the combined features. In particular,
we are interested in understanding the statistical improve-
ment that is reached by combining multiple features over
a single one by using a more elaborated machine learning
approach than simple thresholding over a number of yes/no
answer. We use a database of 856 patients with the classes
(no OSA - OSA) being balanced (48.1% - 51.9%, see Ta-
ble[T) which is not the case in most previous studies. The
results of our analysis are compared to the ones of other
studies (1951235 125). The results showed a relatively high

L AHI: apnea-hypopnea index. This figure corresponds to the average
number of apnoeas and hypopnoeas events per hour.

Diagnosis Number Percentage (%)

normal 155 18.1
snorer 257 30.0
mild 106 12.4
moderate 123 14.4
severe 215 25.1

Table 1: Study database, n = 856 patients.

Se but low Sp, that neck size was the most predictive in-
dividual feature of OSA and that the results improved by
fusing all the features available.

2. Methods
2.1. Database

For this study we used a database of 856 patients from
the Respiratory Medicine Unit (Churchill Hospital, Ox-
ford, UK). Data were recorded using the Grey Flash home
polygraphy recording device (Stowood Scientific Instru-
ments Ltd, Oxford, UK). A clinician analysed each of the
recording to produce a diagnostic based on the oxygen de-
saturation index (ODI), sound recording, movement, heart
rate, pulse transit time and respiratory effort. An extended
description of the diagnosis process can be found in (26).
A number of demographics were recorded from the pa-
tients including: gender, age, neck size, height and weight.
More details on the data can be found in (27) and, (28).
Table [1| summarises the statistics on the diagnosis of the
patients included in this database. Because the end goal of
the screening test is to identify patients with OSA versus
non-OSA then only the following two class classification
problem was considered: OSA (mild, moderate, severe)
versus non-OSA (snorer, normal). In practice, a mild OSA
patient may not be systematically treated. However, the
role of a screening test is to identify patients at risk and
although mild OSA individuals may not be treated in the
first place their identification is important given that OSA
can further develop and so that these individuals may make
some lifestyle changes such as sleeping on the side or a
diet.

2.2. Features

The demographic features that were available and used
in this study are: body mass index (BMI), weight, height,
age, neck size and gender. BMI, age, neck size and gen-
der are four of the eight features used in the STOP-BANG
questionnaire. Figure [I] shows the distribution obtained
for each feature for the 856 patients of the database which
gives some insights into what features are likely to be the
most useful in classifying the population of patients. In or-
der to train the classifier, the missing data were replaced
by the average value of the corresponding missing feature
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across all the training set individuals when considering
multiple features. When building the model with only a
single feature, the patients for which this feature was miss-
ing were excluded.

2.3.  Statistics

The statistics computed in this study are sensitivity (Se),
specificity (Sp), positive predictive value (P PV’) and neg-
ative predictive value (N PV'). In the context of the study
these are defined as: Se, the percentage of individuals with
OSA that have been correctly identified as OSA out of the
whole OSA population; Sp, the percentage of individuals
without OSA that have been identified as such out of the
whole non-OSA population; PPV, the percentage of peo-
ple identified as OSA and that actually are OSA; NPV,
percentage of people flagged as non-OSA that are actually
non-OSA.

2.4. Machine learning

The purpose of the sleep questionnaires is to screen for
individuals with OSA. It must identify the highest number
of individuals with OSA even to the detriment of having
a higher proportion of false positive (in other words we
seek a high Se). However, too many false positive (i.e.
characterised by a low Sp) will overload sleep clinics with
non-OSA individuals which is time consuming and costly.
Typically OSA sleep questionnaires are evaluated using
heuristics or simple thresholding over a number of scored
answers. In this work, we use logistic regression to build
our machine learning model. The model was built for each
individual feature and for the combination of a subset or all
the features. Data were divided into 80% for the training
set and 20% for the test set. 3-fold cross validation (200
runs) with stratification was performed for each model on
the training set. The receiver operating characteristic curve
(ROC) was produced by averaging the statistics obtained
on the validation sets of the cross validation while vary-
ing the decision threshold. The area under the ROC curve
(AUC) was also computed for each individual features and
the combined features. A threshold was chosen so that a
Se of about 85% was obtained on the ROC curve. Given
the chosen threshold, the performance of the classifier was
evaluated on the test set.

3. Results

When combining the neck size, BMI, age and gen-
der features (denoted ‘All’ in Table [2) an AUC of 0.717
was obtained (Table [2). Adding height and weight to the
model did not increase the classifier performance. The best
single-feature-AUC was obtained for neck-size (0.690).
When choosing the threshold on the validation set so that a

Feature AUC + STD
gender 0.590 +£ 0.025
age 0.608 + 0.026
neck size 0.690 + 0.028
height 0.537 £ 0.028
weight 0.654 + 0.033
BMI 0.644 + 0.027
neck size+BMI 0.678 + 0.026
neck size+BMI+age 0.710 £ 0.028

neck size+BMI+age+gender (All)  0.717 £ 0.026

Table 2: Area under curve (AUC) for individual and combined features
with the standard deviation (STD) of the AUC obtained over the 200 runs.
Since height and weight are already ‘contained’ in the BMI feature then
these were excluded from the model denoted ‘All’.

Se of about 85% was obtained, the results on the test set for
all features were: Se=83.3%, Sp=45.8%, PPV=62.5%
and NPV =71.7%. The results on the test set are sum-
marised in the Table [3l The ROC curves obtained on the
validation sets are plotted in Figure

4. Discussion and conclusion

The results showed a rather high Se but a low Sp (Ta-
ble[3) for the threshold selected on the training set. These
results are in agreement with the statistics reported by pre-
vious studies assessing the performance of sleep question-
naires (19; 123t 125). A low specificity means that a number
of individuals without OSA are predicted as having OSA
which can result in a high number of unnecessary refer-
ral to the sleep clinic for PSG testing or a an increased
number of perioperative PSG test for surgical patients (24).
The larger variation in the statistics across studies (Table3))
can be attributed to the imbalance of the classes (see right
hand side of Table [3)) that was present in the other studies
or to the additional features available in the STOP-BANG
than in this study. For example, the higher proportion of
OSA individuals in (19} 23) combined with the tendency
of the STOP-BANG to over predict OSA, likely leaded to
a higher PPV in their studies (81.0% and 93.4% respec-
tively) than in the present study (PPV=62.5%) and in the
study from Cruces et al. (25) (PPV=66.5%). These varia-
tions in the statistics and their association with the imbal-
ance of the classes highlights the challenges in interpreting
and concluding on statistical analysis conducted on unbal-
anced classes. In addition, it was found that the prevalence
of OSA in men was higher than in women and that the
prevalence was increasing with age (see Figure|l]) similar
as in Chung et al. (19).

The first main limitation is that this study utilises a
database of patients from a hospital based respiratory unit,
that is from a preselected population whereas a good
screening questionnaire should be intended to be used as
a scoring tool for the general population. Thus assessment
on a database of an unselected population is necessary for
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Figure 1: Distribution for the six features in the database: gender, age, neck size, height, weight and body mass index (BMI). The distributions for the
two groups (OSA/non-OSA) are plotted on top of each other. For visualisation purposes, probability density estimate was used to produce these plots
with exception of the gender feature. Number of patients in the two classes OSA/non-OSA for the six features: 444/412 (gender), 444/412 (age), 430/355

(neck size), 400/375 (height), 433/387 (weight) and 405/377 (BMI).

Se (%) Sp(%) PPV (%) NPV (%) | non-OSA (%) OSA (%)
Chung et al. (19) (177)¢ 83.6 56.4 81.0 60.8 31.0 69.0
El-Sayed et al. (23) (234)* 97.6 26.3 93.4 50.0 12.9 87.1
Cruces et al. (25) (178)% 96.4 23.9 66.5 73.4 39.8 60.2
This study, all features, (171) 83.3 45.8 62.5 71.7 48.1 51.9

Table 3: Summary of the results on the test set for a threshold giving a sensitivity of about 85% on the validation set (i.e. chosen on the ROC curve of
Figure Q) Results are compared with already published studies (19; 235 25). Statistics are reported for the test set. Number of study subjects indicated
in parenthesis are the one used in the test set.* The threshold chosen for diagnosing of OSA was set at an AHI > 5 that is OSA versus non-OSA (two
classes). The statistics on the right-hand side (‘non-OSA’ and ‘OSA’) indicates the repartition of the individuals in the two classes. All features refers to

the model including: neck-size, BMI, age and gender.

a straightforward comparison.

The second main limitation of this study was the un-
availability of the answers of some of the STOP-BANG
questions (Snoring/Tired/Observed/Pressure). Ideally, the
same rigorous statistical analysis should be conducted with
the missing STOP-BANG features taken into account to
assess whether the additional features add to the predictive

value obtained in this study.

However, the results obtained using our machine learn-
ing framework already obtained comparable results with
other studies (Table [3). This highlights that combining
features using a machine learning framework may improve
the STOP-BANG questionnaire prediction. Alternatively,

it may indicate that there are redundant or uninformative
questions in the STOP-BANG questionnaire.

Acknowledgements

JB acknowledges the support of an Aly-Kaufman Postdoctoral Fel-
lowship. GC and QL are partially funded by the US National Institutes of
Health grants ROIHL136205 ’Sleep Disturbance as a Mechanism for Is-
chemic Heart Disease in PTSD’ and P50 HL117929 *Morehouse Cardio-
vascular Research Center of Excellence’, from the National Heart, Lung
and Blood Institute (NHLBI). NP and JD acknowledge the support of the
RCUK Digital Economy Programme grant number EP/G036861/1 (Ox-
ford Centre for Doctoral Training in Healthcare Innovation).

Page 4



1r 1.
0.9 09
o
0.8 0.8
0.7 0.7 ¢
0.6 0.6
o5 05
0.4 0.4
0.3 —Gender 0.3+
—Age
0.2 ——Neck size 02}
—Height .
—Weight ——Neck size+BMI
01 —BMI 0.1 1/ —Neck size+BMI+age
—All —All
0 L ) 0 . )
0 0.5 1 0 0.5 1
1-So 1-So

Figure 2: The receiver operating characteristic curve for all individual
features, the combination of a subset of the features and for all features.
‘All’: neck size+BMI+age+gender. Symbols on the right figure, Cross:
the statistics reported for the test set of this study; Square shape: results
from (19); Asterisk: results from (235); Diamond: results from (23).
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