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Abstract We sought to analyze the predictive value
of anthropometric, clinical and epidemiological param-
eters in the identiWcation of patients with suspected
OSA, and their relationship with apnoea/hypopnoea
respiratory events during sleep. We studied retrospec-
tively 433 patients with OSA, 361 men (83.37%) and 72
women (16.63%), with an average age of §47, standard
deviation §11.10 years (range 18–75 years). The study
variables for all of the patients were age, sex, spirome-
try, neck circumference, body mass index (BMI),
Epworth sleepiness scale, nasal examination, pharyn-
geal examination, collapsibility of the pharynx (Müller
Manoeuvre), and apnoea-hypopnoea index (AHI).
Age, neck circumference, BMI, Epworth sleepiness
scale, pharyngeal examination and pharyngeal collapse
were the signiWcant variables. Of the patients, 78%
were correctly classiWed, with a sensitivity of 74.6%
and a speciWcity of 66.3%. We found a direct relation-
ship between the variables analysed and AHI. Based
on these results, we obtained the following algorithm
to calculate the prediction of AHI for a new patient:
AHI = ¡12.04 + 0.36 neck circumference +2.2286 pha-
ryngeal collapses (MM) + 0.1761 Epworth + 0.0017 BMI
£ age + 1.1949 pharyngeal examinations. The ratio
variance in the number of respiratory events explained
by the model was 33% (r2 = 0.33). The variables given

in the algorithm are the best ones for predicting the
number of respiratory events during sleep in patients
studied for suspected OSA. The algorithm proposed
may be a good screening method to the identiWcation
of patients with OSA.
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Introduction

Obstructive sleep apnoea (OSA) is characterized by
recurrent episodes of obstruction of the upper airways
during sleep and poses a serious problem of public
health. It is generally associated with intensive snoring
and hypoxemia. Apnoeas cause broken sleep and diur-
nal somnolence, one of the most prominent symptoms
in OSA patients, which must be treated in all cases
[36]. Studies have been limited due to the absence of
uniform criteria in the deWnition of the syndrome, as
well as the diYculty to make polysomnographic (PSG)
studies on large population groups. However, clinical
knowledge of the syndrome and the development of
simpler screening techniques have allowed some stud-
ies to be made. A study of 1,171 men and 1,347 women
made by Franceschi et al. [12] found that 26 (1.2%)
presented OSA (more than 5 apnoea/h), highlighting
the fact that 8 were men and 18 women. Lavie [23]
studied a total of 1,502 men, made a polysomnography
in 78 candidates and found that 11 (0.89%) presented
more than 10 apnoea/h. Gislason et al. [13] studied
3,100 Swedish men and found that 166 were in risk of
OSA, and considered that the prevalence of OSA was
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1.3%. Schmidt-Novara et al. [33], in a study of 1,195
people over 40, considered that the prevalence of OSA
(apnoea–hypopnoea/h = 10) was 2.3% for men and
1.1% for women. Young et al. [40] in a sample of 602
study patients with polysomnography established a real
prevalence of 2% for women and 4% for men.

As we know, OSA is almost always associated with
obesity, although in children it is usually found in ade-
noid and amygdale hypertrophy cases and, less fre-
quently, linked to craniofacial anomalies [39]. In
young adults, we can Wnd it in severe obesities, and
primarily in non-obese individuals due to craniofacial
anomalies [10]. At the same time, obesity and body
mass index (BMI), and the prevalence of chronic dis-
eases that contribute towards OSA and aggravate its
repercussions increase with age [3, 4]. By sexes,
android obesity is characterized by more fat accumu-
lation in the upper trunk and neck, and in groups with
the same BMI, men have a larger cervical circumfer-
ence than women. Thus, OSA appears earlier and is
more severe in men than in women [8, 27]. BMI is the
most widely accepted test to quantify obesity. It is cal-
culated by dividing weight in kilograms by the square
of height in meters (BMI = kg/m2). However, this
index gives a global idea of obesity, whereas aVecta-
tion of the cervical spaces (produced by narrowness
of upper airway, causing snores and apnoeas) may
vary widely. So, cervical circumference measurements
show a better correlation with OSA that the BMI. In
adult men, a neck size of more than 43 cm. predicts
severe OSA and, in the case of men who snore and
have a larger neck than that, the prevalence of OSA is
30% [7]. In women, a neck size of more than 38 cm.
increases the risk of OSA [14]. At the same time, per-
forming Epworth sleepiness scale (ESS) is very use-
ful. However, by itself it is not a diagnostic test,
although some authors believe there is a good corre-
lation between high scores and sleep pathologies [19,
20]. Finally, the Müller Manoeuvre (forced inspira-
tion through the nose and mouth covered) was added
to the Wberscope examination by Sher et al. [35] in
order to identify the degree of collapse or obstruction
of the airway at the level of the soft palate and the
nasopharyngeal and oropharyngeal union. So, study-
ing other diagnostic approaches should be given high
priority, given the proven relationship between OSA
and a 2–7 increase in the probability of having a traYc
accident [2], a probable increase cardiovascular mor-
bimortality [18, 21, 24, 34] and the high eVectiveness
of the treatment with continuous positive pressure of
the airway (CPAP) fundamentally in the most symp-
tomatic forms [1]. Several studies have been used as a
diagnostic tool, by using multivariate methods to con-

struct prediction equations [11, 17, 22, 31]. The pur-
pose of our study was to identify OSA on the basis of
several epidemiological and clinical variables, includ-
ing ENT observations. Our research sought to Wnd
alternatives to expensive procedures such as polysom-
nography, in order to develop a predictive model of
OSA.

Materials and methods

We studied retrospectively a sample of 433 patients
with OSA, 361 men (83.37%) and 72 women (16.63%),
aged §47 standard deviation of §11.10 years (range,
18–75 years). Patients were taken over a period of
4 years and the study variables in all of the patients
were: age (years), sex, spirometry, neck circumference
(circumference of the neck measured in cm at level of
the cricothyroid membrane), BMI, Epworth sleepiness
scale, nasal examination (anterior rhynoscopy and
rigid endoscopy), pharyngeal examination (pharyngos-
copy), Müller Manoeuvre (collapsibility of the phar-
ynx), and apnoea-hypopnoea index (AHI). By age,
three subgroups were considered: <43, 43–52 and
>52 years. Taking into account the importance of the
BMI and age in OSA, these parameters were classiWed
into several subgroups. Thus, the BMI was studied with
two types of cuts: BMI1, where BMI · 24 kg/m2 was
normal and ¸25 kg/m2 overweight and obesity, and
BMI2, where ·24 kg/m2 was normal, 25–29 kg/m2 over-
weight and ¸30 kg/m2 obesity.

The degree of diurnal somnolence was determined
by using the Epworth sleepiness scale, in which a
patient answers a questionnaire on the possibility of
remaining asleep in eight diVerent situations. Patients
score the possibility of remaining asleep in each one of
the situations from 0 to 3 (0 would be null probability;
1 would be light probability; 2 moderate probability,
and 3 high probability), where <10 is normal and >10
means diurnal hypersomnolence, and >16 occurs
almost exclusively in patients with severe or moderate
OSA, narcolepsy or idiopathic hypersomnolence [8,
27].

All patients were explored by nasoWbroscopy
(Olympus® nasoWbroscope), using the Müller Manoeu-
vre. This manoeuvre consists of making a forced inspi-
ration eVort with mouth and nose closed during a
Xexible nasoWbroscopy, to observe collapse at the velo-
pharyngeal and hypopharyngeal level. Airway collapse
at this level was observed by displacement of the base
of the tongue and the sidewalls of the pharynx in a
medial direction. The degree of collapse at each level
was determined according to the scale established by
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Petri et al. [29], as follows: (a) minimum collapse, (b)
reduction of the cross-sectional area to 50%, and (c)
reduction to 75–100%. Based on this, a score of the col-
lapse was established and patients were classiWed into
two subgroups depending on whether their pharynx
was normal or abnormal: (1) those who showed no col-
lapse (collapse 0) and (2) those who displayed a certain
degree of collapse (collapse 1–4).

A nocturnal polysomnography was performed in all
of the patients using a 19-channel polysomnography
system Alice 3®: 2 of EEG recording (CÁ2 and CÂ1),
2 of ocular movements, 1 of oronasal Xow measured by
a Healthdyne® thermistor (USA), 1 of snoring, 1 for
the Allegiance® (Allegiance Healthcare Corporation,
USA) nasal pressure cannula, connected to a PTAF2®

(Pro-tech, USA) pressure transducer model, 1 chest
band, 1 abdominal band, both of the piezoelectric type,
1 for submentonian musculature activity, 2 for leg
movements, as well as continuous monitoring of ECG,
O2 saturation, 1 channel for the altimeter and another
one of body position. We considered OSA patients to
be those who presented an index of apnoea-hypop-
noea/hour ¸10 in the PSG. OSA was understood as
>90% absence or reduction of the respiratory signal for
more than 10 s in the presence of respiratory eVort
detected by the thoracic-abdominal bands; and hypop-
noea, a discernible reduction (>30, <90%) in the ampli-
tude of the respiratory signal of more than 10 s, with
3% desaturation.

Statistical analysis

A logistic regression analysis was used to predict the
probability of having OSA from clinical and epidemio-
logical variables. Multivariate logistic regression was
used to determine the best model for distinguishing
OSA patients from healthy ones, using a stepwise pro-
cedure. A ROC curve was plotted to evaluate the area
under the curve of the combination of variables aVect-
ing AHI.

A simple linear regression was used to study the
relationship between clinical and epidemiological
parameters and apnoea/hypopnoea respiratory events
during sleep. Stepwise multiple regressions were then
made, with AHI as the dependent variable. Indepen-
dent variables were entered into the equation: age, sex,
BMI, BMI1 and BMI2, neck circumference, ESS, nasal
examination, pharyngeal examination and pharynx col-
lapsibility (Müller Manoeuvre). The AHI distribution
showed statistically signiWcant deviation from normal-
ity by the Shapiro–Wilks test. When AHI was the
dependent variable in the multiple linear regression
equation, a square root transformation was used to

reduce the deviation from normality. Stepwise multiple
linear regressions were used to identify variables that
made an important contribution to the variability of
apnoea/hypopnoea respiratory events during sleep.

All results were obtained using SAS Inc. Institute
v8.02 and Stata8 software.

Results

Sensitivity and speciWcity of clinical and epidemiologi-
cal parameters to identify OSA patients

Age (classiWed into three diVerent groups or as a con-
tinuous variable), neck circumference, BMI, ESS (as a
dichotomizing and continuous variable), pharyngeal
examination and pharyngeal collapse (Müller Manoeu-
vre) were the signiWcant variables. Considering the
classiWcation variables, the patients of the oldest group
(>52) were 3.8 times more likely to have OSA that
those of younger age group (<43), which was statisti-
cally signiWcant. By BMI, depending on the cut-oV
point, it was found that in BMI1 the patients with
BMI ¸ 25 had 2.5 times more possibilities of having
OSA that those with a normal BMI (P = 0.002), and
that in BMI2 when BMI ¸ 30, the possibility of having
OSA was 3.3 times greater than in the patients with a
normal BMI. Patients with diurnal hypersomnolence
(ESS ¸ 10) had 2.5 times more possibilities of having
OSA than those with a normal OSA test. When the
pharyngeal examination presented some abnormality,
the possibility of having OSA was (2.8 times when the
pharynx was normal. Finally, patients who presented
some degree of pharyngeal collapse in the Müller
Manoeuvre had almost Wve times more possibilities of
having OSA than those who showed no collapse.
Table 1 shows that the risk of being an OSA patient
increases with age (5.8%), neck circumference
(17.5%), BMI (13%) and ESS (8%).

To obtain best possible explanatory model for pre-
dicting a diagnosis of patients with OSA (P < 0.05),
we found that when age, neck circumference and ESS
increase by 1 unit, the possibility of having OSA is
4.5, 9.5 and 7.3% times greater, respectively. As far as
the Müller Manoeuvre is concerned, patients with
pharyngeal collapse had 3.5 times more possibilities
of having OSA than those who did not present col-
lapse, Table 2. Using this model, we obtained a sensi-
tivity of 74.6% and a speciWcity of 66.3%, Fig. 1. After
making a ROC curve, we obtained an area under the
curve of 0.78. This means that the probability that the
model classiWed OSA patients correctly was 78%
(Fig. 2).
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A predictive model of the relationship between clinical 
and epidemiological parameters and respiratory events 
during sleep

We found a direct relationship between respiratory
events and the analysed variables, with statistical
meaning for all the variables, except in the ones for
nasal examination and tobacco consumption
(P = 0.07, 0.63, respectively). A new variable was intro-
duced, BMI £ age, because the initial model suggested
an interaction between age and the BMI. Neck circum-
ference was the variable that best explained the vari-
ance of the dependent variable (22.1%), followed, in
decreasing order, by the BMI (14.79%), BMI £ age
interaction (14.49%), the pharyngeal collapse observed
in the Müller Manoeuvre (12.41%) and, Wnally, the
pharyngeal examination variable (10.90%), Table 3.

Table 4 gives the results of the multiple linear
regressions with a selection of the most signiWcant vari-
ables. Neck circumference, ESS, pharyngeal examina-
tion, Müller Manoeuvre and interaction between age
and the BMI were selected in the Wnal model, indicat-
ing a direct relationship between the dependent vari-
ables and the respiratory events. The ratio of the
variance in the number of respiratory events explained
by the model was 33% (r2 = 0.33).

Based on these results, we obtained the following
algorithm to calculate the prediction of AHI for a new
patient:

AHI = ¡12.04 + 0.36 neck circumference + 2.2286
pharyngeal collapses (MM) + 0.1761 ESS + 0.017
BMI £ age + 1.1949 pharyngeal examinations,

where pharyngeal collapse (MM) = 0 for Müller
Manoeuvre without collapse and one for evidence of

Table 1 Logistic regression analysis to predict the probability of having OSA from clinical and epidemiological variables

BMI body mass index, ESS Epworth sleepiness scale

Variables � Experiment (�) P OR (IC 95%)

Age 0.056 1.058 <0.001 1.058 (1.034–1.082)
Neck circumference 0.1614 1.175 <0.0001 1.175 (1.1–1.26)
BMI (kg/m2) 0.12 1.13 <0.0001 1.129 (1.065–1.196)
ESS 0.08 1.08 <0.0017 1.08 (1.03–1.14)

Table 2 Multivariate logistic 
regression using a stepwise 
procedure

Variables � Experiment (�) P OR (IC 95%)

Age 0.044 1.045 <0.001 1.045 (1.02–1.07)
Neck circumference 0.090 1.094 0.018 1.095 (1.015–1.18)
Epworth 0.070 1.072 0.011 1.073 (1.016–1.13)
Pharyng. collapse (MM)
Yes 0.6356 1.89 <0.001 3.565 (2.073–6.131)
No – – – 1MM Müller Manoeuvre

Fig. 1 Sensitivity and speciWcity for selected points of cut. We ob-
tained a sensitivity of 74.6% and a speciWcity of 66.33%

Fig. 2 After making a ROC curve, we obtained an area under the
curve of 0.78. Probability that the model classiWed OSA patients
correctly was 78%
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some degree of collapse, and pharyngeal examination = 0
for patients who did not present pharynx anomalies and
one for evidence of pharyngeal pathology.

Discussion

Many studies [5, 6, 28, 32, 37] have evaluated the ability
of questionnaires on sleep to predict OSA. Viner et al.
studied the possibility of using medical histories and
physical examinations for screening in 410 patients
(220 OSA and 190 RS). They found a sensitivity of
94% and a speciWcity of 28% in OSA patient detection,
where the parameters with greater statistical signiW-
cance for distinguishing OSA from RS were age, BMI,
sex (masculine) and snoring. The probability of identi-
fying a patient with OSA correctly was 77%, and of
obtaining an area under the curve ROC = 0.77, which
is similar to ours. They obtained a low speciWcity in
relation to the one obtained in our study’s model

(66.3%). Haponik et al. [16] found that reports from
the room companions of patients suspected of having
OSA obtained a sensitivity of 64% and concluded that
a single medical history and examination were insuY-
cient as screening methods to identify patients with
sleep apnoea. Nevertheless, these studies excluded
from their analysis parameters of high relevance and
statistical meaning in relation to OSA, such as age and
the BMI. HoVstein et al. [15] studied 594 patients and
obtained statistical meaning to predict OSA with age,
sex, BMI, reports from room companions and pharyn-
geal examination. They established a formula to pre-
dict the AHI in a new patient. Their model, based on
the examiner’s subjective impression of the medical
history and clinical examination, obtained a sensitivity
of 60% and a speciWcity of 63% in the detection of
patients with OSA. They conclude that clinical charac-
teristics such as the medical history and a physical
examination, can predict OSA in around 50% of
patients suspected of suVering the disorder, which is
not suYcient for reasonable OSA detection. Crocker
et al. studied 100 patients with suspected sleep apnoea
and found that the BMI, age, apnoeas observed by
room companions and arterial hypertension had a sig-
niWcant correlation with their AHI. When they
obtained a model to consider the probability of an
AHI > 15 in 105 new patients, they observed a sensitiv-
ity of 92% and a speciWcity of 51%. They concluded
that a model based on breathing to predict disorders
during sleep, would be useful to screen patients with
suspected OSA, and that the model could be used to
reduce the need for a nocturnal PSG in nearly one
third of the cases.

However, Scharf et al. [32] made a questionnaire on
the sleep of 40 patients chosen for their clinical charac-
teristics, including age and BMI, and did not Wnd a sig-
niWcant correlation between those characteristics and
the AHI, although they admitted that perhaps the sam-
ple was not suYciently large to be able to prove the
correlation. Flemons et al. [11] obtained a model in
which they included a questionnaire, BMI, HTA and
neck circumference, and obtained a sensitivity of 76%
and a speciWcity of 54%. Maislin et al. [25] developed a
prediction model that included a questionnaire, BMI,
age and sex, with which they obtained sensitivity of
87% and speciWcity of 35%. Pradhan et al. [30] studied
150 patients and found that the most signiWcant OSA
prediction variables were age, sex, BMI and sonorous
snoring. They concluded that a screening algorithm
based on clinical data would have to reduce the num-
ber of polysomnographies by 8%, whereas the same
model associated to a home pulsioximetry would
reduce the amount by 13%.

Table 3 Stepwise multiple regression with AHI as the dependent
variable

Age 1 subgroups, Age continue variable, BMI1 subgroups <24,
>25, BMI2 subgroups < 24, 25–29, > 30, BMI continue variable,
ESS1 Epworth sleepiness scale subgroups, ESS continue variable,
BMI £ age interaction BMI and age

Variables r2 model P value

Age 0.045 <0.001
Age 1 0.039 0.0002
Sex 0.032 0.0002
Arterial tension 0.025 0.001
Tobacco 0.0005 0.6328 (NS)
BMI1 0.044 <0.0001
BMI2 0.104 <0.0001
BMI 0.148 <0.0001
Neck circumference 0.221 <0.0001
ESS1 0.050 <0.0001
ESS 0.065 <0.0001
Nasal expl. 0.007 0.0788 (NS)
Pharyng. expl. 0.109 <0.001
Pharyng. collapse (MM) 0.124 <0.001
BMI £ age 0.145 <0.0001

Table 4 Multiple linear regressions with a selection of the most
signiWcant variables

MM Müller Manoeuvre, BMI £ age interaction between age and
the BMI

Variables Selection 
order

R2 
parcial

r2 
model

P 
value

Neck circumference 1 0.221 0.221 <0.0001
Pharyng. collapse (MM) 2 0.053 0.274 <0.0001
Epworth 3 0.027 0.301 <0.0001
BMI £ age 4 0.022 0.323 <0.0008
Pharyng. expl. 5 0.007 0.330 <0.003
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Rowley et al. [31] made a prospective study in 370
patients of four previously published models [6, 22, 25,
38]. When applying the prediction models on their
sample, they found that sensitivity, and mainly speciWc-
ity, were lower than what the authors of previously
published articles had obtained. Rowly et al. tried to
explain these diVerences adducing that their popula-
tion’s average BMI (37.1 kg/m2) was higher than that
of the other authors. Furthermore, in their population,
the sex distribution was more balanced in relation to
the other studies (191 men and 179 women). They con-
clude that although these models were not able to dis-
tinguish the presence or absence of OSA, they would
be useful for giving priority to a split night PSG (the
same night is divided in two parts, one to obtain a diag-
nostic PSG and the other to establish the optimal pres-
sure for treatment with CPAP) in those patients with a
high probability of having OSA, according to these
models. In conclusion, most authors, in accordance
with our results, conclude that it is possible to identify
OSA patients on the basis of medical history and the
Wndings of the physical examination.

Predictive model

Several studies have tried to Wnd diagnostic methods
that allow diVerentiating patients with OSA before car-
rying out a polysomnographic study. Logistic regres-
sion models use various combinations of clinical
variables to predict the presence of OSA for diVerent
AHI cut-oV points in patients sent by doctors special-
ized in sleep [9, 15, 17, 22]. Results have varied,
depending fundamentally on the existing medical prob-
ability of having OSA and on the AHI cut-oV point,
although generally they have presented a high sensitiv-
ity (greater than 85%) and a low speciWcity (less than
55%) [31].

Martinez et al. [26] have described a logistic equa-
tion that presented an excellent predictive capacity in
patients with an AHI = 30. This equation included four
habitual variables in the published prediction equa-
tions to date, such as the presence of HTA, the pres-
ence of observed and repeated apnoeas, and the ESS
and BMI values, all of which are considered dichoto-
mizing variables, the latter two with cut-oV points of 11
and 30, respectively. According to odds ratio (OR)
value reach for each one of these variables, it would
seem that, using higher AHI cut-oV points than usual,
there was no a qualitative change in the variables that
were Wnally included in the equation, although there
did exist a signiWcant change in the relative weight of
the same ones regarding their predictive power. The
presence of HTA (OR = 11.9) and a high score in ESS

(OR = 4.47) was more important than age, sex, and the
anthropometric presence of apnoeas or variables (neck
circumference or the BMI). This study would not be
applicable to those individuals whose companions do
not know of the appearance of such apnoeic events, for
instance, in individuals who live or sleep alone. The
explanation of why the equation of these authors pre-
sented an important diagnostic and predictive capacity
can be complex. Probably, this is due to the fact that
this study presents two characteristics that make the
calculated prediction equation more globally eVective
than the usual one: the high cut-oV point chosen and
the high probability pre-test for presenting it, since
none of the variables that comprise of the Wnal equa-
tion presents low sensitivity. Rather, each one is mod-
erate (between 50 and 67%). Therefore, it is important
to highlight that the diagnostic value of our equation
could change if applied to populations with characteris-
tics that diVered from those of our population.

Conclusions

The results obtained in this study allow us to conclude
that the variables shown in the algorithm obtained are
those that best predict the number of respiratory
events during sleep in patients studied for suspected
OSA. Thus, it would be possible to base OSA patient
identiWcation on medical histories and the Wndings of
physical examinations, because the algorithm proposed
may be a good screening method to the identiWcation
of patients with OSA.
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