CRANIOFACIAL PHENOTYPING OF OSA

Prediction of Obstructive Sleep Apnea with Craniofacial Photographic Analysis
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Study Objectives: To develop models based on craniofacial photo-
graphic analysis for the prediction of obstructive sleep apnea (OSA).
Design: Prospective cohort study.

Setting: Sleep investigation unit in a university teaching hospital.
Patients: One hundred eighty subjects (95.6% Caucasian) referred for
the initial investigation of OSA were recruited consecutively.
Interventions: Clinical assessment and frontal-profile craniofacial pho-
tographic analyses were performed prior to polysomnography. Predic-
tion models for determining the presence of OSA (apnea-hypopnea in-
dex [AHI] = 10) were developed using logistic regression analysis and
classification and regression trees (CART).

Measurements and Results: Obstructive sleep apnea was present
in 63.3% of subjects. Using logistic regression, a model with 4 pho-
tographic measurements (face width, eye width, cervicomental angle,
and mandibular length 1) correctly classified 76.1% of subjects with and
without OSA (sensitivity 86.0%, specificity 59.1%, area under the re-

ceiver operating characteristics curve [AUC] 0.82). Combination of pho-
tographic and other clinical data improved the prediction (AUC 0.87),
whereas prediction based on clinical assessment alone was lower
(AUC 0.78). The optimal CART model provided a similar overall classi-
fication accuracy of 76.7%. Based on this model, 59.4% of the subjects
were classified as either high or low risk with positive predictive value
of 90.9% and negative predictive value of 94.7%, respectively. The re-
maining 40.6% of subjects have intermediate risk of OSA.
Conclusions: Craniofacial photographic analysis provides detailed
anatomical data useful in the prediction of OSA. This method allows
OSA risk stratification by craniofacial morphological phenotypes.
Keywords: Obstructive sleep apnea; craniofacial abnormalities; pho-
togrammetry; prediction
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OBSTRUCTIVE SLEEP APNEA (OSA) ISAVERY COMMON
DISORDER ASSOCIATED WITH SNORING, REPETITIVE
UPPER AIRWAY COLLAPSE DURING SLEEP, OXYGEN de-
saturation and sleep fragmentation.'* It is associated with increased
cardiovascular morbidity, motor vehicle accident risk, and overall
mortality.® The diagnosis of OSA is cumbersome because of the
need for specialist assessment and overnight monitoring in a sleep
laboratory. The latter is expensive, labor intensive, and resource
limited.* As a result, the recognition of OSA in the community is
low, and the majority of sufferers of OSA are as yet undiagnosed.’
Hence, there is a critical clinical need to develop methods to im-
prove recognition and diagnosis of OSA in the community.

Prediction algorithms have been developed for risk stratifica-
tion and screening of subjects for OSA. These algorithms are
based mainly on data such as patient demographics, symptoms,
and measures of obesity.*” While obesity is generally consid-
ered the major risk factor for OSA,® craniofacial morphology
is increasingly recognized as an important interacting factor
in OSA pathogenesis.”!" However, craniofacial or intraoral
risk factors are included in only a minority of OSA prediction
algorithms.'*!* This relates to the impractical nature of the cur-
rently available craniofacial assessment techniques. Further-
more, the suboptimal accuracy of these clinical algorithms and
complexity of some measurement techniques limit their routine
use in the clinical diagnosis of OSA.
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We have developed a photographic analysis technique which
allows detailed quantitative assessment of craniofacial mor-
phology. These craniofacial photographic measurements appear
to capture a number of risk factors relevant to OSA, including
skeletal restriction, regional adiposity and obesity (see com-
panion article “Craniofacial Phenotyping in Obstructive Sleep
Apnea - A Novel Quantitative Photographic Approach ). This
technique could be useful in a number of clinical and research
applications where high throughput is a requirement, such as
in epidemiological research. We hypothesized that craniofacial
photographic analysis would also be a useful technique in the
prediction of OSA. The primary aim of this study was to de-
velop prediction models based on craniofacial photographic
measurements for the prediction of OSA, and to compare these
to models based on other clinical data.

METHODS
Subjects

Subjects referred for polysomnography to a university teaching
hospital for the initial investigation of OSA were recruited con-
secutively. Exclusion criteria included those with a known history
of syndromal craniofacial abnormalities (e.g., Down syndrome),
previous craniofacial surgery, and excessive facial hair that sig-
nificantly obscured facial landmarks. Subjects of all ethnicity
(self-reported) were included. Clinical assessment and the stan-
dardized photographic procedure were performed on all subjects
on the same day as the polysomnography. All data collection and
photographic analyses were carried out by a single investigator
(RL) who was blinded to the result of polysomnography. Ethics
approval was obtained from the institutional ethics committee,
and written informed consent was obtained from all subjects.
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Standardized Photographic Technique

Frontal and profile photographs of the head and neck were
obtained with a standardized setup using a single-lens reflex
digital camera (D70 with 18-70mm lens and external flash unit
SB-29s; Nikon Corp., Japan). Prior to the photographs, certain
bony and cartilaginous landmarks were pre-identified on the
subjects by palpation and marked with a white tape. The stan-
dardized technique used for subject alignment and its test-retest
reliability are described in the companion article “Craniofacial
Phenotyping in Obstructive Sleep Apnea - A Novel Quantitative
Photographic Approach.””

Craniofacial Photogrammetry

Using image analysis software (Image J v1.36, NIH, Bethes-
da, MD), the photographs were examined for landmark digitiza-
tion. Craniofacial landmarks of interest were captured as pixel
coordinates (x, y) of the image which were then transferred to
a custom-programmed spreadsheet for the computation of lin-
ear, angular, area, and polyhedral volume measurements. Pixel
measurements were converted to metric dimensions based on
a conversion scale of 52 pixels/cm. In addition to the 71 mea-
surements obtained in the previous study, another 62 related
craniofacial measurements were included (133 measurements
in total). These measurements represented the dimensions and
relationships of the various craniofacial regions including the
face, mandible, maxilla, eyes, nose, head, and neck (see supple-
mentary data: Appendix 1).

Clinical Assessment

Subject data on demographics, symptoms of OSA, comor-
bidities, and Epworth Sleepiness Scale (ESS) were obtained
by questionnaire. Anthropometric assessment included neck
circumference, waist circumference, and body mass index
(BMI). Oropharyngeal assessment was performed with stan-
dardized techniques as described in previous studies.'>!*1¢
These included the assessment of the modified Mallampati
class (MMC) (assessed with mouth wide open without pro-
trusion of the tongue: [I] tonsils, pillars and soft palate were
clearly visible; [II] uvula, pillars and upper pole were visible;
[TII] only part of the soft palate was visible; [IV] only the hard
palate was visible), pharyngeal grade (assessed with mouth
wide open and maximal protrusion of the tongue: [I] palatopha-
ryngeal arch [ppa] intersects at the edge of the tongue; [II]
ppa intersects at 25% or more of the tongue diameter; [III]
intersects at 50% or more; [IV] intersects at 75% or more),
tonsillar grade ([1] previous tonsillectomy or tonsils not seen;
[1I] tonsils visible behind the anterior pillars; [III] tonsils ex-
tended 75% of the way to the midline; [[V] tonsils completely
obstructing airway), uvula size (considered enlarged if its ap-
proximate length is > 1.5 cm and width > 1 cm), tongue size
(considered enlarged if its superior border was above the level
of the mandibular occlusal plane, in association with tongue
ridging) and the presence of overjet (present if there was a
greater than 3 mm anterior-posterior distance between the up-
per and lower incisors during occlusion).
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Polysomnography

Diagnostic polysomnography (PSG) was performed in ac-
cordance with previous studies and recommendations.'”!* Sleep
staging was determined using standardized definitions." Apnea
was defined as complete airflow cessation for > 10 seconds with
oxygen desaturation of at least 3% and/or associated with arous-
al. Hypopnea was defined as a reduction in amplitude of airflow
or thoracoabdominal wall movement > 50% of the baseline mea-
surement for > 10 seconds with an accompanying oxygen desatu-
ration of at least 3%, and/or associated with arousals. Apnea-hy-
popnea index (AHI) was calculated as the total number of apneas
and hypopneas per hour of sleep. Polysomnography scoring was
performed by experienced accredited sleep technologists.

Data and Statistical Analysis

Predictive models for OSA were developed using 2 different
statistical approaches, namely logistic regression (SPSS v13.0
for Windows, SPSS Inc., Chicago, IL, USA) and classification
and regression tree (CART) analyses (Salford Systems [2006],
CART Extended Edition Version 6.0, San Diego, California,
USA).? In both analyses, the presence of OSA was defined by
an AHI > 10 events per hour and those without OSA were de-
fined by an AHI of < 10 events per hour.

Logistic Regression

All 133 photographic measurements were initially considered
and a multistep process was employed to reduce the number of
variables for further analysis. Multi-colinearity reduced the total
number of measurements to 105. These were further reduced us-
ing forward stepwise regression of the log-transformed AHI (with
the addition of 1) for each group of measurements (linear, angles,
areas, and volumes). This approach led to the reduced set of 13
variables (see Appendix 1: L27, L61, L62, L65, AN18, AN19,
AR3, AR9, AR14, AR20, V2, V13, and V19) for further analysis
to derive the OSA prediction models. Forward likelihood ratio lo-
gistic regression of the remaining set of variables was employed
to generate the photographic prediction model for OSA (Logistic
Regression Model 1). Logistic Regression Model 2 was developed
by replacing selected variables from Logistic Regression Model 1.
Backward likelihood ratio logistic regression was used to develop
the clinical and combined clinical/photographic prediction mod-
els (Logistic Regression Models 3 and 4). A total of 16 clinical
variables were considered (age, sex, BMI, neck circumference,
waist circumference, hypertension, diabetes mellitus, alcohol use
> 20g/day, witnessed apneas, ESS, MMC, pharyngeal grade, ton-
sillar grade, enlarged uvula, enlarged tongue, and overjet) for the
clinical models. Classification accuracy, model characteristics,
predictive values, and receiver operating characteristic (ROC)
curves were calculated for each model. The probability threshold
used for classification of OSA was 0.50.

Classification and Regression Tree (CART)

Classification and regression tree analysis is a predictive method
that uses nonparametric techniques to evaluate data and account for
complex relationships.?' In this type of analysis, there is progres-
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Table 1—Subject Characteristics

N (%)

Number of subjects 180

Males (%) 137 (76.1%)
Age (years)
Ethnicity — Caucasians 172 (95.6%)
Anthropometry

BMI (kg/m?) -

Neck circumference (cm) -

Waist circumference (cm) -
Symptoms

Epworth Sleepiness Scale (ESS)

Witnessed apneas
Polysomnography

Total AHI -

Minimum SaO, (%) -

86 (47.8%)

Mean £+ SD Range
534+143 20-86
293 +5.13 19.5-50.9
41.3 +4.48 30.5-55.0
105+ 14.4 70.0-148
8.82 +£4.99 0-23
22.7+£21.7 0-110
83.5+£10.1 36-99

sive splitting of the population into subgroups that are based on the
predictive independent variables. The variables chosen, discrimi-
natory values of the variables, and the order in which the splitting
occurs are all produced by the underlying mathematical algorithm
to maximize predictive accuracy. A 10-fold cross-validation pro-
cess was applied during the development of the CART models in
order to minimize over-fitting of the data. This cross-validation
procedure involved modelling using a proportion (90%) of the data
and validation with the remaining (10%), and then repeating with
a different one-tenth of the data until all data have been covered.
All 133 photographic measurements and every value of splits of
these measurements were analyzed with CART in order to con-
struct models that can optimally separate subjects with and without
OSA. The classification trees were built by continuing splitting of
cases to achieve “terminal nodes” which are clusters of cases with
or without OSA. Models using a single photographic measure-
ment, multiple photographic measurements, and combinations of
photographic and clinical measurements were constructed.

RESULTS
Subject Characteristics

A total of 180 subjects were included in the analysis; ob-
structive sleep apnea (AHI > 10) was present in 114 subjects
(63.3%). Three subjects were excluded from analysis (2 subjects
did not complete the PSG; 1 subject was found to have central
sleep apnea). Twelve subjects (5 females, 7 males) declined
study participation. Characteristics of the subjects, clinical data,
and polysomnographic indices are summarized in Table 1 and
Appendix 2 (supplementary data). Details of the logistic regres-
sion models are contained in Appendix 3 (Supplementary data
available at www.journalsleep.org).

Logistic Regression Analysis

Logistic Regression Model 1 — Calibrated Photographic
Measurements

This model had the highest overall correct classification
with the least number of variables. Probability of OSA (AHI
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> 10) can be calculated by the formula: 1 / (1+e%), where z =
-9.235 + 1.442 (face width [cm]) - 2.872 (eye width [cm])
+ 0.02 (cervicomental angle [degree]) - 1.224 (mandibular
length 1 [cm]). This model classified 76.1% of the subjects
correctly. It had a sensitivity of 86.0%, specificity of 59.1%,
positive predictive value (PPV) of 78.4% and negative predic-
tive value (NPV) of 70.9%. The area under the ROC curve was
0.82 (Figure 1A). In those who were incorrectly classified, the
mean AHI was significantly lower than those who were cor-
rectly classified (12.9 versus 25.9 events/hr, P < 0.001); but
there was no difference in age, BMI or neck circumference
between these groups.

Logistic Regression Model 2 — Uncalibrated Photographic
Measurements

In order to allow uncalibrated photographs to be used for
OSA prediction, Logistic Regression Model 1 was simplified
by using ratio and angular measurements instead of calibrated
metric measurements. This model used the face width-eye
width ratio to replace the individual measurements and man-
dibular-nasion angle 2 instead of mandibular length 1. Prob-
ability of OSA can be calculated using z = -4.516 + 1.528
(FER [face width-eye width ratio]) + 0.025 (cervicomental
angle [degree]) - 0.262 (mandibular-nasion angle 2 [degree]).
This model classified 71.1% of the subjects correctly. It had
a sensitivity of 80.7%, specificity of 54.5%, PPV of 75.4%,
and NPV of 62.1%. The area under the ROC curve was 0.80
(Figure 1A).

Logistic Regression Model 3 — Clinical Measurements

This prediction model for OSA was built using all the clini-
cal variables. Age, BMI, and witnessed apneas were identified
as independent predictors for OSA. This model classified 76.1%
of the subjects correctly. It had a sensitivity of 86.0%, specific-
ity 0f 59.1%, PPV of 78.4%, and NPV of 70.9%. The area under
the ROC curve was 0.78 (Figure 1B), which was smaller than
either of the photographic models (Logistic Regression Models
1 and 2).
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Figure 1—Receiver Operating Characteristic (ROC) Curves for
Logistic Regression Models. A — Logistic Regression Models 1
(Calibrated Photographic Measurements) and 2 (Uncalibrated
Photographic Measurements); B — Logistic Regression Models 3
(Clinical Measurements) and 4 (Photographic and Clinical Mea-
surements). AUC = area under the curve.

Logistic Regression Model 4 — Photographic and Clinical
Measurements

This model was developed with the reduced set of 13 photo-
graphic measurements and all the clinical variables. Similar to
Logistic Regression Model 1, face width, eye width, and man-
dibular length 1 remained independent photographic predictors
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Node 1
Class =1
AN19 = 89.80
Class Cases %
0 66 36.7
1 114 63.3
N=180
) |
AN19 < 89.80 AN19 > 89.80
Terminal Terrﬁinal
Node 1 Node 2
Class =0 Class = 1
Class Cases % Class Cases %
0 61 50.8 0 5 8.3
1 59 492 1 55 91.7
N=120 N =60
T I
Figure 2—CART Model 1: Single Photographic Measurement.
Fifty-five out of 60 (91.7%) subjects in terminal node 2 (*) had
OSA. (AN19 = mandibular width-length angle [degrees]. Class
0=No OSA; Class 1 =0SA.)

for OSA. Witnessed apnea and MMC were the only clinical
variables further contributing to the model, although the con-
tribution of MMC was small. This combined photographic and
clinical model classified 79.4% of the subjects correctly. It had
a sensitivity of 85.1%, specificity of 69.7%, PPV of 82.9%, and
NPV of 73.0%. The area under the ROC curve was highest at
0.87 (Figure 1B).

Classification and Regression Tree (CART) Analysis

CART Model 1 - Single Photographic Measurement

The simplest CART model used a single photographic mea-
surement (mandibular width-length angle) to classify 64.4% of
the subjects correctly with 2 terminal nodes (Figure 2). In this
model, if the mandibular width-length angle was > 89.8 de-
grees, 55 out of 60 subjects (91.7%) had OSA. If the angle was
< 89.8 degrees, 61 of 120 subjects (50.8%) did not have OSA.
This model had a sensitivity of 48.2%, specificity of 92.4%,
PPV 0f 91.7%, and NPV of 50.8%. In other words, one-third of
the cases (60 of 180 subjects) were classified as having a high
risk of OSA of 91.7%.

CART Model 2 — Multiple Photographic Measurements

This model used 4 photographic measurements (mandibular
width-length angle, neck depth, mandible width, face width-lower
face depth angle) to classify 76.7% of the subjects correctly with 5
terminal nodes (Figure 3). This model had a sensitivity of 70.2%,
specificity of 87.9%, PPV 0f 90.9%, and NPV of 63.0%. Based on
this model, 80 of 88 subjects (90.9%) in terminal nodes 2, 4, and
5 collectively had OSA and 18 of 19 subjects (94.7%) in terminal
node 1 did not have OSA. The remaining 73 subjects at terminal
node 3 had intermediate risk of OSA of 45.2%. In other words,
59.4% (107 of 180) of the subjects were classified as either high or
low risk with PPV 0f 90.9% and NPV of 94.7%, respectively.
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Figure 3—CART Model 2: Multiple Photographic Measurements.
Collectively, 80 out of 88 (90.9%) subjects in terminal nodes 2, 4,
and 5 (*) had OSA and 18 of 19 (94.7%) subjects in terminal node
1 (1) did not have OSA. (AN19 = mandibular width-length angle
[degrees]; L61 = neck depth [cm]; L63 = mandible width [cm];
AN21 = face width-lower face depth angle [degrees]. Class 0 =
No OSA; Class 1 = OSA.)

Other CART Models

A more complex CART Model (with 8 terminal nodes) based
on 2 uncalibrated photographic measurements (FER [face
width-eye width ratio] and mandibular-nasion angle 2) clas-
sified 76.1% of the subjects correctly. Another CART model
combining clinical and multiple photographic measurements
(mandibular width-length angle, FER, anterior neck space
area, total face height - vertical and witnessed apneas) classi-
fied 81.1% of the subjects correctly.

DISCUSSION

Craniofacial photographic analysis provides detailed quan-
titative information of the craniofacial morphology. This study
demonstrates that anatomical data useful for the prediction of
OSA can be obtained from photographic analysis. Both methods
of modelling provide correct subject classification in approxi-
mately 76%, based solely on the photographic measurements. A
summary of all the prediction models is presented in Table 2.

Prediction of OSA using only photographic measurements
performs better than a clinical model as suggested by the ROC
analysis. Combination of the photographic and clinical data may
further improve prediction, although in both modelling tech-
niques, witnessed apneas was the only questionnaire item of ad-
ditional predictive value. Notably, the combined photographic
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and clinical models did not identify any demographic data, obe-
sity-related (e.g., BMI or neck circumference) or oropharyn-
geal measurements (except a small contribution of the MMC
in logistic regression model 4) as independent predictors. This
suggests craniofacial photographic measurements, which cap-
ture composite elements of craniofacial structure and regional
adiposity, could be more important predictors for OSA.

The photographic measurements identified in the logistic re-
gression models appear to capture a range of anatomical risk
factors for OSA.?>> These include general and regional obesity
(face width), fat deposition on the anterior neck (cervicomental
angle), mandibular deficiency (mandibular length), and pos-
sibly inferior hyoid position (cervicomental angle). Eye width
as a predictor for OSA has not been previously reported. This
measurement may reflect the dimensions of the bony orbit,
which is in turn closely related to the cranial base; the latter is
well described to exert considerable influence on craniofacial
development.?

Classification and regression tree (CART) analysis identified
photographic measurements that similarly capture anatomical
risk factors for OSA. For example, mandibular width-length
angle and face width-lower face depth angle capture composite
anatomy of regional facial obesity and mandibular restriction.
These analyses also provide a decision tree approach for OSA
risk stratification, such that those at high or low risk (~60% of
subjects in CART Model 2) and intermediate risk (~40%) can be
identified. In addition, these analyses also illustrate that in sub-
jects with OSA, there are distinct morphological phenotypes
with different craniofacial characteristics (e.g., subject clusters
at terminal nodes 2, 4, and 5 in CART Model 2). Methods of
subject stratification by craniofacial morphological phenotypes
may potentially have novel research and clinical applications,
such as a craniofacial phenotyping tool in epidemiological re-
search or a diagnostic screening tool in clinical practice. How-
ever, to realize such applications requires the simplification of
the technique we have described.

Prediction models for OSA have been developed largely
based on demographic data, symptoms and anthropometric
measures of obesity.®”?”* While these parameters are easier to
obtain, the computation of these algorithms remains complex
for the clinical setting. Predictive ability varies greatly between
these models, with sensitivities ranging from 76% to 96% and
specificities ranging from 13% to 54%.*° This may be related to
differences in the variables used, statistical techniques, and sub-
ject population in which the models were developed. Overall,
given the limitations and suboptimal predictive abilities of such
clinical models, their routine use in practice remains limited.

Despite the importance of craniofacial and intra-oral fac-
tors in determining OSA risk, these factors are only included
in a few prediction algorithms.'***! Techniques available for
obtaining these measurements remain restricted with regard
to their qualitative nature,'? radiation risk®' and complexity.'
Furthermore, a simplified bedside method of craniofacial as-
sessment appeared to leave a significant proportion (~60%) of
subjects unclassified.'

The photographic technique used in this study overcomes
some of these limitations. In addition to its safety and relative
availability, photographic analysis provides detailed quantita-
tive data across various craniofacial regions. Using these pho-
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Logistic Regression Model 3 — Clinical Measurements

CART Model 1 - Single Photographic Measurement
CART Model 2 — Multiple Photographic Measurements

Table 2—Summary of the Logistic Regression and Classification and Regression Tree (CART) Models in the Prediction of OSA

Logistic Regression Model 1 — Calibrated Photographic Measurements
Logistic Regression Model 2 — Uncalibrated Photographic Measurements

Logistic Regression Model 4 — Photographic and Clinical Measurements

ftmodel built using measurements that do not require calibration (e.g., ratios and angular measurements); ROC AUC = receiver operating
characteristic, area under the curve; BMI = body mass index; WA = witnessed apneas; MMC = modified Mallampati class

Number of Number of Overall ROCAUC
Photographic  Clinical Correct
Variables Variables Classification
4 - 76.1% 0.82
4 - 71.1% 0.80
- 3 (Age, BMI, WA) 76.1% 0.78
3 2 (WA, MMC) 78.3% 0.87
1 - 64.4% 0.68
4 - 76.7% 0.84

tographic data with the CART models could distinctly divide
subjects into different OSA risk categories. Those with high or
low clinical risk of OSA may undergo alternative diagnostic
evaluations, thereby potentially reducing the need for polysom-
nography. While models presented in this study represented the
optimal balance of test characteristics, the ultimate choice of
cut-off probability (logistic regression models) or discrimina-
tory values of measurements (CART) to maximize sensitivity
or specificity will depend on the clinical context in which the
models are to be used. Craniofacial photographic prediction of
OSA may also have higher accuracy, compared to the clinical
models, in certain ethnic populations where OSA risk is less
attributed to obesity.’*** Uncalibrated measurements such as
craniofacial ratios and angles can also provide OSA prediction.
This method may potentially allow prediction of OSA with
photographs taken using any camera (e.g., photographs taken
by patients or by driver license authority), although further vali-
dation is required.

Further studies will be needed to address some of the limita-
tions of this study. Firstly, prospective validation of the models
will need to be undertaken in both sleep clinic and community
populations to assess clinical utility. Secondly, the photographic
models will need to be tested at different AHI levels in combi-
nation with OSA symptoms with an aim to develop diagnostic
pathways involving portable sleep monitoring. Subjects in this
study were at higher risk for OSA as they were recruited from
a sleep laboratory population, although the prevalence of OSA
in this study was comparable to those from other institutions.
Overall, our cohort of subjects had lower ESS and BMI and
thus might be at the milder end of the spectrum of disease, in-
cluding a proportion of subjects who were minimally symptom-
atic. However, as all the subjects recruited had been referred for
polysomnography after assessment through usual clinical care
involving their primary care physician and sleep physician or
pulmonologist, we believe the sample was representative of the
local population demographics. While ethnicity is an important
consideration, the majority of the subjects in this study were
of Caucasian background. Future studies will need to examine
the utility of the photographic models in non-Caucasian popu-
lations. Limitations in regard to the craniofacial photographic
analysis technique may include possible errors from subject
alignment, camera lens distortion or projection errors. While
these issues may affect the accuracy of the technique, they are
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generally minor as demonstrated in our previous study (Cran-
iofacial Phenotyping in Obstructive Sleep Apnea - A Novel
Quantitative Photographic Approach®). The non-linear nature
of craniofacial anatomy cannot be captured by these measure-
ments. In addition, measurements relate mainly to size rather
than shapes. The latter may provide additional insights into the
OSA craniofacial phenotype.

In relation to the statistical approaches, CART analysis pro-
vided an alternate approach to examine the data based on pro-
gressive binary splitting of data, therefore avoided the problems
of colinearity and parametric assumptions with logistic regres-
sion analysis. Furthermore, a distinct advantage of CART is
that it is well suited to the generation of decision rules.***5 No-
tably, both statistical approaches of modelling resulted in simi-
lar predictive accuracy and concordance. While any methods of
modelling will produce a better fit of the current data compared
to new datasets, the 10-fold cross-validation procedure in the
CART modelling would minimize over-fitting of the data. In
addition, the cross-validation process provided an assessment
of the accuracy of the “within model” prediction, which was
in the range of 61% to 76%. A subsequent prospective study
will be required to examine the accuracy and clinical utility of
all the prediction models. Other methods of data analysis (e.g.,
principal component analysis) may provide new insights into
the influence of craniofacial phenotype on OSA risk.

In summary, using a novel craniofacial photographic analysis
technique, we have developed potentially useful clinical predic-
tion models for the identification of OSA based on craniofacial
morphological phenotypes. This approach may potentially have
other research and clinical applications in OSA.
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