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SUMMARY: The aim was to find craniofacial morphology patterns in a multivariate cephalometric database using a clustering
technique. Cephalometric analysis was performed in a sample of 100 teleradiographs collected from Chilean orthodonfibipgtients.
cephalometric measurements were taken from commonly used analysis. The computed variables were used to perform a clustering
analysis with the k-means algorithm to identify patterns of craniofacial morphology. The J48 decision tree was used &aemalyze
cluster, and the ANOVA test to determine the statistical differences between the clusters. Four clusters were foundytiifitdnad si
differences (P<0.001) in 24 of the 30 variables studied, suggesting that they represent different patterns of craniofbisialgdne
decision tree, 8 of the 30 variables appeared to be relevant for describing the clusters. The clustering analysisiis idfatifiiag
different craniofacial patterns based on a multivariate database. The distinct clusters appear to be caused by differemogeirsation
process of the facial structure responding to a genetically determined cranial and mandible form. The proposed methptiechtobe ap
several databases, creating specific classifications for each one of them.
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INTRODUCTION

A child’s face is not a miniature version of an adult'@l., 2005). These differences are observed in the way the
face; in fact, it does not have the same proportions betwefgne is related to the cranium, in the general contour of the
the different parts and regions that constitute a face. Theofile and in the relationships of the teeth to the skeletal
progressive facial growth is a differential growth processomponents of the face (Downs, 1949).
meaning that some parts or regions grow in size earlier or
later than others, and they do it in different ranges, The facial patterns, have been extensively studied
directions, and magnitudes. Therefore, the growing proce&ycketts, 1957; Koch & Bartsch, 1996; Riesmegeal,
of the face involves a sequence of maturing steps, whigd04; llayperuma, 2011; Bedogaal, 2012) in order to
finally establishes the dimensions, angles, and proportioi@gilitate the diagnosis and the design of better treatment
of an adult face (McCarthy, 1990). plans in many disciplines of the medical sciences related

within the form and facial improvement as plastic surgery,

There is a “normal” craniofacial growth, in whichmaxillofacial surgery and orthodontics (Chvatahl).

a down and forward general growth direction is maintained,

however, the development of craniofacial components can ~ In orthodontics, facial patterns are relevant,

occur at different times, rates and with predominance because the variations of each individual should be

one or another determined direction (McCarthy). considered, and each case treated according to its own
requirements (Downs), in this context, many studies have

This leads to variations in the morphology of théeen in favour of a more individualized treatment
maxillofacial complex, which can be classified intoapproach according to the individual skeletal pattern (Kim
determined facial types, patterns or biotypes (Chital et al, 2005; Bedoyat al).
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Therefore, the identification of facial patterns coulalassifying the data, as well as, to explore the characteristics
be used as a basis for developing growth predictors. Thisakthe patterns found.
especially important in preadolescents and adolescents
patients, which are experimenting significant changes due to In a second stage the patterns found could be used as
the growth process in their occlusion, facial skeleton, ardass labels for prediction, thus, helping in the decision
profile (Bishara, 2000), because the direction and magnitudeaking of the treatment plan in growing patients.
of the growth can act positively in the correction of a
malocclusion, helping with the mechanics of the treatment,
or if these changes are not considered, there is a risk that dM&TERIAL AND METHOD
treatment will have no effect or even worse, increase the
patient’s anomaly (Gregoret, 2002). Also, it is not possible to
know where to position the teeth unless it is known whe@ephalometric Data A sample of 100 lateral
the bony bases will be during the growth process, and at tieéeradiographies was collected from Chilean patients, 47
end of the treatment. A growth prediction is important nanales (mean age: 14#1.87 years old) and 53 females
only in the treatment planning and the treatment provisiofmean age: 14.% 2.42 years old). These patients were
but it is equally important in the evaluation of prognosis duringandomly selected from the files of two orthodontic”s clinics
retention and post-retention (Kocadereli & Telli, 1999). in Santiago, Chile. Patients that were treated with orthopedic
therapies like protraction facemask, functional appliances,
The most used and versatile technique in thand extra oral forces were excluded from the sample because
investigation of the craniofacial skeleton is the cephalometiyyose therapeutic appliances could modify the craniofacial
name that is given to the morphological study of all theorphology. Then, reference points were marked (Figure
structures present in a human head (Vojadral, 2009). 1) and a calibrated examiner drew cephalometric traces
This technique consist in the identification of anatomicahanually. The measures (30 variables) were taken from
reference points (landmarks), on a lateral cranium radiograpbmmonly used cephalometric analysis (Table 1) (Zamora
(lateral teleradiography); and the algebraic measurement®Duarte, 2003).
lines, angles and ratios, obtained from traces connecting the
landmarks (MclIntyre & Mossey, 2003). In order to evaluate the intraexaminer error,
cephalograms of 10 patients were re-measured after 15 days,
Based on cephalometric analysis, several patteamd the intraclass correlation coefficient (ICC) was
classifications have been described (Downs; Rickettsalculated.
Sassouni, 1969; Schudy, 1964), but most of them use a
limited number of variables, the variables are choseBlustering. The computed attributes were used to perform
arbitrarily or have been analyzed separately, anteriorly, arclustering analysis, with the k-means algorithm, in order
vertically. to identify the different patterns with the data mining soft-
ware Weka (Witten & Frank, 2005).
In this aspect, a skeletal pattern classification, made
using sagittal and vertical morphological data considering a The clustering algorithm used was k-means
wide number of variables, can be useful in clinical practig@icQueen, 1967), which is a method for finding the natural
for better diagnosis and treatment planning. groupings of a data set. The k-means algorithm is shown in
Figure 2, where dist is the squared Euclidean distance.
The recognition of patterns, inherent in a population,
can be carried out by using unsupervised machine learning  One of the limitations of most clustering techniques,
techniques. These techniques are capable of groupingluding the k-means, is that the user must specify the number
individuals or cases from a data set, based on the similaritasclusters (k) before the algorithm is applied. Therefore,
or differences between their attributes, recognizinguman knowledge must be included in the clustering process,
subgroups, classes or patterns. This process is also knaenditioning the results. To reduce this problem, several
as clustering; the two terms are often used interchangeabigthods for selecting automatically the most plausible number
(Hardle & Simar, 2003). of clusters have been developed. In this paper, we selected k
by computing a cluster validity index proposed in Bezdek &
The objective of this work is, given a cephalometri®al (1998). To compute this measure, clusters were formed
data set, to present a new form of determining a facial biotypsing k=2,...,10. This procedure was repeated 30 times, and
classification, using unsupervised machine learning artlden the simulation that obtained the highest cluster validity
determining which of the variables are relevant foindex value was selected.
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The analysis of Shapiro-Wilk was performed
to evaluate the distribution of each variable, an
ANOVA analysis of variance, followed by Tukey
post-hoc test were conducted to verify difference
between the measurement. The level of significanc
adopted wass0.001.

To visualize the clusters formed, principal

component analysis (PCA) was used to project tt
30-dimensional data points onto a 2-dimensions 9
plane. Also, to explore which of the 30 variables ar
relevant for classifying a data example into one ¢
the clusters found, the J48 decision tree classifir
(Weka implementation of C4.5) (Quinlan, 1993) wa

used.

Table I. Cephalometric measurements (variables) recorded
for the present study.

Landmarks Variable

PBSa-PBSb (mm) Width of upper ai rway

PBlaPBlb (mm) Width of lower ai rway

Nap-A (mm) Nasion perpendicular to A Fig. 1. Landmarks used for the cephalometric analysis.

Nap-B (mm) Nasion perpendiculat to B

Co-Gn (mm) Mandible length

Co-A (mm) Maxilar length .

ENA-Me (mm) Lower anterior face heigth Input: D = {x!,..., xV} dataset, k = number of clusters

SNA (9) SNA angle Output: Partition of D into k clusters

SNB (9) SNB angle 1 Randomly create k centroids ¢, ..., ¢;

ANB () ANB angle 2 Assign each data point x*, for i = 1,..., N, to the cluster

SND (9) AND angle Jj =argmin,_; _;dist(c,,x");

N-S-Ar (9 Sdlaangle 3 while data points in some clusters change do

S-Ar-Go (%) Articular angle 4 Compute centroids ¢, .. ., Ck;

Ar-Go-N () Superior gonid angle 5 Assign each data point X', for i =1,..., N, to the cluster
N-Go-Gn (9 Inferior gonial angle J = argmin_y __ dist(c,, X');

SN (mm) Anterior crania baselength 6 end

S-Ar (mm) Posterior crania baselength ) )

Ar-Go (mm) Mandible ramus hdgth Fig. 2. The k-means algorithm.

Go-Gn (mm) Mandible base length

S-Go (mm) Posterior facial heigth

N-Me (mm) Anterior facid he gth

S-Ar/Ar-Go (mm) Quotient of SArandAr-Go  RESULTS

Lis-Ls(mm) Superior lip thickness

Lii-Li (mm) Inferior lip thickness

Pg-Pg" (mm) Pogonion thickness The ICC obtained was 0.87 considered almost perfect
Me-Me' (mm) Menton thickness according to Mandeville (2005). The results of the best cluster
Pts-Cp (mm) Mandibular area validity index for k=2,...,10, is shown in Figure 3. The higher the
M-Pts (mm) Maxillary area value of the index, the more plausible is k. The most plausible value
M-Clp-Cp (00) Condyleangle is k=2, but this result limits our analysis to two biotypes, which are
;2;0;5 20) S:V?Igof':c;?g:;gth general and not very specific. So for this study, the next most plau-
Po-Or/N-Pg () Facial depth sible value was used, k=4.

Ba-Na/Pt-Gn (°) Facial axe . . .
GoMe/Po-Or (%) Plane angle . The four clustgrs are.shown in Figure 4 using a PCA
Dc-Xi-Pm (9) Mandible arch projection. When k=2 is considered, clusters 2, 3, and 4 merge to

form one cluster.
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Cluster 1 is formed by 23 individuals (mean 1
age of 15.181.83), cluster 2 by 27 individuals (mean
age of 14.141.67), cluster 3 by 29 individuals (mean o9}
age of 14.22.18), and cluster 4 by 21 individuals
(mean age of 14.42.18). 0.8
x
The four clusters are statistically significantly g 07
different in 24 of the 30 (P<0.001) variables betweerg
them, suggesting that the groups formed represer=

? . . 0.6
actually different patterns of craniofacial form. §
o

Tukey post-hoc test, show the differences |

between pairs of clusters: cluster 1 is statistically
different in 19 variables from cluster 2, 14 variables %4
from cluster 3 and 15 from cluster 4. Cluster 2 is
statistically different in 10 variables from clusters 3 s 3 n 5

. L A : p
6 7 8 9 10

and 4, and finally, cluster 3 and 4 are statistically k
different in 13 variables. Fig. 3. Cluster validity index value (the higher the better) for different
values of k.
The age of the subjects (not included into th © i ' T j ’ i i
cluster analysis) was similar between the grou
formed, discarding that the differences in the volurr | . 5 |
of the structures, due to the possible variation of tl g 4 “ " *
growth stage of the paFients studied, could be a fac . . o 4 +_*;§: o +
that affects the clustering results. 2r g Wy *He+2+ o o 1
* ¥ L ot L +
* % %o Ogb t +F
The variables that turned out to be relevant | . 1&‘.*“0 %f +00 4
each cluster, using the J48 classifier, were 9| * * % @©
. . . . wt wxy O°0 0 o
mandibular length (Co-Gn), anterior facial height (N ) fﬁt *" e 0% O
Me), articular angle (S-Ar-Go°), anterior inferior _»| * =8 ™ e 8 5 §o+ + 1
height (ENA-Me), SNA®, Pts-M, sella angle (N-S-Ar°) . 0 A4 » © o a
and SNBC. With these variables, the J48 classifier w X c|::::; o t 4
cap_able .of corrgctly clagsifying 93 out of the 10 4[| & Custer3 C a + 1
patients into their respective clusters. D Cluster 4 o
) -6 1 'l L 1 2 1 L
The values of the relevant variables are shov -10 -8 -6 -4 -2 0 2 4 6

in Table II, and the classification rules obtained by th

. . . Ei . 4. Visualization of the clusters using principal component analysis.
J48 classifier are shown in Figure 5. g g princip P y

Table II. Values of relevant variables, age and vert index for each cluster.

Variable Clugter 1 SD Cluster 2 SD Clugter 3 SD Cluster 4 SD P value
Age (years) 15.13 1.83 14.14 1.67 14.2 277 14.47 2.18 0.372

Co-Gn (mm) 131.47 6.26 115.11 552 122.98 4.44 119.8 5.36 0.000***
N-Me (mm) 133.39 4.31 123.57 7.43 128.29 6.28 119.52 5.73 0.000***
S-Ar-Go (°) 147.02 7.34 151.01 6.62 147.46 7.14 139.69 57 0.000***
ENA-Me(mm) 79.54 3.16 73.16 5.15 75.2 4.88 69.33 4.72 0.000***
SNA (0 84.93 31 81.44 3.7 79.63 2.35 84.33 2.73 0.000***
Pts-M (mm) 56.91 2.53 5251 3.28 58.24 3.23 51.78 34 0.000***
N-S-Ar (°) 123.2 4.4 123.1 4.4 127 49 127.2 4.6 0.001***
SNB (9 81.1 3.89 76.66 3.52 76.13 2.33 80.4 243 0.000***

SD: Standard Deviation; ***£20.001.

1112



ARAYA-DIAZ, P.; RUZ, G. A. & PALOMINO, H. M.  Discovering craniofacial patterns using multivariate cephalometric data for treatment decision making in orthodontics.
Int. J. Morphol., 31(3)1109-1115, 2013.

cluster=1 cluster=3

cluster=2 cluster=3

<=72

cluster=2 cluster=3 cluster=4

<=1515\>151.5

cluster=4 cluster=2

Fig. 5. Result of the J48 decision tree classifier applied to the cephalometric data.

DISCUSSION
(ANB 4.99).
The ANB angle, that is extensively used to classify
patients into skeletal classes, is not significantly different In cluster 3, these individuals present a large

between the four clusters found. Nevertheless, it isandible, and they could have a bigger maxilla or a nor-
important to clarify that, in this sample, there were noal maxilla with a more retruded mandible. So, the patients
patients with negative ANB®, given that the sample was both cases maintain an acceptable sagittal relationship
taken randomly, so, this classification would be valid onlpetween both maxillae (ANB 3.6°).
for patients with ANEQ°.
In cluster 4, a tendency to obtain a sagittal harmony
Analyzing the variables that resulted to be relevam@iso was observed (ANB 4.4°), so that, having all a regu-
for each cluster, and other variables with significarar sized mandible, they could have a normal positioned
differences, we can describe the four clusters formeahd proportionally sized maxilla or a more anterior maxilla
searching for the singularity of each one: Cluster 1, is tllecompanied with a minor inferior facial height.
most different from the rest of the clusters, as we can ob-
serve in the visualization of the patients distribution (Fi- Analyzing the variables used by J48 for the
gure 4). They have the largest mandible (inferior maxillarglassification, there is, in the first place, the mandibular
and the largest and most advanced maxilla. However, tle@gth (Co-Gn), appearing to be the principal variable that
mean of the group maintains an acceptable sagitidivides individuals in two main groups. The anterior fa-
relationship between both maxillae (ANB 4°). cial height (ENA°-Me) plays also an important role for the
classification. Some variables, in the total sample, appear
Patients in cluster 2, instead, have the less poste-be negatively correlated: a minor total length of the
rior height and most retruded mandible, and the smallgrandible is often accompanied with a bigger mandibular
maxilla. However, the mean of the group, also maintairsse, a biggr anterior facial height, with a lower articular
an acceptable sagittal relationship between both maxillasgle, etc.
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Itis observed, justlike Enlow (1996) described, thaEONCLUSION
multiple compensations occur during growing and human
evolution, and these compensations, as observed in the
present study, occur following some rules, resulting in The clustering analysis is effective in identifying
patterns of compensations: some individuals would diffetifferent craniofacial patterns based on a multivariate database.
on the sagittal position of maxillary to compensate a mindihe distinct clusters appear to be caused by differences in the
or greater mandibular length and achieve a proximity toa@mpensation process of the facial structure responding to a
normal sagittal relationship, while others would differ orgenetically determined cranial and mandible form.
the facial height, on the mandible form or in the angulations
of the cranial base. The proposed method can be applied to several
databases, creating specific classifications of craniofacial
As we can see, the mandibular length is the firshorphology adapted to different populations. Also, this
relevant variable, and the reason for this, could be foundnmethod allows the discovering of patterns in an unsupervised
the strong genetic influence of its growth behavior whichmanner, which differs from previously described ones. This
along with the cranial structures would conform the scaffold an advantage, considering that this is carried out without
to the morphology development of the rest of the facaeferencing to any standard values.
Therefore, we can suggest that the craniofacial structures
offset the mandibular and cranial genetically predetermined Future research will consider an automatic
morphology. classification stage, which will classify new patients into
one of the four facial biotype patterns found in this work.
As afinal discussion, it can be said that the differertlso, each cluster should have associated a treatment plan,
patterns found in this study, are the results of how the entishich should take into account the characteristics of their
craniofacial complex compensates the dominant genebimtype patterns, thus, obtaining better results at the end of
influence of the mandible, in order to achieve faciahe treatment period.
harmony, and this information could be used to elaborate
more accurate diagnosis and individualized treatment Finally, more research is needed to validate our results
plans. and determine the possible applications of the craniofacial
biotypes found as part of the treatment plan process.

ARAYA-DIAZ, P.; RUZ, G.A. & PALOMINO, H. M. Descubriendo patrones craneofaciales usando datos cefalométricos multivariados
para la toma de decisiones en ortodorlaia.J. Morphol., 31(3)1109-1115, 2013.

RESUMEN: EI objetivo fue encontrar patrones morfoldgicos craneofaciales, a partir de una base de datos cefalométricos
multivariada, utilizando una técnica de clustering. Se realizd un andlisis cefalométrico a una muestra de 100 telerrpditgmafias
cientes a pacientes chilenos de ortodoncia. Treinta medidas cefalométricas obtenidas de los analisis mas utilizadostfagasn regi
Las variables computadas se utilizaron para realizar un analisis de clustering con el algoritmo k-medias, para ideotiésadeatr
morfologia craneofacial. El arbol de decision J48 se utilizd para analizar cada cluster, y test de ANOVA para deternmicias difere
estadisticamente significativas entre los clusters. Se encontraron cuatro clusters con diferencia estadisticamentass{grifigiii)
en 24 de las 30 variables estudiadas, lo que sugiere que efectivamente corresponden a diferentes patrones craneataddales. Utili
arbol de decision, se pudo determinar que 8 de las 30 variables resultaron ser relevantes en la definicion de losaclabses i€l
clustering es efectivo en identificar patrones morfolégicos craneofaciales usando una base de datos multivariada. Ldsigtistintos
encontrados, aparentemente se formarian a partir de diferencias en el proceso de compensacion de la estructura fasial agla respu
forma mandibular genéticamente determinada. EI método propuesto puede ser aplicado a multiples bases de datos, craeindo clasific
nes especificas para cada una de ellas.

PALABRAS CLAVE: Patrones craneofaciales; Patrones morfoldgicos; Técnica de clustering; Ortodoncia.
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