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-ABSTRACT-

Testing a better method of predicting postsurgery soft tissue
response in Class Il patients

A prospective study and validity assessment

Kyoung-sik Yoon

Graduate School, Seoul National University
(Directed by Professor Shin-Jae Lee, DDS, MS, PhD, PhD.)

Obijective: (1) To perform a prospective study using a new set of data to test the validity of a new
soft tissue prediction method developed for Class 11 surgery patients and (2) to propose a better
validation method that can be applied to a validation study.

Materials and Methods: Subjects were composed of two subgroups: training subjects and
validation subjects. Eighty Class 11 surgery patients provided the training data set that was used to
build the prediction algorithm. The validation data set of 34 new patients was used for evaluating
the prospective performance of the prediction algorithm. The validation was conducted using four
validation methods: (1) simple validation and (2) fivefold, (3) 10-fold, and (4) leave-one-out cross-
validation (LOO).

Results: The characteristics between the training and validation subjects did not differ. The
multivariate partial least squares regression returned more accurate prediction results than the
conventional method did. During the prospective validation, all of the cross-validation methods
(fivefold, 10-fold, and LOQ) demonstrated fewer prediction errors and more stable results than the
simple validation method did. No significant difference was noted among the three cross-
validation methods themselves.

Conclusion: After conducting a prospective study using a new data set, this new prediction
method again performed well. In addition, a cross-validation technique may be considered a better

option than simple validation when constructing a prediction algorithm.

Key Words: Soft tissue prediction algorithm; Prospective validation; Cross-validation
Student Number: 2011-22462
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Introduction

When it comes to evaluating a new patient for a surgical correction of a
severe malocclusion, how accurate are the prediction methods currently
available for clinicians? Will the predicted profile for the patient match with
the actual future postoperative profile? We understand that characteristics
vary among individual human beings. Therefore, doubts about a method’s
prediction validity are natural for clinicians who are accustomed to
encountering individual variations among their patients. Consequently,
even though a particular method may have demonstrated reliable
predictions within a particular study’s selected and established data set, a
prospective test of its validity with additional patients and a different data
set are still needed to better validate or invalidate its accuracy.

Recently, a new postoperative soft tissue prediction method has been
devised.! This method was based on a multivariate partial least squares
regression (PLS) that returned more accurate prediction results than
conventional methods. For the validity of this new prediction method to be
confirmed, its prediction errors should also be reliable for other types of
patients and additional data sets. Therefore, some form of prospective
study with a new set of data is needed. Several validation methods have
been developed, including simple validation and multiple cross—validation
methods.?® Choosing the best validation method is an additional challenge
when building a prediction algorithm. Proper selection of the validation
method is dependent on the characteristics of each data set.

The aim this present study is twofold: (1) to prospectively test, using a
new set of data, the validity of the aforementioned new soft tissue

prediction method developed for Class II surgery patients and (2) to
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propose a better validation method that can be applied to a validation study.
Differences among the validation methods and the steps of selecting the

method are also discussed.
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Materials and methods

The validity of the prediction method was studied prospectively in 34
consecutive patients who had severe Class II malocclusion and underwent
surgical correction. All subjects were composed of two subgroups: the
prediction group and the validation group. Lee et al.! previously suggested
a multivariate prediction method for Class II surgery patients. In the study
by Lee et al.! 80 patients provided the training data set that was used to
build the prediction algorithm. For this current study, 34 new patients were
used to evaluate the prospective performance of the prediction algorithm.
No patient included in this study had a cleft lip, cleft palate, an injury, or a
severe asymmetry. No medically compromised patients were included.
From July 2012 to June 2013, among a total of 53 new Class II surgery
patients, 34 were selected as wvalidation subjects according to the
aforementioned criteria. The characteristics for both the training subjects
and the new validation subjects are shown in Table 1. The institutional
review board (IRB) for the protection of human subjects reviewed and
approved the research protocol (Seoul National University School of
Dentistry, IRB No. S—=D20140020 and S—D20140021).

A total of 226 input variables, also called predictor variables, were
entered into the prediction equation. The predictor variables included the
patient’s age, sex, time after surgery, the amount of facial asymmetry,
existence of bimaxillary surgery, existence of genioplasty, 78 presurgical
skeletal measurements, 64 presurgical soft tissue measurements, and 78
variables with regard to the surgical skeletal repositioning in both the
anteroposterior and vertical directions. The output variables, also called

response variables, were the soft tissue responses at the 32 soft tissue
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landmarks, both in x— and y—axes, summing up 64 output variables. The
prediction algorithm used in this study was based on the modified PLS
method. The detailed PLS algorithm is available in previous publications.!”’

First, we compared real cases graphically to visualize the prediction
results between a conventional method and the new method. Figure 1
depicts and compares four profiles: (1) the original profile, (2) the actual
postoperative profile, (3) the predicted profile using the PLS algorithm
(red dotted line), and (4) the predicted profile (black dashed line) that was
produced from a current commercial software program using a
conventional method (V—Ceph version 4.3, Osstem, Seoul, Korea). The
Bezier spline function was used to connect the soft tissue landmarks to
create a profile line with a gentle curving contour.

Second, in the training data set from which the PLS algorithm was
derived, the training error was calculated as a measure of quality —of—fit
of the PLS prediction method. Then, in the validation data set, the
validation error was calculated as a measure of actual predictive
performance. Prediction errors were defined as the difference between
the actual result and the predicted position. Errors were expressed by
absolute values to avoid plus and minus errors from canceling each other
out.**

The traditional simple validation method of splitting the subjects into a
training group and a separate validation group limits both the subjects
available for formulating the prediction equation and its subsequent
validation. Using cross—validation techniques in which these data sets are
combined, the power of the prediction can be increased. Therefore, four
different validation methods were used: (1) simple validation, (2) fivefold

cross—validation, (3) 10—fold cross—validation, and (4) leave—one—out
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cross—validation (LOO). Figure 2 illustrates the validation methods applied
in this study. As previously mentioned, simple validation (Figure 2A) uses
separate training and validation data sets. In fivefold cross—validation
(Figure 2B, K=5), the data set is divided into five portions. Each portion
serves as a validation data set in each round. In 10—fold cross—validation
(Figure 2B, K=10), the whole data set has 10 portions for each training
and validation trial. In LOO (Figure 2C), the number of subjects for the
prediction training group 1s maximized since every subject minus one
serves in the training data set.

The free statistics software language R (Vienna, Austria) was used. It
runs on a wide variety of UNIX platforms, Windows, and MacOS.'° The
authors have no financial interest in any company or any of the products
related or cited in this article. The whole data sets (without patient
identification information) and detailed algorithms for prediction and
validation steps written in language R are open to the public through

general public licensure or by request to the authors.
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Results

Table 1 compares several features of the study’s subjects. None of the
investigated variables differ between the training and validation subjects.

With the original profiles on the left—hand side and the actual
postoperative profiles on the right hand side, Figure 1 illustrates a graphic
comparison of several patients. Black dashed lines indicate the predicted
profile from a conventional prediction algorithm used by the commercial
software. Red dotted lines demarcate the superimposed predicted profile
from our prediction results. Discrepancies between the predictions and the
actual treatment outcomes were evident. However, the predictions using
the PLS algorithm resulted in obviously better prediction quality than the
conventional method. Furthermore, the PLS produced red lines that also
appear to have a more natural curvature than the black lines produced by
the commercial software. Especially in cases of a preoperative strained
lower lip, considerable lip incompetency, and for adjunctive genioplasty
patients, our newer method showed a significant improvement over the
conventional method (Figure 1).

A comparison of the validation errors according to the different
validation methods is demonstrated in Figure 3. The soft tissue landmarks
we included in Figure 3 were selected to concisely describe the validity
and accuracy of the soft tissue prediction algorithm. After applying the
prediction algorithm to the validation subjects, the absolute error did not
show a significant difference among the three cross—validation methods.
However, for several soft tissue responses, the simple validation method
showed larger absolute errors in the vertical direction than the cross—

validation methods did (Figure 3).



Discussion

The characteristics between the training and validation subjects did not

12 the surgical orthodontic

differ. Consistent with previous literature,
patient group was composed of more than three times as many females
than males. Also, more patients underwent bimaxillary surgery and
adjunctive genioplasty than single jaw surgery. This is reflective of the
patients’ individual needs, especially in the vertical dimension.
Consequently, because its affords the clinician greater control of both jaws
and in more than one dimension, the use of bimaxillary surgeries to treat
severe malocclusions often renders the results of the surgeries more
favorable than a single jaw surgery does.

The definition of a particular presurgical soft tissue landmark may
indicate a particular presurgical point, but the postsurgical resulting
position of that original point is very unlikely to meet the same definition
of the landmark being measured. For example, defining the pogonion
landmark as the most anterior position of the chin would identify one
particular point. However, because of the vertical effects of orthognathic
surgery, if that point were exactly followed during and after surgery, it
would become apparent that the previously identified point would likely no
longer be the most anterior point of the chin, likely having moved
somewhat superiorly or inferiorly. Consequently, a new point would be
identified as the pogonion landmark. Thus, methods of testing prediction
accuracies that use data comparing the differences in distance from
presurgical to postsurgical landmarks are not actually measuring the

resulting change of the original point. Perhaps, only a fixed tattoo study



can really test a method’s accuracy. For obvious ethical concerns, a tattoo
study is unlikely.

In this respect, prediction errors at a specific landmark may not be as
meaningful as those shown in the line drawings of Figure 1. When
calculating prediction errors, if a predicted point was exactly located on
the resulting profile line, the prediction was not considered erroneous.
Figure 1 depicts the smooth profile curves resulting from the Bezier spline
function connecting the soft tissue landmarks. These are multiple
piecewise curved lines. A quantifying or a measuring methodology of the
difference between the two spline line drawings remains a widely open
theoretical question. This issue might not be totally incumbent upon
orthodontic professionals but may be a future issue for research in
mathematics or statistics.

It is not surprising that the greatest inaccuracy in the soft tissue
prediction was the lower lip.!>'® The response of the lower lip in our study
of Class II surgeries differed from the surgical response of the lower lip
in our prediction study of Class III mandibular setback surgeries. In most
Class II cases, we found that the lower lip unravels and rolls upward. It
rarely moves in the opposite direction of the surgical movement. There
are likely also to be significant decompensating vertical changes in most
Class II cases. Although the results of the PLS predictions were not
perfect in this study, the improved accuracy over the conventional method
seems obvious (Figure 1). The improvement of the PLS method was
especially apparent when the subject had a considerable interlabial gap and
a genioplasty was performed. This may be due to the two most
conspicuous advantages of the PLS prediction method. The internal

algorithms of the PLS method are capable of simultaneously taking into
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account (1) the relationship between sagittal and vertical movements and
(2) the neighboring soft tissue responses.'’

In building and applying a prediction model, robust models are needed to
achieve predictions with minimal errors. The relatively new analytical
technique of the PLS method seems to have provided a more accurate
prediction than conventional methods. The conventional method is based
on ordinary least squares (OLS), which has been typical of the algorithms
used in commercial computer programs. The OLS method may include a
range of techniques, from primitive 1—to—1 ratio statistics and simple
regressions, up to a complicated form of multivariate multiple linear
regressions. Regardless of the complexity of the OLS method, this
heretofore traditional method is effective only when the factors are few in
number, variables are not significantly correlated, and the relationship to
the responses is well understood.!” The improved prediction qualities
resulting from applying the PLS method are derived from its capability of
accounting for the complex correlation within and among predictor and
response variables. Because of this, the application of the PLS method
within scientific 1mage analysis and bioinformatics 1s gaining
popularity.'®!¥ Orthodontic data sets usually include highly correlated
relationships among the teeth, dentition, jaw bone, and soft tissue.
Consequently, overreliance on the old conventional method may impede
the transition to a more sophisticated prediction method in orthodontics.

While comparing the PLS and OLS prediction methods, we also explored
the characteristics of simple traditional validation and several cross—
validation methods. Introduced in the early 1930s, the simple validation
method was the first type of validation procedure used. It was also

referred to as the hold—out validation method.? To check their true
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significance, prediction models should ideally be tested on independent
data. Training an algorithm and evaluating its predictive performance on
the same data yields overly optimistic results. Unfortunately, in most real
applications, only limited data sets are available; therefore, the simple
validation method should not be used. Testing a prediction algorithm on
new data, and not the same data from which it was developed, would be a
proper evaluation of its performance. Consequently, the ideas of splitting
the limited data set into subgroups and applying cross—validation methods
were developed.?®

In our study, Figure 3 demonstrates that when we tested the prediction
methods, the various cross—validation methods produced similar error
patterns. The simple validation method showed a relatively less accurate
result and a different pattern.

Cross—validation is a widespread strategy because of its simplicity and
its apparent universality in statistics. An important question is, which kind
of cross—validation should be chosen? The K—fold cross—validation is the
most popular cross—validation procedure. It is often reported that the
optimal K is between 5 and 10.*? The K = 10 method is most commonly
used in current statistical packages.?’ However, with the advent of high—
speed computing technology, a more complex cross—validation calculation
is now possible these days, unlike decades ago.

The LOO method is one of the most classical cross—validation
procedures. In this method, K equals the number of total subjects. During
the LOO cross—validation, each subject serves as a validation data set.
Each individual can play a role as a “new data set” without arbitrarily
splitting the whole data set. After validation, therefore, the results of the

LOO validation method can preserve each subject’s information with
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regard to the prediction error or the individual pattern. This may be one
of the most advantageous features of the LOO method. In this respect, the
LOO method might be the best validation strategy in a clinical research

framework.
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Conclusions

In this prospective study with a new data set of 34 patients, we tested
the validity of the soft tissue prediction method developed for Class II
surgery patients. The multivariate PLS regression again returned more
accurate prediction results than the conventional method did.

This study also set out to propose a better validation method for predicting
the soft tissue response to Class II surgery. Based on our findings and for
clinical research purposes, we propose that the LOO method may be

considered the best validation method when building a prediction algorithm.
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Table 1. The Features of the Training Subjects and the New Validation Subjects

Training Subjects Validation Subjects  Difference
Variables n Mean SD? n Mean SD? P value
Age (years) 0.7890°
Female 59 243 47 29 251 7.0 0.5876°
Male 21 236 4.0 5 234 20  0.9233°
Total 80 241 45 34 248 6.5  0.5528°
Time after surgery (months) 80 96 41 34 115 5.2 0.0707¢
Maxillary surgery
No 15 5 0.7890°
Yes 65 29
Mandibular advancement surgery
No 5 4 0.4476°
Yes 75 30
Genioplasty ~ No 11 5 1.0000°
Yes 69 29
Asymmetry Mandible shift to right 44 19 1.0000°
Mandible shift to left 23 9
None 13 6
Overjet before surgery (mm) 75 24 82 22 0.1006°
Overbite before surgery (mm) 29 3.0 21 32 0.2182¢
4 Amount of surgical repositioning at
point A (mm)
Anteroposterior
repositioning -03 21 01 22 0.4593¢
Vertical repositioning -1.7 33 -1.0 24 0.2095°¢
4 Amount of surgical repositioning at
point B (mm)
Anteroposterior
repositioning 57 38 6.8 3.8 0.1704¢
Vertical repositioning -0.7 47 -1.7 45 0.3263¢

23D indicates standard deviation; ® result of Fisher Exact test to compare the frequency distribution between

the two groups. ¢ result of t-test to compare the mean values between the two groups; ¢a positive value

indicated forward and downward in the anteroposterior- and vertical direction respectively.
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Table 2.

Validation Errors was in Absolute Values (mm)?

Comparison of Validation Errors According to the Validation Methods. The Expression of the

Soft Tissue Landmarks Simple Validation 5 gf,'d 100':\?“ LOO P Valug®

Anteroposterior Absolute Errors (mm)
Pronasale 0.90 1.07 1.06 105 0.7732
Subnasale 1.82 125 1.25 124 0.0313
Point A 1.78 1.20 118 119 0.0194
Labium Superior 1.04 141 1.42 1.39 0.3126
Upper Lip 1.02 149 151 149 0.1318
Stomion Superior 141 157 1.60 1.56 0.9076
Stomion Inferior 1.05 1.60 1.52 1.55 0.2048
Lower Lip 1.23 1.28 1.25 124 0.9893
Labium Inferior 1.62 1.18 1.18 1.16 0.0903
Point B 1.45 1.65 153 149 0.7790
Pogonion 1.91 2.16 2.02 2.01 0.8199
Gnathion 2.50 2.42 2.23 2.26 0.8463

Vertical Absolute Errors (mm)
Pronasale 0.79 127 1.15 1.18 0.0640
Subnasale 1.90 0.83 0.80 0.82 <0.0001
Point A 2.60 2.09 2.10 2.06 0.4696
Labium Superior 4.47 1.74 1.68 1.65 <0.0001
Upper Lip 4.32 1.72 1.61 164 <0.0001
Stomion Superior 197 1.30 1.24 127 0.0037
Stomion Inferior 2.45 1.28 1.33 1.30 <0.0001
Lower Lip 1.70 1.63 1.60 157 0.9680
Labium Inferior 1.90 1.76 1.76 1.74 0.9565
Point B 1.49 2.33 224 229 0.0468
Pogonion 2.57 3.06 284 285 0.7559
Gnathion 3.08 2.15 2.15 2.10 0.0546

2 CV indicates cross-validation; LOO, leave-one-out cross-validation; ° result of analysis of variance as a

global test. The Scheffé multiple comparisons tests were performed to locate the highest error values and
highlighted with red-faced letters.
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Figure 1. A graphic comparison of real cases showing original profiles on the left-hand
side and actual postoperative profiles on the right-hand side. In this study, accuracy of the
actual resulting soft tissue response is considered to be the measure of prediction quality.
Black dashed lines indicate the profile predicted using commercial software that applies a
conventional prediction algorithm. Red dotted lines superimpose the predicted profile
produced by our prediction method. Although discrepancies between predictions and actual
treatment outcomes were evident, the results using our method had a better prediction
quality. The red lines seem to have a more natural curvature and a more accurate prediction
than the black lines that were produced by the commercial software. In cases of
preoperative strained lower lip, lip incompetency, and adjunctive genioplasty, our method

showed a significant improvement over the conventional method.
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validation (B, K=5), the data set is divided into five portions. Each portion serves as a
validation data set in each round. In 10-fold cross-validation (B, K=10), the whole data set
has 10 portions for each training and validation trial. In leave-one-out cross-validation (C),

each subject serves as a validation data set.
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Figure 3. Training and validation errors in absolute values (mm). (Top) Training errors

did not show a statistically significant difference according to the validation methods.

(Bottom) In general, validation results produced by three cross-validation methods did not

demonstrate a significant difference among them. However, the simple validation showed

significantly larger absolute errors than the cross-validation methods did, especially for

several soft tissue responses in the vertical direction.
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least square method)©] &2l WHHET ¥ F&3t o5 HAoE Ko7
A B Frke sk woh EE 1Ak W (GH), 104, LOO) 2w
ASHHEY oFel st o 22 e/E B AR AHE HoFUT} o]
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