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ABSTRACT

Statement of problem. Information on predicting the measurements of the nose from selected facial landmarks to assist in maxillofacial
prosthodontics is lacking.

Purpose. The objective of this study was to identify the efficiency of machine learning models in predicting the length and width of the
nose from selected facial landmarks.

Material and methods. Two-dimensional frontal and lateral photographs were made of 100 men and 100 women. Different eye, nose, and
ear landmarks were manually measured on the digital images. Various machine learning regression techniques were validated to confirm
the accuracy of the length of the nose (LON), nasal bridge length (NBL), lateral alar width (LAW), and nasal tip protrusion (NTP).

Results. The regression models used in this study to predict the width and length of the nose parameters demonstrated a robust predictive
capability, as evidenced by the high coefficient of determination score obtained (greater than 0.95). This coefficient of determination suggested the
implemented model was able to effectively capture the underlying patterns and relationships within the data, leading to enhanced efficiency in
predicting the outcomes. SHapley Additive ExPlanations values demonstrated that for the men-only and women-only datasets, the measurement of
the auricular projection was the most important predictor of the LAW, the ear length was the most significant contributor to the LON, and the angle
between the nasal bridge length and the ear length was the most significant contributor to the NBL and NTP. For the combined datasets, the
distance between the superior edge of the ear to the line measuring the medial canthus width contributed most to the LON and NBL, the ear length
was the most significant contributor to LAW, and the angle between the nasal bridge length and the ear length was the most significant predictor
of NTP.

Conclusions. All selected algorithms provided precise width and length predictions for all data groups and were highly correlated with the
actual value. The frontal images can be used to predict the LON and LAW, whereas the lateral images can be used to evaluate the NBL and
NTP. (J Prosthet Dent 2025;133:1604-1613)
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Clinical Implications

Accurate predictions of the length and width of the
nose from facial landmarks indicated that the
proposed model could enhance the clinical
decision-making of individual men and women
regarding maxillofacial prosthodontics.

Ablative tumor surgery, congenital disorders, and
trauma may result in facial deformities which can impact
speech, quality of life, psychological health, and social
behavior.” Facial deformities have been reconstructed
by using surgical procedures.”” However, age, the pa-
tient's overall health, inadequate remaining tissue, vas-
cular impairment following radiation, insufficiency of
the donor locations, poor esthetics, or the patient's
preferences may influence surgical reconstruction out-
comes.”” Prosthetic rehabilitation has been considered
to be the best course of action when these constraints
pose a challenge, with maxillofacial prosthetics fre-
quently providing a lifelike rehabilitation."”” Nose re-
construction can enhance a patient's facial appearance
and treatment satisfaction, self-esteem, and social
functioning, resulting in improved quality of life.5 !

Its unpaired nature can make the creation of a nasal
prosthesis difficult."”"” When destruction or significant
damage extends across the nose’s center line and
without a photograph or a cast before surgery, nose
reconstruction becomes challenging.'”"”

Developed in the 1950s, the term artificial in-
telligence (Al) describes the concept of creating ma-
chines that can perform jobs that are typically completed
by humans. A branch of Al called machine learning
(ML) uses algorithms to discover the underlying statis-
tical structures and patterns in data, enabling the pre-
diction of previously unobserved data."*'" Neural
networks are popular ML models that perform better
than more traditional ML algorithms, especially when
dealing with complicated input structures like language
or images.'"'" Given sufficient data and computer re-
sources, neural networks can be taught to accurately
capture the underlying statistical patterns of the given
data. A well-trained neural network can forecast the
result of unfamiliar data by running the new data point
through the network."*

Clinicians have used facial analysis to evaluate a
patient's facial measurements, proportions, and ex-
istence of asymmetry.'” Facial landmark detection has
been evaluated in humans’’ *’ using various facial
landmarks, including the intermedial canthus width
(MCW), the width of the face (WOF), the measure of
auricular projection (MAP), the lateral alar width (LAW),
the intercommissural width (ICW), the distance between
the superior edge of the ear to the line measuring the
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medial canthus width (D1), the distance between the
inferior edge of the ear to the level of the lower edge of
the nose (D2), the nasal tip protrusion (NTP), the ear
length (EL), the ear width (EW), and the angulation
between the parallel lines of the nasal bridge length and
the ear length (ANGLE), the length of the nose (LON)
and the nasal bridge length (NBL).”* ™ However,
none of these studies predicted the dimensions of facial
features.

In dentistry, ML-based regression models have suc-
cessfully predicted the width of central incisors using
anthropological measurements.’® However, the authors
are unaware of studies that predicted the width and
length of the nose from facial landmark measurements
using ML techniques. The aim of the present study was
to predict the width and length measurements of the
nose from facial landmarks by using ML-based regres-
sion techniques. The research hypothesis was that ML
models would exhibit high accuracy in predicting nasal
parameters by using specific facial landmarks.

MATERIAL AND METHODS

The research ethics committee at Sakarya University
authorized  the  protocol  (protocol = number:
71522473-050.01.04-2194531-317). Power analysis was
performed by using a software program (G*Power
v3.1.9.6; Heinrich-Heine-University Diisseldorf). Based
on the linear regression result of a previous study,”” the
minimum sample size was 77 as a result of the regres-
sion analysis test, with 95% confidence (1-a), 95% test
power (1-p), and 2=.35 effect size. One hundred in-
dividuals per group (men and women) were selected to
account for dropouts, and this study was conducted on
200 young adults aged between 18 and 24 years.
Individuals were photographed frontally and laterally
in rest position with a digital single-lens reflex (DSLR)
camera (Nikon D7000; Nikon Corp) equipped with a
ring flash (MK-14EXT TTL; Meike) and a macro lens
(90 mm Macro-Lens; Tamron) in accordance with a
previously published methodology.”””" The camera's
settings (aperture: f11, ISO:125, orientation: portrait,
focus mode: auto, drive mode: single shot, image re-
cording quality: jpeg, white balance: flash, shooting:
aperture priority mode) were fixed, and a single re-
searcher (M.K.) made the photographs; thus the stan-
dardization was maintained. The images were 300 dpi in
resolution and measured 4928x3264 pixels. The Frank-
furt plane was positioned parallel to the ground,”” ™ the
camera lens was placed at and remained 150 cm from
the participants. The camera lens was mounted on a
tripod (MeFOTO Classic Aluminum; Benro) secured to
the floor using a hot glue gun adhesive (S81; Somafix) to
reproduce the tripod location between sessions.
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A formal consent form requesting the use of their
photographs in the current study was obtained from
participants. The photographs had to meet certain re-
quirements to be included in the study: eyes directed
straight forward, an off-white background with no
shadows on the face, and not blurred. Those who had
nondeformed noses agreed to expose both ears for the
photographs, had no previous facial alteration, such as
plastic surgery, were above the age of 18, were able to
remove their facial accessories during the study, and
were willing to participate and provide consent were
included in the study.

Once the photographs of 100 individuals had been
collected, the minimum number of manual evaluators
was also determined. As the intraclass correlation
coefficient should be at least 0.75 for good inter-observer
agreement,”” it was found that 200 images should be
evaluated by a minimum of 2 evaluators using 95%
confidence (1-a), 95% test power (1-p), and an intraclass
correlation coefficient=0.75 effect size.

Two calibrated researchers (MK, EILC.) in-
dependently performed the measurements. Three in-
dependent analyses were conducted over several days to
ensure the accuracy of the measures, and the outcomes
were independently documented.”’ The kappa score for
the agreement between the measurements performed
by 2 researchers was 0.97, and the intra-observer
agreement of researchers was 0.98 and 0.95, indicating a
very high level of agreement.”

(J1-cm red dots on the participants” foreheads were
used to calibrate the dimensions of the facial metrics in
each digital image. Facial landmarks, including MCW,
WOF, MAP, LAW, ICW, D1, and D2 on frontal photo-
graphs and NTP, EL, EW, ANGLE, LON, and NBL on
lateral photographs were measured with a photographic

editing tool (Image], v1.53; National Institutes of Health)
(Flg 1).36—38,41

Multioutput machine learning regression models
were used to identify relationships between in-
dependent variables and multiple dependent numeric
variables. The evaluated core models included linear
regression (LR), ridge, lasso, elastic net (ELN), K-
neighbors (KNN), decision tree (DT), support vector
regressor (SVR), random forest (RF), and multilayer
perceptron (MLP) regressors.”” Facial landmark mea-
surements were used as candidates for machine learning
models. Facial landmarks were independent variables,
and nasal landmarks were dependent or target variables.

The impact of independent variables on the final
outcome was assessed by using a statistical package
(Python statsmodels; Python Software Foundation) to
determine the relationship between dependent variables
and their predictors. The correlation coefficient matrix
from the numpy Python package (Numeric Phython;
Python Software Foundation) and ordinary least squares
(OLS) regression from the statsmodels library (stats-
models, Python library) was used to evaluate the re-
lationship between selected features and the target
variables: LON, NBL, LAW, and NTP. The variance
inflation factor (VIF) in Python confirmed the OLS re-
gression outcomes using the statistical package (stats-
models; Python library).”"**

Multioutput regression can be performed through
direct multioutput regression or through chained mul-
tioutput regression.”” Mean absolute error (MAE) and
coefficient-of-determination (R-squared or R? score)
were evaluated to assess the accuracy of the regression
models. The MAE metric shows the mean of the abso-
lute difference between the predicted and actual va-
lues.”” A lower MAE indicates that the model's

Figure 1. Visualization of facial anthropological measurements A, Intermedial canthus width (MCW), width of face (WOF), measure of auricular
projection (MAP), lateral alar width (LAW), intercommissural width (ICW), distance between superior edge of ear to line measuring medial canthus
width (D1), distance between inferior edge of ear to level of lower edge of nose (D2) from frontal photographs. B, Nasal tip protrusion (NTP), ear
length (EL), ear width (EW), and angulation between parallel lines of nasal bridge length and ear length (ANGLE) considered in measurement and
prediction of length of nose (LON) and nasal bridge length (NBL) from lateral photographs.
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predictions are more accurate and closely resemble the
actual data. The R” metric helps to determine how much
of the variance in the dependent variable can be pre-
dicted by the independent variables."’ As an initial study
in esthetics predicting the length and width of the nose,
these models were tested independently for their per-
formance assessment. The advantages of multioutput
regression models were leveraged, which enabled the
simultaneous prediction of multiple outputs as opposed
to single-target models.” """

RESULTS

The present study analyzed 3 sets of data: men, women,
and combined men and women from a young Turkish
population. The data within each group revealed a sig-
nificant correlation between the target variables and their
predictors. When considering sex as a separate factor, a
significant correlation was observed in the datasets of both
the men and women (greater than 0.96). However, when
the combined dataset was examined, the association was
not consistent. While some variables like NTP and MAP
showed a moderate association (0.48), others, such as NTP
and LAW, NTP and EL, and MCW and MAP, strongly
correlated (greater than 0.6). All other variables had a very
strong relationship with a correlation coefficient value >0.8.
The OLS results presented a high condition number, with
values of 1.00e+04, 2.01e+04, and 7.90e+03, for the com-
bined, men, and women datasets, respectively, indicating
significant numbers with multicollinearity,”” as also seen in
the correlation coefficient values. The VIF analysis also
confirmed the presence of high collinearity with larger de-
sign matrix values (>10) among the assessed facial anthro-
pometric features. According to the correlation matrix
(Fig. 2), there were moderate to strong correlations between
the independent variables and their predictors and between
the independent variables. The correlation matrix coeffi-
cients between facial anthropometric parameters ranged
from 0.48 to 1.0 for the men and women combined
(Fig. 2A) dataset and 0.96 to 1.0 for the men-only (Fig. 2B)
and women-only dataset (Fig. 2C). The correlation coeffi-
cients also revealed a strong multicollinearity among the
independent variables.

The evaluation of the feature importance score en-
abled predictors that significantly impacted the target
prediction of the ML models to be identified. A con-
sistent and objective explanation of these values was
assessed by using the Python SHapley Additive
exPlanations (SHAP) package.'” Feature importance
was also calculated by using the feature_importances_
fitted attribute of the Random Forest models.”” The
importance of features in predicting different outcomes
was displayed as column plots. These plots showed the
mean |SHAP]| value (average impact on model output
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magnitude), as well as the random forest feature im-
portance score (in the percentage of their contribution)
for the combined, men-only, and women-only datasets,
allowing for the comparison of feature significance
across these groups for LON, NBL, LAW, and NTP
(Fig. 3). The results of the scores showed that leaving out
predictors such as MAP and D2 did not significantly
impact the prediction of LON and NBL. Similarly, dis-
regarding predictors such as D1, D2, and EW did not
significantly impact the prediction of LAW and
NTP (Fig. 3).

The ML regression models used to predict different
nasal parameters such as LAW, LON, NBL, and NTP
values gave an R2 score greater than 0.95, confirming the
efficiency of the selected models for the given dataset.
The R2 score for multioutput models with various ML
models as their base are presented in Table 1, which also
displays an R2 score for multioutput models greater than
0.95, indicating high accuracy for most of the models
tested using a 3-fold cross-validation scheme. However,
independent observations for the combined dataset re-
vealed that the ability of LASSO and ELN models to
predict NTP was relatively weak (lower than 0.92). The
cross-validation scheme also helped to evaluate the
problem of overfitting quantitatively. Here, the models
were assessed for mean squared error (MSE) and the R2
score of the test dataset with the training dataset. The
results, MSE and R2 scores, recorded for the test dataset
were less than in the training dataset, indicating no
chance of overfitting'” For example, kNN showed an R2
score of 0.99, 0.98 and an MSE of 0.14, 0.11, while the RF
model showed an R2 score of 0.99, 0.99 and an MSE of
0.03, 0.01 for the training and test dataset respectively.
However, with the results from LASSO and ELN models,
the R2 score of test data (LASSO - 0.88, ELN - 0.90) was
less than the training data (LASSO - 0.89, ELN - 0.92),
and the MSE of the test data (LASSO - 0.60, ELN - 0.48)
was slightly greater than the training data (LASSO - 0.58,
ELN - 0.47), which may be an indicator of the slight
chance of overfitting with these 2 models.*”

Figure 4 shows that the predicted results of the single
output regression model closely matched the best-fit
line. The RF model was used as an example to illustrate
this point. The residual plot outcomes were provided for
each output variable. In Figure 4, the diagonal line
corresponds to the test data, while green, blue, and red
circles represent predicted values for the combined,
men, and women datasets, respectively. The multioutput
models were successful for all 3 situations (Fig. 5A,
combined men and women dataset; Fig. 5B, men-only
dataset; and Fig. 5C, women-only dataset) selected for
the study. In Figure 5, orange circles represent multi-
output model predictions, yellow circles denote predic-
tions from single-target models, and test data are
represented by gray squares."
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Figure 2. Correlation matrix to analyze relationship between facial anthropometric parameters for A, Men-women combined dataset. B, Men-only
dataset. C, Women-only dataset.
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Figure 3. Representation of mean |[SHAP| value (average impact on model output magnitude) and Random Forest feature importance score (%) of

selected features corresponding to its contribution to ML model prediction outcome. A, B, Represents predictors of LON on combined men and

women datasets, men-only dataset, and women-only dataset. C, D, Represents predictors of NBL on combined men and women datasets, men-only

dataset, and women-only dataset. E. F, Represents predictors of LAW on combined men and women datasets, men-only dataset, and women-only

dataset. G, H, Represents predictors of NTP on combined men and women datasets, men-only dataset, and women-only dataset.

the statistical and machine learning results of the pre-

DISCUSSION

sent study, a strong correlation was detected between
facial landmarks and the anatomic length and width of
the human nose. This study confirmed the validity of an
innovative method that uses ML models in predicting

Information on predicting the measurements of the nose

from selected facial landmarks can help clinicians sci-

entifically design maxillofacial prostheses.”” Based on
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Figure 3. (continued)
Table 1.R2 score and *standard deviation (SD) values of multioutput regression models for men and women only and combined datasets
Base Model Direct Multioutput Regression Chained Multioutput Regression
Combined Men Women Combined Men Women
RandomForestRegressor 0.99 +0.00 0.99 +0.00 0.99 +0.00 0.99 +0.00 0.99 +0.00 0.99 +0.00
LinearSVR 0.98 +0.01 0.97 +0.01 0.98 £0.01 0.98 +0.01 0.98 +0.01 0.98 +0.01
DecisionTreeRegressor 0.99 +0.00 0.99 +£0.00 0.99 +0.00 0.99 £0.00 0.99 +£0.00 0.99 +0.00
KNeighborsRegressor 0.98 +0.00 0.98 +0.01 0.98 +£0.01 0.98 +0.00 0.98 +£0.01 0.98 +£0.01
LinearRegression 0.99 +0.00 0.99 +0.00 0.99 +0.00 0.99 +0.00 0.99 +0.00 0.99 +0.00
MLPRegressor 0.97 +£0.01 0.96 £0.02 0.96 +0.03 0.97 £0.02 0.96 +0.03 0.97 £0.01
ElasticNet 0.92 +£0.02 0.96 £0.02 0.97 £0.01 0.91 £0.02 0.96 +0.02 0.97 +£0.01
Lasso 0.89 +0.02 0.95 +0.02 0.96 +0.01 0.88 +0.02 0.95 +0.02 0.96 +0.01
Ridge 0.99 +0.00 0.99 +£0.00 0.99 +0.00 0.99 £0.00 0.99 +0.00 0.99 +0.00
. . . .. ope . 24 . 2527 .
the length and width of the nose from the anthropologic ~ individuals, magnification,” and resolution™ =" of images.

measurements of both frontal and lateral 2-dimen-
sional (2D).

photographs. Therefore, the research hypothesis that
ML models would exhibit high accuracy for predicting nasal
parameters by using specific facial landmarks was accepted.

Nasal reconstruction is a crucial aspect of facial esthetics
and maxillofacial prosthetics that significantly enhances a
patient’s appearance, function, and quality of life.”” There-
fore, clinicians must develop a treatment plan that prior-
itizes this aspect to maximize treatment outcomes and
ensure patient satisfaction. This study introduced innovative
advanced technology to predict nasal features using ML
techniques. The present study evaluated and highlighted
the effectiveness of ML models in accurately determining
these nasal features using other facial landmarks.

The authors are unaware of a previous study on using
selected facial landmarks to predict the nose dimensions
using ML techniques. A hybrid method that is a combina-
tion of manually recorded data and ML techniques was
used in this study. Facial landmarks can be measured
manually”” or through automated facial landmark mea-
surement.” Significant positive correlations were obtained
between the facial landmark measurement results of the
manual and automated methods.* However, the accuracy
of automatic facial landmark recognition is affected by fac-

tors that include the head pose™’ and the lighting” * of

THE JOURNAL OF PROSTHETIC DENTISTRY

The measurements were made by 2 independent re-
searchers at 3 different times to test the reliability of the
measurements made by the manual method. The very high
intraobserver and interobserver agreement values obtained
in this study established the reliability of the manual
method in this study.

An obtained R2 score of over 0.95, regardless of sex,
indicated high precision across most implemented models.
After analyzing different models in Table 1 and con-
sidering the 0.10 MAE score achieved by the RF regression,
it was concluded that the RF regressor was the optimal
choice for the final model. This decision was based on the
efficiency of tree-based models in predicting nasal para-
meters, as determined through cross-validation. Similar to
other ML studies, the training and test dataset selections
followed the 70:30 training:test data splitting ratio and
followed an optimized hyperparameter tuning using the
RandomizedSearchCV method wherever applicable. The
results from the multioutput regression models are pro-
mising. Figure 5 displays 3 datasets with gray square
markers for test data, orange circles for multioutput pre-
diction, and yellow triangles for single-target prediction. In
both cases, the predicted values were more accurately
aligned with actual values. The 3 tested scenarios showed
positive results for the multioutput models, as shown in
Figure 5.

Ampadi Ramachandran et al
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Figure 4. Predicted versus actual (true) of A, LON. B, NBL. C, LAW. D, NTP values from regression models (RF: random forest regression models). In
residual plots, diagonal line (regression line), indicates best fit of test dataset, while scatters plot indicates predictions or model outcome.

The present study demonstrated that, specifically, frontal
2D images can be used to assess the LON and LAW, and
lateral 2D images can be used to evaluate the NBL and NTP
for men and women individually. The results of the current
study were consistent with a previous study ™ in which the
ML algorithm showed high performance for all situations,
with an accuracy of 96%, for the prediction of central incisor
tooth width using various facial landmark width in both
sexes. The proposed model's ability to accurately predict
nose length and width from the trials demonstrates its
potential usefulness in improving clinical judgment during
the fabrication of nasal prostheses.

Advancements in technology have led to the emer-
gence of many free software programs for reconstructing
images which have been extensively utilized in cosmetic
surgery. The software program can create 3-dimensional
(3D) models of the human face by combining 2D images
from various angles, and the nose's structure can be
manually adjusted to the required shape. These models
enable patients to comprehensively understand the
predicted nasal shape.'’ A free, open-source software

Ampadi Ramachandran et al

program was used to generate standard tessellation
language (STL) and object file format (OBJ) files that
were used for rapid prototyping with 3D printers in
patients who had undergone rhinoplasty.'' In the near
future, clinicians may use the proposed ML techniques
to predict nose width and length parameters, enabling
them to design and 3D print nasal prostheses using a
similar software program.'”"!

Limitations of the study included the participants' frontal
and lateral view 2D photographs being evaluated rather
than using a 3D modeling software program to enabling a
more realistic analysis on different axes.” Moreover, al-
though overall patterns of facial landmarks vary in different
ethnicities and age groups,””””"***** this study only ex-
amined 1 one ethnicity and 1 one age group (young adults),
producing a homogeneous sample ™ and resulting in a clear
distinction between men and women data groups in most
of the features. If the study is broadened to include different
ethnic groups, it may not be feasible to overlook the unique
requirements of sex-specific anthropologic features for each
ethnicity while developing ML models.

THE JOURNAL OF PROSTHETIC DENTISTRY



1612

Volume 133 Issue 6

60

50

40

30

20

10

<«—Predicted Values —

60

50

40

30

20

10

<«—Predicted Values —

60

50

40

30

20

10

<«—Predicted Values —>

Male and Female Combined Dataset

M Data
o Multi RF score>0.994
— Single RF score>0.995
1 1 1 1 1
0 10 20 30 40 50 60
< True Values———— > A
Male Dataset
M Data
o Multi RF score>0.992
— Single RF score>0.991
1 1 1 1 1
0 10 20 30 40 50 60
< True Values ——— > B
Female Dataset
B Data
o Multi RF score>0.995
— Single RF score>0.996
1 1 1 1 1
0 10 20 30 40 50 60

TrueValues——— > C

THE JOURNAL OF PROSTHETIC DENTISTRY

Figure 5. Comparing RF single-output and multi-output outcomes for
facial anthropological parameters for same test dataset A, Men and
women combined dataset. B, Men dataset only. C, Women dataset only.
Test data depicted as Data, gray squares. Multi-output model
predictions represented by orange circles, and prediction values from
single-target models denoted by yellow circles.

Further studies should examine automated facial land-
mark detection and measurements on 3D models of dif-
ferent ethnicities and age groups. These studies should also
explore the development of an automated web platform
that can accept facial anthropological measurements and
predict the length and width of the nose for potential clinical
application. To further investigate this study, a strong cor-
relation (strong multicollinearity) among the independent
variables was observed. To fully comprehend the ranking or
importance of these variables in predicting nasal features,
additional exploration is necessary.

CONCLUSIONS

Based on the findings of this study, the following con-
clusions were drawn:

1. The ML regression models indicated high accuracy for
predicting the width and length parameters of the
nose by using specific facial landmarks (R2>.95).

2. For the men-only and women-only datasets, the
measurement of auricular projection with a con-
tribution of approximately 35% to 40% was the
most important predictor of the width of the nose;
the ear length with a contribution of approximately
40% was the most significant contributor to the
nose length; and the angle between the nasal
bridge with a contribution of approximately 80%
was the most significant contributor to the nasal
bridge length and nasal tip protrusion.

3. For the combined datasets, the distance between the
superior edge of the ear to the medial canthus line and
ear length with a contribution of approximately 35% to
40% contributed most to the length of the nose and
nasal bridge length; the ear length with a contribution
of around 50% was the most significant contributor to
the nose width; and the angle between the nasal
bridge length and intermedial canthus width with a
contribution of approximately 45% to 50% was the
most significant predictor of nasal tip protrusion.

PATIENT CONSENT

Participants signed a consent form that their photo-
graphs could be used in the present study.

Ampadi Ramachandran et al
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