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Preface

Machine Learning in Dentistry

Machine learning (ML) is a branch of artificial intelligence (AI), which is
growing fast in both the research community and the general public. In
contemporary dentistry, digital technologies such as cone beam computer
tomography (CBCT), intra-oral 3D scan, 3D printing, and personalized treat-
ment planning have come to play a larger role in both research and practice.
These technologies hold promise formore predictable, objective, and effective
treatment while reducing iatrogenic complications. But for change to occur,
data scientists and dental experts from various coherent domains must work
together to develop big data analytics that have translational values and can
be deployed in oral healthcare and life sciences.

In the past, the diagnostic information was collected by clinical interviews,
plaster models, and chair-side observations. The information was then inter-
preted by experts to derive a treatment plan for implementation. The variations
in each step of diagnosis, treatment planning, and treatment implementation
are huge and purely empirical, depending upon doctor’s experience. As such,
conventional dental education is largely dependent upon repetitive training
of clinician’s eyes, hands, and judgment (critical thinking) to minimize the
variation in standard care. The amount of time spent in the professional school
and in lifelong continued education is excessive, and there are no guarantees
that every individual will reach the same standard credential.

Today, the new technologies can replace human’s eyes and hands, and AI
can teach human learning processes to the machine to close the educational
gaps. Many healthcare providers have integrated digital technologies into
practice workflows, which reduce the dependence on hand skills and visual
recognitions. Computer software is in its infancy to integrate these technolo-
gies to improve objective perception, cognition, and action with experience.
Nevertheless, ML in dentistry is about developing a personalized precision
practice and improving diagnosis and treatment planning from big data,
literature, experience, and outcome-dependent learning. These also include
the interrogation of large, complex ‘omics datasets such as genetic loci and
biomarkers for craniofacial disorders.

The purpose of this book is to review the current clinical systems and dental
research involving machine learning tools and its associations among various
dental specialties. The examples shown in this book represent a sample of the
opportunities and challenges for what is possible with the ML approach in
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vi Preface

contemporary dentistry. We have invited experts to contribute their review in
the following four areas.

Machine Learning for Dental Imaging

Dentists often read radiographs to detect craniofacial anomalies for identi-
fying potential problems. However, mistakes can be made through imaging
examination and the diagnostic accuracy is dependent on the experience of
the dentist. With a 3D image, this process turns out to be a stressful task
because it is based on big data and user experience. By usingmachine learning
to augment the image, diagnosis can be more accurate and objective, and
treatments can be personalized.

A computer does not get tired from grueling tasks, and it can take in a great
deal of data and process the information very quickly. First, the computer
takes in a set of different radiographs labeled for healthy and unhealthy
anatomies. Then, once the computer is given data of experts’ diagnoses, it
can classify the patterns that are associated with certain disease or healthy
anatomies. Thus, given a new patient’s radiograph, the machine can easily
match it with patterns that were found in the training set of expert diagnostics.
There are already machine learning programs that are able to detect 2D
panoramic features on the market, like denti.ai or dentistry.ai. In this book,
we delve deeper into the role the computer does for 3D imaging segmentation
and landmark detection using machine learning and deep learning. Chapters
1–5 describe the algorithms and provide examples for augmentation of
craniofacial skeletal structures, facial surface recognition, and applications
in simulation of orthognathic surgery.

Machine Learning for Oral Diagnosis and Treatment Planning

When conducting a medical diagnosis, a dentist would take in the patient’s
chief complaint, history, conversation, and radiographs. Some of this infor-
mation can be descriptive, and because of that, the dentist must be very
experienced and in top condition to pay close attention to every word and
its nuances from a patient’s narrative. Because it assembles these words to
make a good diagnosis, dentists may easily misdiagnose their patient. In 2011,
dentists were found to have a 43% misdiagnosis rate of oral lesions (Kondori
et al.). This number is frighteningly high and indicates room for improvement.
In medicine, there are various commercial software for auto-annotations
of pathology images. Instead, the book focuses on clinical diagnosis and
treatment planning using AI.

Natural language algorithm is part of machine/deep learning, which can
support searching for key words and identify frequency and patterns of de-
scriptive statements. Chapters 6–9 provide state-of-the-art AI for orthodontic
diagnosis and treatment planning. This includes facial recognition, cephalo-
metric analysis, chart analysis, automated problem list and treatment plan-
ning, characterization of craniofacial anomalies, and decision of orthodontic

http://dx.doi.org/10.1007/978-3-030-71881-7_1
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tooth extraction. The AI could save time and streamline any processes with
improved accuracy in the future.

Machine Learning and Dental Designs/Outcome
Assessment

Emerging intra-oral scanner and 3D printing have improved workflow of or-
thodontic practice. To date, the use of digital surface model has had a dramatic
expansion from diagnosis to treatment planning, for example orthodontic
aligner therapy. Automatic tooth segmentation from the dental arch already
benefits the design of restorations, tooth setup and alignment, personalized
treatment, and patient-centered outcome assessment. Chapter 10 updates
current AI technologies for tooth isolation from the 3D surface model. Dental
specialties have been in the forefront of using artificial intelligence analytic
strategies to leverage the advantages of “big data” to personalize treatment
interventions, such as aligner therapy. Chapter 11 provides an overview of
machine learning and how it can be applied in assessing outcomes. Specifi-
cally, wewill focus on recent advances in craniofacial genomics and outcomes
pertaining to images.

Machine Learning Supporting Dental Research

Oral systemic health is tightly associated with good dental research. Clinical
research is to develop evidence-based guidelines and their potential impact on
the health and well-being of large portions of the population. The translational
value of these studies relies significantly on the effectiveness of the systemic
review. Chapter 12 provides a review of using ML for a systemic review.
The authors also discuss about the shortcomings and potential pitfalls of
employing artificial intelligence (AI) to a review process that has been mostly
driven by human experts in the past.

Human genomics was one of the first areas of research to use big data.
In Chap. 13, the researchers introduce how the machine learning and deep
learning algorithms are used in dental omics studies for association analysis
between SNPs and complex diseases, CNV and SNV calling, and DNA
methylation data. In the end, we discuss the potential developing direction
of machine (deep) learning in biomechanics in oral health (Chap. 14).

We thank Springer and all the contributors for their collective articles, Dr.
Tai-HsienWu andDr. ChunfengLian for the liaison task to communicatewith
the contributors, and Ms. Devan for careful management of the submissions.
Particular thanks also go to Drs. Pastewait, Piers, and Chien and Ms. Zheng
for reviewing the manuscripts. We believe this book is just the beginning of a
series of books on the topic of AI in contemporary dentistry.

Columbus, OH Ching-Chang Ko
Shanghai, China Dinggang Shen
Chapel Hill, NC Li Wang
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1Machine Learning for CBCT
Segmentation of Craniomaxillofacial
Bony Structures

Chunfeng Lian, James J. Xia, Dinggang Shen, and Li Wang

1.1 Introduction

Cone-beam computed tomography (CBCT) has
been routinely used in the diagnosis and treatment
of patients with craniomaxillofacial (CMF) defor-
mities. It has lower dose and lower cost than the
conventional spiral multi-slice computed topog-
raphy (MSCT) [21]. Accurate CBCT segmenta-
tion of CMF bones (i.e., maxilla and mandible) to
construct a precise three-dimensional (3D) skele-
tal model is necessary to quantitatively assess var-
ious deformities [32]. However, the segmentation
of dentomaxillofacial CBCT images is challeng-
ing, mainly considering that (i) CBCT images
usually contain considerable artifacts, (ii) CBCT
has low signal-to-noise ratio due to the utilization
of low dose radiation, and (iii) the maxillary
and mandibular teeth are cross-sectionally over-
lapped in CBCT images due to the requirement of

C. Lian · D. Shen · L. Wang (�)
Department of Radiology and BRIC, University of North
Carolina at Chapel Hill, Chapel Hill, NC, USA
e-mail: chunfeng\_lian@med.unc.edu;
dgshen@med.unc.edu; li\_wang@med.unc.edu

J. J. Xia
Department of Oral and Maxillofacial Surgery,
The Methodist Hospital Research Institute, Houston,
TX, USA
e-mail: JXia@houstonmethodist.org

maximum intercuspation for diagnostic purpose.
Due to these challenges as well as the large size
of CBCT volumes, manually annotating CMF
bones is labor intensive and experience depen-
dent, which suggests the importance of develop-
ing automated methods to this end.

Conventional automated methods for CBCT
segmentation include thresholding and morpho-
logical methods, iterative methods, and model-
based methods. The thresholding methods [11]
usually adopt simple intensity threshold and
craniofacial morphological criteria to extract
bones, which are sensitive to CBCT image
artifacts. The semi-automated iterative meth-
ods [15, 25] combine automated segmentation
with experts’ manual intervention for bone
annotation. Their performance is also largely
influenced by image artifacts, e.g., those
caused by dental implants [28]. The model-
based methods [9, 12, 14, 28] typically conduct
segmentations based on statistical shape models
(SSMs) or atlases. For example, Gollmer et al. [9]
proposed to minimize an objective function
constrained by statistical shape prior formandible
segmentation. Considering that such kinds of
prior only work for objects with relatively simple
shapes (e.g., mandible), rather than those with
complex shapes (e.g., maxilla), Wang et al. [28]
proposed a patch-based sparse-coding method
for the robust extraction of both maxilla and

© Springer Nature Switzerland AG 2021
C.-C. Ko et al. (eds.),Machine Learning in Dentistry,
https://doi.org/10.1007/978-3-030-71881-7_1
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mandible from soft tissues. However, since the
patch-based sparse coding relies on deformable
registration (between target and multiple atlases)
as well as per-voxel optimization, the model-
based method proposed in [28] is time consuming
at both the training and inference stages.

In recent years, machine learning algorithms
have been successfully applied in diverse medical
image computing tasks, such as reconstruc-
tion/synthesis [10, 34], registration [5, 24],
segmentation [18,19,23,30], detection [8,26,33],
and diagnosis [1, 16, 17]. For example, as
a nonparametric ensemble learning method,
random forest (RF) [4] and its variants are
showing competitive performance in many
segmentation tasks [7, 13, 30, 31], by learning an
ensemble model of decision trees from randomly
sampled imaging features and training samples.
Inspired by those successful applications, a novel
RF-based sequential model was proposed in [29],
which combines high-quality (and gradually
refined) anatomical prior with appearance
imaging features to construct a series of RFs for
efficient and fully automatedCBCT segmentation
of maxillas and mandibles from soft tissues.
Briefly, such a prior-guided sequential RF
method consists of a training step and a test
step. In the training step, both the appearance
features from CBCT images and the contextual
features from the initial segmentation probability
maps (of maxilla and mandible) are extracted,
based on which sequential RFs are trained to
select discriminative features for the iterative
refinement of segmentation probability maps.
In the test step, using the same initial inputs
extracted from any test image, the learned
sequential RFs are orderly applied to refining
the probability maps of the maxilla and mandible
for the test image.

In this chapter, we will introduce this prior-
guided sequential RF method in detail. The re-
maining part of this chapter is organized as fol-
lows. In Sect. 1.2, we present the fundamental
background of random forests and imaging fea-
ture extraction. In Sect. 1.3, we introduce how the
prior-guided sequential RF works. In Sect. 1.4,
we present some experimental results on a dataset
of CBCT images for patients with dentofacial
deformities. The chapter is concluded in Sect. 1.5.

Split node

Leaf node

Fig. 1.1 A simplified diagram of binary decision tree
with the depth equal to 3

1.2 Background

1.2.1 Random Forest

As a general supervised learning method with
good efficiency and scalability, random forest
can be basically regarded as an average of mul-
tiple binary decision trees. Each of those deci-
sion trees consists of two types of nodes, i.e.,
split nodes and leaf nodes. As shown in Fig. 1.1,
the split nodes route the incoming data either to
their left or right child node. Each of the leaf
nodes is a terminal of serial binary splits, storing
the information of training samples routed to it
(i.e., the ratios of different categories). All de-
cision trees are trained independently with ran-
domly sampled training data (i.e., bootstrap sam-
ples), and each of their split nodes is associated
with a specific split function in terms of a ran-
domly sampled feature/descriptor subset. In the
remaining part of this subsection, we will intro-
duce some fundamental background on random
forests, including the construction of a binary de-
cision tree, and the training of a random forest for
classification.

1.2.1.1 Construction of a Binary
Decision Tree

Given a set of training samples (e.g., CBCT vox-
els) and a set of features that can be extracted
(e.g., Haar-like features), a decision tree is trained
to recursively route the samples to different leaf
nodes, by maximizing the purity of each subset
during each binary split. In the case of classi-
fication (e.g., predicting whether a CBCT voxel
is from maxilla, mandible, or background), the
purity of a subset is defined based on the labels
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of training samples assigned to it. That is, the
respective split function should encourage the
partition of a training set into subsets with the
same label.

Let S be a set of training samples coming to
a split node, and each sample has a class label in
{1, . . . , C}. A random tuple of features is indexed
by a set �. The split at the node works as

arg max
φ∈�,SL,SR

1

|SL|
∑

c

pL
c logpL

c + 1

|SR|
∑

c

pR
c logpR

c ,

(1.1)

where SL = {
s ∈ S|f (s, φ) ≤ tφ

}
and SR ={

s ∈ S|f (s, φ) > tφ
}
are the binary sample sub-

sets from S, with s ∈ S being a specific training
sample. The coefficients pL

c and pR
c denote the

ratios of the c-th class samples in SL and SR,
respectively. The operation f (s, φ) denotes the
extraction of the φ-th feature for the sample s, and
tφ is the corresponding threshold that is randomly
determined.

From the root node (i.e., the first split node)
to the leaf nodes, the above step is recursively
operated by randomly sampling a feature subset
� at each split node, until one of the following
criteria is satisfied [7]. That is, (i) the decision
tree reaches a predefined maximum tree depth
(e.g., the depth of tree in Fig. 1.1 is 3), or (ii) the
training subset coming to a node is too small to
be further split, or (iii) the purity for a node is
above a predefined threshold. When a split stops,
the corresponding node is made as a leaf node,
and the label information regarding the training
set arriving there is stored.

After training, any test sample comes to the
root node and is then recursively routed to the
subsequent split nodes according to the associated
split functions, until it reaches a leaf node. The
probability of the test sample belonging to any
class is determined by the label information of
the training samples stored in the respective leaf
node.

1.2.1.2 Construction of a Random
Forest

A random forest is an ensemble of binary de-
cision trees. The trees are trained independently

by randomly sampling different training subsets
with replacement from the original training set
(i.e., bootstrap sampling) and randomly selecting
features, which can largely increase the model
diversity to improve the generalization capac-
ity [4, 7].

The leaf node of each trained tree stores the
distribution of training samples (in terms of class
labels) routed to it. During inference, each test
sample will arrive at a leaf node in each tree,
and the respective label distribution of training
samples is used to infer the class probability of
this test sample. We finally normalize the label
distribution values from all trees as the class
likelihood for each test sample, and the label
is determined as the class with the maximum
likelihood.

It is worth mentioning that, compared with
other classification models (e.g., support vector
machine), random forests have the advantage of
high efficiency for processing data with high-
dimensional input features during inference. This
is mainly because each test sample only goes
through one path from the root node to a specific
leaf node in each tree, which means we only need
to extract the features that are used in this specific
path (instead of all input features used during
training) for this test sample.

1.2.2 Feature Extraction

In the communities of computer vision and med-
ical image computing, diverse kinds of features
have been engineered according to the properties
of different tasks. The most commonly used fea-
tures include the scale-invariant feature transform
(SIFT) [22], Haar-like features [20], local binary
pattern (LBP) [2], and histogram of oriented gra-
dients (HOG) [6].

Considering the computational efficiency, we
use 3D Haar-like features [29] to construct the
prior-guided sequential random forests. For each
voxel in a volume, its Haar-like features are cal-
culated in terms of a 3D patch or two asymmetric
3D patches that are randomly displaced from the
voxel.Mathematically, given a voxel v and its two
randomly displaced patches P1 and P2, the Haar-



6 C. Lian et al.

like features are defined as

f (v) = 1

|P1|
∑

u∈P1

I (u)−b
1

|P2|
∑

w∈P2

I (w), (1.2)

where I (u) denotes the image intensity of a voxel
u and b ∈ {0, 1}. In [29], the Haar-like fea-
tures were extracted from both the original CBCT
image and segmentation probability maps, and
the patches P1 and P2 were sampled in a 17 ×
17 × 17 neighborhood. As will be introduced in
the next section, the same kind of features from
different inputs actually provide complementary
but different information.

1.3 Prior-Guided Sequential
Random Forests

In this chapter, we regard the CBCT segmen-
tation of the maxilla and mandible as a voxel-
wise classification task. That is, imaging features
are extracted for each voxel to train a classifica-
tion model, i.e., the prior-guided sequential RFs,
which predicts the probabilities of the respective
voxel belonging to the maxilla, mandible, and
background. The final segmentation is produced
by assigning the label with the largest probability
value at each voxel location.

The same as other supervised machine learn-
ing approaches, the prior-guided sequential RF
method consists of a training step and a test step,
with the details described below.

1.3.1 Training

Given a set of atlases (i.e., expert-segmented
CBCT volumes) and a set of training samples,
the segmentation model is constructed following
the pipeline shown in Fig. 1.2. The training
step contains three important components: (1)
estimation of the initial probability maps for each
training image, (2) extraction of both contextual
and appearance features from the probability
maps and original image, respectively, and (3)

construction of a series of auto-context RFs to
gradually refine the probability maps for the
training image.

1.3.1.1 Initial Probability Maps
Multiple expert-segmented CBCT volumes are
used as the atlases to estimate the initial proba-
bility maps of the maxilla and mandible. Those
initial probability maps can provide important
anatomical priors to guide the construction of an
automated segmentationmodel [36]. Specifically,
the atlases (along with the corresponding manual
segmentation maps) are rigidly aligned onto each
training image. After that, for each voxel in a
training image, we count the numbers of labels
(i.e., maxilla, mandible, and background) at the
corresponding locations from all available atlases
and then normalize them (followed by Gaussian
smooth with δ = 2mm [35]) as the initial proba-
bilities that describe the voxel belonging to differ-
ent categories. This simple and efficient strategy
can produce reasonable initial probability maps,
such as those shown in Fig. 1.2.

1.3.1.2 Complementary Imaging
Features

To comprehensively describe each CBCT image
voxel for the construction of a reliable voxel-
wise classification model, we extract the imaging
features (i.e., the random Haar-like features [27])
from both the original CBCT image and the re-
spective segmentation probabilitymaps estimated
by the preceding step. It is worth noting that
imaging features from the original image and
probability maps provide different and comple-
mentary information. Generally, the original im-
age provides low-level appearance information,
while the segmentation probability maps provide
high-level contextual/semantic information. The
classifier constructed with the features extracted
from both the original image and the probability
maps is typically called the auto-context model,
which has shown very successful applications in
both the communities of computer vision [3] and
medical image computing [19, 30].
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Fig. 1.2 The schematic
diagram of the training of
prior-guided sequential
RFs for CMF bony
segmentation in CBCT
images. There are three
important components, i.e.,
the definition of initial
probability maps for a
training sample, the
extraction of imaging
features, and the
construction of a series of
auto-context RFs. The GT
stands for ground truth.
(Please note this figure was
copied from [29])

Training sample

GT CBCT

Initial probabilities

Appearance 

features

Contextual

features

RF #1
Appearance 

features

Contextual

features

RF #2
Appearance 

features

Contextual

features

RF #K
…

Imaging features

Probability maps
Prior-guided 

sequential RFs

…

1.3.1.3 Sequential RFs
The contextual and appearance imaging features
for each voxel are combined as a single feature
vector for the training of an auto-context classi-
fication model. Instead of other classic classifiers
(e.g., support vector machine and multi-layer per-
ceptron), random forest is used here primarily due
to the reason that it can effectively handle large-
scale training samples (i.e., image voxels) and can
efficiently select the discriminative features from
high-dimensional input feature space.

To gradually improve the quality of contextual
features formore accurate segmentation, multiple
auto-context RFs are trained in a serial manner
until convergence. That is, the contextual fea-
tures are repeatedly updated by extracting them
from the segmentation probabilitymaps predicted
by the latest auto-context RF, which are further
combined with the appearance features for the
training of a new auto-context RF. Generally, the
segmentation performance of the whole model
can converge within limited iterations.

1.3.2 Inference

After training, the prior-guided sequential RFs
are orderly applied on test CBCT images to pro-
duce probability maps of maxillas and mandibles
with increasingly improved qualities, such as the
example shown in Fig. 1.3. Specifically, for an in-
put CBCT image shown in Fig. 1.3a, the same at-
lases used in the training stage are rigidly aligned
onto that for the generation of the initial proba-
bility maps in Fig. 1.3b. Then, contextual and ap-
pearance features are extracted from the probabil-
ity maps and original CBCT image, respectively,
which are fed into the first auto-context RF to
produce the refined probability maps in Fig. 1.3c.
The updated contextual features are further ex-
tracted from Fig. 1.3c and combined with appear-
ance feature to train the subsequent auto-context
RF, generating the predictions in Fig. 1.3d. This
procedure is repeated until the output of the final
probability maps in Fig. 1.3e. Here, the exam-
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Fig. 1.3 The gradual
refinement of the
probability maps of
maxilla and mandible for
an input CBCT image
using the prior-guided
sequential RFs. (Please
note this figure was copied
from [29]). (a) Input CBCT
(b) Initial probability (c)
RF #1 prediction (d) RF #2
prediction (e) RF #3
predictions

ple prior-guided sequential model contains three
auto-context RFs.

1.4 Experiments

1.4.1 Dataset and Pre-processing

The studied dataset consists of 30 CBCT
scans for different patients with nonsyndromic
dentofacial deformities, treated with a double-
jaw orthognathic surgery. These patients include
12 males and 18 females, and their ages were
24 ± 10 years. Their CBCT scans were acquired
by an i-CATmachine with a matrix of 400×400,
and exposure time of 40 s, resulting in 3D
volumes with isotropic resolution (voxel size:
0.4mm × 0.4mm × 0.4mm). All of the CBCT
images were HIPAA de-identified, and the
ground-truth bony segmentations were manually
annotated by one experienced CMF surgeon
using Mimics 10.01 software (Materialise NV,
Leuven, Belgium). Manually labeling one
volume required about 12 h.

During training, 5, 000 voxel locations were
sampled from each training image. Using each
voxel location as the center, 10, 000-D Haar-like
features were extracted from 17 × 17 × 17 local
patches in the original image and segmentation
probability maps, respectively. After training,
each voxel location in a test image was orderly
used as the center to extract imaging features,
which were fed into the trained model to predict
the probabilities of the maxilla and mandible for

the respective voxel. The automated segmentation
of one subject required about 20min, which was
significantly faster than manual annotation.

1.4.2 Experimental Setting

The evaluation of the prior-guided sequential ran-
dom forest method was performed via leave-one-
out cross-validation. That is, by iterating 30 times,
each of the 30 subjects was orderly selected as a
test sample and the remaining subjects were used
as the training set. The tuning parameters of a
random forest (RF) were determined on the train-
ing set via nested cross-validation. Specifically,
each RFwas constructed by 40 deep classification
trees, and the depth of each tree was not larger
than 100.

Using the manual annotations as the refer-
ence, the automated segmentation performance
was quantified by multiple metrics, including (1)
dice ratio (DR) that is proportional to the overlaps
between the manual and automated segmenta-
tions, (2) average surface distance (ASD), and (3)
Hausdorff distance (HD) that is inversely propor-
tional to the consistency between the surfaces of
the manual and automated segmentations. More
precisely, given segmentations A and B , the dice
ratio is defined as

DR(A, B) = 2|A ∩ B|
|A| + |B| , (1.3)

where |A| denotes the number of voxels in A and
A∩B denotes the overlap between A and B . The



1 Machine Learning for CBCT Segmentation of Craniomaxillofacial Bony Structures 9

average surface distance is defined as

SDE(A, B) = 1

2

(∑
a∈surf(A) dist(a, B)

|sruf(A)|

+
∑

b∈surf(B) dist(b, A)

|sruf(B)|
)

, (1.4)

where surf(A) represents the set of points on the
surface of A and dist(a, B) denotes the shortest
distance from point a to the surface of B . The
Hausdorff distance is defined as

HD(A,B) = max
(
max
a∈A

dist(a, B), max
b∈B

dist(b, A)

)
.

(1.5)

The prior-guided sequential random forest
method was compared with other state-of-
the-art methods to demonstrate its superior
performance and the effectiveness of its important
components. The competing methods include (1)
majority voting (MV), (2) patch-based sparse
representation (SR) [28], and (3) sequential
random forests without prior. Notably, the MV
method was also used to generate the initial
probabilities for the prior-guided sequential
random forest method. The sequential random
forest did not include the initial probability maps
for the construction of the RF in the first iteration.

1.4.3 Segmentation Results of
Maxilla andMandible

A typical subject and the corresponding segmen-
tations produced by different automatedmethods,
as well as a manual segmentation by an experi-
enced CMF surgeon, are shown in Fig. 1.4, where
the first row presents the overall segmentations
and the second row presents the zoomed-in vi-
sualization of local segmentation details. From
Fig. 1.4, we can have the following observations.
First, the result by MV is not as accurate as
other more advanced methods (e.g., SR and the
proposed method) due to possible errors during
affine registration. However, it is worth noting
that the segmentation produced by MV is reason-
able, which is sufficient to be used as the guidance
for the prior-guided sequential random forests.

Second, SR produced better results than MV, due
to the utilization of a more accurate nonlinear
registration method for the alignment between
atlases and target subject as well as the optimiza-
tion of sparse learning parameters. However, the
zoomed-in visualization shows that SR cannot
properly separate the maxilla and mandible at
the closed-bite position. Third, the sequential RF
without prior resulted in considerable isolated
false predictions, which suggests the importance
of the anatomical prior provided by the initial
probability maps for the proposed method. By
including the prior, the proposed method yielded
the best automated segmentation.

Besides the qualitative evaluation, the
automated segmentation performance of different
methods was also quantitatively compared in
terms of three metrics (i.e., DR, ASD, and
HD), with the average results (mean± standard
deviation) of all subjects summarized in
Table 1.1. It can be seen that the quantitative
evaluation in Table 1.1 is consistent with the
qualitative evaluation in Fig. 1.4. In other words,
the prior-guided sequential random forest method
led to the best segmentation results in terms of all
metrics.

1.4.4 Segmentation Results of Teeth

In addition to the segmentation of the whole
CMF model, the performance of the prior-guided
sequential random forest was also analyzed in the
separation ofmaxillary (i.e., upper) andmandibu-
lar (i.e., lower) teeth. In Fig. 1.5, the teeth (in-
cluding incisors, canines, and molars) segmenta-
tion results by SR, prior-guided sequential RFs,
and a CMF surgeon (i.e., the ground truth) are
compared. The included examples have different
appearances, varying from open mouth to closed
bite. It can be seen that the prior-guided sequen-
tial random forest method led to more consistent
results with the ground truth across all cases,
compared with the SR method. Notably, the im-
provement brought by the prior-guided sequential
random forest is even larger for the challenging
closed-bite cases, which further demonstrates its
effectiveness.
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Fig. 1.4 The segmentation results of (a) a typical ex-
ample produced by (b) MV, (c) SR, (d) sequential RFs
without prior, (e) the proposed prior-guided sequential

RFs, and (f) the ground-truth manual annotations. (Please
note this figure was copied from [29])

Table 1.1 Segmentation results (mean± standard devia-
tion) quantified under leave-one-out cross-validation for
four different automated methods. The performance was
jointly evaluated by DR (dice ratio), ASD (average surface

distance, in mm), and HD (Hausdorff distance, in mm).
The best results are bolded. (Please note this table was
copied from [29])

MV SR RF Prior-guided RF

Mandible 0.83 ± 0.04 0.92 ± 0.03 0.51 ± 0.12 0.94 ± 0.02DR

Maxilla 0.75 ± 0.04 0.88 ± 0.02 0.39 ± 0.14 0.91 ± 0.03
ASD Mandible 1.21 ± 0.25 0.62 ± 0.02 3.42 ± 1.21 0.42 ± 0.15
HD Mandible 3.65 ± 1.53 0.95 ± 0.02 4.74 ± 2.56 0.74 ± 0.25

The segmentation performance of teeth was
also quantitatively evaluated, with the results pre-
sented in Table 1.2.We can observe that the prior-
guided sequential RF method outperformed the
SR method by a large margin in the annotation
of upper and lower teeth.

1.4.5 Importance of Prior
and Sequential Learning

The utilization of initial probability maps to
provide anatomical prior and the learning of
sequential random forests for probability map
refinement are two critical components of the
method introduced in this chapter. To more
clearly demonstrate the effectiveness of these
two components, the CMF models generated
by automated segmentations for a typical
example are compared with the ground truth
in Fig. 1.6. Specifically, Fig. 1.6a presents the

CMF surface generated by the sequential random
forests (at the third iteration) without prior,
Fig. 1.6b presents the surface corresponding to
the initial probabilities for the sequential random
forests with prior, Fig. 1.6c presents the surface
generated by the prior-guided sequential random
forests at the third iteration, and Fig. 1.6d presents
the ground-truth surface manually defined by the
surgeon. One can see that the results presented
in Fig. 1.6a are poor, as considerable false
predictions exist in both the maxillary and
mandibular regions. These false predictions
are mainly due to the fact that the two regions
have a very similar appearance in the CBCT
images, which highlights the importance of
the anatomical prior in helping to distinguish
between them. On the other hand, we can also
observe that, compared with Fig. 1.6b, the local
details of Fig. 1.6c are more consistent with the
ground truth, which verifies the effectiveness
of sequential learning in refining the output
segmentations.
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Fig. 1.5 Typical
segmentation results of
teeth with different
appearance (i.e., open
mouth or closed bite) by
SR, prior-guided sequential
RF, and experienced CMF
surgeon (i.e., ground truth).
(Please note this figure was
copied from [29])

Original CBCT SR Prior-guided RF Ground truth
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Table 1.2 Segmentation results (mean± standard devia-
tion) of upper and lower teeth quantified under leave-one-
out cross-validation for four different automated methods.
The performance was jointly evaluated by DR (dice ratio),
ASD (average surface distance, in mm), and HD (Haus-
dorff distance, inmm). The best results are bolded. (Please
note this table was copied from [29])

SR Prior-guided RF

Upper 0.89 ± 0.03 0.93 ± 0.02DR

Lower 0.92 ± 0.02 0.96 ± 0.02
Upper 0.74 ± 0.41 0.35 ± 0.15ASD

Lower 0.72 ± 0.34 0.31 ± 0.10
Upper 1.36 ± 0.35 0.67 ± 0.21HD

Lower 1.27 ± 0.32 0.62 ± 0.19

1.5 Conclusion

A prior-guided sequential random forest method
has been introduced in this chapter, which was
proposed in [29] for fully automated segmenta-
tion of CMF bony structures from CBCT im-
ages. This method adopts initial probability maps
(of maxillas and mandibles), estimated by atlas-
based majority voting, as the prior to provide
contextual guidance for the training of the sub-
sequent classification model. The Haar-like fea-
tures are extracted from both the original CBCT
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a) No-prior iter. #3 b) With-prior iter. #0 c) With-prior iter. #3 d) Ground truth

Fig. 1.6 The CMF surfaces generated by the sequential
random forest, where (a) to (d) present the results for
the sequential RFs without prior at the 3rd iteration, the
initial probability maps for the prior-guided sequential

RFs, the prior-guided sequential RFs at the 3rd iteration,
and the ground truth. (Please note this figure was copied
from [29])

image and the probability maps, which provide
appearance and contextual information, respec-
tively, to construct a random forest for the classi-
fication of each voxel. A series of random forests
were trained sequentially, where each random
forest extracts the contextual features from the
probability maps predicted by the preceding ran-
dom forest, resulting in gradually refined segmen-
tation probabilities. The prior-guided sequential
random forest has been validated on 30 CBCT
volumes for patients with nonsyndromic dento-
facial deformities. The experimental results have
demonstrated the superior performance of this
method comparedwith previousmethods. The ef-
fectiveness of its important components has also
been verified.
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2Machine Learning for
Craniomaxillofacial Landmark
Digitization of 3D Imaging

Jun Zhang, Mingxia Liu, Li Wang, Chunfeng Lian,
and Dinggang Shen

2.1 Background

Craniomaxillofacial (CMF) deformities involve
congenital and acquired deformities of the head
and face (as shown in Fig. 2.1). Because of these
malformations, daily life can be seriously af-
fected. Specifically, jaw deformity is the most
common type of CMF deformity, and orthog-
nathic surgery is the procedure to correct it.

In diagnosis and treatment planning, computed
tomography (CT) scans, including multi-slice CT
(MSCT) and cone-beam CT (CBCT), are typi-
cally processed using the following procedures:
segmentation, reconstruction of 3D models,
placing anatomical landmarks on the 3D models
(called landmark digitization), and quantitative
measurements based on the landmarks (called
cephalometry). Compared with MSCT, CBCT
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has less scanning time, reduced radiation dose,
lower cost, and the potential for in-office imaging,
which is increasingly being used for CMF
patients. With regard to CT scan processing,
accurate landmark digitization is a critical step
to quantitatively assess the CMF anatomy. In
current clinical practice, almost all anatomical
CMF landmarks are manually digitized on 3D
models, which is time-consuming. The goal
is to have an automatic landmark digitization
method, which can incorporate machine learning
techniques to achieve rapid and accurate
landmark identification. Moreover, landmark
digitization has several clinical applications (as
shown in Fig. 2.2). It can help with cephalometric
analysis as well as teeth segmentation [1]. In
addition, landmark digitization can be used
for surgical planning by generating appropriate
reference models [2]. It should also be noted
that landmark-based image analysis has been
attracting increasing attention for variousmedical
applications, including lesion detection [3],
region selection [4], image registration [5],
disease diagnosis [6–9], and disease prognosis
[10, 11].

To date, there is no effective method that al-
lows automatic landmark digitization in clinical

© Springer Nature Switzerland AG 2021
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Fig. 2.1 Patients suffer severe deformities of the head and face
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Fig. 2.2 Landmark digitization and its applications

use because of twomajor challenges. First is mor-
phological variations among different patients.
The local morphological appearance of the same
landmark could be significantly different across
various patients. For example, Fig. 2.3a shows a
tooth landmark in relatively different positions for
two patients. The second challenge to automatic
landmark digitization is image artifacts, such as
amalgam fillings and orthodontic wires, bands,
and brackets. The left image of Fig. 2.3b shows
artifacts from orthodontic braces, while the right
image illustrates a patient without them. In this
example, the metal brackets made the local patch
appearances near the teeth landmarks inconsis-
tent.

To address these issues, various methods have
been proposed for improving landmark digitiza-
tion in order to achieve a clinically acceptable
performance [12, 13]. First, landmark localiza-

tion methods will be discussed in Sect. 2. Then,
four methods for landmark digitization will be
presented in Sect. 3. Section 4 presents the ex-
perimental results using these four methods on
a dataset with 107 CT images. Finally, Sect. 5
concludes this chapter.

2.2 RelatedMethods for
Landmark Localization

A number of techniques have been proposed to
automatically localize landmarks and anatomical
structures for medical applications. In general,
there are three mainstreams: (1) interest point
detection [14, 15], (2) atlas-based landmark de-
tection [16–19], and (3) machine learning-based
landmark detection [20–22].
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Fig. 2.3 Various morphological appearances. (a) Morphological variations among different patients. (b) Imaging
artifacts of CBCT

Among these options, machine learning-based
methods have become increasingly popular in
landmark localization. Previous learning-based
methods focus on using a voxel-wise classifica-
tion strategy to localize anatomical landmarks.

Here, the localization is formulated as a bi-
nary classification problem, where voxels near
the landmark are regarded as positives and the rest
as negatives. Then, a classifier is typically trained
to distinguish landmark voxels from the others.
For example, Zhan et al. [23] detected anatomi-
cal landmarks of multiple organs via confidence
maximizing sequential scheduling. Criminisi et
al. [24] used a classification forest to automat-
ically localize the bounding boxes of multiple
organs in CT images. Cheng et al. [25] used a ran-
dom forest classifier to localize a dent landmark.
Zhan et al. [26] used cascade Ada-boost classifier
for knee landmark detection with magnetic reso-
nance imaging (MRI) scans. Since classification-
based methods rely on only the local appear-
ance for landmark localization, their performance
is jeopardized if this appearance is inconsistent
across patients.

Regression-based methods are another
type of machine learning-based method used

for landmark localization. Different from
classification-based methods, regression-based
methods aim to learn a mapping from a voxel’s
appearance to its 3D displacement toward a
landmark. When provided with a testing image,
the 3D displacement from every voxel to the
target landmark can be estimated by the learned
mapping. Hence, every voxel can cast one vote
to the potential landmark position, pointed by
the estimated displacement. By aggregating all
votes, the landmark position can be localized
at the voxel that receives the maximum votes.
The regression-based methods can potentially
overcome the limitations of classification-based
methods by borrowing the context information
from nearby voxels with consistent local appear-
ances. Recently, regression forest-based methods
have demonstrated their superiority in various
computer vision and medical tasks [27–32]. For
example, Criminisi et al. [27] proposed to use
regression forest to estimate the 3D displacement
from each voxel to the bounding box of a target
organ. Their experimental results demonstrated
that regression-based methods are more accurate
than classification-based methods in bounding
box detection. With the similar regression voting
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strategy, Cootes et al. [28] extended the work
of [27] for facial landmark localization. To
further enforce spatial consistency of localized
landmarks, Gao et al. [32] proposed a two-layer
context-aware regression forest for prostate land-
mark detection. The problem with these methods
is that they treat the vote from every voxel equally.
As a result, the final localization result can be im-
pacted by noisy votes from uninformative voxels.
To address this issue, Donner et al. [33] proposed
to use a classifier to pre-filter the voting voxels,
by allowing only the voxels near the landmark to
vote. Besides using regression forest for estimat-
ing the displacement to the target landmark, Chen
et al. [34, 35] developed a data-driven method to
jointly estimate displacements from all patches
to landmarks together, thus achieving remarkable
accuracy on X-ray landmark detection as well
as on intervertebral disc localization from MR
images.

Recent studies have employed an end-to-end
learning strategy for anatomical landmark de-
tection, through which the relationship among
landmarks and patches can be captured. In these
methods, landmark detection is often formulated
as a regression problem [36, 37], with the goal of
learning a nonlinear mapping between an input
image and landmark coordinates. In this way,
the landmark position can be directly estimated
via deep learning models, such as convolutional
neural networks (CNNs). Besides, fully convolu-
tional networks (FCNs) have achieved impressive
performance in object detection and landmark de-
tection [38–41]. Recently, Payer et al. [42] tested
several FCN architectures for detecting anatomi-
cal landmarks with limited medical imaging data,
where each landmark position was marked as a
heat map corresponding to the original image.
Reasonable detection performance was obtained,
illustrating the effectiveness of FCN in detecting
anatomical landmarks. However, due to the lim-
ited number of training data, very shallow net-
works were used in the experiments, which could
not entirely capture the discriminative informa-
tion in the medical images. Also, it is challenging
to simultaneously detect large-scale landmarks
in an end-to-end manner, since each landmark
corresponds to an output of a 3D heat map. As a

result, the existingGPUmemory cannot deal with
thousands of 3D output maps jointly. In contrast,
if multiple landmarks are detected separately, it
is cumbersome to train many models, and the un-
derlying correlations among landmarkswill be ig-
nored. To address this problem, Zhang et al. [21]
proposed a two-stage task-oriented deep learning
(T2DL) method to detect large-scale anatomi-
cal landmarks simultaneously in real time, using
limited training data. Two cascaded deep CNNs
were developed, with each focusing on a specific
task.

2.3 Craniomaxillofacial
Landmark Digitization

In this section, four methods for landmark digi-
tization will be introduced, including the multi-
atlas (MA)-based method, the regression forest
(RF)-based method, the segmentation-guided re-
gression forest, and a deep learning model.

2.3.1 Multi-Atlas-Based Landmark
Digitization

The multi-atlas-based landmark digitization
method employs the technique of image
registration. In general, there are atlas images
that have the annotated ground-truth landmarks.
In the application stage, the test image needs
to be registered to each atlas image using
linear registration and nonlinear registration
successively. Currently, there are many image
registration tools that can be used for both
linear registration (e.g., FLIRT in FSL [43])
and nonlinear registration (e.g., Demons [44],
Syn [45], and deep-learning-based registration
[46, 47]). With the affine matrix obtained from
linear registration and deformation field obtained
from nonlinear registration, the landmarks from
atlas images can be propagated to the target
test image. By averaging/majority voting the
estimated landmark positions from multiple
atlases, the landmark position for the test image
can be finally calculated.
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Displacement

(a) (b) (c)

Fig. 2.4 Regression forest for landmark digitization. (a) Displacement to a target landmark. (b) Majority voting by
displacements. (c) Heatmap after voting

2.3.2 Regression Forest-Based
Landmark Digitization

Regression forest-based methods have demon-
strated their superiority in anatomy detection
for different organs and structures [28, 48, 30,
29, 32]. Specifically, in the training stage, the
regression forest can be used to learn a nonlinear
mapping between a voxel’s local appearance
and its 3D displacement to the target landmark.
Generally, Haar-like features are used to describe
a voxel’s local appearance.

In the testing stage, the learned regression
forest can be used to estimate a 3D displacement
from every voxel in the image to the potential
landmark position, based on local appearance
features extracted from the neighborhood of this
voxel (see Fig. 2.4a). Using the estimated 3D
displacement, each voxel can cast one vote to the
potential landmark position (see Fig. 2.4b). By
aggregating all votes from all voxels, a voting
map can be obtained, from which the landmark
position can be easily identified as the location
with the maximum vote (see Fig. 2.4c).

2.3.3 Landmark Digitization Using
Segmentation-Guided
Partially Joint Regression
Forest

Despite its popularity, the traditional regression
forest-based methods still suffer from two lim-

itations: (1) all landmarks are often jointly lo-
calized without considering the incoherence of
landmark positions. Among the CMF landmarks,
the landmark positions, respectively, from differ-
ent anatomical regions could change dramatically
because of morphological differences across pa-
tients. (2) All image voxels are equally treated in
the regression voting stage. Thus, the voting map
may be negatively influenced by the voxels that
are uninformative to the target landmark position.
To address these two limitations, a segmentation-
guided partially joint regression forest model is
proposed for landmark digitization [13], with de-
tails given below.

Partially Joint Regression Forest Model A
joint model was developed to predict the dis-
placements of a voxel to multiple landmarks. This
model assumes that similar local appearances cor-
respond to coherent multiple displacements.

However, this assumption is invalid in this
application. For example, Fig. 2.5a shows two
CBCT images, where the displacements to a
lower tooth and an upper tooth are not coherent.
Since regression forest predicts the displacement
based solely on the input appearance features,
the ambiguous displacements associated with
voxels of same appearance could mislead the
training procedure, which could eventually lower
the accuracy of the landmark digitization.

To address this issue, the coherence of
landmark positions is exploited. Specifically, a
partially joint regression forest model is proposed
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(a) (b) (c)

Fig. 2.5 Displacement and voting map. (a–b) Two cases of incoherent displacements happened near teeth landmarks.
(c) A typical voting map overlaid with 3D rendered skull. Image courtesy to [13]

by dividing all CMF landmarks into several
groups. To form groups, landmarks are clustered,
based on a dissimilarity matrix, where each entry
is the variance of pair-wise landmark distances
across subjects. Then, several fully joint models
are learned with each model corresponding to a
specific group of landmarks. Using this approach,
the ambiguous displacement problem can be
largely avoided. Besides, in this application, the
Haar-like features could be easily affected by
the local inhomogeneity caused by artifacts.
Therefore, the multi-scale statistical features
based on oriented energies [49] are employed
in this method. The features are invariant to local
inhomogeneity and thus can potentially relieve
the effects of artifacts. Instead of using N-ray
coding [49] for vector quantization, the bag-
of-words strategy is used to achieve relatively
low feature dimension. Moreover, multi-scale
representation captures both coarse and fine
structural information, which can help describe
local appearance more effectively.

Segmentation-Guided Strategy As stated
above, one limitation of traditional regression
forest-based methods is the failure to consider
the voting confidence of each voxel and equally
treating their votes. Since different voxels have
different voting confidences, it is necessary to
associate voting weight for each voxel. Here, two
types of uninformative voxels are considered.

The first type of uninformative voxels is the
faraway voxels. In this case, an intuitive solu-
tion is to assign large voting weights only for
the voxels near the landmark, while small voting
weights are assigned for those faraway voxels,
as they are not informative to predict landmark

locations. Specifically, a voting weight of a voxel

w = e−‖d̃‖
α is defined to reduce the influence

of faraway voxels, where
∥∥∥d̃

∥∥∥ is the estimated

3D displacement from this voxel to the target
landmark and α is a scaling coefficient.

The second type of uninformative voxels
is voxels that mislead the prediction. In the
application, voxels in the mandible often have
consistent 3D displacements to the lower
teeth landmarks but may have ambiguous 3D
displacements to the upper teeth landmarks. This
causes the votes from voxels in the lower teeth
region to be unreliable for localizing the upper
teeth landmarks. To address this issue, image
segmentation is used as guidance to remove
those uninformative voxels. The original CBCT
image is segmented into mandible and maxilla
using an automatic segmentation method [1].
Specifically, the deformable registration method
was first used to warp all atlases to the current
testing image. Then, a sparse representation-
based label propagation strategy was employed
to estimate a patient-specific atlas from all
aligned atlases. Finally, the patient-specific atlas
was integrated into a Bayesian framework for
accurate segmentation. By using the segmented
mandible and maxilla as masks, the mandible
can be separated from maxilla in the original
CBCT image. Therefore, landmarks on the
mandible and maxilla can now be separately
digitized using our partially joint model on the
respectively masked CBCT images. By using
segmentation as guidance, those uninformative
voxels can be removed for localizing the
landmark.
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2.3.4 Joint Bone Segmentation
and Landmark Digitization
Using Deep Learning

Figure 2.6 illustrates the schematic diagram of
the joint bone segmentation and landmark digi-
tization (JSD) framework. A network FCN-1 is
developed to learn the displacement maps for
multiple landmarks from an input image to model
the spatial context information in the whole im-
age. The size of each displacement map is the
same size as the input image, and each element
in the displacement map records the displacement
from the current voxel location to a respective
landmark in a specific axis space. Then, another
network FCN-2 is developed to simultaneously
perform bone segmentation and landmark dig-
itization by using both the displacement maps
estimated by FCN-1 and the original image as the
input.

Displacement MapGuided Network Similar
to [50], for a 3D image Xn with V voxels, a
displacement map is represented as a 3D volume
of the same size as Xn, with each element de-
noting the displacement from a voxel to a certain
landmark in a specific axis space. That is, for the
l-th landmark in Xn, there are three displacement
maps (i.e.,Dl,x

n,Dl,y
n, andDl,z

n) corresponding to
x, y, and z axes, respectively. Given L landmarks,
3 L displacement maps are obtained for each input
image.

As shown in Fig. 2.7(left), the first sub-
network (i.e., FCN-1) is developed to learn a
nonlinear mapping from the input image to the
displacementmaps. Using a set of training images

and their corresponding target displacement
maps, FCN-1 adopts a U-net architecture [51]
to capture both the global and the local structural
information of input images. Specifically, FCN-1
consists of a contracting path and an expanding
path. The contracting path follows the typical
architecture of a CNN. Every step in the
contracting path consists of two 3 × 3 × 3
convolutions, followed by a rectified linear unit
(ReLU) and a 2 × 2 × 2 max pooling operation
with stride 2 for down sampling. Each step in
the expanding path consists of a 3 × 3 × 3 up-
convolution, followed by a concatenationwith the
corresponding feature map from the contracting
path, and two 3 × 3 × 3 convolutions (each
followed by a ReLU).

Due to the contracting path and the expanding
path, such a network is able to grasp a large image
area using small kernel sizes while still keeping
high localization accuracy. Note that the output of
the last layer in FCN-1 is normalized into [−1,1].
Let Xn,v represent the v-th (v = 1,···,V) voxel of
the image Xn. In the a-th (a ∈ {x,y,z}) axis space,
the l-th (l = 1,···,L) displacement map of Xn is
denoted asDl,a

n, and its v-th element is denoted as
Dn,v

l,a. The target of FCN-1 is to learn a nonlinear
mapping function to transform the original input
image onto its corresponding 3 L displacement
maps, by minimizing the following loss function:

�1 (w1) = 1
L

L∑
l=1

1
N

N∑
n=1

1
V

V∑
v=1

1
3

× ∑
a∈{x,y,z}

(
Dl,a

n,v − f
(
Xn,v,w1

))2
,

(1)

Fig. 2.6 Pipeline of the JSD framework. Image courtesy to [12]
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Fig. 2.7 Overview of displacement map guided multi-task FCN. FCN-1 estimates the displacement maps, while FCN-2
performs joint bone segmentation and landmark digitization. Image courtesy to [12]

where f (Xn,v,W1) is the estimated displacement
by using the network coefficientsW1 andN is the
number of training images in a batch.

Joint Bone Segmentation and Landmark
Digitization Using the displacement maps
learned in FCN-1 as guidance, a subnetwork
(i.e., FCN-2) with a U-net architecture is further
designed to jointly perform bone segmentation
and landmark digitization. As shown in Fig.
2.7(right), FCN-2 uses a stacked representation
of displacement maps and the original image
as the input, through which the spatial context
information is explicitly incorporated into the
learning process. In addition, such representation
could guide the network to focus on the
informative regions and thus may help alleviate
the negative influence of image artifacts. Note
that the output of the last layer for bone
segmentation is transformed to probability scores
by using the softmax function, and that for
landmark digitization are normalized to [0,1].
Denote Yn

c as the ground-truth segmentation
map for the c-th (c= 1,···,C) category, with the v-
th element as Y c

n,v . Here, a CT image is segmented
into C = 3 categories (i.e., midface, mandible,
and background). The ground-truth landmark
heatmap for the l-th (l = 1,···,L) landmark in
Xn is denoted as Al

n, with its v-th element as

Al
n,v. The objective of FCN-2 is to minimize the

following loss function:

�2 (w2) = − 1
C

C∑
c=1

1
N

N∑
n=1

1
V

V∑
v=1

1
{
Y c

n,v = c
}

×log
(
P

(
Y c

n,v = c|Xn,v;w2
))

+ 1
L

L∑
l=1

1
N

N∑
n=1

1
V

×
V∑

v=1

(
Al

n,v − g
(
Xn,v,w2

))
,

(2)

where the first term is the cross-entropy
error for bone segmentation and the second
term is the mean squared error for landmark
digitization. Here, 1{·} is an indicator function,
with 1{·} = 1 if {·} is true; and 0, otherwise.
P

(
Y c

n,v = c|Xn,v;w2
)
indicates the probability

of the v-th voxel in the image Xn being correctly
classified as the category Y c

n,v using the network
coefficients W2. The second term in Eq. (2)
computes the loss between the estimated value
g(Xn,v,W2) and the ground-truth Al

n,v in the l-th
landmark heatmap.

Learning Strategy For each landmark, a
heatmap is generated using a Gaussian filtering
with the standard derivation of 2 mm and then
stretching the values to the range of [0,1].
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For optimizing the network coefficients, the
stochastic gradient descent (SGD) algorithm
combined with the backpropagation algorithm
is adopted. In the training stage, network FCN-
1 is first trained using the CT image and its
corresponding target displacement maps as the
input and the output, respectively.

With FCN-1 frozen, network FCN-2 is further
trained for joint bone segmentation and landmark
digitization, by using the stacked representation
of the estimated displacement maps from FNC-1
and the original image as the input, while land-
mark heatmaps and segmentation maps served as
the output. Finally, using the learned coefficients
as initialization, networks FCN-1 and FCN-2 are
trained jointly. In addition, the training process
is done in a sliding window fashion (with the
fixed window size of 96 × 96 × 96). Then, a
new testing image of any size can be fed into
the trained model, since FCN only contains the
convolutional computation.

2.4 Results

Table 2.1 shows the mean error of landmark dig-
itization of four methods. Obviously, the deep
learning-based method (i.e., JSD) achieves the
best performance of 1.10 mm. The special de-
signed random forest-based method (i.e., SPRF)
also achieved a competitive result of 1.52 mm.

Table 2.1 Digitization errors of four methods

Method MA RF SPRS JSD

Error 3.05 mm 2.67 mm 1.52 mm 1.10 mm

Specifically, Fig. 2.8 shows the digitization errors
for each of 15 anatomical landmarks achieved by
4 different methods. From Fig. 2.8, we can see
that, compared with MA and RF, SPRF and JSD
generally achieve the lower errors in detecting
these 15 landmarks, especially for the landmarks
located at the lower teeth and upper teeth (e.g.,
LR1, LL1, LR2, LL2, UR1, UL1, UR2, and UL2,
see Fig. 2.6). It is worth noting that, because
of large inter-subject variations in the local ap-
pearance of the teeth, it is very challenging to
accurately localize tooth landmarks. These results
demonstrate that our proposed two strategies (i.e.,
using displacementmaps as guidance information
and joint learning) can help accurately locate
anatomical landmarks in CBCT images. Also, it
is clinically acceptable if the digitization error
of CMF landmarks for CBCT images is below
1.50 mm. Table 2.1 and Fig. 2.8 clearly demon-
strate that the average digitization error achieved
by our JSD method is below 1.50 mm, indicating
that JSD has a great value in real clinical appli-
cations. Figure 2.9 visually shows the landmark
digitization results for three patients using four
different methods.

2.5 Conclusion

In this chapter, several landmark localization
methods were reviewed, and their potential
applications to CMF landmark digitization were
discussed. Four typical methods were described
in detail. The experimental results on 107
images demonstrated the effectiveness of current
landmark digitization methods. The landmark
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Fig. 2.8 The digitization errors (mm) for each of 15 landmarks, achieved by 4 different methods. Image courtesy to
[12]
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Fig. 2.9 Landmark digitization results for three patients using four different methods. The green points are the ground-
truth landmarks, and the red points are the detected landmarks. Image courtesy to [52]

digitization error is clinically acceptable for the
methods of SPRF and JSD. Although the deep
learning-based method (i.e., JSD) has achieved
promising results, there are still several limita-
tions. First, there are only 107 images at hand
for model learning. It is possible to augment the
training images by using synthetic data (e.g., by
using deformable transformation or Generative
Adversarial Networks) to further improve the
robustness of the method. Second, the tasks of
bone segmentation and landmark digitization are
treated equally, without considering their possible
different contributions. A reasonable solution is
to automatically learn the optimal weights for
these different tasks from data.
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3Segmenting Bones from Brain MRI via
Generative Adversarial Learning
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James J. Xia, and Dinggang Shen

3.1 Introduction

Accurate segmentation of bony structures to
construct high-quality skeletal models is impor-
tant for diagnosis and planning the treatment
of craniomaxillofacial (CMF) deformities.
Computed tomography (CT) is commonly
used in clinical practice for skeletal model
construction due to its high contrast between bony
structures and surrounding tissues. However,
since CT scanning emits ionizing radiation that
is harmful to the human body (especially for
infant patients), finding an alternative imaging
modality for safer bony anatomy acquirement
is of great clinical value. Compared with CT,
magnetic resonance imaging (MRI) is non-
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ionizing and much safer. The major challenge
for MRI-based CMF anatomy assessment lies
in the segmentation of bony structures (even for
experienced radiologists), considering that they
typically lack contrast and are indistinguishable
from the air in MRI images (see Fig. 3.1).
Thus, the manual bony annotations are typically
unavailable for CMF MRI scans, which is a
major hurdle in building a reliable bony structure
segmentation model for MRI.

Recently, several deep learning methods have
been proposed to automatically segment CMF
bony structures from brain MRI. To tackle the
above challenge associated with MRI images,
these methods usually integrate supplementary
bony information from the paired CT images (i.e.,
captured from the same subjects) to assist the
training of segmentation models on MRI data,
since the anatomical structures (bony structures)
of paired MRI-CT images are considered to be
consistent. For example, Nie et al. [1] proposed a
cascaded framework to segment MRI bony struc-
tures in a coarse-to-fine fashion, in which an-
notations from corresponding CT images were
used as the ground truth for model construc-
tion. Similarly, using training samples with paired
MRI-CT, Zhao et al. [2] proposed to first learn a
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Fig. 3.1 An example of
paired MRI-CT images.
Compared with CT, the
bones and air are both dark
and indistinguishable in
MRI

(a)                                            (b) 

Bone

Air

generative adversarial network (GAN) to estimate
realistic CT images from the MRI images and
then perform bony structure segmentation using
both MRI images and synthesized CT images.
While these methods have achieved relatively
good segmentation results, their performance (es-
pecially generalization ability) is still hampered
by a practical challenge. That is, patients with
CMF deformities routinely only take CT scans,
which means the number of paired MRI-CT im-
ages is extremely limited. On the other hand,
important bony information from unpaired CT
images is ignored by these methods due to their
requirement of paired training images.

Inspired by the recent studies on image-
to-image translation [3, 4], in this work, we
propose to ameliorate the annotation limitation
problem by transferring the bony annotation
information from CT modality to MRI modality
via cross-modality image synthesis. Specifically,
we propose to make full use of both paired and
unpaired MRI-CT data to construct a semi-
supervised deep neural network for automated
CMF bony structure segmentation from MRI.
Our proposed network consists of a CycleGAN
[3]-based cross-modality image synthesis sub-
network and a segmentation sub-network. The
image synthesis sub-network learns the cycle-
consistent mappings between MRI and CT
modalities. Then the synthetic MRI images,
which are assumed to contain the same anatomi-
cal structure information as their CT inputs, can
be used to train the segmentation sub-network by
“borrowing” the annotation information (i.e.,
ground truth) from CT images. However, in
contrast to the original CycleGAN that uses
only unpaired images for training, we train our

image synthesis sub-network with both paired
and unpaired MRI-CT data in a semi-supervised
manner. To alleviate the intrinsic ambiguity
problem of CycleGAN, we propose a novel
neighbor-based anchoring method to narrow
down the space of possible mappings in cross-
modality image synthesis by making full use of
the paired MRI-CT data. Moreover, a feature-
matching-based semantic consistency constraint
is applied to encourage the image synthesis sub-
network to preserve the high-level semantic
information (i.e., the anatomical structure
information) during cross-modality synthesis.
Both qualitative and quantitative experimental
results demonstrate the effectiveness of the
proposed method in effectively improving the
segmentation performance, compared with the
state-of-the-art medical image segmentation
methods.

To summarize, the main contribution of this
work is threefold:

• We propose a generative adversarial learning
framework to address the label limitation
problem in MRI segmentation of CMF bony
structures. This is enabled by transferring the
labels from CT modality to MRI modality
via cross-modality image synthesis. To be
specific, the proposed framework contains a
cycle-consistent image synthesis sub-network
to learn the cross-modality mappings between
MRI and CT modalities using both paired and
unpaired MRI-CT data, and the synthetic MRI
images are then used to augment the training
dataset along with the bony annotations
from CT images to guide the training of
segmentation sub-network.
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• To reduce the ambiguity problem in cycle-
consistent cross-modality image synthesis, we
propose a novel neighbor-based anchoring
method to effectively reduce the space of
possible mappings in synthesis by making
full use of the paired MRI-CT data.

• A feature-matching-based semantic consis-
tency constraint is applied to regularize the
cross-modality image synthesis by encour-
aging the high-level semantic consistency
between the synthetic images and their
corresponding inputs.

3.2 RelatedWorks

3.2.1 Semi-supervised Learning

Depending on whether the label is used in the
training stage, the machine learning techniques
can be roughly categorized into three groups:
the supervised learning (using completely labeled
data) [5, 6], the unsupervised learning (using only
unlabeled data) [7, 8], and the semi-supervised
learning (using both labeled and unlabeled data)
[9, 10]. The semi-supervised learning aims at
improving the generalization abilities of machine
learning models by making use of the unlabeled
data to train the model. It has found a wide range
of applications in many cognitive tasks where
the labeled data is limited. For example, Bennett
et al. [9] introduced a semi-supervised support
vector machine method to address the transduc-
tion problem by using a mixture of labeled data
and unlabeled data. Weston et al. [10] proposed
a semi-supervised framework to improve super-
vised learning for deep architectures by jointly
learning an embedding task on unlabeled data.
In particularly, the semi-supervised learning can
be of great practical value in medical image seg-
mentation [11, 12], since manually annotating
medical images (especially for 3D medical im-
ages) is typically tedious and requires profes-
sional knowledge and skills. For example, Bai et
al. [11] proposed a semi-supervised segmentation
network for cardiac MRI image segmentation,
where the model was trained on both labeled and
unlabeled data. Mahapatra et al. [12] proposed a

novel strategy for segmenting Crohns disease tis-
sues from abdominal MRI images by using semi-
supervised learning to predict the missing la-
bels. In this work, we propose a semi-supervised
framework to build an automaticMRI-based bony
structure segmentation network by transferring
the annotation information from CT modality to
MRI modality via cross-modality image synthe-
sis, where both paired and unpairedMRI-CT data
are used to improve the generalizability of the
segmentation model.

3.2.2 Cross-Modality Image
Synthesis

In clinical practice, multi-modality imaging
is often used to contribute the comprehensive
diagnosis of complex disease, since different
imaging modalities provide complementary
information about the patients from respective
aspect. However, multi-modality imaging scans
are not always available due to many practical
factors, such as the scanner unavailability,
the time-consuming scanning process, and the
cost. Thus, it would be clinically helpful if
the desirable target modality image can be
generated from the source modality one via
cross-modality image synthesis. Earlier efforts
on cross-modality image synthesis typically
require paired images from two different imaging
modalities to learn the translation under some sort
of regularizations [13, 14]. For example, Huang
et al. [13] proposed a geometry regularized joint
dictionary learning framework for MRI cross-
modality synthesis. Recently, the studies on
unsupervised image-to-image translation have
attracted a great deal of interest [3, 4]. Inspired
by these works, many researchers proposed to
address the unsupervised cross-modality image
synthesis problem by using cycle-consistent
regularization [15, 16]. For example, Hiasa et
al. [15] addressed the unsupervised MRI-to-CT
synthesis by extending the CycleGAN method
with a gradient consistency loss to improve the
accuracy at the boundaries. Huang et al. [16]
proposed a weakly supervised framework to
jointly solve the problems of super-resolution
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and cross-modality image synthesis, aimed
at generating high-resolution and multimodal
images from low-resolution single-modality
imagery. In this work, we propose a semi-
supervised framework to transfer the annotation
information from a label-rich imaging modality
(i.e., CT modality) to a label-poor imaging
modality (i.e., MRI modality) via cross-modality
image synthesis, then the synthetic images are
used to assist in building a reliable segmentation
model for the label-poor imaging modality.

3.3 Method

In this section, we introduce the proposed
method in detail. We first present an overview
of the proposed framework in Sect. 3.3.1.
Then we elaborate the two main components
of the proposed framework, i.e., the cross-
modality image synthesis sub-network and the
segmentation sub-network, in Sect. 3.3.2. The
novel neighbor-based anchoring method and the
feature-matching-based semantic consistency
constraint are introduced in Sect. 3.3.3 and Sect.
3.3.4, respectively. Subsequently, we elaborate
the detailed structures of all sub-networks in
Sect. 3.3.5. Finally, the implemental details are
presented in Sect. 3.3.6.

3.3.1 Overview

The schematic diagram of our proposed semi-
supervised framework is shown in Fig. 3.2, which
consists of (1) a cross-modality image synthesis
sub-network and (2) a segmentation sub-network
for MRI bony structure annotation. The image
synthesis sub-network learns the cross-modality
mappings from both MRI-to-CT and CT-to-
MRI with two generators GM → C and GC → M,
respectively. Both paired and unpaired MRI-CT
images are used to train the image synthesis sub-
network. To guide the training of unsupervised
cross-modality image synthesis (i.e., using
unpaired images), we adopt the cycle-consistent
constraint as a regularization, which requires
two generators to be the inverse mappings of

each other. Moreover, two discriminators DM

and DC are used to encourage the generators
to synthesize realistic images via adversarial
learning. Through the cross-modality image
synthesis, the annotation information in CT
modality can be implicitly transferred to the MRI
modality, as the synthetic images are expected
to contain the same anatomical structures as
their corresponding inputs. Thus, we can use the
synthetic MRI images to train the segmentation
sub-network by “borrowing” the annotations
from their corresponding inputs (i.e., CT images).
The details of the proposed framework will be
introduced in Sect. 3.3.2.

Notably, our model is a semi-supervised
framework which differs from the original
CycleGAN-based methods. Our model is
uniquely trained on both paired and unpaired
images to effectively alleviate the ambiguity
problem of CycleGAN (i.e., there exits numerous
feasible mappings that satisfy the cycle-
consistent requirement). To make full use of
the paired images, we propose a novel neighbor-
based anchoring method to reduce the ambiguity
problem in cross-modality image synthesis
for unpaired images. In addition, a feature-
matching-based semantic consistency constraint
is proposed to effectively preserve the anatomical
structure information in image synthesis, which
is critical to the subsequent segmentation task.
These two key components will be introduced in
Sect. 3.3.3 and Sect. 3.3.4, respectively.

Finally, we elaborate the structure of each sub-
network and the implementation details in Sect.
3.3.5 and Sect. 3.3.6, respectively.

3.3.2 Cross-Modality Image
Synthesis for Segmentation

In this work, we propose to build a reliable seg-
mentation model for MRI modality by making
use of the annotation information fromCTmodal-
ity. This is enabled by transferring the annotation
information from CT to MRI via cross-modality
image synthesis. Without loss of generality, de-
noted by

(Mp, Cp

)
the paired MRI-CT datasets

in which the MRI-CT images are one-to-one cor-
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Fig. 3.2 Method overview. Two generators learn the
mappings between MRI and CT modalities, two discrimi-
nators distinguish the real images from the synthetic ones,

and a segmentor estimates bony structures from MRI
images. The synthetic MRI data serves as supplementary
training data for the segmentation sub-network

respondence (captured from the same subject),
and (Mu, Cu) the unpaired MRI-CT datasets. In
our framework illustrated in Fig. 3.2, the genera-
torsGC → M andGM → C learn the cycle-consistent
cross-modality mappings between the MRI and
CT modalities using both paired and unpaired
MRI-CT data. Due to the GPU memory limi-
tation, our model is actually trained on small
3D patches. That is, the datasets

(Mp,Mu

)
and(Cp, Cu

)
are comprised of small patches cropped

from the original MRI and CT images, respec-
tively. Naturally, the paired data can directly be
used to supervise the training of generators by
minimizing the following loss function:

Lpair = E(x,y)∼(Cp,Mp)

(‖ GC→M(x) − y ‖1
+ ‖ GM→C(y) − x ‖1

)

(3.1)

where x∈Cp and y∈Mp denote a pair of CT-
MRI patches. For unpaired, we adopt the cycle-
consistent constraint as a regularization, with the
loss function be defined as follows:

Lunpair = E(x,y)∼(Cu,Mu) (‖ GM→C (GC→M(x)) − x ‖1
+ ‖ GC→M (GM→C(y)) − y ‖1

)

(3.2)

where x∈Cu and y∈Mu denote the unpaired CT
and MRI patches, respectively.

Two discriminators, DM and DC, are used to
encourage the generators to synthesize realistic
images via adversarial learning. To be specific,
the discriminators and the generators are trained
alternately in an adversarial manner. The discrim-
inators are first trained to distinguish the real
images from the synthetic ones byminimizing the
following loss function:

Ldis = E(x,y)∼(C,M)

[
(DC(x) − 1)2 + (DM(y) − 1)2

+ DM(GC→M(x))2 + DC(GM→C(y))2
) ]

(3.3)

where C and M are the union sets of paired
and unpaired datasets for CT and MRI (i.e.,
C = {Cp, Cu

}
, M = {Mp,Mu

}
), respectively.

Then the generators are encouraged to synthesize



32 X. Chen et al.

realistic images to fool the discriminators using
the following loss function:

Ladv = E(x,y)∼(C,M)

[
(DM (GC→M(x)) − 1)2

+ (DC (GM→C(y)) − 1)2
]

(3.4)

Note that we adopt the least square GAN [17]
instead of the original GAN [18] to avoid the
training instability issue.

Subsequently, we use both real and synthetic
MRI images to train the segmentation sub-
network S. To be specific, the real MRI images
from the paired dataset can share the annotations
(i.e., labels) with their corresponding CT images
and thus can directly be used to train the
segmentor. We use the cross entropy to measure
the segmentation error, and the corresponding
loss function is defined as follows:

Lr
seg = E(x,b)∼(Mp,Bp) [−b logS(x)

− (1 − b) log (1 − S(x))
] (3.5)

where x∈Mp and b∈Bp represent an MRI patch
from the paired dataset and its corresponding an-
notation, respectively. On the other hand, theMRI
images synthesized from CT images in unpaired
dataset can also be used to train the segmentor, as
they are supposed to contain the same anatomical
structure information as the input CT images. The
corresponding loss function is defined as follows:

Ls
seg = E(x,b)∼(Cu,Bu) [−b logS (GC→M(x))

− (1 − b) log (1 − S (GC→M(x)))
]

(3.6)

where (x, b) denotes a CT patch and its corre-
sponding segmentation annotation.

3.3.3 Neighbor-Based Anchoring
Method

We utilize the cycle-consistent cross-modality
image synthesis to transfer the annotation
information from CT modality to MRI modality.

However, recent study shows that the unpaired
cycle-consistent image synthesis suffers from
the ambiguity problem, which may lead to
the geometric distortion [19]. Although we
use both paired and unpaired MRI-CT data
to train the image synthesis sub-network in a
semi-supervised manner, the paired images have
limited influence in the training since the number
of paired images is typically much smaller than
the unpaired images in clinical practice.

In this section, we introduce a novel neighbor-
based anchoring method based on the paired
MRI-CT data to alleviate the ambiguity problem
of CycleGAN. The proposed method is based
on an assumption that the source and target
domains (modalities) lie on respective manifolds
with similar local geometry. For example, if two
patches in one modality are similar to each other
in terms of semantic structure, their synthetic
counterparts in another modality should also be
similar to each other. Based on such assumption,
we propose to reduce the space of feasible
mappings in unsupervised cross-modality image
synthesis by using the paired MRI-CT data as
anchors.

Figure 3.3 illustrates the proposed neighbor-
based anchoring method. As shown in the figure,
two anchor point sets are built for the respective
domains (i.e., CT and MRI domains), where the
anchor points in two domains are actually the
paired patches cropped from the paired MRI-CT
images. Thus, for each patch (anchor point) in
the CT anchor point set, there is a corresponding
patch available in the MRI anchor point set and
vice versa. Given an input patch x in the source
domain (e.g., CT domain), we first find K nearest
anchor points {x1, x2, . . . , xK} for it in the same
domain. Then the desired synthetic target y can be
located near the anchor points {y1, y2, . . . , yK} in
the target domain (e.g., the MRI domain), where
(xi, yi) (i = 1, 2, . . . , K) are paired anchor points
in the source and target domains. In this way,
we can effectively reduce the space of feasible
mappings in unsupervised cross-modality image
synthesis, thus alleviating the ambiguity problem
of CycleGAN. The corresponding loss function is
defined as follows:
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Fig. 3.3 The patches in two different domains (modal-
ities) are assumed to lie on respective manifolds with
locally similar geometry. Given an input x in the source
domain (e.g., the left domain) and denote {x1, x2, x3} as the

nearest anchor points of x, then desired synthetic target y
in the target domain (e.g, the right domain) can be located
by the {y1, y2, y3}, where yi (i= 1, 2, 3) is the anchor point
in the target domain corresponding to xi

Lanchor = E(x,y)∼(Cu,Mu)
1
K

∑K
i=1

(
wC

i ‖ GC→M(x)

− T (xi) ‖1 +wM
i ‖ GM→C(y) − T (yi) ‖1

)

(3.7)

where x∈Cu and y∈Mu, respectively, represent
the unpaired CT and MRI patches and (xi, yi)
denote the i-th neighboring anchor points of (x, y)
in respective domains. The operator T(•) picks the
corresponding anchor point in another domain for
the given input (i.e., T(xi) = yi and T(yi) = xi)).
The weighting coefficients wC

i = exp
(−αdC

i

)

and wM
i = exp

(−αdM
i

)
are respectively used

to balance the importance of each neighboring
anchor point xi and yi for x and y based on the
distances between them (i.e., dC

i = ‖ x − xC
i ‖1

and dM
i = ‖ y − yM

i ‖1), and α is a smoothing
parameter.

The proposed neighbor-based anchoring
method can effectively alleviate the ambiguity
problem in unpaired cycle-consistent cross-
modality image synthesis by making full use
of the paired MRI-CT data. However, because
paired data is typically very limited in clinical
practice, it would impair the effectiveness of the
proposed method since limitations in paired data
cannot provide enough anchor points to cover
the entire manifold. To address this issue, we
propose to progressively extend the anchor point
sets with synthetic patches from the unpaired
dataset. More specifically, the anchor point
sets are first initialized with the paired patches

randomly cropped from the paired MRI-CT
images. During the training stage, the distances
between the unpaired patches and their nearest
anchor points are recorded, and the top 20%
patches that are farthest from their nearest anchor
points are selected to augment the anchor point
sets along with their synthetic results. In this
way, we progressively extend the anchor point
sets to expand the coverage area of anchor
points on manifolds. Note that we only add
the synthetic anchor points in the sparse area,
i.e., far from the existing anchor points. These
supplementary anchor points, although are not
as good as those cropped from the real data, are
still better than nothing in providing additional
guidance for cross-modality image synthesis. The
effectiveness of the proposed neighbor-based
anchoring method will be further analyzed in
Sect. 3.4.4 via ablation study.

3.3.4 Feature-Matching-Based
Semantic Consistency

In our framework, the synthetic images are sup-
posed to contain the same anatomical structure
information as their corresponding inputs. How-
ever, this is not guaranteed in the original Cycle-
GANwhich only focuses on the pixel-level recon-
struction at the visual image level and is insensi-
tive to the anatomical structure information varia-
tions in high-level semantic space. To ameliorate
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Fig. 3.4 Network architectures

this issue, we propose a feature-matching-based
semantic consistent regularization to encourage
the anatomical structure information preservation
in synthesis. To be specific, we require the high-
level anatomical structure information of the real
and synthetic images to be consistent in synthe-
sis. This is enabled by reducing the differences
between feature maps extracted from the real and
synthetic MRI images with the following loss
function:

Lsc = E(x,y)∼(Cp,Mp)‖fS(y)−fS (GC→M(x)) ‖22
(3.8)

where x∈Cp and y∈Mp denote a paired CT-MRI
patches and fS(•) is an operator to extract the high-
level semantic feature from the given input. In
this work, such semantic feature is from the last
but one activation layer (before the final convolu-
tional layer) of segmentor S, which contains the
critical anatomical structure information of the
input data.

3.3.5 Network Architecture

The proposed framework consists of two gen-
erators, two discriminators and a segmentor. In

this section, we introduce the detailed structure
of each sub-network. For ease of understanding,
the architecture of each sub-network is illustrated
in Fig. 3.4.

3.3.5.1 Generators
The generators GC → M and GM → C learn the
cycle-consistent mappings between the MRI
and CT modalities. In this work, they are
implemented to have the save architecture,
i.e., a U-Net [20] like 3D fully convolutional
neural network (FCN) which consists of (1) an
encoder, (2) a decoder, (3) several long-range
skip connections to link the encoder and decoder
layers at the same resolution, level and (4) a series
of residual blocks [21] to bridge the encoder and
decoder. To be specific, the encoder comprises
of three encoding blocks. Each encoding block
consists of two 3 × 3 × 3 convolutional
layers with strides 1 and 2, respectively. The
decoder is symmetrical to the encoder, which
comprises of three decoding blocks and each
block consists of a deconvolutional layer [22]
and a convolutional layer. Similar to the 3D U-
Net [20], three long-range shortcuts are applied
to connect the encoder and decoder layers at
every resolution levels to fasten the convergence
as well as to achieve smoother results. Moreover,
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three residual blocks [21] are used to bride the
encoder and decoder to improve the nonlinear
modeling capacity of the generator. The number
of filters in generators starts at 32, doubles at each
strided convolutional layer and halves at each
deconvolutional layer. In addition, we apply the
Instance Normalization [23] and ReLU activation
[24] after each convolutional/deconvolutional
layer except the last layer (the output layer),
where we use the tanh activation to normalize the
output.

3.3.5.2 Discriminators
The discriminators DM and DC distinguish the
real images from the synthetic ones for MRI and
CT modalities, respectively. They have a similar
structure with the encoding part of generators,
which also contain three encoding blocks. Be-
sides, an additional convolutional layer and a
fully connection layer are appended to gener-
ate the output with only one element, indicating
whether the input image is real or synthetic. How-
ever, instead of the ReLU activation, we adopt
the Leaky ReLU [25] activation with slope 0.2 for
discriminators as suggested in DCGAN [7].

3.3.5.3 Segmentor
Our segmentor is very similar to the generator, as
shown in Fig. 3.4. However, we use the softmax
activation instead of the tanh activation after the
output layer of segmentor to predict the probabil-
ity of each voxel belonging to each class (bone or
background).

3.3.6 Implementation Details

Due to GPU memory limitation, we used small
3D patches with the size of 32 × 32 × 32 to
train ourmodel, where the patcheswere randomly
cropped from MRI and CT images. Both paired
and unpaired data were used to train the model
with a batch size of four, where each mini-batch
consists of two paired and two unpaired MRI-
CT patches. We split all sub-networks into three
groups, i.e., the generators’ group, the discrim-
inators’ group, and the segmentor’s group, and
trained them alternately in an adversarial manner

at each iteration. To be specific, the discrimi-
nators DM and DC were first trained using loss
function (3). Then the generatorsGC → M,GM → C

were trained by minimizing the following loss
function:

Lpair + λ1Lunpair + λ2Ladv + λ3Lanchor + λ4Lsc

(3.9)

Finally, the segmentor was trained by using
both real and synthetic data as follows:

Lr
seg + λ5L

s
seg (3.10)

We trained all sub-networks with the above-
mentioned strategy for a total of 100,000 itera-
tions. The Adam [26] was adopted as the opti-
mizer to train the model with a learning rate of
10−4. Other hyper-parameters were empirically
set asK = 3, α = 1, λ1 = 0.5, λ2 = 0.05, λ3 = 0.1,
λ4 = 0.5, and λ5 = 0.5.

3.4 Experiment and Results

To demonstrate the effectiveness of the proposed
method, we conducted the experiments on CMF
bony structure segmentation and compared
the proposed method with the state-of-the-art
medical image segmentation methods. In this
section, we first elaborate the experimental
settings in Sect. 3.4.1, including the training and
testing datasets, the preprocessing procedure,
and the evaluation principle. Then we visually
present some representative cross-modality
image synthesis results of the proposed method
in Sect. 3.4.2. The segmentation performance
of the proposed method is evaluated both
qualitatively and quantitatively in Sect. 3.4.3
and is compared with the state-of-the-art medical
image segmentation methods to demonstrate the
superiority of the proposed method. Finally,
we make an in-depth study of the proposed
method by quantitatively analyzing its two key
components (i.e., the neighbor-based anchoring
method and the feature-matching-based semantic
consistency constraint) via ablation study in Sect.
3.4.4.
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3.4.1 Experimental Setting

We used both paired and unpaired MRI-CT
datasets in our experiments. The paired dataset
consists of eight pairs of MRI-CT scans from
the Alzheimer’s disease Neuroimaging Initiative
(ADNI) dataset [27]. The unpaired dataset
contains 50 MRI scans and 50 CT scans, which
were randomly selected from the ADNI dataset
and the CQ500 dataset [28], respectively. All
images were aligned to a common template using
the FMRIB’s Linear Image Registration Tool
(FLIRT) and cropped to have the same size of
146 × 180 × 175 with a voxel size of 1 × 1 × 1
mm 3. Then, the intensity values in all images
were linearly scaled into the range of [−1, 1].
Examples of paired and unpairedMRI-CT images
are shown in Fig. 3.5. Since the bony boundaries
are clearly shown in CT images, the ground truth
of bones was achieved by thresholding and then
manually refined by an expert as needed.

We evaluated the performance of the proposed
method in the scenario where the annotated data
was very limited. To be specific, the proposed
model was trained and validated eight times, cor-
responding to the number of paired MRI-CT im-
ages. At each time, only a single MRI-CT pair
from the paired dataset was selected to train the
model along with all unpaired data, leaving the
other seven pairs for testing.

3.4.2 Image Synthesis Results

We first qualitatively evaluated the cross-
modality image synthesis performance of

the proposed method by presenting some
representative visual results of synthetic images.
For comparison purposes, we trained the image
synthesis sub-network (i.e., two generators and
two discriminators) separately using only paired
data and refer to it as the Baseline method.
Moreover, we also compared the proposed
method with the well-known CycleGAN method
which was trained by using only unpaired data.
The comparison results are shown in Fig. 3.6,
where five columns respectively represent (a) the
inputs, (b) the results of the Baseline method,
(c) the results of the CycleGAN method, and
(d) the results of the proposed method and the
ground truth. Compared with the baseline, the
proposed method was able to produce more clear
and realistic results in all testing data. This can
be attributed to the proposed semi-supervised
framework which learns data distribution from
both paired and unpaired images. On the other
hand, the CycleGANyieldedmuch poorer results,
especially for soft tissues. This is reasonable since
the 3D small (unpaired) MRI-CT patches can
hardly provide enough contextual information to
learn reliable cross-modality mappings, even if
the cycle-consistent regularization was applied.

In addition, from the results in Fig. 3.6, we can
also observe that learning the CT-to-MRI transla-
tion is much more challenging than learning the
MRI-to-CT translation, especially for soft tissues.
In fact, it is very difficult (if at all possible)
to reliably reconstruct the soft tissues from CT
images since in which the soft tissues are almost
invisible. However, it is worth noting that the
CMF surgery is a bony surgical procedure, so
we only care about the bony areas, and the soft-

Fig. 3.5 Examples of
paired and unpaired data

(a) Paired data (b) Unpaired data
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(a) (b) (c) (d) (e)

Fig. 3.6 Visual results of cross-modality image synthesis

tissue information is unnecessary. The segmenta-
tion performance of the proposed method will be
evaluated in the following section.

3.4.3 Segmentation Performance

We also evaluated the segmentation performance
of the proposed method. To demonstrate the su-
periority of the proposed method, we compared
it with two state-of-the-art medical image seg-
mentation methods, i.e., the well-known 3D U-
Net [20] and the recent proposed Deep-supGAN
[2], which were exclusively trained on paired
dataset. Furthermore, we implemented two vari-
ants of the proposed method for comparison:
(1) the Baseline method which trained the seg-
mentor solely with only paired data and (2) the
Two-Stage method that trained the image synthe-
sis sub-network and the segmentor independently
in sequence instead of training them jointly in
an adversarial manner. The segmentation per-
formance of all comparison methods was quan-

tified in terms of Dice Similarity Coefficients
(DSC) and Average Symmetric Surface Distance
(ASSD).

The comparison results are shown in Table 3.1,
where the bold numbers indicate the best results.
From Table 3.1, it is obvious that the Baseline,
3D U-Net, and Deep-supGAN methods yielded
much poorer results, implying that they suffer
from the overfitting problem since the training
data (i.e., the paired MRI-CT data) is very lim-
ited. In contrast, the proposed method effectively
made use of the synthetic data to augment the
training dataset via cross-modality image synthe-
sis, leading to the performance improvement in
terms of both DSC (85.66 ± 3.26) and ASSD
(1.04± 0.19), respectively. Additionally, the pro-
posed method also outperforms its Two-Stage
variant model by 1.81 and 0.08 in terms of DSC
and ASSD, respectively. This can be attributed to
the proposed training strategy, which trained the
image synthesis sub-network and the segmenta-
tion sub-network jointly in an adversarialmanner.
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(a) (b) (c) (d) (e) (f)

Fig. 3.7 Visual results of bony structures segmentation

We also qualitatively compared the segmen-
tation results of different methods. The visual
segmentation results are shown in Fig. 3.7, where
the six columns respectively represent (a) the
input MRI images, (b) the results of the Baseline
method, (c) the results of the 3D U-Net method,
(d) the results of the Deep-supGAN method,
(e) the results of the proposed method, and (f)
the ground truth. It is obvious that the proposed
method achieved the best results. Compared with
other competing methods, the bony structures
predicted by the proposed method are more
complete and smoother, as indicated by the red
boxes. This is consistent with the quantitative
results presented in Table 3.1, demonstrating the
superiority of the proposed method.

3.4.4 Ablation Study

To make an in-depth study of the proposed
method, we conducted the ablation study to
quantitatively analyze two key components of
the proposed method, i.e., the neighbor-based
anchoring method and the feature-matching-
based semantic consistency constraint. To be

Table 3.1 Comparison of segmentation performance

Method DSC (%) ASSD

Baseline 78.68 ± 5.42 1.33 ± 0.25

3D U-Net [20] 77.41 ± 5.41 1.34 ± 0.20

Deep-supGAN [2] 77.82 ± 3.18 1.49 ± 0.20

Two-Stage 83.85 ± 4.03 1.12 ± 0.22

Proposed 85.66 ± 3.26 1.04 ± 0.19

Mean ± standard deviation

specific, two variants of the proposed method
were trained without using the neighbor-based
anchor method (denoted as w/o Anchor) and the
feature-matching-based semantic consistency
constraint (denoted as w/o SC), respectively.
The segmentation performance of these variant
models is evaluated and compared with the
original method under the same evaluation
principle. From the comparison results in Table
3.2, we can observe that the proposed anchoring
method and the segmentation consistency
constraint successfully alleviate the ambiguity
problem and encourage the semantic consistency
in cross-modality image synthesis, leading to the
performance improvement.
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Table 3.2 Ablation study

Methods DSC (%) ASSD

W/o anchor 84.81 ± 3.44 1.08 ± 0.20

W/o SC 84.27 ± 3.54 1.16 ± 0.20

Proposed 85.66 ± 3.26 1.04 ± 0.19

Mean ± standard deviation

3.5 Conclusion and Discussion

In this work, we introduced a method to
automatically segment CMF bony structures
from MRI. To address the annotation (i.e., label)
limitation problem, we proposed to transfer the
annotation information fromCTmodality toMRI
modality via cycle-consistent cross-modality
image synthesis. The synthetic MRI images
were supposed to contain the same anatomical
structure information as their corresponding
inputs (i.e., CT images) and thus could be used
to augment the training dataset for segmentation.
To alleviate the ambiguity problem, we proposed
a novel neighbor-based anchoring method to
reduce the space of possible mappings in cross-
modality image synthesis by making use of
the limited paired data. Moreover, a feature-
matching-based semantic consistency constraint
was proposed to encourage a segmentation-
oriented image synthesis by enforcing the high-
level semantic consistency between the real and
synthetic images. The qualitative and quantitative
experimental results demonstrated the superiority
of the proposed method in comparison with
the state-of-the-art medical image segmentation
methods. We also conducted the ablation study
to further analyze the effects of the proposed
neighbor-based anchoring method and the
feature-matching-based semantic consistency
constraint.
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4Sparse Dictionary Learning for 3D
Craniomaxillofacial Skeleton
Estimation Based on 2D Face
Photographs

Deqiang Xiao, Chunfeng Lian, Li Wang, Hannah Deng,
Kim-Han Thung, Pew-Thian Yap, James J. Xia,
and Dinggang Shen

4.1 Introduction

Craniomaxillofacial (CMF) defects can be caused
by traffic accidents, combat injuries, tumor abla-
tions, etc. CMF reconstructive surgery is specif-
ically designed to reconstruct such defects, by
restoring the defected facial bones to a normal
shape or a desired pre-traumatic status. The suc-
cess of the CMF reconstructive surgery largely
depends on accurate surgical planning [1].

In the conventional clinical practices of CMF
surgical planning, computed tomography (CT) or
cone beam computed tomography (CBCT) scans
of the patient’s head are always acquired before
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surgical operations, so that a three-dimensional
(3D) bone model can be extracted from the ac-
quired (CB)CT scans. After that, a surgeon can
simulate the surgery by virtually cutting the 3D
model into multiple bony segments and moving
the segments to their desired positions. The de-
sired positions are computed by comparing the
values of the patient’s cephalometric measure-
ments with the corresponding normal values cal-
culated on a set of normal subjects. The cephalo-
metric measurements consist of a group of dis-
tances and angles computed from several anatom-
ical landmarks localized on the facial bone. How-
ever, as the normal values used in the above-
mentioned procedure are a set of average val-
ues, they cannot provide accurate guidance for a
specific patient. Furthermore, as the conventional
cephalometric measurements are conducted in
two-dimensional (2D) space, they might result in
large errors when they are used to simulate a 3D
model.

Since 2D cephalometric analysis is limited for
providing accurate guidance on CMF surgical
planning, a 3D computer-aided surgical simula-
tion (CASS) system for different CMF surgeries
was proposed by Xia et al. [2]. In CASS, the
patient’s facial bone model is first oriented in
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the natural head position (NHP), followed by a
3D cephalometric analysis to estimate the CMF
deformities [3]. As 3D information is used during
the cephalometric analysis, the performance of
the surgical planning using CASS is improved
when compared to the conventional 2D cephalo-
metric analysis-based methods.

Although cephalometric analysis-based
planning works well in terms of both accuracy
and cost efficiency in treating regular jaw
deformities [4], it is still challenging to produce
ideal surgical outcomes for patients with complex
CMF defects. One potential reason is that the
current CASS quantifies deformities subjectively,
as it heavily depends on the surgeon’s experience.
Nonetheless, it is technically impossible to
quantify and restore patient-specific defects
(e.g., trauma) referring only to the simple
mean numerical values of limited cephalometric
evaluations on normal subjects.

Intuitively, estimating patient-specific normal
facial bone can provide a paradigm-shift avenue
in reconstructive surgery for patients with CMF
defects. One of the most commonly used methods
for patient-specific facial bone estimation is mir-
ror imaging mapping [5, 6], typically realized by
mapping the facial skeleton from the normal side
to the defected side. Since the symmetric map-
ping is based on the too-strict hypothesis of sym-
metric human facial structure, it is very limited
and cannot handle the cases of bilateral defects.
Statistical shape model-based (SSM-based) nor-
mal facial bone estimation is another commonly
used method [7–9]. In SSM-based methods, a set
of normal facial bone shapes are first acquired
from healthy subjects, upon which the principal
component analysis (PCA) [10] is applied to con-
struct an SSM [11]. Then, the patient’s normal
bone shape is estimated by fitting the established
SSM onto the remaining normal parts of the pa-
tient’s facial bone. A key limitation of the SSM-
based method is its weak generalization capacity
due to the practical challenge that the dataset
available for establishing SSM is usually small.
Recently, methods using geometric deformation
were also proposed to estimate normal facial bone
[12–14]. They estimate normal bone shape by
deforming the patient’s defected bone with the
deformation field calculated by the surface in-

terpolating techniques of thin plate spline (TPS)
[15] or Laplacian surface editing [16]. Generally,
these geometric deformation-based methods can
produce accurate normal bone estimations. How-
ever, they cannot handle large-scale defects, since
the deformation fields quantified by using limited
anatomical landmarks and surface interpolating
techniques are relatively coarse.

In [17], Xiao et al. assumed that a personalized
reference bone shape can be estimated from pre-
traumatic face photographs of the patient with
large-scale CMF defects. That is, the patient’s
pre-traumatic 2D portrait photographs can be
used to estimate a 3D reference bone model, in
which the normal facial bones are retained, and
the defected facial bones are restored. To this end,
a set of head (CB)CT images are acquired from
normal subjects to extract both their facial and
bony surfaces. They form a dictionary (or a set
of atlases), for which the dense correspondences
are established across subjects through nonrigid
surface matching, and a correlation model is
constructed between facial and bony surfaces.
For a given patient, a set of pre-traumatic
2D face photographs (i.e., common daily life
photos) are first collected, based on which a
3D face surface is reconstructed. Afterwards,
by feeding the reconstructed 3D face (from 2D
photographs) into the constructed correlation
model, a normal bone shape model is generated
for the patient via spare dictionary learning
[18]. However, the generated shape model is a
relatively coarse (initial) estimation, since the 3D
face reconstructed from previous photographs
may not necessarily reflect the patient’s current
face shape and might lead to an inaccurate output
of the correlation model. To further improve
the accuracy of the reference shape estimation,
the patient’s current facial bone (posttraumatic
bone) is used to refine the initial estimation. The
refinement is achieved by deforming the initially
estimated normal bone surface onto the patient’s
posttraumatic bone surface with a deformable
shape model. Additionally, to guarantee the
normality of the estimated facial bone, a
statistical bone shape model constructed from
the normal subjects is applied to constrain the
deformable shape model applied on the estimated
facial bone to avoid overfitting. The final
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reference shape model after refinement can then
be applied to guide the CMF surgical planning.

In this chapter, we will introduce this ma-
chine learning-based reference model estimation
method in detail. The rest of the chapter is or-
ganized as follows. We introduce details of this
method in Section 2 and give corresponding ex-
periments with results in Section 3. Also, a sum-
mary is made in Section 4.

4.2 Method

The proposed method, summarized in Fig. 4.1,
consists of threemajor steps: (1) reconstruction of
the pre-traumatic 3D facial surface, (2) estimation
of the initial reference bony shape model, and (3)
refinement of the bony shape model.

4.2.1 Patient’s Normal 3D Face
Reconstruction

The workflow for normal 3D face reconstruction
from a set of the patient’s pre-traumatic 2D face

photographs is shown in Fig. 4.2. Since a 2D face
photograph provides limited information for ac-
curate 3D face reconstruction, a set of 3D face key
points for each 2D face photograph is first gen-
erated. To achieve this, the CNN-based algorithm
[20] is utilized to automatically extract 68 3D face
key points from a face photograph. Then, based
on the detected 3D face key points, the patient’s
normal face surface is derived from the mean face
in Basel face model (BFM) [21]. Specifically, for
each set of 68 3D face key points reconstructed
from a single face photograph, a sparse deforma-
tion field is generated between the reconstructed
key points and the corresponding face key points
on the BFM mean face. The calculated sparse
deformation field was then converted into a dense
deformation field by thin plate spline (TPS) inter-
polation [15]. By applying the dense deformation
field on the BFM mean face, the patient’s normal
face surface is estimated. As each 2D face photo
can be used to generate a normal face surface, the
face reconstruction accuracy is further improved
by applying themethod proposed in [22] to merge
all reconstructed face surfaces into a single face
surface.

Fig. 4.1 The overview workflow of our proposed
method. The method mainly contains three steps: First,
a 3D facial surface is reconstructed from the patient’s
pre-traumatic 2D face photos. Second, we construct
a correlation model between face and bone from a
normal facial shape database and generate an initial

estimation from the correlation model under the input
of reconstructed 3D face (from 2D photos). Third, by
deforming the initially estimated normal bone onto the
patient’s current bone (from posttraumatic CT images),
we finally get the refined normal estimation. The figure is
from Xiao et al. [19]
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Fig. 4.2 The illustration
of 3D face reconstruction
from 2D face photo. The
figure is from Xiao et al.
[19]

4.2.2 Sparse Dictionary Learning
for Initial Reference Bone
Model Estimation

Given a reconstructed face surface (as described
in Section 2.1), an initial estimate of the corre-
sponding bone surface can be generated based
on a correlation model between the face and
bone surfaces, under the assumption that these
two surfaces are highly correlated. Specifically, a
normal facial shape database is first constructed.
The database consists of face and bone surfaces
extracted from a set of head CT scans of normal
subjects (see Fig. 4.3). Then, the sparse repre-
sentation technique [18] is used to estimate the
reconstructed face surface of a patient with the
normal face surfaces in the database. Finally, by
applying the learned sparse coefficients on the
corresponding normal bone surfaces, the patient’s
normal bone structure is estimated. The detailed

steps in obtaining the initial bone surface estimate
are described as follows.

Normal Facial Shape Database Construction
The normal facial shape database consists of face
and bone surfaces extracted from a set of CT
scans of normal subjects. Specifically, using a
segmentation algorithm [23] on (CB)CT images,
the facial soft tissue and bone structure are ex-
tracted from the head CT scans for each normal
subject. Then, based on the segmented results,
both the face and bone 3D surface models are
generated by using the marching cubes algorithm
[24]. The generated (face and bone) surfaces from
different subjects are then properly aligned for
the subsequent correlation model. That is, a facial
landmark detection method [25] is first used to
extract landmarks on each facial bone structure,
and then these landmarks are applied to rigidly
align all extracted shapes (i.e., face and bone

Fig. 4.3 The normal facial
shape database, consisting
of face and bone surfaces
extracted from a collection
of normal subjects’ CT
images. The figure is from
Xiao et al. [19]
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Fig. 4.4 Searching
corresponding points on
bone surfaces by
deforming the bone surface
template onto the rest
normal bone surfaces with
the CPD matching
algorithm. The figure is
from Xiao et al. [19]

surfaces) from different subjects together (see
Fig. 4.3). Furthermore, to establish dense corre-
spondences for the surface points on the extracted
shapes across different subjects, nonrigid map-
ping from a template shape onto each aligned
shape is performed by using the coherent point
drift (CPD) algorithm [26] (see Fig. 4.4). The
template shape is defined as the aligned shape that
is closest to the mean shape of all the aligned sur-
faces. Once the dense correspondences between
the template and aligned shapes are established,
two dictionaries (i.e., one for the face surface
and one for the bone surface) containing all the
corresponding surface points are built.

Sparse Dictionary Learning The aim of sparse
dictionary learning is to search a representation
(sparse coding) of the input data in the form of
linear combination of atoms in a dictionary, in
which the representation is computed as a set of
sparse coefficients (the majority of coefficients
are zeros) for the corresponding atoms in the dic-
tionary. Thus, dictionary construction and sparse
coding are two main tasks in this procedure. Usu-
ally, we collect the training data to represent
each training sample as a vector and stack all
vectors into a matrix as the dictionary. The sparse
coding is realized by minimizing a cost function
between input data and its representation from
the dictionary to find an optimized set of sparse
coefficients. The sparse dictionary learning has

been successfully applied in the fields of image
denosing, classification, compressing, etc. In the
following paragraphs, we will introduce how to
apply this machine learning technique into CMF
skeleton estimation.

Correlation Model Construction Based on the
hypothesis of linear correlation between the face
and bone surfaces, the sparse representation tech-
nique [18] is applied to establish a correlation
model between them. To this end, based on the
surface corresponding points (between the tem-
plate and aligned shapes) for all normal sub-
jects in the facial shape database, two dictionar-
ies (i.e., the face and bone dictionaries) are first
constructed and then utilized in the correlation
model. Specifically, the coordinates of all the
corresponding points on the aligned face surfaces
are stacked into a 3M × N matrix as the face
dictionary DFace, where M is the number of cor-
responding points on each face surface and N is
the number of normal subjects. Each column of
the matrix corresponds to the (vectorized) coor-
dinates of M corresponding points of one subject
from the database. As three values are used to
define the coordinate of a point in the 3D space,
the number of elements in each column is 3M.
Similarly, the coordinates of all the correspond-
ing points on the aligned bone surfaces in the
database are stacked together into a matrix as
the bone dictionary DBone. Then, given a coor-
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dinate vector P F
Est of the corresponding points

on a patient’s estimated normal face surface, a
sparse representation model is used to sparsely
represent it with the column vectors in the face
dictionary DFace. The sparse coefficient vector C
is calculated by solving the following objective:

Cmin = argmin
C

∥∥DFaceC − P F
Est

∥∥2
2

+λ1‖C‖1 + λ2‖C‖2,
(4.1)

where the first term is the data fitting term, ‖•‖2
denotes the l2 norm, ‖•‖1 denotes the l1 norm, and
λ1 and λ2 are the two regularization parameters
used to control the sparsity of C. Equation (4.1)
is similar to the well-studied elastic net prob-
lem [27], which can be solved using the method
proposed in [27]. With the calculated sparse co-
efficient vector Cmin, the patient’s normal bone
surface points P B

Est are estimated by

P B
Est = DBoneCmin. (4.2)

under the assumption that the face and respective
bone surfaces are highly correlated. Then, the pa-
tient’s normal bone surface model can be derived
from the bone template surface mesh based on the
estimated points.

Initial Normal Bony Shape Estimation Ac-
cording to the established correlation model, the
correspondence between the normal face esti-

mated from 2D photographs (see Section 2.1) and
the CT face template is searched. As the esti-
mated normal face and the CT face template are
acquired from different imaging spaces, mapping
the estimated face onto the CT face template im-
age space is performed using the iterative closest
point (ICP) algorithm [28] with a similarity trans-
form (rigid and scale transform). Then, nonrigid
surface matching between the mapped face and
the CT face template is realized using the CPD
algorithm, where, for each sampled point on the
CT face template, the corresponding point on the
mapped face is obtained. Finally, by inputting
the coordinate vector of the corresponding points
(i.e., P F

Est ) into the established correlation model
(i.e., Eq. (4.1) and (4.2)), an initial normal bone
shape is obtained for the patient. This procedure
is illustrated in Fig. 4.5.

4.2.3 Refinement of the Initially
Estimated Reference Model

To refine the initially estimated reference bone
shape, the adaptive-focus deformable shape
model (AFDSM) [29], a variant of the snake
model [30], is utilized to deform the initial
estimation onto the patient’s posttraumatic
facial bone. The AFDSM-based nonrigid surface
matching is realized by first defining an attribute
vector on each vertex, so that the vertex

Fig. 4.5 The illustration
of the workflow for
generating the initial
normal bone estimate from
a reconstructed face
surface. The figure is from
Xiao et al. [19]
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Fig. 4.6 Illustration of organized neighboring vertices of
the vertex Vi. The red dots denote the neighboring vertices
in the first layer, and the green dots denote the neighboring
vertices in the second layer. The figure is from Xiao et al.
[19]

differences before and after the deformation
could be computed. To construct the attribute
vector, the neighboring vertices of each vertex
Vi are first organized into different layers on the
surface mesh, where each neighboring vertex V k

i,j

in the kth layer is connected to Vi by k edges.
Figure 4.6 illustrates the organized neighbors of
a vertex on a surface mesh. Then, the attribute
vector Fi of vertex Vi is defined as

Fi = [fi,1 fi,2 fi,3···fi,R]T
�N

i=1�
R
k=1|fi,k| ,

fi,k =

∣∣∣∣∣∣∣∣

xi xk
i,1 xk

i,2 xk
i,3

yi yk
i,1 yk

i,2 yk
i,3

zi

1
zk
i,1

1
zk
i,2

1
zk
i,3

1

∣∣∣∣∣∣∣∣
,

(4.3)

where fi, k denotes the determinant of a 4 × 4 ma-
trix which contains position information of vertex
Vi (i.e., [xi yi zi]) and its three nearest neighbors

(i.e.,
{[

xk
i,j yk

i,j zk
i,j

]
, j = 1, 2, 3

}
) within the kth

layer,R denotes the number of neighboring layers
for Vi, and N is the total number of vertices on
the surface mesh. Generally, Fi reflects the local
shape information when R is small and gradu-
ally captures more global shape information as

R increases. Based on the attribute vector Fi, the
energy function is defined as

E =
∑N

i=1

(
Emodel

i + Edata
i

)
, (4.4)

where Emodel
i denotes the degree of attribute vec-

tor difference between the initial and its deformed
version for vertex Vi and Edata

i denotes the de-
gree of attribute vector difference between the
deformed and target shapes for vertex Vi. The
initial and target shapes are defined as the ini-
tially estimated bone surface and the patient’s
posttraumatic bone surface, respectively. In other
words, by minimizing energy in Eq. (4.4), the
refined normal bone surface did not deviate too
much from both the initial estimated and pa-
tient’s posttraumatic bone surfaces. Furthermore,
a greedy deformation algorithm [31] is applied
to minimizing the energy function E in Eq. (4.4)
based on affine transform.

To guarantee the normality of the deformed
shape after each optimization iteration, the de-
formation procedure is constrained to be within
a statistical normal shape. Specifically, a statis-
tical shape model (SSM) [11] of bone shape is
constructed from the normal facial shape database
(see Section II.B) via PCA [10], such as

Si
SSM = S + WiP, (4.5)

where Si
SSM denotes the reconstructed bone shape

by applying the SSM on Si, Si denotes the de-
formed bone shape at the ith iteration, S denotes
the mean aligned bone shape in the normal facial
bone shape database, Wi is a coefficients vector,
and P is a matrix of principal components of nor-
mal bone shape. Here, each shape is represented
as a vector of coordinates of all vertices on a bone
surfacemodel. Then, the constructed SSM is used
to constrain each iteration of the optimization to
avoid deformation overfitting, such as

Si
updated = αiS

i
SSM + (1 − αi) Si, (4.6)

where Si
updated is the correspondingly updated

bone shape and αi is a hyperparameter between
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zero and one that determines the weight between
Si

SSM and Si in the ith iteration. By gradually
reducing αi at each iteration, the last deformed
shape is closer to the target shape. At each itera-
tion, the deformed shape is updated and then used
as input for the next iteration.

4.3 Experiments and Results

4.3.1 Experimental Dataset

A set of CT scans of 30 normal subjects are
collected to construct the normal facial shape
database. For image preprocessing, the images
are segmented to extract face and bone surfaces.
Fifty-one landmarks on facial bone also are de-
tected for each subject.

The experimental data are split into two parts:
synthetic patient data and real patient data. The
synthetic patient data are generated from CT
images of normal subjects. To simulate pre-
traumatic 2D face photographs, the BFM mean
face surface is deformed onto a normal face
CT surface using the CPD algorithm, and then a
statistical face texturemodel [21] is applied on the
deformed face surface to set a color value on each
surface vertex. Afterwards, the deformed face
surface is rendered with the skin texture in 3D
space for visualization. We adjust different poses
of the displayed 3D face and take its 2D screen
shots to get a group of face photographs (see
Fig. 4.7). The synthetic posttraumatic bone shape
is generated by manually modifying a normal
CT bone structure. Specifically, an experienced
CMF surgeon is recruited to remove and deform
bone segments on a normal CT bone structure
to simulate acquired CMF defects. For the

real patient data, the CT scans from patients
who suffered from severe CMF defects are
collected, and the patients’ two or three face
photographs also are acquired. In addition, image
segmentation and bone landmark digitization are
performed on real patient CT images as well as
CT scans of normal subjects.

4.3.2 Evaluation on Synthetic
Dataset

The pre-traumatic photograph-based reference
bone estimation is evaluated on the synthetic
patient data via leave-one-out method. For each
leave-one-out experiment, one normal subject
is selected as the testing sample, while the
remaining normal subjects are used to construct
a normal facial shape database. For each testing
sample, the synthetic patient data is generated
as described in Section 3.1 and then fed into
the framework to estimate the reference facial
bone shape of the testing sample. The qualitative
evaluation is completed by a different CMF
surgeon, who can rank the similarity of the
two surfaces using a 1–3 visual analog score
(VAS, 1, the same; 2, similar but not the
same; and 3, different). Figure 4.8 shows the
qualitative evaluation results for eight randomly
selected testing subjects, where the simulated
posttraumatic, estimated reference, original
normal bone surfaces, and surface distance
heatmap between the estimation and original
normal bone for each subject are shown in
each row. The qualitative results of synthetic
data also shown: the same (26/30), similar
(4/30), and different (0/30). For each subject,
the performance of the proposed method is

Fig. 4.7 The CT face
surface of a representative
normal subject and three
pre-traumatic 2D face
photographs simulated
from the CT face surface.
The figure is from Xiao et
al. [19]
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Fig. 4.8 The qualitative evaluation results of our proposed model on eight synthetic patients. The figure is from Xiao
et al. [19]

Table 4.1 Facial bone estimation error (in mm) on syn-
thetic data with the proposed approach. The table is from
Xiao et al. [19]

Mean
Standard
deviation Median Minimum Maximum

3.68 0.43 3.66 2.91 4.90

also quantitatively evaluated by measuring an
average distance error between the corresponding
landmarks on the estimated and original facial
bone surfaces. Results of quantitative evaluation
for all cases are summarized in Table 4.1. All of
these results show that the estimated reference
bone shape is similar to the corresponding
original normal bone shape. Thus, the defected
facial bone with different types of defects can be

recovered to the normal-looking shape using the
proposed method.

4.3.3 Evaluation on Real Dataset

The framework is also evaluated using the real
patient data. The patient’s original traumatic (pre-
operative) bone shape, the estimated reference
bone shape, and postoperative bone shape are
shown in Fig. 4.9. Here the postoperative facial
bone yielded by the surgery is planned using
the conventional CASS method. The comparison
between the estimation and postoperative bone
shape is also shown in Fig. 4.9. According to an
experienced CMF surgeon after visual inspection
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Fig. 4.9 The patient’s normal facial bones estimated by
applying our proposed framework on the real patient data,

which are compared with patient’s traumatic bones and
postoperative bones after surgery. Images are taken from
Xiao et al. [19]

of the results, the estimated bone shape is clini-
cally acceptable.

For quantitative evaluation of the proposed
method, an evaluation metric called recovery de-
gree (RD) is defined as a product of two measure-
ments, i.e.,

RD = SD × ND, (4.7)

where SD denotes the similarity degree that com-
putes the similarity between the estimated and
posttraumatic facial bones at the normal regions
of the patient’s posttraumatic bone, while ND
denotes the normality degree that computes the
similarity between the estimated and the statis-
tical normal facial bone. The SD and ND are
mathematically defined as

SD = 1

Dis
(
Lnormal

P at , Lnormal
Est

) + 1
, (4.8)

ND = 1

Dis (LRecon,LEst) + 1
, (4.9)

where Dis(•) denotes the average Euclidean dis-
tance between two sets of corresponding bone
landmarks. Lnormal

P at denotes the landmarks on the
normal part of the patient’s posttraumatic facial
bone structure, where the normal part is identified
by an experienced CMF surgeon.Lnormal

Est denotes

the landmarks on the estimated facial bone sur-
face corresponding to Lnormal

P at . LRecon denotes the
landmarks on the statistically normal facial bone
that are generated by reconstructing the estimated
facial bone landmarks (i.e., LEst) using principal
components of the normal subjects’ landmarks.
Specifically, the PCA technique is first performed
on a matrix that contains all the facial bone land-
marks of normal subjects, where each column of
the matrix consists of all the vectorized landmark
locations of a subject. After that, a set of principal
components of landmark locations is obtained,
which is subsequently used to reconstruct LEst
via sparse regression. The set of reconstructed
landmarks using this statistical method is denoted
as LRecon. Up to this point, SD andND in Eq. (4.8)
and (4.9) are not properly scaled, and thus their
values might be skewed and not very useful in
making comparison. Therefore, the Dis(•) in Eq.
(4.8) and (4.9) is normalized as follows:

∼
Dis = Dis (•) − Dismin

Dismax − Dismin

, (4.10)

where
∼

Dis means the normalized Dis(•), while
Dismin and Dismax denote the minimum and the
maximum of Euclidean distance errors obtained
from bone landmarks on normal subjects, respec-
tively. Specifically, for SD, its Dismin and Dismax
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Table 4.2 Quantitative evaluation results for three dif-
ferent reference shape models generated in the proposed
framework

Method SD ND RD

Without refinement 0.367 0.999 0.366

Without SSM constraint 0.999 0.459 0.459

Proposed method 0.812 0.756 0.614

Note: SD denotes similarity degree,ND denotes normality
degree, and RD denotes recovery degree

were set as the minimum and maximum values
of the distance errors obtained in the quanti-
tative evaluation on the synthetic patient data,
respectively (i.e., DisSD

min = 2.910, DisSD
max =

4.900). Similarly, forND, the minimum and max-
imum values were determined from another set
of distance errors. The distance errors are mea-
sured on the bone landmarks of each of the nor-
mal subjects by using the same approach applied
on Dis(LRecon, LEst) computation (i.e., DisND

min =
1.989, DisND

max = 3.452).
The recovery degrees for three different es-

timated reference shape models are calculated
based on one real patient data. The first reference
shape is generated using the proposed framework
without estimation refinement. The second refer-
ence shape is generated using the proposed frame-
work without SSM constraint in the refinement
stage, and the third reference shape is gener-
ated using the proposed framework with all the
components integrated. The calculated recovery
degrees for these three reference shape models
are listed in Table 4.2. From the comparison re-
sults in Table 4.2, it can be observed that the
reference shape model generated by the complete
framework achieved higher recovery degree than
the other two estimated models. This reflects that
both steps of estimation refinement and SSM
constraint are necessary to generate an optimal
estimation of normal shape.

4.4 Discussion and Conclusion

There is no definitive quantitative measure on
the success of posttraumatic reconstruction due
to its complexity. The current clinical standard
for posttraumatic reconstruction is “surgeons do

the best and patient accepts surgical outcomes.”
Clinicians plan surgery and evaluate postopera-
tive outcomes subjectively for overall facial har-
mony, with the limited help of linear and angular
measurements of size, position, orientation, and
symmetry of each facial unit. Therefore, with-
out an estimated patient-specific referencemodel,
surgeons have to rely on their subjective evalu-
ation as they do clinically, and this is why the
reference bone estimation is important in the field
of CMF skeleton reconstruction.

Compared with conventional methods for
CMF skeleton reconstruction, the proposed
framework can deal with more types of CMF
defects. In the proposed framework, a reliable
initial normal model is first estimated from
pre-traumatic face photos, and then the initial
estimation is refined by applying both SSM and
geometric deformation (AFDSM) techniques.
In this way, the advantages of both SSM and
geometric deformation can be combined together,
and the limitations of using solely one of them
are eliminated, which eventually improves the
generalization capacity of the proposed method
to address various kinds of CMF defects. Similar
to the initial estimation stage of the framework,
sparse representation is applied in [12] to
establish a correlation model between midface
and jaw, which is then directly applied on the
testing patient with remaining normal midface
to estimate a normal jaw. Compared to [12], the
estimation from the proposed correlation model
is further refined with the patient’s current facial
bone. In this way, the estimation accuracy can be
improved.

One potential issue with the proposed
approach is related to the limited size of the
normal subjects for training. Based on a small set
of subjects, it is challenging to construct a reliable
correlation model to perform initial estimation
and a statistical shape model to constrain surface
deformation during estimation refinement. For
example, in some special cases, the facial
structure of an input testing subject is obviously
different from that of the reference normal
subjects. Because of that, a poor initial estimation
may be obtained from the correlation model and
may also lead to an inaccurate bone shape with
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the statistical shape model, thus resulting in a
suboptimal estimation. One possible solution is to
enlarge the database with more normal subjects,
including both CT and MR images.

To sum up, a reference bone shape for the
patient with severe CMF defects can be estimated
from his/her pre-traumatic face photographs, and
then the reference bone shape model can be used
for guiding the CMF surgical planning. Future
work on this topic can be focused on integrating
the proposed method into the current surgical
planning system to assist surgical planning in
clinical practices. It can be expected that the clin-
ical outcome of CMF surgery will be improved
under the guidance of the updated CMF surgical
planning system.
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5Machine Learning for Facial
Recognition in Orthodontics

Chihiro Tanikawa and Lee Chonho

5.1 Introduction

In orthodontics, the cranio-facial morphology
of the patients is evaluated based on facial
photographs (two-dimensional [2D] and three-
dimensional [3D]), frontal and lateral cephalo-
grams, computed tomography findings, and
other resources. Facial photographs and lateral
cephalograms are particularly indispensable in
current clinical settings when orthodontists assess
patients’ cranio-facial morphology, helping
physicians make an accurate diagnosis and
plan appropriate treatment. Given the fact that
most patients who seek orthodontic treatment
anticipate improvement in their facial appearance
as well as recovery of any impaired jaw or oral
function, it is important for orthodontists to
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clearly understand the patient’s facial form and
its problems.

Traditionally, the major variables associated
with the evaluation of the face have been the
size and shape (ratios, distances, and angles).
Facial forms are classified into a small number
of subtypes (e.g., convex, straight, or concave
type) using a few linear and angular variables
that are measured fractionally. This classification
method is simple and convenient but has difficulty
expressing complex and holistic information con-
cerning faces [1].

The face is an important site for the identifi-
cation of others, and it also conveys significant
social information. The face generally is consid-
ered to be an interface that has the capability
to transmit rich information including races, sex,
age, and facial expressions [2]. Human experts,
such as orthodontists and dysmorphologists, can
instantly evaluate the facial appearance on first
sight and often detect even specific syndromes
or health problems [3]. This is based on the fact
that the human brain has a series of perception
systems specific to faces (facial recognition in the
brain is briefly explained in the next section [4]).

Recent technological advances have facilitated
access to AI technology, which has resulted in
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an increase in the application of AI to facial
recognition. For example, Tanikawa et al. devel-
oped an automated phenotyping system of holis-
tic facial profiles including the lips and noses
for orthodontic evaluation purposes [5–7] using
a pattern matching algorithm. Pattern matching
is a computer process that simulates human cog-
nition (for details of this pattern matching sys-
tem, please see the section below). Their studies
showed that feature extraction processing incor-
porating the knowledge and experience of human
experts was more effective in creating facial pro-
file patterns than simple mechanical sectioning.

A recent breakthrough in image recognition
technology using the deep convolutional neural
network (DCNN) model [8, 9] brought about dra-
matic improvement in diagnostic imaging. The
DCNN is a system developed based on the basic
model of the brain function in cognitive science
established in 1951 [10] with the goal of creating
a “more generalized system” similar to the human
brain. DCNNmethods have been applied to facial
recognition. Recently, a facial recognition soft-
ware program (Face2Gene [11]) was developed
to detect genetic problems as a starting point
in cases where a doctor does not know what
to make of a patient’s symptoms. Facial pheno-
typing using this system can provide a genetic
diagnosis, even in patients with small, supernu-
merarymarker chromosomes [12].More recently,
systems that automatically provide clinical de-
scriptions of oral or facial images for orthodon-
tic diagnostic purposes have been reported [13,
14]. Such systems provide additional objective
measurements and data to confirm the descriptive
features for facial phenotyping. These AI systems
can provide an objective facial morphological
assessment by identifying clinically useful facial
traits during the orthodontic diagnosis process
(e.g., concave profile, upper lip retrusion, pres-
ence of scars). This automation considerably re-
duces the assessment workload for dentists and
also prevents variations in the diagnosis. There-
fore, in the first half of this chapter, wewill briefly
discuss this algorithm.

In the last half of this chapter, we will intro-
duce an automated system for analyzing cranio-
facial morphology using cephalograms. Analyz-

ing cephalograms and thereby clarifying a pa-
tient’s cranio-facial morphological characteris-
tics are one of the most important steps in the or-
thodontic diagnosis. There are three steps to this
analysis: identification of the landmarks, mea-
surement of the variables (angles and distances),
and the comparison of these variables with nor-
mal ranges. The last two steps were first auto-
mated in the 1980s [15]. However, the first step
(landmark identification) has been challenging
from the perspective of computer engineering.

Because a fully automated cephalometric anal-
ysis will significantly reduce experts’ workload
and provide a more accurate analysis, various AI
systems and methods for automating landmark
identification have been proposed, such as im-
age processing approaches [15–17], model-based
approaches [18–20], combined approaches [21–
23], andmachine learning-based approaches [24–
26]. However, these approaches require a large
number of cephalograms to improve the accuracy,
and identification performance has not proven to
be very satisfactory in practical use.

The DCNNmodel has brought about dramatic
improvement in diagnostic imaging. This
methodology can be used to automatically
diagnose the presence of tuberculosis in chest
radiographs [27], to detect macular degeneration
from fundus images [28], to locate malignant
melanoma in skin images [29], and automatic
recognition of cephalograms [30, 31]. Especially,
the work [31] employed two deep neural
networks and succeeded in identifying the
landmarks with practical accuracy. That system
was trained by multi-scale patches, i.e., cropped
images that contain landmarks, whose rectangle
size varies based on landmark-dependent criteria
[32]. In the last half chapter, we will introduce
this system in detail.

In the final section, we will discuss the chal-
lenges associated with deep learning in medical
imaging. The number of training datasets can be
problematic when developing a DCNN [33]. The
more complex the tasks for AI, the greater the
number of datasets needed.However, it is difficult
to obtain a large number of datasets for medical
images, especially for rare cases. Incorporating an
expert thinking process when creating an AI sys-



5 Machine Learning for Facial Recognition in Orthodontics 57

tem can help mitigate these limitations associated
with medical images. Understanding the thinking
of experts concerning facial recognitionmay help
create AI systems that require only a minimum
number of datasets.

5.2 Background Knowledge
in Cranio-facial Recognition

5.2.1 Facial Perception
and Recognition by the Brain

Facial perception is considered to be subserved
by areas of the facial processing network in the
ventral stream of the brain, i.e., the occipital
face area (OFA [34]), fusiform face area (FFA
[35]), and ventral anterior temporal lobe (vATL
[36]). The OFA is primarily sensitive to low-
level perceptual attributes of faces, such as the
viewpoint [37] and location. The FFA is primarily
involved in the holistic processing of faces and
responds to the shape of facial features as well
as the spacing between them [38]. The right ATL
is typically activated during the discrimination of
familiar and unfamiliar faces [39] and face nam-
ing [40]. In addition, multivoxel activity patterns
in the vATLs discriminate between individual
facial identities [41]. While the OFA, FFA, and
AT face area of the brain (ventral stream) are
primarily involved in processing face identity, the
posterior superior temporal sulcus (pSTS) in the
temporal lobe of the brain (dorsal stream) has
been implicated in processing facial expression
and eye gaze, information that is derived from the
moveable or dynamic aspects of a face [4].

Based on these findings, human facial per-
ception and recognition process can be modeled
[4, 42]. The core system consists of (1) detect-
ing the presence of a face (OFA); (2) extracting
features as well as the spacing between them
(FFA); and (3) processing dynamic features, such
as the facial expression, gaze, and lip movement
(STS). On the other hand, the extended system
consists of regions that are also parts of neural
systems for other cognitive functions, i.e., the AT
for recognition of the face in terms of identity
(identity, name, biography) and the amygdala,

insula, or limbic system for the recognition of the
face regarding emotions [4].

Computer vision systems may employ a sim-
ilar process [43]. Recently, a study comparing
human brain activity with that of a DCNN re-
vealed that human performance for facial recog-
nition significantly matched that of the DCNN
[44]. The authors further examined whether or
not the face-space geometry of face exemplars,
as determined by pair-wise distances between
their activation patterns, was similar between the
human cortex and individual DCNN layers. They
concluded the importance of face-space geometry
in the pictorial aspects of human face perception,
which are similar to the mid-hierarchical layers
of the DCNN. As such, DCNN well represents
human perceptions, and making AI systems can
help clarify the human recognition process.

5.2.2 Pattern Recognition

In psychology and cognitive neuroscience, pat-
tern recognition is considered to be “the process
whereby environmental stimuli are recognized as
exemplars of concepts and principles already in
memory.” Pattern recognition represents a funda-
mental aspect of human cognition. In the field of
AI, pattern recognition basically indicates the use
of automation to help identify the regularities of
patterns in data through the use of computer algo-
rithms [45]. Pattern recognition mainly involves
three processes: data building, pattern analysis,
and pattern classification. Data building is the
conversion of original information into a vector
that can be dealt with by a computer. Pattern
analysis is the processing of data (vector) by
feature selection, data-dimension compression,
and regression, which helps detect regularities in
order to classify data. Pattern classification aims
to utilize the information acquired from pattern
making to discipline the computer in order to
accomplish classification, assigning an object to
a class.

The output of the pattern recognition system
is an integer label, such as classifying a prod-
uct as “1” or “0” in a quality control test [46].



58 C. Tanikawa and L. Chonho

Fig. 5.1 An example of multi-label classification

The primary goal of pattern recognition is su-
pervised or unsupervised classification. Recently,
neural network techniques (or deep learning) and
methods derived from statistical approaches (e.g.,
support vector machine) have received increasing
attention.

5.2.3 Multi-label Image
Classification

In machine learning, multi-label classification is
a variant of the classification approach where
multiple labels may be assigned to each image
(Fig. 5.1). Generally, each medical image will
have several points of focus, so multi-label clas-
sification is useful.

5.2.4 Convolutional and Recurrent
Neural Networks

In general, there are two traditional models for
the deep learning of images: the convolutional
neural network (CNN) and the recurrent neural
network (RNN). The CNN is a traditional neural
networkmodel that is generally composed of con-
volutional layers (where filters extract the target

features), pooling layers (where the spatial sizes
of features and the amount of model parameters
are reduced), and fully connected layers (a linear
combination of the features of the previous layer
that makes the next layer). While the CNN is
a feed-forward neural network that is generally
used for image recognition and classification, the
RNN works on the principle of saving the output
of a layer and feeding this back in as input to pre-
dict the output of the layer, which is particularly
useful when a sequence of data is being processed
to make a classification decision, such as with
time-series data.

An orthodontic facial diagnosis is also a time-
series examination, as orthodontists diagnose a
patient comprehensively by looking at the en-
tire face while assessing multiple parts of the
face from different angles, rather than by simply
targeting one part of the face. For instance, an
orthodontist must first look at the frontal plane
of a patient’s face and search for any asymmetry,
including the inclination of the eyelids and/or
distortion of the nose. The orthodontist must also
check for the presence of maxillary protrusion
and/or prognathism from the side of the face,
check the tooth alignment while smiling, and
finally give the patient a facial diagnosis. This
complex assessment process consequently results
in variation in the diagnosis of different orthodon-
tists. To mimic an orthodontist’s comprehensive
process using an AI system, Murata et al. [14]
employed an RNN with the attention mechanism,
as detailed below.

5.3 Systems that Automatically
Provide Clinical Descriptions
of Facial Images for
Orthodontic Diagnostic
Purposes

5.3.1 Sample Data

Lateral and frontal facial images of patients who
visited the orthodontic department (1000patients;
male = 397; female = 603; age range 5–68 years
old) were used as the training and evaluation
datasets. An experienced orthodontist examined
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Fig. 5.2 Sample patient’s image and list of sample assessments (i.e., labels), including the region of interest, evaluation
findings, etc.

all of the facial images for each patient and iden-
tified as many facial traits that would be clinically
useful during the orthodontic diagnosis process
as possible (e.g., deviation of the lips, deviation
of the mouth, asymmetry of the face, concave
profile, upper lip retrusion, presence of scars).
A sample patient’s image, a list of sample as-
sessments (i.e., labels), and the multi-label data
used are shown in Fig. 5.2. A total of 161 clinical
anatomical traits concerning 35 regions of interest
(ROIs) (Fig. 5.2) were extracted. The average
number of traits was 6.5 and ranged from 1 to 18.

5.3.2 Model Multi-label Image
Classification

In general, medical images may contain multiple
RIOs to be evaluated. An orthodontist diagnoses a
patient based on the assessment results of various

facial regions from several different facial im-
ages. Therefore, for automated diagnostic imag-
ing, a typical single-label (binary or multiclass)
image classification model was used to resolve
the issue of multi-label image classification.

5.3.3 Results

Lateral and frontal images and the orthodontist’s
multiple answers were used as the dataset for
each patient. One hundred datasets were reserved
for the system test, while the other 900 were
used for system development. To evaluate the
performance reliability, the system examined the
reserved datasets. As a result, the system suc-
cessfully identified all specified anatomical traits
in all images. The success rate was 95%, and
the systems detect at least one correct clinical
anatomical trait in 91% of the test datasets.The
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Table 5.1 The definition of the accuracy, sensitivity, precision, and specificity used to evaluate the system

Traits labeled 1 by the orthodontist Traits labeled 0 by the orthodontist

Traits classified as 1 by the AI A B

Traits classified as 0 by the AI C D

Accuracy

1

0.8

0.6

0.4

0.2

0
1 9 17 25 33 41 49 57

Validation Train ValidationTraining
iterations

65 73 81 89 97 105 113 121 129 137 145 1 9 17 25 33 41 49 57 65 73 81 89 97 105 113 121 129 137 145

3.5

3

2.5

2

1.5

1

0.5

0

Accuracy Loss Loss

Train

Fig. 5.3 Learning curve

Fig. 5.4 Examples of the
system response. Four
correct descriptions were
detected, but certain traits,
such as a small nasolabial
angle and the location of
the right corner of the
mouth in a high position,
were missed

performance results are shown in Table 5.1. The
learning curves and example system response are
shown in Figs. 5.3 and 5.4, respectively.

Each pair of frontal and lateral facial images
was evaluated for 161 labels. If the orthodontist
considered a pair of images to have a certain trait,
the trait was labeled as 1; otherwise, it was labeled
as 0. If the AI system detected a certain trait in a
pair of frontal and lateral facial images, the trait
was classified as 1; otherwise, it was classifiedas

0. A is the number of traits labeled 1 by the
orthodontist and classified as 1 by the AI; B is
the number of traits labeled 0 by the orthodontist
and classified as 1 by the AI; C is the number of
traits labeled 1 by the orthodontist and classified
as 0 by the AI; D is the number of traits labeled
0 by the orthodontist and classified as 0 by the
AI. Accuracy = (A + D)/(A + B + C + D)
[%]; sensitivity or recall = A/(A + C) [%]; preci-
sion = A/(A + B) [%]; specificity = D/(B + D)
[%].
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Table 5.2 Total number of traits labeled by the orthodontist and classified by the AI system

Traits labeled 1 by the orthodontist Traits labeled 0 by the orthodontist

Traits classified as 1 by AI 893 1595

Traits classified as 0 by AI 1411 53,256

The accuracy of the AI system was 95%, sen-
sitivity was 39%, precision was 36%, and speci-
ficity was 97% (Table 5.2).

5.4 Deep Learning-Based
Cephalometric Landmark
Identification Using
Landmark-Dependent
Multi-scale Patches

5.4.1 Dataset andMethod

This section introduces a cephalometric land-
marking model using deep neural networks
trained by multi-scale image patches. The
following two subsections describe two different
phases: the training phase and landmarking
phase. Two deep neural networks were used
for landmark patch classification and landmark
point estimation. In addition, how landmarks
in a given cephalogram are estimated using the
trained neural networks is also described.

5.4.1.1 Training Phase

Dataset
A dataset was created based on cephalograms of
936 patients (476 men and 460 women), pro-
vided by the orthodontic department of Osaka
University Dental Hospital. The mean age was
10.98 ± 3.57 (range: 4–32) years old. The orig-
inal cephalogram size was 2100 × 2500 pixels
with a pixel spacing of 0.1 mm. As shown in
Fig. 5.5, the landmark points (i.e., true values) of
22 hard tissues and 11 soft tissues were plotted by
one orthodontist (4 years’ experience). Another
orthodontist (19 years’ experience) then checked
these plotted landmarks. The landmark data were
used as the ground truth values.

The dataset contains multi-scale image
patches, including landmarks, with their name

and location. The landmark name and location
were used as labels during training of the neural
networks for patch classification and point
estimation, respectively. Patches with various
rectangle shapes were extracted, and the point
location was stored in the patch as a set of x and y
coordinates. These coordinates were not derived
from the original cephalogram. For example,
the multi-scale patches were extracted so that
the patches included the several surrounding
anatomical features. For the nasion, the frontal
sinus, nasal bone, and eyelid were cropped
and employed as patches for recognition. This
multi-scale approach simulates the identification
process used by orthodontists. From among 935
cephalograms, 9000 patches per landmark (i.e.,
10 patches per cephalogram) were extracted in
total. In addition, data augmentation operations
were performed for the patches during training
by rotation and changing the gamma values. The
structure of the deep neural networks was as
follows: CNN (named CNN-PC) consisting of a
set of three convolution and pooling layers and
two fully connected layers with a softmax layer.

5.4.1.2 Landmarking Phase
In this phase, landmark points for a given
cephalogram are estimated using the trained
neural networks. This phase consists of two steps:
patch classification and point estimation. First,
grid points are set on a cephalogram. For each
grid point, multiple patches are cropped using
multi-scale windows and classified by the CNN-
PC. The classified and resized patches are then
stored as candidate patches of corresponding
landmarks. Second, given a set of candidate
patches, x and y coordinates are estimated by
checking the distribution of the scatter plot of
the landmark candidates. Based on the scatter
plot, one mean/median point is computed as a
landmark point, followed by the omission of
outliers for points with a Euclidean distance
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from the mean/median greater than two times
the standard deviation (i.e.,±2σ). One interesting
point here is that this landmark estimation process
also simulates the orthodontists’ identification
process. Orthodontists generally identify several
candidates from among several anatomical
features and combine this information with their
innate knowledge, such as the nasion being
located below the frontal sinus but above the
eyelid and nasal bone.

5.4.2 Evaluations

All experiments were performed in Ubuntu 16.04
LTS with a quad core 3.6-GHz CPU, 128-GB
RAM, and Nvidia P100 GPU. Training the pro-
posed CNN models took 10 s per epoch for 128
batches. The CNN-PC achieved around 93% val-
idation accuracy and 0.4 validation loss in 1000
epochs. In testing, it takes about 0.7 s to iden-
tify one of the major landmarks shown in Fig.
5.5. At Osaka University Dental Hospital, this
approach dramatically reduced the manual land-

marking time, as orthodontists spent about 5 to
7 min identifying 30 major landmarks.

5.5 Results

Two deep neural networks are trained by
multi-scale patches, i.e., cropped images that
contain landmarks, whose rectangle size varies
based on landmark-dependent criteria examined
by orthodontists, and 22 hard-tissue and 11
soft-tissue landmarks are identified. For the
evaluation, (i) the landmark estimation accuracy
based on the Euclidean distance error between
true and estimated values and (ii) the success rate
for an estimated landmark being located within
the corresponding norm using a confidence
ellipse are computed. The proposed model
successfully identified hard-tissue landmarks
with an error range of 1.32–3.5 mm and a mean
success rate of 96.4% and soft-tissue landmarks
with an error range of 1.16–4.37 mm and a mean
success rate of 75.2%. For testing, this approach
would dramatically reduce the landmarking time
for 33 landmarks from about 5 to 7 min for an
orthodontist to 21 s for the network.

Fig. 5.5 Landmark point
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5.6 Discussions for Recognition
of Medical Facial Images

We consider there to be three main challenges
that must be addressed concerning the creation
of deep learning systems that recognize medical
facial images.

First, deep learning requires a massive training
dataset in order to obtain accurate classifications.
However, the availability of medical images is
quite limited, and the annotation of new datasets
is extremely time-consuming for medical experts.
Furthermore, for rare cases, a sufficient number
of datasets to accurately reflect the medical status
may be difficult to obtain. In this chapter, the
first systems had 161 clinical anatomical traits
concerning 35 ROIs. Of these, several anatomical
features were present in only 10 of 1000 patients,
hampering learning. In the future, we will ad-
dress this problem by increasing the numbers of
datasets and mathematical approaches.

Second, the quality of the dataset and anno-
tation can be an issue. To control the quality
of the data, the introduced systems used only
data from a single hospital, and annotation was
conducted by a few orthodontists. If the datasets
are collected from multiple hospitals, the quality
of the data should be standardized. Annotation is
a tedious task for medical experts and sometimes
generates systematic and random errors. System-
atic errors can be derived from the educational
system where experts learn. This issue is quite
difficult to eliminate.

The third issue is a “black-box” problem for
the deep learning. Conventionalmachine learning
is suitable for understanding and interpreting the
extracted features while also carefully weighing
all feature variables. However, the deep learning
model has difficulty interpreting weight and ex-
tracted features. For example, Face2Gene detects
genetic problems, but it provides no reason as to
why the system recognizes it. As medicine is a
field in which reasons are required for medical in-
tervention, another system to explain the systems’
answer is needed. These newly introduced facial
recognition systems may function as explanatory

systems to complement holistic classification sys-
tems (e.g., Face2Gene) by describing the facial
characteristics in the future.

5.7 Conclusions

This chapter introduced two AI systems that can
be used to analyze cranio-facial morphology in
orthodontics. Experts’ knowledge and experience
were incorporated into these two systems. How-
ever, while the second automated cephalometric
system showed a high performance and reached a
clinically applicable level, issues associated with
the number of datasets, which are specific issues
associated with AI of medical images, need to
be resolved in the first facial description system
before it can be introduced clinically.
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6.1 Introduction

An orthodontic diagnosis and treatment plan in-
volve predicting the entire course of action that a
dentist should take to obtain the optimal treatment
results at the lowest possible risk.Making such an
assessment requires years of knowledge and ex-
perience. As such, there are cases in which inex-
perienced dentists make judgment errors or other-
wise misunderstand a case’s parameters. Usually
the orthodontist will not be satisfied with the
analysis alone because the purpose of a diagnosis
is not only to analyze the nature of the patients
but also to integrate the pieces of information that
have been obtained through each examination in
order to understand the patient holistically [1].
This integrated knowledge will provide an accu-
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rate assessment of the true nature of the patient’s
dental, facial, and sociopsychological condition
[1].

In modern medicine, this integrated process of
making a diagnosis and planning the treatment is
generally conducted through a problem-oriented
approach [2]. Problem-oriented approaches in-
volve three steps: (1) the collection of a database
of information about the patient, (2) the devel-
opment of a comprehensive list of the patient’s
problem, and (3) the specification of the treatment
strategy that would provide the maximum benefit
for this particular patient (Fig. 6.1). Furthermore,
treatment operates on the logic of “doing the
opposite of the problem.” Mathematically, this
can be considered to be an “optimization prob-
lem,” which is an issue of finding the best so-
lution among all feasible solutions. In the sim-
plest case, an optimization problem consists of
maximizing or minimizing a real function by sys-
tematically weighting or choosing input variables
from within an allowed set and computing the
value of the function. In other words, putting
the diagnosis process of an expert in mathemat-
ical terms, if patient information regarding the
problem is thought of as a set of feature values,
the above step (1) is analogous to collecting the
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Fig. 6.1 The problem-oriented approach to the diagnosis and corresponding AI processes

feature elements to represent a patient’s status as
a feature vector (feature extraction). Step (2) can
be considered equivalent to representing medi-
cal conditions based on the individual weight of
each feature value and detecting the degree of
similarity between each medical condition (data-
dimension compress or classification). Step (3)
can then be considered equivalent to recognizing
the treatment patterns based on the stored cases or
experiences that maximized the patient’s benefit
at the lowest possible risk.

A certain regularity is apparent in the logi-
cal structure involved in the medical diagnosis
and treatment planning (as described above). At-
tempts have therefore been made to automate
the orthodontic diagnosis and treatment planning,
such as through the use of expert systems (e.g., an
orthodontic diagnosis support system using fuzzy
logic). However, support systems for making an
orthodontic diagnosis and planning treatment in
clinics have yet to be established.

In this chapter, we briefly review the previ-
ously developed automated systems for making
the diagnosis and planning treatment in orthodon-
tics. We also describe a newly developed AI sys-

tem that uses natural language processing (NLP)
to conduct various clinical text evaluations and
develop accompanying treatment protocols.

6.2 Various AI Systems for
Determining Treatment
Plans in Orthodontics

In 1959, rule-based expert systems were
developed in the fields of knowledge engineering,
where the knowledge of human experts was
modeled and incorporated inside the system.
One of the earliest medical expert systems was
the MYCIN [3], which advised physicians about
the selection of antimicrobial therapy, with the
dosage adjusted for the patient’s body weight.
These expert systems modeled human knowledge
by “production rules,” which is a framework
for expressing the knowledge that “if a certain
condition is met, a certain action is performed
(IF-THEN method) [4].”

In orthodontics, several expert systems have
been developed. Sims-Williams et al. [5] first
developed and introduced an expert system for
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orthodontics that used fuzzy logic to implement
IF-THEN rules. Fuzzy logic was developed in
1965 [6] to handle the concept of partial truth,
where the truth value may range between com-
pletely true and completely false. In fuzzy logic,
IF-THEN rules are employed with a membership
function, which is a curve that defines how each
point in the input space is mapped to a member-
ship value (or degree of membership) between 0
and 1. In other words, fuzzy logic is a multivalued
logic that allows intermediate values of certainty
to be defined between conventional deterministic
two-valued logic such as yes/no, high/low, or
true/false.

Sims-Williams et al. [5] generated a fuzzy
model expert system that models the advice
that orthodontic consultants give to general
dental practitioners for the alignment of crowded
lower teeth, especially extraction of the lower
premolars. In their study, they employed
three membership functions, including the
determination of the degree of crowding, because
fuzzy logic was considered a highly suitable
and applicable basis for developing knowledge-
based systems in medicine for tasks such as the
interpretation of sets of orthodontic findings.
Several applications to orthodontic tasks have
been reported, such as the development of an
expert system for treatment planning of Class II
Division 1 cases [7, 8]; a fuzzy expert system
to classify Class I, II, and III by implementing
the orthodontists knowledge [9]; and a system for
head gear-type selection [10]. As an alternative to
the fuzzy logic model, Poon et al. [11] employed
the Ripple-Down Rules method, which was an
incremental approach to knowledge acquisition.
This system was used as an interactive advisory
tool with 680 rules.

However, traditional rule-based expert
systems have some limitations when applied to
the orthodontic diagnosis and treatment planning.
Knowledge acquisition has become a major
bottleneck in developing expert systems. This
is due to the fact that the selection of knowledge
(i.e., feature extraction) is difficult, the process
for such extraction is time-consuming, and the
rules were created based expertise knowledge
through a trial-and-error approach. To resolve

these issues, previous studies [12, 13] employed
a new expert system concept called “case-based
reasoning.” This system uses a stored data bank of
previously treated cases as a source of knowledge
for solving new treatment problems. Case-based
reasoning is based on the paradigm of human
thought in cognitive psychology that contends
that human experts derive their knowledge from
solving numerous cases in their domain of focus.
Although humans may generalize patterns of
cases into rules, the principle unit of knowledge
is the case. Thus, reasoning is made by analogy or
association with the solutions to previous similar
cases. Case-based reasoning can be particularly
useful in areas where traditional rule-based
reasoning is relatively weak, such as knowledge
acquisition, machine learning, and reasoningwith
incomplete information.

The artificial neural network (ANN) is a sys-
tem developed based on the basic model of the
brain function in cognitive science in 1951 [14]
with the goal of creating a “more generalized sys-
tem” similar to the human brain. The ANN con-
tains an algorithm for pattern recognition called
“perceptron” [15, 16] (Fig. 6.2) and uses infor-
mation received from the outside world rather
than applying a set of formal decision rules; for
example, a previously developed neural network
was trained to make decisions regarding patients’
lower third molar teeth by “informing” it of de-
cisions that a consultant actually made [17]. The
need for tooth extraction before orthodontic treat-
ment was modeled using an ANN [18].

The issue to extract or not in orthodontics is
often used as the topic of choice when devel-

Fig. 6.2 Perceptron
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oping an automatic treatment planning system.
A previous study [19] developed a system to
predict whether or not tooth extraction should
be performed and, if extraction was chosen, to
determine which tooth/teeth should be extracted.
The authors resolved this issue as an optimization
problem that maximized the objective function,
defined as the rate of coincidence between the
experts’ answer and model’s answer. They em-
ployed pattern matching of the feature vectors,
representing the patient status, and the corre-
sponding expertise answer was used as the sys-
tem’s output.

Recent works [20, 21] have employed mul-
tilayer perceptron artificial neural networks to
predict orthodontic treatment plans. A previous
study used only 156 patients for 12 cephalomet-
ric variables and additional 6 indexes, success-
fully identifying 5 categories of tooth extraction
(nonextraction; extraction of #14, #24, #34, #44;
that of #14, #24; that of #15, #25, #35, #45; and
that of #14, #24, #35, #45) with 93% accuracy.
Another study [20] found model success rates of
93% for the diagnosis of extraction vs. nonex-
traction and 84% for the detailed diagnosis of the
extraction patterns, including the determination
of extraction-nonextraction, extraction patterns,
and anchorage patterns. These results indicate
that there are clear patient patterns corresponding
to treatment patterns, and it has become useful
to store data necessary for problem-solving and
process it on a computer to improve efficiency
and convert it into knowledge that is easy for users
to understand.

In medicine, most patient data have been de-
scribed using natural languages, such as clinical
findings and findings from images. In previous
studies, feature extraction and data annotation
were manually conducted by experts, which was
time-consuming. It is therefore difficult to effec-
tively use IT resources in medical fields in order
to solve complex patient problems.

In the next chapter, we will present prelimi-
nary findings regarding the development of fully
automated treatment planning for all orthodontic
patients using NLP.

6.3 Overview of Our Automated
Orthodontic Diagnosis
System

As described in the Introduction, a certain regu-
larity is apparent in the logic structure involved in
making a medical diagnosis and planning treat-
ment. We have been developing several AIs in
order to fully automate orthodontic diagnoses.

A schematic illustration of such a system is
shown in Fig. 6.3. The first step of this system
is the creation of the medical findings from the
diagnostic material. For example, an AI system
that analyzes the patient’s craniofacial charac-
teristics was developed based on a system that
automatically recognizes anatomical landmarks
(please see Chap. 5). Distances and/or angles of
lines connected to landmarks were measured and
compared with sex- and age-matched controls,
which is the same approach adopted by human
orthodontists. Abnormal values are interpreted as
linguistic descriptions. Another AI system recog-
nizes facial photographs using CNNs and recur-
rent neural networks (RNNs) (please see Chap.
5) and creates facial descriptions as linguistic
descriptions or classes. Linguistic descriptions of
medical charts and patients’ basic information
are then collected. These descriptions, classes,
and/or images are used to make the orthodontic
diagnosis and develop a treatment plan.

In the next chapter, we will introduce the last
part of the AI system: a system that automatically
designs an orthodontic treatment plan based on
a document of medical findings describing a pa-
tient’s condition.

http://dx.doi.org/10.1007/978-3-030-71881-7_5
http://dx.doi.org/10.1007/978-3-030-71881-7_5
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Fig. 6.3 Overview of our automated orthodontic diagnosis system

6.4 A System that Automatically
Designs an Orthodontic
Treatment Plan Based
on a Document of Medical
Findings Describing
a Patient’s Condition

6.4.1 Dataset and Problem Setting

In this study, we constructed a system that auto-
matically designs an orthodontic treatment plan
based on a document of medical findings describ-
ing a patient’s condition. As the medical findings
are documented in freewriting by the dentist, the
feature vectors are extracted from the text using
NLP, and a treatment plan is generated using
machine learning models.

Text-to-text generation tasks in NLP, such as
machine translation [22] and automatic summa-
rization [23], require millions to tens of millions
of sentence pairs to optimize deep learning mod-
els in an end-to-end manner. However, because

it is difficult to collect pairs of medical find-
ings and treatment plans on a large scale, only
1000 pairs were available for the present study.
Therefore, we divided the task of generating a
treatment plan from documented medical find-
ings into the following two subtasks for more
efficient resolution:

1. Medical Findings Summarization task: List
patient orthodontic problems with priorities

2. Treatment Planning task: List treatment items
according to the treatment procedure

In subtask 1, we listed the patient orthodontic
problems and their priorities shown in Fig. 6.4b
based on the medical findings shown in Fig. 6.4a.
This subtask was considered to be an automatic
summarization problem that generates a short
document from a long document. However, as
mentioned above, it is difficult to solve text-to-
text generation problems using small datasets.
Therefore, we arranged all of the orthodontic
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Fig. 6.4 Dataset

problems included in the dataset and classified
them into the 300 orthodontic problem labels
shown in Fig. 6.4c. Subtask 1 was then rede-
fined as a document classification task for giving
the text of the medical findings its appropriate
corresponding orthodontic problem labels. Given
that patients generally have multiple orthodontic
problems, this study dealt with a multi-label doc-
ument classification task.

In subtask 2, we listed the treatment items
shown in Fig. 6.4d according to the treatment
procedure from the summary of the medical find-
ings shown in Fig. 6.4b. This subtask was con-
sidered to be a document-to-document machine
translation problem. However, as with subtask
1, it was difficult to perform text-to-text gener-
ation using such a small dataset. Therefore, we
arranged all of the orthodontic problems included
in the dataset and classified them into the 300
orthodontic problem labels shown in Fig. 6.4e
in a similar manner to subtask 1. Subtask 2 was
then redefined as a sentence-to-sentence machine
translation task that generated the sequence of
the treatment items from the sequence of the
orthodontic problem labels. Using the labels as
the input and output instead of raw text can reduce
both the amount of tokens and the length of the
sequence.

6.4.2 Medical Findings
Summarization Task

In this section, we consider the medical findings
summarization task [24] as multi-label document
classification that assigns the patient orthodontic
problem labels shown in Fig. 6.4c based on the
medical findings shown in Fig. 6.4a.

6.4.2.1 Methods
In document classification tasks, the input text
is converted into a feature vector, and the class
to which the text belongs is determined using
a classifier based on a machine learning model.
There are two main approaches to converting a
document into a feature vector. One represents
a document as a set of words, and the other
represents a document as a set of sentences.

Word-Based Vector Representation
of Documents
The most common approach to representing the
document as a set of words is the bag-of-words
approach. In this method, each word is first con-
verted to a unique ID, and a feature vector is then
constructed with the rule that if the i-th indexed
word appears in the document, the i-th dimension
of the feature vector value is set to 1; otherwise,
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the i-th dimension’s value is set to 0. This con-
struction rule assumes that each word has equal
importance in the document. To avoid the naïve
word importance assumption in the bag-of-words
approach, the term frequency-inverse document
frequency (TFIDF) method also considers the
importance of the words in the document.

TFIDF = freq
(
wi, dj

)
∑

wk∈dj
freq

(
wk, dj

) × log
N

df (wi)

Here, freq denotes the number of occurrences
of word w in document d, df represents the num-
ber of documents in which wordw appears, and N
represents the number of all documents. The first
term (TF) of the equation emphasizes the words
that appear frequently in the target document. The
second term (IDF) neglects the words that appear
in many documents.

Recently, distributed word representations
(word embeddings) that represent a word as a
dense vector of hundreds of dimensions have
been frequently used. In word2vec (w2v) [25],
which is a typical approach to word embedding,
the vector representation of words is learned
by a neural network that estimates the context
words from aword by following the distributional
hypothesis [26]. The distributional hypothesis
assumes that similar words should appear in
similar contexts. In word embedding-based
document classification [27], the document
vector is constructed by averaging the vectors
of each word appearing in the document for each
dimension or taking the maximum value of each
dimension.

Sentence-Based Vector Representation
of Documents
Another approach represents a document as a set
of sentences. This approach uses deep learning
techniques, such as a RNNs, to construct a sen-
tence embedding from word embeddings. Unsu-
pervised learning methods, such as Skip-Thought
[28], extend the distributional hypothesis in word
embedding to the sentence level, learning vector
representation of a sentence through the opti-
mization of a neural network that estimates con-
text sentences from a single sentence. Supervised
learning methods, such as InferSent [29], learn
vector representation of a sentence during the
optimization of a neural network while predict-
ing the semantic relationship between sentences.
Multitask learning methods, such as the universal
sentence encoder [30], enable computers to learn
general-purpose sentence embeddings (represen-
tations), which are useful for various applica-
tions by training both unsupervised and super-
vised tasks with a single model.

Sentence embeddings are explained using
Skip-Thought as an example. In Fig. 6.5,
w2v (word2vec) converts a word into a word
embedding. The RNN is a neural network that
receives a word embedding as input and transfers
information recursively from the beginning to the
end of the sentence. <EOS> is a special token
representing the end of the sentence, and the
hidden layer of the RNN at the <EOS> time step
can be used as the sentence representation.

In sentence embedding-based document clas-
sification, the document vector is constructed by
averaging each dimension or taking themaximum

Fig. 6.5 Recurrent neural network for training sentence embedding
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value for each dimension for the vectors of each
sentence appearing in the document.

6.4.2.2 Experiments
The medical findings of about 1000 documents in
Japanese were divided in an 8:1:1 ratio for train-
ing, development, and evaluation, respectively.
MeCab [31] was used for word segmentation, and
the support vector machine (SVM) [32] imple-
mented in Scikit-learn [33] was used for the clas-
sifier. To apply the SVM system to themulti-label
classification task, we used the binary relevance
solution implemented in Scikit-multilearn [34].

By constructing the feature vectors via the
bag-of-words approach using 2000 words with
a high frequency in the training dataset, the or-
thodontic problem labels were classified with the
following performance: precision = 0.667, re-
call = 0.311, and MicroF1 = 0.424. The bag-of-
words method performed better than other meth-
ods, including sentence-based methods.

6.4.3 Treatment Planning Task

In this section, we address the treatment planning
task as sequence-to-sequence learning, which
generates a sequence of treatment item labels
shown in Fig. 6.4e from a sequence of orthodontic
problem labels shown in Fig. 6.4c.

6.4.3.1 Methods
In machine translation, a sequence-to-sequence
model that maps a sequence of words in the
source language to a sequence of words in the
target language is trained. In this study, we con-
sidered a sequence of orthodontic problem labels
as a sequence of words in the source language
and a sequence of treatment item labels as a
sequence of words in the target language, thereby

generating a treatment plan using machine trans-
lation techniques. We use machine translation
models based on RNNs [35] and self-attention
networks (SANs) [22], which are common in
deep learning-based machine translation.

In RNN-based machine translation, sequences
are generated in the same manner as in Skip-
Thought (Fig. 6.5). Word vectors are sequentially
input into the RNN, and information is recur-
sively transferred to construct a sentence vector
of an input sentence. Words are then generated
sequentially based on this sentence vector. With
Skip-Thought, context sentences are generated,
and with machine translation, a target language
sentence is generated.

In contrast to RNNs, however, which model
words sequentially from the beginning of the
sentence (Fig. 6.6a), SAN-based machine trans-
lation models the entire sentence simultaneously
with weight, as shown in Fig. 6.6b. In recent
years, SANs have shown higher performance than
RNNs for many NLP applications, although there
remain tasks where RNNs are more effective,
such as settings with low resources.

6.4.3.2 Experiments
As in Section 2.2, about 1000 sequence pairs of
the dataset were divided in an 8:1:1 ratio for train-
ing, development, and evaluation, respectively.
As both input and output use labels instead of raw
text, word segmentation is not necessary for these
experiments. The sequence-to-sequence models
based on the RNN and SAN implemented in
Sockeye [36] were used.

By generating a sequence of treatment item
labels from a sequence of orthodontic problem
labels using the RNN model, it was possible to
automatically design a treatment plan with the
following performance: precision = 0.435, re-
call = 0.430, and MicroF1 = 0.413. Similarly,

Fig. 6.6 Differences in
sentence vector
composition between RNN
and SAN
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the SAN model achieved the following perfor-
mance: Precision = 0.436, Recall = 0.412, and
MicroF1 = 0.412.

6.5 Conclusion

Automated treatment planning will reduce inter-
planner variability and the planning time allo-
cated for optimization to improve the plan quality.
In this chapter, we described how to perform auto-
mated treatment planning. Automated treatment
planning was divided into several AI systems,
and we used NLP to integrate the assessments
of different diagnostic materials. The merit of
usingNLP is that we can include clinical findings,
which are usually presented as linguistic descrip-
tions. By generating a sequence of treatment item
labels from a sequence of orthodontic problem
labels using the RNN model, it was possible
to automatically design a treatment plan with a
precision of 0.44 and recall of 0.43. This result
indicates that this system would be effective for
providing automated support for treatment plan-
ning of orthodontists. As treatment plans can vary
even among human experts, we will compare the
system’s output with the human experts’ answer
in future publications.
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7Machine Learning in Orthodontics: A
New Approach to the Extraction
Decision

Mary Lanier Zaytoun Berne, Feng-Chang Lin, Yi Li,
Tai-Hsien Wu, Esther Chien, and Ching-Chang Ko

7.1 Introduction

The extraction of permanent teeth versus expan-
sion of the dental arch to correct dental malalign-
ment has long been a source of debate in the
orthodontic community. The origins of this de-
bate can be traced back to the early twentieth
century when the profession of orthodontics had
just begun to be seen as a science. Edward Angle,
“the father of modern orthodontics,” had a vision
for orthodontic treatment centered on aligning all
32 teeth in perfect Class I occlusion. His treat-
ment philosophy was predicated on the principles
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that “balance, harmony, and proportions of the
mouth require that there shall be a full comple-
ment of teeth.” He advocated for a non-extraction
approach stating that with tooth movement, the
jaw and alveolar bone would grow to compensate
and the corresponding tissues would also adapt to
their new positions.

However, Angle’s contemporary, Calvin Case,
opposed this orthodontic treatment philosophy
and defended extractions as the ideal treatment to
correct facial deformities and address malalign-
ment, especially in cases of dental protrusion.
Corroborating Cases’ viewpoint, Charles Tweed
initially chose to follow Angle’s treatment phi-
losophy of arch expansion, but later in his career
realized that many of these patients were expe-
riencing significant posttreatment relapse. Tweed
retreated a number of these relapse patients by
extracting four premolars and obtained a satisfac-
tory and more stable occlusal result. Therefore,
Case and Tweed were among many orthodontists
of this era who advocated for extractions as a
means to achieve adequate stability. This philos-
ophy became commonplace, ultimately reaching
its peak between the 1950s and 1960s when ap-
proximately 50 percent of orthodontic patients
were treated with extractions, usually of the first
premolars. In fact, a 40-year study by Dr. Proffit
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analyzed the fluctuation of extraction frequencies
at the University of North Carolina. Proffit found
that the number of patients with extraction of
all four first premolars increased from 10% in
1953 to 50% in 1963, remained at 35–45% until
the early 1980s, then declined sharply back to
the 1950s level by 1993 [1]. The increase in
first premolar extractions occurred primarily as
part of a search for greater long-term stability,
while the recent decline seems to be due to a
number of factors. Greater concern about the
impact of extraction on facial esthetics, data to
suggest that extraction does not guarantee stabil-
ity, concern about temporomandibular dysfunc-
tion (TMD), and changes in technique all appear
to have played a role. With appropriate orthodon-
tic mechanics, many patients with Class I crowd-
ing can be treated satisfactorily with or without
premolar extraction [2].

Later, as the profession continued to advance
with the influx of new technologies and
techniques, treatment modalities improved.
Clinicians began to understand that soft tissue
balance was critical for successful orthodontic
treatment; ideal results were no longer predicated
on dental occlusion alone. Dr. Ackerman, Dr.
Sarver, and Dr. Proffit touted this monumental
change in orthodontic thought as “the soft
tissue paradigm” [3]. They surmise that soft
tissue, not hard tissue skeletal discrepancies, is
the major limitation to orthodontic treatment
and “therapeutic modifiability.” Soft tissue
relationships and functions (such as pressure
exerted by the lips, cheeks, and tongue, the
contours of the soft tissue, especially the lips
and the nose, and anterior tooth display during
facial animation) as well as soft tissue adaptions
(from an equilibrium, periodontal, TMD, facial
balance, and anterior tooth display standpoint)
are more limiting than the anatomic or hard tissue
restrictions to treatment. With this new outlook,
as well as emerging data that suggested that
extraction does not guarantee stability, extraction
rates in orthodontics began to fall.

This retrospective look on the history of or-
thodontics clearly demonstrates that the decision
for or against extraction is not a simple one. It
is evident that the rates of and reasons for tooth

extraction versus arch expansion have fluctuated
significantly over the years. Distilling down the
philosophic beliefs of these historical debates, or-
thodontic treatment planning today rests on three
guiding principles: occlusion, stability, and soft
tissue balance. In taking each of these three prin-
ciples equally into account, the orthodontic com-
munity today understands that some patients will
benefit from extraction treatment while others
will not.

But determining who those patients are and
how they fall into each category is still highly
debated. When deciding whether or not to extract
permanent teeth, orthodontists must weigh many
factors including spacing or crowding, overjet,
overbite, occlusal stability, temporomandibular
dysfunction, periodontal health, facial esthetics,
smile arc, and systemic health among others. One
of the factors that make extractions one of the
most difficult treatments to diagnose is the fact
that a significant proportion of orthodontic cases
fit in the “borderline” category—meaning both
extraction and non-extraction treatment plans can
be considered. Orthodontists have learned to eval-
uate all of the predisposing clinical factors and
make an empirical treatment decision by relying
on their own clinical experiences, their training,
and their personal treatment philosophies. And
orthodontists tend to have a strong preference
for, or even bias toward, their chosen treatment
modality of extraction versus non-extraction. But
historically there has been very little research to
quantify this decision and determine on a case-by-
case basis, from a data-driven standpoint, which
treatment modality is the best fit for each in-
dividual patient. In the age of evidence-based
science and personalized medicine, the patients
and the profession demand that this decision-
making process be improved upon. The extraction
versus expansion decision needs to be made by
eliminating subjectivity and personal bias in favor
of an empirical, statistically based method for
aiding in this decision.

To this end, Dr. Guez conducted a follow-up
to Dr. Proffit’s study, seeking to identify the main
factors that lead to orthodontic extractions. Guez
et al. collected the data of orthodontic patients
treated at the University of North Carolina from
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the years 2000 to 2011 [4]. Among this patient
data set, they found that the factors leading to
statistically significant odds of extraction were
being of African-American ethnicity (as com-
pared to the Caucasian reference group) as well as
Angle’s classification (skeletal and dental antero-
posterior), initial overjet, overbite, and amount of
maxillary and mandibular crowding. Their find-
ings regarding the rates of extraction during this
time period were as follows: there was a contin-
uedmild decrease in orthodontic extractions, both
in overall extractions (leveling off near 25% after
2006) and in four premolar extractions (just above
10%).

7.2 Logistic Regression

We continued the research of Guez and
collaborators by identifying thresholds (cutoffs)
for these predisposing factors: overbite, overjet,
maxillary crowding, and mandibular crowding.
In this study, the aggregate data of 2003
consecutively treated orthodontic patients in the
Graduate Clinic of the Orthodontic Department at
the University of North Carolina from the years
2000 to 2011 were analyzed. For each patient
treated in this clinic, pretreatment variables
were recorded and stored in a digital database.
These records, which include demographic
information, patient interview answers, and
clinical examination findings, are standardized
and stored in a secured digital database. Among
the clinical examination findings are factors that
influence extraction rates. The outcome was the
decision to extract teeth, or alternatively, to not
extract teeth, for orthodontic purposes.

A receiver operating characteristic (ROC)
analysis was used to evaluate the trade-off
between sensitivity (true positive rate) and
specificity (true negative rate) for the individual
clinical variables of overjet, overbite, maxillary
crowding, and mandibular crowding. ROC
analysis operates under the principle that as
sensitivity (the ability to detect true positive)
is increased, specificity (the ability to detect
true negative) decreases. Therefore, in a series
of clinically relevant values for each variable,

sensitivity and specificity were calculated
and ROC analysis was used to determine the
optimal cutoff (threshold) of each variable by
minimizing the difference between these two
characteristics. Using an accrued score from the
four dichotomized clinical variables (scoring one
point for each observed value over the threshold),
we developed a decision tree model that can be
used to determine whether or not to extract teeth.
In addition, we developed a logistic regression
formula for the calculation of the probability of
tooth extraction using measured clinical values
(i.e., amount of overjet in mm) of each variable.

By maximizing the difference between sen-
sitivity and specificity as described, the cutoffs
were determined to be 4.5mm for overjet, 3.5mm
for overbite, 6.5 mm for maxillary crowding, and
5.5 mm for mandibular crowding (Tables 7.1, 7.2,
7.3, 7.4).

We also built a dichotomous tree and a logistic
regression formula that combined these factors
into chairside clinical aids for making these de-
cisions (Figs. 7.1 and 7.2). For the decision tree,
each value that met or exceeded the cutoff for that
factor was assigned a score of 1 and the composite
score was compiled by calculating the sum of the

Table 7.1 Overjet values

Overjet
(mm) Sensitivity 1—Specificity

−log(Sensitivity*

Specificity)

1.50 0.895 0.915 1.119

2.50 0.757 0.747 0.718

3.50 0.621 0.500 0.508

4.50 0.460 0.326 0.508
5.50 0.304 0.194 0.611

A cutoff of 4.5 mm yields a sensitivity of 46% and a
specificity of 67%

Table 7.2 Overbite values

Overbite
(mm) Sensitivity 1—Specificity

−log(Sensitivity*

Specificity)

1.50 0.227 0.177 0.704

2.50 0.394 0.289 0.553

3.50 0.606 0.504 0.522
4.50 0.768 0.703 0.642

5.50 0.878 0.851 0.884

A cutoff of 3.5 mm yields a sensitivity of 61% and a
specificity of 50%
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Fig. 7.1 Composite score decision tree model. One point is scored for each outcome and the sum is the composite
score for that patient

Table 7.3 Mandibular crowding values

Mandibular
crowding
(mm) Sensitivity 1—Specificity

−log
(Sensitivity*

Specificity)

3.50 0.734 0.442 0.893

4.50 0.615 0.271 0.802

5.50 0.486 0.138 0.869
6.50 0.347 0.077 1.138

7.50 0.216 0.034 1.566

A cutoff of 5.5 mm yields a sensitivity of 49% and a
specificity of 86%

Table 7.4 Maxillary crowding values

Maxillary
crowding
(mm) Sensitivity 1—Specificity

−log
(Sensitivity*
Specificity)

3.50 0.705 0.473 0.990

4.50 0.603 0.315 0.883

5.50 0.497 0.166 0.881

6.50 0.397 0.091 1.019
7.50 0.277 0.057 1.344

A cutoff of 6.5 mm yields a sensitivity of 40% and a
specificity of 91%

factors. A low chance of extraction (16%) was
indicated when the composite score was less than
1 while a high chance of extraction (80%) was
predicted when the composite score was greater
than 2.

For the logistic regression formula, in cross
tabulating extractions determined by the formula
and the actual extractions performed in our pa-
tient sample, the extraction cutoff was determined
to be 36% (Table 7.5).

Fig. 7.2 Logistic regression formula for probability of
extractions

Table 7.5 Extraction by clinical formula x Actual ex-
traction cross-tabulation

Actual extractions

No Yes
Extraction by logistic
regression formula No 121886% 24847%

Yes 20614% 27853%

The optimal cutoff probability for extraction decisions is
36% (53% sensitivity and 86% specificity)

In order to demonstrate this method’s poten-
tial clinical usefulness and viability, patients that
were in treatment in the University of North Car-
olina Graduate Orthodontic Clinic were selected
as examples. The patients selected represented
borderline cases, in which practitioners typically
differ in their propensity for extractions. One such
example showing the utility of these equations is
shown below.

Patient A.R., a 15-year-oldHispanicmale, pre-
sented to the orthodontic clinic with moderate
to severe crowding and a chief complaint of “I
don’t like the appearance of my teeth. The bottom
ones are crooked and the top canines stick out.”
He had skeletal and dental Class I relationships
with 5 mm overjet and 4 mm overbite. His up-
per left first premolar was in a Brodie bite, and
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Fig. 7.3 Patient A.R.
intraoral photos

his mandibular midline mildly deviated from the
midsagittal plane (Fig. 7.3).

A.R. is an example of a borderline extraction
case because of his ectopically erupting maxil-
lary canines and moderate-to-severe mandibular
crowding.

Ultimately, due to the amount of crowding
present in the maxillary and mandibular arches,
the decision was made to extract maxillary and
mandibular first premolars. Treatment included
full fixed appliances using self-ligating brackets
with an 0.022 slot and sliding mechanics.

Using our evidence-based model, patient
A.R.’s composite score was calculated to be a
2. Given the composite score decision tree, there
was a 45% chance for extraction in this case.
The logistic regression formula also gives the
extraction probability p of 45%, which indicated
extraction. In this case, our clinical decision was
confirmed by our predictive models (Fig. 7.4).

This case represents one example showing
why we believe these models have some clinical
utility. However, as discussed previously, we
recognize that the extraction decision is very
complex, and the four factors analyzed are not
the only variables that influence this decision.
Clinicians frequently cite other factors that
weigh heavily in their decision-making, such as
smile esthetics and gingival display, periodontal
health, TMJ function, dental and lip protrusion,
age, gender, and ethnicity, among many other
factors [5, 6]. In order to continue to advance

this research to a level providing clinical
relevance, the next step is to incorporate machine
learning and big data, which will allow us to
incorporate hundreds of variables at a time.
A machine learning model would represent a
huge advancement and improvement upon the
dichotomous tree and logistic regression models
previously mentioned and increase the clinical
efficacy of this research.

7.3 Machine Learning

First, let us discuss what exactly is machine learn-
ing, and what machine learning methods can be
utilized for these ends. Machine learning is a
branch of artificial intelligence that employs a
variety of statistical and optimization techniques
that allow computers to “learn” from past exam-
ples and to detect hard-to-discern patterns and
relationships from complex data sets. Machine
learning is a rapidly growing field, with applica-
tions in every facet of our lives. It is used in other
areas of dentistry such as for the diagnosis of
bisphosphonate-related osteonecrosis of the jaw
and for the detection of caries [7, 8]. Machine
learning has also been utilized in the medical
world, and some examples of such uses are the
diagnosis of cancer based on imaging of tumor
biopsies, the detection of potential adverse drug
reactions, assessing risk prediction for cardiovas-
cular disease, among many others [9–11]. Just as
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Fig. 7.4 Patient A.R., clinical data, composite score, and logistic regression outcomes

these algorithms have been utilized for diagno-
sis in other areas of dentistry and medicine, we
intend to utilize machine learning and big data
to diagnose the extraction versus non-extraction
decision in orthodontics.

7.3.1 Three-Layer Artificial Neural
Network

In fact, there is precedent for using machine
learning to approach the extraction decision. A
previous study by Jung and Kim constructed four
three-layer (an input layer, a hidden layer, and an
output layer) neural networking models for this
decision using the data of 156 patients, treated
by one clinician, with input data consisting
of 12 variables from cephalometric analysis
and 6 variables from clinical findings [12].
Jung et al.’s models included (1) a model for
determining whether or not to extract, (2) a
model for determining differential extractions

(defined as the extraction of all first premolars
or all second premolars, “non-differential” vs.
the extraction of upper first premolars and lower
second premolars, “differential”), (3) a model
for determining “more retraction” (defined as the
extraction of first premolars instead of second
premolars) in non-differential extraction cases,
and (4) a model for determining “more retraction”
in a differential extraction case (defined as
the extraction of only upper premolars vs. the
extraction of upper first premolars and lower
second premolars). After three stages of model
training, in which the data was divided into a
“training set (64 patients)” and a “validation
set (32 patients)”, the decision-making success
rate was calculated for each model. Model 1,
extraction vs. non-extraction, demonstrated the
highest decision-making accuracy at 93% for the
test dataset.

While Jung introduced the concept of using
machine learning for the orthodontic extraction
decision, his models had many weaknesses. For
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example, their models were overfitting at the end
of their training progress, which implies that their
dataset is too small. It is difficult to determine
whether some of their models (e.g., their fourth
classifier) were trained well even though they
used an early stopping technique. Because of the
small dataset size, only 12 variables were used as
input data. However, 12 variables might not com-
prehensively express the patient’s situation. Re-
cently, Li et al. used a similar artificial neural net-
work architecture with more advanced techniques
such as incorporating a dropout layer to prevent
overfitting [13]. In their study, their model has 24
variables including demographic, cephalometric,
and soft tissue data, resulting in an accuracy of
94% based on 302 patients for the extraction vs.
non-extraction decision. We seek to improve on
these data by using a larger and more varied
patient pool (almost 850 patients with treatment
provided by 25 different clinicians, each with
their own treatment modalities and philosophies)
and more diversity in the input data (an average
of 100 additional input variables in each of our
models).

7.3.2 Comprehensive Survey

Before delving into the specifics of our study,
let us acknowledge that there are countless
machine learning approaches and algorithms,
each with their own various strengths and
weaknesses. For the purposes of this study,
and after extensive modeling tests with various
algorithms, we narrowed our focus to include
two algorithms: Random Forest and Multilayer
Perceptron (MLP). A third algorithm, Classical
and Regression Trees (CART), used in the
previous four-parameter study, was included as a
reference method. Let us begin by explaining the
function of each of these algorithms.

7.3.2.1 Classical and Regression Trees
CART is a nonparametric modeling technique for
regression and classification problems that uses a
decision tree. The decision tree makes sequential,
hierarchical decisions usingmultiple predictors to
arrive at a prediction on the outcome variable. It

uses a set of consecutive binary rules to divide
the sample into several subsamples. There are
different algorithms that can be used to determine
the best split variable at each node to divide the
parent node into two child nodes. The selection
of the split variable and split point can be chosen
either simultaneously or one step after another.
When there is no significant split variable nor
split point for further splitting, the split is stopped.
Consecutive splitting eventually grows the whole
tree. Stopping and so-called pruning prevents the
decision tree from overfitting. Figure 7.1 in the
four-parameter study is derived from such an
algorithm.

7.3.2.2 Random Forest
Random forest is a machine learning algorithm
composed of a combination of random sampling
and multiple decision trees. As described above,
in each decision tree, a set of consecutive bi-
nary rules is established to divide the sample into
several subsamples. Different from CART, each
tree is trained independently with a randomly
selected subset of the training sample with a
subset of predictors. The tree is allowed to grow
to the fullest diversity without pruning. The final
classification, or output, is determined by taking
the most common predictions from the terminal
ensemble of each tree [14, 15].

7.3.2.3 Multilayer Perceptron
Multilayer Perceptron (MLP) is an artificial neu-
ral network algorithm patterned after the opera-
tion of neurons in the human brain. It can be used
for classifying data and regression problems. The
neural network models used in previous studies
by Jung and Kim and by Li et al. are examples
of MLP. A typical MLP is composed of an in-
put layer, an output layer, and at least one hid-
den layer. The hidden layers typically consist of
several neurons. The neural network receives an
input and transforms it through a series of hidden
layers. Except for the input layer, all the neurons
in a layer are fully connected to all the neurons
in the previous layer. Unlike a linear perceptron,
MLP utilizes nonlinear activation in all neurons.
The output layer uses certain activation functions
(e.g., softmax function) to calculate a probability
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for each class, which directly leads to the final
classification.

7.3.2.4 Methods
Given this background, our study was set up in
this way: The aggregate data of 842 consecu-
tively treated, orthodontic patients in the gradu-
ate orthodontic clinic at the University of North
Carolina from 2010 to 2013 were analyzed. Our
patient population characteristics as well as many
of the characteristics that are relevant in the ex-
traction decision are listed in Table 7.6.

For each patient treated in this clinic,
pretreatment variables—including demographic
information, patient interview answers, and
clinical examination findings—were recorded,
standardized, and stored in a digital database.
Additionally, cephalometric analysis was
performed on initial cephalometric radiographs
for each of these patients in Dolphin Imaging
(Patterson Dental, St, Paul, Mn). Among the data
gathered (demographics, clinical findings, and
cephalometric analysis) are factors that influence
extraction rates.

Four models were built utilizing the aforemen-
tioned machine learning algorithms. Each model
incorporates a different machine learning algo-
rithm and/or a different set of variables.

Model 1 is a CART using four measurable
clinical variables that were deemed significant
to the extraction decision in our previous study.
Those input variables are overjet, overbite, max-
illary crowding, and mandibular crowding.

Model 2 is a CART incorporating eleven
variables. The input variables for this model
include the four variables previously mentioned
inModel 1 (overjet, overbite,maxillary crowding,
and mandibular crowding) as well as additional
clinical data (gingival attachment, curve of spee,
skeletal anteroposterior relationship, and Angle
classification) and demographic data (sex, race,
and age).

Model 3 is a random forest algorithmwith 117
input variables. The input variables for this model
include the variables in Model 2 as well as the
addition of 102 cephalometric variables from the
initial cephalometric radiograph tracing.

Model 4 is a MLP algorithm with 117 input
variables. This model uses the same variables as

Model 3 but applies a different machine algo-
rithm. In this study, the MLP algorithm is similar
to the neural network model in Li et al.’s study
discussed earlier [13]. Our model consists of a
117-neuron input layer, a 10-neuron hidden layer,
a dropout layer with 0.5 probability, and a 2-
neuron output layer. A batch normalization is
used between the hidden layer and its activation
function. All activation functions are hyperbolic
(tanh), except a softmax function is used in the
output layer. The loss function is binary cross-
entropy.

In order to calculate average accuracy and
to avoid overfitting the models, 10-fold cross-
validation was performed. In 10-fold cross-
validation, the original sample is randomly
partitioned into 10 equal-sized subsamples. Of
the 10 subsamples, 9 of them are used to train
the model and the trained model is applied
to the 10th subsample, the testing sample, to
predict outcomes. This is repeated 10 times, with
each of the 10 subsamples used exactly once
as the validation (or testing) data. The average
accuracy resulting from each of these testing
sets is determined to be the model accuracy.
By continually tuning hyper-parameters in this
cross-validation, the model can be generalized
to an unseen data set with more robust accuracy
results.

ROC analysis was also used to evaluate the
trade-off between sensitivity and specificity for
each model. A high sensitivity (true positive) in-
dicates the ability of the model to identify the pa-
tients who received extraction treatment, while a
high specificity (true negative) indicates the abil-
ity of the model to identify the patients who re-
ceived non-extraction treatment. Ideally, the best
model would have both high sensitivity and high
specificity.

7.3.2.5 Results and Discussion
In order to understand the true utility of these
models in a clinical setting, the ability of each
model to correctly predict the treatment modality
for both extracted and non-extracted cases, re-
ferred to as model “balanced accuracy,” defined
as the arithmetic mean of sensitivity and speci-
ficity, was determined. The balanced accuracy
of each model was calculated through 10-fold
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Table 7.7 Model types with accuracy, sensitivity, and specificity

Model types # of Variables included Balanced accuracy Sensitivity Specificity

Model 1 CART 4 71.5% 60% 83%

Model 2 CART 11 66.5% 40% 93%

Model 3 Random Forest 117 72.5% 71% 74%

Model 4 MLP 117 71.5% 71% 72%

cross-validation. Model 1, CART with 4 vari-
ables, had a balanced accuracy of 71.5%; Model
2, CART with 11 variables, had a balanced ac-
curacy of 66.5%; Model 3, Random Forest with
117 variables, had the highest balanced accuracy
of 72.5%; and Model 4, MLP with 117 variables,
had a balanced accuracy of 71.5%. The associated
rates of sensitivity and specificity are seen in
Table 7.7.

In addition to accuracy, identification of the
most important variables for making the extrac-
tion decision can be made in the random for-
est algorithm. Variables that reduce the most er-
rors when splitting were considered critical ones
with high importance scores. Therefore, we were
able to determine which variables the algorithm
weighted most highly when making its extraction
vs. non-extraction decision in Model 3. As a
result, these variables were, in ranked order: (1)
maxillary crowding, (2)mandibular crowding, (3)
SN-GoGn value, (4) SN-GoGn deviation, and (5)
maxillary unit length.

The first two variables, maxillary crowding
and mandibular crowding, were standard clinical
measurements, recorded in millimeters. The next
two variables, SN-GoGn value and deviation, are
measures gathered from each initial cephalomet-
ric tracing. SN-GoGn is an angular measurement
of the skeletal vertical position. It is formed by
intersecting the Gonion-Gnathion plane with the
Sella-Nasion line, and it reflects the degree of
inclination of the mandible relative to the anterior
cranial base. A small angular measurement indi-
cates a low plane angle, or “short” face. A larger
angularmeasurement indicates a highmandibular
plane angle, associated with a “long” face. “SN-
GoGn deviation” specifically refers to the degree
deviation of that particular measurement from

the identified cephalometric norms, as defined by
previous extensive research on the topic.

Based on these results, random forest (Model
3) appears to be the best model, showing the most
promise for being a clinically utilized tool, for
the extraction vs. non-extraction decision. Ran-
dom forest had the highest balanced accuracy
at 72.5%, with sensitivity and specificity values
that remained relatively high as well at 71% and
74%, respectively. However, it is worth noting
that a balanced accuracy of 72.5% still presents
a barrier to viable implementation of this model
in clinical decisionmaking.Aswe saw before, the
“borderline” cases are the most difficult cases to
make a decision for extraction vs. non-extraction
treatment. It is likely that at 72.5% accuracy, the
cases that are not being accurately identified are
those for which clinicians most desire empirical
data—the borderline cases.

The rank of variable importance in the
random forest algorithm of Model 3 empirically
corroborates common clinical thinking that
crowding, both maxillary and mandibular, is the
most influential factor when deciding whether or
not to extract teeth. It is interesting to note that
the third and fourth most important variables,
SN-GoGn value and deviation, are measures of
the skeletal vertical position. This would indicate
that the skeletal vertical, especially the extreme
dolichofacial or brachyfacial presentations, plays
a critical role in the algorithm’s decision to
predict extractions. This is a noteworthy finding
because the previous research cited in this study
did not include skeletal vertical considerations in
their most prevalent factors that were considered
in this decision. The results of this algorithm’s
variable importance would suggest that prac-
titioners should weigh skeletalvertical position
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even higher than anterior-posterior considerations
when deciding whether or not to extract teeth.

One of the strengths of the models we used is
the fact that theywere created from a pool ofmore
than 800 patients treated by approximately 25
different attending orthodontists using a variety
of treatment modalities and varying treatment
philosophies. Additionally, the demographics of
our patient population are representative of the
overall US population according to the 2010 US
census. Both of these factors suggest that these
equations could be applied accurately and reliably
to the patient pool in average US orthodontic
practices and to clinical orthodontic practices at
large.

In terms of the strength of the input variables,
these models, particularly Models 3 and 4,
are comprehensive in their breadth of data
and information. They incorporate nearly
every clinical and demographic factor that a
clinician must consider when making their
decision for or against extraction. Incorporating
all standard measurements of cephalometric
tracing, including cephalometric soft tissue
measurements, is a novel advance for machine
learning algorithms in this field.

We must remember, machine learning is a
relatively new and still growing field. As machine
algorithms continue to develop and become
more complex, these models, particularly deep
learning, will continue to improve. As these
models continue to advance, to further strengthen
and increase their clinical relevance, the next step
of this research would be to divide the patient
pool into subgroups based on categories such as
race, Angle classification, and “borderline cases.”
In doing this, we would be able to determine
the model’s accuracy in each category—for
example, these models may have significantly
increased accuracy in predicting extraction vs.
non-extraction treatment in Angle Class II cases.
If this example were found to be true, this finding
could have major clinical implications in the way

clinicians are able to utilize these models in the
treatment of Class II cases.

7.4 Conclusion

As stated previously, the extraction vs. non-
extraction decision is one of the most difficult
clinical decisions that orthodontists face on a
daily basis. We put forth that machine learning
algorithms, particularly random forest, show
promise in advancing the clinical decision-
making process from a subjective decision to
an evidence-based decision. This study advanced
the research in this field by increasing the breadth
of evidence available. To date, it has the largest
patient pool and themost clinical variables on this
subject, and four different models were tested. As
algorithms continue to be further developed, we
believe that the clinical utility of these models can
change the landscape of orthodontic treatment
planning.
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8.1 Introduction

Craniofacial morphology variation is a common
finding in the population. The severity of the
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variation can be used as a clue to reveal any poten-
tial underlying disease. Mild-to-moderate varia-
tions are frequently seen in orthodontic patients.
Many malocclusions are associated with abnor-
mal growth of the maxilla, mandible, or both.
Over-/under-/asymmetrically developed maxillo-
facial bones result in a malformed skeletal base
for the alignment of teeth and occlusion. For
example, impacted teeth can be the result of defi-
cient skeletal space. Severe variations are usually
seen in craniofacial anomalies (CFA), a group of
various deformities in the growth of the head and
facial bones. Patients with CFA have a different
appearance from normal. These congenital abnor-
malities are present at birth and have numerous
variations of different severity. Cleft lip and/or
palate, a separation/gap that happens in the upper
lip and/or the palate, is themost common congen-
ital CFA seen at birth, occurring in approximately
1/1000 births.

Many factors may contribute to the develop-
ment of craniofacial variations, among which
gene mutation and environment influence are
the most frequent. A change in the genes at the
time of conception can result in a craniofacial
variation. Environmental exposure to some risk
factors, such as tobacco consumption or folic acid
deficiency during pregnancy, may play a role in
the development of cleft lip and/or palate.

© Springer Nature Switzerland AG 2021
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Impacted maxillary canines are found in ap-
proximately 2% of the general population, and
83–92% of all impacted maxillary canine cases
are unilateral impactions. While the exact etiol-
ogy is unknown, it has been proposed that local-
ized, systemic, or genetic etiologic factors con-
tribute to canine impaction. Because maxillary
canines have the longest duration of development
in the deepest area of the maxilla, followed by
the longest and most tortuous path of eruption,
skeletal maxillary structure variation may be ei-
ther an etiologic factor affecting canine eruption
or a result of underdevelopment of the maxilla.

Cleft lip is an abnormality in which the lip
does not completely form at the 7th week of
embryonic development. It occurs when the me-
dial nasal prominence and maxillary prominence
fail to fuse. The degree of the cleft lip can vary
greatly, from mild (notching of the lip) to severe
(large opening from the lip up through the nose).
The cleft palate happens when the roof of the
mouth does not completely close, resulting from
the failure of the palatal shelves to fuse with each
other in the horizontal plane at the 12th week of
embryonic development and leaving an opening
that can extend into the nasal cavity. The cleft
can involve either side or both sides of the palate.
It can extend from the alveolar ridge of the hard
palate to the soft palate. It can occur in isolation
or in combination with cleft lip.

Early diagnosis of craniofacial variations is
important because malformation of the hard and
soft tissues can cause both functional and aes-
thetic problems from an early stage. Accurate
quantitative analysis of the morphological defor-
mities will be very useful in the treatment of
these patients, especially for planning craniofa-
cial surgery and orthodontic treatment. The plas-
tic/craniofacial surgeon performs surgery to cor-
rect the abnormalities of the skull, facial bones,
and soft tissue. The orthodontist evaluates tooth
positions and corrects the malocclusion to im-
prove the oral function.

Radiographic imaging is routinely used for
the diagnostic evaluation and treatment planning
of patients with craniofacial variations. In the
last decade, cone beam computed tomography
(CBCT) has received increased attention due to

its high space accuracy and low radiation expo-
sure and cost. CBCT is now widely used as an
alternative to spiral computed tomography (CT)
in locating anatomical structures and visualizing
craniofacial abnormalities. To accurately assess
craniofacial deformities, one critical step is to
segment the CBCT image in order to generate
a three-dimensional (3D) model, which includes
segmentation of bony structures from soft tissues
and separation of the mandible from the maxilla.
However, due to the image artifacts caused by
beam hardening, imaging noise, inhomogeneity,
and truncation, it is very difficult to segment the
CBCT based on thresholding and morphologi-
cal operations automatically. In addition, man-
ual segmentation is tedious, time-consuming, and
user-dependent. It may take 5–6 h to segment the
maxillomandibular region.

Machine learning is a branch of artificial in-
telligence that uncovers patterns in data auto-
matically and then applies the detected patterns
for future data prediction or decision making.
This field has exploded in development as a re-
sult of rapid increases in computer storage ca-
pacity and processing power, thereby allowing
for the application of machine learning in medi-
cal diagnosis, bioinformatics, robotics, and more.
Preliminary applications of machine learning in
dentistry mainly involve multiple variable data
analyses using modern computationally intensive
methods. Kim et al. applied machine learning to
predict the occurrence of bisphosphonate-related
osteonecrosis of the jaw associated with dental
extraction [1]. Montenegro et al. applied ma-
chine learning techniques for caries prediction
[2]. Hammond et al. used computational models
to address problems in the development, growth,
and repair of oral and craniofacial tissues arising
in cell biology, clinical genetics, and dentistry [3].
Murata et al. proposed a deep learning model to
provide an objectivemorphological assessment of
facial features for orthodontic treatment [4].

For patients with craniofacial variations, ma-
chine learning can be a very useful tool to study
the morphological differences between healthy
and abnormal populations. A good example is the
application of machine learning in the automatic
segmentation of CBCT images. Regions of inter-
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est in the craniofacial area for both normal and
pathological subjects can be segmented in a far
more efficient way using a learning-based frame-
work. Therefore, 3D morphological deviations of
these patients can be studied in amore precise and
quantitative way.

In this chapter, we first introduce a method
called Reverse Reconstruction (RR) using
computer-aided design (CAD) technology for
preparation of the ground truth for image
segmentation. Taking cleft palate as an example,
which is challenging to segment manually from
scratch, RR facilitates the data preparation before
training a machine (deep) learning model. Then,
we comprehensively introduce how to implement
the automatic segmentation of CBCT images
using a well-known deep learning method,
called 3D UNet, for automatic segmentation of
maxillae and cleft defects. After that, a published
application of machine learning in patients with
craniofacial variation is reviewed in which an
automatic 3D segmentation method was used
to examine maxilla morphology variations in
patients with impacted canines.

Machine learning holds great promise for
treating patients with craniofacial variations.
With regard to cleft palate patients, artificial
intelligence-assisted evaluation of the alveolar
cleft volume and its architecture will not
only benefit the current autograft procedure
but also provide a precedent toward tissue
engineering for customized scaffold construction.
In general, digital treatment planning and surgical
simulation can be performed based on individual
models of virtual reality. Machine learning will
provide patients with craniofacial variations the
opportunity for more predictable and promising
treatment results.

8.2 Automatic
Three-Dimensional Image
Segmentation

One of the major advantages of machine learning
is to help expedite time-consuming segmentation
tasks. Currently, image recognition and differen-
tiation by artificial intelligence are widely used

for assisted diagnosis. The researchers label the
regions of interest, which possess diagnostic in-
formation. All of these collected images with cor-
responding labels (known as the “ground truth”)
are used as the training dataset. This dataset helps
to build algorithms that can learn from and make
predictions on data. Many research groups have
used machine learning with plain films to predict
or rank pathological changes. However, building
up the ground truth in three dimensions is another
story.

Segmentation of CT or CBCT images has
been widely used in dentistry, which is a
crucial step for generating 3D models for
advanced diagnosis, surgery, and treatment
planning. Segmentation methods can be divided
into three categories: manual segmentation,
semiautomatic segmentation, and automatic
segmentation. Routinely, the practitioner spends
a lot of time tracing objects of interest and
isolating objects from 3D images, slice by slice
[5, 6]. This category is the so-called manual
segmentation.

Sincemanual segmentation is time-consuming
and tedious, image processing algorithms have
been developed to determine the boundaries
among different categories of targets auto-
matically. Semiautomatic segmentation means
that some algorithms (e.g., seeded region
growing SRG [7]) require initial conditions or
settings (e.g., seed in SRG) given by a user.
Automatic segmentation is based on machine
learning approaches with numerous training
samples for learning how to determine the
boundaries among different categories of targets.
Once a well-trained model is obtained, it can
predict segmentation results on the new unseen
images without human intervention. However,
machine learning requires abundant annotated
data (i.e., images and ground truth), which is
usually obtained using manual segmentation,
semiautomatic segmentation, or a combination
of both methods (e.g., a subtractive method
based on software Mimics [8]). In this section,
we illustrate how to prepare samples with
ground truth efficiently and then how to im-
plement learning-based automatic segmentation
methods.
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8.2.1 Preparing Training Samples
and Ground Truth

To prepare the ground truth of training samples
(e.g., CBCT images), we suggest two open-
source graphical user interface (GUI) programs:
3D Slicer (www.slicer.org) and ITK-SNAP
(www.itksnap.org) [9]. Both programs havemany
effective functions for manual and semiautomatic
segmentations. To learn how to use 3D Slicer
and ITK-SNAP in detail, please refer to their
websites.

While semiautomatic segmentation methods
help solve time-consuming issues of segmenta-
tion, there are other difficulties in segmenting
maxillofacial structures in dentistry. First, the
similar radiodensity, or grayscale, between the
target object and its surrounding structures
creates a problem of differentiation. For example,
it can be difficult to isolate a dental root because
of the radio-similarity (gray level value) of
cementum and alveolar bone. Although using
higher resolution radiographs would help to min-
imize this problem, the overexposure to radiation
raises concerns. In addition, it takes more time to
process the increased number of slices.

Second, for those structures without identifi-
able borders, practitioners have difficulties out-
lining structure contours through all of the slices.
For instance, it is challenging to delineate the
defect outline in cleft palate patients. The de-
fects of a cleft palate typically have four bound-
aries facing the soft tissue outline, including front
(alveolar), rear, nasal, and palatal borders. For the
palatal border, practitioners can use the neighbor-
ing bony structure to predict the contour of the
cleft. However, the remaining borders are difficult
to outline.

To address such difficulties, reverse process-
ing using CAD can provide a better method to
distinguish the geometrical shapes of various de-
fects. Here, we use the cleft palate as an exam-
ple, and present a method called Reverse Recon-
struction (RR), which uses CAD software (e.g.,
Rhinoceros 5.0 (Robert McNeel & Associates,
Seattle,Wash.)) to make the ground truth. In other
words, the defects of interest are outlined first as
3D rendering objects, followed by proper crop-
ping to present the actual defects. The detailed
procedures of the RR method are described as
follows:

Step 1: Based on a Digital Imaging and Com-
munications in Medicine (DICOM) file, use a
threshold-based method to segment the max-
illa, and then export to a stereolithography
(STL) file (let us name it maxilla.stl). This
process can be done by using both 3D Slicer
and ITK-SNAP. Next, import themaxilla.stl in
the CAD software. Steps 2 to 7 are carried out
in the CAD software.

Step 2: Use a 3D spline to outline the nasal border
of the defect by “bridging” the neighboring
bony points along the nasal lining, as shown
in Fig. 8.1.

Step 3: Use a 3D spline to outline the palatal
border of the defect along the palatal vault, as
shown in Fig. 8.2.

Step 4: Outline the frontal border of the defect
along the curvature of the frontal alveolar
bone, as shown in Fig. 8.3.

Step 5: Smooth the connected surfaces to delin-
eate the proper outline in the shape, as shown
in Fig. 8.4.

Step 6: Themargin in the rear of the defect is eval-
uated according to the symmetry of the whole
maxilla. The mirror image of the healthy site

Fig. 8.1 (a) The
practitioners outline the
ceiling of the defect. (b)
The complete outlining of
the ceiling of the defect

http://www.slicer.org
http://www.itksnap.org
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Fig. 8.2 (a) The
practitioners outline the
base of the defect. (b) The
complete outlining of the
base of the defect

Fig. 8.3 (a) The frontal
contour of the defect is
depicted according to the
symmetry and smoothness
of the alveolar surface. (b)
The initial defect 3D model

Fig. 8.4 The nasal
contour was outlined with
proper curvature (the
yellow line)

Fig. 8.5 The mirror image
of uncleft site (the gray
object) were used as the
reference to define the
posterior border of cleft

could be used as a reference, as shown in
Fig. 8.5.

Step 7: Use the Boolean operation to crop out
the isolated defect in the shape, as shown in
Fig. 8.6.
After filling in the cleft frame, thewhole object
(i.e., the cleft defect) can be exported as an
STL file (let us name it cleft.stl). We will
illustrate how to voxelize the 3D model of the

cleft defect (i.e., cleft.stl) using 3D slicer, as
follows:

Step 8: Load maxilla.stl and cleft.stl in 3D slicer
asModel mode, as shown in Fig. 8.7.

Step 9: Right-click on the maxilla model and
select Convert model to segmentation node,
as shown in Fig. 8.8a. Repeat the same pro-
cess on cleft model. We can see two seg-
mentation nodes appeared underData module.



96 S. Chen et al.

Fig. 8.6 (a) The collision parts (colored in red) between the maxilla and the reconstructed defect two 3D objects were
removed after Boolean operation. (b) The final 3D models of maxilla and defect

Fig. 8.7 (a)When loadingmaxilla.stl and defect.stl in 3D
slicer, select Model in Description. (b) The two models

(maxilla and cleft in the figure) will appear under Data
module in 3D Slicer

Fig. 8.8 (a) Converting models to segmentation nodes.
(b) After that, we can see two segmentation nodes ap-

peared under Data moudule. We can change the color
of cleft-segmentation node to distinguish the maxilla-
segmentation and cleft-segmentation nodes

We can change the color of cleft-segmentation
node (e.g., red) to distinguish the maxilla-
segmentation and cleft-segmentation nodes, as
shown in Fig. 8.8b.

Step 10: Now,merge the two segmentation nodes.
Right-click on the cleft-segmentation node and

select Edit properties, as shown in Fig. 8.9a. In
Copy/move segments section (see highlighted
red circle), first set Current segmentation
as maxilla-segmentation (highlighted red
circle), then select cleft, and finally click “>”
(highlighted red circle). After that, we can
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Fig. 8.9 (a) Right-click on the cleft-segmentation node
and select Edit properties. (b) InCopy/move segments sec-
tion (see highlighted red circle), first set Current segmen-

tation as maxilla-segmentation (highlighted red circle),
then select cleft, and finally click “>”. (c) The cleft will
move under maxilla-segmentation

Fig. 8.10 (a) Right-click on the maxilla-segmentation
and select Edit properties. (b) In the Export/import models
and labelmaps section, expand Advanced (see highlighted

red circle), set Reference volume to the original CT scan
(see highlighted red circle), and then click Export

see both maxilla and cleft are under maxilla-
segmentation node (see Fig. 8.10a).

Step 11: Convert the segmentation node (i.e.,
maxilla-segmentation) into labelmap. This
process will voxelize the 3D models to
volumetric data like DICOM, serving as

the ground truth of the DICOM images
(i.e., CT/CBCT scans) for machine learning.
To do that, right-click on the maxilla-
segmentation and select Edit properties. In
the Export/import models and labelmaps
section, expandAdvanced (see highlighted red



98 S. Chen et al.

Fig. 8.11 Original DICOM file (i.e., CT/CBCT scan) with the segmentation generated from the RR method

circle), set Reference volume to the original
CT scan (see highlighted red circle), and
then click Export. Figure 8.11 shows the final
outcome.

8.2.2 AMachine Learning-Based
Method: 3D U-Net

At this point, we assume that we have well-
prepared, annotated training data that is ready for
training a machine/deep learning model. Next,
we introduce U-Net, which is a well-known
deep learning neural network architecture for
biomedical image segmentation, developed by
Ronneberger et al. in 2015 [10]. Later, Çiçek et
al. further expanded this network architecture for
3D volumetric segmentation [11].

Recently, deep convolutional networks have
achieved dramatic success in image recognition.
The two main reasons involve deeper neural net-
works and increasing amounts of available data.
However, obtaining a large number of training
images is very difficult in the biomedical field.
Borrowing an idea from [12], U-Net uses patches
(i.e., small pieces of an image) as the training

data. In general, a patch is rectangular, and an
image can generate numerous patches. Thus, the
amount of training data in terms of patches is
much larger than the number of original images.

Although the use of patches can overcome the
shortage of training data in biomedicine, using
patches has a tradeoff problem between context
information and localization. A large size patch
requires more max-pooling layers that reduce the
localization accuracy, whereas a small size patch
results in less context information. Below, we
introduce the 3D U-Net architecture and explain
how to use 3D U-Net to address this tradeoff
problem between context information and local-
ization.

Figure 8.12 illustrates the architecture of 3D
U-Net, which has two parts, a contracting path
and an expansive path. The contracting path con-
sists of four layers. Each layer is composed of two
3 × 3 × 3 convolutional layers each followed by
a rectified linear unit (ReLU) activation function,
and then a 2 × 2 × 2 max pooling layer with
strides of two for downsampling. The number of
channels of each convolutional layer is doubled
before max pooling. The expanding path also
consists of 4 layers. Each of these layersis com-
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Fig. 8.12 3D U-Net architecture. Reprinted from [11] with permission the Springer Nature

posed of an up-convolutional layer with stride 2,
followed by a concatenation operation with the
corresponding feature map from the contracting
path, and two 3 × 3 × 3 convolutional layers,
each followed by a ReLU function. In the last
layer, a 1 × 1 × 1 convolutional layer reduces
the number of output channels to the number of
labels, followed by a softmax layer. Note that a
batch normalization is used before each ReLU in
the entire network.

The first contracting path (left part) is used
to capture the context in the image. For those
who are familiar with the convolutional neural
network (CNNs), the contracting path is an en-
coder and similar to the classic CNN structure
in classification problems. The second expansive
path (right part) is a decoder and allows pre-
cise localization using transposed convolutions.
The outputs of feature maps from each layer
in the contracting path are concatenated to the
corresponding layer in the expansive path (the
white boxes shown in Fig. 8.12), which is called
skip connection. These skip connections provide
essential features learned from the contracting
path into the expansive path to recover the full
spatial information. Based on its special sym-
metric architecture, 3D U-Net demonstrates its
outstanding performance in image segmentation.

8.2.3 Segmentation Results
of Maxillae and Palatal Defect
Based on 3D UNet

Using 3D UNet, we conducted a study to
characterize 3D morphometry of the maxilla and
the cleft defect in non-syndromic patients with
unilateral cleft lip and palate (UCLP). A model
was trained and tested using 30 CBCT images
and their manual segmentations, where 24 images
served as the training set, 3 images served as a
validation set, and the rest three were the test
set. All CBCT data were acquired on the same
CBCT scanner (NewTom, Verona, Italy) (110 kV,
1–20 mA, 15 × 15 cm field of view, 0.250 mm
voxel size) from the Department of Orthodontics,
Beijing Stomatological Hospital, CapitalMedical
University, under the institutional review board
(IRB: KY2017-072-01). This segmentation task
was a voxel-wise classification problem with
three classes corresponding to maxillae, cleft
defects, and background. In the training set, each
CBCT image generated 1500 patches with a size
of 64 × 64 × 64, so the total number of the
training dataset was 36,000 patches. In the test
set, we fed the original CBCT images to the
model and compared the predicted automatic
segmentation with the manual segmentation.
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Fig. 8.13 The
segmentation results in the
test samples. The first and
second rows represent the
results from 3D UNet and
manual, respectively. The
red and blue parts represent
the maxillae, and the green
and yellow parts represent
the cleft defects

The model was optimized to have minimal
generalized Dice loss [13] for 50 epochs using
the Adam optimizer [14]. All processes were
implemented using PyTorch, an open-source
machine learning library in Python computer
language (pytorch.org).

TheDice similarity coefficient (DSC) is a stan-
dard index to evaluate the similarity between two
images. The definition of the DSC is expressed as

DSC = 2 |A ∩ B|
|A| + |B| ,

where |A| and |B| represent the cardinalities of
the learned and manual sets, and |A ∩ B| rep-
resents the intersection of the two sets. A value
of 0 indicates no similarity, whereas a value of
1 indicates perfect agreement. The average DSCs
of the maxilla and defect between the manual and
automatic segmentation in the test samples were
0.92 ± 0.02 and 0.76 ± 0.05, respectively. This
data suggests that the segmentations were accu-
rate. Figure 8.13 shows that the auto-segmented
maxilla and defect (red and green parts in the first
row) were observed to have features similar to
those obtained from manual segmentation (blue
and yellow parts in the second row).

8.3 Application Review

In this section, we review a recent CFA
application using machine learning: unilateral
impacted canine-related maxilla morphology
variation, [15]. Chen et al. used the random forest

algorithm as the automated segmentationmethod.
Although this method is different than the one we
introduced above (i.e., 3D U-Net), the role of
machine/deep learning to perform automated
segmentation has no fundamental difference.
Thus, the clinical findings are not significantly
affected by the segmentation method. Below, we
discuss the clinical findings of the application.

8.3.1 Unilateral Impacted
Canine-RelatedMaxilla
Morphology Variation

Chen et al. used machine learning to assess
maxillary constriction in unilaterally impacted
canine patients [15]. In their study, 60 patients
were divided into two groups: 30 study group
patientswith unilaterally impacted canines and 30
healthy control group patients. The demographic
distribution of study and control groups are given
in Table 8.1. First, they used a series of random
forest classifiers to segment maxillae. Then,
they used an automated random forest-based
landmark finder to propose three landmarks:
basion (Ba), nasion (Na), and anterior nasal
spine (ANS). These three landmarks defined
a plane that was used to divide the maxillary
segmentation into two sides. In their study,
the average Dice similarity coefficient was
0.800 ± 0.027, ranging from 0.742 to 0.830,
for automated segmentation, as shown in Fig.
8.14a. In addition, the mean differences in voxel
position between the manually and automatically
identified landmarks were 1.92 ± 1.02 for Ba,
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Table 8.1 The demographic distributions of Study Group and Control Group

Study Group Control Group

Number of application samples 30 30

Female, n (%) 12 (40) 18 (60)

Mean age ± SD, year 14.97 ±2.04 14.53±2.24

Age range, year 11–18 11–18

Number of buccal, n (%) 16 (53) N/A

Number of mid-alveolus, n (%) 4 (13) N/A

Number of palatal, n (%) 10 (33) N/A

SD indicates standard deviation; N/A indicates not applicable
Reprinted from [15] with permission from the E. H. Angle Education and Research Foundation

Fig. 8.14 (a) Segmentation results for the maxilla. (b)
The superimposition results of three different types of im-
paction (buccal, mid-alveolus, and palatal) are shown, al-

lowing for geometric difference determination. Reprinted
from [15] with permission the E. H. Angle Education and
Research Foundation

2.23 ± 1.19 for Na, and 2.26 ± 1.38 for ANS,
where 1 voxel equals 0.3 mm.

The clinical outcomes showed that, on
average, the maxillary volume of the study
group tended to be smaller (5000 mm3 less)
than the control group (p-value = 0.006).
More specifically, the comparison between

the maxillary volume of males to females,
demonstrated that the maxillary bone volume in
males (5.36± 0.71× 104 mm3) was significantly
greater than in females (4.59 ± 0.44 × 104 mm3)
(p-value <0.001). Even after the adjustment for
age and gender, the differences in maxillary vol-
ume between the study group (4.73± 0.67× 104
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mm3) and control group (5.22 ± 0.65 × 104

mm3) were still significant (p-value = 0.023).
However, when specifically comparing the
volumetric differences between the impacted side
(2.37 ± 0.34 × 104 mm3) and the non-impacted
side (2.36 ± 0.35 × 104 mm3) of the maxilla in
the study group alone, the differences were not
significant.

In addition, three linear measurements
(maxillary width, height, and depth) were defined
and compared between the two groups. The
definitions of the maxillary width, height, and
depth were distances measured between left and
right jugular points, distances measured between
the most superior border of the frontal process
of the maxilla and the most inferior point of
the alveolar process, and distances measured
from ANS to a point directly posterior to ANS,
respectively. The average width, height, and
depth in males (67.4 ± 4.4, 67.1 ± 3.4, and
50.8 ± 2.7 mm, respectively) were significantly
greater than in females (63.5 ± 4.1, 64.9 ±
3.6, and 46.5 ± 3.0 mm, respectively) (p-
value = 0.002, p-value = 0.019, and p-value
<0.001). Furthermore, the study group also
tended to have smaller width, height, and
depth than the control group, as shown in
Table 8.2. After adjusting for both age and sex,
the impaction effect in all dimensions became
non-significant.

The models created by automatic segmenta-
tion and landmark finder allow for analysis of the
two sides of the maxilla. The superimposition
maps illustrated in Fig. 8.14b represent the
morphological discrepancies between the
impaction and non-impaction maxillary halves.
The maps show the superimposition of three
different types of impacted canines: buccal, mid-
alveolus, and palatal. The models demonstrate
that palatally impacted canines appear to contain
more discrepancies between their impaction and
non-impaction sides than their counterparts,
buccal and alveolar deformations. The maps
detail that the two halves have approximately
2.4 mm of transverse constriction, which aligns
better with the average difference of 2.3 mm from
all 30 study group subjects than that of the control
group subjects. In clinic, the 2 mm difference
can be fixed with simple archwire expansion.
Regardless, the volumetric constriction was
found to be 5000 mm3 which is approximately
five times the volume of a canine. This data
explains how maxillary underdevelopment is
more likely when unilateral canine impaction is
present. The data might support O’Neill’s finding
[16] where the use of rapid maxillary expansion
in early mixed dentition effectively increased the
rate of eruption of palatally displaced maxillary
canines compared to an untreated control group.

Table 8.2 The clinical outcomes of Study Group and Control Group

Study Group Control Group

Bone volume
Impacted side for study group
Left side for control group
Mean ± SD (104 mm3)

2.36 ± 0.35
Max: 33.5; Min: 18.3

2.57 ± 0.30
Max: 36.6; Min: 22.4

Bone volume
Non-impacted side for study group
Right side for control group
Mean ± SD* (104 mm3)

2.37 ± 0.34
Max: 34.2; Min: 18.6

2.65 ± 0.38
Max: 31.4; Min: 21.2

Maxillary width (mm) 64.3 ± 5.3
Max: 78.8; Min: 56.1

66.6 ± 3.6
Max: 73.2; Min: 59.7

Maxillary height (mm) 65.1 ± 3.6
Max: 70.0; Min: 55.0

67.0 ± 3.5
Max: 74.6; Min: 59.7

Maxillary depth (mm) 47.7 ± 3.6
Max: 55.5; Min: 41.2

49.6 ± 3.3
Max: 56.4; Min: 40.7

Reprinted from [15] with permission the E. H. Angle Education and Research Foundation
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8.3.2 Discussions

With the aid of CT/CBCT, both 3D volumetric
and 2D linear measurements are achievable in
dentistry, allowing for the assessment of craniofa-
cial growth andmore specialized dental diagnosis
and treatment. However, manual segmentation
becomes the bottleneck in clinical research be-
cause it is time-consuming and tedious. Although
semiautomatic segmentation has improved the
efficiency of segmentation, not all of the semiau-
tomatic segmentation methods can consider the
morphology of targets with intensities similar to
surrounding structures (e.g., maxillae).

As artificial intelligence, or machine/deep
learning, has achieved ever-increasing success
in biomedical image processing, the learning-
based method is a very suitable candidate for
the segmentation of structures with complex
morphology. In both CFA applications discussed
above, it is obvious that the generated data would
have been impossible without the implementation
of the machine learning approach. In particular,
the segmented targets of maxillae and cleft
defects cannot be analyzed efficiently using semi-
automatic segmentation methods. Nevertheless,
the accuracy of automatically segmented targets
needs to be improved. As machine learning
continues to progress and develop, it is expected
that the accuracy of segmentation will be satisfied
even in the use of clinical practice, and the
results will provide more informative evidence
for clinical treatment.

8.4 Conclusion

Artificial intelligence, including machine learn-
ing and deep learning, is rapidly expanding into
multiple facets of society. The field of dentistry
can benefit by adapting to artificial intelligence
formultiple reasons. First, patient encounters dur-
ing treatment generate many types of data. Radio-
graphs, digital photographs, intraoral and extrao-
ral features are just a few types of data generated
in the dental clinic. Artificial intelligence can per-
form analytics to decipher this information and
aid in efficient diagnosis and treatment planning.
This chapter presented one demonstration and

one published application review where machine
learning assisted in the segmentation and analy-
ses of maxillae for two craniofacial anomalies,
cleft palates, and impacted canines. The man-
ual segmentation of thousands of images would
have taken the typical researcher weeks, if not
months, to complete. Machine learning greatly
streamlined this process in terms of both time
and cost. Second, standardization of practice in
the field of dentistry is low compared to other
areas of healthcare. A range of valid treatment
options exists for any given case. Using artificial
intelligence and large datasets (that include di-
agnostic results, treatments, and outcomes), one
can now empirically measure the effectiveness of
different treatment modalities given very specific
clinical findings and conditions. Third, dentistry
is largely practiced by independent clinicians in
their own offices. These dentists have the auton-
omy to adopt beneficial technologies without the
bureaucracy often found in large healthcare orga-
nizations. In order to remain competitive in the
modern dental market, dentists must be proactive
in seeking innovation and adopting various tech-
nologies. The U-Net neural network described
above has been used in the segmentation of brain
and liver images. Nevertheless, it has a practi-
cal use in dentistry, which also relies heavily
on biomedical imaging. Despite the promise of
artificial intelligence, the volume of dental re-
search in this field is relatively low. Further, the
clinical accuracy of artificial intelligence must be
improvedwith an increased number and variety of
cases. Before artificial intelligence can take on a
more important role in making diagnostic recom-
mendations, the volume and quality of research
data will need to increase.
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9.1 Introduction

A large number of people require orthognathic
surgery to correct their jaw deformities [1, 2],
either congenital or acquired. The goal of orthog-
nathic surgery is to restore deformed jaws1 back
to the normal shape.

The success of orthognathic surgery depends
on both the surgeon’s skill and a detailed surgical
plan [3–6]. However, because of the complexity
of craniomaxillofacial (CMF) anatomy and defor-
mity, surgical planning is extremely difficult. The
computer-aided surgical simulation (CASS) has
become the standard of care for planning orthog-
nathic surgery. In routine orthognathic surgical
planning, a surgeon simulates the surgery by vir-
tually cutting a three-dimensional (3D) model of
a patient’s skull into multiple bony segments, and
moving them individually to a desired position
mainly based cephalometric analysis and clinical
measurement. This is done by first restoring the
patient’s right and left face back to symmetry,
then adjusting each bony segment to a desired

1Please Note: Unless otherwise specified, in the following
text, the term “jaws” represents both upper (or maxillary)
and lower (or mandibular) jaws.
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position by comparing the patient’s cephalomet-
ric measurements to the norms, which are aver-
aged values taken from a group of gender- and
ethnicity-based “normal” population. The prob-
lem with this method is that each normal value
has a mean and a range and thus does not nec-
essarily represent a specific patient’s CMF ge-
ometry. Each face is different, thus the surgeon’s
experience and artistic talent can greatly affect the
outcome of orthognathic surgery.

We have developed a novel method to auto-
matically estimate the patient-specific normal jaw
shape. We believe that if a surgeon can foresee
what the normal anatomy of the patient should
be, i.e., with a patient-specific and anatomically
correct reference model, the surgical planning
will be objective and personalized. The estimated
jaw shape is used as the referencemodel for a sur-
geon tailoring a patient-specific surgical plan for
orthognathic surgery. In this chapter, we present a
method to automatically estimate patient-specific
and anatomically correct reference models for
planning orthognathic surgery. This method cor-
rects the patients with non-syndromic jaw defor-
mities, i.e., the midface does not require surgical
correction and only the maxilla and mandible
are involved in the surgery. An example of a
patient with jaw deformity is shown in Fig. 9.1.
The midface is anatomically correct, while upper
and lower jaws (i.e., the maxilla and mandible)
require a double-jaw orthognathic surgery.

The correct morphology of the midface is used
as a prior to predict the normal jaw shape for pa-
tients with jaw deformities.We predict the normal
jaw shape using a data-driven method based on
Sparse Shape Composition (SSC) [7, 8]. First,
we employ the sparse representation technique
[9, 10] to represent the patients’ midface models
using those of normal subjects. Then we recon-
struct the patient-specific jaw models using the
derived sparse coefficients and jaw models from
normal subjects. Last, we evaluate the outcome
of the proposedmethod on both synthetic and real
patient data. The results showed that our proposed
method is able to reconstruct the normal patient-
specific jaw models which are within the normal
range quantitatively.

The computer-aided surgical planning method
has been significantly improved in the past
decades. Vannier et al. [11] proposed a computer-
aided method to delineate abnormal facial soft
tissue and bony morphology from computed
tomography (CT) scans for craniofacial surgical
procedure-planning and evaluation. Xia et al.
[12] developed CASS system and clinical
protocols for CMF surgery planning. The 3D
models of both skull and face were generated
and quantitatively analyzed for diagnosis. The
surgery process was performed on the 3D models
to predict the outcome for the patients. Zachow et
al. [13] proposed a statistical 3D shape model of
the human mandible for surgical reconstruction

Fig. 9.1 Anatomical
landmarks and surface
models of a patient
requiring orthognathic
surgery. The skull surface
is divided into two parts:
the midface and the jaws.
Midface model Smid is
marked in cyan and the
abnormal jaw surface
Sjaw is marked in yellow.
The landmarks are
partitioned into two
groups: midface landmarks
Lmid (green spheres) and
jaw landmarks Ljaw (red
spheres)
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of bone defects. However, to the best of our
knowledge, there is no existing surgical planning
system that enables the prediction of and patient-
specific [14, 15] anatomically correct reference
model for CMF surgery.

9.2 Method

The flowchart of our proposed method is shown
in Fig. 9.2. After acquiring the CT scan of a jaw
deformity patient, we segment the CT image and
generate the midface and jaw surface models,
represented by Smid and Sjaw, respectively. The
midfacemodel Smid is considered normal and thus
is not changed during surgery.Only the jawmodel
Sjaw needs to be corrected. Based on Smid, we
estimate a patient-specific jaw reference model
to represent the normal jaw shape, which can be
used as a guide to perform surgical planning on
Sjaw. First, based on the normal midface database,
we use sparse representation to approximately
align the normal subjects onto the patient space.
Then we use sparse coefficients and normal jaw
models in the database to reconstruct the patient-
specific normal jaw model. Finally, we combine
the estimated normal jaw model and the patient’s

midface model together as the patient-specific
CMF reference model.

Themidface and jaw surfacemodels are ineffi-
cient in calculation. Thus, we digitize anatomical
landmarks on these models to effectively rep-
resent the models and improve the computation
efficiency. These landmarks are digitized on both
midface and jaw surface models positioned in
the reference system [16], shown in Fig. 9.1.
These landmarks are a subset selected from the
anatomy landmarks to be both effective and ef-
ficient in jaw shape estimation. Specifically, it
is computationally efficient to calculate based
on a small subset of landmarks instead of the
whole model, which includes tens of thousands
of vertices and the mesh constructed by these
vertices. In addition, all of the landmarks have
clear clinical definitions, which are correlated to
anatomic structure and shared among all patients.
Last, it should be noted that all of the clinical
cephalometric analyses are based on landmarks.
Therefore, using landmarks in the jaw shape esti-
mation is clinically relevant.

As shown in Fig. 9.1, there are 58 landmarks
digitized on the skull model, among which 31
landmarks are digitized on the jaw and 27 are
digitized on the midface. The clinical name is

Fig. 9.2 Flowchart of patient-specific jaw model estimation
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Fig. 9.3 Flowchart of estimating the patient-specific anatomically correct jaw shape. All the shapes in the figure are in
terms of landmarks

listed for each landmark. The midface model,
Smid, is cyan and the jaw model, Sjaw, is yellow.
The landmarks on the midface model, Smid, are
represented by landmarks Lmid and those on the
jaw model, Sjaw, are represented by landmarks
Ljaw. Here Lmid and Ljaw are 27*3 and 31*3 matri-
ces, respectively, consisting of the landmark co-
ordinates. Then each landmark coordinate matrix
is concatenated into a column vector.

The flowchart of normal jaw shape estima-
tion is shown in Fig. 9.3. A total of N normal
subjects are used as the database. Each subject
Ij (j = 1, · · · ,N) is aligned with the patient’s
midface by linearly aligning the normal subject’s
midface landmarks, Lj

mid, onto the corresponding
landmarks, Lmid, of the patient I. Let the aligned

midface landmarks be
∼
L

j

mid. After aligning the
patient with each normal subject, we can build

a dictionary matrix Dmid =
[∼
L
1

mid, · · · ,
∼
L

N

mid

]
.

To use Dmid to sparsely represent the patient’s
midface landmarks Lmid, we estimate the sparse
coefficients, Cmid, by solving the optimization
problem below:

argmin
Cmid

‖DmidCmid − Lmid‖2, s.t.‖Cmid‖0 ≤ k

(9.1)

where ‖•‖ is the l2 norm of vector and ‖•‖0 is
the l0 norm. Here ‖Cmid‖0 counts the number of

nonzero elements of vector Cmid. Parameter k is
used to enforce the sparsity of Cmid. Intuitively,
we are calculating the best possible explanation of
Lmid as a linear combination of a limited number
(less than k) of columns from Dmid. While the
above problem is NP-hard, it was proven that (1)
can be efficiently solved by its l1-norm-relaxed
version [10, 17]:

argmin
Cmid

‖DmidCmid − Lmid‖2 + λ‖Cmid‖1 (9.2)

where ‖•‖1 is the l1 norm of vector, and parameter
λ controls the sparsity of representation. Here,
‖DmidCmid − Lmid‖2 is the data fitting term, and
λ‖Cmid‖1 is the l1 regularization term to enforce
the sparsity of coefficients Cmid. This problem
is equivalent to the well-studied Least Absolute
Shrinkage and Selection Operator (LASSO) and
can be numerically solved with the method pro-
posed by Tibshirani [18]. This solved sparse co-
efficient Cmid is then applied on the patient’s
jaw to estimate the normal patient-specific jaw
landmarks as:

L′
jaw = DjawCmid (9.3)

where Djaw =
[∼
L
1

jaw, · · · ,
∼
L

N

jaw

]
is the matrix

containing all the aligned jaw landmarks from the
normal subjects.
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We calculate the correspondences between the
patient’s jaw landmarks Ljaw and the estimated
reference jaw landmarks L′

jaw [19, 20]. Then we
interpolate the dense deformation field using
thin plate spline (TPS) [17, 21] based on the
correspondences. The dense deformation field is
then applied to the patient’s jaw model Sjaw. We
derive the patient-specific jaw reference model
S ′
jaw. Finally, we combine the estimated reference

model, S ′
jaw, with the patient’s original midface,

Smid (which is considered as anatomically normal
shape) as the patient-specific CMF reference
model.

9.3 Accuracy Evaluation

We have evaluated our proposed method both
qualitatively and quantitatively on synthetic and
real patient data. The method was implemented
with Least-Angle Regression (LARS) algorithm,
which was available in the SPArse Modeling
Software (SPAMS) toolbox (http://spams-devel.
gforge.inria.fr), to solve the LASSO problem.
The algorithm was run on a regular office
personal computer.

9.3.1 Data Acquisition

We used 30 normal subjects’ and 12 patients’ data
during the evaluation. The 30 sets of Health Insur-
ance Portability and Accountability Act (HIPAA)
de-identified multi-slice CT (MSCT) scans of
normal subjects were obtained from the Depart-
ment of Oral and Craniomaxillofacial Surgery
at Shanghai 9th People Hospital, Shanghai Jiao
Tong University School of Medicine. The data
had been collected for a purpose other than this
study [22]. All normal data were scanned with a
64-slice GE scanner following a standard clinical
protocol: a matrix of 512 × 512, a field of view
of 25 cm, and a slice thickness of 1.25 mm. In
addition, we also collected 12 sets of cone-beam
CT (CBCT) scans of patients who had already un-
dergone double-jaw orthognathic surgery to cor-
rect their jaw deformities. They were randomly
selected from clinical archives from the Depart-

ment of Oral and Maxillofacial Surgery at Hous-
ton Methodist Hospital. All patient data were
scanned with an i-CAT scanner (Imaging Sci-
ences International LLC, Hatfield, PA) following
the standard 0.4mm isotropic voxel scanning pro-
tocol. Institutional review board approval (IRB#
0813-0145) was obtained and all of the subjects
were HIPAA de-identified, prior to the study. The
data was preprocessed with a CBCT-dedicated
method, which segmented and generated the mid-
face and jaw models [23]. The landmarks were
manually digitized by experienced oral and max-
illofacial surgeons (Z.T. and K.-C. C).

9.3.2 Parameter Setting

In our proposed method, the parameter λ is used
to control the sparsity of representation. How-
ever, this parameter is unknown at the beginning
of the process. Therefore, we used leave-one-
out cross-validation of the 30 normal subjects
to determine the value of λ [24]. For each nor-
mal subject, we first identified its midface land-
marks by the landmark dictionary constructed
from the other 29 normal subjects. Then we es-
timated the jaw landmarks by the sparse coeffi-
cients obtained from the first step. Last, we mea-
sured the distance error between the estimated
jaw landmarks and original jaw landmarks. The
mean distance errors were obtained with differ-
ent values of parameter λ ∈ [0 0.1]. It was ob-
served that the mean distance errors were much
smaller, and there was no significant difference
when λ = {1e − 5, 1e − 4, 1e − 3, 0.01}. Thus in
the following experiments, we chose λ = 0.001.

9.3.3 Qualitative Evaluation

We evaluated our method with both synthetic
and real subjects. In the synthetic evaluation, we
created three synthetic 3D models on a randomly
selected normal subject to represent the three
common types of jaw deformities. These defor-
mities included (a) mandibular hypoplasia with
severe anterior open-bite; (b) mandibular hyper-
plasia; and (c) mandibular asymmetry (vertical

http://spams-devel.gforge.inria.fr
http://spams-devel.gforge.inria.fr
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Fig. 9.4 Experiments on synthetic subjects. The left col-
umn shows a normal subject, the middle column shows
three synthetic patients created from the same subject,
with three types of deformities including (a) Mandibular

hypoplasia, (b) Mandibular hyperplasia, and (c) Mandibu-
lar asymmetry. The right column shows our estimated
patient-specific reference models

unilateral condylar hyperplasia) (shown in Fig.
9.4). The morphing process was performed by
two experienced oral and maxillofacial surgeons
together to ensure that the synthetic deformities
were able to reflect the real clinical conditions
(Z.T. and K.-C. C). The original model served as
the ground truth. Our method estimated a refer-
ence model for each type of deformity. During
the estimation, the selected normal subject was
taken out from the normal data dictionary. The
estimation result is shown in Fig. 9.4. All three
synthetic deformed models were proposed with a
normal shape reference model by our algorithm.
All reference models were very similar to the
ground truth, which showed that our method was
successful with the synthetic models.

In the patient evaluation, 12 real patient mod-
els were used. All 30 normal subjects were in-
cluded in the normal data dictionary. The results
are shown in Fig. 9.5. In the figure, each patient
has both the original model and the estimated
model compared side-by-side. The diagnoses for

each patient are also included. The calculated
patient-specific reference models were evaluated
together by two outside CMF surgeons who were
not involved in this project. The result showed
that our method was able to estimate the normal
shape jaw models for the real patients.

9.3.4 Quantitative Evaluation

We used a new measurement, normality score, to
quantitatively evaluate the deformity of a subject.
The normality score ranges from 0 to 1. A score
“1” indicates that the subject is “normal,” while
score “0” indicates the subject is “patient.” The
higher the score is, the more likely that the subject
is “normal,” otherwise, the subject is more likely
to be “patient.” This score is calculated by sparse
representation. Similar with themethod described
in Sect. 9.2, we built a dictionary with both nor-
mal people and patients and their corresponding
normality score (either 0 or 1). If a new subject
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Fig. 9.5 Experiments on real patients. For each patient,
the original abnormal CMF is shown in the left and the
estimated CMF reference model is shown in the right. The

diagnoses of these patients are also shown in the bottom
of each subfigure

can be represented bymore normal subjects in the
dictionary, the subject is more likely to be normal
and vice versa. First, we linearly aligned each
training subject into a common space, Scommon,
based on the landmarks. The landmarks were
concatenated into a column vector. We built a
dictionary, Dall, by column-wisely stacking the
landmark column vectors of all training subjects.
Then, we used the dictionary Dall to sparsely rep-

resent the new testing subject by calculating the
sparse coefficient vector C. Vector v is a column
vector with the scores of the each training subject.
Finally, we calculated the normality score of the
new subject as CTv. Intuitively, the normality
score was a weighted average of those training
subjects which best represented the new subject.

We calculated normality scores of the three
groups of subjects, including 30 normal subjects,
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Table 9.1 The mean and standard deviation of the normality scores for the Normal subjects, the Patients, the
corresponding reference models by our proposed method and majority voting

Group Normal Patient Proposed reference Majority voting

Normality score 0.787 ± 0.153 0.328 ± 0.273 0.823 ± 0.085 0.7624 ± 0.087

12 patients with jaw deformities, and the
reconstructed patient-specific reference models.
We also the calculated normality score of the
reference models reconstructed by a majority
voting method as a comparison. The majority
voting method simply took the average of all the
jaw landmarks from the aligned normal subjects.
The score calculation was done in a leave-one-
out manner. The testing subject was excluded
from the dictionary construction. The mean and
standard deviation are summarized in Table 9.1.
The result showed that typical normal subjects
had normality scores greater than 0.5, while
typical patients had normality scores less than 0.5.
This finding indicates that the proposed normality
scores can effectively distinguish between normal
subjects and patients. The normality score of
the patient-specific models reconstructed by
our method showed that they were more likely
to be normal. These scores were significantly
higher than the original patient models (p-
value<0.01). Thus, our proposed method was
able to effectively reconstruct normal-shape
patient-specific reference models. In addition,
the normality score of the reconstructed models
was slightly higher than that of the real normal
subjects. This finding was due to the fact that
human faces are not perfectly symmetrical. There
is about 5% of fluctuating asymmetry in the
normal population [25]. Also, the upper dental
midline might have a deviation as large as 2 mm
in some normal subjects. However, the reference
models reconstructed by our method could be
perfectly symmetric with the upper dentalmidline
well-aligned with the midsagittal plane. The
normality score of the models reconstructed
by majority voting was smaller than both the
normal subjects and the models reconstructed
by our method. The comparison showed that
our method was superior to the majority voting
method in reconstructing a patient-specific CMF
normal shape model.

9.4 Discussion

In this chapter, we presented a novel method to
reconstruct a patient-specific reference model for
treating patients with jaw deformities. We use
the spare representation technique and models
with normal CMF shape to estimate an anatom-
ically correct reference model for a patient who
has a normal cranium and midface but deformed
maxilla and mandible. The estimated reference
model is correlated with the patient’s cranium
and midface and thus it is more suitable for per-
sonalized patient care than using the averaged
cephalometric values. The orthognathic surgery
can restore the deformed jaws to normal shape
by matching the bony segments to the reference
model with rigid transformation [26]. This is an
important step toward personalized medicine.

Although we tested our method on the patients
who had jaw deformities, the use of our recon-
structed models can also be extended to the pa-
tients with jaw trauma, in which the posttraumatic
reconstructive surgery can remodel the shattered
bony segments to the patient-specific reference
model (Please see details in Chap. 4).
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Machine Learning and Dental Designs



10Machine (Deep) Learning for
Orthodontic CAD/CAM Technologies

Tai-Hsien Wu, Chunfeng Lian, Christian Piers,
Matthew Pastewait, Li Wang, Dinggang Shen,
and Ching-Chang Ko

10.1 Introduction

Many modern orthodontic clinics around the
world use computer-aided design and computer-
aided manufacturing (CAD/CAM) technologies
for diagnosis and treatment planning. The
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three-dimensional (3D) dental surface mesh
model—a 3D mesh model of a single dental
arch—is the most well-known example of
CAD/CAM in orthodontics and has been widely
used to help dentists and orthodontists extract,
move, and rearrange teeth for simulation of
treatment outcomes, as well as for aligner
design. Digital scanning has been extensively
utilized for acquiring 3D dental mesh models.
Intraoral scanning has largely replaced traditional
impressions for the construction of the digital
surface model. Compared with conventional
impressions, intraoral scanning is more time
efficient and more comfortable for patients.
Additionally, intraoral scanning reduces the
risk of allergies caused by many constituents
of physical impression materials [1].

Accurate tooth segmentation and partition
from the digitized dental mesh model is a
fundamental step in most of the orthodontic
applications related to dental mesh models.
However, this task is still challenging. The
following major difficulties exist [2, 3]:

• The shape of teeth varies dramatically between
different patients.

• Patients’ teeth are often positioned abnor-
mally. For example, neighboring teeth that are
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crowded and misaligned can obscure normal
interstices.

• Missing/decayed teeth and chips or fractures
in teeth are common.

• Deep intraoral regions (e.g., the 2nd/3rd mo-
lars) may not be perfectly captured during
intraoral scanning.

• Artifact noise can be generated during the
scanning (e.g., air bubbles in plaster models).

• Some patients wear dental accessories such as
orthodontic brackets on their teeth.

Although several commercial products (e.g.,
3Shape) are available to segment the teeth in
digitized dental mesh models, they are often labor
intensive, and their results are significantly in-
fluenced by user operation. Hence, many studies
have focused on developing an accurate auto-
matic segmentation method. Despite numerous
general automatic mesh segmentation methods
existing in computer vision communities, their
performance is not satisfactory when applied to
dental mesh models due to the aforementioned
challenges. Therefore, Liao et al. [2] developed
an automatic tooth segmentation based on the har-
monic field. They demonstrated that this method
is able to partition teeth automatically, efficiently,
and with high quality and robustness. Learning-
based methods have been comprehensively stud-
ied in both computer vision and computer graph-
ics communities, and are also potentially appli-
cable to the task of tooth segmentation, even
for patients wearing dental accessories such as
orthodontic brackets.

Deep learning, a type of machine learning that
includes deep neural networks, has been applied
in a variety of fields. In particular, a specific
network structure called the convolutional neural
network (CNN) has shown outstanding image
analysis abilities. These abilities include classifi-
cation, object detection, and segmentation.While
CNNs have achieved great success with both 2D
and 3D images, all of the input images are com-
posed of Euclidean data. These are uniform grid
structures. The mesh model structure is consti-
tuted by a group of triangles (i.e., a group of ver-
texes and edges), known as non-Euclidean data,

to which a CNN network cannot be directly ap-
plied. However, a subfield of deep learning called
“geometric deep learning” has recently emerged
to attempt to generalize deep neural networks to
non-Euclidean domains [4].

Simply speaking, there are several paths to
achieve this goal. The first method is voxelization,
where the non-Euclidean data is converted to
Euclidean structure, and then the classical CNN
can be used on the converted data [5–7]. However,
if the voxel spacing is too large, the conversion
leads to the loss of natural features (e.g., blurring
images). In contrast, if the voxel spacing is too
small, the entire process becomes inefficient in
terms of computing loading and storage. The
second path is the graph convolutional networks
(GCNs) [8–10]. This technique is inspired by the
success of CNNs in the computer vision field.
Researchers redefined the notation of convolu-
tion for graph data based on spectral and spa-
tial perspectives. Since there has been increas-
ing interest in the GCNs or graph neural net-
works (GNN), several papers reviewed and sum-
marized the existing graph-based networks and
their achievements in this field [4, 11, 12]. How-
ever, not all algorithms are suitable for the mesh
structure because mesh is only a type of graph
structure. For example, the spectral GCN learned
on one mesh (or manifold) cannot be transferred
to another mesh. This is the major limitation of
spectral approaches [13]. In the dental field [3],
feature-based deep neural networks (DNNs) are
used to predefine hand-crafted geometric features
from the 3D data and reshape them as an image
so that a multi-stage CNN can be trained for
labeling dental mesh surface models. However,
such applications of CNNs may lead to unstable
segmentations, because they ignore the fact that
the input geometric data are actually unordered
(i.e., different organizations of them result in dif-
ferent “images”). This implies that a more robust
method is still needed.

Recently, a pioneering work, called PointNet,
was proposed for end-to-end 3D shape analysis
[14]. Directly using raw geometric data (e.g., the
coordinates and normal vectors of point clouds)
as input, PointNet learns translation-invariant
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deep features for shape classification/segmen-
tation, yielding state-of-the-art performance
in terms of efficiency and accuracy. Ko et al.
demonstrated the segmentation results based on
PointNet [15], and it was obvious that the results
were not accurate enough because PointNet
ignored the local geometric context. However,
effectively modeling local structures is critical
for the success of deep neural networks in fine-
grained segmentation tasks. Since then, some
efforts were proposed to extend PointNet by
including contextual information [16, 17]. These
efforts coarsely group points into several clusters
according to their spatial relationship. However,
such coarse operations cannot perform well
with fine-grained tooth segmentation, especially
considering that each tooth only comprises a very
small portion of the entire dental surface model.

To improve the major limitation of PointNet,
Lian et al. [18, 19] proposed MeshSegNet which
is an end-to-end deep neural network specifically
for automatic tooth segmentation. MeshSegNet
is an extension of PointNet and learns high-level
geometric features from the raw dentalmesh data.
In this chapter, we briefly introduce deep learn-
ing and then comprehensively review MeshSeg-
Net and how to use it for the task of automated
tooth segmentation, from preprocessing the den-
tal mesh model to post-processing for refining of
the segmentation results.

10.2 Background Knowledge
in Deep Learning

When we train a deep learning model in super-
vised learning, what we are really doing is op-
timizing the parameters of a nonlinear model. A
well-trained model captures the generalized trend
from given data and will be able to predict the
corresponding result of the unseen input. There
are several professional terms frequently used in
deep learning. Before we go further, let us briefly
explain the most important terms so that those
readers who are not familiar with deep learning
can understand the following sections.

10.2.1 Loss (Cost) Function
andMetrics

Deep learning in its simplest form is an opti-
mization problem for finding the minimum of a
function called the loss (cost) function. The loss
function reduces various good and bad character-
istics of a possibly complex system down to a
single number, a scalar value. This scalar value
allows for discrimination between model results.
Simply speaking, the model with the smallest
loss function value has the best performance. A
“good” loss function must capture all the proper-
ties of the problem, so selecting a loss function
can be challenging. Another index to assist in
the ranking and comparison of models is called
metric. A metric is very similar to the loss func-
tion, which evaluates the quality of a model by
comparing the predicted result from the model
with the ground-truth. A key distinction between
a loss function and metrics is that metrics have
no role in the optimization process. That is, they
have no influence in the optimization of training
loss functions. Also, a model can have multiple
metrics but only has one loss function (or a hybrid
of multiple loss functions).

10.2.2 Training, Validation, and Test
Datasets

When building models for a supervised machine
learning project, the data (i.e., raw data and their
labels) must be divided into three subsections of
datasets, i.e., training, validation, and testing sets.
Training data is used to learn machine learning
models. The size of the training dataset depends
on the specific project and the diversity of the
samples. The validation dataset periodically eval-
uates the model to ensure that the learning of
the model is generalized across the dataset and
not overfitted to the training data. (If “overfitted,”
the model only predicts precisely in the training
dataset and does not generalize well to the unseen
data.) Both training and validation datasets are
involved in the training process. The test dataset
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is the data that is used to evaluate the trained
model. The test dataset is kept separate during
the training process and is only introduced to test
the unbiased performance of the model on unseen
data.

10.2.3 Epoch and Batch Size

The training dataset is often too large to feed into
the network in one shot, so the training data is
broken down into batches. Batches can be defined
as evenly spliced portions of the training data.
An epoch means when each of the batches (i.e.,
the entire set of training dataset) has been passed
through the network one time. For example, if
you have a dataset with 1000 samples, it can be
divided into 10 batches with 100 samples in each
batch. You must pass all 10 batches through the
neural network to complete a single epoch.

10.3 Automatic Tooth
Segmentation Based
onMeshSegNet

The raw data of a dental model is a surface
mesh structure, which is constituted by a group
of cells (i.e., triangles). Each cell is formed by
three points and three edges, and the adjacent
cells share the contacted points and edges. To
segment the dental surface model, we suggest
labeling each individual cell instead of each point
because a point might be involved in multiple
cells with different categories. In order to ex-
press the detail of teeth, the dental model usu-

ally uses approximately 100,000 cells to repre-
sent the entire surface of the dental model—
which is, again, a single dental arch. The size of
data is sometimes too large to store and access,
particularly in Graphics Processing Unit (GPU)
memory. Therefore, simplification or so-called
“down-sampling” is a required preprocess step of
automatic tooth segmentation.

10.3.1 PreProcessing

10.3.1.1 Simplification
Mesh simplification is necessary for the prepro-
cessing of dental meshes to boost computing
efficiency. A good simplification method must
preserve not only the entire outline but also
the detailed features. Xu et al. proposed a
boundary-ware tooth simplification [3]. Here,
we simply introduce an open-source toolkit, the
Visualization Toolkit (VTK), which includes a
feature-preserving mesh simplification function
vtkQuadricDecimation. For the complete
implementation of this function, please refer
to the VTK textbook [20]. Figure 10.1 is an
example, where (a) represents an original dental
mesh model from an iTero® Element scanner
(http://www.itero.com) and (b) represents a
simplified model using the VTK function,
respectively.

10.3.1.2 Data Annotation
In supervised learning, we need to annotate labels
on data and make a machine learning model to
learn the relationship between data and labels.
In our task, the data are dental meshes and la-

Fig. 10.1 (a) An original
dental mesh model from
the iTero® Element
scanner, which consists of
100,000 cells and 51,255
points. (b) A simplified
dental mesh using VTK,
which consists of 9999
cells and 5378 points

http://www.itero.com
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bels are the manual segmentation of the dental
meshes. The original dental models are usually
in Stereolithography (STL) format, and there is
no particular software that can assign a label on
a single cell (i.e., triangle) efficiently. Therefore,
we develop a graphical user interface (GUI) pro-
gram, calledMesh Labeler, which can annotate a
dental arch model easily. To download and learn
how to use the program, please refer to its website
https://github.com/Tai-Hsien/Mesh_Labeler.

10.3.1.3 Data Augmentation
Deep learning requires a large amount of data to
obtain excellent performance. The data augmen-
tation technique is a common way to increase the
amount of data when the number of samples is in-
sufficient. In [18, 19], they are augmented by two
operations. First, the authors randomly rotated,
translated, and rescaled each 3D dental mesh in
the training and validation datasets. Second, they
randomly sampled 50% of the cells from 14 teeth
(from the upper left 7 to upper right 7, each tooth
3.57%) and 50% of the cells from the gingiva
as the network input (with 6000 cells in total).
This means the input samples were “different”
in every epoch during the training process. The
combination of the two operations could largely
enrich the training set and also mitigate the imbal-
anced learning challenge, caused by the fact that
each tooth comprises only a very small part of
the whole dental surface. An augmented dataset
can improve the generalization ability of trained
networks.

10.3.2 MeshSegNet

The network architecture of MeshSegNet is
shown in Fig. 10.2. For those seeking an in-depth
description of all operations and their functions
in MeshSegNet, from input layer to output
layer, the following section will be helpful. For
those seeking an overview comparing PointNet
to MeshSegNet, proceed to the “Segmentation
Result Comparison” section.

In the input layer, the raw dental surface mesh
generates two types of input data: Mesh data F0

and adjacency matrices AS and AL. The input
mesh data F0 with the size of N × 15 is “partial
data” of the rawmesh surface data (seeDataAug-
mentation), where N is the number of sampled
mesh cells (triangles). Each cell in F0 is initially
described by a 15-dimensional row vector, which
are the coordinates of the three vertices (9 units,
i.e., X, Y, and Z components for each vertex), the
normal vector (3 units, i.e., X, Y, and Z compo-
nents), and the relative position (3 units, i.e., X,
Y, and Z components) with respect to the whole
surface (i.e., the centroid of whole mesh). The in-
put adjacency matrices AS and AL both are N × N
adjacency matrices, which are computed based
on two neighborhood balls with different radiuses
(subscripts S and L denote small and large, re-
spectively). If a distance between two centroids
of cells is smaller than the neighborhood ball, the
corresponding element in the adjacency matrix
is 1. Otherwise, the element is 0. An example
of adjacency matrix is shown in Fig. 10.3a. In
MeshSegNet, the adjacency matrices provide the
graph connections between any two cells in the
underlying Euclidean space.

The MeshSegNet consists of three multi-layer
perceptrons [21] (MLPs, i.e., MLP-1, MLP-2,
and MLP-3), one feature transformer module
(FTM), two graph-constrained learning modules
(GLMs, i.e., GLM-1 and GLM2), and a final one-
dimensional (1D) convolutional layer (Conv), as
shown in Fig. 10.2. MLP-1 contains two 1D
Convs, both with 64 channels. MLP-2 has three
1D Convs, each with 64, 128, and 512 channels,
respectively. MLP-3 contains four 1D Convs,
each with 256, 256, 128, and 128 channels,
respectively. Denote F1 ∈ RN × 64 as the features
learned by MLP-1. The FTM predicts a 64 × 64
transformation matrix T from F1, and directly

updates the feature matrix as F̂
1 = F 1T . To

learn the 64 × 64 feature transformation matrix
T, FTM employs six 1D Convs with 64, 128,
512, 256, 128, and 642 channels, respectively,
where each of the first five layers is followed by
the batch normalization (BN) and rectified linear
unit (ReLU) activation function, while the last
layer (without BN and ReLU) is followed by a
tensor reshape operation.

https://github.com/Tai-Hsien/Mesh_Labeler
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Fig. 10.3 Examples of a
mesh and its (a) adjacency
matrix A, (b) adjacency

matrix with self-loop
∼
A,

and (c) diagonal degree
matrix D

There are two major innovations in MeshSeg-
Net that led to its enhanced performance, com-
pared to the original PointNet. The first innova-
tion is themulti-scale graph constrained learning
which is implemented by GLMs. In GLM-1, a
graph-based fusion operation (called symmetric
average pooling, SAP) is first applied on the

output of FTM (F̂
1 ∈ RN×64) to propagate the

contextual information (provided by neighboring
cells) onto each centroid cell. The resulting fea-

ture matrix
∼
F

1

∈ RN×64 encoding local geomet-
ric context has the form as follows:

∼
F

1

=
(

∼
D

− 1
2

S

∼
AS

∼
D

− 1
2

S

)
F̂

1 ∼
( ∼
D

−1

S

∼
AS

)
F̂

1
,

(10.1)

where
∼
AS = AS + 1 is regarded as an adjacency

with self-loops,
∼
D

− 1
2

S

∼
AS

∼
D

− 1
2

S is the respective

symmetric-normalized adjacency, and
∼
DS is the

diagonal degree matrix. Figure 10.3b and c also
illustrates what an adjacency matrix with self-
loop and diagonal degreematrix are, respectively.

In practical implementation,
∼
D

−1

S

∼
AS is used to

replace
∼
D

− 1
2

S

∼
AS

∼
D

− 1
2

S for reducing computation.

After SAP in GLM-1, both
∼
F

1

and F̂
1
are further

squeezed by shared-weights 1D Conv with 32
channels. The resultant feature matrices are then
concatenated across channels, followed by the fu-
sion by another 1D conv with 64 channels. Differ-
ent from GLM-1, GLM-2 enlarges the receptive
field and learns multi-scale contextual features.
Specifically, similar to Eq. (10.1), the N × 512
featurematrix fromMLP-2 (calledF2 ∈RN × 512)
is processed by two parallel SAPs in terms of
AS and AL, respectively. The resultant feature
matrices and F2 are then squeezed by shared-
weights 1D Convs with 128 channels which are
finally concatenated across channels and fused
by another 1D Conv with 512 channels. All 1D
Convs in these MLPs and the GLMs are followed
by the BN and ReLU.

The second innovation is the dense fusion of
local-to-global features. Similar to PointNet, a
global max pooling (GMP) is applied on the out-
put of GLM-2 to produce the translation invariant
holistic features, aiming to encode the semantic
information of the whole dental mesh surface.
Different from PointNet which inserts only skip
connections between cell/point-wise and holistic
features, MeshSegNet assumes that the multi-
scale contextual features (produced by intermedi-
ate GLMs) could provide additional information
to comprehensively describe mesh cells. There-
fore,MeshSegNet densely concatenates the local-
to-global features from FTM, GLM-1, GLM-2,
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and upsampledGMP, followed byMLP-3 to yield
a N × 128 feature matrix. Based on this feature
matrix, an output layer (1D Conv with softmax
activation) is used to predict a N × (NT + 1)
probability matrix, where NT and 1 represent the
number of teeth (NT = 14 in [18, 19]) and gingiva.
In the probability matrix, each row denotes the
probabilities of the respective cell belonging to
specific categories. The two innovations inMesh-
SegNet were comprehensively verified in [18,
19], proving that they significantly enhance the
performance in the mesh segmentation process.

The implementation here was the same
as in [18, 19], carried out by using Python
based on Keras (a high-level neural networks
application programming interface) and trained
by minimizing the generalized Dice loss [22]
using the AMSGrad variant [23] of the Adam
optimizer with a batch size of 10 and 200 epochs.
A threefold cross-validation was performed
in this task. The raw dataset consists of 20
maxillary dental mesh models from different
patients acquired using iTero® Element scans.
The original dental surfaces roughly contain
100,000 mesh cells, which were simplified to
10,000 cells, as described in Simplification.
The ground-truth segmentations for 14 teeth
were manually annotated on simplified surface
meshes.

10.3.3 Segmentation Result

Three metrics were used to evaluate the
segmentation results, including Dice similarity
coefficient (DSC), sensitivity (SEN), and positive
prediction value (PPV). The three metrics can
be explained using a confusion matrix (see
Table 10.1), where predicted positive and
negative represent the predicted labels based on
the machine learning system, while ground-truth
positive and negative represent the true labels.

The DSC can be expressed as follows:

DSC = 2TP

(TP + FP) + (TP + FN)
, (10.2)

where TP, FP, and FN represent True Positive,
False Positive, False Negative, as given in Ta-
ble 10.1. Moreover, the SEN and PPV are another
twomeasures usedwidely in image segmentation,
as follows:

SEN = TP

TP + FN
, (10.3)

PPV = TP

TP + FP
, (10.4)

The DSC indicates the similarity between the
predicted results and ground-truth,while the SEN
and PPV reveal the probability that the prediction
is positive based on all positives in ground-truth
and in prediction, respectively. All these three
metrics have ranges between 0 and 1. A higher
value can be said to correspond to higher predic-
tion accuracy.

Figure 10.4 shows the comparison of segmen-
tation results among PointNet, MeshSegNet, and
ground-truth. In addition, the results of overall
segmentation for all teeth and individual teeth in
terms of the three metrics are given in Table 10.2
and Fig. 10.5.

10.3.3.1 Segmentation Result
Comparison

Compared with the state-of-the-art PointNet
method, MeshSegNet led to significantly
better results, suggesting that MeshSegNet
could effectively capture and leverage local
geometric context to improve the segmentation
performance. As shown in Fig. 10.4 and
Table 10.2, the MeshSegNet method has an
overall better performance. A paired t-test was
carried out to investigate the improvement

Table 10.1 Confusion matrix

Ground-Truth Positive Ground-Truth Negative

Predicted Positive True Positive (TP) False Positive (FP)

Predicted Negative False Negative (FN) True Negative (TN)
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Fig. 10.4 Comparison of segmentation results among
PointNet, MeshSegNet, and ground-truth (GT). Compared
-with PointNet, MeshSegNet effectively reduced false
positives for segmenting molars and false negatives for
segmenting central incisors, as shown in the first and

second rows. Particularly, MeshSegNet annotated molars
more precisely even though molars were not completely
captured by IOS, as shown in green circles in the third row.
Reprinted from Ref. [18] with permission from Springer,
Cham

Table 10.2 Segmentation results (mean ± standard de-
viation) for all teeth quantified in terms of Dice simi-
larity coefficient (DSC), sensitivity (SEN), and positive

prediction value (PPV), under threefold cross-validation,
where p indicates the p-value for the statistical significance
comparison between MeshSegNet and PointNet

Metric PointNet MeshSegNet

DSC 0.781 ± 0.134
p = 1.6 × 10−10

0.938 ± 0.060
n/a

SEN 0.828 ± 0.167
p = 8.1 × 10−7

0.946 ± 0.062
n/a

PPV 0.766 ± 0.163
p = 6.1 × 10−9

0.934 ± 0.077
n/a

Reprinted from Ref. [18] with permission from Springer, Cham

Fig. 10.5 Segmentation results for each of the 14 teeth
(i.e., UR7 to UL7) quantified in terms of three evaluation
metrics (i.e., DSC, SEN, and PPV), under threefold cross-

validation. Reprinted from Ref. [18] with permission from
Springer, Cham

between PointNet and MeshSegNet. All p-values
in terms of the three metrics were small (i.e.,
1.6 × 10−10, 8.1 × 10−7, and 6.1 × 10−9),

indicating that the segmentation performances
of MeshSegNet were improved significantly.
Moreover, comparedwith PointNet, MeshSegNet



126 T.-H. Wu et al.

effectively reduced false positives for segmenting
molars and false negatives for segmenting central
incisors (the first and second rows of Fig.
10.4). Notably, MeshSegNet annotated molars
more precisely even though molars were not
completely captured by IOS. (See areas indicated
by green circles in the third row of Fig. 10.4.) The
results of individual tooth segmentation presented
in Fig. 10.5 are consistent with the overall
segmentation results summarized in Table 10.2.
In Fig. 10.5, we can see that MeshSegNet yielded
better DSC values than PointNet on all teeth (i.e.,
from UR7 to UL7). These results further verify
the effectiveness of MeshSegNet in the task of
automated tooth segmentation on a 3D dental
surface. On the other hand, it is worth noting
that the improvement brought by MeshSegNet
compared with PointNet is relatively more
significant for the segmentation of molars (e.g.,
UR7 and UL7). For example, the MeshSegNet
improved the DSC from 0.711 to 0.900 (p-value
<10−4), and improved the PPV from 0.575 to
0.867 (p-value <10−6) for segmenting UR7. Note
that segmenting molars is a very challenging
task, because they locate at deep intraoral regions
and might not be completely captured during
scanning. These results further suggest the
robustness of the MeshSegNet method. Both the
visual evaluation in Fig. 10.4 and the quantitative
evaluation in Table 10.2 as well as Fig. 10.5
suggest that MeshSegNet is potentially useful in
practice for automated tooth labeling on a dental
surface.

10.3.4 Post-Processing

Although MeshSegNet provides accurate
tooth segmentation results (approximate 93%
compared to the ground-truth), it is still
not satisfactory for use in clinical practice.
Additionally, the task of segmentation done
thus far is still under the simplified dental mesh
model. A conversion for the segmentation results
between the simplified and original resolutions
is needed. For those interested in a detailed
description, the following section outlines two
post-processes to achieve those goals. Other
readers may wish to proceed to the conclusion.

10.3.4.1 Label Refinement
Xu et al. [3] adopted the multi-label graph cuts
method presented by Boykov et al. [24, 25] to
refine the tooth segmentation results from their
deep learning system. In the multi-label graph
cuts method, an energy to minimize is given as
follows:

E(L) = ∑
i∈F D ( pi, li)

+λ
∑

(i,j)∈N V
(
pi, pj , li, lj

)
,

(10.5)

where cell i is labeled by the prediction model
with li under the probability of pi; D is a penalty
function, defined as D( pi, li) = − log (pi(li)); V
is an interaction potential; N is a set of all pairs
of neighboring points; and λ is a nonnegative
constant. An interaction potential V is expressed
as follows:

V
(
pi, pj , li, lj

)

=

⎧
⎪⎪⎨

⎪⎪⎩

0, li = lj

− log
(

θij

π

)
φij , li 	= lj , θij is concave

− βij log
(

θij

π

)
φij , li 	= lj , θij is convex

,

(10.6)

where βij = 1 + ∣∣n̂i • n̂j

∣∣ and φij = |ci − cj|; n̂i

and ci are the normal vector and the barycenter of
cell i, respectively; and θ ij is the dihedral angle
between cell i and cell j. A label refinement/op-
timization problem can be achieved by minimiz-
ing Eq. 10.5. In addition, Eq. 10.6 enforces the
optimization to favor concave, which is suitable
for dental models whose boundaries (e.g., teeth–
gingiva and tooth–tooth) are usually concave.

Xu et al. [3] suggested that the nonnegative
constant λ of 20 and 100 are suitable for
boundaries of teeth–gingiva and inter-teeth,
respectively. We used λ = 70 to optimize the
segmentation results from MeshSegNet on the
simplified meshes, as shown in Fig. 10.6. After
the label refinement process was applied to the
unrefined dental mesh shown in Fig. 10.6a, it
is easy to see that the most incorrect predicted
labels were fixed (Fig. 10.6b). Moreover, these
segmentation results are quite similar to those
of the Ground-Truth (Fig. 10.6c). The DSC,
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Fig. 10.6 (a) The
segmentation results from
MeshSegNet without label
refinement. (b) The
segmentation results from
MeshSegNet with label
refinement using
multi-label graph-cuts
algorithm. (c) The
segmentation results of
Ground-Truth

Fig. 10.7 The
segmentation results on (a)
a simplified mesh, (b) an
original mesh using
k-nearest neighbors
(k-NN) with k = 3, and (c)
an original mesh using
support vector machine
(SVM) with the radial
basis function (RBF)
kernel, respectively

SEN, and PPV were significantly improved to
0.987± 0.003, 0.992± 0.002, and 0.984± 0.005,
respectively, showing that the multi-label graph
cuts algorithm effectively optimizes the tooth
segmentation results.

10.3.4.2 Label Mapping
The methods discussed above transfer accurate
tooth segmentation results onto a simplified
mesh. The final step is to project the segmentation
result back onto the same mesh with original
resolution. The goal of mapping labels on meshes
with different resolutions is to train a model based
on all cells and labels from a single simplified
mesh. Then the model can predict labels on the
original mesh. Unlike MeshSegNet using many
meshes from different patients to train amodel, an
individual patient has its own model for the task
of mapping. Since the two meshes are from the
same patient, this idea is similar to “overfitting”
but is perfect for the task of label mapping.

The k-nearest neighbors (k-NN) algorithm for
classification is the simplest way to achieve the

goal. The k-NN algorithm is a type of lazy learn-
ing method, which does not attempt to “learn”
a model but simply stores the training data. The
original k-NN classification rule performs pre-
diction for a given sample by a simple majority
vote of its k (e.g., k = 3) nearest neighbors in the
training pool. An advanced candidate method for
the mapping task is the support vector machine
(SVM). An SVM learns an optimal separating
(i.e., maximum margin) hyperplane so that the
hyperplane can split different categories on the
new samples. Both the k-NN and SVM have sev-
eral versions (e.g., nonlinear kernel for SVM) but
they are not sensitive to affect the result. The k-
NN and SVM can be easily implemented by using
a Python package scikit-learn (scikit-learn.org/
stable/).

Figure 10.7a, b, and c show the results of seg-
mentation on a simplified mesh, segmentation on
an original mesh using k-NNwith k = 3, and seg-
mentation on an original mesh using SVM with
the radial basis function (RBF) kernel, respec-
tively. The processing time of k-NN and SVM is

http://scikit-learn.org/stable
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0.90 s and 42.29 s, respectively, using the Intel®

i7-7820X process. However, the SVM with RBF
kernel exhibits a slightly better result, compared
to the results from the k-NN.

10.4 Conclusion

CAD/CAM plays an important role in modern
dentistry, particularly in orthodontics. In this
chapter, we introduced a method for automated
tooth segmentation on 3D dental models.
Automated tooth segmentation is a difficult task
due to the high variation in the teeth of different
patients. Although several tooth segmentation
methods exist, most of them are either labor-
intensive or do not provide the necessary
accuracy. Recently, machine (deep) learning
has displayed an impressive performance in
several different types of imaging such as
2D/3D images and graphs. We comprehensively
reviewed a deep learning method, MeshSegNet,
for implementing automated tooth segmentation,
from preprocessing to post-processing. The
segmentation results using MeshSegNet have
a Dice similarity coefficient of 0.938 ±0.006
and even achieve 0.987 ±0.003 after refinement
processing. Despite the fact that we only
introduced the task of tooth segmentation here,
the variant of MeshSegNet for automatically
detecting landmarks (e.g., contact points) will
also be developed and will play a crucial
role in advanced CAD/CAM systems of the
future.
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11Assessment of Outcomes by Using
Machine Learning

Shankar Rengasamy Venugopalan, Mohammed H. Elnagar,
Deepti S. Karhade, and Veerasathpurush Allareddy

11.1 Introduction

In recent years, there has been a tremendous
increase in the volume of data owing to avail-
ability of data elements from multiple sources,
transitioning from paper-based records to elec-
tronic health record systems, increasing virtual
storage capacities, and availability of extremely
fast processing computers [1]. Medical and surgi-
cal specialties have been at the forefront of using
artificial intelligence analytic strategies to lever-
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age the advantages of “big data” to personalize
treatment interventions to the needs of individ-
ual patients and assess outcomes [2–4]. Conse-
quently, there has been much improvement in the
overall healthcare while reducing costs of deliv-
ery of care. In parallel with medical and surgical
specialties, the field of Dentistry has made rapid
strides in using artificial intelligence technologies
to assess clinical outcomes. One of the artificial
intelligence tools that is being increasingly used
to analyze the electronic health record systems
is machine learning. In the following sections,
we will provide an overview of machine learning
and how it can be applied in assessing outcomes.
Specifically, we will focus on recent advances in
craniofacial genomics and outcomes pertaining to
images.

11.2 Overview of Machine
Learning

Machine learning is a scientific discipline which
seeks to emulate human intelligence by allowing
computers to use past data in order to predict
future data. As the workhorse in the era of big
data, machine learning applications have revo-
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lutionized the fields of medicine, engineering,
finance, entertainment, and computational
biology [5]. There are two broad categories of
machine learning: supervised and unsupervised
machine learning. Supervised learning builds
a model by classifying each input into known
classes, whereasunsupervised learning infers
patterns and unravels the underlying structure
of an unlabeled training dataset.

Supervised Machine Learning Supervised ma-
chine learning describes the process whereby a
machine learning algorithm is trained to predict
outcomes by using key defining features in the in-
put variables. If the outcome is a continuous vari-
able, the resultingmodel is known as a regression.
If the supervised learning problem consists of dis-
crete classes, the model is called a classification.
Support Vector Machine (SVM) is a powerful
model that structurally handles binary problems
by solving a constrained quadratic optimization
problem [6]. SVM works by mapping data within
a high-dimensional space such that data points
can be categorized even when they exist in a
nonlinear fashion. By creating a hyperplane, a
straight line within the high-dimensional space
that separates two distinct classes, SVM can pre-
dict labels based on different feature vectors [7].
SVM can be used to identify fraudulent credit
card activity, classify microarray gene expression
profiles, and recognize handwritten numbers [8].

Logistic regression, decision trees (DT), and
artificial neural networks (ANN) all yield both a
class label and probability of being included in a
class membership [9]. A logistic regression is per-
formed when there are one or more independent
variables that determine a dichotomous outcome.
In the process of finding the line of best fit to
describe how the set of independent variables
relate to the dichotomous outcome variables, the
logistic regression is able to generate coefficients
and predict the logit transformation of the prob-
ability of presence and absence of characteristics
of interest.

The decision tree methodology classifies a
dataset into the structure of an inverted tree and is
an effectiveway to handle large, complex datasets
without a parametric structure [10]. Decision

trees classify data based on posing a series of
yes or no questions, such that each internal node
points to a child node representing “yes” or “no.”
Thus, every question is represented as a hierarchy
starting from the root, or the topmost node, to the
leaf, which represents the last node in the DT,
without children [11]. Because decision trees
maximize the separation of data and produce
more understandable rules compared to many
other machine learning methods, they are less
of a black box and are thus widely used in
medicine [9, 12]. For instance, a DT can be used
to diagnose which disease a patient has based on
their presentation of symptoms [10]. The random
forests method is an aggregation of numerous
decision trees, where each tree is a standard
Classification or Regression Tree (CART). The
random forest method results in a reduction of
variance when compared to a single decision tree
[13]. This is an example of “ensemble learning.”
Each tree is built using CART and Decrease
Gini Impurity to determine how to split the
data9. Random forests are frequently used in
the analysis of multi-omics data because of their
ability to capture nonlinear associations between
predictors and responses [14].

Artificial neural networks are computational
models which are used for classification and con-
sist of several highly interconnected neurons op-
erating parallelly [9]. The structure of an ANN
models the human brain. Artificial neural net-
works are organized into layers and consist of
an input layer, several intermediate hidden lay-
ers and an output layer. Each layer consists of
several interconnected nodes, analogous to neu-
rons, which contain an activation function that
transforms the output of each node within a layer.
Backpropagation neural networks undergo a su-
pervised learning process that allows forward ac-
tivation of output flow and subsequent backprop-
agation of weight adjustments. When presented
with a pattern, the ANN initially guesses what the
pattern might be by randomly assigning weights.
Later, as it learns how its prediction relates to
the true outcome, it accordingly adjusts its con-
nection weights to make more successful future
predictions [9].
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Unsupervised Machine Learning Unsupervised
machine learning is used to identify naturally oc-
curring patterns within a dataset [15]. Clustering,
a technique frequently used in bioinformatics,
partitions data into coherent groups. For example,
K-means algorithms partition data such that K
numbers clusters are present, and each data value
lies closer to the mean of its cluster than any
other. In contrast, hierarchical clustering is often
used when separate clusters are not found within
the dataset. In hierarchical clustering, multiple
rounds of clustering are performed such that clus-
ters are merged or divided at each round. Other
forms of unsupervised learning include outlier
detection, dimensionality reduction, and quantile
estimation [16]. Semi-supervised machine learn-
ing is the intermediate step between supervised
and unsupervised machine learning and is es-
pecially useful when labeled data is scarce or
expensive to obtain [16]. Examples of such mod-
els include self-training, semi-supervised support
vector machines, and mixture models [17].

11.3 Craniofacial Genomics Using
Machine Learning

Craniofacial development is an intricate process
under tight genetic and epigenetic control, which
involves cell proliferation, differentiation, and in-
teraction in a spatiotemporal fashion [18]. The
gene expression process, governing embryonic
development or homeostasis, begins with a com-
plex signaling cascade triggering transcription of
mRNA from the genomic blueprint (DNA). The
transcribed mRNAs are spliced, processed, and
translated to proteins, which executes the cellular
function. The epigenetic modifications such as
methylation of cytosine residues in the DNA or
posttranslational modifications of histones add a
layer of complexity to the gene expression pro-
cess. In addition, the small RNA molecules such
as micro RNAs and long noncoding RNAs fine-
tune the gene expression and makes the gene
regulatory network highly complex. In this highly
coordinated process, any mishaps, depending on
its magnitude, would result in a deviation from
normal development, which could manifest phe-

notypically either as a simple variation or severe
developmental defect. Before the advent of next
generation sequencing, identifying gene(s) asso-
ciated with congenital defects, required decades
of dedicated and concerted effort of clinicians and
scientists. However, decoding the human genome
has catapulted the sequencing technology in a
dramatic fashion, resulting in a rapid decline of
sequencing cost from US$10 million in 2007 to
$1500 in 2015 [19]. Such rapid decline in se-
quencing cost has greatly enhanced our abilities
in identifying genes associated with population
variation, congenital defects, and genetic diseases
through genome wide association studies.

The high-throughput “omics” technologies
allow us to study biological samples such as
peripheral blood, whole saliva, biopsy tissues,
or a single-cell isolated from human subjects
and make “precision medicine” a possibility. The
repertoire of high-throughput genomic (whole-
genome or exome sequencing), transcriptomic
(RNA Sequencing), epigenomic (Bisulfite
Sequencing; Chromatin Immunoprecipitation
Sequencing), and proteomic (Mass spectrometry)
tools available today allows us to study complex
gene regulatory network in a multidimensional
view [20–24]. These technologies generate large
volumes of data and often require sophisticated
computational tools to analyze these large
datasets. The recent advancements in the
machine learning algorithms, a form of artificial
intelligence, provides an opportunity to analyze
the high-throughput “omics” data and derive
meaningful information from these datasets [25].

In the field of genomics, machine learning
strategies have a significant role to play in
identifying genetic variants and establishing
phenotype–genotype correlation [26]. Some of
the major challenges in analyzing the whole-
genome and -exome sequencing data are
differentiating the disease-causing mutations
from common genetic variations and predicting
the effect of noncoding variants. The deep neural
network machine learning algorithms have made
a significant advancement in addressing these
daunting tasks. In a recent report, Sundaram et al.
have demonstrated that, by utilizing the common
missense variants from nonhuman primate
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species, the deep neural networks were trained
to identify pathogenic mutations in patients with
rare disease at 88% accuracy [27]. The deep
learning based algorithm, DeepSEA, allows us
to predict the effects of noncoding variants [28].
In addition, the deep learning algorithms allow
to study the high-throughput functional assays
and population genomic data in solving complex
genomic sequence regions [29].

In executing normal cellular function, there
are proteins that bind to DNA and/or RNA
by identifying target sequence. The machine
learning algorithms (DeepBind) have made
a great progress in predicting the sequence
specificities of proteins that bind to DNA
and RNA [30]. During normal embryonic
development, for proper cellular differentiation
to occur, the enhancer region interacts with
the promoter region. A novel natural language
processing computational framework EP2vec
allows us to predict enhancer-promoter in-
teractions, which would greatly enhance our
understanding of genetic regulation in health
and disease [31]. In addition, these algorithms
allow us to integrate the genomic, transcriptomic,
epigenomic, and proteomic datasets to arrive at
a comprehensive understanding of the biological
mechanisms [32]. Epigenetic modification
such as DNA methylation plays an important
role in normal development and disease. The
recent advancements allow us to identify DNA
methylation changes in a single-cell resolution.
The deep neural network machine learning
algorithms such as DeepCpG enable us to analyze
methylation data from a single-cell and make
accurate predictions [33, 34].

11.4 Machine Learning Tools

There are several machine learning tools and li-
braries that have emerged in the last few decades
for use in both academia and industry. To mention
a few, Microsoft Excel is a tool with a vari-
ety of uses, not limited to numerical computa-
tion, data analysis, and visualization. IBM SPSS
is menu-driven software for statistical analysis
with built-in features for statistical computation,

data mining, and building and visualizing predic-
tive models. Both Microsoft and Excel are bet-
ter suited for straightforward, smaller-scale data
analysis which does not require background in
programming and are very easy to use [35]. Stata,
another software used for statistical analysis, is
an intermediate step between user-friendliness
of SPSS and requires less knowledge of pure
coding when compared to R, SAS, and Python.
MATLAB is a computing environment and pro-
gramming language developed by MathWorks
with included standard library and additional fea-
tures available for purchase. Unlike MATLAB,
both R and Python are open-source freely avail-
able statistical software commonly used to han-
dle big data. Python is one of the easiest pro-
gramming languages to begin learning and in-
cudes several scientific libraries such as Pandas,
to handle data and conduct time-series analysis
and NumPy/SciPy for numerical and statistical
computation [35]. Finally, R is a highly flexible
statistical package with virtually unparalleled an-
alytical power [35]. Because it is mostly utilized
by businesses, its strength is analytics, rather than
readability of output. For both R and Python,
there are massive amounts of open-source coding
available to users to get started when performing
challenging data analysis.

11.5 Assessment of Images
and RelatedOutcomes Using
Machine Learning

Assessment of treatment outcomes requires
analyses of various types of images like MRI
(Magnetic Resonance Image), CT (Computed
Tomography), cephalometric radiographs,
panoramic radiographs, periapical radiographs,
CBCT, 3D face scans, and 3D digital dental
models. Medical and dental image analyses
tend to be time consuming and require to be
performed by a well-trained specialist (typically
an Oral and Maxillofacial Radiologist). Multiple
image processing steps are required to analyze,
diagnose, and evaluate treatment outcomes. Some
of the image processing steps include image
orientation, digitization of anatomical landmarks,
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segmentation, and extraction of data. Recently,
there has been much interest in using machine
learning techniques to evaluate medical and
dental images [36, 37]. Machine learning is being
increasingly used as a tool to help physicians to
interpret medical imaging findings and reduce
interpretation times [38].

11.5.1 2D Lateral Cephalometric
Radiographs

Cephalometric radiographs are an essential tool
for orthodontic diagnosis, treatment planning,
and evaluation of end of treatment outcomes.
Identification of anatomical landmarks on the
lateral cephalometric radiographs is the first step
for interpretation. Several cephalometric analyses
have been developed based on various combina-
tions of linear and angular measurements [39].
Manual cephalometric analyses are typically
time consuming and need to be performed by
a well-trained expert. Furthermore, significant
interobserver variability has been observed
with manual lateral cephalometric radiograph
assessments [40]. During the past decade,
several attempts have been made to develop an
automated computerized system for the detection
of anatomical landmarks and cephalometric
analyses [41–43].However, due to the complexity
of the process, the developed methods were not
of sufficient quality to replace manual digitizing
[44]. With recent advances in machine learning
techniques, more promising systems have been
introduced. Lindner et al. introduced a fully
automatic landmark annotation (FALA) system
for identifying cephalometric landmarks and
classifying skeletal malformations [44]. The
FALA system consisted of a machine learning
approach where Random Forest regression
voting was used to detect the position, scale,
and orientation of the skull and then used the
Constrained Local Model framework (RFRV-
CLM) to locate 19 landmarks in 24 seconds.
The overall average point-to-point error was
2.2 ± 0.03 mm (Fig. 11.1).

Arik and colleagues proposed a fully
automated framework for cephalometric anal-

ysis using deep learning techniques named
convolutional neural networks [CNN] [45].
CNNs are biologically inspired variants of
multilayer perceptron type of deep machine
learning techniques. They are efficient for
image processing and recognition applications
because they exploit the spatial local correlation
by imposing local connectivity patterns [45].
CNNs have demonstrated a wide range of image
processing applications. However, the downside
is that there is a need for abundant data for
training [46].

In 2019, Kunz and colleagues created an au-
tomated cephalometric radiographic analysis us-
ing a customized CNN deep learning algorithm.
The training data set consisted of 1792 different
cephalometric images digitized by experienced
examiners. To evaluate the quality of algorithm,
each examiner analyzed 12 commonly used or-
thodontic parameters based on 50 cephalometric
radiographs that were not part of the training
data for the CNN (Fig. 11.2). The investigators
were able to generate an algorithm capable of
analyzing new cephalometric radiographs with
comparable precision to experienced human ex-
aminers in a fraction of a second [47].

11.5.2 3D Cephalometric
Radiographs

The standard 2D cephalometric radiograph has
many limitations as it is a projection of the
skull, which is a highly sophisticated 3D object
onto a single 2D plane, leading to overlapping
structures. Besides, head positioning variations
during image acquisition and radiographic
distortion cause the left and right outlines to not
be perfectly superposed [48]. Three-dimensional
cephalometric analyses with computed tomo-
graphic (CT) images and cone-beam computed
tomography (CBCT) is gaining in popularity
because it overcomes the limitations of traditional
2D radiographs. Furthermore, it is especially
beneficial when there is facial asymmetry or a
need for an orthognathic surgery. Developing
an automated machine learning based 3D
cephalometric analysis framework is challenging
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Fig. 11.1 Schematic overview of the FALA system [44].
Permission to use this figure was obtained from—Lindner
C, Wang CW, Huang CT, Li CH, Chang SW, Cootes TF.
Fully Automatic System for Accurate Localisation and

Analysis of Cephalometric Landmarks in Lateral Cephalo-
grams. Sci Rep. 2016 Sep 20;6:33581. doi: https://doi.org/
10.1038/srep33581

because of multifold reasons including the
3D volume data has an increased number
of parameters; there is a need for intensive
computing resources; and greater computational
complexity [49]. Lee and colleagues proposed
an automatic 3D cephalometric annotation
system which used a shadowed 2D image-
based machine learning strategy [49]. It takes
advantage of multiple 2D images containing 3D
geometric morphology of the skull surface in x
dimension, where x represents 3D volume data
[49]. The representation of 3D images by 2D
ones not only allows learning with relatively
small data numbers but also solves the out-of-
memory problem [49]. However, this group of
investigators were able only to localize seven
landmarks.

11.5.3 CBCT and CT
Auto-Segmentation

Accurate CBCT and CT segmentation is a ne-
cessity for implant surgery, orthodontic/orthog-

nathic surgery diagnosis and treatment planning,
assessment of treatment outcomes, and dental
forensics. CBCT segmentation includes segmen-
tation of teeth, bones as well as soft tissue. The
manual segmentation process is time consuming
(Figs. 11.3, 11.4 and 11.5). The automated seg-
mentation process would immensely benefit clin-
icians and researchers. However, the automated
jaw bone segmentation on CBCT images using
mathematical models is challenging for many
reasons: the teeth usually have a similar intensity
as the bone; large variations in the appearance
of anatomical structures; and inconsistent manual
labeling can confuse the trained models for seg-
mentation [50, 51]. To solve this problem, meth-
ods that incorporate prior information about the
expected shapes and position of the segmentation
objects have been proposed [52].

Qiu et al. proposed a convolutional neural
networks (CNNs) based approach for 3D
mandible segmentation in CT scans [51]. Such
an approach takes a multiplanar volume-to-slice
strategy, which takes into account the spatial
information of adjacent slices in order to preserve

http://dx.doi.org/10.1038/srep33581
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Fig. 11.2 (a) An Illustration of the convolutional neural
network (CNN) design used to analyze cephalometric X-
rays. (b) Schematic illustration of convolution and pooling
processes in a CNN [47]. Permission to use this figure was
obtained from—Kunz F, Stellzig-Eisenhauer A, Zeman

F, Boldt J. Artificial intelligence in orthodontics: Evalu-
ation of a fully automated cephalometric analysis using
a customized convolutional neural network. J Orofac Or-
thop. 2020 Jan;81(1):52–68. doi: https://doi.org/10.1007/
s00056-019-00203-8. Epub 2019 Dec 18

the connectivity of anatomical structures. They
used 52 cases as training, 8 cases as validation,
and 49 cases as a test. They could achieve an
average Dice coefficient of 0.881 and an average
surface error of 0.5791 mm on 109 CT scans and
an average Dice coefficient of 0.9328 and 95HD
of 1.4333mm on the Public Domain Database for
Computational Anatomy (PDDCA) dataset [51].
Their results demonstrated the effectiveness of
the proposed approach in mandible segmentation
and its potential use in 3D virtual planning
of craniofacial tumor resection and free flap
reconstructions.

CBCT-based image analysis plays a sig-
nificant role in the detection and assessment
of Craniomaxillofacial (CMF) deformities,
which require precise segmentation of bones of

the craniofacial region. Despite recent efforts
for making a fully automated and accurate
segmentation of bones and landmarking, the
problem remains mostly unsolved especially
for those with congenital or developmental
deformities for whom precise diagnosis and
treatment planning are most critically needed
[51]. Torosdagli et al. reported a fully automated
image analysis software based on Deep Geodesic
Learning for mandible segmentation and
anatomical landmarking that can overcome the
highly variable clinical phenotype in the CMF
region [53].

Acquisition and segmentation of complete 3D
teeth models are essential for digital dentistry.
For example, in orthodontics, it is needed for
diagnosis and treatment planning, construction

http://dx.doi.org/10.1007/s00056-019-00203-8
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Fig. 11.3 CBCT segmentation for upper and lower jaw
orthognathic surgery. Virtual treatment planning

Fig. 11.4 Maxilla and maxillary teeth segmentation from
CBCT

of customized orthodontic appliances, surgical
guides for orthognathic cases, and assessment of
treatment outcomes [54]. CBCTs can be used for
acquiring complete 3D teeth models. However,
segmenting teeth fromCBCT images is a difficult
problem for the following reasons: it is hard to
separate lower teeth from its opposing upper teeth
along their occlusal surface because of the lack
of changes in gray values if CBCT is acquired
in occlusion; it is hard to separate a tooth from

Fig. 11.5 Mandible and mandibular teeth segmentation
from CBCT

its surrounding alveolar bone because of their
highly similar densities; and adjacent teeth have a
similar shape. Cui and colleagues proposed a new
machine learning based method for automatic
tooth segmentation and identification [55]. Their
method consisted of a two-stage deep supervised
neural network. In the first stage, to enhance the
boundary of blurring and low contrast signals,
they trained an edge extraction subnetwork. In the
second stage, they devised a 3D region proposal
network with a novel learned similarity matrix
which efficiently removes the duplicated propos-
als, speeds up and stabilizes the training process,
and significantly cuts down the GPU memory
usage [55].

11.5.4 Digital 3D Dental Models

Digital 3D dental models have replaced tradi-
tional plaster models in dental offices. The digital
3D dental models facilitate the measurement of a
tooth position in the three dimensions, can be ma-
nipulated, sectioned, and superimposed to assess
the treatment outcome [56]. Furthermore, digital
3D dental models are fundamental for computer-
aided design (CAD) dental systems, fabricating
customized orthodontic appliances, and virtual
surgical planning. Tooth segmentation and label-
ing is the most critical component of these CAD
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Fig. 11.6 Teeth manual segmentation on digital 3D dental models

systems and digital systems (Fig. 11.6). Manual
segmentation and manipulation of the 3D digital
models is time-consuming and needs a trained
expert [54]. Having an automated process will
reduce the time and effort needed to create CAD
dental restorations, implants, customized digital
orthodontic appliances, and virtual surgical plan-
ning, besides facilitating assessment of treatment
outcomes.

Xu et al. proposed a data-driven method for
3D dental mesh segmentation by using deep CNN
model [57]. The network was designed to pro-
vide automated labeling for each tooth triangle.
It receives a detailed 3D dental model as in-
put and outputs the label list of each triangle
face. They suggested a label-free mesh simpli-
fication method for preserving teeth boundary
information and significantly improved the effi-
ciency of the networks. They claimed that their
model achieved 99.06% accuracy for the maxil-
lary arch model and 98.79% for the mandibular
arch model [57].

11.5.5 Remote Dental Monitoring

With advances in telecommunication and infor-
mation technology, the field of dentistry begun

its foray into “teledentistry” to overcome bar-
riers to access to care [58]. Furthermore, the
advent of smartphones made two-way real-time
patient–doctor interaction easier [59]. Interest in
remote treatment monitoring has also led to the
creation of orthodontic smartphone applications
(apps) specially designed for this purpose. One of
themore advanced apps currently available called
Dental Monitoring™ (DM™) is a digital technol-
ogy software that allows orthodontists to moni-
tor patients remotely through continuous analyt-
ics using control vision technology, metaheuris-
tics, and artificial Intelligence. This app utilizes a
patented artificial intelligence machine learning
algorithm to calculate 3-dimensional (3D) tooth
movements from intraoral photos and videos that
patients capture using their smartphone cameras.
The accuracy error claimed by DM™ is less than
0.1 mm and less than 0.5 degrees for tip and
torque [60].

TheDM™app comprises three interconnected
platforms: a smartphone application for patients;
a patented tooth movement artificial intelligence
tracking algorithm; and an online Doctor
Dashboard

®
where orthodontists can view patient

treatment progress and pre- or post-treatment
changes (Fig. 11.7). To begin using DM™
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Fig. 11.7 Dental Monitoring consists of three integrated platforms: a mobile application for the patient, a patented
movement tracking algorithm, and a web-based Doctor Dashboard

Fig. 11.8 Dental Monitoring scan box attached to smartphone

technology, the orthodontist uploads an initial 3D
digital model in the STL file format to the Doctor
Dashboard

®
[54]. In addition, the patient takes

a video or does a photo examination through
the DM™ application on their smartphone
using a DM™ patented cheek retractor and
scan box (Fig. 11.8). The DM™ app uses the
initial scan and pretreatment video or photo
examination to establish a baseline of tooth
position and occlusion from which to calculate
future movements. The results are then viewable
on the Doctor Dashboard

®
in the form of graphs,

photos, and a unique 3D visualization of the
current tooth position called 3D Matching™.
The 3D Matching™ is a feature of DM™ app
that creates a multidimensional information map
of the teeth to allow for replay of tooth movement
(Fig. 11.9) [60, 61]. In addition to tracking tooth
position, DM™ app also tracks patients’ oral
hygiene and sends automated alarms to the
patients and doctor. Furthermore, the DM™
app claims that their artificial intelligence
algorithm can auto-detect clinical situations
such as broken brackets, wires, and unseated
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Fig. 11.9 3D matching
for the evolution of the
treatment effects and
tracking teeth movement
with clear aligner

clear aligners [60]. DM™ technology could
help orthodontists reach their treatment goals
more frequently and efficiently by alerting the
practitioner of changing conditions as they occur
or when pretreatment objectives are close to being
reached, thus optimizing the timing of patient
appointments and preventing unnecessary ones.
But more studies need to be done to validate this
technology.

11.6 Conclusions

In essence, the machine learning holds a
great promise for “personalized medicine and
dentistry.” The artificial intelligence algorithms
are well poised to enhance our understanding
of complex gene regulatory network in health
and disease, which would be unimaginable a
decade ago. This rapidly evolving technology has
already shown immense potential in analyzing
the multi-omics data, which is a great step
forward in understanding the genetic make-up
of our patients in personalizing treatment and
assessing outcomes. In addition, the artificial
intelligence algorithms demonstrate promise
in analyzing and interpreting medical/dental
radiographs and images in facilitating faster

diagnosis and providing personalized treatment.
This technology is for here to stay, evolve rapidly,
and perhaps revolutionize the way we practice
medicine and dentistry.
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In the following, we will explore how Machine
Learning (ML) can support the labor intense pro-
cess of conductingSystemic Reviews (SR). Given
the importance of SRs in the process of devel-
oping evidence-based guidelines and there their
potential impact on the health and well-being of
large portions of the population, this is a topic of
the utmost importance to researchers, clinicians,
and patients.While wewill provide a strong ratio-
nale in favor of usingML to increase the effective-
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ness and efficiency of developingSRs, we are also
elaborating on the shortcomings and potential
pitfalls of employing artificial intelligence (AI) to
a process that has been mostly driven by human
experts in the past. However, it is important to
recognize that clinical decision-making does not
follow a dichotomy of either human- or machine-
based but sits at a continuum between the two
extremes (Fig. 12.1). Educating the public and the
health care professional community about these
considerations is equally important to advancing
the field of AI and using techniques such as ML
for improving the process of developing SRs.

12.1 What Are Systematic
Reviews?

Evidence-based clinical practice is rooted in the
principle of using the best available evidence
coupled with clinician expertise and patient val-
ues to inform clinical decisions [1, 2]. This evi-
dence may be obtained from many sources (e.g.,
randomized controlled trials, and observational
studies) and synthesized in a systematic or un-
systematic manner. The method and type of in-
formation collected will impact how much trust
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Fig. 12.1
Human-to-machine effort
and relation to sample size.
Adapted from: Beam AL,
Kohane IS: Big Data and
Machine Learning in
Health Care. JAMA. 2018
Apr 3;319(13):1317–1318

we can place in the conclusions from the data.
Systematic reviews (SRs) are one way to collect
and synthesize the available evidence. They are
regarded by the research community as one of the
most reliable methods if conducted appropriately
and following established methods. In the context
of health care, a SR is a type of secondary re-
search, in which all literature pertaining to a clini-
cal question is collected according to pre-defined
eligibility or selection criteria and synthesized for
use in clinical practice ([3], p. 1). The methods
are designed to ensure the reproducibility of the
research and reduce bias.

Briefly, the SR process starts with the devel-
opment of a research question. Next, an informa-
tionist (i.e., an individual with “the knowledge
and expertise of a health care professional with
the information retrieval skills of a librarian.” [4])
searches multiple databases in an effort to capture
all relevant literature. Then, the review authors
read through the titles and abstracts of each ar-
ticle retrieved from the search and determine if
it should be included or excluded from the SR.
They then read full text articles of all included
references andmake a final decision as to whether
or not to include in the SR. Subsequently, they
extract relevant quantitative and qualitative data
from each article, appraise it to determine the
possibility for the study to be affected by bias
or systematic error (i.e., risk of bias assessment).
Finally, they synthesize data and provide esti-
mates of the effect for a number of patient im-
portant outcomes, oftentimes usingmeta-analysis
(Fig. 12.2).

Over time, SR methods have been adapted for
a variety of reasons, including but not limited
to:

1. Resource or time constraints necessitate a
quick deliverable—often the case in public
health emergencies [5].

2. Limited consensus exists about a topic, and
the purpose of the review is to gain a broad
understanding of the state of the literature [6].

3. A research question includes a complex social
intervention [7].

In general, the workflow for these adapted
methodological approaches (e.g., scoping
reviews, rapid reviews) is similar to that of
the “classic” SR. Completing each task is
exceptionally labor intensive. Due to the sheer
volume of literature that must be sifted through
to find relevant studies, one project typically
takes over a year to produce [8]. During this time,
information becomes quickly outdated as the
published literature base proliferates quickly. In
2010, for example, approximately 75 trials in the
area of medicine were published per day. [9] We
conducted a search in PubMed’s Clinical Queries
using the MeSH term “Dentistry,” and revealed
that conservatively, at least two trials were
published each day in 2018 in the dental field.
These inefficiencies are compounded by the fact
that many tasks are completed manually and are
carried out independently by two individualsin
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Fig. 12.2 Depiction of the
steps in the systematic
review process

1. Question

2. Retrieval 6. Synthesis

5. Appraisal

4. Data  Extraction

7. Reporting

8. Updating

3. Selection

an attempt to avoid human error. This raises the
question: What if there is a way to maintain the
rigorous standards associated with SRs while also
increasing efficiency and reducing workload?

Automating the SR process was first intro-
duced in the early 2000s [10, 11]. Not only does
automation have the potential to increase effi-
ciency in the process, but it can free up time
to focus on more cognitively challenging and
creative tasks. Integratingmachine learning (ML)
in SR development is one way to semi-automate
the process, and to date, numerous tools have
already been developed for this purpose [12]. It is
important to note that, at themoment, not all tasks
in the workflow are suitable formachine learning.
Herein, we will summarize SR tasks, for which
machine learning shows promising potential.

12.2 Research Question

Researchers conducting SRs start by defining an
explicit and focused research question. Usually,
they are required to identify the population or type
of patients to include in the review (e.g., adults
or children with a particular condition or charac-
teristic), the experimental intervention of interest
(e.g., surgical, pharmacological, and behavioral),
a comparison intervention (e.g., another active
intervention, placebo, no treatment, and standard
of care), and the outcomes of interest (e.g., patient
important outcomes or outcomes relevant to con-
sumers) following the PICO mnemotechnic [13].
This research question guides the next steps in
the review, which are the creation of the search
strategy and evidence retrieval (Table 12.1).

12.3 Search

After the PICO question is clearly defined, the
review authors will work with an informationist
or someone trained in systematic searching to
develop a search strategy. First, they identify all of
the databases (e.g., PubMed, Embase, CINAHL)
with literature relevant to their PICO or research
question. Second, the informationist develops a
search strategy to query the selected databases.
Third, they test the strategy in one of the selected
databases. The goal is to find all relevant arti-
cles (i.e., high recall or sensitivity), which may
come at the expense of capturing many irrelevant
articles (i.e., low precision or specificity) [14,
15]. Fourth, after a few rounds of refinement,
the informationist reformats the search strategy
to match the specifications (e.g., syntax) of each
database. Finally, they combine the references
retrieved from each database, and remove dupli-
cates.

One of the applications of ML in searching is
in study design filtering; more specifically identi-
fying randomized controlled trials (RCT). When
the purpose of a SR is to assess the effectiveness
of an intervention or treatment (e.g., sealants and
composite restorations), RCTs are regarded as the
most appropriate study design. Furthermore, in
the health care realm, SRs of interventions are
pervasive, making study design filtering with the
assistance of ML appealing. Existing tools use
ML to predict the likelihood that an article is an
RCT. RCT Tagger is a freely available tool in
which a ML application allows reviewers to filter
references from the database MEDLINE. After
scanning the citation, abstract, and MeSHterms
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associated with a reference, RCT Tagger calcu-
lates a probability for the article to be an RCT
[16].

Similarly, RobotSearch is an open-access
tool that, in addition to discerning RCTs from
other study designs, enables users to choose
if they would like the system to produce an
output that maximizes “sensitivity/recall” or
“specificity/precision” [17]. This function has
great potential for those conducting rapid
reviews, in which time is very limited, and a
more specific, as supposed to a more sensitive
search is valued. Lastly, Cochrane has an RCT
filtering ML tool, available to their subscribers
[18]. This tool combines crowdsourcing [19] and
ML to identify RCTs. These tools may eventually
replace existing RCT filters [20]. As of yet, there
are no tools that filter by other study designs, such
as non-randomized or diagnostic test accuracy
studies [21].

ML has also been utilized to conduct “seman-
tic searching.” Typically, information specialists
build search strategies with terms separated by
Boolean operators (e.g., “AND,” “OR”). These
operators instruct the search engine to look for
records with and without these terms. In contrast,
semantic search engines identify concepts within
a phrase, instead of reading a phrase as individual
words strung together [22]. This is similar to
searching byMeSH terms in PubMed [23].MeSH
terms are a collection of controlled vocabulary
that were historically assigned manually to each
article indexed in PubMed. Thalia is a semantic
search engine that is capable of using ML to
automatically assign MeSH terms to articles [24].
Most recently, PubMed has adopted an indexing
approach in which a combination of ML and a set
of rules is used to identify MeSH terms [25–27].

12.4 Study Selection/Screening

After the search is complete and references are
de-duplicated, reviewers “screen” the title and
abstract of each citation for potential eligibility
in the SR. At this stage, they determine if it is
worthwhile to continue reading the full text of
an article with high chance of relevance. Eli-

gibility judgments are based on pre-defined set
of conditions, commonly referred to as selection
or eligibility criteria. These criteria specify the
study design, populations and patients’ charac-
teristics, interventions, or exposures that will be
considered in the SR. Review authors are usu-
ally overinclusive at this stage, as sometimes the
brief information in titles and abstracts does not
enable a definitive conclusion about eligibility.
After references highly suggestive of relevance
are identified, authors retrieve their full text, most
of the time in PDF format. At this stage, reviewers
determine final eligibility.

Title/abstract screening is one of the most
labor-intensive tasks in the review process.
Often, authors face the daunting task of reading
through thousands to hundreds of thousands
of titles/abstracts. Research suggests that each
title/abstract may take anywhere from 30 to
60 seconds to read [28], depending on the
expertise and experience of the reviewer.
For instance, authors of a SR on the use of
nonrestorative treatments for carious lesions
screened 9698 titles and abstracts [29]. If a
research team of two experienced reviewers
reads these in duplicate (i.e., each citation is
read independently by two people) at a rate of
30 seconds per title/abstract and dedicates half of
their workweek (20 h) to this task, they will finish
in about one month. Screening is also prone to
human error, as a result of fatigue associated with
carrying out this monotonous task.

In this perpetual tension between the need
to synthesize information rapidly and the vast
amount of time it takes to complete a SR, review-
ers (often those with limited resources) may opt
for more specific searches in an attempt to reduce
the sheer volume of titles and abstracts to screen.
These modifications have serious implications
and may threaten the validity of the review [11].

Out of all stages in the review process, the inte-
gration of ML at the screening stage has reached
the highest level of maturity and is ready for
end users (i.e., SR authors) [30]. In short, hu-
mans have assigned a set of titles/abstracts, using
their pre-defined eligibility/selection criteria, in
the shape of “Yes/No” decisions about their po-
tential eligibility. This set of references represents
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the “training set” and is typically assigned to
humans randomly [11, 30]. The machine then
learns from these human defined decisions on the
“training set” and consequently trains a classifier.
Next, the machine makes predictions about the
eligibility of previously unseen titles/abstracts us-
ing the trained classifier. The titles and abstracts
that the machine deems most likely to be eligible
(i.e., have the largest probability for inclusion) are
reordered to appear first in the list of titles/ab-
stracts. Human then manually screens another
batch of titles/abstracts. This time they screen
the titles/abstracts (usually about 25 abstracts)
[31, 32] that the machine predicted to be most
relevant, instead of a random sample. The loop
repeats itself, and the classifier model improves
with each iteration. The process ends when the
reviewer is confident that the machine is ade-
quately trained (Fig. 12.3) [30]. This approach is
called “certainty-based active learning” or semi-
automation because the human supervises theML
system [28, 30, 33].

To date, there are a handful of fully developed
ML tools/software that can assist review authors
in completing title/abstract screening more effi-
ciently. These tools require little to no coding
background to use, making them attractive and
user friendly for SR authors to incorporate in their
workflow. Some are freely available [31, 33–37],
while others are associated with a fee [32, 38, 39].
The underlying premise of the tools is similar, but
each uses a proprietary ML technique or model.
The developers of these tools report a variety of
metrics to measure their performance. The most
commonly reported metrics are recall or sensi-
tivity (i.e., maximizing the identification of all
relevant studies) and precision or specificity (i.e.,
minimizing the inclusion of irrelevant studies).
Other tools report “work saved oversampling,”
to quantify how much work is saved by using
ML over manual screening [11]. It is difficult to
compare the performance of the available tools
against one another because of the variety of met-
rics reported in the literature. Additionally, no one
has compared the performance of the tools against

“Training set” of 
titles/abstracts are 
assigned to a human

Human determines if 
the title-abstracts are 
eligible or not.

Machine learns from the 
human’s eligibility 
decisions and uses them 
to train a classifier

Machine uses the classifier to assign a 
probability for each remaining titles/abstracts 
in the dataset (“test set”) to be included in the 
systematic review and re-orders the “test set” 
by the probability for inclusion

Human reviews the titles/abstracts 
with the highest probability for 
inclusion from the “test set” 

Fig. 12.3 Machine learning in title and abstract screen-
ing. (Adapted from: Marshall, I.J., Wallace, B.C., 2019.
Toward systematic review automation: a practical guide
to using machine learning tools in research synthe-
sis. Syst Rev 8, 163. https://doi.org/10.1186/s13643-019-
1074-9). Open Access This article is distributed under the
terms of the Creative Commons Attribution 4.0 Interna-
tional License (http://creativecommons.org/licenses/by/4.

0/), which permits unrestricted use, distribution, and re-
production in any medium, provided you give appropriate
credit to the original author(s) and the source, provide
a link to the Creative Commons license, and indicate
if changes were made. The Creative Commons Public
Domain Dedication waiver (http://creativecommons.org/
publicdomain/zero/1.0/) applies to the data made available
in this article, unless otherwise stated

http://dx.doi.org/10.1186/s13643-019-1074-9
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
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one another using the same dataset, which we
expect, will facilitate users’ decisions regarding
ML implementation [40].

The use of ML to semi-automate the title/ab-
stract screening process has several practical im-
plications [11]:

1. Replace the second review: Current method-
ological standard suggests that two reviewers
independently read each title/abstract to re-
duce human error and to ensure the eligibility
criteria are interpreted consistently. In the con-
text ofML, the model proposes that the human
screened all titles/abstracts, and the machine
acts as the second screener. In a hybrid ap-
proach, the machine assigns a second human
reviewer a substantially smaller list of studies
to screen. This strategy may reduce screening
time by at least 50% [11].

2. Reduce the number of titles/abstracts to
screen: In areas like public health and
social science, the quantity of titles/abstracts
obtained from searches is often large, because
there are no validated study design filters
for non-randomized studies [41] and the
research questions are often broad and require
information from a variety of research inputs
[39]. Through active ML, human screeners
stop screening when the machine is fully
trained. The point or threshold at which the
human stop manually screening is subjective
and varies by topic. Studies examining ML for
this purpose, reported anywhere from 10% to
90% reduction in the number of titles/abstracts
manually screened [35, 36, 42].

3. Increase the rate of screening: Active ML
can discern novice from expert reviewers on
a team and strategically assign references
to each depending on the time it will take
to annotate an abstract and its relevance
[33]. This approach to screening is known
as “efficient citation assignment” [11].

4. Prioritize the order of references: Active ML
can prioritize the review of most relevant ref-
erences first. This approach will allow for the
most relevant articles to be retrieved quickly
and extracted if deemed relevant simultane-
ously while screening proceeds. Also, more

expert reviewers on a team can retrieve and
read relevant articles quicker while novice re-
viewers screen the less relevant references.
Additionally, by viewing more relevant arti-
cles in the beginning, screenerswill have a bet-
ter understanding of what references meet the
selection criteria and will be more equipped
and less likely to be overinclusive as they reach
more ambiguous titles/abstracts. This advan-
tage is similar to the second one we mentioned
above, but the focus is more on optimizing the
workflow [43–46].

12.5 Data Extraction

Extracting data from the primary studies included
in the review is one of the most time-consuming
tasks and requires a certain level of training
and understanding of clinical research concepts.
This task is further complicated when primary
researchers fail to adhere to reporting standards
(e.g., the Consolidated Standards of Reporting
Trials (CONSORT)) [47], a reality extensively
documented in dental journals [48–53].

Although researchers conducting reviews uti-
lize a series of sources to inform their research
question, the most typical one is the full-text sci-
entific article in PDF format. Data in the context
of a SR is defined as “ . . . any information about
(or derived from) a study, including details of
methods, participants, setting, context, interven-
tions, outcomes, results, publications, and inves-
tigators” ([54], p. 5). In addition, researchers need
to extract specific features of an included pri-
mary study to inform the risk of bias assessment
(discussed in the next section). To minimize the
chance of errors and bias, for each study, two
researchers extract the data independently, using
a standardized data extraction form previously
piloted for optimal usability [54].

Methods for semi-automating data extraction
via ML and natural language processing (often
just referred to as “NLP”) are rapidly evolving
and constitute a small yet promising area of re-
search [55]. Extracting data from abstracts and
full-text articles can be framed as a text classifica-
tion problem. Tokens, which are individual words
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“Calibrated external examiners, blinded to the child’s study 
group, assessed the status of the children at baseline and after 3 
y. In total, 1,248 children (624 randomized to each group) were 
recruited, and 1,096 (549 intervention, 547 control) were 
included in the final analyses.”

Vector … …

Total 1,248 children

X t-1 X t X t+1

0 01

Location

Word

Token

Fig. 12.4 Representation of the use of machine learning
for data extraction as a type of text classification problem
(e.g., total sample size). (Adapted from: Marshall IJ, Wal-
lace BC. Toward systematic review automation: a practical
guide to using machine learning tools in research synthe-
sis. Syst Rev. 2019 Jul11;8(1):163; Abstract from: Tickle
M, O’Neill C, Donaldson M, Birch S, Noble S, Killough S,
Murphy L, Greer M, Brodison J, Verghis R, Worthington
HV. A Randomized Controlled Trial of Caries Preven-
tion in Dental Practice. J Dent Res. 2017 Jul;96(7):741–

746). Open Access This article is distributed under the
terms of the Creative Commons Attribution 4.0 Interna-
tional License (http://creativecommons.org/licenses/by/4.
0/), which permits unrestricted use, distribution, and re-
production in any medium, provided you give appropriate
credit to the original author(s) and the source, provide
a link to the Creative Commons license, and indicate
if changes were made. The Creative Commons Public
Domain Dedication waiver (http://creativecommons.org/
publicdomain/zero/1.0/) applies to the data made available
in this article, unless otherwise stated

or numbers representing information elements are
classified as relevant. The system then identifies
a word potentially relevant to be extracted and
creates a vector, where the token or word of
interest is tagged, and contextual information is
also identified (words in the proximity of the
token that contribute to predicting that the word
or number is relevant for an information element).
While in the vector, the token is in position t, the
words before and after the token are in position
t − 1 and t + 1, respectively [30]. For example,
when identifying the information element, total
sample size, a number is the token (i.e., 1248),
while the accompanying words “total” (t − 1)
and “children” (t + 1) provide context for the
prediction (Fig. 12.4).

For SRs of randomized controlled trials, there
are two applications available: RobotReviewer
and ExaCT. In general terms, the training data
for these two systems utilize full-text articles with
sentences manually labelled for relevance. Then,
the system retrieves several potential sentences
from the full-text PDF (main text and abstract)

that may inform a particular information element.
Finally, the reviewer is presentedwith a collection
of candidate sentences and chooses the most rel-
evant for an element. Although reviewers looking
at a few candidate sentences would be following
amore efficient process compared to dealing with
the entire PDF, these platforms are categorized as
semi-automatic, as they still require human input
for final ascertainment [30].

The ExaCT system is a web application that
extracts sentences from full-text articles, which
are converted into HTML/XML or plain text for-
mat to populate a pre-defined template with more
than 21 key characteristics of randomized con-
trolled trials (Table 12.2). First, the tool identifies
the heading and subheadings of the articles’ sec-
tions. Then, it detects sentences nested within the
sections and classifies them using Support Vector
Machine algorithms. Using the bag-of-words ap-
proach, the algorithm classifies each sentence ac-
cording to the probability of informing a specific
information element. Finally, ExaCT provides a
ranking with the top five sentences showing the

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
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Table 12.2 Set of information elements (key characteristics) of randomized controlled trials available for extraction
in the ExaCT system

Element Description

Eligibility criteria Logical conditions for being included in the trial, usually
split into inclusion and exclusion criteria

Sample size The total number of participants actually enrolled
(randomized) in the trial

Start date of enrolment Date the enrolment actually started, including day, month,
year, or as much as presented

End date of enrolment Date the enrolment actually ended, including day, month,
year, or as much as presented

Name of experimental treatment Name of experimental intervention

Name of control treatment Name of control intervention

Dose Dosage of experimental/control intervention

Frequency of treatment Frequency of administration of experimental/control
intervention

Route of treatment Route of administration of experimental/control
intervention

Duration of treatment Duration of administration of experimental/control
intervention

Primary outcome name The outcome(s) of greatest importance, where outcome is
a “component of a participant’s clinical and functional
status after an intervention has been applied, that is used
to assess the effectiveness of an intervention” (source:
Glossary of terms in the Cochrane Collaboration)

Primary outcome time point Point in time when a primary outcome was assessed

Secondary outcome name Outcome(s) used to evaluate additional effects of the
intervention deemed a priori as being less important than
the primary outcomes (Source: Glossary of terms in the
Cochrane Collaboration)

Secondary outcome time point Point in time when a secondary outcome was assessed

Funding organization name Name of a funding source

Funding number Funding grant number

Early stopping Whether the trial was stopped earlier

Registration identifier of trial Trial registration ID, often ClinicalTrials.gov NCT
number

Author name First and last name of the first author

Date of publication Year the article was published

DOI Digital object identifier for the publication

From Kiritchenko S, de Bruijn B, Carini S, Martin J, Sim I. ExaCT: automatic extraction of clinical trial characteristics
from journal publications. BMC Med Inform Decis Mak 2010; 10:56
This is the statement from the journal on the rights to re-publish the table. This article is published under license to
BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative Commons Attribution
License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-6947-10-56#rightslink

http://clinicaltrials.gov
http://creativecommons.org/licenses/by/2.0
http://dx.doi.org/10.1186/1472-6947-10-56#rightslink
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highest chance for containing the relevant infor-
mation. Developers of the application describe
that the system is further enhanced by using a
hierarchy of elements to contextualize the data
extracted from the original study and increasing
the final prediction of the information element
[56]. We will describe RobotReviewer in the risk
of bias section of this chapter.

12.6 Appraisal: Risk of Bias
Assessment

Evaluating the trustworthiness of the available
evidence is a crucial feature of SRs. Empirical
evidence suggests that systematic error or bias
creates distorted (under-estimation or overesti-
mation of the true effect) estimates of treatment
effects or associations [57]. Bias corresponds to
a “systematic deviation from the underlying truth
because of a feature of the design or conduct of
a research study” [58]. One of the most popular
tools to assess the potential presence of bias in
randomized controlled trials is the Cochrane Risk
of Bias tool. This tool measures a construct called
“risk of bias,” as it is usually impossible to fully
ascertain the extent to which an estimate is af-
fected by systematic error, and only the suspicion
or potential “risk for bias,” more appropriately
reflect the intent of the tool [59]. Although the
Cochrane Collaboration has recently released a
new version of the tool [60], all the available sys-
tems using ML to assist reviewers on conducting
risk of bias assessment of trials, are based on the
2011 version [61]. The efforts described below
are all focusing on such a version of the risk of
bias tool.

The 2011 Cochrane Risk of Bias Tool for
Randomized Controlled Trials includes six bias
domains and sources of bias: (1) selection bias
(random sequence generation and allocation con-
cealment), (2) performance bias (blinding of par-
ticipants and personnel), (3) detection bias (blind-
ing of outcome assessment), (4) attrition bias
(incomplete outcome data), (5) reporting bias (se-
lective outcome reporting), and (6) other biases.
The judgment about the risk of bias is reflected
in three categories of responses for each domain:

(1) low risk of bias, (2) high risk of bias, and (3)
unclear risk of bias. For transparency, users of the
tool are instructed to provide quotations from the
original study to support their assessment [61].
The entire evaluation for a single study requires
two reviewers acting independently, in a pro-
cess that could take, on average, approximately
20 minutes per rater [62].

Using ML to assess the risk of bias of random-
ized controlled trials is a two-step approach. First,
it is necessary to identify relevant sentences from
the full-text document, and second, assign a risk
of bias judgment for each of the domains [63].
Datasets for training usually take advantage of the
pre-existing risk of bias assessments contained in
the Cochrane Database of Systematic Reviews.
These assessments contain a final judgment as to
low, high, or unclear risk of bias, and a quote from
the full text justifying the answer. High and un-
clear risk of bias labels are combined to generate
a binary variable (i.e., low risk of bias and not low
risk of bias) [63]. When using logistic regression
to rank sentences (sentence models) according to
relevance for each risk of bias domain, a sentence
is tagged using one of three labels: relevant, not
relevant, or unlabeled. Then datasets are built
regrouping the labels depending on the purpose
(e.g., relevant/not relevant, relevant/not relevant
+ unlabeled). These datasets are used to train the
parameters for the logistic regression model to
determine which one has the best performance.
The final steps require using logistic regression
to create a ranking to predict the risk of bias
at a study level using as input the content from
full texts, the title of the article, and the abstract
(article model) [63] (Fig. 12.5).

The RobotReviewer system uses a “ . . .multi-
task linear-kernel Support Vector Machine
(SVM) variant; and, (2) A Convolutional Neural
Network (RA-CNN). Both models are rationale
augmented; that is, they simultaneously classify
articles (as being at high/unclear or low risk of
bias) and identify text snippets in the article that
most strongly support this classification” [64,
65]. A recent on-line based randomized trial
suggests that the use of the semi-automating
RobotReviewer system may reduce the amount
of time invested in conducting the task by 25%
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Fig. 12.5 Representation of the use of machine learning
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controlled trials. (Adaptation from Millard LA, Flach PA,
Higgins JP. Machine learning to assist risk-of-bias as-
sessments in systematic reviews. Int J Epidemiol. 2016
Feb;45(1):266–277) This is an open-access article dis-

tributed under the terms of the Creative Commons CC
BY license, which permits unrestricted use, distribution,
and reproduction in any medium, provided the original
work is properly cited. You are not required to obtain
permission to reuse this article

compared to participants who were allocated
to implement a fully manual approach, and
provide evidence that the system has high levels
of usability, measured by the System Usability
Scale [65, 66].

12.7 Implementation
Challenges/Barriers
to Adoption

Although much progress has been made to au-
tomate parts of the SR process, there are sev-
eral barriers to adopting the existing systems in
practice. For one, tools for each distinct task
must be interoperable (i.e., data can flow from
one system to the next) to be easily integrated
into the SR workflow [21]. Additionally, end-
users with little knowledge about how the tools
function are skeptical of their utility and validity.
Some people think ML fully automates the pro-
cess when in reality, it is semi-automated and hu-
man supervised. Developers can change the way

they communicate about their systems and use
terminology like “computer-assisted” to combat
this misconception. Ordinary users also may not
think that the ML algorithms are valid. Devel-
opers need to demonstrate that their methods are
sound and reproducible [40]. Reproducibility can
be facilitated by the availability of public datasets
[21, 40]. From a developers’ perspective, one key
limitation of the current tools for data extraction
is the limited volume of the available training
datasets [30].

The tools developed for each task, also have
their own sets of limitations:

Searching
To date, ML has solely been optimized for

filtering for RCTs. In the public health realm, ob-
servational studies are typical of interest, and such
a tool would help narrow down the large pools of
research retrieved by searches in this field.

Screening
Screening using ML comes with a host of

potential challenges. First, the ML tools described
in this chapter were all built for title/abstract
screening. Unfortunately, its application in full-
text screening is difficult, and no tools exist.
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Second, existing tools are not able to identify
100% of all relevant studies (i.e., 100% sensitivity)
but, depending on the tools intended function (e.g.,
replace the second screener), this may be accept-
able. It is also important to note that humans do
not screen with 100% accuracy, so researchers may
be willing to accept a machine that does not do so
either in exchange for increased efficiency. Third,
the threshold at which the human can stop manual
screening is not defined.

Fourth, citations in the training set may not be
representative of the “population” of citations; this
is known as “hasty generalization.” Last, training
datasets are imbalanced (contain more excluded
than included studies). Imbalanced training sets are
problematic because there is less relevant informa-
tion that the classifier can be trained on. One way to
deal with this issue is to “under-sample” excluded
studies for the training dataset [11].

Risk of bias
The overall conclusion from the research in-

forming the performance of all these tools is that
they still require human supervision before making
a final judgment about the risk of bias. However,
their ability to identify relevant sentences to inform
the domains is promising, as it was evaluated as
comparable to the quality of the sentences identi-
fied by humans in Cochrane reviews [64].

Using a broader scope, it is also important to
acknowledge that any application of ML could
widen healthcare inequality. For instance, scien-
tists from the University of California, Berkeley,
and the University of Chicago presented evidence
of “significant racial bias” in an algorithm that
determines health care decisions for more than 70
million people in the United States [67]. While,
at the moment, there is no evidence that ML de-
ployed to support SRs has so far introduced such
bias, a proactive approach to prevent such bias
is certainly desirable. SRs are mostly conducted
including licensed health care providers who pro-
vide the necessary assurance that sensible results
congruent to current biomedical understanding,
are published. On the other hand, designers of
algorithms for ML that are used to support SRs,
may produce software that has a significant im-
pact on public well-being, while operating with
relatively limited guidance or oversight [68].

For using ML for SRs, and for any other form
of AI for health care, it is important to under-
stand the limitations and to follow the maxim
“do noharm” that can perhaps best be upheld

by the development of processes and policies to
ensure the transparency and reproducibility of AI
methods and results [69].

Tools Mentioned in This Chapter
RCT tagger: http://arrowsmith.psych.uic.edu/

cgibin/arrowsmith_uic/RCT_Tagger.cgi?ID=
15634

Robot Search: https://robotsearch.vortext.
systems/

CochraneCRS: http://crsweb.cochrane.org/login.
html

AbstrackR: http://abstrackr.cebm.brown.edu/
account/login

SWIFT review: https://www.sciome.com/swift-
review/

RobotAnalyst:https://www.google.com/url?q=
http://www.nactem.ac.uk/robotanalyst/&sa=
D&ust=1570651781470000&usg=AFQjCNE
LoyBA-49ljcJHWNsUD7BgjRJgHg

GAPscreener: https://omictools.com/gapscreener-
tool

EPPI-Reviewer 4: https://eppi.ioe.ac.uk/cms/
Default.aspx?tabid=2935

ExaCT tool: http://exactdemo.iit.nrc.ca
RobotReviewer: https://robot-reviewer.vortext.

systems/
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13.1 Fundamentals of Machine
Learning and Oral Health

The notion that neural networks, as universal
approximators, could imitate the human brain
appeared in literature as early as 1943 [1]. Six-
teen years later, the term “machine learning” was
coined by Arthur Samuel and has since become
an integral tool for assisting clinicians in mak-
ing medical diagnoses and predicting outcomes
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[2]. Two broad categories of machine learning
(ML) methods exist: supervised learning and un-
supervised learning. Supervised learning, includ-
ing classification and regression, learns a model
trained on a labeled dataset(s) thatmaps input fea-
tures/predictors to the output labels/response/out-
come. By contrast, unsupervised learning meth-
ods, including clustering, principal component
analysis, and density estimation, aim to identify
patterns from the data. In a broad sense, three
steps allow an ML model to decipher complex
patterns from training data and generalize to test-
ing data. First, a model is built using available
input data. Next, the model is subsequently tuned
and evaluated before it can finally be deployed for
the prediction of unknown future outcomes [3].
Deep learning (DL) is a recently developed type
of ML, which in many applications can achieve
better capacity than traditional ML methods due
to many factors including the advances on the
hardware end of GPU accelerated technologies
and the capability of DL methods to effectively
learn latent features. For these reasons, DL has
been a faster, if not the most rapidly, developing
branch within the ML arena. DL has become so
prominent that in recent literature, ML and DL
are mentioned mostly as parallel concepts with
the former referring only to non-DL ML meth-
ods. Following the convention, in this review,
we use ML for traditional ML methods such as
support vector machines (SVM), random forest,
adaptive boosting, and we use DL for methods
based on deep neural networks, which are capable
of extracting multiple latent features/weights of
deep hidden layers (as described in AlexNet [4])
from very large training datasets by harnessing
the power of GPUs.

There have been numerous applications of ML
in the oral health domain, specifically in den-
tistry. For instance, machine learning has been
used to determine who would be most likely to
develop root caries to provide a differential di-
agnosis for ameloblastoma and odontogenic ker-
atocysts given panoramic radiographs, to clas-
sify restorations on panographs and to determine
whether children between the ages of 11 and

15 would require extractions prior to orthodontic
treatment [5–8]. AnML application has also been
reported for early childhood caries (ECC) clas-
sification/prediction, where the best performing
algorithms were neural networks, followed by
SVM [9].

13.2 Machine Learning ‘Omics
Applications

The choice of computational methods used in a
scenario depends on the biological hypotheses
to be tested and the data available for testing.
Generally speaking, researchers collect data
at various molecular levels and from different
cellular, subcellular, and intercellular sources. In
1958, Francis Crick proposed the central dogma
of molecular biology, which explains the process
by which the genetic information in DNA is
passed on to messenger RNA (mRNA) to create
the functional products: proteins. According
to the central dogma, we can appreciate that
regulation may occur at the DNA level, the RNA
level, the protein level, or at the pathway level
involving multiple proteins or complex interplay
among DNA, RNA, and proteins. As all of these
aspects are relevant, it has become increasingly
popular to collect data in genetic, epigenetic,
transcriptomic, and proteomics domains, with
approaches including genome-wide genotyping
arrays, whole genome sequencing, whole
exome sequencing, genome-wide methylation
arrays, bisulfite sequencing, RNA sequencing
(RNA-seq), as well as metabolite and protein
quantifications. Of course, environmental factors
can also affect molecular function, in domains
such as the metabolome and microbiome, and
relate to health and disease, but these are beyond
the scope of this chapter.

Many statistical methods have been developed
to analyze the genetics and genomics data to
achieve a better understanding of biomedical
questions. In the last few decades, with the
development of ML methods such as k-means
clustering or SVM, we progressively gained the
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ability to unearth more information from big
data. More recently, given the success of neural
network-based representation learning methods
in data-driven areas, such as computer vision
(CV) and natural language processing (NLP),
researchers began applying DL frameworks into
genetics and genomics. Due to the similar data
structure (e.g., genomic sequence as a sentence)
and regular patterns (e.g., genomic sequence
motifs as words in one sentence or texture in
images), some canonical DL frameworks used in
CV and NLP can also be applied to genetic and
genomic data analysis.

There are several differences between
traditionally used statistical methods andML/DL.
Results from more traditionally used statistical
methods may be easier to interpret and thereby
explain biological mechanisms. However, these
methods heavily rely on assumptions about data
distribution, such as linear relationships between
variables or specific types of dependence or
independence among samples. ML/DL methods
have less stringent assumptions regarding data
distribution and sample relationships. Thus, they
are better equipped to handle high-dimensional,
complicated data structures with large sample
sizes.

ML has profoundly impacted the interrogation
of large, complex ‘omics datasets. For example,
ML has been used to discover novel genetic loci
and biomarkers, and to identify and classify pat-
terns in cancer genomics, leading to a better un-
derstanding of the disease process. A recent sys-
tematic review examined whether ML could play
a prognostic role in the prediction of head and
neck cancer [10]. The average reported accuracy
of ML techniques in the seven included investi-
gations ranged from 57% to 99%, demonstrating
that ML has a promising role in the prognos-
tic prediction of head and neck cancer [10, 11].
Theoretically, integrative systems genomics ap-
proaches are more comprehensive and powerful
for the detection of genotype–phenotype associa-
tions compared to analyses that utilize only one
data layer. However, integrative analysis of the
multi-omics data is challenging due to the high

dimensionality of the data and the complexity of
the biological/clinical questions. For these rea-
sons, optimal feature selection and identification
of latent patterns in the data are key advantages
that ML can offer. If and when successful, inte-
grative ‘omics can help investigators uncover and
understand the complexity of biological systems
and disease processes, identify keymolecular fea-
tures that may operate at different ‘omics lev-
els, and ultimately understand how interactions
between these elements influence disease risk or
other health endpoints. Moreover, multiple asso-
ciations, emanating from different omics layers,
that point towards the same biological pathways
are less likely to be false positives [12].

13.3 Multi-Omics and Integrative
Analyses

Applications of ML in multi-omics data
structures are becoming increasingly common.
Technological advancements in the past two
decades have facilitated advancements in
virtually all ‘omics technologies, enabling
the generation and analysis of human and
microbial DNA (genomics and metagenomics),
RNA (transcriptomics), proteins (proteomics),
and metabolites (metabolomics). In principle,
the interrogation of genomic variation can
provide information regarding single nucleotide
polymorphisms, rare variants, copy number
variants, and genomic rearrangements, among
others [12]. Transcriptomic analyses generate
data on gene expression, alternative splicing long
noncoding, small RNAs, etc. The metabolome
entails metabolite profiling in various tissues
including serum, plasma, urine, cerebrospinal
fluid (CSF), and saliva. The proteome contains
protein expression-related information such as
protein expression levels and posttranslational
modifications [12]. These next-generation
sequencing and high-throughput ‘omics methods
produce a wealth of data that, as mentioned
previously, are difficult to handle and interpret
using traditional statistical methods. Unsuper-
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vised ML methods circumvent some of these
issues and enable the detection of previously
unknown or undetectable patterns in the data,
beyond the basic identification of key features by
clustering [11]. A prime example application of
unsupervised ML in dental research has been the
analysis of disease-affected gingival tissues from
patients with chronic or aggressive periodontitis.
The algorithm by Kebschull and Papapanou [11]
demonstrated high diagnostic accuracy when
differentiating between chronic and aggressive
periodontitis diagnoses based on transcriptome
data. Subsequently, unsupervised clustering was
utilized with the ultimate goal of detecting
novel, pathobiology-based classification of
periodontitis [11].

There are two primary methods for ‘omics
data integration: multi-staged analysis and
meta-dimensional analysis. Several statistical
tools and software solutions are available for
implementing them [13]. Multi-staged analyses
separate the data analysis into several steps. In
each step, signals are enriched and ultimately the
approach enables the discovery of associations
both between data types and in relation to the
phenotype of interest [12]. Ritchie et al. [12] have
described emerging data integration methods
to uncover the complex relationships between
genomic variation and human phenotypes in
a recent review. Examples include genomic
variation analysis and domain knowledge-guided
analysis. With meta-dimensional analysis, on
the other hand, all data types are combined
in simultaneous analyses. There are three
main subtypes of meta-dimensional analysis:
concatenation-based integration, transformation-
based integration, and model-based integration
[12]. The ultimate goal of utilizing ML and
embedded biostatistical analyses to discover
genomic and other ‘omics biomarkers is to tailor
healthcare, including the practice ofmedicine and
dentistry, according to an individual’s genetic
make-up. Precision medicine is increasingly
becoming a cornerstone of medical practice and
is no longer a distant vision for the future. For
example, an ML algorithm using multi-omics

data signatures was able to discriminate between
patients with high and low breast cancer risk with
over 90% confidence [14]. Precision medicine in
dentistry, however, is still in its infancy [15].

13.4 Multi-Omics in Applications
in Dental Caries and Early
Childhood Oral Health

Dental caries is a common, complex disease
that is driven by microbial dysbiosis at the tooth
surface–biofilm interface which, if unaltered,
can lead to tooth structure dissolution and
breakdown [16, 17]. Social, environmental and
behavioral factors are known, key influences
in the development of dental caries. However,
our understanding of the pivotal, causal role
of the oral microbiome has rapidly evolved
during the last decades, owing largely to
technological advances in sequencing methods
[18]. It is now well understood that dental
caries are characterized by complex metabolic
imbalances within the dental biofilm. While the
supragingival biofilm maintains an equilibrium
of demineralization and remineralization with
the underlying tooth structure in health [19], this
balance is disrupted in dysbiosis-driven disease.
Therefore, a comprehensive understanding of the
disease process requires themeasurement of these
complex biological phenomena at the biofilm–
tooth surface interface. Apart from the various
‘omics layers that characterize the dysbiotic
biofilm environment (i.e., metagenomics, meta-
transcriptomics, proteomics, and metabolomics)
[20], the superimposition and joint analytical
consideration of human genome information,
a measure of individual susceptibility, is an
ambitious but arguably feasible goal. Additional
complexity is unavoidable if cross-kingdom
interactions are considered in the context of the
oral biofilm, via analyses of fungi and viruses
[21, 22].

Here we provide an example of a large,
community-based, genetic epidemiologic study
of early childhood oral health (ZOE 2.0), that
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Fig. 13.1 The ‘omics, clinical, and behavioral data structure in the ZOE 2.0 early childhood oral health study as an
example of an optimally served context for ML applications

has generated four levels of oral health-related
omics data: human genomics, supragingival
biofilm metagenomics, metatranscriptomics, and
metabolomics (from both host and microbiome)
[23–25]. Clinical examination data on dental
caries experience at the tooth surface level
have been collected for approximately 6500
children ages three to five, as well as a wide
array of demographic, social, behavioral, and
subjective oral health information. Although
it has been suggested that the dental caries
experience presents in distinct clusters or
patterns of clinical presentations [17, 26, 27],
this notion has not been widely replicated
or formalized in a consensus classification
system [28].

As detailed above, the ZOE 2.0 data structure
presents both opportunities and challenges
(Fig. 13.1). The former revolves around the rich
and high-quality data source among a large and
well-characterized cohort of young children. The
latter is related to the meaningful integration of
these multidimensional data structures from a
community-based study to answer biological and
clinical questions that are aligned with the notion
of precision health [15, 29]. ML applications
apply to virtually all stages of integration

and feature selection. For instance, ML-based
methods are applicable at the stage of sequencing
classification/alignment in metagenomics
analyses, such as MEGAN and PhymmBL
among others [30–32]. ML applications are also
well-suited for metabolomics and DNA/RNA
integrative analyses. Importantly, ML can be
used to identify hidden data structures and
distinct clusters of clinically-manifest disease
departing from a large number of surface-
level disease indicators. Further, it can be
used to select features of importance from
long lists of candidate disease predictors (e.g.,
environment, subjective measures, behaviors)
to aid in the development of predictive models
and ultimate decision-making adjuncts. Newer
techniques such as AutoML Tables deployed
on Google Cloud, which is designed to cover
the pipeline from the raw dataset to the
deployable ML model, are currently being
used by our team to construct ECC classifiers
with different sets of context and application-
specific predictors and develop predictive
models.

Now that we have provided an overview ofML
in ‘omics data analysis, wewill begin to introduce
applications of ML/DL in genetics and genomics
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in the following sections. The majority of ML
methods we discuss will fall under the category
of supervised ML.

13.5 Statistical Methods
Including Machine/Deep
Learning in Association
Analysis Between SNPs
and Complex Diseases

Common complex human diseases, in contrast
to Mendelian diseases, are caused and/or influ-
enced by a combination of genetic and environ-
mental factors. Dental caries, periodontal dis-
ease, Alzheimer’s disease, scleroderma, asthma,
Parkinson’s disease, kidney disease, and almost
all cancers are examples of complex diseases
[33]. With the completion of the Human Genome
Project (HGP) [34] researchers have been em-
powered to investigate the genetic pathogene-
sis of complex diseases. HGP and subsequent
international efforts including the International
HapMap Project [35–38] and the 1000 Genomes
Project [39–41] catalog common genetic variants
segregating among major continental groups and
patterns of linkage disequilibrium (LD) among
them. These efforts allow for economical and ef-
fective mapping of complex diseases, resulting in
an improved understanding of the genetic patho-
genesis underlying these diseases. Directly ben-
efiting from these international efforts, GWAS
have been successfully leveraged to identify ge-
netic variants associated with complex traits and
diseases, resulting in over 100,000 associations
[42]. Depending on the data type of the trait vari-
able, logistic regression or linear regression can
be performed. To detect multi-locus SNP inter-
actions in GWAS, Zhang and Liu [43] proposed
an MCMC based method, Bayesian epistasis as-
sociation mapping (BEAM). Fast epistatic inter-
action detection using Markov blanket FEPI-MB
[44] is a novel and fast Markov Blanket method
used to detect SNP interactions by a heuristic
search.

Research interests have further expanded from
single-locus tests to interaction tests intended to

find interacting SNPs jointly associated with a
given trait using analysis methods including ML
and DL methods.

Two very commonly used ML methods are
random forest (RF) and SVM. An early RF-based
method required a marginal effect of at least one
of the SNP pairs in the SNP pair interaction
detection [45]. Several approaches have been
developed to address this limitation of RF [46–
52]. In this application, SVM outperformed
other methods in detecting SNP interactions
in both simulated and real data. Furthermore,
the results of SVM are easy to interpret and
the technique reduces instability in response
variables. Nonetheless, some challenges of
the applications of SVM include potentially
unacceptable type I errors and its applicability
to a small number of SNPs. SVM approaches are
also fundamentally distance-based and therefore
must be extended to properly handle missing data
and genetic heterogeneity [53–58]. Although RF
techniques can be viewed in the context of a
distance-based method [59], the RF framework
allows these considerations to be more easily
integrated.

DL methods today are normally referred to as
neural networks (NNs) based methods. When in-
vestigating complex diseases, NNs are commonly
trained using known SNPs as inputs and disease
traits as outputs. Linkage (identifying linkage
between a disease locus and a marker) and as-
sociation (identifying linkage disequilibrium of
a disease locus and a marker) analysis are the
two different methods used to discover SNPs
associatedwith a disease [60].However, DL is not
commonly used in association studies of complex
diseases.

13.6 ML and DL in CNV Calling

CNVs can be called in normal tissue or cancer
tissue. For both, a reference sample is often
needed. For example, an adjacent normal
tissue sample can be utilized as a reference
sample for CNV calling in a tumor sample.
Expectation maximization (EM) is a popular
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method deployed in various analysis methods
[61–64]. ReadDepth [65] is another approach that
uses a circular binary segmentation algorithm.
Several new methods have been published since
2015 [66–70] including CODEX [71], which
involves Poisson likelihood-based recursive
segmentation procedures. ML [72–75] and DL
[76–78] methods for CNVs are very recent and
have yet to be established. Convolutional neural
network (CNN)-based method DL-CNV [78],
for example, is a novel alignment-free method
that calls CNVs from DNA sequencing data of
a single sample. In the cancer field, some ML
methods have been explored to call both SNVs
and CNVs. For example, both Canopy [79],
which uses MCMC, and THEMIS [80], which
uses dynamic graphical models, can capture SNV
and CNV.

Consensus clustering is commonly used for
tumor subtype clustering [66]. DL methods
have recently been developed for tumor subtype
classification. For instance, Karim et al.
[67] trained Conv-LSTM and convolutional
autoencoder (CAE) to predict cancer types with
80% accuracy. Alshibli, et al. [68] proposed three
DL models to classify cancer types based on
CNVs: a six-layer convolutional net (CNN6),
residual six-layer convolutional net (ResCNN6),
and transfer learning of pertained VGG16 net.
All these approaches can be applied to study oral
cancer.

13.7 ML and DLMethods for DNA
Methylation Data

As one of the most commonly used epigenetics
measures, DNA methylation plays an important
role in the establishment of tissue-specific
gene expression and regulation processes. Both
high-density array and bisulfite sequencing-
based technologies [69] allow the measurement
of genome-wide DNA methylation at a high
resolution within large population samples.

CpG islands (CGIs) are regions of the genome
that contain a large number of CpG dinucleotide

repeats, where Cytosine and Guanine are linked
by a phosphate in a repeated sequence. These
are genetic hotspots as they are sites for active
methylation, which may affect the expression of
a gene.

With genome-wide methylation data, a
plethora of computational tools have been
employed for association testing to identify
differentially methylated regions (DMRs)
associated with phenotypes/traits in EWAS, and
to identify genetic variants associated with DNA
methylation patterns in methylation quantitative
trait loci (mQTL) studies [70].

Recent advances in ML and DL methods
have provided us with insights into epigenetic
processes and hold the promise for future research
as well as clinical and medical applications [81].
On one hand, ML/DL algorithms can be used to
impute or predict unobserved DNA methylation
states, as a response variable [82–85] or to find
DMRs [81]. For example, DeepCpG has been
shown to have interpretable model parameters,
which can be used to explain how sequence
composition affects methylation variability [83].
For another example, Zeng et al. introduced
CpGenie [86], a sequence-based DL framework,
which learns a regulatory code of DNA
methylation through a three-layer CNN to predict
the impact of noncoding variants and to produce
mQTL.

On the other hand, ML/DL algorithms can uti-
lize methylation data as explanatory features for
prediction or classification [86–89]. For example,
DNA methylation is used for the classification
of central nervous system tumors across all en-
tities and age groups by leveraging the traditional
ML method, RF [87]. Cai et al. [88]. utilized
DNA methylation data to classify lung cancer
using ensemble-based feature selection and ML
methods. The algorithm is shown to improve the
lung cancer classification accuracy, attaining ac-
curacy of 86.54%, based on leave-one-out cross-
validation. Also, DNAmethylation of distal regu-
latory sites was shown to characterize the dysreg-
ulation of cancer genes. Constructing the associ-
ation model between methylation and expression
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allowed discrimination of the true methylation-
expression pairs and false, randomized pairs [90].

13.8 ML and DLMethods for Hi-C
Data

Hi-C is a type of unbiased genome-wide chromo-
some conformation capture technologies used to
characterize chromatin spatial organization inside
the nucleus, which helps researchers to under-
stand the function of regulatory elements during
many key biological processes including differ-
entiation, meiosis, and division [91]. However,
these unbiased and untargeted Hi-C technologies,
while having the advantages to capture all-to-all
interactions, entail the generation and analysis of
unprecedented big data in the order of billions-
of-reads per sample. For example, Rao et al. [92]
generated 4.9 billion raw reads for the GM12878
lymphoid cell line, Bonev et al. [93] produced
7 billion reads for the mouse embryonic stem
cell line, and Jin et al. [94] examined 3.4 billion
reads to study IMR90, a primary human fetal
lung fibroblast cell line. Although largely needed
to attain Kb resolution mapping of chromatin
spatial organizations, such billions-of-reads per
sample remain cost-prohibitive, along with other
challenges associated with the generation of such
data including a large number of input materials
(particularly for primary tissues), high library
preparation costs, and batch effects in the pres-
ence of multiple libraries/replicates. To alleviate
these issues via in silico methods, several DL
methods have been developed recently to enhance
the resolution of Hi-C data. For reasons afore-
mentioned, most Hi-C datasets generated to date,
with 500 million or fewer reads per sample, have
been analyzed at relatively low resolutions (e.g.,
25 kb or 40 kb bins). Such coarse resolutions eas-
ily harbor multiple genes, multiple genetic vari-
ants, or multiple regulatory elements, rendering
it challenging to identify more refined structures
such as subdomains or enhancer–promotor inter-
actions [95] or to link GWAS variants and distal
regulatory elements to their target genes. HiCPlus
[95] was first put forward in an attempt to solve
the low-resolution problem in Hi-C data. It lever-

ages a DL method to enhance the resolution of a
Hi-C contact frequency matrix. The architecture
behindHiCPlus’s DLmethod is rather simple and
straightforward; it contains three layers of CNN.
Albeit simple, the trained model can be utilized
to enhance datasets from cell lines other than
the training dataset. More recently, to achieve
better performance than HiCPlus, particularly to
enhance the resolution of low-resolution Hi-C
data, HiCNN was proposed by replacing plain
networks with the shortcut connections featured
by residual networks for more effective gradient
propagation in optimization, that have 25-layer
of residual blocks, two layers of convolutions in
each residual block, and an identity shortcut in
each residual block [96]. At the same time, for the
same purpose as HiCNN, hicGAN used genera-
tive adversarial networks (GAN) to enhance the
resolution of HiC data [97].

Computational methods have also been ex-
ploited to remove various known and unknown
biases (e.g., GC content, mappability, and ef-
fective length) from high-resolution Hi-C data
[98]. On one hand, for known sources of bi-
ases, Yaffe and Tanay [99] proposed a nonpara-
metric method that modeled the probability of
observing a paired-end read spanning two frag-
ment ends [99]. In 2012, Hu et al. [100] pro-
posed HiCNorm, which fits a Poisson regression
model to remove systematic biases in the raw
Hi-C contact maps. With the parametric mod-
eling approach and fewer parameters to be es-
timated, HiCNorm demonstrated both statistical
and computational advantages over the nonpara-
metric method proposed by Yaffe and Tanay [99].
On the other hand, unknown sources of biases can
also be accounted for. For example, an iterative
correction method [101] based on the Sinkhorn-
Knoppbalancing algorithm was proposed to bal-
ance the contact frequency matrix. More specif-
ically, the method adopts the following two-step
approach to normalize Hi-C data: (1) divide each
row by the mean of the rows; (2) divide each
column by the mean of the columns. The two
steps are repeated until the means converge.

Importantly, computational methods have
also played indispensable roles in identifying
chromatin interactions from Hi-C data. After bias
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correction, researchers typically perform analysis
to generate various biologically meaningful read-
outs from Hi-C data [102, 103], including multi-
Mb resolution “A” (i.e., open and actively tran-
scribed) and “B” (i.e., compacted and repressed)
compartments, Mb resolution topologically
associating domains (TADs), tens-kb resolution
Frequently Interacting REgions (FIREs) [104,
105] and high (e.g., kb) resolution chromatin
loops [106] and interactions [107–111]. Focusing
on the detection of high-resolution chromatin
interactions, several statistical methods have
been proposed. These include Fit-HiC [112],
FitHiC2 [107], HMRF-Bayes [110], and FastHiC
[111]. Fit-HiC uses nonparametric splines to
estimate mid-range intra-chromosomal contacts.
HMRF-Bayes and FastHiC leverage hidden
Markov random field-based models to borrow
information from neighboring pairs of genomic
loci for more robust and powerful detection of
chromatin interactions. FastHiC improves upon
the Bayesian implementation in HMRF-Bayes
by employing the simulated field algorithm to
approximate the joint distribution of hidden
peak statuses. FastHiC thus efficiently detects
biological meaningful chromatin interactions and
achieves better performance than Fit-HiC and
HMRF-Bayes.

13.9 ML and DLMethods
in Analysis of Transcription
Factors

Transcription factors (TFs) are proteins that bind
to specific genomic regions/sequences to regulate
the expression of the gene(s). Understanding the
mechanism through which TFs regulate gene
expression has been a daunting task. Among
many challenges, two tasks remain under the
spotlight: (1) identifying TF binding sites (TFBS)
and (2) identifying variants that disrupt TF
binding.

For the first task, TF motif discovery has been
a long-standing problem of keen interest, for
which multiple probabilistic approaches have
been proposed. For example, an EM algorithm-
based method was the first to discover motifs

in biopolymers [113]. In the context of TF
motif discovery, the focus of inference is to
determine where the motif starts and ends
in each input sequence. Another approach,
Multiple EM for Motif Elicitation (MEME)
[114], using a position-specific scoring matrix
(PSSM) as input, discovers TF motifs from
the input sequences. Various extensions of the
MEME method [114] have been proposed,
many of which harness information germane
to evolutionary conservation to improve the
accuracy of predicted motifs. These methods
include EmnEM [115], orthoMEME [116],
PhyME [117], and Converge [117]. In more
recent years, several ML/DL methods have been
proposed for TF motif discovery, harnessing
the power of concurrent advances in ML, DL,
and other artificial intelligence approaches.
For example, Alipanahi et al. [118] presented
DeepBind to predict sequence specificities,
using one layer of CNN to compete favorably
with state-of-the-art methods such as MEME-
ChIP [119] and MatrixREDUCE [120]. Most
recently, Quang et al. [121] proposed FactorNet
using a convolutional-recurrent neural network
model to predict sequence specificity and showed
FactorNet outperformed DeepBind.

Regarding the second task, using computa-
tional methods to detect variants that affect TF
binding has been of burgeoning interest to many
investigators. One paramount motivation is to
aid the interpretation of GWAS variants. Over
80% of disease-associated variants identified
from GWAS reside in noncoding genomic
regions. For the vast majority of these noncoding
GWAS variants, the molecular and biological
mechanisms remain largely elusive. Among
the many potential reasons underlying their
associations with disease, an important one is
that genetic variants can affect TF binding.
Allelic variations at TF binding sites may lead
to dysregulated gene expression and ultimately
contribute to disease. Many methods have been
proposed for this important task. For example,
Zhou et al. [122] developed DeepSEA, a DL-
based sequence analyzer using CNN blocks
to predict the functional effects of noncoding
variants. Specifically, the method predicts a
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comprehensive epigenetic state of a sequence,
including TF binding, DNase I sensitivities, and
histone marks in multiple cell types. Despite
having only one single layer of CNN, including
convolution, Rectified Linear Unit (ReLU)
activation function, and max-pooling operation,
DeepSEA outperforms a classic RF method,
GWAVA [123]. DeFine [124] adopted a CNN
approach to predict the impact of noncoding
variants on TF binding intensities, which
achieved better performance than DeepSEA.

13.10 ML and DLMethods for
Single-Cell Transcriptomics
Data

With recent developments in single-cell RNA-
sequencing (scRNA-seq), geneticists can profile
scalable gene expression at the single-cell level,
which allows high-resolution dissection of com-
plex biological systems [125–128]. However, the
analysis of scRNA-seq data can be challenging
due to many confounding factors such as batch
effects, variable sensitivity, and gene “dropout”
(i.e., zero read-out from sequencing due to a fail-
ure to capture RNA for technical reasons) [125–
128]. VariousMLmethods have been proposed to
address the above issues. Many of these methods
produce denoised scRNA-seq data that can be
used for various tasks such as differential ex-
pression, clustering, imputation, pseudotime tra-
jectory inference, and construction of gene reg-
ulatory networks. Recently, as DL has achieved
tremendous successes in various fields (e.g., CV,
NLP, drug discovery) [129, 130], many DL meth-
ods have also penetrated scRNA-seq data analysis
and have already started to deliver on the promise
to achieve improved performance for many tasks.
Here, we only present several state-of-art DL-
based methods for the analysis of scRNA-seq
data.

Recently, Deng et al. [131] presented scScope,
a scalable deep recurrent approach that can ac-
curately and rapidly identify cell-type composi-
tion from millions of single cells. Lopez et al.
[132]. introduced single cell variational inference

(scVI), a scalable DL framework to learn the
probabilistic representation of scRNA-seq data.
ScVI appears to be comparable to or outperform
existingDLmethods likeMAGIC [133] andDCA
[134], an autoencoder-based DL framework, on
different tasks, including clustering and differen-
tial expression, while accounting for batch effects
and limited sensitivity [135]. Somemethods were
evaluated in simulated data, including simulation
of a rare cell population using a GAN [136].
SCANPY [137] is a Python-based scalable ML
toolkit for scRNA-seq data analyses, which in-
corporates many existing methods, such as SEU-
RAT [138], MONOCLE [139], SCDE/PAGODA
[140], MAST [141], CELL RANGER [142], and
SCRAN [143]. In contrast to the existing R pack-
ages underlying many of its contributing meth-
ods, SCANPY’s python implementation offers
an easy interface to many advanced and com-
putationally more efficient DL libraries such as
PyTorch, Keras, and TensorFlow. With the ad-
vancements of both scRNA-seq technology and
DL methods, we expect more enhanced tools, in
terms of both statistical and computational effi-
ciency, to become available to geneticists, which
will further empower them to decipher informa-
tion from scRNA-seq datasets.

13.11 Machine and Deep Learning
in Genomics-BasedOral
Health: Systemic Review
of Literature

To gain a better understanding of the use of
ML/DL methods with genetic or genomic data
to answer questions in oral health, a systematic
review was conducted.

13.11.1 Methods

Themethodology presented in thePRISMAState-
ment for systematic reviews (Moher et al. 2009)
was used to create the search strategy. A com-
prehensive search was done using the PubMed
database for all studies relevant to oral health,
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machine or deep learning, and genetics or ge-
nomics. The search was conducted on January 27,
2020, using the query:

(((oral[Title/Abstract] OR dental[Title/Abstract]
OR “mouth diseases”[MeSH Terms])

AND
(“machine learning” [All Fields] OR “deep

learning” [All Fields] OR “machine learning”
[mh] OR “machine learning” [majr] OR “deep
learning” [mh] OR “deep learning” [majr]))

AND
(“genomics” [All Fields] OR “genomics” [mh]

OR “genomics” [majr] OR “genetics” [All Fields])
NOT
(“review” [Publication Type] OR “review lit-

erature as topic” [MeSH Terms] OR “review”[All
Fields]).

The search strategy and results are shown in
Fig. 13.2. Thirty-nine articles were identified
with the search. The inclusion criteria for this
review were (1) the study had to be focused
on oral health and (2) the study had to use an
ML/DL method. The exclusion criterion was that

the study had to be primary literature describing
original research. If a study included oral health
in its abstract, the full text of the study was
manually reviewed. If a study used machine
or deep learning methods, it was included in
the review. Twelve of 39 studies did not pertain
to oral health. The remaining 27 studies were
included for full-text review. In the full-text
review process, three studies did not meet the
inclusion criteria. One study was not focused
on oral health, one was not primary literature,
and one did not use machine or deep learning
methods. For the remaining 24 studies, data on
disease focus, the method used, and research
tasks were extracted.

13.11.2 Results

Twenty-four studies met the criteria for the re-
view. The disease focus for each study was ex-
amined to understand the domains of oral health

Records identified through 
database searching 

(n = 39) 

Sc
re

en
in

g 
In

cl
ud

ed
 

El
ig

ib
ili

ty
 

Id
en

tif
ic

at
io

n 

Records after duplicates removed 
(n = 39) 

Records screened 
(n = 39) 

Records excluded 
(n = 12) 

Full-text articles assessed 
for eligibility 

(n = 27) 

Full-text articles excluded, 
with reasons 

(n = 3) 
• Not focused on oral 

health 
• Not primary literature 
• Not using machine or 
deep learning methods 

Studies included 
(n = 24) 

Fig. 13.2 PRISMA flow diagram for systematic review



174 D. Wu et al.

research. Ten studies pertained to research in can-
cer, and 14 studies pertained to research in other
areas. The other areas and corresponding num-
bers of studies included periodontal disease (4),
periodontitis (2), oral infections (1), oral cleft (2),
caries (2), oral microbiota (1), and oral malodor
(2).

Studies in the review used the following clas-
sification methods: SVM, RF, logistic regression,
Naïve Bayes, nearest neighbor clustering, arti-
ficial neural network (ANN), decision tree, and
deep neural network (DNN). Of all studies in-
cluded in the review, 8% of studies (2) used
deep learningmethods as DNN. The studies using
DNN were aimed at composition analysis of oral
microbiota associated with periodontal disease
[144] and predicting malodor [145]. The other
92% of studies (22) used a variety of machine
learning methods only. Fifty percent of studies
(12) used a single machine learning method in
their analyses, while the other half used a range
of two to six models for classification to attain
optimal performance. The most commonly used
machine learning method was SVM, which was
used in 79% of studies (19), and the next most
common method was RF, which was included
in 33% of studies (8). Various studies also used
machine learning in feature selection to identify
the most discriminating information in each clas-
sification task.

The research tasks were then examined to un-
derstand the research questions across all stud-
ies. The studies were divided into the following
research task categories: diagnosis, prediction,
diagnosis and prediction, prognosis, and mecha-
nism/biology. Four studies were focused on auto-
mated diagnosis. For example, Hsieh et al. [146]
presented an approach to separate healthy sub-
jects from patients with oral cavity squamous
cell carcinoma using machine learning. Six stud-
ies focused on prediction. Nakano et al. [145]
predicted oral malodor by examining microbiota
from saliva samples using deep learning. Four
studies focused on both prediction and diagno-
sis. Saxena et al. [147] used an SVM to first
identify an optimal combination of biomarkers
from saliva and pooled plaque samples and con-
sequently used an ANN and decision tree to dis-

criminate between severe early childhood caries
and caries-free samples. Three studies focused
on disease prognosis. Carnielli et al. [148] used
machine learning methods to predict the power
of prognostic signatures for oral cavity squamous
cell carcinoma. Seven studies focused on investi-
gating underlying biology involved in oral condi-
tions. For example, Torres et al. [149] identified
a genome from an oral bacterium in periodontal
samples. The various research tasks included a
degree of overlapping due to the narrow subject
area.

13.12 Discussion of Limitations
About Using ML and DL
in Genetics and Genomics
in Oral Health

ML/DL will play a more important role in pre-
diction and classification to address complicated
data structures. However, current dental-related
‘omics data studies typically have smaller sample
sizes compared to those of other disease fields,
which is a limitation of using ML/DL.

It is a ground truth that more flexible models,
with fewer fundamental assumptions about the
underlying data, may achieve lower bias at the
price of higher variance and thus require a larger
sample size to overcome the higher variance.
ML can be viewed as a toolbox with tools on a
spectrum. At the left extreme of the spectrum lies
the linear model, and on the right extreme, we
find DL methods. The spectrum can be roughly
quantified in terms of the Vapnik-Chervonenkis
dimension [150]. The methods on the left postu-
late the most stringent assumption regarding the
data and can be considered with minimum sample
sizes, although at a price of potentially high bias.
Thus, simple models can only be used when the
assumedmodel is believed to be close to the truth.

Some confidence can be given by implement-
ing simple diagnostics. Fortunately, it is not
hard to find an example where linear models
work in practice. In contrast, ML methods on
the right extreme depend on a large number
of examples. When larger sample sizes are
available, high accuracy can be achieved with
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more complex models. For example, the kernel
SVM and RF can uncover nonlinear interaction
effects that linear models cannot find. CNN’s
representation learning capacity, which has
successfully decreased the classification error
rate to less than the human error level, may not
be available in most of the non-DL methods.

Thus, when studying ‘omics data, knowledge
of what methods are available in the ML toolbox,
how they are ordered in terms of the trade-off
between required sample size and potential bias,
and the other advantages and disadvantages of
each of them will help researchers maximize the
utility of their study design and data.

In this regard, a small sample size with high
dimensionality is a challenge in oral health ‘omics
data. The bias-variance trade-off should be con-
sidered with care. Given that the underlying as-
sociation of a disease with genotypic features
can be successfully approximated by simplemod-
els, it is worth seriously considering the classical
statistical learning methods, such as linear mod-
els and generalized linear models possibly with
sparsity penalization or after variable screening.
Prior knowledge from the domain area can be
incorporated into the model by employing the
Bayesian framework. In this context, even smaller
sample sizes can be handled.

However, ML/DL algorithms can still be con-
sidered under relatively small sample sizes. ML
is a wide collection of methods ranging from
fully nonparametric to fully parametric models.
The stronger and more parsimonious a structure
is posed, the less sample size is required. For
instance, a neural network would require smaller
sample sizes if the true model could be approx-
imated by fewer layers and nodes. Contrarily,
deep learning, which is composed of an array of
multiple layers, may not be directly applicable
in these small sample settings without extensive
regularization, or even at all for very small sample
sizes.

One approach for DL application to small sam-
ple data is dimension reduction. Autoencoders,
such as deep autoencoder (DAE), sparse autoen-
coder (SAE), and variational autoencoder (VAE),
have been popular nonlinear alternatives to prin-
cipal component analysis (PCA) [151]. Autoen-

coders can find a lower-dimensional representa-
tion of data in a nonlinear fashion. In this regard,
autoencoders are effectively automatically deter-
mining the appropriate assumptions required to
apply methods suitable for smaller sample sizes.
With the lower representation of ‘omics data,
learning the association between ‘omics data and
disease status can be done with less accuracy
deterioration due to high dimensionality.

This dimension reduction procedure can fur-
ther be enriched by incorporating external data.
While only small numbers of samples of ‘omics
data are available with the disease status and other
phenotypic data, more ‘omics data could exist
without the disease labels of interest. Although
learning a disease prediction model requires sam-
ples of all components, dimension reduction, in
general, does not require the disease labels (i.e.,
unsupervised learning) and thereby can enter-
tain the information given by extra or external
data.

This lower representation of ‘omics data can
be fed into a simpler model to learn from small-
sized data. DeepMicro [152] is one of the meth-
ods that take this DL-based two-step approach
in metagenomics. In two-step approaches, intrin-
sic minimal information is learned about the ge-
nomics data without disease labels (i.e., STEP 1,
unsupervised learning by autoencoders), and the
association between the low-dimensional repre-
sentation of genomics data and the disease labels
are further learned in a supervisedway (i.e., STEP
2). In STEP 2, convolutional layers can be con-
structed to reflect the established knowledge of
the phylogenetic tree structure [153].

Ultimately, the number of samples can be in-
creased along with the decreasing sequencing
cost.

13.13 Summary and Conclusion
of ML and DL in Genetics
and Genomics in Oral Health

Statistical and ML methods have been used in
many genomics data analysis fields to answer oral
health-related questions. The disease phenotypes
include, but are not limited to, early childhood
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caries, periodontitis, cleft palate, and oral cancer.
One of the fundamental challenges is that the
disease phenotypes are not always well defined,
and the clinical definition may reflect more of the
symptoms instead of being associated with bio-
logical or genomicsmechanisms. Instead of using
a single diagnosis value to define a disease, the
trend is to use multiple measurements/features to
describe the phenotypes. Concurrently, genomics
data are typically high-dimensional, have correla-
tion structures, and potentially extensive missing
data and zeros. Multiple layers of ‘omics data
from the same cohort of subjects provide oppor-
tunities to investigate diseases more thoroughly,
but as the next era of data integration, they also
bring challenges.

Here, we introduced an example study from a
large cohort in ZOE 2.0 and reviewed ML/DL-
based data analysis methods to answer questions
in genetics and genomics in biological and clin-
ical fields, including the oral health field. Not
all methods discussed have been applied to an-
swer oral health questions, but they are poised
to analyze more of the ‘omics data collected in
oral health studies and dental clinics, particularly
using genomics information for precision dental
care. In the end, we discussed the reasons and
considerations for the limitations of ML/DL in
oral genetics and genomics due to the current,
relatively small sample size. Generally speak-
ing, the ML/DL tools developed or being de-
veloped can be used in answering oral genetics
and genomics questions, and hopefully, this will
facilitate the oral health clinical diagnosis and
decision-making (e.g., oral cancer, caries, and
periodontitis), as in some of the other disease
fields including breast cancer, lung cancer, among
others.
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14Machine (Deep) Learning and Finite
ElementModeling
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14.1 Introduction

Finite element analysis (FEA) uses a numeri-
cal technique called the finite element method
(FEM) to perform a simulation of a given physical
phenomenon such as static structural analysis,
steady-state thermal analysis, and dynamic anal-
ysis. In the following paragraph, we will briefly
introduce the process and theory of traditional
FEA and highlight the challenges of its use in
clinical applications.

A physical system with continuum mass
involves components of geometry and material
properties. The phenomena of the system
can be expressed by complex mathematical
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models, which consist of partial differential
equations (PDEs) and boundary conditions
(BCs). The PDEs and BCs form a boundary
value problem (BVP), and the solution of the
BVP comprehensively represents the responses
of the physical system. Those PDEs are called
the governing equations of the corresponding
physical problem. For example, in structural
analysis problems, the governing equations are
the equilibrium of forces, Hooke’s law, and
strain-displacement relations. The BCs can be
surface load, gravity, zero displacement, etc., and
the responses are displacement, strain, and stress
of the structural object.

The analytical solution (i.e., Green’s function)
to a BVP is typically only available for those
structures with very simple geometries and BCs.
In other words, analytical solutions are often
inaccessible in practical problems in which
geometries and BCs are complicated. Under this
circumstance, computational simulation methods
such as the FEM are required to solve the BVP
numerically. The FEM divides the geometry into
smaller elements (e.g., triangles) connecting by
nodes (e.g., vertices). The discretization process
is called meshing. Thus, the governing equations
become a system of algebraic equations, and the
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solutions of the system of equations represent
the responses on all the nodes and elements.
Also, we can obtain the solution anywhere in the
geometry based on interpolation (shape function)
on the neighboring nodes and elements, implying
that the complicated mathematical model of a
system is fully solved numerically. In dentistry,
researchers have utilized the FEA to perform
biomechanical analyses for complex dental
structures including braces, wire, enamel, dentin,
restoration, pulp, periodontal ligament (PDL),
and Lamina dura [1, 2].

There are two ways to generate FEA
geometries. First is through computer-aided
design (CAD) software. Three-dimensional
dental geometries, such as archwire, dental
implants, and braces, can be created in CAD
software. Figure 14.1 is an example where a four-
tooth birth-death geometry with brackets and an
archwire with 0.45 mm step bending to intrude
the lateral incisor is designed using Solidworks
(https://www.solidworks.com/). Another way to
prepare FEA geometries is by reconstructing the
scanned patient images such as computerized
tomography (CT) and magnetic resonance image
(MRI). Notably, the reconstruction of these
images is extremely time consuming, costly, and
prone to user error, and dependent on variables
such as image quality.

Moreover, material properties are measured
from true experimental data or simplified based
on reasonable assumptions. Using true experi-
mental data of material properties contributes to a
more realistic simulation results, but can be more
computationally expensive and might even result
in convergence issues.

Furthermore, meshing (or discretization) helps
reduce the degree of freedom from infinite to fi-
nite. The designation of differentmeshes is highly
dependent on user knowledge regarding FEM and
element types. For example, a coarse mesh can
reduce the computational loading but result in
inaccurate and nonmeaningful results. In contrast,
a fine mesh can generate more accurate results
due to more nodes and elements but increase
the computational loading. Thus, different types

of meshes should be assigned for different sim-
ulation problems to manage a balance between
accuracy and computing speed.

Lastly, the set-up of boundary conditions is
based on the corresponding physical problem.
As long as the corresponding physical problem
is too complicated, researchers would simplify
the boundary condition based on acceptable as-
sumptions. For example, the zero-displacement
assumption is applied to the top of a four-tooth
birth-death FEAmodel as shown in Fig. 14.1. Al-
though the top area might have some movement
in reality, it is ignored because the displacement is
too small and far away from the area of interest.
Based on the Saint-Venant’s principle, the exact
distribution of a load is not important far away
from the loaded region, as long as the resultants
of the load are correct. In the same example, the
boundary condition on the midsagittal plane is
symmetry restraint, which reduces the computa-
tional loading.

To sum, the barriers of using FEA in dental
applications include long simulation time and
user-dependent experience-based preprocessing
setup. To address these obstacles, researchers are
proposing machine learning (ML) methods to
enhance the FEA processing.

14.2 Machine Learning for
Geometry in Finite Element
Analysis

Patient-specific FEA studies typically require
manual geometry reconstruction and mesh
generation of a finite element (FE) model.
This process is extremely time-consuming and
recommended to be performed by field experts
to minimize errors. These limitations restrict
FEA from time-sensitive clinical applications
and studies with a large patient sample size. To
overcome this challenge, Liang et al. developed
a computational modeling framework based on
machine learning algorithms to automate the
geometry reconstruction process [3]. In their

https://www.solidworks.com/
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Fig. 14.1 A four-tooth
birth-death FEA model
with brackets and an
archwire with 0.45 mm
step bending to intrude the
lateral incisor. Two
boundary conditions are
illustrated in this example.
The zero-displacement
assumption is used on the
top of the model, and a
symmetric assumption is
used on the midsagittal
plane. Reprinted from Ref.
[2] with permission the
Edward H. Angle
Education and Research
Foundation
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study, they reconstructed the 3D geometries of
the aortic valve from CT images using a machine
learning based image analysis method. The
reconstructed geometries can be directly used
as an FE model. The mean discrepancy when
comparing 10 patients’ geometries reconstructed
by experts using automatic reconstruction was
0.69 mm. The valve leaflet landmark and
attachment curves on the root surface were
detected. The FE models of valve leaflets
were reconstructed by modeling fitting. They
performed aortic valve closure FEA on 7 patients
with the geometry generated by both manual and
automatic reconstruction. The mean discrepancy
for the deformed leaflet geometry in FEA was
1.57 mm. These results demonstrate a promising
potential that the FE model generated by a
computational framework based on machine
learning algorithm can substitute the time-
consuming model generation by human.

14.3 UsingMachine Learning
to Overcome
the Computational Expenses
in Finite Element Analysis

In Sect. 14.2, we discuss how research using ML
to generate geometry for FEA. In this section, we
review two studies that use ML to overcome a
prevalent disadvantage of FEA: expensive com-
putation. Critically thinking, can we bypass the
time-consuming simulations and obtain the result
directly?

The work by Liang et al. [4] answered the
question. In 2017, Liang et al. studied the rela-
tionship between shape features and numerically
predicted the risk of ascending aortic aneurysm
(AsAA) using ML approach [4]. They recon-
structed 25 AsAA patients’ aorta shapes from 3D
CT images. They developed a statistical shape
model (SSM) based on principal component anal-
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Fig. 14.2 Diagram of the modeling, simulation, and evaluation process in Ref. [4]. Reprinted from Ref. [4] with
permission the Springer Nature

ysis (PCA) to describe the distribution of shapes
across the study sample. Figure 14.2 shows the
diagram of their work. A total of 729 represen-
tative shapes were generated with quad-surface
meshing with 5000 nodes and 4950 elements. An
FEA was conducted on each of the representative
geometries with the material property based on
their previous experiment [5]. The risk score was
determined through the FEA results incorporated
with the experimental study and the improved
backward displacement method [6–10]. The re-
lationship between shape feature and the risk
score was determined by support vector machine
(SVM) and support vector regression (SVR) [11,
12]. A ten-fold cross-validation was performed to
validate the machine learning outcome. The av-
erage risk of classification accuracy was 95.58%
based on an SVM classification using SSM pa-
rameters like the shape features. The average
regression error was 0.0332 by using the same
parameters with SVR regression. Their results
show that using SSM parameters as strong shape
features to make predictions of risk scores is
consistent with FEA. To perform an FEA process,

it usually takes about 30 minutes on average.
The processing will be even longer if numerical
convergence issues occurred. In contrast, SVM
and SVR only take a few seconds to provide the
prediction. This example shows the potential of
ML approach to solving an FEA-based classifica-
tion question. However, is it possible to surrogate
FEA with ML approach but still obtain the FEA
results (for example, the stress distribution map)?

The same research team answered the question
later. In 2018, Liang et al. further developed a
deep learning (DL) model to directly estimate the
stress distributions of aorta [13]. In their study,
they combined the previous work of ML-based
geometry reconstruction and the ML-based me-
chanical analysis to provide a fully automatic
patient-specific modeling workflow to meet the
need for time-sensitive clinical applications.With
the input of anatomical model, this ML-based
mechanical analysis directly outputs FEA stress
analysis results. They designed three DLmodules
whichwere trained separately to achieve this task.
The first module, shape encoding, is a neural
network that takes the shape as an input and
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encodes it to a shape code. The parameter of this
module is obtained by PCA. The second module,
nonlinearmapping, is amultilayer neural network
that maps the shape code to the stress code. The
third module, stress decoding and encoding, is a
bidirectional neural network with multiple layers
and linear units. The stress distribution on aortic
wall from the FEA can be encoded to a stress
code, and the stress code from nonlinear mapping
can be decoded to stress distribution in this mod-
ule. The parameters of this module were obtained
by low-rank approximation (LRA). The perfor-
mance of the entire DL system was evaluated in
ten-fold cross-validation. The average errors for
VonMises stress distribution and peak VonMises
stress were 0.492% and 0.891%, respectively.
These results demonstrate that the ML approach
can accelerate the computation without sacrific-
ing the accuracy, compared to the traditional FEA
results.

14.4 Using Finite Element
Analysis Results as One
Feature inMachine Learning
for the Classification

In Sect. 14.3, we indicate the possibility of train-
ing a ML model to classify the risk of a disease
to bypass the time-consuming FEA process. In
this section, we further introduce another use of
a combination of FEA and ML that treats FEA
results as input features for a classification pre-
diction.

In 2013, Nishiyama et al. used quantitative
computed tomography (QCT) and FEA to
classify women with and without hip fracture
[14]. Twenty women with femoral neck fractures
and 15 women with trochanteric fractures were
scanned with QCT at the hip. Thirty-five age-
matched controls were also scanned. The FEA
was performed to estimate bone stiffness and
bone failure load under a typical sideways fall on
the hip. The SVM and ten-fold cross-validation
were used in their classification task. When
using only FEA for classifying the women with
and without fracture, the accuracy was 82.9%.
Combining the FEA with the volumetric bone

mineral density measured at the femoral neck
and total hip, the accuracy was 91.4%. Their
study shows that the result of FEA itself can be
an outstanding feature to serve as a classification
task in machine learning. The accuracy could
be further improved by the combination of FEA
results with other features.

14.5 Discussion and Conclusion

In this chapter, we briefly described the theory
and process of FEA and a few potential ways
to combine the FEA with ML. It is important to
note that although the applications reviewed in
this chapter were in other medical fields but not
directly in dentistry, the techniques used in other
medical applications can set a foundation for the
utilization of combined FEA and ML methods in
dental applications. For example, Liang et al. used
ML to automatically generate the aortic wall. The
same technique might be applicable to automat-
ically generate PDL which is difficult to obtain
from CT or Cone beam CT for dental simulation
models. In addition, using ML to surrogate FEA
is another promising path, which can dramatically
reduce the computational time and obtain the re-
sults in real time. With emerging digital dentistry
(i.e., orthodontic aligner therapy), ML-FEA may
offer opportunities to streamline the mechanical
design for an individual patient. However, com-
pared to the other medical fields using the FEA
withML, the geometries and boundary conditions
in dental problems are usually more complicated,
suggesting thatmore adjustments to the combined
process are needed prior to its application in den-
tal problems. Revisiting the question proposed in
Sect. 14.3, we conclude that the combination of
the FEA and ML exhibits its strength in improv-
ing the disadvantages of FEA (e.g., long com-
puting time and user-dependent knowledge). In
addition, training data is the most important role
inmachine learning, particularly in deep learning.
The results of FEA also can be considered as a
type of training data so that the combination of
the FEA and ML also enhances the accuracy of
prediction in classification problems.
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