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Abstract

Feature Engineering for 3D Medical Image Applications

Irma Lam

Chair of the Supervisory Committee:
Professor Linda Shapiro

Computer Science and Engineering

Feature engineering, including input representation, feature design, evaluation, and opti-
mization, is essential to success in machine learning. For unstructured data like images
and texts, feature engineering can often become the bottleneck in learning related tasks.
Selecting the most effective and descriptive features can improve performance, proficiency,
and precision in quantification applications, or enhance a good classifier in classification.
Features are domain-specific. In order to express input explicitly, automatically, fully, yet
intuitively, substantial knowledge of the applications and the nature of the input is often
required to decide what features to use and to optimize the design. This thesis introduces
a new set of feature engineering algorithms for medical research of 3D CT skull images
in understanding craniosynostosis disorder. Three related tasks: 1) classification using 3D
computed tomography scans of skulls, 2) severity assessment and class ranking, and 3)
pre-post surgery change are used to demonstrate the effectiveness of the features and the
algorithms that produce them.

Craniosynostosis, a disorder in which one or more fibrous joints of the skull fuse pre-
maturely, causes skull deformity and is associated with increased intracranial pressure and
developmental delays. In order to perform medical research studies that relate phenotypic
abnormalities to outcomes such as cognitive ability or results of surgery, biomedical re-
searchers need an automated methodology for quantifying the degree of abnormality of the

disorder. While several papers have attempted this quantification through statistical mod-



els, the methods have not been intuitive to biomedical researchers and clinicians who want
to use them. The goal of this work was to develop a general set of features upon which new
quantification measures could be developed and tested. The features reported in this study
were developed as basic shape measures, both single-valued and vector-valued, that are ex-
tracted from a projection-based plane of the 3D skull. This technique allows us to process
images that would otherwise be eliminated in previous systems due to poor resolution, noise

or imperfections on their original older CT scans.

e We test our new features on classification tasks and also compare their performance
to previous research. In spite of their simplicity, the classification accuracy of our new
features is significantly higher than previous results on head CT scan data from the

same research studies.

e We propose a set of features derived from CT scans of the skull that can be used to
quantify the degree of abnormality of the disorder. A thorough set of experiments
is used to evaluate the features as compared to two human craniofacial experts in a

ranking evaluation.

e We study pre-post surgery change based on selected features we use in quantifying
the severity of deformity of the disorder. Using the same selected features, we also

compare and contrast post-surgery craniosynostosis skulls to the unaffected class.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . e iii
List of Tables . . . . . . . . . o viii
GlosSsary . . . .« . . o ix
Chapter 1: Introduction . . . . . . ... 1
Chapter 2: Related Work . . . . . . . . . . 5
2.1 Local, curvature discrepancy from normality and fusion index . . . . . . . .. 5
2.2 Feature-invariant image registration . . . . . . ... ... Lo 0oL 6
2.3 Three-dimensional vector analysis . . . . . . . .. . ... ... ... ... ... 6
2.4 Symbolic signatures . . . . .. ... 7
2.5 Azimuth-elevation-angle histogram . . . . . ... ... ... ... 7
2.6 Euclidian distance matrix . . . . . . . . . . . ... e 7
2.7 Sparse logistic regression models . . . . .. ..o 8
2.8 Classifying by visual inspection . . . . . . . ... ... ... ... L. 9
2.9 Euclidean distance matrix analysis of facial morphology . . . . . .. ... .. 9
2.10 Landmark-based adapted geometric morphometrics . . . . . . . ... ... .. 10
2.11 Dense surface-modeling of facial morphology . . . . . . . . . . ... ... ... 11
Chapter 3: Approach and methodology . . . . . . .. ... ... ... ..., 12
3.1 Data acquisition and preprocessing . . . . . . .. ..o 12
3.2 3D mesh region of interest extraction and re-orientation . . . . ... ... .. 14
3.3 2D external contour point extraction from each 3D mesh . . . . . . . ... .. 15
3.4 Aggregate and low-level feature extraction . . . . . . . .. ... ... ... .. 16
3.5 Tasks . . . . e 21
Chapter 4: Classification Experiments and Results . . . . . . ... ... ... ... 24
4.1 Classify abnormals as compared to controls . . . . .. .. .. .. .. ..... 24



4.2 Classify two and multi-abnormal as compared to each other . . . . . . .. .. 25
4.3 Discussion . . . . . ..o 26

Chapter 5: Severity Assessment and Class Ranking Experiments and Results . . . 29

5.1 Clinician ranking orders . . . . . . . . . . . ... 29
5.2 Correlations and ranking comparisons . . . . .. ... .00 29
5.3 Discussion . . . . . . L e 38
Chapter 6: Pre-post Surgery Change Effect Experiments and Results . . . . . . . 40
6.1 Metopic class . . . . . . . L 40
6.2 Sagittal class . . . . . .. L 44
6.3 Right unilateral subclass . . . . . . . .. ... Lo 49
6.4 Left unilateral subclass . . . . . . . . ..o o 55
6.5 Discussion . . . . . . . L L e 57
Chapter 7: Discussion, Conclusion, and Future Work . . . . ... ... ... ... 59
7.1 Study limitations and challenges . . . . . . . . ... .. ... 0. 59
7.2 Conclusions . . . . . . . . . 60
7.3 Future work . . . . . . .. 61
Bibliography . . . . . . . e 63

ii



LIST OF FIGURES

Figure Number Page

1.1

1.2

2.1

3.1

3.2

3.3

3.4

3.5

3.6

3.7
3.8

Top is the posterior and bottom is the anterior of a skull. Also shown are
the four main sutures of the calvarial vault. . . . . . . .. ... ... ... .. 2

Shapes of unaffected (left), sagittal, uni-coronal and metopic synostosis skulls. 3

Imperfections like holes, rings and noise as seen on some older CT scans can
make processing and shape analysis difficult. . . . .. .. .. ... ... 8

Flow chart of our system. Step A Data Acquisition and Preprocessing is not
part of the automated system being developed. . . . . . . .. ... ... ... 13

Identifying the base plane based on the nasion and opisthion anatomical
landmark points. This base plane was used as one x-y-z coordinate plane to
re-orient the entire extracted 3D ROL. . . . . . .. .. .. ... .. ... 14

Extracting a 2D external contour (right) by first projecting the 3D surface
mesh (left) onto a 2D plane (middle). Keeping only the exterior points from
the silhouette. This approach allows processing and shape analysis to be
done even on older CT scans that have noise and challenging imperfections. . 15

Original image with both nasion and opisthion anatomical landmark points in
blue (left). Removing all vertices below the base plane to obtain the extracted
ROI (right). The contour (yellow line on right) is rescaled and translated so
that it shares the same center and bounds as the ROL. . . . . ... ... ... 15

By using the Procrustes method [1] [2] [3], a mean (or average) contour is
computed from our 34 unaffected skull dataset. Each white line represents
a contour of an unaffected skull in the 34 dataset; whereas the red line rep-
resents the averaged contour of the entire unaffected group. This red line is
identical to the green lines in Fig. 3.6 . . . . . . ... .. ... ... ..... 16

(right) A more mean-unaffected like skull and (left) a less mean-unaffected
like skull. The green lines on both images are identical. The green line
represents the mean contour of the entire unaffected class contour. The white
lines on both figures represent two contours from two different skulls. . . . . . 17

(left) A less circular skull; (right) a more circular skull. . . . . . . .. ... .. 18

Ilustration of a symmetrical sagittal synostosis skull (left) and an asymmet-
rical unilateral coronal synostosis skull (right). . .. ... ... ... ..... 19

iii



3.9

3.10

3.11

3.12

5.1

5.2

5.3
5.4
5.5

5.6

5.7

5.8
5.9

(left) Left and right front-center contours, which fan 45 degree from the
horizontal x-axis, are shown in magenta. Left and right front-tip contours,
which fan 20 degree from the vertical front y-axis, are shown in cyan; (right)
left and right back contours, which fan 45 degree from the vertical back y-axis,

are shown in cyan. . . . . . . . . . . ..

(left) Components of the Angle vector at two different segment points along
a contour: front-center segment contour in magenta and front-tip segment
contour in cyan; (right) change of average slope angle towards front tip (COA)

of this more deformed metopic skull is 27.38 degree. . . . . . . ... ... ..

(left) Components of the Angle vector at two different segment points along
a contour: front-center segment contour in magenta and front-tip segment
contour in cyan; (right) change of average slope angle towards front tip (COA)

of this less deformed metopic skull is 40.93 degree. . . . . . . ... ... ...

The more deformed a sagittal skull is, the more angular its back angles are.
(left) this more deformed sagittal skull has average slope angle of back at
56.959 degree; (right) this less deformed sagittal skull has average slope angle

of back at 42.291 degree. . . . . . . ... Lo

Hlustration of a more shape-deformed metopic skull (left), which has less
angular change at the front of a skull and a more persistent sharp angle
towards the front tip, than a less shape-deformed metopic skull (right), whose
contour gradually reduces in angular sharpness towards the front tip.

The 5 most shape-deformed of the total 25 metopic skulls. The 25th was the
most severe skull and 24th was the second to the most. COA and front were
machine ranked based on features that have demonstrated high correlation

to ranks provided by the two human experts. . . . . . .. ... ... ... ..
5 metopic least shape-deformed skulls. . . . ... .. ... ... .......

5 metopic inconsistently ranked skulls . . . . .. .. ..o

Ranking orders provided by the two experts in correlation to machine ranking

measure, COA. . . . . . . . .

Mlustration of a more shape-deformed sagittal skull (left), whose back is more
angular, its width over length ratio is lower, and as a whole, it is less circular;
whereas a less shape-deformed sagittal skull (right), whose back is less angular
and as a whole, it is more circular and appears more like the mean control

skull representation. . . . . . . . . ...

5 sagittal most shape-deformed ranks. Back, cmp2Circle and cmp2Mean are
machine ranked based on features that have demonstrated high correlation

to ranking orders from the two experts. . . . . ... ... ... ... ... ..
5 sagittal least shape-deformed ranks. . . . . . . ... ... ... ..

5 sagittal inconsistently ranked skulls. . . . . .. .. ..o

iv

30

33



5.10 5 right unilateral coronal most shape-deformed ranks. cmp2Mean, w2l and
symmetry are machine ranked based on features that have demonstrated
higher correlation to ranking orders from the two experts. . . ... ... ..

5.11 5 right unilateral coronal least shape-deformed ranks. . . . . ... .. .. ..

6.1 The low and high bounds of features cmp2Mean, w2l, cmp2Circle, and sym-
metry in the unaffected class. . . . . . . . . . . ... ... ... ...

6.2 The low and high bounds of features front, back, and COA in the unaffected

6.3 Horizontal axis indicates the deformity ranks, where 1 is the least and 15 is
the most severe according to the scoring feature of change of average slope
angle towards front tip (COA) in the metopic synostosis class. . . . . . . . ..

6.4 Horizontal axis indicates the deformity ranks, where 1 is the least and 15
is the most severe according to the scoring feature of average slope angle of
front tip (front) in the metopic synostosis class. . . . . . . .. ... ... ...

6.5 5 metopic most shape-deformed pre-surgery skulls according to their COA
features scores. Pre-post change effects according to features COA and front.

6.6 Vertical axis indicates the deformity measures according to the scoring feature
of change of average slope angle towards front tip (COA) in the unaffected, the
metopic post-surgery, and the metopic pre-surgery skulls. The grey shaded
box shows where the deformity scores were out of the normal range. Note
that all the pre-surgery skulls were out of the normal range. . . . . . ... ..

6.7 Vertical axis indicates the deformity measures according to the scoring feature
of average slope angle of front tip (front) in the unaffected, the metopic post-
surgery, and the metopic pre-surgery skulls. The grey shaded box shows
where the deformity scores were out of the normal range. Note that all the
pre-surgery skulls were out of the normal range. . . . . . . . .. ... ... ..

6.8 Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is
the most severe according to the scoring feature of average slope angle of back
(back) in the sagittal class. . . . . ... ... oo oo oo

6.9 Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is the
most severe according to the scoring feature of compare to circle (ecmp2Circle)
in the sagittal class. . . . . . . . . . ... ..

6.10 Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is
the most severe according to the scoring feature of compare to mean unaffected
(ecmp2Mean) in the sagittal class. . . . . . .. ... ... oL

6.11 Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is
the most severe according to the scoring feature of width to length ratio (w2l)
in the sagittal class. . . . . . . . . . ...

41

43



6.12

6.13

6.14

6.15

6.16

6.17

6.18

6.19

6.20

5 sagittal most shape-deformed pre-surgery skulls according to their back
features scores. Score changes of features back, cmp2Circle, cmp2Mean, and

w2l from each of these 5 pre-surgery skulls to its 2-year post-surgery status. .

Vertical axis indicates the deformity measures according to the scoring feature
of average slope angle of back (back) in the unaffected, the sagittal post-
surgery, and the sagittal pre-surgery skulls. The grey shaded box shows
where the deformity scores were out of the normal range. Note that almost

all the pre-surgery skulls were out of the normal range. . . . . . . . . ... ..

Vertical axis indicates the deformity measures according to the scoring feature
of compare to circle (ecmp2Circle) in the unaffected, the sagittal post-surgery,
and the sagittal pre-surgery skulls. The grey shaded box shows where the
deformity scores were out of the normal range. Note that almost all the

pre-surgery skulls were out of the normal range. . . . . . . .. ... ... ...

Vertical axis indicates the deformity measures according to the scoring feature
of compare to mean unaffected (cmp2Mean) in the unaffected, the sagittal
post-surgery, and the sagittal pre-surgery skulls. The grey shaded box shows
where the deformity scores were out of the normal range. Note that almost

half of the pre-surgery skulls were out of the normal range. . . . . ... ...

Vertical axis indicates the deformity measures according to the scoring feature
of width to length ratio (w2l) in the unaffected, the sagittal post-surgery,
and the sagittal pre-surgery skulls. The grey shaded box shows where the
deformity scores were out of the normal range. Note that majority of the

pre-surgery skulls were out of the normal range. . . . . . . .. ... ... ...

Horizontal axis indicates the deformity ranks, where 1 is the least and 12 is
the most severe according to the scoring feature of compare to mean unaffected

(ecmp2Mean) in right unilateral coronal subclass. . . . . ... ... ... ...

Horizontal axis indicates the deformity ranks, where 1 is the least and 12 is the
most severe according to the scoring feature of symmetry in right unilateral

coronal subclass. . . . .. L

Horizontal axis indicates the deformity ranks, where 1 is the least and 12 is
the most severe according to the scoring feature of width to length ratio (w2l)

in right unilateral coronal subclass. . . . . . .. .. ... o0 0oL

5 right unilateral coronal most shape-deformed pre-surgery skulls according
to their ecmp2Mean features scores. Score changes of features cmp2Mean,
symmetry, and w2l from each of these 5 pre-surgery skulls to its 2-year post-

surgery status. . . ... oL oL L e

vi

48



6.21

6.22

6.23

6.24

6.25

Vertical axis indicates the deformity measures according to the scoring feature
of compare to mean unaffected (cmp2Mean) in the unaffected, the right uni-
coronal post-surgery, and the right uni-coronal pre-surgery skulls. The grey
shaded box shows where the deformity scores were out of the normal range.
Note that half of the pre-surgery skulls were out of the normal range.

Vertical axis indicates the deformity measures according to the scoring feature
of symmetry in the unaffected, the right uni-coronal post-surgery, and the
right uni-coronal pre-surgery skulls. The grey shaded box shows where the
deformity scores were out of the normal range. Note that more than half of

the pre-surgery skulls were out of the normal range. . . . ... ... .. ...

Vertical axis indicates the deformity measures according to the scoring feature
of width to length ratio (w2l) in the unaffected, the right uni-coronal post-
surgery, and the right uni-coronal pre-surgery skulls. The grey shaded box
shows where the deformity scores were out of the normal range. Note that

one third of the pre-surgery skulls were out of the normal range. . . .. . ..

Horizontal axis indicates the deformity ranks, where 1 is the least and 9 is the
most severe according to the scoring feature of compare to mean unaffected

(ecmp2Mean) in left unilateral coronal subclass. . . . .. ... ... ... ...

Vertical axis indicates the deformity measures according to the scoring feature
of compare to mean unaffected (¢cmp2Mean) in the unaffected, the left uni-
coronal post-surgery, and the left uni-coronal pre-surgery skulls. The grey
shaded box shows where the deformity scores were out of the normal range.

Note that two of the pre-surgery skulls were out of the normal range. . . . . .

vii

95



LIST OF TABLES

Table Number Page

4.1

4.2

4.3

5.1
5.2
5.3
5.4
9.5

Accuracy with standard deviation of using each descriptor (column) indi-
vidually to distinguish each affected skull dataset (row) from 34 unaffected
skulls. . . . o 24

Accuracy with standard deviation of using each descriptor (column) collec-
tively to distinguish each affected skull dataset (row) from 34 unaffected skulls. 25

Accuracy of comparison to previous results [4]. C is coronal. M is metopic.

Sissagittal. . . . . . .. 26
Correlation coefficients of metopic ranking orders. . . . . . . .. .. .. .. .. 30
Correlation coefficients of sagittal ranking orders. . . . . . . ... .. ... .. 34
Correlation results of uni-coronal ranking orders. . . . . . ... ... .. ... 36
Correlation results of right uni-coronal ranking orders. . . . . . . ... .. .. 37
Correlation results of left uni-coronal ranking orders. . . . . . . .. .. .. .. 37

viii



GLOSSARY

CLUSTERING LASSO: a generalization of lasso that is designed for problems with highly

correlated features whose correlations are too complicated to specify.

CRANIOSYNOSTOSIS: a condition in which one or more of the fibrous sutures in an
infant skull prematurely fuses by turning into bone (ossification), thereby changing

the growth pattern of the skull.

DEFORMATIONAL PLAGIOCEPHALY: DP, a postnatal flattening of the back of the skull.

DICOM: Digital Imaging and Communications in Medicine standard.

FEATURE LEARNING: to automatically learn a good representation of the input from

unlabeled data instead of hand-engineering feature representation.

FUSED LASSO: a generalization of the lasso that is designed for problems with features

that can be ordered in some meaningful way.

LASSO: a regression method that involves penalizing the absolute size of the regression

coefficients.

LOGISTIC REGRESSION: a type of regression analysis used for predicting the outcome
of a categorical dependent variable (a dependent variable that can take on a limited

number of categories) based on one or more predictor variables.

METOPIC SYNOSTOSIS: synostosis in which the affected suture is between the frontal

bones.

X



PROCRUSTES ANALYSIS: a form of statistical shape analysis, by optimally translating,

rotating and uniformly scaling the objects in order to preserve shape for comparison.

SAGITTAL SYNOSTOSIS: synostosis in which the affected suture is between the parietal

bones.

SVM: support vector machine, a family of supervised learning models with associated
learning algorithms that analyze data and recognize patterns, used for classification

and regression analysis.

UNILATERAL CORONAL SYNOSTOSIS: synostosis in which the affected suture is between

the frontal and the parietal bones on either the right side or the left side of the skull.

WEKA: Waikato Environment for Knowledge Analysis is an open source software suite
of machine learning written in Java, developed at the University of Waikato, New

Zealand.
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Chapter 1

INTRODUCTION

It has been said if people could gain perfect clarity in high dimensions, machine learning
would not be necessary. On one hand, the human impression is typically drawn from the
three-dimensional world, in which human cognitive perception can often become fatigued
and confused, even while processing data that is only three-dimensional. On the other
hand, many problems we try to solve have far higher dimensional attributes than just three.
Adding more to the complexity, raw data is typically not in a learnable form; therefore,
features in the realm of machine learning must be first understood clearly by humans,
then designed iteratively, and finally extracted selectively before they can be successfully
utilized in problem solving. Thus, rather than analyzing all the possible attributes, the
goal is to reduce the feature choices to a set with a small number of features that are
as powerful, representable and general as possible. Feature engineering, including input
representation, feature design, evaluation, and optimization, is essential to the success in
machine learning. For unstructured data like images and texts, feature engineering can often
become the bottleneck in learning related tasks. Selecting the most effective and descriptive
features can improve performance, proficiency, and precision in quantification applications,
or enhance a good classifier in classification. Features are domain-specific, therefore, in
order to express input explicitly, automatically, fully, yet intuitively, substantial knowledge
of the applications and the nature of the input is often required in deciding what features
to use and optimizing the design. This thesis introduces a new set of feature engineering
algorithms for medical research of 3D CT skull images in understanding craniosynostosis
disorder. Our aim is to design effective low-dimensional features that can be used to classify
the top three craniosynostosis disorder classes (sagittal, metopic and unilateral coronal),
quantify shape-related deformity related to these three classes, and understand the effects

of pre-post surgery change using our selected features as part of the full circle evaluation



Normal Sutures of the Newborn Skull

Figure 1.1: Top is the posterior and bottom is the anterior of a skull. Also shown are the
four main sutures of the calvarial vault.

and optimization effort.

Craniosynostosis is a birth defect that occurs when one or more sutures, the fibrous
joints of the skull, fuse prematurely. Despite the prevalence of this condition, the natural
course of craniosynostosis is not well understood. During birth, the infant’s head needs
to pass through a narrow birth canal, but in the first three years after birth, an infant’s
skull needs to grow rapidly in response to a fast developing brain inside [5]. An infant’s
skull is made up of several bony plates (calvaria), connected by sutures. The persistence of
sutures between the calvaria is necessary for skull malleability during birth and expansion
of the cranial vault during brain growth. As shown in Fig. 1.1, the four main sutures of the
calvarial vault are the sagittal suture, left and right coronal sutures, metopic suture, and left
and right lambdoid sutures. The sutures must remain unossified so that the skull can stay
malleable and the brain can have enough space to grow properly. Most craniosynostosis
cases are isolated, with only one fibrous suture on an infant’s skull fusing prematurely,
but there are also syndromic cases with multiple affected sutures. A skull cannot easily
expand perpendicular to a closed suture, which redirects growth parallel to the closed suture.
Subsequently, a misshapen head and frequently abnormal facial features are induced [6].

Craniosynostosis occurs in one in 2,000 to 2,500 live births [5]. Sagittal synostosis, the
most common form, represents about 40% to 55% of the non-syndromic cases. Coronal

synostosis, the second most common synostosis, represents about 20% to 25%. Metopic



Figure 1.2: Shapes of unaffected (left), sagittal, uni-coronal and metopic synostosis skulls.

synostosis, the third most common synostosis, represents about 5% to 15%. Each class
shape (sagittal, unilateral coronal and metopic) is illustrated in Fig. 1.2. If left untreated,
craniosynostosis can be associated with increasing intracranial pressure and neurocognitive
delays. For instance, a patient may suffer regular dizziness, visual impairment, sleep apnea,

lower I1Q or mental retardation [7] in addition to abnormal appearance.

Currently, the diagnosis of craniosynostosis relies on clinical evaluation by a trained
clinician. During an infant’s well-child visits to a pediatrician, the doctor regularly checks
the growth of the infant’s head while performing the physical examination. If synostosis is
suspected, a CT scan of the head may be ordered as part of a standard diagnostic procedure.
Sometimes the deformity caused by craniosynostosis may be mild at birth, and the signs
can take a few months to become visually noticeable; however, early detection is essential
to a timely surgery, while the infant is experiencing rapid brain growth. The objective of
the surgery is to allow cranial expansion so that there will be adequate space for the brain
to grow, intracranial pressure can be prevented and a normal appearance of the child’s head
can be restored. Although clinicians can easily diagnose craniosynostosis and classify its
type, being able to quantify the condition (i.e., shape-deformity) automatically is important.
Manual coding by expert reviewers is expensive, time-consuming, and probably unreliable
without extensive pre-training. Automated platforms, once they are developed, are a fast,
reliable and relatively inexpensive method for obtaining precise quantification of large data

sets. Future clinical applications, in which for example a surgeon might want to quantify



pre- to post-surgery change, would be quite impractical using manual ratings in a clinical
setting.

The goal of this work was to design, evaluate, learn and optimize features that are specific
for shape-related craniosynostosis disorder studies, so that new quantification measures
could be developed and tested on large numbers of CT subject images from multiple different

sites.



Chapter 2

RELATED WORK

A literature review has shown that by applying feature design techniques to analyze
3D mesh data, we can overcome some of the long standing challenges in quantifying the
shape-related deformity caused by craniofacial disorders. We first discuss related work in

analysis of craniosynostosis disease.

2.1 Local, curvature discrepancy from normality and fusion index

To classify craniosynostosis skulls, Mendoza et al. [8] introduced a statistical shape model.
Local regional malformations, segmented by cranial bones and ridging of sutures, were
characterized into quantitative descriptors. The 71 features from each synostosis skull were
computational, geometrical measures of suture fusion index, local dense deformation, and
local curvature discrepancy in comparison to the most similar available normal shape in the
training set. This feature design required projecting the surface model into the principal
component analysis (PCA) shape space. Landmark points were marked by hand and then,
were used only to locate the base plane and extract the region of interest. In addition to
the nasion and opisthion anatomical landmarks, Mendoza used left and right dorsum sellae
landmarks as well. After locating the base plane, the method was completely landmark free.
When analyzing each synostosis skull, the approach heavily depended on correctly selecting
the most similar unaffected skull from the control class to personalize and compute the
malformations and curvature discrepancies. Mendoza was able to do so because of the ratio
between his relatively high number of unaffected skull images and low individual affected
ones. There were 90 normal subjects but 27 sagittal, 16 metopic, 3 right unilateral coronal,
and 5 left unilateral coronal skull images in his experiment. The diagnostic features could
be categorized into three: 1) fusion index to separate open from close sutures, 2) local

estimate to compute the Euclidean distance between every single point in a synostosis



surface to the closest point in its normal shape reference surface model, and 3) absolute local
curvature discrepancy in comparison to the normal shape reference surface model. Both
local deformations and curvature discrepancies were measured in millimeters in respect to
the normal shape reference. From each subject, a fusion index, deformation and curvature
discrepancy averages were obtained across all six suture regions and five cranial bones. The

accuracy of classification resulted in 95.7%, sensitivity 92.7%, and specificity 98.9%.
2.2 Feature-invariant image registration

To quantify head growth, indirect intracranial volume change, and overall surgical outcomes,
de Oliveira et al. [9] presented a semiautomatic, landmark free, rigid image registration-
based analysis method. He aimed for landmark free approach because extensive cranioplasty
after surgery could cause anatomical landmarks in the cranium to relocate unpredictably.
Each post-surgery image was aligned and transformed iteratively, then registered basing on
its static invariant pre-surgery features in the maxillofacial, an area that was not affected
in the surgical intervention and could preserve major characteristics between pre- and post
surgery images. As a result, both the source and the target meshes could be used to compute
a minimum FEuclidean distance matrix between the two in order to allow assessing their
morphological differences. The method also showed the two aligned and overlaid meshes
visually in order to illustrate the morphological changes in the three-dimensional space. The
experiment reported local deformations ranging from 0 to 21 mm, mean minimum distance
at 0.58 mm, and maximum of the minimum distances at less than 2.0 mm between the
pre-surgery and 9 days after the surgery; whereas between the 9 days after the surgery
and 1-year after the surgery, local deformations ranged from 0 to 19mm, mean minimum

distance was 1.63 mm, and maximum of the minimum distances was less than 3.0 mm.
2.3 Three-dimensional vector analysis

To characterize skull morphology for applications in image diagnosis, surgical planning
and outcome assessment, Marcus et al. [10] demonstrated and statistically validated a
three-dimensional cranial surface point cloud based vector analysis method. This highly

interactive application was written in Matlab, required an user to enter forsum sella, na-



sion, and vertex landmark positions and a specific degree interval manually to produce a
3D surface point sphere cloud starting from the dorsum sella origin. Then, tabular vectors
of the azimuth, elevation, and magnitude were computed. Finally, inter marker distances,
their averages between each of the marker pairs, and 437 cranial surface points were cal-
culated, then averaged and analyzed as single descriptive statistic value. Both the mean
standard deviation and the mean standard error resulted in less than 0.5mm, with a mean of
0.52% of the inter marker measurement in comparing this method with a baseline CT-based

measurement.
2.4 Symbolic signatures

Ruiz-Correa et al. [11] developed the cranial image, a high-dimensional distance matrix
representation of the skull, and used it to classify different types of craniosynostosis. Lin
et al. [12] extended the methodology to symbolic-signature descriptors derived from the
cranial image. With the symbolic descriptors capturing the information in the much larger
cranial image, Lin obtained a more compact representation of a 3D shape. The symbolic
shape descriptors encode global geometric properties that capture the uniqueness of each

shape class by probabilistic modeling of their local geometric properties.
2.5 Azimuth-elevation-angle histogram

Atmosukarto et al. [13] determined several measures for quantifying the severity of defor-
mational plagiocephaly (DP), a postnatal flattening of the back of the skull. Her descriptors
used the concept of an azimuth-elevation-angle histogram of the surface normals of the back
of the head and produced severity errors that were functions of the left and right side bins
of these histograms. Atmosukarto’s approach achieved high accuracy (all classification were
greater than 90%) in distinguishing DP cases from non-DP controls. Her asymmetry score

descriptor provided the best overall discrimination.

2.6 FEuclidian distance matrix

Lele and Richtsmeier [14] have used descriptors that combined Euclidian distance matriz

analysis (EDMA) and likelihood-based classification methods but the approach led to a



Figure 2.1: Imperfections like holes, rings and noise as seen on some older CT scans can
make processing and shape analysis difficult.

high error rate in the 18 — 32% range, as discussed in Ruiz-Correa [15].

2.7 Sparse logistic regression models

Yang et al. [4] developed a plane-based retrieval system that produced a variation of Ruiz-
Correa’s cranial image. To classify, Yang used logistic regression, Li-regularized logistic
regression, the fused lasso and the clustering lasso classifiers but the method requires a
high-dimensional 100 x 100 distance matrix to achieve mid-90% classification accuracy.
Yang traded higher computational and memory costs for better performance. Her method
was also sensitive to poor resolution, noise or other imperfections on the original CT scans,

as shown in Fig. 2.1; consequently, only 70 skull images could be used.

Our work builds on the work of Yang, but there are important differences. Our methods
were able to process additional data including 149 total skull images of four different types:
sagittal, unilateral coronal, metopic, and control. Yang had less data and no control images.
Yang’s features were simply a set of points taken along the contour of the skull on multiple
different planes. We have developed specific shape descriptors for our work. Finally, because
Yang had no controls, her experiments could only classify abnormals compared to other
abnormals. We are able to classify abnormals as compared to controls, which is the more
medically relevant task when it is used for diagnosis, as well as to compare our work to

Yang’s by making the same two-class comparisons and multi-class comparisons she made.



2.8 Classifying by visual inspection

In some clinics, visual inspection, a labor intensive, manual process in designing, selecting,
learning, optimizing, and utilizing features, was highly encouraged. For example, in Mas-
simis clinics [10], CT scans were restricted to severe bone constriction and hypertrophic scalp
veins or evident sellar deformation of the cranial vault. However, visual inspection is subjec-
tive and may be biased and limiting. Since procedures and test results that are consistent,
efficient and reproducible are highly valued, developing an automated, 3D image-processing-
based system for the characterization of craniosynotosis remains a research objective.
Even though our research was limited to the study of 3D CT skull images for craniosyn-
ostosis disorder applications, feature engineering can benefit many image analysis tasks in
the discipline of computer vision for the medical applications or beyond. We next discuss

related work in analysis of another craniofacial disease: autism spectrum disorders (ASD).

2.9 Euclidean distance matrix analysis of facial morphology

Using 3dMD images from 64 boys with ASD and 41 unrelated control boys, Aldridge ap-
plied Euclidean Distance Matrix Analysis (EDMA) to identity unique facial features of an
affected ASD boy population [16]. All 105 boys were between 8 and 12 years old. EDMA
is a linear distance-based morphometric approach. It does not require any registration or
fitting criteria. In Aldridge’s work, the 17 anatomical landmarks were manually annotated
on each mesh [16] and from these 17 facial landmarks, Euclidean distances were computed.
Aldridge concluded that boys with ASD demonstrated differences in facial morphology com-
pared to unaffected control boys [16]. In Aldridge’s EDMA, 39 out of 136 total measured
distances were statistically significantly different between the affected and unaffected pop-
ulation groups. For instance, distance from glabella to inner canthi on the ASD group is
significantly shorter, as are the distances also shorter from nasion to inner canthi, from na-
sion to nose, and from nasion to philtrum. By contrast, the distance from mouth to inferior
nasal region on the ASD group is significantly longer, as is the distance longer from inner
and outer canthi to the lateral upper face [16]. Aldridge’s work analyzed the shape of the

mid face; whereas our work focused on the shape of the skull.
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2.10 Landmark-based adapted geometric morphometrics

Geometric morphometrics (GM) is a commonly used landmark-based statistical analysis
of shape and size [17]. One of its primary benefits is to reveal the shape variation or the
degree of shape differences between two or more objects. GM relies on the use of landmarks,
which are often manually identified and placed on each individual image by an expert. The
Procrustes method is the gold standard for obtaining the shape information from each
image by first aligning its landmarks [1] [2]. However, the need for precise landmarks poses
several challenges. First, placing landmarks manually on an image is both time-consuming
and error-prone. Second, finding landmarks on all groups of interest could be difficult or
impossible. Third, identifying more landmark points is always desirable, but the task can
be unrealistic to reach. To overcome these types of landmarking problems, thin-plate spline
interpolation can be applied to assign semi-landmarks on curving outlines of an image. By
extending the morphometrics techniques to include both Procrustes transformation and
thin-plate spline interpolation methods, we can profile and quantitively identify various
shape characteristics from an image [3] [17]. In Procrustes analysis, landmarks in each
group, including its averaged landmarks, have the same relative locations [3]. Relative
location allows an implied correspondence to be specified among a participating set of
shapes [3]. The thin-plate spline technique aligns two landmark sets while the areas in
between landmark points are smoothly interpolated [3]. The thin-plate spline algorithm
can also be used to unwarp an image. Thus, it is a deformation tool that can be used to
describe shape differences in a 3D surface image [3]. With this tool, an abnormal shape can
be distinguished by comparing it against an averaged normal shape in the same category

(i.e., gender, age, race, and so forth).

To analyze face shape in his thesis [18], Hutton applied adapted geometric morphomet-
rics to produce high-dimensional features filled with tens of thousands of dense correspon-
dence vertices. He implemented the dense surface model algorithm, which, unlike other
approaches, required only the landmarks but no other pre-processing. Hutton’s algorithm
was able to automate the production of the full dense correspondence between the surfaces,

directly from the acquired 3D surface meshes. Adapted GM methods have also been ap-
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plied to study craniofacial shape in [3] [19] [20]. Unlike traditional geometric morphometrics
approach, which places landmarks across each face surface, Hutton’s method optimized the
usage of tens of thousands of points typically already available on a face scan. As shown
in Hutton’s thesis, these greatly increased extra data were proved to improve the accuracy

and efficiency of classification tasks and in data modeling as well.
2.11 Dense surface-modeling of facial morphology

Using 3dMD images from 72 boys with ASD, 128 first-degree relatives of the boys with ASD,
and 254 unrelated control boys, Hammond applied both adapted geometric morphometrics
and Dense Surface-Modeling (DSM) techniques to identify some unique facial features of
an affected ASD population [19]. Hammond’s DSM techniques are similar to the adapted
geometric morphometrics above in including both Procrustes transformation and thin-plate
spline interpolation. To differentiate an ASD face, a principal component analysis (PCA)
was used to compare each target dense corresponding surface mesh to an averaged face
representation (i.e., an averaged group representation of an unaffected control boy popu-
lation). In Hammond’s work, the 18 anatomical landmarks were manually annotated on
each mesh [19]. Because the differences between an ASD face and a control face are subtle,
he tried several experiments: 1) analyzing only regions where landmarks could be placed,
2) increasing the number of landmarks, 3) employing the Euclidean distance between the
DSM-based mesh of an individual face and its mirrored form as an index of symmetri-
cal measure. Hammond concluded that boys with ASD show statistically significant facial
asymmetry, particularly near the supraorbital region, zygomatic arch and forehead. On one
hand, unaffected mothers of boys with ASD also display similar significant facial asymme-
try. On the other hand, neither unaffected fathers of boys with ASD nor unaffected siblings

of boys with ASD show statistically significant facial asymmetry [19].
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Chapter 3
APPROACH AND METHODOLOGY

As shown in Fig. 3.1, our system is a general platform for 3D craniofacial shape analysis.

There are five modules:

1. Data Acquisition and Preprocessing

2. 3D Mesh Region of Interest Extraction and Re-orientation

3. 2D External Contour Points Extraction from each 3D Mesh

4. Aggregate and Low Level Features Extraction

5. Classification and Analysis
3.1 Data acquisition and preprocessing

There are five steps in the procedures for data acquisition and preprocessing including 1) CT

acquisition, 2) CT cleaning, 3) mesh extraction, 4) mesh normalization, and 5) landmarking.

CT acquisition For our craniosynostosis study, the 3D computed tomography (CT) scans
of heads were collected from hospitals in four different cities: Atlanta, Chicago, Seattle and
St. Louis. Each CT image has 64 slices and each slice is stored in 16-bit and 500 x 500 pixel
resolution according to the Digital Imaging and Communications in Medicine (DICOM)
standard.

Our study is limited to three types of synostosis: sagittal (the affected suture is between
the parietal bones), metopic (the affected suture is between the frontal bones) and unilateral
coronal (the affected suture is between the frontal and the parietal bones on either the right

side or the left side of the skull). For the control dataset, the Radiology database at Seattle
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Figure 3.1: Flow chart of our system. Step A Data Acquisition and Preprocessing is not
part of the automated system being developed.

Children’s Hospital was interrogated for children that had head CTs at age 2 years and
younger. First, all children with craniofacial malformations, including craniosynostosis,
were excluded. Next, CT scans obtained for minor head trauma, headache, or other reasons
that would not effect calvarial shape were reviewed in 3D format. Finally, cases without
abnormalities in calvarial form were used as controls. For our experiments, 149 skull meshes
were included. 34 images were from the unaffected subjects (children who do not have
craniosynostosis disorder), and 115 images were from the affected subjects (children with
sagittal synostosis, unilateral coronal synostosis, or metopic synostosis). All the subjects

were under two years of age.

CT cleaning FEach CT image is cleaned so that all surfaces below the chin (e.g. the neck,
shoulder, clothing or hands) are deleted. We do not repair the surface, fill holes or apply

any smoothing algorithm to the cleaned CT image.

Mesh extraction From the CT volume data of the head, our system first extracts the
skull slices and creates a single 3D image of the skull surface mesh. Each mesh contains
between 140,000 and 850,000 vertices. If needed, we clean up the mesh (i.e, by removing

any trace of the neck bone) to ensure best possible normalization and landmarking.
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“=,. Nasion

Base plane

Figure 3.2: Identifying the base plane based on the nasion and opisthion anatomical land-
mark points. This base plane was used as one x-y-z coordinate plane to re-orient the entire
extracted 3D ROL.

Mesh normalization Because our 3D CT scans are of random pose, our system next
performs normalization on the cleaned skull surface mesh to ensure the skull poses are
symmetrical between its left and right sides. For our analysis and classification, it is also
important that all skull surface meshes use the same coordinate reference. Therefore, after
the normalization, the skull should face front and center, and is ready for the landmarking

step.

Landmarking The final step in this module is landmarking, which locates and records
the x-y-z locations of two landmark points: nasion and opisthion. We use only two landmark
points to define our base plane. To assure consistency, the open source application meshlab
is used to mark these two points by hand on each 3D surface mesh. The x-y-z location
values of these two points are then stored in a text file so that the points can be used to

extract the ROI and contour points for data analysis and classification.
3.2 3D mesh region of interest extraction and re-orientation

Based on the location of the nasion and opisthion landmark points, the algorithm identifies
a base plane as shown in Fig. 3.2. The surface mesh on and above this base plane is
considered to be the region of interest (ROI), which our algorithm extracts and uses for the

remaining analysis. This tilted base plane replaces one of the three x-y-z coordinate planes
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Figure 3.3: Extracting a 2D external contour (right) by first projecting the 3D surface mesh
(left) onto a 2D plane (middle). Keeping only the exterior points from the silhouette. This
approach allows processing and shape analysis to be done even on older CT scans that have
noise and challenging imperfections.

Figure 3.4: Original image with both nasion and opisthion anatomical landmark points in
blue (left). Removing all vertices below the base plane to obtain the extracted ROI (right).
The contour (yellow line on right) is rescaled and translated so that it shares the same
center and bounds as the ROI.

(in our case, the new z-plane). Subsequently, the coordinate reference of the 3D ROI is
re-oriented. This module standardizes and positions the extracted ROI uniformly to ensure

accurate comparison and later analysis.

3.3 2D external contour point extraction from each 3D mesh

The bird’s-eye view from the top of a skull can reveal many unique characteristics for de-
scribing its shape. Our shape analytic system uses a simple 3D projection-based contouring
technique to extract exterior shape information from the 3D surface mesh as a whole. Our
contour extraction module first projects a top view of the 3D ROI onto a 2D plane. Then

it extracts only the exterior contour points uniformly in one-degree steps for a 360-degree
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Figure 3.5: By using the Procrustes method [1] [2] [3], a mean (or average) contour is
computed from our 34 unaffected skull dataset. Each white line represents a contour of an
unaffected skull in the 34 dataset; whereas the red line represents the averaged contour of
the entire unaffected group. This red line is identical to the green lines in Fig. 3.6

sweep. The top view of a 3D extracted ROI and its 2D external contour are shown in Fig.
3.3. The contour is rescaled and translated so that it shares the same center and bounds as
the extracted ROI, as shown in Fig. 3.4. Different numbers of contour points were experi-
mented with by varying the degree interval, but no significant differences were observed in

their resulting classification performance.

3.4 Aggregate and low-level feature extraction

Let the 2D contour be defined with an x-y axis, whose origin is at the center of the shape.
Let P = (p1, p2, ..., p36o) be the N = 360 contour points used to generate the features.

Our system uses two kinds of features: 1) low-level features that are computed directly
from the contour points and 2) aggregate features that combine multiple low-level features
mathematically to produce a single score value.

Compare to Mean Unaffected (cmp2Mean) is a single value descriptor, which compares
the contour to the contour of the mean (or average) in the unaffected subject group. As
shown in Fig. 3.5, the mean contour points are computed based on the contour points

from all unaffected subjects. The mean contour was extracted by using Procrustes transfor-
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Less similar to the mean unaffected More similar to the mean unaffected

Figure 3.6: (right) A more mean-unaffected like skull and (left) a less mean-unaffected like
skull. The green lines on both images are identical. The green line represents the mean
contour of the entire unaffected class contour. The white lines on both figures represent two
contours from two different skulls.

mation. The Procrustes method is the gold standard for obtaining the shape information
from each image by first aligning its landmarks, or contour points [1] [2]. In Procrustes
analysis, landmarks in each group, including its averaged landmarks, have the same relative
locations [3]. Relative location allows an implied correspondence to be specified among a
participating set of shapes [3]. Thus, it is a deformation tool that can be used to describe
shape differences in a 3D surface image [3]. With this tool, an abnormal shape can be
distinguished by comparing it against an averaged normal shape in the same category. A
higher error score value (in comparison to the mean unaffected) indicates a higher dissim-
ilarity of this skull to the mean representation of the unaffected group. The skull on the
right in Fig. 3.6 resembles more like the mean unaffected. This aggregate descriptor is not
used in classification module.

Width to Length Ratio (w2l) describes the ratio of the width to the length of a skull.
This is the simplest and perhaps the most widely used craniofacial feature, though not the
most powerful in this experiment. A narrow and elongated skull shape has a lower width to
length ratio value; whereas a round skull shape has value close to 1.0.

Compare to Circle (cmp2Circle) is a single-valued descriptor, which compares the 2D
contour to the shape of a circle. A higher error score value indicates a less circular skull,

as illustrated in the left of Fig. 3.7. A more circular skull is shown in the right of Fig. 3.7.
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Figure 3.7: (left) A less circular skull; (right) a more circular skull.

In order to avoid errors induced by skull size in this aggregate measure, size normalization
is used. Otherwise, a CT scan that was acquired from an older child, whose skull might be
larger would be incorrectly scored with a higher error value.

Let 742 be the maximum distance from origin to a point p € P and rp,;, be the
minimum distance. The average distance 7,4 is used to construct a circle centered at the

origin. Then, the normalized feature ecmp2Circle is defined by (3.1)

ZpEP deist - 71a,ng2

cmp2Circle =
P N X Tqug

(3.1)

Symmetry is a single-valued descriptor, which compares the contour points of the left
and right sides to determine the symmetry of a skull. A higher error score value indicates
a more asymmetrical skull. As shown in Fig. 3.8, our algorithm divides the contour into
left and right sides. The yellow lines represent the complete contour extracted from both
sides of a skull. The white lines are the mirror image from one side, flipped to the opposite
side so that the symmetrical characteristic of a skull can be easily visualized. If the yellow
and white lines meet exactly, the skull is perfectly symmetrical. For example, the unilateral
coronal skull on the right side in Fig. 3.8 shows a highly asymmetrical characteristic. The
side where the white line lies is the side our algorithm determines to have an affected suture.

Let Pr = (pr1, pro, ..., Prn, - ., prigo) be the 180 points on the right side of the contour,
P, = (ply, pla, ..., ply, ..., pligo) be those on the corresponding left side.

Let pr, = (z,y) and its corresponding point pl,, = (a,b). Let pl/, be the mirror image

of pl, along the y-axis. With origin at (0,0), pll, = (—a,b). The Euclidean distance
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Figure 3.8: Illustration of a symmetrical sagittal synostosis skull (left) and an asymmetrical
unilateral coronal synostosis skull (right).

d(prn,pll,) = /(x +a)?+ (y — b)2. Then, the normalized feature symmetry is defined by
(3.2)

o d(pr, pl’
symmetry = mep’}\’;)lipﬁ (prp ) (3.2)
avg

Angle is a low-level vector descriptor, which describes the angle between a line with the
slope of two neighboring contour points and the horizontal x-axis. In our experiments, there
are 360 contour points. Therefore, there are 180 angle descriptor features on the front side
of the skull contour, and there are another 180 on the back.

This feature is a 360-dimensional vector whose values are computed at each pair of
consecutive contour points. For such a pair (p;, p;), the angle is given by the arctangent as

in (3.3)

. ay. 1 o
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angle = arctan (3.3)

Radius Distance is a low-level vector descriptor, which describes the radius distance
from each contour point to the center of the extracted surface mesh. There are a total of
360 contour points, one degree apart. Therefore, there are a total of 180 radius distance
descriptor features on the front side of the skull contour, and there are another 180 on the

back.



20

Figure 3.9: (left) Left and right front-center contours, which fan 45 degree from the hori-
zontal x-axis, are shown in magenta. Left and right front-tip contours, which fan 20 degree
from the vertical front y-axis, are shown in cyan; (right) left and right back contours, which
fan 45 degree from the vertical back y-axis, are shown in cyan.

This feature is a 360-dimensional vector whose values are computed at each contour

point. For a point p;, the distance is given by its distance to the origin (0,0) as in (3.4)

dist(pi) = ||pil|*. (3.4)

The next two features are derived from the feature Angle. The Angle feature gave rise to
two mean quantitative scoring scalar values, Average Slope Angle of Front Tip and Average
Slope of Back.

Average Slope Angle of Front Tip (front) and Average Slope Angle of Front Center are
the two averages of the Angle vectors describing the left and right front tip angles (shown
in cyan on the left of Fig. 3.9) and left and right front center angles (shown in magenta on
the left of Fig. 3.9) on a skull. Awverage Slope Angle of Back (back) is the average of the
Angle vector describing the left and right back angles (shown in cyan on the right of Fig.
3.9) on a skull. For a more deformed metopic skull (shown in Fig. 3.10), the sharpness of
its front tip angles remain high towards the tip; whereas, in a less deformed metopic skull
(shown in Fig. 3.11), the sharpness of the front angles reduces towards the tip. For a more
deformed sagittal skull (show on the left of Fig. 3.12), the back feature scoring value tends

to be higher than on a less deformed sagittal skull (shown on the right of Fig. 3.12).
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Figure 3.10: (left) Components of the Angle vector at two different segment points along a
contour: front-center segment contour in magenta and front-tip segment contour in cyan;
(right) change of average slope angle towards front tip (COA) of this more deformed metopic
skull is 27.38 degree.

Change of Average Slope Angle Towards Front Tip (COA) describes the angular differ-
ence between the average angle of the front-center contours and the front-tip contours (the
two averages are illustrated on the left of Fig. 3.10 and on the left of Fig. 3.11). For a
more deformed metopic skull (shown in Fig. 3.10), its average front-center angle tends to be
lower and its average front-tip angle tends to be higher in comparison to the two averages
in a less deformed metopic skull. As a result, the angular difference, COA is smaller in a

more deformed metopic skull than in a less deformed metopic skull (shown in Fig. 3.11).

3.5 Tasks

Our platform can support three different kinds of tasks: classifications, severity assessment

and class ranking, and analysis of pre-post surgery change.

3.5.1 Classification

In the classification module, sequential minimal optimization (SMO) and logistic regression,
both of which are linear classifiers that assign a score to predict class are used from the
WEKA suite of classifiers. The SMO classifier is essentially a support vector machine. In
general, 10-fold cross-validation experiments are applied to evaluate the performance of

the trained classifiers, except when comparing to previous results that used 3-fold cross-
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Figure 3.11: (left) Components of the Angle vector at two different segment points along a
contour: front-center segment contour in magenta and front-tip segment contour in cyan;
(right) change of average slope angle towards front tip (COA) of this less deformed metopic
skull is 40.93 degree.

Figure 3.12: The more deformed a sagittal skull is, the more angular its back angles are.
(left) this more deformed sagittal skull has average slope angle of back at 56.959 degree;
(right) this less deformed sagittal skull has average slope angle of back at 42.291 degree.
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validation. Each experiment is run several times by randomizing the incidents in order
to observe any unexpected outliers, unusual patterns or unexplainable randomness in the

results. Prediction accuracy is recorded.

3.5.2  Severity Assessment and Class Ranking

In the classification module, a general platform, upon which basic shape measures, both
single-valued and vector-valued were extracted from a single plane projection of the 3D
skull, was developed. This technique allowed images, that would otherwise be eliminated
due to poor resolution or noise on their original CT scans and to distinguish with high
accuracy between abnormal cases in each class and controls, to be processed. In severity as-
sessment and class ranking of pre-surgery images, features were re-engineered and expanded
so that the updated versions can be used to score all the images uniformly, expressively and
completely. From each class, the features, that have above or close to 0.5 correlation to the
ranking orders provided by the two human experts, were selected. Based on each individ-
ual feature score of these selected feature list, an unique ranking order was automatically
generated so that all the skulls in each class was sorted according to this particular feature

score, which is one interpretation in describing the deformity.

3.5.8 Analysis of Pre-Post Surgery Change

In analysis of pre-post surgery change effect module, the same selected features that were
used in the severity assessment and class ranking module were used here to compute the
scores for the post-surgery skulls so that the post-surgery skulls can be quantitatively com-
pared to their pre-surgery counterparts. For completeness, the same selected features were
also used to generate the scores for the unaffected skulls so that the post-surgery skulls can
be measured against the full range of the unaffected class. For each synostosis class, we want
to understand not just what changes have taken placed after the surgery but also quanti-
tatively how much change have occurred, and how change effects vary from one synostosis

class to the other.
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Chapter 4
CLASSIFICATION EXPERIMENTS AND RESULTS

In our classification experiments, there were three affected skull datasets: a 57 subject

sagittal dataset, a 33 subject uni-coronal dataset, and a 25 subject metopic dataset.

4.1 Classify abnormals as compared to controls

Each affected skull dataset was run against the same 34 unaffected skull dataset. To compare
the effectiveness in distinguishing each affected group from controls, the above-described
features were tested, both individually and in combination.

Table 4.1 gives the results of trying each of the four features individually. Column 1
shows the accuracy for the single-valued Compare to Circle (cmp2Circle) feature. Column
2 shows the accuracy for the single-valued Symmetry (symmetry) feature. Column 3 shows
the results for the Angle feature (angleFnB) taken from 360 positions on the front and the
back of the skull. Column 4 gives the accuracy for the Radius Distance feature (distFnB)
taken from 360 positions on the front and the back of the skull. In both tables, #features

refers to the total number of aggregate and low-level features used in that column.

Table 4.1: Accuracy with standard deviation of using each descriptor (column) individually
to distinguish each affected skull dataset (row) from 34 unaffected skulls.

cmp2Circle symmetry angleFnB distFnB
#features 1 1 360 360
Sagittal 94.50 (4.46) 67.54 (5.05) 97.22 (3.93) | 95.06 (4.79)
Uni-coronal | 73.08 (10.28) 91.15 (5.72) 89.56 (9.28) | 86.65 (7.57)
Metopic 57.58 (1.60) 57.58 (1.60) 99.17 (2.64) | 91.59 (8.79)
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In Table 4.2, column 1, (c-s) contains accuracy results using both comp2Circle and
symmetry. Column 2 shows accuracy for the combination of these two features plus all the
angle features (c-s + angleFnB). Column 3 contains the accuracy for the first two features
plus all the distance features (c-s + distFnB). Column 4 shows the accuracy for all of the

features (all). The total of all features is 722.

Table 4.2: Accuracy with standard deviation of using each descriptor (column) collectively
to distinguish each affected skull dataset (row) from 34 unaffected skulls.

c-s c-s + angleFnB c-s + distFnB all

#features 2 362 362 722
Sagittal 96.70 97.22 (3.93) 95.61 (4.29) 95.58
(3.87) (4.38)

Uni-coronal 88.74 91.04 (7.54) 92.58 (5.99) 89.51
(6.58) (10.13)
Metopic 57.58 99.17 (2.64) 91.59 (8.79) 99.17
(1.60) (2.64)

4.2 Classify two and multi-abnormal as compared to each other

In Table 4.3, an additional experiment was performed in order to compare with Yang’s
results. Here, 3-fold cross validation with classifiers SMO and logistic regression were used
in order to perform a direct comparison. The results demonstrated that the descriptor
cmp2Circle is highly effective for sagittal detection, symmetry for uni-coronal, and angleFnB
for most cases. Overall, the accuracy observed was higher in this system than in Yang’s,

particularly when all the descriptors were used together.
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Table 4.3: Accuracy of comparison to previous results [4]. C is coronal. M is metopic. S is
sagittal.

Cvs M M vs S Svs C Three-Classes
C lasso 95.71 95.71 94.29 92.86
F lasso 94.29 94.29 95.71 81.43
Yang
Ly 92.86 95 93.57 91.43
Log 86.43 86.43 76.07 90
SMO 99.67 99.64 98.89 99.2
all
Log 96.55 96.34 100 -

SMO 100 100 100 100

angleFnB
Log 98.28 96.34 100 97.39
SMO 93.1 98.78 98.89 94.78

distFnB

Log 82.76 96.34 97.78 94.78
SMO 87.93 69.51 93.33 73.04

symmetry
Log 91.38 70.73 93.33 73.91
SMO 81.03 93.9 100 82.61

cmp2Circle
Log 79.31 93.9 100 86.96

4.3 Discussion

Classification was carried out to improve on prior work in which 1) no control data was

available, 2) poor resolution, noise, missing slices, and other imperfections in the CT data
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eliminated many scans from use, and 3) the quantification measure was based on the math-
ematics of the classification method, not on an intuitive measure of shape. This work has
a control set, is able to solve the imperfect data problem for many CT scans, and provides
both a simple projection technique and several intuitive shape measures as part of a general
platform.

By applying this framework on a CT surface mesh, our system can distinguish af-
fected skulls from unaffected ones. As shown in Table 4.2, the two single-valued features
(cmp2Circle and symmetry) plus the vector feature of 360 angles (angleFnB) achieves ac-
curacies of 97.22%, 91.04% and 99.17% on the classification tasks of sagittal, unilateral
coronal, and metopic vs control, respectively. Furthermore, as shown in Table 4.3, when
all features are used, accuracies reach 99.67%, 99.64%, 98.89% and 99.2% in four cases,
respectively. These results show clear improvement over previous work [4].

Note that the angle descriptor (angleFnB) gave very high accuracies both in our own
experiments of affected vs. control and on the comparison experiments with Yang’s work,
which had no controls and included classifications of pairs of classes and a 3-way class
comparison. The accuracy of this feature in the latter comparisons with the SMO classifier
was particularly high, 100% in all four cases. Since we are using cross-validation, we do
not suspect overtraining. Instead, we believe that this is just a much easier task than
distinguishing affected skulls from controls. The three abnormal classes are very different
from one another. The SMO is a very powerful classifier, and it was able to learn to
fully separate these classes on the amount of data we possess. On the more difficult task of
distinguishing affected from controls, above 99% accuracy was only achieved on the metopic
vs. control task and required the angleFnB feature.

We also note that the cmp2Circle descriptor gave very high accuracies to cases that
involved sagittal synostosis on our own experiments of sagittal vs. control and on the
comparison experiments with previous work. Similarly, the symmetry descriptor gave very
high accuracies to cases that involved unilateral coronal synostosis on our own experiments
of uni-coronal vs. control and on the comparison experiments with previous work. The
symmetry descriptor can assess and determine which side of a unilateral coronal synostosis

skull has the affected suture. In this experiment, the algorithm correctly predicted the
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affected sides in 94% of the total uni-coronal synostosis cases.

Classification is not our final goal; it merely allows us to develop and judge shape features
to be used for quantification. The results from our experiments are very promising not just
for this classification experiment but in assessing the severity of a skull’s deformation caused

by craniosynostosis and measuring the change effects from corrective surgery.
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Chapter 5

SEVERITY ASSESSMENT AND CLASS RANKING EXPERIMENTS
AND RESULTS

The 115-subject pre-surgery dataset used in this study includes 57 sagittal, 33 left or

right unilateral coronal, and 25 metopic skull images.

5.1 Clinician ranking orders

Within each of these 3 synostosis categories, two medical doctors, Expertl and Expert2,
separately used an interactive application to examine the 3D images and rank them accord-
ing to the degree of their shape-deformity from least deformed (Rank 1) to most (Rank
N).

5.2 Correlations and ranking comparisons

For all the images in each of the three synostosis classes, the features that were described in
Section 3.4 were computed, followed by an analysis of the Spearman’s correlation coefficients
between these features and the ranking orders provided by the two experts. Features that
achieved correlations close to or above 0.5 are shown for each of the classes in the following
order: 1) metopic, 2) sagittal, and 3) uni-coronal. The ordering of the classes reflects the
success of the automated methods in correlating with the expert opinions. Correlations
between the two experts are also given and also are highest for metopic, next highest for

sagittal, and quite low for uni-coronal.

5.2.1 metopic class

As shown in Table 5.1, the metopic ranking orders from the two experts were highly cor-
related at 0.7723. Nevertheless, a machine generated feature, COA, correlated at 0.8019

to Expertl and at 0.8592 to Expert2, the highest correlation we found. As demonstrated



30

Figure 5.1: Tllustration of a more shape-deformed metopic skull (left), which has less angular
change at the front of a skull and a more persistent sharp angle towards the front tip, than
a less shape-deformed metopic skull (right), whose contour gradually reduces in angular
sharpness towards the front tip.

on the left of Fig. 5.1, the slope of the front contour changes less and remains sharp from
the center towards the tip of the more deformed skull. Another feature, front, indicates the
average angular slope sharpness of the front tip. Feature front was correlated at 0.7261 to

Expertl and at 0.7281 to Expert2.

Expertl | Expert2 | COA front

Expert1 1 0.7723 0.8019 | 0.7261
Expert2 0.7723 1 0.8592 | 0.7287
COA 0.8019 0.8592 1 0.7411

front 0.7261 0.7287 0.7411 1

Table 5.1: Correlation coefficients of metopic ranking orders.

Fig. 5.2 and Fig. 5.3 show the top five most deformed and top five least deformed
metopic class skulls in order of ranking by the COA feature and in comparison to the
rankings of the front feature and those assigned by Expertl and Expert2. Here, the four
sets of ranking orders are reasonably consistent. However, the ranking of medium deformed

skulls was less consistent, as ranking results show in Fig. 5.4. One way to explain this is to
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images
COA 25 most 24 23 22 21
Expertl 24 21 10 20 23
Expert2 25 24 21 23 22
front 25 13 15 18 23

Figure 5.2: The 5 most shape-deformed of the total 25 metopic skulls. The 25th was the
most severe skull and 24th was the second to the most. COA and front were machine ranked
based on features that have demonstrated high correlation to ranks provided by the two
human experts.

images
COA 5 4 3 2 1 least
Expertl 7 3 5 4 1
Expert2 12 3 5 2 1
front 2 3 5 8 1

Figure 5.3: 5 metopic least shape-deformed skulls.

look at Fig. 5.5, where the horizontal axis shows the scoring values provided by the COA
feature and the red crosses and blue asterisks show the rankings provided by Expertl and
Expert2, respectively. There is close agreement on the most or least scored skulls, but quite

a lot of disagreement in between.
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images
COA 19 17 13 9 7
Expertl 9 22 16 15 13
Expert2 9 13 6 11 17
front 17 22 6 16 14

Figure 5.4: 5 metopic inconsistently ranked skulls

5.2.2  sagittal class

As shown in Table 5.2, the sagittal ranking orders from the two experts were moderately
correlated at 0.5135. In contrast, a machine generated feature, back, correlated at 0.6512
to Expertl and 0.5808, slightly less so, to Expert2. As shown on the left of Fig. 5.6, the
more angular is the back of a sagittal skull, the more shape-deformed is the skull. Feature
cmp2Circle is also correlated to the shape-deformity of a sagittal skull; the less circular is
a sagittal skull, the more shape-deformed it is (as shown on the left of Fig. 5.6). Feature
cmp2Mean correlated at 0.4937 to Expertl and 0.4477 to Expert2. Feature w2l is a simple
ratio of width over length of a skull. It has a negative correlation, therefore, to deformity;
when the skull is narrower or longer in proportion (also shown on the left of Fig. 5.6), the
ratio value is lower and the deformity is higher. Feature w2l had a negative correlation of
-0.4436, moderately inversely correlated to Expert2 and only -0.3510 to Expertl.

In sagittal class, feature cmp2Mean is strongly correlated to features back (0.7889),
feature cmp2Circle (0.9622) and w2l (-0.8830). Therefore, in general, the more deformed
a sagittal skull is, the less it shapes like the mean control skull representation, the more
angular it is at the back of its skull, the less circular it is, and the higher the width over
length ratio value it has.

Figures 5.7, 5.8, and 5.9 show the five most deformed, five least deformed, and five of

the middle group of sagittal skulls in order of ranking by the back feature and compared to
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Figure 5.5: Ranking orders provided by the two experts in correlation to machine ranking

measure, COA.

Figure 5.6: Illustration of a more shape-deformed sagittal skull (left), whose back is more
angular, its width over length ratio is lower, and as a whole, it is less circular; whereas a
less shape-deformed sagittal skull (right), whose back is less angular and as a whole, it is
more circular and appears more like the mean control skull representation.
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Expertl | Expert2 back cmp2Circle | cmp2Mean w2l
Expert1 1 0.5135 0.6512 0.5190 0.4937 -0.3510
Expert2 0.5135 1 0.5808 0.4868 0.4477 -0.4436
back 0.6512 0.5808 1 0.8434 0.7889 -0.7584
cmp2Circle | 0.5190 0.4868 0.8434 1 0.9622 -0.9450
cmp2Mean | 0.4937 0.4477 0.7889 0.9622 1 -0.8830
w2l -0.3510 | -0.4436 | -0.7584 -0.9450 -0.8830 1

Table 5.2: Correlation coefficients of sagittal ranking orders.

images
back 57 most 56 95 o4 53
Expertl 37 56 48 50 53
Expert2 50 57 15 20 36
cmp2Circle 56 57 45 54 52
cmp2Mean 53 56 40 57 50

Figure 5.7: 5 sagittal most shape-deformed ranks. Back, cmp2Circle and cmp2Mean are
machine ranked based on features that have demonstrated high correlation to ranking orders
from the two experts.

the cmp2Circle feature, Expertl, and Expert2. Again there is much more agreement in the

top five and bottom five groups and much less in the middle, as one would expect.

5.2.83 unilateral coronal class

The unilateral coronal class was most challenging. When both right and left unilateral
coronal skull images were analyzed together as one synostosis class, cmp2Mean was the
only feature achieving above 0.4 correlation, at 0.4358 to Expertl; and -0.0208 to Expert2.
The correlation between Expertl and Expert2 was only 0.3165. The feature w2l showed
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images
back ) 4 3 2 1 least
Expertl 14 3 2 5 7
Expert2 24 8 7 4 2
cmp2Circle 33 4 1 2 5
cmp2Mean 29 6 1 2 4
Figure 5.8: 5 sagittal least shape-deformed ranks.
images
back 47 40 38 23 11
Expertl 11 20 54 6 15
Expert2 37 43 53 23 1
cmp2Circle 43 40 23 16 21
cmp2Mean 43 41 18 14 20

Figure 5.9: 5 sagittal inconsistently ranked skulls.

a slightly higher correlation of 0.3470 to Expertl and almost no correlation to Expert2.
Similarly, feature symmetry showed a correlation of 0.3240 to Expertl and hardly any to
Expert2, as shown in table 5.3. The lack of correlation among the two experts suggests that
the two experts used different definitions of shape-deformity to class rank the synostosis

skulls.

It is worth noting that feature cmp2Mean is highly correlated to feature symmetry

(0.6836) and feature w2l (0.6014). Therefore, in general, the more deformed an unilateral



36

coronal skull is, the less it appears like the mean control representation, the more asym-

metrical it is, and the higher width over length ratio value it has.

Expertl | Expert2 | cmp2Mean w2l symmetry
Expertl 1 0.3165 0.4358 0.3470 0.3240
Expert2 0.3165 1 -0.0208 0.0810 -0.0469
cmp2Mean | 0.4358 -0.0208 1 0.6014 0.6836
w2l 0.3470 0.0810 0.6014 1 0.0917
symmetry 0.3240 -0.0469 0.6836 0.0917 1

Table 5.3: Correlation results of uni-coronal ranking orders.

To better understand unilateral coronal synostosis class, we analyzed the 21 right uni-

coronal and 12 left uni-coronal skull images separately as two subclasses.

Right unilateral coronal class When right unilateral coronal skulls were evaluated as
a subclass alone, features cmp2Mean, w2l, and symmetry achieved higher correlation to
Expertl at 0.5024, 0.4305, and 0.3750 respectively, as shown in table 5.4. Nevertheless, the
correlation between Expertl and Expert2 dropped to 0.1195 from 0.3165 in Fig. 5.3.

Fig. 5.10 and Fig. 5.11 show the top five most deformed and top five least deformed right
uni-coronal skulls in the order of ranking by the cmp2Mean feature and in comparison to the
rankings of the w2l, and symmetry features and those assigned by Expertl and Expert2.
Here, the five sets of ranking orders are reasonably consistent, particularly between the

orders from Expertl and from the cmp2Mean feature.

Left unilateral coronal class When left unilateral coronal skulls were evaluated as a
subclass alone, feature cmp2Mean achieved higher correlation to Expertl at 0.4693 but w2l
and symmetry features dropped to 0.1001 and 0.2180 respectively, as shown in table 5.5.
Additionaly, the correlation between Expertl and Expert2 increased 100% to 0.6224 when
it was evaluated as a subclass alone. The small sample size of 12 might contribute to this

coincidental high correlations between the two human experts.
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Expertl | Expert2 | cmp2Mean w2l symmetry
Expertl 1 0.1195 0.5024 0.4305 0.3750
Expert2 0.1195 1 -0.1737 0.0997 -0.2790
cmp2Mean | 0.5024 -0.1737 1 0.6612 0.7300
w2l 0.4305 0.0997 0.6612 1 0.1746
symmetry 0.3750 -0.2790 0.7300 0.1746 1

Table 5.4: Correlation results of right uni-coronal ranking orders.

images
cmp2Mean 21 most 20 19 18 17
Expertl 16 14 21 20 9
Expert2 3 18 1 19 2
w2l 16 17 14 19 8
symmetry 21 10 12 19 18

Figure 5.10: 5 right unilateral coronal most shape-deformed ranks. cmp2Mean, w2l and
symmetry are machine ranked based on features that have demonstrated higher correlation
to ranking orders from the two experts.

Expertl | Expert2 | cmp2Mean w2l symmetry
Expertl 1 0.6224 0.4693 0.1001 0.2180
Expert2 0.6224 1 0.3769 0.0270 0.2378
cmp2Mean | 0.4693 0.3769 1 0.3207 0.7368
w2l 0.1001 0.0270 0.3207 1 -0.1250
symmetry 0.2180 0.2378 0.7368 -0.1250 1

Table 5.5: Correlation results of left uni-coronal ranking orders.
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images
cmp2Mean 5 4 3 2 1 least
Expertl 10 1 4 15 2
Expert2 5 16 7 4 15
w2l 4 3 10 1 2
symmetry 15 3 7 5 1

Figure 5.11: 5 right unilateral coronal least shape-deformed ranks.

5.3 Discussion

In severity assessment and class ranking, we have described a methodology for quantifying
skull deformity using six attributes obtained from a projection of the top view of the skull of
craniosynostosis subjects. Our methods are simple, yet powerful, allowing feature extraction
even on low-quality CT images. Each of our features allows a score to be assigned to a skull
indicating the degree of deformation according to that feature. In order to assess the utility
of our features, we computed correlations between expert rankings of the skulls in each
class and the rankings of our program with each feature. For the metopic class, two of our
features, change of average slope angle towards front tip and average slope angle of front
tip, were highly correlated with both expert rankings, which were also highly correlated to
one another. For the sagittal class, there were medium-high correlations among three of our
features, average slope angle of back, compare to circle, and compare to mean unaffected, and
the experts, and a medium correlation between the two experts. For the unilateral coronal
case, two of our features, width to length ratio and symmetry, achieved a low positive
correlation with one of the experts, and the experts had a low positive correlation with each
other. However, feature compare to mean unaffected of the right unilateral coronal subclass

achieved medium correlation at 0.5025 to Expertl even when the correlation between the
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two experts was at 0.1195; and 0.4693 to Expertl for the left unilateral coronal subclass.
The experts received no prior training or instructions, which may account for some of
their disagreement. Furthermore, the reason that the experts asked us to design computer
algorithms was to provide a consistent and precise measure of the deformation. The process
of comparing our rankings and those of the experts has produced a number of new insights

that we will employ in designing and introducing new features and new scoring mechanisms.
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Chapter 6

PRE-POST SURGERY CHANGE EFFECT EXPERIMENTS AND
RESULTS

Based on the correlation results in Section 5.2, several useful features were identified and
selected from each synostosis class. The features in the metopic class included COA and
front. The features in the sagittal class included back, cmp2Circle, cmp2Mean and w2l. The
features in the right unilateral coronal subclass included cmp2Mean, w2l and symmetry.
Only one marginal feature, cmp2Mean was identified in the left unilateral subclass. All
together, there were 7 selected features: cmp2Mean, w2l, cmp2Circle, symmetry, front,
back, and COA to be used for learning and scoring purposes. The scoring features helped
to quantify the pre-post surgery changes automatically, consistently and objectively.

To understand the pre-post surgery changes, the selected features in each class were
used to analyze the post-surgery skull images by comparing them to their pre-surgery coun-
terparts, as well as the entire collection of the unaffected skull images. There were 34
unaffected skull images in the dataset. Fig. 6.1 and Fig. 6.2 show the low and high bounds
in each feature of the entire unaffected image set.

Although there were 115 pre-surgery images (25 of metopic, 57 of sagittal, 21 of right
unilateral coronal, and 12 of left unilateral coronal) in the dataset, only 57 of them (15 of
metopic, 21 of sagittal, 12 of right unilateral coronal, and 9 of left unilateral coronal) had a

complete set of pre-surgery and post-surgery skull image pair. We will examine each class.

6.1 Metopic class

There were 15 pre- and post-surgery metopic synostosis skull pairs. Both COA and front
features were used to score the pre- and post-surgery images. In Fig. 6.3, the post-surgery
COA graph, shown in red, is below the pre-surgery COA graph, shown in blue. This
indicates that 2 years after the surgery, every single subject had reduced its degree of

deformity according to the COA feature measure. Both graph lines were sorted from less to
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Feature cmp2Mean w2l cmp2Circle symmetry

Range (low) 1.75 0.681 2.74 0.787

Unalffected class

Range (high)

Unalffected class

Figure 6.1: The low and high bounds of features cmp2Mean, w2l, cmp2Circle, and symmetry
in the unaffected class.

Feature front back COA
Range (low) 6.28 28.42 -62.99

Unalffected class

Range (high)

Unalffected class

Figure 6.2: The low and high bounds of features front, back, and COA in the unaffected
class.

more severe based on the pre-surgery’s COA scoring results. As the graphs move towards
the right on the X-axis and the severity of the pre-surgery data increases, the gap between

the two lines on the vertical axis widens. This implies that the more deformed the skull
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Figure 6.3: Horizontal axis indicates the deformity ranks, where 1 is the least and 15 is the
most severe according to the scoring feature of change of average slope angle towards front
tip (COA) in the metopic synostosis class.

was before the surgery, the more reduction in severity the skull experienced two years after
the surgery. Subjects 12, 13 and 15 have the widest gaps between the pre- and post-surgery
graph lines and based on their COA features scores, they are also the most deformed skulls
prior to the surgery. On the contrary, subject 1, 3 and 4 have the narrowest gaps between
their pre- and post-surgery graph lines and they are also the least deformed skulls prior to

the surgery.

Very similar effects are shown in Fig. 6.4, where front feature scores were used instead
of COA. Again, the entire post-surgery graph line, shown in red is below the pre-surgery
graph line, shown in blue. Also similar to what was shown in the COA result above, the gap
between the two lines widens and the change effect is stronger as the two lines move towards

the right on the X-axis, where the severity of the pre-surgery skulls increase in deformity.

Fig. 6.5 shows the top five most deformed metopic skulls in the order of ranking by
their pre-surgery COA feature scores, along with the severity change effects from their

post-surgery scoring results.
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Figure 6.4: Horizontal axis indicates the deformity ranks, where 1 is the least and 15 is the
most severe according to the scoring feature of average slope angle of front tip (front) in
the metopic synostosis class.

Severity rank 15 14 13 12 11

pre-surgery

post-surgery

COA -61.51% -43.20% -52.08% -61.95% -30.22%

front -49.87% -31.78% -50.53% -62.97% -45.17

Figure 6.5: 5 metopic most shape-deformed pre-surgery skulls according to their COA
features scores. Pre-post change effects according to features COA and front.

According to the COA feature scores in Fig. 6.3, pre-surgery metopic skulls ranged from

-49.23 (least severe) to -27.38 (most severe) and post-surgery metopic skulls ranged from
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15 metopic post-surgery vs. 34 unaffected
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Figure 6.6: Vertical axis indicates the deformity measures according to the scoring feature
of change of average slope angle towards front tip (COA) in the unaffected, the metopic
post-surgery, and the metopic pre-surgery skulls. The grey shaded box shows where the
deformity scores were out of the normal range. Note that all the pre-surgery skulls were
out of the normal range.

-55.84 (least severe) to -40.06 (most severe). The deformity reduction varies from 13.44%
to 61.95%. According to the COA feature scores in Fig. 6.6, the 34 unaffected skulls ranged
from -62.99 to -49.98 while the 15 post-surgery skulls ranged from -55.84 (least severe) to
-40.06 (most severe). There were 10 post-surgery metopic skulls scoring from -49.42 to
-40.06, above -49.98, which is outside the normal range.

According to front feature scores in Fig. 6.4, pre-surgery metopic skulls ranged from
20.55 (least severe) to 34.34 (most severe) and post-surgery metopic skulls ranged from
11.38 (least severe) to 19.97 (most severe). The deformity reduction varies from 17.21% to
62.97%. According to the front feature scores in Fig. 6.7, unaffected skulls ranged from
6.28 to 16.296 . There were 6 post-surgery metopic skulls scoring from 16.58 to 19.97, above

16.296, which is outside the normal range.

6.2 Sagittal class

There were 21 pre- and post-surgery sagittal synostosis skull pairs. All back, cmp2Circle,

cmp2Mean and w2l features were used to score the pre- and post-surgery images. In Fig.
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Figure 6.7: Vertical axis indicates the deformity measures according to the scoring feature
of average slope angle of front tip (front) in the unaffected, the metopic post-surgery, and
the metopic pre-surgery skulls. The grey shaded box shows where the deformity scores were
out of the normal range. Note that all the pre-surgery skulls were out of the normal range.

6.8, the post-surgery back graph line, shown in red, is below the pre-surgery back graph
line, shown in blue. This indicates 2 years after the surgery, according to the back feature
measure, every single subject had reduced its degree of deformity. Both graph lines were
sorted from less to more severe based on the back scoring results of the pre-surgery skull
images. As the severity increases and both graphs move towards the right on the X-axis,
the gap between the two lines on the vertical axis widens. This implies the more deformed
the skull was before the surgery, the more reduction in severity the skull experienced two
years after the surgery. Subjects 11, 17, 18 and 19 have the widest gaps between the pre-
and post-surgery graph lines, and based one their back feature scores, they are also the most
deformed skulls prior to the surgery. On the contrary, subjects 1, 2, 3, 7, 10 and 16 have the
narrowest gaps between their pre- and post-surgery graph lines and 1, 2, 3, and 7 are also
the least deformed skulls prior to the surgery. Very similar effects are shown in Fig. 6.9,
where the emp2Circle feature scores were used instead of back. Again, except for subject 4,
the entire post-surgery graph line, shown in red is below the pre-surgery graph line, shown
in blue. Also similar to what was shown in the back result above, the gap between the two

lines widens as the two lines travel towards the right on the X-axis, where the severity of
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Figure 6.8: Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is the
most severe according to the scoring feature of average slope angle of back (back) in the
sagittal class.

the pre-surgery skulls increase in deformity. Similar general conclusion can be drawn in Fig.
6.10, where cmp2Mean feature scores were used instead. However, subject 1 and subject 3
had higher deformity cmp2Mean feature scores on their post-surgery skulls than on their
pre-surgery skulls. In Fig. 6.11, the post-surgery w2l graph line, shown in red is above the
pre-surgery w2l graph line, shown in blue. This is because as a sagittal skull reduces in

deformity, one of the indicators is having a more normal, or higher w2l ratio value.

Fig. 6.12 shows the top five most deformed sagittal skulls in the order of ranking by
their pre-surgery back feature scores, along with the severity change effects from their post-

surgery scoring results.

According to the back feature scores in Fig. 6.8, pre-surgery sagittal skulls ranged from
43.59 (least severe) to 53.31 (most severe) and post-surgery sagittal skulls ranged from
36.1 (least severe) to 48.8 (most severe). Subject by subject, there were improvements on
every single skull after the surgery but the reduction of deformity varied between 0.3% and
27.24%. According to the back feature scores in Fig. 6.13, unaffected skulls ranged from
28.42 to 46.23. There were 3 post-surgery sagittal skulls scoring from 46.62 to 48.8, above

46.23, which is outside the normal range.

According to the cmp2Circle feature scores in Fig. 6.9, pre-surgery sagittal skulls ranged
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Figure 6.9: Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is
the most severe according to the scoring feature of compare to circle (¢cmp2Circle) in the

sagittal class.
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Figure 6.10: Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is the
most severe according to the scoring feature of compare to mean unaffected (cmp2Mean) in

the sagittal class.
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Figure 6.11: Horizontal axis indicates the deformity ranks, where 1 is the least and 21 is
the most severe according to the scoring feature of width to length ratio (w2l) in the sagittal
class.

Severity rank 21 20 19 18 17

pre-surgery

post-surgery

back -12.55% -15.15% -23.11% -19.84% -17.25%
cmp2Circle -25.42% -14.91% -45.29% -32.66% -30.60%
cmp2Mean -34.25% -18.10% -68.56% -46.47% -46.20%

w2l 10.22% 2.35% 18.87 12.61% 12.56%

Figure 6.12: 5 sagittal most shape-deformed pre-surgery skulls according to their back
features scores. Score changes of features back, cmp2Circle, cmp2Mean, and w2l from each
of these 5 pre-surgery skulls to its 2-year post-surgery status.

from 10.29 (least severe) to 17.08 (most severe) and post-surgery sagittal skulls ranged from

7.09 (least severe) to 13.06 (most severe). Subject by subject, the reduction of deformity
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varied between 6% and 45%, but there were also 2 in which deformity increased by 2%.
According to the cmp2Circle feature scores in Fig. 6.14, unaffected skulls ranged from 2.74
to 12.24. There were 6 post-surgery sagittal skulls scoring from 12.741 to 13.064, above
12.24, which is outside the normal range.

According to the cmp2Mean feature scores in Fig. 6.10, pre-surgery sagittal skulls ranged
from 3.38 (least severe) to 10.22 (most severe) and post-surgery sagittal skulls ranged from
2.14 (least severe) to 10.45 (most severe). Subject by subject, the reduction of deformity
varied between 6% and 68.56%, but there were also 2 cases of deformity increasing by
66% and 95%. In Fig. 6.15, unaffected skulls ranged from 1.75 to 8.24 according to the
cmp2Mean feature scores and there was 1 post-surgery sagittal skull scoring at 10.45, above
8.24, which is outside the normal range.

According to the w2l feature scores in Fig. 6.11, pre-surgery sagittal skulls ranged from
0.595 (least severe) to 0.742 (most severe) and post-surgery sagittal skulls ranged from
0.652 (least severe) to 0.80 (most severe). Subject by subject, the reduction of deformity
varied between 2% and 18.87% but there were also 2 cases of deformity increasing by 4%.
According to the w2l feature scores in Fig. 6.16, unaffected skulls ranged from 0.68 to 0.94.
There was 8 post-surgery sagittal skulls scoring from 0.679 to 0.652, below 0.68, which is

outside the normal range.
6.3 Right unilateral subclass

There were 12 pre- and post-surgery right unilateral coronal synostosis skull pairs. All
cmp2Mean, symmetry and w2l features were used to score the pre- and post-surgery images.

In Fig. 6.17, the post-surgery cmp2Mean graph line, shown in red, is mostly below
the pre-surgery cmp2Mean graph line, shown in blue. This indicates that 2 years after
the surgery, according to the cmp2Mean feature measure, every single subject had reduced
its degree of deformity. Both graph lines were sorted from less to more severe based on
the pre-surgerys cmp2Mean scoring results. As the severity increases and the two graph
lines move towards the right on the X-axis, the gap between the two lines on the vertical
axis widens. This implies that the more deformed the skull was before the surgery, the

more the reduction in severity the skull experienced two years after the surgery. Subjects
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Figure 6.13: Vertical axis indicates the deformity measures according to the scoring feature
of average slope angle of back (back) in the unaffected, the sagittal post-surgery, and the
sagittal pre-surgery skulls. The grey shaded box shows where the deformity scores were out
of the normal range. Note that almost all the pre-surgery skulls were out of the normal
range.
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Figure 6.14: Vertical axis indicates the deformity measures according to the scoring feature
of compare to circle (cmp2Circle) in the unaffected, the sagittal post-surgery, and the sagit-
tal pre-surgery skulls. The grey shaded box shows where the deformity scores were out of
the normal range. Note that almost all the pre-surgery skulls were out of the normal range.
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Figure 6.15: Vertical axis indicates the deformity measures according to the scoring feature
of compare to mean unaffected (cmp2Mean) in the unaffected, the sagittal post-surgery, and
the sagittal pre-surgery skulls. The grey shaded box shows where the deformity scores were
out of the normal range. Note that almost half of the pre-surgery skulls were out of the
normal range.
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Figure 6.16: Vertical axis indicates the deformity measures according to the scoring feature
of width to length ratio (w2l) in the unaffected, the sagittal post-surgery, and the sagittal
pre-surgery skulls. The grey shaded box shows where the deformity scores were out of the
normal range. Note that majority of the pre-surgery skulls were out of the normal range.
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Right uni-coronal
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Figure 6.17: Horizontal axis indicates the deformity ranks, where 1 is the least and 12 is the
most severe according to the scoring feature of compare to mean unaffected (¢cmp2Mean) in
right unilateral coronal subclass.

11 and 8 have the widest gap between the pre- and post-surgery graph lines and based
on their cmp2Mean features scores, they are also the most deformed skulls prior to the
surgery. On the contrary, subjects 1, 2, and 6 have the narrowest gaps between their pre-

and post-surgery graph lines and they are also the least deformed skulls prior to the surgery.

Very similar effects are shown in Fig. 6.18, where symmetry feature scores were used
instead of cmp2Mean. The majority of the post-surgery graph line, shown in red is below
the pre-surgery graph line, shown in blue. However, subjects 2, 3, 5 and 12 have higher
severity scores on the post-surgery graph than on the pre-surgery graph line. Also similar
to what was shown in the cmp2Mean result above, the gap between the two lines widens as

the two lines travel towards the right on the X-axis.

Similar general conclusion can be drawn in Fig. 6.19, where w2l feature scores were
used instead. However, subject 2 has a slightly higher deformity w2l feature score on its

post-surgery graph line than on its pre-surgery graph line.

Fig. 6.20 shows the top five most deformed right unilateral coronal skulls in the order
of ranking by their pre-surgery cmp2Mean feature scores, along with the severity change

effects from their post-surgery scoring results.

According to the ecmp2Mean feature scores in Fig. 6.17, pre-surgery right unilateral
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Figure 6.18: Horizontal axis indicates the deformity ranks, where 1 is the least and 12 is
the most severe according to the scoring feature of symmetry in right unilateral coronal

subclass.
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Figure 6.19: Horizontal axis indicates the deformity ranks, where 1 is the least and 12 is the
most severe according to the scoring feature of width to length ratio (w2l) in right unilateral

coronal subclass.
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Severity rank

pre-surgery

post-surgery

cmp2Mean -26.08% -56.61% -35.75% -44.35% -48.16%
symmetry 21.3% -26.56% -20.0% -21.2% -63.09%
w2l -10.32% -7.35% -5.57% -11.35% -13.54%

Figure 6.20: 5 right unilateral coronal most shape-deformed pre-surgery skulls according to
their cmp2Mean features scores. Score changes of features cmp2Mean, symmetry, and w2l
from each of these 5 pre-surgery skulls to its 2-year post-surgery status.

coronal skulls ranged from 3.198 (least severe) to 13.513 (most severe), and post-surgery
unilateral coronal skulls ranged from 2.593 (least severe) to 9.989 (most severe). Subject
by subject, there were reduction in deformity varied from 8.41% to 61.07% but there was
also one case of deformity increasing by 14.61%. According to the cmp2Mean feature scores
in Fig. 6.21, unaffected skulls ranged from 1.75 to 8.24. There was one post-surgery right
unilateral coronal skull scoring at 9.989, above 8.24, which is outside the normal range.

According to the symmetry feature scores in Fig. 6.18, pre-surgery right unilateral coro-
nal skulls ranged from 2.69 (least severe) to 21.12 (most severe) and post-surgery unilateral
coronal skulls ranged from 36.1 (least severe) to 48.8 (most severe). Change effects of reduc-
tion or increase in deformity varied from -81% (reduction) to 187.43% (increase). According
to the symmetry feature scores in Fig. 6.22, unaffected skulls ranged from 0.787 to 8.813.
There were 6 post-surgery right unilateral coronal skulls scoring from 9.198 to 25.621, above
8.813, which is outside the normal range.

According to the w2l feature scores in Fig. 6.19, pre-surgery right unilateral coronal
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Figure 6.21: Vertical axis indicates the deformity measures according to the scoring feature
of compare to mean unaffected (¢cmp2Mean) in the unaffected, the right uni-coronal post-
surgery, and the right uni-coronal pre-surgery skulls. The grey shaded box shows where the
deformity scores were out of the normal range. Note that half of the pre-surgery skulls were
out of the normal range.

skulls ranged from 0.775 (least severe) to 0.975 (most severe) and post-surgery unilateral
coronal skulls ranged from 0.749 (least severe) to 0.905 (most severe). Change effects of
reduction or increase in deformity varied from 0.77% to -14.30%. According to the w2l
feature scores in Fig. 6.23, the unaffected skulls ranged from 0.681 to 0.94. There was no

post-surgery right unilateral coronal skulls scoring outside the normal range.

6.4 Left unilateral subclass

There were 9 pre- and post-surgery left unilateral coronal synostosis skull pairs. Feature
cmp2Mean was used to score the pre- and post-surgery images.

As shown in Fig. 6.24, 4 out of 9 post-surgery samples, shown in red are above the
pre-surgery samples, shown in blue. This implies that according to the feature cmp2Mean
scores, some skulls became more deformed 2 years after the surgery. Nevertheless, the
general trend that was observed in the metopic, sagittal and right unilateral coronal skulls
was also noted here. In general, the improvement after the surgery was measured to be

higher on those skulls that were more severe before the surgery to begin with.
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Figure 6.22: Vertical axis indicates the deformity measures according to the scoring feature
of symmetry in the unaffected, the right uni-coronal post-surgery, and the right uni-coronal
pre-surgery skulls. The grey shaded box shows where the deformity scores were out of the
normal range. Note that more than half of the pre-surgery skulls were out of the normal
range.
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Figure 6.23: Vertical axis indicates the deformity measures according to the scoring feature
of width to length ratio (w2l) in the unaffected, the right uni-coronal post-surgery, and the
right uni-coronal pre-surgery skulls. The grey shaded box shows where the deformity scores
were out of the normal range. Note that one third of the pre-surgery skulls were out of the
normal range.
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Figure 6.24: Horizontal axis indicates the deformity ranks, where 1 is the least and 9 is the
most severe according to the scoring feature of compare to mean unaffected (cmp2Mean) in
left unilateral coronal subclass.

In Fig. 6.25, unaffected skulls ranged from 1.75 to 8.24 according to the cmp2Mean
feature scores and there was no post-surgery left unilateral coronal skulls scoring outside

the normal range.

6.5 Discussion

In the pre-post surgery change effect module, we have described an approach for quantifying
the surgery change effect using seven attributes obtained from a projection of the top view
of the skull of craniosynostosis subjects before the surgeries, then again 2 years after the
surgeries and also of the unaffected subjects. Each of our features allows a score to be
assigned to a skull indicating the degree of deformation according to that features. For
the metopic class, two of our features, change of average slope angle towards front tip and
average slope angle of front tip, were highly correlated with both expert rankings were used
to study the surgery change effect. For the sagittal class, four features, average slope angle
of back, compare to circle, compare to mean unaffected, and width to length ratio were used
for the study instead. For the right unilateral coronal subclass, three features, compare to
mean unaffected, width to length ratio, and symmetry were considered most suitable. For

the left unilateral coronal subclass, feature compare to mean unaffected was the only one
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Figure 6.25: Vertical axis indicates the deformity measures according to the scoring feature
of compare to mean unaffected (cmp2Mean) in the unaffected, the left uni-coronal post-
surgery, and the left uni-coronal pre-surgery skulls. The grey shaded box shows where the
deformity scores were out of the normal range. Note that two of the pre-surgery skulls were
out of the normal range.

being considered as marginal suitable. Unlike the metopic class, the sagittal class, and
the unilateral coronal subclass, of which the studies of pre-post change effect were concise,
the experiment of the left unilateral coronal subclass was challenging and the result was
inconclusive. Based on our experimental results alone, we can neither state objectively
that the left unilateral coronal skulls have improved uniformly across nor are able to report

quantitatively how much they have changed as a subclass.
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Chapter 7
DISCUSSION, CONCLUSION, AND FUTURE WORK

The contributions of this thesis include:

1. optimizing the inclusion of prior acquired CT skull images,

2. introducing a new set of feature-engineering algorithms,

3. designing a general set of features for new quantification and scoring measures,

4. demonstrating these features with classification tasks,

5. demonstrating these features with severity assessment and class-ranking tasks, and

6. demonstrating these features with a pre-post surgery change analysis task.
7.1 Study limitations and challenges

Numerous limitations and challenges, some technical and some not, were encountered during
our studies. All obstacles were tackled and the key ones were addressed and resolved. First,
unlike the recent scans from the latest modern CT technology, the skull images used in our
experiments were acquired more than seven years ago. Noise, holes and other imperfections
were common on these older scan images. The dataset has been tremendously invaluable
to our study, yet it was challenging to work with. The path in gathering data, integrating
it, cleaning it, pre-processing it, trying it out, then rejecting or accepting it to be used in
our studies has been time consuming, and occasionally difficult as well. Our intent was
to use as many images from as many subjects as possible. Yet finding a way to overcome
the noise and imperfections without altering the shape-characteristics of the skull images

has been an iterative trial-by-error experiment. Committing to use the raw images as they



60

were originally generated was both a challenge and a contribution towards our automation
goal. Translating an imperfect 3D skull image into a 2D contour so that the 3D shape
characteristic of the skull can be preserved, described and analyzed was our response to
the ultimate project objective. At the end, we were able to design domain-specific features
and verify them on over 150 craniosynostosis skull images, in which many were disqualified
and dismissed previously because of their poor scan quality. Second, the size of the 57
pre-post pair dataset (15 of metopic, 21 of sagittal, 12 of right unilateral coronal, and 9 of
left unilateral coronal class) was small. Even though we had 57 sagittal pre-surgery skull
images to start with, only 21 of them had a complete pre-post image set. Good engineering
can never make up for the lack of data but we put our good faith in the data that we did
have and proceeded forward with them. Third, the single-plane projection-based exterior
contouring technique limited the full utilization of a 3D image. For instance, even though
the contour could effectively capture the far-most protrusions in the skull, the indentations
behind the protrusions were hidden and left out in the 2D exterior contour. Consequently,
the selected features could not describe, analyze and rank what were not on the contour
representations. Therefore, our tasks did not completely reflect the performance of the
features. Fourth, the single-plane 2D contour restricted the development of some more
powerful features. In order to describe a 3D skull for truly three-dimensional quantitative
analysis, features that are unique to the multiple-plane contours along the superior-inferior
axis should be implemented. Fifth, ideally, instead of marking the landmark points nasion
and opisthion by hand, the landmarking module would have been automated to further
promote objectivity, consistency and efficiency. Sixth, the different definitions of deformity
used to assess severity by the two experts, a pediatrician and a surgeon, may account for

some of their disagreement.
7.2 Conclusions

We accomplished our three aims. First, we tested our new features on classification tasks
and also compared their performance to previous research. In spite of their simplicity, the
classification accuracy of our new features was significantly higher than previous results

on head CT scan data from the same research studies. Second, we proposed a set of



61

features derived from CT scans of the skull that could be used to quantify the degree of
abnormality of the disorder. A thorough set of experiments was used to evaluate the features
as compared to two human craniofacial experts in a ranking evaluation. Our methods were
simple, yet powerful, allowing feature extraction even on low-quality CT images. Third,
we studied pre-post surgery change based on selected features we used in quantifying the
severity of deformity of the disorder. Using the same selected features, we also compared
and contrasted post-surgery craniosynostosis skulls to the unaffected class. For the metopic
class, two of our features, change of average slope angle towards front tip and average slope
angle of front tip, which were highly correlated with both expert rankings were used to
study the surgery change effect. For the sagittal class, four features, average slope angle of
back, compare to circle, compare to mean unaffected, and width to length ratio were used
for the study instead. For the right unilateral coronal subclass, three features, compare to
mean unaffected, width to length ratio, and symmetry were considered most suitable. For
the left unilateral coronal subclass, feature compare to mean unaffected was the only one
being considered as marginal suitable.

The results from our experiments were very promising not just for the classification ex-
periment but in assessing the severity of a skulls deformation caused by craniosynostosis
and measuring the change effects from corrective surgery. In addition, the process of com-
paring our rankings and those of the experts has produced a number of new insights that
we have employed in designing new features and new scoring mechanisms. The purpose of
the computer algorithms was to provide a consistent, non-subjective, and precise measure

of the deformation.

7.3 Future work

Many improvements could be tried and considered but we will list three that we consider as
most promising. First, in order to create a set of features to more fully describe a 3D skull,
the projection-based exterior contouring technique needs to be expanded from single-plane
to multiple-plane along the superior-interior axis. Constrained by a single projection-plane,
the granularity, locality, angularity and symmetry details in any salient point or in between

salient points risk being undiscovered or under represented. Once the projection-based
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contouring is expanded from single-plane to multiple-plane, additional features could be
learned and designed. For instance, vertical angle features along the meridians of this
3D contour avatar could be added, scored and compared between an unaffected and an
affected classes. Since each plane is a projection reflection of a much finer interval along
the superior-interior axis, indentations and protrusions could be captured independently
on each plane. The more details being fed and captured in the contours, the richer and
more complete features can be customarily designed. As a result, the deeper and stronger
meaning the feature scores can convey in the tasks we have in hands. Second, in the spirit of
continuous improvement, all features we developed could be enhanced and optimized further.
However, the author is particularly disappointed in the lower than expected effectiveness of
the feature symmetry and would offer a few change recommendations. For instance, instead
of comparing the average distance radius from the center between the entire left and the
right contours of a skull, the average comparison could be more selective and localized to
some specific contour segments. Another consideration is adding angular comparison to the
symmetry feature in addition to average distance radius comparison. Third, the cmp2Mean
feature was weak and under-utilized in this work. Given that there were 34 skull images
in the unaffected dataset and wide scoring ranges were recorded in this control group, the
author recommends examining the entire unaffected class more closely and also, building a
multi-plane 3D mean unaffected contour representation as a comparison baseline instead.
Furthermore, feature cmp2Mean could be expanded to allow more and better computation
comparison between this mean representation and a synostosis class. Currently, only the
average distance radius was computed in a mean control contour in order to baseline a
subject skull contour. Other computations like angle and angular change can be added to

improve the comparison.
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