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Résumé
La scoliose idiopathique de l’adolescent (SIA) est une déformation tri-dimensionelle
du rachis. Son traitement comprend l’observation, l’utilisation de corsets pour limiter sa
progression ou la chirurgie pour corriger la déformation squelettique et cesser sa progression.
Le traitement chirurgical reste controversé au niveau des indications, mais aussi de la chirurgie
à entreprendre. Malgré la présence de classifications pour guider le traitement de la SIA, une
variabilité dans la stratégie opératoire intra et inter-observateur a été décrite dans la littérature.
Cette variabilité s’accentue d’autant plus avec l’évolution des techniques chirurgicales et de
l’instrumentation disponible.
L’avancement de la technologie et son intégration dans le milieu médical a mené à
l’utilisation d’algorithmes d’intelligence artificielle informatiques pour aider la classification
et l’évaluation tridimensionnelle de la scoliose. Certains algorithmes ont démontré être
efficace pour diminuer la variabilité dans la classification de la scoliose et pour guider le
traitement.
L’objectif général de cette thèse est de développer une application utilisant des outils
d’intelligence artificielle pour intégrer les données d’un nouveau patient et les évidences
disponibles dans la littérature pour guider le traitement chirurgical de la SIA.
Pour cela une revue de la littérature sur les applications existantes dans l’évaluation de
la SIA fut entreprise pour rassembler les éléments qui permettraient la mise en place d’une
application efficace et acceptée dans le milieu clinique. Cette revue de la littérature nous a
permis de réaliser que l’existence de “black box” dans les applications développées est une
limitation pour l’intégration clinique ou la justification basée sur les évidence est essentielle.
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Dans une première étude nous avons développé un arbre décisionnel de classification
de la scoliose idiopathique basé sur la classification de Lenke qui est la plus communément
utilisée de nos jours mais a été critiquée pour sa complexité et la variabilité inter et intraobservateur. Cet arbre décisionnel a démontré qu’il permet d’augmenter la précision de
classification proportionnellement au temps passé à classifier et ce indépendamment du niveau
de connaissance sur la SIA.
Dans une deuxième étude, un algorithme de stratégies chirurgicales basé sur des règles
extraites de la littérature a été développé pour guider les chirurgiens dans la sélection de
l’approche et les niveaux de fusion pour la SIA. Lorsque cet algorithme est appliqué à une
large base de donnée de 1556 cas de SIA, il est capable de proposer une stratégie opératoire
similaire à celle d’un chirurgien expert dans prêt de 70% des cas. Cette étude a confirmé la
possibilité d’extraire des stratégies opératoires valides à l’aide d’un arbre décisionnel utilisant
des règles extraites de la littérature.
Dans une troisième étude, la classification de 1776 patients avec la SIA à l’aide d’une
carte de Kohonen, un type de réseaux de neurone a permis de démontrer qu’il existe des
scoliose typiques (scoliose à courbes uniques ou double thoracique) pour lesquelles la
variabilité dans le traitement chirurgical varie peu des recommandations par la classification
de Lenke tandis que les scolioses a courbes multiples ou tangentielles à deux groupes de
courbes typiques étaient celles avec le plus de variation dans la stratégie opératoire.
Finalement, une plateforme logicielle a été développée intégrant chacune des études cidessus. Cette interface logicielle permet l’entrée de données radiologiques pour un patient
scoliotique, classifie la SIA à l’aide de l’arbre décisionnel de classification et suggère une
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approche chirurgicale basée sur l’arbre décisionnel de stratégies opératoires. Une analyse de la
correction post-opératoire obtenue démontre une tendance, bien que non-statistiquement
significative, à une meilleure balance chez les patients opérés suivant la stratégie
recommandée par la plateforme logicielle que ceux aillant un traitement différent.
Les études exposées dans cette thèse soulignent que l’utilisation d’algorithmes
d’intelligence artificielle dans la classification et l’élaboration de stratégies opératoires de la
SIA peuvent être intégrées dans une plateforme logicielle et pourraient assister les chirurgiens
dans leur planification préopératoire.
Mots-clés : Scoliose idiopathique de l’adolescent, niveaux de fusion, approche, intelligence
artificielle, algorithmes, arbres décisionnels, logiciel.
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Abstract
Adolescent idiopathic scoliosis (AIS) is a three-dimensional deformity of the spine.
Management of AIS includes conservative treatment with observation, the use of braces to
limit its progression or surgery to correct the deformity and cease its progression. Surgical
treatment of AIS remains controversial with respect to not only indications but also surgical
strategy. Despite the existence of classifications to guide AIS treatment, intra- and interobserver variability in surgical strategy has been described in the literature.
Technological advances and their integration into the medical field have led to the use
of artificial intelligence (AI) algorithms to assist with AIS classification and three-dimensional
evaluation. With the evolution of surgical techniques and instrumentation, it is probable that
the intra- and inter-observer variability could increase. However, some AI algorithms have
shown the potential to lower variability in classification and guide treatment.
The overall objective of this thesis was to develop software using AI tools that has the
capacity to integrate AIS patient data and available evidence from the literature to guide AIS
surgical treatment.
To do so, a literature review on existing computer applications developed with regards
to AIS evaluation and management was undertaken to gather all the elements that would lead
to usable software in the clinical setting. This review highlighted the fact that many
applications use a non-descript “black box” between input and output, which limits clinical
integration where management based on evidence is essential.
In the first study, we developed a decision tree to classify AIS based on the Lenke
scheme. The Lenke scheme was popular in the past, but has recently been criticized for its
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complexity leading to intra and inter-observer variability. The resultant decision tree
demonstrated an ability to increase classification accuracy in proportion to the time spent
classifying. Importantly, this increase in accuracy was independently of previous knowledge
about AIS.
In the second study, a surgical strategy rule-based algorithm was developed using rules
extracted from the literature to guide surgeons in the selection of the approach and levels of
fusion for AIS. When this rule-based algorithm was tested against a database of 1,556 AIS
cases, it was able to output a surgical strategy similar to the one undertaken by an expert
surgeon in 70% of cases. This study confirmed the ability of a rule-based algorithm based on
the literature to output valid surgical strategies.
In the third study, classification of 1,776 AIS patients was undertaken using Kohonen
Self-Organizing-Maps (SOM), which is a kind of neural network that demonstrates there are
typical AIS curve types (i.e: single curves and double thoracic curves) for which there is little
variability in surgical treatment when compared to the recommendations from the Lenke
scheme. Other curve types (i.e: multiple curves or in transition zones between typical curves)
have much greater variability in surgical strategy.
Finally, a software platform integrating all the above studies was developed. The
interface of this software platform allows for: 1) the input of AIS patient radiographic
measurements; 2) classification of the curve type using the decision tree; 3) output of surgical
strategy options based on rules extracted from the literature. A comparison of surgical
correction obtained by patients receiving surgical treatment suggested by the software showed
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a tendency to obtain better balance -though non-statistically significant - than those who were
treated differently from the surgical strategies outputted by the software.
Overall, studies from this thesis suggest that the use of AI algorithms in the
classification and selection of surgical strategies for AIS can be integrated in a software
platform that could assist the surgeon in the planning of appropriate surgical treatment.
Keywords : Adolescent idiopathic scoliosis, levels of fusion, approach, artificial intelligence,
algorithms, decision trees, rule-based algorithms.
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Introduction
Adolescent idiopathic scoliosis (AIS) is a three dimensional deformity of the spine. It
affects about 1% to 3% of children between the ages of 10 to 16[6]. As stated by its name the
aetiology of AIS is unknown but care must be taken to exclude other known forms of
scoliosis, which can be due to syndromic disorders, neuromuscular disorders or secondary to
congenital vertebral malformations. Patients are usually screened using the Adam’s forward
bending test and a scoliometer reading, but definite diagnosis is usually defined as Cobb angle
greater than 10 degrees when measured with standing radiograph.
Management of AIS is based on the severity of the curve and the likelihood of
progression, which depends on patient skeletal maturity. For curves less than 25 degrees,
observation is usually warranted. For greater curves between 25 and 45 degrees bracing is
considered in skeletally immature patients while other patients can be followed with serial
imaging. For patients with curves greater than 40 degrees, surgical intervention should be
considered in order to prevent further progression[7]. The scope of this thesis will be limited
to this last group of patients for which surgical decision has been made.
Surgical treatment remains controversial with respect to the choice of approach, levels
of fusion and instrumentation. Surgical planning is challenging because of the many factors
that must be taken into consideration given the complex deformity of the spine and the
variability in assessing those factors[8-10]. In addition, Majdouline et al[11] demonstrated a
large variability in scoliosis correction objectives. Ultimately this leads to a treatment
variability amongst surgeons that has been repeatedly documented[10, 12-14].
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Simple algorithms such as decision tree or rule-based algorithms[5] and more complex
ones involving artificial intelligence algorithms based on clustering have demonstrated their
benefits in improving AIS classification[15-17]. More recent studies have also demonstrated
the benefits of using neural networks in predicting spinal stenosis surgical outcome more
accurately than common statistical models such as linear regression[18]. Therefore artificial
intelligence tools have proven to be useful in the classification and outcome prediction from
surgical treatment of spinal pathologies.
This thesis is divided in eight chapters. Following this introduction, the first chapter
will constitute a background and literature review about AIS, its evaluation, its management
and particularly its surgical treatment as well as a superficial introduction to artificial
intelligence and the algorithms that will be used in this thesis. It will also include a summary
of applications that have been developed in the last decade to assist AIS assessment and
treatment to highlight the role of artificial intelligence algorithms in AIS management.
Chapter 2 will detail the problematic, the hypothesis and the objectives and present the
methodology in each of the articles. The primary objective of this thesis being to develop a
software based on AI tools to guide surgical treatment of AIS. Chapter 3 presents our first
article, which is a critical appraisal of recent literature on computer algorithms used in the
management of AIS, findings from this work have guided the way we chose algorithms and
integrated them in the software. Chapter 4 presents an article on a decision tree developed to
classify AIS according to Lenke classification and its benefits when used in a clinical setting.
Chapter 5 presents an article on the surgical strategy rule-based algorithm for AIS which
outputs multiple surgical strategies based on rules extracted from the literature. Chapter 6
presents a novel classification for AIS using Kohonen self-organizing-maps (SOM). The first
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article is a technical paper describing the algorithms used and how the classification is
generated and validated. The second article is a clinical paper highlighting how this
classification allows assessment of treatment variability when comparing surgical treatment
done and treatment suggested by Lenke classification. Chapter 7 presents the software
platform that was developed to guide AIS surgical treatment and integrating all the algorithms
described above. Chapter 8 will constitute a discussion of the findings in this thesis with
recommendations for future research and a conclusion will follow.
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Chapter 1. Background and literature review
The objective of this first chapter is to present essential background about AIS and
artificial intelligence that will be necessary to the understanding of this thesis.

1.1 AIS epidemiology
Adolescent Idiopathic Scoliosis (AIS) is a complex three-dimensional (3D)
deformation of the spine and rib cage with a prevalence of 1-3% in the adolescent population.
It is the most common adolescent spine deformity, affecting primarily young adolescent
females[6, 19]. AIS patients have pathological spinal curves in the coronal plane, alteration of
kyphosis or lordosis in the sagittal plan and rotation of the vertebrae in the axial plane. Of all
patients with AIS, 3-9% will require treatment[6, 19]. Of those patients, 90% are treated
conservatively in a brace and 10% surgically with fusion of the spine to correct and prevent
progressive deformity.
The close follow up and treatment of patients with AIS has been emphasized after
studies had shown increased psychological and physical morbidity with deformity progression
[20-24]. AIS patients are more susceptible to suffer from back pain [25] , from cardiopulmonary complications [20, 22, 23, 26] and from psychological disorders [24, 27-30].

1.2 AIS evaluation
1.2.1 AIS clinical evaluation
Patients with AIS often present after truncal asymmetry is noted or following a positive
Adams bend test during school screening or physical examination for athletics. During the
Adams forward bend test, patient face away from the examiner and touches the toes. If a hump
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or rotation of the spine is noted, the test is considered positive and referral to a physician
ensues[31].
Patients with AIS are usually asymptomatic. Nonetheless, up to 35% of patients may
experience have some degree of back pain[32]. Scoliosis can be the first sign of a subjacent
pathology and all diagnostics should be excluded before the diagnosis of idiopathic scoliosis is
assigned. . For this reason, a thorough neurological exam at presentation is essential to screen
for possible anomalies that could increase the suspicion of intra-spinal pathology. Scoliosis
could also be a compensatory mechanism for painful pathologies such as osteoid osteoma or
could present secondary to Scheuermann’s kyphosis, disc herniation, syringomyelia, thethered
spinal cord or intraspinal tumor.
An important component of AIS evaluation relates to the assessment of skeletal
maturity and the stage of the patient in relation to the adolescent peak height velocity because
of the close correlation with the curve acceleration phase. Useful markers in assessing skeletal
maturity include menarchal status, bone age from hand radiographs (digital skeletal age
[DSA]), Risser triridiate cartilage stage from ossification of the iliac crest on AP radiographs
of the pelvis, and Tanner stage [6]. Nault et al.[33] have demonstrated that Risser stage 0 with
a closed triradiate cartilage and Risser 1 were the best predictor of the beginning of the curve
acceleration phase.
Physical examination of the AIS patient exhibits truncal asymmetry, shown by the
trunk leaning toward one side, leaving a gap between the rib cage and arm. Asymmetry can
be evaluated using a plumb bob from the cervico-thoracic junction and measuring deviatation
from the midline with the patient in the upright position. This also reflects the amount of
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coronal imbalance that can result from the scoliosis. Shoulder asymmetry should also be noted
as it can be corrected with surgery and influence the selection of levels of fusion. As a result
from the spinal rotation, elevation of the scapula can result from the rib hump and can be best
observed during the Adams forward bend test.
Proper diagnosis of AIS by excluding other etiology for the scoliosis, adequate
assessment of skeletal maturity and detailed physical examination are essential to lead to
proper management and surgical planning if required.

1.2.2 AIS radiographic evaluation
Most of the radiographic measurements described below were extracted from the
SDSG radiographic measurement manual[34], which was used for all radiographic evaluation
undertaken in this thesis.
Plain radiographs allow the evaluation of the degrees of deformity, the resulting
change in balance (in the sagittal and coronal plane), and the presence of other associated
pathologies such as spondylolisthesis or other conditions that could lead to a non idiopathic
scoliosis.
The two most common first radiographs used in the evaluation of scoliosis are the
standing postero-anterior and lateral x-rays. They should include the lower cervical spine
down to and including the pelvis. Those landmarks on the radiographs are important in order
to get proper radiographic measurements.
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Figure 1: X-rays from left to right: postero-anterior, lateral, left side bending and right side
bending.
John Cobb first described the Cobb angle in 1948 in order to measure the magnitude of
scoliosis in the frontal plane. Cobb angle is measured between the endplates of the upper and
lower end vertebra, which have the most significant tilt. This technique can also be used in the
sagittal plane in order to measure kyphosis and lordosis. Cobb angle measurements can be
seen in figure 1. Those same measurements can be repeated on the side bending x-rays and
comparison of upright and side bending x-rays Cobb angle allow assessment of the flexibility
of the spine. This is important when considering how rigid a curve is and whether or not it
should be included in the region fused.
Balance assessment is critical and studies have highlighted the influence of balance on
spinal deformity patients’ quality of life in [1]. Sagittal spinal balance is measured on the
lateral radiograph by drawing a vertical line from the center of the C7 vertebral body down to
the sacrum. When the spine is unbalanced, the body is able to compensate by mobilisation of
the pelvis and the hips. Nonetheless, a positive sagittal balance over 6 cm is correlated with a
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poor ODI (Oswestry Disability Index) in the adult population [1]. The balance is measured in
relation to the postero-superior corner of the S1 vertebra. A positive value representing a
plumb line anterior to the corner and a negative value represents a plumb-line posterior to it.
Coronal plane balance can be measured by tracing a vertical line through the C7 vertebral
body on PA x-rays. The relation of that line to the center of S1 or a line erected from the
center of S1, the center sacral vertical line (CSVL, fig. 2), represents the amount of coronalplane imbalance. Patients remaining within 2 centimeters of the CSVL are considered
balanced.
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Figure 2 : Balance measurement in sagittal (left) and coronal (right) plane with C7 plumb line

When evaluating AIS, reference vertebrae are required in order to describe the spine
and select the levels to be instrumented. Three reference vertebras are widely described and
used in the spinal deformity literature. The end vertebra (EV), also commonly referred as the
Cobb vertebra is the most tilted vertebra at the cephalad and caudal end of the curve. The
neutral vertebra (NV) is the most cephalad vertebra below the apex of the major curve whose
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pedicles are symmetrically located within the radiographic silhouette of the vertebral body. To
identify the stable vertebra (SV), the CSVL is first drawn. The most cephalad vertebra
immediately below the end vertebra of the major curve which is the most closely bisected by
the CSVL is the SV. Typically, those three reference vertebra are on different segments, but
they might however overlap[34]. When studying reliability in identifying those reference
vertebrae, Potter et al.[2] found good intraoberserver but poor interobserver agreement unless
a one level leeway was given in which case agreement increased significantly.

Figure 3: End (EV), Neutral (NV) and Stable Vertebrae (SV)
In order to assess shoulder asymmetry, T1 tilt angle, radiographic shoulder height
(RSH) and clavicle angle can be measured.
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Figure 4 : T1 tilt angle
In order to measure T1 tilt, a first line is drawn along the cephalad endplate of T1 or along the
zenith of both first ribs if the T1 endplate is not well visualized. A second line is drawn
perpendicular to the vertical edge of the radiograph. T1 tilt is the angle formed by those two
lines. When the left edge of the vertebral body is up, the tilt angle is defined as positive and as
negative with the right edge is up.

Figure 5: Radiographic shoulder height
Radiographic shoulder height is defined as the linear distance measured in millimeters
between the superior horizontal reference line, which passes though the intersection of the soft
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tissue shadow of the shoulder and a line drown vertically up from the acromio clavicular joint
of the cephalad shoulder, and the inferior horizontal reference line constructed in a similar
fashion over the caudal acromio clavicular joint. The RSH is the distance between those two
lines and is positive if the left shoulder up and negative when the right shoulder is up.

Figure 6: Clavicle angle
The clavicle angle is the angle between the horizontal line and a line which touches both the
most cephalad aspect of both the right and left clavicles.
In order to assess vertebral rotation, Nash-Moe rotation/Apical Vertebral Rotation
(AVR) is used[35]. This system evaluates the rotation of the vertebra based on the visibility of
the pedicles on PA radiographs. When pedicles are symmetric, grade is 0 or neutral. When one
of the pedicles is at the edge of the vertebral body, the grade is 1. Grade 2 and 3 correspond to
disappearing and disappeared pedicles respectfully. The AVR is the Nash-Moe grade of the
vertebra at the apex of a curve.
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An additional measure of the curve magnitude is the apical vertebral translation
(AVT). It represents the position of the apical vertebra compared to the C7PL for the PT and
MT curves and the position of the apical vertebra compared to the CSVL for the TL/L curve.

1.3 AIS Classification
AIS presents with a great variety of spinal conformations, which are great challenges to
classify. King [36] and Lenke [37] classifications for AIS are the two most widely used
clinical classifications.

1.3.1 King Classification
King classification[36] for AIS has been the gold standard to guide orthopaedic
surgeons in their evaluation of AIS. It describes 5 categories of thoracic curves based on the
magnitude and flexibility of each of the curves and recommends levels of fusion for each of
the curve types. Yet a major limitation of that classification, as stated by Lonstein [38], is that
only 80 to 85% of all AIS curve types, are covered in Kings classification. Therefore since its
introduction in 2001, The Lenke[37] classification system has been more widely used.

Figure 7: King classification for AIS
13	
  
	
  

1.3.2 Lenke Classification
The Lenke classification system [37] (fig. 8) is widely used by surgeons because it guides
surgical treatment according to curve characteristics. It divides the spine into three segments,
proximal thoracic (PT), main thoracic (MT) and thoraco-lumbar /lumbar (TL/L) in the coronal
plane, organized into 6 basic curve types depending on the structurality and dominance of
each of these segments. In addition to curve types, lumbar spine and thoracic sagittal profile
modifiers are also part of the Lenke Classification system. Based on this classification any
structural curve (major or minor) should be included in the fusion, thoracic and lumbar
modifiers could also influence the approach and the extent of the fusion.
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Figure 8: Lenke classification for AIS

1.3.3 Classifications reliability
Most studies have shown good reliability for Lenke and King classification for AIS
with pre-measured radiographs [39-43]. Other studies[38, 44] have nonetheless detected only
poor to fair intra and inter-observer reliability with non-premeasured radiographs which is
closer to the clinical situation. This difference of reliability between those studies can be due
to the known variability of Cobb angle measurement, which is known to be between 3 and 11

15	
  
	
  

degrees depending on sources cited [8, 45-49]. The limited reliability of AIS classifications
and error in classification could lead to unnecessary fusion or missing necessary fusion.
Therefore, computer methods to improve Cobb angles measurement [8, 50] and classification
reliability have been described [5, 51, 52].
The introduction of picture imaging and archiving systems (PACS) in the healthcare
system and the democratization of computer systems have led to the evaluation of Cobb angle
measurements using digital imaging. While Shea et al. [8] compared manual and digital
measurements of Cobb angle in AIS with an intra-observer measurement yielding a 95% CI of
3 degrees, the difference between the two methods was statistically significant and digital
measurements were recommended in order to lower measurement errors. In addition, decision
trees and rule-based algorithms implemented in computer software for the King [5, 52, 53]
and Lenke [51] classification have shown to increase those classification reliability.

1.3.4 3D Classifications
Another limitation of the King and Lenke classification is their consideration of twodimensional features extracted from postero-anterior (PA) and lateral (LAT) X-rays for a
pathology that’s truly three-dimensional. Several studies have looked into generating threedimensional classifications from databases of AIS patients with three-dimensional
reconstructions of their spines. Poncet et al. [54] introduced the concept of geometric torsion
to classify AIS based on that 3D measurement. They extracted three distinct patterns of
torsion, which can classify AIS based on compositions of those basic torsion patterns. Sangole
et al. [17] performed an unsupervised clustering using 3D reconstructions from 172 patients
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with Lenke 1 curve type. Cobb angle, axial rotation of the apical vertebra, orientation of the
plane of maximum curve of the thoracic curve and kyphosis (T4-T12) were used as indices.
They extracted 3 primary sub-groups, one non-surgical and two surgical. Duong et al. [15]
developed a 3D classification using an unsupervised learning algorithm, fuzzy K-means
clustering, applied to 409 3D spine models. A five and a twelve classes classification with
relevant clinical features (Cobb angle and plane of maximum curvature) and true 3D
components were generated. While all those former studies showed the potential of
unsupervised algorithms to generate three-dimensional classifications, they did not lead to a
clinically useable classification. In an effort to develop such a 3D classification, Duong et. Al
[16] studied several 3D clinical parameters (plane of maximum curvature (PMC), best fit
plane (BFP) and geometric torsion) that could be integrated in the Lenke classification.
Performing cluster analysis to evaluate the statistical distribution of those parameters, they
showed specific 3D deformation patterns within Lenke 1 type curves using best-fit plane and
geometric torsion patterns but not using the plane of maximum curve. They concluded that
with the advances in computer vision and the introduction of 3D reconstructions such indices
could be of much use in the development of future 3D classifications. Stokes et al. [55]
performed cluster analysis of 245 AIS curves from 110 patients using Cobb angle, apex level,
apex vertebra rotation and rotation of PMC as the input factors. 4 clusters were extracted but
of 56 patients followed longitudinally only 25 were consistently grouped in the same cluster at
all clinic visits. They concluded that based on those inputs factors, the clusters were
susceptible to change with repeated observations and could not be used alone to determine
treatment strategies.
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While there is need for a true 3D classification of AIS, no study have yet proposed a
clinically usable classification. Much of the current research has focused on 3D measurements
that could be integrated or could be the basis of a 3D classification. Yet the measurements to
be used are still debated. Most of the studies have relied on 3D reconstructions of AIS spines,
which are not readily available in clinical settings and therefore cannot be used at this time.
Implantation of additional 3D measurements to define AIS could lead us to a better
understanding of that pathology, yet they need to be fully understood and accepted by
clinicians before being usable in a classification. A classification, which is based on known
measurements such as Cobb angles, which can overcome measurement variability, cut-off
values between classes and which addresses the three-dimensional characteristics of AIS
needs to be developed.

1.4 AIS treatment
1.4.1 Conservative treatment of AIS
Conservative management of AIS includes observation and bracing. Depending on the
stage of skeletal maturity, management is adjusted based on the severity of the curve. In the
skeletally immature patient, close follow up will be required for curves less than 25° while
bracing should be considered for patients with curves between 25°- 45° degrees. If the curve
greater than 40°, a surgical treatment should be considered[7].
Until a recent randomized control trial, much controversy remained about the benefits
of bracing. The goal of bracing of moderate scoliosis is to limit further progression of the
curve with the hope of avoiding surgery. Nonetheless this treatment can be quite demanding
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for the patient and her family. It requires continued maintenance for brace fitting to optimize
curve correction and to maintain compliance. Weinstein et al.[56] published a prospective
multi-centric randomized controlled and preference cohort for AIS patients in their peak
velocity curve growth (Risser 0, 1 and 2) with moderate curves between 20 and 40 degrees.
Based on sample size calculation, 342 patients were supposed to be enrolled in the study.
After enrolment of 242 patients the study was stopped due to evident efficacy of bracing over
observation. The study demonstrated that bracing significantly decreased the progression of
high-risk curves to the threshold for surgery and that benefits from bracing increased with
longer hours of brace wear.
Several challenges remain in the conservative management of AIS, much of which
relate to the follow-up of small curves and prediction of their progression. In order to assist
clinicians with those challenges, several applications have been developed.
When AIS is first detected with small curves, it can be monitored. Yet, there are no
clear measurements or criteria to determine which individuals are at risk of progression and
much research is undertaken in that area. A study from Villemure et al. [57] longitudinally
followed 28 patients between 2 follow-up visits and analyzed how spinal curvatures and
vertebral deformities changed during scoliosis progression. They challenged the existence of
any typical scoliotic evolution pattern and suggested that scoliosis evolution might be quite
variable and patient dependant.
In order to answer that question, Wu et al. [58] used an hybrid learning technique
combination of fuzzy c-means clustering and artificial neural networks (ANN) to predict Cobb
angles and lateral deviation. 72 data sets of 4 sequential values of Cobb angle and lateral
deviations from 11 subjects were used. 10 progression patterns in Cobb angles and 8
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progression patterns in lateral deviations where identified using a fuzzy c-means clustering
algorithm. A trained ANN was able to predict Cobb angle within 4.40° (±1.86). Wu et Al. [59]
also developed a similar application using Generalized Cross-Validation (GCV) extrapolation
instead of ANN to predict Cobb angle. The GCV method was able to predict angle with a
precision within 3.6° with a 95% confidence interval which is comparable to clinical
measurements variability. Clinically, such prediction could be useful in the determination of
the need for follow-up and its frequency. To evaluate the need for such follow-ups, Ajemba et
al. [60] used sequential radiological measurements and included clinical parameters assessing
developmental status such as Risser sign and chronological age to predict risk of progression.
They used several models of Support Vector Classifier (SVC) to predict the risk of
progression of AIS. 44 patients with moderate AIS were assigned to have progression of
scoliosis if the Cobb angle between two visits had increased by more than 5°and to nonprogression if the increase was lower than 5°.. The accuracy of assignment to one of those two
categories by the SVC was estimated to be between 65% and 80%, which is better than former
models based on statistical methods of regression. Those applications have tried to answer the
enigma of curve progression in AIS, but their clinical usability has yet to be demonstrated.
In the mean time, follow-up is based on the judgment and experience of the surgeon
and spinal deformity reassessed at each visit using new radiographic studies. Unfortunately,
that method requires radiation exposure, which can increase the risk of cancer in a paediatric
population [61]. Therefore applications [62-65], based on surface topography and artificial
intelligence methods to assess AIS severity were developed. Jaremko et al. [63] used 360°
torso surface models and ANN. They were able to predict Cobb angles within 6° of clinical
Cobb angle. Such applications could be used for screening and follow-up purposes.
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Applications have also been developed to optimize AIS bracing. Biomechanical
models[66-69] and computer simulations[70-75] have been studied for their abilities to
optimize bracing adjustment and to improve treatment effect. Labelle et al. [74] have
randomly assigned 48 AIS patients treated with bracing to brace design using the conventional
manner (control group) or using a computer assisted tool (test group) combining surface
topography, surface pressure measurement and 3D reconstruction of the trunk. They found
that better 3D correction of scoliotic curves was obtained in the test group.
In summery, many applications have been developed to optimize conservative
treatment of AIS. ANN were were successfully used to recognize patterns in AIS patients. Yet
clinical applicability has been limited and only few applications have proven to be beneficial
and implementable. Similar applications based on artificial neural network need to be
developed to guide and optimize surgical treatment.

1.4.2 AIS surgical treatment
When AIS curves have reached severe magnitude (>45°) and there is important curve
progression surgical treatment is often necessary. Primary objectives of surgical treatment
with instrumentation have traditionally been to arrest progression, achieve maximum
permanent correction of the deformity in all three dimension, improve appearance by
balancing the trunk and limit short and long-term complications [6]. Nonetheless, there is a
large

variability

in

scoliosis

correction

objectives.

Madjouline

et

al.

[11] have surveyed 25 spine surgeons from the Spinal Deformity Study Group (SDSG) and
asked them to rank 20 parameters of scoliosis correction for each of the AIS Lenke curve
types. They also asked them to provide weights for correction in the coronal, sagittal and
transverse planes and for mobility according to their importance for 3D correction. They found
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large variability in scoliosis correction objectives that were both surgeon and curve type
dependant. Only achievement of sagittal and coronal balance seemed to be constant objectives.
In order to attain those objectives, surgical treatment of AIS has evolved with the
available instrumentation. Historically treated with Harrington instrumentation [76], posterior
fusion of the spine is now achieved using modern third-generation instrumentation evolved
from the Cotrel-Dubousset system in the 1980’s. This modern instrumentation allows
multiplanar (coronal, sagittal and transverse plane) correction, stable fixation, reduced levels
of fusion and avoidance of post-operative immobilization in cast or brace [6]. Many surgical
strategies are available and surgeons need to select surgical approach, extent of the fusion,
derotation manoeuver and need for an osteotomy amongst other things. In fact, intra and interobserver variability [12-14, 77] of preoperative planning for surgical correction has been
documented. Robitaille et al. [77] presented pre-op x-rays of 5 AIS patients to 32 scoliosis
surgeons which were asked to provide their preferred posterior instrumentation planning.
Variability was noticed for the number and type of implants, the lower instrumented vertebrae
(LIV), the upper-instrumented vertebrae (UIV), which varied up to 6 levels and the constructs
attachment sequence. There are many reasons for such treatment discrepancies which include
variation in surgeon training, expertise, and experience, variation in scoliosis correction
objectives, and also unclear directives defined in the literature.
For posterior fusion of the spine, several implants are available. These implants include
the use of pedicle screws, pedicle hooks, transverse hooks and wires permit fixation on
posterior spinal element (pedicle, transverse processes and lamina). All those implants allow
reduction of the spinal curve to the contoured rod. Suk et al. [78-80] [81] have pioneered the
extended use of many segmental pedicle screws in the thoracic spine. Cuartas et al. [82]
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described that the use of all-pedicle-screw construct could lead to better pull-out strength [83],
improved correction [84], shorter fusion and lower morbidity based on biomechanical studies
and case studies. Those studies showed better correction and maintenance of it when allpedicle-screw constructs are compared to hooks/hybrid constructs [78, 80, 85, 86] or anterior
approaches [87]. While several studies [80, 82, 85, 86, 88-93] have confirmed the superiority
of pedicle screws over hooks or hybrid implants, the steep learning curve, increased cost,
safety concerns and the difficulties related to its placement in dysplastic pedicles have limited
its ubiquitous use. Furthermore, debates amongst spinal deformity surgeons remain about the
better implants to use; in two updates on spine surgery published in the JBJS in 2006 and
2009, questions concerning hybrid constructs versus all-pedicle screws in the treatment of
thoracic curves remained a disputed area [94, 95].
While posterior instrumentation of AIS is the mainstay of treatment, evolution of
anterior instrumentation to dual-rod multiple vertebral screw systems, has permitted good rigid
fixation, improved correction in the sagittal plane and minimized the need for postoperative
protection [96-98]. Its applicability has been limited to single curve AIS in the thoracic or
thoraco-lumbar/lumbar levels. The main advantages are improved sagittal plane correction,
reduced number of levels fused and prevention of crankshafting in the immature patient [97,
99]. Disadvantages are related to the organs approached to access the spine, thoracotomy with
unfavorable effect on the lungs, implant breakage, pseudoarthrosis and surgical scars. In order
to lower surgical scars, thoracoscopic anterior approaches have been developed, but their very
steep learning curves, the complications related to lesions to the nearby vital structures and the
anaesthesia in one lung have limited their use to some specialized centers [100-103].
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Selection of approach and levels to be fused remains the principal challenge in surgical
treatment planning. The Lenke classification for AIS separates the spine in three curves;
proximal thoracic, main thoracic and thoraco-lumbar/lumbar. Each curve is considered
structural or not based on the criteria defined in Figure 8. According to the Lenke
classification, a structural curve should be fused. Selective fusion consists of fusing structural
curves only and allows non-structural curves to reduce thereafter. Structural curves that are not
fused are at risk to progress if not included in the fusion. Fusion of non-structural curves
would lead to unnecessary loss of motion [104]. The definition of curve structurality is only
based on Cobb angles in Lenke classification and there are actually limited studies [104-111]
about the behaviour of unfused curves on the long run to validate the principle of selective
fusion and which exact criteria to use to ensure compensatory curve reduction.
To illustrate the complexity involved with decision of fusion extent, we will first
discuss the case of proximal thoracic curves. Cil et al. [112] confirmed the validity of Cobb
angle of the proximal thoracic curve, like it is used in Lenke classification, as a valid criterion
for proximal curve inclusion in fusion. Yet Kuklo et al. [113] studied that clavicle angle and
not T1 tilt nor Cobb angle provided the best prediction of post-operative outcome. For
inclusion of lumbar spine in the fusion, Lenke classification evaluates spine flexibility using
bending radiographs and determine the lower instrumented vertebra (LIV) based on the
upright PA X-ray, yet Keith et al. [114] advocate the use of fulcrum bending to determine the
LIV. Therefore criteria to select extent of fusion are still debated. Furthermore with the
evolution of instrumentation and the use of all-pedicle constructs, those parameters might
change and the fusion length shorten [86, 99]. Many other studies [14, 36, 37, 39, 40, 81, 104,
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108, 115-121] have evaluated or recommended parameters to decide of levels of fusion, but no
clear guidelines are available.
Complications related to lungs damage, implants, dural tears, hematologic disorders,
neurologic lesions and infections can be caused by surgery. The choice of approaches has
often been influenced by the fact that anterior approaches were thought to be more at risk
because of vital organs surrounding the approach. Nonetheless, Coe et al. [122], in a report of
58197 cases for the SRS morbidity and mortality committee, found that they were no
statistical difference in complications in anterior (5.2%) vs. posterior (5.1%) instrumentation
fusion, but that there was a statistical difference when both approaches were combined
(10.2%) and compared to a single approach. Long-term complications such as corrosion and
late infection [122] or junctional kyphosis were also described [123, 124].
With the advent of all-pedicle screws, increase in implant cost compared to hybrid
constructs has been discussed because its added benefit is debated [95]. Kim et al [86]
described that average implant cost with screws with an average number of fixation points of
17.1 was $14.200 which is significantly higher than hooks constructs which average 11.8 point
fixation for an average cost of $9228. Therefore, implant cost in cases where the added benefit
of all pedicle screws are debated could be a factor to take into consideration in surgical
strategies.
Given the many challenges presented above in the surgical planning of AIS, computer
applications have been developed to assist clinicians. Using Fuzzy Logic, Nault et al[125-127]
developed two models to decide on the need for thoracic and lumbar curve fusion. While the
model showed good agreement with clinicians, the lack of justification for a given output in
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cases of total contradiction with clinicians highlights the limitations from using such systems
based on approximate rather than precise reasoning. Another area of research is surgical
simulation, given the biomechanical properties of the spine and the forces and stresses applied
to correct scoliosis, fine element analysis [128, 129] and flexible multi-body approach models
have been developed to simulate surgical manoeuvres with good agreement between
simulation results and post-operative results from imaging measurements. Simulations were
also able to highlight construct area of high stresses at risk of screw pull-out and to test
multiple configurations therefore showing the possibility to guide and optimize surgical
treatment.
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1.5 Artificial intelligence (AI)
In computer science, AI is “the study of the modeling of human functions by computer
programs”. A major advantage of AI algorithms is that they can handle large amount of data
that human could not. In the current work we are attempting to develop an application that will
gather a large amount of knowledge from the literature on AIS surgical treatment and a large
amount of data from a multicenter database of AIS patients to guide surgeons in their surgical
strategy. The use of AI tools to process all those data in an intelligent way seems most
appropriate as demonstrated by the many applications introduced above.
In this chapter we will concisely introduce three algorithms used in this thesis.

1.5.1 Rule-based systems
Rule-based systems are also called expert systems. They represent a very simple
technique, which uses a knowledge base of simple rules. Three components are required to
create a rule based system [130, 131]:
1- A database (or short-term-memory), it contains a set of facts that represents the
initial working memory.
2- A knowledge base (or long-term-memory), which is a set of rules that should
encompass any actions that should be taken within the scope of a problem.
3- A rule interpreter which control the problem solving process and determinates that
one or many solutions have been found
Rule-based systems start with a knowledge base encoded into “if-then” rules. Knowledge can
be tested on the database and the knowledge based can be altered if necessary (learning
process). The rule interpreter decides about which and the order in which the rules are
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activated. When the set of rules is simple, the rule interpreter can be represented as a simple
rule-based algorithm as it has successfully done for AIS classification in the past[5].

Figure 9 : Flowchart of a rule-based algorithm to classify AIS patients according to King’s
classification from a postero-anterior radiograph.

1.5.2 Decision trees
A decision tree is a predictive model which can be used to represent a classifier model
in which case it is also often called a classification tree[132]. Decision trees classify instances
by sorting them down the tree from the root node to some leaf node. At each node, the tree
tests some attributes of the instance. Between each node lies a branch corresponding to one of
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the possible values for this attribute or a condition leading from one node down to the other.
The final nodes at the end of the tree represent one of the possible classes.
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Figure 10: Basic representation of a classifier tree.
The classifier tree described above represents the most basic decision tree and will be used in
this project in order to classify AIS according to the Lenke Scheme. As we can see in
Figure.11, The root node evaluates the major curve, the first branch leads to the first leaf node
based on which curve is structural and subsequent branching depends on Cobb angle
measurements.
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Figure 11: Classifier tree for Lenke classification for AIS
Decision trees can be much more complex when branches contain weighs and are able
to learn based on a dataset. Optimization of classification is then obtained by adjusting those
weighs to obtain proper classification at the final leaf. Those learning decision trees will not be
used in this thesis.

1.5.3 Neural Networks
A neural network is an interconnected assembly of simple processing elements, called
units or nodes, whose functionality is loosely based on animal neuron. The processing ability
of the network is stored in the inter-unit connection strengths, or weights, obtained by a
process of adaptation to, or learning from, a set of training patterns[133].
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The Kohonen neural network [134], also called the Kohonen associative memory and
self-organizing-map (SOM), has been the focus of an impressive number of studies in a
variety of fields such as optimization, pattern recognition, image processing, and robotics. The
bibliography of Oja et al.[135] for instance, gives an addendum of 2,096 references to a
previous compilation of 5,384 scientific papers where the Kohonen network is used.
The Kohonen neural network implements a clustering algorithm similar to K-means [136,
137]. It is also a vector quantizer because it represents a given large collection of data patterns
by a small set of representative patterns of the same dimension [138]. In coding theory these
representative elements are often called “code words” and form “the code book”. The nodes in
a Kohonen network are organized in a one- or two-dimensional array as shown in figure 12 .
The network can be viewed as an associative memory that encodes input patterns in the form
of weight vectors stored at its nodes. The weight vectors are of the same dimension and nature
as the input patterns. A characteristic of the Kohonen associative memory is its self-organizing
topological ordering: neighbouring nodes encode neighbouring weight values, creating a
spatial ordering among nodes.

Figure 12: A two-dimensional Kohonen memory of J nodes. X =(x1,x2,….,xI) is an input data
vector of dimension I and Wj = (w1j, …, wIj), the output of the training, are the weight vectors
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stored at nodes j = 1, …, J. j* , the winner node, contains the weight vector closest to the
current input X.

The Kohonen SOM training algorithm is as follow:
Let X =(x1, x2, . . . , xI ) be an input data vector of dimension I . The Kohonen training
algorithm is based on competitive learning [137]. The weight vectors Wj = (w1j,...,wIj) stored
at nodes j = 1,..., J are the output of the training. The nodes are organized in a two-dimensional
[Nl × Nc] matrix. After the weights are initialized to small random values, the training process
iterates two steps until convergence, one to find the node, j∗, that contains the weight vector

closest to the current input X , and the other to update the weight vectors at each node j of the
memory according to:

Eq. 1

∗

wi j (n + 1) = wi j (n) + ϵ(n)h(n) j, j (xi (n) − wi j (n))

where n is the iteration number and,
Eq. 2

Eq. 3
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We used the Euclidian distance to measure weight vectors proximity.

32	
  
	
  

Eq. 4

I

d(X, W j ) =
(xi − wi j )2
2

i=1

Function h j, j , called the neighborhood function, acts as a smoothing kernel and
∗

defines the influence of node j∗ on node j during update at j. It decreases with

increasing grid distance between nodes j ∗ and j . It depends on a parameter σ (n) which

decreases with the number of iterations between values σ1 (initial value) and σ2 (final
value) (Eq. 3). The ε(n) parameter modulates the update amount of the weights; it
varies with the number of iterations from ε1 (initial value) to ε2 (final value) (Eq. 3).
σ1, σ2 and ε1, ε2 affect both the initial conditions and the duration of the update
iterations. Therefore, they affect the algorithm convergence and topological ordering.
They must be chosen appropriately, and this is done empirically.

2 the training data. The
Once the training is performed, the map nodes are labeled using
training data are projected on the Kohonen map and a node is labeled according to the
most frequently projected class, a procedure known as majority voting [139].
Once the classification and the map are generated it is important to evaluate their quality. A
useful indicator is the topographic error, which measures the proportion of all data vectors for
which the first and second best-matching units (BMU) are not adjacent vectors [140], i.e, the
proportion of all data vectors for which the first and second nearest neighbor nodes are not
adjacent nodes in the Kohonen map. The topographic error is calculated according to the
following equation:
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Eq. 5

T _error =

N
1 
u(X i )
N
i=1

Where the function u(Xi) is equal to 1 if Xi data vector’s first and second BMU are adjacent,
and 0 otherwise.

2
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1.6 Multicentric database
1.6.1 The Spinal Deformity Study Group (SDSG) database
The spinal deformity study group was a group of spinal deformity surgeons (32 of
which participated in the database used in the current project) who conducted prospective
studies on various spinal deformities amongst which AIS. Those surgeons came from across
the world with a majority from North America and contributed cases into the SDSG database.
The database contains cases from 30 hospitals worldwide with 63 surgeons contributing cases
between 2002 and 2008. That database offered the unique property to gather the expertise of
surgeons with different approach in an area with known variability and consistent data from
patients that were recruited prospectively. The large amount of cases and the quality of the
data gathered offered a unique opportunity to study AIS using this database.

1.6.2 Data available
The data collected included pre-operative, immediate post-op, follow-up radiographic
and clinical data. Surgical technique details were also collected and included approach,
instrumentation used, levels of fusion, osteotomy, releases, estimated blood loss and duration
of surgery. Collection of data was done through a web interface while the x-rays were
uploaded into an image repertory system. All spinal deformity radiographic measurements
were done using validated software by a third party company, PhDx[50]. The radiographic
measurements collected and used in the work of this thesis are presented in the radiographic
evaluation of AIS above and summarized in the following table 1.
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Lenke curve type with lumbar and thoracic modifier
Coronal (CB) and sagittal balance (SB) pre-op, post-op, first and at one year follow-up
Cobb angle for Proximal Thoracic (PT), Main Thoracic (MT), and Thoraco-Lumbar (TL) preop, post-op, first and at one year follow-up
Upper and Lower instrumented vertebra on post-op x-rays
Radiographic shoulder height, T1 tilt and clavicle angle on pre-op, post-op, first and at one
year follow-up
Nash-Moe rotation index, AVT and AVR for the MT and TL curves pre-op, post-op, first and
at one year follow-up
Table 1: List of data extracted from the SDSG database used in this project.

1.6.3 Cases extracted from the database
Participation of those centres and many surgeons to contribute in this database has
allowed the collection of over 2500 AIS cases. In the studies presented in this thesis, that
database was thoroughly screened for data missing for our experiments. We have therefore
used 1776 AIS cases from that database that had complete radiological data and post-operative
levels of fusion and approach in order to create the classification using kohonen SelfOrganizing-Maps (Chapter 6). For testing of the surgical strategy rule-based algorithm
(chapter 5) and the software (chapter 7) further post-operative data were required and 1556
AIS cases were extracted from the database in order to complete the statistical analysis
desired.
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1.6.4 Limitations
All the work in this thesis was made from numerical data, which were measurement
made by PhDx as opposed to using the radiographic imaging to which we did not have access
with the exception of patients from our institution. Nonetheless, none of our experiments
required direct access to the radiographs and the dataset available was sufficient.
Experiments in this thesis were started with a database at the beginning of its
prospective recruitment phase in 2006. Unfortunately, due to discontinuation of funding, the
study group was brought to a stop in 2010 and updated data were not available thereafter.
While the software programming was started with longer follow up in mind for statistical
analysis, much of our data is only available until the first year follow-up.
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Chapter 2. Problematic, objectives and hypothesis
2.1 Problematic:
Adolescent Idiopathic Scoliosis (AIS) is a complex three-dimensional deformation of
the spine and rib cage for which much research is undertaken to understand its etiology,
natural history and to optimize its treatment whether conservative or surgical. Software have
been used to better evaluate it with improved imaging modalities using three-dimensional
reconstructions of x-rays[141-146], to better follow and predict its progression [60, 62, 65,
147, 148] and to optimize its treatment[149-152]. In medicine, large multi-centric database of
patients are being created and have permitted retrospective and prospective studies to assess
and compare treatments and their outcomes. Some software have used such databases to
optimize medical treatment based on patients specific characteristics. Adjuvant! [153] is a
successful example of an application that helps oncologists and cancer patients decide on the
added value of adjuvant and chemotherapeutic treatments based on prognosis of former
similar patients. It uses databases from published RCT’s to predict a patients’ prognosis. Such
software are particularly relevant for pathologies requiring multiple parameters to be taken
into account and for which large amount of data that only computers can process are being
used. AIS evaluation is complex due to the uniqueness of each patient and the several
parameters to take into account for their management (e.g: age, stage of development,
geometry and advancement of the spinal deformity, perception of the appearance, pain). This
has led to a documented variability in its surgical treatment [12, 13, 77]. As stated by Lenke et
al [14], “best surgical treatment” for each AIS patient will require “ a classification and
grading system of AIS that allows similar curves to be grouped together to critically and
objectively evaluate the variable treatments used for each particular curve patterns”. Software
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with artificial intelligence algorithms have been written to predict AIS progression, to assess
its geometry and to better classify it in three-dimensions. Yet, no integrated software has been
developed to guide AIS treatment based on large multi-centric databases using artificial
intelligence algorithms to group similar curve together and compare the various treatment
options.
The object of this thesis is based on the following observations:
1- The known variability in surgical treatment of AIS patients leading to likely varying
outcomes and the necessity to guide surgeons in their surgical planning.
2- The lack of guidelines for AIS treatment due to the complex nature of the pathology
and the challenges involved with its classification.
3- The emergence of software based on Artificial Intelligence algorithms such as Neural
Networks having shown the ability to compute large amounts of data to recognize AIS
progression patterns and classify AIS .
4- The collaboration of multiple-centers has permitted the unique access to a large multicentric database with detailed pre and post-operative AIS cases information (x-ray,
radiographic measurements, outcome measurements).
5- The possibility to integrate advanced algorithms in a software which could be used in
the clinical environment to guide surgical management.

2.2 Primary objective:
The primary objective of this thesis is to develop artificial intelligence tools and integrate
them in a software platform to guide the surgical treatment of AIS patients.
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Given the lack of clear guidelines for the treatment of AIS, a treatment algorithm based
on available evidence in the literature for surgical treatment will output surgical strategy
alternatives. Given the accessibility to a large AIS surgical database (SDSG AIS database),
those treatment alternatives will be compared by using an AI algorithm to extract similar
patients and perform treatment comparisons based on outcome measurements.
Properly implemented in a software platform, those tools could guide surgeons in
selecting their surgical strategy based on comparison of formerly treated patients with similar
characteristics.

2.3 Hypothesis:
The main hypotheses for the current thesis are the following:
Hypothesis 1 (H1): AI tools can improve evaluation and treatment by clinicians caring for
AIS patients, but there are limitations leading to their non-integration in the clinical setting.
Hypothesis 2 (H2): Simple algorithms such as decision trees and rule-based algorithms can
assist clinicians in the classification and the surgical management of AIS.
Hypothesis 3 (H3): Based on a large multi-centric database, extraction of similar AIS cases
and evaluation of treatment patterns can be done using neural networks algorithms.
Hypothesis 4 (H4): AI tools can be integrated in a comprehensive software platform to output
surgical strategy alternatives for a given case and allow the comparison of similar cases
extracted from large databases. It could allow optimization of surgical treatment.
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2.4 Objectives:
#

New#AIS#case#

Mul=5centric#database#of#
1776#surgical#AIS#cases#

O2:#Case#classiﬁca=on#
according#to#Lenke#
classiﬁca=on#

O4:#Classify#AIS#cases#
using#neural#networks#

AIS#Case#Classiﬁed#
New#AIS#case#classiﬁed##
within#mul=5centric#database#

O3:#Output#of#surgical#
strategies#based#on#case#
features#and#
classiﬁca=on#

Surgical#strategy#alterna=ves#
for#this#new#AIS#case#

Extrac=on#of#similar#cases#in#
the#database#that#have#
followed#diﬀerent#surgical#
strategies#alterna=ves#

O1:#Extrac=ng#successful#features#and#highlight#limita=ons#
from#former#AIS#clinical#applica=ons######
O5:#Integrate#the#ﬁndings#from#O1#to#O4#in#a#soQware###

SoQware#integra=ng##case#
classiﬁca=on,#surgical#strategy#output#
and#comparison#with#other#cases#to#
guide#surgical#treatment#

Figure 13: Summary diagram of objectives of this thesis.
The following paragraphs will describe the first 4 objectives, which will verify the first 3
hypotheses in work published or submitted for publication. The last objective will verify our
last hypothesis and will be presented under the form of a chapter.
Objective 1 (O1): To review the literature for existing computer applications based on AI
algorithms to improve AIS evaluation and treatment. To extract features that will lead to a
successful clinical application while avoiding limitations of former applications.
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With the development of computing technology in the last 20 years, transition of those
technologies to the clinical setting is an area in which much research is undertaken. Yet daily
use of technological tools in the clinical assessment and treatment of AIS patients is limited.
This objective is to review the recent technologies developed to assist AIS management.
Particularly, it will be important to highlight the reasons those applications fail to be
incorporated into the clinical environment and which features lead to successful applications.
Findings from this objective will be used in the approach and the development of our software
platform and verify hypothesis 1.
Objective 2 (O2): To develop a classification decision tree (CDT) to classify AIS according to
Lenke classification and test its accuracy when used by clinicians.
Decision trees are basic AI algorithmic structure. Often used in computer programming to
represent multiple pathways for a given input, they can have a graphic representation that’s
easy to follow and understand. Simple tools such as checklists have proven to improve clinical
safety and outcomes[154]. We will investigate how a CDT for Lenke classification can
improve its reliability, which has been repeatedly questioned.
This CDT will verify the first part of hypothesis 2, which stipulates that decision trees could
assist clinicians in classifying AIS. Several clinicians with various degree of experience will
be asked to classify AIS cases with and without the decision tree. Statistical analysis using
paired Wilcoxon ranking tests to evaluate differences in classification accuracy and speed with
and without the CDT will be calculated with an alpha value set at 0.05 for statistical
significance.
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Objective 3 (O3): To develop a surgical strategy rule-based algorithm (SSRBA) based on the
literature to output alternate strategies for approach and levels of fusion in the surgical
treatment of AIS and evaluate its ability to match surgical strategies used by surgeons on
patients from a large multi-centric database.
A systematic review of the literature and rule extraction from peer-reviewed articles will be
undertaken. A SSRBA will be designed to display alternatives in the selection of approach and
levels of fusion for the surgical treatment of AIS. Weight assignment for the rules extracted
from the literature will be based on the level of evidence in the literature and by recursive
testing against cases present in a large database. This objective will verify the second part of
hypothesis 2, which stipulates that SSRBA, could assist clinicians in the surgical management
of AIS. In this case, we wish to verify that the rule-based algorithms can output valid surgical
treatment alternatives. All surgical cases from the database will be run through the SSRBA.
Descriptive statistics will be used to evaluate the proportion of cases for which surgery
undertaken by the surgeon corresponded to a strategy output from the SSRBA. Given the high
variability in the selection of spinal instrumentation for AIS[12] and the lack of gold standard
it is difficult to put a statistical goal. To verify this objective, we want to see whether the
SSRBA can output strategies that can correspond to an expert deformity surgeon opinion for a
given AIS. All outputs from the SSDT will follow rules published in the literature. According
to Clement et al.[155], there is deviation from the Lenke classification recommendation up to
30% of the time when evaluating structural curve left unfused and non-structural curve fused
in a study group influenced by that classification. Having a strategy output match with the
surgical management from the database in 70% of cases with respect to approach and level of
fusion with a one level leeway will be considered to verify our hypothesis.
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Objective 4 (O4): To classify AIS using neural networks and to analyse surgeon treatment
pattern based on that classification.
Multiple classifications for AIS have been developed using neural networks. Yet no
classification use the most common radiographic measurements gathered for Lenke
classification, which is the standard classification used clinically nowadays for AIS. Using a
multicentric database of AIS cases treated surgically, we will compare the classification
outputted by the neural network with the Lenke classification. The main advantage of neural
networks and particularly Kohonen Self-Organizing Maps (SOM) is that classification is
based on gradients of values rather than strict cut-off values, as it is the case in the Lenke
classification. SOM can be graphically represented on a two-dimensional matrix, which allows
the superposition of treatment on the classification map and analyse treatment patterns. This
objective will verify hypothesis 3, which stipulates that based on a large multi-centric
database, extraction of similar AIS cases and evaluation of treatment patterns can be done
using neural networks algorithms. To verify the quality of the map and classification,
topographic error will be calculated. To analyse surgeon treatment pattern, kappa analysis for
agreement between fusion realized and fusion recommended by Lenke classification at each
node on the SOM will be calculated.
Objective 5 (O5): To integrate the AI tools developed in O2 through O4 in a software
platform while taking lessons learned form former applications in consideration (findings from
O1). To test the platform by comparing radiographic outcome from patients in the multicentric database. This objective will attempt to verify hypothesis 4.
Using a Matlab graphic user interface (GUI), software will include the following components:
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GUI with definition of software interface for parameters input, output components,
database query fields, patient information display.



Classification according to the Lenke classification. The CDT developed in objective 2
will be integrated taking input details about the new case.



Output of surgical strategies by the SSRBA. Surgical strategies will include: surgical
approach, levels of fusion (with UIV and LIV) and level of evidence for strategy
output using a scoring system for approach alternatives



Extraction of neighbouring cases from the database based on the SOM



Comparison of various surgical strategies applied on neighbours in the SOM.



Statistical analysis of outcome measurements including: balance, curve correction,
SRS-30 post-operatively. Mann-Whitney-U and chi-square with statistical significance
set to alpha = 0.05 is adjusted with Bonferonni correction to alpha = 0.005 since we
test multiple variables each time.

In order to test the efficacy of the software to output proper surgical strategies, statistical
analysis comparing the outcome from surgeries following the strategy most recommended by
the software and the outcome from surgeries that did not will be undertaken. The outcome
measured will be the magnitude of the curves, the correction achieved for each of the curves
and the patient balance.

2.5 Chapter and articles presentation:
Chapter 3 will include a review article of the literature with a critical appraisal of the recent
literature on computer algorithms and applications developed for the evaluation and treatment
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of AIS. Conclusion from this paper will guide the development of the software in order to
avoid limitations encountered by former applications and emphasize successful features. This
will cover our first objectives and hypothesis.
Chapter 4 will include an article presenting the CDT developed to classify AIS according to
Lenke classification. It will cover our second objective (O2) and verify a first part of our
second hypothesis (H2) in confirming whether decision trees, can effectively classify AIS; in
particular, it will evaluate the value in using CDT for AIS with respect to classification
accuracy and speed.
Chapter 5 will include an article presenting the SSRBA developed to output surgical strategies
using rules extracted from a systematic review of the literature. This will cover our 3rd
objective and verify the second part of our 2nd hypothesis, investigating how SSRBA can
assist clinicians in the surgical management of AIS.
Chapter 6 will include two articles presenting the use of a SOM in order to classify AIS and its
ability to highlight treatment patterns. The first article is a technical paper providing in depth
explanation of the algorithm used and the classification validation. The second paper focuses
on the clinical application of this classification and its ability to evaluate treatment patterns. A
description with cases studies will demonstrate the utility of this tool in the clinical setting.
That second paper was published in a shortened version as requested by the journal editor. The
full paper is therefore integrated in this chapter followed by the shortened published version.
Those articles will cover our fourth objective and verify our third hypothesis
Chapter 7 will present the software developed and integrating the knowledge extracted from
objective 1 through 4 to achieve the fifth objective. It will also integrate a statistical analysis
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of radiographic outcomes in order to verify our 4th hypothesis and the ability of such software
to guide and optimize surgical treatment.
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Chapter 3.

Critical appraisal of recent literature on

computer algorithms and applications used in the
evaluation and treatment of AIS
This chapter includes the first paper of this thesis published in the European Spine Journal.
Phan P, Mezghani N, Aubin C-E, de Guise JA, Labelle H.
Computer algorithms and applications used to assist the evaluation and treatment of
adolescent idiopathic scoliosis: a review of published articles 2000-2009. Eur Spine J.
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#
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2011 Jan 30.
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#

This article presents a critical appraisal of recent applications
developed
to assist AIS
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assessment and treatment
answers objective 1.
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strategies#alterna=ves#

O1:#Extrac=ng#successful#features#and#highlight#limita=ons#
from#former#AIS#clinical#applica=ons######
O5:#Integrate#the#ﬁndings#from#O1#to#O4#in#a#soQware###
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classiﬁca=on,#surgical#strategy#output#
and#comparison#with#other#cases#to#
guide#surgical#treatment#

Authors’ contribution:
Phan P: Literature review and selection of articles retained for inclusion, manuscript writing
and submission
Mezghani N: Correction of article and input on engineering aspect of article
Aubin C-E: Input on methodology, manuscript editing.
de Guise JA: Revision of article, project funding.
Labelle H: Revision of article, project funding.
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Chapter 4. A Decision Tree Can Increase Accuracy When
Assessing Curve Types According to Lenke Classification
of Adolescent Idiopathic Scoliosis
This chapter includes the second article of this thesis and it was published in Spine.
Phan P, Mezghani N, Nault M-L, Aubin C-E, Parent S, de Guise J, Labelle H.
A decision tree can increase accuracy when assessing curve types according to Lenke
classification of adolescent idiopathic scoliosis. Spine. 2010 May 1;35(10):1054–9.
This article presents a classification decision tree for AIS according to the Lenke classification
and answers objective 2.
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Mezghani N: Preparation of the algorithm, adaptation of algorithm to clinical setting, #
#
correction of article
#
Nault M-L: Input on statistical analysis, revision of# manuscript
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de Guise JA: Proposal of project, revision of manuscript, project funding
Labelle H: Input on methodology, revision of manuscript, project funding
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Chapter 5. A rule-based algorithm can efficiently output
surgical strategy alternatives in the treatment of AIS.
This chapter includes the third paper of this thesis and was submitted to the European Spine
Journal.
Phan P, Ouellet J, Mezghani N, de Guise JA, Labelle H.
A surgical strategy rule-based algorithm based on the literature can efficiently output
surgical strategy alternatives in the treatment of AIS. Submitted to Eur Spine J. on
April, 19th, 2014.
This articles presents a surgical strategy rule-based algorithm to ouput surgical treatment
alternatives and answers objective 3.
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Phan P: Literature review, algorithm synthesis, statistical

submission and revision
Ouellet J: Literature review, manuscript editing
Mezghani N: Programing of algorithm for testing, revision of manuscript
de Guise JA: Revision of manuscript, project funding
Labelle H: Input on methodology, revision of manuscript, project funding
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Chapter 6.

Use of Kohonen Self-Organizing-Maps to

classify AIS and analyse treatment patterns.
This chapter includes the fourth and fifth articles of this thesis.
Both articles present the classification for AIS using a Kohonen Self-Organizing-Map.
The fourth article presents the technical aspect of the classification and its validation while the
fifth article focuses on its clinical implications and how it highlights treatment variability
based on curve types.
Those articles answer objective 4.
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Phan P: Manuscript editing, clinical interpretation of results
Mitiche A: Input on Neural Network programing.
de Guise JA: Revision of manuscript, project funding
Labelle H: Revision of manuscript, project funding
	
  
96	
  

Phan P, Mezghani N, Wai EK, de Guise J, Labelle H.
Artificial neural networks assessing adolescent idiopathic scoliosis: comparison with
Lenke classification. The spine journal : official journal of the North American Spine
Society. 2013 Nov;13(11):1527–33.
Authors’ contribution:
Phan P: Literature review, Neural Network analysis with Kappa statistic maps, statistical
analysis, manuscript writing, submission and revision
Mezghani N: Neural Network programming, manuscript editing
Wai EK: Manuscript editing and revision
de Guise JA: Manuscript revision, project funding
Labelle H: Data clinical interpretation, manuscript revision, project funding
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Chapter 7. Presentation of a software to assist AIS surgical
planning (SAASP)
In this chapter the software developped (SAASP) using all the former studies will be
presented. First a description of the integration of each of the algorithms developped into the
platform will be performed, then a statistical analysis comparing outcome from surgeries
following the most recommended strategy by the software and outcome from surgeries that
did not follow the software recommendation will be undertaken.

7.1 Introduction and background
Several computer algorithms [125-127] and software[156, 157] have been developed
in order to guide surgical treatment of AIS. Nonetheless none of them is widely used in the
clinical setting. In order to highlight the limitations of those applications a literature review on
recent applications developed to assist AIS management was undertaken[158]. It concluded
that a major limitation of computer applications aiming at guiding treatment is the lack of
proper justifications to get acceptance from clinicians for a decision. In an evolving medical
field toward evidence-based medicine, many algorithms display outputs that are the result of
an average of rule as it can be the case of fuzzy logic[126] or resulting from a learning
process. This results in a major limitation, which can be described as a “black box” effect,
representing the algorithm, where there is no justification of output in relation to the input.
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Since decision trees and computer assisted rule based algorithms have demonstrated to
be beneficial in classifying AIS in the area of King’s classification [5, 52, 53], a classifier
decision tree (CDT) for Lenke classification[33] and a computerized surgical strategy rulebased algorithm (SSRBA) [159] were developed. In addition, the existence of large multicentric databases of AIS patients has motivated to find methods to seek similar patients to a
new treated patient in order to compare treatment. Current classifications reliability is limited
by the existence of cut-off values on Cobb angle measurement which variability has been
documented to be as high as 5 degrees intra-observer[47]. Therefore, a Kohonen selforganizing-map (SOM) classification for AIS based on the angle used for Lenke classification
was developed [160] and demonstrated a good ability to extract similar patients from a large
database while avoiding the limitations imposed by cut-off values from the Cobb angle.
The working hypothesis is that software based on the above-described applications [33,
159, 160] can guide surgeons in their surgical strategy planning and ultimately could optimize
surgical treatment.
The objective of this work is to develop a comprehensive and user-friendly software
platform based on artificial intelligence tools to guide surgeons in their selection of approach
and levels of fusion for surgical treatment of AIS.

7.2 Method
7.2.1 Software platform and programming
A graphic user interface (GUI) was developed in Matlab software (Mathworks, Inc., Natick,
MA, USA). Matlab script was used to integrate algorithms from the Lenke CDT, the SSRBA
and Kohonen SOM.
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The software was built with an iterative process. A software engineer accomplished
feature integration. A clinical user gave feedback to improve the software that was again
reprogrammed iteratively until satisfactory result was obtained.
Integration of the Lenke CDT simply required input of 8 Cobb angles in order to
determine the Lenke curve type. A form including those Cobb angles as well as other
information required for determination of the surgical strategy was developed. The CDT was
used to feed the Lenke curve type to the SSRBA.
Integration of the SSRBA into the software required much programming in order to
translate rules extracted from the literature into encoded rules. Data required as input are
fetched from the CDT with Cobb angles and Lenke curve type. Any additional data necessary
by the SSRBA can be inputted upfront or is prompted as decision is taken along the algorithm
structure. As noticed in our literature review[158], a limitation to use applications was the time
required to input or treat data by some applications making them non-implantable in busy
clinics. The 8 Cobb angles for Lenke classification are regularly measured when assessing
AIS, only necessary data required for decision is thereafter prompted but can also be inputted
upfront in the GUI if desired. Attention was paid to build a surgical strategy script with
complete justification for each of the strategy proposed based on patient characteristics and the
adequate literature represented by rules leading to that proposition. Scoring for each
proposition was done in order to favour least levels of fusions while ensuring that indications
and contra-indications to selective fusion are respected. Therefore anterior fusion over
posterior fusion was favoured as long as none of the contra-indications to anterior fusion was
present.
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The SOM was integrated and used the 8 Cobb angles from the CDT to extract 20
neighbour cases which level of fusion are displayed on a 3D map with UIV in the x-axis, LIV
in the y-axis and the number of neighbour who underwent those levels of fusion in the z-axis.
That map allows a quick overview of the surgical strategy applied to the neighbours to a new
case on the SOM (figure 16, 17, 18, section 3a).

7.2.2 Outcome measures and statistical analysis
In order to test the efficacy of the software to output proper surgical strategies,
statistical analysis comparing the outcome from the surgery following the strategy most
recommended by the software and the outcome from surgeries that did not will be undertaken.
It was considered that the surgical treatment recommended by the SSRBA was similar to the
one received by the patient when the approach, the UIV and LIV with one level leeway
matched. The outcomes measured will be the magnitude of the curves as measured by the
Cobb-angle, the correction achieved for each of the curves and the patient balance. MannWhitney-U and Chi-Square statistics with alpha set at 0.05 is adjusted with Bonferonni
correction to alpha = 0.005 since we test multiple variables at a time.
The outcomes compared will include the Cobb angle measurement for each of the three
curves, the correction for each of those curves and the coronal and sagittal balance. The
correction for each of the curves is measured according to the following equation[161]:
Curve correction = (preoperative standing Cobb angle — postoperative standing Cobb angle) /
(preoperative standing Cobb angle) * 100%.
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In order to compare balance outcome, patients will be classified as imbalanced if absolute
value of coronal balance is greater than 2 centimeters and absolute value of sagittal balance
greater than 6 centimetres [1]. Chi-Square statistic will be used to compare balance outcome.

7.3 Results
7.3.1 GUI
The GUI is composed of 3 main areas each of which corresponds to one of the
applications (CDT, SSRBA, SOM). Figure 22, represents the empty GUI with area 1
representing the case with its radiological measurements and its Lenke classification as
determined by the CDT. Area 2 represents the SSRBA; surgical strategy alternatives including
the approach and levels of fusion suggested are displayed. A score represents the level of
recommendation of that strategy based on the body of literature suggesting that strategy, the
number of levels of fusion saved, the presence or absence of contra-indication to selective
fusion. Area 3 represents the SOM, neighbours to the new case from the database and the level
of fusion that were chosen for their surgeries will be displayed in a 3D map as described in the
method section. Figure 23 represents the data entry form, only the 8 Cobb angles needed for
Lenke classification are required to start processing the case. All other additional data field
can also be inputted, but necessary data to establish the surgical strategy will be requested
during SSRBA processing.
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Figure 14: Empty GUI before patient data is entered with the 3 algorithms output area, each of
which represent an application developed in the thesis.

Figure 15: Data entry form for a new case
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7.3.2 Case presentation
In order to display the software features, we will present 2 AIS cases displaying
various features of the platform.
Case 1: Lenke 1AN
This first case is a single main thoracic curve Lenke 1AN. GUI output (fig. 16)
presents the case classification and radiologic measurements (area 1a and 1b). Surgical
management by the spinal deformity surgeon was a posterior fusion from T4 to T12 (area 2c).
Surgical strategy proposed by the SSRBA (area 2a) includes first an anterior spinal
fusion (ASF) from T5 to T11 since the patient does not have any contra-indications (area 2b:
“MT ASF: OK”). Also proposed by the SSRBA are posterior spinal fusions from T3 or T4 to
T11 or T12 (area 2b). Complete justification of those propositions can be found in the surgical
strategy script in the annexe of this chapter (7.4.1). It can be noted that a total of 4 surgical
strategies are proposed for this patient. While all strategies are consistent with a selective
fusion of the main thoracic curve, the multiplicity of the propositions is due to the several
rules from the literature in choosing the level of fusion based on the various reference
vertebras and the permutation between UIV and LIV.
Results from the SOM are presented in area 3. The 3D map demonstrates that the 20
closest neighbours to this patient were instrumented between T2 and T6 down to T10 and L4
(area 3a). Now based on the UIV and LIV density statistics (area 3b), we can see that
instrumentations for similar cases followed a “normal-shaped distribution” centered on T3 and
T12. This fits similar findings when the patient is plotted on the SOM (fig 27) which shows
that it is located in the epicenter of Lenke 1 curve type that surgical treatment with selective
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fusion of the main thoracic curve as proposed by Lenke classification does not show much
variability amongst surgeon as demonstrated by the Kappa Map.
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Figure 16 : GUI output for patient #1020 with AIS curve type1AN
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Figure 17: Position of patient (#1020) on the SOM shows that it is located in the epicenter of Lenke 1 curve type that
surgical treatment with selective fusion of the main thoracic curve as proposed by Lenke classification does not show
much variability amongst surgeon as demonstrated by the Kappa Map
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Case 2: Lenke 1CN
This second case is a single main thoracic curve Lenke 1CN. GUI output (fig. 18)
presents the case classification and radiologic measurements (area 1a and 1b). We can notice
that in fact the Cobb angle measured for the MT and TL curves are both equal to 43 degrees.
And that classification of this curve type as either a Lenke curve type 1 or 5 could simply be
secondary to Cobb angle measurement variability.
Surgical management by the spinal deformity surgeon was a posterior fusion from T5
to L3 (area 2c).
Surgical strategy proposed by the SSRBA (area 2a) includes first two strategies leading
to fusion of both thoraco and lumbar curves from T4 to L3 or L4 despite the lenke curve type
1 for which selective fusion of the main thoracic curve is recommended according to the
Lenke classification. The reason why selective fusion should be avoided is displayed in the
notes section (area 2b), where it is stated that many parameters go against a selective fusion.
Those parameters include MT and TL/L curves with similar curve magnitude, lack of
flexibility of the TL curve as compared to the MT and superior rotation of the TL/L as
opposed to the MT. Full description of the rules and literature leading to those surgical
strategies can be found in the annexe 7.4.2. Of note, the last proposition offered by the SSRBA
is a selective fusion of the MT from T4 to L5. The LIV is a database error where the patient
MT stable vertebra was stored as L5 and demonstrates some of the errors that can occur in
large databases.
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Results from the SOM are presented in area 3 of fig 18. The 3D map demonstrates that
the 20 closest neighbours to this patient were treated with either MT selective fusion, TL/L
selective fusion or fusion of both MT and TL curves. In fact when this curve is plotted on the
SOM it’s in a transition zone between Lenke curve type 1, 5 and 6 (fig 19). When comparing
Lenke classification recommendation with actual surgical treatment undertaken, there is little
agreement as demonstrated by this case and the Kappa map.
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Figure 18 : GUI output for patient #547 with AIS curve type1CN
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Figure 19: Position of patient (#547) on the SOM shows that it is located in a transition zone between curve types 1, 5 and 6.
SOM shows that surgical treatment is highly variable for that kind of curve types and not correlate well with Lenke
classification recommendation as demonstrated with the low Kappa value in this region
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7.3.3 GUI: neighbour comparison
Further functions were developed in the GUI in order to permit comparison of a new
patient with its nearest neighbours. As seen in fig 16 and fig 18, the 20 nearest neighbours to
any given patients are plotted on a 3D map to compare surgical strategy and level of fusions.
Detailed data on each of those neighbours can be displayed for case comparison, fig 28. In
addition, statistical analysis on radiographic measurements of patients following various
surgical strategies can be done and statistical results displayed fig. 29. While integrated in the
GUI those features were developed to the prototyping stage only and not tested thoroughly.

Figure 20: GUI to display neighbour data for case comparison.
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Figure 21: GUI for statistical analysis comparing outcome for various surgical strategies used
in neighbours of a given case.

7.3.3 Statistical analysis
Statistical analysis comparing the outcome from surgeries following the first surgical
strategy recommended by the software (with the highest score) and the outcome from
surgeries that did not follow any of the surgical strategy outputs was done.
Radiographic measurements at 1 year were used since insufficient data was available at
two years (less than 20% follow-up). Statistical analysis of pre-operative and first follow-up
(usually at 6 weeks) measurements did not demonstrate any difference between the two
groups.
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Comparison of radiographic measurements at one year are displayed in table 2 :
AIS patients following SSRBA

AIS patients with treatment

most recommended treatment

different from the SSRBA output

year follow-up

N =108/1058

N=950/1058

PT

-11.7 (+/-11.3)

-11.5(+/-11.03)

0.40

PT correction

0.16 (+/-0.31)

0.30(+/- 0.65)

0.126

MT

18.5 (+/-18.4)

19.9 (+/-19.7)

0.165

MT correction

0.50 (+/- 0.22)

0.50(+/-0.24)

0.600

TL/L

-11.9(+/-16.5)

-13.7(+/-16.3)

0.058

TL/L correction

0.54(+/-0.24)

0.49(+/-0.36)

0.037

Coronal balance

-6.8 (+/- 12.9)

-7.2 (+/- 15)

1% imbalanced

6.5% imbalanced

Sagittal balance (C7)

-17.04 (+/- 31.08)

-18.35 (+/- 31.7)

Imbalance if > 6 cm

11% imbalanced

21% imbalanced

Radiographic at one

(C7PL)
Imbalance if > 2 cm

p-value

0.023

0.049

Table 2: Statistical analysis comparing outcome from surgeries following SSRBA most
recommended strategy with outcome from surgeries that did not follow that strategy.
Based on this analysis, and using an alpha value = 0.005 after Benferonni correction,
there was no statistical difference in outcome between the strategy most recommended by the
SSRBA and other strategies. Nonetheless, it should be pointed, that limited data was available
due to discontinuation of the database and that only 60% of patients from the original database
had complete data at one year. While there was strictly no difference in measurements at first
follow-up, we can see a trend in TL curve correction, coronal and sagittal balance at one year.
It is suspected that difference between the groups could increase with longer follow-up.
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7.4 Annexe
7.4.1 Surgical strategy script for case 1

	
  
130	
  

	
  
131	
  

7.4.2 Surgical strategy script for case 2

	
  
132	
  

	
  
133	
  

Chapter 8. Discussion and Conclusion
Surgical planning in AIS remains a difficult task due to the lack of guidelines and the
pathology complexity. Many studies have aimed at guiding the selection of approach[98, 99,
162-164] and levels of fusion [36, 108, 112, 114, 116, 117, 119, 120, 165-167] and two major
classifications have been developed to assist clinicians [36, 37]. With the increased use of
computer applications in the clinical setting, several applications[125-127, 149, 151, 156, 168]
were developed to assist surgeons with AIS surgical planning, yet no software are routinely
used by surgeons. Particularly, applications based on artificial intelligence algorithms such as
decision trees, rule-based algorithms [52] and neural networks [58, 64, 147] have shown great
potential. This thesis aims at integrating artificial intelligence tools in a software platform to
guide AIS surgical treatment. This chapter will discuss how our objectives were met and
hypothesis tested while highlighting the limitations encountered.

8.1 Hypothesis 1 (H1) and Objective 1(O1)
Chapter 3 aimed at providing a critical appraisal of applications based on computer
algorithms in the assessment and treatment of AIS. The objective was to review the literature,
to extract features from successful applications that could be included in a software to guide
surgeons in AIS surgical treatment while avoiding limitations from former applications. In the
article presented[158], it was found that no clinically usable applications had been developed
to guide selection of approach and levels of fusion for AIS. The only application available to
clinicians is developed by the AOSpine under the name of Scolisoft [156] and represents a
sophisticated repertory of AIS cases with pictures and data inputted by surgeons contributing
to the database. No treatment proposition or background algorithm is used to guide surgical
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treatment. On the other hand Nault et. al [125-127] developed two fuzzy logics models, one
for the proximal thoracic curve and one for the lumbar curves based on rules extracted from
the literature to evaluate the need for curve fusion. While there was good agreement between
the model and surgeon recommendations, the lack of clear justifications, since the model uses
an average of the rules collected, was stated as a major limitation in case of disagreement and
therefore difficult to integrate in clinics. From this review was concluded that many
applications based on computer algorithms could bring great benefits to the management of
AIS, yet they remain in the most part at the research stage due to a lack of usability, since
there was no user interface development, and a common feature from those applications was
the presence of a “black box”, where the output from the algorithm, lacked justifications in
order to gain clinical acceptance. Therefore that article confirmed our first hypothesis that AI
tools could improve AIS management but limitations such as usability and lack of clear
justifications remained challenges to their clinical integration.
A successful application to guide AIS surgical treatment should therefore contain a
user interface for clinical usability, have clear justifications from the literature to get
acceptance from clinicians and could integrate artificial intelligence tools since they have
shown to be beneficial in AIS management. All those features were taken into consideration in
the subsequent work in this thesis.
Limitations from this study was the period reviewed, between 2001 and 2009, which
corresponds to the start of this project and therefore does not include more recent literature.
Nonetheless, a more recent manual review did not demonstrate any breakthrough in
applications developed in the management of AIS. Also, it is noted that nearly 50 % of the
articles retrieved from the literature and presented in chapter 3 represent the work from
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researchers from the region of Montreal, affiliated either with the University of Montreal,
University of Quebec in Montreal and their engineering schools (École polytechnique and
Ècole des techniques supérieures respectively) and Sainte-Justine Hospital. Those same
institutions are involved in the work presented in this thesis. Given that the methodology in
this literature review was rigorous, the many publications by the Montreal institutions around
AIS result from a strong regional interest surrounding this pathology. In fact the unique
interaction between surgeons, engineers and basic science researchers at Sainte-Justine
hospital interested in the study of AIS has led to a pluri-disciplinary approach. First
publication from that research group applying engineering techniques to AIS was in the mid
90’s [169] and led twenty years later to the establishments of several laboratories in the same
region studying AIS using a large array of techniques. This development was made possible
through specific programs such as MENTOR (http://www.programmementor.ca/) under the
Canadian Institutes of Health Research (CIHR) and financing projects using multi-disciplinary
approach to apply new technologies in musculoskeletal research. In fact, the work presented in
this thesis also results from the collaboration between surgeons and engineers sponsored by
the Mentor program.

8.2 Hypothesis 2 (H2) and Objective 2 (O2) and 3 (O3)
Former simple rule-based algorithms have demonstrated their utility in classifying AIS
according to King’s classification [5, 52, 53] and in guiding the selection of levels of fusion
[117]. With the widespread use of Lenke classification in recent years, a CDT[33] was
developed and successfully improved classification accuracy in the clinical setting
independently of levels of training and knowledge about AIS, which fulfilled our second
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objective (O2). While classifier decision tree can be subject to advanced learning mechanisms
to optimize classification, the CDT was simplified in order to make it more accessible in the
clinical setting. Stokes et al. [53] demonstrated how a rule-based algorithm can identify
sources of variability in King’s classification. The systematic approach used with the Lenke
CDT algorithm led to increased classification accuracy that is proportional to the time spent
classifying, a novel findings that has not yet been described in the literature about
classification of spinal pathologies. The transition from a computer algorithm for AIS to the
clinical setting was therefore successful and confirmed the first part of our second hypothesis
(H2) that such classifications can assist clinicians in the classification of AIS.
Features retained from our critical appraisal of the literature [158] , were used in order
to choose an algorithm that could guide surgical management of AIS. First, that algorithm
should avoid the “black-box” effect, where output generated is linked to the input by a trained
algorithm using data and rules for learning purposes but cannot generate justifications that
clinicians can confidently rely on for decision-making. Second, in a medical world strongly
emphasizing evidence-based-medicine, propositions from the algorithm should be based on
evidence extracted from current literature as suggested by Nault et al[125] as opposed to
personal experience as some algorithms have done in the past [117]. Third, in an area of great
variability with respect to surgical treatment for a given case[12, 13, 77], and the lack of gold
standard, that algorithm should be able to output several alternatives on which optimization
could be done. Based on its successful applications in the past, a rule-based algorithm based
on the literature was selected. It does not have the uncertainty associated with “black-box”
algorithms, it can keep track of rules to justify the output and is one of the rare algorithms to
allow several outputs for a given input. The Lenke classification for AIS was used as a frame
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for that algorithm given its dominant use in the literature and to maximize rule extraction from
the literature. The SSRBA generated is able to output adequate surgical strategies and covers
70% of the surgical strategies used in the database with an average of 3.78 (+/- 2.06)
propositions per case with respect to approach and exact level of fusion with a one level
leeway. All those surgical strategies are proposed based on each patient clinical and
radiological characteristics and rules extracted from the literature based on well-developed and
adapted justifications. This is the first time an algorithm is described with the ability to output
such surgical strategies and it fulfills our third objective (O3) and second half of our second
hypothesis (H2).
Limitations from the SSRBA include its development framed upon the Lenke
classification and the integration of rules onto the algorithm without optimization or learning
process. As stated, the Lenke classification principles dividing the spine into three segments
and considering whether a curve is structural or not to decide about fusion are used to build
the SSRBA. On top of this frame, rules extracted from the literature were added and adjusted
to the SSRBA. A complete use of artificial intelligence could have included a step where
weight could be added for each step of the algorithm based on patient characteristics. Those
weights could have been assigned following a learning process from a database of patients.
Such a step should be considered in the future for outcome optimization purposes.

8.3 Hypothesis 3 (H3) and Objective 4 (O4)
As stated by Lenke et al [14], “best surgical treatment” for each AIS patient will
require “ a classification and grading system of AIS that allows similar curves to be grouped
together”. As described in our literature review, a suspected major reason for the variability in
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Lenke classification [38, 41] is the variability in Cobb angle measurement [45, 47]. While that
variability might be lowered with the area of digital imaging [8, 9], another way to improve
AIS classification is to bypass cut-off values in order to group similar curves together. By
using a SOM, gradients of Cobb angles are used rather than cut-off values in order to classify
AIS curves. This allowed the distinction of epicenters for curve types and transition zones,
which had not been described in the past. Interestingly, correlation of Lenke classification
fusion recommendation with surgery undertaken was high in the epicenters and much lower in
the transition zones. The classification created using the SOM was therefore able to highlight
treatment patterns and extract similar cases from a large database without the limitations of
Cobb angle measurement variation, which fulfills O4 and confirms H3.
A major limitation from that study is that it only uses Cobb angles to achieve
classification. In fact, in order to correlate treatment patterns with the Lenke classification
surgical recommendation, only the 8 Cobb angles used in curve type determination were used.
It is probable that additional radiographic parameters could have brought more precise
neighbouring, particularly in respect to three-dimensional neighbouring. In an experiment
[170], when using 71 patients from our institution with three-dimensional reconstruction of the
spine, the closest neighbour based on a 3D reconstruction of the spine (a spline)[138], was
found 70% of the time in the same or a neighbouring node on the SOM. Future classification
should therefore aim at improving that three-dimensional neighbouring since curve
characteristics guide surgical treatment. [171]
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8.4 Hypothesis 4 (H4) and Objective 5 (O5)
In answer to the article on SOM [160], Kang et al. [105] stated : “Ultimately, a
humanized front-end software module or interface must be developed to collect data and to
deliver an understandable output to the practicing surgeon.”. Without knowledge of our
current project those authors had confirmed the need for a platform oriented toward clinicians
to integrate algorithms such as the SOM. Using scripting software, Matlab, for experimental
and scientific computing, a GUI was successfully developed and was able to integrate all the
algorithms developed in this thesis to classify AIS and guide its surgical treatment. That
platform, SAASP, allows a new case to be inputted into the GUI with a user front end. The
new patient is then classified according to Lenke classification and surgical strategies are
proposed based on the SSRBA. Using the SOM, neighbour patients can be extracted from the
database. Outcomes from surgical strategy used for those patients can be compared by
analysing radiological measurements at follow-up. Therefore, a comprehensive platform
integrating AI tools was successfully developed and could guide surgeons by outputting viable
surgical alternatives for a given case and compare those strategies based on similar cases from
a large database.
Many applications have been developed to guide AIS surgical treatment, under the
form of a collective database [156], a model using fuzzy logic and rules form the literature to
guide curve fusion [125] or simulators to predict surgical corrective result [149]. Some
systems integrating patient databases and artificial intelligence tools to guide AIS surgical
treatment have also been developed but their findings unpublished[157]. SAASP represents a
step closer to clinical usability and its features published and conceived with former
applications limitations in mind.
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Limitation of this software is its early development stage. While all the components
have been published or submitted for publication, the platform itself remains in a scripting
language, limiting its access to workstations with the Matlab software and requiring running
the script and its associated database through that software. Also, due to the ceased
contribution and accessibility of surgeons to the SDSG database, the database had remained to
a static state with limited follow-up and numbers. Development of the current platform
showed the vulnerability of such projects to the database on which they rely on. In fact, many
challenges were encountered in order to translate data collected from the study group and
stored in a statistical package such as SPSS or SAS into a database for computing use. With
the increased interest to develop software integrating intelligent tools with databases to guide
treatment[153, 156, 157], attention should be given to adapt data collection and database
storage to the software design, which requires considerations that are very different from
collecting data for regular statistical analysis, which can be achieved through a statistical
package.
In successfully developing the current software, the first part of H4 was confirmed.
Surgical treatment optimization still remains to be achieved, since statistical analysis
comparing outcome from the most recommended strategy by our platform with other
strategies only showed a trend to better balance and lumbar curve correction without statistical
significance. In order to achieve treatment optimization, the rule-based algorithm could follow
a learning process based on a large database of AIS cases aiming at optimizing outcome
measures. Such process would require long-term follow-up data in order to obtain significant
results.
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8.5 Conclusion
On order to develop comprehensive software to guide AIS surgical treatment, a
literature review was undertaken, a Lenke classification decision tree, an AIS surgical strategy
rule-based algorithm and a SOM classifications were developed. The Lenke classification
decision tree showed that algorithms adapted to the clinical setting could be beneficial by
improving classification accuracy independent of the level of training. The rule-based
algorithm was the first attempt at outputting multiple surgical strategies based on rules
extracted from the literature for a given AIS case and is able to match strategies undertaken by
surgeons in a large multicentre database. Classification of AIS using neural network has
shown great potential in bypassing the limitations imposed by the use of cut-off values on
Cobb angle, which measurement is known to have variability leading to AIS classification
variability. Furthermore, the ability to develop analysis maps over the classification map, such
as the Kappa map has permitted to analyse surgeon treatment variability when compared to
Lenke classification recommendation and showed regions, epicenters of curve types, where
treatment is in great agreement while others, transition zones, contained much variability in
treatment. The software developed has integrated all those algorithms and the GUI allows the
user to input a new case, get it classified by the decision tree, have surgical alternatives
proposed by the rule-based algorithm and see what has been done for similar cases in a large
multicentre database using the SOM. Using AI tools to guide AIS management has proven
beneficial in former work and this thesis confirms that such tools can be integrated in
clinically oriented software to guide surgical treatment.
Based on the work presented in this thesis and the development of multi-centric
databases, software using advanced algorithms can be developed to guide surgical treatment.
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While preliminary analysis presented in this thesis shows the potential for surgical
optimization based on software output, further research is required to benefits the benefits in
using such software.
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