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RESUME

La scoliose idiopathique de ’adolescent (SIA) est une déformation tridimensionnelle (3D) de la
colonne vertébrale d’origine inconnue, touchant 2 a 4 % des enfants agés de 10 a 18 ans. Bien que
définie par une déviation latérale de la colonne vertébrale (angle de Cobb >10°), la SIA implique
¢galement des rotations vertébrales et un désalignement sagittal. Pour les courbures sévéres (angle
de Cobb >45-50°), I’arthrodese rachidienne postérieure (ARP) instrumentée par vis pédiculaires
constitue le traitement chirurgical de référence. Bien que la planification chirurgicale initiale se
concentrait sur 1’alignement coronal, 1’obtention d’une correction 3D équilibrée est désormais
reconnue comme essentielle pour garantir des résultats positifs a long terme et la satisfaction des

patients.

La planification chirurgicale préopératoire est cruciale pour déterminer les niveaux de fusion, la
répartition des vis et la courbure des tiges. Bien que les technologies d’imagerie 3D soient de plus
en plus accessibles, la pratique repose encore principalement sur des radiographies 2D, des régles
issues de systéemes de classification et I’expérience du chirurgien. Ces approches n’intégrent pas
pleinement 1’ensemble des parametres d’instrumentation et des variables chirurgicales,
particuliérement au-dela de la densité des vis et des caractéristiques des tiges, qui influencent
pourtant une planification optimale. Cela contribue a une variabilit¢ importante des stratégies
chirurgicales utilisées en pratique et a des taux de chirurgie de révision rapportés entre 7% et 13%
dans les cinq ans, souvent liés a des complications mécaniques ou a un alignement postopératoire

sous-optimal.

Des outils d’assistance informatisés ont été développés pour soutenir la planification chirurgicale
de la SIA, notamment pour I’ARP, mais la plupart restent limités a 1’analyse géométrique a partir
de radiographies et n’intégrent pas le comportement biomécanique de la colonne. Des plateformes
commerciales telles que Surgimap, mediCAD et UNiD Hub peuvent aider a I’alignement et a la
planification en 2D ou fournir des implants personnalisés, mais elles sont principalement congues
pour les pathologies dégénératives et ne prennent que partiellement en compte la complexité 3D
de la SIA. Des outils comme SpineEOS permettent une visualisation 3D du rachis, mais leurs
capacités de planification demeurent essentiellement basées sur la géométrie. En revanche, les
simulations basées sur la physique, telles que la modélisation multicorps, permettent de prédire de

manicre réaliste les résultats chirurgicaux et les forces implantaires a partir de 1’anatomie
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spécifique du patient. Malgré ce potentiel, leur adoption clinique reste limitée en raison de la
complexité technique, des besoins computationnels élevés et d’un acces restreint. Parallélement,
I’intelligence artificielle (IA), en particulier 1I’apprentissage profond (« deep learning »), émerge
comme un outil précieux pour I’aide a la décision chirurgicale, mais son intégration a la
modélisation biomécanique et son application a la planification instrumentée compléte de la SIA

demeurent rares.

Cette these aborde ces défis en posant la question de recherche suivante : dans quelle mesure une
approche hybride, combinant [’[A, un modele biomécanique déterministe 3D spécifique au patient
et un algorithme d’optimisation, peut-elle intégrer avec précision et exactitude les principaux
parametres de I’ ARP (vertebres instrumentées proximale et distale, densité des vis et courbure des
tiges) afin d’optimiser la planification et la prédiction de la correction de la SIA en fonction des
caracteristiques individuelles des patients ? Pour y répondre, 1’objectif général était de développer
un outil intégrant I’IA a la simulation déterministe afin d’assister la planification chirurgicale
préopératoire de I’ARP dans la SIA. Les objectifs spécifiques étaient: (1) développer un réseau
neuronal multitiche (RNMT) pour prédire les principaux parametres d’instrumentation; (2)
intégrer ce modele a une simulation biomécanique afin d’évaluer la correction spinale et les forces
implantaires; (3) coupler le systéme avec un algorithme d’optimisation pour affiner les choix des
instrumentations; et (4) évaluer la crédibilité et I’incertitude du modele développé selon les lignes

directrices internationales établies (ASME V&V40:2018).

La premiere étape a consisté en une revue de la littérature portant sur I’utilisation de 1’apprentissage
profond en imagerie rachidienne. En suivant la méthodologie PRISMA, 365 études ont été classées
en quatre catégories d’application clinique: diagnostic, aide a la décision, évaluation de
I’instrumentation et prédiction des résultats cliniques. Bien que les applications de 1’apprentissage
profond aient connu une croissance rapide dans les derniéres années, en particulier pour le
diagnostic, seulement 15 % des modeles ont été validés de maniere externe, et peu concernaient la
planification chirurgicale ou la biomécanique 3D. Cela a confirmé une lacune critique dans la
littérature et ouvert la voie au développement d’outils de planification plus complets pour la

chirurgie de la SIA, basés sur I’A.

La deuxiéme partie du travail a consisté a développer un RNMT entrainé sur les données de 179

patients atteints de SIA inclus dans 1’essai clinique MIMO (Lenke 1 et 2). Le modé¢le a été congu
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pour prédire les vertebres instrumentées proximale (UIV) et distale (LIV), la courbure des tiges et
la densité des vis a partir des données cliniques et radiographiques préopératoires. Pour ces
prédictions, le modele a atteint une exactitude UIV/LIV de 82-95 % (pour les 2 meilleures
prédictions) et des erreurs quadratiques moyennes de 0.2—0.3 pour la densité des vis et de 3.7-5.6°
pour la courbure des tiges. Une validation externe, utilisant des données de 10 patients issues de
deux hopitaux indépendants, a confirmé la généralisabilité du modele. Ces résultats soulignent la
faisabilité de I’utilisation de I’apprentissage profond pour reproduire les décisions de planification

de chirurgiens experts.

Dans la troisiéme étude, les constructions instrumentées prédites par le RNMT ont été simulées
biomécaniquement et comparées aux plans réalisé€s par les chirurgiens chez 35 patients atteints de
SIA, a I’aide de modeles multicorps rachidiens validés, spécifiques aux patients. Alors que les
chirurgiens obtenaient une meilleure correction dans le plan coronal (différence moyenne de Cobb:
5.6°, p < 0,001), les constructions dérivées de I’'TA restauraient plus efficacement la cyphose
thoracique (32.7° vs 29.3°, p = 0.008) et, dans 77 % des cas, égalaient ou surpassaient la correction
3D globale. Fait notable, ces constructions issues de I’IA nécessitaient moins de vis et des
longueurs de fusion plus courtes, sans augmentation des forces d’arrachement des vis. Ces résultats
ont confirmé la faisabilit¢ biomécanique d’une planification informée par I’IA. Néanmoins, les
tentatives d’affiner ces prédictions par I’IA en ajustant les cibles de correction chirurgicale restaient
limitées a une sélection statique parmi des options pré-générées, sans mise en ceuvre d’une véritable

optimisation ni intégration compléte des considérations biomécaniques.

La quatriéme étude a perfectionné le modele hybride en intégrant une optimisation multi-objectifs.
Pour 20 patients, les plans prédits par I’'IA ont été affinés a I’aide d’un algorithme d’optimisation
équilibrant correction 3D, forces d’arrachement des vis et préservation de la mobilité. Chaque
patient a fait I’objet de 972 simulations, soit un total de 19 440 pour la cohorte. En moyenne, les
plans optimisés utilisaient 4 vis de moins et fusionnaient deux niveaux de moins (p < 0.001) que
les constructions réalisées par les chirurgiens, tout en égalant ou surpassant celles-ci dans tous les
parametres de correction 3D. Plus précisément, les stratégies optimisées amélioraient la rotation
axiale vertébrale moyenne de 2.8° (p = 0.05) et I’angle de Cobb thoracique principal de 3° (p =
0.019), tout en restaurant la cyphose thoracique dans des plages cliniquement acceptables,

similaires aux plans chirurgicaux (29.2° + 6.4° vs 27.4° £ 8.9°, p = 0.372). Toutes les configurations
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maintenaient des charges biomécaniques acceptables, démontrant le potentiel du modéle hybride a

fournir des stratégies d’instrumentation plus sires et plus efficientes.

Afin de garantir que I’outil numérique développé puisse €tre considéré comme fiable et adapté a
une future translation clinique, un processus structuré de vérification, validation et quantification
de I’incertitude (VVUQ) a été mené. Le contexte d’utilisation du modéle a été défini comme un
outil d’aide a la décision pour la planification de I’ARP dans la SIA, fournissant des
recommandations d’instrumentation tout en laissant le jugement final au chirurgien. Selon la norme
ASME V&V 40, ce rble correspond a une influence moyenne du modele et & une faible
conséquence décisionnelle, aboutissant a une classification de risque moyen—faible qui a guidé le
choix des activités de VVUQ. Les études de vérification ont confirmé la stabilit¢ du solveur
numérique, les perturbations de parametres entrainant des variations négligeables de 1’alignement
de la colonne et des forces exercées sur les implants. La validation, réalisée sur 35 chirurgies réelles
de SIA, a montré une concordance étroite entre les résultats simulés et les résultats postopératoires
observés, avec des écarts moyens systématiquement inférieurs a £5°. Des analyses de sensibilité
menées chez 20 patients supplémentaires ont confirmé que le choix du niveau de fusion avait
I’impact le plus important sur la correction et les forces exercées sur les implants, que la courbure
des tiges influencait principalement 1’alignement sagittal, et que la distribution des vis modifiait
les forces sans compromettre la correction. Ces résultats démontrent que I’outil numérique
développé satisfait aux attentes de crédibilité associées a sa classe de risque et qu’il est aligné sur
les standards internationaux, renforcant a la fois sa rigueur méthodologique et sa préparation a une

éventuelle translation clinique.

Pris ensemble, ces quatre travaux et les activités de VVUQ soulignent la faisabilité et les bénéfices
potentiels de [D’intégration de I’IA, de la modélisation biomécanique déterministe et de
I’optimisation au sein d’un modele numérique unifi¢ de planification chirurgicale pour la SIA. Sur
le plan méthodologique, cette thése fait progresser le domaine en combinant la prédiction par
réseau neuronal de type RNMT, la biomécanique multicorps et 1’optimisation dans un cadre
crédible et orienté vers un usage clinique futur. Elle intégre également des processus de validation
et de quantification de I’incertitude alignés sur la norme ASME V&V 40, afin de renforcer la
crédibilit¢ du modele et de son cadre d’utilisation, avec des implications potentielles pour une
préparation réglementaire future. Les limites de ce travail incluent la nature rétrospective de

I’ensemble de données (principalement des patientes Lenke 1/2, de sexe féminin, de type
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caucasien), ainsi que le fait que toutes les simulations demeurent in silico. Une validation
prospective supplémentaire, accompagnée du développement d’interfaces et de leur intégration

dans le flux clinique, reste essentielle.

En conclusion, cette thése jette les bases d’un outil de planification préopératoire de nouvelle
génération, capable de soutenir une prise de décision chirurgicale plus transparente, individualisée
et informée par la biomécanique. Avec un développement continu, une validation rigoureuse et une
collaboration interdisciplinaire soutenue, de tels outils pourraient améliorer a la fois la qualité et la

constance des soins offerts aux adolescents subissant une arthrodése rachidienne postérieure.
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ABSTRACT

Adolescent idiopathic scoliosis (AIS) is a three-dimensional (3D) spinal deformity of unknown
cause, affecting 2—4% of children aged 10 to 18. Although defined by a lateral deviation of the
spine (Cobb angle >10°), AIS also involves vertebral rotation and sagittal misalignment. For severe
curves (Cobb angle >45-50°), posterior spinal fusion (PSF) with pedicle screw instrumentation is
the surgical standard. Although early surgical planning prioritized coronal alignment, achieving

balanced 3D correction is now recognized as critical to long-term outcomes and patient satisfaction.

Preoperative surgical planning is essential to determining fusion levels, screw distribution, and rod
contouring. Although 3D imaging technologies are becoming increasingly available, current
practice still relies predominantly on 2D radiographs, rule-based classification systems, and
surgeon experience. Such approaches may not fully integrate the range of instrumentation
parameters and surgical variables, beyond screw density and rod characteristics, that influence
optimal planning. This can contribute to considerable variability in surgical strategies and to
revision surgery rates, which are reported to be between 7% and 13% within five years, often

related to mechanical complications or suboptimal postoperative alignment.

Computer-assisted tools have been developed to support surgical planning in AIS, including PSF,
but most remain limited to geometric radiographic-based analysis and do not incorporate the
biomechanical behavior of the spine. Commercial platforms such as Surgimap, mediCAD, and
UNiD Hub can assist with 2D alignment and planning or provide patient-specific implants, yet they
are primarily designed for degenerative pathologies and only partially address the 3D complexity
of AIS. Tools like SpineEOS enable 3D visualization, yet their planning capabilities remain
predominantly geometry-based. In contrast, physics-based simulations such as multibody (MB)
modeling can realistically predict surgical outcomes and implant forces using patient-specific
anatomy. Despite their potential, clinical adoption has been hindered by technical complexity, high
computational demands, and limited accessibility. Meanwhile, artificial intelligence (Al),
particularly deep learning, is emerging as a valuable aid for surgical decision-making, but its
integration with biomechanical modeling and its application to comprehensive instrumentation

planning in AIS remain uncommon.

This thesis addresses these challenges by posing the following research question: 7o what extent

can a hybrid approach, combining Al, a deterministic 3D biomechanical patient-specific model,
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and an optimization algorithm, accurately and precisely integrate key PSF parameters (upper and
lower instrumented vertebrae, screw density, and rod curvature) to optimize the planning and
prediction of AIS correction based on individual patient characteristics? To address this question,
the general objective was to develop a tool that integrates Al with deterministic model simulation to
assist PSF preoperative surgical planning in AIS. Specific aims were: (1) to develop a neural
network model for predicting key instrumentation parameters; (2) to integrate this model with
biomechanical simulation for assessing spinal correction and implant forces; (3) to couple the
system with an optimization algorithm to refine construct choices; and (4) to evaluate the
framework’s credibility and uncertainty following established international guidelines (ASME

V&V40:2018).

The first investigation was a scoping review of deep learning and spine imaging. Using PRISMA
methodology, 365 studies were categorized into four clinical applications: diagnostics, decision
support, instrumentation assessment, and outcome prediction. While deep learning applications
have grown rapidly, especially for diagnostics, only 15% of models have been externally validated,
and few have addressed surgical planning or 3D biomechanics. This confirmed a critical gap in the
literature and set the stage for the development of more comprehensive planning tools for AIS

surgery using Al

The second part of this work involved developing a multitask neural network (NNML) trained on
data from 179 AIS patients enrolled in the MIMO clinical trial (Lenke 1 and 2). The NNML was
designed to predict upper (UIV) and lower instrumented vertebrae (LIV), rod curvature, and screw
density using preoperative clinical and radiographic data. For these predictions, the model achieved
UIV/LIV accuracy of 82-95% (top-2 predictions) and root mean square errors of 0.2—0.3 for screw
density and 3.7-5.6° for rod curvature. External validation using 10 patients from 2 independent
hospitals confirmed the model’s generalizability. These findings highlight the feasibility of using

deep learning to emulate expert planning decisions.

In the third study, instrumentation constructs predicted by the NNML were biomechanically
simulated and compared with surgeon-performed plans in 35 AIS patients, using validated patient-
specific multibody spine models. While surgeons achieved greater coronal plane correction (mean
Cobb difference: 5.6°, p<0.001), Al-derived constructs restored thoracic kyphosis more
effectively (32.7° vs. 29.3°, p=.008) and, in 77% of cases, matched or exceeded the overall 3D
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correction. Notably, these Al-derived constructs required fewer screws and shorter fusion lengths,
without increasing implant loads. These findings confirmed the biomechanical feasibility of Al-
informed planning. Nevertheless, attempts to refine these Al predictions through modified surgical
correction targets remained limited to static selection among pre-generated options, without

implementing true optimization or fully integrating biomechanical considerations.

The fourth study advanced the hybrid framework by incorporating multi-objective optimization.
For 20 patients, the Al-predicted plans were refined using an optimization algorithm that balanced
3D correction, screw pullout force, and motion preservation. Each patient underwent 972
simulations, totaling 19,440 across the cohort. On average, optimized plans used 4 fewer screws
and fused up to two fewer levels (p <0.001) compared to surgeon-performed constructs, with
scenarios equaling or surpassing them in all key correction metrics. Specifically, optimized
strategies improved mean axial vertebral rotation by 2.8° (p =.05), main thoracic Cobb angle by
3° (p=.019), while also restoring thoracic kyphosis within acceptable clinical ranges, similar to
surgeon-performed plans (29.2° £+ 6.4° vs. 27.4° + 8.9°, p = .372). All configurations maintained
acceptable biomechanical loads, demonstrating the full pipeline's potential to yield safer and more

efficient instrumentation strategies.

To ensure that the developed framework could be considered reliable and suitable for future clinical
translation, a structured verification, validation, and uncertainty quantification (VVUQ) process
was conducted. The framework’s context of use was defined as a decision-support tool for PSF
planning in AIS, providing recommendations on instrumentation while leaving final judgment to
the surgeon. According to ASME V&V 40, this role corresponds to medium model influence and
low decision consequence, resulting in a medium—low overall risk classification that informed the
selection of VVUQ activities. Performed verification studies confirmed solver stability, with
parameter perturbations producing negligible changes in alignment and implant forces. Validation
against 35 real AIS surgeries showed close agreement between simulated and actual postoperative
outcomes, with mean differences consistently within £5°. Sensitivity analyses in 20 additional
patients confirmed that fusion level selection had the most significant effect on spinal correction
and implant loading, rod curvature primarily influenced sagittal alignment, and screw distribution
altered forces without compromising correction. These findings demonstrate that the framework
meets the credibility expectations for its risk class and is aligned with international standards,

supporting both methodological rigor and translational readiness.
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Collectively, these four studies and the performed VVUQ activities underscore the feasibility and
potential benefits of integrating Al, deterministic biomechanical modeling, optimization, and
simulation-based reasoning into a unified framework for surgical planning in AIS.
Methodologically, this thesis advances the field by integrating neural network prediction,
multibody biomechanics, and optimization within a credible, clinically oriented framework. It also
integrates validation and uncertainty quantification processes aligned with ASME V&V 40 to
comprehensively support model and framework credibility, with potential implications for
regulatory readiness. Limitations include the retrospective nature of the dataset (primarily Lenke
1/2, female, white patients), and the fact that all simulations remain in silico. Further prospective

validation, along with interface development and workflow integration, will be essential.

In conclusion, this thesis lays the groundwork for a next-generation planning tool that could support
more transparent, individualized, and biomechanically informed surgical decision-making. With
continued development, rigorous validation, and sustained interdisciplinary collaboration, such
tools have the potential to improve both the quality and consistency of care for adolescents

undergoing spinal fusion.
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CHAPTER 1 INTRODUCTION

Idiopathic scoliosis is a complex, three-dimensional (3D) spinal deformity of unknown cause. It is
defined by a lateral deviation in the coronal plane (Cobb angle >10°), but also involves segmental
deviation and vertebral rotation in the transverse plane, as well as alterations in sagittal alignment
[1]. Adolescent idiopathic scoliosis (AIS), the most common form of scoliosis, affects
approximately 2—4% of individuals between the ages of 10 and 18 [2-4]. For many years, clinical
evaluation and treatment of AIS focused mainly on the coronal curvature [5, 6]. Nevertheless, it is
now widely recognized that AIS is not merely a lateral deviation, but a multidimensional condition.
Additionally, coronal curve severity is often associated with significant axial and sagittal plane

abnormalities [7-11].

Severe AIS can lead to long-term physical impairment, pain, and pulmonary dysfunction [12],
necessitating surgical intervention when the Cobb angle exceeds 45-50° [13, 14]. Approximately
1% of AIS patients undergo surgery, totaling 15,000 cases annually in North America [15]. The
current standard surgical treatment for AIS cases is posterior spinal instrumentation and fusion
(PSF) with pedicle screws [16, 17]. The primary goal is realigning the vertebrae and achieving a
balanced and stable fusion [18]. Typically, this involves multisegmental pedicle screws connected
to dual rods over the length of the intended fusion for stability, along with bone graft placement to
promote bony fusion. Although surgical correction historically prioritized coronal alignment, it is
now clear that restoring overall 3D spinal balance leads to better functional outcomes and patient
satisfaction [19, 20]. While modern pedicle screw constructs have improved the capacity for 3D
correction [8, 21, 22], no single surgical technique has emerged as universally optimal. As a result,
surgical approaches remain diverse, reflecting the complexity of the condition and the ongoing

search for the most effective strategy.

Preoperative planning plays a critical role in scoliosis surgery, guiding decisions on fusion levels,
implant placement, and rod selection to correct the patient’s deformity effectively. Given the many
factors influencing AIS correction, a well-structured plan is essential for achieving optimal
postoperative outcomes. Classification systems, particularly the Lenke classification, support
standardization of surgical decisions and enable more consistent outcome comparisons [6, 18]. One
key step in planning is determining the scoliotic curve(s) to address and the appropriate fusion

levels. The goal is to limit the number of fused vertebrae to preserve mobility, while ensuring the



fusion is long enough to prevent malalignment or curve progression of the uninstrumented curves
[23, 24]. The next consideration is the number and distribution of pedicle screws; sufficient anchor
points are needed to perform effective correction maneuvers, but excessive screw malalignment
increases implant stress [25]. Rod characteristics (diameter, shape, and material) are equally
important and should be carefully chosen, as an inappropriate rod can lead to mechanical
complications [26-28]. Stiff rods effectively maintain spinal alignment, but overly rigid constructs

may contribute to adjacent segment disease [29].

Traditionally, AIS planning relies on two-dimensional (2D) radiographs, which are mainly
descriptive assessments of sagittal alignment [6, 18]. While this approach simplifies evaluation, it
fails to capture the 3D nature of AIS fully [30-32]. Furthermore, despite the knowledge that
postoperative 3D spinal alignment significantly impacts patient outcomes [19, 33, 34], most
planning methods still rely heavily on 2D parameters, limiting the ability to predict complex
behavior of the spine in 3D. Currently available software, such as Surgimap (Nemaris, Inc., New
York, USA) and mediCAD (Hectec GmbH, Landshut, Germany), enables preoperative simulations
[35, 36] but remains primarily 2D-based. As such, they are better suited for degenerative spinal
conditions than complex 3D deformities like AIS [33, 37]. Moreover, these tools focus exclusively
on radiographic-based geometric correction, without incorporating biomechanical considerations.
UNiD Hub (Medicrea, Lyon, France) introduces patient-specific rods, enabling customized
implants, but also relies on geometric factors without explicitly accounting for biomechanical
properties [37]. SpineEOS (EOS Imaging, Paris, France) offers 3D planning capabilities and
deformity correction assessment of AIS [37], yet its decision-making process remains mostly

confined to geometric considerations.

In contrast, physics-based computational modeling, particularly finite element and multibody (MB)
methods, has emerged as a promising tool for evaluating instrumentation strategies using 3D
patient-specific spine models [25, 38-41]. MB modeling, in particular, allows realistic simulation
of surgical maneuvers and provides a non-invasive way to assess the biomechanical impact of
spinal instrumentation prior to surgery [42]. It has shown promising accuracy, predicting
postoperative alignment with an average Cobb angle deviation of only 1.2° compared to actual
outcomes [43]. Despite these advantages, clinical implementation remains limited due to the
complexity of patient-specific modeling, regulatory issues, and the high computational demands,

with optimization sometimes requiring up to 36 hours per patient [42, 44].



To overcome these limitations, machine learning (ML), a branch of artificial intelligence (Al), is
increasingly explored to enhance preoperative decision-making by leveraging large clinical
datasets [45]. Notably, Lafage et al. developed a deep learning (DL) model that accurately
identified the upper instrumented vertebra (UIV) in 87.5% of adult scoliosis cases, highlighting the
potential of Al-assisted surgical planning. Despite these technological advances, revision surgery
remains a significant concern, with 7-13% of AIS patients requiring reoperation within five years,
primarily due to suboptimal patient-specific deformity correction or postoperative malalignment [46,
47]. Mechanical complications, such as rod breakage, are also common causes of revision, and they
are influenced by instrumentation factors like rod alloy and diameter [48-50]. "Surgeon-modifiable
factors" play a central role in PSF outcomes and postoperative spinal alignment, including upper and
lower instrumented vertebra (LIV) selection [51-57], screw density and pattern [40, 58, 59], and
patient-specific rod contouring [60, 61]. Postoperative malalignment is strongly associated with
decreased health-related quality of life (HRQOL), pain, spinal decompensation, and degeneration of
adjacent segments [62-66]. Restoring sagittal alignment, in particular, has been linked to reduced rod

fracture risk and improved pulmonary function [67-69].

These observations underscore the importance of thorough preoperative surgical planning and
thoughtful instrumentation selection to achieve a well-balanced spine and optimal outcomes. While
classification systems provide a valuable framework for decision-making [6, 18], postoperative curve
progression and compensatory curve development can still occur, even in surgeries that follow
guideline-based classifications [16, 47, 53, 70, 71]. Moreover, many key instrumentation parameters,
such as screw density, are not considered by these systems and remain largely reliant on the surgeon's
experience [72-74]. These problems may partly explain the high variability in instrumentation
strategies and the prevalence of so-called "rule breakers," as recently reported in a multicenter study

[75].

Altogether, these findings highlight the need for a more comprehensive, patient-specific approach
to PSF instrumentation strategies to improve surgical outcomes. Given the high inter-individual
variability in AIS presentation, tailoring surgical constructs to each patient’s anatomy and
biomechanics may reduce the risk of poor outcomes. Although not yet widely implemented, self-
learning algorithms and Al-based planning tools hold promise in supporting surgeons with more
precise, patient-specific preoperative planning, potentially improving correction prediction and long-

term results. Building on these considerations, the overarching objective of this doctoral project was to
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develop and evaluate a hybrid planning framework that combines artificial intelligence, patient-specific
biomechanical simulation, and optimization to guide key instrumentation parameters in AIS surgery
(UIV, LIV, screw density, rod curvature). This framework was further subjected to verification,

validation, and uncertainty quantification to ensure its credibility for potential clinical translation.



CHAPTER 2 REVIEW OF KNOWLEDGE

2.1 Descriptive and Functional Anatomy of the Asymptomatic Spine

The spine (or vertebral column) is a central structure of the human body, composed of
vertebrae, muscles, intervertebral discs, and ligaments. It provides trunk mobility, transmits loads
from the trunk and head to the pelvis, and protects the spinal cord. This section explores the
descriptive and functional anatomy of the spine, focusing on its structural and biomechanical

characteristics.

2.1.1 Descriptive Anatomy of the Spine

To understand the spine’s function, it is essential to describe its major components. The
spine consists of rigid structures (vertebrae) that support the upper body and flexible elements
(intervertebral discs, muscles, and ligaments) that enable movement and provide stability. In
tetrapods, the spine serves four key functions: (1) protecting the spinal cord, (2) supporting body

weight, (3) allowing trunk motion, and (4) serving as an attachment site for muscles and limbs [76].

An anatomical study of the spine uses three orthogonal planes: frontal (coronal), sagittal (lateral),
and transverse (axial), as illustrated in Figure 2.1A. In the coronal plane, a healthy spine appears
straight, while in the sagittal plane, it exhibits an S-shaped curvature, with cervical lordosis,
thoracic kyphosis, lumbar lordosis, and sacral kyphosis (Figure 2.1B). These natural curves are
biomechanically optimized to efficiently distribute mechanical loads and maintain an upright

posture with minimal energy expenditure [77, 78].

The spine is divided into five regions, each with unique structural and functional characteristics.
The cervical spine comprises seven vertebrae (C1-C7) and connects the head to the trunk, allowing
significant motion. The thoracic spine includes twelve vertebrae (T1-T12), which provide stability
and support the rib cage. The lumbar spine, composed of five vertebrae (L1-L5), connects the trunk
to the pelvis and supports the most significant load. Finally, the sacrum and coccyx form the base
of the spine, with the sacrum comprising five fused vertebrae and the coccyx including three to

five atrophied vertebrae [77].



Figure 2.1 Anatomical Drawings of the Spine

A) the principal anatomical planes, and B) the spinal segments and their natural curvatures.

2.1.1.1 Vertebrae

Understanding the unique anatomy of vertebrae is crucial for surgical planning. Vertebrae,
composed of cortical bone (outer layer) and trabecular bone (interior), vary in size and function
across regions. Due to greater load demands, vertebral dimensions increase from the cervical to the

lumbar spine.

Each vertebra follows a consistent structural pattern (Figure 2.2). The anterior vertebral body
serves as the primary weight-bearing portion, while the posterior vertebral arch encloses the
vertebral foramen, forming a protective passage for the spinal cord. Various processes extend from
the vertebral arch, which play structural and functional roles. The spinous process projects
posteriorly, providing an attachment site for muscles and ligaments, while the transverse processes
extend laterally to serve as additional muscle attachment points. Superior and inferior articular

processes form facet joints that connect adjacent vertebrae, influencing motion and stability [77].

Distinct anatomical adaptations are observed in different spinal regions. Cervical vertebrae exhibit
unique features that allow a wide range of motion in the neck. The atlas (C1) and axis (C2) are

specialized for head movement, with the atlas supporting the skull and the axis providing a pivot



point for rotation. Thoracic vertebrae, in contrast, are less mobile due to their articulations with the
ribs, which enhance stability and contribute to the characteristic kyphotic curvature of this region
(Figure 2.2A). Lumbar vertebrae, the largest and strongest, lack transverse foramina and costal
facets, reflecting their role in supporting significant axial loads while permitting greater flexion-

extension movements (Figure 2.2B) [77, 79, 80].

Figure 2.2 Anatomical Drawings of Vertebrae

A) Thoracic vertebra, and B) lumbar vertebra, from top and lateral views.

2.1.1.2 Intervertebral Discs and Ligaments

The structural integrity of the vertebral column depends on both vertebrae and supporting structures
like intervertebral discs and ligaments that connect adjacent vertebrae. Intervertebral discs are
fibrocartilaginous structures located between vertebral bodies. Each disc consists of an outer

annulus fibrosus, a tough fibrous ring that anchors the disc to adjacent vertebrae, and an inner



nucleus pulposus, a gel-like core that absorbs compressive forces. Discs account for approximately
25% of the spine’s height, with thickness varying by region to accommodate different load
demands, with the lumbar discs being the thickest due to higher load demands. Aging or spinal
degeneration can lead to a loss of water content in the nucleus pulposus, reducing disc height and

flexibility [77].

Ligaments further reinforce the spine and ensure structural stability. The anterior and posterior
longitudinal ligaments run along the vertebral column, stabilizing it during movement. The
ligamentum flavum connects adjacent laminae, while the interspinous and supraspinous ligaments
link spinous processes. These structures work together to limit excessive motion and maintain

alignment, ensuring that the spine remains stable under mechanical stress [81].

2.1.1.3 Pelvis

The pelvis serves as the structural connection between the spine and the lower limbs. It consists of
the sacrum, coccyx, and two hip bones. The sacrum, composed of five fused vertebrae, articulates
with the lumbar spine via an intervertebral disc. The coccyx, located at the tip of the sacrum,
comprises three to five atrophied vertebrae. Each hip bone is formed by the fusion of the ilium,
ischium, and pubis by the age of 12. These bones are joined at the pubic symphysis and sacroiliac
joints, which provide rigidity but allow for limited movement during activities such as childbirth

[77].

2.1.2 Biomechanics of the Spine

The biomechanics of the spine examines the relationship between its anatomical structures
and the mechanical principles that govern its function. Advances in engineering have enabled the
development of numerical models for in silico studies of load distribution, which are challenging
to measure in vivo. Spinal mechanics are influenced by the interactions between vertebrae,
intervertebral discs, ligaments, and muscles, which together ensure both stability and mobility
under various mechanical loads. Entire books have been written on spine biomechanics and
surgical instrumentation [82, 83]. Therefore, this section will focus on general principles of the

thoracic spine that address anatomically and surgically relevant issues in the treatment of AIS.



2.1.2.1 Range of Motion of the Spine

The amplitude of spinal movement varies across regions and individual vertebral segments due to
differences in the anatomical characteristics of bony structures and surrounding soft tissues, as
discussed earlier. The thoracic region is the stiffest section of the spine, with motion constrained
by the rib cage and facet joint orientations. Flexion and extension amplitudes increase progressively
from the thoracic to the cervical spine, while rotational motion decreases caudally along the

thoracic spine and becomes minimal in the lumbar region [84].

Thoracic spinal stability can be categorized into overall, segmental, and vertebral stability. Overall
stability, mainly corresponding to external stability, results from the combined contributions of the
rib cage, vertebral morphology, and intervertebral discs. These structures enhance load-bearing
capacity and limit excessive rotational movements throughout the thoracic region [84]. The rib
cage plays a pivotal role as an external stabilizer, resisting rotational forces and supporting the
thoracic spine [80, 81]. Segmental stability depends on the coordinated interaction of adjacent
vertebrae, intervertebral discs, and ligamentous structures such as the facet joint capsules,
ligamentum flavum, and anterior and posterior longitudinal ligaments. These elements collectively
restrict excessive flexion, extension, and lateral bending, ensuring localized stability. Vertebral
stability, another intrinsic component, is determined by the material properties and architecture of

individual vertebrae, which contribute to their load bearing and resistance capabilities.

The thoracic spine is stiffest under axial compression, with moderate flexibility in flexion and axial
rotation compared to extension and lateral bending. Average stiffness values are reported as
approximately 1240 N/mm for axial compression and 2.6-3.2 Nm/° for torsional and bending
motions [84, 85]. Resistance to anteroposterior translation is primarily governed by facet joint
orientation, with intervertebral discs and the rib cage providing additional support under axial
compression [86]. In the transitional cervicothoracic zone, the sagittal plane angle of facet joints
decreases, while the transverse angle increases superiorly [86]. These anatomical changes
contribute to greater flexion and extension amplitudes in the cervical spine compared to the thoracic
region, reflecting its increased range of motion and flexibility [84]. Conversely, in the
thoracolumbar transitional zone (T11 to L1), facet joint orientation shifts from a more frontal plane

alignment in the thoracic spine to a more sagittal alignment in the lumbar spine [86]. This shift
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decreases rotational amplitude in the lumbar spine, favoring flexion-extension over transverse

rotation [84].

2.1.2.2 Loading of the Spine

Spinal loading is influenced by body position, movement, and anatomical structures. In a standing
posture, the body’s center of gravity maintains axial compression and postural balance. Movements
that shift the center of gravity increase vertebral and disc loads, requiring greater muscle activation
and stabilization [86]. The thoracic spine’s load distribution is shaped by its characteristic kyphosis,
which typically measures around 45° but ranges from 20° to 70° in asymptomatic individuals [87].
The mean apex of this curvature is generally located near T6 [88]. The kyphotic alignment shifts
the center of gravity anteriorly, creating a lever arm that requires continuous activation of posterior

muscles, such as the longissimus dorsi, to maintain an upright stance [86].

The kyphosis directs compressive forces primarily toward the anterior vertebral bodies, while
posterior structures resist tensile forces [86]. The combined contributions of the rib cage, vertebral
bodies, and intervertebral discs further enhance the thoracic spine’s load-bearing capacity. The rib
cage increases stiffness in all directions, redistributing forces evenly across the thoracic region and
contributing to external stability [89, 90]. Vertebral bodies, designed to bear axial loads, achieve
their strength and stiffness through the interplay of cortical and trabecular bone. Their compressive
strength and stability increase caudally, correlating with higher bone mineral density [91].
Intervertebral discs play a crucial role in distributing loads by absorbing compressive forces
between adjacent vertebrae. The thoracic spine, excluding the rib cage, has been shown to resist a
compressive failure force of approximately 2 kN, with compressive stiffness of 300 N/mm and an
energy-absorbing capacity in compression of 10 Nm [92]. These structural properties underline

the thoracic spine’s resilience and adaptability to functional demands.

The essential distinction between humans and other vertebrates' spine biomechanics does not lie in
the basic architecture of the spine, which is relatively consistent across species, but in the unique
alignment and function of the human spine. Humans possess a fully upright sagittal spinopelvic
configuration, characterized by a lordotic curve originating from the pelvis, enabling bipedal
locomotion and an upright posture. This arrangement aligns the body’s center of gravity directly
above the pelvis, optimizing balance. However, this unique human feature introduces dorsally

directed shear forces in certain spine regions. These shear forces have been associated with a
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reduction in rotational stiffness in the affected segments [93-96]. While the spine predominantly
experiences axial loads, the spatial orientation of individual vertebrae determines whether they are
subjected to additional shear forces. Depending on their position, vertebrae may experience

anteriorly or posteriorly directed shear loads resulting from gravitational forces and muscle activity
(Figure 2.3) [94, 96].

Figure 2.3 Loading of the Upright Human Spine

A) Thoracic spinal segment depicting axial loading (Faxial) and dorsal shear forces (Fshear)
induced by the combined effect of gravitational and muscular forces (Fg+m).

B) Sagittal spinal profile illustrating regions subjected to anterior shear (green arrows) and
ventral dorsal shear (red arrow), dependent on the individual's sagittal alignment.
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2.2 Adolescent Idiopathic Scoliosis

Scoliosis is a broad term encompassing various spinal deformities characterized by changes
in the shape and position of the spine, ribs, sternum, thorax, and trunk. More specifically, it is a 3D
torsional deformity of the spine, involving a lateral curvature in the coronal plane, axial rotation of
the vertebrae in the transverse plane, and disturbances in the natural kyphosis and lordosis of the
sagittal plane [7-9]. According to the Scoliosis Research Society (SRS), scoliosis is diagnosed
when a patient has a lateral curvature that exhibits a Cobb angle of at least 10° (Figure 2.4) and
some degree of axial rotation of the involved vertebrae [14]. Scoliosis can affect regional anatomy,
resulting in smaller pedicles on the side of the concavity, particularly in established cases. Further
alterations due to scoliosis can result in restricted spine motion, early arthritis changes, and regional

variability in bone mineral density.

Figure 2.4 Radiographic Features of Adolescent Idiopathic Scoliosis

A) Representative radiograph demonstrating lateral curvature in the coronal plane.
B) Coronal Cobb angle measurement, used to quantify the magnitude of the coronal deformity
C) Central sacral vertical line (CSVL), a vertical line bisecting the sacrum on standing
radiographs, illustrating the coronal balance between the pelvis and spine.
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When no specific underlying cause, such as congenital malformations, neuropathic conditions, or
myopathic disorders, can be identified, the term idiopathic scoliosis is applied [97]. The Greek term
“idiopathic” implies that the disease is not linked to any physical impairment or previous medical
history. Therefore, by definition, idiopathic scoliosis has an unknown etiology. However, current
research suggests it may be a clinical manifestation of a syndrome with a multifactorial origin,
involving rotational stability of the spine and genetics, as well as metabolic, neurogenic, and
environmental factors [14, 93-95, 98]. Severe AIS cases may result in long-term complications,
including physical impairment, pain, and pulmonary dysfunction [12]. The degree of deformity,
curve rigidity, and apex location determine progression risks and associated morbidity. Early
diagnosis and classification are essential for optimizing outcomes and reducing long-term

consequences.

2.2.1 AIS Clinical Work-Up and Evaluation

The clinical work-up of AIS involves a structured approach combining physical
examination and imaging to evaluate spinal deformity, assess progression risk, and guide treatment
decisions. This section outlines the standard evaluation pathway, focusing on radiographic
modalities and key parameters such as curve magnitude, spinal alignment, and flexibility relevant

to surgical planning.

2.2.1.1 Imaging Modalities for Evaluation

Radiographic imaging is central to AIS evaluation, providing essential data on curve magnitude,
spinal balance, skeletal maturity, and surgical planning. Standard posteroanterior (PA; Figure
2.5A) and lateral standing radiographs (Figure 2.5B) are the current standard for assessing
scoliosis. These views quantify the coronal and sagittal spine balance and allow for the
identification of potential nonidiopathic causes of spinal deformity, such as spondylolisthesis or
congenital anomalies. Additional radiographic techniques, including side bending (Figure 2.5C-
D), traction, and push-prone radiographs, assess curve flexibility and inform surgical planning by
predicting correction potential [99-101]. Recent innovations, such as EOS imaging, have
significantly reduced radiation exposure while maintaining high-quality imaging consistent with

the “as low as reasonably achievable” (ALARA) principle [102, 103]. Additionally, 3D
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reconstructions from EOS imaging and patient-specific 3D-printed surgical guides are advancing

the visualization and personalization of AIS treatment planning [104].

DEBOUT

Figure 2.5 Routinely Acquired Radiographic Views for AIS Curve Evaluation
A-B) Standing posteroanterior (PA) and lateral radiographs.
C-D) PA radiographs during left (C) and right (D) side bending to assess curve flexibility.

Advanced imaging modalities such as computed tomography (CT) and magnetic resonance
imaging (MRI) are reserved for specific cases. CT scans are valuable for evaluating complex
deformities, congenital anomalies, or pedicle size for surgical fixation, though their use is limited
due to radiation exposure. MRI is preferred for identifying associated conditions such as
syringomyelia, Chiari malformation, or tethered cord, which occur in 2-28% of AIS patients [105-
107]. Surface topography is gaining attention as a radiation-free tool for monitoring scoliosis
progression. Studies have shown that combining surface topography with radiographic imaging

reduces the frequency of radiographs needed for mild curves (<25°) [108].

The Cobb angle, one of the primary metrics for quantifying spinal deformity, plays a key role in
assessing both coronal and sagittal plane balance. For coronal balance, the Cobb angle measures
the severity of lateral curvature by identifying the cranial and caudal end vertebrae, drawing lines

along their endplates, and calculating the angle formed by the intersection of perpendicular lines
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(Figure 2.4B, Figure 2.6A). Digitized methods using Al, such as spline-based systems and
convolutional neural networks, have demonstrated improved accuracy and interobserver reliability
compared to manual measurements [109-112]. Smartphone-based tools for Cobb angle
measurement also show reliability comparable to conventional methods [113-115]. In the sagittal
plane, the Cobb angle is used to quantify thoracic kyphosis (T5-T12; normal range: 10-40°; Figure
2.6B) and lumbar lordosis (L1-S1; normal range: 31-79°), which are critical parameters for
understanding spinal alignment [77]. Spinal balance evaluation extends beyond angular
measurements to incorporate global alignment assessments. Coronal balance between the pelvis
and spine is assessed using the central sacral vertical line (CSVL; Figure 2.4C and Figure 2.6D), a
vertical line on standing radiographs that bisects the sacrum. Deviation from the CSVL indicates
an imbalance affecting posture and alignment. Coronal balance is also evaluated by comparing the
C7 plumb line (C7PL; Figure 2.6E) to the CSVL. Balance is considered maintained if the distance
between these lines is <2 cm (Figure 2.6F). Sagittal plane balance is determined using the sagittal
vertical axis (SVA), which assesses the alignment between the C7PL and the posterior superior

corner of the sacrum (Figure 2.6C).

2.2.1.2 Skeletal Maturity Assessment

Assessing skeletal maturity is vital for predicting curve progression and guiding treatment
decisions. The Risser scale, based on the ossification of the iliac apophysis on coronal radiographs,
is the most commonly used system in AIS patients’ management and categorizes skeletal maturity
from 0 (no ossification) to 5 (fully ossified) [116-118]. The Sanders Maturity Scale (SMS), which
uses hand radiographs to assess skeletal maturity based on the development of hand and phalangeal
bones, provides a more precise predictor of curve progression risk than the Risser stage, especially
during the curve acceleration phase of growth [119]. The triradiate cartilage is another marker of
skeletal immaturity, closing around the onset of menarche in girls and early puberty in boys. Its
closure is often used to determine the safe timing for PSF to avoid crankshaft phenomena [120].
Automated methods using DL on EOS radiographs show promise in providing objective, efficient

skeletal maturity assessments [121].
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Figure 2.6 Geometric Indices for Evaluating Scoliosis in the Coronal and Sagittal Planes

A-B) Cobb angles in coronal (A) and sagittal (B) planes.
C) Sagittal balance using SVA, showing positive balance with C7PL >2 cm anterior to sacrum.
D-F) Coronal balance using CSVL (D) and C7PL (E), with coronal imbalance indicated by line
distance (F) >20 mm.
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2.2.2 Characterization of Scoliotic Curves

Characterizing and classifying scoliotic curves are essential in AIS management, guiding
surgical intervention and planning. Classification systems define curve types, apex locations, and
structural characteristics, providing a foundation for selecting vertebral levels for instrumentation and
optimizing surgical outcomes [6, 18]. AIS curves are categorized by apex location, the most laterally
deviated and horizontal vertebra, with types including cervical, cervicothoracic, thoracic,
thoracolumbar, lumbar, and lumbosacral curves (Table 2.1) [122]. Thoracic curves are the most
prevalent (48%), followed by thoracolumbar/lumbar curves (40%). Double curves are less common
(9%), with double thoracic curves being the rarest (3%) [123]. Curve location significantly
influences progression risk and treatment, with thoracic curves more prone to progression than

lumbar curves.

Table 2.1 Curve Characterization by Apex Location and Prevalence (Suh et al. [123])

Curve Type Location of Apex Prevalence (%) ‘
Cervical C2—Co6 Rare
Cervicothoracic  C7-TlI Rare
Thoracic T2-T11 48%
Thoracolumbar @ T11-L4
Lumbar [ la 40% (combined thoracolumbar and lumbar)
Lumbosacral L5 or below Rare; typically associated with other curves
Double curves Multiple apexes 9%

Double Thoracic Multiple thoracic apices 3%

2.2.2.1 C(lassifications based on 2D Approaches

The King-Moe classification, introduced in 1983, was the first attempt to describe AIS curve
patterns and offer surgical guidelines for selective thoracic fusion based on coronal Cobb angles
and curve flexibility [6]. However, poor reproducibility and limitations with modern segmental
fixation led to the development of the Lenke classification system in 2001, which remains the
current standard for AIS curve classification due to its improved reliability and comprehensive

approach [124, 125].
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The Lenke classification system defines scoliotic curves using three key components: curve type,
lumbar modifier, and sagittal thoracic modifier [18]. To apply the system, upright coronal and
sagittal radiographs, along with side-bending films, are obtained (Figure 2.5) to assess the major
curve (with the greatest magnitude) and determine if accompanying curves are structural or
nonstructural. Radiographic evaluation begins with identifying the proximal thoracic (PT), main
thoracic (MT), and thoracolumbar/lumbar (TL/L) curves. The apex of the MT curve is typically
between T3 and T11-T12, while the TL/L apex lies between T11-T12 and L4. Major curves,
always considered structural, are central to surgical planning, while minor curves are assessed for
flexibility. For a curve to be classified as structural, it must retain a Cobb angle >25° on side-
bending films or exhibit significant kyphosis (=20°) in the sagittal plane, regardless of its coronal
characteristics. The lumbar modifier evaluates the position of the CSVL relative to the apical
lumbar vertebra: A (CSVL lies between pedicles), B (CSVL touches one pedicle), and C (CSVL
lies entirely outside the pedicles). The sagittal thoracic modifier classifies T5-T12 kyphosis as:
(hypokyphotic, <10°), N (normokyphotic, 10-40°), or + (hyperkyphotic, >40°). Using the curve
type, lumbar modifier, and sagittal thoracic modifier, a three-digit classification is assigned, such
as 1AN. The system delineates six elemental curve types based on the location of the major curve
and the structurality of accompanying minor curves (Figure 2.7) [18]. For example, Type 1 curves
exhibit a major MT curve with nonstructural PT and TL/L curves, while Type 2 curves feature

structural PT and MT curves with a nonstructural TL/L curve.

The Lenke system has significantly enhanced the reproducibility and reliability of curve
characterization and treatment decisions, with improved intraobserver reliability (kappa = 0.92)
and demonstrating greater consistency across clinical applications [126]. Despite being widely
used, the Lenke classification system is solely based on a 2D approach [18], which facilitates its
clinical application but also results in the separation between the 3D nature of this spinal deformity
from the clinical management and surgical decision-making process [30-32]. Consequently,

individualized surgical strategies often extend beyond the framework provided by the system.

Additionally, while the Lenke classification emphasizes coronal plane analysis, patients and their
families are often more concerned with visible improvements in posture and symmetry, particularly
the rotational aspects of the deformity that affect rib prominence and shoulder balance [127, 128].
Improvements in sagittal alignment are also important to them, as they may help prevent future

problems such as neck and back pain. Surgeons increasingly recognize these concerns, although
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the Lenke classification system still primarily emphasizes coronal plane correction. As a result,
additional clinical judgment is often required to address the 3D aspects of deformity that matter

most to patients and families.

Figure 2.7 Schematic Drawings Representing the Lenke Classification of AIS Based on the Six
Curve Types and the Three Lumbar Modifiers (A, B, C)

2.2.2.2 Measurements and Classifications based on 3D approaches

As outlined in the previous section, the Lenke classification, despite its widespread adoption, relies
exclusively on 2D radiographic assessments, which cannot fully capture the complexities of AIS.

Recognizing this limitation, the SRS initiated efforts in 2006 to develop a clinically useful 3D
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classification system [30-32]. Professor lan Stokes initially outlined a 3D terminology,
emphasizing the importance of parameters such as the orientation of the plane of maximum
curvature (PMC) and the axial rotation of the apical vertebra (AVR) [129]. Since then, various
studies, including those by Sangole et al., have identified distinct 3D subgroups within existing
Lenke classifications, highlighting their impact on surgical outcomes [130]. Other studies have
corroborated the existence of clinically relevant 3D subtypes within Lenke classifications, also
underscoring their impact on surgical outcomes [30, 31, 130-133]. In line with this, the SRS 3D
Scoliosis Committee has demonstrated that distinct 3D subtypes exist even within Lenke type 1
curves, and emphasized that recognizing these subtypes may influence surgical planning, as

different 3D morphologies can require different reduction techniques and fusion strategies [134].
Three-Dimensional Reference Framework

To facilitate and standardize the evaluation of 3D deformities, the SRS Classification Committee
defined global and local vertebral reference frames. Globally, the x-axis represents the
anteroposterior direction, the y-axis is mediolateral, and the z-axis is upward. These axes
correspond to the sagittal (x—z), coronal (y—z), and axial (x—y) planes, as viewed on standard
radiographs and explained in section 2.1.1. This global framework is complemented by local
reference frames for each vertebra. The x'—z' plane divides the vertebra into medial and lateral
halves, the x'—y’ plane separates the superior and inferior halves, and the z'-axis is defined by the

average of perpendicular vectors to the endplates (Figure 2.8).

Y, Yz -

b X

Figure 2.8 Drawings of the 3D Reference Axes by Local Vertebral Anatomic Landmarks
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In healthy spines, physiological curves such as kyphosis and lordosis align closely with the x—z
plane, and there is minimal rotation in the coronal plane. In scoliosis, however, vertebrae deviate
from these alignments due to increasing coronal tilt and axial rotation at the curve's apex. These
deviations reduce the reliability of traditional 2D radiographic assessments of kyphosis and
lordosis, especially in advanced deformities. Spinal 3D reconstructions provide detailed axial plane
views, enabling accurate measurement of vertebral axial rotation, which is particularly significant
for evaluating the apical vertebrae [129, 135]. For right thoracic curves, this rotation appears as a

clockwise twist when viewed from above.
Plane of Maximum Curvature

The PMC is an important descriptor in 3D scoliosis analysis because it defines the plane where the
deformity is most pronounced (Figure 2.9). Unlike standard sagittal, coronal, and axial planes, the
PMC captures the combined effect of regional rotation and lateral displacement [134]. In healthy
spines, kyphosis and lordosis occur entirely within the sagittal plane, making it the default PMC.
However, spinal rotation and lateral displacement in scoliosis cause the PMC to deviate from this

alignment.

The PMC is constructed using three key vertebrae: the two end vertebrae that define the limits of
the curve and the apical vertebra, where the deformity is most severe. By determining the centroids
(midpoints) of these vertebrae, a unique 3D plane is established, allowing the curvature to be
projected and quantified within this specific plane. The orientation of the PMC is measured relative
to the sagittal plane and indicates the direction and extent of the apical vertebra's displacement
[129, 130]. In a healthy individual, this angle is close to zero. As scoliosis progresses, the PMC
typically shifts between the sagittal and coronal planes, sometimes rotating beyond the coronal
plane in severe cases. The SRS introduced graphical tools like the "true da Vinci projection” to

visualize these complex relationships [134].
SRS Three-Dimensional Classification System

Since it has become increasingly evident that AIS is a 3D deformity requiring a holistic approach,
the SRS has been working on a 3D classification system integrating axial, coronal, and sagittal
deformities into a unified framework. To ensure continuity with existing practice, this initiative
builds on the widely used Lenke 2D modular system, while introducing complementary descriptors

that explicitly capture transverse plane deformities, which are absent from the original framework.
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Modern imaging techniques, such as synchronized upright biplanar radiography, have enabled the
creation of 3D spinal reconstructions with minimal radiation exposure, providing critical insights
into scoliosis’s spatial complexities. Recent advances in low-dose imaging and validated self-
calibration algorithms now allow accurate 3D reconstructions (<1.5 mm error) from routine
radiographs, making 3D analysis accessible beyond specialized research centers [136, 137]. These
reconstructions offer precise measurements of vertebral axial rotation and regional alignment
within the PMC, improving the characterization of deformities and guiding surgical interventions

(Figure 2.9) [138].

Figure 2.9 Biplanar Radiographs and 3D Reconstruction of Planes of Maximum Curvature

A-B) Coronal (A) and sagittal (B) radiographs with landmarks for 3D reconstruction.
C-D) 3D views in coronal (C) and sagittal (D) planes showing PMC through TL/L, MT, and PT
curves. E) Transverse “top-down” view of vertebrae and PMC. F) da Vinci projection of PMC as
2D vectors.



23

Research has highlighted the importance of incorporating 3D metrics into AIS classification to
capture the complexities of spinal deformities better. Duong et al. used fuzzy clustering techniques
to identify distinct 3D subtypes within Lenke Type 1 curves, revealing significant variability that
traditional 2D methods cannot fully address [139, 140]. Further studies have explored the
relationship between coronal and sagittal deformities, with Sullivan et al. and Hayashi et al.
demonstrating a link between increased coronal curvature and reduced 3D thoracic kyphosis,
highlighting the need to evaluate spinal deformities holistically [11, 141]. Additionally, Poncet et
al. identified torsional patterns as a key intrinsic characteristic of scoliotic spines, suggesting
torsion as a potential parameter for future 3D classification systems [142]. Building on this, Shen
et al. proposed a robust numerical method to quantify geometric torsion in AIS and demonstrated
that this index could distinguish between Lenke 1 subtypes based on twisting severity [143]. In
later work, the same group contributed to a proposed SRS-endorsed 3D classification, emphasizing
that integrating torsion alongside axial rotation and coronal alignment better reflects the true spatial

complexity of AIS [8].

Building on these research efforts, the SRS-Lenke-Aubin 3D classification [136] recently
introduced a new transverse-plane descriptor: the Orientation of the Regional Plane of Deformation
(ORPD), a complementary descriptor to the AVR. ORPD captures the spatial orientation of each
curve segment (PT, MT, TL/L), while AVR quantifies the degree of apical torsion. Thresholds for
ORPD (<70°, 70-90°, >90°) and AVR (<10°, 10-20°, >20°) stratify clinically meaningful
categories, distinguishing between preserved, flattened, or inverted sagittal profiles, and between
slight, moderate, or marked torsion. These descriptors can be fully integrated into the Lenke
system, producing a 4-modifier structure: Curve Type + Lumbar Modifier + Sagittal Modifier +
ORPD + AVR [136].

In an extensive study using a 285-patient cohort by Aubin et al., all possible ORPD-AVR
combinations were represented, underscoring the heterogeneity of AIS and demonstrating the
added discriminative power of these 3D descriptors. Importantly, curves with nearly identical
coronal patterns often exhibited different torsional or transverse-plane orientations, showing the
limitations of 2D-only classifications [136]. Beyond their descriptive role, these indices provide
actionable guidance for surgical correction trajectories, derotation maneuvers, and instrumentation

strategies, bridging the gap between research-oriented metrics and operative decision-making.
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Despite these advancements, 3D classifications remain predominantly research tools due to their
complexity and the specialized imaging required. However, the SRS-Lenke-Aubin framework was
specifically designed for clinical integration by maintaining continuity with the Lenke system and
using routinely available imaging. This pragmatic approach positions it as a pivotal step toward
operationalizing 3D analysis in scoliosis care, with the potential to enhance both surgical planning
and long-term patient outcomes [136]. Their potential to revolutionize scoliosis management is
undeniable. By offering a comprehensive understanding of spinal deformities across planes, 3D
classifications promise to enhance surgical planning and patient outcomes. As imaging
technologies evolve, the integration of 3D systems into routine clinical practice is likely to mark a

significant milestone in scoliosis care.

2.2.3 Surgical Correction by Posterior Spinal Fusion

Approximately 10% of AIS cases necessitate medical intervention [144]. Treatment choice
primarily depends on the degree of spinal curvature and the patient's remaining growth potential,
as curves may progress rapidly during growth spurts. Larger curves exceeding 45° are particularly
concerning, as they are associated with persistent health issues beyond adolescence. Approximately
1% of AIS patients will require surgery prior to adulthood [15]. Spinal fusion can correct spinal
deformity by realigning the spine and providing immediate rigid fixation to achieve a balanced,
solid vertebral fusion [18]. Over the past few decades, the PSF approach has emerged as the
preferred technique due to its versatility and effectiveness [16, 17]. This method typically involves
the placement of pedicle screws as vertebral anchors, which are then connected to dual rods
spanning the length of the intended fusion (Figure 2.10). Despite extensive research evaluating
different instrumentation strategies and 3D spinal deformity correction, no specific correction
technique is applicable or successful in all AIS cases, and experienced surgeons could select

multiple instrumentation strategies for the same patient [145-147].
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Figure 2.10 Instrumentation used for PSF Surgery for AIS Curve Correction

A-B) Posteroanterior and lateral radiographs after PSF showing instrumentation and arthrodesis.
C) Schematic of thoracic segments with pedicle screws and rods, commonly used in PSF.

2.2.3.1 Surgical Planning

Preoperative planning in AIS is critical for achieving favorable postoperative outcomes and is often
guided by the Lenke classification system (see section 2.2.2.1) [18]. The surgical decision-making
process involves selecting the most appropriate fusion levels, the number and position of implants,
and the mechanical properties of rods according to the patient-specific spinal deformity. The Lenke
classification aids surgeons in distinguishing structural and compensatory (non-structural) curves,
thereby determining which vertebrae should be included in the fusion [18]. Once the fusion levels
are defined, the proper surgical instrumentation parameters must be identified alongside the
corrective maneuvers required to realign the spine. A comprehensive discussion of these correction
maneuvers is beyond the scope of this text. However, it is important to note that the success of
these maneuvers is highly dependent on the instrumentation chosen. They will determine which
maneuvers can be performed and their success because the implants will be under high levels of

stress during the maneuvers and postoperative period.
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Choice of Fusion Levels

Selection of fusion levels is generally based on the Lenke classification while accounting for the
surgical objectives, anticipated deformity correction, and the surgeon's experience and evaluation
of the patient-specific risks of postoperative complications [18, 148]. The number of fused levels
should be minimized to preserve spinal mobility but adequately extended to prevent postoperative
complications, such as malalignment or progression of unfused curves [23, 24]. Despite broad
consensus on these principles, there is significant variability in surgeons’ choices for the UIV and
LIV [126, 145, 147, 148]. Recent literature has refined these decisions, particularly for Lenke types
1 and 3 curves. For example, Suk et al. recommend extending the fusion to the neutral vertebra
when it is within two levels of the end vertebra [149]. Similarly, Cao et al. advocate ensuring that
the LIV is within 1 cm of the CSVL on preoperative radiographs [150]. Additionally, studies have
shown that extending the fusion to stable vertebrae bisected by the CSVL minimizes postoperative
progression of unfused curves [151, 152]. The Harms Study Group Investigators recently
introduced the "touched vertebra" concept (defined as the most cranial thoracolumbar or lumbar
vertebra (T12-L5) that is “touched” by the CSVL on any portion of the vertebra[153]) as a Lenke

classification modifier, suggesting it as an optimal LIV selection criterion [154].
Choice of Anchors

Various anchor types are available, including spinous process wires, sublaminar wires and/or
bands, pedicle hooks, laminar hooks, transverse process hooks, and pedicle screws. Among these,
pedicle screws are most commonly used due to their superior anchorage and facilitation of 3D
deformity correction [8, 17, 21, 22]. Multiple types of pedicle screws exist, which must align with
patient-specific anatomy and surgical goals. While a comprehensive review of all pedicle screw
types is beyond the scope of this thesis, the following sections summarize their key parameters,
surgical considerations, and insertion techniques to provide context for their application in
preoperative planning. Pedicle screws may feature different head designs to accommodate various

surgical objectives (Figure 2.11):

e Monoaxial screws: These have a fixed head, providing greater stability but requiring
precise screw placement to align with the rod. They are advantageous in creating a rigid

construct but may compromise pedicle placement for rod alignment, particularly in large
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or rigid deformities. Despite final tightening, the rod can slide more on a monoaxial screw
as the rod may be oblique in the tulip head.

e Polyaxial screws: These screws allow for multidirectional head movement relative to the
screw until the rod is locked, enabling safer pedicle placement while ensuring rod
alignment. They are widely used in spinal fusions.

e Uniplanar screws: These screws pivot in one plane (typically sagittal), combining ease of
rod engagement with strength preservation, and are specific to patients with rotational

deformity as seen in scoliosis.

Recent studies showed that the use of polyaxial screws (screws that allow head rotation around the
core in all directions) requires less effort during rod insertion and therefore decreases the resulting

bone-screw forces but may be less effective in deformation correction [59, 155].

Figure 2.11 Pedicle Screw Instrumentation in PSF for AIS Correction

A) Pedicle screw anatomy and example placement in a thoracic vertebra shown in B) sagittal
and C) transverse planes.
D-E) Screw types with degrees of freedom: monoaxial, uniaxial, polyaxial.
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Material selection further influences screw performance, with titanium being most often preferred
for its behavior and biocompatibility [17, 156]. Pedicle screw diameter and length vary widely to
accommodate anatomical differences and surgical needs. Diameters typically range from 4 to 8
mm, and lengths span 20 to 100 mm, increasing in 5-mm increments. General guidelines suggest
that screws should occupy 70-80% of the pedicle width and achieve 70—-80% penetration of the
vertebral body as seen on lateral radiographs [157, 158]. Pediatric anatomy and deformities further
influence selection. AIS patients often present with asymmetry; concave pedicles are smaller due
to compression, with 37% of T3-T9 concave pedicles unable to accept a 4-mm screw [159]. In
contrast, convex pedicles, though larger, may require shorter screws at certain levels, such as T5
and T7-T9 [159]. In addition to pedicle fill, larger screws may have greater surface area and

increased pull-out strength.

Pedicle screws can be inserted using two primary sagittal plane trajectories. When using an
anatomic trajectory, the pedicle screw is inserted to follow the anatomical axis of the pedicle,
directed 22° cephalocaudal. A straightforward trajectory technique is also common, in which the
screw is inserted parallel to the superior endplate of the vertebral body. This trajectory offers
biomechanical advantages such as higher insertion torque (0.3 vs 0.2 Nm) and pullout strength
(611 vs481 N) [160]. In the transverse plane, screws are typically inserted either along a "straight"
axis parallel to the midline or along a "converging" axis, which angles inward at approximately
30° to match pedicle anatomy. “Converging” screws have an increased pullout strength by 29%

[161], but constructs using “straight” screws are more stable when tested in fatigue [162].

Several other parameters, such as screw density (number of anchors per vertebral level) and
distribution (their placement along the instrumented levels), have been studied in PSF surgery for
AIS treatment [163, 164]. The implant density used varies among surgeons. Maximal implant
density is two anchors per vertebra, resulting in a density of 2.0. While there is some radiographic
evidence that spinal alignment might be improved with higher-density constructs, studies have not
shown consistent improvement in intraoperative 3D spinal correction [25, 38, 164, 165] or patient
outcomes [164, 166-168], and increasing the number of implants is not without risks. High-density
constructs are associated with increased surgical time [169, 170], blood loss, complications [171],
and costs [170, 172], while also subjecting the implants to greater mechanical stress, potentially
leading to failure [25]. Therefore, anchor placement should balance correction capability with

implant longevity and cost-effectiveness [25].
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Choice of Rods

Rod choice, including diameter, shape, and alloy properties, is also an essential factor to consider
for deformity correction [26-28]. Rod type influences the success of the corrective maneuvers and
maintenance of the spinal alignment. The postoperative sagittal profile is highly dependent on the
rods' biomechanical properties and the shape of the rods before insertion. The rods' properties
should be chosen to have a construct's stiffness high enough for successful corrective maneuvers
and sustainable deformity correction, but without being too stiff to avoid overcorrection or implant-
related complications. Despite their central role in PSF instrumentation, there is no universal
agreement guiding the preoperative selection of rods. Rod stiffness is highly dependent on the
material stiffness (proportional to Young's modulus of elasticity) and rod diameter (increasing to
the four™ power of the radius). Rods available to surgeons are typically made of stainless steel (SS),
ultrahigh-strength stainless steel (UHSS), cobalt-chrome (CoCr), and titanium alloys (Ti) and have
a diameter between 5.0 and 6.35mm. Rods made of SS and CoCr have a higher Young's modulus
than titanium alloys [173], thus allowing smaller diameter rods to achieve similar results. However,
Ti rods retain their original shape better than the other materials but cannot sustain as much
corrective forces [174]. The correction technique and rod contouring are also factors related to rod
selection to consider in AIS surgery. Different combinations can be used as a means of improving
transverse plane deformities and restoring a normal sagittal profile. Differential rod contouring
(Figure 2.12) is often used to address transverse plane deformities and restore a normal sagittal
profile. This technique involves exaggerated bending on the concave side and reduced bending on
the convex side before implantation. The difference in contour between the concave and convex

rod before implantation influences the degree of postoperative deformity correction [44, 60].

Typically, rods are bent manually without specific measurements, relying on the surgeon's skill
and intent [175, 176]. The implementation of patient-specific rods presents a viable solution to
enhance sagittal balance restoration and achieve post-operative sagittal angles that align more
closely with the intended goals [177, 178]. Initially applied to adults, this technique has recently
been extended to adolescents as well [61, 179, 180].
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Figure 2.12 Schematic Illustration of Concepts Relevant to Differential Rod Contouring.

A) Geometric parameters defining rod bending, and B) conceptual diagram of differential
bending aimed at vertebral derotation in the transverse plane.

2.2.3.2 Prognosis After Surgery

Surgical outcomes for AIS have significantly improved in recent years [46] due to advancements
in rigid segmental fixation techniques and a better understanding of posterior instrumentation and
correction strategies [181]. However, complication rates remain relatively high, with 5% to 11.4%
of AIS patients experiencing surgical complications. These complications include instrumentation
failure, massive blood loss, surgical site infections, pseudoarthrosis, and neurological deficits [182-
184]. Issues related to surgical instrumentation occur in up to 4.5% of AIS patients [26-28, 185]
and include complications such as implant breakage, screw loosening, wear debris, neurological
injuries, dural tears, and wound complications [184, 186, 187]. Various factors, including inadequate

surgical planning, loss of distal fixation, and inappropriate selection of fusion levels, influence the
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incidence of these complications. Revision surgery may be required to address postoperative
complications, particularly those arising from mechanical implant failure, such as rod breakage. Risk
factors for such failures are often linked to instrumentation selection, as discussed previously [48-50].
Many elements of surgical instrumentation, often referred to as "surgeon-modifiable factors," are
recognized as predictors of PSF outcomes. These include the position of the UIV and LIV [51-57],
screw density and pattern [40, 58, 59], and differential rod contour or patient-specific rod

contouring [60, 61].

2.3 Computer-assisted Methods for the Diagnosis and Treatment of Scoliosis

The diagnosis and treatment of scoliosis have significantly advanced with the integration of
computer-assisted methods. These techniques encompass predictive models, biomechanical
simulations, and Al-driven systems, all designed to enhance clinical decision-making and improve
surgical outcomes. Traditionally, scoliosis assessment relied on manual measurements performed
on standing coronal and lateral radiographs, a time-consuming process prone to interobserver
variability. However, with the advent of digital imaging and the widespread implementation of
Picture Archiving and Communication Systems (PACS) in the Digital Imaging and
Communications in Medicine (DICOM) format, precise quantification of spinal curvature and

pelvic parameters has become increasingly automated.

Computerized measurement tools now enable more efficient and standardized assessment of spinal
deformities, allowing for enhanced preoperative planning. These systems assist surgeons in
reducing the time required for planning while improving the accuracy of screw placement, rod
contouring, and osteotomy angle determination [188, 189]. Additionally, advanced computational
models and Al-based algorithms have been developed to predict the extent of deformity correction
achievable with specific surgical strategies. While these technologies offer significant advantages
in terms of precision and efficiency, their clinical adoption remains subject to factors such as
validation, reliability, and accessibility. The following section explores these computer-assisted

methods in detail, highlighting their applications, benefits, and current limitations.
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2.3.1 Key Steps in Surgical Planning Software

Assistive planning computer software can perform many tasks relevant to AIS patients'
clinical management, including radiographic measurements, instrumentation strategies, assessment
of surgeon performance, and prediction of postoperative alignment. The main steps of assistive
software for surgical planning generally consist of identifying preoperative parameters linked to
identifying anatomical landmarks, defining postoperative alignment objectives, and performing a
surgery simulation (Figure 2.13) [190].
For example, in the case of an AIS patient scheduled for PSF, surgical planning software could
assist in every stage of the process, from preoperative assessment to postoperative evaluation
(Table 2.2). The workflow could begin with the upload of coronal and lateral radiographs into the
software. Automated landmark recognition could identify key anatomical structures such as
vertebral endplates, spinous processes, and pedicles. The software could then calculate the Cobb
angle, assess pelvic parameters like pelvic incidence and sacral slope, and determine vertebral
rotation. Additionally, it could integrate side-bending radiographs to evaluate spinal flexibility,

helping predict the degree of correction achievable during surgery.

Table 2.2 Summary of Example Key Steps for a Surgical Planning Software for AIS Using PSF

Steps Description Example of Software
Features Used
1. Preoperative Measurement of Cobb angles, Automated landmark detection,
Parameter pelvic parameters, flexibility, and vertebral segmentation, Al-
Identification rotational deformities. based measurement tools
2. Postoperative Setting correction goals based on Predictive modeling, Al-based
Alignment clinical and biomechanical targets, = deformity simulation
Planning fusion level selection, and rod
contouring objectives.
3. Surgical Planning pedicle screw placement,  Virtual implant simulation, 3D
Simulation rod bending strategies, and screws trajectory analysis, rod
osteotomy necessity. contour optimization,
biomechanical analysis
4. Intraoperative Using navigation, robotic Real-time fluoroscopic
Execution assistance, and patient-specific guidance, robotic-assisted
instrumentation. screw placement
5. Postoperative Evaluating surgical accuracy and Long-term prediction tools, Al-

Assessment monitoring patient recovery. based follow-up analysis



Figure 2.13 Example of Key Steps in Surgical Planning Software

This figure illustrates the critical stages involved in using surgical planning software for spinal surgery:

A) Identification of preoperative parameters and anatomical landmarks, providing a baseline for surgical planning.

B) Definition of postoperative alignment objectives to ensure optimal surgical outcomes.
C) Simulation of the surgery, allowing for a detailed and precise execution plan.

33
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Once preoperative parameters are established, the software could be used to define postoperative
alignment objectives. It might allow the surgeon to simulate different instrumentation strategies,
adjusting screw density, rod contouring, and fusion levels to optimize spinal balance. For example,
in a patient with a Lenke 1 curve, the system could assist in selecting the most effective fixation
approach, such as segmental pedicle screw placement combined with pre-contoured rods to achieve
optimal sagittal alignment. The ability to visualize different correction strategies preoperatively
could help refine the surgical plan and anticipate potential challenges.

As part of instrumentation planning, the software could simulate pedicle screw placement,
calculating optimal entry points, trajectories, lengths, and diameters. This could reduce variability
and improve accuracy by ensuring that each screw follows the safest path based on the patient’s
anatomy. Similarly, the software could generate a patient-specific rod shape, providing
recommendations for contouring based on predicted postoperative spinal alignment. If osteotomies
are required, the system might help determine the optimal location and angle, predicting their
impact on final correction.

During surgery, the preoperative plan could serve as a reference for the surgical team. If integrated
with navigation technology, the software could provide real-time guidance for screw placement,
confirming that the actual trajectory aligns with the planned one. Once instrumentation is secured,
the surgeon could follow the planned rod rotation and compression maneuvers, ensuring that the
correction matches preoperative predictions. Intraoperative imaging could be used to compare the
achieved alignment with the surgical plan, allowing for last-minute adjustments if necessary.
Following surgery, the software could be used to compare preoperative and postoperative imaging,
allowing for an objective evaluation of the surgical outcome. Automated measurements could
assess the reduction in Cobb angle, confirm sagittal and coronal balance, and ensure that implants
are positioned as intended. Over time, follow-up imaging could be uploaded to monitor spinal
adaptation and fusion progression, helping to anticipate potential complications and refine future
surgical planning.

This example illustrates how surgical planning software could enhance precision, improve
predictability, and streamline decision-making in AIS correction using PSF. By integrating
imaging analysis, virtual surgical simulation, and intraoperative guidance, such tools could help

optimize deformity correction while reducing variability in complex spinal procedures.
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2.3.2 Computer-Assisted Predictive Methods

Over the past decades, various software solutions have been developed to facilitate surgical
planning in spine surgery, with programs such as Surgimap Spine (Nemaris, Inc.) and mediCAD
(Hectec GmbH) gaining widespread adoption [35, 36]. These tools integrate preoperative imaging with
computational models to assist surgeons in planning procedures. Surgimap, for instance, provides a user-
friendly graphical interface that allows the automatic calculation of key surgical parameters, such as the
Cobb angle, as well as the simulation of implant placements, including pedicle screws, cages, and
osteotomies (Figure 2.14) [189, 191]. This assists in restoring sagittal and coronal balance

preoperatively.

Figure 2.14 Example from Surgimap Preoperative Planning Software

This image demonstrates spinal balance parameters being measured and used for PSF planning.
Reproduced from Egea-Gamez et al., Rev Esp Cir Ortop Traumatol 2024;68:T73-T85, Elsevier
Espania, with permission under CC BY-NC-ND 4.0.

Similarly, mediCAD enables orthopedic spinal deformity planning by leveraging anatomic landmarks
to track clinical measurements and predict implant positioning. This tool allows simulations of different
surgical approaches and implant placement and can be used to predict pedicle screw lengths, ideal entry
angles, and depths [192]. While both programs can be used for AIS preoperative planning, they primarily
rely on 2D imaging, making them more suitable for degenerative conditions rather than complex 3D
deformities such as scoliosis [33, 37].

Newer-generation software has sought to address the limitations of traditional 2D-based systems. UNiD
Hub, part of the UNiD ASI program, integrates ML algorithms and predictive modeling (IB3D ASI) to

assist with preoperative planning, intraoperative tracking, and postoperative evaluation. This program
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facilitates the creation of patient-specific surgical plans and the production of pre-bent rods, which have
been FDA-approved for implantation [193]. Initially designed for adult spinal deformities, Medicrea’s
ASI system has demonstrated relevance in AIS cases [194], as its predictive modeling technology has
been used to optimize rod contouring based on pelvic incidence, showing promise in improving sagittal
alignment following PSF surgery [61]. Another recent addition to the field is SpineEOS (EOS
Imaging), which introduces an alternative approach by generating 3D spinal reconstructions from
2D stereoradiographic images (Figure 2.15). This method provides 3D visualization without the

radiation exposure associated with CT imaging [37, 195].

Figure 2.15 Sample Image from SpineEOS 3D Modeling Preoperative Planning Software

This image demonstrates 3D modeling and templating for an AIS patient prior to PSF surgery.
Figure reproduced from Floyd et al., Semin Spine Surg 2020;32:100787. Elsevier Inc.
Reproduced with permission under the STM Permissions Guidelines.

However, its workflow requires the manual identification of anatomical landmarks, which can be
time-consuming despite the built-in computational tools. A clinical study using SpineEOS
demonstrated improved deformity correction planning for AIS cases, but the decision-making

process remained limited to rod contouring and length selection, without incorporating
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biomechanical analysis of patient-specific flexibility and spinal geometry [37]. Further, there are
concerns with data use from these commercial systems, which may save X-ray imaging for further
software optimization. Privacy rules may place increasing limitations on solutions for external 3D
reconstruction and analysis of radiographs. Another planning system, Brainlab Spine Planning, focuses
on high-resolution 3D reconstruction and image-guided screw trajectory planning. While more
commonly used in neurosurgical and degenerative spine cases, the tools offered can apply to AIS
surgery such as pedicle screw planning and segmental alignment analysis [196]. However, it does not
currently incorporate biomechanical correction modeling or patient-specific rod simulations.

Given the variety of available alignment planning programs, Table 2.3 and Table 2.4 provide
comparative overviews of key software used for spinal surgery planning. As digital surgical planning
tools become more integrated into clinical practice, the way these platforms handle imaging data
and enable surgeon oversight has direct implications for patient safety, data privacy, and regulatory
compliance. While many systems offer advanced features such as cloud-based analytics and Al-
driven planning, these capabilities come with varying degrees of data sharing, storage practices,
and clinician control. Table 2.5 provides a comparative overview of leading spine planning
software and platforms with respect to data governance, surgeon oversight, data storage, and
applicable privacy regulations. It should be noted, however, that publicly available information on
these aspects is often limited or inconsistently reported across company websites and user

documentation.

Beyond preoperative planning, assistive planning software plays a crucial role in surgical execution
by integrating imaging data into 3D modeling systems. CT scans and other imaging modalities can
be uploaded into specialized software to generate virtual and physical models of a patient’s spine,
improving the surgeon’s understanding of complex anatomical structures both preoperatively and
intraoperatively [197]. These models facilitate surgical precision by enabling the creation of
patient-specific instrumentation and implants through 3D printing. Custom printed drill guides
tailored to the patient’s anatomy can improve the accuracy of pedicle screw placement and guide
complex osteotomies, reducing intraoperative variability and increasing procedural safety [198,
199]. Furthermore, custom 3D-printed interbody cages have the potential to enhance deformity
correction by providing individualized support structures optimized for a patient’s unique spinal

alignment.
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Table 2.3 Comparative Overview of Spine Alignment Planning Software [200, 201]
Availability

Software Developer Industry User base Advantages Limitations

links

Surgimap Download Free basic Independent Used by Surgeons  Free version Some features require
version Stryker, available; user- upgrades; does not
Globus, and friendly interface incorporate
others biomechanical
modeling
UNiD Online Free for Medtronic ~ Metronic Surgeons  Third-party Requires Medtronic
Hub Medtronic exclusively & radiological analysis  authentication;
users Medtronic available; Includes limited to Medtronic
team Al-driven predictive  planning; does not
modeling; integrates  incorporate
with intraoperative biomechanical
workflow modeling
SpineEOS Online Subscription-  Alphatec None Surgeons  Integrated with EOS  Requires EOS
based imaging; Generates imaging system;

3D reconstructions
from 2D images;
avoids CT radiation
exposure

Requires manual
landmark
1dentification; does
not incorporate
biomechanical
modeling
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Table 2.4 Comparative Overview of Patient-Specific or Pre-bent Rods Software [200, 202, 203]

Technology Type

Rod Material and

Rod-Screw

Fixation

Implants

(Country)
NuVasive
(USA)

Medicrea
(France)
Medtronic
(USA)

SMAIO
(France)

/

Planning and
intraoperative rod
contouring using a
connected bending
device
Preoperative
planning and rod
manufacturing

Preoperative
planning and custom
rod production

Design

Ti or CoCr, available
in 6 mm or 5 mm
diameter with a
round profile

Ti or CoCer, available
in 6 mm, 5.5 mm, or
3.5 mm diameters;
round or derotation
rod with a hybrid
cross-section
featuring two flat
surfaces and a curved
profile

Ti, 6 mm or 5.5 mm
diameter, round
profile

Connection
Top-loading
connection

Top-loading (tulip-
style screws) or side-
loading (dome
screws) with
polyaxial,
monoaxial, or
uniplanar pedicle
SCrews

Side-loading
connection

Mechanism
Polyaxial or
monoaxial pedicle
SCrews

Various fixation
options including
polyaxial, derotation,
and realignment
connectors

Monoaxial screws

Screws, hooks,
sublaminar bands

Hooks, claws,
sublaminar bands

Screws, hooks, and
claws
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Table 2.5 Comparative Data Governance and Surgeon Oversight in Spine Planning Software [200-203]

Software/  Data Use Policy

Complant

Surgimap Collects user interaction data;
(Nemaris) stores DICOM images with

potential patient identifiers.

UNiD Hub @ Utilizes patient data for Al-
(Medtronic) | driven predictive modeling;
data shared within Medtronic

ecosystem.
SpineEOS  Collects personal data for
(EOS service provision; committed
Imaging) to safeguarding privacy.
NuVasive Data use policy not publicly

detailed; likely subject to

HIPAA and other regulations.
Medicrea Utilizes patient data for Al-
(France) / driven surgical planning; data

Medtronic  shared within Medtronic
ecosystem.
SMAIO Imaging data uploaded to

SMALIO servers; specific
consent obtained for data reuse
in algorithm improvement.

Surgeon Oversight

Surgeon-driven planning;
manual input and
validation required.

Surgeon collaborates with
Medtronic team; oversight
in planning and validation.

Surgeon inputs anatomical
landmarks; manual
oversight required.

Surgeon-driven planning;
tools assist in
intraoperative
adjustments.

Surgeon collaborates with
Medicrea team; oversight
in planning and validation.

Surgeon-led planning with
software assistance;
manual validation.

Data Storage
Location

Local or
encrypted cloud
storage.

Cloud-based
storage within
Medtronic's
infrastructure.

Cloud-based
storage managed

by EOS Imaging.

Data storage
specifics not

publicly detailed.

Cloud-based
storage within
Medtronic's
infrastructure.

Data storage
specifics not

publicly detailed.

Regulatory/Privacy
Considerations
HIPAA-compliant; Data may be
used for software improvement

Requires authentication; may
raise concerns over proprietary
data use; Data use governed by
Medtronic's policies

Requires EOS system; Adheres to
privacy policies; limited
information on long-term data
storage

HIPAA-compliant; data use
largely internal unless otherwise
consented

Data use governed by Medtronic's
policies; GDPR and HIPAA
compliance emphasized; may
raise concerns over cloud data
governance

GDPR-compliant; data use
governed by European standards,
with opt-in for Al training
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2.3.2.1 Limitations and Future Directions

Computer-assisted methods for scoliosis diagnosis and treatment have advanced clinical decision-
making but face significant limitations for addressing the 3D complexity of AIS. As discussed in the
previous section, current tools rely heavily on geometric-based analyses and 2D determinants, which
are better suited for degenerative conditions and often fail to account for biomechanical factors such as
forces, stresses, and spinal flexibility. This limitation reduces their effectiveness in guiding optimal,
patient-specific instrumentation strategies and contributes to the variability in surgical outcomes. As a
result, suboptimal correction or mechanical failure remains a concern that is not well addressed by
available planning software. Widely used systems like Surgimap and mediCAD, though effective for
radiographic measurements and surgical simulations, lack the integration of patient-specific
biomechanical modeling. Even advanced systems like UNiD Hub and SpineEOS, which offer
predictive modeling and 3D reconstructions, are hindered by time-consuming manual processes, such
as anatomical landmark identification, and the absence of biomechanical analyses. Furthermore, key
factors influencing surgical outcomes, such as rod properties (diameter, section, material, notched vs.
non-notched), surgical parameters (type and density of implants, rod-screw connection, correction and
release techniques), and baseline patient variates (spine stiffness, preoperative thoracic kyphosis, and
patient-related factors) are not adequately accounted for. The relationship between the preoperative
plan and the actual achieved alignment remains poorly understood, limiting the ability to optimize
surgical corrections. These gaps limit their ability to improve postoperative alignment and reduce
implant failure rates.

Future advancements must integrate 3D determinants and biomechanical simulations to enhance
predictions of alignment and implant performance. Incorporating analyses of forces, stresses, and
implant-bone interactions will provide more comprehensive guidance for surgical planning. Efforts
should also focus on reducing the complexity and time required for anatomical landmark identification
through automation and machine learning, streamlining workflows and improving usability. Dynamic,
real-time modeling during surgery could further personalize strategies and reduce inter-surgeon
variability. While current tools have improved preoperative planning, addressing these limitations is

essential to achieve consistent and superior outcomes for AIS patients.
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2.3.3 Biomechanical Simulation of PSF Surgery

2.3.3.1 Patient-Specific Biomechanical Modelling

Biomechanical simulations have become a valuable tool for preoperative planning of PSF surgery
for AIS. By leveraging patient-specific computational models, these simulations allow for the
evaluation of instrumentation strategies and biomechanical outcomes using 3D reconstructions of
the spine. Surgeons can assess how different instrumentation configurations impact deformity
correction and predict postoperative spinal alignment, tailoring surgical plans to the patient's
unique anatomy [25, 40, 59, 204, 205]. Integrating computational models with 3D reconstructions
from medical imaging, such as biplanar radiographs, enables accurate patient-specific spine
modeling for surgical planning. These models facilitate virtual testing of multiple instrumentation
strategies and correction techniques, providing biomechanical insights that would not be feasible

through in vivo experimentation.
Simulation Techniques

Computational modeling relies primarily on finite element (FE) methods [206-209] or MB
dynamic modeling, also referred to as kinetic modeling (Figure 2.16) [25, 38, 43, 58, 155, 210-
212]. Both approaches enable the simulation of surgical instrumentation and the analysis of
resulting spinal corrections and implant forces, but they differ in their computational

methodologies and clinical applicability.

Figure 2.16 Examples of Vertebra and Surgical Instrumentation Modeling

A) Finite Element method and B) multibody approach.



43

FE modeling uses numerical methods to predict deformation and stress fields within solid bodies
subjected to external forces. It relies on the discretization of a continuous geometry into a finite
number of simpler subdomains, called elements, each governed by equations that represent material
behavior. The FE method transforms the governing partial differential equations of continuum
mechanics into a large system of algebraic equations, which are solved iteratively to reach
equilibrium. This approach allows for the assignment of different mechanical properties to each
element (e.g., cortical bone, trabecular bone, intervertebral disc, ligament, or implant), enabling
detailed spatial analysis of internal forces and deformations. While FE analysis provides high
spatial resolution and is well-suited for investigating stress distributions and localized phenomena,
its application to scoliosis surgery is hindered by challenges related to convergence and
computational complexity. The spinal system is composed of multiple interconnected vertebrae,
implants, intervertebral discs, and rod-implant-vertebra joints, creating significant nonlinearities
and stiffness variations that complicate FE-based solutions. Moreover, numerous state changes
occur throughout the surgical procedure, such as during implant positioning, connection to the rods,
and corrective maneuvers, each altering the boundary conditions and structural configuration of

the model [213].

As an alternative, MB modeling has been proposed to overcome these limitations by treating the
spine as a system of interconnected rigid bodies with defined joint constraints, and deformable
elements. While MB models are not exempt from convergence issues, they facilitate the
representation of surgical maneuvers through defined joint constraints and simplified mechanical
representations of deformable components such as rods and intervertebral joints [41]. Moreover,
MB modeling allows for easier representation of the numerous state changes that occur throughout
the surgical procedure, such as implant positioning, connection to the rods, and corrective
maneuvers, by adjusting constraints and boundary conditions dynamically within the simulation.
These models provide a computationally efficient framework that yields clinically acceptable first-
order estimates of both the spinal deformity correction and the forces acting on the instrumentation
and spine. This makes MB modeling particularly useful for simulating the sequential steps of
surgical correction and evaluating both the spinal deformity correction and the forces involved in

AIS surgery.
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2.3.3.2 Simulation of Spinal Instrumentation

Patient-specific biomechanical models can assist preoperative planning by predicting the
biomechanical impact of various instrumentation configurations and surgical techniques (Figure
2.17) [25, 40, 59, 204, 205]. Early work by Aubin et al. (2003) pioneered the use of MB modeling
to simulate surgical maneuvers in AIS, providing a framework for selecting optimal
instrumentation configurations during preoperative planning [41].

Subsequent advancements incorporated patient-specific flexural deformity parameters, improved
joint kinematics, and introduced flexible rods to more accurately simulate surgical procedures
[214-216]. This led to the development of the "Spine Surgery Simulator," a preoperative planning
tool initially validated in 10 AIS cases, demonstrating an average Cobb angle prediction error of
just 1.2° compared to actual postoperative results [43].

Recent MB simulation studies have further refined instrumentation techniques for AIS patients,
focusing on screw configurations, rod contouring strategies, and correction maneuvers. For
instance, Wang et al. (2023) examined screw density and found that while higher density enhances
transverse plane correction, it does not significantly impact coronal or sagittal alignment,
emphasizing the need to prioritize correction strategies rather than solely modifying screw
placement [217]. Similarly, La Barbera et al. (2021) demonstrated that optimization of screw
pattern and density has a limited effect on global 3D correction, reinforcing the importance of
tailored correction objectives [39]. Rod contouring in PSF for AIS patients has also been
extensively analyzed using MB models. Gay et al. (2023) found that increasing concave rod
contouring angles improves thoracic kyphosis and apical vertebral derotation but results in higher
screw pull-out forces and reduced coronal plane correction [218]. Additionally, Wang et al. (2023)
compared concave-first versus convex-first rod insertion and found no significant difference in
final alignment outcomes, but confirmed that differential rod contouring angles significantly
influence correction forces and vertebral rotation [219].

Despite these advancements, patient-specific MB models for AIS instrumentation are not yet fully
adapted for routine clinical use. However, their credibility continues to grow, as demonstrated by
a recent ASME V&V 40 validation study supporting their application in assessing proximal
junctional failure risks in adult spinal deformity [42]. These findings reinforce MB modeling as a
powerful tool for simulating instrumentation strategies and predicting postoperative outcomes,

though further refinement is needed for widespread clinical translation.
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Figure 2.17 Illustration of Multibody Approach for Simulation of Spine Surgery.

A) Pre-op PA radiograph and B) 3D geometry from biplanar X-ray. C) Concave rod insertion (a—b) and torque application (c). D) En
bloc derotation with apical derotators (d—e). E) Apical screw tightening (f) and convex rod insertion (g—h). F) Final tightening with fixed
joints. G-H) Post-op radiograph and 3D geometry after simulation.
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Optimization algorithms can be used with modeling and simulation techniques to support the
surgical decision-making process. A recent optimization study developed and tested a new in silico
patient-specific optimization method using MB modeling to identify the instrumentation strategy
minimizing the 3D deformity for thoracic AIS to aid surgical planning [44]. In this study, a
computerized algorithm was successfully developed using 1080 virtual intraoperative correction
simulations to determine the best instrumentation parameters to achieve optimal thoracic scoliosis
correction and mobility [44]. This computational patient-specific optimization employed a
multivariate linear regression approach based on five instrumentation parameters (UIV, LIV, screw
pattern, differential concave-convex rod curvatures, and rod stiffness) as predictors of three
descriptors (thoracic Cobb angle, T4-T12 thoracic kyphosis, and thoracic apical vertebral rotation)
of scoliosis correction. Afterward, an objective function rated the outcome of the simulated
surgeries and produced the optimal correction strategy for each specific set of correction objectives
to maximize 3D spine deformity correction while preserving motility. This study distinguished
itself from previous studies by systematically investigating five instrumentation parameters,
making it more suitable for accurately identifying optimal instrumentation strategies for
preoperative planning in AIS correction. However, the overall computational cost of finding an
optimized instrumentation strategy was approximately 36 hours, which limits the use of such an
approach for each AIS patient in a routine clinical setting. Reducing the high computational time
(i.e., number of simulations) required would be beneficial to implementing such an optimization

method for preoperative planning of surgical strategies for patients.

2.3.3.3 Limitations and Future Directions

Despite the advancements in biomechanical simulations for preoperative planning of PSF surgery
in AIS, several limitations hinder their routine clinical application. One of the main challenges is
the complexity and time-intensive nature of patient-specific spine reconstruction and surgical
simulation. While 3D reconstructions of the spine can be generated using biplanar radiographs
instead of volumetric imaging techniques, this process remains time-intensive due to the need for
precise identification of multiple anatomical landmarks. Although this method allows for patient-
specific spine modeling with high accuracy, the manual or semi-automated landmark selection adds
to the overall complexity and workflow burden, limiting its clinical feasibility for routine

preoperative planning.
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Computational cost remains a significant barrier, particularly when incorporating optimization
algorithms for selecting instrumentation strategies. Recent studies using MB modeling
demonstrated the feasibility of patient-specific optimization methods, but the computational time
for a single optimized surgical strategy can exceed 36 hours [44]. The extensive number of
instrumentation scenarios that must be simulated to determine the optimal configuration is a
primary contributor to this computational burden. Reducing this high processing time would be
essential for translating such methods into clinical practice, enabling real-time or near-real-time

surgical planning tools.

Another critical challenge is the verification and validation (VV) of patient-specific computational
models. Ensuring the accuracy of numerical predictions requires rigorous validation against
clinical outcomes and experimental data. The complexity of the scoliotic spine, with its nonlinear
mechanical properties and individualized response to instrumentation, makes this process
particularly demanding. While deterministic numerical models provide predictions of surgical
outcomes, they do not inherently identify the optimal instrumentation strategy, further necessitating

iterative simulations and refinement.

Future research should focus on improving computational efficiency and enhancing the predictive
capability of biomechanical models. Advancements in parallel computing, Al-assisted surrogate
models, and reduced-order modeling approaches could help mitigate computational costs while
maintaining accuracy. Ultimately, overcoming these limitations would facilitate the broader

adoption of patient-specific computational tools for optimizing surgical strategies in AIS.

2.3.4 Al for the Diagnosis and Treatment of Spinal Deformity

Artificial intelligence, and in particular ML, is increasingly being applied in the diagnosis
and surgical treatment of spinal deformities. These technologies support clinical decision-making
by recognizing complex patterns in medical imaging and patient data, thereby improving diagnostic
accuracy and preoperative planning. A detailed review of these developments is presented in
Chapter 4, in the manuscript titled “The use of deep learning in medical imaging to improve spine
care: a scoping review of current literature and clinical applications.” The summary below
introduces core concepts and selected applications. ML encompasses a range of approaches,
including supervised, unsupervised, and reinforcement learning (Figure 2.18), that can be applied

to tasks such as classification (e.g., automated grading of disc degeneration), regression (e.g.,
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estimating anatomical landmarks), and clustering (e.g., grouping scoliosis patients into novel 3D

categories) [ 139, 220, 221].

Figure 2.18 Overview of Al, Machine Learning, and Deep Learning Methods and Their Potential
Applications in Surgery and Health Sciences.

Deep learning, a subset of ML, uses neural networks with multiple layers to learn high-level data
representations, particularly effective in spine imaging due to its ability to learn relevant features
from complex datasets with minimal manual input [222]. DL has demonstrated strong performance
in scoliosis imaging tasks, including automated Cobb angle measurement [111, 112, 223-227] and
identification of the Risser sign from EOS radiographs [121]. Smartphone-based and non-
radiographic ML applications, such as laser scan—based and photographic scoliosis classifiers, have
also achieved clinically relevant accuracy [113-115, 228, 229]. In surgical planning, ML has been

applied to generate predictive models [230, 231], automate implant selection (e.g., screw diameter,
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angulation [232]), and assist in decision-making for complex cases. For example, Lafage et al
developed a DL model that accurately predicted the UIV in 87.5% of adult deformity cases [233].

However, models tailored explicitly for instrumentation strategy in AIS are still lacking.

2.3.5 Critical Assessment on Computational and AI Approaches in Scoliosis

Management

The integration of computational modeling and Al-driven approaches could mark a turning
point in the diagnosis and treatment of scoliosis. These technologies have the potential to transform
surgical planning, making it more precise, data-driven, and tailored to individual patients. By
incorporating ML and MB biomechanical simulations, surgeons may soon be able to predict
surgical outcomes with greater confidence, reducing some of the uncertainties that currently exist
in scoliosis correction. Computational tools such as Al-assisted measurement systems and
predictive modeling could refine surgical decision-making, helping to optimize instrumentation
strategies and improve overall procedural accuracy. Beyond improving precision, these
computational approaches might also play a critical role in reducing operative and postoperative
risks. Detailed simulations and patient-specific biomechanical models could clarify how different
instrumentation strategies affect spinal alignment and construct stability, allowing for a more
proactive approach to potential complications. These technologies might help standardize
procedures, enhance intraoperative decision-making, and ultimately contribute to safer, more

effective surgeries if integrated into surgical workflows.

Another promising aspect of this transformation is the possibility of truly patient-specific surgical
planning. Traditional methods of scoliosis correction rely heavily on the surgeon's expertise and
general correction principles, but Al-assisted tools may help shift toward a more customized
approach. By leveraging predictive analytics and advanced simulations, these technologies could
ensure that each patient receives a surgical plan tailored to their specific spinal geometry,
flexibility, and biomechanical response. This shift toward personalized surgery could lead to better
alignment, fewer postoperative complications, and reduced need for revision surgeries. While these
transformations are still in progress, the growing integration of Al and computational modeling
could revolutionize the way scoliosis is managed in the coming years. With further refinement,

these tools may become standard components of preoperative planning, intraoperative guidance,
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and even long-term postoperative monitoring. However, challenges remain: computational costs,
validation requirements, and the need for greater clinical adoption could slow progress. Yet, as
these technologies evolve, their potential to reshape scoliosis treatment is becoming increasingly
apparent. If fully realized, Al and computational modeling could enhance surgical precision and

redefine the standards of care for managing spinal deformities.
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CHAPTER3  RATIONALE, OBJECTIVES AND RESEARCH
QUESTION

3.1 Summary of the Problems

The review of current knowledge highlighted the state and the limitations of previous work and

identified the following issues related to the preoperative planning for PSF surgical instrumentation

in AIS patients:

There is a significant variability among surgeons in AIS instrumentation strategies, which
is not only a matter of the surgeon's personal preference but is associated with
biomechanical failures, inadequate deformity correction, and an increased need for revision
surgery. The lack of a well-defined, patient-specific optimal surgical strategy may
contribute to inconsistent postoperative outcomes and potentially over-treatment, as
surgeons may prefer the ‘less is more’ approach.
Despite this variability, AIS classification systems used to guide preoperative decision-
making are still primarily based on 2D clinical assessment. These systems do not adequately
capture the complex 3D nature of AIS, do not fully guide all instrumentation parameters
influencing postoperative spinal alignment, and do not sufficiently reduce the risk of
suboptimal correction.
Postoperative complications, including revision surgery, occur frequently due to inadequate
deformity correction, postoperative spinal misalignment, or mechanical failure of implants.
Up to 13% of AIS patients need revision surgery within 5 years of initial surgical correction.
Multiple "surgeon-modifiable factors" related to instrumentation, such as rod contouring,
screw placement, and construct rigidity, have been identified as predictors of unfavorable
outcomes. However, current planning strategies do not sufficiently integrate these
biomechanical considerations.
The computer-based preoperative planning tools currently available for scoliosis patients
have weighty drawbacks limiting their use for AIS:

o Implant arrays and correction strategies are often transmitted from surgeon to

trainee through mentorship, shaped by clinical experience and individual case

presentations. While these decisions may not always explicitly reference
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biomechanical principles, they are grounded in experiential knowledge accumulated
through years of surgical practice.

o Most assistive planning software relies on 2D determinants, making them
insufficient for optimizing instrumentation in 3D deformities. Furthermore, they do
not incorporate patient-specific biomechanical analysis to reduce the risk of
postoperative misalignment or mechanical failure. Biomechanical simulation-based
patient-specific models are currently limited in their ability to determine optimal
instrumentation strategies. These models require extensive, time-consuming tasks
for reconstructing the patient’s spine and simulating surgical scenarios, limiting
their practical use in a clinical setting.

o Deterministic numerical modeling approaches, while promising to provide a
valuable first-order estimate of instrumentation correction and forces involved in
the construct, suffer from high computational demands, as they require evaluating
a large number of instrumentation configurations for each patient to identify an
optimal strategy. Further optimized biomechanical strategies may be complex to
integrate into current surgical practice, which is steeped in tradition.

o Current tools are predominantly focused on achieving 2D geometrical correction
rather than addressing biomechanical stability. They fail to account for critical
factors such as the forces and stresses acting on the construct, the need for optimal
rod bending, the arrangement of screws, and the overall spinal balance. This lack of
biomechanical integration results in suboptimal surgical planning and an increased

risk of mechanical failure.

In summary, beyond the observed variability in surgical strategies, there is a critical need to
improve the preoperative planning of AIS deformity correction to enhance postoperative outcomes.
Current planning tools do not adequately address key biomechanical factors, including forces,
stresses, and construct stability. A patient-specific, biomechanically informed approach to surgical
instrumentation is necessary to decrease the risk of postoperative complications and improve long-

term surgical outcomes.
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3.2 Research Questions

The current state of knowledge calls for a more comprehensive determination of patient-specific
instrumentation strategies to achieve safe and reliable PSF outcomes in AIS correction. This need

led to the formulation of the following general and secondary research questions :

e To what extent can a hybrid approach, combining Al, a deterministic 3D biomechanical
patient-specific model, and an optimization algorithm, accurately and precisely integrate
key PSF parameters (UIV, LIV, screw density, and rod curvature) to optimize the planning
and prediction of AIS correction based on individual patient characteristics?

1) How does the combination of Al and deterministic biomechanical modeling of
instrumentation parameters compare to standard clinical planning approaches in
terms of predicted postoperative 3D scoliosis correction, residual spinal
mobility, risks of implant-related biomechanical failure, and cost-effectiveness?

2) How can a biomechanically optimized instrumentation strategy improve
predicted surgical outcomes of AIS correction in terms of spinal stability,
implant load distribution, and deformity correction compared to current clinical

planning approaches?

3.3 Objectives

The overall objective of this doctoral project was to develop a tool that combines Al and physics-

based deterministic model simulation to assist in PSF preoperative surgical planning for AIS

patients.
More specifically, the project aimed to (Figure 3.1):

e Ol. Develop an Al model that predicts surgical instrumentation parameters (UIV, LIV,
screw density, and rod curvature) based on patient-specific preoperative information.
o SO1.1: Systematically evaluate the current progress and application of deep
learning in spine surgery.
o SO1.2: Develop an artificial neural network using multi-task learning techniques to

predict instrumentation parameters based on clinical and radiographic data.
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02. Develop and validate a numerical approach that combines Al and a physics-based
deterministic numerical model to simulate the biomechanical effects of different
instrumentation strategies on 3D spinal correction, and assess the loads sustained by the

surgical instrumentation.

03. Optimize instrumentation strategies by combining the hybrid model developed in O2
with an optimization approach to maximize spinal deformity correction while minimizing
mechanical failure risks, preserving spinal mobility, and balancing surgical costs and risks.
o SO03.1: Develop an optimization approach that incorporates Al-predicted
instrumentation strategies (UIV, LIV, screw density, and rod curvature) while
considering biomechanical and clinical constraints.
o 8S03.2: Compare the spinal correction and implant loading predicted by the
numerical approach (SO3.1) with actual surgical instrumentation performed by

surgeons.

04. Ensure the credibility of the developed computational approach by verifying,
validating, and characterizing its uncertainties in accordance with established frameworks
(e.g., ASME V&V 40). These verification, validation, and uncertainty quantification
activities are integrated throughout the development of Objectives 1 to 3 to support their

reliability in preoperative decision-making.

3.4 Hypotheses

The central premise of this work was to leverage optimized, patient-specific PSF surgical

instrumentation configurations to effectively correct AIS curvatures. These configurations would

be identified using a planning tool combining Al and deterministic numerical modeling.

More specifically, the research hypotheses of the project were (Figure 3.1):

H1. An Al model based on multi-task artificial neural networks can generate surgically
relevant instrumentation configurations (UIV, LIV, screw density, and rod characteristics)
for AIS correction via PSF surgery. The model is expected to achieve a high level of
accuracy (>85%; defined as the ratio of correct predictions to the total test dataset) and

precision (>85%; defined as the ratio of correctly predicted positive observations to the
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total predicted positive observations, including both correct and incorrect), when compared
to expert surgeon decisions (ground truth).

e H2. A combined approach using Al and a deterministic simulation model will predict
surgical instrumentation configurations (UIV, LIV, screw density, and rod characteristics)
that result in 3D postoperative spinal correction comparable to, or better than, those
obtained from actual surgeries performed by experienced spine surgeons.

e H3. A planning tool combining Al, deterministic numerical model simulation, and
optimization algorithms will generate instrumentation configurations that lead to improved
clinical outcomes, including:

o A greater correction of the major scoliotic curve (difference of >5°),

o A reduction in implant usage (15% fewer implants),

o Shorter spinal fusion constructs (at least one fewer fused level),

o Lower biomechanical loading on the implants (average force reduction of >20%)

compared to the configurations used in actual surgical procedures.

Figure 3.1 Organization of the Project according to the Research Question, Objectives, Sub-
Objectives (SO), Hypotheses (H), and Resulting Articles
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3.5 Methodology Outline

3.5.1 General Approach Outline

Overall, the research methodology was divided into four components to address each of the project

objectives (Figure 3.1):

e The development of an original AI algorithm to predict patient-specific surgical
instrumentation configurations, addressing objective 1.

e The development of a numerical model combining Al and deterministic model simulation
to perform the biomechanical comparison of the Al-derived surgical instrumentation
configurations proposed by the numerical approach and chosen by the surgeon, addressing
objective 2.

e The development of a numerical model serving as a planning tool combining Al and
deterministic numerical modeling, predicting optimized specific surgical instrumentation
parameters, addressing objective 3.

e The verification and validation of the numerical approach performed throughout the

previously enumerated components, addressing objective 4.

The achievement of these goals has resulted in the preparation of four scientific articles. The results
from the systematic literature review are presented in Article I (Section 4.1 from Chapter 4). The
development of an artificial neural network capable of automatically configuring the
instrumentation for surgery planning is presented in Article 2 (Section 4.2 from Chapter 4). The
combination of the Al model with the deterministic model to simulate instrumentation surgery,
along with a comparison to the actual surgery, is presented in Article 3 (Chapter 5). The final
created hybrid model combines Al and simulation with a deterministic model and optimization
process. This, along with the computational analysis of the optimized Al-derived surgical
instrumentation configurations proposed by the numerical approach and chosen by the surgeon,

leads to Article 4 (Chapter 6).
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3.5.2 Hybrid Planning Tool Development Outline

The Al algorithm was developed using patients diagnosed with Lenke 1-2 curves, representing
approximately 50% of AIS cases [148], to demonstrate the feasibility of the proposed advanced
patient-specific AIS scoliosis surgery planning tool. Overall, the methodology was divided into
three main subcomponents: 1) automatic selection of instrumentation levels and surgical
instrumentation variables, 2) biomechanical modeling of surgical instrumentation, and 3)
optimization strategy. Briefly, a first DL algorithm using a neural network multitask learning model
(NNML) was developed using retrospective data from patients diagnosed with AIS who underwent
PSF and were previously enrolled in the Minimize Implants Maximize Outcomes (MIMO) Clinical
Trial (NCT01792609). This neural network was trained to select PSF surgical instrumentation
elements (UIV, LIV, screw density, and rod curvature) based on the patients' data, including the
vertebrae location according to the identified landmarks on the patients' radiographs and alignment
obtained from the actual surgery performed by the treating surgeon. Afterward, data from patients
included in the "validation" and "performance test" subgroups during algorithm development were
used to generate surgical instrumentation configurations. Their calibrated radiographs were then
used to reconstruct the geometry of their spine and pelvis, enabling the digital modeling and
simulation of the instrumentation proposed by the automated algorithm using a MB deterministic
approach. Finally, an optimization algorithm used the deterministic model to refine the planning

parameters.
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CHAPTER 4 ARTIFICIAL INTELLIGENCE MODEL
DEVELOPMENT

4.1 ARTICLE 1: The Use of Deep Learning in Medical Imaging to Improve
Spine Care: a Scoping Review of Current Literature and Clinical

Applications

To address sub-objective 1.1 (SO1.1), a systematic scoping review was conducted following
the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews) guidelines. The objective was to evaluate the current use of DL in
medical imaging within spine care and to assess the scope, depth, and clinical relevance of existing
studies. The review provides a comprehensive overview of the available literature, highlighting

key clinical applications, model development strategies, and validation approaches.

This work led to the publication of the article titled “The Use of Deep Learning in Medical Imaging
to Improve Spine Care: a Scoping Review of Current Literature and Clinical Applications ” in the
North American Spine Society Journal (NASSJ) in June 2023. The first author’s contribution to

the design, execution, writing, and revision of the manuscript is estimated at 85%.

Article 1:

Constant, C., Aubin, A-E., Maradit Kremers, H., et al. The Use of Deep Learning in Medical
Imaging to Improve Spine Care: a Scoping Review of Current Literature and Clinical

Applications. NASSJ (2023). https://doi.org/10.1016/j.xnsj.2023.100236.

Highlights

Most deep learning studies in the field of spine imaging focus on the detection and diagnosis of spinal
conditions.

92% of deep learning imaging studies developed a new model, while 8% validated a pre-existing one
Deep learning in medical imaging showed promising performance in detection of imaging findings.

In the studies surveyed, implementation or demonstration of deep learning in real-world situations was rare
in the studies surveyed.
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4.1.1 Abstract

Background: Artificial intelligence is a revolutionary technology that promises to assist clinicians
in improving patient care. In radiology, deep learning is widely used in clinical decision aids due
to its ability to analyze complex patterns and images. It allows for rapid, enhanced data and
imaging analysis, from diagnosis to outcome prediction. The purpose of this study was to evaluate

the current literature and clinical utilization of deep learning in spine imaging.

Methods: This study is a Scoping review and utilized the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) methodology to review the scientific literature from 2012
to 2021. A search in PubMed, Web of Science, Embased, and IEEE Xplore databases with syntax
specific for deep learning (DL) and medical imaging in spine care applications was conducted to
collect all original publications on the subject. Specific data was extracted from the available
literature, including algorithm application, algorithms tested, database type and size, algorithm

training method, and outcome of interest.

Results: A total of 365 studies (total sample of 232 394 patients) were included and grouped into
4 general applications: diagnostic tools, clinical decision support tools, automated
clinical/instrumentation assessment, and clinical outcome prediction. Notable disparities exist in
the selected algorithms and the training across multiple disparate databases. The most frequently
used algorithms were U-Net and ResNet. A DL model was developed and validated in 92% of
included studies, while a pre-existing DL model was investigated in 8%. Of all developed models,

only 15% of them have been externally validated.

Conclusions: Based on this scoping review, deep learning in spine imaging is used in a broad range
of clinical applications, particularly for diagnosing spinal conditions. There is a wide variety of
deep learning algorithms, database characteristics, and training methods. Future studies should

focus on external validation of existing models before bringing them into clinical use.

Keywords: artificial intelligence, machine learning, deep learning, spine, imaging, clinical care,

review
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4.1.2 Introduction

Despite extensive research to improve spine care, spinal disorders remain prevalent.? A large body
of evidence demonstrates the negative impact of spinal disorders on individuals and society,
resulting in disabilities and considerable economic losses.® The annual cost of spine care has risen
in the last decade,** suggesting a need for innovation to improve the care of patients with spinal

conditions.

Medical imaging is critical for clinical decision-making and is integral to determining treatment
indications and surgical outcomes. Various imaging modalities can be used for accurate detection
and diagnosis of spinal pathologies.” However, despite following similar diagnostic standards,
experienced radiologists can arrive at different diagnoses and measurements with error rates
estimated to be 3 to 5%.° Much higher discrepancy rates are reported in neuroradiology, with
variable reads in up to 21% of imaging studies.” Therefore, a key challenge in the diagnosis of
spine pathology is improving the workflow to diagnose diseases quickly, automatically, and
accurately. Further, medical care costs are increasing™*, and radiologists who train for 5 or more
years after medical school represent an expensive and valuable resource. Al tools to augment the
performance of radiologists and provide a low-cost tool to prevent errors hold significant promises
for improved quality and cost savings. Reliable treatment planning, precise intervention, and
accurate therapy are required when treating spine conditions to achieve optimal outcomes. While
modern imaging techniques inform perioperative case management, 8 poor outcomes are still
frequent. Thus, the development of scalable, perioperative automated assistance tools could help

address this challenge.

Within health care, artificial intelligence (Al) algorithms are increasingly used for complex
tasks, including remote patient monitoring, medical diagnosis and imaging, risk assessment, virtual
assistance, hospital management, and drug discovery.” Al is a field of computer science that
attempts to build enhanced "intelligence" into computer systems by implementing algorithms that
apply rules to imitate reasoning and draw decisions (Figure 4.1).!° Within Al, machine learning
(ML) is a promising field for improving patient-specific spine care as it allows computers to learn
without being explicitly programmed. ML can perceive important imaging trends that the average
practitioner may not perceive.'"!? To do so, ML uses provided data or previous experience to

develop predictive models to determine subtle patterns and predict outcomes from a collection of
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statistical techniques.'""'? In other words, ML techniques are based on available data with specific
features (input data), which are used to train a machine (computer) to perform (to learn) the desired
task generating a specific output (output data). The medical field has recently seen a fast
improvement in ML techniques, specifically through deep learning (DL), an advanced form of
machine learning capable of feature extraction to perform several tasks precisely developed to help
clinicians.'®* In most circumstances, DL is based on neural networks (NN), network architectures
formed of several layers, called hidden layers, containing multiple units, called artificial neurons,
interconnected by mathematical relations called synapses. In each unit, a mathematical sum resulting
from inputs' multiplication by a weight and inputs' summing to a bias term is processed by a linear or
nonlinear activation function. In this context, the hidden layers help the network refine the input-output
synapses between the units. DL attracts great interest for clinical application and image analysis in
radiology partly due to its outstanding performance in image recognition, classification, and

segmentation tasks.”!%13

Narrative and systematic reviews have recently been completed on Al applications in the spine;'®
20" yet they did not systematically assess all published studies on the subject. Previous reviews
have demonstrated that DL techniques are robust and scalable for spine care applications.
However, no review has comprehensively mapped and assessed the quality of the clinical
applications of DL combined with medical imaging for spinal diseases research. Thus, given the
recent technological developments, we undertook a review of DL techniques for spine imaging
applications to inform data scientists and clinicians on the methods and applications of big data in
spine. Furthermore, we aim to highlight the challenges and limitations of DL techniques, identify
gaps in the field, and outline potential opportunities for further research. Thus, this scoping review

aims to broadly review and systematically evaluate the current progress in DL and how it has been

applied to medical imaging and clinical applications intended for clinical spine care.

4.1.3 Materials and Methods

4.1.3.1 Search Strategy

A systematic literature review using a scoping review approach and following Preferred Reporting
Items for Systematic reviews and Meta-Analyses (PRISMA) guidelines?! and PRISMA-ScR

extension for Scoping Reviews guidelines®* was carried out on October 15, 2021, and repeated on
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January 1, 2022. The systematic research was constructed to identify studies describing DL in
medical imaging for clinical spine applications. The final search terms and additional methodology
details used are shown in Appendix A — Article 1: Search Strategy. First, the literature search was
conducted through the health-related research database Medline. Next, the information technology
database IEEE Xplore was searched. Lastly, databases that index both fields, including Web of

Science and Embase, were searched for relevant literature.

4.1.3.2 Eligibility Criteria

Studies on DL and medical imaging dealing with applications intended for spine clinical care were
selected. This review did not consider other Al methods based on fundamental ML techniques,
preferring only DL-based approaches. Publications in peer-reviewed journals after 2012 were
included. The beginning timepoint was selected as the first scalable convolutional neural network,
significantly improving the state-of-the-art natural-image classification results.?? Additionally,
non-peered-review references published after 2012, such as case reports, proceedings or abstracts,
and book chapters, were included. Studies that proposed solely technical applications without
direct specific clinical implications, such as image segmentation, image quality improvement, and
image reconstruction alone, were excluded. Animal experiments, reviews, correspondences, expert
opinions, and editorials were also excluded. Two reviewers (CC, DVG) independently reviewed
all studies, reaching a consensus on all included studies. A third reviewer resolved the

disagreements in the inclusion process (NL).

4.1.3.3 Data Collection and Analysis

Data from all included studies were collected into a standardized data extraction sheet (Table 4.1).
In addition, the key findings, clinical deployment, expected clinical benefits and value, economic
implications, and ethical considerations of implementation in the health care system were recorded.
To analyze the data, a narrative review synthesis method with descriptive statistics was selected to
capture the extensive range of research investigating DL for spine clinical care. It should be noted
that a meta-analysis was not appropriate for this review, given the broad range of spinal conditions,
DL techniques, and types of data used in the studies identified. All retrieved manuscripts and

abstracts were included in the qualitative synthesis.
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4.1.4 Results

4.1.4.1 Overview of Studies Characteristics

The search strategies identified 1475 records, with 365 of these studies meeting the criteria for
inclusion (Figure 4.2 and Appendix B — Article 1: List of Included Studies). The top three affiliated
countries were the United States (17%), China (16%), and Canada (12%). Most studies were
authored by multidisciplinary teams (61%), including experts from both medicine (most frequently
neuro- or spine surgery and radiology) and engineering (most commonly electrical engineering,
computer science, and/or data science), with the remaining articles authored by either medicine
(19%) or engineering (14%) experts only, or could not be retrieved (9%). Most studies did not

receive or disclose a significant contribution from an industrial partner (79%).

4.1.4.2 Study Type and Design

The study type could be identified for 352 published studies and was primarily classified as clinical
research (64%; Figure 4.3). The information available in the remaining 13 studies was insufficient
to classify them. The division of the studies into retrospective or prospective investigations was
impossible in 96 studies (26%), meaning that we could not distinguish if the data were collected
explicitly for the study or from an existing data source. Data were collected retrospectively for the

remaining studies (n=269) (88%).

The study design could be identified for 318 of the published studies and was predominantly
categorized as cross-sectional (47%) and descriptive studies without comparison groups (43%),
and less frequently as cohort studies (9%). The information available in the remaining 47 studies
(13%) was insufficient to determine the study design. For the particular case of clinical research
for the diagnostic, prognostic, and predictive test accuracy studies, the top three study designs were
cross-sectional studies (56%), descriptive studies without comparison groups (26%), and cohort

studies (8%).

4.1.4.3 Spine Clinical Care and Imaging Focus

The clinical application of DL in spine image analysis was most frequently related to developing
or validating new diagnostic tools (74%; Figure 4.4A) and primarily included studies that aimed to

identify or diagnose spinal conditions. Three main themes arose from these diagnostic studies: 1)
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detection of diseases by developing pre-diagnosis screening tools or anomaly detection, 2)
predicting the diagnosis of new patients based on a training dataset of prior diagnoses, and 3)
differentiating between spinal conditions with similar imaging features or symptomatology. Other
frequently identified clinical themes were clinical decision support, assessment, and outcome
prediction studies, mainly aimed at predicting the progression of spinal conditions, exploring
treatment possibilities, or supporting clinical opportunities for such conditions. Two main themes
were identified among studies examining clinical decision support tools: 1) identifying
preoperative factors to provide personalized and timely treatment or surgical interventions and 2)
supporting procedures such as injections under imaging guidance and surgical navigation. Studies
investigating prognosis primarily focused on using DL to predict the development of complications
following spinal surgery. Other clinical applications found in the reviewed studies included public
health investigations, which used large epidemiological or public datasets to monitor or screen for
spinal conditions in the general population, describe average spinal measurements, or estimate
disease prevalence; and clinical administration tools, which included studies that aimed at
improving administrative processes in clinical work and healthcare organizations such as
automated report generation. MRI was the most common imaging modality used in the reviewed
studies (36%; Figure 4.4B), and the most frequently used MRI sequences were T2-weighted alone
(53%), a combination of T1-weighted and T2-weighted (26%), and T1-weighted alone (13%).
Most studies used DL techniques for spinal conditions or clinical care targeting a single spinal
region (47%). The majority of the remaining studies investigated more than one spinal region
(35%). In contrast, only a minority of studies explored DL techniques on the whole spine (14%) or
did not provide enough information to identify a specific spine region (5%). The lumbar spinal
segment was the most routinely studied region and was included alone or in combination with other

spinal regions(s) in 79% of all investigations (Figure 4.5).

Through analysis of the data, five main domains of spinal conditions were identified, with the top
3 being inflammatory and degenerative conditions (26%), spinal deformity and alignment
problems (22%), and fractures (14%; Figure 4.6). Among the studies that investigated
inflammatory or degenerative spine conditions, MRI was routinely used (82%), and improvement
or automation of the diagnosis was the main cited objective (89%). Automated tissue classification
and measurements were the most investigated DL pipeline outcomes (67% and 18%, respectively).

Among the studies targeting spinal alignment problems, radiographic images were generally used
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(69%), with the main objective of improving measurement accuracy for sagittal or coronal balance
(85%). Spinal alignment measurements were the most commonly investigated pipeline outcome
(66%). Studies addressing spinal fractures consistently aimed to improve the accuracy and speed
of diagnosis of vertebral fractures and detection of fractured levels (90%). To do so, CT scans and
radiographs were the most common imaging modality used (58% and 20%, respectively), and
automated vertebral status classification and fracture detection with or without specific anatomical

localization were the most commonly studied pipeline outcomes (50% and 32%, respectively).

The studies targeting surgical conditions had multiple objectives, but primarily provided clinical
decision support tools and automated instrumentation assessment (56% and 50%, respectively) and
commonly used ultrasound or fluoroscopy as imaging modalities (33% and 27%, respectively).
While less common, neoplasia was another recurrent condition investigated (8%), with most
studies aimed at improving diagnosis accuracy and lesion delimitation (65%) using mainly MRI
imaging (62%). To this aim, automated lesion detection or delimitation and tissue classification
were the most commonly investigated pipeline outcomes (50% and 35%, respectively). Six percent
of studies included in this review examined osteoporosis and mainly intended to detect bone
properties abnormalities or diagnose osteoporosis automatically (80%), primarily using CT scans
and DEXA as imaging modalities (48% and 33%, respectively). Within those, the primary pipeline
outcomes were bone status classification and bone properties measurements, such as bone mineral
density (42% and 38%, respectively). The overall publication rate for presented abstracts published

as full-length articles in peer-reviewed journals was 6%.

4.1.4.4 Subjects, Images, and Datasets

Only 41% of the reviewed studies clearly reported the number of subjects and medical images
included in the research. The number of subjects included was reported more often than the number
of images (33% vs. 19%). Most studies included 100 to 1000 subjects or images (Figure 4.7) with
a mean of 945 and 9504, respectively. When the studies targeted a particular spinal condition,
subjects with a relevant positive diagnosis were regularly enrolled (73%) with a mean enrollment
ratio of 79% and 71% of all subjects and images, respectively. Seventy-five percent of studies
reported whether their included subjects or images had surgical implants, with most stating the
exclusion of them if patients had spinal implants (75%). Only 30% of studies reported the health

status of the enrolled subjects or the presence of other spinal diseases on the images included, with
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most studies not including data about other conditions or diseases (55%). For the studies that
included the DL training phase, the mean of subjects and images in the DL development phase

were 763 and 4286, respectively.

The origin of the data could be retrieved for 288 of the published studies and was primarily part of
institutional data (58%), registries or clinical databases (11%; Table 4.2), public datasets (4%;
Table 4.3), or a combination (4%). When institutional data, registries, or clinical databases were
used, the data originated more commonly from a single center rather than multiple centers (68%

vs. 32%).

4.1.4.5 DL Method and Architecture

In 84% of the included studies, images were used as input through DL computer vision tasks. In
contrast, the others used extracted features from images or collected data from medical imaging
results (e.g. disc height) as input. Computer vision tasks were, in general, performed by three
different DL approaches 1) landmark detection, often combined with prior structure detection, 2)
structure segmentation, or 3) shape model matching. To this end, the preferred DL technique was
convolutional neural network (CNN) which was used in 77% of included studies. CNN techniques
were investigated mainly for classification (43%), measurement tasks by structure segmentation or
landmark detection (26%), and detection tasks (20%). For most classification tasks, convolutional
and pooling layers were first used to extract features from the input images, followed by fully
connected layers for output feature classification. Measurement tasks using landmark detection
were usually performed similarly or through segmentation tasks where the fully connected layer of
the CNN was replaced with up-sampling layers (encoder-decoder architecture), resulting in the

conversion of landmarks into segmentable heatmaps.

Sixty-four percent of studies adapted an existing DL architecture, most commonly based on U-Net
(21%) and ResNet (16%), all of which operated on image data (Figure 4.8 and Table 4.4). Studies
using extracted features from images or collected data from medical imaging results as input
preferably used MLP network structures, which were used in 21% of included studies. Other DL
methodologies were reported, including long short-term memory layer, radial basis function
network, and self-organizing map, but were only investigated in 2% of the included studies. Most
studies investigated only one DL architecture (57%) with amean + SD of 1.8 + 1.3 DL architectures

investigated per study. Nevertheless, the performance of several DL pipelines was investigated in



68

most studies (91%) with a mean £ SD of 2.6 + 2.8 pipelines or models investigated per study.
Sixteen percent of studies also surveyed other ML techniques as an alternative to DL in their
pipelines or as comparison results, with support vector machine and K-Nearest Neighbor

algorithms being the most frequently reported.

4.1.4.6 DL Training and Validation of Studies with DL Development

A DL model was developed and internally validated in 92% of included studies, while a pre-
existing DL model was externally investigated in 8%. The dataset split into training, validation,
and testing was mentioned in 155 (47% ) development studies. When available, the mean number
of subjects and images used in the DL development phase was 763 and 4286, respectively. The
mean proportions of data split into the training, validation, and testing datasets were 0.75, 0.18,
and 0.20, respectively. Of the development studies, 26% described the prevention of overfitting
using cross-validation. Only 15% of development studies externally validated the completed DL
pipeline on a data set distinct from the training dataset. Of these, 43% performed external validation
using data from a completely different origin, such as from a foreign country or other hospitals.

Internal validation was the only validation technique in the remaining studies (85%).

4.1.4.7 Evaluation of Performances

A large variety of performance metrics were retrieved from the studies to evaluate the similarity
between the DL prediction and the ground truth (Table 4.5). For DL pipelines with classification
tasks as outputs (binary as well as multi-class problems), the measurement of performance,
whenever reported, generally included sensitivity and specificity of the technique (58%) and area
under the curve (51%). The DL pipelines with detection tasks as outputs mainly reported the
precision (48%) for localizing the object's position in the image and recall (56%) when judging
whether objects belonging to certain classes appear in regions of interest. The DL pipelines with
measurement tasks outputs frequently used various error calculations to evaluate the model

performances, principally the mean absolute error (20%) and standard error (20%).

Only 8 peer-reviewed research articles (4%) adhered to a reporting checklist, including 3 guidelines
for transparent reporting of predictive or artificial intelligence models[234-236] and one for

reporting diagnostic accuracy studies [237]. A minority of studies (7%) provided the code used for
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model development, final trained models, or both (Table 4.6 ). In addition, 5% of studies used

proprietary DL models or commercial prototypes.

4.1.5 Discussion

This scoping review synthesizes the recent literature on the use of DL techniques combined with
medical imaging for spine clinical applications, highlighting current research and applications in
clinical practice. Most of the included studies were observational clinical research and used existing
datasets. For the most part, studies focused on the benefits of DL in combination with medical
imaging to improve the detection and diagnosis of spinal conditions, such as inflammatory
conditions, degenerative disease, and spinal deformity. Various DL methods and architectures were
explored, and some studies proposed novel ones. Many DL approaches showed promising
performance, demonstrating the potential of DL in the management of spinal conditions to improve

the efficiency of clinical care and research.

4.1.5.1 Overall Quality of the Studies

The quality and robustness of the DL models and possible clinical implications heavily rely on the
quality of the research and the input datasets, which governs the extent to which its findings can
be trusted. The broad objective of this scoping review was to include studies from peer-reviewed
journals and other sources such as preprint servers and conference proceedings. The peer review
process is designed to critically assess the relevance of new research as well as to insure the
appropriate study design and data analysis. Therefore, peer-reviewed studies are usually assumed
to have at least a minimum acceptable quality. While peer-reviewed publication of completed
results remains the primary goal of most medical research, a substantial number of abstracts will
not be published in the medical literature. Therefore, including only articles published in peer-
review journals would have limited our ability to broadly review and comprehensively map the
clinical applications of DL combined with medical imaging since 30% of the included studies were
obtained from outside this publication process. Nevertheless, only 6% of included conference
abstracts went on to peer-reviewed publication, highlighting the need to use caution before
integrating the results of these abstracts into research or clinical practice. Thus, the contribution of
conference abstracts in creating a solid body of evidence required for clinical implementation

remains uncertain.
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Clear and transparent reporting is crucial in assessing a study's quality. Nevertheless, only 4% of
the included peer-reviewed articles adhered to a reporting checklist. The quality assessment of the
studies included in this review was beyond the scope of this investigation but would be an
interesting area for future research. Nevertheless, the data extracted from the included studies
allowed us to make a general quality assessment of the eligible studies based on checklists
developed explicitly for Al in medical imaging based (CLAIM, MI-CLAIM).?*?° Our review
suggests that many studies would be classified as “incomplete” for numerous checklist items,
reflecting potential methodological limitations. In many cases, the study design was incomplete;
60% of studies did not detail the cohorts' characteristics. Similar observations can be made for
data and optimization items (21% did not describe the origin of the data, 47% did not report the
split of the dataset) and reproducibility and transparency reporting (93% failed to provide the code
used for model development or final trained models). Similar to our experience, previous medical
studies focusing on Al have also noted a lack of data reporting and poor model transparency. '3
Implementing a standardized mandatory checklist into the DL peer-review process, as it is currently
done with the STROBE checklist for human observational studies,*! could help enhance the quality
of the published studies and improve model reproducibility and comparison.'® In turn, improving
the quality of the research and robustness of the DL models may accelerate their implementation

into clinical practice.

4.1.5.2 Datasets and DL reliability

Data quality and availability are significant determinants of models' performance and reliability
and have been recognized as a fundamental challenge to developing DL for medical imaging.*? In
the current review, issues similar to previously reported limitations regarding the data's quality>?
were raised, including imbalanced data, lack of adequately annotated data, and limited confidence
intervals. While the correct sample size required to train a DL model to perform adequately is
challenging to estimate in advance, the reported datasets seem very limited compared to datasets
for general computer vision tasks, which typically range from a hundred thousand to millions of
annotated pictures.*® One likely explanation for the difference in dataset size is the limited number
of samples and patients currently available in the public databases for medical imaging tasks
compared to public databases available for general computer vision tasks. Nevertheless, the studies

included in this review commonly reported good DL performance despite potential issues related
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to data quantity. Still, it remains unclear how well the final DL models perform their task regarding

over-fitting to their training datasets.

4.1.5.3 DL Model Performance

Most of the studies included in this review (91%) evaluated several DL pipelines or multiple types
or DL models. The subsequent identification of the best model was usually based on comparing
their performance using various metrics, predominantly calculated by comparing DL predictions
against reference data obtained from human observers, as it is common practice in AL’ The
predominantly used performance metrics were probabilistic measurements, including accuracy,
sensitivity and specificity, and AUC. However, these metrics have considerable limitations and
cannot be considered reliable in some situations frequently encountered in the reviewed studies.
The main limitation of their use was the label imbalance observed in most datasets that included
diseased patients. Using accuracy as an indicator of performance with an unbalanced dataset may
artificially improve the performances due to this sensitivity of accuracy to the prevalence of
positive diagnosis in a dataset and the tendency of this performance metric to favor the majority
class.** These studies were then prone to positive-negative class bias and misleading models'
performances in such situations due to limited pre-test probability assessment.>> Acknowledging
potential bias or study limitations is vital for accurate result interpretation, especially when claims
are made regarding clinical care. Nevertheless, it is unclear if the studies included in the review
accounted for the label class imbalance, specifically the number of healthy and diseased or

positives and negatives in the dataset.

4.1.5.4 Clinical Implementation and Ethics

Caution is needed when developing DL methodologies for clinical practice. Before clinical
implementation, external validation and replication of the DL models' performances should be
completed. Compared to internal wvalidation, external validation allows a more robust
demonstration of the clinical utility of the methodology. Nevertheless, only a minority of studies
(8%) investigated pre-existing DL models, and few of the remaining studies (15%), which were
developing DL models, externally validated the completed DL pipeline on a dataset distinct from
their training dataset. Although a tool may appear promising in a particular setting, they are
unlikely to perform the same after being deployed into different spine clinical care settings,

particularly if employed across different patient populations. Nevertheless, very few studies
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provided information or demonstrated the use of DL techniques in real-world situations, suggesting
that further consideration and research are required to test such models' clinical utility and
applicability. For all the reasons mentioned earlier, the field of DL combined with medical imaging
for spine clinical applications does not appear ready for widespread clinical recognition and
remains in its development phase. As such, DL does not replace other research or analytic
approaches; instead, it can potentially add value to the available tools for spine clinical care
research. Partnerships between clinicians and data science experts are essential to ensure the

clinical utility of the DL models developed for healthcare.

4.1.6 Future Research Directions and Conclusions

The DL and medical imaging for spine clinical care is an emerging research field with exciting
recent developments with the potential to improve patient care. This review of 365 studies showed
that problem-specific DL models could significantly improve the detection and diagnosis of spinal
conditions on medical imaging. While it is evident that DL is unlikely to replace radiologists or
other health experts in the near future, it holds the potential to be an efficient tool to decrease the
clinical burden of radiologists and clinicians. Though less frequently investigated, research into
other applications of DL, such as clinical decision support, assessment, and outcome prediction,
has demonstrated initial positive results. Nevertheless, the available studies on these topics are
currently limited, and further research is required to identify additional benefits of DL for spine
clinical care. The analysis of the included studies highlighted the following needs for further
studies or improvement: 1) commitment to data and model transparency, 2) reproducibility and
generalizability improvement of DL models, 3) performing external and comprehensive validation
of the proposed methodologies on different datasets, and 4) establishing of DL ethics guidelines at
all levels of DL development. In addition, efforts to improve research methodologies and the
impact of DL on patients should be better considered. Furthermore, standard imaging protocols,
agreed-upon datasets to perform DL models' benchmarking, standardized performance metrics, and
unbiased accuracy indicators appeared to be lacking in the current literature. Such standards would
improve the quality of Al research and allow for better clinical implementation and further

advances in the field of DL for spinal imaging.

The generation of large spine datasets combined with DL tools accessible to researchers and

clinicians is also needed to support the development of novel DL applications and improve the
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current spine clinical care models. More work is needed to define best practices with DL tools to
guide clinical-decision making process for spine clinical care and to facilitate eventual clinical

implementation.
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4.1.8 Tables
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Table 4.1 Extracted Characteristics from the Studies Included in the Review

Characteristic

Description

(1) Author's data

Country of the authors' affiliations: the affiliation country from the majority of the authors or the corresponding
author

Authors' fields of expertise: health fields, data science fields, or both

Status with industry: if one of more authors was affiliated with an industrial partner

(2) Year

The year it was published based on Medline, IEEE Xplore, Web of Science, or Embased databases

(3) Study type
and design

Study type: classification of primary studies into basic, clinical and epidemiological research; and subclassification
into interventional or observational[238]

Study design: classification of studies into retrospective or prospective nature and further categorization into study
design being cross-sectional, cohort, descriptive, case-control, or case-series type study designs using a described
classification algorithms[239]

(4) Area of spine
care focus

Clinical application type: either diagnostic tools, clinical decision support tools, automated clinical/instrumentation
assessment, clinical outcome prediction, combined or others

Studied anatomy: either cervical, thoracic, lumbar, sacral, combiner

Studied disease: if there was specific pathology that the study targeted

Studied surgery: if there were particular surgeries or procedures that the study targeted

Study imaging modality: either standard radiograph, dual-energy x-ray absorptiometry (DEXA), CT, MRI including
which sequence(s), US, interventional imaging (fluoroscopy, O-arm, guided navigation), combined, or others
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Table 4.1 Extracted characteristics from the studies included in the review (cont’d)

(5) Number of
subjects and
images included

Overall size: number of subjects, images (before data augmentation) , or both included in the complete study
Overall diseased subjects: number of patients, images, or both included in the general study diagnosed with at least
one spine condition

Categorized size: overall subjects, images, or both included in the general study binned into categories of <100,
100-1000, 1000-10000, 10000-100000, and >100000

(6) Size of the
dataset used for
DL development
and validation

Dataset size: number of subjects, images, or both included in the DL development phase (when applicable)
Dataset diseased subjects: number of patients, images, or both included in the DL development phase diagnosed
with at least one spine condition (when applicable)

Categorized dataset size: dataset subjects: number of patients, images, or both included in the DL development
phase (when applicable) binned into categories of <100, 100-1000, 1000-10000, 10000-100000, and >100000

(7) Origin of the
dataset

Either single-center, multicentric, public registry or dataset, synthetic images, or combined

) Dataset
availability

Availability and information of origin and access of datasets from publicly available and part of a clinical registry
or database datasets

(9) DL method
and architecture
used

DL methodology: either CNN, long short-term memory networks (LSTM), Recurrent neural network (RNN),
Generative Adversarial Networks (GAN), Radial basis function networks (RBFN), Multilayer Perceptrons (MLP),
Self-organizing maps (SOM), deep belief network (DBM), restricted Boltzmann machines (RBM), or other

DL task type: classification, regression, segmentation, object detection, image generation, or other

DL architecture: architecture and backbone family (ex: DenseNet, VGGs, etc)

Number of pipeline(s) and DL architecture(s) used or tested

Other ML techniques used or tested in the study

(10) DL training
and validation

Training: split of the dataset into training, validation, testing, and use of cross-validation
External validation: if external validation of the completed DL pipeline was performed

(12) Evaluation
of performances

Performance metrics used to validate their pipeline
If they used external data to validate their pipeline
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Table 4.2 Registries and Clinical Databases Used in Studies on Deep Learning in Medical Imaging for Spine Care with Corresponding

Summary When Available
Registry / Official Title Responsible Party, Owner or Resources
Database Sponsor
name
ALSPAC® Avon Longitudinal Study of University of Bristol, Bristol, United  http://www.bristol.ac.uk/alspac/res
Parents and Children Kingdom earchers/access/
AO CSM-1 Surgical Treatment of Cervical AO Innovation Translation Center https://clinicaltrials.gov/ct2/show/
Spondylotic Myelopathy (AO Clinical Investigation and NCT00565734
Publishing Documentation),
Diibendorf, Switzerland
AO CSM-NA AOSPINE Assessment of Surgical ~ AOSpine North America Research https://clinicaltrials.gov/ct2/show/
Techniques for Treating Cervical Network, Pennsylvania, USA NCT00285337
Spondylotic Myelopathy
CSORN®! Canadian Spine Outcomes and Canadian Spine Society, Markdale, https://www.csorncss.ca/
Research Canada
Genodisc Disc-degeneration linked University of Oxford, Oxford, United  https://cordis.europa.eu/project/id/2
Project pathologies: novel biomarkers and  Kingdom 01626/reporting
diagnostics for targeting treatment
and repair
GESPIC# German Spondyloarthritis Inception Charite University, Berlin, Germany https://clinicaltrials.gov/ct2/show/
Cohort NCT01277419
Hangzhou Hangzhou Lumbar Spine Study: a  First Affiliated Hospital of Zhejiang Not found

lumbar spine
study®

study focusing on back health in a
Chinese population

University, Hangzhou, China
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Table 4.2 Registries and Clinical Databases Used in Studies on Deep Learning in Medical Imaging for Spine Care with
Corresponding Summary When Available (cont’d)

H-PEACE® Health and prevention enhancement Seoul National University Hospital, http://en-
Seoul, South Korea healthcare.snuh.org/HPEACEstudy
LumbSegt>%  Lumbar vertebra segmentation CT  Not found Not found
image datasets
Manitoba The Manitoba BMD Registry Manitoba Bone Density Program https://www.gov.mb.ca/health/prim
BMD Committee, Manitoba, Canada arycare/providers/chronicdisease/b
Registry®’ onedensity/research.html
MDCS* Malmé Diet and Cancer Study University of Lund, University Not found
Hospital, Malmo, Sweden
MIDICAM Cervical spondylotic myelopathy: University Medical Center https://www.drks.de/drks web/navi
Application of spinal diffusion- Neurozentrum, Freiburg im Breisgau, gate.do?navigationld=tria HTML
based microstructural imaging Germany &TRIAL ID=DRKS00012962
(DMI) and phase-contrast MRI German registry of clinical trials,
number: DRKS00012962
MPP8 Malmé Preventive Medicine University of Lund, University Not found
Project Hospital, Malmo, Sweden
MrOs®° Osteoporotic Fractures in Men University of California San https://sfcc.ucsf.edu/news/osteopor
Study (MrOS) from Database of Francisco, California, USA ot1c-fractur§s-men-mrps-study-
group-publish-two-articles
Genotypes and
Phenotypes (dbGaP)
MySPINE Functional prognosis simulation of  Fundacio Institut de Bioenginyeria de  https://cordis.europa.eu/project/id/2

patient-specific spinal treatment for
clinical use

Catalunya, Barcelona, Spain

69909
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Table 4.2 Registries and Clinical Databases Used in Studies on Deep Learning in Medical Imaging for Spine Care with
Corresponding Summary When Available (cont’d)

NFBC1966 Northern Finland Birth Cohort University of Oulu, Oulu, Finland http://www. oulu.fi/ntbc/
1966
NHANES National Health and Nutrition National Center for Health Statistics,  https://wwwn.cdc.gov/nchs/nhanes/
2011-2012 Examination Survey 2011-2012 Maryland, USA continuousnhanes/overview.aspx?
Database BeginYear=2011
NHANES 11 Second National Health and National Center for Health Statistics,  https://wwwn.cdc.gov/nchs/nhanes/
Nutrition Examination Survey Maryland, USA nhanes2/default.aspx
Database
OSTPRE Kuopio Osteoporosis Kuopio University Hospital and https://sites.uef.fi/kmru/ostpre/
70 Risk Factor and Prevention Study Upwersﬂy of Eastern Finland, Kuopio,
Finland
OSTPRE- OSTPRE Fracture Prevention Kuopio University Hospital, Kuopio,  https://clinicaltrials.gov/ct2/show/
FPS™! Study Findland NCT00592917
PROOF"? Multicountry Registry of Clinical ~ AbbVie, Cham, Switzerland http://www.chictr.org.cn/showproje
Characteristics n.aspx?proj=10022
ROAD Research on University of Tokyo, Tokyo, Japan Not found
Osteoarthritis/Osteoporosis
Against Disability
SCI database  Not found Orange image diagnostic center, USA  Not found
SDSG Spinal Deformity Study Group Not found Not found

database
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Table 4.2 Registries and Clinical Databases Used in Studies on Deep Learning in Medical Imaging for Spine Care with
Corresponding Summary When Available (cont’d)

TRACK- Transforming Research and University of California, San https://clinicaltrials.gov/ct2/show/
SCI%-73 Clinical Knowledge in Spinal Cord  Francisco, California, USA NCT04565366
Injury
TwinsUK TwinsUK registry King's College London, United www.twinsuk.ac.uk
registry Kingdom
Wakayama Wakayama Spine study Wakayama MedicalUniversity School — Not found

Spine study’*

of Medicine, Wakayama, Japan

Whiplash™

Neuromuscular Mechanisms
Underlying Poor Recovery From
Whiplash Injuries

Northwestern University, Ilinois, USA

ClinicalTrials.gov Identifier:
NCT02157038




89

Table 4.3 Publicly Available Datasets Used in the Studies Focusing on Deep Learning in the Field of Medical Imaging for Spine Care
Investigated in This Review with the Corresponding Summary when Available

Public
Dataset Name

Official Title

Responsible Party, Owner or Sponsor

Resources

76CSI 2014 Localization and University of Washington in St Louis, The link provided in the publication is no
workshop identification challenge of ~ Missouri, USA longer working
dataset the CSI 2014 Workshop. (http://research.microsoft.com/spine/)
DeepLesion  Nof found Not found https://www .kaggle.com/datasets/kmader
/nih-deeplesion-subset
BILSVRC ImageNet Video dataset Stanford Vision Lab, Stanford https://image-
(ILSVRC) University, Princeton University net.org/challenges/LSVR C/index.php
IoMT Spine Internet of Medical Things Not found http://spineweb.digitalimaginggroup.ca/s
Dataset (IoMT) platform Spine pineweb.
Dataset
MICCAI8"  Testing set A of the Medical Image Computing and Computer Upon request at:
MICCALI Challenge on Assisted Intervention Workshop & http://spineweb.digitalimaginggroup.ca/d
Vertebral Fracture Challenge (MICCAI 2016) ataset.php
Analysis
MS MS Annotated Spine CT ~ Not found No longer working
Annotated Database (http://research.microsoft.com/en-
Spine CT us/projects/spine/)
Database
PAMS5078381 Unbiased multimodal MRI  Polytechnique Montreal, Canada and https://github.com/sct-

template of the spinal cord
and the brainstem

Aix-Marseille Université, France

data/PAMS50/releases/download/r201910
29/20191029 pam50.zip
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Table 4.3 Publicly Available Datasets Used in the Studies Focusing on Deep Learning in the Field of Medical Imaging for Spine
Care Investigated in This Review with the Corresponding Summary when Available (cont’d)

SpineWeb Dataset 16: 609 spinal Stanford Vision Lab, Stanford https://image-
Dataset 16 anterior-posterior x-ray University, Princeton University London  net.org/challenges/LSVRC/index.phpUp
images Health Sciences Center, Ontario, Canada  on request
(http://spineweb.digitalimaginggroup.ca/
dataset.php)
SpiSeg’® Spine and vertebrae University of California, Irvine, School Upon request at:
segmentation datasets of Medicine, California, USA http://spineweb.digitalimaginggroup.ca/d
ataset.php
TCIAY! Cancer Imaging Archive Washington University School of No longer working
Medicine, Missouri, USA and Frederick  (http://research.microsoft.com/en-
National Laboratory for Cancer Research, us/projects/spine/)https://cloud.google.co
Frederick, MD, USA m/healthcare-api/docs/resources/public-
datasets/tcia
UCI UCI Repository of UC Irvine Machine Learning Repository  http://archive.ics.uci.edu/ml/machine-
Vertebral Machine Learning learning-databases/00212/
Column Databases
Dataset
VerSe'20% Large Scale Vertebrae Medical Image Computing and Computer https://zenodo.org/record/3759104#.Y3U
Segmentation Challenge Assisted Intervention (MICCAI 2020) EOnbMInl
xVertSeg.vl”’  Segmentation and University of Ljubljana, Faculty of http://lit.fe.uni-1j.si/xVertSeg/

Classification of Fractured

Vertebrae

Electrical Engineering, Slovenia
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Table 4.4 Overview of Common CNN Architectures used in the Studies Focusing on Deep Learning in the Field of Medical Imaging for

Spine Care Investigated in this Review with the Variants Reported for the Spine and Corresponding Short Summary

Backbone Year Description Variants Reported for the Ressources
Use in Spine

AlexNet* 2012  An architecture developed for image AlexNet. https://github.com/deep-
classification that launched DL diver/AlexNet
development. The network contains a set
of convolutional and max-pooling layers ~ Note: also used in in some of
ended by 3 fully connected layers. the R-CNN architectures

VGGH 2014  Backbone widely used for computer vision VGG-11, VGG-16, VGG-19,  https://github.com/pytorch/visio
and computer sciences tasks. VGG is VGG-M, VGG-Net, VGG- n/blob/master/torchvision/model
composed of convolutional, max-pooling, = Netl6, FCN-VGG-16 s/vgg.py

and fully connected layers. It uses smaller
kernels to create deeper networks.

U-Net®? 2015  Fully convolutional network Popular 3D U-Net, BiLuNet, Co-U- https://Imb.informatik.uni-
architecture for biomedical image semantic Net, DC-U-Net, Deeplab freiburg.de/people/ronneber/u-
segmentation. It comprises a contracting V3+, Deep-U-Net, fuse-U- net/u-net-release-2015-10-
path ("traditional" CNN) and an expansive =~ Net, MDR2-U-Net, MDR2- 02.tar.gz
path. U-Net, Residual U-

Netstacked hourglass network
(SHN)

ResNet® 2015  Backbone widely used for object detection ~ FR-ResNet, Multi ResNet, https://github.com/pytorch/visio
and image segmentation that introduced ResNet-12, ResNet-18, n/blob/master/torchvision/model
skip connected. ResNet is made of residual ResNet-34, ResNet-50, s/resnet.py
NN consisting of skip-connections or ResNet-101, ResNet-ST-50,

recurrent units between blocks of pooling ~ ResNet-XT-50.
and convolutional layers. Many versions

X i Note: also used in some of the
with different deepness. /

Faster R-CNN architectures.
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Table 4.4 Overview of Common CNN Architectures used in the Studies Focusing on Deep Learning in the Field of Medical Imaging
for Spine Care Investigated in this Review with the Variants Reported for the Spine and Corresponding Short Summary (cont’d)

Inception- 2015  Network with a low number of parameters  Inception-V3 https://github.com/weiaicunzai/
v2-v38s to be able to be used on lower-performance pytorchcifar100/

machines. It was mo@ﬁed frorp I neeption blob/master/models/inceptionv3

V1 (blocks of inception containing sets of

convolutional layers) by replacing nn Py

convolutional kernels into 3x3 or 1x1

using a concatenation method.
Inception- 2015  ResNet and inception architecture combine Inception-ResNet-V2, https://github.com/zhulf0804/In
ResNet- using skip-connections between blocks of  Inception-ResNet-V3. ceptionv4 and_Inception-

86 . .
V2 layers, called residual connections. ResNetv2.PyTorch
Note: also used in some
Faster R-CNN architectures.

YOLO¥# 2015 YOLO, short for "You Only Look Once"is YOLOV2, YOLOV3, https://github.com/ultralytics/yo
8 from a series of object detection models HoloYOLO lov5

capable of detecting multiple objects

simultaneously. It is based on CNN and is

used to predict classes as well as object

localization.
DenseNet® 2018  CNN built on the idea of ResNet but with a DenseNet-14, DenseNet-22,  https://github.com/liuzhuang13/
4,89

lower number of connections of L/(L+1)/2,
with L being the number of layers. The
feature maps of all previous layers are used
as input in the next layer, making
DenseNet well-suited for smaller datasets.

DenseNet-26, DenseNet-48,
DenseNet-121, DenseNet-
169, DenseNet-201, DMML-
Net, FC-DenseNet, BMDC-
Net

DenseNet
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Table 4.5 List of the Main Performance Metrics with Corresponding Equations Reported in the Studies Focusing on Deep Learning in

the Field of Medical Imaging for Spine Care Investigated in this Review

Notes: true positive (TP), true negative (TN), false positive (FP), false negative (FN), and A and B represent the ground truth and

predicted segmentation

Metric Abbr. Name Equation Description % Use
group
Probabilistic Se Sensitivity?®%! Go = TP True positive detection capabilities. 49%
TP+ FN Math equivalent: Recall, TPR
Sp Specificity”?®’! oy = TN Capabilities for correctly identifying true 41%
P= TN + FP negative classes.
Math equivalent: TNR
Acc Accuracy”’ Acc = TP+TN Total number of correct predictions, 48%
TP+TN+FP+FN compared to the total number of predictions
ROC  Receiver Line plot showing Line plot of the diagnostic ability of a 10%
performance wit ifferent classifier throug against
Operator h d lassifier through TPR against FPR
00 discrimination
h teristi
Characteristics hresholds
AUC  Area under AUC = l( EFP Area under the simple 36%
Recerver 2\FP + TNF N trapezoid
Operator + —)
P FN +TP

Characteristics”?




Table 4.5 List of the Main Performance Metrics with Corresponding Equations Reported in the Studies Focusing on Deep Learning

in the Field of Medical Imaging for Spine Care Investigated in this Review (cont’d)

PPV Positive PPV = Amount of true diagnosis with respect to 11%
Predictive ~ TP+ FP true positive test.
Value” . .
Math equivalent: precision
KAP  Cohen Kappa Measure of agreement between annotated
Coefficient® and predicted classifications or predicted
and ground truth segmentation
KAP
B (TN + FN) — fc
~ (TP+TN+FN+FP)—f
F-measure DSC Dice Similarity DSC = F1 Amount of pixel overlap over the total 24%
based Coefficient or _ 2TP number of pixels in predicted and ground
metrics Sorensen-Dice " 2TP+ FP+ FN truth segmentation
Index 909193
F1 F1 score
JACC Jaccard JAC = IoU Amount of pixel overlap divided by their 8%
Index”*91%3 B TP union
~ TP+FP+FN
IoU Intersection-
over-Union
Spatial PREC Precision” _ 1A nB| Amount of predicted pixel overlap over with  14%
overlap and PREC = |B| respect to ground truth

distance
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Table 4.5 List of the Main Performance Metrics with Corresponding Equations Reported in the Studies Focusing on Deep Learning in
the Field of Medical Imaging for Spine Care Investigated in this Review (cont’d)

AHD

Average

Hausdorff

distance/Max.

Symmetric

Surface
Distance

90,94

1 .
wm =53 pyle

a€A

—b||

AHD (A, B)
= max (d(4,B),d(B, A))

in which A and B represent the
ground truth and predicted
segmentation,

respectively, and  |[[a-b||
represents a distance function
like Euclidean distance

Spatial distance average over predicted and
ground truth points

4%
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Table 4.6 A Short List of Available Code or DL Platforms used in the Methodology or Provided as a Result in the Published Studies
Investigated in This Review Focusing on DL in the Field of Medical Imaging for Applications Intended for Spine Clinical Care

Name Summary Implementation

SpineCube®> Intelligent agent for diagnosing scoliosis and evaluating the severity of  https://github.com/js3611/Deep-MRI-
scoliosis. Reconstruction

96,97 Direct automated quantitative measurement of the spine by cascade https://github.com/pangshumao/CARN
amplifier regression network with manifold regularization

8 Testing DL model for automated detection of vertebral fractures of the  https://links.lww.com/CORR/A505
lumbar spine

VFADL?®® Source code for automated identification of vertebral fractures at VF https://github.
assessment performed with dual-energy x-ray absorptiometry com/DougUC/VFADL-

PUBLIC/blob/master/VFADL.ipynb

BMDC- Method for the qualitative detection of BMD (normal bone mass, low  https://github.com/tangchao1010/classifica

Net!00 bone mass, and osteoporosis) via diagnostic CT slices tion-of-BMD

DMML- Deep multiscale multitask learning network to directly localize all https://github.com/zhyhan/DMML-

Net!! lumbar organs with bounding boxes and grade all lumbar organs with ~ Net/tree/master

crucial differential diagnoses (normal and abnormal).

102

Fully automated algorithm for the detection of bone marrow edema
lesions in patients with axial spondyloarthritis

https://github.com/krzysztofrzecki/bone-
marrow-oedema-detection

103

DL model for detection of cervical spinal cord compression in MRI
scans.

https://github.com/zamirmerali/dcm-mri
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Table 4.6 A Short List of Available Code or DL Platforms used in the Methodology or Provided as a Result in the Published Studies
Investigated in This Review Focusing on DL in the Field of Medical Imaging for Applications Intended for Spine Clinical Care (cont’d)

MBNET!* Multi-Task Deep Neural Network with supervised learning applied for  https://github.com/LuanTran07/BiLUnet-
two tasks, semantic segmentation and parameter inspection for the Lumbar-Spine
diagnosis of lumbar vertebrae

LEN-LCN!'%  Implementation code of automated Landmark Estimation and https://github.com/LuanTran07/BiLUnet-
Correction Network to estimate landmarks on lateral X-rays. Lumbar-Spine

DeepSeg! Fully automatic framework for segmentation of the spinal cord and https://github.com/spinalcordtoolbox/spinalcor
intramedullary multiple sclerosis lesions from conventional MRI data  dtoolbox/tree/master/spinalcordtoolbox/dee
using CNN pseg

107,108 Scripts for image segmentation using CNN to segment bones in US https://github.com/SlicerIGT/aigt
images automatically

VerteSeg!'”®  Code for automatic segmentation of vertebrae from sagittal IDEAL https://github.com/zhoji/verteseg

(Iterative Decomposition of water and fat with Echo Asymmetric and

Least-squares estimation) spine MR images

110

Deep CNN model to classify osteopenia and osteoporosis using lumbar

spine X-ray images.

https://github.com/zhang-de-lab/zhang-
lab/tree/master/osteoporosis

111

Model developed using NiftyNet for neck muscle segmentation.

https://github.com/kennethaweberii/Neck
Muscle Segmentation

112,113

Automatic landmark estimation and spinal curvature estimation for

adolescent idiopathic scoliosis

https://github.com/zc402/Scoliosis
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Table 4.6 A Short List of Available Code or DL Platforms used in the Methodology or Provided as a Result in the Published Studies
Investigated in This Review Focusing on DL in the Field of Medical Imaging for Applications Intended for Spine Clinical Care (cont’d)

SpineAI'™ Implementation code to automatically detect and classify lumbar spinal https://github.com/NUHS-NUS-
stenosis on MRI images. SpineAl/SpineAl-Detect-Classify-
LumbarMRI-Stenosis

115 Model for identifying fresh VCF from digital radiography. https://github.com/TXVision/DR_Fracture
_Classification
116 Code for lumbar spine hanging protocol label lumbar spine https://github.com/GeneKitamura/L_spine
views/positions, detect hardware and rotate the lateral views to _hanging protocol

straighten the image.

Anduin®®!!7  Freely available research tool to segment vertebrae in a CT scan and to  anduin.bonescreen.de
assess various bone measures in clinical CT.

Spinal Cord  Open-source set of command-line tools dedicated to the processing https://github.com/spinalcordtoolbox/spina
Toolbox!!811 and analysis of spinal cord MRI data. lIcordtoolbox

9

Nora Web-based framework using CNN for medical image analysis http://www.nora-imaging.org

Imaging!?’

NiftyNet!?!  Open-source CNN platform for medical image analysis. http://niftynet.io

Modified Monai and NiftyNet version of the code to generate the multi-organ https://github.com/elitap/NiftyNet

NiftyNet'??  segmentation of the head and neck area
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Table 4.6 A Short List of Available Code or DL Platforms used in the Methodology or Provided as a Result in the Published Studies
Investigated in This Review Focusing on DL in the Field of Medical Imaging for Applications Intended for Spine Clinical Care (cont’d)

DLTK!3 NN toolkit written in Python to enable fast prototyping with a low https://github.com/DLTK/DLTK
entry threshold for medical imaging

V-Net!?4 3D image segmentation based on a volumetric, fully CNN. https://github.com/faustomilletari/VNet

SegNet!2 Deep fully CNN architecture for semantic pixel-wise segmentation http://mi.eng.cam.ac.uk/projects/segnet/

SpineNet!?®  CNN backbone with scale-permuted intermediate features and cross- https://github.com/lucifer443/SpineNet-

scale connections learned on an object detection task by Neural Pytorch/tree/a7059¢ft295dcee16d719b381
Architecture Search. f80af8eb3fe4216
SpineTK'?”  Code to train a network for doing MR, CT, and X-ray image https://github.com/abhisuri97/Spine TK

annotation, including landmark annotation of six keypoints on
individual vertebral bodies for vertebral height measurement

128 Source code for deep residual learning for multi-class robotic tool https://github.com/warmspringwinds/tf-

segmentation image-segmentation
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4.1.9 Figures

Figure 4.1 Overview of Artificial Intelligence, Machine Learning and Deep Learning

Figure 4.2 The Preferred Reporting Items for Systematic Reviews and Meta-Analysis
(PRISMA) Statement Flowchart of the Process Performed for the Review of the Current
State-of-the-Art Progress and Utilization of DL in the Field of Medical Imaging for Spine
Care
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Figure 4.3 Classification of the Types of Studies From 352 Published Studies Focusing on
DL in the Field of Medical Imaging for Spine Care According to the Classification Schemes
for Studies in Medical Research by Rohrig et al.!

* sometimes known as experimental research; #, analogous term to interventional; +,
analogous term to noninterventional or nonexperimental

Figure 4.4 Clinical applications (A) and Imaging Modalities (B) related to the Published
Studies Investigated in this Review Focusing on DL in the Field of Medical Imaging for
Applications Intended for Spine Clinical Care.

The clinical application types included diagnostic tools, clinical decision support tools,
automated clinical/instrumentation assessment, clinical outcome prediction, combined or
others. The imaging modalities used included magnetic resonance imaging (MRI), radiograph,
computed tomography (CT scan), ultrasound (US), dual-energy x-ray absorptiometry
(DEXA), intervention imaging (fluoroscopy, O-arm, guided navigation), and others.
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Figure 4.5 Distribution of the Frequency of Investigation of Spinal Regions Targeted by the
Published Studies Investigated in this Review Focusing on DL in the Field of Medical
Imaging for Applications Intended for Spine Clinical Care

Note: sum is not equal to 100% as 49% of reviewed studies investigated multiple spinal
regions.

Figure 4.6 Spinal Diseases and Conditions Examined in the Published Studies Investigated in
This Review Focusing on DL in the Field of Medical Imaging for Applications Intended for
Spine Clinical Care

Inflammatory and degenerative conditions included intervertebral disc degeneration (IVDD),
spinal stenosis (SS), spondylitis and spondyloarthritis (SpD), intervertebral disc herniation
(IVDH), and lower back pain complex (LBP). Spinal alignment conditions included
measurement applicable to general alignment problems (Gen) and idiopathic scoliosis (IS).
Fracture assessment included general vertebral bone assessment (Gen), osteoporotic vertebral
fracture (OVF), and vertebral compression fracture. Investigation targeting surgical procedures
included spinal instrumentation (Instru), local analgesia or anesthesia procedures (Local), and
spinal decompression surgery (DCP). Among other conditions, general spinal assessment
(Gen), osteoporosis (Osteo), and neoplastic diseases (Neo) have been studied.
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Figure 4.7 Number of Subjects and Images Included in the Published Studies Investigated in
this Review Focusing on DL in the Field of Medical Imaging for Applications Intended for
Spine Clinical Care

The number of data points is categorized and presented for the overall subjects and images
comprised in all included studies and for the subjects and images comprised only in the DL
development phase of the studies, when applicable.

Figure 4.8 Distribution of the Most Commonly Investigated DL Network Architectures in the
Studies Included in the Review Investigating DL Network Structure for Computer Vision
Tasks in Medical Imaging for Spine Care (n =307 Studies)
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4.2 ARTICLE 2: Neural Network-Based Multi-Task Learning to Assist
Planning of Posterior Spinal Fusion Surgery for Adolescent Idiopathic

Scoliosis

To address Sub-objective 1.2 (SO1.2), a deep learning model using a multitask neural
network architecture was developed to support surgical planning for PSF surgery in AIS patients.
The model was trained to predict key surgical decisions, including UIV, LIV, screw density, and
rod curvature, based on standard preoperative clinical and radiographic parameters. Its
performance was compared to single-task models and evaluated using both internal and external
datasets. This study contributes to the field by (1) introducing a novel Al-based planning tool for
PSF surgery, (2) demonstrating improved performance of multitask over single-task neural
networks for surgical parameter prediction, and (3) showing that such models can generalize across

institutions and surgeons.

This work led to the publication of the article titled “Neural Network-Based Multi-Task Learning
to Assist Planning of Posterior Spinal Fusion Surgery for Adolescent Idiopathic Scoliosis” in the
Spine Deformity Journal in June 2025. The first author’s contribution to the conception,

development, experimentation, analysis, and writing of the manuscript is evaluated at over 80%.

Article 2:

Constant, C., Larson, A.N., Polly, D.W. et al. Neural Network-Based Multi-Task Learning to
Assist Planning of Posterior Spinal Fusion Surgery for Adolescent Idiopathic Scoliosis. Spine

Deform (2025). https://doi.org/10.1007/s43390-025-01125-9

Highlights
First study to develop and validate a multitask neural network (NNML) for AIS fusion planning.
The final model was able to mimic expert surgeon decisions and could help reducing variability in planning.
NNML outperformed single-task models with high accuracy for vertebrae and rod predictions.

External validation confirmed robustness across different patients and surgeons.
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Article Title: Neural network-based multi-task learning to assist planning of posterior spinal

fusion surgery for adolescent idiopathic scoliosis

Author names:

Caroline Constant">** DMV, MSc, MENG, DACVS-LA, DECVS (caroline.constant@uzh.ch),
A. Noelle Larson! M.D (Larson.Noelle@mayo.edu), David W. Polly, Jr.3, MD
(pollydw@umn.edu), Carl-Eric Aubin>?, Ph.D., ScD(h.c.), P.Eng., (Carl-
Eric.Aubin@polymtl.ca), And Minimize Implants Maximize Outcomes Study Group

Institutional affiliation:

' Department of Orthopedic Surgery, Mayo Clinic, 200 1st Street Southwest, Rochester,
Minnesota, 55905, USA

2 Polytechnique Montréal, 2500 Chemin de Polytechnique, Montréal, H3T 1J4, Canada

3 Centre Hospitalier Universitaire (CHU) Sainte-Justine, 3175 ch. Céte Sainte-Catherine, Montréal
H3T 1C5, Canada

4 AO Research Institute Davos, Clavadelerstrasse 8, CH 7270, Davos, Switzerland

> Department of Orthopedic Surgery, University of Minnesota, Minneapolis, MN

Institution at which the work was performed: 1, 2, 3

Corresponding author: C. Constant; Department of Mechanical Engineering, Polytechnique
Montreal, P.O. Box 6079, Downtown Station, Montreal, QC H3C 3A7, Canada; +41 79 910 69 76,

caroline.constant@polymtl.ca

Funding sources: This work was supported by the TransMedTech Institute and its main financial
partner, the Canada First Research Excellence Fund, the NSERC/Medtronic Industrial Research
Chair in Spine Biomechanics, Quattrone-Foderaro Grant in Al Innovation in Orthopedic Surgery
2021, Mayo Foundation, the Mayo Clinic, and the AO Foundation. The MIMO Study Group was
financially supported by the Orthopedic Research and Education Foundation and Scoliosis

Research Society.



106

Competing Interests: The authors declare no competing interests related to this manuscript. They
have no financial, personal, or professional relationships within the past three years, or beyond this
period, that could be perceived as influencing the research conducted or the preparation of this

manuscript.

Ethical Approval : This study received Institutional Review Board (IRB) approval through the
respective committees overseeing the MIMO Clinical Trial (NCT01792609) and research projects
at the authors’ institutions, and complies with ethical standards in accordance with the Declaration

of Helsinki.

Consent: all patients provided informed consent for both clinical trial participation and subsequent
image analysis. The authors affirm that patients provided informed consent for publication of the

radiographs in relevant figures.

Authorship: All authors confirm their substantial contributions to the conception, design, data
acquisition, analysis, or software creation for this work; they have critically revised the manuscript,
approved the final version for publication, and accept accountability for the work’s integrity. All

authors consented to submission and obtained required institutional permissions.

All authors contributed to the study conception and design. Material preparation, data collection
and analysis were performed by Caroline Constant and the group MIMO. The first draft of the
manuscript was written by Caroline Constant and all authors commented on previous versions of

the manuscript. All authors read and approved the final manuscript.



107

4.2.1 Abstract

Purpose: Posterior spinal instrumentation and fusion (PSF) is the gold standard for severe
adolescent idiopathic scoliosis (AIS), yet instrumentation strategies vary widely, often leading to

suboptimal results. Deep learning's potential in AIS planning is underexplored.

Methods: This study trained and validated an artificial neural network multitask learning model
(NNML) using preoperative clinical and radiographic data from 189 AIS patients with Lenke 1A
and 2A curves enrolled in the MIMO Clinical Trial (NCT01792609). The model mimics
experienced spine surgeons’ decision-making for selecting the upper and lower instrumented
vertebrae (UIV, LIV), determining rod curvature, and predicting screw density based on the study's
randomized allocation. Models were trained with data from 179 patients, utilizing 10-fold cross-
validation, and externally validated on 10 patients from a separate hospital and surgeons outside
the training set. For UI'V and LIV selection, accuracy within the top two predictions was used as a
classification performance metric, ensuring that other clinically relevant alternatives were

considered.

Results: The ANNML, which comprised 83 inputs and multiple hidden layers, led to significant
gains over ST-NN and proved more robust during the internal validation (loss 6.2 vs. 9.3; p<0.01).
It showed 82-95% and 80-100% accuracy for UI'V and LIV predictions and 70-90% accuracy for
predicting the rod curvatures +5°. The RMSE for the screw density and rod curvature predictions

was 0.2-0.3 and 3.7-5.6°, respectively.

Conclusion: An ANNML can better use the features of relevant AIS patients for mixed task
prediction pertinent to PSF surgery planning than ST-NN. In addition, ANNML was capable of
mimicking experienced spine surgeons’ decision-making process when designing the

instrumentation.

Keywords: Posterior spinal fusion (PSF), adolescent idiopathic scoliosis (AIS), deep learning,

artificial intelligence, preoperative planning, neural network multitask learning model
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4.2.2 Introduction

Idiopathic scoliosis is a pathologic curvature of the spine of unknown etiology associated with a
spinal deviation in the coronal plane with a Cobb angle greater than 10° in magnitude [1]. The most
common form in children is adolescent idiopathic scoliosis (AIS) and has a prevalence of up to 5%
between 10 and 18 years of age [2-4], The current gold standard for surgical management of AIS
cases is posterior spinal instrumentation and fusion (PSF) with pedicle screws. Although modern
pedicle screws facilitate spinal deformity correction, there is not a standardized approach regarding
surgical correction maneuvers, number of screws, and array of screws used for AIS cases. Thus,
there is heterogeneity of instrumentation strategies even among experienced surgeons, and a lack
of information regarding which approach produces optimal long-term results [5, 6]. While
guidelines such as the Lenke classification guide the surgical decision-making process of
preoperative PSF surgery planning for AIS patients [7, 8], suboptimal results have been reported
following surgery performed, and surgeons frequently deviate from Lenke -classification
recommendations [9]. Problems related to surgical instrumentation affect up to 4.5% of AIS cases [10].
These findings suggest a lack of standardization and the potential for improvement in preoperative
PSF deformity correction planning. Such efforts could decrease the risk of unfavorable

postoperative outcomes and achieve improved alignment in long-term outcomes.

In the past decades, different software allowing surgical simulations have increased in popularity for
preoperative planning in spine surgery. Machine learning (ML), a field of artificial intelligence (Al),
enables predictive modeling using large datasets, allowing for data-driven decision-making in
personalized surgical planning [11]. While ML-based models have been explored for outcome
prediction in AIS, no prior study has developed a neural network specifically designed to predict
instrumentation configurations for AIS patients. The successful development of Al-based planning
algorithms has the potential to significantly improve patient-specific AIS instrumentation
strategies. These models can provide decision support for less experienced surgeons, assisting them
in selecting optimal surgical parameters based on real-world clinical data. By integrating large-
scale clinical datasets into preoperative planning, Al-driven models can also reduce variability in
surgical strategies, addressing inconsistencies in instrumentation selection among surgeons.
Additionally, enhancing reproducibility and standardization in AIS surgery could lead to more

consistent and predictable patient outcomes.
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The aim of this study was to train and validate an artificial neural network-based multitask learning
model (NNML) using preoperative clinical and radiographic data to mimic the decision-making
process of experienced spine surgeons in selecting the upper and lower instrumented vertebrae
(UIV, L1V), the number of pedicle screws over the instrumented segment (screw density), and rod
contour used for the surgical correction of AIS deformity. While UIV, LIV, and rod contour were
modeled based on experienced decisions, screw density was predicted according to the randomized
allocation in the MIMO study dataset. By combining expert knowledge with Al-driven decision-
making, this NNML model could represent an important step toward Al-assisted, patient-specific
preoperative planning in AIS surgery, enhancing standardization and ultimately improving surgical

precision and long-term patient outcomes.

4.2.3 Materials and Methods

4.2.3.1 Workflow Overview

This study developed an NNML network to predict surgical instrumentation parameters (UIV, LIV,
screw density, and rod curvatures) using vertebrae corners' coordinates from coronal plane
radiographs, preoperative patient parameters, and postoperative spine alignment. Unlike traditional
models that perform one task at a time, this NNML model predicts multiple surgical parameters
simultaneously.  The methodology framework had three stages: network development,
performance comparison with single-task neural networks (ST-NN), and external testing on an
independent dataset (Figure 4.9 and Figure 4.10). The study included 189 patients, with 179 for
development and 10 for external testing (Figure 4.9A).

4.2.3.2 AIS Patient Sample and Data Collection

After institutional review board approval, a retrospective review was conducted on a multicenter
database of AIS patients from the MIMO Clinical Trial (NCT01792609) [12]. Patients were treated
by experienced spine surgeons from 14 high-volume hospitals. Inclusion criteria were patients aged

10—-18 years with AIS, Lenke 1A or 2A curve pattern, and a Cobb angle of 45°-65°, recommended
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for PSF surgery. Patients with mechanical failure of implants were excluded from the study. All

patients provided consent for the clinical trial and subsequent image analysis.

Demographic, radiographic, and surgical characteristics were collected from the trial's database
(Table 4.7). Cobb angle measurements were obtained for proximal thoracic (PT), main thoracic
(MT), and thoracolumbar/lumbar (TL/L) regions. Rod curvatures were reconstructed from
postoperative radiographs [13], and rod contouring was calculated as the difference between
convex and concave rods (differential bending). Postoperative spinal alignment was measured on
radiographs taken 3 months post-PSF surgery or up to 1 year if unavailable. Features used for the
NNML model are shown in Figure 4.10. Remaining variables described the study population. All

numerical features were standardized using the Min-Max normalization formula [14].

For model development, UIV, LIV, and rod curvature were determined based on the decision-
making of experienced spine surgeons. Screw density was based on the randomized allocation in
the MIMO study, where patients were assigned to either a high-density (>1.8 screws per level
fused) or low-density (<1.4 screws per level fused) group. However, within each assigned category,
the total number of implants and their distribution across instrumented levels were chosen at the

surgeon’s discretion.

4.2.3.3 Stage 1 - NNML Architecture and Development

The NNML model was designed with three main components: shared layers, task-specific output
layers (for regression and classification), and an optimization function. Shared layers extract
common patterns from the input data, while task-specific layers focus on individual predictions

(e.g., ULV, LIV, rod curvature, and screw density).

The model used Rectified Linear Unit (ReLU) activation functions for numerical predictions
(screw density, rod curvatures), and Softmax functions for categorical predictions for categorical
predictions (UIV, LIV). The Adam optimization algorithm was applied for learning. For regression
tasks, the Mean Squared Error (MSE) loss function was used, while classification predictions were
optimized using the multi-class cross-entropy (CE) loss function. A combined loss function was
used to balance the learning of multiple tasks. To prevent overfitting, the model was trained using

10-fold cross-validation, with random dropout and batch normalization applied to improve
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generalization [15]. A range of hyperparameters was tested using a grid search approach, and the
final model was selected based on validation performance. For comparison, five single-task neural
networks (ST-NN), each predicting only one surgical parameter, were developed using the same

architecture for direct performance comparison.

4.2.3.4 Stage 2 - Evaluation of the Models' Performances and Comparison Metrics

To assess model robustness, three different cross-validation strategies (10-fold, 5-fold, and 3-fold)
were used to test performance across multiple data splits. For each partition ran, the validation
subsets from the model development dataset were used to evaluate prediction performance using
common neural network metrics [11] presented in Appendix C — Article 2: Mathematical
Formulations and Loss Function Definitions. The final NNML model, which outperformed the ST-
NN models, was first evaluated on the internal test subset before undergoing external validation

(Stage 3).

Classification accuracy was assessed both for the highest-ranked prediction and within the top two
predictions. Accuracy within the top two predictions was used to evaluate whether the actual
surgical choice was among the model’s two highest-ranked outputs. This metric accounts for cases
where the model does not make an exact match but still provides a clinically reasonable alternative
that could closely aligns with the surgeon's final decision. Classification accuracy was calculated
for the highest and top two predictions. For regression tasks, accuracy was assessed with an
acceptable variation of +0.2 for screw density and £5° for rod curvatures. The number of vertebral

levels between predicted and actual UI'V and LIV was reported as median and range.

4.2.3.5 Stage 3 - External Testing of the Final Model Performances

To evaluate real-world performance, the final fully trained NNML model was tested on an
independent dataset that had never been used during training. This external dataset included
patients from a different hospital and surgeries performed by surgeons not involved in the training

phase. The same performance metrics as in Stage 2 were used.
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4.2.3.6 Statistical Analyses

Descriptive statistics characterized the study sample's demographic, radiographic, and surgical
parameters. Preoperative and postoperative radiographic parameters were compared using paired
t-tests. Model performance metrics were tested for normal distribution (Shapiro-Wilk) and
homogeneity of variance (Levene). One-way ANOVA and multivariate analysis for repeated
measures assessed differences between model development and external validation datasets and

the effect of multitask versus single-task models on predictions.

4.2.4 Results

4.2.4.1 Data Summary

Of the 915 patients screened, 637 were not eligible and 67 declined (Figure 4.11). From 211
patients with radiographs in the MIMO database, 189 (162 female, 27 male) operated by 22
surgeons were included. Of the 23 excluded, 21 had missing data, and 2 required revision surgery
for implant removal. Eight included patients (6.2%) required revision surgeries for seroma, wound

infection, or wound dehiscence but remained in the study.

The most frequent Lenke classification was type 1 (n=162, 85.7%) with a neutral thoracic modifier
(n=182, 96.3%) and the median Risser sign was 4 (range 0-5). Most patients underwent fusion of
10 vertebral levels (n=68, 36.0%) from T4 (n=86, 45.5%) to L1 (n=82, 43.4%). PSF was performed

in 114 cases (60.3%) using 5.5 mm diameter Cobalt Chrome rods.

Postoperatively, coronal deformities significantly improved (p<0.001 for all curves) with mean +
SD reductions of 64+18%, 71+13%, and 43+19% for PT, MT, and TL/L curves, respectively.
Comparing the model development dataset (n=179) to the external testing dataset (n=10), weight,
height, and proximal thoracic Cobb angle were significantly different (p=0.017, p=0.033, p=0.036).
Postoperative PT and MT Cobb angles were significantly greater in the external dataset (p=0.017,
p=0.020), associated with lower thoracic curve correction compared to the model development
dataset (72+13% vs 55+19%, p=0.026). Further details on the data summary are provided in

Appendix D — Article 2: Supplementary Cohort Data.
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4.2.4.2 Final NNML Architecture

The final NNML comprised 83 inputs and 5 outputs (Figure 4.10). Based on the hyperparameter
grid search results, a total of 3 hidden shared neurons with 3 and 4 hidden tasks specific neurons
for the classification and regression tasks, respectively, were the optimal parameters for the model.
The network was trained with a batch size of 4 for up to 250 epochs while monitoring the loss

function, halting the training process once the loss stopped improving and a dropout rate of 0.01.

4.2.4.3 Models' Performances during Cross-Validation Experiments

The multivariate analysis for the models robustness showed a statistically significant difference
between the cross-validations groups (10-fold, 5-fold, and 3-fold cross-validations) on the
combined categorical loss and accuracy measurements, F(4, 260)=2.8, p=0.026, Wilks' A=0.919
and the combined regression loss and error measurements, F(6, 404)=4.7, p <0.001, Wilks'
A=0.873. The pairwise comparisons indicate that a significant difference exists between the 10-
fold and 3-fold cross-validations' categorical loss values for the NNML model (p=0.014, Table
4.8) and the regression tasks' RMSE for the ST-NN models (p=0.010, Table 4.9). Nevertheless,
both models were robust, with fairly competitive classification and regression performances even

with fewer data resources for training.

The multivariate analysis for the models' performances showed a strong statistical difference in the
combined performance metrics between the NNML and ST-NN models, with the NNML model
performing significantly better, F(24, 260)=146.9, p <0.001, Wilks' A=0.010. The lower overall
loss for all tasks combined obtained by the NNML compared to ST-NN (p <0.001) also suggests
better generalization capacities of NNML to new patients' data. The pairwise comparisons of the
classification and regression results obtained after the cross-validation for the training and internal
testing datasets from the NNML and compared with the ST-NN models are presented in Figure
4.12.

4.2.4.4 Final Model Performances and External Testing

Based on the comparisons from the last sections, we established that the general performances of
the NNML model outperformed the ST-NN regardless of the training and validation dataset splits

and was, therefore, retained. Table 4.10 summarizes the performance of the final NNML model
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developed over the test subset from the model development dataset (internal testing, Stage 2) and
external performance testing dataset (Stage 3). Accuracy of categorical predictions was reached in
82% and 86% of patients during internal testing and 70% and 80% during external testing for UIV
and LIV, respectively. Accuracy increased to 95%, 80%, 97%, and 100% when the accuracy within
the 2 best model predictions was calculated for UIV and LIV, respectively. The median number of
vertebral levels between the predicted and actual UIV and LIV was 0 and ranged from -3 to 2 and
-2 to 2 levels, respectively. When different than the ground truth, most of the model predictions
were within 1 vertebral level of the actual surgery performed, as shown in the confusion matrices

in Figure 2.13A.

Screw density prediction showed the lowest accuracy across all tasks, with the scatter plot depicting
the relationship between the model predictions and the actual surgery performed showing an
overall absence of a discernible linear or monotonic pattern across the entire range of predictions
(Figure 2.13B). Contrarywise, the model consistently approximated the rod's curvature ground
truth values with a high degree of accuracy that reached 90% and 88% of cases during internal
testing and 70% and 80% during external testing for the concave and differential rod curvatures,
respectively. The relatively tight clustering of data points within a +5° corridor of acceptable
variation seen on the scatter plots depicting the rod curvatures predictions suggests a strong linear
relationship between the model's predictions and the actual ground truth, indicating that the model
reliably captures the underlying patterns in the rod data (Figure 2.13B). Examples of the fully

trained final model's prediction performances on clinical cases are shown in Figure 2.14.

4.2.5 Discussion

This study presents a neural network-based multitask learning model using preoperative clinical
and radiographic data to predict key surgical instrumentation parameters for AIS correction. The
NNML approach showed increased reliability compared to multiple single-task neural networks
and demonstrated good to high accuracy in identifying the upper and lower instrumented vertebrae
and rod curvatures. One of the key clinical implications of this model is its potential use as a
decision-support tool for surgeons, particularly those with less experience in complex spinal

instrumentation planning. AIS surgery requires balancing multiple competing factors and this
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model could assist in surgical decision-making by integrating multiple parameters simultaneously,
providing data-driven recommendations based on real-world surgical outcomes. Moreover, the
ability to standardize preoperative planning through Al-based models could help reduce variability
between surgeons, leading to more reproducible surgical outcomes. By leveraging Al, the model
may enhance preoperative decision-making, allowing for greater consistency in patient-specific
instrumentation strategies. Future refinements and validation on larger, diverse datasets are
necessary before clinical application, but this study represents an important first step toward Al-

assisted preoperative planning in AIS surgery.

4.2.5.1 Multitask versus Single-Learning Models

Multitask learning models aim to learn multiple tasks simultaneously. Initially, it was hypothesized
that multitask learning models could outperform single-task models based on the observation that
humans usually learn clusters of related tasks instead of isolated ones [16]. This study indicates
that an NNML model can significantly outperform ST-NN models for predicting surgical
instrumentation parameters for AIS correction. The proposed NNML architecture's ability to allow
parameter sharing across tasks improved the model's predictions, suggesting that predicting
multiple related surgical instrumentation parameters allowed the model to exploit correlations.
Similar findings showed that multitask learning models are superior to single-task learning models

in health applications [17, 18].

4.2.5.2 UlV and L1V Prediction Accuracy

Our model demonstrated high accuracy for LIV prediction (80% to 100%), but more discordance
existed between model predictions and surgeons' decisions regarding UIV, with a UIV selection
accuracy of 70% to 80%. The surgeons' decisions for UIV and LIV selection are usually based on
much more data than the model's inputs. One possible reason for lower UIV accuracy is the
exclusion of parameters usually considered by the surgeon, such as radiographic and clinical
shoulder imbalance [19]. Adding these parameters might improve UIV prediction accuracy.
Instrumentation strategies vary among surgeons, meaning differences between model predictions
and surgical decisions may reflect variability in experienced surgeons’ decision-making process

rather than actual model errors. The accuracy metric for UIV and LIV selection in this study was
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based on a tolerance of +1 vertebral level, meaning the model was considered correct if its top
prediction differed by one level from the actual surgical choice. While this approach accounts for
clinically relevant alternatives, it remains uncertain whether an adjacent vertebral level is always
an optimal or functionally equivalent choice. Further validation studies is needed to assess whether
the UIV and LIV selected by the model for each patients can produce comparable postoperative

outcomes or impact spinal alignment.

4.2.5.3 Rod Curvatures and Limitations in the Developed Model

Managing spinal contour and balance in the sagittal plane is crucial for AIS patients, who typically
have a hypokyphotic thoracic spine [20]. Since rod curvatures significantly influence postoperative
thoracic kyphosis, rods are bent with a curved profile representative of the desired sagittal contour
and a straight profile in the coronal plane to correct scoliotic deformities [21]. The model predicted
concave and differential rod curvatures with a difference of less than 5° compared to postoperative
rod curvatures. While biomechanical studies show that larger alterations in differential rod
contouring affect 3D deformity correction [22, 23], the clinical significance of a 5° difference in
rod curvature is likely clinically irrelevant. Nevertheless, the model currently predicts
postoperative rod curvatures based on available data. The curvature of rods needed before insertion
could be estimated by adding 16 to 20° to the predicted concave rod curvature due to elasto-plastic

deformation and spine flexibility [21, 24].

4.2.5.4 External Validation on an External Dataset

External validation on an independent dataset gave some certainty on the model's ability to generalize
well on new data and avoid overfitting. The model performed slightly better on the internal test subset
compared to the external performance testing dataset, but the difference remained relatively small,
suggesting good generalizability. In addition, the model performed well on the external dataset despite
different population characteristics, such as preoperative weight, height, and proximal thoracic curve,
suggesting its robustness. A model trained on one population and effective on another with different
characteristics supports its transferability, reducing the need for extensive data retraining model in every

new patient population or setting.
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4.2.5.5 Screw Density and its Role in the Model

Unlike UIV, LIV, and rod curvature, which were based on the decision-making of experienced spine
surgeons, screw density in this study was determined by the randomized allocation of patients in the
MIMO study rather than surgeon preference. The MIMO trial assigned patients to either a high-density
(HD, >1.8 screws per level fused) or low-density (LD, <1.4 screws per level fused) group. However,
within each assigned category, surgeons still had discretion in the total number and distribution of
implants across the instrumented levels. While this dataset structure allowed the model to learn from
real-world variations in instrumentation, it does not necessarily reflect surgeon-driven decision-making
for screw placement. Future studies incorporating datasets where screw density is determined solely by
experienced surgeons’ decisions could enhance the model's ability to capture surgeon-driven planning

nuances.

4.2.5.6 Limitations

The dataset was from the MIMO clinical trial, where screw density was assigned by randomization
into high- and low-density groups rather than reflecting individual surgeon preference. Although
surgeons determined the total number and distribution of screws within each density category, this
structure does not fully capture surgeon-driven decision-making regarding implant density. Future
work using datasets where screw density is solely determined by experienced surgeon planning
could improve the model's ability to mimic real-world surgical decision-making. Additionally, the
sample size of 189 patients for model development was based on previous studies [25]. Expanding
the dataset to larger, more diverse patient populations could help refine the model’s algorithm and
improve its generalizability. Additionally, incorporating datasets from non-randomized clinical
settings would enhance model robustness and applicability across different surgical strategies. The
medium-sized sample and relatively complex model could have affected performance. Since
surgical instrumentation was based on human decisions, we cannot rule out suboptimal strategies.
The model does not incorporate preoperative flexibility of the scoliotic spine, a key aspect in

surgical planning [26]. Incorporating this parameter could improve prediction accuracy.
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4.2.6 Conclusion

This study developed an accurate, externally validated NNML model that mimics experienced
surgeons' decision-making in selecting instrumented vertebrae, pedicle screws, and rod curvatures
for AIS patients. The proposed model is a first step in providing spine surgeons with a more
comprehensive identification of patient-specific instrumentation strategies to achieve reproducible
AIS outcomes. This study is original in using an artificial neural network-based multitask learning
model to predict surgical instrumentation elements and deep learning for preoperative planning of
PSF instrumentation. The NNML model can serve as a foundation for future tools to improve AIS

and spinal surgery.
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4.2.8 Tables

Table 4.7 Table Summary of Data Collected from Dataset

Demographic and clinical - Height
data - Weight
- Age
Radiographic - Vertebral corner localization

- Lenke classification

- Cobb angle measurements (PT, MT, TL/L)
- Upper and lower vertebrae

- Stable vertebrae

- Thoracic kyphosis (T2-T12)

- Risser sign

Surgical - Upper instrumented vertebra

- Lower instrumented vertebra

- Screw density

- Rod curvatures (concave side and concave/convex
side differential bending)

- Type of screws and rods used

Postoperative spinal - Cobb angle measurements (PT, MT, TL/L)
alignment - Thoracic kyphosis (T2-T12)
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Table 4.8 Loss and Accuracy Measure Comparison for the Classification Tasks Between Training
and Validation Using the Neural Network-Based Multitask Learning (NNML) and Single-Task
Neural Network (ST-NN) Models

Performance metrics' mean and standard deviation (Std dev) of both models were calculated over
3 experiments: 10-fold, 5-fold, and 3-fold cross-validations subsets. * indicates a significant
difference between the models with p<0.05

Training Validation
NNML ST-NN NNML ST-NN
iy Std Std Std Std
Validation Split | Metrics Mean |dev | Mean |dev |Mean |dev | Mean | dev
Experiment 1: | Loss 0.28 | 0.06 0321 0.05| 0.52*| 0.17| 049 0.21
90/10 Accuracy 0.95 ] 0.03 0.86| 008 081 0.05| 0.79] 0.06
Experiment 2: | Loss 0.35] 0.04 038 0.06| 0.58| 0.08| 047 | 0.11
80/20 Accuracy 0.94 | 0.02 0901 0.06| 079 0.02| 0.79] 0.06
Experiment 3: | Loss 0.28 | 0.03 0.31 ] 0.05| 0.77*| 030 | 0.50| 0.23
70/30 Accuracy 0.95 ] 0.02 0931003 077] 0.04] 0.75| 0.03
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Table 4.9 Loss and Errors Comparison for the Regression Tasks Between Training and
Validation Using the Neural Network-Based Multitask Learning (NNML) and Single-Task
Neural Network (ST-NN) Models

Performance metrics' mean and standard deviation (Std dev) of both models were calculated over
3 experiments: 10-fold, 5-fold, and 3-fold cross-validations subsets. * indicates a significant
difference between the models with p<0.05

Training Validation

NNML ST-NN NNML ST-NN

Uitz Mea | Std Std Std Std

Validation Split | Metrics | n dev | Mean | dev Mean | dev | Mean | dev
Experiment 1: | Loss 1.44 ] 0.90 227 170 197] 1.29 2.64 1.87
Sl RMSE | 1.69| 1.11| 3.02| 224 278 183| 3.58%| 248
MAE 1.12] 072 2.14| 167 197 129| 264| 187
Experiment 2: | Loss 158 ] 098] 268| 213| 210| 135| 293| 215
SO0 RMSE | 1.84| 1.16] 333| 2.65| 3.00| 197| 3.98| 283
MAE 122] 075 242| 204| 210 135| 293| 215
Experiment 3: | Loss 151] 093] 282| 204| 221 141] 321| 215
el RMSE | 190| 1.19]| 3.63| 255| 3.17]| 205| 7.10¢| 121
MAE 128] 079 2.62| 191 221 141] 321| 215
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Table 4.10 Performance Measures of the Final Fully Trained Neural Network-Based Multitask
Learning (NNML) Applied over 2 Independent Datasets

Performance metrics of the trained and optimized model developed were calculated over the test
subset from the model development dataset (internal testing; n=36 patients) and external

performance testing on the independent dataset (n=10 patients).

Model Model
Development — | Performance —
Internal External
Testing Testing

Upper instrumented | Accuracy 0.82 0.70
vertebra (UILV) Accuracy within 2 best 0.95 0.80

predictions

Precision 0.86 0.62

F1-score 0.85 0.51
Lower instrumented | Accuracy 0.86 0.80
vertebra (LIV) Accuracy within 2 best 0.97 1.00

predictions

Precision 0.88 0.75

F1-score 0.88 0.75
Screw Density Accuracy 0.2 0.59 0.40

Root means square error 0.24 0.30

(RMSE)

mean absolute error (MAE) 0.20 0.24

mean absolute percentage 13.12 15.00

error (MAPE)

explained variance (EV) 0.21 -0.15
Concave Rod Curvature | Accuracy +5° 0.90 0.70

RMSE 3.81 5.57

MAE 2.60 4.35

MAPE 17.55 20.72

EV 0.71 -0.13
Differential Rod | Accuracy £5° 0.88 0.80
Curvature Root mean square error 3.69 5.60

(RMSE)

mean absolute error (MAE) 2.57 4.33

mean absolute percentage 57.48 45.42

error (MAPE)

explained variance (EV) 0.74 0.34
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4.2.9 Figures

Figure 4.9 Overview of the Study Methodology

A) Flowchart of the study dataset assignment detailing the number of patients included and stratified into the 2 study sub-groups: model

development, including the training and testing dataset settings and external performance testing, kept completely independent from
model development.

B) Workflow of the research framework depicting the 3 main sequential stages from neural network-based multitask learning model
(NNML) development to external performance testing of the final NNML network on a real-life dataset.
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Figure 4.10 Neural Network-Based Multitask Learning Model using Preoperative Clinical And
Radiographic Data from AIS Patients for PSF Surgical Instrumentation Prediction

The developed conceptual model comprises 77 inputs with shared and task-specific layers
constructed to simultaneously give all 5 outputs from the two task types (regression and
classification) using only one model with shared features by optimizing task-specific functions in
one step.
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Figure 4.11 Study Enrollment and Treatment of the Patients

Between February 2013 and August 2017, a total of 915 patients were screened. Of those, 211
patients were eligible, consented, and underwent randomization and were included in the intention-
to-treat population. There was no significant difference in loss to follow-up between the groups.
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Figure 4.12 Performance Metrics Comparison Between Training and Testing Obtained during
Model Development Stages (N=179 Patients) using the Neural Network-Based Multitask
Learning (NNML) and Single-Task Neural Network (ST-NN) Models

Performance metrics of both models were calculated over all folds (n=17 folds) from 3
experiments: 10-fold, 5-fold, and 3-fold cross-validations subsets. The training results (grey) were
obtained during the training process using the validation subsets (8%, 16%, or 24% of model
development dataset based on the experiment) and testing results (pink) using the internal testing
subset (20% of the model development dataset).

In the box plots, the box's middle line indicates the mean, the box's boundaries are the 25th and
75th percentiles, and the whiskers are the 10th and 90th percentiles.

* Different superscript within the same metric indicates a significant difference between the models
with p<0.05
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Figure 4.13 Final Classification And Regression Performances of the Fully Trained Neural
Network-Based Multitask Learning (NNML) Applied over two Independent Datasets

(A) Classification results: Confusion matrices for the upper (UIV, A.1) and lower (LIV, A.2)
instrumented vertebrae, calculated over the test subset from the model development dataset
(internal testing; pink, n=36 patients) and external performance testing on the independent dataset
(blue; n=10 patients), a dataset never seen by the model before this stage to represent real-life
performance. The target class was obtained from the ground truth (actual surgery performed; y-
axis) and the output class (x-axis) by the trained and optimized model. Numbers in the square charts
represent incidence, with the shade of color indicating the relative abundances of the corresponding
vertebrae in each dataset.

(B) Regression results: Scatter plots showing the relationship between the target and output values
over the test subset from the model development dataset (internal testing; black circles, n=36
patients) and external performance testing on the independent dataset (blue squares; n=10 patients).
The target values were obtained from the ground truth (actual surgery performed; y-axis), and the
output values (x-axis) from the trained and optimized model. The pink line indicates perfect
agreement, and the shaded corridors indicate variation from the ground truth considered acceptable
(0.2 and £5° for screw density and rod curvatures, respectively).
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Figure 4.14 Examples of Pre- And Postoperative Radiographic Images and Instrumentation
Predictions Obtained from the Fully Trained Neural Network-Based Multitask Learning (NNML)

The 2 clinical cases were part of the external performance testing on the independent dataset to
represent the real-life performances and selected as examples for the "best" (A) and "worst" (B)
case scenarios of agreement between the model's predictions and the ground truth (actual surgery
performed).
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4.3 Complementary Methodological Aspects

This section complements the methodological description in Article 2 by detailing
foundational components of the neural network architecture used in our NNML model for PSF
planning in AIS. While Article 2 emphasized high-level architecture and clinical outcomes, the
following subsections describe the architectural components, activation functions, loss functions,
and learning algorithms underpinning the network’s performance. These components are further
illustrated and summarized in Appendix E — Article 2: NNML Model Architecture. In addition,
Appendix C provides a comprehensive list of all equations used in this section, and Appendix D
contains supplementary graphical representations of the AIS patient population included in the

NNML development phase but not shown in the final manuscript.

4.3.1.1 Architecture of the Neural Network Used

The NNML developed in this study integrates two key types of artificial neural networks:
Multilayer Perceptrons (MLP) and Recurrent Neural Networks (RNN), specifically Long Short-
Term Memory (LSTM) units. These were strategically combined to support multimodal input
processing and the simultaneous prediction of multiple surgical parameters, including UIV and
LIV, rod curvatures, and screw density (see Appendix E for more detailed topographic information
on the final architecture). This hybrid architecture was selected to combine the strength of MLP in
handling heterogeneous tabular data with the ability of LSTM to capture spatial dependencies along

the vertebral column, an inherently ordered anatomical structure.
Multilayer Perceptrons

MLP forms the computational backbone of the shared and task-specific branches in our NNML
model. MLPs are a class of feedforward artificial neural networks composed of multiple layers of
interconnected artificial neurons. Each neuron computes a weighted sum of its inputs, adds a bias
term, and passes the result through a non-linear activation function, enabling the network to learn
complex, non-linear relationships between inputs and outputs. MLPs were chosen for their
effectiveness in handling structured data and non-linear relationships, such as those present
between clinical variables (e.g., Cobb angle, age) and surgical decisions regarding the

instrumentation. Their simplicity and adaptability made them ideal for the shared and task-specific
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branches of our multitask model. As shown in Figure 4.15A, the MLP component propagates input
signals forward and updates weights using backpropagation during training, forming the

foundation of hierarchical feature learning in our model.

In our model, fully connected MLP layers were used to process both numerical and categorical
data derived from standardized clinical and radiographic parameters, such as Cobb angles and
patient demographics. The input layer receives the feature vector X = {x;, x,,...,x,}. Each
hidden layer performs a series of transformations using learned weights and biases, followed by an
activation function. The final output layer produces predictions Y = {y;, v,...,Vm},
corresponding to either categorical variables (UI'V and LIV) or continuous variables (rod curvature
and screw density). The total number of trainable parameters in an MLP depends on its architecture
and can be estimated as follows [240]:

N-1

n-h1+th-hk+1+hN-m
k=1

where n is the number of inputs, h; is the number of neurons in the hj-th hidden layer, and m is
the number of output neurons. As this expression indicates, network complexity and training time

grow substantially with increasing depth and layer width.

In our final optimized NNML architecture, the MLP components included 37,050 total parameters,
of which 37,047 were trainable. These were distributed across shared dense layers and task-specific
branches, which were responsible for regression and classification outputs. The remaining 3 non-
trainable parameters stemmed from the normalization layer applied before the first dense layer.
This configuration provided sufficient learning capacity while preserving model tractability and

avoiding overfitting.
Recurrent Neural Networks

To model the sequential and spatial organization of the spine, we incorporated a RNN layer,
specifically a LSTM unit, at the input stage of our NNML model. This LSTM layer processed the
ordered sequence of 68 vertebral coordinates (X, y), allowing the network to recognize spatial
patterns along the spine. Unlike MLPs, which treat each input independently, RNNs retain memory

of previous inputs, making them especially effective for data with a natural order [241], such as



134

vertebral landmarks. Each LSTM unit employs gating mechanisms (input, forget, and output) to
determine which information to retain or discard at each time step. These mechanisms enable the
network to learn how individual vertebrae interact with one another across the spine. The output
sequence from the LSTM layer was concatenated with patient-specific clinical and radiographic

features, then passed into downstream dense layers.

As shown in Figure 4.15B, this recurrent structure allows each output to be fed into the next time
step, effectively learning ordered anatomical dependencies not captured by standard MLPs. The
LSTM unit was chosen explicitly over basic RNNs due to its superior ability to retain long-term
dependencies and avoid vanishing gradient problems, which are important when modeling
relationships along the entire spine. This architectural choice ensured that spatial patterns among
vertebral coordinates could be learned efficiently, improving the prediction of location-based
decisions such as UIV and LIV. To our knowledge, this is the first time a RNN has been applied

to capture vertebral patterns for surgical planning or any other type of prediction.

Figure 4.15 General Architectures of the Neural Networks used in Article 2

A) Structure of a single hidden-layer MLP, highlighting the feedforward and backpropagation
steps. B) Recurrent Neural Network (RNN) for sequential data.
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4.3.1.2 Perceptron and Activation Function

Neurons in the NNML perform calculations based on a perceptron model. A perceptron computes
a weighted sum of its inputs and applies an activation function. In the classical case, this output is

binary: 1 if the sum exceeds a threshold, 0 otherwise (Figure 4.16).

Weighted sum
1,lf Ziwixl- -T>0
y = Threshold
Threshold

0, otherwise

Figure 4.16 Perceptron Neuron Model and Threshold Logic

Perceptron neuron model illustrating the basic structure and functioning (left) and threshold logic
demonstrating the activation function based on input summation (right).

Rectified Linear Unit for Shared and Numerical Layers

Rectified Linear Unit (ReLU) was used for all hidden layers in the shared and regression pathways.

It is defined as:
R(z) = max(0, z)

where z represents the input to the ReL.U (R) function. This simple function outputs the input value
directly if it is positive and zero otherwise (Figure 4.17). ReLU introduces nonlinearity while being
computationally efficient, reducing training time and helping to avoid overfitting compared to
sigmoid or tanh activations. It also generally performs well without extensive tuning [242]. ReLU
was selected because it accelerates convergence during training, helps mitigate vanishing gradient
issues, and has demonstrated better empirical performance in DL models for both medical and non-

medical applications [242].
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Figure 4.17 Graphical Representation of the ReLU Function.

This figure shows the ReLU function used in both shared and numerical prediction layers,
illustrating its behavior and impact on neural network activation.

Softmax for Categorical Layers

Softmax was used in output layers for categorical classification (UIV and LIV). It converts a raw
score vector into a probability distribution:
Zq
0@ = 5o

where z is the input vector to the Softmax function and a is an index that specifies the input vector's
element. In addition, ¢* is the exponential of the input z for class a, and the denominator is the sum
of the exponentials of the inputs for all classes in the dataset (Figure 4.18). This ensures that
probabilities for all classes sum to 1. The class with the highest probability becomes the prediction.
In our model, each neuron corresponded to a vertebral level. Softmax was selected because it is the
standard activation function for multi-class classification problems, such as predicting UIV and

LIV, where each vertebral level corresponds to a discrete class [243].
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Figure 4.18 Graphical Representation of the Softmax Function.

This figure shows the Softmax function used in categorical prediction layers, illustrating its
behavior and impact on neural network activation.

4.3.1.3 Loss Functions

The NNML model used task-specific loss functions to optimize prediction performance across both

regression and classification tasks.
Mean Squared Error

For regression outputs, namely screw density and rod curvature predictions, the model employed

the Mean Squared Error (MSE) loss function. MSE is calculated as:

N
1
M”:NZW‘WZ
i=

where N is the number of data points in the dataset, yi and j; are the actual (true) and predicted

values for each data point, respectively. In addition, z N | represents the mean operator for all
N

N data points in the dataset. This function penalizes large errors more heavily than small ones,
making it particularly suitable when minimizing the impact of outliers is critical [219]. MSE is
widely used in regression tasks due to its stability and differentiability, which are essential for
gradient-based learning. MSE was chosen for rod curvature and screw density tasks due to its
sensitivity to larger deviations, ensuring accurate modeling of continuous surgical parameters for

promoting realistic predictions.
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Categorical Cross-Entropy

For classification tasks, specifically the prediction of UIV and LIV instrumented vertebrae, the

model used categorical cross-entropy (CE) loss, defined as:

N
1
CE = N Zlyi log(®;)
i=

Where N is the number of data points in the dataset, y; is the actual (true) value in a one-hot encoded

vector format for each data point, and J; is the predicted probability distribution for each data point.

In addition, -% N | represents the negative mean operator applied over the log probabilities for

all N data points in the dataset. CE quantifies the distance between the predicted and actual (true)
distributions, penalizing incorrect classifications with high confidence. Only one correct class is
assumed per data point, and the loss encourages the network to assign high probability to this true
class. CE was chosen as it is the standard loss for classification problems where outputs represent

mutually exclusive classes, such as UI'V and LIV.
Combined Loss Function

To enable simultaneous optimization across all tasks, a combined loss function was constructed by

weighting the loss contributions from each task. This multi-objective formulation is written as:
T
Lot = ) B(MSE,) +a(CE)
t

where T is the total number of data points for which the loss is being calculated, t is the total number
of tasks, B and a are weighting coefficients (hyperparameters) for the MSE and CE loss
components, respectively. MSE; is the Mean Squared Error loss for the t-th task, and CE; is the
cross-entropy for the t-th task. In addition, Y7 represents the summation over all tasks and data
points. The weighting coefficients for the classification () and the regression (a) loss functions
are hyperparameters that control the relative influence of each task during training. They were
optimized during model development to balance task performance and minimize overfitting [244].

The weighting of the combined loss terms was selected to ensure that no task dominated the
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learning process. This design choice was necessary because multitask learning can otherwise suffer

from task imbalance, leading to poor generalization on one or more outputs.

4.3.1.4 Backpropagation

Backpropagation is the core learning algorithm used to update model weights. It computes the
gradient of the loss function with respect to each weight in the network via the chain rule, allowing

for efficient parameter updates using gradient descent.
Each iteration involves:
e Forward pass: Computing the output of the network given current weights.

o Loss computation: Calculating the error between prediction and ground truth using MSE

or CE.
e Gradient computation: Deriving partial derivatives of the loss with respect to weights.
o Weight update: Adjusting weights using the learning rate and gradient.

In our model, ReLU and Softmax were chosen for their differentiability, which is essential for this
process. The optimization algorithm used was Adaptive Moment Estimation (Adam), which adjusts
learning rates per parameter. Adam is computationally efficient, typically converges faster than
classical Stochastic Gradient Descent, and performs well without extensive hyperparameter tuning

[245].

The model was implemented in Python 3.9.13 using TensorFlow 2.10.0, developed by Google
Brain, and distributed via Anaconda, Inc. The Adam optimizer used corresponds to TensorFlow's
built-in implementation (tf.keras.optimizers.Adam) and includes advanced features such as
adaptive learning rates and weight decay. The training and optimization of the developed NNML
model were based on 10-fold cross-validation [246]. The validation dataset was divided into 10
folds: 9 folds for training and the remaining 1-fold for validation. The final error was estimated by
averaging the errors committed in each fold [246]. A random dropout technique and batch
normalization were used as a regularization method during the network training process to reduce

overfitting [247].
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The Adam optimizer was chosen for its computational efficiency, adaptive learning rate
adjustment, and lower sensitivity to initial hyperparameter settings, which made it ideal for training
a complex model with multiple loss functions. A 10-fold cross-validation was used to ensure robust
model evaluation and avoid performance inflation due to random data splits, particularly in
medium-sized datasets. Random dropout and batch normalization were implemented as
regularization techniques to reduce overfitting and improve generalization, based on their well-

documented success in DL applications [246, 247].
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CHAPTER 5 HYBRID NUMERICAL MODEL COMBINING
ARTIFICIAL INTELLIGENCE AND DETERMINISTIC MODELING

5.1 ARTICLE 3: Al-Derived vs. Surgeon-Performed Instrumentation in

Adolescent Idiopathic Scoliosis: A Biomechanical Simulation Analysis

To address Sub-objective 2 (SO2), this study developed and evaluated a novel
methodological approach that combines data-informed surgical planning with patient-specific
deterministic biomechanical simulations for PSF surgery in AIS. While previous work has
proposed predictive tools for instrumentation planning, this is the first study to assess their
biomechanical performance in individual patients using validated multibody models. The primary
contribution lies in integrating planning strategies derived from clinical data with detailed
biomechanical evaluation, offering a framework to support surgical decision-making. By
comparing predicted and surgeon-performed instrumentation strategies, the study demonstrates the
feasibility of a hybrid planning method that enables patient-specific construct selection and sets the

stage for future optimization using simulation.

The resulting article, titled “Al-Derived vs. Surgeon-Performed Instrumentation in Adolescent
Idiopathic Scoliosis: A Biomechanical Simulation Analysis”, was submitted to Spine Deformity in
September 2025. The first author’s contribution to the study design, simulations, data analysis, and

manuscript preparation is estimated at over 80%.

Article 3: Constant, C., Larson, A.N., Polly, D.W. et al. AI-Derived vs. Surgeon-Performed

Instrumentation in Adolescent Idiopathic Scoliosis: A Biomechanical Simulation Analysis.

Highlights
First biomechanical evaluation of Al-derived vs. surgeon-performed instrumentation in AIS

Al-derived plans achieved comparable overall 3D correction to surgeons, with better restoration of thoracic
kyphosis. Surgeon plans provided slightly greater coronal Cobb correction (~3—4°).

Al strategies consistently used fewer screws and shorter fusion constructs without increasing implant loads.

“Best Al configurations matched or exceeded surgeons’ correction scores in 77% of patients.
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5.1.1 Abstract

Background Context: Posterior spinal fusion (PSF) using pedicle screws is the standard approach

for managing adolescent idiopathic scoliosis (AIS) with curves >45°, yet significant variability in
instrumentation strategies among surgeons persists. Current planning guidelines lack patient-
specific detail and 3D optimization, contributing to inconsistent outcomes. Recent advances in

artificial intelligence (AI) offer new opportunities for enhancing surgical planning.

Purpose: To biomechanically evaluate the 3D spinal correction and forces experienced by spinal
implants of Al-derived instrumentation plans compared to surgeon-performed instrumentations in

AIS patients undergoing PSF.

Study design: Biomechanical Modeling and Evaluation of Al-Generated vs. Surgeon-Selected

Instrumentation Strategies in Adolescent Idiopathic Scoliosis.

Patient Sample: Thirty-five AIS patients (Lenke 1/2, aged 12—-19) treated surgically by PSF, with
data sourced from the MIMO Clinical Trial and affiliated hospitals.

Outcome Measures: Main thoracic (MT) Cobb angle, thoracic kyphosis (TK), apical vertebral

rotation (AVR), simulated screw pullout forces, number of screws, and levels fused.

Methods: Patient-specific 3D biomechanical models of the spine were reconstructed from
preoperative radiographs using validated geometric algorithms and multibody dynamics in MSC
Adams. For each patient, nine instrumentation strategies, based on Al predictions (Al-generated)
or surgical records (Surgeon-Performed), were simulated using consistent surgical steps.
Instrumentation biomechanics and spinal corrections were analyzed across configurations, with

statistical comparisons using repeated-measures ANOVA and Friedman tests.

Results: Surgeon-performed instrumentation patterns achieved greater Cobb angle correction (p <
.001) but required more screws and fused levels. Al-generated plans produced higher thoracic
kyphosis (p =.008) and matched or exceeded overall correction in 77% of patients when optimized.
“Best AI” strategies reduced screw count (p = .048) without compromising simulated correction

quality or increasing implant loads.

Conclusions/ clinical significance: Biomechanical modeling of Al-derived surgical plans

demonstrates their potential to achieve competitive 3D deformity correction with fewer implants.
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These findings support the integration of Al and personalized 3D modeling into preoperative

planning for AIS.

keywords: spine, posterior spinal fusion, adolescent idiopathic scoliosis, surgery, clinical care,

artificial intelligence, machine learning, deep learning, modeling, 3D, multi-body model

5.1.2 Introduction

The current standard approach for the surgical management of adolescent idiopathic scoliosis (AIS)
cases with curves greater than 45° to 50° is posterior spinal instrumentation and fusion (PSF) using
pedicle screws [1-4]. The primary goal of this surgery is to achieve a balanced and corrected spine
in the three anatomical planes, tailored to the unique characteristics of each patient's curve, while
minimizing the number of levels fused. Pedicle screws, considered the state-of-the-art
instrumentation constructs, play a critical role in facilitating spinal deformity correction [5-7].
However, no standardized approach exists regarding the optimal number and configuration of
screws in AIS cases. Significant variability in instrumentation strategies among expert surgeons
persists, and there is limited evidence on which approach yields the best long-term outcomes [8-
10]. High-density constructs are frequently considered standard of care despite evidence to the

contrary [11].

Preoperative planning for PSF surgery in AIS patients is often guided by the Lenke classification
system [12, 13]. However, even with these guidelines, suboptimal outcomes have been reported,
and surgeons frequently deviate from Lenke recommendations [1, 14-18]. Moreover, key factors
such as rod contouring and screw density, which are crucial for postoperative spinal alignment, are
not addressed by current treatment algorithms [19-21]. Complications with surgical
instrumentation have been reported in up to 4.5% of AIS cases [22-25]. Considerable variability in
strategies among experts[9, 10] highlights the need for standardization and improvement in
preoperative planning for PSF deformity correction. In recent years, surgical simulation software
has gained popularity for spine surgery planning[26, 27], but these tools are rarely used for AIS

patients and typically rely on 2D determinants, which are more suited for degenerative conditions
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than for the complex 3D deformities characteristic of AIS [28]. Additionally, these tools are often

limited in their scope, focusing primarily on rod contour and length [28].

Machine learning, a subset of artificial intelligence (Al), offers promising potential in enhancing
care for AIS patients by assisting in patient-specific implant planning. Recently, a neural network-
based multi-task learning model (NNML) was developed to leverage preoperative clinical and
radiographic data to mimic expert surgeons' decision-making in selecting the upper and lower
instrumented vertebrae (UIV, LIV), determining screw density, and shaping of rod contour for
surgical correction of AIS deformities [29]. The NNML was trained and validated on data from
179 AIS patients with Lenke 1A and 2A curves (45-65°), followed by external validation on 10
patients from different hospitals and surgeons. The model, with 83 input features and multiple
hidden layers, demonstrated robust performance: 82-95% and 80-100% accuracy for UIV and LIV
predictions, 70-90% accuracy for rod curvatures within £5°, and RMSE values of 0.2-0.3 for screw
density and 3.7-5.6° for rod curvature. These promising results suggest that the model could
enhance PSF planning by replicating expert surgeons' decision-making using patient-specific data,
despite being a feasibility study. However, the biomechanical performance of the instrumentation
parameters predicted by the NNML for individual patients remains unexamined, raising
uncertainty about whether these predictions could improve 3D scoliosis correction or potentially

introduce new risks.

This study aims to biomechanically evaluate 3D spinal correction and mechanical loads imposed
on spinal instrumentation from Al-generated surgical instrumentation plans based on this NNML

model, and compare them to the actual instrumentation strategy chosen by surgeons.

5.1.3 Materials and Methods

5.1.3.1 Workflow Overview

In this study, a validated numerical deterministic biomechanical modeling[30, 31] was used to
assess the performance of surgical instrumentation strategies for 35 AIS patients (Figure 5.1), from
two approaches: 1) Al-derived configurations were obtained using a trained and validated NNML
to predict UIV, LIV, screw density, and rod curvatures[29], 2) Surgeon-derived configurations

represented the actual surgeries performed. For each patient, a multibody biomechanical model
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was created using 3D coordinates of key spinal and pelvic landmarks, and flexibility films.
Instrumentation simulations kept all parameters consistent, except for UIV, LIV, screw density,

and rod curvatures, which varied between Al and surgeon strategies.

5.1.3.2 AIS Patient Sample and Data Collection

After institutional review board approval, 35 Lenke 1-2 AIS cases were selected from the
multicenter database of AIS patients from the MIMO Clinical Trial (NCT01792609, n=32
patients)11. or associated hospitals (n=12 patients). Of these from the MIMO Clinical Trial, 15
were randomly chosen from the patients assigned to the "performance testing" subset used during
the development of the NNML, and 8 were from the external validation subset[29], resulting in a
total of 20 patients for external performance testing (n=8 + 12). Demographic, radiographic, and
surgical characteristics were collected from the hospitals and the trial's databases (Table 5.1). Rod
curvatures were reconstructed from postoperative radiographs[31], with rod contouring quantified
by the differential bending, defined as the difference between convex and concave rods (differential
bending). Postoperative spinal alignment was assessed using radiographs taken 3 months post-PSF
surgery, or up to 2 years postoperatively if the 3-month radiographs were unavailable. Features
were used as inputs for the NNML model and used to describe the study population. Geometric
indices were computed from the reconstructed preoperative 3D spinal models to provide detailed

3D anatomical insights.

5.1.3.3 Surgical Instrumentation Configurations

For each patient, nine surgical instrumentation configurations were modeled and biomechanically
compared. One represented the actual instrumentation performed by the surgeon, as documented
in the surgical report and confirmed by postoperative radiographs for validation purposes, while

the other eight were derived from NNML predictions (Figure 5.2).

To generate the NNML-derived configurations, the same inputs used during model development
and validation were applied, assuming the surgeon's intended postoperative outcomes were
achieved. Rod curvatures and screw density were directly obtained from the NNML predictions.
Since the NNML did not specify screw positions, these were determined based on the top five

screw patterns most commonly accepted by experienced spine surgeons, as reported in the literature
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(Figure 5.3) [9] . We then evaluated the best and second-best model predictions for UI'V and LIV,
generating four simulations: (1) best UIV and LIV, (2) second-best UV and LIV, (3) best UIV and
second-best LIV, and (4) second-best UIV and best LIV (“Al instrumentation”; Figure 5.2). To
optimize simulated outcomes, NNML predictions were repeated with postoperative targets set 25%
better than the surgeon’s results by reducing postoperative Cobb angles and improving T4-T12
kyphosis. Rod curvatures and screw density were derived, generating another four simulations

(“Al-adapted instrumentation”; Figure 5.2).

5.1.3.4 Patient-Specific Geometric and Biomechanical Models of the Spine

First, a geometric model of each patient’s spine was created using preoperative posteroanterior
(PA) and lateral radiographs. A previously developed 3D reconstruction technique was employed
to transform 2D coordinates of 14 anatomical landmarks per vertebra into 3D coordinates using
self-calibration and optimization algorithms [32]. The vertebrae and pelvic models were registered
using these 3D coordinates with a free-form deformation technique [32]. The accuracy of the
reconstructed pedicles and vertebral bodies was reported as 1.6 = 1.1 mm and 1.2 = 0.8 mm,

respectively [33].

The geometric spine model was then implemented in MSC Adams 2019 software (MSC Software,
Santa Ana, California) to create patient-specific multibody biomechanical models. Vertebrae from
T1 to L5 were modeled as rigid bodies connected via flexible joints representing intervertebral
discs, facet joints, and ligaments. Initial mechanical properties were based on published cadaveric
data[34, 35] and adjusted for patient-specific geometry and curve flexibility (Figure 5.4) [36]. This
representation defined the nonlinear relationships between displacements and reaction
forces/moments for six degrees of freedom between each pair of vertebrae. Boundary conditions
were imposed with the first thoracic vertebra modeled as a spherical slider joint to allow free

rotation and translation, and the pelvis fixed to prevent movement or rotation.

5.1.3.5 Surgical Instrumentation Simulation

The pedicle screws were modeled as rigid bodies with a spherical joint between the head and shaft
to simulate polyaxial screws. The connection between the screw shaft and vertebral bone was

modeled as a flexible joint with an interface stiffness represented by a non-linear spring, restricted
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according to a stiffness matrix from cadaveric data [30, 31]. The rods were modeled using the finite
segment method as flexible beams divided into rigid bodies connected by massless joints, with
stiffness based on Timoshenko theory, considering only the modulus of elasticity [37]. Per surgical
reports, all rods were modeled as 5.5 mm in diameter, with Cobalt-chrome properties (Young's

modulus of 220 GPa, yield strength 793 MPa).

5.1.3.6 Posterior Spinal Fusion Surgery Simulation.

Instrumentation biomechanics were studied consistently across all models, except for variations in
UIV, LIV, screw density and pattern, and rod curvatures. The surgical procedure and correction

maneuvers were simulated as follows:

Pedicle screws were inserted based on 3D coordinates of the vertebral pedicles identified
on preoperative radiographs [38]. The first rod, placed on the concave side of the deformity, was
positioned and engaged in the screw heads. Rod insertion was achieved by creating displacement
constraints between the rod and each screw head until the rod was fully seated. Set-screws were
inserted, and cylindrical joints were used to model the rod-screw connection kinematics. Once the
rod was in place, the simulated reduction forces were removed. Set screws were inserted, and
cylindrical joints were used to model the kinematics of the rod-screw connection. A fixed joint was
modeled between the distal screw and the rod to simulate the tightening of the set screw, after

which the simulated reduction forces were removed.

En bloc derotation was applied bilaterally on the apical and periapical screws available,
using torque-controlled derotation simultaneously on the screws at the three apical levels.
Incremental vertebral derotation torque was applied until the postoperative apical vertebral rotation
(AVR) angle was reached or until a maximum torque of 5 Nm was achieved. Once derotation was
completed, fixed joints were modeled between the screws and the corresponding rod, simulating
set screw tightening. Derotation torques were then removed, allowing the spine-rod construct to

"spring back" as the surgeon disengages the derotation devices.

Finally, the convex-side rod was placed, aligned with the sagittal plane, and attached using

the same procedure as the concave rod, ensuring both rods were fully seated and secured.
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The computational spine and instrumentation models were previously validated using pre- and
postoperative data from 35 AIS cases, including implant specs, rod contours, osteotomies,
radiographs, and flexibility tests. Simulations accurately reproduced Cobb angles within 5° in
coronal and sagittal planes. Given this context, the models are considered credible for this study

[39-42].

5.1.3.7 Statistical Analysis

All statistical analyses were conducted using IBM SPSS Statistics (Version 29.0.1.0, IBM Corp).
Descriptive statistics were provided to characterize the study population. Assumptions for
parametric analysis were assessed using the Shapiro-Wilk test for normality and Levene’s test for
homogeneity of variances. When these assumptions were met, the effects of instrumentation
strategy (Al, Al-adapted, and surgeon-performed) on continuous outcomes, including MT Cobb
angle, TK, AVR, and average screw pullout force calculated across the apex, the level above, and
the level below, were compared using repeated-measures ANOVA. Violations of sphericity were
corrected using the Greenhouse-Geisser adjustment, and Bonferroni correction was applied for post
hoc pairwise comparisons. Partial eta squared (n?) was reported as a measure of effect size. For
outcomes violating parametric assumptions or involving ordinal variables (number of levels fused,
number of screws), non-parametric Friedman tests were used to assess differences across strategies,

followed by Wilcoxon signed-rank tests for pairwise comparisons where appropriate.

In addition to global comparisons, the Al strategy yielding the highest weighted 3D correction
score (50% coronal, 25% sagittal, 25% axial) was identified for each patient. These “best AI”
configurations were directly compared to surgeon-performed instrumentations to assess whether

further refining of Al-derived plans could match or exceed surgical outcomes.

The study was powered based on expected differences in postoperative Cobb angle, based on a
previous study comparing optimized surgical strategies[39]. With a power of 80% and a = 0.05, a
minimum of 30 participants was required to detect statistically significant differences in primary
outcomes. To ensure robustness and account for potential data variability, 35 patients were

included.
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5.1.4 Results

5.1.4.1 Patient Characteristics and Surgical Instrumentations

Descriptive statistics for the 35 included patients are summarized in Table 5.2. The mean age at
surgery was 16 years (range: 12—-19), with the majority of patients presenting Lenke 1A or 1B
patterns. Baseline radiographic parameters, including MT Cobb angle, TK, and AVR, are provided
in Table 5.2.

Implant configuration comparisons revealed significant differences in the number of fused
vertebral levels (y*(2) =7.91, p=.019) and the number of pedicle screws used (¥*(2) = 8.00, p=.018)
across the instrumentation strategies. Surgeon-performed plans instrumentations employed more
screws (19.9 + 3.6) than both AI (18.1 +2.7) and Al-adapted (17.9 & 2.4) configurations (p =.031
and p=.012, respectively). Screw density was also greater in the surgery group (1.8 £ 0.3
screws/vertebra) compared to Al (1.65 +0.2) and Al-adapted (1.7 + 0.2) strategies (p = .008 and p
= .042, respectively). The average number of fused vertebrae was higher in the surgical group

compared to the Al instrumentations by approximately one level (p =.023; Figure 5.5).

5.1.4.2 3D Deformity Correction and Forces Experienced by Spinal Implants

Across the full cohort, the average preoperative MT Cobb angle was 57° £+ 7° (range: 40—68°), TK
was 31° = 16° (range: 1-64°), and thoracic AVR was —15° + 7° (range: —31 to —4°).
Instrumentation strategy significantly influenced both MT Cobb correction (F(1.48, 50.19)=13.80,
p <.001, n? = 0.289) and TK (F(1.13, 38.52) = 7.37, p = .008, n* = 0.178; Figure 5.6), with no
differences in AVR (p =.063, n> = 0.090) or average pullout force (p =.091, n?> = 0.070). Post hoc
comparisons revealed that surgeon-performed instrumentations resulted in significantly greater
Cobb angle correction than both Al (mean difference = 4.19°, p < .001) and Al-adapted (mean
difference = 3.36°, p = .003) configurations. Similarly, MT correction percentages were higher
with the surgeon-performed instrumentations compared to Al (mean difference = 0.074, p <.001)
and Al-adapted configurations (0.056, p =.006; Figure 5.6A). Postoperative thoracic kyphosis was
greater in Al-derived plans than with surgeon instrumentation (Al: +4.00°, p = .015; Al-adapted:
+3.64°, p = .047; Figure 5.6B).
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5.1.4.3 Comparison of Best AI Strategy vs Surgeon Instrumentation

For each patient, the Al-derived configuration yielding the highest composite correction score was
identified. This “best Al strategy” outperformed surgeon instrumentation in 27 of 35 patients (77%)
based on this score. When compared directly, individual MT Cobb angle (F(1,34)=1.37, p=.251,
n?=0.039), apical vertebral rotation (F(1,34) = 1.61, p =.214, * = 0.045), or average pullout force
(F(1,34) = 3.00, p = .091, n* = 0.081) did not significantly differ between “best AI”’ and surgeon
instrumentations. However, thoracic kyphosis was significantly greater in the “best AI”-derived
constructs (F(1,34) = 7.93, p = .008, n* = 0.189). In addition, implant configuration analysis
revealed that “best AI” strategies utilized fewer pedicle screws on average (18.8 = 3.2 vs. 19.9 £
3.6, p = .048), although there were no differences in the number of fused vertebrae (p = .251) or
screw density (p =.077).

5.1.5 Discussion

This study biomechanically evaluated the performance of Al-derived versus surgeon-performed
posterior spinal instrumentation strategies for adolescent idiopathic scoliosis using patient-specific
numerical simulations. For the first time, the biomechanical performance of the instrumentation
parameters predicted by a neural network-based multi-task learning model was assessed on an
individual patient basis. The results demonstrated that Al-derived instrumentation strategies
achieved comparable overall 3D deformity correction to surgeon-performed plans, although
surgeon-derived strategies achieved slightly better coronal curve correction. Importantly, Al-
derived plans did not result in increased mechanical loads on the spinal implants. These results
suggest that Al-assisted planning tools may support efforts to standardize and personalize surgical

strategies for AIS, although further clinical validation is required.

5.1.5.1 3D Deformity Correction and Clinical Significance

Despite established systems such as the Lenke classification [12, 13], substantial variability in AIS
surgical planning persists, which may contribute to a 4.5% complication rate [9, 10]. Current
classifications do not provide guidance on rod contouring or implant density. Addressing this
variability, our study provides new evidence that a NNML model can approximate surgeon

decision-making by generating instrumentation strategies that achieve similar sagittal and



153

transverse plane corrections for Lenke 1 and 2 curves without adversely affecting mechanical
performance. By providing patient-specific instrumentation plans, Al-assisted approaches could
contribute in the future to standardizing surgical planning and potentially reducing variability-
related complications. Although surgeon-performed plans achieved slightly better coronal Cobb
angle reduction, averaging 3—4° more than Al-derived plans, the clinical significance of this small

difference remains uncertain given the multifactorial nature of long-term outcomes.

AIS is now well recognized as a complex 3D deformity involving not only coronal curvature but
also vertebral rotation and sagittal misalignment([5, 43, 44], making the ability of Al-derived plans
to support improved 3D correction particularly relevant. In this study’s cohort, Al plans restored
thoracic kyphosis more effectively than surgeon-performed plans, an important finding given the
established association between sagittal alignment and better functional outcomes. Suboptimal
correction in any plane has been linked to decreased quality of life, increased pain, spinal
decompensation, and adjacent segment degeneration [45-49]. Moreover, achieving an appropriate
sagittal alignment may reduce the risk of rod fracture and improve pulmonary function [50-52].
Considering that normal thoracic kyphosis ranges around 37 + 10° in adolescents[53], it is notable
that Al-derived plans restored or maintained thoracic kyphosis within this range on average (31°
for Al vs. 27° for surgeon-performed plans). While the clinical significance of a 4° mean difference
remains unclear, surgeon-performed strategies resulted in a higher incidence of postoperative
hypokyphosis, with 25% of patients having kyphosis below 20°, and some below 10°, which was
not observed in any Al-derived plan. Nevertheless, the 27° average kyphosis achieved in the
surgeon-performed plans was slightly better than values reported in prior PSF-Hooks cohorts
(22.6° at 1 year)[54], suggesting above-average correction in this cohort. These results suggest that

Al-assisted planning may help address some of the under correction of sagittal alignment in AIS.

While these findings support the potential of Al-assisted planning, they also highlight clinical
factors that remain difficult to capture in simulation. Intraoperative elements such as muscle
dissection, Ponte osteotomies, rod overbending and unbending, and screw purchase can all
influence correction but are not explicitly modeled in this study. Surgeon-to-surgeon variability in
surgical technique likely plays a meaningful role in outcomes and remains challenging to replicate
computationally. Similarly, ongoing debate around fusion level selection such as the role of

intersegmental rotation for LIV selection illustrates how surgical decision-making continues to
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evolve [55]. While correction maneuvers were standardized to allow fair comparisons, this may
have limited the full correction potential of Al-derived plans, particularly in the axial plane, where
derotation torques were capped based on clinical outcomes. Incorporating intraoperative variability
and procedural nuance into future models could help bridge the gap between virtual planning and

real-world execution.

5.1.5.2 Implant Density and Fusion Levels

In the present study, Al-derived instrumentation strategies consistently used fewer screws and
exhibited lower implant densities compared to surgeon-performed plans, yet achieved similar 3D
deformity correction in most simulations. These findings are consistent with the results of the
recent MIMO randomized clinical trial, which demonstrated that low-density constructs provided
equivalent coronal correction to high-density constructs in Lenke 1A patients [11]. Prior studies
also suggest that increasing implant density beyond a certain threshold does not significantly
improve deformity correction and may instead increase surgical costs, operative time, and
complication risk [41, 56, 57]. Our results reinforce the potential of Al-assisted planning to favor
more efficient constructs without compromising biomechanical performance, supporting a shift

away from the historical emphasis on high-density fixation in AIS surgery.

Furthermore, Al-derived strategies led to shorter fusion constructs compared to surgeon-performed
plans. While our study did not assess clinical outcomes, shorter fusions are known to reduce
hospital stay, lower costs, and most importantly preserve spinal mobility and function [58-62]. A
careful balance remains essential to avoid compromising curve correction or stability, but Al-
assisted fusion planning could represent a valuable tool for tailoring the extent of fusion on a

patient-specific basis.

5.1.5.3 Future Directions

Although we explored an "Al-adapted" strategy by setting postoperative targets 25% better than
the original surgical outcomes to drive improved Cobb angle reduction and thoracic kyphosis
restoration, this approach did not lead to significantly superior 3D correction compared to the
original Al-derived plans. Both Al and Al-adapted strategies exhibited comparable biomechanical

behavior and correction profiles relative to surgeon-performed plans, indicating that simply



155

adjusting the target outcomes in the current neural network framework was insufficient to optimize
surgical planning further. In an additional analysis, we identified a "best-Al" configuration for each
patient based on the highest weighted 3D correction score (50% coronal, 25% sagittal, 25% axial).
While these best Al plans often matched or exceeded the surgeons’ 3D correction scores, the
methodology remained a selection exercise rather than a true optimization. Moving forward, the
integration of Al-derived initial configurations with iterative deterministic optimization represents
a promising avenue. Multibody models, while offering robust predictions, do not inherently
identify optimal solutions. Combining Al predictions with optimization algorithms could generate
personalized constructs achieving superior 3D correction with fewer levels fused, fewer implants,
and lower mechanical loads. Such a hybrid Al-biomechanical optimization platform could

substantially improve patient-specific planning for AIS deformity correction.

5.1.5.4 Limitations

Several limitations should be acknowledged. First, the evaluation relied on deterministic multibody
biomechanical simulations rather than clinical outcomes, and thus, the clinical significance of the
observed differences in deformity correction and mechanical performance remains to be
established. Although our models were validated for AIS correction, they included necessary
simplifications, such as rigid vertebrae and soft tissue properties derived from cadaveric data,
which may not fully capture in vivo complexities. Screw positions for Al-derived plans were based
on common patterns rather than predicted by the neural network, introducing potential variability.
The study focused only on Lenke 1 and 2 curves with moderate severity (45—65° Cobb angles),
limiting generalizability to more severe deformities or other curve types. Moreover, most patients
were enrolled in the MIMO clinical trial, which randomized implant density strategies and may not
fully represent individual surgeon preferences. Simulations also reflected only the immediate
postoperative biomechanics, without modeling long-term biological processes such as bone fusion,
implant fatigue, or adjacent segment degeneration. Lastly, although adequately powered for
primary outcomes, some subgroup analyses may have lacked sufficient power to detect slight
differences. Future research should include diverse curve types and clinical follow-up to validate

Al-assisted surgical planning further.
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5.1.6 Conclusion

In summary, this study provided the first biomechanical evaluation of Al-predicted surgical
instrumentation strategies for AIS using patient-specific multibody simulations. While surgeon-
performed plans achieved slightly superior coronal corrections, Al-derived strategies matched or
exceeded overall 3D deformity correction in most cases, restored thoracic kyphosis more
effectively, and maintained comparable mechanical safety. Importantly, Al plans achieved these
results with fewer screws and shorter constructs, suggesting opportunities for more efficient,
patient-specific surgical planning. These findings highlight the potential of Al-assisted
preoperative tools to support surgical decision-making, particularly for less experienced surgeons.
Building on this foundation, future integration of AI models with biomechanical optimization could

further enhance surgical planning and deformity correction in AIS.
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5.1.8 Tables

Table 5.1 Summary of Data Collected from Dataset
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Demographic and clinical : ;fleeliggliltt
data - Age

- Vertebral corner localization

- Lenke classification

- Cobb angle measurements (PT, MT, TL/L)
- Upper and lower vertebrae

- Stable vertebrae

- Thoracic kyphosis (T2-T12)

- Risser sign

Radiographic

- Upper instrumented vertebra

- Lower instrumented vertebra

- Screw density

- Rod curvatures (concave side and concave/convex
side differential bending)

- Type of screws and rods used

Surgical

- Cobb angle measurements (PT, MT, TL/L)

Post " inal
ostoperative spina - Thoracic kyphOSiS (T2-T12)

alignment




Table 5.2 Descriptive Statistics of the Patients Included in this Study
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Category Model External
Development Performance
(n=15) Testing (n=20)
159 £ 5cm 166 £ 10 cm
Height (mean + SD, range) (146-169) (154 - 190)
54+ 10kg 59 +13kg
Weight (mean + SD, range) (40-175) (40 -92)
Age (mean £ SD, range) 15.7 = 1.6 years 15.6 + 1.7 years
(12.8-19) (12.8 - 19)
Risser Sign (median, range) 4(2-5) 4(2-5)
Lenke Classification (1/2 breakdown) l:n=13 I:n=17
2:n=2 2:n=3
Preoperative Cobb angle (mean = SD, range)
30+ 7° 31 +8°
Proximal Thoracic (PT) | (16 —38) (13 -46)
53+ 7° 59 +6°
Main thoracic (MT) | (40 — 66) (48 — 68)
28 £ 9° 35+5°
Thoracolumbar / Lumbar (TL/L) (14 —43) (27-46)
End Vertebrae of main thoracic curve (median, range)
Upper end vertebra | T6 (T4-T8) T6 (T2-T7)

Lower end vertebra

T12 (T11-L2)

T12 (T10-L2)

Apical Vertebrae of main thoracic curve

(median, range) T9 (T8-T11) T9 (T7-T11)
Preoperative Thoracic Kyphosis T4-T12 | 34 +17° 30 + 14°
(mean £ SD, range) (1-—64) (8 —63°)
Preoperative Apical Vertebra Rotation (mean | -13 + 6° -17°£7°

+ SD, range) (-22 - -4) (-30 - -5°)
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5.1.9 Figures

Figure 5.1 Schematic Overview of the Study Workflow Comparing Al-Derived and Surgeon-
Derived Instrumentation Configurations for AIS Spinal Surgery

The process included patient data collection, extraction of surgical parameters from both Al model
(Al-derived) and surgeon reports along with postoperative radiographs (surgeon-derived), creation
of 3D geometric model of the spine and patient-specific multibody biomechanical models, and
performance comparison of deformity correction in all anatomical planes and forces at the bone-
implant interface.
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Figure 5.2 Overview of the Nine Instrumentation Configurations Modeled per Patient

Example of surgeon-derived strategy representing the actual instrumentation performed by the
surgeon as documented in the surgery report and postoperative radiographs (grey), four Al-derived
strategies based on best/second-best predictions of upper and lower instrumented vertebrae (UIV,
LIV, green), and four Al-adapted strategies using improved postoperative targets to enhance
deformity correction (orange). Screw locations and rod curvatures were generated from the NNML
predictions and standardized patterns derived from clinical practice

Figure 5.3 Screw Patterns and Corresponding Implant Densities (ID) used for Modeling of
Surgical Instrumentation Derived from NNML Predictions (UIV = T4, LIV =L1)

Implant densities (ID) were predicted for each patient, and screw positions were then selected based
on these densities, following the top five screw patterns preferred by experienced spine surgeons.
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Figure 5.4 Preoperative Radiographs and Reconstructed Biomechanical Model

Coronal preoperative (A) and (D) postoperative standing radiographs of the patient. Reconstructed
3D patient-specific biomechanical models pre- (B-C) and postoperatively (E-F), with illustration
of an instrumented 3D thoracic spinal unit (G) with details of initial stiffness matrices for the
thoracic (KT1-T7, KT7-T12) and lumbar (KT12-L2, KL.2-S1) regions based on Panjabi et al.,
1976 (Kthoracic) and Gardner-Morse et al., 2004 (Klumbar).

Figure 5.5 Instrumentation Characteristics Across Surgical Strategies

(A) Distribution of UIV (left) and LIV (right) for each strategy, expressed as the percentage of
patients receiving instrumentation at each level. (B) Screw density per patient. Data are presented
for Al-derived and surgeon-performed instrumentation strategies. In the box plots, the middle line
represents the mean, the box boundaries represent the 25th and 75th percentiles, and the whiskers
indicate the min and max. * indicates a statistically significant difference (p < 0.05) between

groups.
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Figure 5.6 Postoperative 3D Deformity Correction and Forces Experienced by Spinal Implants

Data are presented for (A) mean percent correction of the main thoracic (MT) coronal curve , (B)
T4-T12 thoracic kyphosis, (C) thoracic apical vertebral rotation (AVR), and (D) mean pullout force
experienced by the pedicle screws at the apex and level above and below, stratified by Al-derived
and surgeon-performed instrumentation strategies. In the box plots, the middle line represents the
mean, the box boundaries represent the 25th and 75th percentiles, and the whiskers indicate the
min and max. * indicates a significant difference between the Al-derived and surgeon-performed
instrumentation (p<0.05).
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5.2 Complementary Methodological Aspects - Surgical Calibration and
Patient-Specific Modeling Workflow

A comprehensive biomechanical modeling framework was implemented to support this
article's simulation-based comparison of instrumentation strategies. Details on the development of
the personalized multibody spine model, instrumentation components, and simulation of surgical
maneuvers are provided below for clarity and conciseness. These complementary methods form
the technical foundation underlying the biomechanical evaluation described in the study.
Verification, validation, and uncertainty quantification (VVUQ) of this computational modeling
framework are presented separately in Chapter 6, Section 6.2, as part of the Credibility Assessment
of the Computational Model Developed as a Medical Device, within the final framework that

includes optimization.

5.2.1 Surgical Calibration Process

To ensure that each surgical simulation accurately reflected the clinical correction achieved
during surgery, a manual calibration process was applied to three parameters that are difficult to
measure intraoperatively and therefore not documented in surgical reports, yet remain critical to
simulation fidelity. These parameters were rod curvature, rod rotation angle, and derotation force,
which can be extrapolated from postoperative radiographs and 3D reconstructions. The
adjustments were performed manually and iteratively, rather than through automated optimization,
until the differences between simulated and clinical postoperative values for MT thoracic Cobb

angle, T2-T12 kyphosis, and AVR were considered clinically negligible (<5°).

5.2.1.1 1. Rod Curvature Adjustment

To determine the pre-instrumentation rod contouring, the curvature of the concave rod was
incrementally increased in the simulation. This was done by applying a multiplicative factor to the
Y-coordinates of the rod’s centerline points, while maintaining the curvilinear abscissa by adjusting
the X-coordinates to preserve the total arc length (difference < 1 mm). As a starting point, the
simulated concave rod was assigned a curvature approximately 20% greater than that observed

postoperatively. This factor was then iteratively adjusted, typically ranging between +10% and
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+30%, until the simulated postoperative thoracic kyphosis matched the clinical value within a
tolerance of +5°. Most patients required an increase of around 20% to achieve agreement between
simulated and clinical outcomes. See Figure 5.7 for examples of curvature enhancement through

multiplicative factors.

Figure 5.7 Examples of Concave Rod Curvature Enhancement

Rod profiles were incrementally adjusted by applying multiplicative factors of +10%, +20%, and
+30% to the Y-coordinates of the reconstructed postoperative rod, simulating intraoperative
deformation. The arc length was preserved by modifying the X-coordinates accordingly.

5.2.1.2 Rod Rotation Angle Adjustment

Rod rotation is a corrective maneuver used in PSF surgery for AIS, where a pre-contoured rod is
inserted into the concave side of the curve and rotated to achieve a more physiological coronal
alignment. Although the theoretical rod rotation angle is often cited as 90°, surgeons commonly
rotate the rod beyond this angle intraoperatively to compensate for the elastic “spring-back” effect,
ultimately achieving an in-situ rod orientation close to 90° post-correction [205]. This practice
aligns with recent biomechanical findings by Pillot et al. (2025), who reported that rod orientations
exceeding the sagittal plane (i.e., off-centre by 20-30°) significantly enhance coronal correction
without compromising AVR or TK [248]. In our simulation framework, rod rotation angles were
manually adjusted between 80° and 100° for most patients. In some cases, lower angles (e.g., 75°)
were tested to refine alignment and achieve a clinically acceptable match to postoperative outcomes
(£5° Cobb angle). However, values as low as 70° are rarely used in current surgical practice and

are not typically recommended due to the risk of under correction. This calibration aimed to align
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simulated correction with the actual postoperative Cobb angle while preserving the standardization

of surgical maneuvers across all cases.

It is important to note that this maneuver does not necessarily reflect current surgical practice.
Many surgeons today prefer to insert the contoured rod directly in its sagittal profile and allow each
screw to engage the rod individually, avoiding global rod rotation altogether. Nevertheless, for the
patients in our cohort, many of whom were drawn from the MIMO database, which includes
surgeries performed between February 2013 and August 2017, rod rotation was the correction
strategy that most reliably reproduced the clinical outcomes during our surgical simulation. This
finding likely reflects common practice at the time among contributing centers. Because all surgical
steps were applied consistently and iteratively across both Al-derived and surgeon-performed
simulations, the comparative results remain robust and clinically meaningful, despite possible
variations in surgical technique that may be encountered today. However, it is essential to
acknowledge that this standardization, although necessary to avoid introducing bias, may have
underestimated the full potential of the coronal correction offered by Al-derived instrumentation
strategies. Surgical maneuvers were iterated to reproduce the surgeon-performed correction, even
when alternative steps, such as applying greater rod rotation than was used clinically, might have

yielded more favorable outcomes.

5.2.1.3 Apical Vertebral Derotation Calibration

En bloc apical vertebral derotation is a corrective maneuver in which a torque is applied
simultaneously to a block of vertebrae, typically the apical vertebra and the two levels above and
below, to reduce AVR and restore more physiological alignment. In this study, the maneuver was
applied to all available pedicle screws at the apical and peri-apical levels (i.e., apical £1 level) on
both concave and convex sides. The derotation torque was incrementally increased during surgical
calibration until the simulated AVR matched the clinical postoperative AVR within a £5°
threshold. An alternative technique frequently used in clinical practice is segmental derotation, in
which individual vertebrae are rotated one at a time using instrumentation attached to the pedicle
screws. Segmental derotation may be a more current practice, allowing for more localized
correction; however, it involves multiple sequential maneuvers, typically one per level, and is thus

more complex to simulate. This is primarily due to the greater number of surgical steps that must
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be individually implemented and controlled in the simulation environment, resulting in increased
modeling time, simulation duration, and post-processing workload compared to a single en bloc

derotation step.

In preliminary modeling trials, en bloc derotation produced simulated corrections that more closely
matched the postoperative AVR in our cohort. This approach was therefore selected as the
standardized derotation method across all cases. From a modeling perspective, en bloc derotation
also offers advantages in terms of computational efficiency. As a single multi-level maneuver, it is
less time-consuming to simulate than segmental derotation, which would require modeling three
separate rotational steps per patient. While this difference is negligible at the scale of the current
study, it becomes critical in optimization frameworks, such as the one applied in Chapter 6 (Article
4), where over 900 surgical configurations were simulated per patient. Standardizing en bloc

derotation thus supports both methodological consistency and scalability for future optimization.

However, as with rod rotation and other standardized maneuvers, this choice may have constrained
the full correction potential of the Al-derived strategies. The applied derotation torque was either
limited to reproduce the postoperative AVR within £5°, or capped at a maximum of 5 Nm to reflect
physiological constraints. As a result, a more aggressive axial correction that could have been
achieved with the Al-derived instrumentation was not pursued to maintain consistency with

surgeon-performed cases and avoid introducing bias.

5.2.2 Automated Rod Generation for Simulation Based on Al-Derived

Instrumentation

To simulate the Al-derived instrumentation strategies presented in the current chapter
(Article 3), a semi-automated pipeline was developed to generate patient-specific rods with limited
user input. This process utilized preoperative 3D reconstructions to define the rod length and
deflection, and integrated the curvature predicted by the NNML, as described in Chapter 4 (Article
2).
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5.2.2.1 Rod Length and Deflection Estimation

Rod length and deflection were derived from the preoperatively reconstructed 3D vertebral
geometry for each patient. Vertebral level indices were standardized (e.g., T1 =3, L5 = 19), and
geometry was extracted from a standard coordinate system where Z represents craniocaudal, X
anteroposterior, and Y mediolateral directions (Figure 2.8), with vertebral centers of mass used to
limit operator variability. Specifically, the rod length was calculated as 1.05 times the Z-axis
distance (vertical or craniocaudal direction) between the vertebra one level above the upper
instrumented vertebra (UIV-1) and one level below the lower instrumented vertebra (LIV+1). This
5% extension was determined empirically through trial and error to ensure that, once the coronal
deformity was corrected during simulation, the rod remained sufficiently long to span from UIV to

LIV along the now-straightened spine.

Rod deflection was not measured directly from vertebral offsets, but instead computed from rod
length and the tangent angle at the instrumented endpoints. For each rod, the deflection D was
obtained using:

L 0
4 2

where L is the rod length and 6 the included predicted angle between tangents (in radians). For the
concave rod, deflection was set to 120% of the base value, while the convex rod was assigned the
calculated value. This approach reflects the effect of elasto-plastic deformation during rod insertion
as described earlier and was selected instead of directly altering the predicted rod curvature, which

was retained as an output from the NNML model.

In the NNML model, rod curvature was predicted based on postoperative outcomes. By adjusting
deflection instead of curvature, we preserved the predicted rod curvature as a fixed outcome. We
avoided introducing variability that would compromise its role as a reference across patients and
simulations. This distinction is particularly important for future refinement of the modeling
framework, where the ability to back-calculate pre-contoured rod shapes from predicted

postoperative geometry will be essential for simulation-based optimization strategies. While this
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simplified approach does not capture all surgical and patient-specific factors, it provides a practical

and reproducible method for generating paired rod profiles in a standardized way.

5.2.2.2 Curve Generation from AI-Derived Rod Curvature

Once rod length and deflection were estimated from the preoperative 3D geometry, rod curvature
was obtained directly from the NNML model. These values were combined in a Python-based
script to generate smooth, continuous rod geometries. Each rod was modeled as a quadratic curve

described by the equation:
y=ax®*+bx+c
where the coefficients a, b, and ¢ were calculated to satisfy the following constraints:

e The curve passes through both endpoints (x = 0 and x = rod length)
e The curve reaches a maximum vertical deflection at the midpoint
e The maximum deflection corresponds to the calculated rod deflection, corresponding to the

value derived from rod length and tangent angle.

A custom Python script was written to automate this process. The script reads rod parameters
(length, deflection, curvature, and identifier) from an Excel sheet, fits a quadratic curve using
symbolic equation solving (sympy), and generates evenly spaced coordinate points along the curve.
These points represent the rod shape in 2D and are exported as .xlsx files, ready to be integrated
into the simulation environment. Each rod is created in a dedicated output file, with separate
handling for concave and convex rods. The script also includes functionality to optionally import
the generated rod data directly into the patient-specific simulation file using an auxiliary script,
further streamlining the workflow. This process allowed the rapid and consistent generation of Al-
informed rod geometries that were plausible according to the NNML model and tailored to each
patient’s anatomy. It also enabled the high-throughput simulation required for the parametric

comparisons and optimization work presented in Chapter 6 (Article 4).
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CHAPTER 6 PATIENT-SPECIFIC OPTIMIZATION

6.1 ARTICLE 4: Optimizing AIS Surgery with a Digital Twin Framework

Integrating AI and Personalized Biomechanical Modeling

To address Sub-objective 3.1 (SO3.1), this study developed an original optimization
framework combining Al-based planning with patient-specific biomechanical simulation to guide
preoperative planning in AIS surgery. Building on the NNML predictive model and MB simulation
workflow introduced in Articles 2 and 3, the approach systematically evaluated over 900 surgical
strategies per patient using a custom optimization function that balanced 3D correction targets with
clinical constraints. This work represents the first attempt to apply large-scale, patient-specific
optimization of PSF constructs by integrating artificial intelligence with deterministic modeling. It
shows that such a strategy can identify constructs that outperform 3D correction of both standard
surgical and Al-derived plans, while minimizing the number of vertebral levels fused and screw

used.

The resulting article, titled “Optimizing AIS Surgery with a Digital Twin Framework Integrating
Al and Personalized Biomechanical Modeling” was submitted to The Spine Journal in September
2025. The first author contributed approximately 80% to the design, implementation, data analysis,

and manuscript preparation.

Article 4: Constant, C., Larson, A.N., Polly, D.W. et al. Optimizing AIS Surgery with a Digital

Twin Framework Integrating Al and Personalized Biomechanical Modeling

Highlights

First patient-specific digital twin for AILS integrating Al predictions, biomechanical simulation, and multi-
objective optimization. Applied to 20 patients with 19,440 simulated configurations.
Optimized plans achieved greater 3D correction (~+3° MT Cobb, +2.8° AVR)
while maintaining thoracic kyphosis.
Optimization plan had significantly reduced implant burden without increasing screw pullout forces

. ~4 fewer screws and 2 fewer fused levels.

Optimization plans favored low density screw patterns (convex-alternate, periapical dropout) and more distal
ULV (often T5).
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6.1.1 Abstract

Background Context: Posterior spinal fusion (PSF) with pedicle screw instrumentation is the

primary treatment for adolescent idiopathic scoliosis (AIS) for curves exceeding 45°. However, the
biomechanical implications of different instrumentation strategies remain poorly understood.
Current surgical planning relies on radiographic-based and empirical guidelines that lack
integration of patient-specific biomechanics and 3D deformity characteristics. These limitations
may affect the consistency and quality of surgical correction. Advances in artificial intelligence
(Al) and biomechanical modeling now offer promising avenues to objectively evaluate and

optimize instrumentation strategies on a case-by-case basis.

Purpose: To develop and validate a patient-specific optimization framework that integrates Al-
predicted instrumentation strategies and deterministic biomechanical simulation to plan
instrumentation configurations maximizing 3D deformity correction and biomechanical outcomes

while minimizing instrumentation-related mechanical stress.

Study design: Al-derived instrumentation combined with patient-specific biomechanical modeling

and optimization vs. Surgeon-Selected Instrumentation Strategies in AIS.

Patient Sample: Twenty AIS patients (Lenke 1/2, aged 12—19) treated surgically by PSF, with data
sourced from the MIMO Clinical Trial and affiliated hospitals.

Outcome Measures: Simulated main thoracic (MT) Cobb angle, thoracic kyphosis (TK), apical

vertebral rotation (AVR), screw pullout, number of screws, and levels fused, as well as related

measurements derived from actual post-op radiographs.

Methods: A patient-specific digital twin of the spine was generated using validated 3D
reconstruction from preoperative biplanar radiographs and a multibody dynamic model
implemented in MSC Adams. Al-derived instrumentation parameters (upper and lower
instrumented vertebrae (UIV, LIV), number of screws, rod curvature) were simulated within
algorithmically defined ranges, generating 972 configurations per patient. In total, 19,440
simulations were analyzed for the 20 cases. For each case, two instrumentation strategies were
evaluated: one derived from a multi-objective optimization algorithm integrating 3D spinal

correction, minimal screw pullout forces, and preservation of spinal mobility (unfused vertebrae),
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and the other reflecting a surgeon-informed design. Both strategies were simulated

biomechanically and compared using repeated-measures two-way ANOVA.

Results: Across all patients, the optimized configurations achieved similar or improved 3D
correction compared to surgeon-performed instrumentation. The highest mean coronal correction
improvement was 3° greater than that of surgeon-performed constructs (95% CI [0.58, 5.81],
p=.019). Optimized plans also achieved greater axial derotation (mean AVR improvement: 2.8°,
95% CI [0.30, 5.67], p=.05) while also restoring thoracic kyphosis within acceptable clinical
ranges, similar to surgeon-performed plans (29.2° + 6.4° vs. 27.4° + 8.9°, p = .372).

Optimized strategies used significantly fewer pedicle screws (mean reduction of 4 screws per
construct and fewer fused levels (median reduction of 2 levels) than surgeon-performed plans (p <
0.001). All configurations respected peri-apical screw pullout force thresholds, suggesting

biomechanical feasibility.

Conclusions/ clinical significance:

Integrating Al-derived instrumentation with a patient-specific digital twin framework, combining
deterministic biomechanical modeling and optimization, may enhance surgical planning for AIS
by improving 3D correction, refining level selection and screw patterns, and maintaining implant
loads within functionally acceptable ranges. This study supports the clinical potential of digital

twin—based planning tools for spinal deformity surgery.

keywords: adolescent idiopathic scoliosis, posterior spinal fusion, artificial intelligence,

biomechanical modeling, digital twin, multi-body model, optimization

6.1.2 Introduction

Adolescent idiopathic scoliosis (AIS) is a complex three-dimensional (3D) spinal deformity
affecting up to 5% of adolescents aged 10 to 18 years[1, 2]. For curves exceeding 45°, posterior
spinal fusion (PSF) with pedicle screw instrumentation remains the primary treatment[3-5].
However, despite widespread use of the Lenke classification to determine fusion levels, substantial

variability persists in surgical planning, particularly in the number and placement of screws, the
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choice of fusion levels, and rod contouring[6-8]. This variability combined with high-quality
evidence on long-term outcomes, may contribute to suboptimal correction, inconsistent results, and

avoidable complications[3, 9-13].

While the Lenke classification offers a structured framework for level selection, adherence to the
indicated levels does not guarantee optimal results. In addition, surgeons frequently deviate from
recommended levels [14, 15]. Moreover, this classification does not provide detailed guidance on
other key aspects of surgical design, such as screw patterns, rod properties, or construct strategy.
In recent years, digital tools for preoperative planning have emerged, but they largely rely on user
experience and manual interpretation[16, 17]. Artificial intelligence (AI) and machine learning
now offer new opportunities for data-driven, personalized planning by learning from large clinical
datasets[18]. Still, most Al-based systems rely on 2D radiographs and often overlook key
biomechanical factors, such as load sharing, implant stress, and construct stability[16]. They also
focus heavily on rod contouring, with limited insight into how screw configuration or rod properties

affect outcomes.

To address these gaps, we previously developed a neural network model using multitask learning
(NNML) to predict key surgical instrumentation parameters from preoperative clinical and
radiographic data[19]. The model accurately predicted upper and lower instrumented vertebrae
(UIV, LIV) and rod curvatures, with up to 95% accuracy for vertebral level selection. Subsequent
work applied validated deterministic patient-specific biomechanical models to compare these Al-
derived strategies with those chosen by surgeons[20]. While surgeon-selected constructs yielded
greater coronal correction, Al-derived configurations showed superior sagittal alignment and, in
77% of cases, at least one Al configuration matched or exceeded overall 3D correction, often with
fewer screws and shorter fusion spans[20]. However, attempts to refine these Al predictions
through modified targets remained limited to static selection among pre-generated options, without
true optimization or incorporation of biomechanical considerations. These limitations highlight the
need for integrated, patient-specific digital twins; models that not only predict but also optimize

surgical strategies by combining Al with biomechanical simulation.

In this study, we developed and tested a hybrid framework combining Al-based prediction,

deterministic biomechanical simulation, and algorithmic optimization. We hypothesized that this
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integrated approach would yield personalized instrumentation strategies that outperform
conventional constructs in terms of 3D correction, implant efficiency, and biomechanical safety.
By systematically varying surgical parameters around the Al-predicted configuration (UIV, LIV,
screw number, rod curvature) and exploiting deterministic biomechanical modeling, we applied
multi-objective optimization to identify patient-specific constructs that balance correction, fusion
length, and screw forces. These optimized configurations were biomechanically evaluated and
compared to surgeon-performed strategies, demonstrating the added value of digital twin-based

planning in AIS surgery.

6.1.3 Materials and Methods

6.1.3.1 Overview of the Digital Twin-Based Optimization Framework

The following outlines the overall structure of the patient-specific optimization workflow (Figure
6.1), which integrates Al-based prediction, 3D biomechanical modeling, and algorithmic
optimization to design tailored instrumentation strategies for AIS patients. To evaluate the
applicability of the approach, a retrospective test group of 20 AIS patients was selected, for whom
preoperative radiographs, flexibility films, and surgical reports were collected to support model

construction and simulation, as detailed in the section below.
The workflow consisted of three main stages:

1. Al-based prediction of initial instrumentation: A previously developed NNML model
was used to predict key surgical parameters (UIV, LIV, screw number, rod curvature) based

on preoperative clinical and radiographic data.

2. Generation and biomechanical simulation of alternative configurations: Around the
Al-predicted construct, 972 variations were generated by modifying UIV, LIV, screw
pattern, and rod contour. Each configuration was simulated using a validated deterministic,
patient-specific biomechanical model to estimate postoperative 3D correction and screw

pullout forces [21-24].
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3. Multi-objective optimization: An optimization algorithm was applied to identify the
configuration that best balanced spinal correction, motion preservation, and biomechanical

safety.

To assess the clinical relevance of the proposed workflow, the optimized configurations were
biomechanically compared to the actual surgeon-performed instrumentation. This comparative
analysis served to quantify the potential benefits of the digital twin-based framework in improving
construct efficiency and correction quality. The following sections detail each stage of the
workflow, including patient data preparation, Al-based prediction, biomechanical simulation,

optimization strategy, and comparative evaluation.

6.1.3.2 AIS Patient Sample and Data Collection

Following institutional review board approval, 20 AIS patients with Lenke type 1 or 2 curves were
retrospectively selected from the MIMO Clinical Trial (NCT01792609) or affiliated clinical
sites[25]. Demographic, radiographic, and surgical data were obtained from institutional and trial
databases (Table 6.1). Rod curvatures were reconstructed from postoperative radiographs [26]. and
quantified using differential bending, defined as the angular difference between convex and
concave rods. Postoperative spinal alignment was assessed using radiographs taken approximately
3 months after surgery, or the closest available imaging within the first two operative years. In
addition, pre- and postoperative 3D spinal reconstructions were used to calculate geometric indices

describing each patient’s spinal deformity and surgical correction.

6.1.3.3 Al-Based Prediction of Initial Instrumentation using a NNML Model (Stage 1)

A previously developed and validated NNML model by Constant et al. was used to predict key
surgical instrumentation parameters: UIV, LIV, rod curvature, and screw density[19]. The model
was trained on 179 AIS patients using 83 preoperative clinical and radiographic features, with
multitask outputs optimized for classification and regression. These input features included
vertebral corner coordinates extracted from biplanar radiographs, demographic information (age,
sex, height, weight), curve classification, Risser sign, and coronal and sagittal alignment

parameters such as Cobb angle, TK, lumbar lordosis, and AVR.
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For each patient in the current study, the same input features used during model training were
collected preoperatively to generate NNML-based predictions of UIV, LIV, rod curvature, and
screw density. Because the NNML model does not define individual screw positions, five common
screw patterns corresponding to predicted densities were predefined based on literature and expert
input (Figure 6.2)[7]. These Al-derived constructs were used as reference configurations for

subsequent biomechanical simulation and optimization.

6.1.3.4 Biomechanical Modeling and Simulation of Alternative Configurations (Stage 2)

A geometric model of each patient's spine was reconstructed using preoperative posteroanterior
(PA) and lateral radiographs. Three-dimensional reconstructions were performed using a
previously validated method based on self-calibration and optimization algorithms, which converts
the 2D positions of 14 anatomical landmarks per vertebra into corresponding 3D coordinates[27].
Using these coordinates, vertebrae and pelvic structures models were registered through a free-
form deformation approach[27]. Reported reconstruction accuracy for vertebral bodies and
pedicles is 1.2 + 0.8 mm and 1.6 + 1.1 mm, respectively[28]. The resulting 3D geometric spine
model generated patient-specific multibody biomechanical models in MSC Adams 2019 (MSC
Software, Santa Ana, CA). Vertebrae from T1 to L5 were modeled as rigid segments linked by
flexible joints representing intervertebral discs, ligaments, and facet articulations. Mechanical
behavior between each spinal segment was defined using nonlinear relationships between
displacements and reaction forces/moments across six degrees of freedom, based on previously
published cadaveric data and adjusted based on individual spinal geometry and flexibility[29-31].
The pelvis was fixed in space to prevent translation or rotation, while T1 was constrained using a

spherical slider joint to permit free rotation and translation.

Polyaxial pedicle screws were modeled as rigid bodies with a spherical joint at the screw head to
replicate polyaxial functionality. The interface between the screw shaft and vertebral body was
represented by a flexible joint incorporating a nonlinear spring element, with stiffness properties
defined via a cadaver-derived stiffness matrix. Spinal rods were modeled using a discrete flexible
beam approach, dividing each rod into small consecutive segments each carrying two local
reference frames shared with its neighboring segments at the connecting points. Timoshenko beam

elements were respectively defined between the adjacent local reference frames corresponding to
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the geometry of each segment and to the elastic modulus and Poisson's ratio of the rod. All rods
were assigned a 5.5 mm diameter and Cobalt-Chrome material properties (Young’s modulus: 220

GPa; yield strength: 793 MPa), consistent with surgical reports.

Posterior spinal fusion simulations were conducted using a standardized protocol across all
patients, with variations introduced only in UIV, LIV, screw number and pattern, and rod curvature.
Surgical correction was modeled through a translation maneuver, consistent with clinical practice.
This simulation framework was previously validated in 35 AIS cases using detailed pre- and
postoperative data; in a similar context of application, simulated corrections reproduced coronal
and sagittal Cobb angles within 5°, supporting the adequacy and validity of the modeling tool for

biomechanical evaluation[21-24].

Pedicle screws were positioned using 3D coordinates extracted from preoperative radiographs[32].
The concave rod was inserted first by progressively constraining it to each screw head until fully
seated. Set screws were then applied, with cylindrical joints used to simulate rod-screw
interactions. A fixed joint at the distal screw represented final set screw tightening, after which

simulated reduction forces were removed.

Bilateral en bloc derotation was performed by applying torque-controlled rotation simultaneously
to apical and periapical screws over three vertebral levels. Torque was incrementally increased
until the target apical vertebral rotation (AVR) was achieved. Fixed joints were then applied
between the screws and rod, simulating set screw tightening, and the torques were released to allow
the construct to elastically recoil as occurs intraoperatively. The convex rod was then inserted using

the same method, and all remaining screws were secured.

Instrumentation parameters were systematically varied around the Al-predicted configuration to
generate a range of plausible surgical scenarios while remaining within clinically acceptable
margins. Variation limits were selected based on expert consensus and typical ranges observed in
AIS surgical planning: £1 level for UIV and LIV (reflecting reasonable alternatives in fusion
extent), screw patterns corresponding to +£0.2 variation in implant density (to span commonly
applied construct densities), and +10° rod curvature (representing variation of rod contouring

achievable intraoperatively). This approach resulted in 972 surgical instrumentation configurations
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per patient, all biomechanically simulated and compared, for a total of 19,440 simulations across

the 20 patients.

Additionally, the actual surgeon-performed instrumentation was biomechanically simulated for
each patient based on surgical reports and postoperative radiographs, then compared to the
optimized Al-derived configurations using standardized biomechanical outputs, including

simulated Cobb angle, TK, AVR, screw pullout forces, number of screws, and fusion length.

To ensure validity, the biomechanical model of the actual surgeon-performed instrumentation was
verified by comparing simulated postoperative alignment to 3D reconstructions obtained from
postoperative radiographs. Simulated values within 5° of the reconstructed postoperative values

were considered acceptable.

6.1.3.5 Multi-Objective Optimization (Stage 3)

An objective function (¢) was defined to evaluate the performance of each simulated configuration
based on predicted postoperative 3D spinal correction and preserved mobility (number of unfused
vertebrae). It included four weighted terms reflecting key surgical objectives, adapted from prior

formulations [21, 33, 34]:

—w (Cobb )2 W (TK —TK, )2 W (AVR )2 W (Nfused)z
¢=W Cobb, 2 \TK, — TK, 3 \AVR, LN

Cobb, TK, and AVR refer to postoperative main thoracic Cobb angle, thoracic kyphosis, and apical

vertebral rotation, each normalized to its preoperative value (subscript “0”). TK, denotes the
normative kyphotic target based on a normo-kyphotic range[35]: TK, =20° if TK <20°, TK, =TK
if 20° < TK <40°, and TK, = 40° if TK > 40°. Mobility preservation was assessed via the number
of fused vertebrae (Nfused), normalized to the total number of thoracolumbar vertebrae available (No
=17). To ensure implant safety, a hard constraint was implemented on the maximum pullout force
experienced by any pedicle screw in each simulation. This constraint was stratified by spinal
region, with screws placed from T1-T8 limited to 425 N and screws from T9-T12 limited to 645
N. These thresholds represent approximately 80% of experimentally reported average pullout
strengths for each region [36] and can be modified by the user based on clinical considerations.

Configurations exceeding these thresholds were excluded from optimization. Minimizing ¢
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identified the configuration that best balanced correction in all three anatomical planes, mobility
preservation, and implant safety for each patient. A lower ¢ score indicated greater correction with

fewer fused segments and reduced bone-screw pullout.

To refine selection among the best-performing configurations, a second-stage optimization was
conducted on the 20 instrumentation scenarios with the lowest ¢ scores. These same variables used
in the optimization algorithm were normalized using min—max scaling applied only within the top
20 group to preserve local variation. A secondary composite score was calculated by applying the
same weighting factors (W1—Wa4) as in the primary optimization, ensuring consistent prioritization
of coronal correction, sagittal alignment, derotation, and motion preservation. This approach
allowed for a clinically guided refinement, emphasizing scenarios with the lowest Cobb angle, TK
values closest to 40°, lowest AVR, and minimal fusion length, among otherwise equivalently high-

performing configurations.

To explore different surgical priorities in the multi-objective optimization process, three weighting
scenarios were tested for the four terms in the objective function (W1—W4)._Scenario 1 applied
equal weighting across all components, assigning 25% to each of the four objectives. This scenario
served as a neutral reference, assuming no prioritization of any particular surgical goal. Scenario 2
represented a correction-focused strategy in which 80% of the total weight was distributed across
the three anatomical correction planes, emphasizing the coronal plane. Specifically, W1 (coronal)
was set at 50%, W2 (sagittal) at 20%, and W3 (transverse) at 10%, while the remaining 20% for
mobility preservation (Wa). This scenario was designed to reflect a hypothetical prioritization of
3D correction, especially in the coronal plane, and was arbitrarily defined for this study. Scenario
3 incorporated weighting based on expert consensus, using averaged priorities assigned by 11
experienced spinal deformity surgeons as reported in previous survey-based studies[37, 38]. In
these surveys, surgeons were asked to assign relative importance to the various correction
objectives when planning optimal instrumentation for AIS. The raw averaged importance values
resulting in the following distribution: W1 = 37% (coronal), W2 = 28% (sagittal), Wz = 19%
(transverse), Wa = 16% (mobility). This third scenario aimed to approximate real-world surgical

decision-making by integrating clinical judgment into the optimization framework.
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6.1.3.6 Statistical Analyses

All statistical analyses were conducted using IBM SPSS Statistics (Version 29.0.1.0, IBM Corp).
Descriptive statistics (means, standard deviations, and ranges) were used to characterize the study

population and summarize radiographic and simulation-derived parameters.

To evaluate the clinical relevance of the optimization framework, each patient’s instrumentation
configuration with the lowest objective function value (¢p) was identified under each weighting
scenario. These optimized configurations were compared to the actual surgeon-performed
instrumentation to assess potential improvements in 3D spinal correction, bone-screw pullout

force, and number of fused vertebrae.

A repeated-measures multivariate analysis of variance (MANOVA) was performed to assess the
effect of instrumentation strategy (S1, S2, S3, surgeon-performed) on five dependent variables:
MT Cobb, TK, AVR, average screw pullout force calculated across the apex + 1 level, and number
of fused vertebrae. Assumptions of multivariate normality and homogeneity of variance-covariance
matrices were assessed using the Shapiro—Wilk test and Box’s M test, respectively. When a
significant multivariate effect was detected, univariate repeated-measures ANOVAs were
performed for each outcome variable. Mauchly’s test assessed sphericity, and Greenhouse—Geisser
corrections applied when necessary. Pairwise comparisons between strategies were conducted
using least significant difference (LSD) tests for multiple comparisons correction to maintain
sensitivity given the limited number of planned comparisons. Effect sizes were reported as partial
eta squared (n?), and confidence intervals (Cls) for mean differences were provided to estimate
effect precision. If test assumptions were violated, non-parametric alternatives (Friedman test with
post hoc Wilcoxon signed-rank tests) was used for the affected outcomes. All statistical tests were

two-tailed, and significance set at p < 0.05.

6.1.4 Results

6.1.4.1 Patient Characteristics

Descriptive statistics for the 20 included patients are summarized in Table 6.2. The mean age at

surgery was 16 years (range: 13—19), with the most cases representing Lenke 1A or 1B patterns.
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Across all patients, the preoperative MT Cobb angle averaged 59° + 6°, with thoracic AVR of —
15°+ 7° and T4-T12 kyphosis of 30° £14°.

6.1.4.2 Implant Configuration Differences

Implant configuration comparisons revealed significant differences across instrumentation
strategies in both the number of fused vertebral levels (¥*(3) =33.894, p <.001) and the number of
pedicle screws (F(1.778, 33.776) = 31.39, p < .001, n? = 0.623; Figure 6.3). Surgeon-performed
plans involved the longest constructs (median=11 levels, range=9-13; mean rank=3.55),
whereas the equal weighting scenario (S1) used the fewest levels (median =9, range = 7-12; mean
rank = 1.58), favoring greater preservation of spinal mobility (p<.001). All optimized strategies
required significantly fewer screws than the surgeon-performed constructs (20.5 + 3.0 screws, 95%
CI: [19.10, 21.90]; Figure 6.3C). S1 used the fewest (15.1 £ 1.7, 95% CI: [14.33, 15.87], p<.001),
followed by S2 (16.7 £ 1.9, 95% CI: [15.80, 17.60], p=.004) and S3 (16.4 £ 2.0, 95% CI: [15.40,
17.30], p<.001). Among all optimized strategies, convex alternate screw patterns were most
common (CA, 47%; n=28/60 cases) followed by convex periapical dropout (CPAD, 37%;
n=22/60). Bilateral (B, 8%, n=15/60) and peri-apical dropout (PAD, 8%, n=15/60) were rarely
selected as optimal strategies. The equal weighting scenario (S1) and coronal correction-focused
scenario (S2) yielded the highest proportions of CA patterns (60%, n=12/20 and 50%, n=10/20,
respectively), while S3 often prioritized CPAD (55%, n=11/20). UIV and LIV selection varied
across strategies (Figure 6.3A). Optimized configurations most frequently chose TS5 (45%;
n=27/60) and T4 (20%; n=12/60) as ULV, while T3 was favored in surgeon-performed plans (50%,
n=10/20), with T5 used only once (5%). Across all strategies, L1 was the most frequent LIV (40%,
n=32/80). Optimized constructs ended as proximally as T11 in 12% of cases (n=7/60), whereas

surgeon-performed constructs ended above T12 in only one case (5%).

6.1.4.3 3D Deformity Correction and Forces Experienced by Spinal Implants

Instrumentation strategy significantly influenced Cobb angle correction (F(1.914, 36.360)=5.48, p
=.009, n? = 0.224, Figure 6.4A). The correction-focused strategy (S2) achieved the greatest
improvement among optimized configurations, significantly outperforming S1 (mean difference =

-3.7°,95% CI: [-5.72, -1.59], p =.002) and surgeon-performed constructs (-3.2°, 95% CI: [-5.81, -
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0.58], p=.019). No statistically significant differences were observed in postoperative T4-T12
kyphosis and AVR across strategies (p =.372 and .077, respectively, Figure 6.4BC), although AVR
was marginally greater in surgeon-performed plans compared to S1 (mean difference =-2.8°, 95%
CI: [-5.67, 0.30], p=.05). Apex pullout forces did not differ significantly (p=.942), suggesting
comparable biomechanical loading on screws across all approaches. A representative patient
example is presented in Figure 6.5 to illustrate differences in instrumentation characteristics and
simulated outcomes between the actual surgery and each of the scenarios used to identified patient-

specific optimization strategies.

6.1.5 Discussion

This study presents a novel framework for optimizing PSF instrumentation in AIS using a
combination of Al-predicted configurations and patient-specific deterministic biomechanical
simulation, essentially functioning as a digital twin of the patient’s spine and surgical construct. It
differs from prior optimization studies such as those by La Barbera [21] and Majdouline [33],
which primarily focused on a limited number of target variables, by integrating a broader set of
clinically relevant inputs through Al prediction, subsequently refined via deterministic simulation.
Moreover, it distinguishes itself from purely Al-based planning approaches, such as those
described by Lafage [39] or the earliest NNML approach by Constant used in this study [19] by
incorporating biomechanical simulations to assess the mechanical feasibility of each construct and
support multi-objective optimization. By evaluating hundreds of configurations per patient and
applying multi-objective optimization, this digital twin approach identified instrumentation
strategies that achieved comparable or superior 3D correction relative to surgeon-performed

constructs, while also reducing implant burden and preserving spinal mobility.

6.1.5.1 3D Deformity Correction and Surgical Prioritization

AIS is inherently a three-dimensional spinal deformity, and efforts to optimize surgical correction
must address all three planes[2]. In this study, surgeon-performed instrumentation achieved similar
results to the “expert-informed” optimization scenario (S3) in all three planes. Clinical intuition
and operative technique of experienced scoliosis surgeons were well-aligned with S3’°s weighted

correction priorities. On average, the coronal-focused optimization scenario (S2) achieved even
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greater Cobb angle correction, suggesting that algorithmic optimization may further improve
outcomes when maximal correction in a specific plane is desired.

Interestingly, the equal-weighting scenario (S1), which treated all correction goals equally,
outperformed the surgeon-performed constructs in reducing apical vertebral rotation and did not
induce any postoperative hypokyphosis (TK range 20-39°), in contrast to surgeon-performed plans
where hypokyphosis occurred in 15% of cases (TK range 6.3—38°). This supports prior modeling
work showing that when sagittal plane correction is prioritized explicitly, or at least not
underemphasized compared to coronal correction, better kyphosis restoration is possible without
necessarily increasing implant stress or construct length[34]. While our framework was adapted to
each patient’s anatomy and deformity, it did not incorporate individual preferences or priorities
such as a desire for improved rib hump appearance or trunk balance. These results nonetheless
highlight the potential of such an approach to further customized surgical planning to be more
effectively tailored to patient-specific goals whether that means prioritizing coronal correction for
cosmetic reasons, improving kyphosis in hypokyphotic patients, or targeting AVR reduction in
patients with pronounced rib hump or trunk imbalance.

Yet, even with optimization, no simulated configuration achieved complete correction in all three
planes. None of the patients had a modeled plan that simultaneously reached >95% coronal
correction, thoracic kyphosis within 20—40°, and near-zero AVR. This reinforces the reality that
3D deformity correction in AIS involves trade-offs. Despite exploring nearly 20,000
configurations, the “perfect” plan remained elusive in some patients. These findings mirror clinical
experience, where achieving optimal correction across all dimensions is often limited by
mechanical constraints, curve stiffness, and anatomic variability constraints including unknown or
poorly characterized curve parameters[4, 9]. They also underscore the challenge of achieving
sufficient controllable degrees of motion with current instrumentation systems to allow
individualized vertebra-level adjustments and regional correction of scoliotic segments. Moreover,
the long-term stability of simulated corrections remains uncertain, particularly regarding risks of
adding-on or loss of correction. Ultimately, the surgeon’s role in setting priorities, guided by

clinical judgment, patient-specific factors, and shared decision-making, remains central.
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6.1.5.2 Model Design Considerations and Implications

To ensure credible and unbiased comparison across strategies, the surgeon-performed
instrumentation was first simulated and validated by confirming close alignment between
simulated and actual postoperative 3D reconstructions. This validation step reinforced the model's
clinical relevance and served as a foundation for simulating all optimized configurations under
identical surgical conditions, therefore minimizing confounding from modeling variability and
attributing outcome differences to instrumentation strategy alone. However, applying uniform
maneuvers across all constructs may have constrained the optimization potential, particularly for
axial correction. For instance, derotation torque was capped at the clinical AVR, potentially
limiting achievable correction in constructs that could have tolerated more. While this
standardization enhanced model credibility, it may have underestimated the full benefit of certain
optimized strategies. Future work should examine the impact of tailoring surgical maneuvers to the
mechanical properties of each optimized construct to better align planning with patient-specific

biomechanics.

6.1.5.3 Implant Density and Fusion Levels

In this study, optimized plans used fewer pedicle screws than surgeon-performed instrumentation
while achieving similar 3D correction. This aligns with prior evidence suggesting that low-density
constructs can provide adequate correction in selected AIS cases[25, 34]. Reducing implant density
may help decrease costs, operative time, and risks associated with screw placement, which are
considerations of growing importance given rising scoliosis surgery expenditures[40-42].
Nevertheless, the MIMO study reported no significant differences in operative time or blood loss
between high- and low-density constructs, suggesting that potential efficiency gains from reduced
screw counts may be more limited than often assumed[25]. Optimized strategies also tended to
produce shorter fusion constructs, particularly under equal-weighting (S1), with a quite remarkable
median decrease of 2 levels instrumented. Although not directly evaluated, shorter fusions have
been associated with reduced hospitalization costs, preserved mobility, and fewer
complications[43-47]. These findings suggest that patient-specific simulation may support more
efficient instrumentation strategies, provided correction and construct stability remain

uncompromised. However, with accelerated discharge pathways such as the Fletcher protocol in
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place[48], further reductions in length of hospital stay may be unlikely to result from changes in

fusion length or implant density alone.

6.1.5.4 Limitations, Clinical Relevance and Future Directions

While not yet applied in real-time clinical decision-making, this framework was developed and
tested under conditions closely mirroring surgical practice, reinforcing its relevance as a foundation
for future decision-support tools. Its clinical integration remains to be validated in prospective
studies. Rather than prescribing a single optimal solution, it could help surgeons navigate multiple
construct options with varying trade-offs, tailored to individual anatomy and treatment goals. With
integration into clinical workflows, such tools could enhance personalization and reduce outcome
variability in complex or uncertain cases. Further, our aim is to provide a selection of possible
surgical plans to the surgeon. Introduction of new technology for surgical care of patients is best
done in an incremental fashion with significant room for surgeon input as the first iterations are
validated. Al and deterministic surgical planning tools should serve to augment surgeon decision-
making. Eventually such tools can provide a positive feedback loop as surgeons and Al models
can learn from past models.

Several limitations remain. Several factors that can influence surgical decision-making and
outcomes in AIS were not explicitly modeled in this study. For example, posterior column
osteotomies, which are increasingly used in larger or stiffer curves or other techniques focused on
anterior column lengthening to address three-plane deformity were not incorporated. Parameters
such as thoracic kyphosis targets tailored to pelvic incidence, shoulder balance optimization, and
prediction of compensatory lumbar curve behavior were also not included. The framework did not
optimize individual screw size, screw head, thread pitch, or screw trajectory; instead, it relied on
predefined, commonly used patterns. Nevertheless, the approach developed would allow such
optimization and could be explored in a subsequent study. It also simplified certain surgical
realities and excluded biological factors like fusion capacity or bone quality. These aspects remain
areas of active investigation, and future work could integrate them into optimization frameworks.
Finally, although only three optimization scenarios were tested, each involving extensive
simulation and comparison, the framework is flexible and could support patient-specific

prioritization, which is an important direction for future refinement.
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6.1.6 Conclusion

This study presents an original patient-specific framework combining Al-based predictions with
deterministic biomechanical simulation and multi-objective optimization to support surgical
planning in AIS. In most cases, the optimized instrumentation strategies achieved comparable or
better 3D deformity correction than surgeon-performed constructs, while using fewer implants and
preserving more spinal mobility. Pullout forces at the apex were also comparable across strategies,
indicating that these gains may be achieved without increasing local biomechanical loading on the
implants.

By identifying configurations not readily apparent through standard planning, this approach
highlights how surgical priorities, such as coronal correction, kyphosis restoration, or shorter
fusion, can be tailored to individual patients. While this tool is not a replacement for clinical
expertise, it is intended to support, not supplant, the surgeon's judgment. It may offer particular
value in complex cases, when planning goals are uncertain, or as a decision aid for less experienced
clinicians. Further clinical validation is needed, but these findings suggest that integrating Al
guidance with biomechanical modeling could help move scoliosis surgery toward more

personalized and data-informed planning.
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6.1.8 Tables

Table 6.1 Summary of Data Collected from Dataset
- Height (cm)

- Weight (kg)

data - Age

Demographic and clinical

- Vertebral corner localization

- Lenke classification

- Cobb angle measurements (PT, MT, TL/L)

- Upper and lower end vertebrae

- Stable vertebrae

- Thoracic kyphosis (T2-T12)

- Risser sign

- Upper instrumented vertebra

- Lower instrumented vertebra

- Screw density

- Rod curvatures (concave side and concave/convex
side differential bending)

- Type of screws and rods used

- Cobb angle measurements (PT, MT, TL/L)

- Thoracic kyphosis (T2-T12)

Radiographic

Surgical

Postoperative spinal

alignment




Table 6.2 Descriptive Statistics of the Patients Included in this Study

Category Population (n=20)
166 £10 cm
Height (mean + SD, range) (154 - 190)
59 +13kg
Weight (mean + SD, range) (40-92)
Age (mean £ SD, range) 16 + 1.7 years
(13-19)
Risser Sign (median, range) 4(2-9)
Lenke Classification (1/2 breakdown) I:n=17
2:n=3
Preoperative Cobb angle (mean + SD, range)
31 +£8°
Proximal Thoracic (PT) | (13 —46)
59 £6°
Main thoracic (MT) | (48 — 68)
35+£5°
Thoracolumbar / Lumbar (TL/L) (27-46)
End Vertebrae of main thoracic curve (median, range)
Upper end vertebra | T6 (T2-T7)

Lower end vertebra

T12 (T10-L2)

Apical Vertebrae of main thoracic curve (median,

range) T9 (T7-T11)
Preoperative Thoracic Kyphosis T4-T12 (mean £ | 30 £ 14°
SD, range) (8 —63°)
Preoperative Apical Vertebra Rotation (mean + SD, | -17° £ 7°
range) (-30--5°)
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6.1.9 Figures

Figure 6.1 Overview of the Patient-Specific Optimization Workflow

Figure 6.2 Screw Patterns and Corresponding Implant Densities (ID) used for Modeling Al-
Derived Surgical Instrumentation
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Figure 6.3 Instrumentation Characteristics Across Surgical Strategies

(A) Distribution of Upper Instrumented Vertebrae (UIV, left) and Lower Instrumented Vertebrae
(LIV, right) for each strategy, expressed as the number of patients receiving instrumentation at
each level. (B) Number of fused levels per patient. (C) Number of pedicle screws per patient. Data
are presented for three optimized strategies and the actual surgeon-performed instrumentation: the
equal weighting scenario (S1), the coronal correction-focused scenario (S2), the expert clinician-
based scenario (S3), and the surgeon-performed strategy (Surgery).

In the box plots, the middle line represents the mean, the box boundaries represent the 25th and
75th percentiles, and the whiskers indicate the 5th and 95th percentiles. Asterisks (*) denote
statistically significant differences (p < 0.05) between groups.
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Figure 6.4 Postoperative 3D Deformity Correction and Forces Experienced by Spinal Screws

Data are presented for (A) mean percent correction of the main thoracic (MT) coronal curve, (B)
T4-T12 thoracic kyphosis, (C) thoracic apical vertebral rotation (AVR), and (D) mean pullout
force experienced by the apical pedicle screws, stratified by three Al-optimized strategies and the
actual surgeon-performed instrumentation: the equal weighting scenario (S1), the coronal
correction-focused scenario (S2), the expert clinician-based scenario (S3), and the surgeon-
performed strategy (Surgery).

In the box plots, the middle line represents the mean, the box boundaries represent the 25th and
75th percentiles, and the whiskers indicate the 5th and 95th percentiles. Asterisks (*) denote
statistically significant differences (p < 0.05) between groups.
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Figure 6.5 Patient-Specific Example Comparing Optimized and Surgeon-Performed Instrumentation Strategies

(A) Preoperative coronal and sagittal radiographs of one representative patient (top row), and (bottom row) actual postoperative plan
and simulated outcomes for the three scenarios of optimized strategies: equal weighting (S1), coronal correction-focused (S2), and expert
clinician-based (S3). For each scenario, the instrumented levels, screw density, rod curvature, and simulated postoperative alignment
and screw pullout force are shown. (B) 3D rendering of the simulated surgical outcome using the actual instrumentation performed by
the surgeon and (C) of the simulated outcome for the coronal correction-focused strategy (S2), highlighting the possibility in this case
to achieve similar 3D correction while preserving more spinal mobility by fusing one fewer level and using four fewer screws than the
surgeon’s original plan.
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6.2 Complementary Methodological Aspects - Regulatory Context and
Credibility of the CM&S Framework

6.2.1 Regulatory Status and International Alignment

This section assesses the credibility of the computational modeling and simulation (CM&S)
framework developed in this thesis, which supports surgical planning for PSF in AIS patients. The
CM&S community and regulatory bodies have issued several key guidelines to support the credible
development of such models. Among these, the ASME V&V 10 standard offers general principles
for verification and validation in computational mechanics, while ASME V&V 40 provides a risk-

informed framework tailored to medical applications [249, 250].

In the United States, these standards are supported by guidance from the U.S. Food and Drug
Administration (FDA), which promotes the use of computational models in regulatory submissions
when credibility is appropriately demonstrated [251-253]. In Canada, Health Canada’s Medical
Devices Directorate (MDD) accepts computer models and modeling data in device applications
and encourages adherence to international standards, particularly for innovative or high-risk
technologies [254]. However, based on Canada’s current guidance for Software as a Medical
Device (SaMD), the CM&S framework presented in this thesis does not meet the definition of a
regulated medical device. It satisfies all four of Health Canada’s exclusion criteria: (1) it does not
acquire or analyze medical images or physiological signals; (2) it displays and compares standard
clinical metrics such as Cobb angles and alignment parameters; (3) it is intended only to support
rather than drive or replace clinical decision-making; and (4) it does not replace the clinical
judgment of healthcare professionals, who maintain complete authority over surgical planning
[255]. As such, the model and optimization framework we developed is not subject to medical

device licensing requirements under Canadian law [254, 255].

Nonetheless, given the increasing global convergence in regulatory expectations and the potential
for future clinical use, the model’s credibility was evaluated using the ASME V&V 40 framework,
with relevant verification, validation, and uncertainty quantification (VVUQ) activities conducted

in accordance with ASME V&V 10 guidelines. This structured, transparent, and risk-based
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approach ensures scientific rigor, and we believe it will broaden acceptance within both clinical
and research communities. This emphasis on international best practices is particularly appropriate
given that this project was conducted in collaboration with institutions in both Canada and the
United States, each operating under distinct regulatory environments. These partnerships
underscore the importance of aligning with globally recognized standards to ensure consistency,

reproducibility, and readiness for clinical translation.

6.2.2 Credibility Assessment of the Computational Model Developed as a

Medical Device

This section presents a structured credibility assessment of the CM&S framework
developed to support surgical planning for PSF surgery in AIS patients. The computational model
was first introduced in Chapter 5 (Article 3), where it was used to simulate and compare surgeon-
performed versus Al-derived instrumentation strategies through patient-specific multibody
simulations. In that context, the model underwent VVUQ following ASME principles to ensure the
reliability of its outputs related to spinal alignment and implant loading [250]. In the current chapter
(Article 4), the same model was integrated into a larger optimization framework that systematically
evaluated over 900 construct configurations per patient to select an optimized instrumentation
strategy. This integration demonstrated the model’s scalability and potential as a clinical decision-
support tool. Because this final application directly informs surgical planning decisions, a formal
credibility assessment following the ASME V&V 40 standard was conducted [249]. The work
presented in this section thus combines the VVUQ procedures established in Chapter 5 with the
extended application presented in this current chapter to evaluate the credibility of the complete
optimization framework as a medical device. While the optimization step builds on the validated
simulation core, both components are interdependent and are assessed here as a single, clinically

relevant pipeline.

6.2.2.1 Risk-Informed Credibility Assessment Framework

According to ASME, computational modeling refers to the numerical implementation of a
mathematical model to solve clinical or engineering problems. To evaluate and communicate the

credibility of the developed CM&S framework, this thesis adopts the terminology and structure
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outlined in the ASME V&V 40 (2018) standard [249]. This risk-informed approach defines a
stepwise process for model evaluation, starting from the question of interest and context of use
(COU), and guiding the selection of appropriate VVUQ activities (Figure 6.6). In this thesis,
verification activities focused on confirming the numerical implementation of the MB simulation
model and the stability of solver behavior. Validation assessed the model’s ability to reproduce
real-world postoperative outcomes in AIS patients, and uncertainty quantification explored the
impact of input variability on predicted outputs. Each of these components is addressed in the
following sections, with their associated credibility factors and results summarized in dedicated

tables.

Figure 6.6 Establishing Model Credibility for Verification, Validation, and Uncertainty
Quantification

This diagram illustrates the process of establishing model credibility, which guides the verification,
validation, and uncertainty quantification activities.

6.2.2.2 Context of Use of the Model

The COU defines the specific role and scope of a computational model in supporting a clinical or

engineering decision. A well-defined COU is essential for framing the purpose, scope, and clinical
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integration of a computational model. It directly informs its risk classification and the extent of
VVUQ required. According to ASME V&V 40, computational models in healthcare typically fall
into three roles: embedded in a medical device, used as valid scientific evidence, or serving as
standalone decision-support tools [249]. The CM&S framework developed in this thesis aligns
with the third category. Thus, its COU is defined as highlighted below.

Context of Use of the Model
“To support surgical planning in AIS by generating patient-specific biomechanical
predictions of postoperative alignment and implant loading, and by selecting optimized

posterior spinal fusion constructs based on predefined clinical and mechanical objectives.”

This classification, as a decision-support tool that includes optimization, sets the model’s intended

use and underpins the credibility assessment approach presented in the following sections.

6.2.2.3 Model Risk Assessment

Model risk refers to the combination of model influence and decision consequence, and is a key
consideration in determining the appropriate level of rigor for VVUQ activities. Model influence
reflects the degree to which simulation outputs contribute to the clinical decision. In contrast,
decision consequence refers to the potential severity of harm if a decision informed by the model

were incorrect.

In this thesis, a computational framework was developed as a clinical decision support system for
PSF in AIS. Given the model COU, the model’s influence is considered medium: its
recommendations meaningfully contribute to preoperative decision-making but remain advisory.
The decision consequence is classified as low, since any suboptimal outcome arising from model-
informed planning would likely result in reduced surgical efficiency or less effective correction,
rather than irreversible harm; ultimately, the surgeon retains full authority over the final clinical
decision. Together, these assessments yield an overall model risk classification of medium—low,

which determines the appropriate credibility goals and justifies the level of detail in the VVUQ
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activities presented in the following sections. A visual summary of the influence—consequence

interaction is provided in Figure 6.7.

Figure 6.7 Graphical Representation of Model Risk Assessment

The overall model risk classification was evaluated to be medium—low (star).

6.2.2.4 Credibility Factor Analysis

To evaluate model performance against the 23 credibility factors defined in ASME V&V 40, a
structured assessment was conducted across four domains: verification, validation, uncertainty
quantification, and applicability (complete list of factors and their grading is provided in Appendix
F - ASME V&V 40 Credibility Factors). These factors are designed to determine whether a model
meets the credibility standards appropriate for its intended clinical use. Each factor includes graded
levels of rigor, ranging from (a) low credibility, to (b) basic credibility, which is typically sufficient
for low-risk models, to (c) moderate credibility, suitable for medium-risk models, and up to (d)
high credibility, expected for high-risk or influential models. Given the model's medium-low risk
classification, the target levels were set accordingly: at least level (b) or (c) for factors with three
rigor levels, and (c) or (d) for those with four. This grading ensured the model was assessed
proportionally to its role in clinical decision-making while accounting for its current stage of

development. To enable direct comparison across factors with varying grading schemes, a 12-point
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normalization scale was applied following published methodologies [256]. This mapped two-level
factors to values of 1 and 6; three-level factors to 1, 6, and 12; and four-level factors to 1, 4, 8, and
12. As shown in Figure 6.8 and detailed in the supporting tables (Tables 6.3-6.6), most factors met
or exceeded the desired credibility thresholds. Several reached level (c), indicating moderate
credibility; others achieved level (b), which is acceptable for models not yet in clinical deployment.
A few factors, such as discretization error and numerical code verification, were rated lower (or b),

which highlight the model's early development stage and its limitations.

Credibility Factors Credibility Levels
Verification Code Software quality assurance
Verification |Numerical code verification
Calculation |Discretization error
Verification |Numerical solver error
User error

Validation Computer |Model form
Model Model inputs: quantification o
sensitivities

Model inputs: quantification of
uncertainties

Comparator |Quantity of test samples

Range of characteristics of test samples
Measurements of test samples
Uncertainty of test sample
measurements

Quantity of test conditions
Range of test conditions
Measurements of test conditions
Uncertainty of measurements of test
conditions

Assessment |Equivalency of input parameters
Output comparison: quantity
Equivalency of output parameters
Rigor of output comparison
Agreement of output comparison

Applicability Relevance of the QOIs
Relevance of the Validation Activities of the COU
Low |M-L jjMed [M-H |[High

Figure 6.8 Summary of Credibility Factors and Goals Selected for this Study

Colors show alignment with credibility goals. Green meets or exceeds the threshold; orange falls
slightly below. The bold line marks the minimum required level for the model’s medium-low (M-
L) risk.
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6.2.2.5 Verification

Verification assesses whether the computational model was implemented and executed correctly.
For this thesis, all simulations were performed using MSC Adams 2019, a widely used commercial
software for multibody dynamics. While no formal software quality assurance procedures, such as
software metrics tracking, simulations followed standardized workflows and consistently
generated reproducible outputs. This level of quality control corresponds to a basic but acceptable
credibility level (b) for software quality assurance and code verification, as summarized in Table

6.3.

Numerical solver behavior was evaluated in a targeted sensitivity study (Appendix G — Solver
Parameter Sensitivity Study) using 20 representative simulation cases (10 based on postoperative
patient constructs and 10 on Al-predicted strategies). Six solver parameters were perturbed around
their default values, including residual tolerance, stability factor, imbalance limit, time and angular
limits, and maximum iterations. Across all perturbations, no statistically significant differences
were observed for MT Cobb angle, TK, AVR, or mean pullout force (all p > 0.05). Mean deviations
were generally negligible (<1° for Cobb and AVR; <3.5 N for pullout). The only notable case was
TK, which exhibited a deviation of approximately 6° under the most extreme stability settings.
Since the default solver stability (0.001) was retained in all analyses, this deviation is not
considered relevant to the proposed computer model and does not impact the study conclusions.
The reduced iteration number, capped at 25, applied for large-scale optimization in Chapter 6
(Article 4), also introduced only minimal deviations. Together, these findings demonstrate that the
solver configuration provides numerically stable and decision-invariant outputs, supporting the
assignment of credibility level (c) for numerical solver error. Full results are detailed in Appendix

G.

Nevertheless, discretization error and user error scored below the target level for medium-low risk
models. Discretization effects were not explicitly quantified, and while user inputs were reviewed
and tested for reproducibility, no formal input logging or error-checking tools were implemented.
These limitations reflect the early development stage of the framework, and are acknowledged as

areas for refinement in future iterations.
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Table 6.3 Goals for Credibility Factors associated with Verification.

Credibility Factor Selected Justification Summary
Grade
Code Verification
Software Quality b Documented research workflows; no formal anomaly
Assurance (SQA) tracking or software metrics.
Numerical Code b Used validated tools; no exact solution or formal grid study.
Verification (NCV)
Calculation Verification
Discretization Error a/b Observed stable behavior; discretization error not explicitly
quantified.
Numerical Solver Error | ¢ Sensitivity analysis confirmed minimal solver impact
(NSE) (Appendix G — Solver Parameter Sensitivity Study)
Use Error b Inputs/outputs verified by the practitioner, along with
reproducibility checks.

6.2.2.6 Validation and Applicability

Validation assesses whether the computational model accurately reflects the clinical outcomes it
aims to simulate. For this CM&S framework, validation efforts focused on its ability to reproduce
the postoperative spinal alignment following PSF in AIS patients. Two complementary strategies
were employed: (1) comparison between simulated and actual surgical outcomes, and (2)
sensitivity analysis to assess robustness across input variations. Credibility factor scores related to
validation are summarized in the following paragraphs, which provide a structured overview of
key components assessed, along with the assigned credibility levels and a brief justification for
each. Additionally, the following paragraphs elaborate on the datasets, evaluation strategies, and

findings from the validation activities.
Cohorts and Comparators

The validation of the model relied on two complementary patient cohorts. The first included 35
AIS patients used to compare simulated versus actual postoperative outcomes (dataset from
Chapter 5). The second cohort consisted of 20 AIS patients, in whom the robustness of optimized
constructs was tested through targeted sensitivity analyses (dataset from Chapter 6). In both cases,
quantitative comparisons focused on clinically relevant alignment metrics such as MT Cobb, TK,

AVR, and pullout forces.
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Both cohorts reflected a typical adolescent AIS population. Patients were 13—19 years old, with
skeletal maturity ranging from Risser 2 to 5, and presented Lenke types 1 and 2. Curve severities
spanned moderate to severe deformities (MT Cobb 48—68°, PT Cobb 13—46°, TL/L Cobb 27-46°),
accompanied by variable sagittal profiles (TK 8—63°) and a broad range of apical vertebral rotations
(—30° to —5°). Anthropometric measures also reflected typical adolescents, with heights ranging
from 154 to 190 cm and weights between 40 and 92 kg. This ensured that the cohorts included
representative clinical cases, although extreme deformities and atypical Lenke curve types were
not explicitly targeted. The test conditions covered a broad range of clinically relevant surgical
strategies. Simulations included UIV levels from T2 to T6, LIV from T11 to L4, fusion lengths
spanning 7 to 13 vertebrae, screw densities ranging from 1.2 to 2.0, and rod curvatures ranging
from 0° to 40°. This range of simulated constructs reflects the planning options most often used in

AIS correction and supports the framework’s applicability to typical clinical decision-making.
Model Form and Assumptions

The framework builds on prior validation work, where simulated corrections were compared in 35
AIS cases with detailed pre- and postoperative radiographic data and shown to reproduce coronal
and sagittal Cobb angles within 5° of surgical outcomes, supporting its adequacy for biomechanical
evaluation under analogous surgical conditions [25, 44, 58, 257]. Although certain model
assumptions, such as stiffness properties and boundary conditions, were adopted from these earlier
validation works, their influence was not explicitly re-evaluated in the present study. Given the

comparable context, however, similar behavior can reasonably be expected.

Three-dimensional reconstructions were obtained using a previously validated self-calibration and
optimization method [258], with reported accuracy of 1.2 + 0.8 mm for vertebral bodies and 1.6 £
1.1 mm for pedicles [137]. These error margins define the resolution of extracted radiographic
parameters. As the same reconstruction workflow was applied here, comparable accuracy and

repeatability are anticipated without the need for additional measurement studies.
Postoperative Outcome Validation

The first validation strategy assessed whether the simulation framework could reproduce the spinal
alignment achieved in surgery, using data from 35 AIS patients (dataset presented in Article 3,

Chapter 5). For each case, patient-specific instrumentation was reproduced in the 3D MB model,
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and predicted alignment was compared with the actual postoperative radiographs. Results
demonstrated close agreement between simulated and observed outcomes. Mean differences were
small and consistently within a clinically meaningful £5° threshold, with no statistically significant
discrepancies detected (Figure 6.9). With 35 patients, the analysis provided more than 90%
statistical power to confirm equivalence for MT Cobb, establishing strong confidence in the
accuracy of the framework. These findings support that the model produces biomechanically
realistic and clinically acceptable predictions of postoperative alignment. Detailed results,
including per-patient comparisons and statistical outputs, are presented in Appendix H -

Postoperative Outcome Validation.

Figure 6.9 Comparison of Simulated and Actual Postoperative 3D Alignment Outcomes

Boxplots show MT Cobb, TK, and AVR values; horizontal lines indicate medians, boxes show
interquartile ranges, and whiskers denote data spread. No significant differences were observed (all
p > 0.32), and all means fell within the £5° clinical equivalence margin.

Sensitivity to Surgical Inputs

The robustness of the framework to variations in surgical instrumentation was tested in 20 patients
(dataset from Article 3 presented in Chapter 6) with 280 simulations exploring clinically relevant
perturbations in rod curvature (£10°), fusion levels (UIV/LIV =£1 vertebra), and screw distributions
(five patterns, density 1.2-2.0). Results showed distinct effects across parameters (Table 6.4). Rod
curvature changes had a limited influence on MT Cobb and AVR but produced deviations of up to
9° in TK, confirming that sagittal alignment is most responsive to rod contouring. Fusion level
selection was the most influential factor, driving the most considerable changes in all three

alignment metrics and occasionally increasing implant loading by more than 100 N, consistent with



214

its recognized impact on clinical outcomes. Screw distribution had minimal effect on 3D correction
but substantially modulated implant forces: high-density constructs increased pullout in most cases,
while lower-density strategies reduced loads by nearly 60% without compromising correction.
However, recent computational analyses suggest that when screws are well aligned, higher screw
densities can actually lower average bone—screw forces, highlighting that construct design and
alignment are critical determinants of load distribution [217]. Across these instrumentation
variations, the model maintained stable and realistic predictions for both spinal alignment and
implant loading, demonstrating reliability under diverse planning conditions. Full results are

detailed in Appendix I - Sensitivity Analysis of Instrumentation.

Table 6.4 Sensitivity Analysis Results for Surgical Input Variations - 20 AIS Patients, 280

Simulations
Variation MT Cobb (°®) TK (®) AVR(°) Screw pullout
tested
Rod curvature =+1.6 +9.1 +1.8 Stable
(x10°)
Fusion levels +14.0 +9.2 +3.1 1 >100 N in 3 cases
(UIV/LIV #1)
Screw pattern +3.3 +2.0 +1.8 Higher density 1 forces in 74% of
(5 configs) cases; low-density (1.2) | forces

~59% while maintaining correction

Implications for Credibility

As indicated in Table 6.5, the developed numerical model generally met expectations for a
medium-low risk decision-support tool. Moderate scores were achieved for model form and input
sensitivities, as several assumptions (e.g., boundary conditions, material properties) were adopted
from prior validated models without re-evaluation in this study. The validation datasets used
spanned a representative range of clinical cases and surgical strategies, and comparisons were
based on quantitative analyses. However, some aspects, such as uncertainty propagation and
validation in extreme-case scenarios, were not fully addressed, consistent with the framework’s
feasibility status. Overall, outcome validation and sensitivity analyses described -earlier
demonstrated that the model delivers biomechanically realistic, decision-relevant outputs for AIS
surgical planning, supporting its credibility at the medium—low risk level defined by ASME V&V
40.
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Table 6.5 Goals for Credibility Factors associated with Validation

Credibility Factor Selected Justification Summary
Grade
Computational Model
Model Form b Model assumptions (e.g., stiffness, boundary conditions) were adopted from earlier validated

AIS simulation frameworks [25, 44, 58, 257]. Their influence was not re-evaluated here, but
given the analogous surgical context, similar behavior is expected.

Model Inputs: b/c Sensitivity analyses were performed on selected key inputs, including rod curvature and screw
Quantification of pattern (Appendix I - Sensitivity Analysis of Instrumentation).
Sensitivities
Model Inputs: b Expected key uncertainties (e.g., preop curvature, flexibility) were identified and assessed,
Quantification of though propagation to outputs was not fully implemented.
Uncertainties
Comparator
Comparator Quantity | c An outcome validation study was conducted, involving 35 patients, each with pre- and
of Test Samples postoperative measurements of MT Cobb, TK, and AVR, providing statistical validity
(Appendix H - Postoperative Outcome Validation).
Range of b/c The cohort represented typical AIS patients (age 13—19, Risser 2—5, Lenke 1-2), spanning MT
Characteristics of Test Cobb angles of 48—68°, TK angles of 8-63°, and AVR angles of —30° to —5°; extreme curve
Samples types were not explicitly targeted.
Measurements of Test ¢ Key radiographic parameters (MT Cobb, TK, AVR) were extracted pre- and post-operatively.
Samples
Uncertainty of Test c Instrument accuracy and repeatability were established in prior studies [137, 258], with
Sample Measurements reported reconstruction errors of ~1-2 mm for vertebrae and pedicles; no new repetition
analysis was performed.
Quantity of Test c More than four construct strategies were evaluated per patient across diverse test conditions.
Conditions
Range of Test b Simulations covered clinically relevant planning scenarios (UIV T2-T6, LIV T11-L4, 7-13
Conditions fused levels, screw density 1.2-2.0, rod curvature 0—40°).
Measurements of Test ¢ Construct variations spanned both standard and extreme surgical scenarios.

Conditions



Uncertainty of Test

Sample Measurements

Equivalency of Input
Parameters

Output Comparison:
Quantity

Output Comparison:
Equivalency of
Output Parameters
Output Comparison:
Rigor of Output
Comparison

Output Comparison:
Agreement of Output
Comparison

216

Table 6.5 Goals for Credibility Factors associated with Validation (cont’d)

Instrument accuracy and repeatability are supported by prior validation studies [137, 258],
though not re-assessed here.

Assessment
Patient-specific models matched clinical radiographs; types and ranges of input parameters
were equivalent.
Multiple outputs (MT Cobb angle, TK, AVR, pullout) were compared between simulation and
post-operative results.
Compared output types were equivalent between simulations and clinical measurements.

Simulation results were compared with postoperative radiographic measurements using
quantitative metrics, but uncertainties were not propagated.

An agreement was reached for the majority of comparisons, with deviations below the 5°
clinical relevance threshold in most cases, but not all.
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6.2.2.7 Applicability to the COU

The applicability to the COU domain addresses the alignment between the validation data, outputs,
and conditions, and the model’s real-world role in clinical decision-making. Rather than
reassessing accuracy, this component focuses on whether the types of patients, surgical scenarios,
and output metrics used during validation truly represent the setting in which the model is intended
to operate. In this work, validation relied on two AIS patient cohorts (n = 35 and n = 20) spanning
a representative adolescent clinical population, with diverse curve severities, Lenke types, and
sagittal profiles. Surgical conditions tested included a broad range of UIV/LIV levels, rod
curvatures, and screw densities, reflecting the planning decisions typically encountered in posterior
spinal fusion for AIS. The outputs evaluated (MT Cobb, TK, AVR, implant pullout) correspond

directly to clinically relevant decision parameters and surgical goals.

As summarized in Table 6.6, the validation efforts addressed the full scope of the model’s intended
application, both in terms of output relevance and the diversity of planning conditions covered.
This alignment strengthens the translational relevance of the model and supports its potential use

in future exploratory clinical studies.

Table 6.6 Credibility Factors Associated with Applicability to the COU

Credibility Selected  Justification Summary

Factor Grade

Relevance of c The quantities of interest used in validation (e.g., MT Cobb angles,
the QOIs TK, AVR) were the same as those evaluated within the COU.
Relevance of d Validation activities directly mirrored the COU, with simulations and
the Validation comparisons covering the full range of surgical constructs and patient
Activities to the anatomies intended for clinical use.

COU

6.2.3 Conclusions on Credibility Assessment

The comprehensive credibility assessment activities support the conclusion that the CM&S
framework developed in this thesis meets expectations for a medium-low risk decision-support tool
in the context of AIS surgical planning. Verification confirmed correct model implementation and

stable solver performance, while validation showed that the model can reproduce credible
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postoperative spinal alignment across a range of real clinical scenarios. Sensitivity analyses further
demonstrated that outputs remained robust under varied surgical inputs. The validation strategy
was purposefully aligned with the model’s intended use, focusing on clinically relevant outputs
and planning decisions. Although some elements, such as discretization error and uncertainty
propagation, did not reach the target credibility levels, this is consistent with the framework’s
feasibility stage. In summary, the model shows adequate levels of credibility for exploratory use
in surgical planning research. Further refinements in usability, uncertainty quantification, and

prospective validation will be required before clinical implementation is feasible.
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CHAPTER 7 GENERAL DISCUSSION

The work presented in this thesis aims to address a longstanding challenge in the surgical
management of AIS: the need to more holistically account for 3D spinal deformities and both
patient- and instrumentation-specific biomechanical characteristics when planning PSF surgical
instrumentation. More specifically, this work set out to articulate and investigate the following
research question: To what extent can a hybrid approach, combining Al, a deterministic 3D
biomechanical patient-specific model, and an optimization algorithm, accurately and precisely
integrate key PSF parameters (upper and lower instrumented vertebrae, screw density, and rod
curvature) to optimize the planning and prediction of AIS correction based on individual patient

characteristics?

This question was explored through a series of complementary studies presented in Chapters 4
through 6. The first part of the work addressed our first objective by reviewing how deep learning
has been applied in spine imaging and surgical decision-making. Building on this, an original
neural network model was developed to predict surgeon-like instrumentation strategies using
preoperative clinical and radiographic data. To meet the second objective, these Al-generated
instrumentations were tested in silico using a multibody biomechanical model that simulated their
effect on spinal alignment and mechanical loading. The third objective was addressed by
implementing an optimization method to identify instrumentation configurations that could
improve 3D correction while reducing implant use and fusion length, without compromising
biomechanical safety. Finally, the fourth objective involved applying the ASME V&V40:2018
framework to verify, validate, and quantify the uncertainty of the computational model, thereby
strengthening the credibility of both the model and the framework, and considering potential

implications for regulatory readiness in the context of preoperative surgical planning.

The results obtained provide compelling evidence of the proposed framework's proof of concept.
The Al model demonstrated high predictive performance (precision and accuracy greater than 85%
for most predicted outcomes) for instrumentation parameters, supporting our first hypothesis.
When integrated into biomechanical simulations, Al-derived constructs achieved comparable or
superior 3D correction compared to surgeon-performed strategies in most cases, particularly in

restoring thoracic kyphosis and axial derotation, thereby supporting our second hypothesis.
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Optimization further identified instrumentation plans delivering similar or improved 3D correction
with fewer implants and shorter fusions, while maintaining comparable implant loading, thus
generally supporting our third hypothesis. These collective advances led to four peer-reviewed

journal articles and one peer-reviewed conference presentation.

This general discussion reflects on how the results collectively address the initial research questions
and objectives, while also considering their broader implications for clinical practice. The chapter
begins by examining the potential of the proposed hybrid framework to improve the consistency,
efficiency, and personalization of AIS surgical planning. It then offers a critical appraisal of the
methodological limitations inherent to the Al and modeling approaches used. Finally, it discusses
the translational challenges of progressing from in silico validation to clinical implementation,
including regulatory, ethical, and data governance considerations that are essential for the safe,

transparent, and responsible adoption of computer-model-based decision support systems in spine

surgery.

7.1 Implications of Results for Clinical Practice

7.1.1 Bridging the Gaps from Available Tools

The work presented in Chapters 4 and 5 demonstrates how this thesis's findings have surpassed the
limitations of existing tools by directly integrating predictive modeling with biomechanical
simulation in a unified workflow. While systems like UNiD or EOSsim, discussed in Chapter 2,
illustrate current capabilities and constraints, the contribution here lies in bridging those two
worlds: generating patient-specific surgical strategies through Al prediction, followed by rigorous
evaluation with validated physics-based multibody simulations. This approach enabled the
comparison of multiple plausible constructs for the same patient, grounded in both anatomical and
biomechanical considerations, rather than relying on static rules or evaluating only a single

predefined plan.

By embedding these predictions within a simulation environment, the work expanded the planning
process from descriptive to exploratory, allowing the assessment of how variations in construct

design could influence alignment, mechanical loading, and other surgical objectives. However, at
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this stage, the exploration was limited to pre-generated configurations, without dynamic adaptation
to competing goals. Addressing this gap, Chapter 6 introduced a multi-objective optimization
framework capable of refining Al-predicted strategies according to both clinical and biomechanical
priorities. Instead of beginning with a fixed plan, surgeons can now explore how different
instrumentation choices perform under varying objectives, such as maximizing 3D correction,
minimizing implant burden, or preserving motion segments, thereby transforming the process into
an interactive and patient-specific exercise. Results showed that this integrated and optimized
approach can produce instrumentation plans that match or exceed expert strategies in both
correction quality and biomechanical feasibility, highlighting its potential as a next-generation

planning paradigm.

This optimization approach builds on earlier efforts in simulation-based planning for AIS, such as
those by Majdouline et al. (2009) and La Barbera et al. (2021), which showed that patient-specific
biomechanical models and optimization algorithms can help predict postoperative alignment and
assess the effects of surgical parameters such as fusion level and rod stiffness [39, 44, 259].
However, these earlier approaches typically required the manual specification of candidate
constructs and did not integrate Al predictive modeling. The framework developed in this thesis
advances the field by combining Al-based instrumentation prediction, deterministic biomechanical
simulation, and multi-objective optimization in a single workflow. By using Al-predicted
constructs as starting points and exploring variations around them, as introduced in Chapter 6,
computation time for patient-specific optimization was reduced from over 36 hours per case [44]
to less than 6 hours per patient, in hidden computation time on a standard, non-specialized

computer.

7.1.2 Opening the Door to Shared Decision-Making

Beyond its technical capabilities, the planning framework developed in Chapter 6 offers the
potential for a cultural shift in AIS surgical care, opening the possibility for surgeons, patients, and
families to take a more active role in preoperative discussions, an aspect not directly addressed in
this thesis but considered a promising perspective for future work. Rather than producing a single,

fixed recommendation, the system enables the surgeon to explore multiple biomechanically viable
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strategies, each with a distinct balance of correction, invasiveness, and implant use. This flexibility
makes the trade-offs between surgical options visible, concrete, and discussable, and also opens
the door for a planning approach that is both transparent and adaptable. By assigning weights to
different surgical objectives, clinicians can tailor plans to reflect not only anatomical correction
goals but also broader priorities such as mobility preservation. Rather than dictating a single “best
solution”, the framework supports the generation of several biomechanically viable options, each
reflecting a different balance of trade-offs. This allows surgeons to communicate, for example, how
one option may offer greater rotational correction but require a longer fusion, while another might
preserve more spinal mobility at the expense of minor aesthetic compromise. In turn, the
framework supports a shift from a one-way surgeon decision to a collaborative process, enabling
clinicians to explain the biomechanical and correction consequences of different strategies and for
patients to voice their preferences. Having such a tool is especially relevant in AIS, where clinical
and personal priorities often intersect. While radiographic alignment remains central, many patients
and their families care more about posture, rib symmetry, and physical confidence, factors that are
not always prioritized in traditional planning frameworks [127, 128]. Although not directly
addressed in this thesis, these patient-centered outcomes could be incorporated in future
developments, aligning surgical strategies with both anatomical correction and individual values.
Ultimately, personalized care means matching constructs not only to anatomy but also to the
patient’s goals, and the ability to compare and discuss multiple valid, simulation-grounded options

moves this vision closer to reality.

7.1.3 Cost and Risk Management

In this thesis, the Al-based strategy presented in Chapter 4 was designed to emulate expert surgical
judgment and often generated constructs with fewer implants, without increasing simulated
mechanical risk. These early results suggested potential for more cost-efficient planning. The
integration of the optimization framework in Chapter 6 strengthened this evidence, showing that
surgical burden, both in implant density and fusion length, could be reduced while maintaining or
even improving 3D correction and biomechanical integrity. On average, optimized constructs

achieved up to 3° greater major curve correction, with 21% fewer pedicle screws (a mean reduction
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of 4 screws per patient) and a potential of two fewer fused levels compared to surgeon-performed
strategies. These findings are notable given that postoperative complications such as implant
failure, suboptimal alignment, and revision surgery remain a substantial burden in AIS treatment,
with 7-13% of patients requiring reoperation within five years [46, 47]. Many such events are
linked to modifiable surgical factors, including fusion length, screw density, and rod configuration,

that influence both outcomes and resource use [40, 48-61].

Although no formal cost analysis was performed, the implications are notable. Literature suggests
that low-density constructs can reduce implant costs by approximately $1200 per vertebral level
compared to high-density strategies [260], with implants accounting for roughly 25% of total AIS
hospital costs and screw density being an independent cost predictor [261]. Using a conservative
range of $600-$1000 per pedicle screw [172], the observed screw reduction equates to a direct
implant cost saving of $2400-$4000 per patient. These results align with projections by Larson et
al., who estimated that reducing 3.2 screws per patient could yield $11-$20 million in annual U.S.
savings, or 4—7% of national AIS hospitalization costs [172]. Our reduction of 4 screws per patient

falls above this range, underscoring the potential economic impact if replicated in clinical practice.

Clinically, shorter constructs are linked to better postoperative mobility, reduced pain, and lower
complication rates, as well as shorter surgeries and hospital stays [262-266]. These results
challenge the assumption that high-density, “over-instrumented” constructs inherently produce
better outcomes, instead suggesting that patient-specific, simulation-informed strategies could
reduce both patient burden and system costs. While this study did not experimentally confirm that
lower instrumentation burden decreases complication rates, a critical step for future research, the
convergence of correction quality, mechanical safety, and reduced surgical burden observed here

supports further investigation of optimization as a means to enhance surgical value.

7.2 Methodological Limitations

The specific limitations of the developed models and datasets used have been addressed in
Chapters 4 to 6, alongside each technical development (e.g., reliance on a narrow dataset, exclusion

of specific clinical decision criteria from Al training, and validation limited to simulations). Here,
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broader issues are considered, focusing on the generalizability, fairness, and clinical readiness of
Al- and simulation-based planning tools. A key limitation concerns the generalizability of the
neural network. It was trained on a relatively small, homogeneous cohort from the MIMO trial,
primarily female patients with Lenke type 1 curves and limited ethnic diversity. This narrow
training base may bias predictions and limit performance in more complex or diverse populations.
While biomechanical simulation helps mitigate this risk by allowing construct performance to be
tested across various scenarios, the initial strategies remain anchored to the Al-generated baseline

outputs, so any embedded bias may persist.

The reliance on retrospective data also presents challenges. Historical surgical strategies often
reflect local norms rather than universally accepted, evidence-based standards. As a result, the
neural network may encode preferences that lack broad clinical justification, particularly if certain
instrumentation styles were overrepresented. Here, the integration of biomechanical simulation and
optimization is a crucial countermeasure, enabling clinicians to review and refine Al suggestions
rather than accepting them at face value. The dataset’s age is another factor: many surgical plans
are over a decade old, predating current instrumentation, hardware, and surgical objectives.
Comparisons between model- and surgeon-selected constructs may therefore reflect outdated
practices. To remain clinically relevant, the framework will need evaluation with recent,
prospectively collected cases and periodic retraining to stay aligned with evolving surgical

approaches.

Finally, all results in this thesis are derived from biomechanical simulations. While rigorously
validated simulations provide robust insights into construct performance, they cannot fully capture
intraoperative variability, individual biological responses, or long-term outcomes. Whether
simulated advantages, such as reduced implant burden or improved alignment, translate into better
patient outcomes remains to be confirmed through prospective clinical studies. These limitations
define the pathway from proof of concept to clinical application: expanding and diversifying
datasets, updating and refining models, and conducting prospective validation will be essential for

the safe and effective integration into surgical practice.
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7.3 Clinical Integration Challenges

Despite promising simulation results, translating the proposed planning framework into
routine clinical practice entails several practical challenges that go beyond predictive model
accuracy. These include technical, institutional, and human factors that must be addressed to enable
successful adoption. A key hurdle is workflow integration. Although computational runtime has
been reduced significantly, from over 36 hours to under 6 hours per case [44], the process still
relies on specialized software, imaging inputs, and computational resources that are not widely
available in clinical environments. Additionally, the framework currently operates in a research
environment without direct connections to EHRs or PACS. As highlighted in recent reviews,
interoperability gaps between clinical systems limit the scalability of Al-based tools [267, 268].
Establishing standardized data formats and secure interfaces with clinical IT systems is a critical

first step.

Another challenge is demonstrating clinical utility. While simulation results suggest the potential
for reducing implant burden and improving spinal alignment, the actual impact on surgical
workflow, decision-making, and patient outcomes in real-world settings remains untested. As seen
with many digital health tools, innovations often falter not due to technical performance but from
a lack of demonstrated relevance in practice [269]. Surgeon acceptance is also essential. The
framework may propose construct strategies that depart from conventional norms in terms of fusion
length or implant density, challenging ingrained habits. Given that surgical planning often rests on
anatomical classification and years of tacit experience [6, 18], any Al- and simulation-based
system must be accurate, explainable, and intuitive. Surgeons need to understand not only the
recommendation but also the reasoning behind it. There is also an educational gap. Few surgeons
are trained to interpret the outputs of machine learning or biomechanical simulations. This lack of
knowledge can lead to either uncritical acceptance of algorithmic suggestions or unwarranted
skepticism. Early engagement, user training, and emphasis on interpretability have been

highlighted as key to the adoption of such numerical models [268, 269].

Nevertheless, a notable strength of this thesis lies in the interdisciplinary nature of the development
team, which involves engineers, spine surgeons, and veterinary scientists, ensuring clinical

relevance and responsiveness to user needs. Scaling implementation will require extending this
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engagement to IT staff, administrators, and patients. Experiences from prior digital health projects
demonstrate that insufficient stakeholder involvement during development often results in a poor
fit and limited uptake [270, 271]. In summary, the future success of this planning system will
depend not only on its technical merits but also on thoughtful clinical integration, a clear
demonstration of added value, and continuous co-development with end-users. Without these
elements, the framework risks remaining a research tool rather than becoming part of routine

surgical practice.

7.4 Policy and Ethical Considerations

7.4.1 Developing Policies and Guidelines

The clinical adoption of decision-support technologies depends not only on performance and
usability, but also on regulatory credibility and international alignment. The planning framework
developed in this thesis, which combines Al prediction, biomechanical simulation, and multi-
objective optimization, falls between multiple regulatory categories. Under Health Canada’s
current SaMD guidance, it meets all four exclusion criteria and, consequently, is not subject to
medical device licensing [255], though such a designation may become necessary as it nears
clinical use. Nevertheless, broader regulatory challenges remain. While standards such as ASME
V&V 40 guide the validation of static computational models, they do not fully address adaptive,
data-driven tools incorporating machine learning. This has practical implications: unlike
deterministic systems, the planning framework enables surgeons to explore multiple options
shaped by trade-offs among correction, implant economy, and mechanical risk. Such flexibility,
while clinically valuable, complicates the definition of model validity, especially if regulations
focus narrowly on matching a predefined ground truth. For exploratory decision-support tools,
evaluation must consider both clinical utility and accuracy. Transparency is equally important.
Although biomechanical simulation enhances interpretability compared to black-box Al, the
system still lacks a straightforward explanation for why specific strategies are favored. Results
show that varying optimization weights can yield distinct, yet mechanically sound constructs. To

support shared decision-making and build trust, clearer standards are needed to define what
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qualifies as an "explainable" surgical plan. No such regulatory benchmarks currently exist,

representing an important challenge for future work.

To address these gaps proactively, VVUQ activities were conducted in accordance with the ASME
V&V 10 and 40 frameworks, as detailed in Chapter 6. These efforts provide a structured foundation
for model credibility and position the developed framework for eventual clinical integration. The
collaborative development between Canada and the U.S. illustrates the value of aligning with
international best practices to ensure scientific rigor and cross-border applicability. In summary,
this thesis presents an advanced hybrid model that highlights the need for updated guidelines that
align with the rapid evolution of surgical Al and facilitate its responsive clinical application. While
regulatory gaps may slow adoption, this work demonstrates that such approaches are both feasible
and relevant, and that closing these gaps is essential for safely integrating next-generation decision-

support tools into surgical practice.

7.4.2 Importance of Patient Consent and Data Privacy

This thesis used anonymized, pre-consented data from the MIMO clinical trial. However, broader
clinical deployment will require consent processes that are more explicit, transparent, and
informative. Patients should understand not only that algorithmic tools may contribute to surgical
planning, but also how these systems operate and influence decision-making. Al in healthcare
raises legitimate concerns about data privacy, secondary use, and control of ownership [270]. Many
patients are willing to share data to improve care, but may object to its use in developing
commercial tools. This distinction, between academic research and commercial deployment, is
ethically and socially significant. As the system evolves toward clinical application, transparent
consent and clear boundaries about data use, ownership, and benefit sharing will be critical.
Technical measures, such as federated learning or synthetic datasets, can help mitigate privacy
risks while preserving performance; however, they cannot replace the need for transparent

governance and accountability.

Accountability is another open issue. If a model-informed plan contributes to a poor outcome, legal
responsibility will remain with the surgeon, yet ethical responsibility should be shared. Developers,

researchers, and institutions involved in building and promoting such tools must be transparent and
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accountable. In this work, all experiments were conducted within a research lab certified under ISO
13485 standards, ensuring traceability, risk management, and regulatory compliance. Maintaining
rigorous quality systems will be vital as the tool transitions to clinical use, not only to meet
regulatory requirements, but also to demonstrate a sustained commitment to patient safety,

transparency, and shared responsibility.
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CHAPTER 8 CONCLUSION AND RECOMMENDATIONS

This thesis directly addressed its central research question: whether a hybrid approach
combining Al, deterministic 3D biomechanical modeling, and optimization can accurately and
precisely integrate key posterior spinal fusion parameters (upper and lower instrumented vertebrae,
screw density, and rod curvature) to plan and predict AIS correction based on patient-specific
factors. Traditional surgical planning often relies heavily on surgeon experience and heuristic, rule-
based classifications, which may overlook the biomechanical complexity and variability of AIS.
The original framework developed in this thesis supports a more systematic and patient-specific

planning process grounded in computational modeling.

The first objective tested AI’s ability to replicate surgeon planning decisions using only
preoperative data. The trained neural network predicted instrumentation parameters with over 85%
accuracy, demonstrating that data-driven planning is feasible. Patient-specific biomechanical
simulations confirmed that Al-derived constructs achieved comparable or superior 3D corrections
to those planned by surgeons, particularly in sagittal alignment and vertebral derotation. However,
coronal correction was slightly lower in some cases. Adding the optimization step further improved
performance: optimized strategies used on average 21% fewer screws and up to two fewer fused
levels, while maintaining correction goals and often outperforming surgeon plans in 3D metrics.

Implant loading did not decrease, indicating room for further refinement.

These findings demonstrate that the hybrid approach can both replicate expert planning and
enhance it through systematic exploration of biomechanically viable alternatives. The proposed
framework bridges data-driven prediction and biomechanical reasoning, two approaches often
viewed as distinct, into a single, clinically meaningful process, enabling evaluation of multiple
tailored strategies beyond static, rule-based paradigms. Methodologically, it unites validation,
simulation, and multi-objective reasoning into a potentially translatable pipeline. Nonetheless,
reliance on a retrospective, relatively homogeneous dataset limits generalizability, and all results
remain in silico. While simulations were comprehensively validated in accordance with ASME
V&V 40 standards, prospective clinical trials will be necessary to confirm whether the observed
benefits translate to real-world outcomes. Clinical adoption will also depend on usability, surgeon

trust, and workflow integration. This work also raises regulatory and ethical considerations. As a
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hybrid Al-simulation decision-support tool, it occupies a regulatory gray area. Responsible
deployment will require addressing algorithmic bias, strong data governance, and clear definitions

of shared responsibility between clinicians and developers.

Beyond its technical achievements, this thesis contributes a novel conceptual and methodological
framework for integrating Al with comprehensively validated biomechanical simulation to support
patient-specific surgical planning. The ability to fuse data-driven predictions with biomechanical
reasoning and to optimize instrumentation through multi-objective strategies opens a new paradigm
in digital health tools for spine surgery. This hybrid approach moves beyond static planning models
toward an adaptive, simulation-based process that can evolve in response to patient needs, surgeon
priorities, and data availability. In doing so, this work addresses critical gaps in current clinical
workflows by offering a reproducible, explainable, and regulation-conscious pipeline that can be
embedded into shared decision-making practices. The framework’s modularity also makes it
adaptable to other spinal conditions or surgical techniques, offering a solid foundation for broader

clinical translation and future innovation in the sector.

To ensure successful clinical adoption and societal benefit, several key recommendations emerge

from this work:

i. Prospective Clinical Validation: A multi-center, prospective study would be needed to
evaluate the real-world impact of the proposed framework on surgical outcomes, resource
utilization (e.g., fusion levels, implant density), and patient-reported outcomes. This will allow for

quantification of clinical benefit and usability across diverse care settings.

ii. Human Factors and Integration in Workflow: To build surgeon trust and promote
effective use, the interface should be co-designed with end-users and integrated into standard
preoperative planning workflows. Usability testing and iterative improvements must ensure that

the tool supports, rather than disrupts, clinical decision-making.

iii. Regulatory and Ethical Readiness: Given its nature as a hybrid Al-simulation device,
the framework should be advanced toward regulatory clearance through continued compliance with
ASME V&V 40 and ISO 13485 practices. In parallel, clear governance structures must be

established to address accountability, data privacy, and explainability in clinical deployment.
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In conclusion, this thesis provides a comprehensive proof-of-concept that answers its research
question: a hybrid framework can integrate Al-based prediction with deterministic, patient-specific
biomechanical modeling to optimize key PSF parameters and support individualized, efficient, and
biomechanically grounded planning strategies. Although further validation, regulatory adaptation,
and clinical integration are needed, the results indicate a strong foundation for next-generation tools
that can assist spine surgeons and AIS patients in navigating complex surgical decisions. With
continued interdisciplinary collaboration and refinement, the proposed framework could evolve

into a practical, widely adoptable solution.
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APPENDIX A - ARTICLE 1: SEARCH STRATEGY

The broad search terms were selected to allow us to determine the scope and coverage of the body of literature available on the topic and
to clearly indicate the volume of literature and studies available, along with a detailed overview of its focuses. In order to do so, the search
terms included three parts, one to have anatomical structures related to the spine and spinal conditions, another to target the DL component

of the studies, and, finally, a part to search for relevant imaging modalities.

The search terms from the titles, abstracts, and subject headings of identified primary studies and previous systematic reviews in related

fields will be extracted and used to develop a search scheme presented in Table S.1 below.

The search terms from the titles, abstracts, and subject headings of identified primary studies and previous systematic reviews in related
fields were extracted and used to develop the search scheme. Search terms were also identified and checked using the PubMed PubReMiner
word frequency analysis tool. The relevance of the chosen Mesh terms and keywords were verified using the Yale MeSH Analyzer. Finally,

a publications test set of 3 studies previously identified as necessary was used to test against the proposed search strategies.

A citation search of the identified articles in the included studies was also be performed. Additional searches were done for gray literature
with Google Scholar, Proquest Dissertation and Theses Global, hand searching of reference lists, and conferences abstract from relevant

conferences.
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Table A.1 Search Formula used for the 4 Databases Included in the Systematic Review

Database

Search strategy

PubMed

((“Spine” [MeSH] OR “back”[MeSH] OR “Zygapophyseal Joint’[MeSH] OR “Spinal Diseases”’[MeSH] OR “Sciatica”’[MeSH] or "Spinal
Injuries"[MeSH] OR “Laminectomy”’[MeSH] OR “Cementoplasty”’[MeSH] OR “Diskectomy”’[MeSH] OR “Intervertebral Disc
Chemolysis”’[MeSH] OR “Laminoplasty”[MeSH] OR “Osteotomy”’[MeSH] OR “Spinal Fusion”’[MeSH] OR “Spinal Puncture”’[MeSH] OR
“Foraminotomy”’[MeSH] OR “Neuroendoscopy”’[MeSH] OR “Total Disc Replacement”’[MeSH] OR "Pedicle Screws”’[MeSH] OR Spine[tiab] OR
Spina*[tiab] OR "degenerative disc"[tiab] OR “vertebr*”[tiab] OR “scoliosis”’[tiab] OR "disc degeneration"[tiab] OR "Disc Degradation"[tiab] OR
"disc disease"[tiab] OR "intervertebral disc"[tiab])) AND ((("Machine Learning"[MeSH] OR "Neural Networks, Computer"[MeSH] OR "naive
bayes"[tiab] OR "bayesian learning"[tiab] OR "neural network*"[tiab] OR "random forest"[tiab] OR "deep learning"[tiab] OR "machine
prediction"[tiab] OR "machine intelligence"[tiab] OR "generative adversarial networks"[tiab] OR "Hierarchical Learning"[tiab] OR "computer
vision"[tiab] OR "computational intelligence"[tiab] OR "computational learning"[tiab] OR "computer reasoning"[tiab] OR "machine
learning"[tiab] OR "reinforcement learning"[tiab] OR "convolutional network*"[tiab] OR "artificial intelligence"[tiab] OR “Self Organizing
MAP"[tiab] OR "Self-Organizing MAP"[tiab] OR "AutoEncoder"[tiab] OR "CNN"[tiab] OR "GAN"[tiab] OR "GANN"[tiab])) OR
(("convolute"[All Fields] OR "convoluted"[All Fields] OR "convolutes"[All Fields] OR "convoluting"[All Fields] OR "convolution"[All Fields]
OR "convolutional"[All Fields] OR "convolutions"[All Fields] OR "convolutive"[ All Fields]) AND ("neural networks, computer"[MeSH Terms]
OR ("neural"[All Fields] AND "networks"[All Fields] AND "computer"[All Fields]) OR "computer neural networks"[ All Fields] OR ("neural"[All
Fields] AND "network"[All Fields]) OR "neural network"[All Fields]))) AND (("Diagnostic Imaging”[MeSH] OR ”Image Processing, Computer-
Assisted”[MeSH] OR “Imaging" OR "Radiograph*" OR "x?ray" OR "Tomograph*" OR "Magnetic Resonance" OR "MR?image*" OR "MRI" OR
"MRA"[tiab] OR "CT?Scan*" OR "Ultrasonograph*" OR "Ultrasound*" OR "PET?Scan" OR "c-arm" OR "fluoroscop*" OR "arthrogram*" OR
"arthrograph*" OR "venogram*" OR "venograph*" OR "cone?beam CT" OR "image-guided adaptive radiation therapy" OR "IGART"[tiab])) AND
(("2012/01/01"[Date - Publication] : "3000"[Date - Publication])) NOT ((systematic review[pt] OR review[pt]))
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Table A.1 Search Formula used for the 4 Databases Included in the Systematic Review (cont’d)

Web

Science

IEEE Xplore

of (((TS=(“Spine” OR “Spinal*” OR "vertebr*" OR “Intervertebral Disc*” OR "intervertebral disk*" OR “Lumbosacr*”’ OR “Sacrococcy*” OR

“Annulus Fibrosus” OR “Nucleus Pulposus” OR “Sacrum” OR “Epidural” OR “Zygapophyseal Joint*” OR "facet joint*" OR "spinous process*"
OR "transverse process*" OR "lamina" OR “Posterior Longitudinal Ligament*” OR "Spinal Injur*" OR “Sciatica” OR "low* back pain" OR
"degenerative disc*" OR “scoliosis” OR "disc degeneration" OR "Disc Degradation" OR "disc disease*" OR "disc herniat*" OR "Disc
Displacement” OR “Kyphosis” OR “Lordosis” OR “scoliosis” OR “Osteochondrosis” OR “Scheuermann Disease” OR “Osteophytosis” OR
“Hyperostosis” OR “Spondylitis” OR “Discitis” OR “Spondylarthritis” odor “Tuberculosis” OR “Spondylosis” OR “Spondylolisthesis” OR
“Spondylarthropathies” OR “Neurosurg*" OR “Laminectom®” OR “Cementoplast®” OR “Diskectom*” OR "discectomy" OR "micro?discectomy"
OR “Laminoplast*” OR “Spin* Fusion” OR “Spinal Puncture” OR “Foraminotom*” OR “Neuroendoscop*” OR “Disc Replacement” OR "Pedicle
Screw*” OR "discectom*" OR "interbod* fusion" OR "foraminotomy" OR "posterior decompression” OR "Posterior Gutter Fusion" OR
"Posterolateral gutter fusion" OR "Transforaminal" OR "artificial disc" OR "ALIF" OR "PLIF" OR "TLIF" OR "XLIF" OR "endif" OR "ACDEF"))
AND TS=((("machine learning" OR "naive bayes” OR "bayesian learning” OR "neural network*” OR "random forest” OR "deep learning”
"generative adversarial networks” OR "Hierarchical Learning” OR "reinforcement learning” OR "convolutional network*” OR “Self Organizing
MAP” OR "Self-Organizing MAP” OR "AutoEncoder” OR "CNN” OR "GAN” OR "GANN")))) AND TS=((("Diagnostic Imaging” OR “Imaging"
OR '"Radiograph*" OR "x?ray" OR "Tomograph*" OR "Magnetic Resonance”" OR "MR?image*" OR "MRI" OR "CT?Scan*" OR
"Ultrasonograph*" OR "Ultrasound*" OR "PET?Scan" OR "c-arm" OR "fluoroscop*" OR "arthrogram*" OR "arthrograph*" OR "venogram*" OR
"venograph*")))) AND PY=(2012-2021)

Search 1 (index terms):

("Index Terms":"Spine" OR "Index Terms":"vertebra" OR "Index Terms":"vertebrac" OR "Index Terms":"Spinal Disease" OR "Index
Terms":"Spine Surgery" OR "Index Terms":"Spinal Surgery") AND ("Index Terms":CNN OR "Index Terms":"Convolutional neural network" OR
"Index Terms":"deep learning") AND ("Index Terms":"Diagnostic imaging" OR "medical imaging" OR "Index Terms":"Radiography" OR "Index

n.n

Terms":"computed tomography" OR "Index Terms":"Magnetic Resonance")
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Table A.1 Search Formula used for the 4 Databases Included in the Systematic Review (cont’d)

Search 2 (abstract terms):

("Abstract":“Spine” OR "Abstract":“Spinal” OR "Abstract":"vertebrae" OR "Abstract":"vertebra” OR "Abstract":“Intervertebral" OR
"Abstract":“Lumbosacral” OR "Abstract":“Sacrococcygeal” OR "Abstract":“Annulus Fibrosus” OR "Abstract":“Nucleus Pulposus” OR
"Abstract":“Sacrum” OR "Abstract":“Epidural” OR "Abstract":“Zygapophyseal Joint” OR "Abstract":"facet joint" OR "Abstract":"spinous
process" OR "Abstract":"transverse process" OR "Abstract":"lamina" OR "Abstract":“Posterior Longitudinal Ligament” OR "Abstract":"Spinal
Injur*" OR "Abstract":“Sciatica” OR "Abstract":"low* back pain" OR "Abstract":"degenerative disc" OR "Abstract":“scoliosis” OR
"Abstract":"disc degeneration" OR "Abstract":"Disc Degradation" OR "Abstract":"disc disease” OR "Abstract":"disc herniation” OR
"Abstract":"Disc ~ Displacement”  OR  "Abstract":“Kyphosis” OR  "Abstract":“Lordosis” OR  "Abstract":“scoliosis”  OR
"Abstract":“Osteochondrosis” OR "Abstract":“Scheuermann Disease” OR "Abstract":“Osteophytosis” OR "Abstract":“Hyperostosis” OR
"Abstract":“Spondylitis” OR "Abstract":“Discitis” OR "Abstract":*“Spondylarthritis” OR "Abstract":“Tuberculosis” OR "Abstract":“Spondylosis”
OR "Abstract":“Spondylolisthesis” OR "Abstract":“Spondylarthropathies” OR "Abstract": “Neurosurgery" OR "Abstract":“Laminectomy” OR
"Abstract":“Cementoplasty” OR "Abstract":“Diskectomy” OR "Abstract": "micro?discectomy” OR "Abstract":“Laminoplasty” OR
"Abstract":“Spin* Fusion” OR "Abstract":“Spinal Puncture” OR "Abstract":“Foraminotomy” OR "Abstract":“Neuroendoscopy” OR
"Abstract":“Disc Replacement” OR "Abstract":"Pedicle Screw” OR "Abstract":"discectomy" OR "Abstract":"interbody fusion" OR
"Abstract":"foraminotomy" OR "Abstract":"posterior decompression" OR "Abstract":"Posterior Gutter Fusion" OR "Abstract":"Posterolateral
gutter fusion" OR "Abstract":"Transforaminal" OR "Abstract":"artificial disc" OR "Abstract":"ALIF" OR "Abstract":"PLIF" OR
"Abstract":"TLIF" OR "Abstract":"XLIF" OR "Abstract":"ETDIF" OR "Abstract":"ACDF") AND ("Abstract":"machine learning" OR
"Abstract":"naive bayes” OR "Abstract":"bayesian learning” OR "Abstract":"neural network*” OR "Abstract":"random forest” OR
"Abstract":"deep learning” "
"Abstract":"convolutional network” OR "Abstract":“Self Organizing MAP” OR "Abstract":"Self-Organizing MAP” OR "Abstract":" AutoEncoder”
OR "Abstract":"CNN” OR "Abstract":"GAN” OR "Abstract":"GANN") AND ("Abstract":"medical imaging" OR "Abstract":"Radiography" OR
"Abstract":"x?ray" OR "Abstract":"Tomography" OR "Abstract":"Magnetic Resonance" OR "Abstract":"MR?image*" OR "Abstract":"MRI" OR
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Table A.1 Search Formula used for the 4 Databases Included in the Systematic Review (cont’d)

Embase (‘spine'/exp/mj OR 'spine disease'/exp/mj OR 'spine surgery'/exp/mj) AND ( 'machine learning'/exp OR 'deep learning algorithm'/exp OR 'deep
learning model'/exp) AND ( 'radiodiagnosis'/exp OR 'computer assisted diagnosis'/exp OR muclear magnetic resonance'/exp OR 'image guided

biopsy'/exp OR 'imaging and display'/exp)
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APPENDIX C - ARTICLE 2: MATHEMATICAL FORMULATIONS AND
LOSS FUNCTION DEFINITIONS
Equation 1 - Min-Max normalization formula

X — Xmin

Xmax - Xmin

Xeg=

Where X represents the original value of a data point in the dataset, Xmin and Xmax are the
minimum and maximum values in the dataset, respectively, and X, is the normalized after
applying the Min-Max normalization process.

Equation 2 - Rectified Linear Unit (ReLU) activation function
R(z) = max(0,z)

where z represents the input to the ReLU (R) function.

Equation 3 — Softmax activation function

e?a
0(2)g = o7

Where z is the input vector to the Softmax function and a is an index that specifies the input
vector's element. In addition, e* is the exponential of the input z for class a, and the denominator
is the sum of the exponentials of the inputs for all classes in the dataset

Equation 4 - Mean Squared Error loss function for regression tasks

1 < .
MSE = N Z(}’i 7))
1=
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Where N is the number of data points in the dataset, yi and y T are the actual (true) and predicted
values for each data point, respectively. In addition, % »N | represent the mean operator for all
N data points in the dataset.

Equation S - multi-class cross-entropy loss function for classification tasks
N
1 ~
CE=-% Zlyi log(9:)
=

Where N is the number of data points in the dataset, yi is the actual (true) value in a one-hot
encoded vector format for each datapoint, and y 1 is the predicted probability distribution for each
data point, In addition, -% »N | represent the negative mean operator applied over the log
probabilities for all N data points in the dataset.

Equation 6 - NNML model combined loss functions

T
Lt = ) B(MSE,) +a(CEy)
t

Where T is the total number of data points for which the loss is being calculated, t is the total
number of tasks, B and a are weighting coefficients (hyperparameters) for the MSE and CE loss
components, respectively, MSE; is the Mean Squared Error loss for the t-th task, and CE; is the
cross-entropy for the t-th tasks. In addition, 3}  represent the summation over all tasks and data

points.

Equation 7: Root mean square error

N
1
RMSE = |2 (i = 9))?
i=1
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Where N is the number of data points in the dataset, yi and y T are the actual (true) and predicted

values for each data point, respectively. In addition, % »N | represent the mean operator for all
N data points in the dataset.

Equation 8: Mean absolute error

N
z lyi — 9l
i=1

Where N is the number of data points in the dataset, yi and y T are the actual (true) and predicted
values for each data point, respectively. In addition, % y¥ , represent the mean operator for all
N data points in the dataset.

MAE =

2|~

Equation 9: Mean absolute percentage error

%

N
100 =9
MAPE = Z |YL L
N i=1 Yi

Where N is the number of data points in the dataset, yi and y T are the actual (true) and predicted
values for each data point, respectively. In addition, 11?,—0 »N | represent the averaging of the
absolute percentage errors for all N data points in the dataset and multiplying by 100 to convert it
into a percentage.

Equation 10: Explained variance

Var(y —y)
EV=1- Var )

Where var() is the variance of the residuals and y and y”are the actual (true) and predicted
values.
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Equation 11: Root mean squared log error

N
1
RMSLE = |~ (log (v) ~ log (9)?
i=1

Where N is the number of data points in the dataset, yi and y T are the actual (true) and predicted
values for each data point, respectively. In addition, % y¥ , represent the mean operator for all
N data points in the dataset.

Equation 12: Accuracy

TP+TN
TP+TN+ FP +FN

Accuracy =

Where TP and TN are the true positives and negatives classified by the model, and FP and FN are
the false positives and negatives classified by the model.

Equation 13: Specificity

TN

Sp= —
P= TN +FP

Where TN are the true negatives classified by the model and FP are the false positives classified
by the model.

Equation 14: Sensitivity

TP

S¢= TP FN

Where TP are the true positives classified by the model and FN are the false negatives classified
by the model.
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Equation 15: Precision

TP

p . . —
recision —TP T FP

Where TP are the true positives classified by the model and FP are the false positives classified
by the model.

Equation 16: Recall

(Se X Npp) + (Sp X Nry)
N7p + Npy

Recall =

Where Se is the sensitivity, SP is the specificity, Ntp is the count of true positives classified by
the model, and Nt is the count of true negatives classified by the model.

Equation 17: F1 score

2 X precision X recall

F1 score = —
precission + recall
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APPENDIX D - ARTICLE 2: SUPPLEMENTARY COHORT DATA: NNML
DEVELOPMENT POPULATION

Figure D.1 Preoperative PA Radiographic Images of a Lenke 1 AIS Patient (A) with Manually
Identified Vertebral Landmarks (B, red dots)
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Figure D.2 Descriptive Statistics of the Patients Included in this Study

The data was stratified for each parameter according to the patients' respective datasets: model development (grey; n=179) and external
performance testing (blue; n=10). In the box plots, the box's middle line indicates the mean, the box's boundaries are the 25th and 75th
percentiles, and the whiskers are the 10th and 90th percentiles. * indicates a significant difference between the datasets with p<0.05
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Figure D.3 Distribution of the Patient's Upper and Lower End Vertebrae defining the Thoracic
Curve and Instrumented Vertebrae Included in this Study

Heat map showing the upper and lower end vertebrae defining the thoracic curves (A) and upper
and lower instrumented vertebrae according to the surgery performed (B). The numbers in the
square charts represent the incidence with the shade of grey indicating the relative abundances of
the corresponding vertebrae in the patients included in this study.
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Figure D.4 Sensitivity (Se) and specificity (Sp) of UIV and LIV Classification obtained during
Model Development Stages using the NNML and ST-NN Models.

Performance metrics of NNML (grey) and ST-NN (pink) models were calculated for each
vertebral level included in the internal testing subset (n=36 patients) from the model development
dataset over all folds (n=17 folds) from 3 experiments: 10-fold, 5-fold, and 3-fold cross-
validations subsets.

In the box plots, the box's middle line indicates the mean, the box's boundaries are the 25th and
75th percentiles, and the whiskers are the 10th and 90th percentiles.
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APPENDIX E - ARTICLE 2: NNML MODEL ARCHITECTURE
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APPENDIX F - COMPLEMENTARY METHODOLOGICAL ASPECTS
FOR CREDIBILITY ASSESSMENT OF THE COMPUTATIONAL
MODEL: ASME V&V 40 CREDIBILITY FACTORS

Credibility factors are summarized from ASME V&V 40 with gradations from lowest to highest

levels of credibility. The credibility activity level selected for this study is highlighted in bold.

F.1  Goals for credibility factors associated with verification.

Software Quality Assurance (SQA)

a. Very little or no SQA procedures were
specified or followed

b. SQA procedures were specified and
documented

c. SQA procedures were specified and
documented; the software anomaly list and
the software development environment are
fully understood and the impact on the COU
is analyzed and documented; quality metrics
are tracked

Numerical Code Verification (NCV)

a. NCV was not performed

b. The numerical solution was compared
to an accurate benchmark solution

c. Discretization error was quantified by
comparison to an exact solution, and a grid
convergence study demonstrated that the
numerical solution asymptotically
approached the exact solution as the
discretization was refined.

d. In addition to (c), the observed order of
accuracy was quantified and compared to the
theoretical order of accuracy.

Discretization Error

a. No grid convergence performed

b. Applicable grid convergence analyses
were performed and their respective

convergence behaviors were observed to be
stable, but the discretization error was not
estimated.

c. Applicable grid convergence analyses
were performed and discretization error was
estimated.

Numerical Solver Error (NSE)

a. No solver parameter sensitivity was
performed.

b. No solver parameter sensitivity was
performed. Solver parameters were
established based on values from a
previously verified computational model.
c¢. Problem-specific sensitivity study was
performed on solver parameters,
confirming that changes in simulation
results due to changes in the solver
parameters were negligible relative to the
model accuracy goal.

Use Error

a. Inputs and outputs were not verified.

b. Key inputs and outputs were verified
by the practitioner.

c. Key inputs and outputs were verified by
internal peer review.

d. Key inputs and outputs were verified by
reproducing simulations as part of an
external peer review.
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F.2  Goals for credibility factors associated with validation

Model Form

a. Influence of model form assumptions was
not explored.

b. Influence of expected key model form
assumptions was explored.

c. Comprehensive evaluation of model form
assumptions was conducted.

Model Inputs: Quantification of Sensitivities
a. Sensitivity analysis was not performed.
b. Sensitivity analysis on expected key
parameters was performed.

c¢. Comprehensive sensitivity analysis was
performed.

Model Inputs: Quantification of Uncertaintie
s

a. Uncertainties were not identified.

b. Uncertainties on expected key inputs
were identified and quantified, but were
not propagated to quantitatively assess the
effect on the simulation results.

c. Uncertainties on all inputs were identified
and quantified, and were propagated to
quantitatively assess the effect

on the simulation results.

Quantity of Test Samples

a. A single sample was used.

b. Multiple samples were used, but not
enough to be statistically relevant.

c. A statistically relevant number of
samples were used.

Range of Characteristics of Test Samples

a. One or more samples with a single set of
characteristics were included.

b. Samples representing a range of
characteristics near nominal were
included.

¢. Samples representing the expected
extreme values of the parameters were
included.

d. Samples representing the entire range of
parameters were included.

Measurements of Test Samples

a. Test samples were not measured and/or
characterized.

b. One or more key characteristics of the
test samples were measured.

c. All key characteristics of the test
samples were measured.

Uncertainty of Test Sample Measurements
a. Samples were not characterized or were
characterized with gross observations, and
measurement uncertainty was not addressed.
b. Uncertainty analysis incorporated
instrument accuracy only.

¢. Uncertainty analysis incorporated
instrument accuracy and repeatability
(i.e., statistical treatment of repeated
measurements).

d. Uncertainty analysis incorporated a
comprehensive uncertainty quantification,
which included instrument accuracy,
repeatability, and other conditions affecting
the measurements.



Quantity of Test Conditions

a. A single test condition was examined.
b. Multiple (two to four) test conditions
were examined.

¢. More than four test conditions were
examined.

Range of Test Conditions

a. A single test condition was examined.

b. Test conditions representing a range of
conditions near nominal were examined.
c. Test conditions representing the expected
extreme conditions were examined.

d. Test conditions representing the entire
range of conditions were examined.

Measurements of Test Conditions

a. Test conditions were qualitatively
measured and/or characterized.

b. One or more key characteristics of the
test conditions were measured.

c. All key characteristics of the test
conditions were measured.

Uncertainty of Test Sample Measurements
a. Test conditions were not characterized or
were characterized with gross observations;
measurement uncertainty was not addressed.
b. Uncertainty analysis incorporated
instrument accuracy only.

¢. Uncertainty analysis incorporated
instrument accuracy and repeatability
(i.e., statistical treatment of repeated
measurements).

d. Uncertainty analysis incorporated a
comprehensive uncertainty quantification,
which included instrument accuracy,
repeatability, and other conditions affecting
the measurements.
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Equivalency of Input Parameters

a. The types of some inputs were dissimilar.
b. The types of all inputs were similar, but
the ranges were not equivalent.

c. The types and ranges of all inputs were
equivalent.

Output Comparison: Quantity
a. A single output was compared.
b. Multiple outputs were compared.

Output Comparison: Equivalency of Output
Parameters

a. Types of outputs were dissimilar.

b. Types of outputs were similar.

¢. Types of outputs were equivalent.

Output Comparison: Rigor of Output Compa
rison

a. Visual comparison was performed.

b. Comparison was performed by
determining the arithmetic difference
between computational results and
experimental results.

c¢. Uncertainty in the output of the
computational model or the comparator
was used in the output comparison.

d. Uncertainties in the output of the
computational model and the comparator
were used in the output comparison.

Output Comparison: Agreement of Output C
omparison

a. The level of agreement of the output
comparison was not satisfactory for key
comparisons.

b. The level of agreement of the output
comparison was satisfactory for key
comparisons, but not all comparisons.
c. The level of agreement of the output
comparison was satisfactory for all
comparisons.




F.3 Goals for credibility factors associated with applicability to the COU.

Relevance of the QOIs

a. The QOIs from the validation activities
were related, though not identical, to those for
the COU.
b. A subset of the QOIs from the validation
activities were identical to those for the COU.
¢. The QOIs from the validation activities
were identical to those for the COU.

Relevance of the Validation Activities to the
Cou.

a. There was no overlap between the ranges
of the validation points and the COU

b. There was partial overlap between the
ranges of the validation points and the COU
¢. The COU encompassed some of the
validation points

d. The COU encompassed all validation
and the validation points spanned the
entire COU space.
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APPENDIX G - COMPLEMENTARY METHODOLOGICAL ASPECTS
FOR CREDIBILITY ASSESSMENT OF THE COMPUTATIONAL
MODEL: SOLVER PARAMETER SENSITIVITY STUDY

To support the verification of the computational model under the Numerical Solver Error (NSE)
criterion of the ASME V&V 40 (2018) framework, a targeted sensitivity analysis was conducted
to evaluate the influence of numerical solver parameters on key simulation outcomes. This activity
was essential to demonstrate that the selected solver settings do not introduce significant variability

in the biomechanical predictions, thereby contributing to the model's overall credibility.

Scope and aim. Under ASME V&V 40, Numerical Solver Error (NSE) was examined to confirm
that the equilibrium solver settings used in the multibody (MB) model do not materially influence
the study’s decision-making outputs within the stated Context of Use (COU): comparative
evaluation and optimization of patient-specific posterior spinal fusion (PSF) strategies in AIS.
Simulations were run in MSC Adams 2019 using the validated, patient-specific MB pipeline
described in Articles 3—4 and Chapters 5—6.

Design. A targeted sensitivity analysis varied six solver parameters around their defaults. The

following solver parameters were tested for their potential impact on model outputs:
e Error tolerance (error): Maximum allowable residual force error per iteration.

o Stability threshold (stability): Level of damping threshold or numerical stability for

equilibrium convergence.
e Force imbalance limit (imbalance): Permissible unbalanced force/moment magnitude.
e Time limit (tlimit): Maximum time allocated for solver convergence.
o Angular limit (alimit): Maximum angular deviation tolerated between iterations.

e Maximum iterations (maxit): Upper limit on the number of equilibrium solver iterations.



295

Each parameter (except stability) was perturbed +20% and simulations were rerun under these
conditions, except for the parameter stability, for which a more appropriate logarithmic variation
was applied due to its scale. Specifically, simulations were conducted with values of 1e-5 and 1le-
2, compared to the default 1e-3. Maxit additionally included 25 iterations to reflect the accelerated

screening setting used during early optimization screening runs.

The test set comprised 20 representative cases: 10 derived from actual postoperative patient
configurations and 10 from Al-predicted instrumentation strategies included in the optimization
study. The primary outcome measures analyzed were postoperative coronal Cobb angle, TK, AVR,
and average implant-related pullout forces. Statistical comparison using a mixed-effects model for
paired repeated measures. Multiple comparisons within each outcome variable were conducted
between all solver parameter conditions using Tukey’s method to adjust for multiplicity. All

outcomes are summarized as mean + SD, with statistical significance set at p < 0.05.

Findings. Across all parameters and ranges, no condition differed significantly from the default
setting for any outcome (all p > 0.05; Table G.1; Figure G.1). Mean deviations were generally
negligible (<1° for Cobb and AVR; <3.5 N for pullout). The only exception was TK, which showed
a deviation approaching 6° under the most extreme perturbation of the stability factor (1e-5-1e-2).
However, this occurred only in this stress-test condition; the validated default setting (stability =
0.001) was retained for all main analyses. Given this, and considering that <5° deviation would be
regarded as acceptable variation for TK, the observed change is not expected to impact the study’s

conclusions.
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Table G.1 Solver Parameter Sensitivity Table

P-values indicate the statistical difference between default and perturbed solver settings for each

outcome variable

=
Parameter Description Default A B c(l;)fference Z;fjj"f&;f;}:)ce G i
(°) (N)
orror Residual | 0.08- 0.02 0.00 0.00 0.01
tolerance | 0.12 =098 | (>0.99) | (p>0.99) | (p=0.99)
- Damping le-5, 0.96 5.70 0.80 1.98
Stability | 4 ior 0.000 | 4,5 0>099 | (P=099 | ©=098 | (=099
Force
. 0.00 0.00 0.00 0.00
Imbalance ;?:’Z;zlance 10 812 (r>0.99) (r>0.99) (r>0.99) (P=0.99)
- Max  time 0.00 0.00 0.00 0.00
Timit | 10 8121 5099) | (1099 | 05099 | (p>0.99
., Max angle 0.49 4.14 0.59 2.02
AW ey J 0 1=097) | =099 | (p=0.99) | (p=0.84)
25
. Max ’ 0.15 0.32 0.17 3.49
Macxit iterations | 20 gg‘ p=0.09) | (p=0.09) | (=0.09) | (p=0.99)

For the parameter maxit, in addition to +20% variations from the default of 250 iterations, a fourth
test case of 25 iterations was included. This setting reflects the early configuration used in the large-
scale optimization process (Chapter 6, Article 4), where simulation speed was prioritized to enable
screening of over 900 surgical construct configurations per patient. At that stage, instrumentation
strategies failing to converge within 25 iterations were automatically excluded from further
analysis. This resulted in the removal of average of less than 2 non-converging Al-derived
instrumentation options per patient, helping streamline the optimization workflow without

compromising on model credibility.
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Figure G.1 Solver Parameter Sensitivity Analysis across 14 Test Scenarios

(A) Overview of solver parameter perturbations (P0—-P13), where PO corresponds to the validated
default solver configuration and P11 to the reduced-iteration setting used during the optimization
screening phase. (B—E) Distribution of key outcome measures under each condition: (B)
postoperative MT Cobb angle, (C) thoracic kyphosis, (D) apical vertebral rotation, and (E) mean
implant pullout force.

Boxplots display the 5th—95th percentile range with median values, red boxes (P0) indicate the
default solver settings used for all final analyses, and blue boxes (P11) indicate the accelerated
solver configuration applied during optimization screening. No significant differences were
detected between PO and any perturbed solver condition (all p > 0.05).
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Interpretation. Varying residual tolerance, stability factor, imbalance limit, time and angular
limits, and iteration cap produced no statistically significant changes in simulated MT Cobb, TK,
AVR, or average pullout forces compared with the default solver configuration (all p > 0.05). The
absolute mean deviations observed under the most extreme tests (log-scaled stability; 25-iteration
cap) were numerically small and critically subordinate to the model’s validated accuracy for
postoperative spinal alignment outcomes in this application. In other words, the numerical solution
procedure is not a dominant source of variability relative to the model-measurement agreement

already established for this MB framework.

From a COU perspective (patient-specific comparison and optimization of constructs rather than
prediction of absolute loads in isolation), this stability is decisive: rankings among candidate
strategies, and thus optimization decisions, are robust to reasonable solver perturbations. The use
of a 25-iteration cap during the screening phase did not alter conclusions, because (i) only a very
small number of non-convergent Al-derived options per patient were excluded at that stage, and
(i) all shortlisted strategies were re-evaluated with default solver settings for final selection and

for every analysis reported in Article 4 (Chapter 6).

Implications for credibility. These results support NSE at level ¢ (ASME V&V 40) for the COU.
Practically, they justify (i) the use of the default solver settings for all primary analyses in Article
3 (comparative biomechanics; default solver settings in Table G.2) and for the formal comparison
between Al-derived optimized instrumentation and the actual surgical constructs in Article 4
(patient-specific optimization), and (ii) the temporary 25-iteration cap for screening of large

configuration sets (reduced-time solver settings presented in Table G.2).
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Table G.2 Solver Parameter Settings used during the Initial Optimization Phase for Rapid
Screening of Al-derived Instrumentation Strategies

Value used

error Residual tolerance 0.1

Parameter Description

stability Damping factor 0.001

imbalance | Force imbalance limit | 10.0

tlimit Max time (s) 10.0
alimit Max angle (°) 5.0
maxit Max iterations 25

Conclusion. The solver parameter sensitivity study demonstrates that the Adams-based
equilibrium solver configuration used in this thesis provides numerically stable and decision-
invariant outputs for the key clinical and biomechanical metrics that drive the developed digital-
twin workflow. Accordingly, NSE credibility is established at level ¢ for the specified COU,
supporting the standardized solver settings adopted throughout (Articles 3 and 4 presented in
Chapters 5 and 6). This supports the credibility of the model’s verification activities and justifies
the use of the standardized solver parameters used in the main study population. Together with
prior validation of the MB pipeline and the optimization results (972 configurations/patient; 20
patients), these findings strengthen the overall credibility of the CM&S framework for regulatory-
aligned assessment under ASME V&V 40-2018 and its intended future translational path.
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APPENDIX H - COMPLEMENTARY METHODOLOGICAL ASPECTS
FOR CREDIBILITY ASSESSMENT OF THE COMPUTATIONAL
MODEL: POSTOPERATIVE OUTCOME VALIDATION

To support the validation of the computational model under the Output Comparison: Agreement
of Output Comparison criterion of the ASME V&V 40 (2018) framework, a postoperative outcome
validation study was performed. This activity aimed to determine whether the MB simulation
framework can reproduce the spinal alignment achieved after PSF in AIS patients. By comparing
predicted versus actual surgical outcomes, the analysis tested the accuracy of the framework in

replicating clinically relevant corrections.

Scope and Aim. Within ASME V&V 40, outcome validation addresses whether model outputs are
equivalent to the clinical measurements they seek to represent. The specific aim here was to
evaluate the agreement between simulated and actual postoperative values of MT Cobb, TK, and
AVR in AIS patients. The analysis further sought to establish whether deviations remained within
a clinically meaningful threshold (+5°), thereby confirming that the framework can generate

predictions suitable for patient-specific evaluation and optimization of PSF constructs.

Design. The analysis used a cohort of 35 AIS patients (Article 3 dataset), each with complete pre-
and postoperative biplanar radiographs. Patient-specific 3D MB models were reconstructed using
the same previously validated method based on self-calibration and optimization algorithms as
described in Chapter 5. For each patient, the simulation reproduced the exact instrumentation and
maneuvers applied by the surgeon. Alignment outcomes were evaluated using three clinically
relevant radiographic parameters: MT Cobb angle, TK, and AVR. A +5° equivalence margin was
adopted as the threshold of clinically meaningful difference, reflecting the established accuracy of
3D reconstructions from biplanar radiographs [272]. Statistical analysis was performed using two-
way repeated-measures ANOVA with patient matching to compare simulated versus actual

outcomes.

Findings. Simulation predictions closely matched the actual postoperative results. Across all three
measured parameters, average differences were small and consistently fell within the predefined

+5° margin of clinical relevance (Table H.1). Standard deviations also remained inside this
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threshold, further supporting the accuracy of the model. Statistical testing confirmed the absence
of significant differences between simulated and surgical results (MT Cobb p = 0.5893; TK p =
0.9852; AVR p = 0.3228). With a cohort of 35 patients, the study achieved approximately 94%
power to demonstrate that deviations in MT Cobb remained within the equivalence boundary,
providing strong confidence in the model’s predictive capacity. Full individual patient results are

provided in Table H.1.

Table H.1 Actual and Simulated Postoperative Outcomes
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Implications for Credibility. This validation provides strong evidence supporting a grade b
credibility level for the Output Comparison: Agreement of Output Comparison factor. The close
agreement between simulated and observed outcomes enhances confidence in the model’s
predictive ability. Importantly, this establishes that deviations observed in subsequent sensitivity
analyses and optimization studies (Articles 3 and 4 presented in Chapters 5 and 6) are attributable

to true differences in surgical input parameters rather than systematic bias in the underlying model.

Conclusion. The outcome validation demonstrated that the MB simulation framework achieves
biomechanically realistic and clinically robust predictions of postoperative alignment in AIS
patients. This strengthens its credibility for use as a medium—low risk decision-support tool in

evaluating surgical strategies and supports its application in optimization workflows.
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APPENDIX T - COMPLEMENTARY METHODOLOGICAL ASPECTS
FOR CREDIBILITY ASSESSMENT OF THE COMPUTATIONAL
MODEL: SENSITIVITY ANALYSIS OF INSTRUMENTATION

To support the validation of the computational model under the Model Inputs: Quantification of
Sensitivities criterion of the ASME V&V 40 (2018) framework, a targeted sensitivity analysis was
conducted to examine the robustness of the MB model and optimization framework to clinically
relevant variations in surgical instrumentation parameters. This activity was essential to
demonstrate that surgical planning decisions derived from the framework remain stable when

subjected to reasonable perturbations in rod curvature, fusion levels, and screw patterns.

Scope and aim. Under ASME V&V 40, Model Input Sensitivities were assessed to ensure that
clinically plausible variations in key surgical parameters do not disproportionately affect the
comparative or optimization decisions within the model’s COU: patient-specific evaluation and
optimization of PSF constructs in AIS. The analysis specifically tested whether input variations
propagate to outcome changes that might alter decision-making (e.g., ranking of strategies or

interpretation of construct performance).

Design. Sensitivity analyses were performed on the 20 AIS patients included in the optimization

study (Article 4, Chapter 6). Three categories of instrumentation inputs were perturbed:

e Rod curvature: £10° relative to the Al-predicted baseline profile, applied independently
to both concave and convex rods.

e Fusion levels (UIV/LIV): Upper and lower instrumented vertebrae shifted =1 level to
simulate small variations in fusion extent.

e Screw patterns: Five commonly described literature-based distributions were tested per
patient, spanning fully instrumented (density of 2.0) to low-density constructs (density

~1.2) as described in Article 4.
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When one instrumentation parameter was varied, all others were held constant to isolate its specific
influence. In particular, for the screw pattern analysis, both rod curvature and fusion levels were
fixed at their default values to ensure that observed effects reflected screw distribution alone. In all
tests, surgical maneuvers and boundary conditions were held constant, and the validated MB
workflow (Sections 5.2 and 6.2) was applied. This yielded 280 simulations (14 variations x 20
patients). The primary outcome measures analyzed were postoperative coronal MT Cobb angle,
TK, AVR, and average implant-related pullout forces. Statistical comparison using a mixed-effects
model for paired repeated measures. Multiple comparisons within each outcome variable were
conducted between the different instrumentation conditions using Tukey’s method to adjust for
multiplicity. All outcomes are summarized as mean + SD, with statistical significance set at p <

0.05.
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Findings.

Rod curvature sensitivity (Figure 1.1). Varying rod curvature by £10° resulted in only mild
deviations in MT Cobb (+1.6 + 8.8°) and AVR (£1.8 £ 0.6°). In contrast, thoracic kyphosis was
more sensitive, with average changes of £9.1 £ 2.0°. Bone-screw pullout remained stable across

conditions (variation 77 £ 23 N), and no unacceptable force increases were observed.

Figure 1.1 Impact of Rod Curvature Variation on Simulation Outcomes

P-values indicate whether increasing or decreasing the rod curvature by 10° is statistically
different than default Al-predicted rod curvature.
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Fusion level sensitivity (Figure 1.2).

Adjusting UIV or LIV by *1 vertebra had the largest influence across outcomes: MT Cobb +14.0
+ 8.6°, TK £9.2 + 4.8°, AVR £3.1 + 4.8°. While most cases remained within acceptable ranges,
three instances showed >100 N increases in screw pullout force, highlighting a potential trade-off

when modifying fusion extent.

Figure 1.2 Effect of £1 Vertebra Change in UIV and LIV on Simulation Outcomes

P-values indicate whether adjusting the UIV or LIV by +1 vertebra is statistically different than
default Al-predicted UIV and LIV.
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Screw pattern sensitivity (Figure 1.3).

Testing five screw distributions showed alignment corrections remained largely stable: MT Cobb
+3.3 £2.1°, TK £2.0 + 1.3°, AVR £1.8 £ 1.3°. Importantly, rod curvature and fusion levels were
fixed during this analysis to isolate the impact of screw distribution. Pullout forces varied
substantially with implant density: high-density constructs increased loads in 74% of cases,
whereas alternate low-density configurations (1.2 density) reduced pullout by 59% while

preserving correction.

Figure 1.3 Effect of Screw Pattern Variability on Simulation Outcomes

P-values indicate whether using different screw patterns is statistically different than default Al-
predicted pattern.
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Interpretation. The sensitivity analysis demonstrates distinct effects of rod curvature, fusion

levels, and screw distribution on postoperative outcomes.

Rod curvature variations had little effect on coronal and axial alignment but produced deviations
of up to 9° in thoracic kyphosis, a clinically relevant change. This confirms that rod contouring
primarily influences sagittal correction while coronal and axial balance remain relatively stable
[38,218]. Fusion level adjustments were the most influential on 3D correction, causing the largest
deviations across all three alignment metrics and occasionally increasing pullout forces by >100
N. This agrees with the known impact of UTV/LIV selection on alignment and mechanical loading,
reinforcing why careful level selection is emphasized in clinical guidelines [18, 148, 153, 154,
248]. Screw distribution, tested with rod curvature and fusion levels held constant, produced only
minor changes in 3D alignment but substantially affected implant forces. High-density constructs
increased pullout, whereas low-density strategies reduced loads by 60% without compromising

correction, consistent with prior biomechanical findings [38, 273].

Overall, the framework behaved in line with established biomechanical principles: sagittal
correction is sensitive to rod contouring, fusion levels dominate alignment, and screw density
mainly modulates implant loading [38, 218, 248, 273]. Importantly, the magnitude of observed
deviations exceeded the +5° accuracy of the model and thus represent clinically meaningful
outcomes, supporting robust comparative and optimization analyses under realistic input

variations.

Implications for credibility. These results support a credibility level of b/c for Model Input
Sensitivities under ASME V&V 40. They justify the robustness of the optimization framework
when applied to clinically relevant perturbations in rod curvature, fusion extent, and screw
distribution. Importantly, the findings highlight that optimization decisions are primarily driven by
patient-specific curve characteristics and surgical strategy rather than being dominated by small

variations in input parameters.



309

Conclusion. The instrumentation sensitivity study confirms that the Adams-based MB simulation
framework yields biomechanically realistic and clinically robust predictions across a representative
range of surgical input variations. Fusion level adjustments emerged as the most critical parameter,
while rod curvature and screw distribution exerted smaller, clinically acceptable influences. These
results strengthen the overall validation and applicability of the framework for its COU and align

with the medium-low risk credibility target established in this thesis.



