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Simulation par apprentissage statistique de l’effet de la chirurgie sur la marche des enfants atteints 

de paralysie cérébrale 

Omar Antonio Galarraga Castillo 

Objectifs 

L’objectif de la thèse est de simuler l’effet de la chirurgie orthopédique sur la marche chez des 
enfants atteints de paralysie cérébrale en utilisant des techniques d’apprentissage statistique 
automatique (statistical machine learning). Ces simulations permettront de donner une prédiction du 
résultat au niveau cinématique du traitement lorsqu’il y a une chirurgie proposée.    

Travaux accomplis 

Une base de données avec les données d’analyses quantifiées de la marche (AQM) [1] et d’examens 
cliniques [2] préopératoires et postopératoires, ainsi que les données chirurgicales, a été constituée. 
Cette base de données est en augmentation constante, à chaque fois qu’un nouveau patient arrive à 
la Fondation Ellen Poidatz pour des analyses postopératoires. À la date de la dernière mise à jour 
(septembre 2015), la base de données compte avec les données de 134 patients opérés avec 
examens préopératoires et postopératoires.  
Pour simuler l’effet de la chirurgie sur la marche, des modèles de régression entre la cinématique 
postopératoire et les données préopératoires et chirurgicales ont été conçus afin d’établir une 
relation mathématique entre la marche postopératoire en fonction de l’état préopératoire du patient 
et la chirurgie réalisée. Les angles cinématique considérés sont : antéversion, inclinaison et rotation 
du bassin ; flexion, adduction et rotation des hanches ; flexion des genoux, flexion dorsale de cheville 
et progression des pieds. Pour décrire l’état préopératoire des patients, différentes méthodes 
d’extraction de caractéristiques et de réduction de dimension ont été considérés : ajustement des 
courbes par des B-Splines [3] et des séries de Fourier [4], sélection de variables avec classement de 
Gram-Schmidt avec variable de sonde [5], [6] et analyse en composantes principales [7]. 
Les données manquantes de certaines variables d’examen clinique ont été imputées (remplacées) en 
utilisant l’algorithme d’imputation itérative sous modèles [8]. Ensuite ces données imputées ont été 
intégrées à la description de l’état préopératoire du patient.  
Plusieurs méthodes de régression ont été testées à la fois des régressions linéaires avec intervalles 
de confiance et des régressions non-linéaires [9] en utilisant des réseaux de neurones artificiels [10]. 
Des modèles de régression ont été appris pour chaque catégorie de geste chirurgical considérée : 
osseuse de hanche, parties molles de hanche, rectus femoris, allongement des ischio-jambiers, 
abaissement de rotule, ostéotomie fémorale distale, osseuse jambe, parties molles du pied et 
osseuse du pied. Les modèles par chirurgie ont été ensuite fusionnés en utilisant des techniques 
d’apprentissage par ensembles [11].      
Les modèles de régression ont été testés en utilisant une méthode jackknife de « leave-one-out » [9], 
[12] afin d’avoir des prédictions en test pour tous les patients dans la base de données. Les erreurs 
de prédiction par angle cinématique considéré ont été comparées à l’erreur de trois prédicteurs 
naïfs :  

- NoChange-P : signal préopératoire, prédisant aucun changement cinématique).  
- Mean-P : moyenne des signaux postopératoires. 
- Median-P : médiane des signaux postopératoires. 

Finalement, les signaux cinématiques prédits ont été utilisés pour animer un avatar personnalisable 
et ainsi montrer la marche résultante probable.  

Résultats 

Les erreurs (RMSE) de prédictions moyennes en test du système varient entre 3,69° (inclinaison du 
bassin) et 10,00° (progression du pied) selon l’angle cinématique considéré [table 1]. Le système 
proposé obtient des erreurs plus petites que celles des prédicteurs naïfs pour tous les angles 
cinématiques, avec des différences statistiques significatives (p<0.05) [table 1]. 
Pour chaque membre inférieur, le système montre les courbes prédites, ainsi que les courbes 
préopératoires et la contribution estimées de chaque geste chirurgical [figure 1]. Si les courbes 



postopératoires sont connues, le système montre aussi ces signaux et calcule l’erreur de prédiction. 
Les courbes prédites des deux membres inférieurs d’un même patient sont ensuite utilisées pour 
animer l’avatar personnalisé du patient [figure 2]. 

 

Figure 1. Sortie du système pour un membre inférieur choisi de façon aléatoire. 

 

 

Figure 2. Capture d'écran de l'animation de la marche prédite pour un patient aléatoire. 

Table 1. Erreurs de prédiction (RMSE) par angle cinématique et méthode de prédiction. Moyenne et (erreur standard) [°]. 

 NoChange-P Mean-P Median-P Méthode proposée 

Antéversion bassin 6,26 (0,27) 6,50 (0,26) 6,51 (0,26) 5,55 (0,27) 

Inclinaison bassin 4,23 (0,15) 3,95 (0,12) 3,96 (0,12) 3,69 (0,12) 

Rotation bassin 7,77 (0,29) 6,91 (0,23) 6,91 (0,23) 6,53 (0,24) 

Flexion hanche 7,32 (0,31) 7,99 (0,25) 7,99 (0,26) 6,76 (0,24) 

Adduction hanche 4,87 (0,17) 4,23 (0,12) 4,24 (0,13) 4,06 (0,12) 

Rotation hanche 12,03 (0,50) 10,06 (0,37) 10,06 (0,37) 9,50 (0,34) 

Flexion genou 13,63 (0,57) 10,49 (0,34) 10,50 (0,34) 9,71 (0,31) 

Flexion dorsale 
cheville 

13,02 (0,65) 7,71 (0,27) 7,71 (0,27) 7,51 (0,27) 

Progression du 
pied 

14,65 (0,66) 10,90 (0,43) 10,92 (0,44) 10,00 (0,43) 

Discussion 

Le système prédit la marche postopératoire des enfants atteints de paralysie cérébrale en fonction 
de leur marche préopératoire, leurs données cliniques et le programme chirurgical. Malgré le 
manque relatif d’exemples d’apprentissage, le système est capable de donner de prédictions pour un 
grand nombre de combinaisons chirurgicales possibles (80 combinaisons différentes dans la base de 



données) et un grand nombre de patterns de marche différents. Les données cliniques sont 
considérées pour la prédiction, lesquelles représentent une information complémentaire à la 
cinématique [13]. La performance du système est meilleure que celle du meilleur prédicteur naïfs 
(Mean-P), donc la méthode de prédiction donne une information plus fine que les résultats 
chirurgicaux moyens [14]. 
La base de données créée est la plus grande dans son genre en France et une des plus grandes au 
monde. 
Les angles cinématiques le plus compliqués à prédire sont la progression du pied, la flexion du genou 
et la rotation de hanche. En revanche, les angles les plus faciles à prédire sont l’adduction de hanche, 
et l’antéversion et l’inclinaison du bassin. 

Intérêt 

L’intérêt principal du système est la mesure anticipée du résultat fonctionnel de la chirurgie. Cela 
permet non seulement de prédire si ce résultat serait bon ou mauvais, mais aussi de quantifier de 
façon probabiliste le bénéfice ou la dégradation. Le système peut ainsi aider le chirurgien à choisir le 
traitement optimal pour chaque cas. Il s’agirait aussi d’une façon d’estimer la capacité d’amélioration 
fonctionnelle de chaque patient, une fois le traitement optimal trouvé.  

Limites 

La principale limite des travaux est la faible quantité d’exemples dans la base de données 
d’apprentissage (patients opérés disponibles dans la base de données avec analyse quantifiée de la 
marche avant et après la chirurgie) par rapport au nombre de paramètres que l’on veut estimer (la 
quantité de données disponible pour chaque patient et chirurgie, plus le nombre de variables que 
l’on veut prédire). Malgré avoir construit la base de données de données d’AQM pré et post-chirurgie 
la plus grande de France et l’une des plus grandes au monde, cela nous amène dans un contexte de 
données statistiquement petites (statistical small data) [15], dans lequel le risque de sur-
apprentissage est considérable entraînant des limites de généralisation des modèles appris. Dans ce 
contexte, le choix de techniques de réduction de dimension est indispensable ainsi que le choix de 
modèles de régression suffisamment robustes. En pratique, cela se traduit par un manque de 
précision des prédictions sur les patients de test. Une autre limite des travaux est l’absence de 
contraintes mécaniques dans les modèles générés, ce qui ne permet pas d’assurer que les 
prédictions soient physiquement réalisables. Cependant, la notion de dynamique intrinsèque dans 
les données utilisées réduit de façon importante la probabilité de tomber sur des solutions 
physiquement impossibles.    

Perspectives 

Comme les modèles d’apprentissage statistique améliorent leur performance lorsqu’il y a plus de 
données disponibles, la suite immédiate des travaux est d’augmenter la taille de la base de données 
et ainsi la précision des modèles. De plus, il est envisagé d’intégrer des modèles dynamiques de 
synthèse de la marche pour obtenir une solution de prédiction qui soit à la fois la plus probable et 
mécaniquement réaliste. Lorsqu’une excellente précision de prédiction soit atteinte, il est envisagé 
de trouver une chirurgie optimale en considérant la combinaison chirurgicale qui donne le meilleur 
résultat fonctionnel, après avoir testé une grande quantité de combinaisons chirurgicales possibles.  

Bénéfice pour les patients 

En premier lieu, les patients et leurs familles peuvent avoir un aperçu du résultat probable du 
traitement. Cela aide les patients à avoir une idée plus claire du bénéfice que la chirurgie pourrait les 
apporter, ce qui est un point très important car la notion d’amélioration du patient est en général 
différente de celle du chirurgien. Cela permettrait une meilleure discussion du traitement avec le 
chirurgien et le médecin traitant et pourrait aussi constituer une motivation pour que le patient 
poursuive le traitement proposé.  
En deuxième lieu, le système donne au chirurgien la possibilité de tester sa proposition chirurgicale 
et ainsi de la valider, la modifier (ajouter ou enlever un geste chirurgical) ou la rejeter selon 
l’évaluation des prédictions obtenues. Cela permettrait au chirurgien de trouver le traitement 
optimal pour chaque cas, surtout lorsqu’il y a plusieurs possibilités de combinaison chirurgicale.    
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Madame, Monsieur, 

 

J’ai le plaisir de soutenir la candidature de Mr. Omar Galarraga au prix de thèse IFRATH 2017 pour 

la thèse de doctorat intitulée « Simulation of Surgery Effect on Cerebral Palsy Gait by Supervised 

Machine Learning », soutenue le 30 mars 2017 à l’université d’Evry et pour l’Ecole Doctorale STIC 

de l’université Paris-Saclay. Son doctorat, cofinancé par la région IDF (Projet PICRI 2013), en 

partenariat avec la Fondation Ellen Poidatz (St-Fargeau) et la Fondation Bettencourt Schueller, était 

centré sur  la conception d'un simulateur « intelligent » simulant l'effet de la chirurgie neuro-

orthopédique sur la marche afin de prédire la marche postopératoire des enfants atteints de paralysie 

cérébrale.  

 

Omar Galarraga, de nationalité vénézuélienne, a obtenu son diplôme d’ingénieur  à TSP en 2012 ; Il  

a décidé de préparer son doctorat en mathématiques appliquées à l’université d’Evry sous ma 

direction et celle de Bernadette Dorizzi et d’Eric Desailly.  

 

La motivation originale de ce projet de recherche était d'améliorer la prise en charge thérapeutique 

des enfants en situation de handicap moteur, notamment dans le cadre d'une paralysie cérébrale 

(PC). Une des conséquences habituelles de cette déficience est un trouble de la marche, qui 

s’explique par des anomalies du contrôle et du tonus musculaire, souvent de type spastique.  

 

La démarche d’Omar Galarraga a consisté, d'une part, à évaluer des méthodes de modélisation de la 

marche existantes, à les améliorer et à en développer de nouvelles basées sur l’apprentissage 

statistique supervisé et, d'autre part, à les mettre en oeuvre dans une situation clinique réelle à la 

Fondation Poidatz. Quand on sait que les résultats de la chirurgie orthopédique multi-sites sont 

difficilement prévisibles, on comprend tout l’intérêt de ce travail.  

 

Dès son arrivée, Omar Galarraga, a su se familiariser rapidement avec son environnement de 

recherche. Il a rapidement apprivoisé certaines procédures d’évaluation. Il s’est intéressé à la 

validation des simulateurs en utilisant différentes approches mathématiques. 

La formation doctorale qu’il a suivi lui a assuré ainsi de solides compétences en informatique, en 

mathématiques, et en automatique, notamment en apprentissage statistique. 

Dès son arrivée au Laboratoire, Omar a démontré un grand dynamisme, une motivation personnelle, 

une curiosité scientifique élevée, un sens critique et un haut niveau d’autonomie qui confirment son 

plein potentiel à entreprendre et à réussir dans une carrière de chercheur ou académique qui se 

précisera au fil du temps. Sa capacité à surmonter les différentes barrières rencontrées durant son 

travail de thèse démontre son sens de l’organisation; ses scrupules à respecter les échéances et un 

certain regard critique constituent des atouts importants ayant participé à sa réussite. 
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L’originalité de la démarche, le haut niveau scientifique des contributions d’Omar Galarraga ainsi 

que son autonomie et son aptitude à maîtriser une stratégie de recherche justifie pleinement sa 

candidature à ce prix. 

Un élément d'appréciation essentiel du bon niveau des contributions scientifiques d’Omar Galarraga 

est constitué par ses publications dans des revues d'audience internationale. 

L’autonomie scientifique d’Omar Galarraga me semble acquise depuis plusieurs années comme on 

peut en juger par les collaborations qu’il a su bâtir à l’extérieur de son laboratoire et les publications 

qu’il rédige. Quant à l'aptitude à maîtriser une stratégie de recherche, elle apparaît de manière 

manifeste au travers de la progression régulière dans la difficulté des problèmes à résoudre. 

 

En tant que directeur de thèse et directeur de l’équipe SIMOB, c’est sans réserve que j’atteste 

qu’Omar Galarraga fait partie des meilleurs doctorants que j’ai encadrés. 

En résumé je soutiens donc avec le plus grand enthousiasme la candidature d’Omar Galarraga au 

prix de thèse IFRATH 2017. 

 
 

Evry, le 4 février 2018 
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A B S T R A C T

In this work, postoperative lower limb kinematics are predicted with respect to preoperative kinematics,
physical examination and surgery data. Data of 115 children with cerebral palsy that have undergone
single-event multilevel surgery were considered. Preoperative data dimension was reduced utilizing
principal component analysis. Then, multiple linear regressions with 80% confidence intervals were
performed between postoperative kinematics and bilateral preoperative kinematics, 36 physical
examination variables and combinations of 9 different surgical procedures. The mean prediction errors
on test vary from 4� (pelvic obliquity and hip adduction) to 10� (hip rotation and foot progression),
depending on the kinematic angle. The unilateral mean sizes of the confidence intervals vary from 5� to
15�. Frontal plane angles are predicted with the lowest errors, however the same performance is achieved
when considering the postoperative average signals. Sagittal plane angles are better predicted than
transverse plane angles, with statistical differences with respect to the average postoperative kinematics
for both plane’s angles except for ankle dorsiflexion. The mean prediction errors are smaller than the
variability of gait parameters in cerebral palsy. The performance of the system is independent of the
preoperative state severity of the patient. Even if the system is not yet accurate enough to define a surgery
plan, it shows an unbiased estimation of the most likely outcome, which can be useful for both the
clinician and the patient. More patients’ data are necessary for improving the precision of the model in
order to predict the kinematic outcome of a large number of possible surgeries and gait patterns.

ã 2016 Elsevier B.V. All rights reserved.
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1. Introduction

Orthopaedic surgery is usually performed in order to lessen gait
abnormalities observed in patients with cerebral palsy (CP).
Multiple bones and muscles are operated during a Single Event
Multilevel Surgery (SEMLS) [1], which combines several proce-
dures in the same surgery.

Clinical Gait Analysis (CGA) is used in combination with
physical examination in order to propose a suitable surgery to
patients with CP [1]. However, surgical decision making is not yet
fully standardized. Different surgical procedures may be proposed
to address the same gait deviation and different decision making
algorithms may be used by medical teams to define surgical plans.
Moreover, once the indication is established it is difficult for the
* Corresponding author at: 1 Rue Ellen Poidatz, 77310 Saint Fargeau-Ponthierry,
France.

E-mail address: eric.desailly@fondationpoidatz.com (E. Desailly).
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0966-6362/ã 2016 Elsevier B.V. All rights reserved.
surgeon and furthermore for the patient to predict the effect of the
surgery. Recently, several decision-making tools based on statisti-
cal machine learning have been developed for predicting surgery
outcome in SEMLS. Reinbolt et al. [2] used linear discriminant
analysis for predicting good or bad outcomes of rectus femoris
transfer for patients with stiff knee. For predicting good or bad
outcomes of hamstring lengthening, Arnold et al. [3] utilized
hierarchical log-linear analysis and Sebsadji et al. [4] used support
vector machines both combined with musculoskeletal models.
Schwartz et al. [5] used random forests for predicting good or bad
outcomes of psoas lengthening. All of the above methods give
qualitative outcome predictions of improvement or non-improve-
ment, but they do not help the surgeon nor the patient to predict
how the latter will walk after surgery.

Some other methods predict some quantitative gait param-
eters. Hicks et al. [6] used multiple linear regression for predicting
post-treatment knee flexion during stance for patients presenting
crouch gait and also established good or bad outcomes based on
these predictions. Sullivan et al. [7] used regression analysis and

http://crossmark.crossref.org/dialog/?doi=10.1016/j.gaitpost.2016.11.012&domain=pdf
mailto:eric.desailly@fondationpoidatz.com
http://dx.doi.org/10.1016/j.gaitpost.2016.11.012
http://dx.doi.org/10.1016/j.gaitpost.2016.11.012
http://www.sciencedirect.com/science/journal/09666362
www.elsevier.com/locate/gaitpost
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Hersh et al. [8] used artificial neural networks to predict knee
flexion during gait after rectus femoris transfer. Galarraga et al. [9]
utilized artificial neural networks for predicting postoperative
knee flexion and pelvic tilt at initial contact with or without
hamstring lengthening. All previous works already mentioned are
based on one type of abnormal gait patterns in CP (i.e. stiff knee or
crouch gait) or on one principal surgical procedure, without
considering the effect of other surgical procedures and their
combinations. Niiler et al. [10] considered rectus femoris transfer
and concurrent surgeries (hamstring lengthening, Achilles length-
ening and gastrocnemius lengthening) of 68-patient series (94
lower limbs) and performed linear regressions for predicting
postoperative knee range of motion during gait.

Despite these previous works, surgery planning remains
difficult and global gait outcome prediction is still incomplete.
Moreover, it is difficult to explain postoperative expected outcome
to patients and their families, who might struggle to imagine a
realistic outcome based on the predicted parameters.

The objective of this study was to use statistical machine
learning techniques to develop a system able to predict postoper-
ative kinematic curves of children with CP based on preoperative
physical examination and 3-D gait analysis, and a proposed surgery
plan.

2. Materials and methods

2.1. Population and data description

This retrospective study analyzed anonymous data of children
with CP that have undergone SEMLS within a ten year period
between 2004 and 2014. These children have had physical
examination and CGA before and at least one year after surgery.
Gait analysis was performed pre and postoperatively in the same
laboratory. From 2004 to 2007, the acquisition was performed with
a SAGA 3RT Biogesta system and, since 2008, with a Vicon system.
Lower limb marker placements were identical in all the exams and
kinematic data were computed from the acquisition’s raw data
(marker coordinates) with the same custom software based on a
modified Helen Hayes [11,12] model with anatomical markers on
the femoral condyles and the medial-malleolus. Fifteen kinematic
angles were considered for each patient: pelvic tilt, pelvic
Fig. 1. Method stages from CGA and physical examination data (see Supplementary data)
51 points per angle and cycle. Missing data from physical examination were imputed w
kinematics and physical examination data (see Supplementary data) was reduced using
low-dimensional preoperative vectors and surgery codes was performed. Confidence in
obliquity, pelvic rotation and hip flexion, hip adduction, hip
rotation, knee flexion, ankle dorsiflexion and foot progression for
both lower limbs. Surgical data were decomposed into combina-
tions of Ns ¼ 9 surgery categories: hip bony surgery, hip soft tissue
surgery, rectus femoris surgery (transfer or release), hamstring
lengthening, patella lowering, distal femoral osteotomy, shank
bony surgery, ankle-foot soft tissue surgery and foot bony surgery.
The surgical categories have been established depending on their
functional objective and joint or segment that is modified. In these
categories, some different surgical procedures are grouped in the
same class if their functional objective and the affected joints or
segments are alike [see Supplementary data for examples]. For

each lower limb j, a surgery binary code Sj ¼ sj;1 � � � sj;Ns

� �T was

attributed where sj;i ¼ 1ifgestureiwasconductedonpatientj
0ifgestureiwasnotconductedonpatientj

�
with i ¼ 1; . . . ; Ns and T is the transpose operator.

2.2. Preprocessing

The variables that have been measured during physical
examination varied depending on the patient and the clinician
that performed the exam. For this reason, we considered 36
parameters that were measured at a minimum rate of 80% in our
database. These parameters include information about size and
weight; hip, knee and ankle ranges of motion; muscle force; and
spasticity (details in Supplementary data).

Fig. 1 shows all the stages of the method. Physical examination
missing data were replaced using iterative robust model-based
imputation (IRMI) [13]. This technique consists on initializing
missing values and then iteratively perform linear regressions of
each column with respect to the others. The initialization begins by
searching the lower limbs with the nearest physical examination
profile considering only the non-missing data with a k-Nearest
Neighbor algorithm [14] for k = 5 and ends by replacing each
missing value by the median over the 5 nearest neighbors.

Kinematic data were automatically segmented into gait cycles
utilizing the high pass algorithm (HPA) [15]. Then gait cycles were
resampled and normalized to 51 points (2% of gait cycle) as in [16]
and mean gait cycles were computed for each limb. A right and a
left kinematic preoperative gait vectors were composed with the
fifteen kinematic signals of both limbs normalized respectively by
 to prediction. Kinematic signals were segmented into gait cycles and normalized to
ith the IRMI algorithm. The dimension of the concatenated vectors of preprocessed

 PCA. Then a multiple linear regression between postoperative kinematics and the
tervals with 80% reliability were computed.



O.A. Galarraga C. et al. / Gait & Posture 52 (2017) 45–51 47
the right and the left gait cycle. Postoperative gait vectors were
solely described by the kinematic data of the considered limb like
in [16]. Preoperative kinematic and imputed physical examination
data (see Supplementary data) were gathered and projected into a
lower-dimensional space using principal component analysis
(PCA) [17]. Different PCA projection dimensions from 1 to 63
were tested for regression, keeping between 25% and 99% of the
data inertia.

2.3. Regression model

After preprocessing, a multiple linear regression [18] was
performed between the postoperative kinematic data of all lower
limbs and the low-dimensional preoperative data plus the surgery
code.

The multiple linear regression is represented by the equation
Y ¼ AXþ 2, where

Y ¼
y1;1 � � � yNLIMB ;1

..

.
} ..

.

y1;Nout
� � � yNLIMB ;Nout

0
B@

1
CA represents the postoperative

kinematic data of all lower limbs,
Nout ¼ 51 � 9 ¼ 459 is the total number of output points (nine

51-point kinematic angles for each limb), X ¼

x1;1 � � � xNLIMB ;1

..

.
} ..

.

x1;DIM
s1;1
..
.

s1;Ns
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}
� � �
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xNLIMB ;DIM
SNLIMB ;1
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1
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includes low-dimensional preopera-

tive data xj and surgery codes Sj, DIM ¼ 1; . . . ; 63 is the dimension

of the PCA projection, 2¼
e1
..
.

eNLIMB

0
B@

1
CA

T

is the training error vector

and A ¼
a1;1 � � � a1;DIMþNsþ1

..

.
} ..

.

aNout ;1 � � � aNout ;DIMþNsþ1

0
B@

1
CA is the regression matrix to

be estimated and whose parameters were learned using the least-

squares method [18] as A ¼ Y XTX
� ��1

XT with DIM � n.
Parametric confidence intervals for prediction are constructed

for each limb and for each point of the gait curves using the
expression

ŷ0 � tn�k�1;a=2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1Nout�1 þ ŝ2xT0 X � XT

� ��1
x0

r
, where

ŝ2 ¼
ŝ1

2

..

.

ŝNout

0
B@

1
CA, ŝi

2 ¼ SSEi
NLIMB�k�1, SSEi is the sum of quadratic errors

for point I, k ¼ DIM þ Ns is the number of input parameters, x0 ¼

x0;1
..
.

x0;k
1

0
BB@

1
CCA is a test input vector, ŷ0 ¼

ŷ0;1
..
.

ŷ0;Nout

0
B@

1
CA is the prediction of y0

and tn�k�1;a=2 ¼ 1:28 for a ¼ 80% confidence level with respect to a
unilateral Student distribution with n � k � 1 degrees of freedom
[20].

2.4. Performance assessment

For every test limb and gait angle, the prediction performance
was evaluated by the root-mean-square error:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXNpoints

i¼1
ŷi�yi
� �2

Npoints

s
, where ŷi and yi are respectively the

prediction and the expected resampled postoperative gait signal
for any i among the Npoints ¼ 51 points of a normalized kinematic
angle. In addition, the overall RMSE per limb was computed with
Npoints ¼ Nout ¼ 51 � 9 ¼ 459, which corresponds to the concate-
nation of the nine predicted kinematic curves. The overall RMSE
per patient (considering both limbs predictions at the same time)
was also considered.

The method was tested using a leave-one-out jackknife
procedure [14,19]: when a patient k is tested, data of both limbs
of patient k were removed from the training set. Then a multiple
linear regression was done with data of the other remaining
patients and subsequently the data of patient k (both limbs
separately) were tested on the trained model. This process was
repeated for all the patients in the database.

These prediction errors were compared to errors of two
pseudo-predictors: “Mean-P” and “No Change-P”. “Mean-P” is a
constant pseudo-predictor equal to the mean postoperative gait
cycle over all patients in the database. “No Change-P” is a pseudo-
predictor that indicates the preoperative gait cycle for each patient
as the postoperative prediction, which means that the surgery
would have no effect on these parameters.

To measure the reliability of the parametric confidence
intervals, the number of postoperative mean cycle points of test
patients that were outside of the prediction band were counted for
each gait angle.

The effect of the gait deviations for a single kinematic angle on
the prediction performance was studied by comparing the RMSE to
the preoperative Gait Variable Score (GVS) [21]. The reference
database used for computing GVS is composed of 14 subjects
presenting no pathology with an average age of 16 y/o (SD = 8 y/o).
These reference data were acquired and processed under the same
conditions of the patient’s database.

Finally, the prediction performance was compared to the
minimal detectable change (MDC) [22] of gait patterns in CP.

3. Results

Data of NPAT = 115 children with CP (NLIMB = 230 lower limbs)
were included. 34 (29.6%) patients have a Gross Motor Function
Classification System (GMFCS) level I, 57 (49.6%) a level II and 24
(20.9%) a level III. Male subjects represent 61% of the population
and 39% are female. The mean ages of patients are 11.8 y/o
(SD = 3.3) and 14.8 y/o (SD = 3.3) for preoperative and postoperative
CGA respectively. Mean age at surgery is 12.6 (SD = 3.2) y/o, with
postoperative CGA around 18 month after surgery. The percentages
of patients that underwent each surgery category are: 33.9% hip
bony surgery, 23.5% hip soft tissue surgery, 49.1% rectus femoris
surgery, 50.9% hamstring lengthening, 19.6% patella lowering, 10%
distal femoral osteotomy, 4.8% shank bony surgery, 50.0% ankle-
foot soft tissue surgery and 23.48% foot bony surgery. There are 75
different combinations of surgical procedures and the most
frequent combination has been performed over 13 lower limbs
in the database (hip bony surgery with rectus femoris surgery,
hamstring lengthening and ankle-foot soft tissue surgery). The
average gait deviation index (GDI) [16] variation (Postoperative
GDI � Preoperative GDI) is 8.5 (SD = 9.3, MAX = 37.6, MIN = �16.2).



48 O.A. Galarraga C. et al. / Gait & Posture 52 (2017) 45–51
Best results were obtained with PCA dimension of DIM ¼ 9,
which contains 82% of the total variance. After dimensionality
reduction and reprojection into the original space, 57.6% of the
original kinematic values that were outside a 2-standard-deviation
(2-SD) band are preserved. Original values outside this 2-SD band
represent 5% of the kinematic data. For physical examination data
(see Supplementary data), 2.1% of the outlier values were
preserved after reprojection. Originally 4.6% of the physical
examination values were outside the 2-SD band. The kinematic
angles that lost the most part of their original variance after PCA
are hip adduction (bilaterally) with 61% of variance loss, knee
flexion from 75% to 85% of the gait cycle with 64% of variance loss
and pelvic obliquity with 51% of variance loss. The rest of the
kinematic variables preserved more than 50% of their original
variance, with an average loss of 18%. All the following results
correspond to regressions with the optimal PCA dimension, thus to
input vectors of size 18 (PCA projection of size DIM ¼ 9 plus
surgery code of size Ns ¼ 9).

The simulator outputs the predicted kinematic curves for the
test limb with their respective 80%-reliability confidence band
(Fig. 2).
Fig. 2. System output example. Dash-dotted blue lines correspond to the estimation an
measured (real) mean postoperative gait cycle. Dotted green lines represent mean preope
pathological gait) and their two-standard-deviation bands. These standards come from 

limb consists of bony and muscle hip surgery, rectus femoris surgery (RFT), hamstring len
on rectus femoris surgery (RFT) and hamstring lengthening (HL). (For interpretation of the
this article.)
Mean prediction errors over all patients of the proposed
method vary from 3.7� (pelvic obliquity) to 9.9� (foot progression),
depending on the kinematic angle (Table 1). Best pseudo-
predictors mean performances vary from 3.9� (pelvic obliquity)
and 11.0� (foot progression). There are significant differences
between the proposed method RMS errors and the pseudo-
predictors for all the angles, except for hip adduction, hip rotation
and ankle dorsiflexion. For all the kinematic angles, the mean
prediction error of the proposed method is smaller or equal to the
prediction error of pseudo-predictors. Overall (considering all the
kinematic angles at the same time), 65.6% of the limbs are better
predicted with the proposed method. Moreover, if both lower
limbs of each patient are considered, the proposed method gives
better predictions for 71.3% of the patients.

Unilateral mean sizes over all patients of the 80%-reliability
confidence intervals vary from 5.1� (pelvic obliquity) and 14.6�

(foot progression) [Table 1]. The standard deviations of the
intervals’ sizes are between 0.1� and 0.3�. The percentages of test
points inside the parametric confidence intervals vary from 76.2%
(pelvic tilt and knee flexion) to 80.6% (foot progression) [Table 1].
d blue bands represent their confidence intervals. Dashed red lines correspond to
rative gait cycle. Solid black lines and grey bands correspond to the standards (non-
the reference database described in Section 2.4. In this example the surgery for this
gthening (HL) and muscle ankle/foot surgery. The contralateral limb surgery consists

 references to colour in this figure legend, the reader is referred to the web version of



Table 1
Comparison of the performances of the proposed method and the pseudo-predictors (Mean-P, No change-P) per kinematic angle. Unilateral sizes and percentages of test
points within the prediction bands of the proposed method.

Pelvic Tilt Pelvic obl. Pelvic rot. Hip flex. Hip add. Hip rot. Knee flex. Ankle dors. Foot prog.

Predictor:
RMSE (�) Mean (SD) No Change-P 8.9 (5.6)* 5.7 (3.1)* 10.3 (5.7)* 11.0 (5.8)* 6.2 (3.3)* 15.8 (9.5)* 17.2 (10.2)* 14.9 (9.7)* 19.2 (12.3)*

Mean-P 7.1 (3.5)* 3.9 (1.9)* 7.0 (3.9)* 7.6 (4.0)* 4.2 (2.0) 10.2 (6.2) 10.6 (4.3)* 7.5 (4.0) 11.0 (7.3)*

Proposed 5.1 (3.2) 3.7 (1.9) 6.6 (3.8) 6.8 (3.7) 4.1 (1.8) 9.7 (5.6) 9.0 (3.9) 7.5 (4.2) 9.9 (7.3)

Confidence intervals Inside points on test (%) 76.2 79.3 79.9 79.0 76.9 78.3 76.2 78.0 80.6
Mean size (�) 7.0 5.1 9.3 9.0 5.5 13.5 11.6 10.1 14.6
SD of size (�) 0.1 0.1 0.2 0.2 0.1 0.3 0.2 0.2 0.3

* Significant difference with respect to errors of the proposed method (p < 0.05).
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The prediction error is uniformly distributed with respect to the
preoperative GVS [21], with a maximal Pearson correlation
coefficient of 0.28 (hip adduction) [Fig. 3].

All the mean prediction errors are smaller than their associated
MDC and at least 58.3% up to 100% of the limbs are predicted with
an error smaller than the MDC depending on the predicted
parameter [Table 2].
Fig. 3. Prediction Error (RMSE) with respect to 
4. Discussion

For the first time postoperative lower limb kinematics are
predicted with respect to preoperative kinematics, preoperative
physical examination and a large number of combinations of
surgical procedures in a SEMLS context for patients with CP that
walk with different gait patterns. Other outcome-predictive
preoperative GVS for each kinematic angle.



Table 2
Comparison of the proposed method performance to variability of the signals: RMSE vs. MDC.

Prediction RMSE

Parameter MDC [22] (�) Mean (�) SD (�) % of limbs where RMSE < MDC

Sagittal
Mean tilt 9.3 4.3 3.5 89.6
Pelvis ROM 3.9 3.2 2.7 67.8
Min hip flexion 9.6 6.3 5.5 80.0
Hip flexion IC 12.0 5.1 4.1 93.9
Hip ROM 12.4 6.4 5.1 87.8
Max knee flexion 11.4 7.2 5.4 78.7
Min knee flexion 8.9 7.4 6.1 65.2
Knee flexion IC 8.1 7.7 5.7 58.3
Knee ROM 12.1 9.6 7.1 70.4
Max ankle dorsi 10.8 6.5 5.2 83.0
Min ankle dorsi 10.3 6.9 5.7 77.0
Ankle dorsi IC 10.2 6.6 5.8 80.0
Ankle ROM 8.5 5.8 5.2 75.7

Frontal
Min up obliquity 6.6 3.3 2.4 91.3
Max up obliquity 7.7 3.3 2.4 94.8
Max hip adduction 13.1 3.5 2.6 100.0
Min hip adduction IC 12.5 3.7 2.6 99.6
Min hip adduction swing 15.0 3.6 2.7 100.0

Transverse
Max int rotation 14.4 5.7 4.7 94.4
Min int rotation 10.5 5.5 4.9 85.2
Max hip int rotation 16.1 9.0 6.9 85.2
Min hip int rotation 12.6 9.9 7.6 70.0
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methods are usually based on one principal surgical gesture
[2,4,5,7,8,10] or give only qualitative predictions [2,4–6]. The
method integrates physical examination and CGA data, which
represent the usual information utilized for treatment decision
making [1] and are considered complementary information
because they are uncorrelated [23].

If we consider the original problem with an input vector of 810
elements (765 kinematic elements, plus 36 physical examination
variables and the 9-element surgery code), before PCA, and with
228 lower limbs in the training set (114 patients, excluding the test
patient), there are infinite solutions of the least-squares optimiza-
tion for the regression. PCA allows to reduce the size of the input
vector in order to find a unique least-squares solution. PCA
dimensionality reduction maximizes the variance and eliminates
data redundancy [17], however it implies some information loss.
The principal variables that were affected by this information loss
were physical examination data (see Supplementary data) as well
as some kinematic data such as hip adduction (bilaterally), knee
flexion from 75% to 85% of the gait cycle and pelvic obliquity. Even
with this dimensionality reduction stage, given the heterogeneity
of gait patterns in CP and the number of different possible surgical
combinations with respect to the number of patients in the
database, the regression problem remains very complex. This
represents a limitation for the precision of the system. If there were
more patients in the training database, the dimensionality
reduction stage might be less important or even omitted. In any
case, with or without dimensionality reduction, prediction
precision would be higher if more patients’ data were available.
For this reason, it would be interesting to consider data from other
gait analysis laboratories to considerably increase the database
size, and we would like to encourage data sharing between these
laboratories, which is very limited at the present. This would also
facilitate the use of other regression methods, especially nonlinear
regression, which may also improve the performance.

The prediction errors are generally smaller than the variability
of the CP gait parameters measured by the MDC [22]. The MDC is a
measure of intersession variability of these parameters and is an
estimation of the minimal amount of change that is needed to
exceed measurement error.

In addition, the prediction errors are in average smaller than the
naive predictors’ errors, especially Mean-P. This means that the
proposed model gives richer information than just knowing the
average SEMLS outcome [24], which is a tendency to slightly
improve gait shown by the GDI [16] variation of the considered
series. Nevertheless, the system is not yet accurate enough to find
the most suitable surgery or treatment.

On the other hand, the prediction errors and the preoperative
Gait Variable Scores (GVS) [21] are uncorrelated (Fig. 3). This
means that the system is able to perform in the same way
independently of the severity of the preoperative state of patients.
However, the usage of the system should be limited to patients and
surgeries similar to those composing the training database.

The system does consider contralateral preoperative state
(kinematics and physical examination) but does not consider
contralateral surgery, which has an effect on the postoperative
kinematics. Another limitation of the system is the grouping of
similar but not identical surgical procedures in one surgical
category. Both the grouping and the omission of the contralateral
surgery were necessary to reduce the variability of the treatment,
but it also introduces a source of error that cannot be controlled by
the system.

Even if further validation and especially external validation
should be considered before clinical use, the adjunction of
thresholds for preoperative parameters (kinematics and physical
examination) could be established (i.e. within � 2 SD) in order to
filter patients having gait parameters that are far from those in the
training base. Also surgery plans might be unpredicted if their
combinations are too different from those in the training database.

Frontal plane angles (pelvic obliquity and hip adduction) are the
angles predicted with the smallest mean errors over all the
patients. However, this does not mean that this is always the case
for all the patients (see Fig. 2). In addition, the global performances
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for these angles are the same as predicting the postoperative mean,
with no significance statistical difference for hip adduction.

Sagittal plane angles (pelvic tilt, hip flexion, knee flexion and
ankle dorsiflexion) are better predicted than transverse plane
angles, but have bigger prediction errors than frontal plane angles.
Performances for sagittal plane angles are significantly more
accurate than predicting the postoperative mean (Mean-P) except
for ankle dorsiflexion.

Highest prediction errors are obtained for transverse plane
angles (pelvis rotation, hip rotation and foot progression), which
are also the angles with highest variability in children with CP
(Table 2) [22]. In addition, confidence intervals for angles in
transverse plane are the largest in general.

Computed parametric confidence intervals give prediction
intervals with 80% reliability. This reliability has been confirmed
for test data (76–81% of tested points per angle). The sizes of these
confidence intervals are specific to the patient, surgery, angle and
instant of gait cycle. These intervals show an estimation of the
prediction uncertainty. For example, if a confidence interval were
considered too large, its associated prediction would be considered
as inaccurate. Prediction bands give a set of probable solutions that
might help both clinicians and patients to better understand and
discuss the most likely surgery outcome.

After evaluation of the most likely outcome, a qualitative
prediction could also be presented in order to decide if the
outcome would be good or bad, as most of the previous works do
[2,4–6]. Decision thresholds over the gait variables variation could
be established for this purpose, and each medical team could
adjust those threshold according to theirs needs.

The proposed system could be used as a decision-making tool
for SEMLS that shows the most likely surgery outcome in terms of
gait to both clinicians and patients with a confidence level of at
least 76%. The system represents an easy way for visualizing the
most likely surgery outcome, which allows to facilitate clinician-
patient treatment discussion. The output of the system could serve
as a motivation for patients in order to proceed with a surgical
treatment.

In conclusion, the proposed method is able to give a preview of
the most likely surgery outcome for different surgical combina-
tions and gait patterns, given a relatively small data set. The effect
of each surgical procedure and preoperative parameters is not well
estimated for frontal plane angles and ankle dorsiflexion, because
these predictions tend too closely to the postoperative mean
kinematics. Nevertheless, the postoperative mean is a good
predictor for frontal plane angles, presenting tenuous mean
prediction errors and standard deviations. On the other hand,
the system is more sensitive to the input variables for both sagittal
and transverse plane angles (except for ankle dorsiflexion), but is
more precise for sagittal plane angles, especially for pelvic tilt and
hip flexion. Finally, although there are still some developments and
validations to be done, this work represents an encouraging
progress towards general treatment outcome prediction, in order
to help clinicians to choose optimal treatment and to help patients
to better understand it.
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