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Abstract. The treatment of malignant bone tumors often involves resection and
reconstruction using a prosthesis or donor bone (allograft). Accurate donor-recipient
bone matching is crucial, but tumor-related deformities complicate this process. This
study explores using a Statistical Shape Model (SSM) to reconstruct the femur's
premorbid anatomy for better allograft selection, comparing it with the contralateral
mirroring method. The SSM has been developed from 78 healthy femurs obtained
after segmentation of post-mortem CT scans. The evaluation of the SSM led to a
Generalization of 0.990 mm, a Specificity of 4.622 mm, and a Compactness of 98%
with 13 modes of variation. The reconstruction capability of the SSM was assessed
on 980 simulated resections. Results showed how the SSM was able to achieve a
Chamfer Distance of 1.066 mm and a Hausdorff Distance of 3.229 mm with respect
to the original anatomy of the bones. The comparison with the contralateral method
showed how this approach offers a promising alternative, particularly when bilateral
imaging is not feasible or the contralateral limb is compromised. Furthermore, the
retrospective application to a real case of a femur affected by diaphyseal
osteosarcoma showed the effectiveness of the proposed SSM in a real case scenario.
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1  INTRODUCTION

The treatment of malignant bone tumors often requires the removal of the affected bone
segment using planned cutting planes, followed by the implant of a prosthesis [2]. Another
widely used approach involves reconstruction using an allograft, which is bone tissue harvested
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from a donor [5]. Donor bones are typically supplied by musculoskeletal tissue banks, facilities
dedicated to harvesting, preserving, and distributing tissues for transplantation.

Selecting the most appropriate donor is a complex process, where matching the size and
shape of the recipient bone plays a vital role in providing good integration. A closer shape
matching between donor and recipient can also improve post-operative outcomes, lowering
the possibility of fractures or non-unions [13]. Furthermore, allografts taken from the same
anatomical site as the affected area exhibit similar mechanical and osteoconductive properties
[16]. However, the tumor often alters the recipient bone structure, making it difficult to
compare directly with the potential donor bones.

To overcome this challenge, virtual reconstruction of premorbid anatomy is a common
approach. The contralateral method, considered the gold standard, consists in the creation of
a mirrored 3D model of the healthy contralateral bone, providing an accurate representation
of the premorbid anatomy of the affected bone [4, 6, 15].

Nevertheless, this approach is not always a viable option since it requires CT scans of both
limbs. Many times, this is not possible since this would expose the patient to an excessive
dose of x-ray, and, anyway, it still requires the contralateral to be healthy, which sometimes
may not be the case.

Another widely used tool for anatomy reconstruction is Statistical Shape Model (SSM).
SSM can learn shape variation from a class of given samples and represent the shape variation
using the leading principal components. SSM has been used for reconstruction of the
premorbid anatomy of a variety of different bones in the context of many surgical procedures
[8, 14, 17].

However, as far as it is known, SSM has never been used for anatomy reconstruction in
the context of allograft selection. Therefore, the aim of this work is to develop and evaluate
the ability of an SSM to reconstruct the full anatomy of the bone in order to provide a reliable
reconstruction that can be used as a comparison to possible donor bones thus improving the
allograft selection process. A comparison with the contralateral method is also provided in
order to better understand the performance of the proposed approach. This work focused on
femurs since they represent a common site for this type of surgery, however, the same
approach can be extended to other types of bones.

2  STATISTICAL SHAPE MODEL DEFINITION

The main assumption of a Statistical Shape Model is that all possible shape deformations can
be learned from a set of M samples forming an appropriate Training Set {I",I%....I'"}. A

complex shape I can be described as a dense set of landmarks z, distributed on the surface:

I'= gz |z, eR k=1..,N

Where N, is the number of points used to describe the shape i, and z, contains the 3
Cartesian coordinates of the k-th point.

The crucial assumption is that the landmark points are in correspondence among the

samples. This means that the k-th landmark of two shapes I and IY represents the same
anatomical point of the shape. Finding a meaningful correspondence between shapes is one of
the critical tasks of statistical shape analysis. Once it is established, all shapes can be described

with the same number of points N . Therefore, by defining each shape I as a vector I € R*Y
consisting of the stacked z,y,2 components of each point, the shape variations can be modeled

using a normal distribution, where the mean 7 and covariance matrix L are estimated as
follows:
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i=1
1 M T
L=—-S"i-7 i-7 (2)

However, since the number of landmark points describing the samples is usually quite large,
a high amount of data is necessary to represent the covariance matrix L explicitly.
Fortunately, as it is determined completely by the samples, it has at most rank M and can
therefore be represented using M basis vectors. This is achieved by performing a Principal
Component Analysis [7], thus leading to the following definition of SSM:

C
T=7T+ Zam /\m(pm (3)

m=1

where )\ and ¢ are, respectively, the eigenvalues and eigenvectors of matrix L, «  follows

a normal distribution with a mean of 0 and a standard deviation of 1, and ¢ represents the
number of significant eigenvalues. The number ¢ is defined so that the accumulated variance
reaches a certain ratio of the total variance, usually between 0.9 and 0.98 (in this work, 0.98

is used). Equation 3 allows for an efficient, parametric representation of the distribution.

Although the entire process appears simple, determining the correspondences is a
challenging step since the quality of the SSM itself is heavily influenced by the established
correspondences. The most widely used methods for this task rely on the Iterative Closest
Point (ICP) algorithm [1] or the Coherent Point Drift (CPD) algorithm [11]. In this work, the
algorithm described in [9] is used to establish the correspondences between samples of the
training set.

For this study, the training set consisted of 78 healthy right femurs (42 males, 36 females,
mean age: 29.4 years). The 3D models of the femurs were obtained by segmentation, using
the software Materialise Mimics 26 [10], of post-mortem Computed Tomography Images
obtained from the New Mexico Decedent Image Database [3]. In order to reduce
computational load, the 3D models were then decimated to 20’000 points. The 3D models
were first translated to align their centroid with the origin of the Global Reference System.
After that, a reference shape was chosen randomly from the training set, and all other femurs
were aligned to the reference using a rigid ICP algorithm in order to remove relative rotation
between the models. Then the algorithm described in [9] was used to establish
correspondences. At this point, the mean shape and the covariance matrix could then be
computed through Equations 1 and 2. By performing Principal Component Analysis, the SSM
was defined through Equation 3.

3  STATISTICAL SHAPE MODEL EVALUATION
The most widely used approach for assessing the quality of an SSM is based on three key
properties: Generalization, Specificity, and Compactness [8].

The first property, Generalization (G), measures how well the SSM can replicate a given
shape. It is typically assessed through a series of leave-one-out tests on the training set, by
computing the distance between the omitted shape I and its closest match T'i(c) generated

by the reduced SSM. The Generalization is given as a function of the number ¢ of the
significant eigenvalues used to define the parametric model:
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Gle) = ﬁZD Ti(c),T" (4)

Lower G values correspond to better-performing SSMs. The metric D is used to quantify the
distance between shapes. Following the approach in [8], this study uses the Symmetric Mean
(SM) distance as metric D .

The second metric is Specificity (S), which evaluates the ability of the model to produce

new shapes that are consistent with the family of shapes encoded in the model. This is
evaluated by generating random parameter sets of a and calculating the average distance

between each corresponding generated shape I'*,(¢) and its nearest match in the training set,
over a large number of iterations (¢). As Generalization, Specificity is given as a function of
the number of significant eigenvalues ¢ :

I~ -
S(c) = ;; 7’3’1‘1‘%0 . (c),T (5)
where the metric D used for Specificity is the Mean Absolute Distance between corresponding
points to make the measurement robust and independent from the number of landmarks [8].

Interestingly, S(c) tends to worsen as ¢ increases. While this may seem counterintuitive,

it can be explained by noticing that greater variability allows the SSM to elude the training set
members more easily.

The last metric, Compactness (C), represents the cumulative variance of the model as

determined by principal component analysis (PCA). In this work C was normalized with respect
to the total variance:

A
C(c) = =Lt (6)

Z]‘:l /\f

A compact model, characterized by a low ¢ value, requires fewer parameters to encode
greater variability within the training set. In contrast to the first two measures, higher C
values correspond to better SSMs.

Generalization, Specificity, and Compactness for the SSM constructed in this work are
reported in Figure. As can be seen from Figure 1c the first mode of variation accounts for
90.7% of the total variance of the model. Compactness grows quickly reaching the value of
98% for ¢ =13, indicating that a compact model can represent the great majority of the
possible shapes encoded in the model. Furthermore from Figure 1a and Fig.1b it can be noted
how the curves of Generalization and Specificity flatten for ¢ >10 meaning that ¢=13 is a
good choice to balance the ability to replicate a given shape (G = 0.990 mm for ¢ =13) and the
ability to generate new shapes consistent with the family of shapes encoded in the model (
S =4.622 mmfor ¢ =13).
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Figure 1: (a) Generalization, (b) Specificity, (c) Compactness as a function of the number of
modes of variation c.

4 RECONSTRUCTION OF MISSING ANATOMY

After building and evaluating the SSM, its ability to infer the complete shape of a femur from
a partial one was tested. A dataset of 49 femurs was chosen randomly from the 78 femurs
composing the training set of the SSM.

Through the software Geomagic Design X [12], 20 different configurations of resection

were generated and replicated on each of the 49 cases in the dataset such that a total of 980
partial femurs representing simulated clinical cases, were obtained.
A series of leave-one-out tests were performed, meaning that for each of the 49 cases, an
SSM was built using the remaining 77 femurs, then the reduced SSM was used to infer the
full shape of the femur for the 20 different resections using ¢ = 13. Since our aim is to evaluate
the ability of the SSM in reconstructing only the missing part of the bone, the corresponding
partial femur was aligned to the SSM inferred full bone using the ICP algorithm [1]. Then
following the contour of resection of the partial femur, the SSM full bone was cut in the same
way in order to extract the missing part of the bone. Some examples of reconstruction are
reported in Figure 2.

To better understand the performance of the built SSM in the task of reconstructing the
missing anatomy, the gold standard technique of leveraging the contralateral bone was also
performed. Specifically, for each of the 49 right femurs, the corresponding left femur (which
from now on will be referenced as “contralateral”) was segmented from the same CT images,
then the 3D model was resampled to about 20’000 points and, finally, mirrored (the axis of
mirroring can be any, since it influences only the position and orientation of the resulting
mirrored 3D model). To extract the missing part of the bone, the same procedure described
above for the SSM was followed.

To quantitatively evaluate the similarity between the reconstructions generated by the
SSM (or the contralateral) and the real anatomy of the bone, Chamfer Distance (CD) and

Hausdorff Distance (HD) were used; CD and HD between two-point clouds P, and P, can be
defined as:

1 1 7 ! g
DRI =T |P|Z] ;
e, yekh,
D 1,8, = 5[ macle o], + may 71 .

Computer-Aided Design & Applications, 23(3), 2026, 259-268
© 2026 U-turn Press LLC, http://www.cad-journal.net



http://www.cad-journal.net/

264

wherey = {y € P, | d(z,y) = min"z—y"Q} (and similarly for 7), while | P, |and | P, |represent the
yer,

number of points of each point cloud. Thus CD can be intended as the mean distance between
the two point clouds, while the HD as the maximum distance.

Figure 2: Examples of reconstruction using 13 modes of variation.

In Figure 3 the mean and standard deviation of HD and CD , calculated across all 980 cases,
for both SSM and Contralateral method, are reported. As can be seen, the constructed SSM
was able to reconstruct the missing anatomy with a mean CD of 1.066 mm and, as expected,
is outperformed by the gold standard contralateral method which was able to infer the missing
part of the bone with a mean CD of 0.759 mm. However, these results show that, despite
not reaching the performance of the contralateral method, the CD and HD values of the SSM
and Contralateral method are respectively only 0.3 mm and 1.3 mm apart on average and
thus the SSM stands as a valid solution to reduce the dose of radiation on the patient or in
cases where even the contralateral is compromised.
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SSM vs Controlateral
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SSM 3.229 1.594 1.066 0.361
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Figure 3: Chamfer Distance and Hausdorff Distance mean and standard deviation across all
980 reconstructions.

4.1 Case Study

In order to show the performance of the proposed SSM, retrospective application to a real
case of femur affected by tumor, which underwent surgery at the University Hospital Careggi
of Florence, is presented. Specifically, as can be seen in Figure 4: Retrospective study of a
case of femoral diaphyseal osteosarcoma: a) on the left the 3D models of the femur and the
tumor, on the right the partial femur after resection of the affected part; b) on the left, in
white, the missing part reconstructed by the SSM, on the right, in blue, the reconstructed part
with the contralateral method. Figure a, the case involved a femoral diaphyseal osteosarcoma.

After removing the part of the bone affected by the tumor using the cutting planes
identified by the surgeon, the full bone of the femur was inferred leveraging the built SSM. As
shown, the segmented femur includes only the diaphyseal and distal regions, as the CT scan
was acquired excluding the hip, which was unaffected by the tumor and thus spared from
unnecessary radiation exposure. However, despite the limited information present in the
partial femur, the SSM was still able to infer the full shape of the bone consistently (see Figure
b).

To isolate only the missing portion of the partial bone, it was aligned with the SSM-inferred
full bone using the ICP algorithm. Once the registration is executed the cutting planes can be
used to cut the SSM bone and extract the missing part.

Since for this specific case a bilateral CT was available, the contralateral method was also
used. The resulting reconstructed parts of the SSM and contralateral method are shown in
Figure b. Since no ground truth, i.e. real anatomy of the pathological bone, is available for a
real case, a quantitative evaluation is not possible. However, as reported in Figure b, Chamfer
Distance and Hausdorff Distance between the SSM and contralateral method reconstructed
parts (white and blue in Figure b respectively) were computed. In the light of subsequent
process of allograft selection, which consists in comparing the reconstructed anatomy with
every donor, the CD and HD values obtained can be considered acceptable since it will be
nearly impossible to find a donor that matches perfectly the reconstructed anatomy.

5 CONCLUSIONS

The reconstruction of the premorbid anatomy of the bone is a fundamental part of allograft
selection since a reference shape is needed to select the best shape-matching donor. To this
regard, the contralateral method represents the gold standard technique; however a bilateral
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CT may not always be available. For this reason, in this work, a Statistical Shape Model of the
full femur was built from 78 healthy right femurs.

(a)
1
CD =1.094 mm
HD = 3.371 mm

SSM Contralateral
(b)
Figure 4: Retrospective study of a case of femoral diaphyseal osteosarcoma: a) on the left the
3D models of the femur and the tumor, on the right the partial femur after resection of the

affected part; b) on the left, in white, the missing part reconstructed by the SSM, on the right,
in blue, the reconstructed part with the contralateral method.

Evaluation of the SSM showed how a compact model with only 13 modes of variation was able
to achieve a Generalization of 0.990 mm and a Specificity of 4.622 mm. The ability of the SSM
in reconstructing the missing part of the bone was vastly tested, upon nearly 1000 simulated
cases, showing a Chamfer Distance of 1.066 mm and Hausdorff Distance of 3.229 mm with
respect to the real anatomy of the bone. A comparison with the contralateral method was
performed showing how, despite being outperformed, the SSM still stands out as a great
alternative, being able to infer the premorbid anatomy with a Chamfer Distance only 0.3 mm
worse on average than the contralateral method. Furthermore, the case study presented
showed how the proposed method can be easily and effectively used in a real case scenario.

Still some limitations emerge as a dataset of 3D models of healthy bones is necessary for
the construction of the SSM, whose realization requires manual and time-expensive work in
the process of segmentation of CT or MRI images. To this regard future work should focus on
leveraging Deep Neural Networks to automatically segment medical images.
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