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Abstract: Shape of supracondylar fracture of the humeral of pediatric patients is analysed with
Procrustes method. XR-images of fractures are considered both in anterio-posterior (AP) view (66
images) and in a lateral (L) view (24 images). Applying Procrustes method for both views mean ;
images are constructed and compared. Variability of shapes is quantified with a shape principal '
component analysis. Non-parametric tests (permutational and bootstrap) do not indicate statistical
difference between Procrustes mean shapes in anterio-posterior and lateral projections. It is shown,
however, that AP and L shapes of humeral fractures differ in their variability quantified by shape

principal components. ;
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1. Introduction

The ongoing advancements in technology and theoretical methodologies have pro-
pelled medical imaging to become an essential tool in contemporary medicine [1,2]. Among
these imaging techniques, plain radiography, despite its simplicity and long-standing
history, continues to hold a prominent position in the diagnosis and treatment of bone
fractures, making it an indispensable preliminary diagnostic modality (Johnson, 2018).
Plain radiographs are particularly valuable in the context of surgical interventions as they
facilitate basic preoperative planning, including the classification of bone fractures and the
determination of appropriate treatment approaches [3]. Consequently, radiography has
gained significant attention within the field of orthopedic surgery [4].

The supracondylar fracture of the humeral stands as the predominant injury in the
pediatric population [5], constituting approximately 16% of all fractures in children [6-8].
Furthermore, it accounts for more than 60% of all elbow fractures among children [9-11].
The primary mechanism of this fracture type typically involves an extension-type injury,
which transpires when a child experiences a fall on an outstretched hand, with the elbow
fully extended and an abduction occurring at the shoulder joint [12]. Remarkably, this  --
specific subtype of supracondylar fracture constitutes a significant majority, representing
approximately 97-99% of all cases [9,13-16]. In certain circumstances, the morphological
characteristics of the injury displayed in medical images become of particular interest [17,
18]. The shape of a fracture associated with an injury can serve as a valuable example.
Understanding the specific characteristics of the fracture shape not only helps deduce
the mechanism by which the injury occurred but also aids in treatment planning [19].
This inherent interest in studying fracture shapes stems from the natural desire to gain
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insights into injury mechanisms and optimize treatment strategies. Additionally, the
growing importance of preoperative modeling for bone reconstruction further emphasizes
the significance of fracture shape analysis [3].

Recognizing that every image represents a unique set of data, there is an ongoing
endeavor to enhance specialists’ knowledge and expertise through the utilization of au-
tomated computer-based tools. These tools predominantly emerge from the data science
community, aiming to provide support and augment the capabilities of medical profes-
sionals The application of statistical shape analysis in orthopedic problems [4,20-23] is
driven by a compelling realization. On one hand, the shapes of fractures observed in
radiological images originate from the same population. However, on the other hand,
these shapes exhibit variations that are subject-specific, posing a challenge in accurately
describing shape variability. To address this challenge, one of the objectives, formalized
within the framework of statistics [24,25], is to construct a mean shape characterized by
population-averaged parameters. Subsequently, the subject-specific variation of this mean
shape can be investigated by considering random effects. A key characteristic of shape
is its invariance to translation, rotation, and size transformations. To remove irrelevant
shape features, the Procrustes model [26] has been proposed, leading to the development of
Procrustes analysis, which involves matching configurations based on similarity measures.

2. Materials and Methods

We conducted a study involving 66 radiographic (XR) images captured in the anterio-
posterior (AP) view and 24 images taken in the lateral (L) view of supracondylar fractures
of the humeral in pediatric patients who were admitted to the Pediatric Trauma-Orthopedic
Department. To analyze the shapes of these fractures, we employed Procrustes analysis,
which allowed us to eliminate irrelevant shape features. Each fracture was described
using a set of 10 scientific landmarks that were assigned by an expert. These landmarks
were further encoded into a configuration matrix X, which was assumed to be invariant
under location, rotation, and isotropic scaling (Euclidean similarity transformations) [27].
Procrustes matching [19,28,29], as summarized in Ref. [27] and applied in this study,
involved registering all shapes (fractures) to their optimal positions by applying translation,
rotation, and rescaling operations. This was achieved by minimizing the sum of squared
Euclidean distances between the shapes. By doing so, we estimated the mean shape denoted
as E[X] or the Procrustes mean shape [27]. Estimating the mean shape was complemented
by determining the structure of shape variability.

To ensure the utilization of open-source and freely available computational tools, we
made a deliberate choice for our study. The initial preparation of images was conducted
using the Python "skimage’ package. Scientific landmarks for each fracture were extracted
from the XR images, as shown in Fig.(1), using the "FigureCanvasBase.mpl-connect’ method
from the Matplotlib library. Procrustes analysis was performed using the ‘shapes R-package
and the "procGPA’ function [30]. The landmarks used in our analysis can be accessed
through the Data Availability Statement provided below.

For cubic spline interpolation of mean shapes presented in Fig.(3), we utilized the
"interpolate” module from the SciPy package. The PCA analysis shown in Fig.4) and
Fig.(5) was conducted using the "shapepca" function from the aforementioned "shapes" R-
package [27,30]. Statistical comparisons of mean shapes between the AP and L views were
performed using non-parametric methods, employing permutations and bootstrapping
techniques through the "resampletest” function available in the "shapes" R-package.

3. Results

Our dataset comprises a total of 66 XR images in the anterio-posterior (AP) view and
24 XR images in the lateral (L) view, as illustrated in Figure 1. In our analysis, we employ a
set of "scientific landmarks" (as defined in Ref. [27])) that constitute the shape of a fracture,
as depicted in Figure 1. Specifically, we select 10 landmarks for each fracture. This approach
of using a relatively large number of landmarks helps to mitigate potential biases that may
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arise from an expert’s subjective selection of specific landmarks. Consequently, our strategy
ensures a quasi-random and uniform selection of landmarks. By digitizing the shape of
a fracture using these scientific landmarks, our objective is to construct and analyze the
mean shape for both the anterio-posterior (AP) and lateral (L) projections.

3.1. Mean shape of humeral fracture

Our initial objective is to construct a mean (typical) shape for humeral fractures in
both the anterio-posterior (AP) and lateral (L) views. In formal terms, a shape, denoted
as X, belongs to a shape space M, which is a subset of the real Cartesian product, i.e.,
X € M C R19%2 where k = 10 represents the number of landmarks in each 2-dimensional
image [27]. By identifying and selecting k = 10 scientific landmarks (as defined in Ref. [27])
from each XR image (66 in the AP view and 24 in the L view, as shown in Fig.(1))), we can
construct a sample set of shapes, presented in the left panels of Fig.(2)), for both the AP and
L views. The technical details of landmark extraction, utilizing Python’s "skimage" and
Matplotlib tools, are summarized in the Methods section.

The observed differences in shapes, as shown in Fig.(2)), arise not only from the
distinct characteristics of the corresponding fractures but also from technical factors and
circumstances related to the radiographic imaging process. These differences can be
attributed to variations in factors such as patient age or minor positional variations during
the radiography procedure. However, it is crucial to note that all unwanted and artificial
features in the analyzed XR images become irrelevant and can be disregarded with the
application of the Procrustes method, as employed in this study, to construct the mean
fracture shapes. The Procrustes mean shapes, derived from the analysis, are presented in
the right panels of Fig.(2)).

The mean shapes of fractures in the AP and L views are compared in Fig.(3). To
enhance the visualization and facilitate further analysis, the Procrustes mean shapes are
accompanied by cubic spline interpolation. This interpolation technique ensures math-
ematical continuity and enables the examination and discussion of shape features that
require smoothness, such as the convexity of shapes, which can be assessed by analyzing
the second derivative. From the observations in Fig.(3), it can be inferred that the convexity
of the mean shapes does not significantly depend on the projection (AP or L), with only
minor local variations. To assess the statistical significance of the differences between the
mean shapes in the AP and L views, there are specific methods, such as significance tests,
that can be employed [27]. These tests allow for the determination of whether the mean
shapes in the AP and L views are statistically similar or different.

In this particular case, it is unlikely that parametric methods would provide reliable
results since the sets of landmarks rarely satisfy the normality assumptions. Therefore,
non-parametric counterparts of standard statistical methods are more appropriate and
were applied in our analysis. The non-parametric methods, based on permutations or
bootstrap resampling, were used to compare the mean shapes in the AP and L projections.
The results obtained from these methods indicate that there is no statistical difference
between the mean shapes, i.e., there is no evidence, based solely on p-values, to reject the
null hypothesis of yap = yr.

The statistical tests employed in our analysis are non-parametric versions of Hotelling’s
T-squared tests, as described in Ref. [27]. In particular, bootstrap resampling methods were
used, which are less restrictive and provide results that are less sensitive to potential
violations of the assumptions required for parametric methods. The calculations were
performed using the "shapes" R-package [30] and the procedures described in the Methods
section above.

3.2. Shape variability: PCA

To provide a comprehensive description of the humeral fracture shapes, it is important
to quantify their variability. A suitable measure for this purpose is the population covari-
ance matrix of the coordinates calculated in the tangent space [27]. This tangent space,
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denoted as T, (M), is constructed for the shape space M with the pole at the projection y,
which represents the mean shape. In other words, the tangent space is the space tangent to
the manifold M at the mean shape. The population covariance matrix:

= =E[(V - E[V])(V — E[V])]] 1)

where V' € T, (M). in the tangent space captures the variability of shapes around the mean
shape and provides valuable information about the shape distribution. It describes how
shapes deviate from the mean shape in different directions and magnitudes. The calcula-
tion of the population covariance matrix in the tangent space is based on the landmarks’
coordinates of the shapes in the dataset. By analyzing the population covariance matrix,
we can gain insights into the patterns and structure of shape variation. This information
is crucial for understanding the range of possible shapes within the population and for
further statistical analysis and modeling:

A standard method for analyzing shape variability is Principal Component Analysis
(PCA), which allows us to identify the most significant features influencing the covari-
ance matrix X of the shapes. In our analysis, PCA was performed using the "shapes"
R-package [30] as described in the Methods section. The results of the PCA for the AP and
L views are presented in Figure (4) and Figure (5), respectively. These figures show the
principal components of shape variability. It can be observed that for the AP view, the first
three principal components account for 59.1%, 11%, and 9.8% of the variability in the mean
shape, respectively. For the L view, the corresponding weights are 59.1%, 13%, and 8.8%.

Comparing the principal components between the AP and L views, it can be observed
that the lower components (e.g., the second and third) have a stronger impact on the overall
variability of the mean shape in the L view. Additionally, there is a qualitative difference in
the third principal component between the AP and L views, as indicated by the last row of
panels in Figure (4) and Figure (5).

These results suggest that while there is no statistical difference between the mean
shapes in the AP and L projections, there are differences in the principal components that
quantify their variability. This finding highlights the importance of considering not only
the mean shape but also the higher-order modes of variation when comparing the two
projections.

4. Discussion

We focused our study on a common pediatric injury known as supracondylar humeral
fractures. These fractures pose a significant challenge in the preoperative assessment
for surgeons, as the initial and often only available imaging modality is an X-ray image
captured in both the anterio-posterior (AP) and lateral (P) projections. These images
play a crucial role in determining the appropriate treatment strategy for the patient. By
analyzing and interpreting the information provided by both the AP and lateral X-ray
images, surgeons can gain insights into the nature and extent of the fracture. This allows
them to make informed decisions regarding the surgical approach and plan the necessary
interventions for optimal patient outcomes. The combination of information obtained from
both projections is vital in developing an effective treatment strategy for supracondylar
humeral fractures in pediatric patients.

In our study, we utilized Procrustes analysis, a powerful technique described in
Ref. [27], to extract essential features of shape and eliminate irrelevant features that may
obscure our understanding. We analyzed a dataset consisting of 66 anterio-posterior (AP)
and 24 lateral (L) images of supracondylar humeral fractures. Each fracture was represented
by a set of 10 scientific landmarks, which served as the sample set for Procrustes analysis.
By applying Procrustes analysis, we were able to construct the Procrustes mean shapes of
fractures for both AP and L projections. To enhance the visualization of these mean shapes,
we employed cubic splines. Interestingly, the mean shapes in both AP and L projections
exhibited similar features, regardless of the projection type. This observation was further
supported by statistical analysis using a non-parametric version of the Hotelling’s T-square
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test, which indicated no significant difference between the mean shapes in the AP and L
projections. However, when we examined the variability of the mean shapes, as quantified
by the principal components of the covariance matrix, we observed a difference between the
AP and L projections. This suggests that further differentiation of supracondylar humeral
fracture shapes is possible by considering the principal components of shape variability.

In summary, our findings demonstrate that Procrustes analysis is effective in extracting
the essential features of supracondylar humeral fractures. While the mean shapes in AP and
L projections are similar, the variability of these shapes differs between the two projections,
as revealed by the principal components of the covariance matrix.

Indeed, analyzing shapes in radiographic medical images using the Procrustes method
provides valuable insights. One important aspect to consider is that the absolute values or
sizes extracted from the images may not accurately represent real values due to random
variations in scale caused by technical factors during imaging and variations in patient
positioning. Instead of relying solely on absolute values, one can explore the relation-
ships between values (ratios) or employ statistical modeling techniques to uncover typical
properties of the analyzed shapes.

In the specific case of supracondylar humeral fractures in pediatric patients analyzed
with the Procrustes technique, our results indicate that there is no statistical difference be-
tween the mean shapes in the anterio-posterior (AP) and lateral (L) views. This means that
the typical or average information regarding the shape of a humeral fracture is consistent
for both AP and L imaging. However, it is important to note that further analysis of shape
variability reveals noticeable differences between the two views, particularly in the lower
principal components of the covariance matrix (Eq.(1)). These differences highlight the
distinct variations in shape observed in different views and provide additional insights
into the complexity and diversity of humeral fracture shapes.

By utilizing the Procrustes method and examining both the mean shapes and the
variability of fractures, we gain a comprehensive understanding of the typical properties
and variations present in this common injury. This knowledge can be valuable for medical
professionals in diagnosing and treating supracondylar humeral fractures in pediatric
patients.

The Procrustes method serves as an initial and fundamental step in the development
of more advanced methods for statistical shape analysis. The Procrustes method allows
for the alignment and comparison of shapes, which is essential for studying the variability
and patterns in shape data.Building upon the Procrustes method, more sophisticated
techniques such as mixed models can be employed to analyze shape data. Mixed models
take into account the hierarchical structure of the data and can incorporate both fixed
effects (such as treatment or imaging orientation) and random effects (such as individual-
specific variations). These models provide a powerful framework for studying complex
shape variations and understanding the underlying factors influencing shape changes.
In the context of your work on supracondylar humeral fractures and 2D imaging in AP
and L orientations, the findings can certainly support orthopedic treatment decisions in
pediatric patients. By analyzing and comparing the shapes of fractures, clinicians can gain
valuable insights into the biomechanics and patterns of injuries. This knowledge can aid in
determining appropriate treatment strategies and optimizing patient outcomes.

Opverall, the application of statistical shape analysis methods, including the Procrustes
method and more advanced techniques like mixed models, can contribute to both clinical
practice and biomechanical research, providing a deeper understanding of shape variations
and their implications.
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Figure 1. Examples of XR images of humeral fractures: from (AP) and side (L) projections. Solid lines
indicate the fracture.
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Figure 2. Fracture shapes based upon 10 landmarks (left panels) and the corresponding Procrustes
means for the front (AP) and side (L) projections
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Figure 3. Procrustes mean shapes of humeral fractures in fron (AP) and side (B) views interpolated
with cubic splines
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Figure 4. Three principal components of shape variability for the Procrustes mean shape of humeral

fractures in front view (AP). Figure rows correspond to three principal components j = 1,2, 3. In the

j-th row there is Procrustes mean (central panel) presented with a tripled (c = 3) standard deviation

(sd) subtracted (left) and added (right).


https://doi.org/10.20944/preprints202306.1830.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 June 2023 doi:10.20944/preprints202306.1830.v1

PC 1: 59.1%
w w w
< 7 = o 7
o b b
(=] (=] o
o T o 1 50 o 7]
s ] < S
w N w w0 7]
- o e
k LI B N Y | : LI B B B B | ; L[ B B
-08 -0.2 0.2 08 -06 -0.2 D2 08 06 -0.2 0.2 06
mean - ¢ sd mean mean + ¢ sd
PC 2: 13%
e Lo o
(=] L=] [ =]
o o L
= o =]
. @m.oe-g% & ooa-aeaeaee ™ B"“'W
iy 2] S
o ] w0 ] Al ]
o 7 o o
! LI | | I N | I LI B L) L I | r T rrTrd I
-06 -02 02 08 -06 02 02 086 -06 02 0.2 06
mean - ¢ sd mean mean + ¢ sd
PC 3: B9%
w w w0
o ] (=] o 7]
o o o~
c 7 o | =
i - 39.999.-99% e e8e6a6ag N m
S S =
w T w il w ]
s s S -
| N N e e | LN N A | LI I B
-06 -02 02 06 -06 -02 02 06 06 -02 02 06
mean - ¢ sd mean mean + ¢ sd

Figure 5. Three principal components of shape variability for the Procrustes mean shape of humeral
fractures in side view (L). Figure rows correspond to three principal components j = 1,2, 3. In the
j-th row there is Procrustes mean (central panel) presented with a tripled (c = 3) standard deviation
(sd) subtracted (left) and added (right).
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