The Knee 54 (2025) 71-80

journal homepage: www.elsevier.com/locate/thekne

Contents lists available at ScienceDirect

The Knee

A deep learning and statistical shape modeling-based method 7))
for assessing intercondylar notch volume in anterior cruciate ks
ligament reconstruction ™

Anna Ghidotti **, Daniele Regazzoni?, Miri Weiss Cohen ", Caterina Rizzi?, Vincenzo Condello®

2 Department of Management, Information and Production Engineering, University of Bergamo, Bergamo, Italy
b Department of Software Engineering, Braude College of Engineering, Karmiel, Israel
€Joint Conservative and Reconstructive Surgery Unit — Sports Traumatology, Humanitas Castelli Clinics, Bergamo, Italy

ARTICLE INFO

ABSTRACT

Article history:

Received 18 June 2024
Revised 24 October 2024
Accepted 6 February 2025

Keywords:

Automatic segmentation
Deep learning

Statistical shape modelling
ACL injury

Principal component analysis
Anatomical variation

Background: Anterior cruciate ligament (ACL) reconstruction is a widely performed proce-
dure for ACL injury, but there are several factors which may lead to re-rupture or clinical
failure. An intercondylar notch (or fossa) that is narrower may increase the likelihood of
injury. Traditional two-dimensional assessments are limited, and three-dimensional (3D)
volume analysis may offer more detailed insights. This study employs deep learning and
statistical shape modeling (SSM) to enhance 3D modeling of the intercondylar notch, aim-
ing to gain a deeper understanding of this complex 3D anatomical region.
Methods: A methodology was developed to generate accurate 3D models of the inter-
condylar fossa within seconds. The variability of the intercondylar notch in ACL-injured
samples was analyzed using SSM techniques, focusing on its principal components.
Additionally, gender differences in notch volume were examined using t-tests.
Results: The best deep learning method for automatic segmentation of the notch was
SegResNet, which achieved a Dice similarity coefficient of over 0.88 and a Hausdorff dis-
tance of 0.73 mm. The small volume-related relative error (0.06) illustrates the goodness
of the result. Three principal components accounted for 72.59% of the variation, including
notch volume, shape, width, and height. Females had statistically significant smaller notch
compared with males with ACL injury (P < 0.001).
Conclusion: By examining notch volume and its variability in ACL-injured patients, it is
possible to understand the complex anatomy of the intercondylar notch and tailor ACL
reconstructions accordingly.
© 2025 The Author(s). Published by Elsevier B.V. This is an open access article under the CC
BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The anterior cruciate ligament (ACL) is one of the most frequently injured ligaments of the knee joint, with an incidence
rate of 68.6 injuries per 100,000 person-years [1]. ACL reconstruction (ACL-R) is widely recognized as one of the most
effective treatment options for individuals who suffer from functional instability due to a torn ACL [2]. Several factors
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may contribute to a re-rupture or clinical failure in an ACL-R patient, including the graft size and location [3]. Small-diameter
hamstring autografts (<0.8 cm) tend to re-injure and even marginal increases in their size (0.5-mm increments) can reduce
graft rupture rates. However, large grafts may impinge on the femoral notch and adversely affect healing [4]. The risk of
impingement with ACL-R and hamstring autografts varies depending on the graft diameter, the placement of the tunnel,
and the geometry of the intercondylar notch, within which the graft is housed. A narrow intercondylar notch (or fossa)
may impose additional mechanical stress on the graft, increasing the likelihood of injury.

Several two-dimensional (2D) parameters, including notch width, notch width index, notch angle, notch depth, and notch
shape index are largely employed for identifying the morphology of the femoral intercondylar notch [5]. Nevertheless, these
parameters are usually location- and plane-dependent, and they are not suitable for describing the complex three-
dimensional (3D) structure of the intercondylar notch. An analysis of its 3D volume may provide more detailed information
that can be utilized in quantitative analysis [6]. Literature concerning notch volume has two major limitations. Firstly, there
is a scarcity of literature due to labor-intensive and time-consuming measurements conducted on several slices in order to
measure the notch volume. Secondly, the literature is quite diverse, for instance in terms of measurement methods or dif-
ferential analysis, concerning the gender. Similarly to other 2D notch parameters, notch volume also varies significantly
between genders. The notch volumes of women with ACL injuries are smaller and there is little heterogeneity among them.
As a result of smaller notches and thinner ACLs, female athletes are more likely to sustain injuries than their male counter-
parts [5].

Currently, notch volume is being studied as a potential risk factor for ACL rupture, by comparing healthy and diseased
individuals [7-9]. It is unclear from literature whether patients elected for ACL-R display anatomical variability in the size
and shape of the femoral intercondylar fossa [3,10]. Providing a detailed description of the anatomical variations found in the
intercondylar notch will contribute to a better understanding of this complex regional anatomical structure. An analysis of
the variability in the intercondylar notch can be useful in planning the size and placement of grafts for each patient. Statis-
tical shape modeling (SSM) techniques can be employed to evaluate the variability in shapes among populations [11]. An
examination of the differences between knees with an ACL injury and healthy knees was conducted using these techniques
[12-14]. Pedoia et al. [12] found that intercondylar narrowing is the second source of variability between healthy and ACL-
injured patients. However, the variability within a group of patients with ACL injuries remains to be determined. The study
conducted by Zrojkiewicz et al. [3] examined the variability of the fossa in relation to impingement risk in ACL-injured
patients, but they used two-dimensional images in their approach.

This study aims to enhance the intercondylar notch volume assessment in ACL-R with deep learning (DL) and SSM tech-
niques. The objective is to better understand how much notch volume is a source of variability, which needs to be taken into
account when performing an ACL reconstruction. To achieve this, a methodology is developed for generating accurate 3D
models of the intercondylar fossa. The variability of the intercondylar notch in an ACL-injured sample is analyzed, using
SSM techniques. The innovation lies in the description of the relationship among morphological features within each com-
ponent in 3D.

2. Materials & methods

The proposed approach involves four stages, represented in Figure 1. The first stage involves patient selection. Secondly,
variations of U-Net segmentation architectures, which are deep learning (DL) models, including 3D U-Net [15], Attention U-
Net [16], SegResNet [17] and VNet [18] were used to automatically segment the intercondylar notch. Thirdly, a morpholog-
ical analysis of the reconstructed 3D models of the intercondylar notch was performed. An evaluation of the degree of vari-
ability was conducted by developing a statistical shape model and examining its principal components (PCs). Finally,
statistical analyses were also conducted to investigate gender differences in the volume of the notch.

Figure 1. Workflow of the proposed approach. DL, deep learning; SSM, statistical shape modeling.
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2.1. Patient selection

This research was a retrospective morphological study approved by the institutional review board of Humanitas Gavaz-
zeni and Castelli, private hospitals in Bergamo, Italy. Informed consent was obtained from all individual participants
included in the study. Medical images of 109 patients who underwent a magnetic resonance (MR) scan of their knee joint
for an ACL injury between January 2022 and July 2023 were acquired in two clinical centers using an ad hoc protocol of pro-
ton density weighted (PDW) sequence with a slice thickness of 0.55 mm. From the original MR images, seven patients were
excluded due to revision surgery and two for image quality issues. Consequently, 100 ACL-injured patients were considered
(Figure 2).

Table 1 summarizes the characteristics of the selected patients, including 31 females and 69 males.

2.2. DL for automatic segmentation

DL techniques, in particular 3D convolutional neural networks (CNNs), were used to automatize segmentation process to
obtain intercondylar notch. 3D CNNs have become a prominent framework for medical image segmentation due to their abil-
ity to effectively process and analyze 3D medical images, such as MR volumes. Hence, 3D U-Net [15], Attention U-Net [16],
SegResNet [17] and VNet [18] were employed for their ability to segment medical images.

The U-Net architecture, introduced by Ronneberger et al. [15] is a specialized DL framework designed for segmenting
neuronal structures in electron microscopy images. It employs a unique encoder-decoder network configuration, with the
encoder extracting high-level features from the input image, and the decoder generating the segmentation mask. U-Net dif-
ferentiates itself from traditional segmentation methods that rely on manually crafted features by autonomously deriving
features from the data [19,20]. The U-Net network consists of interconnected encoders and decoders with skip connections.
The encoder network resembles a standard CNN, employing convolutional and pooling layers to decrease spatial resolution
while increasing feature maps. Each convolutional layer is followed by a rectified linear unit (ReLU) activation function to
introduce nonlinearity. Through training, the encoder network becomes adept at learning high-level features in the input
image. The U-Net decoder network employs convolutional and upsampling layers to increment spatial resolution while
reducing feature maps. The decoder’s primary role is to create the segmentation mask by combining high-level features from
the encoder with low-level features from the input image. The inclusion of skip connections between the encoder and deco-
der allows for the integration of low-level and high-level features by concatenating feature maps from corresponding layers.
This integration enhances the network’s ability to accurately segment complex and small objects. The attention mechanism
in Attention U-Net allows the network to dynamically focus on important parts of the image while ignoring irrelevant areas.
This is achieved through attention gates, which filter the features propagated through the network based on their relevance

ACL-injured patients accessing
orthopaedic unit
(N=109)

Excluded
- Revision surgery (N=7)
- Image quality issue (N=2)

ACL-injured patients eligible
(N=100)

Figure 2. Flow diagram of patient selection. ACL, anterior cruciate ligament.

Table 1
Patient age and height divided by gender.
Female Male P
Sample number 31 69 -
Age, years 31.56 + 13.75 30.74 + 11.31 0.765
Height, cm 166.91 + 5.23 180.09 + 6.86 <0.001

According to one-way analysis of variance (ANOVA) test, there is no statistically significant difference in age between genders, but there is a statistically
significant difference in height between genders.
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Figure 3. Axial slices of knee magnetic resonance showing the femoral intercondylar notch volume measurement. (a) The slice with continuity between the
medial and the lateral femoral condyles; (b) An intermediate slice; (c) The slice with both femoral condyles visible.

[16]. SegResNet uses residual connections from the ResNet architecture. ResNet addresses the vanishing gradient problem by
using residual blocks with skip connections. Through these connections, one or more layers are bypassed by adding the input
of a block to its output, effectively creating a shortcut. The process increases weight values sufficient to allow simplifying the
optimization (backpropagation) process and improving performances [17]. V-Net is a neural network architecture designed
for the segmentation of 3D volumetric medical images. To handle volumetric data efficiently and capture spatial context
across multiple dimensions, it utilizes 3D convolutions and residual connections. Similar to U-Net, V-Net uses residual con-
nections inspired by ResNet to facilitate its training phase, thus providing the ability to learn residual mappings and allowing
it to optimize segmenting 3D volumetric images [18].

The selected CNNs required two inputs. The first input was MR images, that were augmented using data augmentation
techniques such as linear transforms and rotation, resulting in 276 volumes of data.

The second input was the labels of the intercondylar notch. They were obtained using van Eck’s method [7]. Anatomic
landmarks were used to define its boundaries in each slice of the axial MR images [4-6]. First axial slice showing both con-
dyles was considered to be the superior starting point of the intercondylar notch. This finding was confirmed by sagittal
views. In the last axial slice with continuity between the medial and lateral femoral condyles with their cartilage clearly vis-
ible, the inferior endpoint of the notch was identified. In Figure 3, the first, a middle, and the last axial slices to identify the
intercondylar notch are shown.

The augmented MR dataset was randomly divided into 75% for training, 20% for validation and 5% for testing. During the
training, hyperparameter optimization was performed to achieve the best results for each net. In particular, two hyperpa-
rameters that influence the model’s performance and accuracy were chosen. The former is epoch, which is the number of
times the entire dataset is passed forward and backward through the neural network during the training process. It is varied
between 50 and 100 epochs. The latter is the learning rate, that determines the step size at each iteration during the training
process. It controls how quickly the model learns by adjusting the weights of the network in response to the estimated error.
It is varied between 10 and 107,

To test the reliability of the trained network models, a test set was used. Dice similarity coefficients (DSCs) and Hausdorff
distances (HDs) were considered as evaluation metrics. DSC is a statistical metric commonly used to quantify the degree of
similarity or overlap between two sets. The coefficient is a value between 0 and 1, where 0 indicates no overlap, and 1 rep-
resents perfect agreement or complete overlap between the sets. The formula for DSC describes the ratio between two times
the intersection of the sets over their sum:

. 21P a
" 2TP+FP +FN )

Distance is commonly employed to assess the similarity between the automatic segmented region and the ground truth. HD
measures how far the furthest point in a set is from its nearest neighbor in the other set. The formula is as follows

HD(A, B) = max {rl?eigz{d(a, b)}} 2)

DSC

where a and b are points of sets A and B respectively and d(a,b) is the distance between a and b.
Moreover, the volume relative error was calculated as the ratio of the absolute difference between automatic and manual
segmentation over the manual segmentation of the test set.

|VOlumeauroman'c - VOlumemunual|

Volume relative error =
Volume manual

(3)
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For the purpose of the study, an open-source framework for DL in healthcare imaging, Medical Open Network for Al [21], was
employed together with MONAI Label, setting in 3D Slicer software [22]. The training of the nets was performed using the
following hardware components: Intel(R) Xeon(R) W-2245 CPU @ 3.90 GHz and GPU NVIDIA RTX A5000.

2.3. Anatomical variation using SSM

Based on the segmented intercondylar notches, a statistical shape model was developed to evaluate shape variability
among patients with ACL injuries. SSM is a technique used to analyze and represent the geometric variability of shapes
within a dataset using statistical methods. It aims to capture the main modes of variation in shapes and quantify these vari-
ations in a compact and interpretable form. In the present study, the SSM package of Materialise 3-matic was used to create
and analyze the SSM [23].

Initially, the intercondylar notch of the right knee was mirrored to the left for uniformity. Then, a random model was used
as a source and uniformly re-meshed. A remeshing process was performed such that each shape was represented by an equal
number of L corresponding vertices. Consequently, each shape was represented by a vector with M = 3 x L dimensions (x, y, z
coordinates). Then, the shapes were aligned in space in order to eliminate translation and rotation, according to general Pro-
crustes analysis (GPA). The Procrustes distance is a measure of difference between shapes, and was minimized for all shapes
by translating and rotating each shape. After vectorization and alignment phases, Principal component analysis (PCA) was
performed to determine the principal modes of shape variation. PCA transforms correlated shape variations into uncorre-
lated variables known as PCs or mode of variations, and orders them by their magnitude of variability. Collectively, these
components characterize the major sources of shape diversity observed in the intercondylar notch dataset.

SSM quality was assessed using two measures. Compactness was the first metric, defined as the number of PCs required
to describe a fixed percentage of variation. Generalization was the second metric, which represents how well a random notch
can be described using the developed SSM. It is based on computing the average distance between the original notch mesh
and the mesh obtained by the SSM [11].

Based on literature [5,24], five relevant parameters were identified and measured, shown in Figure 4. They are notch vol-
ume, notch width in coronal (NWc) and axial (NWa) view, notch height (NH) and depth (ND). These parameters were deter-
mined on the mean shape of the fossa, and on other 3D models obtained varying from -3 standard deviation (SD) to + 3 SD
for the first three modes of variation.

2.4. Gender comparison
In addition, volume parameter was measured on 100 patients to evaluate the difference between male and female. t-Test
was performed to test for significant differences (P < 0.001) in this parameter between gender [25]. Additionally, the corre-

lation between notch volume and height of the patients was calculated in order to determine whether the difference
between males and females is dependent on the size of the patients.

3. Results
3.1. Automatic segmentation performance

The performance of the selected DL models was evaluated on the testing dataset in accordance with the defined metrics.
Table 2 presents the average results for DSC, HD, and relative error for each CNN. The best DL method was SegResNet, trained

for 50 epochs at a learning rate of 10~3, which achieved a DSC of over 0.882 and an average HD of 0.730 mm. In this case, the
goodness of the result can be demonstrated by the small relative error related to the volume (0.062).

Qbaav

Figure 4. (a) Notch volume; (b) notch width in coronal view (NWc); (c¢) notch width in axial view (NWa); (d) notch height (NH); (e) notch depth (ND).
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Table 2
Dice similarity coefficient (DSC), Hausdorff distance (HD) (mm) and volume relative error of the chosen deep learning (DL) methods.
DL model DSC HD (mm) Volume relative error
UNet 0.877 + 0.016 0.775 + 0.105 0.104 + 0.036
AttentionUNet 0.869 + 0.023 0.821 + 0.139 0.095 + 0.033
SegResNet 0.882 + 0.026 0.730 + 0.176 0.062 + 0.055
VNet 0.868 + 0.027 0.829 + 0.189 0.076 + 0.061

All values are shown as mean + standard deviation.

Figure 5. Manual (a) and automatic (b) segmentation in the axial plane. The volumes are overlapped (c) to compute Dice similarity coefficient (DSC),
Hausdorff distance (HD) and volume relative error. It is presented the case of a patient with a DSC achieved 0.908, HD is 0.557 and the volume relative error
is 0.042.

Figure 5 illustrates the comparison between the sections predicted from manual segmentation of the intercondylar notch
(Figure 5(a)) and the automated segmentation (Figure 5(b)) and of the volume (Figure 5(c)), using SegResNet. The inter-
condylar notch volumes between manual and automatic segmentation showed strong correlation across intercondylar
notch, with Pearson’s coefficient r value of 0.897.

3.2. Morphological analysis

Three components accounted for 72.59% of the anatomical shape variation of the intercondylar notch. The first PC repre-
sented 46.70%, the second contributed 20.37%, the third accounted for 5.52% (Figure 6). Generalization shows that a random
notch can be described by the SSM with an average accuracy of 0.690 mm. To visualize the shape characteristics of each PC,
the shape that corresponded to extreme values was plotted, as shown in Figure 6.

To quantify shape changes, morphological parameters were measured and reported in Table 3. The first mode of variation
is related to the size and the notch volume changes from —57% (-3 SD) to + 92% (+3 SD), as compared with the mean shape. A
second PC can be attributed to the notch shape. Looking at the three overlapped shapes (-3 SD, mean, +3 SD) in Figure 7, it is
evident a shape change. While for the mean model and + 3 SD model, it is recognized a U-shape, for the —3 SD model, an A-
shape is recognized [26]. This second mode of variation is related to the width of the notch, both from the coronal and axial
perspectives: it varies from —28% (-3 SD) to + 29% (+3 SD) and from —20% (-3 SD) to + 20% (+3 SD) in the coronal and axial
plane, respectively. The third mode of variation showed a variation in the notch height, even if the percentage of variation is
less, compared with the previous modes.

Regarding the intercondylar notch volume, the differences between males and females are shown in Figure 8. The notch
volumes of males and females with ACL injury were 8.55 + 1.47 and 6.43 + 1.51 cm?, respectively. Females had smaller notch
compared with males with ACL injury (P < 0.001).

To understand whether this result is related to patient size, the volume of the intercondylar notch was compared with the
patient’s height. Pearson’s coefficient r indicates a moderate correlation (r = 0.65).

4. Discussion

The aim of the present study was to enhance the intercondylar notch volume assessment in ACL-R by using DL and SSM
techniques. The main finding is that the intercondylar notch volume is the first and main source of variability in ACL-injured
patients. Specifically, the volume explains 46.7% of the overall observed variance, followed by notch shape, notch width and
notch height.
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Figure 6. Mean shape of the intercondylar notch of anterior cruciate ligament-injured patients varied by + 3 standard deviation (SD) along the first three
principal components. The colors represent the distance in millimeters from the mean shape.

Table 3
A description of the principal components, expressed as a percentage of variation.
Mean Mode 1 Mode 2 Mode 3
-3SD +3 SD -3SD +3 SD -3SD +3 SD

Volume 7.788 cm® -57% 92% -2% -5% -3% 1%
NW coronal 22.72 mm —28% 24% -28% 29% 5% -11%
NW axial 19.17 mm —-25% 23% -20% 20% —6% 8%
NH 22.39 mm -27% 29% 24% -14% 11% -10%
ND 30.37 mm -21% 26% 11% 0% -6% 8%

The percentage values in bold indicate the most relevant. ND, notch depth; NH, notch height; NW, notch width.

-3SD
Mean
+3SD

Figure 7. Mode 2 shows an intercondylar notch shape variation. This is confirmed by the notch width measurement. SD, standard deviation.
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Figure 8. Box plot of the intercondylar notch volume of female and male measured in cm®.

The use of 3D volumes has only been utilized recently for the evaluation of intercondylar notch size, but, as confirmed in
this study, it is well suited for representing the complex 3D structure of the intercondylar notch, overcoming the limitations
of 2D parameters. Van Eck et al. [7] were the first to investigate whether intercondylar fossa volume was related to ACL
injury. Actually, they measured intercondylar notch volumes of 6.5 cm?® and 5.9 cm? in patients with and without ACL inju-
ries, respectively. Several other studies have examined the 3D volume of the intercondylar notch, finding that patients with
ACL injuries have a smaller intercondylar notch compared with the control group [8,9,27]. Intercondylar notch volumes
reported in the aforementioned studies of ACL-injured patients were slightly lower than the value of 7.788 cm® found in
the present study. This discrepancy may be caused by the way in which the volume was obtained. All of the previous
researches involved manual tracking of the boundaries of the notch in 2D medical images. The area of each slice is calculated
and multiplied by the slice thickness, which is typically 3.0 mm in traditional methods. Compared with the previous inves-
tigations, the thickness of the slice in the present study was 0.55 mm, and the volume was automatically computed by the
software, multiplying the number of voxels in the segment by the voxel size. As a result of such a small slice thickness, it is
possible to obtain extremely accurate 3D volumes, which are ideal for the purposes of this study.

Manually identifying the intercondylar notch on each slice is time consuming, and as a result, its volume assessment is
less diffuse than two-dimensional parameters, which are quicker and simpler to compute. To increase accessibility to 3D vol-
umes, a procedure was developed as part of the present study. The proposed method, which uses DL algorithms, provides a
3D volume in only 5-10 s, compared with 10-15 min for manual segmentation. The accuracy of the automatic segmentation
achieved was compared with manual labeling, with a DSC value more than 0.88 and HD less than 0.73 mm. This high DSC
value indicates a strong agreement between the automated segmentation and manual labeling, underscoring the reliability
and precision of the selected DL models. Furthermore, the low volume relative error (0.062) demonstrated the reliability of
the selected DL models for the computation of intercondylar notch volume. DL was particularly effective due to its capability
to learn complex patterns and features directly from data. As a result of training on a diverse dataset, which encompasses a
variety of intercondylar notch shapes, DL models become adept at capturing the inherent variability between patients. Only
Li et al. [6] tried to automatize the intercondylar fossa, reaching good accuracy, employing a ResU-Net. A number of studies
have utilized DL techniques to automate knee joint segmentation, focusing on the bones, ligaments, muscles, cartilage, ten-
dons, vessels, and nerves, without considering the notch fossa [28-30]. In this regard, there was a need to automate this
region, as it contains important information for patients who have sustained an ACL injury. Therefore, the present study
examined DL algorithms commonly used in medical image segmentation, including the 3D U-Net, AttentionU-Net, VNet,
and SegResNet.

In investigating the anatomical variability of the intercondylar fossa volume, gender influences were taken into consid-
eration. The intercondylar notch volume showed significant differences for sex comparison in the set of 100 patients. Similar
results were found by Fayad et al. [31] in 63 knees. Wolters et al. [32] stated that women had a smaller notch and a smaller
insertion site than men. The same conclusion was reached by Jha et al. [5], who assessed the difference in notch volume
between the ACL-injured and uninjured in men and women combined or stratified by sex. The small notch volume may
be one of the reasons for females being more likely to suffer an ACL injury than males. It is reported that tears of the ACL
are two to eight times more common in females than males [31]. Besides having smaller knees than men due to their smaller
skeletons, there are a number of other possible causes, both internal and external [6]. In this study, there is a moderate cor-
relation between intercondylar notch volume and the patients’ size, indicated by their height. Moreover, most patients who
sustained ACL injuries were males, who tend to participate in more intense sports, such as football and basketball, which
carry an increased risk of injury. By screening athletes for these anatomical variations, at-risk individuals could be identified
before they sustain an ACL rupture, allowing for early intervention strategies. For elite athletes, where performance and
injury avoidance are paramount, this could lead to longer careers, fewer injuries, and optimized performance outcomes.
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Differences in anatomy between male and female notch have direct implications for ACL-R surgery and graft choice in
clinical settings. Examining the variability in size and shape of the intercondylar notch among individuals might be crucial
when planning the ACL reconstruction procedure. During the reconstruction of the ACL, it is important to take into account
the anatomical characteristics of each patient in order to potentially restore native ligament function. Thein et al. [33] eval-
uated the 3D shape and cross-sectional area of the native ACL versus ACL graft and compared the impingement against the
intercondylar notch. The presence of a smaller notch size can lead to surgical complications and an elevated risk of ACL re-
injury. This statement was confirmed by Park et al. [34] and Wilson et al. [35] who showed that narrow intercondylar
notches are associated with greater impingement, which can lead to graft degeneration, and ACL-R failure. Oshima et al.
[4] reported that high ratio of graft volume to intercondylar notch volume leads to graft impingement, which results in less
graft healing.

The results of our methodology present significant implications for clinical practice in ACL surgery. Knowledge of the
notch volume may enhance surgical planning accuracy for several reasons. First, understanding the 3D study of the notch
volume enables identification of anatomical landmarks critical for precise femoral tunnel placement. This is particularly rel-
evant in the trans-antero-medial technique, where tunnel positioning occurs at over 120° of knee flexion, a point at which
visualization of the guide and landmarks becomes challenging. By relying on established landmarks, the surgeon can accu-
rately position the guide at 90° of flexion and maintain it as the knee moves into higher degrees of flexion, improving con-
sistency in tunnel placement.

Second, in the case of ACL revision surgery, identifying the emergence of the previous tunnel within the 3D notch struc-
ture, along with analyzing its orientation, helps surgeons determine how to create a new tunnel that minimally interferes
with the prior one while maintaining the proper anatomical position.

Third, a preoperative 3D model of the notch provides valuable information about its width, enabling surgeons to antic-
ipate whether a notchplasty is needed and plan accordingly. If the notch is narrow, the surgeon can plan the notchplasty and
decide the extent of the volume to be removed.

Future advancements could incorporate this data into robotic surgical systems or augmented reality (AR)-assisted navi-
gation, further increasing precision. However, our approach has limitations. The primary limitation of this study is the
absence of longitudinal data to assess the long-term impact of ACL reconstruction surgery. Future research should aim to
integrate these analyses into routine preoperative evaluation protocols and explore their potential in customizing ACL recon-
struction to the specific anatomical features of each patient.
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