Thesis

Automated fracture detection in children using

difficult cases from routine pediatric traumatology

submitted by
Daniel Matthias Stutz

in partial fulfilment of the requirements for the degree of

Doktor der gesamten Heilkunde

(Dr. med. univ.)

at the
Medical University of Graz

executed at the
Division of Pediatric Radiology

Department of Radiology

under the supervision of
Sebastian Tschauner MD PhD
and
Michael Janisch, MD

Graz, 30.03.2026



Declaration of Academic Integrity

| hereby confirm that the present diploma thesis is the result of my own independent
scholarly work. | also confirm that in all cases, where material from the work of others
(in books, articles, essays, dissertations, and on the internet) is acknowledged,
quotations and paraphrases are clearly indicated. No material other than that cited
in the reference list has been used. | have read and understood the Medical

University’s regulations and procedures concerning plagiarism.

Furthermore, | hereby declare that if artificial intelligence (Al) tools were used for the
generation and/or correction of certain text passages in the creation of this work,
such employment was conducted in compliance with ethical principles, academic
integrity, and the regulations of my university. Additionally, it was ensured that this

usage was transparently disclosed and appropriately attributed.

Graz, 30.03.2026 Daniel Matthias Stutz m.p.




Acknowledgements

Firstly, | would like to express my profound appreciation to my supervisors
Sebastian Tschauner MD, PhD and Michael Janisch MD. In particular, | am deeply
indebted to Sebastian Tschauner: thank you for your wisdom, guidance, unwavering
support, patience and encouragement throughout every single step of this journey.

| feel truly privileged to have been under your mentorship.

| am forever grateful to my loving and supportive family. To my mother Judith, my
father Thomas, my sister Theresa and my grandmother Gisela and my late
grandfather Daniel. Your constant love and encouragement have been the
foundation of everything | have achieved. Also, | am immeasurably thankful for my
godparents Anna and Robert for their continuous support and for believing in me no
matter what.

To my dear friend Christoph - thank you for standing by my side all these years. The
long and exhausting nights we shared in the library as well as our travels have
become some of the most precious memories of my life. Your friendship means
more to me than words can say.

Furthermore, | want to express my gratitude for my dear friends Samuel, Francis,
Lukas, Johannes, Florian who have filled this journey with countless nights and days
of laughter and joy.

A very special place in my heart belongs to Viktoria, my best friend. Your untiring
presence and your light have carried me through difficult days and made the good
ones even brighter. Thank you for being in my life.

| am deeply grateful to my dear friends Letizia and Fabian: thank you for your
friendship and all the precious moments we shared.

Equally to my dear friends Paul, Andreas, Lorena, Eva, Verena, Hanna and Eva for
the countless moments of true happiness. Thank you.

My dear friend David, thank you for your companionship and the joy you have
brought into my life.

Finally, to Molly and Timmy — thank you for your cuddles and warmth, you will

forever hold a special place in my heart.




Zusammenfassung

Hintergrund: Frakturen im Kindesalter stellen ein erhebliches Gesundheitsproblem
dar und gehoren zu den haufigsten Grunden fur den Besuch in der Notaufnahme.
AulRerhalb der regularen Dienstzeiten der Kinderradiolog*innen werden
Rontgenbilder von der Universitatsklinik fur Kinder- und Jugendchirurgie befundet.
Am darauffolgenden Arbeitstag werden diese Bilder vom arztlichen Personal der
Universitatsklinik fur Kinderradiologie Uberpruft, wobei es gelegentlich zu
Diskrepanzen zwischen den Befunden der beiden Abteilungen kommt. Diese Falle
werden in der Abteilung fur Kinderradiologie auf einer internen Liste dokumentiert.
Computer-Vision-Modelle  haben  bemerkenswerte  Ergebnisse in  der
automatisierten Frakturerkennung gezeigt, allerdings kann ihre Leistung je nach
Zusammensetzung der zugrundeliegenden Testdatensatze variieren. Wir gehen
davon aus, dass die beiden KI-Algorithmen EfficientNet und YOLOvV8 mit
zunehmender  Fallkomplexitdt eine  signifikant geringere  diagnostische
Gesamtleistung in einem Testdatensatz mit schwierigen Fallen im Vergleich zu
einem abgeglichenen Testdatensatz aufzeigen.

Material und Methoden: Es wurden zwei Testdatensatze retrospektiv erstellt: einer
bestehend aus Rontgenbildern mit “schwierigen® Fallen (n=786), bei denen es
anfanglich zu besagten Diskrepanzen zwischen den diagnostischen Befunden
gekommen ist, und ein Datensatz (n=786), der anhand Korperregion, Alter und
Frakturrate angepasst wurde. Klassifizierung (EfficientNet) und Objekterkennung
(YOLOvV8) wurden anhand gangiger Leistungsmetriken fur maschinelles Lernen
bewertet: Precision, Recall, F1-score, Accuracy und PR AUC. Die statistische
Signifikanz wurde mit dem Wilcoxon Signed Rank Test ermittelt.

Ergebnisse: Die diagnostische Leistung beider Modelle war beim schwierigen
Testsatz im Vergleich zum angepassten durchgangig geringer. EfficientNet: mittlere
Precision 0,683 (+ 0,030) vs. 0,766 (+ 0,057), mittlerer Recall 0,627 (+ 0,017) vs.
0,754 (£ 0,051), mittlere Accuracy 0,660 (+ 0,017) vs. 0,764 (+ 0,052), mittlerer F1-
score 0,615 (£ 0,019) vs. 0,757 (+ 0,053), mittlere PR AUC 0,682 (+ 0,033) vs. 0,816
(£ 0,062) und YOLOVS8: mittlere Precision 0,724 (+ 0,016) vs. 0,928 (+ 0,018),
mittlerer Recall 0,467 (+ 0,022) vs. 0,858 (+ 0,026), mittlere mAP50 0,553 (+ 0,022)




vs. 0,932 (+ 0,021), mittlere mAP50-95 0,253 (+ 0,006) vs. 0,709 (£ 0,024), mittlerer
F1-score 0,568 (+ 0,017) vs. 0,891 (£ 0,022) und mittlerer PR AUC 0,735 (+ 0,024)
vs. 0,929 (£ 0,029). Die Ergebnisse waren statistisch signifikant (p < 0,05).

Schlussfolgerung: Es wurde eine erheblich geringere diagnostische Leistung der
Modelle EfficientNet und YOLOv8 samt Untervarianten bei der Klassifizierung und
Erkennung von Frakturen im Testdatensatz mit schwierigen Fallen im Vergleich zum

angepassten Datensatz nachgewiesen.




Abstract

Background: Pediatric fractures represent a significant health concern and are one
of the most common reasons for emergency department visits. Outside the regular
office hours of pediatric radiologists, trauma radiographs are initially reviewed by the
Department of Pediatric and Adolescent Surgery. The following workday, these
images are re-evaluated by physicians of the Division of Pediatric Radiology.
Occasionally, discrepancies between the findings of the two departments arise.
These discordant cases are documented on an internal list maintained by the
Division of Pediatric Radiology.

Computer Vision models have demonstrated remarkable results in automated
fracture detection. However, their performance may vary depending on the
composition of the test set. We assume that the two Al-algorithms EfficientNet and
YOLOvV8 struggle significantly with increasing case complexity and demonstrate
lower overall diagnostic performance in a test set comprising difficult cases in
comparison to a matched set.

Material and Methods: Two retrospectively acquired datasets were crafted. One
consisting of “difficult” radiographs, obtained from cases with initial discrepancies of
the diagnostic findings (n=786) and one matched test set (n=786). Both test sets
have been matched according to body region, age and fracture rate. The models
were assessed in classification (EfficientNet) and object detection (YOLOVS8), using
common machine learning performance metrics: Precision, Recall, F1-score,
Accuracy and PR AUC. Statistical significance was evaluated with the Wilcoxon
Signed Rank Test.

Results: Diagnostic performance in the difficult test set vs. the matched test set was
consistently lower across all subvariants of EfficientNet: mean Precision 0,683 (+
0,030) vs. 0,766 (+ 0,057), mean Recall 0,627 (+ 0,017) vs. 0,754 (+ 0,051), mean
Accuracy 0,660 (+ 0,017) vs. 0,764 (+ 0,052), mean F1-score 0,615 (+ 0,019) vs.
0,757 (+ 0,053), mean PR AUC 0,682 (+ 0,033) vs. 0,816 (+ 0,062) and YOLOVS:
mean Precision 0,724 (+ 0,016) vs. 0,928 (+ 0,018), mean Recall 0,467 (+ 0,022)
vs. 0,858 (£ 0,026), mean mAP50 0,553 (+ 0,022) vs. 0,932 (+ 0,021), mean mAP50-
95 0,253 (+ 0,006) vs. 0,709 (+ 0,024), mean F1-score 0,568 (+ 0,017) vs. 0,891 (£
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0,022) and mean PR AUC 0,735 (+ 0,024) vs. 0,929 (+ 0,029), respectively. The
results were statistically significant (p < 0,05).

Conclusion: We have demonstrated the overall lower diagnostic performance of
the models EfficientNet and YOLOvVS8 across all subvariants on the tasks of fracture
classification and fracture detection in the difficult set compared to the matched test
set.
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1 Introduction

1.1 Artificial Intelligence

Over the last years, artificial intelligence (Al) has gained widespread attention due
to advancements in areas such as speech recognition (2) and natural language
processing (3). These recent successes are largely attributable to the substantial
increase in computational power and availability of data (4). The term ™Artificial
Intelligence” itself is not well defined but can be broadly understood as the
simulation of human intelligence.

Machine learning (ML) is a subfield within Al, which enables computers to learn from
data from which they make predictions (5). However, these models were historically
constrained in their capabilities, as they struggled with processing raw data as well
as requiring complex engineering and extensive expertise for the development of
feature extraction (6).

Computer Vision (CV) emerged as a specialized field of Al, that allows computers
to learn from images using mainly ML techniques - in other words, enabling a
machine to see. CV employs deep learning (DL) - methodologies, with convolutional
neural networks (CNN) being the most prevalent type (7). DL, a sub-category of ML,
is a form of representation learning where the computer acquires information
automatically from raw data. It uses multilayered networks to perform predictions
(6,7) and has drawn remarkable interest ever since the ImageNet competition in
2012, where Krizhevsky et al. proposed a DL-method based on CNNs, effectively
reducing the prediction error rate to a yet unseen level (8).

Moreover, DL-models have demonstrated promising results in various medical
applications, such as in the detection of diabetic retinopathy (9), the interpretation
of mammographs (10), the assessment of lung cancer (11) and recognition the of
skin cancer (12). CNNs are a particular type of DL-method, well-suited to handle
image data, which renders them especially interesting in medical imaging.

These models are inspired by the visual cortex and designed to automatically
identify discriminating aspects without the necessity of human intervention (13).
CV-models have shown successes in tasks like image classification, object

detection and segmentation (6).
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With respect to osseous injury and CV these terms would be:

e Fracture classification
e Fracture detection

e Fracture segmentation

Fracture classification refers to the task of predicting the presence or absence of a
fracture (14). Fracture detection not only identifies a fracture, but also pinpoints its
location with a bounding box (15), where fracture segmentation predicts the

probability of a pixel belonging to the fracture (16).

1.2 The Training Process

Among the various approaches to training ML-models, supervised learning is the
most common. In this method, the algorithm is provided with a set of labeled images
that contain the ground truth, meaning the correct answer. In the case of fracture
detection, the goal for the algorithm is to learn to predict whether a fracture is present
or not (6). The model attempts to process distinguishing features from the data and
makes its prediction based on them (4). The error between the ground truth and the
prediction is measured and the algorithm subsequently adjusts its modifiable
internal parameters (weights) to decrease it. In CNNSs, this error is commonly
quantified using the loss function, from which an optimization algorithm called
gradient descent calculates the gradient and aims to reduce it. This operation is
repeated, ideally until satisfactory performance is reached. In essence, the model
tries to identify the most suitable setting for its weights with the aim of minimizing
the discrepancy between the predicted outputs and the ground truth labels (17,18).
Hyperparameters are important elements of an architecture but must be manually
established prior to training. They include for example the learning rates or number
of layers in the network, influencing the model’s performance and often demanding
high degrees of expertise for effective optimization (19).
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All Data

Validation

Training Set Set Test Set

Figure 1: Representation of data separation. All relevant data is usually split up into three
parts: the training, validation set and test set.
Image adapted from (20)

As illustrated in Figure 1, available data is conventionally split into three distinct data
sets: the training set, the validation set and the test set. The training set makes up
the largest portion of the data and is used to teach the algorithm to differentiate
patterns. A separate validation set is employed to monitor performance and guide
adjustments such as the fine tuning of hyperparameter during training. It is important
to note that frequent validation can lead to information leakage to the model itself,
thus causing it to overfit. For this reason, a test set comprising images that have
never been previously seen is used following completion of the training process (17).

1.3 Convolutional Neural Networks

CNNs are composed of different building blocks called layers: the convolution layer,
the pooling layer and the fully connected layer. The convolutional layer is the
foundation of the CNN, basically facilitating all the computation. It consists of kernels
(filters), which are essentially an array of adjustable weights usually in the size of
3x3. These glide across the image and identify relevant features, such as edges by

performing convolutions. Convolutions are mathematical operations between two
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matrices, one of which being the input and the other the kernel. The resulting outputs
are activation maps, which are subsequently processed by the pooling layer. The
pooling layer reduces the dimensionality of the data by performing down-sampling,
which helps to minimize the effects of irregularities (noise) in the input information
while also lowering computational demands, making networks more robust and
efficient. Usually, the fully connected layer is placed at the end of a neural network
architecture and performs the final prediction. The name derives from the fact, that
this layer is connected to all the neurons of the previous layer (17,18).

1.4 Challenges of the Training Process

A frequent issue during training is the occurrence of overfitting. This phenomenon
occurs when the model learns irrelevant details on the training set as opposed to
general rules. When applied to new data, unsatisfactory results may be produced.
Overfitting can be detected, by comparing the performance on the training and
validation set. High performance in the training set and poor results in the validation
set suggests an overfit model. Additionally, excessive use of the validation set can
also cause the model to overfit to it. A common strategy to counter this is increasing
the amount of training data, as DL-models generally scale well with larger datasets.
However, collecting high-quality labeled data requires a considerable investment of
time and financial resources, making this endeavor rather difficult in practice. For
this reason, several countermeasures against this problem have been proposed:
one method is data augmentation, where the input data is changed with random
transformations such as rotation or skewing, without changing the integrity of the
labels (4,17). Drop out is another technique that refers to the deactivation of random
neurons to make the model less dependent on individual weights (21).

In contrast, a model can also be underfit if the training data is insufficient (7).
Similarly, overcoming the presence of selection bias, such as group differences
regarding age or number of samples within the dataset is another challenge.
Selection bias can negatively impact the performance of CV-models, making it
critical to prevent this during training and even more when building the test set.

Otherwise, inaccurate predictions could be the result (22).
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1.5 YOLOVS8 Architecture

YOLO is short for “You Only Look Once”, describing the capability of fulfilling
predictions with only one pass through the network (23). It is a DL-based object
detection model introduced by Joseph Redmon et al. (24), with YOLOV8 being the
eighth iteration, published in 2023 by Ultralytics (25). YOLOv8 offers five different
sizes: YOLOv8n (nano), YOLOv8s (small), YOLOv8m (medium), YOLOVSI (large),
YOLOvV8x (extra-large). Its architecture consists of three main components: a
backbone, a neck and a head.

The backbone facilitates feature extraction, employing a modified version of
CSPDarknet53, introducing the cross stage partial network method (26). It is based
on the splitting of the feature map into two parts and merging them through a cross-
stage hierarchy, reducing the computational costs, while enhancing accuracy (27).
Additionally, a C2f module enables increased accuracy by combining high-level
features with contextual information. The neck aggregates the feature maps utilizing
the Path Aggregation Network (PANet) method allowing the recognition of details at
multiple scales. Lastly, the head performs the final prediction and comprises
numerous detection heads, yielding bounding boxes, class probabilities and
objectness scores. The bounding box highlights the predicted area, class probability
refers to the confidence of its prediction and the objectness score is the likelihood
of the object being within the bounding box (26)

1.6 EfficientNet Architecture

EfficientNet is a type of CNN proposed by Tan and Le (28) and is based on the
concept of compound scaling, which is essentially the combined balancing of
network depth, width and resolution. Depth denotes the number of layers in a
network; width refers to the amount of channels within a layer and resolution to the
image size.

A major challenge in network scaling is that these parameters are dependent on
each other and their optimal value varies under different resource constraints. For
this reason, the typical approach so far has encompassed adjusting only one

dimension, most commonly network depth. However, this method has turned out to
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be quite inefficient. While adding more layers initially improves performance, beyond
a certain threshold it has resulted in diminishing accuracy returns, merely increasing
computational complexity without substantial accuracy improvement. Similar
findings were observed when increasing width or resolution. EfficientNet addresses
this issue by carefully scaling up all three values on a small baseline network
(EfficientNet-B0), employing a fixed scaling coefficient.

The architecture is built upon the mobile inverted bottleneck (MBConv), which
serves as the computational backbone of EfficientNet. With the application of the
compound scaling strategy, larger variants have been created (B1-B7), decreasing
the number of required parameters and necessary computational power while

optimizing efficiency and test results (28).

2 Pediatric Fractures

Pediatric trauma represents a significant healthcare challenge. In the United States
approximately 15% of emergency department visits in 2010 have been related to
bone fractures (29). It is estimated that one in three children suffers from at least
one fracture prior to reaching the age of 17 years. Typical incident peaks have been
observed in boys at around 14 years and at 11 years in girls. The most prevalent
location is the distal forearm in both genders, most frequently due to falling (30).
Bone fractures can lead to immobilization, may require inpatient hospital treatment
(31) and in rare cases can result in disability (32). Given the possible severe impact
of bone injuries on children, maximizing efforts towards optimal diagnosis and

treatment is vital.

2.1 The Pediatric Skeleton and Common Fractures

The pediatric skeleton features major differences in its constitution compared to the
adult counterpart. It is thus important to keep these in mind to avoid drawing
erroneous conclusions (33). Typical characteristics in children are the greater bone-
forming potential and increased thickness of their periosteum, which play a critical

role in providing more stability and in turn reducing displacement in the case of
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fracture (34). Additionally, they demonstrate higher bone plasticity (35), superior
bone healing and greater remodeling potential compared to adults (36).

One of the most notable distinctions is the presence of the growth plate. Also known
as the physis or physeal plate, it is responsible for longitudinal bone growth and is
located between the epiphysis and metaphysis. In larger bones, such as the
humerus, they are featured on both ends while in shorter bones like the phalanges
they are only found on one end (34).

Figure 2: Sample x-rays of a knee (left) and a finger (right). The yellow arrows point to the
location of the growth plates

Each growth plate contributes only a certain percentage to total growth. To illustrate
this, the physis of the distal femur attributes around 70%, whereas the proximal
growth plate of the same bone is only responsible for an estimated 30% of growth.

The duration of physeal aperture has a direct influence on the healing process of
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fractures, as growth plates with higher contribution remain open for a longer period
of time and consequently have greater potential for displacement correction by
means of remodeling (37). The greater remodeling potential largely decreases the
need for exact anatomical reduction (34).

Described differences alter children’s response to injuries, making them susceptible
to fracture types that are exclusively found in their age group. Typical injuries,
commonly observed in pediatric long bones include greenstick, buckle (torus),
bowing (plastic) fractures and growth plate fractures (35). Resembling the breaking
of a young tree branch, greenstick fractures refer to a type of incomplete fracture
where the concave side of the bone remains intact while the convex side breaks.
(38). A buckle fracture is characterized by a classic bulge and is commonly the result
of compressive failure occurring through the metaphysis of the bone (39). Examples
of the buckle and the greenstick fracture are depicted in Figure 3.

Bowing fractures are another type of incomplete fracture absent of visible cortex
disruption. Instead, these fractures show a plastic deformation caused by extensive
axial force (40), frequently resulting in misdiagnosis due to their subtleness (41).
Growth plate fractures are typically described with the Salter-Harris classification

system and can lead to severe complications such as growth disturbances (42).
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Figure 3: Examples of pediatric fractures: (a) buckle fracture and (b) greenstick fracture

Secondary ossification centers represent another distinctive feature of the
developing skeleton, manifesting at specific locations and ages which vary by
gender. The proper interpretation of pediatric radiographs demands a fundamental
understanding of their expected appearance, thereby ensuring that physiologic
development is not mistaken as a fracture (43).

Similarly, apophyseal avulsion fractures are injuries which are typically sports-
related. They occur in adolescents as a consequence of sudden tensile force being
exerted on the apophysis, causing a bone fragment to be torn away (44).

It is worth highlighting that not all fractures are necessarily the product of acute
trauma. Underlying diseases can weaken the structural integrity of bones, which can
result in pathologic fractures in response to inadequate force (45). Likewise, stress
fractures are commonly observed among athletes due to increased remodeling
activity reacting to repeated stress (46).
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The management of pediatric trauma requires a solid grasp of the child’s
developmental process because, as lack of familiarity can easily lead to avoidable
diagnostic pitfalls such as the abovementioned confusion of physiologic secondary
ossification centers with avulsions. These unique anatomical features contribute to
a fairly flat learning curve for less experienced physicians and can render the

interpretation of pediatric trauma radiographs a challenging endeavor (47).
2.2 Pediatric Fracture Imaging

2.2.1 Important Considerations for Pediatric Fracture Imaging

An analysis of the effects of nuclear disasters has revealed the carcinogenic nature
of lonizing Radiation (IR). Exposure to IR in childhood has demonstrated that it
heightens the risk of developing cancer. Despite the hazard, IR plays a crucial role
in the medical setting. It has various useful applications, both diagnostically, through
imaging modalities such as radiography or computed tomography (CT) and
therapeutically in treatments like radiotherapy. However, concerns have been raised
regarding the long-term outcomes of diagnostic and therapeutic exposure to IR (48).
In the United States, as of the year 2006, an estimated 62 million CT scans have
been conducted, with approximately 10% of these on children (49). In the light of
potential health risks associated with IR usage in medical imaging, it is important to
perform scans only when necessary, following the principle of as low as reasonably
achievable (ALARA) (50).

2.2.2 Diagnostics

The common procedure of acute fracture assessment normally encompasses an
effective anamnesis, thorough clinical examination and a plain radiograph in one or
more projections (37). With this strategy, a diagnostic error rate of around 5% is
reported (51). Still, misdiagnosis in the emergency department remains a prevalent
concern. Errors are often caused by the subtleness of certain types of fractures,
such as chip fractures in the phalanges. In addition, particular fractures manifest
solely with indirect signs, i.e. the posterior fat pad sign (33). Consequences may
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include wrong, unnecessary or delayed treatment (52), not to mention possible

medicolegal concerns (53).

2.2.2.1 Ultrasound

Ultrasound has gained more attention as a diagnostic tool in the evaluation of
pediatric fractures. It has demonstrated satisfactory performance in pediatric
trauma, such as in the detection of clavicle and skull fractures (54,55) and may be
a suitable, cost-effective and non-invasive alternative for the initial trauma x-ray.
Nevertheless, its limitations include reduced efficacy near joints and difficulties with
non-displaced epiphyseal fractures. Still, the diagnostic capability in the diaphyseal
area of long bones has proven to be sufficient. (56,57). Given the number of
negative findings of primary radiographic examinations, fears of unnecessary
radiation are justified (58). In selected pediatric trauma cases, replacing the initial x-
ray in favor for ultrasound could contribute to improved radiation protection (56,57).
Additionally, ultrasound in the form of low-intensity pulsed ultrasound has proven its

efficacy in assisting the healing of bone fractures and non-unions (59).

2.2.2.2 Computed Tomography

CT offers a high degree of diagnostic capability and quickly delivers detailed and
consistent information about all organ systems in pediatric patients (60). CT exams
are primarily utilized for the evaluation of injuries to the trunk but also in instances
of complex tarsal or carpal fractures. CT scans can be a useful way to visualize
fractures, determine the extent of dislocation and develop a treatment plan (37).
While the advantages outweigh potential risks, a higher dose of IR is utilized
compared to standard radiography (60). Given the increased vulnerability of children
to the adverse effects of radiation, this modality should only employed with clear

indications (61).
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2.2.2.3 Magnetic Resonance Imaging

The use of magnetic resonance imaging (MRI) has demonstrated satisfactory
results in the detection of fractures (62—64). It demonstrates excellent visualization
of bone marrow, joint effusion, soft tissues such as tendons, periosteum, ligaments
as well as edema and fracture lines (65). Nevertheless, its use in trauma diagnostics
remains rather limited due to reduced availability and the frequently required
sedation of younger children for successful imaging (37).

2.3 Treatment

Most pediatric fractures can be addressed non-operatively with cast immobilization.
The main objectives are to provide stability, safeguard the fractured site, prevent
further harm and most importantly, ensure alignment until healing is achieved.
Treatment length differs according to the affected site and age of the patient.
However, potential complications may occur from casting. l.e. pressure sores,
resulting from an excessively tight cast or dermatitis from the presence of wetness
beneath it. Furthermore, it is important to keep the immobilization period to a
minimum, since longer duration may cause problems like joint stiffness, muscle
atrophy or ligament weakening. Likewise, swelling after the application of a cast may
lead to compartment syndrome. In such cases, interventions like splitting the cast
and, if unsuccessful, complete cast removal should be considered (34).

While uncommon, certain types of fractures necessitate surgical attention. The
decision to operate, whether through open or closed reduction, is dependent on the
type of injury. In cases where the affected bone shows complete dislocation of either
the dia- or metaphysis and is unable to be realigned through conservative means,
closed reduction is indicated. Methods to facilitate this include the use of
percutaneous K-Wire, external fixators or elastic stable intramedullary nailing
(ESIN). In regard to open reductions, the main indications include dislocated
articular fractures, dislocations accompanied by osseous or ligamentous injuries,
open fractures, fractures involving nerve and vessel damage as well as other types
of fractures which cannot be addressed by closed reduction (37).
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2.4 Complications

Most fractures in children heal without long-term consequences largely due to their
remarkable bone healing and remodeling potential (36), however, some fracture
types can have severe consequences for the injured child.

The physis, as a structural weak point in the pediatric bone is particularly prone to
fractures. Injury to the open growth plate has the potential to induce growth
disturbances such as limb length discrepancies and angular deformities, even
possible premature growth arrest (66). Moreover, open fractures are especially
susceptible to infections, possibly leading to the grave consequence of osteomyelitis
(67). Osseous non-unions, while rare, occur if fracture fragments fail to reconnect in
the expected time of the healing process, specifically in areas with limited vascular
supply such as the scaphoid (68). Malunions are the result of fracture healing with
deformity and special attention must be given to rotational deformities, as their

remodeling potential is unsatisfactory and may require surgical fixation (37)

3 Hypothesis

The detection of fractures in children poses a unique set of challenges, largely
attributable to anatomical differences and the subtle nature of certain fractures.
Specialized pediatric radiologists may not always be immediately available, such as
during night shifts or in rural areas, and errors in diagnosis can have severe
consequences for example inadequate or delayed treatment.

Al-based CV-models have demonstrated promising results in automated fracture
detection. However, their performance may vary depending on the composition of
the underlying test set. We assume that the Al-algorithms struggle with classification
and object detection of more complex cases and demonstrate lower overall
diagnostic performance when using test sets comprising difficult cases in
comparison to a matched set.
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4 Aims and Scope of the Study

The main objective of this study is to evaluate the diagnostic performance of two
CV-models, namely YOLOv8 and EfficientNet. Each model, along with its
subvariants YOLOv8-n YOLOv8-s, YOLOv8-m, YOLOv8-I, YOLOv8-x and
EfficientNet BO-B7 undergo training and validation. Testing is conducted on two
separate test sets: one consisting of difficult cases and another matched set
designed to evaluate fracture classification and detection performance in pediatric
trauma cases of the appendicular skeleton. Using standard machine learning
metrics such as Precision, Recall, Accuracy and F1-score, we conduct a
comparative analysis of the two test sets to provide an understanding of the
response of the Al-models to varying levels of case complexity. In addition, we utilize
Precision-Recall-Curves with their respective area under the curve (PR AUC), to
graphically represent the results.
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5 Materials and Methods

Training and validation

Training set Validation set
117,656 X-rays of 63,778 studies 11,660 X-rays of 6,279 studies
in 35,290 unique patients in 3,495 unique patients

Annotations and tags:
X-rays annotated with bounding
boxes for fractures

Pediatric trauma X-ray pool (appendicular skeleton)
from the University Hospital Graz, Austria
129,316 X-rays of 70,057 studies

in 38,785 unique patients, age 0 to 19 years
acquired between Jan 2013 and Dec 2018

Testing
r—-—-—-——-—"—""——=———-—— 1
Difficult trauma X-rays Matching | Consecutive trauma X-ray pool |
1,453 X-rays of 705 studies | 7,803 X-rays of 3,946 studies |
in 623 unique patients, age 0 to 19 years () | in 3,051 unique patients, age 0 to 19 years |
acquired between Jan 2019 and Dec 2023 | acquired between Jan and Mar 2024 |

Excluded, n = 667:
no match n =231

unclear diagnosis n = 193 Excluded:
complications n = 144 F—=P no match
; n=7,017

|
orthopedic pathologies = 93 I
joint dislocationn = 6 :
I
|

I I
Test set (difficult) | Test set (matched) I
786 X-rays of 422 studies I 786 X-rays of 577 studies :
I I

I I

in 392 unique patients, age 0 to 19 years in 526 unique patients, age 0 to 19 years

1

Figure 4: Flowchart depicting the allocation of each radiograph to the training, validation and both
test sets
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5.1 Training and Validation Set

This study employed a total of 129,316 radiographs from the pediatric trauma x-ray
pool of the appendicular skeleton from the University Hospital Graz, Austria. The
images were obtained between January 2013 and December 2018 and include data
from 38,785 unique patients. Of these, 117,656 x-rays (~91%) of 35,290 patients
were allocated to the training set. 11,660 radiographs (~9%) of 3,495 patients were
separated for the validation set. These images were annotated with bounding boxes
for fractures as seen in Figure 5. The selection process of the different sets is
depicted in Figure 4.

5.2 Test Sets

Outside regular working hours of pediatric radiologists, initial evaluation of x-rays is
performed by the Department of Pediatric and Adolescent Surgery. On the following
workday, these images are reassessed by physicians from the Division of Pediatric
Radiology. Occasionally, discrepancies arise between the findings of the two
departments. Such discordant cases are kept on an internal list and are classified
as “difficult”.

In the period from 2019 to 2023, a total number of 1,453 trauma radiographs of 623
patients with conflicting findings were identified and included.

These studies were reviewed again and with the aid of radiological reports and
clinical information, divided into different groups:

e “missed”

e “overdiagnosed”

e “complications”

e ‘joint dislocation”

e “orthopedic pathologies”

e ‘“unclear”
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In instances where a radiograph was marked as “missed”, the fracture was overseen
in the initial trauma report. The tag “overdiagnosed” was designated to images in
which a fracture was primarily diagnosed but not identified in the subsequent review.
The label “complication” was assigned to images showing trauma-related
complications, such as secondary displacement. “joint dislocation” was used due to
present dislocations of joints. The tag “orthopedic pathologies” was allocated if there
was no fracture present, but pathologies like bone lesions occurred. Finally, cases
that could not be reliably reconstructed were labeled as “unclear”. Only the cases
tagged “overdiagnosed” and “missed” were included in the composition of the
difficult test set. X-rays marked with other tags as well as cases without matching
radiographs were excluded, totaling 667 images. Consequently, 786 x-rays of 392
unique patients were chosen for the difficult test set.

Out of 7,803 radiographs, obtained from the consecutive trauma x-ray pool of the
appendicular skeleton in the period between January and March 2024, 786 x-rays
of 526 patients were included for the matching process. Thus, 7,017 were not

suitable for matching and therefore excluded.

Figure 5: Sample images of annotated fractures
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5.3 Ethics approval

A vote of the ethics committee of the Medical University of Graz was requested. It
was not necessary to obtain individual informed consent from the patients and their
legal guardians. The reference numbers of the votes were “31-108 ex 18/19” and
“1052/2025”. Furthermore, this study was conducted in accordance with the
Declaration of Helsinki.

5.4 Image acquisition

The radiographic images utilized in this retrospective study were obtained from the
Department of Pediatric Radiology at the Medical University of Graz, Austria. Those
images were stored locally as Digital Imaging and Communications in Medicine
(DICOM) in the Picture Archiving and Communication System (PACS).

5.5 Image processing and Neural Network Training

To prepare the DICOM studies for the training process, the data was arranged as
follows: the radiographs used to conduct this study were stored within the local
PACS. Upon retrieval, they were converted to portable network graphics (PNG)
format. The DICOMs exhibited grayscale values of either 12-bit or 16-bit and varying
dimensions. Next, the data was standardized to 16-bit PNGs with the assistance of
the “pydicom” and “cv2” packages in Python, while maintaining the initial pixel
dimensions. Through the “exposure” module of the Python “scikit-image” — package,
the radiographs were subjected to post-processing. This involved transforming the
16-bit inputs to float64. In this process, the greyscales were divided by 65,535.
Subsequently, the upper and lower 0,05% percentiles of the image histograms were
cropped, resulting in a rescaling of the intensity. Moreover, the “exposure adapthist”
was employed to enhance contrasts with the standard settings. The acquired float64
images were converted to 8-bit outputs and saved. (69)

For the neural network training, a Linux workstation with an Intel Core i7 13700KF

processor and 64GB of random access memory, two Nvidia Geforce RTX 4090
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graphics cards, both with a video memory capacity of 24 GB were used. All
submodels of YOLOvV8 and EfficientNet were trained with 50 epochs utilizing pre-
trained weights. In this study PyTorch 2.4.0 with Nvidia CUDA 12.1 was employed
and batch sizes were adjusted to fit the training data within the GPU memory.

5.6 Test parameters

For the comparison of the different models, standard machine learning test-metrics
were employed:

TP*TN
TP+FP+FN+TN

Accuracy =

TP
TP+FP

Precision =

Recall =
TP+FN

PrecisionxRecall
2

F1-score = —
(Precision+Recall)

A true positive (TP) is defined as the correct prediction of a positive outcome, while
a true negative (TN) is described as the correct prediction of a negative result. A
false positive (FP) occurs when a positive result is incorrectly predicted, whereas a
false negative (FN) is characterized as the wrong prediction of a negative outcome.
Accuracy indicates the number of correct predictions of all samples. Precision
expresses the number of true positives of all positively classified predictions. Recall
measures the ability to correctly recognize the actual positives. The F1-score is the
harmonic mean of Precision and Recall (70).
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5.7 Statistics

Statistical analysis was conducted using IBM SPSS Statistics (version 28) (IBM
Corp., Armonk, N.Y., USA)

5.8 Data anonymization

For the training of the computer algorithms, the x-ray images are exported and
subsequently anonymized. The radiographs themselves do not display any
identifiable patient information. These are stored in the metadata of the DICOM files.

The new file name is formed from the following metadata values:

e SHA-3(256) hash National Institute of Standards and Technology (NIST),
2015 of the patient ID

e Unix-timestamp of the time of examination — (minus) 9 integer hash of the
patient ID (to anonymize the time of the examination without changing the
chronological order of the examinations

e Serial number

e Region code

e Gender

e Age (rounded to 1 decimal)

For example, the file name may be expressed as follows:

“0a168d681a40aac6f04c6aeb07703cc084e323f8813f525¢chb1f0f20aa80eccOb_060
6582086_01-01_TOE-NO_F014-4.png"

The following values are stored in an encrypted database on a password-protected
computer at the Division of Pediatric Radiology:

e The file name as previously described
e Ageinyears

e Sex
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e Body region
e SHA - 3 (256) hash of the patient number (patient ID)
e SHA -3 (512) hash of the accession number
e SHA -3 (512) hash of the SOP Class UID of the image
e Serial number
e Acquisition number
e Image dimensions, pixel sizes and gray value range
e Radiological findings
e Referral diagnosis
e Findings text
e Question
e Traumatological findings:
o X-ray findings
o Diagnostic text
e Diagnostic text
Collected values:
e Fractures, pathologies, marked structures

e Image classifiers

The aforementioned measures render de-anonymization of personal information a

highly impractical endeavor. It would require a disproportionate amount of time,

resources and personnel.
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6 Results

Number of cases Mean age Fracture rate
Body region
difficult matched difficult matched difficult matched

Ankle 103 103 11.48 11.54 16.5% 16.5%
Clavicle 8 8 7.30 7.06 62.5% 62.5%
Elbow 64 64 7.85 8.18 60.9% 60.9%
Finger 169 169 10.67 10.63 60.4% 60.4%
Foot 61 61 10.11 10.08 41.0% 41.0%
Forearm 34 34 7.12 7.23 64.7% 64.7%
Hand 31 31 12.78 12.92 41.9% 41.9%
Knee 65 65 12.90 13.02 12.3% 12.3%
Lower leg 13 13 7.98 7.98 38.5% 38.5%
Pelvis 6 6 11.85 12.15 16.7% 16.7%
Shoulder 7 7 14.97 14.11 14.3% 14.3%
Thigh 3 3 5.17 5.90 0.0% 0.0%
Toe 82 82 11.38 11.22 51.2% 51.2%
Upper arm 6 6 12.73 11.82 33.3% 33.3%
Wrist 134 134 11.91 11.92 46.3% 46.3%
Total 786 786 10.87 10.88 43.8% 43.8%

Table 1: Representation of the number of body regions including number of cases, mean age and
fracture rate. Every region has been matched adequately.
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6.1 Results EfficientNet

Precision Recall Accuracy F1-score PR AUC

Model

diff. mat. diff. mat. diff. mat. diff. mat. diff. mat.

B0 0,643 | 0,676 | 0,609 | 0,674 | 0,639 | 0,682 | 0,600 | 0,675 | 0,631 | 0,728
B1 0,653 | 0,714 | 0,613 | 0,713 | 0,644 | 0,719 | 0,602 | 0,714 | 0,653 | 0,747
B2 0,674 | 0,714 | 0,608 | 0,708 | 0,645 | 0,718 | 0,587 | 0,709 | 0,673 | 0,761
B3 0,665 | 0,752 | 0,618 | 0,750 | 0,650 | 0,756 | 0,606 | 0,751 | 0,665 | 0,809
B4 0,689 | 0,813 | 0,644 | 0,798 | 0,673 | 0,809 | 0,638 | 0,802 | 0,690 | 0,860
B5 0,695 | 0,830 | 0,640 | 0,815 | 0,672 | 0,826 | 0,631 | 0,820 | 0,705 | 0,899
B6 0,744 | 0,837 | 0,655 | 0,826 | 0,691 | 0,835 | 0,643 | 0,830 | 0,745 | 0,896
B7 0,703 | 0,793 | 0,631 | 0,750 | 0,667 | 0,771 | 0,616 | 0,754 | 0,697 | 0,829

Mean | 0,683 | 0,766 | 0,627 | 0,754 | 0,660 | 0,764 | 0,615 | 0,757 | 0,682 | 0,816

SD +0,030 | +0,057 | £0,017 | +0,051 | +£0,017 | £0,052 | + 0,019 | +£0,053 | +£0,033 | + 0,062

P= 0,012 P= 0,012 P= 0,012 P= 0,012 P= 0,012

Table 2: Results of each EfficientNet-variant. The results were statistically significant
(p < 0,05) with the Wilcoxon test. Note: diff. = difficult, mat. = matched.

When comparing diagnostic performance on the difficult test set versus the matched
test set, the mean Precision was 0,683 (+ 0,030) vs. 0,766 (+ 0,057, average Recall
0,627 (+ 0,017) vs. 0,754 (+ 0,051), mean Accuracy 0,660 (+ 0,017) and 0,764 (+
0,052), respectively. The average F1-score was 0,615 (£ 0,019) in the challenging
set vs. 0,757 (+ 0,053) in the matched test set.

Analysis of the PR AUC values further highlight this performance gap with a mean
PR AUC 0,682 (+ 0,033) vs. 0,816 (+ 0,062). Across models, PR AUC values
generally improved with increasing model size on the difficult test set, except for the
drop in EfficientNet-B7 (PR AUC 0,697). Each EfficientNet-model has consistently
yielded lower results in the classification task on the difficult set in comparison to the
matched test set. Figure 6 shows the corresponding PR AUC curves. The results of
the comparison were statistically significant (p < 0,05).
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Figure 6: Representation of each EfficientNet model’s PR AUC curve with the 95% confidence
intervals. The difficult test set in red, and the matched test set in blue. The confidence intervals
are marked as the highlighted area. The results were statistically significant with p = 0,012.
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Body region Samples Precision Recall Accuracy F1-Score

Testset Testset Testset Testset
n difficult matched difficult matched difficult matched difficult matched
Ankle 103 0.639  0.870 0.502  0.719 0.824  0.891 0.468  0.761
Clavicle 8 0.546  0.714 0.504  0.642 0.547  0.688 0.497  0.644
Elbow 64 0.639  0.872 0.633  0.881 0.596  0.873 0.595  0.870
Finger 169 0.614  0.631 0.574  0.631 0.507  0.606 0.485  0.605
Foot 61 0.559  0.705 0.544  0.703 0.586  0.697 0.532  0.693
Forearm 34 0.565  0.685 0.568  0.684 0.533  0.695 0.529  0.667
Hand 31 0.753  0.715 0.686  0.715 0.722  0.710 0.685  0.705
Knee 65 0.815  0.810 0.601  0.693 0.888  0.898 0.624  0.726
Lower leg 13 0.628  0.646 0.564  0.644 0.625  0.625 0.542  0.618
Pelvis 6 0.573  0.647 0.488 0413 0.729  0.688 0.461  0.400
Shoulder 7 0.410  0.815 0.385  0.813 0.661  0.857 0.397  0.716
Thigh 3 0.813  0.625 0.938  0.708 0875 0417 0.775 0375
Toe 82 0.556  0.667 0.537  0.663 0.530  0.663 0.499  0.661
Upper arm 6 0.783  0.683 0.719  0.625 0.667  0.583 0.627  0.550
Wrist 134 0.807  0.910 0.767  0.903 0.779  0.906 0.768  0.904
Total 786 0.647  0.733 0.601  0.696 0.671  0.720 0.566  0.660
+0.117 +0.093 +0.130 +0.112 +0.123  +0.136 +0.108 +0.139

Significance (Wilcoxon test) p =0.036%* p=0.031% p=0.074 p=0.027%

Table 3: Representation of the results of the different test metrics of each region of EfficientNet: The
numbers highlighted with * denote the significance calculated with the Wilcoxon test.

6.2 Results YOLOvVS8

Across all models, the performance metrics were consistently higher on the matched
test set compared to the difficult set. Table 4 summarizes these results of the
YOLOvV8 variants on the object detection task. On average, Precision was 0,724 (+
0,016) on the difficult set vs. 0,928 (+ 0,018) on the matched set. Mean Recall was
0,467 (+ 0,022) vs 0,858 (+ 0,026), mean mAP50 0,553 (+ 0,022) vs. 0,932 (+
0,021), mean mAP50-95 0,253 (+ 0,006) vs. 0,709 (+ 0,024) and mean F1-score
0,568 (+ 0,017) vs. 0,891 (+ 0,022) on the difficult compared to the matched set,
respectively. Also, the PR AUC curves as seen in Figure 7 show the inferior
performance across all YOLOv8-variants when tested on complex cases with a
mean PR AUC 0,735 (£ 0,024) vs. 0,929 (+ 0,029). All results were statistically
significant (p < 0,05).
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YOLO mAP50-
variant Test set Precision | Recall mAP50 95 F1-score | PR AUC
YOLOv8-n Difficult 0,715 0,430 0,514 0,242 0,537 0,689
YOLOv8-s Difficult 0,726 0,457 0,565 0,256 0,561 0,759
YOLOv8-m Difficult 0,755 0,476 0,566 0,253 0,584 0,741
YOLOv8-I Difficult 0,713 0,481 0,566 0,254 0,574 0,750
YOLOv8-x Difficult 0,711 0,492 0,579 0,261 0,582 0,736

Mean 0,724 0,467 0,553 0,253 0,568 0,735

SD
+ 0,016 + 0,022 + 0,022 + 0,006 + 0,017 + 0,024

YOLOv8-n Matched | 0,900 0,812 0,893 0,666 0,854 0873
YOLOv8-s Matched | 0,916 0,853 0,927 0,699 0,883 0926
YOLOv8-m Matched | 0,949 0,884 0,941 0,727 0,915 0949
YOLOv8-I Matched | 0,934 0,856 0,942 0,720 0,893 0947
YOLOv8-x Matched | 0,942 0,884 0,955 0,732 0,912 0950

Mean 0,928 0,858 0,932 0,709 0,891 0,929

SD
+ 0,018 + 0,026 + 0,021 + 0,024 + 0,022 + 0,029
Significance
, P=0,043 | P=0,043 | P=0,042 | P=0,043 | P=0,043 | P=0,043
(Wilcoxon test)

Table 4: Representation of the different results across each YOLOVS variant on the difficult

and the matched test set
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Figure 7: PR curves of all YOLOvS8 variants.

7 Discussion

7.1 Summary of results
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This study evaluated the diagnostic performance of two Al-models: EfficientNet and

YOLOvV8 with their subvariants using two distinct test sets: one set consisting of

challenging cases from pediatric trauma routine and another one composed of

cases that have been matched for mean age, body region and fracture rate. Both

models have consistently yielded inferior diagnostic performance in the difficult test

set when compared to the matched set. As demonstrated in Table 2 and 4, mean
F1-scores for EfficientNet were 0,615 (+ 0,019) in the difficult set vs. 0,757 (+ 0,053)

in the matched test set and for YOLOv8 mean F1-scores were 0,568 (+ 0,017) vs.

0,891 (£ 0,022), respectively. These results highlight the critical impact the

underlying test set composition has on the actual performance of DL-models.
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With this study, we underscore a critical issue in the field of computer vision: the
overall robustness of Al-algorithms. Challenging cases occur less commonly in the
clinical routine and may therefore be underrepresented in the training data,
potentially influencing the performance of Al-models. Nonetheless, due to the large
size of the data set in this study and the carefully constructed test sets, this effect is
largely mitigated. Still, our findings suggest that Al-models struggle with increasing
difficulty and subtleness of cases, exactly where Al-assistance would be most
beneficial. It appears that standalone evaluation of pediatric fractures through Al-
algorithms is still too risky and necessitates further investigation. Next to the
evaluation of the influence of case difficulty on standardized performance metrics,
a key novelty of this work was the inclusion of false positive “overdiagnosed” cases,
creating a test environment that closely mirrors real-world clinical conditions.

As Table 1 depicts, the test sets have been adequately matched. Nonetheless,
some body regions are numerically more represented than others, such as the wrist
(n=134) compared to the thigh (n=3). This may lead to skewed results when
investigating region specific performance (i.e. F1-score of the thigh of 0,775 vs.
0,375 in the difficult vs. the matched test set). This underlines the data acquisition
problem within ML research, as gathering samples of such relatively rare fractures

would take an unfeasible amount of time.

Recently, the number of findings of exceptional diagnostic accuracy of Al-models
have surged in fracture detection (71). Previous works also reported high overall
performance of Al-algorithms in fracture detection in pediatric patients (72-74)
Others have investigated Al-aided fracture detection like Lindsey et al. who
demonstrated increased diagnostic accuracy and reduction of misdiagnosis of
emergency physicians without subspecialized orthopedic expertise (75). Nguyen et
al. reported a mean increase of 10% in sensitivity of human experts in the detection
of appendicular pediatric skeletal fractures (76). DL-models also have shown on par
diagnostic performance to that of human experts (77). However, there is critique that
the underlying data sets are not selected entirely without bias, possibly skewing test
results to a more favorable light. Often, challenging cases are not given enough
consideration and are subsequently underrepresented, producing non-realistic
results. Raisuddin et al. highlighted this in their study, leveraging wrist fractures that
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required further CT examination as ground truth for their difficult test set, similarly
concluding significantly lower performance on the challenging test set in comparison
to a general independent test set (78). However, using CT as ground truth for the
difficult test set comes with the problem that the number of samples is relatively
small (n=105 cases), thus possibly leading to bias.

7.2 Limitations

Figure 8: Grad-CAM examples highlighting the region leading to the prediction

This study has several limitations. Firstly, the lack of explainability in the realm of Al
remains a major topic. DL-models are often critiqued for being opaque in their
decision making due to their high complexity, for which they are commonly referred
to as a “blackbox”. Simpler models such as decision support trees would be more
transparent but yield lower predictive results. For Al-solutions to be implemented
into medical practice, the question of explainability must be addressed to ensure
trust and understandable decision-making (79). One widely used technique for
enhancing explainability of CNN-based models is Gradient-weighted Class
Activation Mapping (Grad-CAM). Grad-CAM offers a visual explanation by
highlighting the area that has led to the model’'s prediction through heatmaps (80).
An example can be seen in Figure 8.

Another limitation is the presence of irregularities in the training data. The annotation
process relied on expert knowledge and radiological reports, which are subject to
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human error. As a possible solution to yield highly qualitative labels, multiple
independent experts could be leveraged to annotate the data. However, this would
be difficult to facilitate due to the substantial investment of time and financial
resources needed for this endeavor. Likewise, more advanced imaging studies like
CT could be used to serve as ground truth. Although, this would drastically decrease
the available amount of data for model development, since not every fracture is
assessed with further imaging and potentially lead to bias.

Additionally, all data has been derived from a single pediatric hospital, which in turn
diminishes the generalizability due to regional differences of the population
sustaining fractures. Hence, future work should focus on acquiring data from
multiple centers to make algorithms more robust against selection bias regarding
factors such as gender, sex and age. Moreover, it is uncertain if these models are
applicable to other age groups, since training was conducted only on the pediatric

population.

7.3 Relevance for Clinical Practice

With the increasing demand in medical imaging (81) and yet an ongoing shortage
of radiologists (82), advances in Al-research in radiology is a subject of high interest.
Implementation into clinical practice becomes an increasingly prevalent topic as the
use of ML-models has major benefits. Machines neither suffer from fatigue nor
sickness and are not constrained by lack of concentration and produce consistent
results. The implementation of Al-solutions into clinical practice can aid the scarcity
of specialized pediatric radiologists particularly in rural regions without round the
clock coverage (83) or help physicians lacking subspecialized knowledge and
experience. A well rounded and robust CV-model could support clinicians in the
detection of subtle fractures, reducing the number of errors occurring in everyday
clinical practice (33).

False negative cases, where a fracture is present but undetected, are a
considerable risk to patient safety, as these could result in severe complications
such as growth disturbances (66) and sometimes even disability (32). False
positives “overdiagnosed” are cases in which a fracture is initially diagnosed but
later ruled out upon further review. Usually, the consequences are less severe but
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still can cause unnecessary interventions, higher costs and discomfort to the young
patient (51).

Furthermore, implementation of Al-solutions into clinical practice could severely
contribute to IR protection by reducing the need for lateral projections in radiographs
in minor injuries (69).

Other applications of DL-models could be in the role of a trainer, supporting the
education of junior doctors.

7.4 Future work

Undoubtedly, Al is expected to have a considerable impact on medicine with the
field of radiology being at the forefront. Radiologists may be freed up from repetitive
and draining tasks and can shift their attention to more complex cases. Al could take
a supporting role and augment the accuracy of physicians, where patients may profit
from diagnostics and treatment tailored to their specific needs.

This thesis has demonstrated the influence of case complexity on DL-algorithms
measured on common performance metrics, emphasizing the necessity for further
research in this area prior to safe integration into clinical practice. Future training
data sets should deliberately implement a higher number of complex cases such as
subtle injuries including common “overdiagnosed” fracture sites for better
generalization. The results of this study suggest that Al is not the replacement of
radiologists but rather serves as a tool to augment specialists and minimize possible
misdiagnosis.

Furthermore, there is a necessity for a clear regulatory framework to tackle ethical,
legal and data privacy issues associated with Al in radiology. Building trust in Al-
solutions requires both clinicians and patients to understand how these systems
operate. In this regard, the blackbox-nature of DL-models poses a significant
challenge as it limits the capability to understand, explain and correct errors.
Ensuring transparency is therefore critical to prevent erroneous results in the future.
In addition, questions revolving around liability in cases of misdiagnosis remains
unsolved and have yet to be addressed.

Since this study was based on plain radiographs for the detection of pediatric

fractures, future work could focus on the combining of clinical context, further
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imaging and combining x-ray views to make a more accurate and robust prediction.
Moreover, further exploration of explainability tools could be beneficial to enhance
trust in Al-solutions. Additionally, there is a need for external validation of Al-
algorithms to safeguard trust and demonstrate the ability to generalize on different
patient demographics, bringing implementation into clinical practice one step closer

to reality.

7.5 Conclusion

In this work, we showed inferior predictive performance of two Al-models in a difficult
test set in comparison to a matched set in fracture classification and detection. The
results underscore the need for further investigation regarding integrating difficult
cases in model development to ensure robustness prior to safe clinical

implementation.
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9 Appendix
The following tool was used to optimize the language of the text:

DeepL Write, DeeplL SE
14.12.2024 — 28.09.2025
URL: https://www.deepl.com/de/write
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