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Abstract. Relevance. Anterior cruciate ligament (ACL) tears are among the
most clinically significant knee injuries, and delayed or inaccurate diagnosis is
associated with progressive joint degeneration. Magnetic resonance imaging
(MRI) is the primary non-invasive modality for assessing ligament integrity, but
its interpretation is time-consuming, requires considerable expertise and remains
vulnerable to fatigue and cognitive bias, which motivates the development of
automated decision-support tools. Aim. The study systematically evaluates and
compares four convolutional neural network (CNN) architectures trained from
scratch for three-class ACL injury classification (healthy, partial tear, complete
tear). Methods. A publicly available dataset of 736 sagittal-plane knee MRI volumes
(a subset of the KneeMRI dataset) was used. Each 3D volume was reduced to
a 2D image by extracting the middle sagittal slice and resizing it to 128 x 128
pixels. ResNet-18, MobileNetV2, EfficientNet-B0O and MobileNetV4 small were
trained end-to-end under a unified configuration with the AdamW optimizer, cosine
annealing, cross-entropy loss and weighted random sampling to compensate for
class imbalance. Each model was trained with five independent random seeds,
and performance is reported as mean + standard deviation of weighted precision,
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recall, Fl-score and AUC. Results. ResNet-18 achieved the best performance
(F1-score 0.6637 + 0.0351; AUC 0.6622 + 0.0136), followed by EfficientNet-BO0,
MobileNetV4 small, and MobileNetV2. Practical significance. The study provides
areproducible benchmark and practical guidance for architecture selection in small-
scale medical imaging tasks, showing that, when training from scratch, the input
representation and the availability of pre-trained features matter more than the
choice of backbone, while clinical reliability will require 3D volumetric context,
pre-training and external validation.

Keywords: anterior cruciate ligament; knee MRI; convolutional neural
networks; deep learning; medical image classification
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AHHOTAamUsA. O3zexminiei. ANIBIHFBL KpecT Topi3ai OavnamubeiH (AKDB)
3aKbIMJIaHYBI Ti3e OYBIHBI JKapaKaTTApPbIHBIH KIMHUKAIBIK TYPFBIIAH MaHbBI3IbI
TypJaepiHiH 0ipi O0JbIN TA0BLIA L. Y aKTHLUTBI KOMBUIMaFaH HEMECE JIJI eMEeC INarHO3
OybIHHBIH YZEMelli JereHepanuschblHa oKelyl MYMKiH. MarHMTTiK-pEe30HaHCThIK
tomorpadust (MPT) OGaitnammapiabiH JkarqaiiblH OaraliayJblH HETi3ri WHBAa3HBTI
emec ofici Oombinm TabbuTabl, anaiina MPT keckinaepiH Tanjay Kem yakbITThI,

124



ISSN 1991-346X 3. 2026

JKOFaphl OUTIKTITIKTI Tajam eTeli »KOHe MaMaHHBIH IIapIiaybl MEH KOTHUTHBTIK
KaTeNIKTePiHIH BIKIAJIbIHA YITBIpaybl MYMKiH. Makcamol. AKb 3aKpIMAaHYBIH YIIT
KJIACKa - KAJIBINITHI JKaF/1al, )KapThuIail KBIPTHLTY )KOHE TOJBIK JKBIPTBITY - KIKTEY
YIIiH HOJJIeH 0acTamn OKBITBUIFaH TOPT KOHBOMIONUSIBIK HEUPOHIBIK ke (CNN)
ApXUTEKTYPACKIH JKYHeli Typ/e Oaranay jkoHe CallbICThIPY. Odicmepi. CaruTTaiibl
Ka3BIKTHIKTAFbl Ti3e OybIHBIHBEIH 736 MPT keneminen Typarsin KneeMRI armrbik
JepeKTep >KUBIHTHIFBI TalJalaHbUIIBl. OpOip YIIeNIeMIi KeJeM OpPTaJbIK
CaruTTAJJIBI KECIH IIHI OOJII ally apKbUTBI eKieImeMIl KeCKiHTe TYpIeHaipimin, 128
x 128 mukcens emmemine kenripinmi. ResNet-18, MobileNetV2, EfficientNet-BO
xoHe MobileNetV4 small monenpaepi AdamW onTuMu3aTopbl, KOCHHYCTBIK
OKBITY YKBUITAMJIBIFBI, KPOCC-IHTPOIHSIIBIK MIBIFBIH (DYHKITHSCHI )KOHE CHIHBIIITAP
TEHTePIMCI3/IIriH eTeyre apHaIIFaH CaIMaKTallFaH Ke3eWCOK 1piKTey KOJTaHbUIFaH
OipbIHFail KOH(HTyparwsiia OKBITBUIIBL. Op MOJAETh OeC Tayesci3 Ke3maeHcoK
WHUIMAIN3aUsIMEH OKBITBUINBL. Homuoicenepi. ResNet-18 eH orapel HOTHKEHI
kepcerti: Fl-score - 0,6637 + 0,0351, AUC - 0,6622 + 0,0136. Onman keliin
EfficientNet-BO - F1-score 0,6334 + 00,0457, MobileNetV4 small - 0,6241 +£0,0398
xoHe MobileNetV2 - 0,6184 + 0,1095 woTmxkenepin kepcerti. [lpakmuxanvlik
MaybI30bLIbI2bL. 3EPTTEY JIEPEeKTep KeJeMi MIEKTEeYNI METUIIMHABIK KeCKIHIepIl
Tanjay MIiHACTTEpiHJE apXUTEKTypaHbl TaHJAyFa apHaJIFaH KalTallaHAThIH
SKCIIEpPUMEHTTIK Oarmap ychiHanbl. HemmeH Oacram OKBITY KardalbIHAA Kipic
JIepEKTEPiH YChIHY TACIJII MEH aJiIbIH aJla OKBITHUTFAH OeNTiUIepIiH KOIKEeTIMIUTIT
0a3aybIK apXUTEKTYpaHbl TaHAay/laH Ja MaHbI3Ibl 00Mybl MYMKiH. KIMHHKAIBIK
TYPFBIJIAaH CEHIM/II JKYHeNepi d3ipiey YIIH YIIeNmeM/Ii KeHICTIKTIK aKImaparThl
naiganany, ajjblH ajla OKBITY )KOHE CHIPTKBI BATHIAIIHS KaKET.
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KOHBOJTFOIIMSITBIK, HEHPOHIBIK JKEIiJep; TePeH OKBITY; METUITMHAIBIK KeCKIHIep i
KIKTEY
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AnHoTaums. Axmyanvrocms. Pa3pbIBeI mepeqHell KpecTooOpa3HON CBSA3KH
(ITKC) otHOCATCSA K YHMCITy HanOojee KIMHUYECKH 3HAYUMBIX TPAaBM KOJCHHOTO
CyCTaBa, a HECBOECBPEMEHHAsI WM HETOYHAs! AUArHOCTUKA MOXKET MPUBOJUTH K
MPOrpecCcupyrolleil 1ereHepanuy cycraBa. MarHUTHO-pe30HaHCHas: ToMorpadus
(MPT) siBnsieTcsi OCHOBHBIM HEMHBA3UBHBIM METOJIOM OLIEHKH COCTOSTHHS CBS30K,
OJTHAKO HWHTEpIpeTanus H300pakeHni TpeOyeT 3HAYUTENbHBIX BPEMEHHBIX
3aTpar U BBICOKOW KBaNU(UKAIIUH, a TAKKE MOJBEPKEHA BIUSHHUIO yCTaJOCTH U
KOTHUTUBHBIX UCKakeHUH. [[enp. CUCTEeMAaTHUECKU OLCHUTh U CPABHUTH YETHIPE
ApXUTEKTYpbl CBEpTOUYHbIX HEHpOHHBIX ceTeil (CNN), oOy4eHHBIX ¢ HYJS, IS
TpexkiaccoBoi kmaccudukaruu mospexkaennid [IKC: Hopma, 9aCTHYHEIN pa3phiB
Y TIONTHBINA pa3pbiB. Memoowl. Vicionb30BaH OTKpEITEIN HaO0op maHHBIX KneeMRI,
BrutovaroIuii 736 MPT-00beMOB KOJICHHOTO CyCTaBa B CAarMTTAIBHOMN IIJIOCKOCTH.
Kaxnprit TpexmepHblii 00beM MpeoOpa3oBBIBAJICS B JIByMEpPHOE M300pa)KeHue
IIyTEM HW3BJICYEHUS] LEHTPAIbHOIO CArUTTaJbHOILO Cpe3a € MOCIEAYIOLINUM
MacmrabupoBarueM 1o 128 x 128 nukceneit. Mogenu ResNet-18, MobileNetV2,
EfficientNet-BO u MobileNetV4 small oOydanuce B eIuHON KOH(PUTypaIruu c
UCTONIb30BaHneM onTumuzaropa AdamW, KOCHHYCHOTO pacIiMCaHusi CKOPOCTH
o0yueHns1, GyHKIIUN TOTEPh Ha OCHOBE KPOCC-IHTPOTIHH U B3BEIICHHOH CITydJaitHOM
BBIOOPKH I KOMITeHcanuu aucOananca kimaccoB. Kaxmas momens oOydanach
C TATBIO HE3aBUCUMBIMHM CIyYalHBIMH HWHUIUANU3AIUsAIMU. Pe3yiemameoi.
Hawmnyummmii pesynprar nokaszana ResNet-18: Fl-score - 0,6637 + 0,0351, AUC -
0,6622 + 0,0136. [anee caenopanu EfficientNet-BO ¢ Fl-score 0,6334 + 0,0457,
MobileNetV4 small - 0,6241 + 0,0398 u MobileNetV2 - 0,6184 + 0,1095.
Ilpakxmuueckas 3nauumocmo. VlcciaenoBaHne MpenocTaBiIsIe€T BOCIPONU3BOANMBIN
OPUEHTHP JIi BHIOOpAa apXUTEKTYpHl B 33/Ja4ax MEIUIIMHCKON BU3yaTU3aIlluu
MpH OTPaHWYEHHOM O0OBeMe HaHHBIX. [lomydeHHBIE pe3ynbTaThl MOKAa3bIBAIOT,
YTO TpU OOYYECHHHU C HYIIS CIIOCOO MPEICTABICHUS BXOIHBIX JaHHBIX M HAIUYWE
MpeIBApUTEIFHO OOYYEHHBIX TIPU3HAKOB MOTYT HMETh OOJiblliee 3HAYCHHE,
4yeM BBIOOp 0a30BOM apXWUTEKTyphl. s MOCTIKEHHS KIMHUYECKH HaJEeKHBIX
Pe3yIBTaTOB HEOOXOAMMO YUUTHIBATH TPEXMEPHBINA MMPOCTPAHCTBEHHBIH KOHTEKCT,
WCTIOJIH30BATh TPEABAPUTENLHOE 00yUeHHE U TIPOBOANTH BHEITHIOO BATUIAIIHIO.

KioueBble cioBa: mepenusisi KpecrooOpasHast cBsizka; MPT konenHoro
CyCTaBa; CBEPTOYHBIC HEWpOHHBIE CETH; TIyOOKoe oOy4yeHue; KiacCHpHKaILus
MEINIMHCKUX H300paKeHnH

Introduction. The most frequently occurring injuries in sports are those
involving the knee joints (Makuch et al., 2024). The knee is a particularly
vulnerable structure that comprises an intricate arrangement of ligaments, menisci,
and articular cartilage, which are not supposed to withstand quick turns and
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rapid changes of forces, which happen to be the case in sports such as soccer and
basketball (Almaawi et al., 2020; Makuch et al., 2024).

Knee injuries are usually diagnosed through physical examination and imaging
(Solomon et al., 2001). Commonly, specialists start with physical tests such as
the Lachman test and McMurray test (Solomon et al., 2001). While physical tests
serve as a great initial screen, MRI is currently the preferred imaging method of
choice for planning management of meniscal and ligament injuries due to non-
invasiveness and detailed visualization of soft tissues (Qiu et al., 2023). Compared
with arthroscopic detection, which is considered a gold standard of knee injury
diagnosis, the accuracy of MRI in diagnosing ACL tears was as high as 90%,
with a sensitivity of 95.45% and a specificity of 91.67%, which shows that results
between the two methods produce consistent and comparable results. However,
MRI interpretation is time-consuming and requires significant expertise, while still
being vulnerable to fatigue and cognitive bias (Qiu et al., 2023; Cowen et al., 2025).

Such limitations become especially critical because, if knee injuries are not
diagnosed and treated in a timely manner, they can lead to progressive joint
deterioration. In many cases, patients develop osteoarthritis within ten to twenty
years, resulting in chronic pain and a significant decline in quality of life (Khaleel
et al., 2025). These challenges, combined with the time-consuming nature of MRI
interpretation, the need for specialized expertise, and the risk of human error,
highlight the need for more efficient and reliable diagnostic solutions.

Literature Review. Within this broader context, convolutional neural networks
(CNNs) have become a particularly prevalent architecture for medical image
analysis (Roman et al., 2025). CNNs can automatically extract meaningful features
from medical images, allowing for accurate and efficient interpretation. They
have been widely used for tasks including image classification, segmentation,
object detection, and image reconstruction (Yu et al., 2021). In the field of knee
joint pathology, DL models have been actively applied to both classification and
segmentation tasks. Studies on ACL injuries, osteoarthritis, meniscal injuries, and
abnormal knee appearance were found in a systematic review of 54 publications
(Mead et al., 2025). Architectures such as ResNet, VGG, DenseNet, and DarkNet
demonstrated excellent performance in all categories. Yeoh et al., for example,
showed that shallow 3D CNNs (e.g., ResNetl8 and VGGI1) produced high
AUC values (>0.91) for knee OA detection, suggesting their potential as clinical
diagnostic tools (Yeoh et al., 2023). In terms of segmentation, combining 2D CNNs
with spatial post-processing has produced high mean Dice coefficients (0.80-0.90+)
in a variety of knee tissue classes, such as bone structures, cartilage, and meniscus
(Ambellan et al., 2019).

However, the automated evaluation of ACL integrity poses a distinct challenge,
as partial tears exhibit subtle signal changes on MRI that are difficult to distinguish
from intact or fully ruptured ligaments. Regarding ACL injury classification
specifically, a growing number of studies have benchmarked CNN architectures with
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varying results, though the majority have framed the task as binary detection. On
the MRNet dataset, Irmakci et al. compared AlexNet, ResNet-18, and Googl.eNet,
reporting average AUC values 0f0.8787,0.8579, and 0.8596, respectively. Although
AlexNet achieved the highest AUC, ResNet-18 outperformed the other architectures
across most remaining performance metrics for ACL binary tear detection (Irmakci
et al., 2019). While an earlier 2021 study using ResNet50 achieved significantly
lower performance across all metrics, a later 2022 study using the Inception-v3
architecture on the same dataset reported specificity, accuracy, and sensitivity of
0.9634, 0.9542, and 0.9513, respectively (Mead et al., 2025).

Despite these advancements, most existing studies either evaluate individual
architectures in isolation or restrict the task to binary classification. This not only
limits direct and fair comparison between models under consistent experimental
settings, but also reduces clinical applicability, as distinguishing between intact,
partially torn, and fully ruptured ACLs is crucial for treatment planning.

To address these limitations, this study performs a systematic comparison of
multiple CNN architectures for three-class ACL injury classification using knee
MRI. Specifically, we evaluate four state-of-the-art CNN-based models under
controlled experimental conditions, enabling a consistent assessment of their
performance across clinically relevant categories. In addition, using the strongest
of these architectures, we quantify how much of the remaining gap is attributable
to the single-slice input and to the absence of pre-training.

The remainder of this paper is organized as follows. The Materials and Methods
section presents the dataset, preprocessing pipeline, and network architectures. The
Results section then reports the evaluation metrics and performance comparison, the
Discussion situates the findings within the existing literature, and the Conclusion
summarizes the study and outlines directions for future work.

Materials and methods. In this study, four distinct convolutional neural network
(CNN) architectures were evaluated for automated ACL injury classification from
knee MRI scans. All models were initialized randomly and trained from scratch,
without the use of pre-trained weights. Each architecture was directly configured
with a custom linear layer mapping the extracted high-dimensional feature spaces
to the three target classes.

Knee MRI scans were first collected and preprocessed to ensure consistency in
spatial resolution, intensity normalization, and input dimensionality. Each network
encoded the input MRI into a high-dimensional feature representation, which was
subsequently passed through a fully connected classification head to predict one of
three classes: intact, partially torn, or fully ruptured ACL.

The pipeline workflow is shown in Figure 1. The framework begins with knee
MRI scans as input, which are provided directly to multiple CNN architectures
for feature extraction. Each CNN encoder processes the MRI data and learns
hierarchical feature representations capturing structural and pathological patterns
of the knee joint. The extracted features are then passed to a classification head
composed of a fully connected layer, which maps the high-dimensional feature
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space to class probabilities. The final output consists of three clinically relevant
categories: healthy (intact ACL), partially ruptured, and fully ruptured ACL. This
three-class formulation reflects the clinical grading of ACL injuries and is intended
to support radiologists in making more granular and actionable diagnostic decisions.

~

Healthy

CNN models (D=—=

/ Partially ruptured
Fully ruptured

Classification head

Input MRI scan

G J

Figure 1 — The pipeline workflow

The four architectures selected for this study represent a diverse spectrum
of design philosophies — from classical residual learning to compound-scaled
and mobile-optimized designs — enabling a comprehensive assessment of how
architectural choices affect classification performance on medical imaging data.

e ResNet-18: This architecture employs residual learning via skip connections
to bypass non-linear transformations, effectively mitigating the vanishing gradient
problem inherent in deep network optimization (He et al., 2016). For feature
extraction, the terminal fully connected layer was substituted with an identity
mapping, yielding a robust 512-dimensional feature representation.

e MobileNetV2: Engineered specifically for resource-constrained environments,
MobileNetV2 leverages depthwise separable convolutions alongside inverted
residual blocks and linear bottlenecks (Sandler et al., 2018). This structural design
ensures highly competitive feature extraction while drastically minimizing the
overall computational footprint.

e EfficientNet-B0: As the foundational baseline of its model family,
EfficientNet-BO0 utilizes a compound scaling methodology (Tan & Le, 2019). This
approach uniformly optimizes network depth, width, and input resolution via a
predetermined set of scaling coefficients, thereby maximizing empirical accuracy
relative to computational cost.

e MobileNetV4 small: Compact variant of the MobileNetV4 family,
MobileNetV4 small introduces the universal inverted bottleneck (UIB) block, a
building block that unifies depthwise, feedforward, and optional spatial mixing
operations into a one adaptable structure (Qin et al., 2024). Also, it has Mobile
Multi-Query Attention (MQA), a lightweight attention mechanism that helps the
model to capture global context at minimal computational cost.
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Figure 2 — Overview of the four convolutional neural network architectures evaluated in this
study. Each column illustrates the full forward-pass topology of a single model — from the input
stem through all feature-extraction stages to the final classification head — highlighting the distinct
design philosophies underlying each architecture.

As detailed in Table 1, all models were trained for 100 epochs under a unified
configuration to ensure fair and reproducible comparison across architectures.
AdamW was preferred over standard Adam due to its decoupled weight decay
regularization, which prevents the optimizer from conflating L2 regularization
with the adaptive gradient scaling, leading to more effective regularization and
improved generalization (Loshchilov & Hutter, 2017). A cosine annealing learning
rate schedule was applied over the full 100 training epochs, smoothly decaying the
learning rate from its initial value toward zero. The loss function used was standard
cross-entropy loss, as it directly penalizes the divergence between the predicted
class probability distribution and the ground truth one-hot labels. To address class
imbalance, a weighted random sampler was employed during training. Class weights
were computed as the inverse of the class frequency, ensuring that underrepresented
classes (partial and complete tears) were sampled proportionally more often
during each epoch. This strategy mitigates the risk of the model becoming biased
toward the majority class, which is a common challenge in medical datasets where
pathological cases are inherently less frequent than healthy ones.

Table 1 — Training Configuration for All Models.

Obtimizer Learning]|[ Weight LR Coss Funciio Class Imbalance

[ Optimizer | [Loss Function

: Rate Decay Schedule Strategy

M AdamW ] |[T= 10| [T 107 Losm.e Cross Weighted Random
Annealing Entropy Sampler
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The batch size was set to 16, reflecting the relatively small dataset size and
the need to maintain stable gradient estimates during training. The entire model,
encoder and classification head, was trained end-to-end without freezing any
layers, allowing each architecture to fully adapt its feature representations to the
MRI domain from the first training iteration.

Dataset

The KneeMRI dataset, publicly available on Kaggle (Stajduhar et al., 2017),
was used in this study.

The KneeMRI dataset comprises 917 sagittal-plane MRI volumes of the knee.
In this study we used the 736 volumes provided in the released archive files (vol01—
vol08); the remaining cases (volumes vol09 and vol10, 181 samples) were not
included in the distributed files available to us. Each usable volume is stored as a
serialized 3D NumPy array (.pck format).

Each volume is annotated with one of three ACL diagnosis labels: 0 (healthy),
1 (partial tear), and 2 (complete tear). The sagittal plane was selected as it provides
the most informative view for ACL assessment, allowing clear visualization of the
ligament's longitudinal structure. The class distribution is inherently imbalanced,
with healthy cases constituting the majority of samples, which reflects the natural
prevalence of ACL conditions in clinical practice and necessitates specific strategies
during both training and evaluation to prevent bias toward the majority class.

Preprocessing

Each 3D MRI volume was reduced to a 2D representation by extracting the
middle slice along the sagittal axis, as this slice most reliably captures the central
anatomical region of the knee joint and the longitudinal course of the ACL. The
extracted slice was subsequently rescaled to the [0, 255] intensity range and
converted to an 8-bit grayscale image. All images were then resized to 128 x 128
pixels to ensure uniform input dimensionality across all model architectures.

For training, data augmentation was applied to improve model generalization
and reduce overfitting, given the limited dataset size. The augmentation pipeline
consisted of random horizontal flipping (p = 0.5), random rotation within +15°, and
Gaussian blurring with a kernel size of 7 and ¢ € [0.1, 2.0]. These transformations
were chosen to simulate plausible variations in MRI acquisition while preserving
the diagnostic integrity of the images. Finally, pixel values were normalized to the
[0, 1] range and standardized using a mean of 0.5 and a standard deviation of 0.5.
For validation and testing, only resizing and normalization were applied, with no
augmentation, to ensure unbiased evaluation on unmodified samples.

All experiments were conducted on a workstation equipped with an NVIDIA
GeForce RTX 4090 GPU (CUDA 12.9). Models were implemented in Python using
PyTorch and torchvision.

To ensure reproducibility and assess the stability of results across different data
partitions, each model was trained five times using independent random seeds.
For each seed, the dataset was partitioned into training, validation, and test sets
following an 80/10/10 split, with stratified sampling applied to preserve the original

131



Academic Scientific Journal of Computer Science 3.2026

class distribution across all subsets. During training, the model checkpoint that
achieved the highest weighted AUC on the validation set was retained. This best-
performing checkpoint was subsequently used to evaluate final performance on the
held-out test set, ensuring that reported results reflect the model's generalization
ability rather than its last training state. The evaluated architectures are illustrated
in Figure 2.

ResNet-18 follows the classical residual-learning paradigm: a 7x7 convolution
stem with stride 2 and max-pooling, followed by four layers of paired 3x3 residual
blocks that progressively double the channel width from 64 to 512, concluded by
global average pooling and a fully connected layer.

MobileNetV2 employs inverted residual blocks with linear bottlenecks, in which
a 1x1 expansion convolution is followed by a depthwise separable convolution and
a 1x1 projection. The stem is a lightweight 3x3 convolution producing 32 channels,
and subsequent stages increase channels from 16 to 320 through expansion factors
of up to 6, with a final 1x1 convolution expanding to 1280 channels before average
pooling and the classification head.

EfficientNet-B0 is derived via compound scaling of depth, width, and
resolution. Its backbone is composed of mobile inverted bottleneck convolution
(MBConv) blocks augmented with Squeeze-and-Excitation modules in the deeper
stages. Channel widths progress from 16 to 320, kernel sizes alternate between 3x3
and 5x5, and a 1x1 convolution projects to 1280 channels before adaptive average
pooling and the final linear layer.

MobileNetV4 Small introduces Universal Inverted Bottleneck (UIB) blocks
alongside an initial Fused Inverted Bottleneck stem. Channel widths increase from
32 to 192 across five UIB stages, followed by two consecutive 1x1 convolutions
expanding to 960 and then 1280 channels, adaptive average pooling, and a linear
classifier.

All classification heads (shown in green) map the final feature representation
to three output classes corresponding to the ACL injury grades (healthy, partial
tear, and complete tear). Color coding distinguishes block types: ResNet residual
blocks (blue), inverted residual blocks (teal), MBConv blocks with Squeeze-and-
Excitation (orange), UIB / FusedIB blocks (pink), classifier heads (green), and stem
/ pooling/normalization layers (grey).

Results

Evaluation metrics

Four main evaluation metrics were calculated on the test set to evaluate the
trained models' performance: precision, recall, F1-score, and area under the receiver
operating characteristic curve (AUC). Precision (1) measures the proportion of
correct positive predictions among all positive predictions made by the model,
reflecting its ability to avoid false alarms. Recall (2) measures the model's capacity
to correctly identify true positive instances, reflecting its sensitivity to the target
condition. The F1-score (3) is computed as the harmonic mean of precision and recall,
providing a single balanced measure that penalizes extreme trade-offs between the
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two. Since this is a three-class problem, per-class metrics were aggregated using
weighted averaging (4—6), where each class contributes proportionally to its sample
count in the test set, ensuring that the reported metrics reflect performance across
all classes rather than being dominated by the majority class.

AUC (8) was computed as the weighted average of per-class AUC scores (7),
each measuring the area under the ROC curve for a one-vs-rest binary classification.

Precision_ = %’ ()
(= c
Recall. = T, 2
TP +FN,

_ _ 2~ Precision, - Recall, 3
Fl SCOTe, Precision +Recall_ @)
Precision = 5:1%' Frecision_, 4)
Recall = 5:1% - Recall , Q)
F, — score = 521 % - F, — score,, (6)
AUC, = [ TPR, d(FPR,), )
AUC= X%, w, AUC, ®)

Final results for each model are reported as mean + standard deviation across the
five seeds, providing an estimate of both average performance and result stability.

Overall Performance Comparison

Table 2 summarizes the test set performance of the four CNN architectures
across five independent runs. All metrics are reported as mean =+ standard deviation
using weighted averaging across the three classes.

Table 2 — Test set performance of CNN architectures for three-class ACL injury classification
(mean = std across 5 seeds).

[ Model ||| Para- [|[  Precision ][ Recall |[|[ FI-score J|[  AUC ]
meters

[ ResNetI8 [|[ TT.7M ]{[0.6579 £ 0.0596]|[ 0.6892 £ 0.0287 0.6637 0.6622
0.0351 0.0136

[ MobileNetV2 ]|[ 3.4M 0.6653 +£0.0503]|[0.6297 = 0.1419 0.6184 0.6439 +
0.1095 0.0621

[MobileNetV4 small]|[ 3.8M 0.6315 £ 0.0400]|[0.6379 £ 0.0778 0.6241 £ 0.6285 +
0.0398 0.0502

[ EfficientNet-B0__||[ 53.3M |[[0.6496 £ 0.0619]|[0.6406 = 0.0680 ||[ 0.6334 = 0.5986 +
0.0457 0.1081
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Overall, the results indicate moderate performance across all evaluated
architectures, with no single model achieving clearly strong classification. This is
consistent with the inherent difficulty of three-class ACL grading from 2D MRI
slices, where distinguishing partial from complete tears relies on subtle structural
differences that may not be fully captured by a single mid-sagittal slice.

Among the four architectures evaluated, ResNet-18 achieved the highest overall
performance (Fl-score 0.6637 + 0.0351; AUC 0.6622 + 0.0136), followed by
EfficientNet-BO (F1-score 0.6334 +£0.0457; AUC 0.5986 + 0.1081), MobileNetV4
small (F1-score 0.6241 £+ 0.0398; AUC 0.6285 + 0.0502), and MobileNetV2 (F1-
score 0.6184 +0.1095; AUC 0.6439 + 0.0621). MobileNetV2 exhibited the highest
cross-seed variance in both recall and F1-score, with seed 42 producing an F1-score
of only 0.44 due to failure to classify partial tears, while seed 12345 reached 0.73 —
the highest single-seed F1-score across all architectures. EfficientNet-BO showed
the highest instability in AUC (0.43-0.70 across seeds), suggesting sensitivity to
data split composition.

Discussion

The superior performance of ResNet-18 across both Fl-score and AUC is
consistent with the broader literature on training from scratch under data-scarce
conditions. Its residual shortcut connections provide a strong inductive bias that
stabilises gradient flow even with limited examples, making it less dependent on
the precise weight initialisation than architectures designed primarily for scale.
MobileNetV2, despite its compact 3.4M parameter count, showed the highest cross-
seed variance (F1 range 0.44-0.73), indicating that its inverted-residual bottlenecks
— optimised for inference efficiency — may be more sensitive to the particular
class distribution in each data split when the training set is small. EfficientNet-BO
and MobileNetV4 small yielded intermediate and comparably stable results,
suggesting that compound scaling and Universal Inverted Bottleneck blocks
provide some regularisation benefit, though without pre-training this advantage
is modest. Taken together, the spread between the four architectures (F1 0.618—
0.664) is comparable to the seed-to-seed spread within a single architecture, so
these rankings should be read as consistent trends rather than decisive differences.
This observation motivated the additional experiments reported below, in which
the input representation and the initialisation scheme — rather than the backbone
— were varied.

It is also important to situate these results relative to prior work on the same
KneeMRI dataset (Table 3). Stajduhar et al. (2017), who introduced the dataset,
reported AUC values of 0.894 and 0.943 for partial and complete tears, respectively,
using handcrafted histogram-of-oriented-gradients features aggregated across
all slices together with a support vector machine. Transfer-learning approaches
initialized from MRNet weights (Bien et al., 2018) and lightweight architectures
such as ELNet (Tsai et al., 2020) reported still higher AUC values of approximately
0.91 and 0.96 on this dataset. These figures, however, are not directly comparable to
ours: prior studies almost exclusively frame the problem as binary injury detection
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(torn vs. intact), rely on ImageNet or MRNet pre-training or on handcrafted multi-
slice features, and exploit the full volumetric context. In contrast, the present
work addresses the substantially harder three-class grading task (healthy, partial
tear, complete tear), trains all networks from scratch, and reduces each volume
to a single mid-sagittal 128 x 128 slice. The lower absolute AUC obtained here
(= 0.66 for the best model) therefore reflects the increased task difficulty and the
deliberately constrained input and training regime rather than an inferior modelling
approach, and it underscores the value of pre-training and multi-slice context as
immediate directions for improvement. To the best of our knowledge, no directly
comparable three-class benchmark on this dataset has been reported, which is the
specific gap addressed by this comparative study.

Table 3 — Reported AUC of prior published methods on the KneeMRI (Stajduhar et al., 2017)
dataset compared with the present study. Prior results address a different (binary) task and use pre-
training or handcrafted multi-slice features, and are therefore not directly comparable.

[Study ||Method || [Task ||[Reported AUC |
Stajduhar et al. HOG features + SVM, all nary (injury 0.894 70.943 (partial
2017) slices detection) complete)
Bien etar 2018y | MRNet transfer Binary detection ]| £ 091 |
learning
sai et al. (2020),
ELNet [Cightweight CNN ||[Binary detection [1[0.96 |
[ResNet-18, from scratch
1S WOT' single slice [Three-class grading  ]|[0.66 (best: ResNet-18)

Multi-slice input and pretraining. Beyond the single-slice, from-scratch
setting used for the architecture comparison above, we further evaluated ResNet-18
with a multi-slice (2.5D) input and with ImageNet pretraining (Table 4). Replacing
the single central slice with an aggregation of five central slices raised the AUC
from 0.662 to 0.673, and combining the multi-slice input with ImageNet pretraining
increased it further to 0.782, together with an F1-score of 0.713. This improvement
over the single-slice, from-scratch configuration was consistent across all five
random seeds (paired t-test, p = 0.022).

Table 4 — Effect of multi-slice input and ImageNet pretraining for
ResNet-18 (five seeds, mean =+ std).

[Configuration ||[Precision ||[Recall || [FI-score [[[AUC |
[ResNet-18 (single slice) ]|0.6579 £ 0.0596]|0.6892 £ 0.0287]|[0.6637 £ 0.0351]|[0.6622 £ 0.0136

esNet-18 +multi-slice || 56311 |DBTOS T 01309 | PO T 0105 T | 6733 =00568]

5 slices)

esNet-18 + pretraining
t multi-slice

This ablation was deliberately restricted to ResNet-18, the strongest architecture
in the from-scratch comparison, in order to isolate the effect of the input
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representation and the initialisation scheme from the effect of the architecture itself.
The consistency of the gain across all five seeds indicates that the limiting factor
in the from-scratch setting is the information available at the input and the absence
of pre-trained features, rather than the choice among the four backbones compared
above.

It should be emphasised that the absolute AUC values obtained here remain
moderate, which is expected for several reasons. First, unlike most prior work
on this dataset, which frames ACL assessment as a binary task (torn vs. intact),
we address the harder three-class problem of distinguishing healthy, partial, and
complete tears. Second, the dataset is severely imbalanced: complete tears account
for only a small fraction of the samples (four cases in each held-out test set), which
makes this class particularly difficult to learn and to evaluate reliably. Third, the
weighted metrics are dominated by the majority healthy class and therefore give
only a coarse view of performance on the clinically important injury classes.
Together, these factors explain why the absolute scores are lower than the binary
AUCs of 0.9 and above reported elsewhere, and they indicate that larger, more
balanced data and richer volumetric context are the most promising directions for
improvement.

This study has several limitations.

The dataset used here is small (736 volumes; the vol09—vol10 files of the full
917-volume KneeMRI release were not available to us) and highly imbalanced,
with healthy cases dominating.

Although weighted sampling was applied, minority classes remained
underrepresented, likely contributing to moderate performance and variability
in precision—recall trade-offs. With larger or more balanced datasets, the relative
ranking of architectures may change. Furthermore, reducing each 3D MRI volume
to a single 2D mid-sagittal slice, while computationally efficient and consistent
with prior work, inevitably discards spatial information along the depth axis that
could be diagnostically valuable for distinguishing between injury grades. The ACL
is a three-dimensional structure, and its integrity may be more accurately assessed
by considering the full volumetric context rather than a single representative slice.
Future work should explore 3D CNN architectures or multi-slice aggregation
strategies that preserve this spatial information while remaining tractable under
limited data conditions. Finally, the held-out test set contains only 74 cases per
seed, of which four are complete tears, so the confidence intervals on all reported
metrics are wide; the comparisons should therefore be read as consistent trends
rather than definitive rankings.

The findings of this study, while informative as a comparative benchmark of CNN
architectures under constrained conditions, should be interpreted with appropriate
caution. The relatively small and single-source dataset limits the generalizability of
the conclusions to larger and more diverse clinical populations. External validation
on independent cohorts from different imaging centers and scanner protocols is
required before real-world deployment. Given that the absolute performance of all
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models remains close to the lower bound of usefulness (AUC = 0.60-0.66), these
models are not yet suitable for clinical decision support and should be regarded
only as a methodological benchmark; substantial gains in accuracy, together with
external validation, are required before any clinical use is considered.

Conclusion

This study evaluated four CNN architectures for automated three-class ACL
injury classification from knee MRI scans, trained from scratch under a unified
experimental setup. The results show that, under these constrained conditions,
differences between the four backbones are small relative to the seed-to-seed
variability, indicating that the choice of architecture is not the dominant factor in
this setting. ResNet-18 achieved the highest overall F1-score and AUC, and also
proved the most stable across random seeds, whereas MobileNetV2 showed the
widest spread in F1-score, a property that matters when only a small training set is
available. While dataset size, class imbalance, and the reduction of 3D volumes to
a single 2D slice limit the generalizability of these findings, this work provides a
reproducible benchmark for ACL classification under realistic data constraints and
offers practical guidance on architecture selection for similar small-scale medical
imaging tasks. Future work should explore 3D architectures, transfer learning, and
external validation on larger and more diverse cohorts to move toward clinically
deployable Al-assisted ACL assessment. A controlled ablation on ResNet-18
supports this direction: combining a multi-slice input with ImageNet pre-training
raises the AUC from 0.66 to 0.78 and the F1-score from 0.66 to 0.71, a larger gain
than any difference observed between the four architectures trained from scratch.
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