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Abstract

Osteophytes, bony projections associated with os-
teoarthritis, are traditionally identified via time-
consuming and subjective manual X-ray assessment.
While deep learning approaches have shown promis-
ing results in medical image analysis, relatively few
methods are designed to detect the presence and lo-
calization of these osteophytes, particularly in set-
tings where only image-level labels are available and
precise pixel-level annotations are missing.
This work investigates whether anatomical priors

derived from landmark points can improve weakly
supervised osteophyte detection and localization in
hip X-rays when only image-level labels are available.
We propose modified ResNet18 architectures that in-
tegrate anatomical guidance that highlights likely os-
teophyte regions.
We evaluate the proposed models across varying

training data sizes. The results show that models
with anatomical guidance generally outperformed the
baseline models, with the most consistent improve-
ments observed in classification metrics, while local-
ization results are less conclusive. Additionally, ex-
periments performed without guidance during testing
led to a reduced classification performance. Overall,
the results suggest that anatomical priors can provide
useful complementary information for weakly super-
vised osteophyte detection, although they do not fully
compensate for limited training data. Moreover, the
benefit of the guidance information varies across ar-
chitectures and training set sizes.

1 Introduction

Osteoarthritis (OA) is a common degenerative joint
disorder in which cartilage gradually deteriorates and
the underlying bone undergoes structural changes. It
represents the most common form of arthritis, being
a major global health problem and affecting 237 mil-
lion people worldwide in 2015 (3.3% of the world’s
population) [1]. This number is expected to reach
765 million by 2060 [2]. The disease often leads to
chronic pain, stiffness, and reduced mobility, making
it the fourth leading cause of disability, particularly
among older adults.
One of the key indicators assessed when looking

for OA is the presence of osteophytes—bony projec-
tions that develop along joint margins, such as in the
knees, spine or hip, detected through X-ray imaging.
However, interpreting these scans is time-consuming
and can vary between clinicians, especially because
osteophytes can differ significantly in size [3]. While
more advanced cases are relatively easy to identify,

early-stage osteophytes are often small and subtle,
making them difficult to detect reliably.

One way to address this challenge is to develop
models that can learn from weak labels, where train-
ing images are annotated only with coarse informa-
tion, such as whether an osteophyte is present or ab-
sent, rather than precise locations. Obtaining such
image-level labels is less time-consuming and expen-
sive than collecting detailed expert annotations, mak-
ing it possible to leverage larger datasets. Previous
work related to learning from weak labels applied to
radiologic image analysis has already demonstrated
that deep learning models could be trained to use
data with incomplete or inexact annotations to ob-
tain relevant results (e.g. [4]).

One form of weak supervision can be represented
by anatomical guidance, highlighting regions of in-
terest rather than the exact location where osteo-
phytes occur. Since osteophytes tend to appear in
anatomical regions around the joints, providing a
model with information about relevant anatomical
structures may help it focus on clinically meaning-
ful regions. There have been some studies that in-
corporated location-specific information in the detec-
tion of the presence of osteophytes and showed that
this could be a good approach when working with
2D grayscale X-rays. For example, Daneshmand et
al. [5] defined regions of interest for the bones that
were fed into the ResNet18 for predictions. This pa-
per investigates highlighting potential regions where
osteophytes occur (rather than the whole bone) and
including them as additional information in the ac-
tual ResNet18 architecture pipeline.

Therefore, the main question of this research paper
is to find the following: Can anatomical priors
improve the spatial plausibility and robustness
of weakly supervised osteophyte localization
under limited image-level supervision?

We investigate this in experiments on hip X-ray
data from two public osteoarthritis datasets. After
the initial preprocessing of the data, the different
models are trained to detect osteophytes on various
amounts of data (100%, 90%, 75%, 50%, 25%) and
both prediction and localization are compared be-
tween the modified model and its baseline variant.

2 Methodology

2.1 Architectural choices

Several deep-learning methods have been proposed
to detect or grade hip osteoarthritis on X-ray images
(e.g. [6, 7] ). However, incorporating region aware-
ness (for where osteophytes can occur from such X-
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rays) alongside weak data into measuring the robust-
ness of a model to see if this helps predictions remains
unexplored.
This paper investigates whether adding anatomi-

cal guidance provided by BoneFinder [8] actually im-
proves the robustness of a model when predicting if
there is an osteophyte in a hip image by looking at
clinically relevant regions where osteophytes can oc-
cur.
BoneFinder is an automatic landmark detection

tool for radiographic images that estimates anatomi-
cally meaningful landmark points around the bones in
the X-rays. These landmark points provide a repre-
sentation of the underlying anatomy and can be used
as prior information indicating clinically relevant re-
gions. Therefore, we use these landmark points to de-
rive a guidance matrix that would be used as anatom-
ical guidance in the network. A more comprehensive
representation of how the guidance is obtained is done
in Section 3.2.
This is done by using a modified Convolutional

Neural Network (CNN). The tested hypothesis is that
adding a BoneFinder-based matrix can compensate
for reducing training data, achieving a comparable
overlap and accuracy/MCC (mentioned in section
3.6) with the original 3-channel ResNet18.
The architecture change that we employ is modi-

fying the first convolutional layer of the network to
accept a different number of channels (such as con-
densing the standard three image channels into one,
or adding an extra channel for spatial guidance). The
rest of the architecture remains the same for the other
layers (including the initialization of the pretrained
weights). This change is possible as the results of the
computations after the first layer are combined before
the information goes into the next layer. By modi-
fying the number of channels, we allow the introduc-
tion of different data into the network by one of the
channels. This idea has already been explored in lit-
erature when additional information was needed. For
example Dwivedi et al. [9] use an additional channel
to add Near-infrared information to the RGB ResNet
model.

2.2 Modifying pretrained network
weights

The models used in this work are initialized from pre-
trained ResNet18 [10] weights. However, the original
ResNet18 architecture expects a three-channel RGB
input, whereas the X-ray images used in this study
are grayscale. Furthermore, some experiments incor-
porate an additional guidance channel, resulting in
a four-channel input. Modifying the number of in-

put channels creates a mismatch between the pre-
trained first-layer weights and the new input repre-
sentation. Therefore, an initialization strategy is re-
quired that allows the network to benefit from the
pretrained weights while accommodating the modi-
fied input structure.

For a single spatial location of a 3-channel RGB
model, the output of the first layer is described by
the formula:

y = wRxR + wGxG + wBxB (1)

Here wX represents the weight for channel X and
xX is the input given in that channel.
A common initialization when working with a 3-

channel model and grayscale X-ray images is to triple
the image into the 3 channels to mimic the RGB
structure. Therefore the formula above becomes:

y = wRx+ wGx+ wBx = x(wR + wG + wB) (2)

From this equation we can see that we can simplify
this model to a one channel model that has its weight
set to the sum of the weights that would be given for
the three-channel, keeping the initial mathematical
model the same (before backpropagation which will
update three weights for the three-channel model and
only one for the one-channel). Moreover, extending
this model to a 4 channel architecture where the ini-
tial weight of the new channel is 0 also preserves at
the first epoch the mathematical model:

y = wRx+wGx+wBx+0∗z = wRx+wGx+wBx (3)

Aside from the same initialization in the first epoch
as the model without guidance to keep the same
mathematical model, initializing with weight zero has
several advantages. If we initialized with some other
weight the model might try to guess complex tex-
tures which are nonexistent in our proxy guidance
information or the weights for the new channel might
reach to dominate the pretrained weights of the other
channels.

Following this initialization, the weights of the
newly added channel are updated via standard back-
propagation during training, becoming integrated
into the learning process of the existing architecture.

2.3 Models

ResNet18 serves as the backbone architecture in this
study. This choice has been made because it provides
a strong baseline for image classification that prior-
itizes simplicity, reproducibility, and interpretability
over maximum raw performance. It is a light-weight
version in the ResNet family that is used when the
dataset is not too big and has been extensively used
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in medical imaging (e.g. [5]). A comparison be-
tween different architectures for detecting OA from
MRI scans using transfer learning (pretrained net-
works) is also done by Yeoh et al. [11], where the
ResNet models (particularly shallower networks like
ResNet18 and ResNet34) achieved the highest values
for the analyzed metrics.

This model also supports easy modification of its
layers and presents convolutional feature maps near
the output which are used to observe model attention.

In this paper we train different models to output
a binary label (is there an osteophyte or not). Based
on this, we analyze the following models based on the
first channel initialization:

1. 1-channel (1ch) - a common initialization when
working with grayscale data. For example, this
has been explored by Seiger et al. [12]. When
it comes to the initialization of this channel’s
weights, we set it to the sum of the pretrained
RGB first layer weights to keep the initial step
consistent with the baseline 3-channel one

2. 2-channel (1ch+guidance) - an image channel
and one guidance channel to add the prior in-
formation that we need. Again the initialization
of the image channel weight is the sum of the
RGB weights (so the only change compared to
the 1-channel model is adding location informa-
tion). To start the same as the 1-channel model,
we initialize the weight for the guidance channel
to zero.

3. 3-channel (3ch) - three channels containing the
X-ray information tripled in the three channels.
The initialization of the weights is using the stan-
dard RGB weights of the pretrained model.

4. 4-channel (3ch+guidance) - three channels con-
taining the X-ray information tripled in the three
channels and one guidance channel to add the
prior information that we need. The same as
above, the weights for the image channels are
the standard pretrained RGB ones and for the
guidance we start with weight zero.

These modifications of the channels are also de-
scribed for the 2-channel and the 3-channel original
architecture in Figure 1 and for the 1-channel and
4-channel in Appendix A.

(a) The pipeline for the 1ch+guidance modified model

(b) The pipeline for the 3ch original model

Figure 1: Comparison of the 2-channel and 3-channel
ResNet pipelines.

3 Experimental setup

3.1 Data

The datasets used in this study are pro-
vided by the Osteoarthritis Initiative (OAI;
https://nda.nih.gov/oai) and the CHECK [13]
datasets, using only the hip X-rays. Both consist of
up to 5 scans per patient (5 visits) and each scan
may contain different metadata. The split of the
data was 70% training, 15% validation and 15%
testing, considering the whole dataset.

We also used a .csv file with all the metadata ex-
tracted beforehand per patient (empty if some of the
data is missing). The values analyzed in this paper
alongside the unique identifier are the visit, the side
(left or right indicating the side of the hip), and the
grades for the following four regions where hip os-
teophytes can occur: superior femur, inferior femur,
superior acetabulum, inferior acetabulum. Alongside
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these files, we also had access to the pointfiles asso-
ciated with these datasets (files containing landmark
coordinates), generated by the BoneFinder tool.
The analyzed models are adjusted to make binary

predictions (is there an osteophyte in an image or
not). This binary prediction is derived from the
metadata in the images. As the X-rays offer infor-
mation about the grade of an osteophyte in differ-
ent regions (OARSI grades 0-3), our classification
metric was defined as “1” if any of the four tar-
get regions have an osteophyte with grade at least
1 (max(Z1, Z2, Z3, Z4) > 0) and “0” if the zones do
not present an osteophyte (max(Z1, Z2, Z3, Z4) =
0). The images that do not have complete labels and
the only present labels have a score of zero are there-
fore omitted as we cannot guarantee if an osteophyte
is there or not and would be costly to label a patient
as healthy when they have an osteophyte present.

3.2 Preprocessing

Since the datasets used contain large hip X-ray im-
ages taken from the OAI and CHECK datasets, and
the standard pretrained ResNet18 requires input im-
ages of 224x224 pixels, some preprocessing is needed.
First, the X-ray image format is verified. The im-

age must contain some information about the pixel
spacing (size) and the width of a pixel must be equal
to its length. Then images are transformed into
Monochrome2 format (white = maximum intensity,
black = minimum intensity) or ignored if the original
one was not either Monochrome1 or Monochrome2.
In order to prepare the images, the BoneFinder tool

is used. This is present to give precise bone location
landmarks as no location information is present in the
analyzed data. The second step in the preprocessing
pipeline is normalizing the pixels of the images as dif-
ferent scanners might output different pixel spacing,
so all the images have been rescaled to 0.4mm/pixel.
Given the location of the femoral head by

BoneFinder, the third step of the preprocessing is
cropping the image to be the size of 224x224 pixels
centered on the femoral head (found by using the al-
gorithm of Algebraic circle fit by Taubin [14]). This
produces two images (for right and left hip) and in
order to have a similar image structure we flip the
left hip image.

3.3 Guidance generation

The anatomical guidance is obtained using the
BoneFinder tool. Points are sampled around the
femoral head and on the circle defined by the ac-
etabular roof. They are used to draw a region of

interest (this represents the most likely region where
osteophytes can occur). This is done for every im-
age so the anatomical prior varies slightly, but the
resulting matrix is be the same size as the cropped
image. Analyzing different images led to choosing
16 points from the BoneFinder proximal femur ones
(range 13-28) and sampling equally spaced points on
the fitted circle for the sourcil (range −0.65π radians
to 0.27π radians). To generate the spatial guidance
information from these sampled points, a binary ma-
trix is first constructed. This is done by connecting
3 regions: a line represented by the first 7 points of
the femur, a polygon connecting the sourcil points
reversed and the points 19 to 27 of the femur and a
line representing the last 2 points of the femur. From
this, the values of the pixels are calculated as a Eu-
clidean Distance to the closest pixel with value “1”
in the matrix. Then the matrix values are remapped
into the [0,1] range via a Gaussian function where
the standard deviation was initialized to a baseline
of σ = 8, where “0” distance corresponds to a value
of “1”, and the value decays smoothly close to 0 as
distance grows. A complete visualization of the pre-
processing pipeline can be found in Appendix B.

3.4 Experimental design

The steps in the pipeline are the following: images
are preprocessed and are split into training, valida-
tion and testing. Then different modified models
that include anatomical guidance from BoneFinder
are trained to predict the binary label. From the last
convolutional layer, the feature maps for each image
are extracted to be used to generate a Grad-CAM
heatmap for the image that is used to compute the
overlap metric. The results of this first phase of ex-
periments determine whether the model learns from
the addition of the guidance information in terms of
the MCC and overlap. After training the models, the
checkpoint with the smallest validation loss is cho-
sen to compute the metrics for. We then varied the
amount of training data (validation and testing re-
mained the same to give conclusive results under the
same conditions). The percentages of training data
also analyzed are 90%, 75%, 50% and 25%. By ob-
serving how our metrics evolve across these splits, it
is determine whether BoneFinder guidance can com-
pensate for reduced training data. The pipeline can
also be seen in Figure 1 and Appendix A.

3.5 Parameters

The parameters that have not been discussed so far
are the ones used for training. Therefore, all of the
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training has been done using 30 epochs with valida-
tion after each one and a stopping condition if the
validation loss has not improved for 7 epochs (exper-
imentally it was found that the model reaches the
best validation loss after less than 10 epochs). The
chosen learning rate for the models is 0.001 and the
batch size is set to 32. The Adaptive Moment Es-
timation (Adam) optimizer has been used to update
the model’s parameters.

The loss function is Binary Cross Entropy with
Logits. This is chosen to be minimized because the
overlap metric is only computed during evaluation.
Furthermore, MCC depends on thresholded class pre-
dictions. As a result, two models may obtain the
same MCC despite producing substantially different
confidence scores. In contrast, Binary Cross Entropy
operates directly on the predicted logits and pro-
vides a continuous optimization objective that can
be efficiently minimized using gradient-based meth-
ods. The formula for this loss is:

L(z, y) = − 1

N

N∑
i=1

[
yi · log σ(zi)

+ (1− yi) · log(1− σ(zi))
] (4)

where σ(zi) = 1
1+e−zi

, zi is the raw logit, yi ∈
{0, 1} is the ground truth label, and N is the batch
size.

3.6 Metrics

The analyzed metrics are based on different measure-
ments based on the predictions of the model, the rates
of true positives (tp), true negatives (tn), false pos-
itives (fp), false negatives (fn) and mean overlaps.
Therefore those were:

• accuracy representing how many images were
correctly classified as having or not having os-
teophytes

• overlap function - used to see how much of
the model’s attention (Grad-CAM heatmap) is
within the region of interest defined by the
BoneFinder landmarks. This is defined as∑

i,j H(i,j) · M(i,j)∑
i,j H(i,j) , where H is the normalized

Grad-CAM, M is the binary guidance matrix
(value in the matrix above 0.5 become 1 and the
rest are 0) and i and j are coordinates. This
metric was chosen regardless of the prediction
outcome as even when the model predicts that
there is no osteophyte in the image it should look
at the specified region to reach a conclusion

• Matthews correlation coefficient (MCC) de-
fined as tp·tn−fp·fn√

(tp+fp)(tp+fn)(tn+fp)(tn+fn)
- used as

it is a metric that penalizes systematic bias (ex.
always predicting negatives) especially useful for
imbalanced classes, being considered one of the
most informative metrics

These metrics were chosen due to the nature of the
datasets (imbalanced datasets) and because most of
them are standard metrics used in medical applica-
tions [15].

3.7 Resources and tools

To help with the model training and storage of the
data, the DelftBlue High-Performance Computing
(HPC) cluster [16] has been used, mainly the ”com-
pute” partition for CPU jobs (48 CPUs and 185 GB
of RAM per node) and the ”gpu-a100-small” parti-
tion for small GPU jobs (no more than 1 GPU with a
maximum of 10 GB video RAM, and no more than 2
CPU cores). So all non-training related scripts were
run on the CPU partition (preprocessing, splitting
the data into train, test and validation) and the rest
on the GPU partition (training, metrics calculation).

The code for this project was implemented in
Python. Execution on the DelftBlue supercomputer
was facilitated using Bash scripts. The implementa-
tion is based on the PyTorch deep learning frame-
work with PyTorch Lightning used for structured
training and experiment management. Additional li-
braries include NumPy for numerical computations
and pytorch-gradcam for visualizing model attention
maps.

4 Results

4.1 Main results

To keep the comparison fair, we looked at the com-
parisons between 1ch and 1ch+guidance followed by
comparisons between 3ch and 3ch+guidance. This is
done as the pairs described have the same base archi-
tecture, the only difference being the addition of the
guidance information.

First, for classification (Figure 2), comparing 1ch
and 1ch+guidance, the latter performed slightly bet-
ter or the same as 1ch in terms of accuracy (the ex-
ception is when we had 25% data). MCC mostly
mirrored this behavior of the models, the difference
being that at 100% where 1ch achieved a slightly bet-
ter value. An interesting observation is that both
models achieved slightly higher MCC at 75% of the
training data than at 90%. Since the MCC trend
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Figure 2: Classification performance across different
training set sizes for the four models analyzed

is not strictly monotonic with respect to dataset size,
this suggests that factors such as the particular train-
validation-test split or optimization dynamics may
have influenced the results in addition to the amount
of available training data. However, the improve-
ments obtained by adding the guidance channel are
relatively small, particularly at lower data percent-
ages. This suggests that the additional guidance in-
formation alone may be insufficient to fully compen-
sate for the reduction in available training data.

Second, comparing 3ch and 3ch+guidance, some
improvements can be observed both in terms of ac-
curacy and MCC when adding the guidance (the
3ch+guidance model performs better at 25% , 75%
and 100%). Interestingly, the 3ch+guidance model
trained on 75% of the data achieved higher perfor-
mance than the 3ch model trained on both 90% and
100% of the data. This indicates that the BoneFinder
guidance provides complementary information that
can partially offset the negative impact of reduced
training data.

The guidance had a higher impact for
3ch+guidance compared to 3ch than 1ch+guidance
compared to 1ch as the curves are closer together
than the ones with multiple channels, suggesting
that the effectiveness of the guidance information
may depend on the underlying image representation.

Comparing all architectures, the 1ch+guidance
model generally achieved the strongest performance
across most data percentages. This indicates that the
addition of BoneFinder guidance can provide a mean-
ingful benefit for the classification task and may rep-
resent an effective way of incorporating anatomical
prior knowledge into the model.

For localization, overlap generally decreased at
higher data percentages (Figure 3), although the
trend is not strictly monotonic. With only 25% of the
data, the network may rely on broader image regions,
resulting in higher overlap with the predefined region
of interest, despite lower classification performance.
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Figure 3: Localization performance measured using
mean overlap for the four models analyzed

As more training data become available, the learned
representations appear to become more focused on
discriminative features, which may reduce agreement
with the predefined regions. This suggests that local-
ization overlap and classification performance do not
necessarily improve together.

On one hand, when we compare the respective
architecture pairs we observe that 1ch+guidance
achieved greater overlap than 1ch for most of the
percentages, suggesting that the addition of guidance
information improves the spatial alignment between
the model attention and the regions of interest for
most data percentages (except 90%). On the other
hand, the effect of the guidance became less consis-
tent in the 3ch–3ch+guidance setting (3ch slightly
outperformed 3ch+guidance in terms of overlap for
several data percentages, although the difference was
not consistent), suggesting that the interaction be-
tween three-image inputs and guidance information
may be more complex than in the one-image case.

Finally, in some cases, lower MCC values coincide
with higher overlap scores (and vice versa), suggest-
ing a potential trade-off between classification perfor-
mance and localization performance. However, this
relationship is not consistent across all models and
data percentages, and should therefore be interpreted
with caution.

Full tables with the results including standard de-
viations are available in Appendix C.

4.2 Initializations

As an additional experiment we have tested how the
initialization for the 3ch model changes if we choose
the weights for the 3 channels not to be the standard
pretrained weights, but a mean of those (3ch mean).
The initial mathematical model becomes:

y = 3∗
(
wR + wG + wB

3

)
∗x = x(wR+wG+wB) (5)
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Figure 4: Classification performance (Accuracy and
MCC, top) and localization performance (Mean
Overlap, bottom) across varying training set sizes for
the 3ch and 3ch mean models.

The differences between the 3ch and 3ch mean
models are more pronounced in the localization task
than in classification performance (Figure 4). In par-
ticular, the 3ch model consistently achieved higher
mean overlap across most data percentages, suggest-
ing that pretrained RGB weights may provide a more
effective initialization for learning spatially meaning-
ful features aligned with the region of interest.

In terms of accuracy and MCC, the differences be-
tween both models were less consistent, with neither
variant showing a clear advantage across all train-
ing set sizes. Notably, the 3ch mean model remained
competitive and even slightly exceeded the standard
3ch model in some higher-data settings.

Overall, these results indicate that while pretrained
RGB initialization may provide benefits for learning
spatial localization patterns, its impact on classifica-
tion performance is less pronounced. However there
is no clear evidence that the 3ch mean model outper-
forms the 3ch model.

The full measurements with standard deviations
for the 3ch mean model can be found in Appendix D

4.3 Missing guidance

Our evaluation setup relies on the continuous avail-
ability of BoneFinder guidance, so anatomical prior
information is incorporated into all test set images.
We also looked at what happens when we remove this
guidance. Such a comparison for the 1ch+guidance

model and 3ch+guidance model compared to their no
image variants (2ch nobf and 4ch nobf) can be seen
in Figure 5.
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Figure 5: Classification performance (Accuracy and
MCC, top) and localization performance (Mean
Overlap, bottom) across varying training set sizes
for the 1ch+guidance, 2ch nobf, 3ch+guidance and
4ch nobf models.

We see that both the models having the image re-
moved at test time acquired a lower value for accu-
racy and MCC at every percentage of data. This sug-
gests that the models learn to rely on the guidance
channel during training and are negatively affected
when this information is no longer available at test
time. In contrast, the overlap metric was consider-
ably less affected by the removal of the guidance in-
formation. For the 2ch nobf model, overlap remained
comparable to, and in some cases exceed that of the
original 1ch+guidance model. A similar trend was
observed for the 4ch nobf model at higher data per-
centages. These findings indicate that the absence
of guidance primarily impacts classification perfor-
mance, while its effect on localization behavior is less
pronounced.

5 Responsible research

5.1 Ethical Considerations

The CHECK and OAI datasets contain medical imag-
ing data derived from human subjects and therefore
require careful handling to protect patient privacy
and confidentiality. Although the datasets were made
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available for research purposes, they contain sensi-
tive health-related information. To minimize privacy
risks, all data used in this study were anonymized
prior to access. Furthermore, the data were stored
and processed exclusively on the DelftBlue comput-
ing cluster, which provides controlled access to autho-
rized researchers. The datasets were not distributed
to unauthorized third parties, and no attempts were
made to identify individual participants from either
the original radiographs or the processed data. These
measures were taken to ensure that the research com-
plied with the ethical requirements associated with
handling medical imaging data.

A second ethical consideration concerns the poten-
tial use of the developed models in clinical practice.
While the proposed approach investigates whether
anatomical priors can improve the localization of clin-
ically relevant regions and support osteophyte detec-
tion, the obtained results do not demonstrate suf-
ficient reliability for autonomous clinical decision-
making. Osteophyte detection remains a challeng-
ing task, particularly for subtle early-stage cases,
and prediction errors may occur. Consequently, the
model should be viewed as a research tool that may
provide supporting information to clinicians rather
than as a replacement for expert medical judgment.
Further validation, robustness testing, and clinical
evaluation would be required before such a system
could be considered for deployment in a real-world
healthcare setting.

5.2 Reproducibility of the method

All the experiments were performed using the same
seeds everywhere (123, 42 and 2026) to make results
reproducible. Therefore splitting and sub-sampling
the training set could be done the same every time to
use the same data. The hyperparameters for training
were also fixed and only the model architecture and
amount of training data has been changed. One limi-
tation could come from the fact that the research has
been done using only three fixed seeds due to the huge
amount of time taken for training the different mod-
els. Also, only a limited amount of hyperparameter
variation has been analyzed due to these computa-
tional constraints.

To make this research reproducible, all steps have
been documented (including preprocessing and the
parameters used) and can be followed to obtain the
same results.

To aid in reproducibility and validation of the re-
search, the model was configured to save predictions,
checkpoints, per batch and per epoch loss and ac-
curacy metrics, and metrics for all of the analyzed

models and percentages of data.
Some minor nondeterminism could be introduced

by the GPU operations, making results vary slightly
and different versions of the used frameworks and li-
braries might lead to changes in performance.

5.3 Dataset biases

The provided datasets pose an unbalanced split of
patients having and not having osteophytes, guiding
the model towards predicting the negative class more
often than the positive one. That is one reason why
MCC was analyzed alongside accuracy.

The experiments do not explicitly account for de-
mographic or clinical factors such as age, sex, eth-
nicity, body mass index, disease history, or other pa-
rameters that might be relevant in the appearance of
osteophytes. Therefore the results should be taken
with care as the X-rays can come from people with
similar backgrounds and not be representative for the
entire population of the globe. Since the data comes
from specific cohorts, the performance might also not
generalize to scanners that differ substantially from
those used in this research.

The data used was labeled by experts so it is sub-
ject to human error and interpretability. Different
experts might have slightly different grading criteria
which can therefore introduce some bias. Moreover,
less severe cases might get mislabeled more often in-
troducing uncertainty into the ground truth labels.

5.4 Use of Generative AI

This work has been aided in some of the parts by
Generative AI models. The artificial intelligence was
used to clarify some topics that were not well under-
stood from the found papers, for connecting topics,
for checking grammar mistakes or rephrasing ambigu-
ous phrases, for helping with LaTeX formatting and
as an aid for the coding process. All of the AI contri-
bution has been reviewed and verified and it has not
been used to make scientific decisions.

6 Discussion and Conclusion

This paper investigated whether anatomical priors
obtained from BoneFinder can improve weakly su-
pervised osteophyte classification and localization un-
der image-level supervision. The results show that
incorporating guidance information generally im-
proves classification performance, with guided mod-
els achieving higher accuracy and MCC than their
counterparts with the same underlying architecture.
However, these improvements are relatively modest
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and do not fully compensate for reductions in train-
ing data, indicating that anatomical priors should be
viewed as complementary information rather than a
replacement for additional annotated samples.

The impact of guidance on localization was less
consistent. While some guided models achieved
higher overlap with the predefined regions of interest
(e.g. 1ch+guidance), the improvements were more
variable than those observed for classification per-
formance. Furthermore, experiments comparing dif-
ferent initialization strategies suggest that preserving
pretrained RGB weights is more beneficial for local-
ization than collapsing the pretrained filters into a
single averaged representation.

An additional analysis showed that removing the
BoneFinder guidance during testing leads to a notice-
able decrease in classification performance while hav-
ing a considerably smaller effect on localization over-
lap. This suggests that the guidance helps the model
identify finer details, rather than changing which part
of the body it looks at.

Overall, the results indicate that anatomical priors
can provide a meaningful benefit for weakly super-
vised osteophyte analysis, particularly for classifica-
tion, but cannot consistently substitute for missing
data. The effectiveness of these priors depends on
both the underlying architecture and the availabil-
ity of guidance information during inference, high-
lighting important considerations for practical de-
ployment.

One important limitation of the experiments could
come from the fact that BoneFinder does not repre-
sent the ground truth, and on some images this could
give wrong results, therefore damaging the learning
of the model. BoneFinder also does not give osteo-
phyte annotations. That’s why it is used to define
the plausible regions where osteophytes could occur.
These regions again do not represent ground truth, so
there could be a better delimitation done by an expert
in the medical field by defining different boundaries
or how the guidance matrix degrades further from
these regions of interest. Guidance matrices depend
on how BoneFinder defines the points, and the sam-
pling for the points of this region might differ slightly
between patients leading to defining less accurate re-
gions. Feeding these regions to the model could also
be a source of bias as osteophytes might be correlated
with features outside of the zone of interest that are
omitted in the current structure of the guidance ma-
trices.

The overlap metrics are calculated using proxy re-
gions as well (no ground truth defined by clinicians),
therefore this value should be interpreted as an in-
dicator of anatomical plausibility rather than precise

localization accuracy.
There could be an anatomical localization bias as

some regions might be more prone to osteophytes,
therefore the model could learn to identify those re-
gions and not the actual osteophytes. This could also
happen due to the fact that the data also poses an im-
balance in the grade of the osteophytes (more having
an OARSI grade 1 than 3). One more reason for this
could be the image itself that captures some regions
better than the others.

To further improve this research, different experi-
ments with varying hyperparameters should be done
(e.g. different learning rate, different weight for the
matrix guidance, different values for sampling the
points for the guidance matrix, different rates of de-
cay for the guidance matrix) to reach a more com-
prehensive result. The presented experiments should
be repeated for multiple seeds (more than 3) so a
better average could be made. Since this approach
analyzed only the OAI and the CHECK datasets, in-
cluding data from other sources might be useful to
demonstrate that the network does not learn to gen-
eralize only on the analyzed group of people.

Another change could include exploring more op-
tions of modifying the ResNet architecture. Study-
ing the influence of multiple channels with different
weights could lead to more surprising results and pos-
sibly to a better understanding if this incorporation
of the guidance actually helps with weakly supervised
learning. Also a dual architecture with two CNN
models, one processing the image and one process-
ing the guidance information and with their outputs
combined might provide a more efficient solution.

More work should be done to address the existence
of BoneFinder guidance. Since this tool might not
always be available, measures should be taken to be
able to use this method. One thing could be training
the model with a lower percentage of BoneFinder in-
formation (so not all the images have guidance), so
that when the new images without BoneFinder come,
the network would be ready to classify those with a
great probability of success.
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[12] René Seiger and Peter Fierlinger. “Predict-
ing Conversion from Mild Cognitive Impair-
ment to Alzheimer’s Disease Using a Vision
Transformer and Hippocampal MRI Slices”.
In: Bioengineering 13.2 (Jan. 29, 2026),
p. 163. issn: 2306-5354. doi: 10 . 3390 /

bioengineering13020163. url: https : / /

pmc . ncbi . nlm . nih . gov / articles /

PMC12938448/.

[13] J. W. J. Bijlsma and J. Wesseling. CHECK
(Cohort Hip & Cohort Knee) data of baseline
and 6 to 8 years follow-up. June 5, 2025. doi:
10.17026/DANS- ZC8- G4CW. url: https://
lifesciences.datastations.nl/dataset.

xhtml?persistentId=doi:10.17026/DANS-

ZC8-G4CW.

[14] G. Taubin. “Estimation of planar curves, sur-
faces, and nonplanar space curves defined by
implicit equations with applications to edge and
range image segmentation”. In: IEEE Transac-
tions on Pattern Analysis and Machine Intelli-
gence 13.11 (Nov. 1991), pp. 1115–1138. issn:
1939-3539. doi: 10 . 1109 / 34 . 103273. url:
https://ieeexplore.ieee.org/document/

103273.

[15] Steven A. Hicks et al. “On evaluation met-
rics for medical applications of artificial in-
telligence”. In: Scientific Reports 12 (Apr. 8,
2022), p. 5979. issn: 2045-2322. doi: 10.1038/
s41598- 022- 09954- 8. url: https://pmc.
ncbi.nlm.nih.gov/articles/PMC8993826/.

[16] DelftBluePhase2. TU Delft. url: https :

/ / www . tudelft . nl / dhpc / ark /

delftbluephase2.

10

https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(16)31678-6/fulltext
https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(16)31678-6/fulltext
https://doi.org/10.1093/eurpub/ckaf087
https://doi.org/10.1093/eurpub/ckaf087
https://doi.org/10.1016/j.joca.2006.11.009
https://doi.org/10.1016/j.joca.2006.11.009
https://www.oarsijournal.com/article/S1063-4584(06)00328-1/fulltext
https://www.oarsijournal.com/article/S1063-4584(06)00328-1/fulltext
https://doi.org/10.1148/radiol.232085
https://doi.org/10.1148/radiol.232085
https://pubs.rsna.org/doi/10.1148/radiol.232085
https://pubs.rsna.org/doi/10.1148/radiol.232085
https://doi.org/10.1002/jor.25800
https://doi.org/10.1080/07853890.2025.2584361
https://doi.org/10.1080/07853890.2025.2584361
https://pmc.ncbi.nlm.nih.gov/articles/PMC12604132/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12604132/
https://doi.org/10.1371/journal.pone.0178992
https://doi.org/10.1371/journal.pone.0178992
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0178992
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0178992
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0178992
https://doi.org/10.1109/TMI.2013.2258030
https://doi.org/10.1109/TMI.2013.2258030
https://ieeexplore.ieee.org/document/6497663
https://ieeexplore.ieee.org/document/6497663
https://doi.org/10.1109/LGRS.2026.3680631
https://doi.org/10.1109/LGRS.2026.3680631
https://ieeexplore.ieee.org/document/11474619
https://ieeexplore.ieee.org/document/11474619
https://doi.org/10.48550/arXiv.1512.03385
https://doi.org/10.48550/arXiv.1512.03385
https://arxiv.org/abs/1512.03385 [cs.CV]
https://arxiv.org/abs/1512.03385 [cs.CV]
http://arxiv.org/abs/1512.03385
http://arxiv.org/abs/1512.03385
https://doi.org/10.3389/fbioe.2023.1164655
https://doi.org/10.3389/fbioe.2023.1164655
https://pmc.ncbi.nlm.nih.gov/articles/PMC10136763/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10136763/
https://doi.org/10.3390/bioengineering13020163
https://doi.org/10.3390/bioengineering13020163
https://pmc.ncbi.nlm.nih.gov/articles/PMC12938448/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12938448/
https://pmc.ncbi.nlm.nih.gov/articles/PMC12938448/
https://doi.org/10.17026/DANS-ZC8-G4CW
https://lifesciences.datastations.nl/dataset.xhtml?persistentId=doi:10.17026/DANS-ZC8-G4CW
https://lifesciences.datastations.nl/dataset.xhtml?persistentId=doi:10.17026/DANS-ZC8-G4CW
https://lifesciences.datastations.nl/dataset.xhtml?persistentId=doi:10.17026/DANS-ZC8-G4CW
https://lifesciences.datastations.nl/dataset.xhtml?persistentId=doi:10.17026/DANS-ZC8-G4CW
https://doi.org/10.1109/34.103273
https://ieeexplore.ieee.org/document/103273
https://ieeexplore.ieee.org/document/103273
https://doi.org/10.1038/s41598-022-09954-8
https://doi.org/10.1038/s41598-022-09954-8
https://pmc.ncbi.nlm.nih.gov/articles/PMC8993826/
https://pmc.ncbi.nlm.nih.gov/articles/PMC8993826/
https://www.tudelft.nl/dhpc/ark/delftbluephase2
https://www.tudelft.nl/dhpc/ark/delftbluephase2
https://www.tudelft.nl/dhpc/ark/delftbluephase2


A Pipelines

(a) The pipeline for the 1-channel modified model

(b) The pipeline for the 4-channel original model

Figure 6: Pipelines for the 1-channel and 4-channel
models
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B Preprocessing pipeline

Figure 7: The preprocessing pipeline going from the
full image to the region crops. (Fig 1) and (Fig 2)
can be seen below.

Figure 8: (Fig 1) in the diagram above representing
point annotations derived from BoneFinder.

Figure 9: (Fig 2) in the diagram above representing
the circles defined by the femur and acetabular roof.

Figure 10: The definition of the guidance information
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C Full results

Table 1: Performance metrics with standard devia-
tions across different training set sizes for the 1ch
model.

Data (%) Accuracy MCC Mean Overlap

100 0.795± 0.009 0.564± 0.017 0.221± 0.022
90 0.782± 0.003 0.533± 0.007 0.258± 0.018
75 0.779± 0.022 0.539± 0.025 0.185± 0.049
50 0.774± 0.009 0.512± 0.021 0.209± 0.033
25 0.747± 0.009 0.462± 0.006 0.269± 0.028

Table 2: Performance metrics with standard de-
viations across different training set sizes for the
1ch+guidance model.

Data (%) Accuracy MCC Mean Overlap

100 0.795± 0.011 0.559± 0.024 0.265± 0.022
90 0.784± 0.011 0.536± 0.024 0.207± 0.002
75 0.789± 0.009 0.547± 0.021 0.255± 0.042
50 0.777± 0.007 0.519± 0.014 0.242± 0.030
25 0.745± 0.004 0.456± 0.003 0.289± 0.091

Table 3: Performance metrics with standard devia-
tions across different training set sizes for the 3ch
model.

Data (%) Accuracy MCC Mean Overlap

100 0.774± 0.004 0.519± 0.014 0.244± 0.045
90 0.780± 0.005 0.532± 0.017 0.234± 0.035
75 0.770± 0.017 0.510± 0.028 0.275± 0.030
50 0.777± 0.003 0.524± 0.008 0.258± 0.017
25 0.750± 0.005 0.465± 0.008 0.276± 0.071

Table 4: Performance metrics with standard de-
viations across different training set sizes for the
3ch+guidance model.

Data (%) Accuracy MCC Mean Overlap

100 0.791± 0.008 0.550± 0.018 0.215± 0.033
90 0.779± 0.007 0.530± 0.016 0.250± 0.023
75 0.784± 0.005 0.534± 0.011 0.256± 0.037
50 0.774± 0.003 0.514± 0.011 0.254± 0.054
25 0.752± 0.006 0.467± 0.010 0.295± 0.051
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D Full results discussion mod-
els

Table 5: Performance metrics with standard devia-
tions across different training set sizes for the
3ch mean model.

Data (%) Accuracy MCC Mean Overlap

100 0.780± 0.018 0.529± 0.036 0.239± 0.032
90 0.777± 0.003 0.528± 0.008 0.234± 0.043
75 0.780± 0.007 0.524± 0.014 0.242± 0.066
50 0.762± 0.006 0.483± 0.015 0.231± 0.029
25 0.742± 0.026 0.457± 0.039 0.201± 0.052

Table 6: Performance metrics with standard devia-
tions across different training set sizes for the
2ch nobf model.

Data (%) Accuracy MCC Mean Overlap

100 0.652± 0.085 0.393± 0.084 0.292± 0.074
90 0.774± 0.012 0.511± 0.027 0.212± 0.015
75 0.757± 0.020 0.490± 0.035 0.256± 0.021
50 0.750± 0.013 0.465± 0.029 0.268± 0.022
25 0.708± 0.038 0.409± 0.045 0.288± 0.076

Table 7: Performance metrics with standard devia-
tions across different training set sizes for the
4ch nobf model.

Data (%) Accuracy MCC Mean Overlap

100 0.765± 0.027 0.497± 0.055 0.259± 0.060
90 0.672± 0.126 0.398± 0.126 0.262± 0.038
75 0.780± 0.003 0.528± 0.008 0.244± 0.045
50 0.619± 0.145 0.320± 0.149 0.219± 0.037
25 0.601± 0.155 0.283± 0.195 0.196± 0.117
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