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Abstract. Knee osteoarthritis (KOA), a common form of arthritis that
causes physical disability, has become increasingly prevalent in society.
Employing computer-aided techniques to automatically assess the sever-
ity and progression of KOA can greatly benefit KOA treatment and
disease management. Particularly, the advancement of X-ray technol-
ogy in KOA demonstrates its potential for this purpose. Yet, existing
X-ray prognosis research generally yields a singular progression severity
grade, overlooking the potential visual changes for understanding and
explaining the progression outcome. Therefore, in this study, a novel
generative model is proposed, namely Identity-Consistent Radiographic
Diffusion Network (IC-RDN), for multifaceted KOA prognosis encom-
passing a predicted future knee X-ray scan conditioned on the baseline
scan. Specifically, an identity prior module for the diffusion and a down-
stream generation-guided progression prediction module are introduced.
Compared to conventional image-to-image generative models, identity
priors regularize and guide the diffusion to focus more on the clinical
nuances of the prognosis based on a contrastive learning strategy. The
progression prediction module utilizes both forecasted and baseline knee
scans, and a more comprehensive formulation of KOA severity progres-
sion grading is expected. Extensive experiments on a widely used public
dataset, OAI, demonstrate the effectiveness of the proposed method.

Keywords: Knee Osteoarthritis - Medical Imaging - Medical Assess-
ment Generation

1 Introduction

Knee osteoarthritis (KOA) is a common form of arthritis, mainly affecting knee
joints with the symptoms of knee joint swelling, tenderness, and bone spurs.
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Fig. 1: Pipeline for KOA severity progression grading, encompassing a) predicted fu-
ture knee joint X-ray scan, and b) predicted KOA progression severity grade.

As the major factor of physical disability, KOA has recently shown an increas-
ing prevalence in society, especially among the elders [|9]. Currently, there are
rare treatments for curing KOA without physical surgery (total knee replace-
ment) [13|. Therefore, to relieve the pain and control the progression of KOA,
the diagnosis and prognosis of the disease are significant, using different clin-
ical assessment methods, such as medical imaging scans and patients’ clinic
questionnaires. In specific, the imaging scans are utilized to detect the struc-
tural changes within the knee joint areas, which indicates the characteristics of
KOA. Typically, the severity of KOA is measured by the Kellgren and Lawrence
(KL) grading scale system, which encompasses five different levels, from grade
0 (healthy cases) to grade 4 (highly severe cases) [24].

Compared to the extensive time and human resources required for specialists
to detect changes, employing computer-aided techniques to automatically assess
the severity and progression of KOA can significantly reduce time costs. This aids
in the prompt diagnosis and prognosis of KOA at early stages [520]. Methods
for grading the severity and progression of KOA have evolved from traditional
machine learning approaches [34}35] to advanced deep learning techniques [7139].
These modern approaches utilize various forms of input, including single images,
multiple images, and images combined with demographic information (such as
age, gender, BMI, and the WOMAC questionnaire) [27],|38L|42,45|. Particularly,
the advancement of X-ray technology and its application in KOA significantly
improves the capability to detect and monitor the progression |12}[18//20]. Mean-
while, utilising the generative AI methods in the KOA analysis field focuses on
augmenting the knee radiological dataset to improve the grading process [31].
Yet, existing X-ray prognosis research generally yields a singular progression
severity grade using the baseline X-ray scan |1,[12L[18], overlooking the potential
visual changes for understanding and explaining the progression outcome. How-
ever, the visually predicted outcome is also crucial in clinical practice to explain
the disease trajectory.

In addition to enhancing these methods, we hope the longitude visual content
will also aid clinicians in their decision-making by providing further explainabil-
ity and as domain knowledge to guide the algorithms. For the methodology part,



IC-RDN for Grading Knee Osteoarthritis Progression 3

previous findings revealed that GANSs yield poor bone structures and inconsis-
tency in patients’ identity information, which motivated us to devise a diffusion-
based method with identity information. Identity patterns are crucial with a
principle widely utilized in the forensic field. We anticipate that incorporating
such information improves the consistency between baselines and synthesized
longitude images.

Therefore, in this study, a novel deep generative model, namely Identity-
Consistent Radiographic Diffusion Network (IC-RDN), is proposed for multi-
faceted KOA prognosis. IC-RDN creates a predicted future knee X-ray scan
conditioned on the baseline scan and a future KOA severity grade as illustrated
in Fig. [I] Specifically, an identity prior module for guiding the diffusion and
a downstream generation-guided progression prediction module are introduced.
Compared to a conventional image-to-image generative model, identity priors
regularize and guide the diffusion to focus more on the clinical nuances related
to the prognosis based on a contrastive learning strategy. Using both forecasted
and baseline knee scans, we anticipate a more comprehensive and enhanced
formulation of KOA severity progression measured in grades with the progres-
sion prediction module. Extensive experiments on a widely used public dataset,
OAT [25|, demonstrate the effectiveness of the proposed method.

The key contributions of this study can be summarised in three-fold:

— A novel deep generative model - IC-RDN is proposed for multifaceted KOA
prognosis prediction for the first time, encompassing radiographic visual pre-
dictions and grading forecasting.

— An identity prior module for persisting patient’s identity information on bone
X-ray images is proposed to guide the diffusion process focusing on clinical
nuances.

— Comprehensive experiments with the public OAI dataset demonstrate the
effectiveness of the proposed method.

2 Related Works

2.1 Computer-Aid KOA Severity Grading

Existing studies in grading the severity of KOA can be categorised into KOA
detection and KOA multi-class grading [27,44]. The KOA detection focuses on
categorising several or combined severity grades from the whole grading system
to achieve a coarse-grained classification. For instance, a graph neural network
has been designed to utilize the shape boundary information of knee bones for
KOA detection [42]. In addition to shape, texture features have been indepen-
dently utilized for KOA detection to examine the internal pixel relationship [32].
To leverage both textural and shape information, the features extracted from the
shallow and deeper layers of a DenseNet model are combined, where the shal-
low layers contain more shape patterns and the deeper layers focus on textural
information [27].
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Multiclass grading, on the other hand, concentrates more on exploring each
grading severity level in the system. As the KL grades can be considered a con-
tinuous measurement, with convolution neural networks, both regression and
classification strategies are studied [2,|3]. Likewise, an ordinal loss function is
proposed to formulate the continuous nature of KL grades |7]. In parallel, the
attention mechanisms identify the significant areas related to KOA multiclass
grading [11,/45]. In [22], attention mechanisms are studied to combine and fuse
multi-scale features from a network. Furthermore, to take advantage of the sym-
metrical structure of knee joints, a Siamese Network is employed to investigate
the relationship between both knee joints. This approach facilitates the analysis
of intricate KOA patterns in both fully supervised and semi-supervised manners,
addressing the challenge posed by the scarcity of annotated datasets [28,|40].
Likewise, a self-supervised method has been introduced. This method leverages
both X-ray and MRI images to expand the pool of positive pairs in contrastive
learning settings, offering a robust solution to dataset limitations [44].

2.2 Computer-Aid KOA Longitude Progression Grading

Apart from KOA severity grading, predicting the progression of the disease is
also significant for medical treatment. Existing works mainly focus on different
aspects in predicting the progression of KOA: 1) Knee joint pain status; 2) KOA
risk factor prediction; 3) Joint space narrowing (JSN) and cartilage structural
change prediction; 4) KL grade prediction; and 5) total knee replacement surgery
(TKR) prediction.

Early studies on grading the progression of KOA mainly rely on conventional
machine learning algorithms. In specific, the feature selection is leveraged in fil-
tering the significant features contributing to the progression grades [29]. Par-
allelly, the comparison among different machine learning classifiers is conducted
to select the algorithm with better progression grading performance [43]. [§]
utilises the XGBoost model to predict the knee joint width as a KOA progres-
sion factor. To take advantage of various classification algorithms, the ensem-
ble strategy is deployed among RandomForest, logistic regression, and support
vector machine [23]. These machine learning-based methods show some encour-
aging results in feature engineering, where the extracted features are combined
and utilized with methods such as multilayer perceptrons (MLPs) to predict the
cartilage volume from MRI scans [15].

With the powered deep learning methods explored in both general and med-
ical fields, end-to-end approaches have shown promising results in KOA progres-
sion grading. An MLP is deployed as a classifier to predict progression grades [6].
Neural Networks, otherwise, are utilised to predict pain status via extracting in-
formation from radiographics and demographics [12,/30]. Likewise, CNN-based
methods are also leveraged in analysing various KOA risk factors [6] and predict-
ing the JSN progression [11|16]. To explore the KOA evolutionary trajectory, an
Adversarial Evolving Neural Network is proposed to involve the estimated KOA
patterns at different grades as auxiliary information [20]. Although predicting
the direct KOA symptoms shows a clearer progression measurement, grading the
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progression KL grades and predicting TKR are also able to illustrate the progres-
sion in the clinical assessment domain. A binary classification model is designed
based on whether the patient needs to take TKR as a future event .

Despite using medical imaging only, the information from multiple modal-
ities, including imaging scans, clinical questionnaires, and demographics, are
leveraged in a multimodal method to analyse the KOA progression comprehen-
sively . However, these studies only produce a direct outcome for progression
grading ignoring the visual information from the given medical imaging tech-
niques. Therefore, including visual information as an additional modality for
analysing comprehensive multifaceted progression patterns is attractive to be
explored.
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Fig. 2: Illustration of the proposed IC-RDN method. (a) An identity prior module
formulates identity representation, which guides the diffusion process for the genera-
tion. (b) An I2I image generative network to forecast a future 12-month X-ray scan.
(¢) A downstream KOA progression prediction network, taking the baseline and the
predicted 12-month X-ray scans as inputs.

3 Methodology

As shown in Fig. [2 the proposed IC-RDN consists of three modules: 1) an iden-
tity prior module extracts patient’s identity representations; 2) a diffusion-based
generative module produces the future X-ray images based on the current-stage
X-ray scans and the associated identity representations; and 3) a down-stream
generation-guided progression prediction module that predicts the progression
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severity using both current and generated future X-ray images to provide com-
prehensive multifaceted progression patterns.

3.1 KOA Progression Radiographic Generation

This study incorporates X-ray medical imaging scans to predict the progression
of KOA. The objective is to forecast the severity of KOA progression from two
perspectives, encompassing severity grading score and visual information (i.e.,
a generated knee X-ray scan in the future - 12-month in this study). Initially,
radiographic images for joints are captured during the baseline (first) X-ray
scan, referred to as the baseline visit or 0-month visit. Patients are then asked
to undergo a follow-up X-ray scan after 12 months for longitudinal tracking.
Specifically, the i*" longitude X-ray joint pairs from the dataset is denoted as
Iiisit € {I%)asclinc’IilZ—month}7 where Iiisit € RCXWXH and C’ W and H are the
number of channels, the width and the height of the X-ray joint images. For
notation simplicity, I, i, and If, . can be shortened as I, and I¢,, .
And the generated 12-month X-ray image for the i** joint pair is denoted as
A§2 months O I’ ,... The corresponding severity grade for the 12-month visit is

indicated by y%; and the grades produced by the prediction model are shown
by Jicr-

3.2 Diffusion-based Visual Prognosis

The diffusion-based generative module in the IC-RDN is designed to produce 12-
month X-ray images from baseline visit images for understanding and explaining
the potential visual changes in terms of KOA patterns. This incorporates a T-
step Denoising Diffusion Probabilistic Model (DDPM) [19] under an image-to-
image transition manner. The DDPM consists of two primary processes: the
forward (or diffusion) process and the reverse process. Typically, in the forward
process, the original data xg ~ qgata(zo) is transformed towards an isotropic
Gaussian distribution. However, within our image-to-image diffusion model, the
aim is to map the data x¢ ~ ggata(z0) to 7, where, in our context, xo represents
a 12-month visit X-ray image I¢,, , and zr corresponds to the baseline visit
X-ray images I%,,.. This transformation is modelled as a fixed Markov Chain of
length T'. Subsequently, the reverse process mirrors the forward process, aiming
to predict xg from xr ~ qaata(TT).

However, executing both processes directly in pixel space is highly resource-
intensive, necessitating substantial memory and computational power. To miti-
gate this, a VQ-GAN-based encoder (see Fig.[2| (b.1.)) encodes zg into a latent
space 2o, wherein both the forward and reverse processes (see Fig. 2| (b.3.)) are
performed to generate zr. A VQ-GAN-based decoder (depicted in Fig. [2[ (b.2.))
then decodes zr back from the latent space to the pixel space (z1). The objective
of this stable diffusion-based approach [33] is formulated as follows:

Low = ey ennion e [l = 20z, t)I3] (1)
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where g¢(2¢,t) denotes a denoising autoencoders (time-conditional UNet) and 6
contains the corresponding weights, where t = 1...7T".

3.3 Knee Joint Identity Prior and Injection

To persist a subject’s identity information in generating the corresponding 12-
month X-ray scan, an identity prior module is devised to extract the identity-
sensitive patterns. Specifically, we denote the identity representation for the
ith subject joint as Fi, € R? where d indicates the dimension of the identity
representation. A CNN-based network f(-) is designed to obtain the identity
representation. Mathematically, we have:

’IiD = f(If/OOm)' (2)

The identity information guides and regularizes the diffusion process to not only
focus on the target visual domain distribution but also maintain necessary in-
formation from the subjects.

For the supervision of f to formulate identity information, it is proposed to
conduct training in a contrastive learning manner. A triplet loss is introduced
for this purpose as follows:

ETriplet = Z |:Hf VOOm - f( v12m H2 ||f vOOm - f(IVOOm ||z + OL:| " ) (3)

where a triplet is formulated as (I o, I 19ms I¥oom): Tooom indicates the anchor
of current subJect s joint; I¢;, refers to a positive sample from the same sub-
ject’s joint; I, is a negative sample with i # k; and « is a margin enforcing
between positive and negative pairs. Note that the number of triplets M used
in the training process is defined in the experiment implementations.

The identity information acts as a guide and regulator for the diffusion pro-
cess, ensuring that it not only aligns with the target visual domain distribution
but also preserves essential information pertaining to the subjects. To inject the
identity into the diffusion process, a cross-attention mechanism is applied be-
tween the features from the UNet layers in €y and Fip. For the ¢t diffusion step
and j' layer, the attention can be formulated as follows:

A ; = Softmax( QET
(4)

where M°® represents a projection matrix containing trainable weights with a
projection dimension d, and ¢;(z;) indicates the (flattened) intermediate repre-
sentation of the UNet with j** layer. The UNet can be formulated by:

bjr1(zt) = ¢j(2) + Ay, (5)

To this end, the IC-RDN can be learnt via the following scheme:

)V7 Q = d)](zt)M;g) K= FiDM]I(? and V = F}DM;/7

ELDM Identity ‘= Ea(z) e~N(0,1), |:H€ - 69(21‘7 t7 f( vOOm || ] (6)
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3.4 Generation-Guided KOA Progression Prediction

In addition to generating 12-month X-ray image if,lgm for prognosis, a singular
progression severity grade is predicted as well based on the baseline visit X-ray
image I}, and the generated 12-month visit X-ray image I%,,,,. Specifically, a
two-stream CNN backbone with two branches hyoom(-) and hyiom(+) is applied

for the two images to produce the associated representations:

7\;700m = thOm (IiOOm)a f/lQIl’l = thQIH(IdeIn)' (7)

The two representations are then concatenated, denoted by ||, and used in a
multi-layer perceptron (MLP) classifier ¢(-) to produce the predicted progression
severity grade (§% ), which can be formulated as:

Q%L = g(PiOOmHPilQm) (8>

A cross-entropy loss is leveraged in the training process to guide the predic-
tion training process, which can be formulated as:

N
Lop =~ yikrlog i (9)
=1

where N indicates the total number of joints in the dataset.

4 Experimental Results and Discussion

4.1 Dataset and Pre-Processing

The longitudinal X-ray images used in this study were sourced from the Os-
teoarthritis Initiative (OAI) 25|, which is a multi-centre and longitude study
containing chronological medical imaging scans and clinical assessment records
for the subjects up to 96 months. This public dataset enables researchers to
explore the natural progression of osteoarthritis, identify risk factors, and evalu-
ate biomarkers for grading the KOA severity and progression. In this study, the
patients with both baseline and 12-month visits and available 12-month severity
KL grades are selected. Due to some participants opting out of the follow-up
study and missing recording of clinical severity grading outcome, not all have
recordings for the 12-month visit image and severity KL grades. Consequently,
7,923 joints have both the KL grade available and radiographic recordings from
both the baseline and 12-month visits. As the demographic information shown
in Table [I} the amount of joints with changed severity grades among 12 months
is much smaller than that of without changes, where only 6.15% joints show a
changed severity grade. However, across these joints without the severity grade
changes, the visual structural details do not remain the same, which also shows
the importance of the proposed multifaceted progression predicting method. The
dataset was randomly divided among subjects with a distribution of 70%, 10%,
and 20% for training, validation, and testing, respectively.
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Table 1: Statistics of patients, joints and KL grades in OAI longitudinal visits

Longitudinal Visits Patients Available Joints Joints with KL Grades
Baseline Visit 4,551 9,102 8,953
12-Month Visit 4,786 9,418 8,251

Longitudinal KL Changed 487 (6.15%)
Longitudinal KL Unchanged 7,436 (93.85%)
Both Visits 7,923

As the raw data from the OAI contains bilateral knee joints and includes
almost all knee bones around the joint area, knee joint localisation methods are
leveraged to extract the knee joint area individually [26]. After detecting the knee
joint edge, a 224 x224 region surrounding the middle of the joint was extracted
from the raw data for modelling. The remaining transformation approaches for
the joint images are followed [7], including adjusting the brightness, contrast and
saturation of the images.

4.2 Implementation Details

A pretrained ResNet 18 on ImageNet [10] is adopted as the backbone classifica-
tion model for identity detection, which extracts the identity features from the
baseline X-ray scans. Within Identity Prior’s contrastive learning framework, we
have designated the number of triplets M as 7,000 for training and 1,000 for test-
ing. The Identity Prior training phase is fine-tuned using the Adam optimizer
with a learning rate of 0.01, and the batch size for this phase is established at
128. For the training process of the diffusion-based generative module, we set
the number of steps to 1,000,000 across 400 epochs. The Adam optimizer is em-
ployed here as well, with a learning rate set at 1 x 10~4. The batch sizes for
training and testing are 64 and 8, respectively.

For the backbone models in the generation-guided KOA progression pre-
diction module, various CNN methods are adopted, such as VGG 16, VGG
19, ResNet 18, ResNet 50, and DenseNet 121, for a comprehensive compari-
son [17,21}37]. Specifically, the backbone prediction models for both branches,
corresponding to I,pon, and iv12m, share the same architecture. In addition, the
output features dimension from these backbone models is set to 128. Then the
MLP classifier g(-) takes the input dimension of 256, which contains two linear
layers, an activation layer, and a dropout layer. The training process is conducted
with a batch size of 16. An SGD optimizer is utilized with the learning rate of
5 x 1072 and a weight decaying factor of 5 x 1072 for every 5 epochs. The entire
training regimen is executed using PyTorch 2.0.1 on an NVIDIA RTX A6000
with 48 GB of video memory.

4.3 Quantitative Performance on Visual Prognosis

The evaluation of the generated future X-ray images encompasses both quantita-
tive and qualitative assessments. Quantitatively, we engage in analysis through
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Table 2: Comparison of KOA progression grading performance for different visual
generation methods.

Method IS Progression Grading Models - Accuracy (%)
VGG-16 VGG-19 ResNet-18 ResNet-50 DenseNet-121

Baseline Image Only| - 66.3 63.3 60.8 60.9 62.5
Cycle GAN [46] [1.28| 625 643  60.3 61.2 63.6
121 Diffusion Model [2.02| 62.4 62.9 60.4 61.3 62.7
CXR-IRGen [36] |1.76] 61.1 62.7 60.3 59.1 61.6
PITET GAN [|4] |1.61| 63.3 63.7 59.6 60.7 62.2
IC-RDN (ours) 1.98| 66.8 65.1 61.1 61.7 64.4

the conventional generation task metrics, inception score and a downstream task:
the prediction of KOA progression severity grade. For using the inception score
in this study, we use the Inception-v3 network trained on the OAI 12-month
visit X-ray dataset to replace the weights pre-trained on the ImageNet [10] as
the knee X-ray images are different from the natural images at both category
and structural level. As shown in Table [2] the X-ray images generated by our
proposed IC-RDN illustrate a similar IS with the X-ray images generated by
the image-to-image diffusion model and outperform the X-ray images generated
by Cycle-GAN [46] and other SOTA generative models [4}/36] significantly. As
for the similar IS between the proposed IC-RDN and the image-to-image diffu-
sion model, the results show similar performance on image quality and diversity.
However, the images generated by the I2I diffusion model show a minor con-
tribution to predicting the KOA progression severity grades, and the challenge
of identity inconsistency remains in the generated X-ray images from the 121
diffusion model. The detailed comparison for identity consistency is shown on
Sec.

Although the inception score is able to show the quality and diversity of the
generated future images, the downstream task of predicting the KOA progres-
sion severity grade can be more relevant to the value of how the generated future
X-ray images contribute to exploring the KOA progression patterns. We have
introduced the approach to predict KOA severity progression (Sec. , lever-
aging both the generated future X-ray image and the baseline X-ray image to
determine a progression severity grade. In addition, as stated in Sec.[d.2] various
CNN-based backbones are deployed in the generation-guided KOA progression
prediction module. The comprehensive results among these backbone models are
shown in Table. 2

Specifically, the predicted 12-month progression X-ray images generated by
Cycle GAN, the image-to-image diffusion model, the recent SOTA generative
methods, and the proposed IC-RDN are used in the generation-guided KOA
progression grade prediction module separately. Accuracy is used as the evalu-
ation method to measure the performance of predicting the progression grades.
Among all backbone models used in this module, predicting the progression
severity grades using X-ray images from baseline visit and generated by the pro-
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posed IC-RDN shows significantly outperformed results. In detail, the image-to-
image diffusion model shows a limited contribution to providing the multifaceted
KOA progression patterns. And the Cycle GAN illustrates the minor ability to
enhance the performance of predicting the KOA progression severity grades.
Therefore, the quantity evaluation demonstrates the added value of incorporat-
ing generated future X-ray images in enhancing the accuracy of KOA progression
severity grade predictions.

Class 0
Class 1
Class 2
Class 3
Class 4

20 & ’- *
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| . oty 7
Rt W

o
-30 -20 -10 0 10 20 30 40 -4 -30 20 -10 0 10 20 30 40

a. t-SNE Analysis using images generated by ours [C-RDN b. t-SNE Analysis using images generated by 121 diffusion model

Fig. 3: Illustration of t-SNE analysis between IC-RDN (ours) and 12I diffusion model.

To illustrate the performance of generated X-ray images contributing to pre-
dicting the KOA progression grades, the t-Distributed Stochastic Neighbor Em-
bedding (t-SNE) technique, a sophisticated machine learning algorithm designed
for the task of high-dimensional data visualization, is utilised in this study. In de-
tail, to reduce the complex, multi-dimensional data into a two-dimensional space,
t-SNE converts the high-dimensional distances between data points into con-
ditional probabilities that represent similarities. Specifically, given a predicted
X-ray image generated by the proposed IC-RDN; the trained VGG 19 network
is used to produce a feature map corresponding to the KOA progression grade
patterns. Then, these representations are visualised using t-SNE to show the
related grades spatially. As shown in Fig. [3] the nodes with different colours
indicate the corresponding grades. In Fig. [3a, clear clusters for the KL grades
of 0, 3, and 4 are located on the left and right sides. The green and yellow nodes
referred to KL grades 1 and 2, show that the module for predicting the KOA
progression severity grade has a minor ability to categorise these two classes,
which is the challenge among different KOA progression prediction and severity
grading methods [7}[44]. However, in Fig. [3|b, the nodes for different grades are
mixed and the cluster centres are hard to identify.

4.4 Qualitative Performance on Visual Prognosis

In terms of qualitative analysis, the comparison between X-ray images synthe-
sized by the Cycle GAN and those produced by the proposed IC-RDN offers
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Fig. 4: Comparison of generated X-ray images from Cycle GAN and our proposed
IC-RDN on knee joints i-viii.
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Fig. 5: Generative results from IC-RDN among different patients’ joints from i to xxii.
The detailed joint structure comparison between baseline visit images, ground truth
and results from IC-RDN shows our model’s ability to generate progression patterns.

a compelling visual assessment, as depicted in Fig. [} The comparative study
highlights notable distortions in bone structures emanating from the Cycle GAN
approach, particularly in the articulation of joint spaces. In stark contrast, our
proposed IC-RDN exhibits a pronounced fidelity in preserving the integrity of
key bone edges and the intricacy of inner textures, thereby underscoring the
superior capability of IC-RDN in maintaining structural information.

Further elucidation is provided through an expanded corpus of X-ray images
generated by the IC-RDN, which is shown in Fig. [f] This compilation serves
not only to reinforce the initial observations regarding the preservation of criti-
cal structural details but also to demonstrate the consistent performance of the
IC-RDN across a diverse set of examples. The consistent replication of complex
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anatomical features by the IC-RDN model is indicative of its sophisticated un-
derstanding of underlying bone structures, which is paramount for illustrating
the multifaceted KOA progression patterns.

Moreover, this comparison elucidates the inherent limitations of traditional
GAN-based approaches in contexts where the preservation of exact structural
features is paramount. The propensity for distortion within Cycle GAN-generated
images can significantly impact the clinical utility of such synthesized X-ray im-
ages, particularly in monitoring the KOA progression. In contrast, the proposed
IC-RDN shows its adeptness at capturing and reproducing the nuanced details
of bone structure suggesting its potential as a multifaceted KOA progression
prediction outcome.

Joint i Joint ii Joint iii Joint iv Joint v Joint vi Joint vii Joint viii Joint ix Joint x
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Fig. 6: Examples of generated X-ray images with identity consistency for joint i-x.
The first line (outputs from the Image-to-Image Diffusion Model) shows the generative
results without Identity Prior. The second line indicates the ground truth images. The
third line refers to the results generated by our IC-RDN approach.

4.5 Analysis on Identity Consistency

To further evaluate the efficacy of the identity prior module, we delve into a
comprehensive comparison involving the X-ray images generated by the 121 dif-
fusion model and the proposed IC-RDN. The visual examples presented in Fig.
[6] meticulously outline the distinctions between these methods alongside the ac-
tual 12-month visit X-ray images, where the key differences are highlighted by
the bounding boxes. Initially, we observe the generated X-ray images devoid
of identity persistency, which starkly contrasts with the subsequent imagery.
A noteworthy observation is the preservation of identity features in the X-rays
produced by our IC-RDN, as evidenced by the distinct texture and precision of
bone edge structures. This preservation extends to intricate details within the
knee joint, such as the orientation of the menisci and the nuanced protrusions
along the bone edges, which are critical for maintaining identity persistency.
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4.6 Ablation Study

To better evaluate the contribution of the proposed Identity Prior module, an
ablation study is conducted by removing the Identity Prior and only the Diffusion
backbone remaining. The results in Table [3] demonstrate the effectiveness of the
Identity Prior module with a superior longitude prediction accuracy among all
selected classification methods.

Table 3: Ablation study of the proposed IC-RDN

Method IS Progression Grading Models - Accuracy (%)
VGG16 VGG19 ResNet18 ResNet50 DenseNet121
IC-RDN w/o Identity Prior|1.72| 61.6 61.7 60.2 61.0 62.5
IC-RDN (ours) 1.98| 66.8 65.1 61.1 61.7 64.4

4.7 Limitations

The major limitation of this study regards the generation quality. Directly using
X-ray scans generated by IC-RDN for a KOA severity grading showcases a sub-
optimal result compared with using the baseline visit X-ray to predict the KOA
progression grade directly. Though the predicted 12-month scan can enhance
the KOA severity prediction with using the baseline visit jointly. In addition,
computer hallucinations [14] are a crucial issue among large model fields. Particu-
larly, the analysis regarding the disease-specific changes is insufficient. Therefore,
careful consideration of applying the generative method to actual clinical usage
is needed.

5 Conclusion

In this study, a generative-based method, IC-RDN is proposed for KOA progno-
sis, which forecasts future X-ray scans for joints and singular progression KOA
severity grades. This obtains multifaceted KOA progression patterns for under-
standing and explaining KOA prognosis. Specifically, an identity prior module
for the diffusion and a downstream generation-guided progression prediction
module are introduced for regularising and guiding the diffusion to focus more
on the clinical nuances related to the prognosis and producing a more precise
KOA severity progression grading. Extensive experiments on a widely used pub-
lic dataset, OAI, demonstrate the effectiveness of the proposed method. In our
future studies, the disentanglement of the representations related to the identity
and KOA severity will be explored for fine-grained guidance in the X-ray image
generation process. Meanwhile, the multimodal patterns among different medical
imaging scans (e.g. X-ray, MRI, and CT) and patients’ demographic informa-
tion will be involved in producing a fine-grained KOA progression assessment
outcome.
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