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Fracture Risk Prediction Using Multimodal Neural Networks
A Study on the Effect of Incorporating Spinal Radiographs into Multimodal Neural
Networks for Osteoporotic Fracture Risk Assessment
ERIK BLOMQVIST
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Osteoporosis, characterized by reduced bone mass and micro-architectural deterio-
ration, increases the risk of fractures, particularly in elderly populations. Traditional
fracture risk prediction models rely on clinical risk factors but do not incorporate
imaging data, potentially overlooking structural indicators. This thesis explores the
potential of multimodal learning by integrating spinal X-ray images with clinical risk
factors to improve fracture risk prediction. Both full spinal radiographs and cropped
vertebral images are evaluated to investigate whether focusing on anatomically rele-
vant regions can enhance the predictive signal. Two deep learning architectures are
considered, Convolutional neural networks (CNNs) and Vision transformers (ViTs),
alongside multiple fusion strategies for combining image and tabular data. Results
demonstrate that multimodal models consistently outperform baselines, with the
best performance achieved by a CNN using vertebral crops and intermediate fusion
(C-index: 0.69, AUC: 0.76, Brier score: 0.14). This suggests that image data alone
contain meaningful predictive information, and that combining imaging with clinical
features enhances fracture risk prediction. Using vertebral crops as input generally
yielded better performance than using full radiographs, highlighting the importance
of localized features. However, the models were evaluated on a single dataset of el-
derly Caucasian women, indicating the need for future work to assess generalization
across diverse populations.
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1
Introduction

Osteoporosis is a medical condition marked by the loss of bone mass and the deteri-
oration of bone micro-architecture, leading to an increased risk of fractures [1]. It is
most prevalent among the elderly, especially among women of Caucasian descent [2].
Osteoporotic fractures are associated with increased morbidity, reduced quality of
life, and higher mortality rates [3]. Despite its significant health impact, osteoporo-
sis often goes undiagnosed until one or more fractures have already occurred. This
highlights the importance of early identification of individuals at high risk, enabling
intervention and treatment to prevent fractures.
Fracture risk prediction models are essential tools in clinical practice to support
decision making regarding osteoporosis management. Traditional models such as
FRAX® [4], rely on clinical risk factors like age, prior fracture history and bone
mineral density to estimate the 10-year probability of fractures [5]. Such models
are valuable for fracture risk prediction, but they do not leverage all available infor-
mation. Medical imaging data such as X-ray scans of the bone could help capture
subtle structural changes and potentially carry predictive information of fractures,
but images cannot be incorporated in traditional models directly.
Medical imaging may reveal structural abnormalities or vertebral fractures that are
not always clinically recognized. Several studies have explored the use of such imag-
ing data to assess fracture risk more accurately [6], [7]. However, these imaging
features are typically underutilized in clinical risk scores due to challenges in quan-
tifying them consistently and integrating them into prediction models.
Deep learning has grown rapidly in recent years and show great promise in medical
imaging tasks, especially due to the ability to learn complex patterns from data [8].
Convolutional Neural Networks (CNNs) have been widely used for tasks based on
imaging due to their ability to detect spatial relationships. In particular, convolu-
tional neural networks have shown strong performance in vertebral segmentation on
computed tomography and magnetic resonance imaging scans [9]. Additionally, they
have been proved to be able to classify fracture risk patients using radiographs [10].
Vision transformers (ViTs) is another architecture that has been developed for image
classification tasks more recently, and promising results have been achieved, espe-
cially in scenarios with complex spatial dependencies [11], [12]. Vision transformers
use self-attention mechanisms originally developed for natural language processing
tasks to help capture long-range dependencies within images, which could be im-
portant for medical imaging contexts.
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1. Introduction

Multimodal learning refers to machine learning approaches that incorporate mul-
tiple data modalities for learning certain patterns [13]. Such data can be clinical
variables and medical images, and this paradigm has grown due to its ability to
combine complementary information - clinical variables may provide one type of
information while medical images may provide another. Recent studies have shown
that multimodal deep learning models can outperform unimodal models in various
tasks, such as skin cancer detection and Alzheimer’s disease detection [14], [15].
In this project, spinal X-ray images and clinical risk factors are used to evaluate the
effectiveness of multimodal neural networks in comparison to unimodal models for
fracture risk prediction. Two strategies for incorporating imaging data are explored.
Using entire spinal X-rays, and using extracted vertebral crops in an attempt to
enhance signal. Additionally, two deep learning architecures are compared to eval-
uate their effectiveness in this context, convolutional neural networks and vision
transformers.

1.1 Aim
The dataset used in this project is the Sahlgrenska University Hospital Prospective
Evaluation of Risk of Bone Fractures. It consists of spinal X-ray images, clinical risk
factors and fracture outcomes from a population of older Caucasian women. This
project aims to address the gap in current fracture risk prediction models such as
FRAX® by exploring the effectiveness of multimodal neural networks that integrate
both clinical risk factors and spinal X-ray images.
Two different approaches of incorporating images will be explored in an attempt
to achieve better predictive performance. The first is by using entire spinal X-ray
images as input to multimodal neural networks to capture global information on
patient-level. The second is by using crops of individual vertebrae as input to the
models in an attempt to reduce background noise and focus on relevant information.
Crops from each individual subject will be concatenated and used as one input, such
that the prediction remain on patient-level.
It is hypothesized that multimodal models—combining image and tabular inputs—will
outperform models trained solely on clinical risk factors, by capturing complemen-
tary signals from both data types. Furthermore, it is expected that using localized
image regions focused on individual vertebrae, rather than entire spinal images, will
lead to improved predictive performance. This is based on the assumption that ver-
tebral crops emphasize informative structures while reducing irrelevant background
and noise.
In addition to comparing these approaches, the project aims to investigate whether
one neural network architecture is preferable for fracture risk prediction. The de-
veloped architectures will be evaluated in order to determine their effectiveness in
integrating multimodal data for this purpose. The desired outcome for this project
will be demonstrating whether multimodal models outperform models based solely
on clinical risk factors, as well as identifying potential benefits of specific architec-
tures and image input strategies for fracture risk assessment.
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1. Introduction

1.2 Scope
The scope of the project is limited by time, and consequently by the number of
models to be evaluated. The comparison is restricted to two overarching architec-
tures - convolutional neural networks and vision transformers. Moreover, the project
focuses exclusively on neural network based survival models with DeepSurv as back-
bone as opposed to other types of statistical methods. Prediction is performed either
using tabular data alone, images alone, or multimodal combinations of both, using
intermediate or late fusion strategies. Other fusion strategies are not considered in
this project.
Most importantly, the project is limited to the dataset being used. As all patients
in the cohort are women, specifically older Caucasian women, the outcomes of this
project will only be applicable to that part of the population. In order to yield more
transferable results, other datasets would be needed from other subgroups, which
are not available. The data makes the distinction of general fracture as any fracture
not considered hip fracture or major osteoporotic fracture. While the dataset also
includes information regarding hip fractures and major osteoporotic fractures, the
study is limited to only analyze the occurrence of general fractures. The reason is
that substantially fewer events are present in the data for those specific fractures,
and it is expected that using them as target events would cause model instabilities
and poor generalization.
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Background

2.1 Data

The Sahlgrenska University Hospital Prospective Evaluation of Risk of Bone Frac-
tures (SUPERB) [1] is a cohort of 3028 Swedish women aged 77.8±1.6, with recorded
risk factors, low-dose spinal X-rays and fracture outcomes for the hip, general frac-
tures and so-called major osteoporotic fractures. The dataset also includes computed
tomography volumes collected at four different locations for each patient. The cri-
terion for defining fractures is Genant’s semi-quantitative method (GSQ) [16]. In
this method, six keypoints are annotated on each vertebra in a spinal X-ray image,
and both morphology and severity of fractures are classified. The keypoints define
the anterior, posterior and middle vertebral heights, and ratios between anterior-
posterior (APR), middle-posterior (MPR) and posterior-posterior (HPR) are calcu-
lated. A prevalent fracture is then defined as a 15% difference in APR, MPR or
HPR compared to the mean value of a normal population, see Figure 2.1.

Figure 2.1: Semiquantitative visual grading of vertebral deformities, from [16].
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2. Background

Table 2.1: Summary statistics of outcome variables and clinical risk factors in
the SUPERB dataset. Binary variables are reported as counts and percentages,
continuous variables are shown as mean ± standard deviation.

Variable description Summary statistics
Any fracture experienced 1083 (35.8%)
Time to any fracture, days 2317.0 ± 991.8
Age, years 77.8 ± 1.6
BMI, kg/m3 26.3 ± 4.4
Prior fracture 1117 (36.9%)
Parental history of hip fracture 533 (17.6%)
Current smoker 158 (5.2%)
Glucocorticoid steroid usage 103 (3.4%)
Rheumatoid arthritis 120 (4.0%)
Excessive alcohol consumption 17 (0.6%)
Secondary osteoporosis 787 (26.0%)
Normalized bone mineral density score -1.6 ± 0.9

The outcome variables and clinical risk factors summarized in Table 2.1 are used as
input features in the fracture risk prediction models. More detailed descriptions of
the variables are available in [1].
The spinal X-ray images in SUPERB are large and of varying size, around 1200×600
pixels to 1600×600 pixels. The majority of pixels depict what could be considered
background - including fat and other soft tissues, whereas the spine is the region of
interest. A potential solution to this is to use cropped parts of the image, depicting
only the vertebrae themselves, described further in Section 3.1.6.
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2. Background

(a) Example of a spinal X-ray image
from a patient who did not have a
fracture at the start of the study.

(b) Example of a spinal X-ray image
from a patient who did have a fracture
at the start of the study.

Figure 2.2: Comparison of spinal X-ray images for patients with and without
fractures.

The sample X-rays in Figures 2.2a and 2.2b depict two different patients who did not
have a fracture and who did have a fracture respectively. In Figure 2.2b, keypoints
of individual vertebrae are marked using GSQ, with the red being the vertebra with
a fracture. While the vertebrae are identifiable, the image does not contain any
obvious radiological signs of a future fracture, other than the general condition of
the patient.

2.2 Survival Analysis

Survival analysis is a field within statistics focused on analyzing the time until
an event occurs [17]. The name survival analysis comes from the fact that the
event commonly analyzed is death, but it could just as well be disease incidence,
recovery, machine failure, or as in the case of this thesis, bone fracture. The time is
measured from a defined starting point, usually from the beginning of follow-up of
an individual, until the occurrence of an event.
As opposed to standard regression techniques, survival analysis requires the ability
to handle censored data, where the outcome is only partially observed. This property
is essential in many real-world studies where not all individuals experience the event
during the observation period.

7



2. Background

2.2.1 Survival and Hazard Functions
The survival function is an essential part of survival analysis and gives the probability
of an individual surviving, meaning they have not experienced an event, past a
specified time t. It can be expressed according to Equation 2.1,

S(t) = P (T > t), (2.1)

where T is a random variable denoting the time of the event. The survival function
is always non-increasing, starting as S(0) = 1 since all subjects are event-free at the
start.
A closely related function is the hazard function, h(t). It is used to calculate the
instantaneous potential per time unit for an event to occur, given that the patient
has not already experienced an event up until t [17]. This can be denoted by the
limit

h(t) = lim
∆t→0

P (t ≤ T < t + ∆t|T ≥ t)
∆t

. (2.2)

In other words, the hazard function describes the rate at which the subjects are
experiencing the event at a given time point t. The hazard function is always non-
negative and has no upper bound.

2.2.2 Censoring
A challenge in survival analysis is censored data, which refers to entries with incom-
plete event time observations [17]. The most common form of censoring is called
right-censoring, which means that the survival time is observed up until a certain
time point, but not after. This happens, for example, if patients withdraw from
the study or simply do not experience the event before the study ends. Censoring
of a patient i at time Ti may be denoted by a binary indicator random variable δi,
where δi = 1 denotes an event occurring at time Ti, and δi = 0 that the patient was
censored at that time. As censoring is not unusual in real-world data, it is essential
that survival models have the ability to handle it.

2.2.3 Kaplan-Meier Estimate
The Kaplan-Meier (KM) estimate is a way to measure the fraction of subjects not
having experienced a specified event for a certain amount of time after treatment
or start of study [18]. Effectively, it estimates the survival function of a population
when calculated at multiple time points. KM is effective at computing the survival
over time even when censored data is present. The estimation is made by computing
probabilities of event occurrences at certain time points, and then multiplying them
with the computed probabilities from earlier time points. At each time point, the
probability is calculated by dividing the number of surviving subjects (i.e. subjects
who have not yet experienced the event) by the number of subjects at risk. For a
time point t, this yields Equation 2.3:

Ŝ(t) =
∏
t′≤t

(
1− n(t′)

R(t′)

)
(2.3)

8



2. Background

where n(t′) is the number of events at time t′, and R(t′) is the number of subjects
at risk just before t′. The risk set R(t′) includes all subjects still under observation
and event-free immediately before t′.

Figure 2.3: Kaplan-Meier estimate of survival functions (event any fracture) of two
subgroups of the population in the SUPERB dataset, with 95% confidence interval.

Figure 2.3 exemplifies two KM estimates of the SUPERB dataset. As can be seen,
they are steadily decreasing since start of study, although having a fracture at start
of study yields lower chances of being free of upcoming fractures according to the
estimate.

2.2.4 Cox Proportional Hazards
The Cox proportional hazards (CPH) model is used in survival analysis to analyze
the relationship between hazard and input variables and allows for the inclusion of
covariates in the analysis [17]. The model assumes that the hazard at any time is
a product of a baseline hazard function h0(t) and a time-independent exponential
term which depends on the input variables, X. The resulting hazard function is
expressed in Equation 2.4:

h(t, X) = h0(t)e
∑p

i=1 βiXi . (2.4)

Here, βi denotes the model coefficient for the ith input parameter, Xi, and represents
the log of the hazard ratio associated with a one unit increase in Xi. An important

9



2. Background

property of the CPH model is that the hazard ratios between any two subjects
remain constant over time [17]. For the inputs X(1) and X(2), the hazard ratio is

h(t, X(1))
h(t, X(2)) = h0(t)eβ⊤X(1)

h0(t)eβ⊤X(2) = eβ⊤(X(1)−X(2)), (2.5)

which is not dependent on time t. This proportional hazards assumption means
that the relative risk between subjects is time invariant. In other words, the effect
of a covariate is multiplicative with respect to the hazard and does not change with
time. Since the model is log-linear, the log of the hazard ratio between subjects is
a linear function of the difference in their covariates. Importantly, it enables the
model to be used to analyze long-term effects of input variables without having to
define the baseline hazard function explicitly [17].

2.2.5 Loss Function
In order to optimize the risk predictions of the models, a loss function need to be de-
fined. For survival analysis models, Cox partial likelihood is well-suited, particularly
because it handles censored data effectively [19]. The partial likelihood is derived
from the CPH model and estimates the relative risk without needing to model the
baseline hazard h0(t) due to the proportional hazards assumption. It is only partial
since it focuses on the ordering of events rather than exact event times. The idea of
the loss function is to assign higher predicted risk scores to subjects who experience
the event earlier.
The model yields a risk score r̂i = β⊤Xi for each subject i, where higher scores
indicate greater predicted risk. For subject i with event time ti and event indicator
δi, the partial likelihood compares this subject’s risk to those still at risk at time ti.
The set of those still at risk is defined as the risk set,

R(ti) = {j | tj ≥ ti},

i.e., all individuals who have not yet experienced an event or been censored at ti.
The loss LCox is then defined as the negative log partial likelihood:

LCox = −
n∑

i=1
δi

r̂i − log
 ∑

j∈R(ti)
exp(r̂j)

 , (2.6)

where r̂i is the predicted risk score for subject i, δi the event indicator and R(ti) is
the risk set at time ti. By this design, the loss encourages the model to give higher
risk scores to subjects who experience the event earlier, compared to those still at
risk. Censored subjects contribute only to the risk sets of earlier events and not to
the numerator, which allows the model to learn from censored data as well.
In implementation, this loss can be computed using cumulative sums after sorting
subjects by descending event time. A small constant is added to avoid numerical
instability in the logarithm.
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2. Background

2.3 Neural Networks
Artificial neural networks (NN) are a class of machine learning models that originally
tried to imitate the brain’s neural network processing [20]. They consists of layers of
neurons, interconnected nodes, where each connection has an associated weight and
bias. These types of models are used for learning complex, nonlinear relationships
in data.
In feedforward neural networks, data flows in one direction, from the input layer
through hidden layers to the output layer. The pass of data through each layer is
computed by a weighted sum of the layer’s inputs

z =
∑

i

wixi + b (2.7)

where xi is the ith input feature, wi its corresponding weight, and b is the bias term.
In turn, each node represents a specific output function, called activation function.
In order for networks to learn nonlinear behaviors, activation functions such as the
rectified linear unit (ReLU) is used. ReLU is defined as

a = f(z) = max(0, z), (2.8)

which ensures that only positive values pass through, introducing nonlinearity.
Without nonlinearity, the network would be unable to model complex patterns in
data which is important since real world data rarely follow purely linear relation-
ships.
Training of artificial neural networks is typically done using backpropagation to-
gether with gradient descent to minimize a loss function L that quantifies the dif-
ference (error) between model predictions and true values. Backpropagation is an
algorithm that computes the gradient of the loss function with respect to the different
weights in the network through the chain rule. The error is propagated backwards
through the model, updating each weight in proportion to how much the weight
contributed to the error. Given a weight w, the update rule is

w ← w − η
∂L
∂w

, (2.9)

where η is the learning rate and ∂L
∂w

is the partial derivative of the loss function with
respect to the weight. This process is performed iteratively over many passes of
data (epochs), such that the weights are refined to minimize L, ideally converging
to a solution that generalizes well to unseen data. For prediction tasks, common
loss functions include cross-entropy and mean squared error for classification and
regression respectively.

2.3.1 Convolutional Neural Networks
The first convolutional neural network (CNN) was introduced in 1989 by LeCun
et al. [21] in their work on handwritten digit recognition, and later refined into
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2. Background

the well-known LeNet-5 architecture in 1998 [22]. The mathematical foundations
of CNNs had however been established earlier. CNNs generally consist of multiple
layers that apply mathematical operations to extract hierarchical features from the
input. These layers typically include convolutional layers, followed by activation
functions and pooling layers, grouped into repeated blocks.
The convolutional layer is the core of the CNN which applies the convolution op-
eration to its input. The input is usually a multi-dimensional matrix, either the
original input for the first layer or feature maps for the subsequent layers. In the
layer, a different filter kernel is applied independently to each input channel, which
means that 2D convolution is performed. By defining the convolution operation as
∗, the general form of the operation in CNNs can be written as

yc′ =
∑

c

xc ∗ wc′,c, (2.10)

where c denotes channel, xc is the input feature map, wc′,c is the kernel with filter
weights, and yc′ is the output feature map. More explicitly, this can be expressed as

yi,j,c′ =
∑

c

∑
m

∑
n

xi−m,j−n,cwm,n,c,c′ , (2.11)

where xi−m,j−n,c is the input feature at position (i − m, j − n) in channel c, and
wm,n,c,c′ are the weights of the kernel connecting input channel c to output channel
c′. The output feature map yi,j,c′ is computed by summing over all input channels
and kernel positions.
Evidently, the convolutional layers make use of weight sharing, i.e. the same fil-
ter is applied across the entire spatial dimension of the input, which significantly
reduces the number of learnable parameters of the network. Two other aspects of
the convolutional layers are stride and padding. Stride controls how much the filter
moves across the input in each step, where S = 1 means one pixel at a time, which
preserves more spatial details. By using S > 1 the filter moves multiple pixels at a
time, preserving less spatial details and reducing the output size. Padding is also
used to control the size of spatial features by adding additional pixels outside the
borders of the input, commonly with zeros. By using padding, P > 0, one can
ensure that the output size is kept equal to the input size. With no padding, P = 0,
the output size will decrease in the same way as in normal convolution. The output
size considering stride and padding can be expressed according to Equation 2.12,

H ′ = H − FH + 2P

S
+ 1, W ′ = W − FW + 2P

S
+ 1, (2.12)

where H, W is the height and width of the input x, FH , FW the height and width of
the filter kernel w and H ′, W ′ the height and width of the output y.
After convolution, a nonlinear activation function is applied element-wise to intro-
duce nonlinearity, most commonly ReLU. The final step of the block is the pooling
layer, which purpose is to reduce the spatial dimensions while still retaining essen-
tial information. During pooling, the input is divided into smaller subgroups, where
only one value is saved from each. Most commonly max pooling is used, which
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simply saves the maximum pixel value in each subgroup. This can be expressed by
Equation 2.13

x′
i,j = pool(zi,j) = max

(p,q)∈R
zi+p,j+q, (2.13)

where R is the pooling region and x′ is the output of the layer, and subsequently
the input to the next convolutional layer. By chaining these layers into a block we
can simply define the input to the next block of layers according to Equation

x′ = pool(f(x ∗ w + b)), (2.14)

where b is an added bias term.

2.3.2 Vision Transformers
Vision transformers (ViTs) are inspired by the Transformer architecture, which was
originally developed for natural language processing (NLP) tasks [23]. The first ViT
model for image classification was introduced by Dosovitskiy et al. [11], adapting the
standard Transformer architecture with minimal modifications to process image data
effectively. Unlike Convolutional neural networks, which inherently capture local
spatial patterns through convolutional filters, ViTs rely on self-attention mechanisms
to model global dependencies between image regions.
For patch embedding in ViTs, an image x ∈ RH×W ×C , where xi,j,c denotes the input
at height i, width j and channel c, is first divided into smaller patches of size P ×P .
The total number of patches is given by:

N = HW

P 2 . (2.15)

Each patch is flattened into a vector of size P 2C and projected into a D-dimensional
embedding space using a learnable embedding matrix. For n ∈ {1, ..., N} the patch
embedding for the nth patch then becomes

zn
0 = WExn + bE, (2.16)

where WE ∈ R(P 2C)×D is the learnable embedding matrix, xn the flattened patch
vector and bE a bias term. In order to preserve spatial information, learnable posi-
tional embeddings Epos ∈ R(N+1)×D are added to the patch embeddings, and they
can be expressed as

Z0 = [zclass; z1
0 ; z2

0 ; ...; zN
0 ] + Epos, (2.17)

where zclass is the classification token, which, similarly to how the classification token
works in Bidirectional Encoder Representations from Transformers (BERT) [24] for
NLP tasks, serves as a global representation of the image.
The sequence of patch embeddings Z0 is then processed by a standard transformer
encoder, consisting of multiple layers of Multi-Head Self-Attention (MSA) and Feed-
Forward Networks. The self-attention (SA) mechanism computes attention scores
between all patches to determine how much each patch should influence the other
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patches. The self-attention computes queries Q, keys K and values V according to
Equation 2.18,

Q = ZWQ, K = ZWK , V = ZWV , (2.18)

where WQ, WK , WV ∈ RD×D are learnable weight matrices. The attention scores
SA(Z) can then be computed using scaled dot-product attention,

SA(Z) = softmax
(

QK⊤
√

D

)
V, (2.19)

where softmax(·) is an activation function that restricts its output between 0-1,
essentially weighting the values V to compute the attention scores. MSA is then an
extension of SA where k heads perform the operation in Equation 2.19 in parallel,
resulting in Equation 2.20

MSA(Z) = [SA1(Z); SA2(Z); ...; SAk(Z)]WMSA. (2.20)

Here, k denotes the number of heads and WMSA is a learnable output projection
matrix. The output of the MSA is then fed through layer normalization (LN) and
a multi-layer perceptron (MLP), resulting in Equation 2.21:

Z ′ = MLP(LN(Z + MSA(Z))). (2.21)

This is repeated for multiple transformer encoder blocks to extract higher level
features from the input image. These transformer encoder blocks are finally followed
by an MLP head for final prediction.

Figure 2.4: Overview of the vision transformer architecture from [11]. Image
patches are flattened, embedded and fed through a transformer encoder with multi-
head self-attention.

Figure 2.4 shows an overview of ViT, with patch embedding and prediction on the
left and L blocks of transformers encoders on the right.
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2.4 DeepSurv
DeepSurv is a CPH deep neural network survival method, designed to handle com-
plex, non-linear relationships in survival data [19]. The model calculates the effects
of observed covariates on the risk of an event occurring, typically by estimating
log-hazards. The hazard can be defined

h(t, X) = h0(t)eϕ(X) (2.22)

which is similar to the Cox Proportional hazard in Equation 2.4, with the key
difference that ϕ(X) is modeled by a fully connected multi-layer neural network
and has no linear restrictions - the normal CPH model assumes that a patient’s log
hazard of event is a linear combination of their covariates, while DeepSurv models
the relationships as non-linear.
A straightforward generalization of DeepSurv is to allow ϕ(X) to be modeled by
architectures other than fully connected networks. As demonstrated in DeepCon-
vSurv, convolutional layers can be used to process image inputs [25].

2.5 Explainable Vertebral Fracture Analysis
Explainable vertebral fracture analysis (XVFA) is a method for vertebral fracture
assessment using deep neural networks [26]. The assessment incorporates vertebra
detection and keypoint localization with uncertainty estimates as well as vertebra
fracture grade and morphology.
Vertebrae are detected through a two-stage method of coarse bounding box detec-
tion using a transformer architecture. Fracture morphology varies between normal,
concave, wedge and crush deformities, and severity vary between normal, mild, mod-
erate and severe. Both morphology and severity are classified using Genant’s semi-
quantitative method, which is a differentiable and rule-based means of classification.
By using rule-based classification, the decisions of XVFA are interpretable.
In evaluations, XVFA achieved a vertebra-level sensitivity of 93% and an end-to-
end area under the reciever operating characteristic curve of 97% on low-dose spinal
radiographs. These results demonstrate its effectiveness in both detecting vertebrae
and providing clinically meaningful fracture assessments.

2.6 Evaluation Metrics

2.6.1 Concordance Index
The concordance index (C-index) is widely used to evaluate survival models and it
assesses how accurately the model ranks each pair of subjects based on the actual
times of events [27]. For each combination of pairs of subjects, the metric checks
if the model predicts the events of the pair in the correct order, making the pair
concordant, or incorrectly, making the pair discordant. Finally, the C-index is cal-
culated as the proportion of concordant pairs out of all comparable pairs, meaning
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that it ranges between 0 and 1, where a model with C-index greater than 0.5 has
some predictive power and is better than guessing randomly [17].
However, this does not explain the issues of censoring, but the calculation of C-
index handles that natively. This is done by simply discarding all pairs where both
subjects are censored as there is no available event information. In the cases of
pairs where one subject experienced an event and the other is censored, they are
discarded if the time of censoring is less than the time of event, meaning that not
enough information is available. However, if the time of event is less than the time of
censoring, the pair can be evaluated and considered either concordant or discordant.
The number of comparable pairs are then all pairs that were not discarded during
this process, i.e. the sum of concordant and discordant pairs. The C-index can then
be expressed:

C-index =
∑

i,j 1Tj<Ti
· 1ηj>ηi

· δj∑
i,j 1Tj<Ti

· δj

, (2.23)

with

1Tj<Ti
=

1 if Tj < Ti

0 otherwise
, 1ηj>ηi

=

1 if ηj > ηi

0 otherwise
(2.24)

where ηj is the risk score (model output), Tj the event time (or censoring time) and
δj the event indicator of the jth subject.

2.6.2 Area Under the Curve
The area under the curve (AUC) of the time-dependent receiver operating charac-
teristic (ROC) will also be calculated as an evaluation method. The ROC represents
the ability of the model to correctly distinguish between patients who experience a
fracture at a certain time point, and those who do not [28]. In the ROC the true
positive rate (TPR) will be plotted against the false positive rate (FPR) under dif-
ferent threshold values, which creates a curve. The AUC is then calculated, which
represents the probability that if a patient with a fracture and a patient without a
fracture are randomly chosen, the patient with the fracture will be given a higher
risk score than the patient without the fracture. A higher AUC score, indicates a
better performance of the model, if the AUC is larger than 0.5, it implies that the
model is able to distinguish between positive and negative cases at a specific time.
The time dependent AUC deals with censoring by considering it a non-event and
omitting all pairs that consist of censoring and an event, no matter the order of the
event and the censoring happening.

2.6.3 Brier Score
The Brier score (BS) makes use of the estimated probabilities of an event occurring
rather than only the binary prediction like the C-index [29]. It can be expressed as:

BS = 1
N

N∑
i=1

(fi − δi)2 (2.25)
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where N is the total number of predictions, fi the probability of a fracture for the
ith subject, and δi is the event indicator for the ith subject (1 for a fracture having
occurred, 0 otherwise). The definition means that the score ranges between 0 and
1, where 0 is the best score and implies no errors while 1 is the worst possible score.
However, some adjustments are needed for the Brier score to be able to handle
censoring. This can be done through inverse probability of censoring weighting
(IPCW) [30]. Simply put, the score is scaled by a KM estimate of the survival
function which upweights the subjects who are still observed at a time t. Equation
2.25 can then be modified

BS(t) = 1
N

N∑
i=1

(fi(t)− δi(t))2

Ŝ(ti)
(2.26)

where Ŝ(ti) is the KM estimate of the survival function for censoring at time ti,
which adjusts for censoring.
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3
Methods

3.1 Models
Several different models are developed in this project. Baseline models are con-
structed using only clinical risk factors represented as tabular data as input. These
include a standard statistical model, and a deep machine learning implementation.
Multimodal models using both images and tabular data as input are developed and
implemented with different types of image input, architectures and fusion techniques.

3.1.1 Baselines
For baseline analysis, two models are considered. These are a Cox PH model and
a DeepSurv model, both unimodal, taking only clinical risk factors as input. The
Cox PH model is implemented using the sksurv library while DeepSurv is built
with PyTorch, both in Python. Specifically, DeepSurv is designed with three fully
connected layers, the first two followed by a ReLU activation function and dropout.
The first layer takes an input size of 10, outputting 64 features. The second layer
outputs 128 features while the final layer outputs 1 risk score for final prediction.
An alternative version of DeepSurv is used for some fusion models, described in
upcoming sections. In this case, the final layer is omitted, such that the model
instead outputs a size 128 feature vector used together with imaging features for
final risk score prediction.

3.1.2 ConvDeepSurv
Convolutional neural networks trained for fracture risk prediction using the loss
function defined in Section 2.2.5 are referred to as ConvDeepSurv (C-DS) models.
All C-DS models developed in this project are based on the ResNet-50 architecture,
implemented in PyTorch without pretrained ImageNet weights. Some architectural
modifications were made to adapt the network to the data and task.
The original ResNet-50 expects 3-channel RGB input, but since the spinal X-ray
images are in grayscale, the first convolutional layer was modified to accept a single-
channel input. In another model variant that uses XVFA-extracted vertebral crops,
13 grayscale crops were stacked into a 13-channel input tensor, and the first convo-
lutional layer was adjusted accordingly to accept 13 channels.
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As the original classification layer in ResNet-50 outputs 1000 class logits, it was
removed in all models. Instead, the 2048-dimensional feature vector from the penul-
timate layer was either used directly to predict a risk score by adding a single fully
connected layer, or combined with outputs from other models (e.g., the tabular-only
DeepSurv baseline) to enable multimodal learning.

3.1.3 ViTDeepSurv

Vision transformers trained for fracture risk prediction using the loss function defined
in Section 2.2.5 are referred to as ViTDeepSurv (ViT-DS) models. ViT-DS was
implemented using PyTorch, constructing the architecture from Dosovitskiy et. al.
[11], with a few modifications. The model was only applied to XVFA-extracted
vertebral crops and not full images. No pretrained weights were used.
Since the standard ViT expects 3-channel input images of size 224×224 pixels, the
input projection layer was redefined to accept 13 channels, and the input image size
was adjusted to 272×272 pixels to not lose too much resolution. This change required
recomputing the number of patches and reinitializing the positional embedding to
accommodate the resulting 64 tokens plus the class token.
Similarly to the ResNet-50 model, the standard ViT outputs 1000 class logits. This
output is treated as a feature vector and is either used directly to predict a risk
score by adding a single fully connected layer, or combined with outputs from other
models to enable multimodal learning.

3.1.4 Intermediate Fusion Models

In order to make fracture risk predictions using multimodal data (i.e. images and
tabular risk factors) a fusion based model is constructed, which will be referred to as
IF-MLP. It fuses features from a image feature extractor backbone (either a C-DS
or ViT-DS) and a separate fully connected network for the tabular data, commonly
referred to as a multi-layer perceptron (MLP). The concatenated features are then
passed through a final prediction head consisting of fully connected layers to produce
a single risk score. Specifically, it concatenates the 2048 or 1000 image features
(from C-DS and ViT-DS respectively) with the 128 tabular features into a single
feature vector. This feature vector is passed through a fully connected layer with
output size 128, before passing through batch normalization and a ReLU activation
function. Finally, the feature vector is passed through another fully connected layer
with output size 1 for final risk score prediction. An overview of how the model
works with fusion and submodules is illustrated in Figure 3.1.
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image data

image feature extractor

DeepSurvtabular data

fi

ft

⊕
IF-MLP

r̂ LCox

Figure 3.1: Intermediate fusion model overview. An image feature extractor (Con-
vDeepSurv or ViTDeepsurv) takes image data (full images or vertebral crops) as
input. DeepSurv takes tabular data as input. Output features are concatenated
and a final risk score prediction r̂ is made by the intermediate fusion model.

3.1.5 Late Fusion Models
In the late fusion models, risk score predictions from an image model and the tabular
DeepSurv model are used as input to predict a final risk score. Two methods of late
fusion are considered.
The first approach, which will be referred to as the LF-FC model, is a fully con-
nected layer that takes the two predicted risk scores as input and learns an optimal
combination through training to output a final risk score. In this approach, only
this fully connected layer is trained, i.e. the image model and tabular model are
pretrained and frozen. An overview of this setup is illustrated in Figure 3.2.

image data

pretrained
image model

pretrained
DeepSurvtabular data

r̂i

r̂t

fully connected
layer

r̂ LCox

Figure 3.2: Late fusion with fully connected layer overview. A pretrained image
model (ConvDeepSurv or ViTDeepsurv) takes image data (full images or vertebral
crops) as input. Pretrained DeepSurv takes tabular data as input. Risk score
outputs are used as input to the fully connected layer for final risk score prediction
r̂.
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The other approach, which will be referred to as the α-model, assumes a linear
combination of the two predicted risk scores used as input, and combines them
using a fixed parameter α:

r̂ = αr̂t + (1− α) r̂i, (3.1)

where r̂ is the predicted final risk score, r̂t is the predicted risk score from the tabular
model and r̂i is the predicted risk score from the image model. This late fusion
strategy provides a simple way to balance contributions from both data modalities.
In this approach, the α-model is trained for a set of α-values, ranging from 0 to
1. The two submodules can then learn from each other and update themselves
accordingly, which is not true for the first late fusion approach. An overview of how
the α-model works is illustrated in Figure 3.3.

image data

image model

DeepSurvtabular data

r̂i

r̂t

αr̂t + (1− α) r̂iα
r̂ LCox

Figure 3.3: α-model overview. An image model (ConvDeepSurv or ViTDeepsurv)
takes image data (full images or vertebral crops) as input and predicts a risk score.
DeepSurv predicts a risk score based on tabular input. The final risk score r̂ is
computed by combining the two predicted risk scores through their relationship
with the parameter α.

3.1.6 Explainable Vertebral Fracture Analysis

The vertebra detection module from XVFA [26] is utilized to extract coordinates
of bounding boxes in the spinal X-ray images. These bounding boxes depict crops
of individual vertebrae, which are then used as input to the models. The detection
module locates a variable amount of vertebrae depending on patient, whereas a
fixed number is needed in order to keep input size to the models constant. This is
handled by filtering - discarding additional boxes or adding empty boxes for each
patient until the desired number of crops is met.
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Figure 3.4: Example of predicted bounding boxes from XVFA.

Figure 3.4 depicts a spinal X-ray of a patient with 13 detected bounding boxes from
XVFA. As can be seen, boxes are of varying shape, simply dependent on the sizes
of individual vertebrae.

3.2 Evaluation
Models are evaluated in terms of predictive performance compared to baselines as
well as to other types of developed models. The evaluation aims to determine how
well each model can predict risk scores for fractures, using metrics that capture
different aspects of model quality.
To measure the models’ performance objectively, the dataset is split into a training
set and a test set. The test set is held out during training and therefore unseen to
the models at the time of evaluation. Cross-validation is used during training for the
training set. With cross-validation, the training set is split into k folds of equal size.
The model is trained k times, where each fold of data forms a validation set once,
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while the other k − 1 folds form a training set. This means that each model type
obtain k fold-specific models, each validated on different data. In order to evaluate
the model type in cross-validation, one can combine the results of each fold-specific
model, e.g. by means of average across all folds with standard deviation reflecting
uncertainty. The use of cross-validation can allow for better model generalization
than the standard training-validation-test setup since it is not as dependent on the
initial data split.
As part of the evaluation, performance is compared between models using only
tabular risk factors and those incorporating both tabular and image data, to assess
whether multimodal inputs improve prediction accuracy. Additionally, models using
full spinal images are compared with those using localized vertebral crops extracted
by the XVFA module.

3.3 Experiments

Cross-validation is used during training and evaluation. Specifically, 10% of the
dataset was held out for final evaluation, while the remaining data was used in
a 3-fold cross-validation setup, where models are trained on different subsets and
evaluated based on an average performance across folds.
Before training, preprocessing is applied to standardize input data. For the tabular
data, the risk factors age and BMI were scaled using a standard scaler by removing
the mean and scaling to unit variance, the scaler fitted to the training set for each
fold.
Preprocessing of full images
As the images are of varying sizes and rather large, they are normalized by the
maximum and minimum pixel value across the current fold and then resized to a
fixed resolution of 1024×512 pixels. In order to keep the image size constant while
allowing rotation of ±15◦ in the augmentation, all images are padded to 1121×759
pixels. This is simply the smallest size that allow for all possible rotations in the
specified range without losing information to cropping.
Preprocessing of cropped images
For each patient, 13 crops of vertebrae are used. However, the vertebra detection
module from XVFA does not always produce 13 boxes, nor do they always contain
only one vertebra in each bounding box. Through visual examination, bounding
boxes with height greater than 230 pixels were discarded since they were incorrect
predictions, containing multiple vertebrae. In the cases where more than 13 were
detected, the highest box (in the patient’s neck) was discarded until 13 boxes were
left. For the patients with less than 13 vertebrae detected, empty boxes were added
in the positions were the distance between detected boxes exceeded a threshold, see
Figure 3.5. All crops were padded to 230×272 pixels, based on the largest width
and height in the dataset (after the previous filtering), and stacked into an image
containing the 13 cropped vertebrae in a channel each.
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(a) Example of too few predicted
bounding boxes from XVFA.

(b) Example of crops used along with
added empty crops in predicted posi-
tions, numbered from top to bottom.

Figure 3.5: Example of a bad prediction from XVFA with correction used for
input.

Augmentation is applied during training, including random dropout (salt and pepper
noise), rotation (±15◦) and vertical flipping for the full images. Rotation and flipping
is helpful since the models learn relationships between features in relation to other
features, rather than relationships between features and positions. For the cropped
images, augmentation included vertical and horizontal flipping, zooming, Gaussian
noise and contrast adjustment. The augmentation helps in avoiding overfitting, and
is necessary for model generalization since the dataset is not very large.
The baseline models are a standard CPH model and a DeepSurv model. They are
implemented in Python, using the scikit-survival library for the standard CPH
model and PyTorch for the DeepSurv model. All other models, ConvDeepSurv,
ViTDeepSurv, intermediate fusion models and late fusion models are implemented
using PyTorch. Mainly, ConvDeepSurv uses resnet50 with no pretrained weights
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as base, while ViTDeepsurv uses vit_b_32 with no pretrained weights.
The models were trained on GPUs, and the PyTorch library was used to construct
datasets, data loaders and optimizers. The loss function used for updating the mod-
els is the Cox partial likelihood, defined in Section 2.2.5. For each model architecture,
a model was trained on each separate fold of training data, with corresponding vali-
dation set. The C-index was calculated on the validation set every two epochs, and
both the final iteration of the model and the best performing in terms of validation
C-index are saved. The latter is then used for final evaluation.
A few of the models had additional specific settings for training. The IF-MLP models
are trained end-to-end, such that the gradient is flowing through all submodules.
For the late fusion models, the LF-FC model only trained its final fully connected
layer, while the models for extracting the image risk score and tabular risk score
were pretrained and frozen. As for the other approach with the α-model, a sweep
was made over a set of values for α (0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9). For each α,
the model is fully trained on each fold and the α-model chosen to evaluate is the
one with best performing mean validation C-index across all three folds. Further,
the α-model is utilized in two different ways. One with end-to-end training, and
another with the tabular model being pretrained and frozen, such that only the
image model’s parameters are updated. All hyperparameters used for training of
each model can be found in Appendix, Table A.1.
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Results & Discussion

4.1 Baseline
The DeepSurv baseline implementation for the tabular data proved to be insensitive
to hyperparameters during training, and was able to display moderate performance
on both validation and test sets. The evaluation metrics are shown along with the
Cox model baseline results in Table 4.1 and 4.2.

Table 4.1: Baseline performance on the validation set.

Model C-index AUC BS
DeepSurv 0.59 ± 0.00 0.62 ± 0.00 0.16 ± 0.00
Cox PH 0.61 ± 0.01 0.63 ± 0.02 0.20 ± 0.01

Table 4.2: Baseline performance on the test set.

Model C-index AUC BS
DeepSurv 0.59 ± 0.01 0.64 ± 0.01 0.17 ± 0.00
Cox PH 0.63 ± 0.00 0.66 ± 0.01 0.20 ± 0.01

The Cox model achieves higher C-index and AUC values on both the validation
and test sets, indicating stronger discrimination in ranking individuals by fracture
risk. In contrast, DeepSurv attains lower Brier scores, suggesting better calibration,
which means its predicted probabilities more closely reflect the true event rates.

4.2 Ablation study
To evaluate the effectiveness of combining spinal X-rays and clinical risk factors
for fracture prediction, multiple fusion strategies, input image formats, and model
architectures were tested. These experiments are summarized, along with baselines
in Table 4.3. The baselines include traditional CPH and DeepSurv models using
only tabular data. The C-DS models were tested with different inputs: full spinal
X-ray images, vertebral crops extracted using the XVFA method, and multimodal
combinations of these images with clinical risk factors using both intermediate and
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late fusion strategies. Additionally, ViT-DS models were evaluated using the XVFA-
extracted crops, using both intermediate and late fusion strategies.

Table 4.3: Model performance on test data. C-DS indicates ConvDeepSurv archi-
tecture, ViT-DS indicates Vision transformer Deepsurv architecture. Bold indicates
the highest performance achieved in each category. (∗) indicates pretrained modality
prediction module.

Model Crops
Fusion Evaluation Metric

Interm. Late
MLP MLP α C-index AUC BS

C-DS
(end-to-end)

✓ 0.57 ± 0.03 0.61 ± 0.03 0.17 ± 0.01
✓ ✓ 0.69 ± 0.04 0.76 ± 0.05 0.14 ± 0.01
✓ ✓ 0.64 ± 0.02 0.68 ± 0.04 0.16 ± 0.01

C-DS (img.∗, tab.∗) ✓ 0.67 ± 0.03 0.73 ± 0.04 0.19 ± 0.05
C-DS (img.∗, tab.∗) ✓ ✓ 0.66 ± 0.03 0.71 ± 0.04 0.17 ± 0.02

C-DS (tab.∗) ✓ ✓ 0.61 ± 0.02 0.65 ± 0.02 0.16 ± 0.00
ViT-DS

(end-to-end)
✓ ✓ 0.64 ± 0.04 0.69 ± 0.05 0.15 ± 0.01
✓ ✓ 0.66 ± 0.01 0.70 ± 0.01 0.15 ± 0.01

C-DS images only 0.59 ± 0.06 0.63 ± 0.08 0.20 ± 0.03
✓ 0.65 ± 0.04 0.69 ± 0.04 0.17 ± 0.02

DeepSurv tabular only 0.59 ± 0.01 0.64 ± 0.01 0.17 ± 0.00
Cox PH 0.63 ± 0.00 0.66 ± 0.01 0.20 ± 0.01

Further experimentation with certain models and setups was guided by validation
performance, presented in Appendix, Table A.2. For the α-models, α = 0.8 yielded
the best performance on the validation data for all cases where ConvDeepSurv (C-
DS) was the image prediction module, while α = 0.9 was optimal for ViTDeepSurv
(ViT-DS). Based on the validation results, the α values yielding the best performance
for each image prediction module were chosen for final evaluation on the test set.
Overall, the results demonstrate that images contain relevant information for frac-
ture risk prediction on their own. Models using only images for prediction achieved
performance comparable to baseline models, indicating that radiographic features
alone can be strong predictors of fracture outcomes. Multimodal models generally
outperformed baselines across all evaluation metrics, supporting the hypothesis that
incorporating images provides complementary information that enhances prediction.
Both intermediate and late fusion approaches yielded competitive results, suggesting
that multiple fusion strategies are valid and effective.
The best performing model overall was the end-to-end trained C-DS crop model
with intermediate fusion. It achieved a C-index of 0.69, AUC of 0.76, and Brier
score of 0.14. Compared to the best baseline (Cox PH, C-index 0.63, AUC 0.66,
DeepSurv, BS 0.17), this represents a substantial improvement across all metrics.
Not only does it display the effect of multimodal learning, it also demonstrate the
value of jointly training the submodules.
It is also worth noting that the best performing models on validation data did not
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always generalize as well to the test set. Evidently, α-models, using late fusion,
display the best performance on validation data. That is not the case for the test
data, which might indicate slight overfitting.

4.3 Image Input Strategy
The impact of image input strategy is of great interest. Across the image only C-
DS models, it is clear that using XVFA-extracted crops is preferable to full spinal
X-ray images. As expected, the model using crops as input performs better in all
evaluation metrics, as the image-only C-DS model improved from a C-index of 0.59
with full images to 0.65 with crops. This indicates that the cropped images provide
stronger signal, and support the hypothesis that reducing irrelevant background and
focusing on local vertebral features enhances predictive performance.
Similarly for the C-DS models trained end-to-end, crops as input outperform using
full images as input. Here, the full-image model performed worse than baselines.
One possible reason, in this setup, could be that the full images dilute relevant fea-
tures and introduce more background noise. In turn, this could cause the image
features to dominate prediction due to stronger gradients, causing the tabular fea-
tures to be less utilized. Usage of crops could solve such issues by forcing the image
feature extractor to focus on vertebral features.
Inversely, when using late fusion with pretrained and frozen submodules (using the
LF-FC model), the C-DS model trained on full spinal images performed exception-
ally well. This may be because training only a single fully connected layer rather
than updating the entire model reduces gradient noise, leading to more stable and
effective optimization. This result suggests that late fusion with full images can be
highly effective when the submodules are sufficiently well-trained.

4.4 Model Architecture Comparison
Comparing image model architectures, the best C-DS models outperforms the best
ViT-DS model across all comparable configurations. A reason for this could be
that convolutional filters, which focuses on local spatial patterns, are particularly
effective for detecting features important for fracture risk prediction. Even though
less experiments and tuning was done with ViT-DS, they still perform competitively.
With further optimization, it is likely that ViT-DS models could perform on par with
the best C-DS models.
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5
Conclusion

This project has proven that the incorporation of multimodal learning can improve
fracture risk prediction. The results demonstrate that image data alone contain
meaningful fracture risk signal. However, by integrating image data with clinical
risk factors in multimodal models, both the DeepSurv and Cox PH baselines were
consistently outperformed. Furthermore, the findings suggest that using vertebral
crops is generally more effective than using full spinal X-ray images. The compara-
tive analysis of neural network architectures yielded encouraging results, though the
question of whether CNNs or ViTs are preferable remains partially unsolved. This is
primarily due to the limited experiments with ViTs tuning and design in this study.
Nonetheless, both architectures display promising results.
Among all models, the best performance was achieved by the end-to-end trained
ConvDeepSurv model using vertebral crops and intermediate MLP fusion, outper-
forming the strongest baseline in all evaluated metrics, achieving a C-index of 0.69
versus 0.63, an AUC of 0.76 versus 0.66, and a Brier score of 0.14 versus 0.17. These
results support the effectiveness of combining image features and clinical risk factors
in a joint learning framework.
Although the results are promising, they are based on models trained and evaluated
solely on a dataset of older Caucasian women, which limits generalizability. While
difficult to obtain, future work could focus on improving generalizability by using
larger datasets, incorporating more diverse populations, though such datasets are
currently not available. Methods of incorporating explainability and interpretability
could be explored, as these aspects are important for employing models in clinical
practice. Future work should continue to investigate CNN-based approaches, which
performed strongly in this study. Additionally, further exploration of ViTs is war-
ranted, as time constraints limited the number of experiments conducted with them
in this project.
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Appendix

Table A.1: Hyperparameters used during training. C-DS indicates ConvDeep-
Surv architecture, ViT-DS indicates Vision transformer Deepsurv architecture. (∗)
indicates pretrained modality prediction module. In all cases, Adam was used as
optimizer. In the cases of scheduler being used, Cosine annealing was used with
T_max=n Epochs and eta_min=0.1·lr.

Model Crops
Fusion Hyperparameter

Interm. Late
MLP MLP α lr Scheduler n Epochs Batch size

C-DS
(end-to-end)

✓ 1e-4 ✓ 200 32
✓ ✓ 7e-5 200 128
✓ ✓ 1e-4 ✓ 100 128

C-DS (img.∗, tab.∗) ✓ 2e-2 20 32
C-DS (img.∗, tab.∗) ✓ ✓ 2e-2 20 128

C-DS (tab.∗) ✓ ✓ 1e-4 ✓ 50 128
ViT-DS

(end-to-end)
✓ ✓ 1e-5 ✓ 150 64
✓ ✓ 1e-5 ✓ 50 64

C-DS images only 1e-4 ✓ 150 32
✓ 1e-4 ✓ 200 128

DeepSurv tabular only 1e-3 10 32
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Table A.2: Model performance on validation data. C-DS indicates ConvDeepSurv
architecture, ViT-DS indicates Vision transformer Deepsurv architecture. Bold in-
dicates the highest performance achieved in each category. (∗) indicates pretrained
modality prediction module.

Model Crops
Fusion Evaluation Metric

Interm. Late
MLP MLP α C-index AUC BS

C-DS
(end-to-end)

✓ 0.60 ± 0.02 0.63 ± 0.02 0.17 ± 0.00
✓ ✓ 0.58 ± 0.01 0.61 ± 0.02 0.17 ± 0.00
✓ ✓ 0.61 ± 0.01 0.63 ± 0.01 0.17 ± 0.02

C-DS (img.∗, tab.∗) ✓ 0.58 ± 0.03 0.61 ± 0.03 0.21 ± 0.03
C-DS (img.∗, tab.∗) ✓ ✓ 0.58 ± 0.01 0.60 ± 0.01 0.20 ± 0.05

C-DS (tab.∗) ✓ ✓ 0.60 ± 0.01 0.63 ± 0.01 0.16 ± 0.00
ViT-DS

(end-to-end)
✓ ✓ 0.57 ± 0.01 0.59 ± 0.02 0.17 ± 0.00
✓ ✓ 0.56 ± 0.02 0.57 ± 0.03 0.18 ± 0.02

C-DS images only 0.55 ± 0.02 0.59 ± 0.03 0.20 ± 0.03
✓ 0.56 ± 0.01 0.58 ± 0.02 0.19 ± 0.05

DeepSurv tabular only 0.59 ± 0.00 0.62 ± 0.00 0.16 ± 0.00
Cox PH 0.61 ± 0.01 0.63 ± 0.02 0.20 ± 0.01
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