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ARTICLE INFO ABSTRACT
Keywords: Background and Objective: '8F FDG PET/CT imaging is emerging as a tool for Multiple Myeloma (MM)
18FDG PET/CT

evaluation. The goal of this study is to assess the most informative regions and features in MM patients using
a fully automatic imaging-based pipeline by evaluating the performance of survival models with radiomics
Radiomics features for risk stratification.

Feature extraction Methods: A dataset of whole-body-'8F FDG PET/CT images from 227 patients was used. All images were first
Explainability automatically segmented to find the spine and the remaining skeletal structures. Several masks were then
generated using this segmentation, and radiomic features were extracted from both images applying these
masks. The features were aggregated to create three datasets per mask: one per imaging type and a dataset
combining both. Four survival model families were trained on these datasets to estimate progression-free
survival. In total, 128 model x image-origin x mask configurations were tuned to maximize mean c-index via
five-fold cross-validation. The best performing model that utilized both imaging modalities was then analyzed
to assess the prognostic power of its features.

Results: To achieve the best ranking performance, the best configuration was a DeepSurv model trained solely
with features from the PET image extracted using a mask created by using the spine and the region around and
inside it. It achieved a mean c-index of 0.657 and IBS of 0.197 using 5-fold cross-validation. Image—texture
features were the most relevant for risk prediction, with higher heterogeneity correlating with increased risk
of an event. The pipeline is available in the project’s GitLab repository.

Conclusions: The best performing models were random survival forests and DeepSurv, which outperformed
Cox-based linear models. Models with both CT and PET provided better results than with just one, on average,
however the most informative imaging technique was PET, with more features present when combining both
images and the overall best performing model. When building the masks, the inclusion of the paramedullary
region was important, although adding the whole skeleton did not improve results. The most relevant features
for survival analysis were textural features, with image heterogeneity correlating with a higher risk of disease
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progression.

1. Introduction decreases from 80.3% to 60.4% between these two groups, making
early diagnosis a key element in the progression of cancer [3]. These

In 2022, more than 180,000 diagnoses and 120,000 deaths world- ~ high mortality rates are a direct consequence of an early phase of
wide were attributed to multiple myeloma (MM), a cancer of the bone the disease marked by common and subtle symptoms [4], followed by
marrow (BM) plasma cells that accounts for nearly 10% of the hema- stages in which MM manifests heterogeneous symptoms and severity
tologic afflictions [1,2]. According to the Surveillance, Epidemiology, among patients, such as hypercalcemia, renal failure, lytic bone lesions,
and End Results (SEER) program of the National Cancer Institute (NCI) and anemia [5]. This behavior presents a great challenge for clinicians,
of the United States, only 4% of diagnoses present in an early localized not only in the diagnosis and prognosis of the disease, but also in
stage, while 96% have already metastasized. The 5-year survival rate the selection of the most appropriate treatment plan for each patient,
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Fig. 1. Proposed automatic pipeline for survival analysis using '8F FDG PET/CT imaging, integrating segmentation, radiomics feature extraction, and machine learning models for
predictive modeling. Images presented here are obtained from open source dataset from The Cancer Imaging Archive (TCIA) image collection [13].

with accurate assessment of disease progression being crucial to patient
survival.

Given the complexities of MM diagnosis and progression assess-
ment, advanced imaging techniques have become essential tools to im-
prove clinical decision making. 8F fluorodeoxyglucose positron emis-
sion tomography-computed tomography (FDG PET/CT) has been shown
to be a valuable method to assess the state of the disease and guide
treatment strategies [6,7]. By providing visual representations of tissues
and their metabolic activity, FDG PET/CT enhances the detection of
active disease sites and helps to monitor the response to treatment,
which is why it is widely employed in studies focusing on cancer [8,9].
In recent years, this technique has been widely adopted by clini-
cians working with MM [10-12], and it has been included in the
updated criteria for MM diagnosis of the International Myeloma Work-
ing Group [4], proving that FDG PET/CT provides a complementary
and increasingly indispensable tool to achieve a more precise disease
characterization.

Radiomics, in this context, emerges as a valuable tool for enhancing
disease evaluation and prognosis. It is a feature extraction method that
uses data characterization algorithms to gather quantitative features
from medical imaging. Radiomics enables a deeper analysis of tissue
characteristics beyond what is visible to the human eye, identify-
ing subtle patterns in imaging data that may correlate with disease
progression or patient outcomes [14-16]. Its effectiveness has been
demonstrated in numerous cancer-related applications [17], also in MM
research [18-20], where it helps identify tumor characteristics, predict
treatment responses, and evaluate patient outcomes. The ability to
process and interpret high-dimensional data offers significant potential
to support clinicians, especially in rare diseases like MM, where person-
alized treatment decisions and precise staging are critical to improving
patient survival.

The most extended criteria for prognosis and survival analysis in
MM were still entrusted only with invasive examinations of genetic
and clinical samples [21,22], even the latest release Second Revision
of the International Staging System (R2-ISS) [23]. These metrics can
introduce procedural risk, inter-observer variability, and lengthy pro-
cessing times. To address these limitations, recent studies included the
combined use of radiomic and clinical characteristics to train survival
models for risk stratification in MM [18,19], as well as other radiomics
studies in which CT slices have been used to detect lytic lesions [24]. In
addition, fully unsupervised methods for risk stratification have been
developed using clinical, biochemical, and cytogenic variables [25].
However, a truly non-invasive, end-to-end PET/CT radiomics workflow,
one that requires neither manual contouring nor biopsy, has not yet
been demonstrated in MM. This study therefore explores the feasibility
and limitations of a fully automated, image-only pipeline, automating
segmentation, multi-scale feature extraction, and survival modeling,
to assess whether purely radiomic based risk scores can approach
the discriminative power of existing invasive or hybrid methods and

provide prognostic insights, as well as providing a fully automated tool
that can be used to explore other datasets and enhance radiomic feature
analysis.

In this context, based on existing research, the main objective of this
study is to evaluate the effectiveness of radiomic-based survival models
for risk stratification in patients with MM, specifically focusing on the
use of a fully automated pipeline to analyze 18F FDG PET/CT images
to estimate progression-free survival (PFS) of patients. The approach
consists first of segmenting regions of the patient’s skeleton within CT
and PET images. The selected regions are chosen between the most
indicative of the presence and progression of the disease. The segmenta-
tion is then used to build a mask employed in the extraction of radiomic
features. Survival analysis models are trained on the extracted features,
using PFS ranking as the end point. Finally, the best-performing models
are analyzed to find the most informative features. The contributions
of this work, in pursuit of the main objective, are the following:

» The introduction of an image-only approach that systematically
explores different segmentation masks and imaging modalities
through an automated pipeline, evaluating risk stratification re-
lated metrics. The pipeline is available in the project repository.!
A benchmark of survival models including linear Cox variants
(with LASSO, PCA, and stepwise selection) and non-Cox methods
such as Random Survival Forests (RSF) and DeepSurv along with
regularization and feature reduction techniques. Each model is
evaluated to identify the best-performing configuration for MM
risk stratification.

A detailed analysis of feature importance, identifying key ra-
diomic biomarkers that correlate with patient outcomes, includ-
ing the evaluation of texture, shape, and intensity features, and
their association with survival metrics. This analysis helps to
determine which features are most predictive for MM prognosis.

2. Materials and methods

In the following section, the materials and methods used for the
implementation of the automatic pipeline proposed for survival analysis
using '8F FDG PET/CT medical imaging, which is summarized in Fig.
1, are presented. The process begins with a dataset of PET/CT scans
that provides detailed anatomical and metabolic information about a
patient. The next step involves image processing and segmentation,
which implies segmenting volumes of interest (VOI) to extract relevant
anatomical structures for our use case as masks, and the application
of transformations and refinements to them. Following this, feature
extraction is performed by extracting quantitative imaging biomarkers

1 The complete pipeline and source code are available at https://gitlab.
com/GATVUPM/automated-mm.
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from the segmented regions. Finally, these extracted features are sub-
jected to a selection process to retain only the most relevant ones for
survival prediction depending on different modeling approaches. These
include the Cox proportional hazards model, Random Survival Forests,
and deep learning models. The details of this automated pipeline are
explained in the following subsections. In addition, a feature analysis
is performed to better understand the most influential features of the
models’ predictions.

2.1. Dataset

The present study uses a cohort of patients composed of a total
number of 262 newly diagnosed MM patients collected since 2007
by the Italian IRCCS Azienda Ospedaliero-Universitaria Sant’Orsola-
Malpighi in Bologna. The data collection available for each patient is
made up of 18F FDG PET/CT imaging studies and clinical annotations,
which include demographic data, clinical examinations, information on
disease progression, and patient survival. Specifically, for the presented
scope of this research, the analysis focuses on imaging data and PFS
annotations within clinical data.

2.2. Image preprocessing and segmentation

First, PET and CT volumes were loaded as NIfTI and inspected.
Although the qform/sform were identical (an identity matrix), the two
volumes differed in their voxel origins and spacing. To achieve one-
to-one alignment, the PET volume was rigidly resampled onto the CT
grid (same origin, voxel size, and dimensions) using linear interpolation
with SimpleITK [26]. No deformable (flexible) registration was applied.
Artifact correction flags (e.g. motion or metal-artifact filters) were not
present in the headers.

The selection of the VOI from PET/CT images was based on the
Italian Myeloma criteria for PET USe (IMPeTUs) [10,27]. IMPeTUs
is a protocol that standardizes '8F FDG PET/CT evaluation in MM
patients’ disease staging using several metrics, including the presence of
paramedullary disease (PMD), the presence of fractures, and the loca-
tion of focal bone lesions in the spine, skull, or the rest of the skeleton.
All IMPeTU metrics except those related to extramedullary lesions are
related to the bone marrow, spine, paramedullary region, and skeleton.
Survival analysis has shown that these bone-related evaluation crite-
ria have prognostic significance in patients with MM, including the
presence of paramedullary disease [28]. Following these findings, four
selected VOI were chosen, including the vertebral column, the spinal
cord, the surrounding paramedullary regions, and other delocalized
bone areas. The four masks have the following nomenclature (and can
be observed in Fig. 2):

» Spine: This VOI includes only the segmented vertebral bones.
The spine is the most frequent site of skeletal involvement in
MM, and lesions in this area carry a high risk of clinical compli-
cations such as vertebral compression fractures and spinal cord
compression [29].

Spine filled: This mask includes the vertebrae and the internal
spinal canal. It was designed to capture both the intramedullary
bone marrow disease within the vertebral bodies and potential
paramedullary extensions into the epidural space.

Spine dilated: This VOI expands upon the previous mask to
include the surrounding paramedullary regions. This comprehen-
sive area ensures the inclusion of all IMPeTUs-relevant
paramedullary disease, a known high-risk feature associated with
poorer outcomes.

Skeleton: This is the most comprehensive VOI, encompassing the
entire segmented skeleton and the dilated VOI of the spine mask.
This mask was chosen to enable the quantification of the total
body burden of bone disease. Assessing the number and metabolic
activity of lytic and focal lesions across the entire skeleton is
crucial for MM staging [10].
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Spine filled

Skeleton Spine original Spine dilated

Fig. 2. Different masks used in the study, including the complete skeleton segmented
by MOOSE, the original volume of the spine extracted from previous segmentation, and
morphological transformations of it, which includes fill the holes of the volume and
dilate the mask. Images presented here are obtained from open source dataset from
The Cancer Imaging Archive (TCIA) image collection [13].

To obtain these masks, automatic segmentation of CT scans was per-
formed using the Multi-Organ Objective Segmentation model (MOOSE
2.0) [30]. The segmentation model by Sundar et al. was reported to
be able to obtain robust segmentation performance, achieving median
Dice similarity coefficients (DSCs) > 0.90 for most bones (all but carpal,
metacarpal, and foot phalanges). The four ROI masks (spine, spine
filled, spine dilated, skeleton) were then derived via morphological
operations (fully detailed in the Supplementary Data and project repos-
itory). In particular, the spine filled mask was obtained by morpholog-
ical closing, consisting of three dilation and three erosion iterations,
resulting in an effective closing radius of approximately 3-4 mm.
Midway through the process, a horizontally structured hole-filling op-
eration with a radius of 1-1.3 mm was applied to ensure the internal
spinal cavity was completely closed. Moreover, from the spine filled
mask, the dilated mask was obtained by performing three iterations
of dilation, resulting approximately in a dilation radius of 3-4 mm.?
In order to also use the obtained masks for PET images, which are
acquired with a different resolution with respect to CT, they were
resampled to the resolution of CT images using linear interpolation with
SimplelTK [26].

2.3. Feature extraction

Instead of directly using raw voxel intensities from PET and CT
images, quantitative radiomic characteristics were extracted from both
modalities using the PyRadiomics library [31], using the generated
masks. This approach results in a reduced-dimensionality feature set
that retains clinically and biologically relevant information. For exam-
ple, PET-derived texture features that capture heterogeneity have been
associated with focal bone marrow alterations [32].

The features were extracted from original unfiltered images (88 fea-
tures + 14 mask shape-related features), wavelet-transformed images
(704 features) and Laplacian of Gaussian (LoG) filtered images (176
features) for a total number of 982 features. The extraction allowed
features of multiple categories, summarized in Table 1, to be computed
for all defined masks.

Wavelet filters decompose the image into frequency sub-bands ap-
plying high- and low-pass filters. The filters capture both fine details
(high-pass) and broader structural information (low-pass). Wavelet
filters were applied using the eight high/low-pass combinations (LLL,
LLH, LHL, LHH, HLL, HLH, HHL, HHH) as implemented in PyRa-
diomics.

2 All measures were chosen considering the slight variation in voxel spacing
across the CT dataset.
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Table 1
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Summary of PyRadiomics Feature Classes [31] extracted from all types of filtered images.

Feature Class Description

First Order Statistics

Quantify the distribution of voxel intensities within the Region of Interest (ROI)

using common statistical measures such as mean, median, and standard deviation.

Shape-based (2D and 3D)

Describe the geometric properties of the ROI, including size, shape, and surface
characteristics.

Gray Level Co-occurrence Matrix (GLCM)

Assess the texture by examining the frequency of co-occurring voxel intensity pairs

at a given spatial relationship, providing insight into patterns like homogeneity and

contrast.

Gray Level Run Length Matrix (GLRLM)

Evaluate the length of consecutive voxels having the same intensity value, offering

information about the texture’s coarseness and directionality.

Gray Level Size Zone Matrix (GLSZM)

Measure the size of homogeneous zones of voxels with the same intensity, reflecting

the texture’s granularity and structural complexity.

Gray Level Dependence Matrix (GLDM)

Determine the number of connected voxels within a certain distance that are

dependent on the center voxel, capturing more subtle texture patterns.

The LoG filter combines Gaussian smoothing with a Laplacian op-
erator, emphasizing regions of change such as edges and blob-like
structures. It can be used to highlight these intensity variations in dif-
ferent spatial scales by changing the sigma parameter of the Gaussian.
In this case, two sigma values were selected for two different scales:
1 and 2 mm to highlight intensity transitions at both fine (1 mm) and
coarser (2 mm) spatial scales. These sigma values were chosen because
they roughly correspond to the voxel dimensions of our resampled CT
(1 mm) and to twice that scale, allowing us to probe edges and blob-like
structures without oversmoothing.

After extraction, two sets of features were obtained, one from the
CT image and one from the PET image for each patient for each of the
four masks employed. Aggregating both sets of features into a combined
PET/CT feature set gives a total of three different feature sets each for
a different origin (PET, CT and combined PET/CT) for each of the four
masks for every patient. Each origin-mask pair was treated as its own
unique dataset, resulting in 12 distinct datasets.

Prior to any modeling, all 982 radiomic features (and 1,950 com-
bined PET+ CT features) were standardized to zero mean and unit
variance across the full training cohorts. This per-feature z score nor-
malization helps reduce the scale differences introduced by varying
PET/CT scanners and acquisition protocols.

2.4. Feature selection and model building

Each image yielded 982 radiomic features. Using both PET and
CT simultaneously produces 1950 features (after removing duplicated
shape descriptors). With a dataset of 262 patients, this can be consid-
ered a problematically large number of features. Additionally, some
radiomic features measure very similar or even the same characteristics
of the image. This means that features can have high multicollinearity
and non-linear relationships between each other, which hinder the per-
formance of linear estimators such as the Cox model by breaking their
assumptions. While RSF and DeepSurv can inherently model complex,
non-linear feature interactions, they too risk overfitting when redun-
dant variables predominate. In such cases, feature reduction techniques
or penalization methods are commonly applied to address feature-
dataset size imbalances and multicollinearity. The following sections
outline the methods used to mitigate this issue.

In order to perform survival analysis on the PFS outcome of the
cohort, several risk models were taken into account: Cox proportional
hazards [33], Random Survival Forests (RSF) [34], DeepSurv [35] and
DeepHit [36]. The Cox model is a well-established semi-parametric lin-
ear method. RSF handles non-linear interactions and can manage high
dimensional data well. DeepSurv and DeepHit employ deep learning
frameworks that are capable of modeling complex non-linear interac-
tions and time-dependent effects.

To address the noted feature-sample imbalance (982 features from
227 patients® and up to 1,950 features when combining imaging modal-
ities), we implemented a multi-tiered strategy: (1) Model-specific
regularization (LASSO L, and Ridge L, penalization in Cox/Deep-
Surv; node splitting constraints in RSF), (2) Explicit dimensionality
reduction (PCA in Cox/DeepSurv; univariate pre-filtering in Cox),
and (3) Embedded feature selection (RSF-VH algorithm). These ap-
proaches collectively mitigate overfitting risks while accommodating
each model’s theoretical framework. The following sections detail these
implementations.

Model hyperparameters as well as feature selection thresholds were
selected by optimizing the models to maximize their concordance
index (c-index) using Sobol sequences in Optunity [37] to search the
parameter space with 5-fold cross-validation.

Training procedure and model evaluation

Models were trained to optimize their average c-index in 5-fold
cross-validation to minimize overfitting, also by monitoring the vari-
ance of this mean (the standard error). The c-index is an assessment
of the model’s discrimination power. It is a generalization of the
area under the curve (AUC) of the receiver operating characteristic
(ROC) [38]. Therefore, a perfect model has a c-index of 1 while a
random prediction gets a c-index of 0.5. This is a common index used
to evaluate models and is easily interpretable [39] and therefore it was
the selected research objective.

To further assess the performance of the models, the integrated
Brier score (IBS) was calculated. The Brier score measures the accuracy
of predicted survival probabilities by calculating the mean squared
difference between the predicted survival probability and the observed
survival outcome at specific time points, weighted to account for
censoring. The IBS is the integration of the Brier score over the time
span of event times in the data. A lower IBS indicates better model
performance, with a score of 0 representing perfect predictions [40].

Both c-index and IBS are metrics that measure different qualities
of the model. One focuses on discrimination (c-index), evaluating how
well the model ranks patients in terms of risk, while the other empha-
sizes both calibration and discrimination (IBS), assessing the accuracy
of predicted survival probabilities over time. As the models in this
study were trained to optimize the c index, their main objective was
to achieve the best possible ranking of risk scores.

However, a model optimized for the c-index may not necessarily
achieve the lowest IBS. This is because maximizing discrimination
does not always guarantee well-calibrated survival probabilities. For
example, a model could accurately classify patients in terms of risk but
provide poorly calibrated probability estimates, leading to increased

3 227 reflects the final analytical cohort after exclusions; initial cohort was
262.
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IBS. In addition, to calculate the IBS, an estimated hazard function
must be derived from the output of the model. Some models directly
estimate the hazard function, while in other cases some heuristics are
needed to approximate it. This can lead to a miscalibration of survival
probabilities that can result in a higher IBS even with correct relative
risk ordering, especially when the training objective was the latter.

Cox model

The Cox proportional hazards model is a semi-parametric method
that estimates the relationship between covariates and the hazard of
an event occurring at a given time. It assumes a multiplicative effect
of covariates on the baseline hazard and provides interpretable hazard
ratios for each feature included in the model. It is challenging to apply
in datasets with many covariates because it requires a sufficient number
of events relative to the number of predictors to avoid overfitting [39].
This is especially true in datasets containing radiomic variables, with
high dimensionality and features that can have high correlations and
multicollinearity. These issues complicate accurate estimation of hazard
ratios [41]. High variance inflation factors on the dataset showed
that this was the case, collinearity was present. Several dimensional-
ity reduction techniques were employed to handle this issue: LASSO
penalization, principal component analysis (PCA), stepwise regression,
and univariate p-value thresholding.

Multivariate Cox with LASSO penalization

The least absolute shrinkage and selection operator (LASSO) pe-
nalization was included in the model. LASSO applies an L; norm
regularization to the regression coefficients shrinking less relevant
coefficients to zero, regularizing the model and selecting the most
significant variables. This improves the prediction accuracy and inter-
pretability of the resulting statistical model while reducing the risk of
overfitting [42].

Multivariate Cox with PCA

Principal Component Analysis (PCA) was applied before the model-
building step in each fold of the cross-validation. This dimensionality
reduction technique transforms the data into a new coordinate system,
where the principal components capture the directions of maximum
variance [43]. This approach enables the creation of a reduced set
of covariates that preserved most of the dataset’s information while
mitigating collinearity issues. Dimensionality reduction methods such
as PCA are particularly advantageous in high-dimensional biomedical
datasets, such as those found in genomics or radiomics, where the
number of covariates can far exceed the number of events [44,45].
However, a negative side effect of using this type of method is that
the transformed data is characterized by black-box features, limiting
the explainability of the results.

Univariate Cox with stepwise regression

Instead of penalizing the features or changing their vector space, in
this method only features with ranking significance were chosen. To
estimate feature importance, a univariate Cox model was trained for
each covariate in the dataset. By isolating each covariate, this approach
avoids the confounding effects of multicollinearity and enables an ini-
tial assessment of feature relevance, which is particularly useful when
dealing with high-dimensional datasets in Cox model survival analy-
sis [46,47]. For each individual training, the corresponding p-value was
recorded, representing the probability of accepting the null hypothesis
that the covariate has no association with the model’s outcome. These
p-values serve as a measure of the strength of the relationship between
each covariate and the survival outcome. Subsequently, starting from
the covariate with the lowest p-value, variables were added to the
model in ascending order of their p-values. The process continued until
at least one p-value exceeded a threshold, a hyperparameter of the
pipeline, at which point the last added variable was discarded.
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Univariate Cox with P-value thresholding

Similarly to the last method, the feature set was reduced by dis-
carding features. In this method, covariates with univariate p-values
below a threshold were retained, while those with p-values above the
threshold were excluded. A multivariate Cox model was trained using
all retained variables, with Ridge penalization applied to the regression.
This approach is frequently used in Cox model applications, as it
offers a practical way of performing feature selection, especially when
dealing with a large number of predictors. However, it is important
to note that this method, although commonly applied, is not fully
statistically consistent. In fact, the thresholding procedure introduces
an approximation in the feature selection process, and its significance
highly depends on the chosen p-value threshold. Despite this limitation,
it remains a widely accepted strategy for balancing the complexity and
interpretability of the model in survival analysis [47,48].

Random survival forests

RSF is an ensemble-based, non-parametric survival analysis method
that extends decision trees to right-censored data [34]. It models non-
linear relationships between predictors and PFS by aggregating multi-
ple decision trees built on bootstrapped datasets, each splitting based
on random subsets of features. Its non-parametric framework makes
minimal assumptions about the underlying hazard function, which is
advantageous when the true risk relationships are unknown.

Feature selection was done by using mean minimal depth and
variable importance calculated following the RSF-Variable Hunting
(RSF-VH) algorithm [49]. This feature selection algorithm is intended
for data where the feature number is larger than the sample size. It cal-
culates several metrics of the features iteratively by growing trees with
a random subset of variables. Their minimal depth, occurrence, and
permutation importance are stored. To calculate the metrics, for each
fold the algorithm was iterated 200 times. To select the features, the
first N features according to their variable importance that were in the
top 25% of occurrences were used (N being a tunable hyperparameter
of the model).

Deep learning

Two deep learning approaches were used to model PFS: DeepSurv
and DeepHit. More neural network-based survival models currently
exist, but these two were chosen because they exemplify two differ-
ent estimation approaches: Cox-based and discrete time-based, which
are the two most common estimation approaches in deep survival
models [50].

DeepSurv was chosen because it directly extends the familiar Cox
proportional hazards framework to non-linear covariate effects, retains
an interpretable hazard-ranking objective, and has a relatively modest
architecture that has shown robust performance on moderate-sized
biomedical datasets [35]. DeepSurv also served as a natural companion
to our Cox-based workflows (e.g., it inherits the same log-partial-
likelihood loss), facilitating direct comparisons between linear and
non-linear hazard estimators.

DeepSurv is a deep feed-forward neural network that approximates
the effects of covariates on the hazard function, effectively extending
the Cox proportional hazards model to non-linear and high-dimensional
domains [35]. It maintains the assumption of proportional hazards
induced by the Cox model. It also uses L, regularization to penalize
large weights, thereby reducing overfitting and ensuring a more stable
estimation of the hazard function, which is especially important when
handling high-dimensional data.

DeepHit models the joint distribution of survival times and com-
peting risks (in this case only one), allowing for direct estimation
of survival probabilities at any time point [36]. DeepHit employs a
discrete-time formulation and treats survival analysis as a multi-task
classification problem.

Both models were trained using the full set of raw features. Due
to its Cox-based foundation, DeepSurv was also tested with a PCA to
mitigate collinearity.
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For DeepSurv, the search ranges of the model hyperparameters
were dropout (0-0.5), number of hidden layers (1-20), nodes per layer
(2-400), L, penalty (10-3-1071), learning rate (10~#-10-2), decay
factor (10~°-1073) and the number of PCA components (2-174). The
single best DeepSurv configuration used 9 hidden layers of 364 nodes,
dropout = 0.18, L, = 7.9 x 1072, learning rate = 1.6 x 10~ and decay =
7.2 x 1073, The full search ranges and final values for all combinations
of model-mask-origin are listed in the Supplementary Data.

2.5. Clinical baseline

To provide a non-imaging reference, we fitted a CoxPH model
using only available clinical covariates (RISS stage, age, sex, creatine,
hemoglobin, platelets, calcium). These features were standardized and
entered without further dimensionality reduction. As with the rest of
the models, the hyperparameters were tuned by 5-fold cross-validation
to maximize concordance and performance was assessed by the mean
c-index across folds.

2.6. Feature analysis

After training, to collect global information on the origin of the
characteristics, the top quartile (25%) of the models was studied to
obtain the most relevant features overall. All models analyzed were
Deepsurv models that returned one-sample t-test p-values < 0.005
when tested against a null hypothesis of C-index = 0.5. To obtain
more specific information on the importance of the features, the best
performing model that uses PET and CT images was selected to analyze
the origin and meaning of its most important features.

Shapley values were used as the feature importance metric. They
were calculated using the SHAP library [51]. These values indicate the
importance of each input feature in shaping the model’s predictions.
Each Shapley value quantifies how much a given feature contributes to
pushing the model’s output away from a baseline prediction.

Although Shapley values explain individual feature contributions,
the overall model remains a ’black box’. RSF inherently allow for
inspection of variable importance and decision paths, while Deep-
Surv’s deepnet weights and nonlinear activations yield less transparent
feature interactions. Thus, although SHAP provides valuable partial
insights into DeepSurv, interpretation remains more straightforward
in RSF, highlighting a trade-off between predictive power and model
interpretability.

3. Results
3.1. Patient demographics

The objective of the study was to achieve the best ranking per-
formance for PFS, therefore, only patients with this information were
considered. This clinical endpoint represents the amount of time during
and after treatment until a MM patient experiences a disease relapse.
The selection performed left out 35 patients, with a final dataset of
227 patients with PFS information and imaging data. Of these patients,
160 (70. 48%) experienced the event of interest and the remaining 67
(29.52%) were censored. An overview of the demographic information
of this reduced population shows that the sample is characterized by
132 (58.15%) male and 95 (41.85%) female patients. The mean age of
patients was 62.5 years (with a standard deviation of 9.7 years). Table
2 summarizes the baseline characteristics of the study cohort, including
the Revised International Staging System (RISS) score of the patients.

3.2. Clinical baseline
The clinical-only CoxPH model achieved a 5-fold cross-validated c-

index of 0.647 + 0.058 with a one-sample t-test p-value < 0.005 when
tested against the null hypothesis of c-index=0.5.
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Table 2
Baseline characteristics of the study cohort (N = 227).

Characteristic Value

Age, mean + SD, years
Sex, male, n (%)
Staging
R ISS stage, n (%)

Not reported

62.5+9.7
132 (58.15%)

58 (25.6%)

Stage I 49 (21.6%)
Stage II 95 (41.9%)
Stage III 25 (11%)
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Fig. 3. Kaplan-Meier curves of the patient dataset by risk score quartile obtained
from the best model. Risk scores were obtained for each patient when the patient was
in the testing cohort of the cross-validation procedure. The Kaplan-Meier curves for
the four risk groups intersect briefly and mostly follow the ordering corresponding to
their stratification, validating its performance. Additionally, the multivariate logrank
test yielded a chi-squared statistic of 22.44 with 3 degrees of freedom (p < 0.005,
—log,(p) = 14.21), confirming that the differences in survival among the risk groups
are statistically significant.

3.3. Model performance

The best performing model-dataset pairing was DeepSurv using no
dimensionality reduction with the spine-dilated mask and PET image,
achieving a mean c-index of 0.657+0.032* and an IBS of 0.143+0.022. A
paired t-test comparing the fold-wise c-indices of this DeepSurv model
against those of the clinical baseline CoxPH model confirmed that the
improvement in the imaging model was statistically significant (p-value
< 0.005). By averaging all data sets, the DeepSurv models were also the
best performing, with a mean c-index of 0.63 +0.02. Notably, while the
c-index favored the DeepSurv model without dimensionality reduction,
the Brier score indicated that the best performance was achieved by
the DeepSurv model with dimensionality reduction, highlighting the
impact of the evaluation metric on model selection.

The model with the worst performance was the Cox model using
step-wise regression for the spine-dilated mask using both images, with
a c-index of 0.416 +0.02. On average, the worst-performing model was
DeepHit, with an average c-index of 0.516 + 0.24. The Cox models were
on average better than the rest of the models in terms of their mean
IBS, with only the Deepsurv model with PCA performing better.

Fig. 3 shows the Kaplan—-Meier curves of the patients divided into
risk quartiles obtained from this model to visually assess the ranking
performance for each risk group. In Fig. 4 the distribution of c-indexes
across all models can be observed. Fig. 5 represents all average c-
indexes for each origin/mask pairing, while the standard error of these

4 Errors indicate the standard error, stemming from the sampling error from
the cross-validation procedure.
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Fig. 4. Boxplot of average c-index of all tested models across all dataset pairings. Both
RF and DeepSurv models outperform linear models and DeepHit models, and show a
narrower distribution of c-index results across origin-mask pairings.

measurements is presented in Fig. 6. For reference, Fig. 7 displays the
distribution of IBS across all configurations.

Calibration was assessed at two landmark times for the
best-performing model: 12 and 30 months, i.e., 1 year after the image
and the median event time. It was assessed using decile-based bins of
out-of-fold predicted survival probabilities. Both curves (Fig. 8) reveal
miscalibration: risk is consistently overestimated in low-risk groups
(points below the diagonal) and underestimated in high-risk groups
(points above the diagonal).

4. Discussion

The following section analyzes the results of the model training,
optimization, and feature exploration. They are presented from the
perspective of the model, the image origin, and the mask generation
as well as the selected feature’s importance.

For the analysis origin and mask-wise, only the top 25% of con-
figurations were considered to focus on the most relevant results, thus
removing the configurations that had c-indexes lower than 0.59. Of this
top 25% all but one were DeepSurv models, and the odd one out was
a Cox model with LASSO.

To extend the analysis feature-wise, Shap values were calculated for
all deep models within the top 25% of configurations. In-depth analysis
of features was performed by only examining the feature importance of
the best-performing combined-origin model. The choice of the model
was motivated by the need to use one of the best-performing models, as
it ranks second in terms of performance, while also using both imaging
techniques to provide insights into the features related to each.

For reference and benchmarking, concordance indexes of around
0.6 are shared results in the literature for MM risk stratification using
PET/CT. Ni et al. [19] report a test C-index of 0.651 in a recent
study using radiomic features, and Mosquera et al. [25] report that
the best C-index they achieved was 0.652 when modeling using both
the International Staging System (ISS) and the Revised International
Staging System (RISS), two common prognostic scores in MM.

4.1. Model-wise

Overall, Random Survival Forests (RSF) and DeepSurv consistently
achieved higher concordance indices than Cox-based approaches (in-
cluding penalized and PCA-based Cox models). Of the top 25% of
all model-origin-mask configurations, all except one are DeepSurv
models. The results of the RSF and DeepSurv discrimination show more
homogeneity between mask-origin pairs than the rest of the models,
showing robustness against changes in the information contained in the
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dataset. Regarding the accuracy (IBS) of the predicted probabilities, the
DeepSurv models also have the best results, having the lowest IBS of
all configurations.

Stratification results (c-index) are stable between origin—-mask con-
figurations for both the DeepSurv models and RSF. Accuracy (IBS) RSF
results are also stable between configurations, but DeepSurv models are
diverse in their accuracy performance (IBS). Overall, both the best and
worst accuracy (IBS) mask-origin-model configurations are DeepSurv
models. This can be due to the heuristics used in calculating the hazard
function miscalibrating the estimation or because, by optimizing the
c-index, we end up with a model that is good at assessing relative
risks but not absolute risks. High discrimination (c-index) and low
accuracy (IBS) can also be an indicator that these configurations over-
parametrize the problem by skewing the probability estimates of the
model. This miscalibration can also be observed in the deviation from
the 45° line in both the 12- and 30-month calibration plots of the best
model (Fig. 8).

The DeepHit model configurations had the worst performance of
all the models tested. DeepHit is a model designed to estimate mul-
tiple events and thus has a more complex network and loss function
than DeepSurv, the other neural network model. Its deep architecture
has more parameters that require calibration and thus needs a larger
dataset to be able to generalize, which could be the issue in this case.

Radiomics feature generation yields highly collinear metrics and
complex interdependencies that violate the proportional-hazards as-
sumptions of the Cox model [33], resulting in poorer discrimination
compared to Random Survival Forests (RSF) and DeepSurv.

Among the Cox variants, the LASSO-penalized model achieved the
highest average c-index across all configurations and delivered the sin-
gle best Cox configuration. The PCA-based Cox model was the next best
on average. By contrast, the univariate Cox with stepwise regression
produced both the lowest and second-highest c-index values, indicating
high instability, an expected consequence when only a few features
remain after pruning, since any suboptimal selection then has outsized
impact.

4.2. Origin-wise

When analyzing the contribution of the image origin to perfor-
mance, models trained with features of both imaging techniques (com-
bined origin) had better results than those trained with only PET or
CT features (as seen in Fig. 9). Within the best-performing combined
models, the features of the PET image had higher Shapley values on
average and were more prevalent in the top 50 features by this metric
(as seen in Fig. 10), indicating that the PET images provide more
useful information for discrimination than CT. Of the configurations
built with the features of a single imaging technique, PET models had
better results (including the best overall result) than CT, supporting
the assumption that PET images had stronger predictive power. This
finding is consistent with the clinical literature, as lytic bone lesions
can be identified by high FDG uptake even in the absence of osteolysis
in CT [52].

It should be noted that the single highest c-index (0.657) was
obtained by a PET-only DeepSurv model using the spine dilated mask,
even if averaged across masks, combined-origin models outperformed
PET models. Although the PET-only model can excel under one par-
ticular mask, integrating CT features delivers more consistent improve-
ments across different segmentation strategies, stabilizing performance,
and validating the overall advantage of multimodal radiomic fusion.

4.3. Mask-wise

When examining the contributions of the segmentation mask to the
performance of the models, the spine filled mask achieved the best
result, closely followed by the skeleton mask. Adding the rest of the
bones does not appear to improve the model, indicating that only the
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spine and paramedullary regions are necessary for these models to
achieve their best performance. The literature discusses that PET/CT
imaging is very useful for the detection of bone lesions [30], which
can appear in other bones apart from the spine. The advantage of
PET/CT over MRI is the possibility of the detection of myelomatous
lesions in areas outside the spine/pelvis, such as the medullary and
extramedullary sites of active MM [11]. In this investigation, the mask
with the worst performance was the one with only spine, without
medullary or extramedullary regions, indicating that these sites were
informative for the selected clinical outcome.

Radiomics features of the mask’s shape are present within the top
50 most important features according to their Shapley values. When

analyzing the whole skeleton, these features are less specific to the
spine and extramedullary sites. This could reduce the predictive power
of these features and explain the similar results between masks, as there
is a tradeoff between more information from other regions and less
informative mask features.

4.4. Feature-wise

Aggregating results over the best models, of the top 50 Shapley-
ranked predictors, most derive from wavelet filters. Part of the reason
for the dominance is the larger overall number of wavelet-based fea-
tures compared to other feature categories. Each original volume yields
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Fig. 8. Calibration curves for the best DeepSurv model (spine-dilated + PET) using out-of-fold predictions. Mean predicted survival probabilities (within decile bins) are plotted
against observed Kaplan-Meier estimates at (a) 12 months and (b) 30 months. The dashed diagonal line represents perfect calibration.
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DeepSurv models. PET features outnumber those from CT.

eight wavelet sub-bands, and every texture metric is recomputed on
each, so wavelet-derived features far outnumber those from unfiltered
or LoG-filtered images. Additionally, wavelets inherently decompose
image heterogeneity at multiple spatial scales. High-pass highlights fine

details while low-pass shows broader effects, efficiently capturing the
complex, multi-resolution patterns of texture variation characteristic of
MM lesions, which single-scale filters like LoG might miss.

When honing in to the best performing combined origin model’s
features, more clear patterns appear. Table 3 describes the 10 most
important features according to the mean of the magnitude of their
Shap value, shown in Fig. 12, while Fig. 11 shows the same features,
their values and their Shap values. To further assess the relationship
between the feature values and the Shap values, Fig. 13 displays the
Shap dependency plot for the most important feature.

Regarding the most important features obtained from the analysis,
1 measures the shape of the mask, 5 measure characteristics from the
CT image, and 4 from the PET image. Of the CT features, 2 measure the
homogeneity of textures in the image, and 3 explore the distribution of
gray level values inside the mask. Of the PET features, 2 measure the
distribution of SUV values and 2 measure homogeneity of SUV values.

Aggressive bone lesions are associated with fine “fuzzy-appearing”
areas of bone destruction [53]. Textural radiomic features such as glem
MCC CT and original glem Idm PET gather information related to
homogeneity (as explained in Table 3) and are highlighted as some of
the most important by Shap magnitude in the best combined origin
model. In Fig. 13 the value of the maximal correlation coefficient
of the gray level co-occurrence matrix of the CT image is plotted
against its Shap value. The complexity of texture patterns shows a
correlation between homogeneity and lower Shap values, thus finding
a link between heterogeneity (fuzziness) and risk as calculated by
the DeepSurv model, aligning with clinical knowledge and current
radiomic research [32,54].

Bone destruction can also be characterized by its zone of transi-
tion [55]. The LoG filter highlights borders and details within the
image, as does the wavelet transformation using high-pass filtering,
both of which appear within the most important features.

Finally, the mean absolute deviation of the mask in the PET image is
the most important feature of this image. It measures the distribution of
intensity values in the image. The SUV values and kinetics of the tracer
correlate with the percentage of bone marrow plasma cells in multiple
myeloma lesions [7].

Spearman correlations between the ten most important radiomic
features and three established MM biomarkers (paramedullary disease,
RISS and ISS) were computed (|p| < 0.3; highest p = 0.27 between mask
volume and paramedullary disease). These results, which indicate only
modest overlap, are reported in the supplementary data.

Mean absolute SHAP values were averaged over five cross-validation
folds with one-sample t-test p-values computed for each feature. All
top ten features showed p < 0.005, indicating statistically significant
importance.
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Table 3

Description and mean magnitude of SHAP values of top radiomic features in the best performing combined origin model.

Feature Description

Mean SHAP magnitude

original glem MCC CT

Original CT image without filtering. Gray-Level Co-occurrence

0.207

Matrix (GLCM) is a second-order statistical feature that analyzes the
spatial relationship between pixel intensities. The maximal
correlation coefficient (MCC) is the square root of the largest
eigenvalue of the GLCM, measuring the complexity of texture
patterns. A larger value indicates more uniform regions.

wavelet-LLH firstorder MeanAbsoluteDeviation PET

Wavelet transformation with low-pass filtering in X and Y and

0.190

high-pass filtering in Z of the PET image. The distance of all
intensity values from the mean value of the in the mask.

original glem Idm PET

Original PET image without filtering. Inverse Difference Moment

0.170

(IDM) of the GLCM, which measures local homogeneity. Higher
values indicate more uniform regions.

wavelet-LLH firstorder Mean PET

Wavelet transformation with low-pass filtering in X and Y,

0.149

high-pass in Z of the PET image. Average gray level intensity

within the mask.

original shape MeshVolume CT
for CT and PET

Volume of the mask. Only calculated once as the mask is the same

0.146

0.144

wavelet-HHL glszm GrayLevelNonUniformity PET

Wavelet transformation with high-pass filtering in X and Y,
low-pass in Z of the PET image. The Gray-Level Size Zone Matrix
(GLSZM) quantifies the size of zones of gray levels, analyzing
texture homogeneity. The feature is a measure of variability of gray
level values. A lower value indicates more homogeneity in intensity
values.

wavelet-HHH firstorder MeanAbsoluteDeviation CT

Wavelet transformation with high-pass filtering in all directions of
the CT image. The distance of all intensity values from the mean
value of the in the mask.

0.139

wavelet-LLH glem Contrast CT

Wavelet transformation with low pass filtering in X and Y and high
pass in Z of the CT image. Measure of local intensity variation. A
greater value indicates more disparity in intensity values among
neighboring voxels.

0.128

log-sigma-2-0-mm-3D firstorder Mean PET

Laplacian of Gaussian filter with a kernel size of 2.0 mm of the CT
image. Mean gray level value within the mask.

0.118

wavelet-LLH firstorder Mean CT

Wavelet transformation with low pass filtering in X and Y and high
pass in Z of the CT image. Mean gray level value within the mask.

0.116

5. Limitations and future work

Limitations of this work include a relatively small cohort of 227
patients versus up to 1,950 radiomic features, creating a severe feature-
to-sample imbalance. RSF and DeepSurv models both achieved higher
discrimination than the various Cox-based models, yet when Deep-
Surv’s architecture grew too deep, overfitting led to inconsistent cal-
ibration (reflected in variable IBS). Future studies with larger patient
cohorts should assess whether deeper neural survival models, such as
extended DeepSurv variants, transformer-based models [56] or Deep-
Hit, or alternative frameworks, can improve both stratification and
predictive accuracy.

10

In addition, many radiomic features exhibit high collinearity and
complex interdependencies. Cox-based models, with far fewer param-
eters, are particularly sensitive to these violations of the proportional-
hazards assumption, whereas Random Survival Forests (RSF) and the
DeepSurv neural network demonstrated greater robustness. Even af-
ter applying a variety of dimensionality-reduction strategies (LASSO,
PCA, stepwise/univariate filtering), RSF and DeepSurv still delivered
superior discrimination.

This study has omitted clinical features, such as age or sex, from the
models to try to create an exclusively image-based estimator and gather
insight into radiomics features. Clinical features have high predictive
power, as evidenced by the results of the clinical baseline model, and
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Fig. 13. Shap dependency plot of the most important feature of the best PET/CT
model according to its Shap magnitude mean. Histogram of values of the feature
overlaid in the plot. The feature is the maximal correlation coefficient of the gray
level co-occurrence matrix of the CT image (without filtering). It is a measure of the
complexity of texture patterns in the CT image. A larger value indicates more uniform
regions. The downward trend of the plot indicates an inverse relationship between the
homogeneity of the regions and the predicted risk. More heterogeneous (fuzzy) regions
in the CT image are associated to greater risk by the model, aligning with clinical
knowledge [53].

if the aim of future work is to achieve the best possible performance,
they should be added to a multimodal image-clinical model.

Although z-score standardization reduces gross inter-scanner vari-
ability, residual batch effects may persist, especially given evolving
PET/CT hardware and protocols over the duration of the data acquisi-
tion period. Future work should incorporate dedicated harmonization
methods (e.g., ComBat [57]) to more fully eliminate non-biological
variability.

In this study, the goal was to test several machine learning methods
and generate a replicable workflow to assist in the choice of each of the
pipeline steps. This is similar to automated machine learning (autoML),
a conceptual framework that aims to automate the complete process of
building a machine learning application [58]. It would be interesting
to apply autoML principles to fully automate the current pipeline and
make it more accessible to less technical researchers.

When masks were generated, this study excluded patients with
significant extramedullary disease to focus on skeletal radiomics, but
this could introduce a selection bias. Extramedullary lesions (plasma-
cytoma) are also often common in MM [4]. By omitting these cases,
our models may underperform when applied to cohorts in which ex-
tramedullary involvement is common. The reason behind this choice
is that extramedullary lesions can appear in many tissues, so it is
not possible to automatically segment them by selecting some known
tissues. Future work could extend the pipeline to include both the
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skeletal and extramedullary regions if there are clinical labels and
segmentations that highlight the interesting regions where these lesions
occur in each patient.

The study has focused on time-to-event analysis; future work might
frame the task as a classification problem. Time-to-event and risk
predictions have to deal with censoring, competing risks, and other
peculiarities that make regular regression models off-target. With more
data, it could be possible to ignore censored patients and manually
classify patients into different risk categories to use more common
classifiers.

Although our results highlight the prognostic value of the
paramedullary region and textural features, these findings are based
solely on a single-center cohort. External validation in independent
patient populations will be necessary before this image-only pipeline
can be considered for any clinical implementation.

The goal of the optimization procedure was to obtain the best c-
index. This metric is widely used as a measure of predictive power,
but it is limited in its scope, as is evident from models with good
ranking performance expressed by a high c-index but high IBS revealing
low accuracy. The c-index is a rank measure that does not adequately
reward correct extreme predictions and is not intended to evaluate
differences in the strength of the association [59], which must be taken
into account when reading the results of this study. Other evaluation
metrics could be explored in future work, including classification met-
rics if changing the focus from survival analysis to classification by
stratifying patients into classes.

The hypothesis that extending the mask to include additional bones
reduces the specificity of the spine-derived shape features can be tested
in future work by appending the spine-mask shape descriptors to the
full-skeleton feature set. Additional studies could also explore other
mask-feature-filter combinations to further evaluate this effect.

6. Conclusion

This study has provided a pipeline that combines several existing
survival analysis models with state-of-the-art medical segmentation
models and radiomics analysis to estimate risk in MM patients using
PET/CT images. The available pipeline also allows an analysis of the
most relevant biomarkers in the images for risk stratification. With the
data from this study, the best performing model configuration obtained
a c-index of 0.657+0.032 and an IBS of 0.197+0.022 averaged over 5-fold
cross-validation.

The results suggest, taken together, that for the MM radiomic imag-
ing data, the DeepSurv model using PET and CT images or only the
PET image works best for both discrimination (c-index) and accuracy
(IBS). When creating the mask, both the spine and the paramedullary
regions are informative, but adding the remaining skeletal structures to
the mask does not appear to improve the results.
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With respect to biomarkers, features that measure image hetero-
geneity appear to be the most relevant for risk stratification, with
greater heterogeneity correlated with greater risk of disease progres-
sion.
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