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AIM: The study aim to use magnetic resonance imaging (MRI) radiomic features to predict
high-risk cytogenetic abnormalities (HRCAs) to improve outcomes in patients with multiple
myeloma (MM).
MATERIALS AND METHODS: One hundred ninety-five patients with MM from two centres

undergoing MRI were retrospectively recruited. Patients from Institution I (71 and 88 HRCAs
and non-HRCAs, respectively) identified by fluorescence in situ hybridisation were randomly
divided into training (n ¼ 111) and validation (n ¼ 48) cohorts. Patients from Institution II
served as the external test cohort (n ¼ 36). Radiomics or combined models based on T1WI,
T2WI, and FS-T2WI images and clinical factors were constructed using logistic regression and
10-fold cross-validation in the training cohort. Nomogram performance was evaluated and
compared using C-index, bootstrapping, accuracy, sensitivity, specificity, positive predictive
value, negative predictive value, and Akaike information criterion. C-indexes were used to
select the most efficient radiomics predictive model. Optimal model performance was tested in
an external cohort.
RESULTS: FT2þage, FT2þ1þage, and FT2þ2þ1þage combined models were outstanding in

differentiating the HRCAs of MM patients in single-, double-, and multi-sequence MRI images,
respectively. The C-indexes of the training and validation cohorts corrected via the 1000
bootstrap method were 0.79 and 0.80, 0.83 and 0.84, and 0.88 and 0.84, respectively. In the
external test cohort, the C-index of radiomics nomograms was 0.70, 0.76, and 0.77,
respectively.
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CONCLUSION: MRI radiomics can be used to predict HRCAs in MM patients, which will be
helpful for clinical decision-making and prognosis evaluation before treatment.
� 2024 The Royal College of Radiologists. Published by Elsevier Ltd. All rights are reserved,
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Introduction

Multiple myeloma (MM) is a highly heterogeneous dis-
ease driven by genetic and epigenetic alterations. It is the
second most common haematologic malignancy after
lymphoma.1 Cytogenetic abnormalities (CAs) are observed
in almost all patients with MM. Most patients present with
multiple CAs, including chromosomal translocations, copy
number variants, and chromosomal fragment deletions and
amplifications.2 Known high-risk cytogenetic abnormalities
(HRCAs) include t(4; 14), del(17p13), 1q21 amplification,
and P53 mutation, while the remaining CAs are considered
non-HRCAs.3

Furthermore, MM patients with HRCAs exhibit a more
pronounced clonal heterogeneity and evolution.4 These
patients usually show resistance to chemotherapy with the
traditional RVd (lenalidomide/bortezomib/dexamethasone)
regimen.5 In contrast, induction, consolidation, and main-
tenance therapy using autologous haematopoietic stem cell
transplantation combined with KRd regimens (carfilzomib/
lenalidomide/dexamethasone) can improve survival rates
by up to 72%.6 CAs are therefore crucial for selecting an MM
treatment regimen and assessing treatment outcomes.

The diagnosis of CAs relies on the collection of tissue
specimens and molecular biology tests such as fluorescence
in situ hybridisation (FISH) and next-generation sequencing
(NGS).3,7,8 However, obtaining tissue specimens for
CA testing usually requires a bone marrow aspiration bi-
opsy, which is invasive and may cause complications such
as bleeding and infection in patients with haematologic
disorders. Other limitations of this method include inade-
quate or inappropriate tissue sampling due to tumour
spatial heterogeneity. In addition, the process of histological
specimen analysis is cumbersome, complex, and expensive.
Therefore, novel noninvasive methods of CA determination
are required.

Magnetic resonance imaging (MRI) is recommended as
the imaging method of choice for diagnosing bone marrow
infiltration in patients with MM.9 It helps clinicians obtain
accurate information about bone marrow infiltration in
asymptomatic individuals and assess the type of bone dam-
age: standard, focal, diffuse, mixed, or “salt and pepper”
type.10 In addition, multisequence MRI scanning helps
determine lesion location, mass size, and signal diversity.11

However, radiological evaluation based on conventional
MRI images to identify HRCAs is challenging.12 Radiomics is a
high-throughput extraction and computational analysis
methodused toobtainpotentially valuablehigh-dimensional
information about tumour heterogeneity from medical
nyzuag@gmail.com) en National Lib
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images in a manner that is superior to assessment by human
eyes.13 The value of radiomic features as imaging predictors
for cancer diagnosis, treatment response, and prognosis has
beendemonstrated in cancer, includingMM.14 Recent studies
have explored the feasibility of using radiomic features
derived from whole-spine MRI to predict HRCAs in MM
patients.15e17 These reports have laid the groundwork by
demonstrating the potential of radiomics to enhance the
diagnostic and prognostic value of MRI. However, most pre-
vious studies have been limited by small patient cohorts and
methodological differences, which hinder their general-
isability to broader clinical practice. In addition, while these
studies have advanced our understanding, the integration of
radiomic features into clinically applicable nomograms re-
mains limited. Herein, we sought to address this gap by
studying a larger,more diverse patient cohort and employing
a more sophisticated machine learning approach. We devel-
oped and validated a predictive model that combines MRI-
based radiomic features with key clinical parameters to
more accurately predict cytogenetic abnormalities in MM
patients. Finally, we created a robust nomogram that can be
readily applied in clinical practice to assist in early risk
stratification and treatment decision-making.

Materials and methods

Patients

Our institutional review board approved this retrospec-
tive study, whichwaived the informed consent requirement
due to the study’s retrospective nature.

We examined data from 643 consecutive patients pre-
senting from two centres between January 2013 and
December 2021 with pathologically confirmed MM,
including 468 patients from Institution I and 175 from
Institution II. The inclusion criteria were as follows: (1)
T1WI, T2WI, FS-T2WI scans obtained before treatment; (2)
availability of FISH; (3) availability of data on demographic
and clinical characteristics (e.g., sex, age, and albumin,
lactate dehydrogenase, b2 microglobulin level); (4) pres-
ence of at least one vertebral lesion. The exclusion criteria
were as follows: (1) malignant bone metastases and severe
scoliosis deformity (Cobb angle > 40�) were present; (2)
poor image quality; (3) no MM bone marrow lesions or
extramedullary lesions; (4) postoperative spine. Finally, 195
patients from two centres were included in this study
(Fig 1). Data on demographic and clinical characteristics,
including laboratory and FISH findings, treatment proced-
ures and outcomes, and MRI scan findings, were obtained.
rary of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
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Figure 1 Flowchart of the patient selection process. FISH, fluorescence in situ hybridisation; MM, multiple myeloma; MRI, magnetic resonance
imaging.
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MRI scan acquisition

MRI scans were obtained using a consistent protocol
with 3.0T Siemens, Philip, and GE scanners. Specific scan
sequence parameters and other information are provided in
Supplementary Material 1. According to the Image
Biomarker Standardization Initiative, the original images
were initially resampled for grayscale intensity and voxel
size. To eliminate potential differences in MRI scans ac-
quired by the three different MRI scanners, all original im-
ages were normalised using a grayscale-level discretisation
method before extracting radiomic features (Version V3.0.R,
GE Healthcare).17
Reproducibility analysis

Volume datasets were obtained by manually segment-
ing sagittal T1WI, T2WI, and FS-T2WI images using ITK-
SNAP (v. 3.6.0; www.itksnap.org). MRI scans of each
patient were independently reviewed by three musculo-
skeletal radiologists with 5, 15, and 25 years of experience
(Reader 1, Reader 2, and Reader 3, respectively), who were
blinded to patient information. The lesion regions of in-
terest (ROIs) were manually drawn by Reader 1 and vali-
dated by Reader 2. For the validation process, the Dice
Similarity Coefficient (DSC) was calculated to quantify the
agreement between segmentations performed by Reader 1
and Reader 2. A DSC value of � 0.95 was considered
acceptable, indicating high agreement and minimal
discrepancy. If the DSC value was below 0.95, indicating
significant differences, Reader 2 would suggest modifica-
tions to the segmentation. If the difference value was �5%,
the tumour boundary was determined by Reader 3.18 In
Descargado para Daniela Zúñiga Agüero (danyzuag@gmail.com) en National Librar
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cases where consensus could not be achieved, Reader 3
made the final determination. More experienced radiolo-
gists are generally more adept at identifying subtle
anatomical structures and abnormalities, which can reduce
variability in segmentation. By involving radiologists with
different levels of experience, we aimed to ensure that the
reproducibility analysis reflected real-world clinical set-
tings, where segmentation tasks may be performed by ra-
diologists with varying expertise.

ROI segmentation

Since MM has multiple lesions and bone marrow infil-
tration patterns, we selected the largest lesion to outline the
focal pattern. To distinguish compression fractures due to
physiological osteoporosis, the vertebrae with compression
fractures were avoided as much as possible.19 If n-foci were
almost equal, the total volume-weighted average of the
largest n-tumours was used.20We selected the third lumbar
delineation for salt-and-pepper, diffuse, and mixed types. If
there was a compression fracture, we selected the adjacent
vertebral delineation (Supplementary Fig 1). The radiomics
feature extraction methods are described in Supplementary
Material 2.

Radiomics feature selection

Each radiomic feature was normalised, and batch effects
were removed.21 Feature dimensionality reduction was
performed in the training set using variance
thresholding,16 batch t-test, redundancy analysis method,
and least absolute shrinkage and selection operator feature
selection algorithm to remove irrelevant and redundant
information. Subsequently, logistic regression and 10-fold
y of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Figure 2 Flowchart of the MM radiomics approach for predicting cytogenetic status. (I) Manual outlining of the ROI for focal, salt-and-pepper,
mixed, and diffuse lesions. (II) Extraction of image histology features, including shape and size, first-order statistical, texture, and wavelet
features. (III) Dimensional reduction of the features using the LASSO regression model. (IV) Combining imaging histological features and clinical
features to construct prediction models, further statistical analysis such as ROC curves are used; (V) Finally, nomograms are used to show the
MM cytogenetic status prediction results on clinical validity. LASSO, least absolute shrinkage and selection operator; MM, multiple myeloma;
ROC, receiver operating characteristic; ROI, region of interest.
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Table 1
Characteristics of MM patients with HRCAs and non-HRCAs.

Characteristics HRCAs (n ¼ 84) Non-HRCAs (n ¼ 111) P-value

Gender 0.635
Male 55 (65.48%) 69 (62.20%)
Female 29 (34.52%) 42 (37.80%)

Age (years) 55.00 � 9.45 60.41 � 8.85 <0.001
BMG (mg/l) 7.61 � 4.90 8.10 � 7.79 0.605
ALB (g/l) 35.64 � 7.96 36.30 � 7.34 0.589
HB (g/l) 95.81 � 28.64 102.40 � 27.24 0.103
LDH (u/l) 203.83 � 89.54 210.41 � 110.22 0.656
MRI patterns 0.947
Focal pattern 45 (53.60%) 60 (54.10%)
The other patterns 39 (46.40%) 51 (45.90%)

Compression fracture 0.175
Yes 48 (57.10%) 74 (66.67%)
No 36 (42.90%) 37 (33.33%)

Whole spinal infiltration 0.141
Yes 51 (60.70%) 51 (45.90%)
No 33 (39.30%) 60 (54.10%)

ALB, albumin; BMG, beta-2-microglobulin; HRCA ¼ , high-risk cytogenetic
abnormality; LDH, lactate dehydrogenase.
Note: P-value < 0.05 was considered as a significant difference.
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cross-validation methods were used to select potential
predictive features in the training queue. Finally, the best
predictive features were obtained using the forward-
backward stepwise regression method. Image analysis and
prediction model construction are shown in Fig 2.

Individualised prediction model development

Single-factor analysis andmulti-factor logistic regression
analysis were used to determine the clinical predictors of
HRCAs. We aimed to develop separate T1WI (T1), T2WI (T2),
FS-T2WI (FT2), T1WI þ T2WI (T1þ2), T1WI þ FS-T2WI
(FT2þ1), T2WI þ FS-T2WI (FT2þ2), and T1WI þ T2WI þ FS-
T2WI (FT2þ2þ1) as well as their corresponding combined
models for HRCA prediction and the construction of corre-
sponding nomograms.

Prediction model validation and performance

A calibration curve (HosmereLemeshow test) was used
to evaluate the calibration effect of the nomogram. Diag-
nostic efficacy was evaluated using C-index, accuracy (ACC),
sensitivity (SEN), specificity (SPE), positive predictive value
(PPV), negative predictive value (NPV), and Akaike infor-
mation criterion (AIC). To assess the potential prediction
error of the proposed model in the cohort, the bootstrap
method was utilised with 1000 iterations. The clinical
utility of the nomogram was evaluated in the test set using
decision curve analysis.

Statistical analysis

Statistical analyses were performed using SPSS software
(Version 26.0; IBM Corp.) and R software (https://www.r-
project.org; Version 4.1.2). All statistical tests were two-
sided, and P < 0.05 was statistically significant. The
Descargado para Daniela Zúñiga Agüero (danyzuag@gmail.com) en National Librar
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packages in R software involved in this study are shown in
Supplementary Material 3.

Results

A total of 195 patients from two centres were included in
this study. The patients from Institution I were randomised
7:3 into a training cohort (n ¼ 111) and a validation cohort
(n¼ 48), while the patients from Institution II comprised an
external test set (n ¼ 36).

Table 1 presents the characteristics of patients HRCAs
and non-HRCAs. Blood b2 microglobulin, blood albumin,
and lactate dehydrogenase levels at baseline are presented.
Imaging features were assessed, including focal growth
patterns, entire spinal vertebral body involvement, and
compression fractures. There was a statistically significant
difference between the three groups of patients only in
terms of age (p < 0.05). There was no statistical difference
between the training and validation cohorts (p > 0.05),
ensuring a reasonable cohort stratification (Supplementary
Material 4).

Feature selection and radiomics signature

There were 1688 T1WI features, 1688 T2WI features, and
1688 FS-T2WI features. Radiomics features were selected in
each training cohort after a series of dimensionality re-
ductions, as shown in Table 2. The best predictors were
selected by 10-fold cross-validation, and the prediction
models were built separately. The radiomics score obtained
by building an equation is called the Rad-Score
(Supplementary Material 5).

HRCA prediction model development

All factors were included in the multiple regression
analysis to establish radiomic models. The Rad-Score was
used to build radiomic nomograms for radiomics models:
T1, T2, FT2, T1þ2, FT2þ1, FT2þ2, and FT2þ2þ1 models, while age
and Rad-Score were used as best predictors to build com-
bined radiomic nomograms for combined radiomics
models: T1þage, T2þage, FT2þage, T1þ2þage, FT2þ1þage,
FT2þ2þage, and FT2þ2þ1þage models, respectively.

Prediction model performance

The ACC, SEN, SPE, PPV, NPV, AIC, ACC, and C-index
values and bootstrapping results of the training and vali-
dation sets for all 14 models (7 radiomics models and seven
combined models) are shown in Table 3. The combined
models had a higher overall diagnostic performance than
the radiomics models. While among the single-sequence
models, the performance of the FT2þage model was
outstanding, with a C-index of 0.79 and 0.80 for the training
and validation sets, respectively, among the double-
sequence models, the performance of the FT2þ1þage
model was excellent, with a C-index of 0.84 and 0.84 for the
y of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 2
Results of feature selection of combined radiomics or radiomics models in the training cohort.

Models Numbers Included variables (P value)

T1 4 T1_auto_wavelet.HHL_glszm_LowGrayLevelZoneEmphasis (0.06)
T1_auto_wavelet.HLL_glszm_GrayLevelVariance (0.03)
T1_auto_wavelet.LHH_glszm_LowGrayLevelZoneEmphasis (0.02)
T1_auto_wavelet.LHL_glszm_LowGrayLevelZoneEmphasis (0.12)

T2 3 T2_auto_lbp.3D.m2_firstorder_Skewness (0.02)
T2_auto_wavelet.HHH_glszm_SmallAreaLowGrayLevelEmphasis(0.02)
T2_auto_wavelet.LHH_glrlm_LowGrayLevelRunEmphasis (0.009)

FT2 5 FS_auto_lbp.3D.m2_firstorder_Mean (0.04)
FS_auto_squareroot_firstorder_Maximum (0.02)
FS_auto_wavelet.HHH_glcm_ClusterShade (0.08)
FS_auto_wavelet.HLL_glszm_GrayLevelVariance (0.12)
FS_auto_wavelet.LLL_glszm_LowGrayLevelZoneEmphasis (0.02)

T1þ2 7 T1_auto_wavelet.HHL_glszm_LowGrayLevelZoneEmphasis (0.01)
T1_auto_wavelet.HLL_glszm_GrayLevelVariance (0.02)
T1_auto_wavelet.LHH_glszm_LowGrayLevelZoneEmphasis (0.04)
T1_auto_wavelet.LHL_glszm_LowGrayLevelZoneEmphasis (0.02)
T2_auto_lbp.3D.m2_firstorder_Skewness (0.005)
T2_auto_wavelet.HHH_glszm_SmallAreaLowGrayLevelEmphasis (0.03)
T2_auto_wavelet.LHH_glrlm_LowGrayLevelRunEmphasis (0.01)

FT2þ1 9 T1_auto_wavelet.HHL_glszm_LowGrayLevelZoneEmphasis (0.01)
T1_auto_wavelet.HLL_glszm_GrayLevelVariance (0.03)
T1_auto_wavelet.LHL_glszm_LowGrayLevelZoneEmphasis (0.04)
FS_auto_squareroot_firstorder_Maximum (0.02)
FS_auto_wavelet.HLH_glszm_ZoneEntropy (0.01)
FS_auto_wavelet.HLL_glszm_GrayLevelVariance (0.03)
FS_auto_wavelet.LHL_firstorder_TotalEnergy (0.1)
FS_auto_wavelet.LLH_firstorder_RobustMeanAbsoluteDeviation (0.03)
FS_auto_wavelet.LLL_glszm_LowGrayLevelZoneEmphasis (0.03)

FT2þ2 8 T2_auto_wavelet.HHH_glszm_SmallAreaLowGrayLevelEmphasis (0.03)
T2_auto_wavelet.LHH_glrlm_LowGrayLevelRunEmphasis (0.04)
FS_auto_lbp.3D.m2_firstorder_Mean (0.05)
FS_auto_squareroot_firstorder_Maximum (0.02)
FS_auto_wavelet.HHH_glcm_ClusterShade (0.13)
FS_auto_wavelet.HLH_glszm_ZoneEntropy (0.06)
FS_auto_wavelet.HLL_glszm_GrayLevelVariance (0.11)
FS_auto_wavelet.LLL_glszm_LowGrayLevelZoneEmphasis (0.11)

FT2þ2þ1 10 T1_auto_wavelet.HHL_glszm_LowGrayLevelZoneEmphasis (0.009)
T1_auto_wavelet.HLL_glszm_GrayLevelVariance (0.06)
T1_auto_wavelet.LHL_glszm_LowGrayLevelZoneEmphasis (0.02)
T2_auto_lbp.3D.m2_firstorder_Skewness (0.0004)
T2_auto_wavelet.HHH_glszm_SmallAreaLowGrayLevelEmphasis (0.02)
T2_auto_wavelet.LHH_glrlm_LowGrayLevelRunEmphasis (0.03)
FS_auto_squareroot_firstorder_RootMeanSquared (0.03)
FS_auto_wavelet.HHH_glcm_ClusterShade (0.1)
FS_auto_wavelet.HLH_glszm_ZoneEntropy (0.02)
FS_auto_wavelet.LLL_glszm_LowGrayLevelZoneEmphasis (0.04)

The p-value for each radiomic feature associated with MM HRCAs was calculated using the ManneWhitney U or Student’s t-test.
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training and validation sets, respectively. The performance
of the FT2þ2þ1þage model was better than that of the other
models, with a C-index of 0.88 and 0.84 for the training and
validation sets, respectively (Fig 3). The calibration curves of
these three sets of nomograms predicting the HRCAs
showed good agreement between predicted and observed
values. The HosmereLemeshow test showed no statistically
significant difference between the training and validation
sets per group (p > 0.017, training set: p ¼ 0.095, 0.086, and
0.018; validation set: p ¼ 0.696, 0.362 and 0.624) (Fig 4).
Calibration curves reflect how well probabilities predicted
from a model align with actual outcomes. A well-calibrated
Descargado para Daniela Zúñiga Agüero (danyzuag@gmail.com) en National Lib
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model thus indicates that the predicted risk closelymatches
the observed risk in real patients, which is crucial for ac-
curate clinical decision-making. Finally, we tested these
three models from Institution II data, with a C-index of 0.70,
0.76, and 0.77 for test sets (Table 3).

Clinical application

The FT2þage, FT2þ1þage, and FT2þ2þ1þage model deci-
sion curves showed that using nomograms to predict
HRCAs in patients with MM showed a more significant
clinical benefit than using the clinical model alone if the
rary of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
rización. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



Table 3
Diagnostic performance of 14 models in the training, validation, and test cohorts.

Cohorts Models C-index (95% CI) Bootstrap (95% CI) Acc Sen Spe PPV NPV AIC

Training set T1 0.70 (0.60e0.79) 0.70 (0.61e0.79) 0.61 0.50 0.7 0.58 0.63 147.32
T1þage 0.75 (0.66e0.84) 0.75 (0.65e0.84) 0.67 0.58 0.74 0.64 0.68 135.83
T2 0.73 (0.62e0.82) 0.73 (0.64e0.83) 0.63 0.69 0.56 0.66 0.60 144.4
T2þage 0.77 (0.68e0.86) 0.77 (0.68e0.85) 0.70 0.75 0.64 0.72 0.68 131.07
FT2 0.76 (0.65e0.85) 0.76 (0.66e0.85) 0.65 0.75 0.52 0.66 0.63 142.05
FT2þage 0.79 (0.70e0.87) 0.80 (0.71e0.88) 0.69 0.62 0.75 0.67 0.71 125.97
T1þ2 0.82 (0.73e0.89) 0.83 (0.75e0.90) 0.71 0.62 0.79 0.70 0.72 131.8
T1þ2þage 0.84 (0.76e0.91) 0.84 (0.76e0.91) 0.75 0.72 0.77 0.72 0.77 115.7
FT2þ1 0.81 (0.72e0.88) 0.81 (0.73e0.89) 0.70 0.70 0.71 0.66 0.74 136.27
FT2þ1þage 0.83 (0.76e0.90) 0.84 (0.76e0.91) 0.74 0.68 0.79 0.72 0.75 113.14
FT2þ2 0.81 (0.72e0.88) 0.81 (0.73e0.88) 0.74 0.68 0.79 0.72 0.75 137.24
FT2þ2þage 0.83 (0.76e0.91) 0.84 (0.76e0.91) 0.70 0.66 0.74 0.67 0.73 116.3
FT2þ2þ1 0.86 (0.79e0.93) 0.87 (0.80e0.92) 0.78 0.74 0.82 0.79 0.79 124.52
FT2þ2þ1þage 0.88 (0.82e0.94) 0.88 (0.81e0.93) 0.77 0.74 0.80 0.76 0.79 103.8

Validation set T1 0.68 (0.52e0.88) 0.72 (0.57e0.87) 0.58 0.57 0.59 0.48 0.64 67.23
T1þage 0.76 (0.62e0.90) 0.77 (0.63e0.90) 0.67 0.67 0.67 0.61 0.72 60.225
T2 0.68 (0.50e0.82) 0.69 (0.54e0.83) 0.56 0.70 0.58 0.59 0.5 67.41
T2þage 0.71 (0.56e0.85) 0.73 (0.60e0.86) 0.67 0.74 0.57 0.69 0.63 64.236
FT2 0.74 (0.59e0.85) 0.75 (0.60e0.88) 0.68 0.70 0.63 0.61 0.63 62.85
FT2þage 0.80 (0.67e0.92) 0.80 (0.67e0.93) 0.73 0.67 0.78 0.7 0.75 58.202
T1þ2 0.75 (0.61e0.87) 0.75 (0.61e0.88) 0.67 0.67 0.67 0.61 0.72 66.68
T1þ2þage 0.78 (0.65e0.90) 0.79 (0.66e0.91) 0.67 0.71 0.63 0.6 0.74 58.392
FT2þ1 0.77 (0.67e0.86) 0.78 (0.63e0.90) 0.71 0.76 0.67 0.64 0.78 66.43
FT2þ1þage 0.83 (0.71e0.94) 0.84 (0.73e0.94) 0.81 0.86 0.78 0.75 0.88 54.016
FT2þ2 0.77 (0.64e0.90) 0.78 (0.63e0.90) 0.73 0.67 0.78 0.70 0.75 66.62
FT2þ2þage 0.81 (0.69e0.93) 0.82 (0.69e0.93) 0.75 0.76 0.74 0.70 0.80 56.175
FT2þ2þ1 0.80 (0.67e0.92) 0.80 (0.66e0.91) 0.73 0.76 0.70 0.67 0.79 68.98
FT2þ2þ1þage 0.84 (0.73e0.95) 0.84 (0.73e0.95) 0.75 0.81 0.70 0.68 0.83 53.93

Testing set FT2þage 0.70 (0.53e0.87) NA 0.67 0.70 0.57 0.69 0.65 NA
FT2þ1þage 0.76 (0.59e0.94) NA 0.72 0.77 0.78 0.77 0.70 NA
FT2þ2þ1þage 0.77 (0.61e0.92) NA 0.67 1 0.78 0.62 0.70 NA

Acc, accuracy; AIC, Akaike information criterion; NPV, negative predictive value; PPV, positive predictive value; Sen, sensitivity; Spe, specificity.
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patient threshold probability was more significant than 5%.
Thus, these nomograms allow for the more accurate iden-
tification of patients who are likely to benefit from further
investigation or treatment (Supplementary Fig 2).
Discussion

Noninvasivemethods for assessing CAs inMM are crucial
for patient treatment planning and the evaluation of
treatment outcomes. We developed and tested radiomic
nomograms for 14 models at two centres using clinically
obtained whole-spine MRI images of 195 patients with MM.
Among the proposed models, the nomograms of FT2þage,
FT2þ1þage, and FT2þ2þ1þage models were identified as
outstanding at distinguishing patients with HRCAs from
those without. The nomograms exhibited robust perfor-
mance in both centres, demonstrating good diagnostic
accuracy.

Conventional MRI scans contain critical information that
reflects the heterogeneous features of tumours, including
biological characteristics determined by protein levels, gene
expression,mutation, and othermolecular features.22e25 Our
results demonstrated that the FT2þ2þ1þage model out-
performed both single-sequence and dual-sequence models.
Thismay be due to the complementary information provided
by different sequences: T1WI captures local anatomical
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details, T2WI reveals internal heterogeneity, and FS-T2WI
isolates internal tumour characteristics by removing fat
signal interference from outside the bone marrow. Together,
the radiomic features derived from these sequences provide a
more comprehensive quantification of MM hetero-
geneity.26 Although the statistical difference between the
threepredictionmodelswasnot significant (p>0.017,Delong
test), the FT2þage or FT2þ1þage models may still be consid-
ered when patient sequence data are incomplete, offering
practicalflexibility in clinical settings. This suggests that, even
with partial data, these models can effectively stratify CAs in
MM patients, which supports their potential clinical appli-
cation inMMmanagement.Whileprevious studies, including
that of Xiong et al.,27 have highlighted the role of MRI-based
radiomic features in predicting CAs in MM, our study ex-
pands on these findings by exploring the use of combined
radiomic models across multiple MRI sequences. Further-
more, the role of MRI in MM management is expanding as
recent studies emphasise its utility not only in diagnostic
imaging but also in guiding treatment decisions through
advanced radiomic analyses.

Among the clinical risk factors, age is the single most
relevant factor for cytogenetic status in MM patients and
may be associated with an earlier age of onset, which is
consistent with previous studies.16,28 In addition, we did not
retain lactate dehydrogenase, b2 microglobulin, and albu-
min as clinically relevant risk factors for MMpatients.While
y of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



Figure 3 FT2þage, FT2þ1þage, and FT2þ2þ1þage models (a) nomogram training set, (b) validation set, and (c) test set receiver operating char-
acteristic (ROC) curves. AUC, area under the curve.
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these laboratory markers of malignancy may be associated
with a poor prognosis in MM, their relationship with cy-
togenetic status in MM patients has not been previously
reported. Therefore, as the only statistically significant
predictor of clinical information, age improved the diag-
nostic merit of our combined model.

Logistic regression analysis was employed in the current
study. Previous studies have shown that the ideal classifier
used to build models may vary from organ to organ,26 with
logistic regression being more applicable to sacral tumours,
solid lung nodules, and breast cancer than in other
contexts.29e31 Liu et al.15 demonstrated that logistic
regressionebased machine learning methods significantly
outperformed other classifiers for HRCA evaluation in MM.
Logistic regression was chosen for its simplicity, ease of
interpretation, and robustness in handling binary outcomes.
In addition, to ensure the reliability ofmodelling, the1:10 rule
(i.e., approximately one feature can be studied per 10 events)
was strictly followedwhenusing logistic regression to analyse
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data in the training set using 10-fold cross-validation. The use
of 10-fold cross-validation helps reduce bias and variance,
provides a comprehensive evaluation of the model, and en-
hances its generalisability to unseen data by ensuring that
each data point is used for both training and validation.

Our study used a multiparametric MRI-based radiomics
approach to predict HRCAs in MM. Although a similar
approach was employed in a previous study,15 we further
validated the feasibility of this study with a larger sample
and the inclusion of another centre. Multicentre studies can
provide more diverse clinical and imaging data, which
aligns better with the ultimate goal of precision medicine.
At the same time, despite considerable efforts towards
predicting HRCAs in MM, our study is the first to establish
single-, double-, and multiple-sequence radiomics-based
prediction models for clinical use. Moreover, the nomo-
grams created herein can be used as decision-support tools
to aid clinicians in early risk stratification of MM patients,
improving individualised treatment planning. They can
rary of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
rización. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



Figure 4 (a, ai, aii) FT2þage single-sequence model nomogram and training set, validation set calibration curves. (b, bi, bii) FT2þ1þage double-
sequence model nomogram and training set, validation set calibration curves. (C, ci, cii) FT2þ2þ1þage multisequence model nomogram and
training set, validation set calibration curves. RS, Radiomics score.
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help identify high-risk patients who might benefit from
more aggressive interventions or closer monitoring, ulti-
mately leading to better patient outcomes. However,
implementing these models in clinical practice may pose
challenges such as the need for standardisation of imaging
protocols across different centres, ensuring the availability
of advanced imaging software and computational re-
sources, training radiologists and clinicians to interpret the
nomogram outputs accurately, and integrating these ap-
proaches into existing clinical workflows.

The current study has certain limitations. First, although
it is based on data from two centres, the sample size re-
mains relatively small. Nevertheless, we have preliminarily
demonstrated the feasibility of MRI-based radiomics in
predicting HRCAs in patients with MM. Second, while MRI
offers the potential advantage of noninvasive assessment of
multiple lesions, our analysis was limited to an ROI from a
single vertebral body. This limitation may overlook the full
Descargado para Daniela Zúñiga Agüero (danyzuag@gmail.com) en National Librar
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extent of tumour heterogeneity. Future studies should
consider incorporating radiomic analysis of multiple le-
sions, which could provide a more comprehensive assess-
ment of disease heterogeneity and enhancemodel accuracy.
However, such an approach will require addressing chal-
lenges related to data acquisition, standardising ROI selec-
tion across multiple lesions, and managing the increased
computational complexity. Lastly, due to the complex clin-
ical staging of MM and the numerous factors influencing
prognosis, using age alone as a clinical predictor may not be
sufficient. Future research should therefore examine the
contribution of other clinical parameters.
Conclusion

In conclusion, MRI radiomics can predict HRCAs of MM
patients. Radiomics nomograms based on the FT2þage,
y of Health and Social Security de ClinicalKey.es por Elsevier en marzo 13, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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FT2þ1þage, and FT2þ2þ1þage models represent powerful
supportive tools for predicting HRCAs before treatment,
among which the multi-sequence combined model of
FT2þ2þ1þage has the best predictive efficacy. Thus, it may be
helpful for the early diagnostic assessment, therapeutic
decision-making, and prognostic assessment.
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