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Abstract

Background: Accurate differentiation of spinal multiple myeloma (MM) and osteolytic metastatic bone tumor
(OMBT) can be challenging. Usually, imaging methods, laboratory tests, and biopsy are performed for the correct
diagnosis. In this study, we aimed to differentiate CT images from patients with MM and OMBT using CNN models.
Materials and Methods: 3707 CT images of 91 patients (1886 OMBT images and 1821 MM images; 46 males and
45 females; mean age: 61.2 years) obtained between January 2015 and January 2023 were reviewed. 2667 images
were randomly selected for the training set, 740 for the validation set, and 300 for the test set. A transfer learning
approach was used based on DenseNet121, DenseNet169, EfficientNetBO, MobileNet, MobileNetV2, VGG16, and
Xception CNN architectures. The performance of the models was evaluated.

Results: When the sensitivity, specificity, positive predictive value, negative predictive value, accuracy, F1 score,
and kappa measurements of the models in the MM and OMBT differentiation are evaluated, the most successful
ones are MobileNetV2, MobileNet, and VGG16, with accuracy of 88%, 86.33%, and 86%, respectively.
Conclusions: Our study showed that CNN-based artificial intelligence models can differentiate MM and OMBT on
CT images.
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0Oz

Amag: Spinal multipl miyelom (MM) ve osteolitik metastatik kemik timorinin (OMKT) dogru bir sekilde ayirt
edilmesi zorlayici olabilir, genellikle dogru tani igin gériintileme yontemleri, laboratuvar testleri ve biyopsinin
kombinasyonu uygulanir. Bu ¢alismada, MM ve OMKT hastalarindan elde edilen BT gorintulerini CNN modelleri
kullanarak ayirt etmeyi amagladik.

Materyal ve Metod: Ocak 2015 ile Ocak 2023 arasinda elde edilen 91 hastanin (1886 OMKT goriintlisii ve 1821
MM gorintusu; 46 erkek ve 45 kadin; ortalama yas: 61,2 yil) 3707 BT gorintusu incelendi. Egitim seti igin 2667,
dogrulama seti i¢in 740, test seti icin 300 gorintl rastgele secildi. DenseNet121, DenseNet169, EfficientNetBO,
MobileNet, MobileNetV2, VGG16 ve Xception CNN mimarilerine dayanan bir transfer 6grenimi yaklasimi
kullanildi. Modellerin performansi degerlendirildi.

Bulgular: Modellerin MM ve OMKT ayrimindaki duyarlilik, 6zgulluk, pozitif prediktif deger, negatif prediktif deger,
dogruluk, F1 skoru ve kappa o6lglimleri degerlendirildiginde, en basarili modeller sirasiyla %88, %86,33 ve %86
dogruluk oranlari ile MobileNetV2, MobileNet ve VGG16 olmugtur.

Sonug: Calismamizda CNN tabanli yapay zekd modellerinin BT goriintilerinde MM ve OMKT'yi ayirt edebilecegini
gosterdik.

Anahtar Kelimeler: Yapay Zeka, Multipl Miyelom, Spinal Metastaz
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Introduction

Multiple myeloma (MM) is the most common primary ma-
lignant bone tumor while the most common malignant bone
tumor is metastatic cancer (1). Both are generally seen in
patients over 40 years old and present themselves with mul-
tiple osteolytic lesions (2). The most common site of osteo-
lytic metastatic bone tumors (OMBT) is the spine where MM
also generally presents itself (3). Distinguishing between
these two entities is crucial, as their management strategies
significantly differ, with implications for patient prognosis
and overall survival.

Accurate identification of spinal lesions can be challenging,
usually a combination of imaging methods, laboratory tests,
and biopsy is performed for the correct diagnosis (4). Recent
advancements in machine learning, specifically Convolu-
tional Neural Networks (CNNs), have revolutionized the field
of medical imaging analysis (5, 6). CNNs can automatically
learn and extract relevant features from images, enabling
them to discern intricate patterns and make accurate pre-
dictions. By leveraging this technology, we aim to develop a
CNN-based approach that can effectively differentiate be-
tween spinal lesions in MM and OMBT using computed to-
mography (CT) scans which is the primary diagnostic imag-
ing modality for MM, as proposed by the International My-
eloma Working Group (IMWG) (4). Such an approach could
streamline the diagnostic process, provide prompt and ac-
curate identification of the underlying pathology, and guide
appropriate treatment decisions.

In this study, we aimed to differentiate CT images from pa-
tients with MM and OMBT using different CNN models. To
the best of our knowledge, this is the first study in the liter-
ature aimed at differentiating CT images of these two enti-
ties using CNN. We anticipate that our CNN-based approach
will exhibit high sensitivity and specificity, offering a reliable
and efficient tool for distinguishing between MM and OMBT
in routine clinical practice. This study demonstrates the po-
tential of the use of artificial intelligence technologies in can-
cer diagnosis and will form an important basis for future
studies in the field of spinal lytic tumors.

Materials and Methods

This retrospective study was approved by the university in-
stitutional review board (Application no: 2023/18-19) and
was conducted under the Declaration of Helsinki. Patient
consent was waived.

Patient selection:

Non-contrast-enhanced spinal CT images of patients with
MM and OMBT between January 2015 and January 2023
were evaluated.

Previous spinal surgery, unknown pathology diagnosis, and
artifacts that impair diagnostic quality were exclusion crite-
ria from the study. CT images were obtained from two scan-
ners (Philips Brilliance 64; Philips Medical Systems, Best, The
Netherlands, and Siemens SOMATOM Definition AS+, Sie-
mens Healthcare, Germany).
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Patient dataset:

All images on CT scans were evaluated by two neuroradiol-
ogists with seven years of neuroradiology experience
(M.K.S. and Y.K.C.). DICOM images were analyzed with Sec-
tra Workstation version 23.2.2.5087 and ProbelViewer pro-
grams. The spinal CT slices demonstrating pathology specific
to OMBT and MM were manually selected through the in-
terfaces of the programs. Images without pathology were
excluded. Images were converted from DICOM (Digital Im-
aging and Communications in Medicine) format to JPEG
(Joint Photographic Experts Group) format. The demo-
graphic data of the cases were anonymized. Selected images
for both were divided into the relevant class. A dataset was
created using a total of 3707 images, including 1886 OMBT
images and 1821 MM images. 2667 images were randomly
selected for the training set, 740 images for the validation
set, and 300 images for the test set.

Training and validation:

The transfer learning method was used to differentiate MM
and OMBT. DenseNet121, DenseNetl169, EfficientNetBO,
MobileNet, MobileNetV2, VGG16, and Xception, among the
models that showed high performance in the ImageNet
competition, were selected as the CNN models in which the
transfer learning approach will be used. Xception accepts a
299x299 pixel image as its input shape, while in other mod-
els the input shape was 224x224 pixels. CT images were
resized as accepted by the models and presented from three
channels. The classifier layers of CNN models have been
fine-tuned. The last classifier layers of the CNN models were
replaced with two fully connected layers of 512 and 256
nodes, respectively. Rectified Linear Unit (ReLU) and Soft-
Max were used as the activation function. Pretrained
weights from ImageNet were applied. The batch number
was selected as 16. Epoch is set to 100 for all CNN models.
The pipeline and architecture of the fine-tuned models are
shown in figure 1.

Google Colaboratory (Colab), an open-source cloud-based
tool owned by Google, was used for training, and testing all
models.

Results

In our study, spinal CT images of 39 (43%) patients with MM
and 52 (57%) patients with OMBT were reviewed. The
causes of OMBT included in the study were: lung cancer
(n=18), breast cancer (n=18), gastrointestinal cancer (n=7),
hepatocellular cancer (n=2), neuroendocrine cancer (n=1),
renal cell cancer (n=1) and prostate cancer (n=1). The pri-
mary cancer of 3 metastatic patients was unknown. In total,
45 (49%) of 91 cases were female and 46 (51%) were male.
The mean age was 61.2 years (standard deviation +5.6). All
demographic data are shown in table 1.
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Figure 1. Artificial intelligence pipeline

Table 1. Demographics

Myeloma Metastasls Total
Gender (n, %)
Male 21 (53.8%) 25 (48.1%) 46 (50.5%)
Female 18 (46.2%) 27 (51.9%) 45 (49.5%)
Total 39 (100%) 52 (100%) 91 (100%)

Age (mean, Interval, Standard Deviation)

63.1(23-83) 59.8 (34-85) 61.2 (23-85, 5.6)

Performance of CNN models:

The highest accuracy rate in the CNN models we created in
the differentiation of MM and OMBT was obtained in Mo-
bileNetV2 with 88%, and the lowest accuracy rate was ob-
tained in EfficientNetBO with 74.67%. Sensitivity, specific-
ity, positive predictive value, negative predictive value, ac-
curacy, F1-score, and kappa values obtained from the con-
fusion matrix of the models are given in Table 2 and Figure
2 for each model. In addition, the ROC curve of the models

is shown in figure 3.

Learning in the training graphs of pre-trained CNN models
started after the first epochs and stabilized at 10-40
epochs. When the loss graphs of the CNN models are eval-
uated, it is seen that the loss decreases progressively in
both training and validation sets, which shows that there is
no overfitting problem. The accuracy and loss graphs for
the fine-tuned models with the top three are presented in
figure 4.

Table 2. Evaluation of models in MM and OMBT differentiation

DenseNet121 DenseNet169 EfficientNetBO MobileNet MobileNetV2 VGG16 Xception
Statistic Value Value Value Value Value Value Value
Sensitivity 79.89% 80.86% 78.46% 84.28% 83.93% 81.03% 69.59%
Specificity 91.27% 86.23% 71.76% 88.65% 93.18% 92.86% 85.85%
Positive

92.67% 87.33% 68.00% 89.33% 94.00% 94.00% 90.00%

Predictive Value
Negative Predictive Value 76.67% 79.33% 81.33% 83.33% 82.00% 78.00% 60.67%
Accuracy 84.67% 83.33% 74.67% 86.33% 88.00% 86.00% 75.33%
F1 Score 0.858 0.8397 0.7286 0.8673 0.8868 0.8704 0.7849
kappa 0.693 0.667 0.493 0.7227 0.760 0.720 0.507
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Figure 2. Confusion matrices of the models
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Figure 3. Roc curves of the models
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Figure 4. Accuracy and lose graphs

Discussion

In daily practice, CT scans for spinal bones are used a lot. Os-
teolytic bone lesions are the most commonly seen lesions in
the spine. The spinal lesions detected on CT scans have both
benign and malignant causes. The differential diagnosis of
malignant causes includes MM and OMBT. Histopathological
diagnosis of lesions with bone biopsy is the gold standard ex-
amination for benign and malignant tumors. Since the histo-
pathological examination is an invasive procedure, clinical
and radiological examinations play an important role in the
diagnosis and follow-up of the disease in the differentiation
of spinal lesions (7). Differentiation of MM and OMBT has an
important role in the treatment planning of the patient. In
patients with no prior known disease, radiological differenti-
ation of MM and OMBT is very challenging. Moreover, publi-
cations are stating that pathologically diagnosed spinal bone
lesions can be missed by the radiologist up to 24% (8). MM
and OMBT are difficult to distinguish from each other in con-
ventional radiology, therefore CNN-based deep learning
models may have benefits such as increasing diagnostic ac-
curacy and shortening the diagnosis time for these diseases.

In our study, CNN-based deep learning models were applied
to differentiate the MM from OMBT. In our study, the accu-
racy of the VGG16 model was 86%, the accuracy of Mo-
bileNet was 86%, and the accuracy of the MobileNetV2
model was 88%. We used images from two different CT de-
vices. The use of images from more than one CT device shows
that the success of the models is generalizable. To the best of
our knowledge, our study is the first study in the literature
that uses CNN-based deep learning models to differentiate
spinal MM and OMBT in CT. Among our CNN models, the
most successful was the fine-tuned MobileNetV2 with 88%
accuracy. The least successful model was EfficientNetBO. Ac-
cording to an article on the Keras API website, the difficulty
of defining hyperparameters may cause EfficientNet variants
to perform less successfully in classification tasks with fewer
classes (9). In addition, there are studies in the literature
showing that MobileNetV2 is more successful than Efficient-
Net in binary classification problems (10,11).

In a similar study, Lang et al. assessed lung cancer and other
organ metastases in spinal bones using artificial intelligence
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in DCE-MRI images. In their research, the accuracy achieved
with conventional CNN ranged from 0.61 to 0.74, with a
mean of 0.71 and a standard deviation of 0.043. In our study,
all the CNN models employed demonstrated higher accuracy
than the results reported by Lang et al. The improved perfor-
mance of our models could be attributed to the use of the
transfer learning approach. In this approach, the ImageNet
dataset is utilized to pre-train the CNN, and the acquired
functional weights are subsequently applied to the training
of new custom datasets. As a result, this approach enhances
the success of the models. Another possible explanation for
the superior performance of our model may be the use of CT
images instead of MRI. Because MRl imaging parameters may
vary in different centers. MRI signals can be influenced by
various parameters which can lead to magnetic field inhomo-
geneity. Moreover, CT images are more standardized than
MRI images and are not affected by other signal differences,
which may account for this outcome (12).

Xiong et al. used lumbar MRI images to distinguish between
spinal metastasis and MM by texture analysis. In this study,
they found that machine learning-based texture analysis can
differentiate metastasis and MM in the lumbar spine. In their
study, they achieved accuracy, sensitivity, and specificity per-
formance of 0.815, 0.879, and 0.790, respectively, in the val-
idation cohort with the Artificial Neural Networks classifier
on T2WI images (13). Our study used CNN-based deep learn-
ing models, which are more advanced artificial intelligence
techniques compared to the ones used in this study. Moreo-
ver, while the highest accuracy in this study was 81.5% in the
validation set, in our study the accuracy was higher in the ex-
ternal validation set. Another advantage of our study is the
ability to distinguish between OMBT and MM not only in lum-
bar vertebrae but also in thoracic vertebrae.

Baykara et al. aimed to differentiate MM and OMBT by histo-
gram analysis using ADC maps in MRI images. They men-
tioned that the lower ADC values in myeloma patients com-
pared to metastasis can be used in this differentiation (14).
The deep learning approach is more feasible than histogram
analysis. CNN models used in our study offer suggestions that
will facilitate fast, effective, and clinical functioning.

There are deep learning studies performed to detect lesions
in spinal bones. These studies can distinguish spinal lesions
as lytic, sclerotic, and mixed types. It has also been shown
that deep-learning models can detect spinal metastasis at a
high rate (15,16). The aim of the studies in the literature is
generally for lesion detection. Our study is the first to demon-
strate successful differentiation of MM and OMBT using CT
images in spinal bone lesions with CNN-based deep learning
models.

Chen et al. evaluated MRI images in the differentiation of spi-
nal MM and lung cancer metastasis by radiomics and deep
learning model. Their study shows that the deep learning
model has a stronger capability in differential diagnosis than
that of the radiomics model and radiologist assessment (7).
In our study, the differentiation of MM and OMBT is not lim-
ited to lung cancer metastasis. Another advantage of our
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study is that this distinction can be made successfully in CT,
which is cheaper than MRI.

There are publications in the literature that aim to differenti-
ate spinal MM and OMBT. Among these publications, Mutlu
et al., in their study of 207 patients with CT images, defined
that features such as homogeneity of the lesion, high density,
perilesional sclerosis, and border features may be useful in
the differentiation of MM and OMBT. Despite the features
that help in distinguishing these two conditions, they con-
cluded that the distinction is not very clear in most patient
groups (17). In addition, the subjective nature of the defined
features is another diagnostic challenge. The use of deep
learning models can yield useful findings in lesion differenti-
ation. Subjective evaluation will be prevented thanks to the
automation made with deep learning models. In addition to
the conventional findings, our study shows artificial intelli-
gence applications can make a significant contribution to this
differentiation.

There are some limitations in our study. Although the loss
graphs of the models in both the training and validation sets
show a decreasing trend, indicating no over-fitting problem,
the use of multiple images from the same patient may have
resulted in higher model performance than expected. Fur-
thermore, given the limited number of patients in our da-
taset despite the large number of images, further compre-
hensive studies are required such as including data from
more diverse sources or a prospective study setup.
Consequently, it is very difficult to distinguish between MM
and OMBT with CT images in daily practice. Our study
showed that CNN-based artificial intelligence models can
contribute to conventional radiological evaluations in this
distinction with high success. Thanks to technological devel-
opments in models and artificial intelligence programs, the
distinction between MM and OMBT will be easier.
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