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Abstract
Objective  The purpose of this study was to examine the potential predictive impact of the T2-MRI radiomics model 
on the initial diagnosis of bone metastasis in patients with prostate cancer (PCa).

Methods  We retrospectively analyzed a total of 141 patients with confirmed PCa from clinical pathology records. 
Among them, 52 cases had bone metastasis and 89 cases did not. By employing a computer, the patients were 
randomly assigned to either a training group or a test group. Using ITK-SNAP software, we manually outlined T2WI 
images for all patients and performed radiomic analysis using Analysis Kit (AK) software. A total of 396 tumor texture 
features were extracted. In the training group, a single-variable t-test was conducted to identify features strongly 
associated with PCa bone metastasis. Statistical significance was defined as P < 0.05. After dimensionality reduction, 
the Lasso model was employed to select the best subset, and a random forest model was established. To evaluate 
the performance of the radiomics model in predicting PCa bone metastasis in the test group, receiver operating 
characteristic (ROC) curves and confusion matrices were utilized.

Results  The selected imaging features exhibited a significant correlation with the differential diagnosis of prostate 
cancer presence or absence of metastasis. The radiomic model demonstrated high predictive efficiency for PCa bone 
metastasis, achieving accuracy rates of 0.81% and 0.85% in the training and test groups, respectively. The sensitivities 
were 92% and 93%, and the specificities were 85% and 81%. The area under the curve values were 0.88 and 0.80 for 
the training and test groups, respectively.

Conclusion  The MRI radiomics method based onT2WI images shows promise in accurately predicting PCa bone 
metastasis and can serve as a valuable tool for developing clinical treatment plans.
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Introduction
Prostate cancer (PCa) is a prevalent form of cancer 
among middle-aged and elderly men in China. In the 
United States [1], it ranks first in terms of incidence and 
second in terms of mortality among male tumors. While 
the incidence of PCa in China is lower than in European 
and American countries, it has been rapidly increasing in 
recent years [2, 3]. Bone metastasis (BM) is the primary 
form of metastasis for PCa, with the pelvis and spine 
being the most commonly affected areas. These metasta-
ses occur in 65-90% of cases [4]. Managing bone metasta-
ses and related symptoms is crucial for PCa patients, as it 
greatly impacts their quality of life [5]. Once bone metas-
tases are present, patients are no longer eligible for sur-
gery and must rely on hormonal and/or chemotherapy, 
palliative care, and radiation therapy [6]. Early detection 
of bone metastasis in PCa patients is essential for deter-
mining the most appropriate treatment plan and predict-
ing prognosis [7].

Previous studies have shown that symptoms and PSA 
levels are not reliable indicators of metastasis in prostate 
cancer patients [8]. Computed tomography (CT) is.

more effective in detecting bone lesions and assessing 
bone destruction and osteogenic changes. However, it is 
challenging to differentiate small osteoblastic metasta-
ses from bone islands. Additionally, CT has limitations 
in evaluating the activity of metastatic bone tumors and 
the effectiveness of treatment. Currently, bone scanning, 
positron emission tomography - X-ray computed tomog-
raphy (PET-CT), and other imaging techniques are com-
monly used for diagnosing bone metastases in prostate 
cancer patients [9]. However, these methods involve ion-
izing radiation and can be economically burdensome for 
patients. Magnetic resonance imaging, particularly diffu-
sion-weighted imaging (DWI), has emerged as a valuable 
tool for detecting bone metastasis with higher sensitivity, 
specificity, and accuracy than radionuclide bone scan. 
However, interpreting DWI images can be complex due 
to the diverse manifestations of bone metastases, which 
may result in false-positive or false-negative findings. To 
address these challenges, the use of the Prostate Imag-
ing Reporting and Data Development System (PI-RADS) 
and radiomics based on big data and artificial intelligence 
have been proposed as powerful tools for improving 
diagnosis. Radiomics involves extracting and analyzing 
quantitative imaging features from medical images to 
support clinical decision-making [10, 11]. Multiparamet-
ric magnetic resonance imaging (mpMRI) is a promising 
tool in the field of prostate cancer (PCa) diagnosis and 
treatment. It offers the ability to integrate information 
about tissue structure and function, making it a valu-
able diagnostic tool [12]. Over the years, there has been 
significant advancement in utilizing mpMRI for study-
ing PCa, with a particular focus on its application in the 

areas of diagnosis, differential diagnosis, and prognosis 
assessment [13–15].

This study aimed to investigate the potential of using 
texture features from MRI images to predict the occur-
rence of bone metastases in prostate cancer patients. 
Previous studies have shown that radiomics based on 
T2-MRI sequences can effectively differentiate between 
benign and malignant prostatic nodules. However, there 
is a lack of research in the field of radiomics for the pre-
diction and diagnosis of bone metastases in prostate can-
cer patients. Consequently, this study seeks to bridge this 
gap by examining whether the combination of texture 
features extracted from MRI images can accurately pre-
dict the development of bone metastases in prostate can-
cer patients.

Materials and methods
Clinical data
A retrospective analysis was performed on the clini-
cal and imaging records of 141 patients diagnosed with 
bone metastases from PCa at Jiangxi Provincial People’s 
Hospital. In a 7:3 ratio, these patients were divided into 
two groups: a training group consisting of 100 cases, 
and a testing group consisting of 41 cases. This study 
was approved by the hospital ethics committee, and all 
patients provided informed consent. Diagnostic pro-
cedures involved either Transrectal ultra-sonography 
(TRUS)-guided biopsy or radical prostatectomy, and 
both clinical and pathological data were collected. Basic 
data of the patients, including symptoms such as dysuria, 
increased urinary frequency and urgency, Gleason’s score 
from pathology report, pathological grade, levels of pros-
tate-specific antigen (PSA) (> 4ng/mL).

The inclusion criteria specified that patients had to 
undergo MRI examination followed by ultrasound-
guided biopsy or surgical pathology to confirm the diag-
nosis of PCa, without receiving any prior treatment, and 
that all patients had to undergo multi-parameter MRI 
using the same scanning type and imaging parameters. 
Bone metastases were diagnosed using positron emis-
sion tomography (PET)-CT. The patients were randomly 
assigned to either the training or testing group based on 
the presence or absence of bone metastases.

Exclusion criteria included patients with a history 
of previous malignancies or related diseases, patients 
who had undergone prostate surgery, radiotherapy, che-
motherapy, endocrine therapy, or particle implanta-
tion before the MRI examination, patients with metal 
objects, claustrophobia, or an inability to cooperate 
with the examination, patients with poor image qual-
ity or artifacts that affected the diagnostic image, and 
patients with lesions too small to accurately delineate 
the volume of interest (VOI) during image post-process-
ing. Clinical data, such as age and serum levels of total 
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prostate-specific antigen (T-PSA), Gleason’s score were 
recorded.

Pathology assessment procedure
To obtain the pathology of the prostate, TRUS was uti-
lized. Sonographers performed punctures, while pathol-
ogists read and diagnosed the pathological sections. 
PET-CT (18  F-FDG) was utilized to examine all cases 
for the presence of bone metastasis. Osteoblastic lesions 
with a negative PET-CT and no change in size or den-
sity within 6 months of follow-up were included in the 
bone metastasis negative group (nBS), while osteoblastic 
lesions with a positive PET-CT or change in size or den-
sity within 6 months of follow-up were included in the 
bone metastasis positive group(pBS).

Influence on omics analysis and image acquisition
Bone metastatic lesions were delineated on standard-
ized T2-weighted imaging (T2WI) based on pathologi-
cal findings. Two radiologists with 5 years of experience 
in prostate cancer diagnosis (Doctors A and B) manually 
segmented areas of interest on T2WI and blinded them 
to pathological results. First, the two doctors analyzed 20 
random images to assess repeatability between groups. 
Doctor A then repeated the same procedure. ICC greater 
than 0.8 indicated good consistency of feature extraction, 
and the rest of the image segmentation was performed by 
Doctor A. When drawing the T2 image of each tumor, we 
should select the largest section of the lesion and delin-
eate the ROI along the lesion boundary. ROI should be 
drawn as close to the edge of the tumor as possible and 
exclude edema, necrosis, and calcification. For each 
lesion, the maximum cross-section was selected, and the 
region of interest (ROI) was outlined along the lesion’s 
boundary. the ROI was manually sketched across all lay-
ers of the lesion. Ultimately, these were combined into a 
three-dimensional (3D) ROI diagram, ensuring that the 
diameter of the area of interest was no less than 3 mm.

The original image and the corresponding file con-
taining the segmented ROI were imported into the AK 
software (Artificial Intelligence Kit V3.0.0.R, GE Health-
care) at the same time. A total of 396 quantitative param-
eters pertaining to image characteristics were extracted. 
These included metrics such as texture, histogram, form 
factor, gray scale co-occurrence matrix (GLCM), gray 
scale run matrix (RLM) and gray scale area size matrix 
(GLZSM). To address variability in the scale of extrac-
tion values, Z-score normalization was applied to the 
values of each feature. The processes of feature selec-
tion and model development occurred within the train-
ing group. Initially, Spearman’s method was employed to 
evaluate redundancy among the features, retaining only 
those with a correlation greater than 0.9. Following this, 
the maximum-relevance minimum-redundancy (mRMR) 

algorithm was applied to select features, with the objec-
tive of amplifying the relationship between the selected 
features and their ability to differentiate between benign 
and malignant cases while reducing redundancy. The cal-
culation of the radiomic signature (Radscore) for each 
case involved a linear combination of selected features, 
each weighted according to its respective coefficient. 
Independent predictors of nBS and pBS were determined 
using multivariate logistic regression analysis, taking into 
account possible predictors, including imaging features 
and clinical risk factors. The least absolute shrinkage and 
selection operator (LASSO) method was utilized to iden-
tify the most relevant features, utilizing a penalty param-
eter, denoted as λ. The optimal λ value was determined 
based on the minimum criteria derived from tenfold 
cross-validation.

In order to equip clinicians with a quantitative tool 
that differentiates between nBS and pBS, we created a 
radiomic nomogram, which incorporates both radiomic 
and clinical features derived from a multiple logistic 
regression model. We evaluated the discriminative per-
formance of the radiomic nomogram and computed the 
Radscore for each patient in the testing dataset through 
formulas established in the training dataset. The methods 
used for data processing were similar to those described 
in our previous studies [16].

Results
Characteristics of the patients
In the training group, there were 37 patients with pros-
tate cancer who tested positive for bone metastasis and 
63 patients who tested negative. In the testing group, 
there were 15 patients who tested positive and 26 patients 
who tested negative for bone metastasis.

In terms of clinical factors, the univariate logistic anal-
ysis showed that PSA was a significant factor in predict-
ing PCa. Multivariate Logistic regression analysis showed 
that PSA and the radiomic signature were significantly 
different (all p < 0. 05) (Table 1).

Construction of Normo diagram and evaluation of 
performance
To construct an image-omics Normo graph, two inde-
pendent predictors, namely Rad-score and PSA level, 
were utilized. The chosen features were employed for the 
calculation of the radscore utilizing formulas disclosed 
in the Supplementary Data. In the training and testing 
groups, the accuracy rates were 81% and 85% respec-
tively, with specificities of 85% and 81%, and sensitivities 
of 92% and 93%. The area under ROC curve (AUC) for 
the training set was 0.88, and for the testing set, it was 
0.80 (Table 2 and Figs. 1, 2, 3 and 4).

Univariate logistic regression was used to find inde-
pendent predictors of bone metastasis in prostate cancer. 
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Multivariate logistic regression is used to combine these 
single predictors (Rad-score and PSA) to develop more 
robust predictive models for bone metastasis in prostate 
cancer (Fig. 3). The calibration curves exhibited a strong 
concordance between the predicted and actual pathology 
for both groups of patients in the radiomics model.

Discussion
Based on the MP MRI radiomics method, this study per-
sonalized analysis and prediction of BM in PCa patients, 
which provides a new diagnostic method and idea for 
Bone metastases in PCa patients to facilitate clinical 
decision-making.

In recent years, some studies based on single sequence 
or multi-sequence MRI imaging methods to predict the 
aggressiveness of prostate cancer patients have achieved 
certain results, but there is no clear consensus on the 
most effective imaging biomarkers to distinguish the 
aggressiveness of prostate cancer. Wang et al. [17] estab-
lished a model based on dynamic contrasts-enhanced 
MRI (DCE-MRI) combined with T2WI radiomics. Zhang 
et al. [18] combined DCE-MRI, T2WI and DWI to estab-
lish an AUC of 0.86 for predicting bone metastases of 
newly diagnosed prostate cancer. Based on T2WI com-
bined with ADC images, 11 optimal radiomics features 
including morphology, Glrlm and Glszm were selected to 
construct the radiomics model. The AUC of this model 
was 0.82 for bone metastases of newly diagnosed prostate 
cancer. Previous studies used T2WI, T1, DWI and other 
sequences to distinguish the presence of bone metastasis 
in the imaging diagnosis. We selected all T2 sequences 
to sketch the images, and we mentioned the reason for 
this in the previous study. In clinical practice, we find 
that DWI images are often strongly affected by device 
performance and often suffer from artifacts. Therefore, 
DWI images are not reliable in delineating lesions. In 
addition, due to the high cost of enhanced scans, some 
patients will give priority to conventional plain scans, 

which would make the number of enhanced scans in our 
subjects too small, resulting in a certain degree of selec-
tion bias. which provides a theoretical basis for why we 
choose the T2 sequence, the most versatile and stable 
image quality, as the research sequence. In this study, the 
radiomics tags constructed based onT2-MRI extraction 
and screening features have very good diagnostic perfor-
mance (AUC = 0. 88), the independent Certification Unit 
also showed that (AUC = 0. 8). This result is consistent 
with the previous results of Wang et al. [17]. Radiomics 
methods can be used through the existing free T2-MRI 
images can noninvasively quantify tumor heterogeneity, 
which also validates the central hypothesis of radiomics 
research, that describing tumor microenvironment based 
on radiomics method can assist tumor evaluation.

Radiomics is a high-throughput approach for extract-
ing quantitative features from medical imaging images. 
A total of 396 candidate radiomic features are condensed 
into 13 potential predictors, including morphology, 
Glrlm, and Glszm, which are then combined with clini-
cal inquiries to assess the biological behavior of tumors. 
This methodology has been referenced in various studies 
focusing on radiomic-based cancer research [15, 19–21].

The composition of each tumor is not absolutely uni-
form, there may be bleeding, necrosis, calcification, etc. 
But because the image is three-dimensional, we analyze 
the tumor through three-dimensional map, although it is 
difficult to avoid the appearance of some uneven compo-
nents [22], but also relatively representative of the whole 
tumor, so that the analysis of the tumor is relatively accu-
rate and reliable [23].

In this study, univariate and multivariate logistic analy-
sis was conducted to examine common clinical factors. 
The results revealed that prostate-specific antigen (PSA) 
is an independent clinically relevant risk factor for bone 
metastasis in primary prostate cancer, which aligns with 
the findings of Previous researcher [24, 25]. Prostate 
cancer can disrupt the blood-epithelial barrier, leading 
to direct release of PSA into the bloodstream and sub-
sequent elevation of PSA levels. The severity of tissue 
destruction and the risk of bone metastasis are positively 
correlated with higher levels of PSA. Changes in PSA lev-
els can serve as indicators for evaluating bone alterations, 

Table 1  Demographic characteristics in the training and testing set
Training set (n = 100) P Testing set (n = 41) P
Bone metastases Nonbone metastases Bone metastases Nonbone metastases

Number 37 63 15 26
Age (yr) 72 ± 5.2 56.3 ± 4.8 0.6253 59.6 ± 1.9 75.9 ± 10.1 0.379
Psa 75.4 ± 15.7 45.7 ± 14.2 < 0.001 69.7 ± 21.6 46.9 ± 11.9 0.0001
RM[iqr] 0.19 [-2.6, 1.7] -1.24 [-3.9, 0.75] < 0.0001 -0.35 [-0.46, 2.9] -0.162 [-3.7, 1.5] 0.0001
GS 0.98 [0.13, 7.26] 0.86 [0.32, 7.95] 0.981 0.87 [0.45, 6.98] 0.81 [0.67, 7.23] 0.69
PCa: prostate cancer; BM: Bone metastasis; NBM: nonbone metastases; GS: Gleaso; RM: Radscore median

Table 2  Diagnostic efficacy of the radiomics model in the 
training and testing set
Group Accuracy AUC (95% CI) Sensitivity Specificity
Training set 0.81 0.88 [0.81;0.95] 92% 85%
Testing set 0.85 0.8 [0.64;0.96] 93% 81%
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Fig. 1  The establishment of LASSO regression model. (A) Curve of binomial deviation of MR radiomics model varying with parameter λ. Adjust the λ 
parameter to filter out the best feature set. The vertical dotted line on the left indicates the log (λ) value corresponding to the optimal λ value. (B) The 
image shows that the coefficients of 20 texture parameters change with λ. Vertical lines correspond to 9 non-zero coefficient features selected using 
LASSO cross-validation
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Fig. 3  Correction curves of the training group and the testing group. The left is the train group, the right is the test group

 

Fig. 2  Radiomic labels used in the group model. Comparison of imaging score between MR model training set (left) and testing set (right). The red label 
is nonbone metastases of the prostate cancer and the blue label is bone metastases of the prostate cancer
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osteoblast activity, and prostate cancer-related bone 
metastasis.

Some previous studies have suggested that GS may be 
a predictor of bone metastasis in prostate cancer, but this 
is not the case in our study. Of course, there are many 
reasons for this similar result. In my opinion, the possible 
reasons include: the level of experts who make GS score 
is inconsistent, and the number of biopsies may also 
make the postoperative score inaccurate [26].

All of our current case selection is retrospective, so 
selection bias is inevitable. In the future, we can conduct 
prospective studies, including diagnosis at admission and 
follow-up after treatment. For example, regular detec-
tion of magnetic resonance images and clinically relevant 
indicators such as PSA value will guide the clinical treat-
ment effect.

This study has several limitations: (1) The sample size 
collected is relatively small, and there are fewer BM cases, 
so the reliability of the study results may be affected after 
they are divided into the training group and the valida-
tion group. (2) We are currently manually sketching all 
the images, which inevitably causes manual errors. (3) All 
of our current case selection is retrospective, so it is inev-
itable that there will be selection bias. (4) At present, we 
only use T2 images. Although we have made a thought-
ful choice about this, we still have to try to explore more 
diagnostic approaches for the diagnosis of prostate bone 
metastases by using new technologies, such as automatic 
image segmentation and deep learning. (5) At present, 
imaging genomics is developing, and in the future, we 

can also combine the radiomic characteristics of prostate 
cancer bone metastases with PTEN, PSMA and other 
genes to analyze [27, 28]. While this may be an interesting 
endeavor, it is unclear whether imaging genomics analy-
sis is a more direct representation of tumor heterogene-
ity than predictive models constructed using radiomics 
alone. (6) The images before and after treatment of bone 
metastasis patients were compared with clinical indi-
cators to see if the efficacy could be evaluated, so as to 
reduce additional PET-CT imaging after treatment of 
bone metastasis patients with prostate cancer.

In conclusion, the good predictive performance based 
on T2WI images has certain guiding value for the treat-
ment of prostate cancer.
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