

  cancers-13-06199




cancers-13-06199







Cancers 2021, 13(24), 6199; doi:10.3390/cancers13246199




Article



Prediction of Clinically Significant Cancer Using Radiomics Features of Pre-Biopsy of Multiparametric MRI in Men Suspected of Prostate Cancer



Chidozie N. Ogbonnaya 1,2,*, Xinyu Zhang 3, Basim S. O. Alsaedi 4[image: Orcid], Norman Pratt 5, Yilong Zhang 6[image: Orcid], Lisa Johnston 7 and Ghulam Nabi 1,*





1



Division of Imaging Science and Technology, University of Dundee, Dundee DD1 4HN, UK






2



College of Basic Medical and Health Sciences, Abia State University, Uturu 441103, Nigeria






3



Division of Population Health and Genomics, School of Medicine, University of Dundee, Dundee DD1 4HN, UK






4



Statistics Department, University of Tabuk, Tabuk 47512, Saudi Arabia






5



Cytogenetic Unit, Human Genetics Unite, Ninewells Hospital and Medical School, Dundee DD1 9SY, UK






6



School of Science and Engineering, University of Dundee, Dundee DD1 4HN, UK






7



Pathology Unit, Ninewells Hospital and Medical School, Dundee DD1 4HN, UK









*



Correspondence: chidozie.ogbonnaya@yahoo.co.uk (C.N.O.); G.Nabi@dundee.ac.uk (G.N.)







Academic Editors: Jurgen Futterer and Hans Christiansen



Received: 18 September 2021 / Accepted: 30 November 2021 / Published: 9 December 2021



Abstract

:

Simple Summary


Radiomics is the field of computer-based medical image analysis that incorporates various radiological imaging features, such as texture and shape parameters, from scans to derive algorithms. These mathematical algorithms have the potential to predict the biological characteristics of disease. In this study, we obtained quantitative imaging texture features of pre-biopsy multiparametric MRI of men suspected of prostate cancer and extracted from the T2WI and ADC images focusing on gray-level co-occurrence matrices (GLCM). These were correlated with the Gleason score of the histopathology of radical prostatectomy specimen, including the prediction of clinically significant prostate cancer. The knowledge gained through this prospective protocol-based study should facilitate establishing that GLCM texture features alone can be used as a biomarker for predicting the presence of clinically significant PCa.




Abstract


Background: Texture features based on the spatial relationship of pixels, known as the gray-level co-occurrence matrix (GLCM), may play an important role in providing the accurate classification of suspected prostate cancer. The purpose of this study was to use quantitative imaging parameters of pre-biopsy multiparametric magnetic resonance imaging (mpMRI) for the prediction of clinically significant prostate cancer. Methods: This was a prospective study, recruiting 200 men suspected of having prostate cancer. Participants were imaged using a protocol-based 3T MRI in the pre-biopsy setting. Radiomics parameters were extracted from the T2WI and ADC texture features of the gray-level co-occurrence matrix were delineated from the region of interest. Radical prostatectomy histopathology was used as a reference standard. A Kruskal–Wallis test was applied first to identify the significant radiomic features between the three groups of Gleason scores (i.e., G1, G2 and G3). Subsequently, the Holm–Bonferroni method was applied to correct and control the probability of false rejections. We compared the probability of correctly predicting significant prostate cancer between the explanatory GLCM radiomic features, PIRADS and PSAD, using the area under the receiver operation characteristic curves. Results: We identified the significant difference in radiomic features between the three groups of Gleason scores. In total, 12 features out of 22 radiomics features correlated with the Gleason groups. Our model demonstrated excellent discriminative ability (C-statistic = 0.901, 95%CI 0.859–0.943). When comparing the probability of correctly predicting significant prostate cancer between explanatory GLCM radiomic features (Sum Variance T2WI, Sum Entropy T2WI, Difference Variance T2WI, Entropy ADC and Difference Variance ADC), PSAD and PIRADS via area under the ROC curve, radiomic features were 35.0% and 34.4% more successful than PIRADS and PSAD, respectively, in correctly predicting significant prostate cancer in our patients (p < 0.001). The Sum Entropy T2WI score had the greatest impact followed by the Sum Variance T2WI. Conclusion: Quantitative GLCM texture analyses of pre-biopsy MRI has the potential to be used as a non-invasive imaging technique to predict clinically significant cancer in men suspected of having prostate cancer.







Keywords:


prostate; cancer; mpMRI; PIRADS; radiomics; Gleason score; imaging; biomarkers












1. Introduction


Prostate cancer (PCa) is the most common non-cutaneous cancer in men and the second most common global cause of cancer-related deaths in men, accounting for 7.1% of all cancer-specific deaths, as reported in 2018 [1]. Approximately 1,111,700 new cases and 307,700 PCa-specific deaths have been recorded annually [2], making PCa an important public health issue.



Prostate-specific antigen (PSA), the most commonly used biomarker, is not reliable for the detection and risk stratification of prostate cancer, because numerous prostate conditions, such as benign prostate hyperplasia (BPH), prostatitis and urinary tract infection, can cause a rise in PSA levels [3,4,5]. A raised PSA level, suggesting the possibility of prostate cancer, leads to a transrectal ultrasound-guided biopsy of the prostate gland to obtain samples for histopathological confirmation of diagnosis. The histopathological grading of PCa is based on cell appearance or tissue structural abnormalities viewed under a microscope, and the Gleason score (GS) grading system is then used to evaluate the organizational features and prognosis of the prostatic glands. Although GS has contributed in the diagnosis, management and prognosis of PCa, its accuracy from biopsy is only about 58.3% [6]. Moreover, it is affected by inter-and intra-observer variations, resulting in the whole process being less than ideal for the detection and risk stratification of PCa [7]. There are other challenges such as reporting issues, sampling errors and poor clinical interpretations [8]. Obtaining the Gleason score requires an invasive procedure [9]. Thus, there is an urgent need for a non-invasive test for classifying PCa grades, which in combination with histopathology, improves risk stratification and precision care for patients [10].



In recent years, multiparametric magnetic resonance imaging (MRI) has become a promising non-invasive imaging modality for PCa detection and characterization [11,12], using a grading system known as PIRADS scores to achieve this. The score ranges from one (very low probability of cancer) to five (very high probability of cancer). PIRADS have been reviewed and revised to PIRADS 2.0 by the American College of Radiology (ACR) and the European Society of Uro-Radiologists (ESUR), and was published in early 2015 [13]. While PIRADS 2.0 provides substantial information on the acquisition, interpretation and reporting of mpMRI of prostate, it does not eliminate the possibility of inter-reader variability, a known challenge with the previous version. Therefore, there is a need to improve lesion characterization in the future using a quantitative parameters-based radiomics approach [14]. One of the crucial steps in radiomics is the acquisition of prospective protocol-based good-quality images. While radiomics analyses studies using mpMRI have been reported, with most of them being retrospective using biopsied tissues as a reference standard [15,16,17,18], in contrast, ours is a prospective study with radical prostatectomy (RP) histopathology as a reference standard. We focused on gray-level co-occurrence features as most previous studies have demonstrated the importance of the texture features based on GLCM of MRIs (i.e., T2WI) as an indicator for the pathological differences in PCa [16,19].



The aims of the study were to investigate the role of GLCM texture features, derived from pre-biopsy mpMRI, in the prediction of clinically significant PCa.




2. Materials and Method


2.1. Target Population


This was a prospective study between November 2018 and December 2019. In total, 200 men were recruited with the following inclusion criteria: age of 40–75 at referral; with at least 10 years life expectancy; clinically localized PCa: PSA ≤ 20 ng/mL and/or abnormal DRE but <T3 disease; and the ability to provide informed consent.



The exclusion criteria were: unable to give informed consent; prior prostatic biopsy within 12 months; contraindications to biopsy; poor general health and life expectancy < 10 years, including previous diagnosis of acute prostatitis within 12 months; history of PCa; prior transurethral prostatectomy; contraindications to MRI (cardiac pacemakers, allergic reaction to gadolinium-based contrast, renal function with a baseline eGRF 30 mL/min, intracranial clips and claustrophobia); and previous hip replacement.



The outcome of the study was firstly to identify radiomic features that correlated with the Gleason score. Secondly, independent radiomic features that were associated with the presence of clinically significant prostate cancer. Clinically significant prostate cancer was defined as the presence of prostate cancer with the Gleason score ≥ 4 + 3 [20]. In addition, the predicted probabilities using radiomic features and Prostate Imaging-Reporting and Data System (PIRADS) in predicting significant prostate cancer were compared.




2.2. MultiParametric MRI (mpMRI) Image Acquisition


For this study, Institutional Caldicott approval (IGTCAL number 5816) was obtained and all experiments, including the study protocol, followed approved institutional guidelines. All men had imaging data with corresponding histopathology of radical prostatectomy (RP). The histopathology of RP specimens was reported by an experienced uro-pathologist. The mpMRI scan was acquired using a 3T scanner (TIM Trio, Siemens, Erlangen, Germany), while sequences included T2WI and DWI. The T2WI acquisition was conducted using a turbo-spin echo sequence with a resolution of about 0.5 mm in the plane with a slice thickness of 3.6 mm. The DWI was a single-shot echo planar imaging sequence with a resolution of 2 mm in-plane and 3.6 mm slice thickness with diffusion encoding gradients ×3 direction. However, an apparent diffusion coefficient (ADC) map was computed from DWI data (b values = 0, 100, 400, and 800 s/mm2). The PIRADS v2 score on mpMRI was recorded by an experienced uro-radiologist and was blinded to all patient’s pathology reports. The PIRADS v2.0 were classified as follows: clinically significant cancer highly unlikely to be present (score 1); clinically significant cancer unlikely to be present (score 2); clinically significant cancer equivocal (score 3); clinically significant cancer likely to be present (score 4); clinically significant cancer highly likely to be present (score 5) [21]. The radiologist was blinded to all patients’ clinic-pathological information. The mpMRI including T2WI, DWI with a corresponding ADC map and the dynamic contrast-enhanced (DCE) of the largest tumor of each patient was scored on a scale of 1–5 using PI-RADS v2.0. The DCE sequencing involved 3D fast gradient-echo sequences with temporal resolution of 4 s, using intravenous 2 mL/kg of Dotarem, a gadolinium-based contrast agent. The prostate images were aligned along the longest axis to match the histologic sectioning of the prostate gland following radical surgery.




2.3. Radiomic Feature Analysis


Each image was converted to DICOM format before importing this to the MATLABR2020b software (https://www.mathworks.com/downloads/web_downloads/ (accessed on 15 November 2018)). Texture features were extracted at a resolution of 320 × 320 × 19 voxels and the intensities within each ROI were normalized to a (0–1) range. Normalization was applied to allow all the data to appear on the same scale across all the ROI. Data were normalized between a 0 and 1 range by subtracting it from the minimum value of the dataset and dividing the difference of the maximum and minimum values of the dataset.




2.4. Segmentation


For consistency between the region of interest (ROI) in both the T2WI and ADC images, all depicted ROI were carefully manually delineated with the same criteria and visually validated by an expert radiologist with 10 years of experience in uro-radiology before the quantitative imaging features were extracted. The anatomical landmarks of the urethra, the ejaculatory ducts, the prostatic capsule and the well-delineated hyperplastic nodules were used as a reference for visual co-registration, and the ROI were drawn on the T2WI and ADC maps in a way to match the location of tumors on pathology maps.




2.5. Feature Extraction and Selection


Feature extraction and selection were performed using the MATLAB R2020b software. The derived T2WI and ADC texture features were from GLCM, a second-order statistic characterizing the spatial relationship between the intensity values within ROIs. In total, 22 quantitative imaging features were extracted from the computed GLCM of ROI. The GLCMs textural features were computed from each directional matrix, and the mean of each feature across the slices were derived. Lastly, the average of each feature across the four directions was calculated to remove possible differences in directionality. The ADC maps were calculated from the nonzero b-value DWI datasets (100, 400, and 800 s/mm2). To remove possible perfusion effects, the b-values = 0 s/mm2 image was excluded from the ADC map computation.




2.6. Histological Gleason Score


The GS were obtained from the radical prostatectomy (RP) specimen by an experienced pathologist. The radical prostate specimens for histology were sliced into patient-specific molds (3.6 mm axial slices), and hematoxylin and eosin staining of microsections was carried out to help correlate the adjustment between imaging and histology. The molds were fabricated using a 3D printer, as described in previous studies [22,23]. Each patient’s corresponding tumor lesion was given a pathology Gleason grade score rating, consisting of five groups, as defined previously by Esptein JI et al. [24]. The patient’s Gleason grade scores were subsequently reclassified into three groups [24,25].




2.7. Statistical Analysis


The patient’s age (in years), the prostate specific antigen (PSA) and the PSA density (PSAD) were collected. The radiomic features of the PIRADS and the gray-level co-occurrence matrix (GLCM) were measured using mp-MRI images. Radiomic features included 22 variables, which were: Angular Second Moment T2WI; Contrast T2WI; Correlation T2WI; Sum Square Variance T2WI; Inverse Difference T2WI; Sum Average T2WI; Sum Variance T2WI; Sum Entropy T2WI; Entropy T2WI; Difference Variance T2WI; Difference Entropy T2WI; Angular Second Moment ADC; Contrast ADC; Correlation ADC; Sum Square Variance ADC; Inverse Difference ADC; Sum Average ADC; Sum Variance ADC; Sum Entropy ADC; Entropy ADC; Difference Variance ADC; and Different Entropy ADC (Supplementary Materials).



A Kruskal–Wallis test was applied first to identify the significant radiomics features between the three groups of GS (i.e., G1, G2 and G3). Subsequently, the Holm–Bonferroni method was applied to correct and control the probability of false rejections. We then used Spearman’s rank correlation for each of the radiomic features and the GS groups. The values of the correlation were mostly between ±0.5 and ±0.5, indicating moderate correlation.



After significant GS correlated radiomic features were identified, a two-step logistic regression was performed to explore explanatory radiomic features of significant prostate cancer. First, GS correlated T2WI and ADC radiomic features from the Kruskal–Wallis test and the Holm–Bonferroni adjustment, and the PSAD and PI-RADS were individually put into a univariate logistic regression model where the outcome was defined as having significant prostate cancer or not. Statistically significant variables were then put into the multivariable logistic regression model. Odds ratio (OR), 95% confidence interval (95% CI) of odds ratio, and p value were recorded. The discriminative ability of the predictive model was tested by the receiver operating characteristics (ROC) curve and the concordance statistic (c-statistic) was presented. The C-statistic using significant radiomic features, PSAD and PIRADS in predicting significant prostate cancer were compared. A nomogram was constructed based on the statistically significant variables in the final model. The predicted probabilities of significant prostate cancer were plotted against observed probabilities to test the calibration of the model. A decision curve analysis and internal validation were applied to determine the benefit of the nomogram. Statistical analyses were conducted by SPSS V25.0 and R v4.0.4. The alpha level was set at 0.05 to determine two-tailed significance.





3. Results


3.1. Patients Summary


Table 1 shows the demographic data distribution for GS groups. The prospective data set comprised 200 patients clinically suspected of PCa. They were reclassified into three groups. Gleason score 3 + 3 were classified as Group 1; Gleason score 3 + 4 classified as Group 2; and 4 + 3 or 4 + 4 were classified as Group 3.



Figure 1 describes the research workflow and Figure 2 describes the study flowchart. A total of 200 patients who met the above-mentioned inclusion criteria were enrolled into this study.




3.2. Correlation Analysis


In Figure 1e, the Kruskal–Wallis test was applied, first to identify the significant radiomics features between the three groups of GS (i.e., G1, G2, and G3). Then, the Holm–Bonferroni method was applied to correct and control the probability of false rejections, by counteracting the problem of multiple comparisons in order to control the family-wise error rate. This permitted the discovery that 12 features out of the 22 radiomics features significantly correlated with the Gleason groups.



Figure 3 shows the Spearman’s rank correlation between each of the radiomics features and the GS groups. The values of the correlation were mostly between ±0.5 and ±0.5, indicating moderate correlation.




3.3. Significant Features


In univariate logistic regression, except for the Angular Second Moment T2WI and the Sum Square Variance ADC, all the other 10 radiomic features were significant predictors of clinically significant prostate cancer, as confirmed on radical prostatectomy (Table 2), and therefore, were put into multivariable analysis. The Sum Variance T2WI, Sum Entropy T2WI, Difference Variance T2WI, Entropy ADC and Difference Variance ADC were associated with clinically significant prostate cancer in the multiple logistic regression model. PSAD and PIRADS were tested in the univariate logistic regression stage, but the results were not statistically significant and therefore not included in the next stage.




3.4. Predictive Analysis


The statistically significant variables from the multiple logistic regression model (Sum Variance T2WI, Sum Entropy T2WI, Difference Variance T2WI, Entropy ADC and Difference Variance ADC) were used to develop a nomogram to predict the probability of clinically significant prostate cancer (Figure 4).



The model demonstrated excellent discriminative ability (C-statistic = 0.901, 95%CI 0.859–0.943, Figure 1f). When comparing the probability of correctly predicting significant prostate cancer between explanatory radiomic features (Sum Variance T2WI, Sum Entropy T2WI, Difference Variance T2WI, Entropy ADC and Difference Variance ADC), PSAD and PIRADS via area under the ROC curve, radiomic features were 35.0% and 34.4% more successful than the PIRADS and PSAD, respectively, in correctly predicting significant prostate cancer in our patients (Table 3, p < 0.001).



In addition to the AUROC, calibration analysis was applied to measure how far the predictions were from the actual outcomes. The calibration plot demonstrated good agreement between the model predictions and actual observations for detecting significant prostate cancer using statistically significant radiomic features, with only a limited departure from the ideal predictions. The mean absolute error was 3.4% when applying 200 times internal bootstrap correction. The results of the decision curve analysis are shown in Figure 5.





4. Discussion


This is the first prospective study to bring together information on radiomics features in pre-biopsy MRI and histopathological slides of RP specimens by utilizing the 3D-specific molds, thus bridging the gap in the existing literature. The primary outcome of the study was the diagnostic accuracy of the radiomics approach using GLCM texture features in predicting clinically significant prostate cancer. Our results show that when comparing the probability of correctly predicting significant prostate cancer between GLCM radiomic texture features (Sum Variance T2WI, Sum Entropy T2WI, Difference Variance T2WI, Entropy ADC and Difference Variance ADC), PSAD and PIRADS via area under the ROC curve, radiomic features were 35.0% and 34.4% more successful than PIRADS and PSAD, respectively, in correctly predicting the presence of clinically significant prostate cancer in our patient cohort (Table 3, p < 0.001). The nomogram in our model demonstrated an excellent discriminative ability (C-index 0.90). The use of mpMRI in evaluating PCa is attaining wider acceptance and our findings show that radiomics texture features extracted from radical prostatectomy can act as reliable quantitative imaging biomarkers for PCa detection and risk stratification [17,26]. The findings of the study become more interesting in the context where reports concerning the PIRADS scoring systems are conflicting, possibly due to the fact that the evaluation of MRI and scoring are operator dependent (detection biases due to subjectivity and inter-observer variability). In contrast, the use of radiomics features reduces such discrepancies as the features are automatically generated from the system output rather than via individual assessment. Our results are similar to observations reported in some retrospective studies [27,28,29]. We discovered that 12 out of the 22 radiomics features correlated with the Gleason groups, again a consistent finding with the previous studies. Two further studies using different methodologies to our study also reached similar conclusions and clearly delineate the potential value of radiomics in the prediction of GS [18,30]. When comparing the ability to correctly predict clinically significant PCa between radiomics features and PIRADS score, we did not include age and PSA in the model because both showed statistically non-significant results in the univariate analysis. The final model in the ROC curve comparison only focused on radiomics features (GLCM) versus PIRADS and PSAD in predicting significant PCa in our cohort (Table 3, p < 0.001). The Sum Entropy T2WI was demonstrated to have the greatest impact for predicting GS, as shown in Figure 4. Ultimately, Sum Entropy explains the degree of disorder or randomness of the texture within the PCa region, and the increase in values of Sum Entropy features are associated with the abnormality in texture due to the heterogeneity of the tumor region.



We observed that previous studies were retrospective analyses, while ours was a prospective study involving a pre-biopsy MRI focusing on the GLCM which measures the spatial relationship between neighboring voxels in predicting GS groups in clinically significant cancer [16,18,31,32,33,34]. Chaddad et al. [18] included T2-weighted (T2-WI) and apparent diffusion coefficient (ADC, computed from diffusion-weighted imaging) scans in their analysis, in a smaller number of 99 PCa patients. The cohort included an openly available imagery database. Based on the similar experience of previous studies, we focused on second-order texture features because they appeared to be the best feature for characterizing tumor heterogeneity [35].



Our study’s findings were consistent with another reported study [36], suggesting the radiomics score to have a higher significance in the area under the ROC curve when compared with the PIRADS system. However, we used RP specimens as a reference standard to eliminate bias which could be associated with the possible upgrading of the Gleason score between biopsy and RP specimen [37]. In their study, Slaoui et al. 2017 [32] correlated PIRADS v2 of mpMRI with the GS using RP specimens as a reference standard and found that the PIRADS system alone cannot predict GS in prostate cancer. This is similar to our findings at the univariate analysis stage. The other major difference between this study and our study, is that ours is a prospective study that used PIRADS score and radiomics with a better reference standard. Our results provide credence to the findings of the study by Algohary et al. [33], which evaluated the performance of radiomics features with clinically significant PCa of patients on active surveillance. Again, the corresponding study evidenced a limited cohort size of 56 patients, in addition to utilizing an MRI/TRUS fusion-guided biopsy as a reference standard—a contrast to our study.



The present study and a number of other groups have contributed to a body of evidence to suggest that quantitative imaging parameters using radiomics provide a better reflection of prostate cancer aggressivity than just visual inspection by clinicians. The missing piece of evidence, a prospective protocol-based study with the use of 3D-printed molds for a reference standard histology, has been added by the present study. This is a significant advancement which has the potential to be used in the risk stratification of prostate cancer, in particular, early localized disease where a number of options ranging from active monitoring to radical surgery exist. This research information should contribute to specialty-specific guidelines and wider implementation in the future.



Our study has some limitations. First, our analysis was performed using manually segmented ADC and T2WI MRI. Second, the tumors were not specified according to the zones of occurrence (transitional and peripheral zones) due to the small number of transitional zone lesions. Third, our mpMRI images were obtained from a single institution with experienced uro-radiologist readings. Further multicenter studies and external validation of models are required. In the future, we suggest using more image modalities, such as combining the radiomics model with gene expression in PCa, which could further improve the risk stratification of PCa. The addition of next-generation imaging (NGI) with Ga-PSMA PET/CT may improve our ability to predict risk at a higher level. Moreover, further machine learning in a larger dataset is required, with a view to generate automated systems for the diagnosis of clinically significant PCa in pre-biopsy mpMRI images.




5. Conclusions


This study concludes that GLCM texture features can be used to predict GS, with the Sum Entropy T2WI score having the greatest impact, followed by the Sum Variance T2WI. The findings support the hypothesis that radiomic analysis has the potential to be applied as a non-invasive marker for predicting GS and clinically significant PCa.
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Figure 1. Research workflow. (A) mpMR images showing the segmented region of interest (ROI) marked red in both the T2WI and ADC images for extraction of quantitative imaging texture features (a,b). (B) Microscopic view of clinically significant prostate cancer on histological grading (Gleason’s score) (c,d). (C) Correlation showing significance analysis and AUC obtained by the linear regression models for predicting radiomic features with PIRADS: (e) Heatmap of the Kruskal–Wallis (after applying the Holm–Bonferroni correction) significant test p-values using radiomics features to identify patients of different GS. Significant features that were compared with the GS groups are shown in the colour black (corrected p-value < 0.05). (f) Receiver operating characteristics (ROC) curve and area under the curve (AUC) for model discriminative ability (the areas under the ROC are 0.551 for PIRADS, 0.901 for significant RF and 0.557 for PSAD). 
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Figure 2. Study flowchat. 
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Figure 3. Spearman’s rank correlation between each of the radiomics features and the GS groups. 
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Figure 4. The statistically significant variables from the multivariable logistic regression model (Sum Variance T2WI, Sum Entropy T2WI, Difference Variance T2WI, Entropy ADC and Difference Variance ADC) were used to develop a nomogram to predict the probability of significant PCa. 
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Figure 5. Calibration curves and internal validation of the nomogram (B = 200 boot repetitions, mean absolute error = 0.034. n = 200). 
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Table 1. Demographic data and Gleason grouping.
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	Gleason Grade Score
	Gleason Group
	Number





	Gleason Grade Score ≤6
	Group 1
	67



	Gleason Grade Score 3 + 4 = 7
	Group 2
	54



	Gleason Grade Score 4 + 3 = 7
	Group 3
	79



	and above
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Table 2. Univariate and multivariable logistic regression analysis in predicting significant prostate cancer * (n = 200).
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Covariate

	
Univariate Logistic Regression

	
Multivariable Logistic Regression




	

	
OR

	
95%CI

	

	
p Value

	
OR

	
95%CI

	

	
p Value




	

	

	
Lower

	
Upper

	

	

	
Lower

	
Upper

	






	
PSAD

	
6.889

	
0.500

	
94.847

	
0.149

	
-

	

	

	




	
PI-RADS 3

	
Ref

	

	

	
0.356

	
-

	

	

	




	
PI-RADS 4

	
1.570

	
0.568

	
4.342

	
0.385

	

	

	

	




	
PI-RADS 5

	
2.296

	
0.718

	
7.342

	
0.161

	

	

	

	




	
Angular Second Moment T2WI

	
1.529

	
0.219

	
10.678

	
0.668

	
-

	

	

	




	
Contrast T2WI

	
1.023

	
1.007

	
1.040

	
0.005

	
1.017

	
0.993

	
1.041

	
0.168




	
Sum Square Variaqnce T2WI

	
0.976

	
0.965

	
0.988

	
<0.001

	
0.981

	
0.963

	
1.001

	
0.051




	
Sum Variance T2WI

	
0.905

	
0.877

	
0.933

	
<0.001

	
0.909

	
0.873

	
0.948

	
<0.001




	
Sum Entropy T2WI

	
1.923

	
1.417

	
2.609

	
<0.001

	
2.022

	
1.220

	
3.350

	
0.006




	
Difference Variance T2WI

	
1.056

	
1.024

	
1.090

	
0.001

	
1.068

	
1.015

	
1.124

	
0.011




	
Difference Entropy T2WI

	
1.278

	
1.020

	
1.601

	
0.033

	
1.065

	
0.776

	
1.463

	
0.696




	
Correlation ADC

	
8.400

	
1.998

	
35.308

	
0.004

	
5.030

	
0.766

	
33.050

	
0.093




	
Sum Square Variance ADC

	
1.002

	
0.986

	
1.018

	
0.839

	
-

	

	

	




	
Sum Entropy ADC

	
1.504

	
1.095

	
2.066

	
0.012

	
1.103

	
0.702

	
1.732

	
0.672




	
Entropy ADC

	
2.667

	
1.691

	
4.208

	
<0.001

	
1.835

	
1.017

	
3.312

	
0.044




	
Difference Variance ADC

	
1.072

	
1.033

	
1.113

	
<0.001

	
1.105

	
1.042

	
1.172

	
0.001








* Significant prostate cancer was defined as prostate cancer with a Gleason Score ≥ 4 + 3.
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Table 3. AUC comparison between radiomic features and PIRADS, and radiomic features and PSAD.
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	Actual Significant PCa
	Actual Non Significant PCa
	AUC
	Standard Error
	Difference AUC
	Standard Error of Difference
	z Value
	p Value





	Radiomic Features
	72
	128
	0.901
	0.021
	0.350
	0.048
	7.274
	<0.001



	PIRADS
	67
	123
	0.551
	0.044
	
	
	
	



	Radiomic Features
	72
	128
	0.901
	0.021
	0.344
	0.045
	7.577
	<0.001



	PSAD
	67
	123
	0.557
	0.045
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