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Objectives

This study was conducted in order to explore the value of histogram analysis of the intravoxel incoherent motion-kurtosis (IVIM-kurtosis) model in the diagnosis and grading of prostate cancer (PCa), compared with monoexponential model (MEM).



Materials and Methods

Thirty patients were included in this study. Single-shot echo-planar imaging (SS-EPI) diffusion-weighted images (b-values of 0, 20, 50, 100, 200, 500, 1,000, 1,500, 2,000 s/mm2) were acquired. The pathologies were confirmed by in-bore MR-guided biopsy. The postprocessing and measurements were processed using the software tool Matlab R2015b for the IVIM-kurtosis model and MEM. Regions of interest (ROIs) were drawn manually. Mean values of D, D*, f, K, ADC, and their histogram parameters were acquired. The values of these parameters in PCa and benign prostatic hyperplasia (BPH)/prostatitis were compared. Receiver operating characteristic (ROC) curves were used to investigate the diagnostic efficiency. The Spearman test was used to evaluate the correlation of these parameters and Gleason scores (GS) of PCa.



Results

For the IVIM-kurtosis model, D (mean, 10th, 25th, 50th, 75th, 90th), D* (90th), and f (10th) were significantly lower in PCa than in BPH/prostatitis, while D (skewness), D* (kurtosis), and K (mean, 75th, 90th) were significantly higher in PCa than in BPH/prostatitis. For MEM, ADC (mean, 10th, 25th, 50th, 75th, 90th) was significantly lower in PCa than in BPH/prostatitis. The area under the ROC curve (AUC) of the IVIM-kurtosis model was higher than MEM, without significant differences (z = 1.761, P = 0.0783). D (mean, 50th, 75th, 90th), D* (mean, 10th, 25th, 50th, 75th), and f (skewness, kurtosis) correlated negatively with GS, while D (kurtosis), D* (skewness, kurtosis), f (mean, 75th, 90th), and K (mean, 75th, 90th) correlated positively with GS. The histogram parameters of ADC did not show correlations with GS.



Conclusion

The IVIM-kurtosis model has potential value in the differential diagnosis of PCa and BPH/prostatitis. IVIM-kurtosis histogram analysis may provide more information in the grading of PCa than MEM.
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Introduction

Prostate cancer (PCa) is the most common malignancy and the leading cause of cancer-related deaths among the elderly male (1). The accurate diagnosis and grading is critical in the appropriate treatment strategy and prognosis of PCa patients. Multiparametric MRI plays an important role in the detection, characterization, and staging of prostate cancer. The second edition of the Prostate Imaging Reporting and Data System version 2 (PI-RADS v2) regarded diffusion-weighted imaging (DWI) as one of the two dominant sequences to evaluate PCa (2). The monoexponential model (MEM), universally used in the clinic, is based on Gaussian distribution of tissue. However, non-Gaussian diffusion and blood microcirculation could both affect the characterization of PCa. Nowadays, DWI combined with various mathematical models has been gaining substantial interest as a possible tool to detect PCa, including intravoxel incoherent motion (IVIM) and kurtosis models.

The IVIM model was introduced by Le Bihan et al. (3), which uses the biexponential model and can simultaneously assess diffusion and perfusion. Despite the controversy of the advantages of the IVIM model, some studies have demonstrated that parameters derived from IVIM could improve the sensitivity and specificity of PCa diagnosis, as well as the stratification of PCa (4, 5). Diffusion kurtosis imaging (DKI) model can provide information about non-Gaussian diffusion and reflect microstructural complexity of tumor tissues (6). Previous studies reported that the DKI model was useful in the detection and assessment of PCa aggressiveness and may even be superior to MEM (7–10). Recently, a combination of IVIM and kurtosis (IVIM-kurtosis) model was introduced (11), which could add extra microstructural information regarding molecular diffusion, perfusion, and non-Gaussian information simultaneously. It was reported that the IVIM-kurtosis model had potential value for the diagnosis and prediction of distant metastasis of tumor (12, 13). However, no previous reports focused on the application of the IVIM-kurtosis model in PCa.

Heterogeneity is an important characteristic of tumors (14, 15). It exists at the cell level and is highly affected by the genetic background and origin as well as the environment where it establishes (16). Understanding heterogeneity is helpful for diagnosis, treatment, and prognosis. The histogram analysis is the most popular method for characterization of tumor heterogeneity and provides comprehensive information compared with the mean value (16, 17). It has been used in various DWI models for PCa, such as MEM, IVIM, and DKI models. Previous studies found that histogram analysis had better repeatability than traditional mean value measurement (18), improved diagnosis accuracy for PCa (19–21), and provided better imaging biomarker for aggressiveness evaluation for PCa than mean value (22). Though the histogram analysis has been widely used in in PCa, especially for MEM, the value of histogram analysis for the IVIM-kurtosis model in PCa is still unknown.

In this study, we sought to explore the value of histogram analysis for the IVIM-kurtosis model in the diagnosis and grading of PCa, and compare with MEM, with in-bore transrectal MR-guided biopsy as pathological reference.



Materials and Methods


Participants

The study was approved by our institutional review board and written informed consent was obtained from all the participants. A total of 98 patients suspected of PCa, without previous radiotherapy and endocrine therapy, were enrolled in this study from March 2017 to April 2019. The exclusion criteria were as follows: a) without in-bore transrectal MR-guided biopsy (n = 52), b) the interval between MR scanning and in-bore transrectal MR-guided biopsy was more than 3 months (n = 11), and c) image quality was not adequate for analysis (n = 5). Finally, 30 patients were included in this study (Figure 1). Forty lesions were collected (two lesions each from 10 patients and one lesion from the other 20 patients). The clinical and pathologic characteristics of the patients are summarized in Table 1.




Figure 1 | Flowchart shows the inclusion and exclusion criteria in the present study. PCa, prostate cancer; DWI, diffusion-weighted images.




Table 1 | Summary of clinical and pathologic characteristics of patients.





MR Image Acquisition

MRI examinations were performed with a 3.0-T MR system (Achieva, Philips Medical Systems, Best, Netherlands). An eight-channel cardiac coil was used for signal reception. Images were acquired during free breathing. The scan protocol was as follows: standard axial, coronal and sagittal T2-weighted turbo spin echo (TSE) with fat saturation, axial T2-weighted TSE, axial T1-weighted TSE, and axial multiple b-values DWI. DWI was acquired using a single-shot echo-planar imaging with the following parameters: repetition time (TR)/echo time (TE) = 5,000/60 ms; slice thickness/gap = 4/1 mm; FOV = 220 × 200 mm; image matrix = 88 × 79; SENSE factor = 2; b-values (NEX) = 0 (2), 20 (2), 50 (2), 100 (2), 200 (2), 500 (3), 1,000 (4), 1,500 (6), 2,000 (6) s/mm²; gradient detection = 3. The DWI acquisition time was 7 min 57 s. The total scan time of prostate MRI was 21 min 46 s.



In-Bore Transrectal MR-Guided Biopsy and Pathological Evaluation

MR-guided biopsy were conducted on a 3.0-T MRI scanner, with an MR-compatible biopsy device (Invivo, Schwerin, Germany) using an MR-guided biopsy system (DynaCAD Version 2.1.8). Suspicious lesions were identified as a PI-RADS v2.0 assessment category of ≥3 by two experienced radiologists (Chunmei Li and Min Chen, who had 10 and 20 years of experience in prostate MRI, respectively). The interventional biopsy was performed by another radiologist (Jingying Yu or Xiaotao Deng), and scanning operation was performed by one radiology technologist (Jintao Zhang). At least two specimens were obtained from each suspicious lesion.

The biopsy specimens were fixed in formalin and stained with hematoxylin–eosin before being analyzed by a pathologist (Wei Zhang). Each specimen was identified as PCa or benign prostatic hyperplasia (BPH)/prostatitis. Biopsy specimens with PCa were graded according to the 2014 International Society of Urological Pathology Gleason grading system. The lesion was grouped as PCa only if any one specimen was identified as PCa.



Data Analysis

All DWI data were analyzed off-line with Matlab R2015b software (MathWorks Inc., Natick, MA, USA). Two different models, the IVIM-kurtosis model and MEM, were respectively used for postprocessing.

For the postprocessing of the IVIM-kurtosis model, the following equation was used (11):

	

where S(0) is the theoretical signal intensity for b-value of 0 s/mm2, f is the perfusion fraction, b is the b-value (b-values = 0, 20, 50, 100, 200, 500, 1,000, 1,500, 2,000 s/mm2), D* is the pseudodiffusion coefficient associated with the IVIM effect, D is the virtual diffusion coefficient, and K is the kurtosis parameter. The data fitting curve is shown in Figure 2.




Figure 2 | Fitting curve of the IVIM-kurtosis model. IVIM, intravoxel incoherent motion.



The DWI was also analyzed using the MEM (23):

	

ADC is the apparent diffusion coefficient and b-values were 50 and 1,500 s/mm2. The data fitting curve is shown in Figure 3.




Figure 3 | Fitting curve of MEM. MEM, monoexponential model.



Pixel-by-pixel maps of different parameters, including D, D*, f, K, and ADC, were automatically constructed from the proposed models. Regions of interest (ROIs) were performed by two radiologists (observer 1, Yuwei Jiang, and observer 2, Lu Yu, who have 5 and 6 years of experience in prostate MR imaging diagnosis, respectively, and were blinded to the final pathological results). ROIs were manually drawn on all suspicious lesions as described above, which underwent biopsy. The slice with the largest lesion area was used for ROI drawing. These two observers independently outlined the lesions. One observer (Lu Yu) underwent a second analysis 1 month later.

After ROI placement, histogram analysis of these parameters for each ROI was automatically generated (24). The mean, median, 10th percentile, 25th percentile, 75th percentile, 90th percentile, skewness, and kurtosis were acquired.



Statistical Analysis

Statistical analysis was performed with SPSS 22.0 (IBM Corp., NY, USA) and MedCalc Statistical Software version 18.2.1 (MedCalc Software bvba, Ostend, Belgium). Intraclass correlation coefficient (ICC) was performed to assess intra- and interobserver repeatability of mean values and histogram parameters of the IVIM-Kurtosis model, and classified as poor (<0.40), fair (0.40–0.59), good (0.60–0.74), and excellent (0.75–1.00).

The normality of the data was tested using the Shapiro–Wilk test, and homoscedasticity was tested by Levene’s test first. Data were expressed as mean ± standard deviation (SD) or median (first quartile, third quartile) depending on whether following normal distribution. The parametric test (independent-sample t-test) would be applied to compare the difference of D, D*, f, K, and ADC between PCa and BPH/prostatitis when normality assumptions were satisfied; otherwise, the equivalent non-parametric test (Wilcoxon rank sum test) would be used.

The diagnostic performance of mean values and histogram parameters, which showed significant difference between PCa and BPH/prostatitis, was assessed by receiver operating characteristics (ROC) curves analysis. The area under the ROC curve (AUC) and 95% confidence interval (95% CI) were calculated. The sensitivity, specificity, and 95% CI were calculated with the maximum Youden index as the cutoff value. Spearman rank correlation analysis was used to evaluate the correlation of these parameters and Gleason score (GS) of PCa.

The diagnostic models of the mean values and the histogram parameters for the IVIM-kurtosis model and MEM were made by logistics regression. ROC curves analysis were used for the IVIM-kurtosis model and MEM. Z test was used to compare the differences between the ROCs of the IVIM-kurtosis model and MEM. P-values less than 0.05 were considered statistically significant.




Results


Intra- and Interobserver Agreement

Intra- and interobserver agreement of mean values and the histogram parameters of IVIM-Kurtosis model are shown in Table 2. Overall, the mean values and most histogram parameters showed excellent intraobserver and interobserver agreement. However, some poor ICCs were also shown, including the intraobserver agreement of D* (skewness) and K (25th).


Table 2 | Intra- and interobserver agreement of mean values and histogram parameters for IVIM-Kurtosis model.





Histogram Analysis Between PCa and BPH/Prostatitis

The detailed information of D, D*, f, K, and ADC in PCa and BPH/prostatitis are demonstrated in Table 3.


Table 3 | The mean values and histogram parameters for D (×10−3 mm2/s), D* (×10−3 mm2/s), f, K, and ADC (×10−3 mm2/s) in PCa and BPH/prostatitis.



For the IVIM-kurtosis model, D (mean, 10th, 25th, 50th, 75th, 90th), D* (90th), and f (10th) were significantly lower in PCa than in BPH/prostatitis. Meanwhile, D (skewness), D* (kurtosis), and K (mean, 75th, 90th) were significantly higher in PCa than in BPH/prostatitis.

For MEM, ADCs (mean, 10th, 25th, 50th, 75th, 90th) were significantly lower in PCa than in BPH/prostatitis.

Figures 4 and 5 are two representative cases of PCa and BPH/prostatitis.




Figure 4 | Representative images from a 76-year-old PCa patient with Gleason score of 3 + 4, as outlined on the images. (A–L) Axial DWI (b = 1,500 s/mm2), axial T2WI, D map, histogram of D, D* map, histogram of D*, f map, histogram of f, K map, histogram of K, ADC map, and histogram of ADC, respectively. PCa, prostate cancer; T2WI, T2-weighted images; DWI, diffusion-weighted images; ADC, apparent diffusion coefficient.






Figure 5 | Representative images from a 63-year-old BPH/prostatitis patient, as outlined on the images. (A–L) Axial DWI (b = 1,500 s/mm2), axial T2WI, D map, histogram of D, D* map, histogram of D*, f map, histogram of f, K map, histogram of K, ADC map, and histogram of ADC, respectively. BPH, benign prostatic hyperplasia; T2WI, T2-weighted images; DWI, diffusion-weighted images; ADC, apparent diffusion coefficient.





ROC Analysis

The results of ROC analysis for mean values and histogram parameters, which showed significant difference between PCa and BPH/prostatitis, as well as the combination models of D, D*, f, and ADC, of the IVIM-kurtosis model and MEM, are shown in Table 4.


Table 4 | The results of ROC analysis for mean values and histogram parameters.



The results of ROC analysis for IVIM-kurtosis model and MEM were showed in Figure 6. The AUC of IVIM-kurtosis model was higher than MEM (1.000 vs. 0.938), but no significant difference was found between these two models (z = 1.761, P = 0.0783).




Figure 6 | ROC curves for the IVIM-kurtosis model (AUC = 1.000) and MEM (AUC = 0.938). No significant difference was found between the two models (z = 1.761, P = 0.0783). Note: IVIM, intravoxel incoherent motion; MEM, monoexponential model.





Correlations Between Parameters and GS

D (mean, 50th, 75th, 90th), D* (mean, 10th, 25th, 50th, 75th) and f (skewness, kurtosis) correlated negatively with GS, while D (kurtosis), D* (skewness, kurtosis), f (mean, 75th, 90th), K (mean, 75th, 90th) correlated positively with GS (Table 5). The other parameters derived from IVIM-kurtosis model, mean values and histogram parameters of ADC didn’t show correlations with GS.


Table 5 | Spearman correlation of histogram IVIM-kurtosis and MEM parameters to tumor GS (with P < 0.05).






Discussion

In this study, we firstly evaluated the repeatability of mean values and histogram parameters derived from the IVIM-kurtosis model. The results displayed that overall the repeatability is good. However, some parameters showed extremely low ICC, including the intraobserver agreement of D* (skewness) and K (25th). This may be due to the dominant heterogeneity of these parameters, which may cause match errors when the ROI selection was only a little bit mismatched. Besides, the ICC of histogram parameters seemed to be similar to the ICC of traditional mean value, which indicated that the histogram parameters may not have better repeatability than traditional mean value. In general, the IVIM-kurtosis model has good repeatability, but the reason for poor repeatability of some parameters still needs confirmation and further improvement.

The IVIM-kurtosis model allows the simultaneous measurement of perfusion and diffusion. It was reported that the IVIM-kurtosis model could be used to assess cerebral perfusion and diffusion heterogeneity in healthy adults and brain tumors (12, 25). The study of Lu et al. demonstrated that the IVIM-kurtosis model can address the underlying diffusion and perfusion behavior better than the IVIM and DKI models (26), and Fujima et al. found that the D and K values obtained by the hybrid IVIM-DKI model can be one of the diagnostic tools for the prediction of future distant metastasis in head and neck cancer patients (13). We are the first to evaluate the potential of the IVIM-kurtosis model in prostate cancer. In our study, we found that D (mean) significantly declined in PCa compared with that in BPH/prostatitis, which was consistent with previous literature (5, 27). This may be attributed to the presence of abundant fibrotic components and stromal fibroblasts or other microstructural differences in PCa. Similarly, D (10th, 25th, 50th, 75th, 90th, skewness) can be used for differentiating PCa from BPH/prostatitis, mostly with high sensitivity and specificity. For the histogram of D derived from the IVIM model, their efficiency in differentiating PCa from BPH/prostatitis is controversial (28, 29). For the histogram of D derived from the DKI model, our previous study showed that all the percentage of D can be used for the diagnosis of PCa (30), similar to the histogram of D derived from the IVIM-kurtosis model in this study. Thus, we infer that the histogram of D derived from the IVIM-kurtosis model may obtain more meaningful histogram parameters than the IVIM model and provide more information for the diagnosis of PCa.

D* and f reflect the perfusion of tumor. Agreements have not been achieved yet for their value in the diagnosis of PCa. Liu et al. found that PCa in central gland had lower D* than BPH and D* can improve the accuracy of PCa diagnosis (31), while Li et al. demonstrated that D* was higher in PCa than that in prostatitis and no significant difference existed between PCa and BPH. Moreover, the study of Shinmoto et al. showed no significant differences in PCa, BPH, and peripheral zone for D* (32). In this study, we did not further classify the lesions by the anatomical zones of the prostate, but the results indicated that D* (mean) could not differentiate PCa from BPH/prostatitis. Meanwhile, the results displayed that D* (90th) in PCa was significantly lower than that in BPH/prostatitis, while D* (kurtosis) in PCa was significantly higher than that in BPH/prostatitis, which is different from the results of Cui et al. (28). Feng et al. evaluated the effect of echo time value on IVIM quantification and showed that the accurate measurement of D* is still challengeable (33). D* is prone to errors, particularly when f gets very small (34). The different gradient directions and relatively isotropic diffusion in the prostate gland may also affect D*. The accurate evaluation of D* require further studies.

The value of f in PCa and non-cancerous, as well as their differences, was highly variable within previous studies. The f did not yield valuable information for the detection of PCa (10), while another study found f increased (35) or decreased in tumors (28, 31). In our study, the f (mean) did not show significant differences between PCa and BPH/prostatitis. Among the histogram parameters, only f (10th) had significantly lower value in PCa than that in BPH/prostatitis. Cui et al. found that the values of f (mean, 10th, 25th, 50th, 75th and 90th) were significantly lower in PCa than those in BPH (28), while Bao et al. found that histogram analysis could not differentiate PCa from BPH (29). The diversity on f may be due to that the perfusion fraction depended heavily on the b-values. Pang et al. (35) investigated the effect of b-values on perfusion fraction and found that when high b-values were used, the f became lower or indistinguishable from normal corresponding to prior reports. However, there is still limited consensus about the optimal b-value selection in prostate DWI until now. Another explanation is that separation of perfusion from diffusion requires high signal-to-noise ratios, and there are some technical challenges affecting f values, such as artifacts from other bulk flow phenomena. Besides, the different models used in previous studies and in this study may also contribute to the different results to some extent.

In theory, K may provide a more specific measurement of the complexity degree of microstructure of tissues. Suo et al. reported that K in malignant lesions was significantly higher than that in benign lesions (36). Moreover, Quentin et al. found that mean kurtosis and axial kurtosis derived from DKI could significantly differentiate PCa from prostatitis, the peripheral zone, or the central gland (37). However, Matthias et al. demonstrated no significant benefit of DKI for the detection and grading of PCa as compared with standard ADC determined from b-values of 0 and 800 s/mm2 (38). K (mean, 75th, 90th) showed significant differences between PCa and BPH/prostatitis in our study. This can be explained by the more complexity degree of microstructure in PCa than BPH/prostatitis. The diversity of K may also be ascribed to the different b-value selections and different models used, as we said in the discussion for f. Overall, the optimal b-value and model selection is crucial for the application of diffusion.

We also demonstrated the AUCs of histogram analysis of the IVIM-kurtosis model. Generally, the AUCs of D were higher than other parameters and the AUC of D parameters achieved 0.927, which was similar to the AUC of ADC parameters (0.938). It should be noticed that the AUC of the IVIM-kurtosis model reached 1.000. This too perfect result may be due to the following reasons. First, there may be a supplement between the parameters for the diagnosis of PCa. Second, though the AUCs were not high for most included parameters, some cutoff value may accidently exist, which could completely discriminate PCa from BPH/prostatitis, when constructing the combined diagnostic model. Actually, previous studies found that IVIM and DKI models were not superior to MEM in the diagnosis of PCa (8, 28, 29, 39); thus, researchers did not recommend IVIM and DKI models for clinical application at present. In this study, the AUC of the IVIM-kurtosis model was higher than MEM (1.000 vs. 0.938). Though no significant difference was found between them, there was a trend that the IVIM-kurtosis model showed better diagnostic value than MEM for the diagnosis of PCa. We should also notice another important point. Though the Youden index of the IVIM-kurtosis model was better than MEM, the Youden index of MEM parameters was generally better than IVIM-kurtosis parameters. This indicated that MEM parameters may be better than IVIM-kurtosis parameters in the situation of separate application, while MEM parameters may be inferior to IVIM-kurtosis parameters in the situation of comprehensive application. This also indicated that histogram analysis of the IVIM-kurtosis model may provide a better diagnosis of PCa than mean value only. Considering the longer scan time and postprocessing time for the IVIM-kurtosis model, whether the IVIM-kurtosis model should be used as a routine tool for the diagnosis of PCa in the clinic needs further confirmation.

The mean value of D, D*, f, K, and some of their histogram parameters had significant correlations with GS in this study. Moreover, the ρ values of multiple histogram parameters seemed to be higher than mean value, which indicated that histogram analysis may provide better grading of PCa. Most previous studies on the IVIM model showed that D value had good correlation with GS (5, 24, 29). Increased GS of PCa leads to increased cell density and decreased extracellular space, which may result in the decrease of D value. However, Pesapane et al. (27) found that D could not differentiate high-grade PCa from low- and intermediate-grade PCa. Moreover, the results of the study of Pesapane et al. indicated that D* and f did not make sense in the grade of PCa. On the other hand, Valerio et al. (4) and Cui et al. (28) found that some values of D* significantly correlated with GS. Our results were not exactly the same as previous studies mentioned above. The possible reasons are as follows. First, the number of patients included in this study was relatively small and the percentage of low-grade PCa was relatively low. Second, the different selection of b-values may influence the results. A very important part for DWI data acquisition is the choice of b-values, which control the degree of diffusion weighting. However, definite standards of prostate DWI data acquisition and postprocessing have not been established yet. According to the study of Merisaari et al., different optimal b-value distributions were found for different models and/or parameters (40). As no previous reports focused on the application of the IVIM-kurtosis model in PCa, we did not get experience from previous studies for the selection of b-values. Here, we chose b-value distribution under consideration of both models, rather than choosing optimal b-value distribution for either the IVIM or kurtosis model, for the model we used in this study combined IVIM and kurtosis together. Whether the selection of b-values in this study was suitable for the IVIM-kurtosis model still needs confirmation. Third, some parameters showed a large degree of variation. Thus, increasing sample number, optimizing the selection of b-values, and making parameters stable are important for the clinical application of the IVIM-kurtosis model in the future. As to K, our results showed that K (90th) significantly correlated with GS, which agreed with the results of Wang et al. (22). However, the efficiency of other K parameters seemed to be different. We infer that K can be used to evaluate the grading of PCa. The K parameters which had statistic differences were different in different studies, and this may be due to different selection of histogram parameters. It deserves further investigation for the optimal parameter selection for K in the future. In a word, histogram analysis of the IVIM-kurtosis model has potential value for the assessment of PCa grading, but thorough studies are needed for the acquisition of standard parameters and more reliable results.

We also evaluated the efficiency of ADC in the assessment of PCa grading. The association between ADC and GS varied in different studies (41). The mean value and histogram parameters did not show significant correlations with GS in this study, which was different from previous studies (29, 39, 42). One possible reason was considerable intrasubject heterogeneity pathologically (43). Another possible explanation to this could be technical factors including field strength and coil arrangement. In addition, very high b-value is helpful for prostate cancer detection, but its value for evaluating tumor risk is limited. The IVIM-kurtosis model seemed to be superior to MEM in the assessment of PCa grading, but this needs to be confirmed by further studies with a large sample, for such results may contribute to the small sample and fewer low-grade PCa in this study.

There were several limitations to our study. First, this study is limited by the small number of patients included. The number of subgroup of each GS group was even smaller, especially the low-grade PCa group, which may bring bias to the results. Besides, we did not differentiate GS 3 + 4 from 4 + 3 and GS 10 was not included. Second, the lesions were not further classified by the anatomical zones (peripheral zone and transition zone). BPH and prostatitis were analyzed together and healthy prostate tissues were not included because it is difficult to identify healthy prostate tissues in elderly male. Third, we used the in-bore MR-guided biopsy as the pathological reference. This can improve the match accuracy of pathology and MRI (44), while the high cost limited the number of included patients. More patients should be included in the future for a profound and detailed study. Fourth, the data were not validated by another cohort in this study. Further data collection is needed in the future.

In conclusion, IVIM-kurtosis quantitative parameter histogram analysis is a valuable tool for distinguishing PCa from BPH/prostatitis. There was a trend that the IVIM-kurtosis model showed better diagnostic value than MEM for the diagnosis of PCa. The IVIM-kurtosis model may also provide more information in predicting the GS of PCa compared with MEM.
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D* 50th -0.532 0.016*
D* 75th -0.558 0.010*
D* skewness 0.501 0.024*
D* kurtosis 0.524 0.018*
f mean 0.703 0.001**
f 75th 0.679 0.001*
f 90th 0.760 <0.001***
f skewness -0.685 0.001*
f kurtosis -0.729 <0.001***
K mean 0.576 0.008™
K 75th 0.479 0.033"
K 90th 0.668 0.001*

IVIM, intravoxel incoherent motion; MEM, monoexponential model; GS, Gleason score.

*Significantly dlifferent at P < 0.05.
**Significantly different at P < 0.01.
**Significantly different at P < 0.001.





