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Objective

To evaluate the application value of monoexponential, fractional order calculus (FROC) diffusion models and PET imaging to distinguish between benign and malignant solitary pulmonary lesions (SPLs) and malignant SPLs with different pathological types and explore the correlation between each parameter and Ki67 expression.



Methods

A total of 112 patients were enrolled in this study. Prior to treatment, all patients underwent a dedicated thoracic 18F-FDG PET/MR examination. Five parameters [including apparent diffusion coefficient (ADC) derived from the monoexponential model; diffusion coefficient (D), a microstructural quantity (μ), and fractional order parameter (β) derived from the FROC model and maximum standardized uptake value (SUVmax) derived from PET] were compared between benign and malignant SPLs and different pathological types of malignant SPLs. Independent sample t test, Mann-Whitney U test, DeLong test and receiver operating characteristic (ROC) curve analysis were used for statistical evaluation. Pearson correlation analysis was used to calculate the correlations between Ki-67 and ADC, D, μ, β, and SUVmax.



Results

The ADC and D values were significantly higher and the μ and SUVmax values were significantly lower in the benign group [1.57 (1.37, 2.05) μm2/ms, 1.59 (1.52, 1.72) μm2/ms, 5.06 (3.76, 5.66) μm, 5.15 ± 2.60] than in the malignant group [1.32 (1.03, 1.51) μm2/ms, 1.43 (1.29, 1.52) μm2/ms, 7.06 (5.87, 9.45) μm, 9.85 ± 4.95]. The ADC, D and β values were significantly lower and the μ and SUVmax values were significantly higher in the squamous cell carcinoma (SCC) group [1.29 (0.66, 1.42) μm2/ms, 1.32 (1.02, 1.42) μm2/ms, 0.63 ± 0.10, 9.40 (7.76, 15.38) μm, 11.70 ± 5.98] than in the adenocarcinoma (AC) group [1.40 (1.28, 1.67) μm2/ms, 1.52 (1.44, 1.64) μm2/ms, 0.70 ± 0.10, 5.99 (4.54, 6.87) μm, 8.76 ± 4.18]. ROC curve analysis showed that for a single parameter, μ exhibited the best AUC value in discriminating between benign and malignant SPLs groups and AC and SCC groups (AUC = 0.824 and 0.911, respectively). Importantly, the combination of monoexponential, FROC models and PET imaging can further improve diagnostic performance (AUC = 0.872 and 0.922, respectively). The Pearson correlation analysis showed that Ki67 was positively correlated with μ value and negatively correlated with ADC and D values (r = 0.402, -0.346, -0.450, respectively).



Conclusion

The parameters D and μ derived from the FROC model were superior to ADC and SUVmax in distinguishing benign from malignant SPLs and adenocarcinoma from squamous cell carcinoma, in addition, the combination of multiple parameters can further improve diagnostic performance. The non-Gaussian FROC diffusion model is expected to become a noninvasive quantitative imaging technique for identifying SPLs.
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Introduction

Lung cancer is the most common malignant tumor worldwide and ranks first in cancer-related deaths (1). Adenocarcinoma (AC) and squamous cell carcinoma (SCC) are the most common pathological types. Due to the lack of specificity of clinical manifestations, nearly 70% of lung cancer patients have already developed locally advanced or metastatic disease at the time of diagnosis (2). Ki-67 is an important marker of cell proliferation closely related to the occurrence and development of tumors. The pathological type of the tumor and the Ki67 index influence the treatment plan, treatment response and prognosis of lung cancer patients (3–6). Currently, the gold standard for the clinical diagnosis of lung cancer is histopathological biopsy. However, the clinical application of invasive procedure is limited due to the disadvantages of trauma, poor patient compliance, inability to obtain the overall situation and a high incidence of complications (7). Therefore, noninvasive diagnostic imaging of tumors is needed to overcome these limitations.

18F-FDG PET/CT provides metabolic and anatomical information and plays an indispensable role in the management of lung cancer patients. PET/MR is the organic integration of PET and MRI. Compared with PET/CT, PET/MR has the advantages of high soft-tissue resolution and markedly reduced radiation exposure while acquiring metabolic information. In addition, multiparameter magnetic resonance imaging can obtain additional information about tumor tissue, which probably helps improve the screening diagnosis of lung cancer (8). The maximum standardized uptake value (SUVmax) is a semiquantitative metabolic index commonly used in PET to reflect disease activity and invasiveness. Studies have shown that SUVmax can differentiate benign and malignant pulmonary nodules and pathological types of lung cancer (9, 10).

Diffusion-weighted magnetic resonance imaging (DWI) is a noninvasive imaging technique that can obtain information about the microscopic motion of water molecules and reflect changes at the cellular level (11). In DWI, the apparent diffusion coefficient (ADC) value quantifies the diffusion capacity of water molecules, providing information about cell density and membrane integrity (12). ADC has been used to distinguish between benign and malignant lung lesions (13). However, studies have shown that ADC values overlap in different pathological types of lung cancer; thus, ADC cannot effectively distinguish between AC and SCC (14). The conventional DWI is calculated using a monoexponential model, which assumes that the probability function of water molecule displacement follows a Gaussian distribution (15). The ADC value reflects the average diffusion coefficient of various tissue components, but in fact, due to the complexity of tissue structure, the diffusion behavior of water in tissue cells is more complicated than that of freely moving water (16). Increasing evidence shows that monoexponential DWI has nonnegligible limitations for evaluating the complex microstructure of tissues (17). Recognizing the limitations of ADC, Zhou et al. first proposed the fractional order calculus (FROC) model in 2010, which provides three parameters: diffusion coefficient (D), a spatial parameter (μ) and fractional order derivative in space (β) (18). These parameters can reflect not only the diffusion process but also the diffusion environment (μ) and structural complexity (β), thus making up for the shortcoming of the monoexponential model. The complexity of the internal microstructure of tumor tissues has been further revealed by using these parameters alone or in combination for the identification of tumor types, the staging of chronic hepatitis B liver fibrosis, the Lauren classification of gastric adenocarcinoma, assessing the response of gastrointestinal stromal tumors to targeted drugs, and preoperatively evaluating liver cancer (19–23).

To the best of our knowledge, the FROC model has not been used to assess lung diseases. Thus, the purpose of this study was to investigate the clinical utility of the FROC diffusion model in identifying SPLs, and whether the FROC model has advantages over the monoexponential model and PET imaging. Furthermore, we analyzed the correlation between each derived parameter and the Ki-67 index, thus guiding diagnostic and treatment strategies.



Methods


Study population

This prospective study was approved by the Ethics Committee of the local institution. Written informed consent was obtained from each patient. A total of 131 patients with suspected lung tumors without contraindications to PET/MR scans were examined from July 2020 to January 2022. The inclusion criteria were as follows: 1) chest CT showing that the maximum diameter of the lung tumor was ≥ 1.0 cm; 2) no patients received any related treatment; 3) no contraindications to MRI, such as ferromagnetic implants, claustrophobia; 4) primary lung cancer and benign lesions were confirmed by pathology (such as by surgery, needle biopsy, or bronchoscopy); and 5) Ki-67 expression detected by immunohistochemistry (IHC). The exclusion criteria were 1) lack of histopathological confirmation (n=6); 2) the quality of MRI images was poor, and the lesions were not clearly displayed (n=8); and 3) the imaging sequence was incomplete (n=5). In all, 112 patients were included in our study.



Image acquisition

MRI and PET imaging were performed using an integrated 3.0T PET/MR (uPMR790, UIH) with a 12-channel phased-array body coil. The tracer used was 18F-FDG. Patients were required to fast for at least 6 hours to ensure that fasting blood glucose was below 8.0mmol/L. 18F-FDG was injected intravenously at a dose of 4.07MBq/kg, Whole lung images were collected after 1 h. Each patient was instructed to breathe normally in a supine position and was scanned from lung tip to diaphragmatic angle. Abdominal bands were used to reduce respiratory motion artifacts. PET reconstruction was performed using the iterative ordered subset expectation maximization algorithm (OSEM), and Dixon MRI sequence attenuation was used to correct gamma rays. The imaging protocol included PET imaging, MR-based attenuation correction (2.04min), T2-weighted imaging (2.26min), T1-weighted imaging (14S), and multi-b-values DWI sequence(5.15min). The monoexponential model was performed by using two b values (0, 800 s/mm2). The FROC model was performed by using twelve b values (0, 25, 50, 100, 150, 200, 400, 600, 800, 1000, 1500, 2000 s/mm2), separation between two diffusion gradient lobes, Δ = 23.96 msec; duration of each diffusion gradient, δ = 17.36 msec. MRI acquisition parameters are shown in Table 1.


Table 1 | Scanning parameters of MRI.





Image processing

All images were imported into the United imaging workstation (uWS-MR, UIH, Shanghai, China) for postprocessing. Two radiologists (with 5 and 10 years of work experience, respectively) independently measured the SUVmax value. The PET/MR postprocessing software automatically delineated the volumes of interest (VOIs) of the lesions and calculated the SUVmax at a 40% relative threshold. The regions of interest (ROIs) were manually plotted independently by two radiologists. Before drawing ROIs, both radiologists were blinded to the pathological results and clinical data, cystic components, necrotic areas, hemorrhage, and calcification were avoided by referring to T1- and T2-weighted images. The ROIs were plotted on DWI images along the inner edge of the solid tumor region and then propagated to the corresponding μ, D, β and ADC maps. The average value measured by the two radiologists was calculated for final analyses. DWI and FROC image processing and analysis were performed using custom software developed in MATLAB.



Image analysis

The formulas used to calculate ADC values and FROC model parameters are as follows:

(1) Monoexponential model: The parameter map of monoexponential DWI was calculated by the following fitting formula (22):

	

where S0 and Sb are respectively the signal intensity when b values of 0 and 800 s/mm2 are applied. ADC (μm2/ms) is the abbreviation of the apparent diffusion coefficient.

(2) Fractional-order calculus model: The parameter maps of FROC-DWI were calculated by the following fitting formula (21, 24):

	

where D (μm2/ms) is the diffusion coefficient, which is similar to ADC, β (dimensionless between 0 and 1) represents the fractional order derivative in space and reflects the uniformity of the internal structure of tissue, μ(μm) is a spatial parameter reflecting the diffusion distance of water molecules, which is a unique parameter in the FROC model, Gd is the diffusion gradient amplitude, δ is the diffusion gradient pulse width, Δ is the gradient lobe separation, and γ is the spin ratio. The 12 b-values diffusion images were fitted to the FROC model voxel-by-voxel by using a nonnegative least square fitting algorithm to generate the three parameter maps.



Histopathologic analysis

All specimens were embedded in paraffin, sectioned, and stained with conventional HE, and the expression of Ki-67 was analyzed by immunohistochemistry using mouse anti-human Ki-67 monoclonal antibody (MIB-1, DAKO). The pathological types of the patients were diagnosed by a senior pathologist blinded to the clinical and imaging data. The positive expression of Ki67 was in the nucleus and stained into brownish-yellow granules. The percentage of positive tumor cells (%) was counted and recorded.



Statistical analysis

All statistical analyses and plots were performed using SPSS(version 26.0), MedCalc(version 15.2.2), and GraphPad Prism(version 8.0). A two-sided P value of less than 0.05 was considered to indicate statistical significance. The intraclass correlation coefficient (ICC) was used to assess the agreement of the measured parameters between the two radiologists, and interpreted as follows: poor agreement 0.00 - 0.20, fair agreement 0.21 - 0.40, moderate agreement 0.41 - 0.60, good agreement 0.61 - 0.80, and excellent agreement 0.81 - 1.00. All parameters were tested for normal distribution using the Kolmogorov-Smirnov test, data conforming to a normal distribution were expressed as the mean ± standard deviation, and data not conforming to a normal distribution were expressed as median and interquartile range. Independent sample t-tests (normal distribution) and Mann-Whitney U tests (nonnormal distribution) were used to compare the differences in the parameter values between the benign and malignant groups and between malignant SPLs with different pathological types. The correlation between each parameter and the Ki-67 index was analyzed by Pearson correlation. FROC parameters were combined using the logistic regression expression: P0 = exp (a0 + a1D + a2β + a3μ)/[1 + exp (a0 + a1D + a2β + a3μ)], where a0 is a constant, and ai (for i = 1, 2, 3) is the regression coefficient of D, β, and μ, respectively. The regression coefficients were estimated by using a maximum likelihood method (19, 23). The area under the curve (AUC) given by the receiver operating characteristic (ROC) curve was used to evaluate the ability of different parameters to distinguish benign and malignant SPLs and different pathological types: (0.50, 0.70) indicated low diagnostic value, (0.70, 0.90) indicated moderate diagnostic value, and above 0.90 indicated high diagnostic value (25). The optimal cutoff value was selected according to the maximum value of the Youden Index and the corresponding accuracy, sensitivity and specificity values were calculated. The DeLong test was used for the statistical comparison of AUCs with different parameters.




Results


Demographics

A total of 19 patients were excluded; as a result, 112 patients were included in this study. Pathological findings were used as the gold standard. 35 patients were diagnosed with benign lesions (25 males, 10 females; range, 40-81 years; median age 57 years; mean age 59 years), including focal pneumonia (N = 31), bronchial adenoma (N = 2), hamartoma (N = 1), and infectious granuloma (N = 1), and 77 patients were diagnosed with malignant lesions (45 males, 32 females; range, 33-79 years; median age 63 years; mean age 61 years), including AC (N = 40), SCC (N = 25), small cell carcinoma (N = 7), and lung metastasis (N = 4 come from gastrointestinal tumors and N = 1 come from Lymphoma) (Table 2, Figures 1–3).


Table 2 | Demographics.






Figure 1 | (A–G) A 51-year-old female patient, with hamartoma in the left lung, (A) is T2 weighted anatomic image, (B) is hematoxylin and eosin (H&E) staining image which confirms this lesion to be hamartoma, (C) is μ map with μ= 3.21 μm, (D) is D map with D = 1.73 μm2/ms, (E) is β map with β= 0.78, (F) is ADC map with ADC = 1.99 μm2/ms, (G) is the fusion image of the SUV map and the attenuation correction map with SUVmax = 0.5.






Figure 3 | (A–G) A 67-year-old male patient, with squamous cell carcinoma (SCC) in the right lung, (A) is T2 weighted anatomic image, (B) is hematoxylin and eosin (H&E) staining image which confirms this lesion to be SCC, (C) is μ map with μ= 7.44 μm, (D) is D map with D = 1.42 μm2/ms, (E) is β map with β= 0.68, (F) is ADC map with ADC = 1.29 μm2/ms, (G) is the fusion image of the SUV map and the attenuation correction map with SUVmax = 18.75.






Figure 2 | (A–G) A 73-year-old female patient, with adenocarcinoma (AC) in the right lung, (A) is T2 weighted anatomic image, (B) is hematoxylin and eosin (H&E) staining image which confirms this lesion to be AC, (C) is μ map with μ= 4.77 μm, (D) is D map with D = 1.69 μm2/ms, (E) is β map with β = 0.83, (F) is ADC map with ADC = 1.37 μm2/ms, (G) is the fusion image of the SUV map and the attenuation correction map with SUVmax = 3.41.





Consistency analysis

The measurements of all parameters by the two radiologists showed excellent agreement. The ICCs for ADC, μ, D, β, and SUVmax were 0.866, 0.903, 0.891, 0.848, and 0.861, respectively (Table 3).


Table 3 | Mean and consistency analysis of parameters as respectively measured by both radiologists.





Parameter comparison

There was no significant difference in age between the benign and malignant SPLs group patients or between the AC and SCC group patients (P = 0.233 and 0.480, respectively). The diameter of the malignant SPLs group was significantly larger than that of the benign SPLs group (P<0.001); however, there was no significant difference between the AC group and the SCC group (P = 0.220). The μ and SUVmax values of benign SPLs were significantly lower, and the ADC and D values were significantly higher than the corresponding values in malignant SPLs. In distinguishing pathological types, μ and SUVmax values in the AC group were significantly lower, and ADC and D values were significantly higher than the corresponding values in the SCC group. The β value of AC was significantly higher than that of SCC(P = 0.016), however, there was no difference in β values between the benign and malignant groups (P = 0.151) (Table 4, Figure 4).


Table 4 | Comparison of different parameters between the benign and malignant SPLs groups, and between AC and SCC groups.






Figure 4 | Boxplots of Diameters, ADC, μ, D, β and SUVmax between the benign and malignant SPLs groups, and between AC and SCC groups. ADC, apparent diffusion coefficient; D, diffusion coefficient; SCC, squamous cell carcinoma; SUVmax, maximum value of standard uptake value.





ROC analysis

Regarding the identification of benign and malignant SPLs, AUC(μ) > AUC(D) > AUC (SUVmax) > AUC(ADC) > AUC(β) (AUC = 0.824, 0.821, 0.801, 0.760, 0.585, respectively). The diagnostic efficiencies of different methods and their combinations were as follows: AUC (μ+D+ADC+SUVmax) > AUC (μ+D) > AUC (SUVmax) > AUC (ADC)(AUC = 0.872, 0.825, 0.801, 0.760, respectively). Table 5 and Figure 5 show the AUC, Youden index, accuracy, sensitivity, specificity, and 95% confidence interval of each parameter.


Table 5 | ROC analysis of the diagnostic performance for different parameters and methods alone or in combination for distinguishing benign and malignant groups, and distinguishing AC and SCC groups.






Figure 5 | ROC curves of ADC, μ, D, β, SUVmax and different combinations of μ, D, β, ADC and SUVmax to distinguish between benign and malignant groups (A, C), and between AC and SCC groups (B, D). ROC analysis for differentiation of malignant and benign groups (A, C); ROC analysis for differentiation of adenocarcinoma (AC) and squamous cell carcinoma (SCC) groups(B, D).



For AC and SCC, AUC (μ) > AUC (D) > AUC (ADC) > AUC (β) > AUC (SUVmax)(AUC = 0.911, 0.897, 0.747, 0.664, 0.648, respectively). The diagnostic efficiencies of different methods and their combinations were as follows: AUC (μ+β+D+ADC+SUVmax) > AUC (μ+β+D) > AUC (ADC) > AUC(SUVmax)(AUC = 0.922, 0.908, 0.747, 0.648, respectively). Detailed values and comparisons are presented in Table 5 and Figure 5.

Comparison of AUC curves in the benign and malignant SPLs groups showed that D (area difference 0.0612; P = 0.0397) and the combined parameters (μ+D+ADC+SUVmax) (area difference 0.112; P = 0.0077) were significantly higher than the AUC of ADC, In addition, the combined parameter (μ+D+ADC+SUVmax) (area difference 0.0712; P = 0.0155) was significantly higher than the AUC of SUVmax (Table 6). Comparison of AUC curves in the AC and SCC groups showed that μ(area difference 0.164; P = 0.0011), D (area difference 0.150; P = 0.0012) and the combined parameters (μ+β+D) (area difference 0.161; P = 0.0016), (μ+β+D+ADC+SUVmax) (area difference 0.175; P = 0.0017) were significantly higher than the AUC of ADC, In addition, μ(area difference 0.263; P = 0.0008), D (area difference 0.249; P = 0.0012) and the combined parameters (μ+β+D) (area difference 0.260; P = 0.0013), (μ+β+D+ADC+SUVmax) (area difference 0.274; P = 0.0002) were significantly higher than the AUC of SUVmax (Table 6).


Table 6 | The P value of ROC curve pairwise comparison of different parameters and different methods in the malignant and benign SPLs groups, and AC and SCC groups.





Pearson’s correlation analysis

Ki67 was positively correlated with μ (r = 0.402, P < 0.001) and negatively correlated with ADC (r = -0.346, P = 0.002) and D (r = -0.450, P < 0.001) (Figure 6).




Figure 6 | Correlation between (A) Ki67 and ADC (r = -0.346, P = 0.002), (B) Ki67 and μ (r = 0.402, P < 0.001), and (C) Ki67 and D (r = -0.450, P < 0.001). D, diffusion coefficient.






Discussion

This study demonstrated the feasibility and validity of FROC model parameters (i.e., D, μ, β) in differentiating benign SPLs from malignant SPLs and AC from SCC. Compared to traditional monoexponential model and PET imaging, ROC analysis showed that the μ value had the highest diagnostic performance when comparing individual parameter. More importantly, the combination of FROC-derived parameters, ADC and SUVmax has better diagnostic performance and accuracy. The Pearson correlation analysis showed that Ki67 was positively correlated with μ and negatively correlated with ADC and D. The FROC model provides a new perspective to explore information about the tissue microenvironment and has great potential for noninvasive identification of SPLs.

The ADC value was significantly higher in the benign than in the malignant SPLs group, and AC than SCC. The D value was similar to the traditional diffusion coefficient (19) and can reflect the diffusion velocity of water molecules, and the result was consistent with the ADC value. This result may be because the density of cells in the solid part of malignant SPLs is higher than that of benign SPLs, the cancerous mesenchymal component is increased (26), the extracellular space is reduced, and the water molecule activity is restricted. The traditional ADC value averages the heterogeneity of the diffusion process. Under the influence of the complex tissue environment in the human body due to cell membranes, cell growth patterns, and nucleoplasmic ratios, the motion of water molecules deviates from a Gaussian distribution. The FROC model was fitted by multiple b-values to obtain a more accurate D value. The results of this study indicate that the D value has better differential diagnostic ability than the ADC value and might become a potential imaging marker.

μ is unique to the FROC diffusion model, which is related to the mean free length of water molecules (18, 27, 28). Chen et al. concluded that the μ value of Warthin tumors was higher than that of pleomorphic adenomas in a study of salivary gland tumors because the former was a salivary gland tumor characterized by hypercellularity and hypervascularity, resulting in a reduced mean free length of spread (29). In another study of clear cell renal carcinoma, high-grade tumors had significantly higher μ values than low-grade tumors, indicating the shortened mean free length in the former (30). This is consistent with our findings that μ values were significantly higher in malignant SPLs and SCC than in benign SPLs and AC. This finding can be attributed to the rapid proliferation of malignant tumor tissues, with increased cell numbers, higher cell density, and limited diffusion distance of water molecules, resulting in higher μ values in malignant SPLs. A previous study by Chen et al. revealed that the nucleoplasmic ratio of SCC was significantly higher than that of AC, the glandular lumen and cytoplasm of cells in AC contain mucous components, and the content of free water molecules in AC is higher than that in SCC (31). This pathological feature decreases the diffusion mean free length, resulting in a higher μ value in SCC than in AC. However, in the study of pediatric brain tumors by Sui et al, μ decreased from low-grade (less diffusion-restricted) to high-grade (more diffusion-restricted) brain tumors (19). These controversial results may be due to the heterogeneity of study subjects, including different scanning parameters, and different biological organs and tissues.

Previous studies have suggested that the β value reflects the uniformity of tissue structure and is inversely proportional to the complexity of the tissue microstructure (19, 32). A smaller β value indicates more significant intravoxel heterogeneity. In our study, the β value did not contribute significantly to differentiating benign and malignant SPLs, which may be related to the inclusion of other types of malignancies such as small cell lung cancer and metastatic lung cancer in the malignant SPLs group. The β value of the SCC group was significantly lower than that of the AC group, and this finding may be because the tumor tissue is inherently heterogeneous with complex internal components, and the tissue structure of SCC is more complex and heterogeneous than that of AC. These findings are consistent with the conclusions of Koyama et al. Koyama et al. found that AC tumor cells grew along the original cell wall in an alternative way, retaining the underlying normal structure, while SCC grew nonalternatively, with solid masses destroying the normal alveolar structure (33).

In our study, the SUVmax value was significantly higher in malignant than benign SPLs, and SCC had higher FDG uptake than AC in the comparison of different lung cancer pathological types, consistent with the previous findings by Fang et al (34). 18F-FDG PET imaging showed the metabolic activity of 18F-FDG in tumor cells, taking advantage of the fact that the anaerobic glycolysis metabolism of most malignant tumor cells is more vigorous than that of normal tissue cells (35). Smolle et al. found that tumor FDG uptake is associated with overexpression of the glucose transporter GLUT1 in lung cancer, and GLUT1 is highly expressed in SCC (36), which explains why the SUVmax of SCC is higher than that of AC. However, false positive results of increased FDG uptake can also occur during active inflammation, infection, or fibrosis. In addition, patient BMI, weight, blood glucose level, and time of imaging can also affect FDG uptake; therefore, the specificity of 18F-FDG PET examination is low.

Ki67 was expressed during cell proliferation but not in quiescent G0 cells, which was associated with proliferative activity and FDG uptake in lung cancer cells (37, 38). Our study showed that Ki67 was positively correlated with μ and negatively correlated with ADC and D, which is consistent with the results of Huang et al. (39). The explanation may be as follows: as the proliferation activity of tumor cells increased the cell density increased, the free diffusion of water molecules decreased, and the μ value increased, while the ADC and D values decreased correspondingly.

Our study has several limitations. First, the maximum b value used in the FROC analysis is different from that used in the monoexponential model, resulting in a different signal-to-noise ratio. Second, the degree of differentiation of malignant tumors was not studied, which may bias the results because of histological heterogeneity. Further large-cohort studies are needed to verify the value of FROC diffusion parameters in the differentiation study of malignant SPLs subgroups. Third, the sample size was relatively small. The calculation of AUC did not consider the influence of possible parameter overfitting. With a larger sample size, a training set and a validation set can be evaluated. Finally, despite the use of abdominal bands, it was difficult to avoid respiratory artifacts with PET/MR.

In conclusion, the FROC model reflects diffusion information (D) and provides parameters (μ and β) related to tumor heterogeneity, Our study demonstrated the feasibility of the FROC model for the noninvasive identification of SPLs, especially the D and μ values. The combined parameters of the FROC model can further improve the diagnostic performance compared to individual parameters. In addition, the combination of monoexponential, FROC models and PET imaging provided the best diagnostic performance and accuracy. The FROC model can provide rich information for intravoxel structural heterogeneity and better reflect the potential microstructural features of SPLs, which has great potential value in future clinical diagnosis and treatment.
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