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Abstract
Background
To assess the capability of multimodal apparent diffusion (MAD) weighted magnetic resonance imaging (MRI) to distinguish between malignant and benign breast lesions, and to predict Ki-67 expression level in breast cancer.

Methods
This retrospective study was conducted with 93 patients who had postoperative pathology-confirmed breast cancer or benign breast lesions. MAD images were acquired using a 3.0 T MRI scanner with 16 b values. The MAD parameters, as flow (fF, DF), unimpeded (fluid) (fUI), hindered (fH, DH, and αH), and restricted (fR, DR), were calculated. The differences of the parameters were compared by Mann–Whitney U test between the benign/malignant lesions and high/low Ki-67 expression level. The diagnostic performance was assessed by the area under the receiver operating characteristic curve (AUC).

Results
The fR in the malignant lesions was significantly higher than in the benign lesions (P = 0.001), whereas the fUI and DH were found to be significantly lower (P = 0.007 and P < 0.001, respectively). Compared with individual parameter in differentiating malignant from benign breast lesions, the combination parameters of MAD (fR, DH, and fUI) provided the highest AUC (0.851). Of the 73 malignant lesions, 42 (57.5%) were assessed as Ki-67 low expression and 31 (42.5%) were Ki-67 high expression. The Ki-67 high status showed lower DH, higher DF and higher αH (P < 0.05). The combination parameters of DH, DF, and αH provided the highest AUC (0.691) for evaluating Ki-67 expression level.

Conclusions
MAD weighted MRI is a useful method for the breast lesions diagnostics and the preoperative prediction of Ki-67 expression level.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s40644-024-00780-x.
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Abbreviations
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	Apparent diffusion coefficient
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	Multimodal apparent diffusion

	FSE
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	DCE
	Dynamic contrast enhanced
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	Region of interest

	ICC
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	Area under the curve
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	DCIS
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	SEM
	Stretched-exponential model
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	Restriction spectrum imaging




Introduction
Among females, breast cancer is the most common cancer and the leading cause of cancer death, with the incidence rate rising globally [1]. The expression of Ki-67, a key marker of cellular proliferation, plays an important role in the molecular subtype classification and subsequent therapy selection in breast cancer [2–4]. Breast cancer with a high Ki-67 status is more likely to be heterogeneous and aggressive, and have a higher risk of recurrence [5]. Therefore, it is crucial to measure the Ki-67 index before selecting a specific therapy for patients with breast cancer. Biopsy has certain limitations, and therefore devising diagnostic biomarkers for breast lesion characterization can offer additional information to clinical biopsy. The ability to non-invasively track microscopic tissue modifications over time offers significant potential in assessing surrogate indicators of disease response or progression.

Through its use of endogenous water, diffusion weighted imaging (DWI) can be used to probe local tissue structure to infer the whole tumor information [6]. DWI exhibits a remarkable sensitivity to the displacement of water particles at length scales that are substantially smaller than the achievable image resolution. This sensitivity is particularly significant as water mobility is inherently influenced by its intricate interactions with cellular structures. Most studies have studied the monoexponential diffusion model, which is based on the monoexponential Gaussian linear model [7–9]. The lack of oxygen and nutrient supply, coupled with the occurrence of inflammation and angiogenesis, can lead to necrosis, cyst formation, and hemorrhage in breast lesions, which resulting the increased heterogeneity of breast lesions [10–12]. Voxels may contain various combinations of milieus, each with varied tissue properties, especially in heterogeneous pathology, such as cellularity, vascularity, cytotoxic and vasogenic edema, fluidity, perfusion status. Due to the complex microstructure, each voxel may contain a wide and non-uniform distribution of diffusion process, undermining the use of apparent diffusion coefficient (ADC) to specifically describe tissue properties [13–15]. Thus recent research have incorporated more complicated tissue microstructure models into DWI data analysis to better provide estimates of specific tissue properties and explain the detailed diffusion signal decay, attempting to model the diffusion signal in tumors exist [16–18].
Among these multicompartmental models, the incoherent motion model (IVIM) by Le Bihan et al. [19] uses biexponential curve fitting to assume that tissue water resides in two non-exchanging compartments: vascular (pseudo-diffusing water inside blood vessels) and nonvascular (diffusing water in and around cells). Further, Bennett et al. [20] introduced the stretched-exponential model (SEM) to assess intravoxel diffusion heterogeneity by measuring the distributed diffusion coefficient and the diffusion heterogeneity index α. In addition, the restriction spectrum imaging (RSI) model, an advanced linear mixture model deconstructs the DWI signal into namely restricted, hindered, and free water pools, allowing different perspectives for analysis of water molecule behavior [21]. These models have shown promise in differentiating benign from malignant breast tumors and in evaluating Ki-67 expression level [22, 23].
Previous model likes IVIM separates out the additional signal from vascular water, its description of diffusion in the cellular component of the tissue remains simple monoexponential decay. It does not account for cellular compartmentalization and restriction, anisotropy, or other biophysical effects that are found in breast tumors [24, 25]. The multimodal apparent diffusion (MAD) is a multi-compartment model proposed by Damen [26], is an extension of multi-exponential analysis combined with the SEM. It characterizes water diffusion in tissues by separating the diffusion signal into four distinct components: flow (pseudo-diffusing water in blood vessels), unimpeded (fluid), hindered (delayed passage of molecules navigating cellular obstacles), and restricted diffusion (water molecules trapped within cell membrane). Variations in signal intensity across voxels are postulated to stem from changes in the relative dimensions of these intravoxel water compartments.
Recently, MAD model has been preliminarily investigated in brain diseases by Damen et al. [26]. The application of MAD in breast cancer is particularly challenging because of the complex breast tissue microstructure and cancer heterogeneity, which resulting that there is still no relevant studies and this is a relatively novel model. The aim of this work was to extend the MAD framework for modelling breast cancer, enabling comprehensive characterization of tumoral regions, with a particular emphasis on cellular and vascular characteristics. The content of this study was to explore the application of MAD parameters in the diagnosis of benign and malignant breast lesions and in the prediction of Ki-67 expression in breast cancer. These preliminary results hold promise for the non-invasive characterization of breast tumors to decrease the number of excessive biopsies by MAD model, which would be an important tool for diagnosis and monitoring of treatment effects.

Materials and methods
Patients
This retrospective study, approved by the ethics committee of local institution, included 112 female patients (from July to November 2022) suspected of having breast lesions based on clinical palpation, ultrasonography, or mammography. The requirement for the informed consent was waived due to the study's retrospective nature.
The inclusion criteria were as follows: absence of contraindication to MRI examinations; MRI scans conducted no more than two weeks prior to surgery intervention; lesions histopathological confirmed post-surgery; no previous biopsy and anti-tumor treatment; and image quality approved as satisfactory (good image resolution, good lesion conspicuity from the surrounding normal tissue, and high SNR; absent distortion and artifacts). Exclusion criteria encompassed: nonoptimal DWI images due to motion and susceptibility artifacts (n = 2); lack of histopathologic confirmation (n = 3); absence of detectable lesion on MRI image (n = 5); prior breast cancer treatments (n = 3); and lesions with excessive necrosis or hemorrhage (n = 6). Ultimately, the study analyzed 93 lesions (90 patients) from the initial cohort, and 3 were confirmed to have bilateral breast lesions of the breast. All of them were pathologically confirmed through surgical procedures. It was clear that MRI-MAD scan was done in all cases for clinical purposes. All evaluated lesions were subsequently surgically excised and underwent postoperative pathologic confirmation.

MRI data acquisition
All MRI scans were performed on a 3.0 T scanner (uMR 790, United Imaging Healthcare, Shanghai, China) equipped with a dedicated bilateral breast coil with 10 channels. All participants were positioned prone, without breast compression. The DWI in axial view was executed prior to contrast agent injection, and utilized 16 b values (0, 10, 20, 30, 50, 70, 100, 150, 200, 400, 800, 1200, 1500, 2000, 2500, and 3000 s/mm2). The corresponding number of excitation is 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2, 2, 3, 6, 7, and 7. The detailed parameters were as follows: TR/TE = 3800/66.4 ms, field of view = 190 mm × 350 mm, acquisition matrix = 104 × 192, slice thickness = 4.0 mm, 28 slices, total scan time = 7 min 10 s. Additional breast MRI sequences included: 1) T1-weighted axial fast spin echo (FSE); 2) T2-weighted axial fat suppression FSE; followed by 3) dynamic contrast enhanced (DCE) MRI sequences. All MRI sequence parameters are shown in Table 1.
Table 1Imaging Protocol Parameters for T1WI, T2WI, DCE-MRI, and MADa



	 	T1WI
	T2WI
	DCE-MRI
	MAD

	Sequence
	FSE
	FSE_SPAIR
	GRE_QUICK
	EPI_DWI

	Orientation
	Axial
	Axial
	3-dimension
	Axial

	TR (msec)
	607
	2440
	4.86
	3800

	TE (msec)
	7.8
	86.5
	2.23
	66.4

	FOV (mm × mm)
	340 × 340
	340 × 340
	340 × 340
	190 × 350

	Matrix
	648 × 648
	496 × 552
	498 × 624
	104 × 192

	Number of slices
	28
	28
	-
	28

	Imaging time (min)
	2:48
	2:27
	7:23
	7:10

	b-value (sec/mm2) (number of incentives)
	-
	-
	-
	0(1), 10(1), 20(1), 30(1), 50(1), 70(1), 100(1), 150(1), 200(1), 400(1), 800(2), 1200(2), 1500(3), 2000(6), 2500(7), 3000(7)



a
DCE-MRI dynamic contrast-enhanced MRI, MAD multimodal apparent diffusion, FSE fast spin echo, EPI echo-planar imaging, FOV field of view. "-", means not applicable





Image analysis
All diffusion imaging data were processed using the ITK-Snap software (open-source; www.​itk-snap.​org) and MATLAB (MathWorks, Inc., Natick, MA) for post processing.
The study employed the MAD, a novel model with a predefined number of components linked to microstructure. This method, described as a quad-modal diffusion model [26], utilizes multivariate nonlinear regression to analyze diffusion-weighted signal decay in MRI scans across various b-values. The formula used is
[image: $$\frac{S(b)}{S(0)}=f_{F}{\cdot}exp(-D_{R}\cdot{b})+f_{H}\cdot{exp}(-D_{H}\cdot{b^{\alpha_{H}}})+f_{UI}\cdot{exp}(-D_{UI}\cdot{b})+f_{F}\cdot{exp}(-D_{F}\cdot{b}).$$]




This formula facilitates identifying distinct apparent diffusivity modes, with the parameters, [image: $${f}_{F}$$], [image: $${f}_{UI}$$], [image: $${f}_{H}$$] and [image: $${f}_{R}$$] denoting the fractions of flow (D >  > 3 μm2/ms), unimpeded (UI) diffusion (D = 3 μm2/ms), hindered (H) diffusion (D > 0.2 & < 3 μm2/ms), and restricted (R) diffusion (D < 0.2 μm2/ms), respectively. DX represent the diffusion coefficients for these compartments. This approach enhances the characterization of tissue properties by minimizing the least squares difference between the model and data, and incorporating linear regression for increased efficiency and noise resilience. The diffusion coefficient for unimpeded diffusion DUI is a universal constant that is approximately the same across different tissues because it represents the diffusion of water molecules that are not hindered by any cellular or structural barriers. This coefficient typically has a value around 3 × 10−3mm2/s3, representing the free diffusion of water in a homogeneous medium, such as pure water at body temperature.
The ADC derived from monoexponential DWI model was calculated for comparison using the following equation:[image: $$S/S_{0} = e^{b*ADC}$$]



where S is the signal intensity acquired at b-values = 400, 800 s/mm2. S0 is the signal intensity in the voxel with b-value = 0 s/mm2.
Regions of interest (ROIs) were manually delineated on the largest slice of the DWI image at b = 800 s/mm2 by two independent radiologists (Z.Q.S, reader A, with 15 years of MR imaging experience; and C.H, reader B, with 2 years of MR imaging experience). Both of them analyzed all images independently and were blind to histopathologic outcomes. The two readers’ average values were used for the final analysis of diagnostic performance. The DCE images assisted the lesion localization and the boundary verification. Cystic components, necrotic areas, and hemorrhage areas were avoided. The ROI demarcation at b = 800 s/mm2 was chosen for its optimal contrast between lesions and surrounding tissue. The delineated ROI contours were then registered and transferred to the maps of fF, fUI, fH, fR, DF, DH, DR, αH, and calculated on a voxel-by-voxel basis. Registration ensured alignment of the ROIs across different imaging sequences, maintaining spatial accuracy. Mean value of MAD diffusion parameters was then computed from these ROIs, providing the primary measures for analysis.

Histopathology analysis
All patients underwent mastectomy or lumpectomy, with the surgical specimens subsequently prepared for histological assessment. The final histopathological analysis of tumor specimens served as the reference standard. Ki-67 nuclear protein expression, indicative of cell proliferation, was quantified by the percentage of immunoreactive tumor cells. A high expression threshold was set at 20%, marked by positive immunostaining in tumor cell nuclei exceeding this value [27, 28].

Statistical analysis
All statistical analyses were performed using SPSS (v. 19.0; Chicago, ILs). Interobserver reliability of MAD measurements was assessed by intra-class correlation coefficient, and Dice coefficiency for ROIs to ascertain reliability. Normality was assessed using the Shapiro-Wilks test. The Mann‒Whitney U test or Welch’s t test was used to compare the differences in MAD parameters between the benign and malignant breast lesion groups, as well as in the high Ki-67 and low Ki-67 expression groups. The binary logistic regression and receiver operating characteristic (ROC) curve were used to assess the diagnostic performances of the individual MAD parameters and their combinations. Sensitivity and specificity metrics were calculated based on the optimal cutoff points derived from the ROC curves using Youden's index. In addition, the area under the ROC curve (AUC), accuracy, sensitivity, and specificity were calculated, with AUC expressed as a mean and 95% confidence interval (CI). The AUCs were compared using the Delong test. Due to exploratory nature of the study, no correction for multiple comparisons was performed. P-values < 0.05 were taken to indicate statistical significance.


Results
Clinical characteristics
Of the 93 lesions in this study, 20 lesions were benign, and 73 lesions were malignant (Table 3). Among the 73 malignant lesions evaluated for Ki-67 expression, 42 lesions exhibited a Ki-67 level below 20%, categorizing them into the Ki-67 low expression group. In contrast, 31 lesions had a Ki-67 level exceeding 20% and were categorized in the Ki-67 high expression group. The clinical characteristics of the patients and lesions are presented in Tables 2 and 3.
Table 2The patients and lesions’ characteristicsa



	 	Benign(n = 20)
	Malignant(n = 73)

	
Patient characteristics


	 Age(years)b

	40.5 (34, 46.5)
	53 (42, 64)

	 Menstrual statusa


	  Premenopausal
	16 (80)
	33 (45.2)

	  Postmenopausal
	4 (20)
	40 (54.8)

	
Lesion characteristics


	 Size(range, mm)b

	14.5 (10, 20.25)
	20 (13, 26)

	 Lesion typea


	  Mass
	20 (100)
	66 (90.4)

	  Non-mass
	0 (0)
	7 (9.6)

	 BI-RADSa


	  3
	4 (20)
	0 (0)

	  4a
	5 (25)
	3 (4.1)

	  4b
	5 (25)
	19 (26.0)

	  4c
	6 (30)
	51 (69.9)

	 Kinetic curve typea


	  Persistent enhancement
	0 (0)
	2 (2.7)

	  Plateau
	20 (100)
	65 (89.0)

	  Washout
	0 (0)
	6 (8.2)



aData are presented as n (%). bData are presented as medians (interquartile ranges)



Table 3The pathological characteristics of benign and malignant lesionsa



	 	Number

	Benign lesionsb
	20

	 Fibroadenoma
	6 (30)

	 Fibrosis hyperplasia
	6 (30)

	 Intraductal papilloma
	4 (20)

	 Benign lobular tumor
	3 (15)

	 Granulomatous lymphadenitis
	1 (5)

	Malignant lesionsb
	73

	 IDC
	65 (89.0)

	 ILC
	2 (2.7)

	 DCIS
	6 (8.2)

	Molecular prognostic factorsb

	Ki-67

	  ≥ 20%
	31 (42.5)

	  < 20%
	42 (57.5)

	ER

	 Positive
	51 (69.9)

	 Negative
	22 (30.1)

	PR

	 Positive
	39 (53.4)

	 Negative
	34 (46.6)

	HER-2

	 Positive
	15 (20.5)

	 Negative
	58 (79.5)

	Grade

	 1
	12 (16.4)

	 2
	42 (57.6)

	 3
	19 (26.0)


a ER estrogen receptor, PR progesterone receptor, HER-2 human epidermal growth factor receptor 2, IDC invasive ductal carcinoma, ILC invasive lobular carcinoma, DCIS ductal carcinoma in situ
bData are presented as n (%)




Inter-reader reliability of MAD-derived parameters measurements
The overall Dice similarity coefficient across all lesions was 0.86 (95% CI, 0.79–0.96). The ICC with 95% CI for the representative values of MAD parameters are shown in Supplementary Table 1.

Comparative analysis of MAD parameters in benign/malignancy
The descriptive statistics of the MAD parameters and the P values are summarized in Table 4. The fR in the malignant lesions was significantly higher than that in the benign lesions (0.140 ± 0.0668 vs. 0.091 ± 0.063, P = 0.001) (Figs. 1 and 2). The fUI and DH were found to be significantly lower in the malignant lesions compared with the corresponding values in the benign lesions (fUI: 0.178 ± 0.071 vs. 0.228 ± 0.077, P = 0.007, DH: 0.947 ± 0.205 μm/mm2
vs. 1.198 ± 0.246 μm/mm2, P < 0.001, respectively) (Figs. 1 and 2). Other MAD parameters did not show significant differences between the groups. The ADC in the malignant lesions was significantly lower than that in the benign lesions (1.078 ± 0.254 × 10–3 mm2/sec vs. 1.418 ± 0.296 × 10–3 mm2/sec, P < 0.001).
Table 4Comparisons of MAD parameters and ADC among benign / malignant lesions and high/low Ki-67 expression levelsa



	parameter
	Breast lesions
	
P value

	Ki-67 status
	
P value


	Malignant (n = 73)
	Benign
(n = 20)
	High
(n = 30)
	Low
(n = 40)

	fR

	0.121(0.095–0.187)
	0.072(0.047–0.124)
	0.001*
	0.148 ± 0.078
	0.134 ± 0.057
	0.433

	fH

	0.638 ± 0.102
	0.630 ± 0.069
	0.664
	0.635 ± 0.081
	0.641 ± 0.118
	0.834

	fUI

	0.178 ± 0.071
	0.228 ± 0.077
	0.017*
	0.172(0.139–0.207)
	0.182 ± 0.078
	0.558

	fF

	0.042(0.023–0.057)
	0.052 ± 0.035
	0.260
	0.042(0.024–0.057)
	0.042(0.022–0.570)
	0.877

	DR

	0.103 ± 0.051
	0.093(0.050–0.118)
	0.499
	0.106 ± 0.042
	0.101 ± 0.057
	0.605

	DH

	0.925(0.811–1.045)
	1.198 ± 0.246
	 < 0.001*
	0.901 ± 0.148
	0.984 ± 0.236
	0.046*

	DF

	6.240(4.048–7.757)
	6.665(3.796–8.041)
	0.718
	6.817 ± 2.483
	5.610 ± 1.931
	0.025*

	αH

	0.931(0.907–0.959)
	0.919 ± 0.0516
	0.712
	0.937 ± 0.033
	0.922(0.893–0.947)
	0.034*

	ADC
	1.078 ± 0.254
	1.418 ± 0.296
	 < 0.001*
	1.131 ± 0.277
	1.008 ± 0.205
	0.035*



a
ADC apparent diffusion coefficient. *P-value less than 0.05



[image: ]
Fig. 1The top row of boxplots show fR, fUI, and DH in benign and malignant lesions; The bottom row of boxplots show DH, DF, and αH in high Ki-67 and low Ki-67 groups

[image: ]
Fig. 2The maps of MAD-derived parameters fR, DH, and fUI in the discrimination of benign / malignant lesions. The left column shows a 55-year-old woman with invasive ductal breast cancer. The right column shows show a 36-year-old woman with benign lobular tumor of the breast. The ROI was indicated by the white contours



Comparative analysis of MAD parameters in Ki-67 expression
The descriptive statistics of the MAD parameters and the P values are summarized in Table 4. Malignant breast lesions with Ki-67 high expression showed a significantly lower DH compared to that with Ki-67 low expression (0.901 ± 0.148 μm/mm2
vs. 0.984 ± 0.236 μm/mm2, P = 0.046). The significant higher DF and αH were observed in the Ki-67 high expression group (P = 0.025, P = 0.034, respectively) (Fig. 1). No significant differences were observed in other MAD parameters between high and low Ki-67 expression groups. The ADC in the Ki-67 high expression group was significantly lower than that in the Ki-67 low expression group (1.008 ± 0.205 × 10–3 mm2/sec vs. 1.131 ± 0.277 × 10–3 mm2/sec, P = 0.035).

ROC analysis among the individual and combination parameters
The Table 5 and Fig. 3 presented the ROC analysis results of the fR, fUI, DH and ADC in differentiating malignant from benign breast lesions. Of the single parameter, ADC achieved the highest AUC of 0.826. Regarding of the MAD parameters, the combination of fR, DH and fUI yielded the highest AUC of 0.851.
Table 5Receiver operating characteristic analysis of ADC, and MAD-derived parameter in the discrimination of benign / malignant lesionsa



	Parameter
	AUC (95% CI)
	Cutoff
	Sensitivity
	Specificity
	Accuracy(%)

	fR

	0.738(0.597–0.878)
	0.078
	0.859
	0.611
	78.0

	fUI

	0.697(0.545–0.849)
	0.204
	0.703
	0.722
	78.0

	DH

	0.775(0.641–0.909)
	1.228 [image: $$\times$$] 10–3

	0.891
	0.667
	81.7

	ADC
	0.826(0.706–0.946)
	1.241 [image: $$\times$$] 10–3

	0.786
	0.778
	78.4

	fR + fUI + DH

	
0.851(0.750–0.951)

	0.661
	0.889
	0.688
	86.6



a
CI confidence interval, ADC apparent diffusion coefficient. The highest AUC value in the discrimination of benign/malignant lesions is shown in bold



[image: ]
Fig. 3The graph shows ROCs to assess utility of MAD-parameters and ADC for discriminating malignant and benign lesions (left). The graph shows ROCs to assess utility of MAD-parameters and ADC for discriminating high and low Ki-67 expression levels (right)


The Table 6 and Fig. 3 presented the ROC analysis results of the DH, DF, αH and ADC in the evaluation of Ki-67 expression levels. For the single parameter, the ADC produced the highest AUC of 0.648. For the multiple parameters, the combination parameters of MAD (DH, DF, and αH) demonstrated slightly higher AUC of 0.691 than ADC.
Table 6Receiver operating characteristic analysis of ADC, and MAD-derived parameter in the discrimination of Ki-67 statusa



	Parameter
	AUC (95% CI)
	Cutoff
	Sensitivity
	Specificity
	Accuracy(%)

	DH

	0.610(0.472–0.748)
	1.041 [image: $$\times$$] 10–3

	0.821
	0.444
	59.4

	DF

	0.605(0.466–0.745)
	6.932 [image: $$\times$$] 10–3

	0.500
	0.722
	56.3

	αH

	0.644(0.506–0.782)
	0.934
	0.643
	0.667
	59.4

	ADC
	0.648(0.514–0.783)
	1.032
	0.600
	0.700
	65.7

	DH + DF + αH

	
0.691(0.560–0.823)

	0.457
	0.714
	0.694
	67.2



a
CI confidence interval, ADC apparent diffusion coefficient. The highest AUC value in the discrimination of Ki-67 status is shown in bold






Discussion
In this study, we assess the MAD model’s application of diagnosing breast cancer and detecting tumor proliferation level. The current study showed that the parameters DH, fR, and fUI were statistically different between malignant and benign breast lesions. MAD parameters can predict the proliferation level of breast cancer in addition to identifying benign and malignant breast lesions, and the parameters DF, DH, and αH significantly differentiated high and low Ki-67 expression in breast cancer. These results suggested the MAD model can be used to obtain more detailed information about water diffusion and tissue microstructure in breast tumors.
In the present study, DH was lower in the malignant lesions than in the benign ones. The hindered apparent diffusion component is normally assumed to the hindered diffusion of free water molecular colliding with cellular borders, indicating hindered water movement in the extracellular space. This decrease in extracellular space is attributed to the abnormal proliferation of cancer cells [29]. Such changes in cellular and micro-vessel density, coupled with the disorder of fibrous tissue, are likely to restrict water molecules diffusion in extracellular space [30]. These structural changes in cancerous lesions provide a plausible explanation for the decrease in DH. It also suggests that MAD analysis can isolate water molecular diffusion signal in the extracellular environment of malignant lesions. Sigmund et al. [24] reported that the diffusion coefficient of the slow diffusion component obtained with biexponential analysis was influenced by tissue cellularity and tended to be lower in malignant breast lesions compared to normal fibrous tissue. Ohno et al. [31] demonstrated that slow-restricted diffusion obtained with triexponential analysis was significantly higher in ductal carcinoma in situ (DCIS) than in invasive ductal carcinoma (IDC).
Additionally, malignant lesions exhibited not only a marked decrease in DH, but also a significant increase in fR, which reflects water molecules movement in cells. The fR, defined as the fraction of diffusion signal from water confined within cellular compartments, may represent restricted water due to the presence of tissue microstructures, such as cell membranes and myelin [32, 33]. This change in cell membranes and myelin was noted in a study of brain [34]. It was found that a more pronounced restriction of intracellular water diffusion in malignant lesions was associated with some factors, such as the intracellular macromolecular crowding, increased viscosity of the cellular membrane, and reduced permeability of the cell membrane and myelin sheath. White et al. [35] hypothesized that the extent of this restricted diffusion is influenced by both cellularity and nuclear volume fraction of individual cells in triexponential model analysis. In Damen et al.’s study of MAD model for gliomas diagnosis, the restricted diffusion was found in the rim of the glioblastoma, aligning with areas of high cellularity within these solid tumors [26]. Additionally, the study found that fUI was lower in malignant breast lesions than that in the benign lesions. The parameter fUI characterizes unimpeded diffusion, possibly relating to the Brownian motion of water molecular in the extracellular space. This is consistent with the complex, heterogeneous intercellular environment of breast cancer. In malignant lesions, the cell density of the lesion is higher, with a small cell gap and the microstructure is more heterogeneous due to the uncontrolled proliferation of the cancer cells. Free movement of water molecular in the interstitium is restricted by irregularly proliferating cancer cells.
Ki-67 is an indicator of cell proliferative nature, with breast cancer exhibiting higher Ki-67 expression often characterized by hypercellularity, nuclear enlargement and atypia [2, 36]. The Ki-67 status serves as a predictor for pathological complete response before neoadjuvant chemotherapy, being associated with high risk for metastasis or recurrence, poorer prognosis, and reduced survival, thus marking more aggressive forms of breast cancer [37, 38]. In this study, the DH was significantly lower in the Ki-67 high expression group than that in the Ki-67 low expression group. This observation aligns with the characteristics of the Ki-67 high expression group, which typically displays highly proliferative tumors with denser cell arrangement and reduced extracellular space, leading to more significant hindrance of water molecules [39]. This distinction in DH could be instrumental in identifying more aggressive types of breast cancer.
Furthermore, the DF was observed to be slightly higher in the Ki-67 high expression group. DF, a diffusion coefficient of fast diffusion, represents the least restricted diffusion such as pools of fluid or flow through blood vessels. High expression of Ki-67 is closely associated with rapid proliferation of tumor cells and vascular permeability of tumors, resulting in higher microperfusion and lesser diffusivity [40]. We speculate that this can be explained by the fact that angiogenesis leads to differences in vessel density, permeability, and vessel volume. Tumor neovascularization is mostly immature vascular endothelium with large endothelial gaps and vascular permeability, which makes it easy for fluid to seep from the endothelium into the tissue interstitial space, resulting in an increase in total extravascular, extracellular fluid volume and higher DF values than expected [41, 42]. Notably, the flow parameter is a local characteristic, indicative of diffusivity in adjacent tissue and overall blood flow within a voxel, and aligns closely with the global perfusion parameter. This alignment allows for meaningful comparisons in perfusion analysis. This is consistent with previous studies indicating increased perfusion in breast cancer with Ki-67 high level [22, 25]. In addition, αH reflects the heterogeneity in voxels, with a range of 0–1. Smaller α value indicates greater the heterogeneity of water molecular diffusion [43]. Compared with Ki-67 high status, Ki-67 low status has smaller cell density and looser extracellular interstitium, where the diffusion process of water molecular is more complex and various. The smaller αH emphasize that the water diffusion environment is more heterogeneous in the Ki-67 low expression cancers.
In the current study, for the diagnosis of breast cancer and the assessment of Ki-67 expression, the individual MAD derived parameter shows significant differences. Although the diagnostic efficacy was slightly improved compared MAD parameters to ADC, the elevation is not statistically different. Additionally, it also can be observed in this study that the diagnostic efficacy of the combination multiple parameters of MAD is higher than that of a single parameter. This demonstrates to some extent the advantage of multiparameter, not only reflecting the real dispersion characteristics of water molecules inside and outside the cell, but also the flow of water molecular in the tissue, as well as the heterogeneity of water molecular dispersion in the tissue, enabling us to understand the diverse diffusion patterns of water molecules in breast cancer. For implementation of the MAD model, a current challenge is the long time needed for both acquisition and image processing. The study chooses a b-value range from 0 to 3000 s/mm2 in breast cancer imaging because it provides optimal differentiation between benign and malignant tissues, crucial for accurate diagnosis and treatment planning. Lower b-values (close to 0) capture tissue structure and perfusion, while higher b-values (up to 3000) reflect true diffusion properties, highlighting the restricted diffusion characteristic of malignant tumors. Empirical studies have shown that using b-values up to 3000 s/mm2 significantly improves the specificity and sensitivity of DWI in breast cancer detection [39, 44]. This range also maintains a good SNR (At the highest b-value the signal intensity is still greater than 20), ensuring high-quality images necessary for reliable diagnosis. Moreover, the technological capabilities of modern MRI scanners support the acquisition of high b-value images efficiently, making this range a practical choice for routine clinical use. The next step will focus on optimizing the method for clinical standards with a shorter protocol and applying it to larger patient cohorts. There is still much room for continued exploration in applying MAD to clinical diagnosis, such as the data fitting and analysis, and the current study is only an exploratory preliminary application of this concept.
This study had several limitations. Firstly, the current study focused more solely on the MAD diffusion parameters in the diagnosis of breast cancer, and did not compare it with standard BI-RADS lesion characteristics to show the additional value of DWI and MAD. Further studies could evaluate the diagnostic efficacy and applicability of MAD in the combination with imaging diagnostic features. Secondly, quantitative parameters were measured by averaging all voxels within the ROI. Yet, this approach offers essential initial insights and lays the groundwork for more intricate future analyses, such as histogram and texture analyses [45]. Moreover, the exploratory nature of this study involved multiple comparisons without correction, which increases the risk of Type I errors. Although the initial analysis aimed to identify potential significant parameters, future research should include corrections for multiple comparisons, such as the Bonferroni or False Discovery Rate adjustments, to ensure the robustness of the findings. Finally, the potential issue is overfitting of the model, especially relevant given the lower SNR in breast tissue, which requiring further optimization of the model’s fitting and analysis. Future research will involve using larger and more diverse datasets, employing cross-validation techniques, and applying model regularization methods to enhance robustness and generalizability. This presents an opportunity for broader, multi-institutional research to further validate and enhance the model.

Conclusion
This study presents the MAD acquisition and mathematical model for noninvasively estimating microstructural characteristics in breast cancer, enabling comprehensive characterization of tumoral regions, with a particular emphasis on cellular and vascular characteristics. In conclusion, the MAD parameters are helpful in diagnosing breast cancer, and can be used for the preoperative prediction of Ki-67 status in breast cancer.

Acknowledgements
Not applicable.

Authors’ contributions
C.H., W.D.W. Data curation: C.J.M., L.H.X., L.Y.T., M.L., K.P. Formal analysis and methodology: Y.D., Y.Y.X. Investigation: J.W.J., Y.Q.Q., L.X.H., Supervision: Z.Q.S., Validation: C.H., Z.Q.S. Writing-original draft: C.H., Writing-review & editing: Z.Q.S, Y.D., Y.Y.X. All authors provided critical feed-back and helped shape the research, analysis, and manuscript.


Funding
No.

Availability of data and materials
The datasets generated or analyzed during the study are available from the corresponding author on reasonable request.


Data availability
No datasets were generated or analysed during the current study.

Declarations
Ethics approval and consent to participate
According to the ethical guide-lines of the Helsinki Declaration and was approved by the institutional review board of The First Affiliated Hospital of Shandong First Medical University. Written informed consent was waived.

Consent for publication
Not applicable.

Competing interests

The authors declare no competing interests.



References

	1.
Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al. Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin. 2021;71(3):209–49.


	2.
Luporsi E, André F, Spyratos F, Martin PM, Jacquemier J, Penault-Llorca F, et al. Ki-67: level of evidence and methodological considerations for its role in the clinical management of breast cancer: analytical and critical review. Breast Cancer Res Treat. 2012;132(3):895–915.


	3.
Davey MG, Hynes SO, Kerin MJ, Miller N, Lowery AJ. Ki-67 as a Prognostic Biomarker in Invasive Breast Cancer. Cancers. 2021;13(17):4455.


	4.
Nahed AS, Shaimaa MY. Ki-67 as a prognostic marker according to breast cancer molecular subtype. Cancer Biol Med. 2016;13(4):496.


	5.
Inwald EC, Klinkhammer-Schalke M, Hofstädter F, Zeman F, Koller M, Gerstenhauer M, et al. Ki-67 is a prognostic parameter in breast cancer patients: results of a large population-based cohort of a cancer registry. Breast Cancer Res Treat. 2013;139(2):539–52.


	6.
Horvat JV, Bernard-Davila B, Helbich TH, Zhang M, Morris EA, Thakur SB, et al. Diffusion-weighted imaging (DWI) with apparent diffusion coefficient (ADC) mapping as a quantitative imaging biomarker for prediction of immunohistochemical receptor status, proliferation rate, and molecular subtypes of breast cancer. J Magn Reson Imaging. 2019;50(3):836–46.


	7.
De Felice C, Cipolla V, Guerrieri D, Santucci D, Musella A, Porfiri LM, et al. Apparent diffusion coefficient on 3.0 Tesla magnetic resonance imaging and prognostic factors in breast cancer. Eur J Gynaecol Oncol. 2014;35(4):408–14.


	8.
Durando M, Gennaro L, Cho GY, Giri DD, Gnanasigamani MM, Patil S, et al. Quantitative apparent diffusion coefficient measurement obtained by 3.0Tesla MRI as a potential noninvasive marker of tumor aggressiveness in breast cancer. Eur J Radiol. 2016;85(9):1651–8.


	9.
Guo Y, Cai YQ, Cai ZL, Gao YG, An NY, Ma L, et al. Differentiation of clinically benign and malignant breast lesions using diffusion-weighted imaging. J Magn Reson Imaging. 2002;16(2):172–8.


	10.
Fumagalli C, Barberis M. Breast Cancer Heterogeneity Diagnostics. 2021Aug 27;11(9):1555.


	11.
Alizadeh AA, Aranda V, Bardelli A, Blanpain C, Bock C, Borowski C, et al. Toward understanding and exploiting tumor heterogeneity. Nat Med. 2015;21(8):846–53.


	12.
Joseph C, Papadaki A, Althobiti M, Alsaleem M, Aleskandarany MA, Rakha EA. Breast cancer intratumour heterogeneity: current status and clinical implications. Histopathology. 2018;73(5):717–31.


	13.
Sinha S, Lucas-Quesada FA, Sinha U, DeBruhl N, Bassett LW. In vivo diffusion-weighted MRI of the breast: Potential for lesion characterization. J Magn Reson Imaging. 2002;15(6):693–704.


	14.
Yankeelov TE, Lepage M, Chakravarthy A, Broome EE, Niermann KJ, Kelley MC, et al. Integration of quantitative DCE-MRI and ADC mapping to monitor treatment response in human breast cancer: initial results. Magn Reson Imaging. 2007;25(1):1–13.


	15.
Schwarcz A, Bogner P, Meric P, Correze J, Berente Z, Pál J, et al. The existence of biexponential signal decay in magnetic resonance diffusion-weighted imaging appears to be independent of compartmentalization. Magn Reson Med. 2004;51(2):278–85.


	16.
Bickelhaupt S, Steudle F, Paech D, Mlynarska A, Kuder TA, Lederer W, et al. On a fractional order calculus model in diffusion weighted breast imaging to differentiate between malignant and benign breast lesions detected on X-ray screening mammography. PLOS ONE. 2017;12(4):e0176077.


	17.
Mao C, Hu L, Jiang W, Qiu Y, Yang Z, Liu Y, et al. Discrimination between human epidermal growth factor receptor 2 (HER2)-low-expressing and HER2-overexpressing breast cancers: a comparative study of four MRI diffusion models. Eur Radiol. 2024;34(4):2546–59.


	18.
Huang Y, Lin Y, Hu W, Ma C, Lin W, Wang Z, et al. Diffusion Kurtosis at 3.0T as an in vivo Imaging Marker for Breast Cancer Characterization: Correlation With Prognostic Factors. J Magn Reson Imaging. 2019;49(3):845–56.


	19.
Le Bihan D, Breton E, Lallemand D, Grenier P, Cabanis E, Laval-Jeantet M. MR imaging of intravoxel incoherent motions: application to diffusion and perfusion in neurologic disorders. Radiology. 1986;161(2):401–7.


	20.
Bennett (Tong) KM, Schmainda KM, Bennett R, Rowe DB, Lu H, Hyde JS. Characterization of continuously distributed cortical water diffusion rates with a stretched-exponential model. Magn Reson Med. 2003;50(4):727–34.


	21.
Rodríguez-Soto AE, Andreassen MMS, Fang LK, Conlin CC, Park HH, Ahn GS, et al. Characterization of the diffusion signal of breast tissues using multi-exponential models. Magn Reson Med. 2022;87(4):1938–51.


	22.
Uslu H, Önal T, Tosun M, Arslan AS, Ciftci E, Utkan NZ. Intravoxel incoherent motion magnetic resonance imaging for breast cancer: A comparison with molecular subtypes and histological grades. Magn Reson Imaging. 2021;78:35–41.


	23.
Suo S, Yin Y, Geng X, Zhang D, Hua J, Cheng F, et al. Diffusion-weighted MRI for predicting pathologic response to neoadjuvant chemotherapy in breast cancer: evaluation with mono-, bi-, and stretched-exponential models. J Transl Med. 2021;19(1):236.


	24.
Sigmund EE, Cho GY, Kim S, Finn M, Moccaldi M, Jensen JH, et al. Intravoxel incoherent motion imaging of tumor microenvironment in locally advanced breast cancer: IVIM Imaging in Locally Advanced Breast Cancer. Magn Reson Med. 2011;65(5):1437–47.


	25.
Wang W, Zhang X, Zhu L, Chen Y, Dou W, Zhao F, et al. Prediction of Prognostic Factors and Genotypes in Patients With Breast Cancer Using Multiple Mathematical Models of MR Diffusion Imaging. Front Oncol. 2022;12: 825264.


	26.
Damen FC, Scotti A, Damen FW, Saran N, Valyi-Nagy T, Vukelich M, et al. Multimodal apparent diffusion (MAD) weighted magnetic resonance imaging. Magn Reson Imaging. 2021;77:213–33.


	27.
Goldhirsch A, Winer EP, Coates AS, Gelber RD, Piccart-Gebhart M, Thürlimann B, et al. Personalizing the treatment of women with early breast cancer: highlights of the St Gallen International Expert Consensus on the Primary Therapy of Early Breast Cancer 2013. Ann Oncol. 2013;24(9):2206–23.


	28.
Coates AS, Winer EP, Goldhirsch A, Gelber RD, Gnant M, Piccart-Gebhart M, et al. Tailoring therapies—improving the management of early breast cancer: St Gallen International Expert Consensus on the Primary Therapy of Early Breast Cancer 2015. Ann Oncol. 2015;26(8):1533–46.


	29.
Min Q, Shao K, Zhai L, Liu W, Zhu C, Yuan L, et al. Differential diagnosis of benign and malignant breast masses using diffusion-weighted magnetic resonance imaging. World J Surg Oncol. 2015;13(1):32.


	30.
Kuwano H, Miyazaki T, Tsutsumi S, Hirayama I, Shimura T, Mochiki E, et al. Cell Density Modulates the Metastatic Aggressiveness of a Mouse Colon Cancer Cell Line, Colon 26. Oncology. 2004;67(5–6):441–9.


	31.
Ohno M, Ohno N, Miyati T, Kawashima H, Kozaka K, Matsuura Y, et al. Triexponential Diffusion Analysis of Diffusion-weighted Imaging for Breast Ductal Carcinoma in Situ and Invasive Ductal Carcinoma. Magn Reson Med Sci. 2021;20(4):396–403.


	32.
Hope TR, White NS, Kuperman J, Chao Y, Yamin G, Bartch H, et al. Demonstration of Non-Gaussian Restricted Diffusion in Tumor Cells Using Diffusion Time-Dependent Diffusion-Weighted Magnetic Resonance Imaging Contrast. Front Oncol. 2016;6:179.


	33.
Pfeuffer J, Flögel U, Dreher W, Leibfritz D. Restricted diffusion and exchange of intracellular water: theoretical modelling and diffusion time dependence of1H NMR measurements on perfused glial cells. NMR Biomed. 1998;11(1):19–31.


	34.
Ohno N, Miyati T, Kobayashi S, Gabata T. Modified triexponential analysis of intravoxel incoherent motion for brain perfusion and diffusion: Modified Triexponential Analysis of IVIM for Brain Perfusion and Diffusion. J Magn Reson Imaging. 2016;43(4):818–23.


	35.
White NS, Dale AM. Distinct effects of nuclear volume fraction and cell diameter on high b-value diffusion MRI contrast in tumors: Diffusion in Tumor Cells. Magn Reson Med. 2014;72(5):1435–43.


	36.
Nielsen TO, Leung SCY, Rimm DL, Dodson A, Acs B, Badve S, et al. Assessment of Ki67 in Breast Cancer: Updated Recommendations From the International Ki67 in Breast Cancer Working Group. JNCI J Natl Cancer Inst. 2021;113(7):808–19.


	37.
Yerushalmi R, Woods R, Ravdin PM, Hayes MM, Gelmon KA. Ki67 in breast cancer: prognostic and predictive potential. Lancet Oncol. 2010;11(2):174–83.


	38.
De Azambuja E, Cardoso F, De Castro G, Colozza M, Mano MS, Durbecq V, et al. Ki-67 as prognostic marker in early breast cancer: a meta-analysis of published studies involving 12 155 patients. Br J Cancer. 2007;96(10):1504–13.


	39.
Du M, Zou D, Gao P, Yang Z, Hou Y, Zheng L, et al. Evaluation of a continuous-time random-walk diffusion model for the differentiation of malignant and benign breast lesions and its association with Ki-67 expression. NMR Biomed. 2023;36(8): e4920.


	40.
Liu L, Mei N, Yin B, Peng W. Correlation of DCE-MRI Perfusion Parameters and Molecular Biology of Breast Infiltrating Ductal Carcinoma. Front Oncol. 2021;13(11): 561735.


	41.
Zhao M, Fu K, Zhang L, Guo W, Wu Q, Bai X, et al. Intravoxel incoherent motion magnetic resonance imaging for breast cancer: A comparison with benign lesions and evaluation of heterogeneity in different tumor regions with prognostic factors and molecular classification. Oncol Lett. 2018;16(4):5100–12.


	42.
Dvorak HF, Nagy JA, Dvorak JT, Dvorak AM. Identfication and Characterization ofthe Blood Vessels ofSolid Tumors That Are Leaky to Circulating Macromolecules. Am J Pathol. 1988;133(1):95–109.


	43.
Bennett (Tong) KM, Schmainda KM, Bennett R, Rowe DB, Lu H, Hyde JS. Characterization of continuously distributed cortical water diffusion rates with a stretched-exponential model. Magn Reson Med. 2003;50(4):727–34.


	44.
Chang H, Wang D, Li Y, Xiang S, Yang YX, Kong P, et al. Evaluation of breast cancer malignancy, prognostic factors and molecular subtypes using a continuous-time random-walk MR diffusion model. Eur J Radiol. 2023;166: 111003.


	45.
Leithner D, Bernard-Davila B, Martinez DF, Horvat JV, Jochelson MS, Marino MA, et al. Radiomic Signatures Derived from Diffusion-Weighted Imaging for the Assessment of Breast Cancer Receptor Status and Molecular Subtypes. Mol Imaging Biol. 2020;22(2):453–61.




Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/40644_2024_780_Fig3_HTML.png
Sensitivity

ROC for Malignance vs Benign
[T I 1

1.0
! Il ="
= T =l
hed _’._l
0.8 ::,:
0.6 — I—
0.4 = —fR
—ful
— —DH
== ADC
T — fR+ful+DH
0.2 ~——fR+fUl+DH+ADC
0.0
0.0 0.2 0.4 0.6 0.8

1 - Specificity

1.0

Sensitivity

ROC for ki67>20 vs. ki67<20

1.0
|
i
0.8
0.6
0.4 —DH
—DF
——aH
EH —ADC
0.2 ~ DH+DF+aH
0.0
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity





OEBPS/navigation.xhtml

    
      Contents


      
        		Multimodal apparent diffusion MRI model in noninvasive evaluation of breast cancer and Ki-67 expression


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/40644_2024_780_Article_TeX_Equb.png
S/S() _ eb*ADC





OEBPS/images/40644_2024_780_Article_TeX_Equa.png
% = frexp(=Dpg-b) + fu - exp(=Dy - b ") + fur - exp(—=Dyy - b) + fr - exp(—=Dp - b).





OEBPS/images/40644_2024_780_Fig1_HTML.png
I_ . N\Q.
* U
i ®
[ ] (L]
M e,
rooo,
o n o 0 o \\0
Y - - 1<) =)
_”m\NEE ¢-0l x“_In_
n__ I._ ® [ Q.OV
* o
LR L bee ¢
® . ° 00
rooo,
T N Sr - T e~ Z
< <) 1<) o <) <)
In
3
H + 4%
* \00
* (Y
L ] oo
bt bt g |+o QO
L ] L 1] 09
%
RN TTE e %
o o o o o
o

[s/;ww .01 x]Ha

he
%
- =) S o N
- - o o o
Hp

T |+o .Qﬂf

7

* Y,

o | H *

Fo

. )

A&\

e

[s/;ww.0Lx]?a

T___... )

mq«,o

‘d

2
oo—d b F

| o Qﬂw

%

-ttt -satais e SIS 4
~ = - o S





OEBPS/images/40644_2024_780_Article_TeX_IEq8.png





OEBPS/css/envelope.png





OEBPS/images/40644_2024_780_Article_TeX_IEq4.png





OEBPS/images/40644_2024_780_Article_TeX_IEq5.png





OEBPS/images/40644_2024_780_Fig2_HTML.png





OEBPS/images/40644_2024_780_Article_TeX_IEq6.png





OEBPS/images/40644_2024_780_Article_TeX_IEq7.png





OEBPS/images/40644_2024_780_Article_TeX_IEq1.png





OEBPS/css/sidebar.gif





OEBPS/images/40644_2024_780_Article_TeX_IEq2.png





OEBPS/images/40644_2024_780_Article_TeX_IEq3.png





