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Background: The prognosis for patients with cervical cancer (CC) is strongly correlated with the Ki-67 
proliferation index (PI). However, the Ki-67 PI obtained through biopsy has certain limitations. The non-
Gaussian distribution diffusion model of magnetic resonance imaging (MRI) may play an important role in 
characterizing tissue heterogeneity. At present, there are limited data available concerning the prediction of 
Ki-67 PI using models based on histogram features of non-Gaussian diffusion distribution. This study aimed 
to determine whether preoperative histogram features from multiple non-Gaussian models of diffusion-
weighted imaging can predict the Ki-67 PI in patients with CC.
Methods: Our cross-sectional prospective study recruited a total of 53 patients suspected of having CC 
who underwent 3.0-T MRI at Sun Yat-sen Memorial Hospital of Sun Yat-sen University between January 
2022 and January 2023. Fifteen b values (0–4,000 s/mm2) were used for diffusion-weighted imaging. A total 
of nine parameters from four non-Gaussian diffusion-weighted imaging models, including continuous-time 
random walk (CTRW), diffusion kurtosis imaging (DKI), fractional order calculus (FROC), and intravoxel 
incoherent motion (IVIM), were used. Whole-tumor volumetric histogram analysis of these parameters was 
then obtained. In logistic regression, significant histogram characteristics were statistically examined across 
two groups to build the final prediction model. To assess diagnostic parameters of the proposed model in 
the diagnosis of the Ki-67 PI, along with the sensitivity, specificity, and diagnostic accuracy of these various 
parameters from the four models, receiver operating feature analysis was applied.
Results: Among the 53 patients (55.3±9.6 years, ranging from 23 to 79 years) included in the study, 15 had 
a Ki-67 PI ≤50% and 38 had a Ki-67 PI >50%. Univariable analysis determined that 12 histogram features 
were statistically different between the two groups. In multivariable logistic regression, we ultimately selected 
6 histogram features to construct the final prediction model, with CTRW_α_10th percentile [odds ratio (OR) 
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Introduction

Cervical cancer (CC) is a prevalent form of malignant 
tumor in females globally, ranking highest in frequency 
after breast cancer, colorectal cancer, and lung cancer (1). 
Surgery combined with radiotherapy and chemotherapy is 
the primary treatment for patients with CC (2). However, a 
significant portion of patients with CC have unsatisfactory 
long-term survival. Previous studies have revealed that 
tumor proliferation is crucial in informing diagnoses, 
selecting treatment, and predicting prognosis in CC (3,4). 
Ki-67, as a protein in the nucleus of growing cells, is a 
reliable predictor of tumor proliferation. Studies have 
demonstrated a connection between the expression of the 
Ki-67 proliferation index (PI) and poor prognosis in breast 
cancer, non-small cell adenocarcinoma, and CC (4-6). At 
present, biopsy with immunohistochemical staining remains 
the prevalent method for preoperatively assessing the Ki-
67 PI. However, biopsy is invasive and commonly fails to 
comprehensively characterize intratumoral heterogeneity 
due to the limited sample size of the biopsy. Therefore, 
using noninvasive imaging techniques to preoperatively 
determine the Ki-67 PI of the entire tumor is critical. 

Magnetic resonance imaging (MRI) provides high-
resolution images of soft tissues, enabling precise 
assessment of cervical lesions and their relationship with 
the muscular layer. It is widely used for diagnosis, staging, 
and evaluate of treatment efficacy in CC. However, 
although conventional MRI can primarily assess the 
morphological features of lesions, it has limited utility in 
determining the Ki-67 PI of CC and is thus challenged 

in effectively evaluating the prognosis of CC. Diffusion-
weighted imaging (DWI) is extensively employed to predict 
invasiveness, evaluate treatment efficacy, and distinguish 
between benign and malignant cervical tumors via the 
examination the diffusion patterns of water molecules 
within tumorous tissue. DWI and its derived advanced 
diffusion sequences have been widely used to assess the 
Ki-67 PI in various tumors, especially in head and neck 
squamous cancer (7), endometrial carcinoma (8), and breast 
cancers (9). Only one previous study reported there to be an 
association between intravoxel incoherent motion (IVIM) 
and the Ki-67 PI in CC (10). IVIM, as a non-Gaussian 
distributed diffusion model, can characterize the diffusion 
of water molecules and the perfusion of microvessels 
simultaneously. Although a correlation between the degree 
of Ki-67 PI and pseudodiffusion coefficient (D*) has been 
established, this method cannot directly represent tissue 
heterogeneity in reflecting the Ki-67 PI in CC. In more 
recent years, numerous non-Gaussian diffusion models 
have been developed that are capable of evaluating data 
from a single scan through use of high b value and multi-b 
value diffusion sequences. These models include diffusion 
kurtosis imaging (DKI), IVIM, and the continuous-time 
random walk (CTRW) or their associated fractional-order 
calculus (FROC) model. These non-Gaussian diffusion 
models provide not only relevant parameters to describe 
water diffusion but also information regarding the temporal 
[the time required for water molecules to move (α)] and 
spatial [the distance that water molecules can diffuse (β)] 
heterogeneity of tissue microstructure (11). The histogram 
parameters of CTRW-DWI have been reported to play an 

=0.955; 95% confidence interval (CI): 0.92–0.99; P=0.019], CTRW_α_robust mean absolute deviation (OR 
=0.893; 95% CI: 0.81–0.99; P=0.028), and CTRW_α_uniformity (OR =0.000, 95% CI: 0.00–0.90, P=0.047) 
being the independent predictive variables. The area under the curve of the combined prediction model was 
0.845 (95% CI: 0.74–0.95), with a sensitivity of 78.9% (95% CI: 0.63–0.90), a specificity of 86.7% (95% CI: 
0.60–0.98), an accuracy of 81.1% (95% CI: 0.68–0.91), a positive predictive value of 93.8% (95% CI: 0.79–
0.99), and a negative predictive value of 61.9% (95% CI: 0.38–0.82). 
Conclusions: The histogram features of multiple non-Gaussian diffusion-weighted imaging can help to 
predict the Ki-67 PI of CC, providing a new method for the noninvasive evaluation of critical biological 
features of CC.

Keywords: Ki-67 proliferation index (Ki-67 PI); cervical cancer (CC); continuous-time random-walk; histogram 

analysis; non-Gaussian diffusion-weighted imaging

Submitted Mar 21, 2024. Accepted for publication Aug 20, 2024. Published online Sep 26, 2024.

doi: 10.21037/qims-24-576

View this article at: https://dx.doi.org/10.21037/qims-24-576



Su et al. Four diffusion models for predicting the Ki-67 PI 7486

© AME Publishing Company.   Quant Imaging Med Surg 2024;14(10):7484-7495 | https://dx.doi.org/10.21037/qims-24-576

essential role in predicting the Ki-67 expression level in the 
breast tumor (12-14). However, the predictive performance 
of histogram features derived from these multiple non-
Gaussian diffusion models for assessing the Ki-67 PI in CC 
remains unclear. Additionally, there is a lack of comparative 
experiments assessing the effectiveness of these four non-
Gaussian diffusion models and their combined predictive 
ability in assessing the Ki-67 PI in CC.

The objective of this study was thus to evaluate the 
performance of histogram features derived from four 
non-Gaussian diffusion models and their combination in 
preoperatively predicting the Ki-67 PI in CC. The resulting 
findings may serve as evidence for informing clinical 
treatment decisions and prognosis evaluation in patients 
with CC. We present this article in accordance with the 
STROBE reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-24-576/rc).

Methods

Patients

The Institutional Ethics Committee of Sun Yat-sen 
Memorial Hospital of Sun Yat-sen University authorized 
and approved this prospective study (No. SYSEC-KY-
KS-2022-057), and each patient completed an informed 
consent form. This study was conducted in accordance 
with the Declaration of Helsinki (as revised in 2013). We 
continuously recruited patients with suspected CC who 
underwent MRI at Sun Yat-sen Memorial Hospital of Sun 
Yat-sen University between January 2022 and January 

2023. We used PASS version 21.0.3 software (NCSS LLC, 
Kaysville, UT, USA) for the estimation of sample size (N) 
before the study. A previous study reported that the texture 
analysis of the IVIM diffusion model yielded an area under 
the curve (AUC) of 0.816 in distinguishing a low and high 
Ki-67 PI in CC (10). We thus used this AUC to calculate 
the sample size, setting the values of α and power (1−β) as 
0.05 and 0.9, respectively. Finally, we decided to include at 
least 15 patients in each group. The inclusion criteria were 
as follows: (I) pathologically confirmed CC, (II) multiple 
high b value diffusion sequences collected within 2 weeks 
before surgery or biopsy, and (III) missing Ki-67 PI results. 
Meanwhile, the exclusion criteria were as follows: (I) poor 
DWI images (serious motion and susceptibility artifacts), (II) 
missing Ki-67 PI values after surgery, (III) treatment before 
MRI examination, and (IV) a lesion size <5 mm on MR 
images. The participant flowchart is depicted in Figure 1.

MRI acquisition

MRI was performed using a 3.0-T scanner (MAGNETOM 
Vida; Siemens Healthineers, Erlangen, Germany) and a 
body phased-array coil with sensitivity encoding (SENSE) 
for receiving. Prior to contrast injection, axial DWI was 
performed using a single spin echo planar imaging session. 
The parameters of conventional pelvic scan and DWI 
sequence were as follows: axial gradient echo T1-weighted 
(T1W) Dixon sequence (repetition time/echo time:  
5.3 ms/2.46 and 3.69 ms; field of view: 285 mm × 380 mm; 
matrix: 202×320; slice thickness: 1.2 mm; gap: 0.24 mm), 

Patients with clinically suspected CC who underwent MRI examinations

(n=84)

53 patients included in the study 

Ki-67 PI ≤50% (n=15) Ki-67 PI >50% (n=38)

Excluded (n=31):

(I)	 Non-CC as confirmed by postoperative pathology (n=16)

(II)	 Previous neoadjuvant therapy before CC dissection (n=8)

(III)	Absence of Ki-67 PI results (n=3)

(IV)	Inadequate MRI image quality (e.g., artifacts) (n=4)

Figure 1 Workflow for enrollment of patients with CC according to Ki-67 PI value. CC, cervical cancer; MRI, magnetic resonance imaging; 
PI, proliferation index.
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and axial fast spin-echo T2-weighted imaging (T2WI) 
sequence (repetition time/echo time: 2,650 ms/103 ms; 
field of view: 200 mm × 200 mm; matrix: 298×352; slice 
thickness: 3.5 mm; gap: 0.7 mm), an axial single-shot spin 
echo planar imaging DWI sequence [repetition time/echo 
time: 2,500 ms /84 ms; field of view: 248 mm × 248 mm; 
matrix: 124×124; slice thickness: 4 mm; interslice gap:  
0.8 mm; SMS =2; b values: 01, 101, 201, 501, 801, 1001, 
1501, 2001, 4001, 5002, 8002, 1,2003, 2,0004, 3,0004, and  
4,0005 s/mm2 (the subscript denotes the number of 
averages); gradient directions: x, y, and z; acquisition time: 
3 min 56 s]. The apparent diffusion coefficient (ADC) value 
of conventional DWI was obtained with b values of 0 and 
800 s/mm2. All parametric maps were generated using a 
medical systems workstation from Siemens Healthineers.

Image analysis

Traditional DWI, which quantitatively measures ADC 
values, was automatically generated at medical system 
workstations and fitted using the following Eq. [1] (15):

( )
0

b ADC
bS S e − ×= ×

	
[1]

where S0 and Sb are the signal strengths at b values of 0 
and 800, respectively. In addition, four no-Gaussian MRI 
diffusion models were fitted using MRStation software 
(Chengdu Zhongying Medical Technology Co., Ltd., 
Chengdu, China), which is based on DIPY (https://dipy.
org/). For the DKI model, the highest b value of 3,000 
was selected for fitting, and two diffusion metrics, Includes 
mean kurtosis value in DKI (DKI_K) and mean diffuse 
value in DKI (DKI_D), were calculated using the following 
Eq. [2] (16):
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where Kapp is kurtosis, and Dapp is the ADC based on non-
Gaussian diffusion. The CTRW model, on the other hand, 
involved three diffusion metrics (CTRW_α, CTRW_β, and 
CTRW_D), which were calculated as Eq. [3] (17):
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0
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S

β
α
 = − ×  	 [3]

where Eα is the Mittag-Leffler function of α order; D is an 
anomalous diffusion coefficient; and parameters α and β are 
the diffusion metrics associated with temporal and spatial 
diffusion heterogeneities, respectively, and vary between 0 

and 1, indicating homogeneity within the medium. Unlike 
CTRW, which employs a simple formula for calculation, 
FROC uses a relatively complex calculation method to 
derive three metrics (FROC_D, FROC_β, and FROC_μ), 
as follows Eq. [4] (18):
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In this model, β and D describe the heterogeneity of 
spatial diffusion, while μ is a parameter that describes 
spatial diffusion. In the formula, Gd is the amplitude of 
the diffusion gradient, δ is the width of the gradient pulse, 
and Δ is the gradient lobe separation. Finally, the double 
exponential model was used to obtain the semidiffusion 
coefficient (D*) of IVIM Eq. [5] (15):

( ) ( ) ( )
0
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Tumor segmentation and histogram analysis

Two radiologists with 6 and 10 years of experience in 
pelvic disease diagnosis who were blinded to the clinical 
information and pathological results independently 
performed the primary tumor segmentation by manually 
delineating the volume of interest (VOI) of the whole tumor 
using ITK-SNAP version 3.6.0 software (www.itksnap.
org) and conducted feature extraction for each patient. The 
average number of pixels for each VOI was also calculated. 
Through use of T2W and contrast-enhanced T1W 
imaging, areas of peritumoral edema and apparent necrotic 
components inside the tumor were ruled out. Figure 2 
shows the segmentation techniques that were employed.

Parametric map histogram analysis was carried out 
with the FeAture Explorer version 0.3.6 software (https://
github.com/salan668/FAE). After extraction, 18 histogram 
features, including mean, median, maximum, mean absolute 
deviation, minimum, range, robust mean absolute deviation, 
root mean squared, skewness, total energy, variance, 
percentiles (10th and 90th), interquartile range, energy, 
kurtosis, uniformity, and entropy were obtained.

Pathological examination

One skilled pathologist with over 8 years of expertise in 
pathological diagnosis carried out the postoperative Ki-
67 testing. Streptavidin peroxidase staining was carried 
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out in immunohistochemical staining. When distinct, 
brownish-yellow granules were observed in the cytoplasm 
of tumor cells and the staining intensity exceeded that of 
the nonspecific staining background, Ki-67 expression 
was considered positive. Ten fields with a 10× field of view 
were randomly selected, and the average tumor-positive 
percentage in each field was used as the Ki-67 PI. Two 
groups of patients were created: one with Ki-67 PI ≤50% 
and the other with Ki-67 PI >50%.

Statistical analysis

The data were analyzed with SPSS 22 software (IBM 
Corporation, Armonk, NY, USA). The interobserver 
agreement in the measurement of histogram features was 
assessed using the intraclass correlation coefficient (ICC), 
with an ICC >0.75 indicating good reliability. Normally 
distributed data are provided as the mean ± standard 
deviation (SD), and the difference in means between two 
groups was compared using the independent samples t-test. 
Nonnormally distributed data are provided as the median, 
and the difference in medians was determined via the 
Mann-Whitney test. A two-tailed P value <0.05 was deemed 
statistically significant. Statistically significant histogram 

features between the two groups were selected through 
multivariable logistic regression. We developed single 
parameter-based models and multiple parameter-based 
models to predict the Ki-67 expression level. To assess the 
models’ sensitivity, specificity, and accuracy, the AUC and 
receiver operating characteristic (ROC) metrics were used. 
The DeLong test was used to compare the AUCs of various 
measures. The comparison of sensitivities, specificities, and 
accuracies between different metrics were compared with 
the McNemar test.

Results

Patients

This study recruited 86 participants. Among them, 8 
cases received preoperative treatment, 3 cases had unclear 
pathological results, and 4 cases were excluded due to 
motion artifacts. Ultimately, 53 patients were included in 
this study. Of the 53 patients (55.3±9.6 years, ranging from 
23 to 79 years), 15 had a Ki-67 PI ≤50% and 38 had a Ki-
67 PI >50%. A histopathological evaluation was conducted 
on 53 patients with CC, of whom 39 were diagnosed with 
cervical squamous cell carcinoma (39/53, 73.58%) 12 with 

Figure 2 The T2WI, parametric maps, and pathological sections of two patients with cervical cancer. (A-E) Images from a 53-year-old 
female with cervical squamous cell carcinoma and a Ki-67 proliferation index ≤50%. (F-J) Images from a 65-year-old female with squamous 
cell carcinoma and a Ki-67 PI >50%. (A,F) Conventional T2-weighted images; the red area in the T2 weighted image represents the lesions 
contained in the volume of interest. (B-D,G-I) The pseudo-colorized images showing the (B,G) CTRW_α, (C,H) DKI_K, and (D,I) 
FROC_μ maps. (E,J) S-P-stained sections of cervical cancer (10×). T2WI, T2-weighted imaging; CTRW_α, α value of continuous-time 
random walk; DKI_K, MK value of diffusion kurtosis imaging; FROC_μ, μ value of fractional order calculus; S-P, streptavidin peroxidase; 
PI, proliferation index. 
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Table 1 Clinicopathologic characteristics of the groups with Ki-67 PI ≤50% and Ki-67 PI >50% 

Characteristic Ki-67 PI ≤50% (n=15) Ki-67 PI >50% (n=38) P value

Age (years) 52.4±10.7 56.5±9.0 0.217*

Depth of invasion (mm) 1.8±1.0 2.0±1.3 0.656*

Pathological type (%) 0.978†

Cervical squamous cell carcinoma 10 (66.7) 29 (76.3)

Cervical adenocarcinoma 5 (33.3) 7 (18.4)

Invasive cancer – 2 (5.3)

Differentiation grade (%) 0.591†

Well differentiated 2 (13.3) 4 (10.5)

Moderately differentiated 10 (66.7) 24 (63.2)

Poorly differentiated 3 (20.0) 10 (26.3)

Tumor FIGO staging (%) 0.534†

Stage T1 11 (73.3) 21 (55.3)

Stage T2 1 (6.7) 8 (21.1)

Stage T3 3 (20.0) 8 (21.1)

Stage T4 – 1 (2.6)

MRI-determined diameter of CC (cm) 3.4±1.2 3.9±1.7 0.337*

Data are presented as mean ± standard deviation or number (%). *, continuous variables were compared with the nonparametric test; †, 
categorical variables were compared with the Fisher exact test. PI, proliferation index; FIGO, International Federation of Gynecology and 
Obstetrics; MRI, magnetic resonance imaging; CC, cervical cancer.

cervical adenocarcinoma (12/53, 22.64%), and 2 with 
invasive cancer (2/53, 3.77%). Furthermore, there was no 
discernible difference between the two groups in terms of 
age, tumor histological stage, or tumor diameter (Table 1).

Univariable analysis

In reproducibility analysis, all histogram features exhibited 
excellent interobserver agreement (ICC ≥0.9). The 
average pixel count of VOI was 2,474.1±2,658.3. A total 
of 162 histogram features based on the multiple models 
of the DWI sequence were obtained. There were 12 
histogram features with a statistical difference between the 
two groups (Table 2). Among them, 8 histogram features 
were from parameters of the CTRW model α, including 
10th percentile, entropy, mean, mean absolute deviation, 
robust mean absolute deviation, root mean squared, 
uniformity, and variance. In addition, histogram features 
with statistically significant differences between the two 
groups also included the minimum of parameter D and K 
from the DKI model and the minimum and 10th percentile 

of parameter μ from the FROC model. Among them, 
CTRW_α_entropy (P=0.033), CTRW_α_mean absolute 
deviation (P=0.022), CTRW_α_robust mean absolute 
deviation (P=0.048), and CTRW_α_variance (P=0.028) 
values increases were associated with an increase in Ki-67 
PI. The values of other histogram features were negatively 
correlated with the Ki-67 PI. In addition, there was no 
statistically significant difference in ADC values from 
conventional DWI sequences between the two groups. 

Multivariable logistic regression 

We performed univariable logistic regression on all variables, 
identifying 12 with statistical differences. Subsequently, 
we conducted multiple logistic regression on these 12 
variables, and the final prediction model included 6 variables:  
CTRW_α_10th percentile, CTRW_α_robust mean absolute 
deviation, CTRW_α_uniformity, CTRW_α_mean, DKI_K_
minimum, and FROC_μ_10th percentile. Among the P values 
of these variables, those of CTRW_α_10th percentile [odds 
ratio (OR) =0.955; 95% confidence interval (CI): 0.92–0.99; 
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P=0.019], CTRW_α_robust mean absolute deviation (OR 
=0.893, 95% CI: 0.81–0.99; P=0.028), and CTRW_α_
uniformity (OR =0.000; 95% CI: 0.00–0.90; P=0.047) were 
less than 0.05, indicating these factors were independent 
predictors. The combined prediction model yielded an 
AUC of 0.845 (95% CI: 0.74–0.95), a sensitivity of 78.9% 
(95% CI: 0.63–0.90), a specificity of 86.7% (95% CI: 0.60–
0.98), an accuracy of 81.1% (95% CI: 0.68–0.91), a positive 
predictive value (PPV) of 93.8% (95% CI: 0.79–0.99), and 
a negative predictive value (NPV) of 61.9% (95% CI: 0.38–
0.82), demonstrating the best predictive performance. The 
combined model showed no statistically significant difference 
in AUC when compared with the independent predictors, 
including CTRW_α_10th percentile and CTRW_α_robust 
mean absolute deviation. However, the combined model also 
exhibited a higher AUC value compared to CTRW_α_10th 
percentile (0.845 vs. 0.691; P=0.091) and CTRW_α_robust 
absolute deviation (0.845 vs. 0.704; P=0.101). Moreover, 
in the comparison with CTRW_α_uniformity, the AUC 
of the combined model was significantly greater than the 
AUC obtained from CTRW_α_uniformity (0.845 vs. 0.688; 
P=0.005). The prediction performance of all models is shown 

in Tables 3,4 and Figure 3.

Discussion

After binary logistic regression, this study ultimately 
identified six histogram features to construct a combined 
prediction model, including four CTRW_α features,  
DKI_K_minimum (the minimum value of diffusion 
kurtosis), and FROC_μ_10th percentile (the 10th percentile 
of the spatial parameter FROC_μ). Among them, CTRW_
α_10 th percentile, CTRW_α_robust mean absolute 
deviation, and CTRW_α_uniformity were independent 
predictive factors. The combined model showed the highest 
predictive performance of the Ki-67 PI compared with each 
single predictive factor (AUC =0.845, accuracy =78.9%, 
sensitivity =86.7%, and specificity =81.1%). Specifically, all 
the three of independent predictive factors were α-related 
features derived from the CTRW model, which indicated 
that the CTRW model was superior to other models and 
that the α parameter was the most useful parameter from 
the CTRW model. Overall, our study provides a novel 
noninvasive approach for the preoperative evaluation of the 

Table 2 Comparison of diffusion MRI quantitative metrics between the Ki-67 PI ≤50% and Ki-67 PI >50% groups 

Parameter Ki-67 PI ≤50% (n=15) Ki-67 PI >50% (n=38) P value

CTRW_α_10th percentile 776.4±138.8 670.0±141.2 0.031

CTRW_α_entropy 2.8±1.2 3.6 ±0.8 0.033

CTRW_α_mean 904.7±76.1 856.5±74.7 0.035

CTRW_α_mean absolute deviation 77.7±43.7 109.1±43.7 0.022

CTRW_α_robust mean absolute deviation 55.3±42.1 80.5±37.9 0.048

CTRW_α_root mean squared 912.0±70.6 869.7±65.9 0.044

CTRW_α_uniformity 0.3±0.2 0.2±0.1 0.035

CTRW_α_variance 12.5×103±10.9×103 21.6×103±16.6×103 0.028

DKI_D_minimum 725.0±445.9 429.9±390.7 0.013

DKI_K_minimum 141.5±179.1 27.5±98.7 0.006

FROC_μ_10th percentile 3.5×103±0.4×103 2.7×103±1.2×103 0.023

FROC_μ_minimum 644.0±1,108.2 187.1±676.4 0.014

ADC_value 760.4±105.2 755.5±104.9 0.880

Parameter data obtained from CTRW, FROC, DKI, and ADC of the Ki-67 PI ≤50% and Ki-67 PI >50% are presented as the mean ± 
standard deviation. P<0.05 indicates statistical significance. The table only displays histogram features with P values <0.05. MRI, 
magnetic resonance imaging; PI, proliferation index; CTRW_α, α value of continuous-time random walk; DKI_D, mean diffuse value of 
diffusion kurtosis imaging; DKI_K, mean kurtosis value of diffusion kurtosis imaging; FROC_μ, μ value of fractional order calculus; ADC, 
apparent diffusion coefficient.
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Table 3 Univariable and multivariable logistic regression analysis of various diffusion indicators for distinguishing Ki-67 PI ≤50% and Ki-67 PI 
>50% 

Parameter
Multivariable logistic regression

β value OR (95% CI) P value

CTRW_α_10th percentile −0.046 0.955 (0.92–0.99) 0.019*

CTRW_α_mean 0.045 1.046 (1.00–1.10) 0.069

CTRW_α_robust mean absolute deviation −0.113 0.893 (0.81–0.99) 0.028*

CTRW_α_uniformity −9.448 0.000 (0.00–0.90) 0.047*

DKI_K_minimum −0.006 0.994 (0.99–1.00) 0.088

FROC_μ_10th percentile −0.001 0.999 (0.996–1.00) 0.262

*, P<0.05 indicates statistical significance. PI, proliferation index; OR, odds ratio; CI, confidence interval; CTRW_α, α value of continuous-
time random walk; DKI_K, mean kurtosis value of diffusion kurtosis imaging; FROC_μ, μ value of fractional order calculus. 

Table 4 Diagnostic performance of diffusion MRI quantitative metrics in discriminating Ki-67 PI ≤50% and Ki-67 PI >50%

Parameter AUC (95% CI)
Sensitivity (%) 

(95% CI)
Specificity (%) 

(95% CI)
Accuracy (%)  

(95% CI)
PPV (%)  
(95% CI)

NPV (%)  
(95% CI)

CTRW_α_10th percentile 0.691 (0.54–0.84) 84.2 (0.68–0.94) 60.0 (0.32–0.84) 77.4 (0.64–0.88) 84.2 (0.69–0.94) 60.0 (0.32–0.84)

CTRW_α_robust mean 
absolute deviation

0.704 (0.56–0.85) 13.2 (0.04–0.28) 46.7 (0.21–0.73) 22.6 (0.12–0.36) 38.5 (0.14–0.68) 17.5 (0.07–0.33)

CTRW_α_uniformity 0.688 (0.54–0.84) 94.7 (0.82–0.99) 46.7 (0.21–0.73) 81.1 (0.68–0.91) 81.8 (0.67–0.92) 77.8 (0.40–0.97)

Combined model 0.845 (0.74–0.95) 78.9 (0.63–0.90) 86.7 (0.60–0.98) 81.1 (0.68–0.91) 93.8 (0.79–0.99) 61.9 (0.38–0.82)

Combined model: CTRW_α_10th percentile + CTRW_α_ mean + CTRW_α_robust mean absolute deviation + CTRW_α_ uniformity + DKI_K_
minimum+ FROC_μ_10th percentile. MRI, magnetic resonance imaging; PI, proliferation index; AUC, area under the curve; CI, confidence 
interval; PPV, positive predictive value; NPV, negative predictive value; CTRW_α, α value of continuous-time random walk; DKI_K, mean 
kurtosis value of diffusion kurtosis imaging; FROC_μ, μ value of fractional order calculus. 

Figure 3 The receiver operating characteristic curves of the single 
mean apparent propagator CTRW_α_10th percentile, CTRW_α_
robust mean absolute deviation, CTRW_α_uniformity, and the 
combined model. CTRW_α, α value of continuous-time random 
walk; CI, confidence interval.

Ki-67 PI.
Ki-67 is a marker for evaluating the proliferative activity 

status of tumors. Preoperative evaluation of the Ki-67 PI 
is central to treatment planning, prediction of treatment 
response, and the prognosis of patients with CC (19). In this 
paper, we propose, for the first time, the histogram features 
of multiple parameters obtained from four advanced non-
Gaussian models, including IVIM, DKI, CTRW, and 
FROC, in evaluating the Ki-67 PI of CC. The AUC of our 
combined prediction model was 0.845, which was higher 
than that reported previously (AUC =0.816) (10). In this 
previous study, the texture features of IVIM parameters 
were demonstrated to be able to estimate the Ki-67 PI 
in CC. The ADC values obtained from DWI sequences 
are typically affected by vascular perfusion. IVIM can be 
used to effectively expose the diffusion information and 
blood microcirculation perfusion in tumor tissues through 
application of a double exponential model to distinguish 
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the diffusion movement of water molecules and blood flow 
microperfusion (20). The increased tumor PI commonly 
implies an increase in tumor density and the enrichment 
of angiogenesis within the tumor, which will increase the 
heterogeneity of the tumor. Although IVIM avoids blood 
perfusion influencing ADC values, thus providing more 
accurate D values, it cannot intuitively capture tissue 
heterogeneity. In contrast, our combined prediction model 
mainly incorporated the histogram features of parameter 
α obtained from CTRW but failed to include the relevant 
features of IVIM. Our results demonstrated a better 
predictive performance from only the texture features 
of IVIM than that reported previously, indicating that 
our prediction model obtained from four non-Gaussian 
distribution diffusion models had a better correlation with 
the Ki-67 PI and had certain advantages in capturing tumor 
heterogeneity in CC.

In our study, we ultimately selected three α-relevant 
histogram features out of the 162 histogram features as 
independent predictive factors, which were CTRW_α_10th 
percentile, CTRW_α_robust mean absolute deviation, and 
CTRW_α_uniformity. All of these independent predictive 
factors were all derived from the CTRW diffusion model. 
The CTRW diffusion model can use a greater number of b 
values, including higher b values, rendering it more sensitive 
to tumor tissue structure (21). In our study, tumors in the 
group with high Ki-67 PI had higher values in α-related 
metrics from the CTRW diffusion model compared to 
the group with low Ki-67 PI, and only α-relevant features 
but no β-relevant features in this model were included as 
independent predictive factors. In the CTRW diffusion 
model, α and β are two quantitative parameters that can 
reflect the heterogeneity within the tissue structure voxel. 
Parameter α is related to the heterogeneity of diffusion 
time, describing the varying times required for water 
molecules to move within complex tissues and environments 
(22,23), and parameter β describes the diffusion of water 
molecules under asynchronous length (24). The increased 
Ki-67 PI in malignant tumors suggests an increased number 
and density of tumor cells and a greater unevenness in 
the microstructures (25). These heterogenous features 
ultimately resulted in the elevated value of parameters α and 
β in our study. In addition, the increase of Ki-67 implies an 
increase in tumor density and heterogeneity, which leads to 
a longer movement time for water molecules, resulting in 
higher α but not β value. This result indicates that α values 
are more strongly correlated with Ki-67 expression, which 
is consistent with previous studies on breast cancer and the 

Ki-67 PI (12). 
We further found that the mean value of α was not 

significantly different between the high and low Ki-67 PI 
groups. Only the CTRW_α_10th percentile, CTRW_α_
robust mean absolute deviation, and CTRW_α_uniformity 
were included as the independent predictive factors. The 
10th percentile represents the tenth percentile of the α value. 
The average distance between each intensity value and the 
picture array’s mean value is known as the mean absolute 
deviation. An increased uniformity suggests a stronger 
homogeneity or a smaller range of discrete intensity values. 
Uniformity is a measure of the sum of the squares of each 
intensity value and may indicate the homogeneity of the 
picture array (22). In our study, this result implied that the 
average values of α cannot always comprehensively reflect 
the heterogeneity of tumor tissues. Instead, histogram 
features may provide more information related to tumor 
heterogeneity. Moreover, the uniformity of the α parameter 
had the highest sensitivity for predicting the Ki-67 PI, 
which may be due a higher Ki-67 PI being correlated with 
a greater heterogeneity of the tumor. Although uniformity 
has certain advantages in reflecting the heterogeneity 
within tumors, its specificity is relatively low. Nevertheless, 
the comprehensive model that combined these three 
independent predictive factors yielded the highest AUC and 
good sensitivity, specificity, NPV, and PPV.

In this study, besides the strong correlation between the 
histogram features of CTRW and Ki-67 PI, among the four 
non-Gaussian diffusion models, the derived parameters 
of DKI_D and DKI_K in the DKI model were correlated 
with the Ki-67 PI, particularly the histogram feature  
K_minimum of DKI_K. This feature was included in 
the final combination prediction model through logistic 
regression. In the assessment of tumor proliferation, the 
DKI_D value of the DKI diffusion model was more similar 
to the conventional ADC value, resulting in a slightly 
weaker correlation with Ki-67 compared to DKI_K. This 
finding aligns with a previous study, which compared 
the parameters of IVIM and DKI for evaluating Ki-
67 expression in soft tissue sarcoma and concluded that 
the DKI_K value of DKI is the optimal parameter for 
evaluating Ki-67 expression among the two models (26). 
Additionally, we also identified a correlation between  
Ki-67 PI and the μ value derived from FROC diffusion 
model. The unique parameter of μ represents the average 
free length of water molecules. The μ value increases 
when tumor cell proliferation activity grows, cell density 
increases, and the free diffusion of water molecules 
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diminishes. This finding is in line with earlier studies on 
lung cancer (27). Our investigation revealed no discernible 
relationship between Ki-67 PI and the histogram features 
of the IVIM diffusion model for either D* or f values. 
This could be because some cases of CC with high Ki-
67 PI do not exhibit high perfusion due to the tumorous 
hypoxia, and the D* value is significantly affected by 
signal-to-noise ratio. This finding is in line with some 
studies on soft tissue sarcomas (26), lung cancer (28), nasal 
bone malignancies (29), and malignant ovarian epithelial 
tumors (30). Additionally, some research suggests that D* 
and f exhibits weak repeatability and reproducibility, thus 
producing a variability in results (31,32). 

Our study had certain limitations which should be 
acknowledged. First, the study population size was relatively 
small, and patients were from a single center. Subsequent 
studies with larger and multicenter samples should be 
conducted to confirm our findings. Second, the choice of 
the best b value of the CTRW diffusion model in patients 
with CC remains to be investigated, and the established 
prediction model did not include the ADC value of the 
conventional diffusion sequence. A comparison of the 
prediction performance between the CTRW model and 
conventional DWI is needed. Third, in the DKI model, 
we could not determine whether the image noise with high 
b values was Rician noise or Gaussian noise although this 
does not affect our results. Finally, the surgical specimen for 
the pathological examination of Ki-67 was not a slice-to-
slice correspondence with the MR images. 

Conclusions

The whole-tumor histogram features derived from the 
multiple diffusion models can effectively predict the Ki-67 
PI in patients with CC. The application of this predictive 
tool could potentially provide significant benefits in guiding 
preoperative treatment decisions and ultimately improving 
the prognosis for individuals with CC.
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