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Background: Unfortunately, the morphologic magnetic resonance imaging (MRI) is unable to determine 
perineural invasion (PNI) status. This study applied histogram analysis of intravoxel incoherent motion 
diffusion-weighted imaging (IVIM-DWI) in the assessment of PNI status of rectal cancer (RC).
Methods: The retrospective analysis enrolled 175 patients with RC confirmed by postoperative pathology 
in The First Affiliated Hospital of Shandong First Medical University from January 2019 to December 2021. 
All patients underwent preoperative rectal MRI. Whole-tumor volume histogram features from IVIM-DWI 
were extracted using open-source software. Univariate analysis and multivariate logistic regression analysis 
were used to compare the differences in histogram parameters and clinical features between the PNI-positive 
group and PNI-negative group. Receiver operating characteristic curve analysis was used to evaluate the 
diagnostic performance, while the Delong test was used to compare the area under the curve of the models.
Results: The interobserver agreement of the histogram features derived from DWI, including apparent 
diffusion coefficient (ADC), true diffusion coefficient (D), pseudo-diffusion coefficient (D*), perfusion 
fraction (f), water molecular diffusion heterogeneity index (α), and distributed diffusion coefficient (DDC) 
were good to excellent. A total of eight histogram features including DWI_maximum, DWI_skewness, 
D_kurtosis, D_minimum, D_skewness, D*_energy, D*_skewness, and f_minimum were significantly 
different between the PNI-positive and PNI-negative groups in the univariate analysis (P<0.05); among the 
clinicoradiologic factors, percentage of rectal wall circumference invasion (PCI) was significantly different 
between the two groups (P<0.05). Multivariate analysis demonstrated that the values of D*_energy, D*_
skewness, and f_minimum differed significantly between the PNI-positive patients and PNI-negative patients 
(P<0.05), with the independent risk factors being D*_skewness [odds ratio (OR) =1.157; 95% confidence 
interval (CI): 1.050–1.276; P=0.003] and PCI (OR =11.108, 95% CI: 1.767–69.838; P=0.0002). The area 
under the curve of the model combining the three histogram features and PCI to assess PNI status in RC 
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Introduction

According to estimates from the Global Cancer Observatory 
2020 (1), colorectal cancer ranks third in the world in terms 
of incidence and second in terms of mortality. In 2020, there 
were 0.7 million new cases of rectal cancer (RC) globally. 
The tumor- node-metastasis (TNM) classification system of 
the American Joint Committee on Cancer (AJCC)/Union 
for International Cancer Control (UICC) has been widely 
used in clinical risk stratification and decision-making 
support for RC (2,3). However, the same TNM stage may 
have different responses and outcomes. Therefore, accurate 
and individualized treatment decisions need to be supported 
by additional prognostic factors (4). Perineural invasion 
(PNI) refers to the proximity of the tumor to the nerve and 
encapsulation of at least 33% of the nerve circumference 
or penetration of tumor cells into any of the three layers 
of the nerve membrane (5). PNI has been proven to be 
significantly associated with the high recurrence rate 
and low survival rate in patients with RC (6-8). Previous 
studies have shown PNI status to be a useful indicator in 
guiding patients regarding the choice of preoperative and 
postoperative adjuvant therapy (6,9-11), and PNI-positive 
status may be related to the lymph node metastasis of RC 
(10,12). The National Comprehensive Cancer Network 
(NCCN) guidelines for RC list PNI as a high-risk factor for 
RC recurrence (2). Currently, PNI can only be confirmed 
by pathological examination of postoperative specimens. 
Therefore, an effective, noninvasive method for accurately 
evaluating PNI status preoperatively in patients with RC is 
urgently needed.

Magnetic resonance imaging (MRI) is the most 
commonly applied imaging modality in clinical examination 
for RCs. Unfortunately, morphologic MRI is unable to 
determine PNI status. Diffusion-weighted imaging (DWI) 

is a widely applied MRI technique for monitoring the 
diffusive movement of water molecules in living tissues 
and can diagnosis disease by indirectly reflecting changes 
in the tissue microstructure. Intravoxel incoherent motion 
(IVIM), via the combination of multiple small b-values 
and multiple high b-values, can independently reflect the 
true diffusion and perfusion of tissues if a biexponential 
model formula is applied (13). Based on the multiple 
b-values in IVIM-DWI, the apparent diffusion coefficient 
(ADC), distributed diffusion coefficient (DDC), and water 
molecule anisotropy (α) values can be obtained using the 
single-exponential model formulae and the stretched-
exponential model formulae (14). IVIM-DWI has been 
extensively studied in the diagnosis and evaluation of rectal 
diseases. Examples include the diagnosis of rectal adenomas 
for cancer (15), the evaluation of tumor deposition (16), 
and the staging of lymph nodes (17). First, IVIM can 
provide a reference point for the identification of benign 
and malignant rectal lesions, tumors, and nonneoplastic 
lesions. Second, IVIM parameters can more sensitively 
reflect the histopathological features and diagnose lymph 
nodes status than can DWI, and some IVIM parameters 
showed a decreasing trend with increasing tumor stages and 
grades in RC (18,19). In neoadjuvant chemoradiotherapy 
(NCRT), the morphological changes in tumor tissues 
often occur later than do the microenvironmental changes, 
and the quantitative parameters of IVIM can reflect the 
microscopic characteristics in tumors more sensitively than 
can normal DWI (20-22). The roles that IVIM can play in 
other biological features of RC, such as tumor deposition, 
extramural vascular invasion, and neural infiltration, are the 
subjects of ongoing and future research.

With the extensive and in-depth research on tumor 
imaging, research in texture analysis is growing. Texture 
analysis represents a variety of mathematical methods that 
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are noninvasive that can be used to extract quantitative 
features from medical images to achieve objective 
measurements of tumor heterogeneity, thus circumventing 
the subjective observation errors produce by the naked 
eye (23-26). Quantitative features derived from grayscale 
intensity histograms through statistical methods are 
considered first-order statistics (or histogram features). 
These can be used to describe the distribution of signal 
intensity values within tumor tissue and have higher 
reproducibility than do higher-order texture features (24-27). 
In RC, histogram analysis has been applied in many research 
directions, including PNI status (26), nodal staging (17), 
distant metastasis (28), and extramural venous invasion (29). 
It has been reported that clinical radiomics models have the 
ability to predict the PNI status of RC (30,31). However, 
to the best of our knowledge, no studies have used IVIM-
DWI-based histograms to assess PNI in RC. 

Therefore, the purpose of this study was to investigate 
the ability of IVIM-DWI-derived primary tumor-based 
whole-volume histogram parameters to assess PNI status. 
We present this article in accordance with the STARD 
reporting checklist (available at https://qims.amegroups.
com/article/view/10.21037/qims-23-1614/rc).

Methods

Study ethics 

This study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013) and was 
approved by Medical Ethics Committee of The First 
Affiliated Hospital of Shandong First Medical University 
(Shandong Provincial Qianfoshan Hospital) (No. S537). 
The requirement for individual consent was waived due to 
the retrospective nature of the analysis. 

Patients

A total of 300 patients with histologically proven RC 
from direct surgical resection performed between January 
2019 to December 2021 were enrolled in our study. All 
patients underwent rectal MRI examination 1–2 weeks 
before surgery. The inclusion criteria were as follows: (I) 
adenocarcinoma confirmed by postoperative pathological 
biopsy, (II) standard preoperative rectal MRI examination, 
and (III) postoperative pathological reports including PNI 
status. Meanwhile, the exclusion criteria were as follows: (I) 
neoadjuvant therapy or other palliative treatments before 
surgery; (II) poor image quality, including intestinal gas or 
fecal artifact; (III) no IVIM-DWI; and (IV) a lack of clinical 
data. Finally, 175 patients were enrolled. Figure 1 shows the 
flowchart of patient enrollment.

MRI acquisition

All patients underwent MRI measurements on a 3.0-T  
system (Discovery 750w; GE Healthcare, Chicago, IL, 
USA) using an eight-channel phased-array body coil in 
the supine position. First, fast spin-echo (FSE)-based 
T2-weighted imaging (T2WI) scanning was performed. 
Coronal FSE T2WI and oblique-axis high-resolution FSE 
T2WI (perpendicular to the long axis of the rectal wall 
where the tumor was located) were prescribed based on 
sagittal T2WI images. Finally, axial spin-echo echo plana 
image-based IVIM-DWI scanning was performed with  
11 b-values applied: 0, 20, 50, 100, 150, 200, 400, 600, 
800, 1,000, and 1,500 s/mm2. The number of excitations 
(NEX) was 2 for b-values of 0, 20, 50, 100, 150, 200, 400, 
and 600 s/mm2; 4 for b-values of 800 s/mm2; and 6 for the 
b-values of 1,000 and 1,500 s/mm2. The diffusion directions 
per b-value were applied in the read-out (right–left), phase 
(anterior–posterior), and slice (superior–inferior) directions. 

Figure 1 Flowchart of the enrolled patients. RC, rectal cancer; 
MRI, magnetic resonance imaging; IVIM-DWI, intravoxel 
incoherent motion imaging-diffusion-weighted imaging; PNI, 
perineural invasion.

300 patients with histologically proven RC 
between January 2019 and December 2021

217 patients underwent MRI scanning

Excluded:
Accepted neoadjuvant therapy or 
other palliative treatments before 
surgery (n=83)

175 patients were enrolled including  
78 PNI+ and 97 PNI−

Excluded:
Poor image quality (n=22);  
Lack of clinical data (n=7);  
Without IVIM-DWI sequence (n=13)

https://qims.amegroups.com/article/view/10.21037/qims-23-1614/rc
https://qims.amegroups.com/article/view/10.21037/qims-23-1614/rc
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The scanning sequence and parameters are listed in Table 1. 
All patients were given a cleansing enema about 30 

minutes before MRI to empty the intestinal contents and 
prepare the intestine; moreover, 10 mg of scopolamine was 
injected to reduce the motion artifacts on IVIM images 
via the inhibition of intestinal peristalsis. In addition, a 
proper amount of hypotonic contrast agent (coupling agent 
and water in the ratio of 1:1) was injected into the rectum 
through the anus before the formal scan for patients with a 
prepared intestine to moderately dilate the intestinal lumen 
and reduce the effect of gas.

MRI evaluation

Two radiologists with 15 and 8 years of experience in 
imaging diagnosis of rectal tumors, respectively, and who 
were blinded to the clinical and pathological information 
independently assessed the MRI findings of the tumor, 
including the primary site, the percentage of rectal wall 
circumference invasion (PCI), maximum tumor thickness, 
MRI-reported tumor stage (mrT), MRI-reported lymph 
node status (mrN), MRI-reported mesorectal fascia 
(mrMRF)/peritoneum status, and MRI-extramural venous 
invasion (mrEMVI). Any conflict of opinion was resolved 
via discussion. According to the distance between the 
primary site and the anal edge, the primary site was divided 
into three grades: low, medium, and high (32). TNM stage 
on MRI was evaluated based on the AJCC/UICC TNM 
staging system. The evaluation of EMVI was performed 
using a modified version of the 5-point scoring system 
devised by Jhaveri et al., in which 3–4 points indicated an 
EMVI-positive status (33). The MRF was considered to be 
involved if the distance between the MRF and tumor was 
≤1 mm (34).

The MRI findings of the tumor, including mrTN stage, 
tumor location, mrEMVI, mrMRF, and PCI, were obtained 

in the picture archiving and communication system (PACS). 
Gender, age, pathological PNI status, and preoperative 
laboratory parameters were recorded in the electronic 
medical record system. Laboratory indicators included 
carcinoembryonic antigen (CEA) and carbohydrate antigen 
19-9 (CA19-9). The positive-PNI status was defined as the 
presence of tumor cells around at least one-third of the 
nerve circumference or in any of the three nerve layers (5).

Image postprocessing

IVIM-DWI data were imported into the Advantage 
Workstation 4.6 (GE HealthCare, Chicago, IL, USA), and 
the MADC in the Functool postprocessing toolkit (GE 
HealthCare, Chicago, IL, USA) was used to obtain six 
parameter pseudocolor maps using three model formulae. 
For fitting algorithms in our study, least-squares linear 
fitting was used in the monoexponential model, and 
Levenberg-Marquardt nonlinear fitting was used in the 
biexponential and stretched-exponential models.

(I) The monoexponential equation to acquire the 
ADC map is as follows: Sb/S0 = exp(−b.ADC). 

(II) The biexponential equation used to calculate the 
IVIM model and acquire the D, D*, and f maps was 
as follows: Sb/S0 = (1−f) exp(−b.D) + f exp (−b.D*),  
where D is true diffusion coefficient; D*, the 
pseudo-diffusion coefficient, reflects the diffusion in 
microcirculation; and f, the perfusion fraction, is the 
volume ratio of local microperfusion to the global 
diffusion effect in the region of interest (ROI).

(III) The stretched-exponential model was also obtained 
with the multi-b-value DWI to acquire the α and 
DDC maps as follows: Sb/S0 = exp[−(b.DDC)α],  
where α  is  the value 0–1 and is negatively 
correlated with the diffusion heterogeneity of water 
molecules, and DDC is the average diffusion rate.

Table 1 MRI parameters 

Sequence TE (ms) TR (ms) FOV (cm) Thickness (mm) Gap (mm) Matrix Acquisition time (s)

Sagittal T2WI 85 8,137 27 4 0.4 352×352 199

Oblique axis HR-T2WI 102 5,868 18 3 0 320×288 286

Coronal T2WI 90 7,382 32 4 0.4 480×480 231

Axial IVIM-DWI 63.7 5,000 32 5 0.5 96×128 535

Reprinted with permission from Jia et al. (15); https://doi.org/10.1016/j.ejrad.2022.110496. MRI, magnetic resonance imaging; TE, echo 
time; TR, repetition time; FOV, field of view; T2WI, T2-weighted imaging; HR, high resolution; IVIM, intravoxel incoherent motion; DWI, 
diffusion-weighted imaging. 

https://doi.org/10.1016/j.ejrad.2022.110496
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Tumor segmentation

The volumes of interest (VOIs) were independently 
measured using the open-source software,  three-
dimensional (3D) Slicer version 5.0.3 (www.slicer.org; in R 
version 30893) by two radiologists. The VOI of the tumor 
was manually delineated layer by layer on DWI (b-value 
=1,000 s/mm2) with reference to T2WI. Subsequently, all 
VOIs were copied and pasted onto the parameter maps.

Histogram analysis

Software 3D Slicer was also used to extract the histogram 

parameters of DWI, ADC, D, D*, f, DDC, and α maps. 
Each diffusion parameter-specific histogram exported 
18 features, including mean, minimum, maximum, 10th, 
median, 90th, range, interquartile range, energy, total 
energy, entropy, kurtosis, skewness, uniformity, variance, 
mean absolute deviation, robust mean absolute deviation, 
and root mean squared. Figure 2 displays the process of 
tumor segmentation and feature extraction, and detailed 
definitions of the 18 first-order features are listed in Table 2.

Statistical analyses 

All statistical analyses were performed using MedCalc 

Figure 2 The process of the tumor segmentation and feature extraction. The VOIs were manually drawn along the border of the tumor on 
the DWI (b-value =1,000 s/mm2) with reference to the T2WI. All VOIs were copied and pasted to functional maps. The histogram features 
of the whole tumor were then extracted. T2WI, T2-weighted imaging; DWI, diffusion-weighted imaging; VOIs, volumes of interest; ADC, 
apparent diffusion coefficient.

T2WI DWI

VOI

ADC

http://www.slicer.org
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(MedCalc Software, Ostend, Belgium) and SPSS 24.0 
(IBM Corp., Armonk, NY, USA). Normally distributed 
quantitative data are presented as the mean ± standard 
deviation, and categorical data are expressed as the 
frequency (percentage). To verify interobserver agreement, 
intragroup correlation coefficients (ICC) for measuring 
histogram parameters were investigated between the 
two observers. Histogram characteristics and types of 
variables on clinical radiological characteristics were first 
determined, and categorical variables were analyzed using 
the chi-square test or Fisher exact test. The normality of 
the noncategorical data distribution was tested using the 
Kolmogorov-Smirnov test, and the independent samples 
t-test or Mann-Whitney test was used for conducting 
comparisons. Collinearity analysis was used to exclude 
parameters with severe collinearity in the univariate 
analysis. The association analysis of histogram features 
with PNI was tested using the Pearson (point-biserial 

correlation) test. The Z-score was used to normalize 
the histogram parameters before multivariable analysis. 
Multivariate logistic regression analysis was performed 
to select variables and construct models. The Hosmer-
Lemeshow test was used to assess the goodness of fit of 
the models. Receiver operating characteristic (ROC) curve 
analysis was applied to evaluate diagnostic performance of 
each parameter and obtain the area under the ROC curve 
(AUC), sensitivity, specificity, and accuracy. The DeLong 
test was used to compare the differences in AUC between 
each two models. A two-sided P value <0.05 was considered 
statistically significant.

Results 

Univariable analysis

Patient characteristics
A total of 78 patients with PNI-positive RC and 97 patients 

Table 2 Detailed definitions of first-order features

Feature Explanation

Mean The average gray-level intensity within the ROI

Minimum Minimum = min(X)

Maximum The maximum gray-level intensity within the ROI

10th The 10th percentile of X

Median The median gray-level intensity within the ROI

90th The 90th percentile of X

Range The range of gray values in the ROI

Interquartile range Interquartile range = P75−P25

Energy A measure of the magnitude of voxel values in an image

Total energy The value of energy feature scaled by the volume of the voxel in cubic mm

Entropy The uncertainty/randomness in the image values

Kurtosis A measure of the “peakedness” of the distribution of values in the image ROI

Skewness The asymmetry of the distribution of values about the mean value

Uniformity A measure of the sum of the squares of each intensity value

Variance The mean of the squared distances of each intensity value from the mean value

Mean absolute deviation The mean distance of all intensity values from the mean value of the image array

Robust mean absolute deviation The mean distance of all intensity values from the mean value calculated on the subset of image 
array with gray levels in between or equal to the 10th and 90th percentile

Root mean squared The square root of the mean of all the squared intensity values

The information above has been taken from the official Pyradiomics website (https://pyradiomics.readthedocs.io/en/latest/features.html). 
ROI, region of interest. 

https://pyradiomics.readthedocs.io/en/latest/features.html
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with PNI-negative RC were included in the study. Table 3 
shows in detail the clinical and MRI characteristics of the 
study population based on PNI status. Age (P=0.864) and 
sex (P=0.289) were not statistically different, and mean age 
was also comparable between the two groups. However, 
the PNI-positive group had a higher male ratio. There was 
no significant difference in the distribution of preoperative 
embryonic CEA levels (P=0.056) and preoperative CA19-9  
levels (P=0.647). Of the 78 PNI-positive patients, 53 and 
40 patients were diagnosed with T3–4 and N1–2 stages 
on MRI images, respectively, but there were no statistical 
differences in T (P=0.266) or N (0.813) stages. There were 
also no statistical differences between the two groups in 
terms of EMVI (P=0.274) or MRF (P=0.572). The PCI was 
statistically different between the PNI-positive and PNI-
negative groups (P=0.0002). 

Histogram parameters
All features showed excellent or good interobserver 
agreement (ICC >0.8). Eight histogram features were 
statistically different between the PNI-positive and PNI-
negative groups, including DWI_maximum (P=0.0379), 
DWI_skewness (P=0.0185), D_kurtosis (P=0.0416),  
D_minimum (P=0.0130) ,  D_skewness  (P=0.025) ,  
D*_energy (P=0.0063), D*_skewness (P=0.0081), and  
f_minimum (P=0.0027). Representative images are shown 
in Figure 3, while the detailed data and ROC results are 
listed in Table 4. The collinearity diagnostic output results 
suggested that the variance inflation factor (VIF) values of 
two parameters (DWI_maximum and D_minimum) were 
greater than 10, indicating that there was a nonnegligible 
collinearity problem with other parameters, and thus we 
excluded these two parameters. Furthermore, the remaining 
parameters with significant differences between the two 
groups were subjected to point-biserial correlation analysis. 
The remaining six histogram features were significantly 
correlated with PNI (P<0.05), and the correlation 
coefficients were greater than 0, indicating a positive 
correlation.

Multivariable analysis

Six histogram parameters (DWI_skewness, D_kurtosis, 
D_ skewness, D*_energy, D*_skewness, and f_minimum) 
and PCI were entered into the multivariate analysis 
which produced P values of less than 0.05 for D*_energy,  
D*_skewness, f_minimum, and PCI. Of these, the 
independent risk factors for PNI were D*_skewness [odds 

ratio (OR) =1.157; 95% confidence interval (CI): 1.050–
1.276; P=0.003] and PCI (OR =11.108, 95% CI: 1.767–
69.838; P=0.0002), and the AUC of the model established 
by the two indicators was relatively low, at 0.680. The ROC 
analyses of the statistically different single-parameter and 
combined-parameter models for diagnosing PNI status are 
detailed in Table 5 and Figure 4. The multivariate binary 
logistic regression factors are summarized in Table 6.  
The combined  mode l  cons i s t ing  o f  D*_energy,  
D*_skewness, f_minimum, and PCI achieved the best 
diagnostic performance, with an AUC of 0.807 (95% 
CI: 0.741–0.863), a sensitivity of 87.18%, a specificity 
of 63.92%, and an accuracy of 70.90%. In comparison, 
the clinical radiology (PCI) model yielded an AUC of 
0.645 (95% CI: 0.569–0.715), and the histogram model 
(D*_energy, D*_skewness, and f_minimum)yielded an 
AUC of 0.776 (95% CI: 0.70–0.835). The AUC of the 
combined model was higher than those of each single-
parameter model and histogram model. The Delong test 
(Table 7) showed that the combined model was significantly 
different from the single assessment model (P<0.05) but not 
significantly different from the histogram model. However, 
the combined model demonstrated improved sensitivity, 
sensitivity, and accuracy. 

Discussion 

In this study, we used histogram features extracted from 
DWI, ADC, D, D*, f, α and DDC maps based on IVIM-
DWI and combined them with clinicoradiologic features 
to determine the status of PNI in RC The results showed 
that six histogram features and one clinicoradiologic feature 
were statistically different between the PNI-positive group 
and PNI-negative group. Further binary logistic regression 
analysis showed that the model combing D*_energy, D*_
skewness, f_minimum, and PCI demonstrated better 
diagnostic performance than any single-parameter model or 
other combined models.

In RC, the presence and significance of PNI has been 
validated in numerous previous studies. PNI-positive 
patients have a lower disease-free survival rate at 5 years 
and a lower overall survival rate at 5 years than do negative 
patients (2). Meanwhile, other studies have concluded 
that PNI-positive patients with RC receiving neoadjuvant 
chemoradiotherapy can experience improved prognosis 
and survival compared with PNI-negative patients (9,35). 
However, the preoperative diagnosis of PNI in RC in clinic 
remains challenging. IVIM-DWI can simultaneously detect 
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Table 3 Clinical and radiological relevant data of the patients

Characteristic Total (n=175) PNI positive (n=78) PNI negative (n=97) P value

Age (years), mean ± SD 63.89±10.14 63.87±9.59 63.91±10.60 0.864

Sex, n (%) 0.289

Male 116 (66.3) 55 (70.5) 61 (62.9)

Female 59 (33.7) 23 (29.5) 36 (37.1)

CEA level, n (%) 0.056

<5 ng/mL 127 (72.6) 51 (65.4) 76 (78.4)

≥5 ng/mL 48 (27.4) 27 (34.6) 21 (21.6)

CA199 level, n (%) 0.647

<37 U/mL 159 (90.9) 70 (89.7) 89 (91.8)

≥37 U/mL 16 (9.1) 8 (10.3) 8 (8.2)

Tumor location, n (%) 0.884

Lower 48 (27.4) 20 (25.6) 28 (28.9)

Middle 74 (42.3) 35 (44.9) 39 (40.2)

Upper 53 (30.3) 23 (29.5) 30 (30.9)

MRI T stage, n (%) 0.266

T1–2 64 (36.6) 25 (32.1) 39 (40.2) 

T3–4 111 (63.4) 53 (67.9) 58 (59.8) 

MRI N status, n (%) 0.813

N0 87 (49.7) 38 (48.7) 49 (50.5)

N1–2 88 (50.3) 40 (51.3) 48 (49.5)

mrEMVI, n (%) 0.274

Negative 124 (70.9) 52 (66.7) 72 (74.2)

Positive 51 (29.1) 26 (33.3) 25 (25.8)

mrMRF, n (%) 0.572

Negative 164 (93.7) 74 (94.9) 90 (92.8)

Positive 11 (6.3) 4 (5.1) 7 (7.2)

PCI, n (%) 0.0002*

<1/4 0 (0) 0 (0) 0 (0)

1/4≤–≤1/2 105 (60.0) 36 (46.2) 69 (71.1) 

1/2<–≤3/4 63 (36.0) 39 (50.0) 24 (24.8) 

>3/4 7 (4.0) 3 (3.8) 4 (4.1) 

*, P<0.05. PNI, perineural invasion; SD, standard deviation; CEA, carcinoembryonic antigen; CA199, carbohydrate antigen 199; MRI, 
magnetic resonance imaging; mrEMVI, MRI-extramural venous invasion; mrMRF, MRI-reported mesorectal fascia; PCI, percentage of 
rectal wall circumference invaded.
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Figure 3 Representative images from a 67-year-old male patient with rectal adenoma (PNI+). VOIs are manually drawn along the border of 
the tumor on DWI with a b-value of 1,000 s/mm2 and then copied to parametric maps. (A-I) Imaging of the axial T2WI, DWI, pathological 
map of PNI (HE image), ADC, D, D*, f, DDC, and α map, respectively. PNI, perineural invasion; VOI, volume of interest; DWI, diffusion-
weighted imaging; T2WI, T2-weighted imaging; HE, hematoxylin and eosin; ADC, apparent diffusion coefficient; D, true diffusion 
coefficient; D*, pseudo-diffusion coefficient; f, perfusion fraction; DDC, distributed diffusion coefficient; α, water molecular diffusion 
heterogeneity index. 

Table 4 Results of the univariate analysis and ROC analysis

Parameter P value AUC (95% CI) Sensitivity (%) Specificity (%) Accuracy (%)

DWI_maximum 0.0379 0.589 (0.513−0.663) 58.97 57.73 56.6

DWI_skewness 0.0185 0.601 (0.524−0.674) 67.96 51.55 56.6

D_kurtosis 0.0416 0.588 (0.511−0.662) 41.03 74.23 57.7

D_minimum 0.0130 0.604 (0.528−0.677) 76.92 44.33 57.1

D_skewness 0.0250 0.596 (0.519−0.669) 83.33 38.14 55.4 

D*_energy 0.0063 0.621 (0.545−0.693) 38.74 87.63 65.1 

D*_skewness 0.0081 0.613 (0.537−0.686) 76.92 49.48 57.7

f_minimum 0.0027 0.624 (0.548−0.696) 75.64 45.36 60.6

PCI 0.0002 0.645 (0.569−0.715) 53.85 71.13 64.0

ROC, receiver operating characteristic curve; AUC, area under the curve; CI, confidence interval; DWI, diffusion-weighted imaging; D, true 
diffusion coefficient; D*, pseudo-diffusion coefficient; f, perfusion fraction; PCI, percentage of rectal wall circumference invasion.
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tissue microstructure (water molecule diffusion) and tissue 
microcirculation (perfusion), and IVIM has a wide range of 
applications in a variety of diseases including RC. However, 
although IVIM-DWI allows for the quantitative analysis of 
diffusion and perfusion, the values it acquires are averaged 
over all tissues within the ROI, reflecting the average 
characteristics in the ROI. Due to the heterogeneity of 
tumor tissues, the cellular distribution and tissue structure 
within a tumor is heterogeneous. Therefore, the trend of 

each characteristic value of IVIM-DWI within the ROI may 
also have diagnostic value. The histogram features reflect 
the distribution of voxel intensities within the ROI. The 
trends of the signals within the ROI can be discerned by 
analyzing each graph of IVIM-DWI through histograms. 
Histogram analysis and IVIM-DWI have been widely used 
in a variety of diseases, and their combination has frequently 
reported in recent studies. For example, it has been used 
for the identifying liver lesions (36), differentiating benign 
from malignant lung lesions (37), diagnosing pancreatic  
tumors (38), and staging lymph nodes in RC (17).

In our study, six histogram features obtained by 
univariable analysis were statistically different between the 
PNI-positive and PNI-negative groups. It indicated that 
the distribution of signal intensity within the VOIs from 
the two groups was differentiate. Further ROC evaluation 
revealed that the diagnostic efficiency of the individual 
parameters was not high. This may be due to two reasons. 
First, PNI is a biological phenomenon characteristic 
of malignant tumors. The samples in this study were 
all rectal adenocarcinomas that had similar biological 

Table 5 Diagnostic performance of individual and combined models in the diagnosis PNI of RC 

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

D*_energy 0.621 (0.545–0.693) 38.74 87.63 65.1

D*_skewness 0.613 (0.537–0.686) 76.92 49.48 57.7

f_minimum 0.624 (0.548–0.696) 75.64 45.36 60.6

PCI 0.645 (0.569–0.715) 53.85 71.13 64.0

D* (energy + skewness) 0.697 (0.623–0.764) 55.13 78.35 65.7

Histogram model 0.776 (0.707–0.835) 85.90 58.76 68.6

Combined model 0.807 (0.741–0.863) 87.18 63.92 70.9

PNI, perineural invasion; RC, rectal cancer; AUC, area under the curve; CI, confidence interval; D*, pseudo-diffusion coefficient; f, 
perfusion fraction; PCI, percentage of rectal wall circumference invasion.

Figure 4 The receiver operating characteristics curves of models 
based on single and combined functional maps for diagnosing the 
perineural invasion status of rectal cancer. D*, pseudo-diffusion 
coefficient; f, perfusion fraction; PCI, percentage of rectal wall 
circumference invasion.

Table 6 Information of indicators included in multivariable analysis 

Parameter P OR (95% CI)

D*_energy <0.0001 1.000 (1.000–1.000)

D*_skewness 0.003 1.157 (1.050–1.276)

f_minimum 0.0027 1.002 (1.001–1.003)

PCI 0.0002 11.108 (1.767–69.838)

OR, odds ratio; CI, confidence interval; D*, pseudo-diffusion 
coefficient; f, perfusion fraction; PCI, percentage of rectal wall 
circumference invasion.
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and histological properties, which might have led to the 
diffusion and perfusion of water molecules between tumors, 
which, despite being heterogeneous, were not significantly 
different. Second, the small sample size of this study might 
have limited the variability. Of the clinical imaging features, 
only PCI was statistically different (P=0.002). The greater 
PCI is, the greater potential occur is for PNI. In further 
binary logistic regression analysis, D*_energy, D*_skewness, 
f_minimum, and PCI were found to be significantly 
different between the PNI-positive group and the PNI-
negative-group, with the values of D*_energy, D*_skewness, 
and f_minimum being significantly higher in PNI-positive 
patients than in PNI-negative patients. 

Energy refers to the sum of the squares of the signal 
intensities within the VOI. Higher D*_energy represents 
higher signal intensities. As a typical parameter of IVIM, 
D* value reflects the perfusion volume, the magnitude 
of which is related to the velocity of blood flow and the 
length of the vessel. Therefore, higher signal intensities 
indicate higher D* values. This suggests that the PNI-
positive group had a higher level of perfusion. We speculate 
that this may be due to the abundant blood supply within 
the tumor, which increases the proliferation of tumor cells 
and the possibility of infiltration and metastasis, leading 
to an increase in the incidence of PNI. Skewness refers to 
the asymmetry of the gray intensity distribution of pixels 
in an image, and higher values of skewness indicate that 
the asymmetry of the normal distribution is increasing. In 
our study, skewness also confirmed the increased tumor 
heterogeneity and aggressiveness in the PNI-positive 
group compared to the PNI-negative group, which is in 
line with previous findings (26,37). Minimum represents 
the minimum strength in the ROI. A larger f_minimum 
represents greater overall perfusion intensity in the ROI 
and thus a richer blood supply, and this is consistent with 
D*_energy to a certain extent. A higher blood supply may 

lead to a higher probability of PNI occurrence. Regarding 
perfusion, an interesting recent finding is that the IVIM 
perfusion fraction in hepatocellular carcinomas and RCs 
may be affected by a prolonged T2 relaxation time, and with 
reduced measurements, diffusion-derived vessel density 
(DDVD) has the potential to be used to assess perfusion 
(39-41). In addition, we are also concerned that D* maps 
are susceptible to fitting errors. One study analyzed the 
accuracy and reproducibility of radiomic features computed 
from IVIM images using different fitting methods (42), 
and we will consider applying these more accurate fitting 
methods mentioned in our subsequent studies.

The ADC value, which reflects the free movement 
of water molecules in the tissue, is considered to be a 
potential biomarker for RC, and ADC level may reflect 
the invasiveness of tumors (43,44). In our study, there was 
no statistical difference in ADC histogram characteristics 
between the two groups, which may be due to the fact 
that the cases in this study were all malignant tumors. The 
total water molecular movement of the two groups was 
similar, and it was also affected by the number of cells, 
tissue microstructure, and other tissue components at the 
environmental level.

After multivariate logistic regression analysis, the 
combined model incorporating D*_energy, D*_skewness, 
f_minimum, and PCI had the highest AUC value (0.807). 
In the study of Wan et al. (26), their combined model 
(classical DWI_skewness and clinical variables) achieved 
an AUC value of 0.811, which is similar that in our study. 
However, it is worth noting that the advantages of IVIM 
lie in the nonenhanced diffusion and perfusion, which is 
more cumbersome than DWI but does provide perfusion 
information with diagnostic significance and is thus 
widely used in the preoperative diagnosis and the therapy 
efficacy assessment of tumors in various systems. Our study 
further explored the application of IVIM maps by fully 

Table 7 The comparison of different models in the Delong test

Models Difference between areas Standard error z statistic Significance level

D* model vs. histogram 0.0792 0.0368 2.151 0.0315

D* model vs. combined 0.110 0.0387 2.853 0.0043

f_minimum vs. combined 0.183 0.0436 4.205 <0.0001

PCI vs. combined 0.162 0.0376 4.326 <0.0001

Histogram vs. combined 0.0312 0.0210 1.485 0.1377

D*, pseudo-diffusion coefficient; f, perfusion fraction; PCI, percentage of rectal wall circumference invasion.
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exploiting the diagnostic data of the images and by reusing 
the diffusion and perfusion information. Although the 
diagnostic energy efficiency based on IVIM in this study 
was not superior to that of DWI, we preliminarily proved 
the feasibility of the diagnosis via IVIM histograms. In the 
Delong test, the combined model was significantly different 
from each single-parameter model demonstrated higher 
sensitivity and accuracy as compared to the histogram 
model. The combined model can provide more evidence for 
the diagnosis of PNI and improve the diagnostic efficiency 
to a certain extent and does not rely solely on experience or 
morphological features.

Limitations

Certain limitations to this study should be addressed. First, 
we employed a retrospective study and included patients 
who had undergone direct surgical resection, whereas most 
patients with locally advanced disease receiving neoadjuvant 
therapy were excluded. Therefore, it is possible that an 
eligible group of participants was missed, thus introducing 
selection bias. Second, all patients were from the same 
institution. In the future, multicenter validation is necessary 
to extend the versatility of the histogram model. Third, 
the IVIM-DWI imaging we used has 11 b-values, but we 
could not further confirm whether it is more accurate and 
appropriate to use other numbers of multi-b-value IVIM, as 
too many b-values tend to extend the scanning time.

Conclusions

This study demonstrated that full-volume histogram 
parameters based on IVIM-DWI can be used to assess PNI 
status in RC. The combined model constructed from D*_
energy, D*_skewness, f_minimum, and PCI may serve as 
a noninvasive tool for identifying PNI-positive status and 
guiding personalized patient treatment.
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