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Abstract

Purpose: The aim of this study was to investigate the influence of the simul-
taneous multislice acceleration (SMS) technique as well as two-dimensional
(2D) and three-dimensional (3D) tumor segmentations on radiomics fea-
tures (RFs) within the parametric maps of cervical cancer, which were
computed by intravoxel incoherent motion (IVIM) and diffusion kurtosis
imaging (DKI). Additionally, the study sought to identify those RFs that
could characterize the clinical stages (low-stage vs. high-stage) of cervical
cancer.

Materials and methods: Multi-b-value diffusion-weighted imaging (DWI) of
40 patients with cervical cancer were collected using the SMS technique with
acceleration factors (AF) of 1-3. RFs were extracted from parametric maps
representing pure diffusion coefficient (D), pseudodiffusion coefficient (D*), per-
fusion fraction (f), mean diffusivity (MD), and mean kurtosis (MK). A total of
93 2D and 93 3D RFs were extracted from per parametric map. The con-
cordance correlation coefficient (CCC) and coefficients of variation (COV)
were used to jointly assess the stability of features. Finally, the intra-class cor-
relation coefficient (ICC) was used for intra-group consistency assessment.
Receiver operating characteristic (ROC) curve was used to evaluate diagnostic
performance of stable features in distinguishing lower and higher stages.
Results: Feature stability decreased with higher AF. Among these features,
9.1% of 2D and 12.7% of 3D RFs were stable (CCC > 0.9 and COV < 0.1).
ADC maps had the highest stability, whileas D* and f maps had the lowest sta-
bility and 3D features were more stable than 2D features. A total of 5 2D and
25 3D stable features were identified that could distinguish lower and higher
stages (AUC = 0.66-0.83).

Conclusion: SMS demonstrated impact on the stability of RFs in IVIM and DKI
parametric maps, particularly for D* and f maps. Multi-b-value DWI with SMS
(AF = 2) was recommended for clinical radiomics research.
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1 | INTRODUCTION TABLE 1 Demographic and tumor characteristics.

Characteristics

Cervical cancer is one of the most common malignan- Patients (n) 40

cies of the female reproductive system, ranking fourth Age (years) (mean + SD) 58 + 11

worldwide in both incidence and mortality among can- Histological subtypes [ (%)]

cers affecting women.! The clinical stage of cervical ,

. e . . Adenocarcinoma 4 (10)

cancer is an indication of tumor invasiveness and has

a considerable impact on patient treatment planning Carcinoma squamous 36 (90)

and prognostic evaluation? The International Feder- FIGO stage [n (%)]

ation of Obstetrics and Gynecology (FIGO) divides 1B 7 (17.5)

cervical cancer into four stages (stage I- 1V), with stage Il A 5 (12.5)

further subdivided into IIA and IIB. These stages indeed B 12 (30.0)

have a significant impact on the treatment approach A 125)

for cervical cancer. In patients with stage I-lIIA, surgi- '

cal treatment is usually used to preserve ovarian and s 4(10.0)

vaginal functions of patients, while, for patients with mne 9 (22.5)

stage 1IB-IV, concurrent chemoradiotherapy is mainly VB 2 (5.0)

used for comprehensive treatment? The clinical stag-
ing of cervical cancer typically depends on cervical
histopathologic biopsy. However, the histopathology-
based staging standard is invasive, discomfort-causing,
and recurrence-risky. Moreover, it requires a long waiting
time for obtaining pathologic results.®> Thus, a noninva-
sive and highly effective method is urgently required in
the clinical setting.

Presently, both intravoxel incoherent movement (IVIM)
and diffusion kurtosis imaging (DKI) have been used
for the preoperative staging and efficacy assessment
of cervical cancer*® Radiomics, as an emerging field,
enriches these techniques by extracting quantitative fea-
tures from imaging data to capture the heterogeneity
of tumors. Several studies have explored combining
radiomics with parametric maps for cervical cancer
analysis.”~'° For example, Wang et al® reported that
the combination of radiomics features (RFs) extracted
from T2-weighted imaging and DKI with a random forest
modeling algorithm could be used to predict the clini-
cal stage of cervical cancer. Zhang et al.” demonstrated
that RFs based on IVIM parametric maps (D* and f)
could be used to predict the efficacy of simultaneous
radiotherapy for cervical cancer. However, the successful
translation of radiomics studies to clinical applica-
tions depends heavily on the stability of the radiomic
features.!’

Both IVIM and DKI involve multi-b-value fitting, result-
ing in long acquisition times that increase the likelihood
of motion artifacts and signal loss. The simultaneous
multislice (SMS) acceleration technique addresses this
limitation by significantly reducing acquisition time.'?'3
Simultaneous excitation and acquisition of multiple
slices, facilitated by the use of an acceleration factor
(AF), reduces the required scanning time by enabling
the excitation of a larger number of slices simultane-
ously. Linear combinations of signals from each of the
slices, weighted by the spatial sensitivity profiles of the
coils, are then received by a radiofrequency coil channel,

and matrix inversion is used to reconstruct the signal
for each individual slice. In this technique, the number
of slices acquired over the same pulse repetition time
can be increased by setting a higher AF without the
need for an increase in the gradient demand.'? Never-
theless, the impact of SMS on RFs derived from IVIM
and DKI maps remains unexplored. Therefore, the pur-
pose of this study was to (1) investigate stability of
RFs with SMS acceleration based on IVIM and DKI
model; (2) test such variations in 2D and 3D features
with SMS; and (3) identify the RFs characterizing the
clinical stages (low-stage vs. high-stage) of cervical
cancer.

2 | MATERIALS AND METHODS

2.1 | Patient characteristics

This prospective study was approved by the ethics com-
mittee of Hubei Cancer Hospital [(2021)IEC(A033)],and
the informed consent of the patient was obtained for all
patients. A total of 45 patients were enrolled between
April 2020 and August 2022. The inclusion criteria were
as follows: (1) pathologically confirmed cervical can-
cer and FIGO stage in IB-IV, without tumor history
and other complications; and (2) all patients undergo-
ing multi-b-value DWI before treatment. The exclusion
criteria were as follows: (1) previous treatment prior
to MRI; (2) lesion invisible on DWI images; (3) obvi-
ous susceptibility artifact affecting lesion observation;
(4) visible patient movement between multiple b-value
imaging; (5) poor model fitting (R*> < 0.8), where R?
evaluated the goodness-of-fit for DKI and IVIM models.
Ultimately, 40 patients with pathologically confirmed cer-
vical cancer were prospectively included in this study
(Table 1). Of these patients, 4 were diagnosed with
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TABLE 2 Imaging parameters for multi-b DWI sequences with different SMS acceleration factor.

Scan parameters S1 S2 S3
Repetition time/TE (ms) 4700/82 2500/84 2000/85
Slice thickness/Space (mm) 4/0.4 4/0.4 4/0.4
Number of slice 24 24 24

Flip angle 90 90 90

Field of view (mm?) 380 x 356 380 x 356 380 x 356
SMS 1 2 3

Grappa 2 2 2

Fat saturation SPAIR SPAIR SPAIR

Diffusion mode 3-scan trace
Concatenations 1

0(1),10(1),20(1),
40(1),80(1),150(1),

b-values, s/mm?(average)

200(2),400(2),
800(2),1500(4),
2000(6)
Bandwidth (Hz/px) 1562
Scanning time 5min19s

3-scan trace 3-scan trace

1 1

0(1),10(1),20(1), 0(1),10(1),20(1),
40(1),80(1),150(1), 40(1),80(1),150(1),

200(2),400(2), 200(2),400(2),
800(2),1500(4), 800(2),1500(4),
2000(6) 2000(6)

1562 1562

2min 58 s 2min12s

adenocarcinoma, 36 were diagnosed with carcinoma
squamous. FIGO stages were further dichotomized
between lower FIGO stages (IB-1I1A) and higher FIGO
stages (lIB-1V), including 7 patients in stage IB, 5 in
stage A, 12 in stage 1IB, 14 in stage lll, and 2 in
stage IV.

2.2 | Image acquisition

In this study, all patients underwent routine pelvic exam-
ination and multi-b-value DWI on a 3T MRI scanner
(MAGNETOM Skyra; Siemens Healthcare, Erlangen,
Germany) using a 16-channel abdomen phased array
coil before treatment. In order to reduce gastrointestinal
motion, anisodamine (654-2) was administered before
imaging. The scanning range from the iliac crest to the
perineal. The routine examinations included sagittal
T2-weighted imaging (T2WI), axial T1-weighted imag-
ing (T1WI), axial high-resolution T2WI, axial T2WI with
fat suppression, and contrast-enhanced axial T1WI,
and contrast-enhanced sagittal T1WI. Multi-b-value
DWI used a single-shot echo plane sequence before
contrast-enhanced axial T1WI. As depicted in Table 2,
the specific parameters were as follows: multi-b-values
range from 0 to 2000 s/mm? with three orthogonal
directions; field of view (FOV) = 380 x 356 mm?; slice
thickness/space = 4/0.4 mm; and matrix = 128 x 128.
Each patient was required to collect three multi-b-value
DWI sequences (S1, S2, and S3) corresponding to the
SMS AF of 1, 2, and 3, respectively. The corresponding
TR/TE was 4700/82, 2500/84, and 2000/85 ms, and
the acquisition time was 5 min 19 s, 2 min 58 s, and
2min12s.

2.3 | Image quality evaluation

Considering the fact that higher b-value provides supe-
rior tumor contrast,'* DWI with a b value of 800 s/mm?
was used for image quality evaluation. In this study, the
signal-to-noise ratio (SNR) and contrast-to-noise ratio
(CNR) of the lesion were measured on these images
across S1, S2, and S3 sequences. The images were
processed by utilizing the Siemens Syngo (VB20A)
workstation. Subsequently, a radiologist who boasted 15
years of experience conducted the measurements one
after another.

On the layer with largest extent of the tumor, the region
of interest (ROI) for the tumor itself, the gluteus max-
imus muscle, and the image background were manually
outlined precisely three times respectively, ensuring that
the ROI maintained a consistent shape and size during
the entire process. Subsequently, the signal intensity (Sl)
and standard deviation (SD) of the aforementioned ele-
ments, the lesion, the gluteus maximus muscle, and the
background, were carefully recorded. Then, the average
values were derived from these three sets of measure-
ments. Finally, the SNR and CNR were computed based
on the following formulas:

SNR = SItumor /SDtumor (1)

2 2
CNR = (Sltumor - SImuscle) /\/SDtumor + SDmuscle
)

where Slymor and SDy mor represent the signal intensity
and standard deviation on the layer with largest extent
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of the tumor, respectively,and Slscle aNd SDuscle FEP-
resent the signal intensity and standard deviation of
the gluteus maximus muscle on the largest layer of the
lesion, respectively.

2.4 | IVIM and DKI calculation

Both IVIM and DKI parametric maps were calculated
with a proprietary research application (MR Body Dif-
fusion Toolbox v1.6.0; Siemens Healthcare, Erlangen,
Germany). IVIM maps were fitted using 9 b values (0—
800 s/mm?),'® and the fitting formula was as follows:

S
S—g = (1-1f) x e72D 4 f x g Px(D+D*) (3)

where Sy and S, represent the signal intensity corre-
sponding to b = 0 and specific b values, respectively; fis
the perfusion fraction; D is diffusion coefficient; and D*
is pseudodiffusion coefficient.

DKI was fitted using 6 b values (0,200,400, 800, 1500,
and 2000 s/mm?),'® and the apparent diffusion coeffi-
cient (ADC) was calculated using 0 and 800 s/mm?. The
following formula was used for DKI:

S <—b><D+
S _ o
So

b2xMD2xMK >

(4)

where Sy and S, represent the signal intensity corre-
sponding to b = 0 and specific b values, MD is mean
diffusivity, and MK is mean kurtosis.

ADC was calculated using 0 and 800 s/mm?, and the
formula was as follows:

Sb _ o~(bxADC) (5)
So

where Sy and S, represent the signal intensity corre-
sponding to b = 0 and specific b values.

2.5 | ROI segmentation

Due to the reasons mentioned above, DWI with a b value
of 800 s/mm? was also used for tumor segmentation,
as shown in Figure 1. Referencing to the correspond-
ing high-resolution T2WI and contrast-enhanced axial
T1WI images, ROIls with layers with maximum axial size
of the lesion (2D) and full layers (3D) of the tumor
were outlined by two radiologists with 10 and 15 years
of experience, respectively. ROIs with meticulous care
taken to avoid the regions of hemorrhage, edema, and
necrosis. Delineation was performed using open-source
Slicer software (http://www.slicer.org). The drawn ROls
were then registered to all the diffusion parametric maps
of all sequences (S1-S3) for feature calculation.

MEDICAL PHYSICS £

2.6 | Feature extraction

In this study, 93 RFs of each parametric map were
extracted through the Pyradiomics package of Python
(version 3.7.1), including the first order (n = 18), gray-
level co-occurrence matrix (GLCM, n = 24), gray-level
run-length matrix (GLRLM, n = 16), gray-level size zone
matrix (GLSZM, n = 16), neighborhood gray-tone differ-
ence matrix (NGTDM, n = 5),and gray-level dependence
matrix (GLDM, n = 14). Finally, 558 2D and 558 3D RFs
were obtained from the six parameters.

2.7 | Stability evaluation
The stability of RFs was assessed using the con-
cordance correlation coefficient (CCC) and coefficient
of variation (COV). These metrics evaluate the repro-
ducibility of features across different SMS acceleration
factors (AFs).

The formula used to calculate COV was as follows:

g
CoV =— 6
u (6)

where o represents the standard deviation (SD) of
the characteristic value, and u represents the aver-
age of the combination of various parametric map
features. COV was divided into four categories: poor
group (COV > 0.2), moderate group (0.1 < COV <£0.2),
good group (0.05 < COV < 0.1), and excellent group
(COV < 0.05)"
The formula used to calculate CCC was as follows:

2000
CcCC = Pox%y

()

of + 05 + (uyx — uy)2

where x and y are the vector values of the RFs extracted
from the parametric map under the 2 AF values; and p,
o,and u are the correlation coefficient, SD, and average
of x and y vector values, respectively. CCC was also
divided into four categories: poor group (CCC < 0.5),
moderate group (0.5 < CCC < 0.75), good group
(0.75 < CCC < 0.9), and excellent group (CCC > 0.9).'8
Origin software (version 9.9) was used to analyze the
change trend of features.

The CCC of the S1-S2 and S1-S3 groups was com-
puted, and the COV of the S1, S2, and S3 groups was
determined to assess the stability of the RFs across
parametric maps within different sequence groups.
Then, the average values of CCC and CQV of features
in those groups were used to evaluate the impact of
ROls and AF values on the radiomics analysis. The COV
and CCC characterized the changes in RFs with AF In
this study, features with COV < 0.1'7 and CCC > 0.9'8
represented stable features.
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FIGURE 1

A 57-year-old patient with International Federation of Gynecology and Obstetrics (FIGO) stage IIB cervical cancer magnetic

resonance imaging (MRI), marked with a region of interest (ROI). (a) T2WI, (b) tumor was manually drawn at the diffusion-weighted imaging
(DWI) image at b = 800 s/mm?, (c~h) are copied contour to corresponding ADC map, D map, D* map, f map, MD map, and MK map, respectively.
The average values (ADC~MK) of the region of interest (ROI) are 900.10 x 10~ mm?/s, 900.49 x 103 mm?/s, 1225.57 x 10~3 mm?/s, 93.5%,

1216.58 x 10~3 mm?/s and 854.99, respectively.

TABLE 3 Image quality assessment of DWI with a b-value of 800 s/mm? between different SMS.

S1 S2 S3 P P1 P2 P3
SNR 144.27 + 35.70 148.41 + 43.95 126.30 + 35.38 <0.001 0.937 0.001 0.035
CNR 16.05 + 0.90 15.59 + 1.29 11.78 + 0.64 <0.001 1.000 <0.001 <0.001

Note: P1:the post hoc comparison between S1 and S2; P2: the post hoc comparison between S2 and S3; P3: the post hoc comparison between S1 and S3.

Abbreviations: CNR, contrast to noise ratio; SNR, signal noise ratio.

2.8 | Statistical analysis

The independent-sample t test for data with normal
distribution and Mann—Whitney U test for data with non-
normal-distribution, were used to identify RFs that could
characterize the clinical stage (low-stage vs. high-stage)
of cervical cancer. Objective image quality evaluation
was conducted using the Friedmen test, and for groups
with significant differences, pairwise comparisons were
carried out using the Dunn-Bonferroni post hoc test.
The intra-class correlation coefficient (ICC) was also
used to assess the impact of inter-observer effects for
these selected features, ICC > 0.75 represent excellent
interobserver characteristic agreement. Subsequently,
the diagnostic performance of these features in distin-
guishing lower between higher stages was assessed
using receiver operating characteristic (ROC) curve.
A p value < 0.05 indicated a statistically significant
difference.

3 | RESULTS

3.1 | Image quality assessment

Table 3 summarizes image quality assessment of
DWI with a b-value of 800 s/mm? between different

SMS. For the SNR and CNR, there was no statisti-
cally significant difference between S1 and S2 (SNR:
144.27 + 35.70 vs. 148.41 + 43.95, p = 0.937; CNR:
16.05 + 0.90 vs. 15.59 + 1.29, p = 1.000). S1 was
higher than S3 with a statistically significant difference
(SNR: 144.27 + 35.70 vs. 126.30 + 35.38, p = 0.035;
CNR: 16.05 + 0.90 vs. 11.78 + 0.64, p < 0.001). S2
was also higher than S3 with a statistically significant
difference (SNR: 148.41 + 43.95 vs. 126.30 + 35.38,
p = 0.001; CNR: 1559 + 1.29 vs. 11.78 + 0.64, p <
0.001).

3.2 |
AF

Stability of changes in RFs with the

Figure 2 illustrates the proportion of various CCC
and CQOV categories across all maps. For 2D features
extracted from the 6 sets of parametric maps (n = 558),
the proportion of the excellent category in CCC and
CQV decreased from 15% and 31% to 10% and 24 %,
and that of the poor category increased from 38% and
29% to 51% and 39%, respectively, with the increase in
AF (Panels a and b). The trend for 3D features (n = 558)
was similar to that for 2D features. The proportion of
the excellent category decreased from 19% and 34% to
15% and 30% and that of the poor category increased
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FIGURE 2 Proportions of various categories of concordance correlation coefficient (CCC) and coefficient of variation (COV) across all

parametric maps, based on 2D (n = 558) and 3D (n = 558) radiomics features derived from sequences S1-S2 and S1-S3. The area of each
column represents the proportion of the total number of features. The four groups were defined as follows: poor group (CCC < 0.5 and
CQOV > 0.2), moderate group (0.5 < CCC <0.75and 0.1 < COV < 0.2), good group (0.75 < CCC < 0.9 and 0.05 < COV < 0.1), and excellent

group (CCC > 0.9 and COV < 0.05).

from 35% and 20% to 43% and 30%, respectively
(Panels c and d).

Figure 3 depicts the proportion of various CCC and
COV categories in parametric maps according to 2D
RFs (n = 93). Panels a and b demonstrate the CCC
comparison results between S1 and S2 sequences. The
ADC map had the highest proportion of the excellent
category in both CCC (47%) and COV (40%) analy-
ses. The D* and f maps revealed the highest proportion
of the poor category, accounting for 67% and 72%
in CCC and 53% and 19% in COV, respectively. Pan-
els ¢ and d also demonstrate the comparison results
between S1 and S3 sequences. Similar results were also
observed for the ADC map, but with a lower proportion of
the excellent category for CCC (39%) and COV (37%)
analyses, compared with the results obtained from the
comparison between S1 and S2 sequences. The D* and
f maps also demonstrated a higher proportion of poor
category, with 90% and 91% for CCC and 53% and 45%
for COV.

The 3D RFs are also depicted in Figure 4. As depicted
in Panels a and b, of 93 RFs in each parametric map,
ADC map demonstrated a higher proportion of excel-
lent category in CCC (48%) and COV (47%) analyses
between S1 and S2 sequences. The D* and f maps

revealed the highest proportion of the poor category,
accounting for 67% and 72% in CCC and 29% and 14%
in COV, respectively. Panels ¢ and d depict the compar-
ison results between S1 and S3 sequences. The same
trend was observed in the ADC map, with the highest
proportion of excellent category (CCC,47%; COV, 51%).
The D* and f maps also revealed a lower proportion of
the poor category, accounting for 75% and 79% in CCC
and 45% and 33% in COV, compared with 2D RFs.

3.3 | Evaluation of stable features

Figure 5 depicts the proportion of CCC and CQOV cat-
egories in parametric maps across 2D versus 3D RFs
(n = 93 for each map). The proportions of 2D RFs are
depicted in Panels a and b; the proportion of excellent
category in CCC and CQV for the ADC, D, D*, f, MD, and
MK was 34% and 34%, 8% and 22%, 4% and 22%, 3%
and 12%, 6% and 24%, and 8% and 22%, respectively.
Panels ¢ and d present the proportion of 3D RFs. The
proportion of excellent category in CCC and COV for the
ADC, D, D*, f, MD, and MK was 57% and 41%, 8% and
22%, 4% and 22%, 3% and 12%, 6% and 24%, and 8%
and 22%, respectively.
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FIGURE 3 Proportions of various categories of concordance correlation coefficient (CCC) and coefficient of variation (COV) across
various parametric maps, based on 2D radiomics features (n = 93) derived from sequences S1-S2 and S1-S3. The area of each column

represents the proportion of the total number of features.

The proportion of stable features (CCC > 0.9 and
COV < 0.1) is depicted in Figure 6. For 2D RFs (n =93
for each map), the ADC map demonstrated the highest
proportion of stable features (33%); the other maps pre-
sented a relatively low proportion (2%—6%). Although
3D features (n = 93 for each map) provided a higher
proportion than 2D features, the ADC maps exhibited
42% of stable features. Also, 12%, 4%, 2%, 8%, and 9%
stable features were observed for D, D*, f, MD, and MK,
respectively. We also generated scatter plots to display
the distribution of CCC and CQV for each feature in six
categories of features to better illustrate the distribution
of feature categories in stable features. As depicted in
Figures 7 and 8, the ADC map present the most stable
features in both 2D (31) and 3D (39) RFs. Compared
with other categories of RFs, the first order (2D and 3D;
13 and 20), GLCM (2D and 3D; 9 and 8), and GLRLM
(2D and 3D; 12 and 18) categories accounted for more
stable features.

3.4 | Features related to FIGO stage

By comparing the image quality and total scanning time
needed of S1, S2, and S3, S2 was used for subse-
quent analysis. Based on the aforementioned analysis,
there are 51 2D features and 71 3D features which are
stable in these quantitative maps. Of these features,
only 26 2D features and 46 3D features could be used
to distinguish the lower stages from the higher stages
(p < 0.05). The ICC was then used to assess the impact
of inter-observer effects. Finally, 5 2D features and 26
3D features exhibited excellent interobserver agreement
(ICC > 0.75). The AUC values for these selected 2D fea-
tures range from 0.66 to 0.76, and 3D features range
from 0.70 to 0.83. Table 4 lists these selected RFs that
could characterize the clinical stage of cervical cancer.
Specifically, of those 2D features, two were exacted from
the ADC map, one from the f map, and two from the MK
map. In 3D features, six from the ADC map, three from
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FIGURE 4 Proportions of various categories of concordance correlation coefficient (CCC) and coefficient of variation (COV) across
various parametric maps, based on 3D radiomics features (n = 93) derived from sequences S1-S2 and S1-S3. The area of each column

represents the proportion of the total number of features.

the D map, four from the D*, one from the f map, four
from the MD map, eight from the MK map.

4 | DISCUSSION

This study investigated the impact of the SMS technique
and different manual segmentation approaches on RFs
in the parametric maps based on IVIM and DKI models
of cervical cancer. It also aimed to select features from
stable features that could characterize the FIGO staging
of cervical cancer. The results of this study demon-
strated that the proportion of stable features decreased
with increasing AF of SMS. The SMS technique had the
greatest effect on D* and f maps, whereas ADC maps
were relatively stable. Meanwhile, 3D RFs demonstrated
higher stability than 2D features. The RFs extracted from

the parametric maps of SMS (AF = 2) based on IVIM
and DKI models could effectively characterize the FIGO
staging of cervical cancer.

Conventional diffusion and multi-b-value diffusion
have been widely used in radiomics studies.'®2" Fur-
ther, few studies also investigated the stability of the
features of these images in depth. For example, Gitto
et al?? assessed the feature stability through small
geometric transformations of the ROIls mimicking mul-
tiple manual delineations. They discovered that 76.4%
(1300/1702) of RFs were stable on the ADC map for
spinal bone tumors. Granzier et al2® evaluated the sta-
bility of the RFs of T2WI, T1WI, and ADC map of breast
volunteers with varying image preprocessing (bias field
correction, z-score normalization, and grayscale correc-
tion) using test-retest data. They demonstrated that
images without preprocessing produced the highest
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FIGURE 5 Proportion of different categories of concordance correlation coefficient (CCC) and coefficient of variation (COV) under various

parametric maps across 2D versus 3D radiomics features (n = 93). a and b represent 2D radiomics features. ¢ and d represent 3D radiomics

features.

proportion of stable features for T1W sequence and
ADC maps, with 16.5% (15/91) and 8.8% (8/91) of sta-
ble features, respectively. Meanwhile, Traverso et al?*
demonstrated that normalization together with a smaller
bin before feature extraction could improve the stabil-

ity of ADC RFs from 63% (348/552) to 78% (428/552).

A small percentage of studies also investigated the

effects of imaging parameters on the stability of RFs.

For example, He et al.'” explored the impact of vari-

able b-value combinations on ADC-based RFs. The
results indicated that only 20% (18/92) of RFs were
robust against the variations in b-value combinations
with COV < 5%. Dreher et al?° investigated the stabil-
ity of RFs in EPI-DWI at various resolutions (2 x 2 and
3 x 3 mm?) using intra-/interobserver reproducibility and
test-retest robustness evaluation. They demonstrated
that DWI provided robust RFs, with those obtained from

ADC being slightly less robust than those obtained from
raw DWI (b = 500 and 1000 s/mm?). Furthermore, no
substantial difference was detected across various res-
olutions. However, studies on the effect of SMS on the
stability of RFs extracted from IVIM and DKI maps have
not yet been reported.

In this study, SMS greatly decreased 44%—-59% of
the acquired time for IVIM and DKI imaging, which ren-
dered multi-b-value diffusion imaging more suitable for
clinical examination. However, this reduction in imaging
time might unavoidably entail a certain degree of image
quality loss. Park et al.'” demonstrated that the signal-
to-noise ratio decreased considerably with the increase
in AF in SMS, potentially affecting signal accuracies. Xu
et al.'® also demonstrated that lower TR times due to
higher AF might lead to signal losses because of T1 sat-
uration effects. Our study observed the greatest impact
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FIGURE 7 Scatter plot of 2D stable radiomics features that could distinguish between six categories of disease stages across multiple
maps.

on the RFs from D* and f maps than other maps. The
possible reason was that D* represented the slope of
the curve of the low-b-value fitting part in IVIM. The
slight change in signal intensity on the low-b-value dia-
gram caused by SMS might lead to an abrupt change in
the slope and consequently cause a notable change in
the D* diagram. This, in turn, can considerably affect the
RFs.frepresents the fraction of the change in dispersion

coefficient caused by microcirculation in the total disper-
sion coefficient, which is highly related to D*. Therefore,
SMS also greatly impacted the features of the fdiagram.
Other parameters such as ADC, D, MD, and MK were
fitted with relatively high b values, and SMS had a rel-
atively small impact on high-b-value images and fitting
results. Thus, it had relatively less influence on the fea-
tures. Of course, although SMS had a certain impact on
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FIGURE 8 Scatter plot of 3D stable radiomics features that could distinguish between six categories of disease stages across multiple

maps.

RFs, considering the total scanning time needed and the
fact that there are still many features that were stable
at AF = 2, we still recommend using SMS (AF = 2) for
relevant radiomics research. In addition, in the ADC dia-
gram, we revealed that the first-order features based on
3D segmentation accounted for the most stable features
(11/18, 61%), and the NGTDM accounted for the least
number (1/5,20%) (Figure 8). One possible reason was
that the first-order features were often histogram-based,
discriminating gray-level signal intensities within an ROI
without considering spatial relationships between neigh-
boring voxels. On the contrary, the texture features
such as GLDM, GLCM, GLRLM, NGTDM, and so forth,
identified the spatial relationship between gray-level sig-
nal intensities by constructing a gray-level dependence
matrix. As a result, the texture features exhibited a higher
sensitivity to varying sequences and external imaging
modalities. Gourtsoyianni et al2® demonstrated that the
stability of first-order features was higher than that of
texture features on T2WI images, and GLRLM, GLSZM,
and NGTDM categories had the lowest stability, which
was consistent with our findings.

Several studies demonstrated that the 2D RFs were
more sensitive than the 3D features. This led to lower
z-axis resolution and easily produced artifacts com-
pared with those on the x- and y-axes?’ Zhao et al.?®
demonstrated that the 3D features were more respon-
sive to tumor heterogeneity than the 2D features. Gitto
et al?’ demonstrated that the 3D RFs were more
stable than the 2D features in Ewing’s sarcoma. Mean-

while, Schurink et al?® confirmed that the stability of
RFs was higher in 3D segmentation than in 2D seg-
mentation in multicenter rectal cancer data, whether
segmented by experts or nonexperts. In addition, Fas-
mer et al>’ demonstrated that 3D RFs could better
predict the FIGO staging of endometrial cancer com-
pared with 2D RFs. All these results demonstrated
that the 3D features are more stable than the 2D fea-
tures, which was consistent with our results. Meanwhile,
we detected more 3D features that could be used to
distinguish the FIGO stage of cervical cancer com-
pared with 2D RFs, which also proved that the 3D
RFs could better represent the heterogeneity within the
tumor.

A few studies have reported that IVIM- or DKI-based
radiomics can be used to distinguish subtypes and
grades?®’ and predict stage? treatment response,
recurrence, and disease-free survival (DFS)'? for cer-
vical cancer. For example, Zhang et al3' evaluated
the subtypes and grades of cervical cancer based on
the DKIl-based texture feature model. They demon-
strated that the combined map of kurtosis along the
axial direction (Ka), kurtosis along the axial direction
(Kr), and MD performed the best in differentiating
cervical adenocarcinoma from squamous carcinoma
[area under the curve (AUC) = 0.932]. Zhang et al.’
predicted the sensitivity of concurrent chemotherapy
(CCRT) for locally advanced cervical cancer using IVIM-
DWI combined with clinical prognostic impact factors.
The results indicated that all parametric maps except
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D-value images had diagnostic values with AUCs
of 0.987 and 0.984 in the training and test groups,
respectively. Zhang et al.'® predicted survival after
simultaneous radiotherapy for advanced cervical can-
cer based on IVIM parametric map using nhomogram
combined with clinical and imaging RFs. D and f were
highly associated with DFS in cervical cancer. Zhao
et al.3? used MRI-based radiomics to establish imaging-
based classifiers so as to distinguish the early stages
of cervical cancer and demonstrated that six features
from the ADC, including three textural features (GLDM,
n = 1; GLSZM, n = 2) and three first-order features
(kurtosis, n = 1; skewness, n = 2) could be used to iden-
tify early stages. Wang et al 33 assessed the histologic
subtype, tumor grade, FIGO stage, and lymph node sta-
tus of cervical cancer using texture features on T2WI,
ADC, and contrast-enhanced T1WI. The corresponding
AUC was 0.841, 0.850, 0.898, and 0.879, respectively.
The results also indicated that the mean and entropy
extracted from ADC maps were highly correlated with
FIGO staging, and these results were partially compat-
ible with our findings (Table 4), which could be used
in practice to improve cervical cancer diagnosis and
treatment.

This study had certain limitations. First, our sam-
ple was relatively small. However, we obtained a few
valuable and stable features that could be used to
predict the clinical staging of cervical cancer. Second,
although we excluded cases with visibly noticeable
motion between various SMS sequences, a slight motion
that cannot be detected visually may still exist between
these sequences, leading to an inaccurate evaluation
of feature stability. Additionally, SMS itself might intro-
duce potential errors (e.g., signal saturations due to
crosstalk in the adjacent slices, residual aliasing/slice
leakage, chemical shift, and so on),**38 all of which
may affect the accuracy of the results. In addition, we
did not investigate the influence of automatic segmenta-
tion and manual segmentation. This aspect has currently
emerged as a research hotspot, and we plan to con-
duct further research in the future. Furthermore, this
study only evaluated the stability of the most commonly
used clinical FirstOrder and texture features. However,
a large number of imaging studies use higher-order
features or deep learning features to model imaging
histology. Therefore, an in-depth analysis of such fea-
tures is needed to ensure the stability of the model.
Finally, only cervical cancer was evaluated in this study,
future research underwent SMS should be focused
on other types of cancer or exploring the use of
other advanced imaging techniques in combination with
radiomics analysis.

In conclusion, this study demonstrated that both SMS
and the tumor delineation method had effects on RFs
in cervical cancer based on IVIM and DKI models, par-
ticularly in 2D segmentation and maps related to D*
and f. In addition, multi-b-value DWI based on SMS

(AF = 2) can be recommended for clinical radiomics
research, RFs extracted from these parametric maps
based on IVIM and DKI models could effectively char-
acterize the FIGO staging (lower and higher) of cervical
cancer.
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