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Abstract

Purpose: The aim of this study was to investigate the predictive value of radiomic features of pre-treatment
T2-weighted magnetic resonance images (MRI) for clinical outcomes of radiotherapy in cervical cancer patients.

Material and methods: Ninety cervical cancer patients with stage IB-IVA were retrospectively analyzed. All pa-
tients received definitive radiotherapy with or without concurrent chemotherapy. Radiomic features were extracted
from gross tumor volume (GTV) on pre-treatment T2-weighted MRI. The association between radiomic features and
loco-regional recurrence (LRR) was analyzed with Student’s t test, and false discovery rate was controlled using Storey
method. Multivariate analysis with significant radiomic features with p-value < 0.01 and known clinical prognostic
factors was performed using Cox proportional hazard model.

Results: The majority of patients were stage IIIB (47.8%) and stage IIB (36.7%), and the most common histolo-
gy was squamous cell carcinoma (74.5%). The median GTV volume was 37.5 ml (IQR, 16.3-93.1). The median dose
of Dy, received by high-risk clinical target volume (HR-CTV) was 86.2 Gy (IQR, 67.2-94.2). In a median follow-up time
of 29.2 months, 12 of the 90 patients (13.3%) developed LRR. Eighty radiomic features were collected. There were four
radiomic features, which showed significant correlation with LRR: Maximum intensity (p = 0.0002), Correlation135
GLCM (p = 0.0014), Correlation90 (p = 0.0015), and Correlation45 (p = 0.0034). Cox regression analysis yielded a signif-
icant hazard ratio for the maximum intensity (p = 0.038) and Correlation135 GLCM (p = 0.013) features. There was no
statistically significant association for overall survival with any radiomic features.

Conclusions: The maximum intensity and Correlation135 GLCM radiomic features of the pre-treatment T2-weight-
ed MR images are predictive of loco-regional recurrence in cervical cancer patients after definitive radiotherapy with
3D-IGABT.
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features selection.

Purpose in the era of 3D image-guided adaptive brachytherapy

Definitive concurrent chemoradiotherapy, comprised
of external beam radiotherapy (EBRT) and chemother-
apy followed by brachytherapy (BT), is the mainstay of
treatment in locally advanced cervical cancer (LACC)
[1, 2]. The first prospective multi-institutional observa-
tional cohort study using MRI-based brachytherapy in
cervical cancer (EMBRACE-I) also achieved excellent
long-term clinical outcomes, with few severe gastroin-
testinal and genitourinary morbidities [3]. Furthermore,

(3D-IGABT), the result of treatment was more favorable
than 2D brachytherapy, especially when the advanced
brachytherapy technique was applied [4-7]. Unfortu-
nately, despite excellent local control of 92%, improvable
pelvic control of 85% [3] still needs more powerful tools
to differentiate the prognosis of the disease for further
intensification of radiotherapy or additional treatments.
In recent decades, several nomograms have been de-
veloped to predict loco-regional recurrences and survival

Address for correspondence: Wiwatchai Sittiwong, MD, Clinical Lecturer of Radiation Oncology,
Division of Radiation Oncology, Department of Radiology, Faculty of Medicine Siriraj Hospital,
Mahidol University, 2 Wanglang Road, Bangkoknoi, Bangkok 10700, Thailand, phone: +66-2-419-7229,

fax: +66-2-411-3341, = e-mail: wiwatchai.sit@gmail.com

Received: 03.03.2024
Accepted: 19.06.2024
Published: 28.06.2024

Creative Commons licenses: This is an Open Access article distributed under the terms of the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 International (CC BY -NC -SA 4.0). License (http:/ / creativecommons.org/licenses/by-nc-sa/4.0/).


mailto:wiwatchai.sit@gmail.com

194 Pittaya Dankulchai, Natthakorn Thanamitsomboon, Wiwatchai Sittiwong, et al.

outcomes, but most were based on clinical factors alone.
With the advancement of medical imaging and data sci-
ence, radiomics was introduced to overcome human in-
terpretation ability, especially to differentiate grayscale
imaging affected by viewing angle, workstation lumi-
nance, and medical display capacity [8-11]. By combin-
ing radiomics with clinical data, better prediction models
were reported for both LACC and early-stage cervical
cancer [12-16]. Regarding radiomics of LACC treated
with definitive radiotherapy, functional magnetic reso-
nance imaging (MRI) and positron emission tomography
and computed tomography (PET/CT) were investigated,
and showed a prognostic value for the response, recur-
rence, survival, and radiation toxicity of the treatment
[17-25]. However, limited use of these models was due
to the lack of PET/CT in low socio-economic endem-
ic area of LACC and non-specific mixture end points of
recurrent and metastatic patterns reported in previous
literature. With an increased accessibility [25, 26], mag-
netic resonance imaging became a potential modality for
radiomics analysis in LACC.

Among the scarcity of MRI radiomics focusing on
local and loco-regional prediction of recurrences [27-31],
combined conventional and functional MRI, includ-
ing diffusion-weighted image (DWI) and contrast-en-
hanced MRI, demonstrated better prediction compared
with conventional sequence alone [31, 32]; however,
technical heterogeneity limited image quality and inter-
pretation, hindering the light of functional MRL In ad-
dition, the mixture of neoadjuvant chemotherapy and
2D brachytherapy interfered with the interpretation of
recurrence results and utility of the prognostic model in
contemporary definitive concurrent chemoradiation, fol-
lowed by the 3D-IGABT era.

Therefore, a single-sequence pre-treatment T2-weight-
ed MRI radiomics for only patients who underwent
3D-IGABT was investigated for its loco-regional recur-
rence prognostic value, which can not only help to deter-
mine opportunities for radiotherapy and intensification of
treatment, but also broaden the accessibility of radiomics
in LACC.

Material and methods
Patient selection

A retrospective chart review was performed from
January 2015 to June 2016. Patients were included if they
had a histological diagnosis of stage IA to IVA cervical
cancer according to the FIGO 2009 staging system, and
received definitive radiotherapy or chemoradiotherapy
with subsequent 3D-IGABT using MRI simulation before
treatment. Patients were excluded if they had previous
surgical treatment for cancer, including hysterectomy,
artifact on MRI image in regions of interest, follow-up
time of less than three months, incomplete clinical data,
or a history of previous malignancy or metastatic dis-
ease. Clinical data were collected, including patient age,
histological sub-type, hemoglobin level prior to initial
treatment, FIGO 2009 staging, chemotherapy status, ra-
diotherapy dose (including EBRT dose), BT dose at 90%

of high-risk clinical target volume (Dgy HR-CTV), and
overall treatment time. Loco-regional recurrence events,
response after three months of treatment, and living or
dead status were included and analyzed.

MRI image acquisition protocol

All patients underwent pelvic MRI simulation using
an abdominal coil with Philips Achieva 1.5-Tesla MR
scanner on the same day of CT simulation. Before MRI
examination, 20 ml of xylocaine jelly was inserted man-
ually into the vagina. MR images were collected in 3D
volumetric T2-weighted sequences with slice thickness of
1-2 mm. Field of view (FOV) was selected to cover all gross
tumor extension. MRI parameters were repetition time
(TR) = 2000 ms, TE =120 ms, flip angle = 90°, matrix = 280
x 277, voxel size = 1 mm, and REC voxel size = 0.5 mm.
MR images were reconstructed by routine protocol to
show in axial planes, and were sent to Eclipse™ soft-
ware (Varian, a Siemens Healthineers Company, USA) in
DICOM format images.

Imaging reading and feature extraction

After the contouring process, all axial MR images and
gross tumor volume (GTV) structure were exported from
Eclipse™ software to DICOM files. In-house coding was
written in MATLABR version 2016 platform, to separate
GTV from the whole image. The segmented GTV was
then used to extract radiomic characteristics from these
DICOM files (Figure 1). Eighty radiomic features (Table 1)
were extracted in GTV region using the in-house algo-
rithm applied by MATLABR (Figure 1). Radiomic fea-
tures included 20 features for first-order statistics, and
60 features for second-order statistics: 16 features for gray
level co-occurrence matrix (GLCM) and 44 features for
gray level run length matrix (GLRLM). For second-order
statistics, a 32-level gray scale features extraction process
was used, and 0, 45, 90, and 135 degrees of features in all
axial planes were extracted. GLCM matrix was generated
from GTV in each slice, then the first column and first row
of the matrix to 0 were set to represent the background
of images. For GLRLM matrix, the size of GLRLM ma-
trix was adjusted before calculation. The radiomic feature
‘run percentage” was employed to identify the total num-
ber of pixels in the matrix for calculation.

Feature selection and statistical analysis

There were many radiomic features, which could be
relevant or irrelevant to clinical outcome. For a single
hypothesis test, there is a small chance that type 1 error
(false-positive) and type 2 error (false-negative) can oc-
cur, depending on an alpha level, typically 0.05 or 0.01.
However, when multiple hypothesis testing is performed,
the chance of obtaining a type 1 error can increase signifi-
cantly. Therefore, a feature selection process was devel-
oped to minimize the use of statistical tests. The feature
selection process was used to arrange radiomic features
by impact on clinical outcome (Figure 1). Brown-Forsythe
method was used to verify the equality of variance before
univariate analysis, and Student’s f test was performed to
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Fig. 1. Flow chart of the process of radiomics. A) MRI image segmentation; B) Feature extraction; C) Analysis

compare between two groups, including the group with
LRR and the group without LRR. The false discovery rate
of the univariate analysis was controlled by Storey ap-
proach [33] that was chosen over Bonferroni method for
its better statistical power and a lower false-negative rate
[34]. A p-value of less than 0.01 was required for positive
results. After the feature selection process, multivariate
analysis was performed using Cox proportional hazards
model that included significant radiomic features and
clinical prognostic factors. The clinical prognostic factors
were overall treatment time, hemoglobin level, HR-CTV
dose, FIGO 2009 staging, chemotherapy use, and pelvic
lymph node boost.

Results

Ninety patients treated between January 2015 and
June 2016 were included. The clinical characteristics of
patients are shown in Table 2. According to the initial
FIGO 2009 staging, most patients were staged as IIIB
(43 patients, 47.8%) and IIB (33 patients, 36.7%). Squa-
mous cell carcinoma was found in most patients (67 pa-
tients, 74.4%), and adenocarcinoma in 17 patients (18.9%).
The median dose of Dyy HR-CTV was 86.2 Gy (IQR, 67.2-
94.2). Most patients received concurrent chemoradia-
tion (88.9%) with cisplatin or carboplatin. At a median
follow-up time of 29.2 months, loco-regional recurrence
(LRR) occurred in 12 (13.3%) patients and 19 (21.1%)
patients died. Three months after completion of the
treatment, six (6.7%) patients had progressive disease.
The rate of 3-year loco-regional recurrence-free survival
and overall survival was 85.9% and 83.1%, respectively
(Figure 2).

Eighty radiomic features were extracted. Seventeen
radiomic features had p-values less than the false discov-
ery rate (Supplementary Table 1). There were only four
radiomic features that had a significant correlation with

Table 1. Radiomic features
Radiomic features

First-order statistic Mean Volume
Median 10th percentile
Mode 20t percentile
Variance 30t percentile
Minimum 40t percentile
Maximum 50t percentile
Range 60t percentile
Entropy 70t percentile
Kurtosis 80t percentile
Skewness 90t percentile
Gray level Contrast
co-occurrence Comalaiion
matrix (GLCM)
Energy

Homogeneity

Gray level run
length matrix
(GLRLM)

Short run emphasis

Long run emphasis

Gray level non-uniformity

Run length non-uniformity

Run percentage

Low gray level run emphasis

High gray level run emphasis

Short run low gray level emphasis

Short run high gray level emphasis

Long run low gray level emphasis

Long run high gray level emphasis

LRR: Max (p = 0.0002), Correlation135 (p = 0.0014), Cor-
relation90 (p = 0.0015), and Correlation45 (p = 0.0034).
The analysis of the Cox proportional hazards model with
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Table 2. Patient characteristics clinical factors demonstrated a statistically significant
e Total Range or correlation with LRR (Table 3). However, other baseline
N = 90 percentage characteristics, including concurrent chemoradiation,

(100%) hemoglobin level, radiation dose, total treatment time,

- FIGO staging, and lymph node boost, were not signifi-

Age (years),.medlan _ > 220810 cantly corgrelited Wit};l L%R (Table 4). A histogram gf ra-
Treatment time (days), median e fe0 1000 diomics values of both the LRR group and the non-LRR
Dgo HR-CTV (Gy), median 86.2 67.2-94.2 group was explored, and there was no bi-modal distri-
Hemoglobin level (g/dl) bution (Figure 3). There was no significant correlation of

radiomic features with overall survival (Supplementary

Pre-treatment
Table 2). We could not perform a statistical analysis using

<10 2 — 3-month survival due to the small number of events. Each
>10 66 74.2 angle of radiomic feature in GLCM and GLRLM was
Pathology strongly correlated. Using Pearson’s linear correlation
Squamous cell carcinoma e -y method, coefficients of more than 0.85 between angles
4 ' : of each GLCM and GLRLM features were demonstrated
Adenocarcinoma 17 18.9 (Supplementary Table 3).
Others 6 6.7
FIGO 2009 staging Discussion
1B 2 22 Radiomics has great potential to improve cancer pa-
1A 5 5.6 tient care by predicting tumor response and treatment
1B 33 36.7 outcomes [34-38]. In our single-sequence pre-treatment
A 1 11 T2-weighted MRI radiomics, maximum intensity and
- three correlations features were significant prognostic fac-
s 43 47.8 tors for LRR in the pre-treatment MRI for LACC patients
VA 6 6.7 treated with radiotherapy, followed by 3D-IGABT. In the
Concurrent chemotherapy Cox proportional hazard analysis, higher values of haz-
ard ratios from radiomic features were associated with lo-
Yes 80 88.9 . . ..
co-regional recurrence compared with those from clinical
No 10 11 factors. This finding is in line with finding from Zhang et al.
Dy, HR-CTV — dose at 90% of high-risk clinical target volume [39] who evaluated 400 MRI radiomic features among
A B
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Fig. 2. Kaplan-Meier curves representing loco-regional recurrence-free survival (A) and overall survival (B)

Table 3. Radiomic features with loco-regional recurrence

Radiomic features Student’s t test Cox proportional hazard model Hazard ratio 95% confidence interval
with clinical factor

Max 0.00023 0.03818 1.00199 1.00011-1.00387

Correlation135 0.00145 0.01305 1,075.9 4.34544-266,387.41

Correlation90 0.00155 0.01522 1,943.68 4.2949-879,705.55

Correlation45 0.00346 0.02480 915.34 2.3332-353,027.45
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Table 4. Baseline characteristics with loco-regional recurrence
Radiomic features p-value Hazard ratio 95% confidence interval
CMT
RT alone 0.44625 0.4653 0.0650-3.3322
CCRT
Hb (g/dl)
<10 0.86123 1.1657 0.2090-6.5019
>10
Radiation dose (Gy)
< 86.2 0.39430 0.9370 0.8068-1.0883
> 86.2
Total treatment time (days)
<56 0.83270 1.1770 0.2594-5.3396
> 56
FIGO stage
Stages |-l 0.69369 0.7523 0.1825-3.1008
Stages IlI-IV
LN dose
No boost 0.63914 0.6015 0.0719-5.0343

Boost

CMT — chemotherapy, RT — radiation, CCRT — concurrent chemoradiation, Hb — hemoglobin, LN — lymph node

Max Correlation135
15 T T T T T T T
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Fig. 3. Histogram of Max, Correlation135, Correlation90, and Correlation45 between cases with and without loco-regional
recurrence (LRR)
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185 patients, and found that radiomic features had better
predictive performance in progression-free survival than
FIGO staging. For overall survival, there were no signif-
icant radiomic features found in this study, but each de-
gree of second-order features provided similar values.

Park et al. [34] assessed pre-treatment MR radiomic
features to pixel size re-sampling and interpolation in
patients with cervical cancer, and reported that most
first-order, shape, and texture features were robust after
pixel size re-sampling and interpolation. Due to the high
correlation between radiomic features, the Storey method
was employed to reduce false discovery, but caution is
still required to reduce type I and type II errors in multi-
ple statistical tests [33].

In 2018, Lucia et al. reported a retrospective anal-
ysis of the radiomics of pre-treatment T2 MRI scans in
102 cervical cancer patients [20]. A total of 864 radiomic
features were extracted from each sequence of pre-treat-
ment PET/CT and MRI sequences composed of T2, diffu-
sion-weighted imaging (DWI), and contrast enhancement
(CE), and no significant association was found between
radiomic features and local control or overall survival.
A possible explanation is that the Bonferroni method was
used instead of the Storey method for the false discovery
control. In statistical analysis, using the Bonferroni meth-
od in numerous factors (875 factors) could yield high lev-
els of type 2 error, especially if there are correlated factors
[40, 41]. Moreover, in second-order features, Lucia et al.
combined 13 degrees of matrix into one matrix before fea-
tures extraction. In our study, we extracted each degree of
matrix in the axial plane separately; therefore, the GLCM
and GLRLM features between these two studies cannot
be directly compared. Finally, the multi-modal follow-up
imaging protocols were different between these two
studies.

Lucia et al. investigated radiomic features from PET/
CT and MRI for prognostic factors in cervical cancer
treated with chemoradiotherapy. The authors demon-
strated that entropy GLCM and GLNUGLRLM were
independent predictors of recurrence and loco-regional
control, with significantly higher prognostic power than
usual clinical parameters. Additionally, they reported
that entropy GLCM from functional imaging DWI-MRI
and GLNUGLRLM from PET were independent predic-
tors of recurrence [20]. However, these factors and other
DWI-MRI-related radiomics that also showed significant
correlation with local control, LRR, and survival in previ-
ous MRI-based radiomics [27, 32] were not investigated
in our study to maintain the objective of single-sequence
MRI radiomics utilization.

Developed exclusively on the conventional MRI se-
quence as our study, Kawahara et al. [30] established sin-
gle and additional dual-sequence MRI radiomics consist-
ing of not only T1 and T2 images from the standard tumor
only volume of interest (VOI), but also the shrunk and ex-
panded VOI that accounted for the intra- and peri-tumor-
al characteristics, leading to high accuracy of recurrence
prediction in previous MRI radiomics [34]. The combined
T1 and T2 models in Kawahara et al. study demonstrat-
ed excellent predictive performance superiority, with
an area under the curve (AUC) of 0.94 compared with

0.89 and 0.69 of single-sequence T1 and T2 MRI radiom-
ics, respectively. As the superiority of dual-sequence MRI
radiomics did not accompany functional MRI, this would
not compromise the intention of broad accessibility, but
also enhance the power of conventional MRI radiomics.
However, the inhomogeneity of 2D brachytherapy and
3D-IGABT may limit future utilization compared with
homogeneous 3D-IGABT in the current study. In addi-
tion to pre-treatment imaging that account for the dy-
namic change during the course of radiotherapy, strong
predictive power was demonstrated [27, 38], and should
be considered as attractive information to be incorporat-
ed into conventional magnetic resonance radiomics. With
a more precise transfer learning and transformation net-
work [35, 37, 42], a further comparison study of conven-
tional MRI integrating modified VOI and dynamic tumor
change with or without incorporation of functional MRI
radiomics in 3D-IGABT is awaited to reveal the non-infe-
riority. Furthermore, the shrinkage and expansion mar-
gin of tumor VOI should also be prospectively validated.

The main limitation of our study is its retrospective
design. Although the pre-treatment MRI scans were per-
formed on a single device, there was no complete record
of MRI parameters, which could affect the quality of MRL
We explored the use of xylocaine gel as a quality control
in MR images. The cylindrical geometry of the xylocaine
gel (3 consecutive slices) was contoured in 10 patients,
and first-order statistics were extracted. We found a large
variability in intensity of values. For example, the maxi-
mum value in one case could be less than the minimum
value in other cases. These could be affected by blood,
vaginal discharge, or air bubbles in the vagina. Therefore,
additional investigation is warranted by including a ref-
erence object when performing MRI for quality control.

A loco-regional recurrence rate of 13% was measured,
while a study by Lucia et al. reported a 3-year recurrence
rate of approximately 36% [20], and 23% recurrence rate
was showed by Jajodia et al. [27] in the 3D brachytherapy
era. This low proportion of recurrence may have limit-
ed our ability to test statistical significance and reliabil-
ity of prognostic factors. A study with longer follow-up
and larger sample size should increase the number of
events and statistical power. Moreover, these two stud-
ies analyzed only the second-order radiomics, such as
GLSZM features and GLDM features, entropy GLCM,
and GLNUGLRLM, while the first-order radiomics were
also analyzed and a significant correlation with clinical
outcomes in this study was found. Apart from predicting
clinical outcomes after CCRT, multi-time-point radiom-
ics was also employed to predict tumor response during
treatment. Meng et al. analyzed both the first-order and
second-order radiomics, and found that ADC histogram
shape analysis held the potential in monitoring early tu-
mor response during CCRT [43]. This concept of radio-
mics analysis based on several time-points should be
further evaluated for more robust outcomes in the future
research. The comparison of outcomes from this study
and relative studies is showed in Table 5.

Finally, we used several methods and input param-
eters to extract an individual radiomic feature. For ex-
ample, either the gray level scale or degree in GLCM or
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Table 5. Comparison of outcomes from this study and relative studies

Variable

Jajodia et al. (2021)

Lucia et al. (2018)

Meng et al. (2022)

Present study

Population

52 patients
(stage, IB2-IVA)

69 patients
(stage, IB1-IVA)

42 patients
(stage, IIB-IVA)

90 patients
(stage, IB-IVA)

Image modality

1.5-T MRI (T1W, T2W,

1.5-T MRI (T1W, T2W,

3-T MRI (T1W, T2W, DWI,

1.5-T MR (T2W)

DWI, ADC) DWI) and F-18 FDG PET/ ADC)
CT
Radiomic features  Second-order radiomics Second-order radiomics First-order radiomics First-order radiomics
— GLSZM features — Entropy GLCM Skewness, kurtosis, Maximum intensity
(SALGLE and LGLZE) — GLNUGLRLM width, standard devia- Second-order radiomics

— GLDM features
(SDLGLE and DE)

tion, entropy
Second-order radiomics
GLCM

Correlation135 GLCM

Correlated clinical
outcomes

Recurrence and metasta-

sis after CCRT

Recurrence and loco-re-
gional control after CCRT

Tumor response during
CCRT

Loco-regional recurrence
after CCRT

Oncologic out-
comes

— Median FU time,

26.5 months

— Recurrence rate, 23%;
distant metastasis rate,
28%

— Median FU time,
36 months
— Relapse rate, 36%

N.A.

— Median FU time,
29.2 months

— Loco-regional recur-
rence rate, 13.3%

Results

Significant input of
radiomic features was
correlated with clinical
outcomes of recurrence
and metastasis

MR radiomic features
were independent
predictors of recurrence
and loco-regional control,
with significantly higher
prognostic power over
usual clinical parameters

ADC histogram shape
analysis held the poten-
tial in monitoring early
tumor response during
CCRT

T2-weighted MR images
are predictions of loco-
regional recurrence after
CCRT

GLRLM features could be selected, and these two param-
eters would affect the result of the feature. By allowing
different parameters in the feature extraction, some ra-
diomic features could not be directly compared across
the study. In the contouring process, the selection of the
primary tumor and lymph node target as well as the de-
lineation of the tumor edge could affect the outcome [34],
especially in lymph node-positive disease and small tu-
mor volumes. Therefore, it is important to assess the con-
touring process, input parameters, and extraction meth-
od to achieve a more precise interpretation.

In conclusion, we observed a significant correlation
of single-sequence pre-treatment T2-weighted MRI ra-
diomics with loco-regional recurrence in LACC patients
treated with definitive radiotherapy and 3D-IGABT.
However, further prospective investigations controlling
image acquisition techniques, VOI modifications, dynam-
ic tumor change monitoring, and follow-up schemes are
needed to provide additional statistical power to confirm
the utility of these conventional MRI radiomic features,
for the benefit of universal accessibility and real-world
utilization.

Conclusions

The maximum intensity and Correlation135 GLCM
radiomic features of the pre-treatment T2-weighted MR
images are predictive of loco-regional recurrence in cer-
vical cancer patients after definitive radiotherapy with
3D-IGABT.
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