
Bizzarri N, et al. Int J Gynecol Cancer 2023;33:1522–1541. doi:10.1136/ijgc-2023-0045891522

Radiomics systematic review in cervical cancer: 
gynecological oncologists’ perspective

Nicolò Bizzarri    ,1 Luca Russo    ,2 Miriam Dolciami,2 Konstantinos Zormpas- Petridis,2 
Luca Boldrini,2 Denis Querleu    ,1 Gabriella Ferrandina,1,3 Luigi Pedone Anchora,1 
Benedetta Gui    ,2 Evis Sala,2,3 Giovanni Scambia    1,3

For numbered affiliations see 
end of article.

Correspondence to
Dr Nicolò Bizzarri, UOC 
Ginecologia Oncologica, 
Dipartimento per la salute della 
Donna e del Bambino e della 
Salute Pubblica, Fondazione 
Policlinico Universitario Agostino 
Gemelli IRCCS, Roma 00168, 
Italy;  nicolo. bizzarri@ yahoo. 
com

NB and LR contributed equally.

Received 24 April 2023
Accepted 7 August 2023
Published Online First 
15 September 2023

To cite: Bizzarri N, Russo L, 
Dolciami M, et al. Int J Gynecol 
Cancer 2023;33:1522–1541.

Original research

© IGCS and ESGO 2023. No 
commercial re- use. See rights 
and permissions. Published by 
BMJ.

Original research

Editorials

Joint statement

Society statement

Meeting summary

Review articles

Consensus statement

Clinical trial

Tumor board

Video articles

Educational video lecture

Images

Pathology archives

Corners of the world

Commentary

Letters

ijgc.bmj.com

INTERNATIONAL JOURNAL OF

GYNECOLOGICAL CANCER

ABSTRACT
Objective Radiomics is the process of extracting 
quantitative features from radiological images, and 
represents a relatively new field in gynecological cancers. 
Cervical cancer has been the most studied gynecological 
tumor for what concerns radiomics analysis. The aim 
of this study was to report on the clinical applications 
of radiomics combined and/or compared with clinical- 
pathological variables in patients with cervical cancer.
Methods A systematic review of the literature from 
inception to February 2023 was performed, including 
studies on cervical cancer analysing a predictive/
prognostic radiomics model, which was combined and/
or compared with a radiological or a clinical- pathological 
model.
Results A total of 57 of 334 (17.1%) screened 
studies met inclusion criteria. The majority of studies 
used magnetic resonance imaging (MRI), but positron 
emission tomography (PET)/computed tomography (CT) 
scan, CT scan, and ultrasound scan also underwent 
radiomics analysis. In apparent early- stage disease, 
the majority of studies (16/27, 59.3%) analysed the 
role of radiomics signature in predicting lymph node 
metastasis; six (22.2%) investigated the prediction of 
radiomics to detect lymphovascular space involvement, 
one (3.7%) investigated depth of stromal infiltration, and 
one investigated (3.7%) parametrial infiltration. Survival 
prediction was evaluated both in early- stage and locally 
advanced settings. No study focused on the application of 
radiomics in metastatic or recurrent disease.
Conclusion Radiomics signatures were predictive of 
pathological and oncological outcomes, particularly if 
combined with clinical variables. These may be integrated 
in a model using different clinical- pathological and 
translational characteristics, with the aim to tailor and 
personalize the treatment of each patient with cervical 
cancer.

INTRODUCTION

Radiomics in gynecological cancers is a relatively 
new field of research.1 Cervical cancer is the most 
studied gynecological tumor,2 with the first report 
on radiomics published in 2014.3 The International 
Federation of Gynecology and Obstetrics (FIGO) intro-
duced the use of imaging for cervical cancer staging 
in 2018,4 and it is known that magnetic resonance 
imaging (MRI) and positron emission tomography 
(PET)/computed tomography (CT) are currently the 

most accurate imaging modalities for local disease 
and distant metastases staging, respectively.5

Radiological evaluation is currently based on 
qualitative assessment and simple metrics, such as 
tumor size/evaluation of disease extent on MRI or 
metabolic activity, and evaluation of lymph node and 
distant metastases on PET/CT; but images do contain 
high- dimensional quantitative data that may reflect 
the ‘unseen’ tumor characteristics and biological 
hallmarks.6

Radiomics is the process of extracting quantitative 
features from radiological images (Figure 1). Different 
radiomics features are typically extracted after 
contouring the region of interest, generally corre-
sponding to the site of disease. Radiomics quantify 
the phenotype, which is subsequently correlated with 
various outcomes, such as prediction of response to 
treatments, probability of recurrence, and survival.7

Texture analysis, histogram analysis and morpho-
metric analysis represent the three main families of 
features currently analysed in radiomics studies.6 As 
a non- invasive method of assessing the tumor and 
its surrounding microenvironment, radiomics holds 
the potential to evaluate and monitor tumor charac-
teristics, such as temporal and spatial heterogeneity, 
thereby potentially reducing the need for invasive 
procedures.6 8 9

Cervical cancer represents an ideal tumor in which 
radiomics evaluation can be applied, as it spreads in 
a step- by- step way with parametrial invasion/lymph 
nodes being the first site of extra cervical metastasis.4 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Radiomics analysis in cervical cancer is a relatively 
new field of research.

WHAT THIS STUDY ADDS
 ⇒ The best predictive performance was obtained by 
the integration of radiomics features with different 
clinical, radiological, and pathological parameters.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ Integration of radiomics features with known prog-
nostic factors might help clinicians to tailor cervical 
cancer treatment and follow- up.
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Also, the majority of patients are diagnosed with two histolog-
ical types,10 with already known clinical- radiological prognostic 
factors11 and a limited clinical application of other -omics analyses 
(such as genomics or proteomics) to date.12

The aim of this systematic review was to report on the clinical 
applications of radiomics combined and/or compared with clinical- 
pathological variables in patients with cervical cancer.

METHODS

The methods for this review were specified a priori based on the 
recommendations in the Preferred Reporting Items for Systematic 
Reviews and Meta- Analyses (PRISMA) statement.13

A systematic search for articles on radiomics and cervical cancer 
in PubMed and Scopus Database was performed in February 2023. 
No limit on date of publication was applied (articles from inception 
to 1 February 2023 were screened). No restriction on the country 
was applied.

The search terms used the following key words combinations: 
[((cervix) OR (cervical)) AND ((tumor) OR (cancer) OR (neoplasm)) 
AND ((radiomic) OR (radiomics) OR (texture))].

Inclusion criteria were:
 ► peer- reviewed original articles;
 ► studies that included patients with diagnosis of cervical cancer;
 ► all FIGO stages;
 ► all type of images; and
 ► studies including a predictive/prognostic radiomics model, 

which was combined or compared with a radiological or 
clinical- pathological model.

Reviews, case reports, editorial comments, conference abstracts, 
short communications, pre- clinical or technical studies, animal 
studies, and non- English language studies were excluded. Studies 
analysing pre- invasive disease or colposcopy texture/images were 
also excluded.

Lastly, studies not including comparison or combination of a 
radiomics model with a radiological or clinical- pathological model 
were also excluded.

Data extraction was performed manually and independently by 
two reviewers (NB and LR), and any disagreement was discussed 

with a third reviewer (MD). Citations and references of the retrieved 
studies were used as additional sources. All included articles were 
evaluated for potential conflicts of interest.

RESULTS

A total of 334 studies were retrieved, and 57 (17.1%) were selected 
according to the aforementioned criteria. The detailed list of articles 
included after the selection process is reported in OnlineSupple-
mentalTable 1. The PRISMA flowchart describes the applied selec-
tion steps and reports the reasons for exclusion (Figure 2).

Early-Stage Cervical Cancer
Prediction of ‘Intermediate’ Risk Factors
Patients with apparent early- stage cervical cancer undergoing 
radical surgery might have the so- called ‘intermediate’ risk factors 
at final histology, represented by the combination of tumor size, 
depth of stromal infiltration, and lymphovascular space invasion 
(LVSI) status.14

A potential application of radiomics is the prediction of ‘interme-
diate’ risk factors on pre- operative images.

LVSI
Table  1 demonstrates the different studies investigating the role 
of different imaging modalities- based radiomics in predicting LVSI. 
Almost all studies evaluated MRI- based radiomics,15–19 with only 
one study evaluating PET/CT- based radiomics.20 Three of these 
studies proposed a nomogram including clinical- pathological and 
radiological variables.16 18 19 In general, radiomics models reached 
better concordance indexes in predicting LVSI in cervical cancer 
than clinical and radiological models alone.

Depth of Stromal Infiltration
The only study analysing depth of stromal infiltration was published 
by Ren et al,21 and showed that MRI‐based radiomics analysis 
outperformed radiologists for the pre- operative diagnosis of middle 
or deep stromal invasion in early- stage cervical cancer. The proba-
bility of invasion could be predicted by a nomogram, which included 
radiomics signature.

Figure 1 Radiomics standard pipeline. Radiological images are segmented to obtain the region of interest (ROI), 
corresponding to the tumor volume. The ROI is processed, and high- dimensional radiomic features of different classes are 
extracted with dedicated software. The feature selection procedure then reduces the number of features, eliminating redundant 
ones. Afterwards, selected features are combined to build the model for the prediction of the chosen outcome.

https://dx.doi.org/10.1136/ijgc-2023-004589
https://dx.doi.org/10.1136/ijgc-2023-004589
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Prediction of ‘High’ Risk Factors
High- risk factors include lymph nodes metastasis, parametrial 
infiltration, and positive surgical margins.22 When pre- operatively 
identified, these factors can represent an indication to avoid radical 
surgery and refer patients to chemoradiotherapy. Surgical margins 
involvement has not been the specific aim of any study involving 
radiomics. In fact, prediction of free surgical margins derives from 
a combination of patient selection and surgical technique. There-
fore, this high- risk factor is not accessible pre- operatively. Several 
studies have assessed the ability of radiomics to predict high- risk 
factors such as occult lymph node metastases and parametrial 
invasion, otherwise occult at standard imaging.

Lymph Node Metastasis
Prediction of lymph node metastases in patients with cervical 
cancer has been the most investigated topic in radiomics studies. 
Table  2 shows the studies analysing the radiomics prediction of 
lymph node metastases.

Of the 16 included studies, 11 (68.8%) performed radiomics 
analysis by contouring the tumor,23–33 three (18.8%) by contouring 

the tumor and the peri- tumoral area,34–36 and two (12.5%) by 
contouring the lymph nodes.37 38 One of the first studies evalu-
ating the role of PET/CT- based radiomics in predicting lymph node 
metastases23 showed that the combination of radiomic features 
and vascular- endothelial growth factor (VEGF) expression had a 
significantly superior predictive value (area under the curve 0.878, 
95% CI 0.772 to 0.947), compared with that of the conventional 
metabolic parameters.

Other authors showed that the performance of MRI- based radio-
mics model was significantly better than that of each predictive 
factor alone (including clinical stage and MRI- reported lymph 
node status).24 Several studies25–32 34–38 evaluated the role of 
MRI- based radiomics in the prediction of nodal metastases; the 
majority concluded that the radiomics signatures are more accu-
rate in predicting lymph node metastases compared with clinical- 
radiological features. The best performance was reached by the 
model which combined radiomics and clinical- radiological features.

Two studies evaluated the predictivity of CT- based radiomics to 
predict lymph node metastases with promising results, especially 

Figure 2 Preferred Reporting Items for Systematic Reviews and Meta- Analyses (PRISMA) flowchart.
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when a deep learning- based analysis was performed.31 33 In partic-
ular, Liu et al showed that the radiomics models surpassed the 
radiological prediction of lymph node metastases,31 while Chen et 
al developed a combined radiomics- FIGO stage model with high 
prediction of nodal involvement.33

Parametrial Invasion
Only a few studies showed that radiomics signature of the primary 
tumor is able to predict the likelihood of occult parametrial involve-
ment at pre- operative MRI scan with high accuracy. This informa-
tion could be used as a supplementary tool to provide individualized 
treatment plans for patients with cervical cancer.39 40

Survival
Two studies showed that radiomics signature was more accurate in 
predicting disease- free survival compared with clinical- pathological 
features alone.41 42 However, conflicting results were reported 
on the performance of combined radiomics- clinical- pathological 
models in predicting survival,41 42 with one study showing no signif-
icant survival improvement given by the combined model,41 and 
the other demonstrating that the combined model performed better 
than the clinical model in disease- free survival prediction in both 
the training and validation set.42 In particular, in the study by Fang 
et al,41 18 features were identified to be predictive for disease- 
free survival, including 10 features derived from contrast- enhanced 
T1- weighted (CET1w) images and eight features extracted from 
T2- weighted (T2w) images. This might indicate that CET1w images 
probably contains more prognostic information than T2w images. 
Importantly, shape flatness was included in the 10 CET1w- derived 
features, whereas small flatness value indicated an irregular tumor 
shape.

In the other study by Zhou et al,42 4/8 (50.0%) of the selected 
features were derived from CET1w, indicating that intra- tumoral 
and peri- tumoral tumor enhancing features are potentially asso-
ciated with tumor perfusion and vascularization; thus, providing a 
prognostic signature in early cervical cancer.

Locally Advanced Cervical Cancer
Table 3 includes studies on radiomics signatures in locally advanced 
cervical cancer.

The majority of studies (21/30, 70.0%), analysed radiomics 
models in patients undergoing exclusive chemoradiotherapy.3 43–63 
Most of these studies reported on survival (both disease- free 
survival and overall survival),43–45 47 49–54 56–62 64 or response to 
therapy3 43 44 46 48 55 63 65 66 as main predictive outcome of interest.

MRI- based3 43 44 46 50 52 55–59 61–65 and PET/CT- based43–45 47–49 51 54 60 
radiomics were mainly used, with only two studies using CT- based 
radiomics.53 66 Overall, the radiomics signature predicted the 
above- mentioned outcomes of interest better than clinical- 
pathological- radiological models. The combined models were 
the best predictors in most of studies, with only a few studies 
concluding that combined/integrated models did not perform 
better than clinical models.3

Distant Metastasis and Recurrent/Persistent Cervical Cancer
None of the analysed studies included patients with diagnosis of 
distant metastasis or with recurrent/persistent cervical cancer.

DISCUSSION

Summary of Main Results
This systematic review reports the application of radiomics on 
images acquired in different cervical cancer settings (Figure 3). It 
showed that the best predictive performance was obtained by the 
integration of radiomics with different parameters including clinical, 
radiological, and histopathological ones.67 The majority of studies 
on early- stage disease focused on prediction of lymph node metas-
tases; in locally advanced disease they focused on prediction of 
response to treatment and survival. No radiomics studies evaluated 
distant metastases or recurrence.

Radiomics analysis in cervical cancer represents an opportunity 
to pre- operatively predict intermediate and high- risk factors that 
would change the type of surgery or the indication to surgery.

Results in the Context of Published Literature
Radiomics was born with the aim to bridge the gap between 
standard medical imaging and personalized medicine.68 69 In- depth 
analysis of bioimages can provide the detailed information needed 
to guide gynecological oncologists to tailor the treatment according 
to the characteristics of the tumor. Radiomics can be indeed consid-
ered part of precision medicine in the multi- omics approach.

Recently, there has been a significant evolution in the clinical 
decision- making process, which can now benefit from multiple 
approaches to assist the physicians in the diagnosis, treatment, and 
prediction of outcomes, leading to personalized care for every single 
patient. The integration of different -omics information can improve 
on the integrated system by objectively quantifying the disease 
features and more accurately predicting different outcomes.70 
Prediction of ‘intermediate risk factors’ in early- stage disease (LVSI 
and depth of stromal invasion) represents an important tool that 
can aid surgeons to tailor the radicality of the surgery.14

It is known that lymph node metastasis represents the worst 
prognostic factors in apparent early- stage disease.11 Lymph node 
involvement is currently assessed using morphologic features 
(short axis >8–10 mm, shape, margins, and signal intensity) on MRI 
and glucose uptake at 18FDG- PET/CT, with high specificity (93%) 
and low sensitivity (53–66%). The low sensitivity is due to the 
limited capability for conventional imaging to detect small meta-
static lymph nodes (short axis <5 mm). The addition of diffusion 
weighted imaging (DWI) increases sensitivity of MRI up to 87%, 
even if it suffers from low specificity.71

The prediction of lymph node metastasis in apparent early- stage 
cervical cancer has been one of the most studied topics in radio-
mics analyses, with two meta- analyses recently published. The 
first involved 12 studies with a total of 793 patients, and showed 
that pre- operative MRI- based radiomics features perform well in 
predicting lymph node metastasis with pooled sensitivity of 80% 
and an area under the curve of 76%.72 The second, more recent, 
meta- analysis included 22 studies with a total of 2314 patients, 
and showed that both apparent diffusion co- efficient values and 
radiomics analysis demonstrated good diagnostic performance for 
the detection of lymph node metastasis. Radiomics demonstrated 
higher pooled sensitivity than conventional imaging features. 
Compared with radiomics analysis, apparent diffusion co- efficient 
values were clinically more promising, as they are more easily 
accessible and widely applied, and show a non- statistically signif-
icant trend to outperform radiomics analysis. Given the generally 
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low- quality scores of included radiomics studies, well- designed 
studies are warranted to provide a more robust level of evidence 
for radiomics.73

The apparent diffusion co- efficient maps quantify the diffu-
sivity of water molecules inside the tissue, with tumor regions of 
high cellular density being associated with increased restriction.74 
Apparent diffusion co- efficient values are more easily interpretable, 
while also having good repeatability, allowing for monitoring treat-
ment response, and making their integration in clinical settings 
easier.75

In many cases, simple quantitative metrics from apparent diffu-
sion co- efficient maps have outperformed more complex radiomics 
analysis. This could also be attributed to the fact that many of the 
considered radiomics studies do not provide enough evidence on 
a model’s robustness or reproducibility. To facilitate the introduc-
tion of radiomic studies in clinical practice, it will be necessary to 
include similar repeatability experiments, as well as independent 
external datasets, to ensure the validity of the results.

With the high performance of radiomics in predicting risk of 
lymph node metastasis (Table 2), it was provocatively stated that 
radiomics signature could go beyond the concept of sentinel lymph 
node, being radiomics a non- invasive method able to discriminate 
the presence of lymph node metastasis with such high accuracy.76 It 
is relevant to mention that, despite not being included in the results 
of this systematic review, different studies analysed the accuracy 
of radiomics signature extracted from ultrasound scan images.77 78 
Interestingly, ESGO guidelines accept ‘expert’ ultrasound scan as a 

staging method in cervical cancer,79 making the use of radiomics in 
ultrasound an intriguing innovative field of research.

The ability of radiomics to predict high and intermediate risk 
factors in cervical cancer, as reported in our review, was also 
confirmed by a recent study by Li et al80 showing that radiomics 
MRI improved the pre- treatment identification of multi- modality 
therapy candidates in early cervical cancer. It is known from ESGO 
and other international guidelines that surgery followed by adjuvant 
treatment in early- stage cervical cancer should be avoided, as it 
increases risk of morbidity.79 81 The radiomics signature should be 
combined in a multi- omics framework, which integrates biological 
data and clinical parameters to obtain a final accurate tailored deci-
sion for the patient.

Concerning locally advanced disease, the included studies 
analysed patients treated either with exclusive chemoradiation 
or neoadjuvant chemotherapy followed by radical surgery. Other 
studies also showed that using radiomics indicators, it is possible 
to identify non- responders to chemoradiotherapy and modify the 
treatment accordingly, in patients undergoing chemoradiation and 
radical surgery.82 It is also important to highlight that radiomics 
could be used as predictor of other outcomes, such as treatment- 
related toxicity, which is an important endpoint for all cancer 
survivors.83–86

Strengths and Weaknesses
The main strength of this study is that it describes the current 
evidence of radiomics analyses in cervical cancer from a clinical 

Figure 3 Current applications of radiomics in cervical cancer in the 57 articles included in this systematic review. LACC, 
locally advanced cervical cancer; LVSI, lymphovascular space involvement.
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perspective. Moreover, we included only studies combining or 
comparing radiomics and clinical- pathological data, to directly 
test radiomics in a more clinical decisional environment. On the 
other hand, we have to acknowledge that the lack of standardiza-
tion and interpretability of the radiomics pipeline significantly limits 
the comparison of the results from different studies, and especially 
with the ones published at the very beginning of this discipline. 
Moreover, studies on prediction of lymph node metastasis did 
not differentiate whether these were macroscopic or low- volume 
metastases. Lastly, despite it not being considered the treatment 
recommended by the guidelines, we included studies adopting 
neoadjuvant therapy; however, these were included within the 
systematic literature search.

Implications for Practice and Future Research
Radiomics signatures seem to be a promising tool in predicting 
pathological and oncological outcomes in patients with cervical 
cancer. For this reason, it would be ideal to integrate them within 
a clinical model in synergy with known prognostic factors. One 
potential application would be tailoring adjuvant treatment within 
known risk groups according to radiomics signatures. This is an 
interesting example of how radiomics could support gynecological 
oncologists to modulate or avoid the adjuvant treatments. Jiang 
et al87 showed that the combination of radiomics signature and 
clinical- pathological features had a more accurate predictive ability 
than clinical- pathological features alone. The authors presented 
two cases with same clinical- pathological characteristic (same age, 
FIGO stage, histology, grade, tumor size, no lymph node metastasis, 
no LVSI), but one recurred after 17 months and the other was free 
from disease at 87 months. MRI- based radiomics characteristics 
of these cases were completely different (patient with 17 months 
recurrence: T1 contrast- enhanced radiomics score 2.60, T1 
contrast- enhanced+T2 radiomics score 2.46; vs patient with 87 
months: T1 contrast- enhanced radiomics score 0.53, T1 contrast- 
enhanced+T2 radiomics score 0.61), mirroring the disease- free 
survival. This represents a further step towards a personalized 
adjuvant treatment selection, based not only on clinical or patho-
logical characteristics, but also on radiomics.

One could even hypothesize tailoring the radicality of hysterec-
tomy according to pre- operative radiomics (or combined radiomics 
and clinical- pathologic) findings. A radiomics analysis of patients 
included in the ongoing robot- assisted approach to cervical cancer 
(RACC) trial88 has been recently designed, and will provide further 
information on the predictivity of such approach on clinical- 
pathological outcomes of patients with early- stage cervical cancer 
treated with radical surgery.

MRI analysis of locally advanced cervical cancer treated with 
neoadjuvant chemotherapy and radical surgery showed that 
radiomics features hold potential in the pre- treatment prediction 
of response to neoadjuvant chemotherapy in locally advanced 
cervical cancer, which could be used to identify the right patients 
for receiving neoadjuvant chemotherapy; thus avoiding unneces-
sary treatment. This could spare the radiotherapy for a potential 
recurrence and avoid the use of triple treatment (chemotherapy, 
surgery, and radiotherapy) which is not advised by international 
guidelines owing to high morbidity.79 Studies specifically looking 
at outcomes of patients diagnosed with distant metastases or with 
recurrent/persistent cervical cancer are needed. Lastly, recent 

evidence has shown that digital pathology approaches can aid in 
genotype classification, risk stratification, and outcomes predic-
tion. ‘Radio- pathomics’ represents an emerging opportunity to 
bridge the existing knowledge gap between abstract mathematical 
image representation and underlying biology by matching radiolog-
ical images and biopsy slides, paving the way for more innovative 
hybrid predictive models.89

CONCLUSION

Radiomics in cervical cancer is a new imaging research field. Radi-
omics models are highly predictive of pathological and oncological 
outcomes, particularly if combined with clinical variables. Most 
published studies are retrospective, and radiomics was not part of 
the original study design, thus reducing the overall quality of the 
produced evidence.

It is important to highlight that radiomics has to be considered 
part of an integrated model that should aim to harmonize different 
clinical- pathological and translational advances recently obtained 
in cervical cancer treatment, to offer patients a comprehensive 
multi- omics approach.
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