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Radiomics analysis in gastrointestinal imaging: a narrative review
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Background and Objective: To present an overview of radiomics radiological applications in major
gastrointestinal oncological non-oncologic diseases, such as colorectal cancer, pancreatic cancer, gastro-
oesophageal cancer, gastrointestinal stromal tumor (GIST), hepatocellular carcinoma (HCC), intrahepatic
cholangiocarcinoma (ICC), and non-oncologic diseases, such as liver fibrosis, nonalcoholic steatohepatitis,
and inflammatory bowel disease.

Methods: A search of PubMed databases was performed for the terms “radiomic”, “radiomics”, “liver”,
“small bowel”, “colon”, “GI tract”, and “gastrointestinal imaging” for English articles published between
January 2013 and July 2022. A narrative review was undertaken to summarize literature pertaining to
application of radiomics in major oncological and non-oncological gastrointestinal diseases. The strengths
and limitation of radiomics, as well as advantages and major limitations and providing considerations for
future development of radiomics were discussed.

Key Content and Findings: Radiomics consists in extracting and analyzing a vast amount of quantitative
features from medical datasets, Radiomics refers to the extraction and analysis of large amounts of
quantitative features from medical images. The extraction of these data, integrated with clinical data, allows
the construction of descriptive and predictive models that can build disease-specific radiomic signatures.
Texture analysis has emerged as one of the most important biomarkers able to assess tumor heterogeneity
and can provide microscopic image information that cannot be identified with the naked eye by radiologists.
Conclusions: Radiomics and texture analysis are currently under active investigation in several institutions
worldwide, this approach is being tested in a multitude of anatomical areas and diseases, with the final aim
to exploit personalized medicine in diagnosis, treatment planning, and prediction of outcomes. Despite
promising initial results, the implementation of radiomics is still hampered by some limitations related to the
lack of standardization and validation of image acquisition protocols, feature segmentation, data extraction,

processing, and analysis.
Keywords: Radiomics; artificial intelligence; machine learning; gastrointestinal imaging; texture
Received: 27 July 2022; Accepted: 28 December 2022; Published online: 04 April 2023.

doi: 10.21037/dmr-22-52
View this article at: https://dx.doi.org/10.21037/dmr-22-52

A ORCID: Domenico De Santis, 0000-0002-1197-456X; Antonella Del Gaudio, 0000-0001-6017-8976; Marta Zerunian, 0000-0003-4635-
7999; Michela Polici, 0000-0001-7331-6901; Gisella Guido, 0000-0002-0711-2975; Mariarita Tarallo, 0000-0003-3783-4749; Benedetta
Masci, 0000-0003-0935-6364; Elsa Iannicelli, 0000-0002-2959-4493; Andrea Laghi, 0000-0002-3091-7819; Damiano Caruso, 0000-0001-
9285-4764.

© Digestive Medicine Research. All rights reserved. Dig Med Res 2023;6:17 | https://dx.doi.org/10.21037/dmr-22-52


https://crossmark.crossref.org/dialog/?doi=10.21037/dmr-22-52

Page 2 of 13

Introduction

In recent years, medical imaging field has found new
strategies to overcome its limitations related to uncertainties
in the response to therapy and prognostic evaluation thanks
to the implementation of new quantitative tools able to
achieve tissue characterization with a more precise and
deeper approach than just visual assessment.

The advent of genomic in the early 1990s established
that diseases have specific genetic fingerprints; therefore,
medical research is striving to deepen the knowledge of
human diseases on a genomic level, aiming at providing
tailored therapeutic strategies targeting the specific genetic
makeup of a pathology (1,2).

The “omics” revolution has also involved the field of
medical imaging, through radiomics (3,4). Such technology
aims at extracting quantitative features from medical images
to improve disease characterization. Therefore, radiomics
is a new emerging imaging field consisting of an automated
high-yield extraction of huge amount of quantitative
features, with the capability to obtain a non-invasive analysis
of tumoral heterogeneity in order to extract quantitative
imaging biomarkers that correlate with clinical outcome
(5-7), with the ultimate aim of exploiting personalized
medicine (2,8-11).

Radiomics steps includes the identification of a vast
amount of quantitative features within digital images, the
storage of these data in federated databases (consisting of a
system in which several independent databases function as a
single entity), and the subsequent data mining for knowledge
extraction and application (1) (Figure I). Many quantitative
features have been already extracted using high-throughput
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computing from medical images such as computed
tomography (CT), magnetic resonance (MR), positron
emission tomography (PET), and ultrasound (US) (12-14).

Computed tomographic texture analysis has emerged as
one of the most important biomarkers able to assess tumor
heterogeneity. This heterogeneity, which is characterized
both at the genetic level, in cell density, angiogenesis, and
necrosis, appears to be related to prognosis and treatment.
Texture analysis is a part of radiomics, which involves the
extraction, analysis, and inter-prediction of quantitative
features from medical images (15,16).

The aim of this review article is to present the main
radiomics application in gastrointestinal imaging and the
potential role, limitations, and future prospective of these
new biomarkers in oncologic and non-oncologic patient
management. We present this article in accordance with the
Narrative Review reporting checklist (available at https://
dmr.amegroups.com/article/view/10.21037/dmr-22-52/rc).

Methods
Search strategy

PubMed databases were queried for primary articles and
reviews in English from January 2013 to July 2022 using the
search terms “radiomic”, “radiomics”, “liver”, “small bowel”,
“colon”, “GI tract”, and “gastrointestinal imaging” (1able I).

Articles were included based on authors’ discretion.

Colorectal cancer

Colorectal cancer is the second cause of cancer-related
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Figure 1 Radiomics approach on ileal gastrointestinal stromal tumor. (A) Image acquisition and tumor segmentation; (B) feature extraction

and selection; (C) model building: survival and clinical data combined with radiomic features.
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Table 1 The search strategy summary
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Iltems Specification
Date of search 20 July, 2022
Databases and other sources searched PubMed

Search terms used
Timeframe

Inclusion and exclusion criteria

January 2013-July 2022

Radiomic, radiomics, liver, small bowel, colon, Gl tract, and gastrointestinal imaging

Inclusion: reviews, primary studies, randomized trials, full text available, in English

Exclusion: non-English, case report

Selection process

Any additional considerations, if applicable

A Del Gaudio conducted the selection; D De Santis verified sources

References of selected articles were reviewed and those deemed relevant from title review,

were included if full text was available and in English

Gl, gastrointestinal.

mortality worldwide (17), and more than 70% of patients
diagnosed with locally advanced rectal cancer (LARC) (18).
Preoperative chemoradiotherapy (CRT) prior to total
mesorectal excision (T'ME) has been a standard treatment
strategy. Neoadjuvant treatment reduces the risk of
local recurrence and downstages the tumor. Wait-and-
see strategy is gradually gaining consensus as a viable
therapeutic option due to the fact that approximately 30%
of subjects reach pathological complete response (pCR) (19).
"Texture analysis starts with cancer segmentation (Figure 2),
has been applied to CT and MRI aiming at predicting long-
term survival in patients with LARC; texture analysis is also
able to discriminate between different cancer stages and
to predict response to CRT (20). Caruso and colleagues
investigated Haralick texture feature during pre-treatment
MRI examination in patients affected by rectal cancer and
5 over 192 computed Haralick texture showed significant
difference between non responder (NR) and complete
responder (CR) (21). The same group of investigators
also developed an automatic segmentation algorithm to
extract radiomic features from tumor volume based on a
convolutional neural network architecture (22,23). Giannini
et al. evaluated texture features extracted from pre-therapy
PET and MRI datasets and tested their capability to predict
response to CRT/RT, aiming at personalizing patient
treatment (e.g., to avoid neoadjuvant therapy toxicity in
patients predicted as non-responders). A multiparametric
analysis was performed and a logistic regression model
formed by six second-order texture features (five from PET
and one from T2-weighted MRI sequences) yielded the
highest predictive performance in differentiating between
responders and non-responders [area under the curve (AUC)
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=0.86; sensitivity =86%), and specificity =83 %] (24).

Despite a constant of reduction of local recurrence rate
of rectal cancer has been significantly reduced to 5-10%,
at the time of diagnosis approximately 20% to 30% of
rectal cancer patients have metastatic disease; furthermore
most rectal cancer deaths are related to metastatization.
Liu et al. investigated the value of radiomics based on MRI
to predict preoperative synchronous distant metastasis in
patients with rectal cancer (25). One hundred and seventy-
seven patients were enrolled (123 patients in the training
cohort and 54 in the validation cohort) and a total of 385
radiomics features were extracted from pre-treatment MRI.
The combined model (radiomic and clinical) outperformed
the pure clinical model (AUC: 0.827; sensitivity: 72.2%,
specificity: 94.4%, and accuracy: 87.0%) showing potential
to be used as a noninvasive biomarker for the identification
of patients at high risk of synchronous distant metastases.
Similarly, Nie ez al. supported the improved predictive value
of multiparametric MRI features for pathologic response
after preoperative CRT in patients with LARC. Forty-
eight patients with non-metastatic MRI-staged T3-T4 rectal
cancer underwent preoperative chemoradiation and TME
surgery; volume-averaged and voxelized analysis were used
to evaluate specific relationship between pre-CRT MRI data
and pathologic response; by combining all categories of image
information together, the final AUC improved to 0.89 (26).

Rao et al. compared texture analysis to RECIST criteria
in the assessment of response to chemotherapy in a cohort
of 21 patients pre- and post-chemotherapy, reporting
that morphology changes in metastases used in RECIST
were outperformed by quantitative changes in entropy
and uniformity in discriminating between good and poor
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Figure 2 Contrast-enhanced CT examination of a 63-year-old man with colon cancer: example of lesion segmentation using an open-

source software (3DSlicer v4.10.2) on axial (A), coronal (B), sagittal (C); with resulting 3D volumetric segmentation (D). CT, computed

tomography; 3D, three-dimensional.

responders (27).

Pancreatic cancer

Pancreas is an organ affected by different form of
neoplasms, with a large variety in terms of onset, symptoms,
malignancy, response to therapy, and overall survival (OS).
Even though pancreatic neoplasm are easy to detect on
conventional CT and MR imaging, the assessment through
these modalities of their malignancy and the consequent
prediction of response to therapy is not straightforward
(28,29). For such reason, several imaging biomarker are
under investigation, such as diffusion-weighted imaging,
perfusion CT (28,30-32), and radiomics (33,34). In this
contest, radiomics showed interesting results. Some studies
assessed the role of radiomics in intraductal papillary
mucinous neoplasms (IPMNs) for the recognition of their
malignant potential. In fact, it has been estimated that up to
82% of patients underwent surgery for over-staged benign
lesions, due to the limitation of visual assessment in the risk
stratification (35).

© Digestive Medicine Research. All rights reserved.

An initial approach at the problem has been proposed
by Hanania and colleagues (33), who retrospectively
assessed 53 CT scans of patients with IPMNs. The
authors identified 14 second order texture analysis imaging
biomarkers that outperformed Fukuoka criteria (AUC: 0.82,
sensitivity: 85%, and specificity: 68%) in the prediction
of histopathological grade. A based-model approach was
also tested in other two studies (35,36); in fact, as Permuth
et al. showed, a combined-model among texture parameters
derived from pre-operative CT scans associated with
matched plasma-based miRNA genomic classifier (MGC)
predicts IPMN aggressiveness with higher accuracy than
standard “worrisome” radiologic features, with an AUC of
0.92 and higher sensitivity, specificity, positive predictive
value, and negative predictive value than other models
alone. Similar results, confirmed in a larger patient cohort,
were obtained by Chakraborty and colleagues (35). Thus,
these proof-of-concept studies suggest that a non-invasive
radiogenomic approach may be more accurate in the
prediction of IPMNs pathology than simple radiologic

and or histologic features alone. Despite fewer studies
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are focused on other pancreatic cystic or solid neoplasms,
their results are quite promising. As for the radiomics-
based model proposed by Wei ez al. (37) in the preoperative
computer-aided differentiation of serous cystic pancreatic
neoplasms from different cystic pancreatic neoplasms, in
which authors investigated 260 patients and the diagnostic
model performed precisely and robustly, showing AUC of
0.837, sensitivity of 0.667, and specificity of 0.818.

A different approach has been proposed for pancreatic
adenocarcinoma, since the challenge is more focused on
the prediction of response to treatment and pre-operative
assessment rather than detection and characterization. Cozzi
and co-authors (34) proposed a radiomic-signature for the
prediction of survival and local control after stereotactic body
radiation therapy in pancreatic adenocarcinoma. Thanks
to their retrospective radiomic analysis (performed with
second and higher orders) based on clinical target volume
unenhanced CT scans, they analyzed one-hundred patients
randomly divided in training and validation cohorts. Results
showed a significant clinical-radiomic signature associated
with OS in both training and validation groups. Significant
results were also observed for disease local control. Both
these parameters allowed the distinction between low-
risk and high-risk patients through radiomics signature.
The task of preoperative assessment of pancreatic ductal
adenocarcinoma has been investigated by Rigiroli ez a/.,
who assessed the role of radiomic features in the evaluation
of superior mesenteric artery (SMA) involvement. They
constructed a model with five radiomic features (maximum
hugging angle, maximum diameter, logarithm robust mean
absolute deviation, minimum distance, and square gray level
co-occurrence matrix correlation) and demonstrated its
higher diagnostic yield {fAUC: 0.71 [95% confidence interval
(CI): 0.62, 0.79]} compared with visual radiologist analysis
[AUC: 0.54 (95% CI: 0.50, 0.59); P<0.001] (29).

Radiomics, moreover, may help in differentiating mass-
forming pancreatitis and autoimmune pancreatitis from
pancreatic cancer, as shown by several studies (38-40). Ren
et al. in their retrospective study of 109 patients
demonstrated the role of texture analysis on unenhanced CT
in differentiating massive pancreatitis from pancreatic ductal
adenocarcinoma. Using random forest (RF) method, the
four most predictive parameters (GreyLevelNonuniformity_
angle90_offsetl, Vox-elValueSum, HaraVariance, and
ClusterProminence_All-Direction_offset1_SD) have
been implemented in a diagnostic predictive model
reaching high diagnostic yield (AUC: 0.84, sensitivity:
82.6%, specificity: 80.8%, and accuracy: 82.1%) (38).

© Digestive Medicine Research. All rights reserved.
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There results were in accordance with Park et 4/., (39)
who performed a retrospective study on 182 patients
and demonstrated radiomics features are a valid support
in distinguishing pancreatitis from pancreatic ductal
adenocarcinoma with an accuracy of 95.2%.

As shown by several studies, radiomics and texture
analysis may also play a role in pancreatic neuroendocrine
tumors (pNET) diagnosis and grading, as well as in the
differential diagnosis with neuroendocrine carcinoma
(NEC) (41-43). pNET and NEC are indeed two
pathologically different diseases requiring specific therapy.
Azoulay et al. combined morphological features and texture
analysis, demonstrating that NECs tend to be larger, less
dense, and more heterogenous than NETs, due to the
presence of hemorrhage (43).

Due to the paucity of similar investigations, larger
multicentric studies are mandatory to confirm and
strengthen these results; with the hope to combine a
cancer radiomic-signature in a multi-modality score, useful
for the optimal management of complex patients with
heterogeneous cancers.

Gastro-esophageal cancer

Gastric cancer is the third most common cause of cancer
death worldwide (17). Surgical resection is the main
therapeutic strategy; however, adjuvant treatments need to
be considered due to the high rate of recurrence (44,45).
Despite chemotherapy and initial high response rates, many
patients have still very poor prognosis (45,46); therefore, a
more accurate patient stratification able to better predict
outcomes and response to therapy is highly advisable, and
radiomics has good potential to serve this cause.

In a recent study Jiang et 4. evaluated whether radiomic
feature-based fluorine 18 (18F) fluorodeoxyglucose (FDG)
PET imaging signatures allows prediction of disease-free
survival (DFS) and OS in a total of 214 patients, analyzing
80 radiomic features for each patient (47). The DFS and OS
obtained with the radiomic model were significantly higher
(4.169 and 3.954, respectively; all P<0.001), concluding
that the radiomic signature may predict patients who could
benefit from specific chemotherapy.

Recently, Klaassen and colleagues investigated the
prediction of response to chemotherapy of liver metastases
in patients affected by esophagogastric cancer through a
radiomic RF model which extracted 370 radiomics features
per lesion from the pre-treatment CT examination (9,48).
The RF-model AUC was 0.79 for partial responders and
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0.87 for CRs, showing the potential value of this innovative
approach in patients affected by esophagogastric cancer.

In another study, Li et 4/. investigated the clinical
prognostic value of radiomics signature in 181 patients who
had undergone complete resection of gastric cancer (49).
The radiomics algorithm incorporating radiomic signature
and clinic-pathological risk factors (T stage, N stage,
and differentiation) outperformed clinical nomogram
and radiomic signature alone providing higher predictive
accuracy and showing potential for stratifying gastric cancer
patients into high-risk and low-risk groups, facilitating as
well personalized treatment of gastric cancer.

Lastly, radiomics may found application to differentiate
responder from non-responder. In a study conducted on
49 patients with esophageal cancer, Hou and colleagues
found that histogram kurtosis, histogram skewness,
GLSZM long-zone emphasis, and 2 Gabor transformed
parameters MSA-54 and MSE-54, (AUCs from 0.686 to
0.727), differentiated non-responders from responders by
means of an artificial neural network-derived prediction
model (50). Improved patient stratification is still a key task
for patients with gastro-esophageal cancer and radiomics is
showing promising application in this setting (51).

Gastrointestinal stromal tumor (GIST)

GISTs arise from Cajal interstitial cells and represent the
most common mesenchymal tumors in the gastrointestinal
tract (52,53), mostly found in the stomach (50-60%),
small intestines (20-30%), colon and rectum (10%), and
esophagus (5%). GISTs are clinically heterogeneous, and
preoperatively evaluating the biological behavior is crucial
for surgical decision-making (54,55). The evaluation of
the pre-operative risks is obtained by a comprehensive
evaluation of symptoms, tumor burden and CT.

Machine learning can integrate clinical factors, radiomics
feature, and CT images in order to comprehensively
assess and successfully support the preoperative clinical
management. Chen er 4. (56) reported a radiomics-
based prediction nomogram for patients with GISTs
investigating a total of 222 patients (130 patients in the
primary cohort and 92 patients in the external validation
cohort). A radiomics model was generated and resulted to
have an AUC of 0.867 in the primary cohort and 0.847 in
the external cohort, and in the entire cohort the AUC was
0.858. This radiomics monogram was able to predict the
malignancy of GISTS, proving to be a reliable tool for the
preoperative clinical decision-making process.

© Digestive Medicine Research. All rights reserved.
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By conducting a retrospective study on 333 patients,
Wang and colleagues aimed at building radiomics predictive
models based on contrast-enhanced CT to preoperatively
predict mitotic count and malignant potential of GISTs,
obtaining an AUC of 0.882 in the training set and an AUC
of 0.920 in the validation set, showing good predictive
performance and great potential for tailored clinical
decision-making process (57).

Additionally, Ning ez 4/. introduced a structure that
integrates radiomics and deep learning algorithms to classify

CT images of GISTS according to their malignancy (58).

Oncologic liver diseases

Primary liver cancers, such as hepatocellular carcinoma (HCC)
and intrahepatic cholangiocarcinoma (ICC), are among
the leading causes of cancer-related mortality worldwide
with 841,080 new cases of liver cancers in 2018 (17).
The development of radiomics and machine learning has
potential to identify non-invasive imaging biomarkers.

Several studies analyzed images aiming at extracting
predictive or prognostic quantitative information in HCC.
Kiryu et al. evaluated the role of HCC heterogeneity
on patient prognosis by examining the unenhanced CT
scans in 122 patients undergoing hepatectomy (59). The
investigators identified several texture features and reported
their impact on 5-year progression-free survival and OS.
A small proportion of these features were found to be
associated with survival, independently from other clinic-
pathologic variables; these results highlighted the potential
objective prognostic ability of these quantitative imaging
features.

Recently, a radiomics signature derived from texture
analysis was proposed to be a surrogate for microvascular
invasion (MVI) in HCC, prediction of patient survival, and
early recurrence in 215 patients (60). Twenty-one radiomics
features were chosen from 300 starting features and the
derived radiomics signature resulted to be a significant
predictor for early recurrence in HCC, outperforming
clinical variables alone for preoperative estimation of early
recurrence. Similarly, in another study, Hu er 4/. aimed
at developing an ultrasound-based radiomics score for
preoperative prediction of MVI in 482 patients affected by
HCC, who underwent contrast-enhanced ultrasound (61).
Alpha-fetoprotein, radiomics score, and tumor size have
been demonstrated independent predictors of MVI in
multivariate analysis; in addition, the radiomics nomogram
(based on these 3 factors) outperformed the clinical
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nomogram in the detection of MVI (AUC: 0.731 wvs. 0.634;
P=0.015), and in the decision curve analysis.

Radiomics analysis was also used to differentiate pathologic
grade. Another research group analyzed 46 patients who had
undergone contrast-enhanced MRI prior to tumor resection.
Low-grade HCCs had higher mean intensity and decreased
gray-level run-length non-uniformity in four directions.
These results indicate that internal heterogeneity could
represent an imaging feature related to high-grade HCC,
predicting its clinical prognosis (62). In addition, another
study group explored the CT-based radiomics data related to
crucial genomic information, such as doxorubicin-resistant
genes (TP53, TOP2A, CITNNBI1, CDKN2A, and AKTT), and
identified radiomics signatures that effectively differentiate
these chemo-resistant genes (63).

ICC is the second most common primary liver tumor
after HCC (64). Pre-operative ICC staging is routinely
achieved by contrast-enhanced CT. However, many
patients deemed resectable with CT are eventually found
to be unresectable during surgery, a condition known as
futile resection. In this regard, Chu et /. (65) constructed a
combined logistic model incorporating radiomics signature
and clinical risk factors for preoperative prediction of futile
resection in ICC, which outperformed the clinical model
in the prediction of futile resection (AUC of 0.804 wvs.
0.590). Ji et al. validated a radiomics nomogram related to
lymph node status and CA 19.9 in the prediction of nodal
metastases in patients with ICC. This nomogram provided
good diagnostic performances, especially in the subgroup of
patient with CT-reported negative lymph nodes (66).

Surgery is the treatment of choice for most patients with
resectable ICC, however, the postoperative prognosis is poor
due to the high incidence of recurrence and metastasis (67).
MVT is regarded as an effective predictor of recurrence
and poor OS in patients undergoing surgical resection of
ICC (68). Predicting MVI, through preoperative imaging
(CT and MRI), is essential to help physicians in choosing
the optimal treatment for the patient. In this regard, Zhou
et al. developed a radiomics signature based on dynamic
contrast-enhanced magnetic resonance imaging for
preoperative prediction of MVI in patients with massive
ICC. One hundred and twenty-six patients with surgically
resected massive ICC (34 MVI-positive and 92 MVI-
negative) were retrospectively enrolled for the study and
assigned to training and validation cohorts with a 7:3
ratio. The radiomic signature, composed of seven wavelet
features, obtained optimal prediction performance in both
training and validation cohorts (AUCs =0.873 and 0.850,
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respectively), proving to be a reliable imaging biomarker for
the prediction of MVI of ICC (69).

Another therapeutic strategy for ICC is trans-arterial
radioembolization; however, the efficacy of this therapy
depends on the architecture of the tumor (70). Mosconi
et al. (71) applied texture analysis to pre-operative CT,
demonstrating how ICCs most likely to be effectively
treated by trans-arterial radioembolization show higher
iodine uptake in the arterial phase and more homogeneous
distribution of texture parameters (lower kurtosis, GLCM
contrast, GLCM dissimilarity; higher GLCM homogeneity
and GLCM correlation).

Radiomics applied both to CT and MRI proved also
to be effective in differentiating HCC from ICC and
combined HCC-ICC (72). In particular, the best prediction
accuracy was obtained by histogram parameters applied
to ADC maps in association with LI-RADS (73). These
results might have significant clinical implications, since
the liver resection varies between combined HCC-ICC and
HCC (74); however, large prospective multicentric trial is
still required to further validate these findings.

Non-oncologic liver diseases

The potential benefit of radiomics in the evaluation of
non-oncologic liver diseases is under active investigation.
Liver biopsy remains the reference standard technique
in the diagnosis and staging of a wide range of liver
diseases; however, different imaging modalities are being
increasingly used in order to offer a valid non-invasive
alternative diagnostic option to the patient. Nonetheless,
all these techniques traditionally rely on subjective visual
assessment; therefore, just like biopsy, they are hampered by
interobserver variability. In this scenario, radiomics holds
promise to guarantee an objective assessment of various
liver diseases, ultimately guiding the clinical management
with a patient-tailored approach.

Liver fibrosis is the main determinant of morbidity and
mortality in patients with chronic liver disease (75). A timely
diagnosis and an accurate staging are the fundamental
preconditions for the therapeutical decision-making, in
order to prevent the progression to end-stage disease (76).
Nowadays, imaging and laboratory tests are often preferred
to biopsy in the diagnosis and follow-up of liver fibrosis,
owing to their non-invasiveness and the possibility of being
easily repeated during the course of the disease.

Morphologic and parenchymal changes related to fibrosis,

including surface nodularity, fibrotic septa and regenerative
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nodules, can be detected with conventional liver MRI;
however, its accuracy and reproducibility in multiclass
staging of liver fibrosis remains controversial (77,78).
In a recent publication, Park et al. (79) retrospectively
investigated the diagnostic yield of a model based on
radiomics features derived from gadoxetic acid-enhanced
hepatobiliary phase MRI datasets in differentiating between
FO-F2 liver fibrosis and advanced fibrosis (F3-F4) or
cirrhosis (F4), using liver biopsy as reference standard.
After being validated in a development cohort, the model
has been tested to calculate the radiomics fibrosis index in a
population of 107 patients with pathologically proven liver
fibrosis, showing high accuracy for liver fibrosis staging,
outperforming both conventional MRI and serum markers,
such as the aspartate transaminase-to-platelet ratio index
and the fibrosis-4 index. Notably, the authors demonstrated
an excellent inter-reader agreement for the radiomics
fibrosis index, suggesting its promising role as non-invasive
biomarker for chronic liver disease evaluation.

In recent years, encouraging results have also been
obtained by applying radiomics to other imaging modalities
for the study of liver fibrosis. Naganawa ez a/. (80)
developed a model to predict the presence of nonalcoholic
steatohepatitis (NASH) by using parameters extracted
from texture analysis of unenhanced CT images. Authors
reported that the model is able to effectively predict the
presence of NASH in patients without suspicion of liver
fibrosis, namely patients with normal levels of serum
hyaluronic acid, with an accuracy of 92% in the validation
dataset. On the other hand, however, texture analysis
showed only mediocre results in predicting NASH in
patients with liver fibrosis.

Two-dimensional shear wave elastography (2D-SWE)
is an emerging US technique that allows the real-time
measurements of liver stiffness and has a growing use
in the assessment of liver fibrosis. However, several
previously published studies exhibited broad variability of
cut-off values for staging liver fibrosis (81,82). In a recent
prospective multicenter study (83), Wang et 4l. evaluated
the performance of a newly developed deep learning
radiomics model of 2D-SWE for the staging of liver fibrosis
in a cohort of patients with chronic hepatitis B, compared
to liver stiffness measurement and serum biomarkers.
Radiomics demonstrated results comparable to those of
liver biopsy, and performed significantly better than other
techniques, with an area under the ROC curve of 0.98
for advanced fibrosis and of 0.97 for cirrhosis. Moreover,
radiomics analysis showed no substantial variation in its

© Digestive Medicine Research. All rights reserved.
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performance, provided that a sufficient number of 2D-SWE
images were obtained during the training of the deep
learning method.

In addition to the evaluation of liver fibrosis, radiomics
analysis can be applied in patient with chronic liver disease
to detect clinically significant portal hypertension, which is
associated with severe complications such as portal systemic
encephalopathy and bleeding esophageal varices. This
approach is particularly enticing when invasive methods
such as hepatic venous pressure gradient measurement, are
not feasible.

Inflammatory bowel disease

Crohn’s disease is the most representative among
inflammatory bowel diseases and is routinely assessed
with MRI enterography, that significantly correlates with
endoscopic and histologic findings (84). In fact, this imaging
technique effectively evaluates mural bowel involvement
(including mural thickness, contrast enhancement, and
bowel morphologic irregularities) and assesses disease
activity and potential complications, such as entero-enteric
fistula, bowel obstruction, and transmural bowel fibrosis. As
aforementioned, texture analysis has the intrinsic potential
to quantify image heterogeneity of a tissue not assessable
by human eye (85). Few authors started to apply this
approach to inflammatory bowel disease, aiming at assessing
ultrastructural tissue changes appreciable in active disease
or in treatment response. Makanyanga and colleagues (86)
retrospectively examined sixteen patients that underwent
MRI enterography with diagnosis of Crohn’s disease before
ileal resection. Small region of interests were placed on
T2-weighted images and compared with the same region
observed in the gross specimen and assessed with acute
inflammatory scores (AIS) by the pathologist. In addition,
MRI activity (including mural thickness, T2 signal, T'1
enhancement) was scored with Crohn disease activity
score (CDAS) and then correlated with other regions of
interest (ROIs). Results showed significant correlation of
skewness with AIS, while entropy and kurtosis showed
significant correlation with CDAS. Moreover, entropy
and mean showed significant association with T2 signal,
as well as MPP correlated with mural thickness. Despite
the small sample size, obtained data are encouraging and
a larger patient cohort might be advisable to confirm the
results. Perhaps, the most likely role of texture analysis
in Crohn’s disease could be an objective non-invasive
imaging biomarker of treatment response: for instance,
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measurable changes in skewness could act as a biomarker
for reduced histological inflammation. Another interesting
study proposed by Bhatnagar er a/. (87) investigated the
possible correlation, in patients affected by Crohn’s disease,
between texture analysis and histological markers of hypoxia
and angiogenesis. Seven patients who had undergone
preoperative MRI enterography, were retrospectively
analyzed with texture analysis placing transmural ROIs on
post-contrast T'1 weighted images in the ileal segments
planned to be surgically removed. Histological reports of
the resected bowel segments also analyzed microvessel
density (MVD), staining for markers of hypoxia (HIF-1a),
and angiogenesis (VEGF), essential for the estimation
of disease activity. These parameters were subsequently
compared with texture analysis and results showed a
significant opposite correlation of mean, standard deviation
and mean of positive pixels in specimen expressing VEGE.
Additionally, a significant correlation was reported between
skewness and MVD. These results sound promising for
the possible future idea to apply texture parameters in
the assessment of disease activity and, in case of medical
therapy, to use them for response to therapy assessment.
"This possibility might avoid invasive procedures and enable
the possibility to study the entire bowel in a single MRI
examination. This notwithstanding, larger multi-centric
studies are mandatory to obtain more results on larger patient
cohorts and to explore whether texture analysis might also
predict the response to treatment before the beginning of the
therapy also in inflammatory bowel diseases.

Limitations

Although research in radiomics has gained momentum in
recent years, some limitation should be addressed. The
major limitation is the reproducibility of the multitude of
imaging-derived signatures offered by radiomics, which
is critical for its dissemination in clinical practice (88).
The lack of reproducibility derives from differences in
fixed steps involved in radiomics, such as image acquisition,
segmentation, feature extraction, and selection; such
differences hamper the reproducibility of results not only in
multicenter studies but also in single-center investigations (89).
Several phantom studies have shown how changing
acquisition and reconstruction settings, such as the
reconstruction algorithm, reconstruction kernel, and
tube current, can reduce the percentage of reproducible
radiomic features up to 43% (89). In particular, section
thickness is the parameter having the deepest impact on
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radiomics features reproducibility. On the other hand,
the radiomic features most affected by CT reconstruction
settings are texture and intensity categories (including mean
attenuation), while radiomic features related to i shape (such
as maximum volume and axial diameter) are unaffected.
Therefore, a thorough selection of radiomic features, with
or without empirical correction factors, should be used to
overcome these limitations (90).

Finally, to increase the reproducibility of radiomics
features and make them applicable to radiology practice, it
is necessary to improve the level of evidence of radiomics
studies by increasing the sample size, including both positive
and negative results, and ensuring the presence of external
validation. In addition, is essential to involve properly trained
staff members in radiomics studies and the use of open-access
feature extraction software is advisable (88).

Conclusions

Radiomics presents itself as a quantitative tool potentially
playing a central role in medicine, due to the growing need
for a personalized patient treatment. Its integration with
clinical data, pathological results, and molecular data may
ultimately allow for timely and accurate diagnosis, optimal
treatment strategy, and early prediction of outcomes.
Several applications are currently under investigation in
the field of oncological and inflammatory gastrointestinal
imaging, with promising results; nevertheless, efforts should
be made to strengthen its applicability by implementing
strategies to improve its reproducibility.
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