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Purpose: To evaluate the value of CT-based radiomics signature for diﬀerentiating Borrmann type IV gastric
cancer (GC) from primary gastric lymphoma (PGL).
Materials and methods: 40 patients with Borrmann type IV GC and 30 patients with PGL were retrospectively
recruited. 485 radiomics features were extracted and selected from the portal venous CT images to build a
radiomics signature. Subjective CT ﬁndings, including gastric wall peristalsis, perigastric fat inﬁltration,
lymphadenopathy below the renal hila and enhancement pattern, were assessed to construct a subjective
ﬁndings model. The radiomics signature, subjective CT ﬁndings, age and gender were integrated into a combined
model by multivariate analysis. The diagnostic performance of these three models was assessed with receiver
operating characteristics curves (ROC) and were compared using DeLong test.
Results: The subjective ﬁndings model, the radiomics signature and the combined model showed a diagnostic
accuracy of 81.43% (AUC [area under the curve], 0.806; 95% CI [conﬁdence interval]: 0.696–0.917; sensitivity,
63.33%; speciﬁcity, 95.00%), 84.29% (AUC, 0.886 [95% CI: 0.809–0.963]; sensitivity, 86.67%; speciﬁcity,
82.50%), 87.14% (AUC, 0.903 [95%CI: 0.831–0.975]; sensitivity, 70.00%; speciﬁcity, 100%), respectively.
There were no signiﬁcant diﬀerences in AUC among these three models (P = 0.051–0.422).
Conclusion: Radiomics analysis has the potential to accurately diﬀerentiate Borrmann type IV GC from PGL.

1. Introduction
The two most common gastric malignancies gastric cancer (GC) and
primary gastric lymphoma (PGL) have markedly diﬀerent management
strategies, and the latter has a better prognosis [1]. Unlike GC, radiation
or chemotherapy alone might be the best option for advanced PGL [2].
Thus, accurate diﬀerentiation of GC from PGL is important for
determining the therapeutic strategy.
Endoscopic biopsies are generally thought to provide a reliable
diagnosis. However, some reports have revealed that the yield is
especially poor for the detection of lesions located predominantly in

⁎

the submucosa, in which high false-negative rate can occur in the initial
endoscopy/biopsy results, especially in the diagnosis of Borrmann type
IV GC and PGL [1,3]. Although endoscopic ultrasound can reduce the
misdiagnosis rate, a large and deep biopsy may produce a risk of
perforation [4].
In clinical practice, noninvasive imaging modalities play an important role in the diagnosis and staging of gastric malignancies [5].
However, the diﬀerentiation of Borrmann type IV GC from PGL remains
a diagnostic dilemma for radiologists [2,6]. Although some studies
supported the utility of 18F-ﬂuorodeoxyglucose positron emission
tomography (18F-FDG PET)/computed tomography (CT) for distin-
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Fig. 1. Transverse CT scans in a 45-year-old man with Borrmann type IV AGC. A–C, Triple-phase contrast-enhanced images show thickened gastric wall with gradual inner to outer good
transmural enhancement (Type A) from arterial to delayed phase. Perigastric fat planes are well maintained.

the entire stomach region, were acquired during a breath-hold with the
patient supine in all of the phases. The imaging parameters were as
follows: 120 kVp; 130 mAs; rotation time, 0.5 s; detector collimation,
64 × 0.625 mm or 8 × 0.625 mm; ﬁeld of view, 350 × 350 mm;
matrix, 512 × 512; and reconstruction section thickness, 1.25 mm.
Following a non-contrast enhanced CT, a contrast-enhanced CT was
performed 25–30 s (arterial phase), 60 s (portal phase) and 180 s
(delayed phase) after an infusion of 1.5 ml/kg of the iodinated contrast
material (Ultravist 370, Bayer Schering Pharma, Berlin, Germany) with
a pump injector (Ulrich CT Plus 150, Ulrich Medical, Ulm, Germany) at
a rate of 3.5 ml/s into the antecubital vein.

guishing GC from PGL [1,7], other studies proposed that its use in
patients with indolent lymphomas should not be recommended due to
their absence of FDG uptake [8,9]. CT is a common pretreatment
examination for gastric malignancies [10], but it cannot reliably
diﬀerentiate Borrmann type IV GC from PGL based on lesion distribution, wall thickness, and enhancement pattern, etc. [1,5].
Recently, the emerging ﬁeld of radiomics has expanded its utilization and improved the understanding of imaging [11,12]. Radiomics is
the process of extracting quantitative features from radiological images
via a high-throughput analysis and selecting features to build a
signature for a complete characterization of the tumours [13–15]. To
the best of our knowledge, only one study [16] has explored a texturebased classiﬁcation of diﬀerent gastric tumours. However, this study
only included 8 patients with PGL, and the results were obtained based
on a 2-dimensional (2D) analysis, which may not provide a comprehensive view of the whole tumour.
Previous research has shown that radiomics can be a useful tool for
diﬀerentiating fat-poor renal angiomyolipoma from renal cell carcinoma [17] and for diﬀerentiating prostate cancer from benign prostate
tissue [18]. We hypothesized that radiomics could potentially add
valuable information to diﬀerentiate Borrmann type IV GC from PGL by
capturing more features beyond a visual interpretation. Therefore, we
conducted this study to evaluate the value of a CT-based radiomics
signature for diﬀerentiating Borrmann type IV GC from PGL.

2.3. Subjective CT ﬁndings evaluation
The subjective CT ﬁndings for each patient were independently
evaluated and recorded in a blinded manner by two radiologists with 10
(Reader 1) and 8 years (Reader 2) of experience in the interpretation of
abdominal CT. Inter-reader variability was evaluated. For the cases
with a discrepancy in the subjective evaluation between the two
readers, these were jointly reviewed by the two readers to reach a
consensus for further analysis.
For imaging review, we ﬁrst determined whether normal peristalsis
of gastric wall during the period of scanning was present [22]. Second,
we determined whether perigastric fat inﬁltration was present, which
was deﬁned as the outer gastric surface around the lesion exhibiting a
lack of a clear perigastric fat plane [23]. Third, we deﬁned lymphadenopathy below the renal hila as one of the short-axis diameters of the
lymph nodes being larger than 8 mm in the corresponding region [23].
Additionally, we categorized the enhancement patterns into two types:
Type A, a good gradual transmural tumour enhancement from the
arterial to the delayed phase with thickened mucosal and submucosal
layers and Type B, except the enhancement pattern of Type A [5].
Examples of these CT features were shown in Figs. 1 and 2.

2. Materials and methods
2.1. Patients
This retrospective study was approved by the institutional review
board of our hospital, and informed consent was waived. From January
2011 to March 2016, 589 consecutive patients were pathologically
diagnosed as PGL or Borrmann type IV AGC (advanced gastric cancer)
in our hospital. The diagnosis of PGL was based on the fourth edition of
the “WHO Classiﬁcation of Tumours of Haematopoietic and Lymphoid
tissues” [19]. The Borrmann classiﬁcation was determined by the
Japanese classiﬁcation of AGC, according to the gross morphology of
the pathology or operation data [20]. We excluded patients who did not
have a pretreatment multiphasic dynamic CT in our hospital (n = 394);
who with so unsatisfactory gastric distention that made it diﬃcult to
segment the tumour (n = 72); who with apparent distant metastases in
AGC (n = 53), owing to its distant organ metastasis and metastatic
lymphadenopathy were classically described as heterogeneous ringenhancement, as well as the presence of peritoneal seeding, could be
distinguished from PGL obviously [21].

2.4. Tumour imaging segmentation
To obtain the volume of interest (VOI) for further radiomics
analysis, a manual segmentation was conducted with 3D Slicer software
(version 4.3, http://www.slicer.org) on the portal venous contrastenhanced CT images (thickness: 1.25 mm). The VOIs of the patients
were contoured on the 2D image slices to include the entire tumour
volume approximated by the two readers. Reader 1 performed tumours
segmentations in all 70 patients, and Reader 2 performed tumours
segmentations in 30 patients who were randomly selected from this
cohort to assess inter-reader agreement of the radiomics analysis. We
selected CT images on the portal venous phase for the tumour radiomics
analysis because most of the gastric tumours had signiﬁcantly enhanced
tumour parts in this phase [10]. Contouring was drawn slightly within
the borders of the tumour masses to avoid including adjacent air or fat
[17]. The corresponding sagittal and coronal planes of the tumours
could also be referenced when the lesion was ambiguous to be deﬁned
in the axial plane. An example of the manual segmentation was
presented in Fig. 3.

2.2. CT image acquisition
All of the patients fasted for at least 5 h and were encouraged to
drink 600–1000 ml water 30 min before the CT examination. CT was
performed using a 64-channel (LightSpeed VCT, GE Healthcare,
Milwaukee, WI) or an 8-channel multidetector CT scanner
(Lightspeed Ultra, GE Healthcare, Hino, Japan). The CT scans, covering
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Fig. 2. A 37-year-old female with primary gastric lymphoma. Diﬀuse wall thickening is presented from the body to the antrum on the same axial slice in the three contrast-enhanced
phases. Gastric wall peristalsis is observed during the period of scanning (A–C). Perigastric fat planes are well maintained.

2.5. Radiomics feature extraction

Table 1
Formulas used to calculate the Additional Modiﬁed Features.

The radiomics feature set used in this study contained 485 3D
features, which contained 431 features from the study of Aerts et al.
[11] and 54 additional modiﬁed phenotypic features designed and
obtained by our group. The radiomics features can be divided into four
groups: (I) ﬁrst order statistics, (II) shape and size based features
(including tumour volume), (III) texture features, (IV) wavelet features.
Their extraction was performed in MATLAB 2014a (Mathworks, Natick,
MA, USA). The additional modiﬁed features were described in Table 1.

Feature

Group

Formula

Standard Entropy

First order
statistics

Nl
⎛ P (i ) ⎞
⎛ P (i ) ⎞
entropy = − ∑ ⎜
⎟ log ⎜
⎟
⎝ N ⎠ 2⎝ N ⎠

Mass

First order
statistics
First order
statistics

The sum intensity value of X

i =1

Standard
uniformity

Nl

standarduniformity =

∑
i =1

Mean

3. Statistical analysis
Energy

3.1. Demographic characteristic of the patients

GLRLM-based
features
GLRLM-based
features

N

Mean =

N

g
r p (i , j
∑i =1
∑ j =1

Nr

Entropy

GLRLM-based
features

p (i , j θ ) 2

∑ ∑
i =1

The diﬀerences in the age and gender between the two groups were
assessed using an independent sample t-test and a Chi-square test,
respectively.

θ)

Ng Nr
Ng

Energy =

⎛ P (i ) ⎞ 2
⎜
⎟
⎝ N ⎠

j =1

Ng

Nr

Entropy = − ∑

∑

i =1

j =1

p (i, j θ )log2 p (i, j θ )

Note.-X indicates the three dimensional image matrix with N voxels. P indicates the ﬁrst
order histogram divided by Nl discrete intensity levels. p(i, j|θ) indicates the (i, j ) th entry
in the given run-length matrix p for a direction θ. Ng is the number of discrete intensity
values in the image. Nr is the number of diﬀerent run lengths. Np is the number of voxels
in the image. As the three dimensional wavelet transform decomposes the original image
into 8 decompositions and for each decomposition we computed the 6 features above,
there are in total 54 additional modiﬁed phenotypic features in our study.

3.2. Inter-reader agreement of the subjective ﬁndings evaluation and the
radiomics features extraction
The inter-reader agreement of the evaluation of the subjective CT
ﬁndings for all 70 patients was assessed with kappa statistics. A kappa
value of 0.00–0.20 indicates poor agreement, 0.21–0.40 is fair,
0.41–0.60 is moderate, 0.61–0.80 is good, and 0.81–1.00 is excellent
[10].
To estimate the reproducibility of the radiomics features extracted
by the two radiologists from the independent segmentations of the CT
images of 30 patients, the interclass correlation coeﬃcient (ICC) was
used. An ICC greater than 0.75 is regarded as being in good agreement
[24].

Fisher’s exact test, where appropriate. Subjective CT ﬁndings were
combined to build the subjective ﬁndings model by multivariate logistic
regression analysis, using the signiﬁcant variables from the univariate
analysis as inputs.
3.4. Radiomics feature selection and radiomics signature building
A Mann-Whitney U test was used to compare the value of each
radiomics feature for the diﬀerentiation of Bormann type IV GC from
PGL. The radiomics features, which met the criteria of being signiﬁcantly diﬀerent between the two groups and having an ICC greater than
0.75, were entered into the least absolute shrinkage and selection

3.3. Subjective ﬁndings model building
The diﬀerences in the subjective CT ﬁndings mentioned above
between the two groups were analyzed using a Chi-square test or the

Fig. 3. An example of the manual segmentation in Borrmann type IV AGC. Diﬀusely inﬁltrating mass with heterogeneous enhancement is observed from the body to the distal antrum on
the portal venous phase CT image (A). Manual segmentation on the same axial slice (B). 3D volumetric reconstructions of the tumour generated from 3D Slicer (C).
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operator (LASSO) logistic regression model to select the most valuable
features which is commonly applied in the regression of high-dimensional data [13,14,25]. The radiomics signature of each patient was
built based on the LASSO-selected radiomics features and their
respective coeﬃcients. Borrmann type IV GC and PGL were entered
into the model as 0 and 1, respectively. Diﬀerence in the radiomics
signature between the two groups was analyzed by Mann-Whitney U
test.

Table 2
Comparison of the Subjective CT Findings between Borrmann type IV GC and PGL
(n = 70).
Subjective CT ﬁndings

3.5. Development of the combined model incorporating with the independent
pretreatment indicators
A prediction model integrating with the independent pretreatment
indicators, which was referred as the combined model, was built with
multivariable logistic regression analysis using the signiﬁcant predictors from the univariate analysis as inputs. The likelihood ratio test with
Akaike’s information criterion was used as the stopping rule for a
backward step-wise selection. The radiomics signature was entered into
the logistic regression model as continuous variables, and the others
were entered into the regression model as binary variables.

Borrmann type IV
GC

PGL

P Value

Gastric wall peristalsis
Present
Absent

15 (37.5)
25 (62.5)

22 (73.3)
8 (26.7)

0.006

Perigastric fat inﬁltration
Present
Absent

21 (52.5)
19 (47.5)

10 (33.3)
20 (66.7)

0.176

Lymphadenopathy below the renal
hila
Present
Absent

2 (5)
38 (95)

6 (20)
24 (80)

0.116

Enhancement pattern
Type A
Type B

28 (70)
12 (30)

7 (23.3)
23 (76.7)

< 0.001

Note.-Numbers in parentheses are percentages. GC: gastric cancer. PGL: primary gastric
lymphoma. Type A means good gradually transmural tumour enhancement from arterial
to delayed phase with thickened mucosal and submucosal layers; Type B refers to the
enhancement pattern except Type A.

3.6. Diagnostic performance and inter-comparison of the subjective ﬁndings
model, the radiomics signature and the combined model

(95% CI: 0.743–0.912).
Receiver operating curve (ROC) analysis was performed to determine the diagnostic performance of the subjective ﬁndings model,
radiomics signature and the combined model with respect to the area
under the curve (AUC), the sensitivity, the speciﬁcity and the accuracy.
The cutoﬀ value was selected to maximize the sum of the sensitivity and
speciﬁcity values.
The classiﬁcation generalizability and the performance of these
models were evaluated by using a 7-fold cross-validation [26]. The
diﬀerences in the AUC between the models were assessed using the
Delong test [27].
All of the statistical computations and graphics were obtained in R
3.0.1 (http://www.Rproject.org). The LASSO logistic regression was
performed using the “glmnet” package. The tests were two-tailed, and a
value of P < 0.05 was considered statistically signiﬁcant.

4.3. Subjective ﬁndings model building
Absence of gastric wall peristalsis and the enhancement pattern of
the Type A were signiﬁcantly associated with Borrmann type IV GC
(P = 0.006 and P < 0.001, respectively). With regard to perigastric fat
inﬁltration and lymphadenopathy below the renal hila, there were no
signiﬁcant diﬀerences between Borrmann type IV GC and PGL
(Table 2).
With multiple logistic regression analysis, gastric wall peristalsis
(Odds ratio [OR], 0.206; 95% CI: 0.064,0.663) and the enhancement
pattern (OR, 8.023; 95% CI: 2.495, 25.798) proved to be independent
predictors in the subjective ﬁndings model.
4.4. Radiomics feature selection, radiomics signature building

4. Results

A total of 183 radiomics signatures showed signiﬁcant diﬀerences
between Borrmann type IV GC and PGL (p = 0.00001–0.05), of which,
178 features with ICCs greater than 0.75 were entered into the LASSO
logistic regression model to select the most valuable features. Tumour
volume showed no signiﬁcant diﬀerence between these two tumours
and was not entered into the model. Finally, the radiomics signature
was built using two features: [1] ﬁrst order statistics − root_mean_square, which tends to emphasize the regions with high intensity levels;
[2] HLH_GLCM (gray-level co-occurrence matrix) − sum_variance,
which tends to emphasize the intensity patterns in the image. The
radiomics signature score (Rad-score) was calculated using the following formula:

4.1. Demographic characteristics of the patients
The patient cohort included 40 Borrmann type IV GC patients (13
males and 27 females; mean age, 57.38 ± 11.10 years; range, 38–84
years) and 30 PGL patients (19 males and 11 females; mean age,
55.23 ± 12.65 years; range, 24–85 years).
There was no signiﬁcant diﬀerence in age between the two groups
(P = 0.680), whereas gender was signiﬁcantly diﬀerent between the
two groups (P = 0.010).
4.2. Inter-reader agreement of the subjective CT ﬁndings evaluation and the
radiomics features extraction

Rad − score = −8.070114381 − 0.005793309 × fosrootmeansquare
The enhancement pattern showed excellent agreement, with a
kappa value of 0.886 (95% CI [conﬁdence interval]: 0.790–0.941).
Evaluation of gastric wall peristalsis and lymphadenopathy below the
renal hila showed good agreement, with kappa values of 0.798 (95%
CI:0.689–0.875) and 0.718 (95% CI: 0.603–0.810), respectively.
Perigastric fat inﬁltration showed moderate agreement, with a kappa
value of 0.421 (95% CI: 0.313–0.538).
Of the 485 extracted radiomics features, 439 were demonstrated to
have a good inter-reader agreement, with ICCs from 0.751 to 0.999,
whereas 46 radiomics features had ICCs lower than 0.75 (range:
0.014–0.743). Note that as one of the radiomics features, tumour
volumes showed a good inter-reader agreement with an ICC of 0.845

+ 0.028721177 × HLHGLCMsumvariance
The Rad-score showed statistically signiﬁcant diﬀerences between
Borrmann type IV GC and PGL (median GC: −0.389, interquartile
range: [−0.432,−0.320]; median PGL: −0.187, interquartile range:
[−0.273,−0.045]; P < 0.001).
4.5. Combined model building
The signiﬁcant predictors in the univariate analysis, including
gender, gastric wall peristalsis and enhancement pattern and radiomics
signature, were entered into the multivariate analysis to build the
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Table 3
Multivariate Analysis of the Parameters in Distinguishing Borrmann Type IV GC from
PGL.
Parameter

β

Odds Ratio (95% CI)

P

Intercept
Radiomics signature
Absence of Gastric wall
peristalsis

4.812
15.208
−1.656

–
31.079 (5.597–172.590)
0.191 (0.045–0.818)

< 0.001
< 0.001
0.026

Note.-β: the regression coeﬃcient. CI: conﬁdence interval. GC: gastric cancer. PGL:
primary gastric lymphoma.

combined model. Finally, the radiomics signature and gastric wall
peristalsis were identiﬁed as independent indicators (Table 3).
4.6. Diagnostic performance and inter-comparison of the subjective ﬁndings
model, radiomics signature and the combined model
Diagnostic performance for each model was summarized in Table 4.
The subjective ﬁndings model showed relatively lower AUC, sensitivity,
and accuracy compared to that of the radiomics signature and the
combined model. Radiomics signature demonstrated both high sensitivity and speciﬁcity (86.67% and 82.50%). Additionally, the combined
model achieved a highest AUC (0.903) and an excellent speciﬁcity
(100%). ROC curves of these three models were shown in Fig. 4.
However, there were no signiﬁcant diﬀerences in AUC among these
three models (the subjective ﬁndings model vs the radiomics signature,
P = 0.188; the subjective ﬁndings model vs the combined model,
P = 0.051; the radiomics signature vs the combined model, P = 0.422).
The cross-validation AUC achieved with each model were listed in
Table 4. Delong test showed diﬀerences in AUC through pairwise
comparison were not statistically signiﬁcant (P = 0.065–0.279).

Fig. 4. Receiver operating characteristic (ROC) curves for the radiomics signature (red
solid line), the subjective ﬁndings model (purple dashed line) and the combined model
(blue solid line) in the diﬀerentiation of Borrmann type IV gastric cancer from primary
gastric lymphoma. The solid dots represent the optimal cutoﬀ values for the discrimination. The area under the curve (AUC) and 95% conﬁdence inverval (CI) for the models are
shown in the lower right corner of the ﬁgure.

three models through pairwise comparison, radiomics analysis remains
a useful complimentary non-invasive tool in clinical practice. First, in
this study, the combined model incorporating the radiomics signature
and the subjective CT ﬁndings achieved a speciﬁcity of 100%, which
indicated an excellent correct diagnosis rate of Borrmann type IV GC.
Second, as a computer-aided and quantitative biomarker, the radiomics
signature could help less experienced radiologists and minimize interobserver variability in imaging diagnosis. In addition, radiomics
analysis is performed on existing images without additional cost and
thus has the potential for broader clinical use.
The false-negative endoscopic ﬁndings for PGL and Borrmann type
IV GC could be attributed to sampling errors because these lesions are
easy to misdiagnose when the biopsies sample only the surface tissue
[30]. Though CT-based volumetric radiomics analysis is not expected to
replace pathological diagnosis, as a noninvasive approach to provide a
complete characterization of the tumour [28], it may improve the
diﬀerentiation of Borrmann type IV GC from PGL when sampling is
inconclusive.
Our study has some complementary points compared with other
studies. First, this study is the ﬁrst to use 3D radiomics features to
distinguish submucosal malignancies that occur in the stomach.
Previous studies have shown that 3D features improved the discrimina-

5. Discussion
In this study, we developed a pretreatment CT-based radiomics
signature to distinguish Borrmann type IV GC from PGL with a
satisfactory discriminatory performance. Our results indicated that
radiomics analysis is a potentially useful adjunct for distinguishing
these two malignancies.
Radiomics, which appears to oﬀer robust imaging biomarkers and
epitomizes the pursuit of precision medicine, has attracted increased
attention in recent years [28]. Previous research has showed its
potential capacity to capture useful information and to increase the
diagnostic and prognostic power [13,14,17,18,29]. Currently, the
practice of identifying tumours as VOIs and extracting radiomics
features from them has been regarded as the core of radiology in
oncology [28]. Our study demonstrated the potential for a volumetric
CT-based radiomics signature to act as a reproducible imaging marker
for an accurate diﬀerentiation of Borrmann type IV GC from PGL.
Though there were no signiﬁcant diﬀerences in AUC between the

Table 4
Diagnostic Performance of Subjective Findings Model, the Radiomics Signature and the Combined Model.
Model

Cutoﬀ

AUC
(95% CI)

Sensitivitya

Speciﬁcitya

Accuracya

Cross-validated AUCb (95% CI)

Subjective
Findings model
Radiomics Signature

0.622

63.33
(19/30)
86.67 (26/30)

0.748 (0.626−0.873)

84.29 (59/70)

0.827 (0.726−0.928)

0.690

95.00
(38/40)
82.50
(33/40)
100.00
(40/40)

81.43 (57/70)

Combined model

0.806
(0.696–0.917)
0.886
(0.809–0.963)
0.903
(0.831–0.975)

87.14 (61/70)

0.863 (0.773−0.953)

−0.289

70.00
(21/30)

Note.-CI: conﬁdence interval.
a
Numbers in parentheses were used to calculate percentages.
b
AUC of the models after 7-fold cross-validation.
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tion accuracy compared with using 2D features [31–33] because the
former takes all of the available slices into consideration and provides
abundant information. Second, we extracted the features from the
contrast-enhanced CT images rather than the non-enhanced CT images,
which achieved an improved visualization of the tumour and revealed
enhancement heterogeneity. Third, because the biomarkers should be
robust and validated, the extracted features were prioritized according
to their reproducibility, and only features with an ICC greater than 0.75
were selected for further analysis.
However, there were some limitations to this study. First, as a casecontrol study, diagnostic accuracy is overestimated, thus, prospective
and external validation studies are required. Second, segmentation of
the tumours with indistinct borders is challenging and contentious,
though volumetric measurement of the segmented tumours showed
good inter-reader agreement, we didn’t compare the diﬀerence in the
measurement of segmented area. Incorporating these two methods will
improve evaluation of the reproducibility of segmentation [12,28].
Third, it is not yet known whether other phases, such as the arterial
phase, can be used to diﬀerentiate these two gastric malignancies.
Therefore, further studies are necessary to address this point. In
addition, although our study highlight the potential of a radiomics
signature to achieve an accurate diagnosis, the biologic radiomicspathology correlations have yet to be identiﬁed in published studies.
Clearly, further work is needed to better understand the potential
mechanism.
In conclusion, we presented a CT-based radiomics signature for
distinguishing Borrmann type IV GC from PGL, which is discriminative
to yield good diagnostic accuracy. As a more objective alternative to the
visible CT ﬁndings, quantitative radiomics analysis would be a complimentary tool to add the radiologist’s arsenal.
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