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-is study aimed to explore the application value of computed tomography (CT) imaging radiomics based on a sinogram-affirmed
iterative reconstruction algorithm (SAFIRE) in the diagnosis of gastric cancer. 59 patients who were clinically diagnosed with
gastric cancer were selected as research objects and arranged CT examinations. -e images obtained were optimized by the
SAFIRE for the staging of gastric cancer. -e pathological biopsy results were used as the gold standard to evaluate its diagnostic
effect and compared with the filtered back-projection (FBP) method. -e results showed that the carrier-to-noise ratio (CNR)
(0.979) and signal-to-noise ratio (SNR) (0.967) of the CT image after the algorithm processing were significantly higher than those
(0.781, 0.744) before (P< 0.05). -ere was no significant difference in CT values between the FBP algorithm and S1, S2, and S3
(P> 0.05); the area under the curve (AUC) (0.999) and sensitivity (0.98) of the CT training group under the SAFIRE algorithm for
gastric cancer classification were higher than those of the verification group (0.958, 0.92).-e preoperative CTstaging kappa value
was consistent with the postoperative pathological diagnosis of 0.882. CT images guided by SAFIRE can objectively and
noninvasively assess the tumor asymmetry, discover additional information from subjective evaluation beyond the naked eye, and
perform reasonable staging diagnosis of gastric cancer, which was useful for clinicians to develop high-quality individualized
treatment plans.

1. Introduction

Gastric cancer is a common disease with high morbidity and
mortality in China, which is common in the gastrointestinal
tract and primary malignant tumors. East Asia is an area
with high incidence of occult, and endoscopic screening is
not yet widespread in China. -e discovery was late, and the
prognosis was poor [1, 2]. -ere are a variety of factors that
affect the outcome of patients. -e degree of histological
differentiation is an important factor. -e lower the degree
of differentiation, the higher the degree of malignancy, and
the worse the prognosis. Decourcy et al. found that gastric
cancer with different degrees of differentiation had different
biological behavior and chemotherapy sensitivity. -e
symptoms of early gastric cancer are not obvious. -e ex-
cision rate of early gastric cancer is high, up to 90%. Once in

the late stage, it develops rapidly. At present, surgical re-
section is the main treatment for gastric cancer [3–5].
Radical surgery and palliative surgery are the main methods
of surgery. Radical surgery is the main treatment for early
gastric cancer. Palliative surgery is adopted when the tumor
cannot be completely excised in advanced gastric cancer.-e
choice of business scope and business mode has a great
impact on the life of patients because the stomach plays a
very important role in the entire digestive system. In ad-
dition to the production of gastric juice and digestive en-
zymes, there are many kinds of internal factors such as the
secretion of functional cells and parietal cells, which are
important factors in the production of red blood cells [6, 7].
-e choice of operating range may affect the blood system.
-erefore, the early diagnosis of gastric cancer and the extent
of tumor resection are very important.
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Computerized tomography (CT) is a common method for
detecting gastric cancer [8]. It is very important to reduce the
dose of radiation received by patients. At present, the main
ways to reduce radiation dose include reducing tube voltage,
tube current, increasing pitch, and reducing scanning times.
Using low tube voltage scanning can improve the definition of
iodine with high resolution [9]. Compared with traditional
single-energy CT, dual-source CT scanning can obtain data
and image fusion information under different voltages. -e
vast majority of patients with gastric lesions often require
gastroscopy [10–12]. -e gastrointestinal mucosa can be di-
rectly observed. At the same time, some diseased tissue and
cells can be removed. However, due to different growth pat-
terns and irregular tumor morphology, gastroscopy may reveal
ulcers and erosion, and there is limited pathologic material to
evaluate tumor and biological behavior as a whole.

Original data iterative reconstruction algorithm sinogram
iterative reconstruction algorithm (SAFIRE) is based on
original data [13–15]. By iterating in projected data space and
image space, the original data is repeatedly inserted for it-
erative reconstruction. -e purpose is to reduce the noise of
the image and to maintain the sharpness of the image. With
the increase of iteration level, the noise is further reduced. In
recent years, many researchers studied the application of
SAFIRE in the imaging diagnosis of chest diseases. It was
found that SAFIRE can improve image quality to a certain
extent compared with the filtered back projection (FBP)
reconstruction algorithm [16]. -erefore, the clinical appli-
cation of SAFIRE technology can meet the clinical diagnostic
requirements with the same image quality, while reducing the
radiation dose of the patient by reducing the voltage of the
tube. Some studies analyzed the application of SAFIRE in
abdominal CTexamination [17]. However, the application of
SAFIRE in the abdominal examination is mainly focused on
solid organs, and there are still few studies on its application
in cavity organ examination.

In summary, this study adopted CTimaging based on the
SAFIRE algorithm to diagnose the clinical staging of gastric
cancer and used the pathological diagnosis result as the gold
standard to evaluate its diagnostic effect. -e 1 to 5 levels of
the AFIRE algorithm were compared with the FBP recon-
struction algorithm, so as to explore the application value of
the AFIRE algorithm in preoperative staging scans of gastric
cancer and provide more and more effective clinical
methods for the staging diagnosis of clinical gastric cancer
patients.

2. Methods

2.1. Research Objects. From August 2018 to April 2020, 59
patients with gastric cancer in the hospital were recruited as
the research objects. -ere were 38 males and 21 females,
ranging in age from 28 to 81 years, with an average age of
61± 11.09 years. CT scan was performed on all patients with
gastric cancer, SAFIRE was used for treatment in clinical
staging diagnosis of gastric cancer, and pathological changes
of the normal stomach were studied on each patient, with
pathological diagnosis results as the gold standard.
According to histopathological classification, there were 14

cases of signet-ring cell carcinoma, 39 cases of signet-ring
cell adenocarcinoma, 6 cases of signet-ring cell carcinoma
with partial adenocarcinoma, 6 cases of adenocarcinoma
with partial signet-ring cell carcinoma, 6 cases of adeno-
carcinoma with partial signet-ring cell carcinoma, 29 cases of
distal gastric carcinoma, 9 cases of gastric antrum carci-
noma, 1 case of gastric fundus carcinoma, 3 cases of total
gastric carcinoma, 13 cases of gastric body and angle car-
cinoma, and 4 cases of gastric cardia carcinoma. -e small
lesion was about 1.5 cm× 1.5 cm, and the large lesion mostly
involved the whole stomach. -e main clinical symptoms
were abdominal pain, anorexia, epigastrium discomfort,
anemia, vomiting, hematemesis and black feces, epigastrium
mass, emaciation, etc.

2.2. InclusionandExclusionCriteria. Inclusion criteria are as
follows: (i) all patients underwent CT examination within
two weeks before surgery, the gastric cavity was full of gas,
and lesion sites were clear; (ii) postoperative pathology
confirmed that all patients had gastric cancer; and (iii) all the
lesions were preoperative lesions without chemotherapy or
radiotherapy.

Exclusion criteria are as follows: (i) those who had other
stomach diseases, such as gastritis, gastric ulcer, or other
tumors, accompanied by other stomach diseases; (ii) the
gastric cavity was poorly filled, and the lesion was not clearly
displayed; and (iii) the pathological changes were mainly
caused by postoperative human intervention, radiotherapy,
and chemotherapy.

2.3. Iterative Reconstruction Algorithm

2.3.1.,e Basic Idea of Iterative Reconstruction. -e iterative
algorithm first initializes the FBP algorithm with weights
and then uses two different adjustment loops, one of which
iterates the original data in space to eliminate the noise in the
original data domain. It adds many steps to verify the
original data and uses the detected deviations to weight FBP
to generate updated images. -e number of iterations of this
loop depends on the scan type. -e second cycle is used to
calibrate the image space. Based on the statistical optimi-
zation process, the propagation path of noise in the original
data is also used. -e image calibration is constantly
compared with the original image, and the repeated pro-
cessing engineering also depends on the specific scan type.
-e end node is determined by the user’s definition of image
quality. Due to the introduction of iteration into the original
data field, the ratio of dose reduction is greatly improved
compared with the scale image. Under the same dose, the
image quality becomes more accurate, but higher computer
resources are required. In the case of improved computer
hardware configuration, the hybrid iterative reconstruction
speed reaches 20 images per second.

2.3.2. Specific Process of Iterative Reconstruction Algorithm.
-e iterative reconstruction algorithm needs to solve the
physical model of the system, the statistical model of the
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measurement, and the necessary evaluation function and the
normal term.-e model-based iterative algorithm takes into
account the system characteristics and the various dimen-
sions of image reconstruction, which minimizes the image
noise. When a system model is constructed, a linear ap-
proximation method is usually used, and the X-ray emitted
from the detector receives an approximate processing point,
which is expressed as follows:

Ii ≈ I0 exp − 􏽘
N
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aijXj
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-e basic equation is that one pixel calculates x from the
actual measured value y.
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-eprocessing of forward and backward projection pairs
is an indispensable iterative process in the model. For the
projection from the image domain to the projection domain,
it is also called forward projection. -e expression is as
follows:

y � AX, yi � 􏽘
N

j�1
aij, Xj � [Ax]. (3)

-e representation of the back projection from the
projection domain to the image domain is as follows:
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It is assumed that the X-ray is a monochromatic source
in the noise statistical model, without considering the
scattering effect, and the expression equation of the original
noise measurement is as follows:

Ii (AX)i􏼂 􏼃 � I0
e

− 􏽘
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Linear logarithmic model is expressed as follows:

yi � − log
Ii

IO

􏼠 􏼡≃[Ax]i + εi. (6)

Hypothetical Gaussian noise mode is εi ∼ N(0, δ2i ).
-e evaluation function of this model consists of two

parts of data mismatch item and normal item.-eminimum
evaluation function of the reconstructed image 􏽢x is as
follows:
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-e parabolic equation of the potential function ψ(t) in
the upper, lower, left, and right neighborhoods of the j-th
pixel Nj is expressed as follows:

ψ(t) �
�������
1 +(t/δ)

􏽰 2
. (8)

-e carrier-to-noise ratio (CNR) and signal-to-noise
ratio (SNR) were used for the evaluation of the algorithm.

2.4. Apparatus and Methods

2.4.1. CT Scan. -e tube voltages of the two tubes were
80 kVp and 140 kVp, respectively, and the scanning layer
thickness was 5mm. -e traditional FBP algorithm (B30)
and iris algorithm (ib30) were used in the construction.
-e high-pressure syringe contrast agent iodohexanol
(300 MGI/M1) was injected into the upper abdomen at a
flow rate of 3.0 mL/s and a body weight of 2mL/kg. -e
dual-energy scan was performed at 25 s and 70 s after
high-pressure injection. -e upper boundary of the scan
was the apex of the diaphragm, and the lower boundary
was the liver and stomach.

2.4.2. FBP Image Processing. -e “View” software measured
the images obtained by dual-energy scanning. CT value of
gastric cancer and normal gastric wall in the arterial phase
and venous phase was measured, and the difference (act
value) of the CT value of gastric cancer and the normal
gastric wall was calculated. -e same method was used to
measure the CT value and noise of gastric cancer and liver
arterial phase and venous phase in fbp-de, fbp-80 kVp, and
iris-80 kVp images.

2.4.3. Gastroscopy Examination. Japanese Olympus grf-260
gastroscopy was selected for examination. Client was placed
in the left supine position on an empty stomach. Oral an-
esthesia was administered 15 minutes before examination.
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-en, the gastroscope was inserted from the patient’s throat
into the stomach. -e patient’s lesion was observed by
gastroscope, and the location and size of the tumor were
recorded.

2.5. CT Scan in the Classification of Gastric Cancer Patients.
In this experiment, LR was used for classification. LR is a
commonly used machine learning method to estimate the
likelihood of something and classify it. LR processing data
are continuous, discrete, and mixed.

80% of the computer-generated data of 47 patients with
gastric cancer were randomly included, and 11 cases of
signet-ring cell carcinoma and 31 cases of adenocarcinoma
were divided into the training group (n� 42). Eight patients
with adenocarcinoma and three with signet-ring cell car-
cinoma (out of 11) were assigned to the validation group.
According to clinical needs, the features after dimension
reduction were used for relevant research and analysis
(Figure 1).

2.6. Statistical Methods. SPSS 19.0 was employed for data
statistics and analysis. Mean± standard deviation (x± s) was
how measurement data were expressed. Under the same
scanning conditions, the SAFIRE 1–5 images and the FBP
reconstruction algorithm images were compared in pairs,
and the numerical variables were analyzed by one-way
analysis of variance. Statistical analysis was performed with
P � 0.05 as the test standard.

3. Results

3.1. Denoising Effect of Iterative Reconstruction Algorithm.
Figure 2 shows the comparison of CNR and SNR results of
CT images before and after processing by the iterative re-
construction algorithm under the same radiation dose. It
illustrated that the CNR (0.979) and SNR (0.967) after
processing were significantly higher than those before
(0.781, 0.744) (P< 0.05).

3.2. Comparison of CT Values of Each Group under the
Guidance of Iterative Reconstruction Algorithm. A single
analysis of variance was adopted, and the results showed that
there was no significant difference between the FBP algo-
rithm image and the SAFIRE (level 1 to 5) image in the
measured average CT values of each part (P> 0.05) (Fig-
ures 3 and 4). One-way analysis of variance was performed
to compare six groups of subjective image quality scores.-e
results showed that the FBP reconstructed image had the
highest score, while the SAFIRE image gradually decreased
as its grade increased. -ere was no significant difference in
the image scoring results between the FBP algorithm and S1,
S2, and S3 (P values were 0.54, 0.31, respectively), but there
was a significant difference compared with the results of
S4∼5 (P< 0.05). -erefore, it was considered that the dif-
ferences in the display of lesions and depth of invasion
between the two groups of images were not statistically
significant.

3.3. ,e Feasibility Study of CT Plain Scan Imaging Omics in
theDiagnosis ofGastricCancer under theGuidance of Iterative
Reconstruction Algorithm. KNN classifier was used for
training, and ROC analysis curve was used to illustrate the
prediction performance of radiation characteristics. -e
model evaluation index (area under the curve, AUC) of the
training group was 0.999, and the AUC of the validation
group was 0.958. -e sensitivity and specificity were both
above 90%, and the difference was not statistically significant
(P> 0.05). -e research results can provide a reference for
the establishment of gastric cancer imaging research data-
base, assist clinical work, and improve the characteristic
curve of the KNN classification method (Figure 5).

3.4. ,e Feasibility Study of CT Plain Scan Imaging Omics in
the Pathological Classification of Gastric Cancer. In this
study, the gold standard of postoperative pathology was used
to study the classification of patients with gastric cancer.
Logistic regression (LR) classifier was used for training, and
ROC analysis curve was used to interpret the prediction of
radioactive characteristics. -e AUC of the training set was
0.969, and the AUC of the verification set was 0.8599. Signet-
ring cell carcinoma had medium sensitivity and high
specificity, and adenocarcinoma had high sensitivity and
medium specificity. -e characteristic curve of the LR
method was established to provide a reference for differ-
ential diagnosis of gastric adenocarcinoma and signet-ring
cell carcinoma.
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Figure 1: Statistical analysis process.
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To increase the differential diagnosis of gastric adeno-
carcinoma and sigmoid ring cell carcinoma, two of the most
valuable features were selected from the extracted eight
eigenvalues for statistical analysis, including differential

entropy and skewness. -e diagnostic efficiency was mod-
erate and was of clinical research value, which can provide
reference significance for pathological classification and
diagnosis of gastric cancer (Figure 6).
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Figure 4: Results before and after reconstruction of CT images of gastric cancer. (a) Reference image; (b) FBP reconstruction result;
(c) iterative reconstruction result.
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3.5. Comparison of CTand Gastroscopy Detection Outcomes.
-e difference between the probability of detecting gastric
cancer by CT and gastroscopy was compared, and it was
found that the detection rate of CT was 93%, while the
detection rate of gastroscopy was 95%. After comparison, it
was found that there was no significant difference in the
detection rate of gastric cancer between spiral CT and
gastroscopy (P> 0.05, Figure 7).

3.6. Judgment of T Staging before CT Operation. -e con-
sistency between preoperative CT staging and pathological
diagnosis staging was compared.-e results showed that CT
staging and pathological diagnosis had the largest number of
patients in T3 stage, followed by T2 stage. -ere were two
patients diagnosed as T2 stage by CT, and the pathological
diagnosis was determined as T3 stage. Two patients were
diagnosed as T3 stage with CT, and the pathological diag-
nosis was determined as T4 stage. -erefore, the preoper-
ative CT staging kappa value was consistent with the
postoperative pathological diagnosis 0.882 (P< 0.05, Fig-
ure 8). -e effect of CTpreoperative staging of gastric cancer
was consistent with the results of pathological diagnosis and
staging.

4. Discussion

Gastric cancer is one of the common malignant tumors in
China [18]. -e most commonly used histological classifi-
cation of gastric cancer is the WHO histological classifica-
tion (1990 edition), which is classified into adenocarcinoma,
squamous cell carcinoma, adenosquamous carcinoma, and
undifferentiated carcinoma. Adenocarcinomas are sub-
divided into papillary, tubular, mucinous, signet-ring cell,
and poorly differentiated adenocarcinomas. In this study,
papillary adenocarcinoma and highly/moderately differen-
tiated tubular adenocarcinoma were classified as the group
with a good prognosis, while poorly differentiated

adenocarcinoma, mucinous adenocarcinoma, and signet-
ring cell carcinoma were classified as the group with a poor
prognosis, according to the results of literature on the
structure of the imaging omics model [19–21]. Some re-
searchers reported that this type of gastric cancer was
classified into differentiated and undifferentiated gastric
cancer [22]. -e above are the common types of gastric
cancer, while other rare types only account for 5% of gastric
cancer [23, 24].

At present, the incidence and death rate of gastric cancer
in China are both higher than the world average, ranking
among the top 20. Accurate preoperative staging of gastric
cancer patients is of great significance for the selection of
appropriate treatment and the evaluation of prognosis.
Especially, with the development of new technologies such
as early gastric cancer endoscopic mucosal resection, lap-
aroscopic radical gastrectomy, and preoperative neo-
adjuvant chemotherapy, accurate preoperative staging of
gastric cancer becomes very important. In most patients
with advanced gastric cancer, the application of adjuvant
and neoadjuvant chemotherapy and the combined
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application of radiotherapy can enhance the survival rate of
patients and improve the prognosis and rehabilitation
[25, 26]. Among the many tests for preoperative staging of
gastric cancer, the enhanced CT scan is fast. In addition, it
can display the relationship between the lesion and adjacent
tissues and organs, and whether there is distant metastasis,
which makes its clinical application more and more widely.
Chen and Liu (2016) [27] reported that CT texture analysis
was used to predict the pathological characteristics of gastric
cancer tissues and found that the tumor tissues were related
to Lauren classification. In addition, the average attenuation
and maximum attenuation of portal vein CT images of
diffuse gastric cancer were significantly higher than those of
intestinal gastric cancer. -e texture parameters of portal
vein CT images were negatively correlated with the differ-
entiation degree of gastric cancer. Data from 107 patients
with gastric cancer were analyzed. -e computer software
reads the segmented region of the gastric cancer lesion from
the region of interest, including mean attenuation, and
automatically sets the distribution of the eight features. -e
relationship between CT tissue and histopathologic features
was then evaluated by statistical methods. It was not difficult
to see from the data obtained from the imaging results that
the model was of the best performance in predicting the
different prognostic histological types of the three different
types of gastric cancer. According to the prediction model,
gastric cancer in younger age and more histological types
was often classified as gastric cancer with poor prognosis and
higher degree of malignancy.-is was the same as the report
ofMacDougall et al. (2016) [28].-e younger the cancer cells
were, the more active the metabolism was, the faster the
progression was, and the higher the degree of malignancy
was in the early stage of gastric cancer. In addition, it was
necessary for young and middle-aged people to have gas-
troscopy. Moreover, the prediction model found that the
tissue type of gastric cancer metastasis was more likely to
have a poor prognosis, which was consistent with the clinical
reality. However, no subdivision of metastasis, local me-
tastasis, and distant metastasis was found, and further study
was needed.

Based on the use of the SAFIRE algorithm, the effect of
the algorithm used in this study was also analyzed. -e
results showed that the CNR (0.979) and SNR (0.967) of CT
images after the algorithm processing were significantly
higher than those before (0.781, 0.744) (P< 0.05). It showed
that the SAFIRE algorithm had a certain effect in the pro-
cessing of CT images, which was consistent with the research
results of Qurashi et al. (2018) [29]. Comparison of the
application of the SAFIRE algorithm and FBP algorithm
revealed that there was no significant difference in CT value
between the FBP algorithm and S1, S2, and S3 (P> 0.05). But
S4∼S5 were significantly lower than the FBP algorithm,
indicating that the higher the SAFIRE algorithm level, the
effect was close to the CT image processing effect of the FBP
algorithm. -e research results of Scharf et al. (2017) [30]
also concluded that the higher the level of the SAFIRE al-
gorithm, the better the image of the processing effect.

5. Conclusion

In this study, it explored the application value of CT imaging
under the guidance of the sinogram-affirmed iterative re-
construction algorithm (SAFIRE) in the clinical staging of
gastric cancer. -e results showed that CT images guided by
SAFIRE algorithms can objectively and noninvasively assess
tumor asymmetry, make reasonable staging diagnosis of
gastric cancer, and provide useful information for clinicians
to develop high-quality individualized treatment plans.
However, this study only selected portal vein CT images for
feature extraction and only selected the largest layer of le-
sions on the CTaxis may lead to partial sampling errors and
insufficient external verification, and all these issues required
further research. However, it fully demonstrated the good
application prospects of intelligent algorithms in the field of
medical imaging in this study.

Data Availability

-e data used to support the findings of this study are
available from the corresponding author upon request.
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