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Abstract
This study was to explore the application value of back propagation (BP) neural net-
work (BPNN) and genetic algorithm (GA) in the combined detection and prognosis 
of tumor markers in patients with gallbladder cancer. 446 patients with gallbladder 
cancer were included in the experimental group, 279 patients with benign gallblad-
der disease were included in the control group, and 188 healthy people were selected 
and included in the blank group. Serum tumor markers (CA242, CA199, CEA, and 
CA125) of the three groups were detected by electrochemical luminescent immune 
analyzer, and follow-up data for 5  years after surgery were collected. Based on 
BPNN and GA, an optimization algorithm for multi-tumor markers was constructed 
and applied to the combined detection of tumor markers in patients. The artificial 
neural network (ANN), dynamic network biomarker (DNB), auxiliary diagnosis 
algorithm of the support vector machine (SVM) based on the particle swarm opti-
mization (PSO) (PSO-SVM), matched-pairs feature selection (MPFS) based on the 
machine learning, and the BPNN were introduced to compare with the algorithm 
constructed. The diagnostic performances of the algorithms were evaluated with the 
fivefold cross-validation method. The results showed that the levels of CanAg (CA) 
242, carcinoma embryonic antigen (CEA), CA199, and CA125 and positive rates 
in the experimental group were significantly higher than those in the control group 
and the blank group (P < 0.05); but the differences between control group and blank 
group were not visible (P > 0.05). The sensitivity (91.72%) and specificity (87.49%) 
in detecting CA242 and CA199 based on the proposed algorithm were the highest; 
the sensitivity (0.9186), specificity (0.8622), and accuracy (94.94%) of the proposed 
algorithm were higher than those of the conventional algorithms. The postopera-
tive follow-up survival rate of patients in the experimental group was reduced from 
41.72% in the first year to 4.28% in the fifth year; tumor node metastasis (TNM) 
stage IV, neck gallbladder cancer, and CA199 were significantly correlated with 
the survival rate of patients in the experimental group (P < 0.05). In summary, the 
combined detection technology of multiple tumor markers based on deep learning 
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algorithms showed excellent diagnostic and prognostic performance for gallblad-
der cancer. The occurrence of gallbladder cancer was related to the tumor markers 
CA242, CA199, CEA, and CA125, showing better detection effects by combina-
tion of CA242 and CA199. The TNM stage IV, neck gallbladder cancer, and CA199 
were independent risk factors for the decrease in survival rate of patients with gall-
bladder cancer.

Keywords  Gallbladder cancer · Back propagation neural network · Genetic 
algorithm · Multi-tumor markers · CA242

1  Introduction

Gallbladder cancer is a relatively rare but highly malignant tumor. When some cells 
of the gallbladder undergo the gene mutations, they lose their normal growth regu-
lating ability and become malignantly proliferating cancer cells, forming gallbladder 
cancer [1–3]. Moreover, the symptoms of early gallbladder cancer are not obvious 
or atypical, and are mainly manifested as cholecystitis or gallstones, so the clinical 
diagnosis of gallbladder cancer is very difficult. It is often found in the middle and 
late stages, which seriously affects the treatment and prognosis effect [4, 5]. Tumor 
markers refer to substances that are characteristically present in malignant tumor 
cells, or abnormally produced by malignant tumor cells, or generated by the body 
due to stimulus response to tumors. It can reflect the occurrence and development 
of tumors [6]. At present, there are two main tumor markers for clinical diagnosis of 
gallbladder cancer, carcinoembryonic antigen (CEA) and carbohydrate antigen 199 
(CA199). Unfortunately, these two indicators have no high specificity. Therefore, 
some auxiliary examinations have to be performed based on the symptoms of the 
patient for a comprehensive judgment clinically, and it cannot be determined solely 
by the increase in CEA and CA199 [7, 8].

BPNN is a multi-layer feed-forward neural network trained according to the error 
back propagation algorithm, and is also the most widely used deep learning neural 
network [9]. After decades of development and growth, neural networks have been 
widely used in industrial control, medical diagnosis, artificial intelligence, and other 
fields [10, 11]. Lasheras et al. [12] used the multivariate adaptive regression splines 
(MARS) and ANN technology to classify and model the genetic diagnosis of pros-
tate cancer, and it was verified that the model showed higher accuracy and sensitiv-
ity in diagnosing the prostate cancer in contrast to the model based on the MARS. 
Shakeel et al. [13] used the discrete AdaBoost optimization integrated learning gen-
eralized neural network to analyze the selected lung features, successfully analyzed 
the biomedical data of lung, and effectively classified the normal and abnormal fea-
tures of patients with lung cancer. GA is a method to search for the optimal solu-
tion by simulating the natural selection of Darwin’s biological evolution theory and 
the biological evolution process of genetic mechanism, and it also has been exten-
sively applied in medical diagnosis [14]. Chen et al. (2020) [15] applied GA to the 
classification of 801 gene expression samples of 5 kinds of cancers, and found that 
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the average diagnostic accuracy of GA was 98.81%, and the standard deviation was 
0.0174. Huang et al. (2018) [16] discussed the application of SVM in cancer genome 
and tumor marker selection, indicating that SVM was a powerful classification tool 
that can be used in cancer diagnosis. Dochez et al. (2019) [17] compared the appli-
cation of human epididymal protein 4 (HE4), CA125, malignancy risk index (RMI), 
and risk of ovarian malignancy algorithm (ROMA) in the diagnosis of ovarian can-
cer; IT was found that the sensitivity of serum CA125 was low in the early stage of 
cancer, and the level of HE4 was overexpressed in ovarian tumors. The specificity 
was 94%, which was not affected by endometriotic cysts. The area under the curve 
(AUC) of CA125 and HE4 was as high as 0.96, the AUC area of RMI was lower 
(0.86), and the specificity of ROMA was lower (84%). Therefore, the BPNN and GA 
were combined in this study to construct an optimization algorithm for multi-tumor 
marker to analyze the diagnosis and prognosis of patients with gallbladder cancer.

In summary, there are currently many studies to evaluate the malignant tumors 
using the deep learning and GA, but there is no report on the study of the joint 
application of both. Based on this, an optimization algorithm for multi-tumor 
marker was constructed based on BPNN and GA and applied to the combined 
detection of tumor markers. The series, eXGBoost based on the decision tree, 
PSO-SVM, MPFS based on the machine learning, and the BPNN were introduced 
to compare with the algorithm constructed, aiming to provide effective assistance 
for the early clinical diagnosis of gallbladder cancer.

2 � Materials and methodologies

2.1 � Research objects

In this study, 446 patients with gallbladder cancer who were admitted to the 
Shanxi Provincial People`s Hospital from January 30, 2013 to January 30, 2014 
were included in the experimental group, 279 patients with benign gallbladder 
lesions (cholecystolithiasis, cholecystitis) were included in the control group, and 
188 healthy people who underwent physical examination during the same period 
in the same hospital were selected in the blank group. The study complied with 
the Declaration of Helsinki and had been approved by the Medical Ethics Com-
mittee of Shanxi Provincial People`s Hospital. Patients and their families had 
understood the advantages and disadvantages of participating in this study, were 
willing to cooperate with various examinations required in the study protocol, 
and had sign the informed consents.

Inclusion criteria patients aged over 18  years, patients without medical 
treatment such as radiotherapy and chemotherapy before detection,; patients 
with complete clinical data, and patients diagnosed with gallbladder cancer by 
pathology.
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Exclusion criteria patients with other malignant tumors, patients with post-
operative death due to reasons other than gallbladder cancer, and patients with 
unclear consciousness and poor compliance.

2.2 � Acquisition of related data

The serum tumor markers were detected as follows. An automatic electrochemical 
luminescent immune analyzer produced by Shanghai Hegao Biotechnology Co., 
Ltd. was used to detect the serum tumor markers in patients in three groups. At 8 
o’clock in the morning, 6 mL of fasting cubital vein blood was collected from all 
patients and centrifuged at 5000 r/m to collect the supernatant. Then the superna-
tant was stored in a refrigerator at − 80 °C. The levels of serum CA242, CA199, 
CEA, and CA125 of the subjects were detected with a fully automatic electro-
chemical luminescent immune analyzer one day before surgery, 7 days after sur-
gery, 60 days after surgery, 120 days after surgery, and 360 days after surgery. It 
was deemed as positive if CA242 > 15 U/mL, CA199 > 39 U/mL, CEA > 10 g/L, 
and CA125 > 35 U/mL.

The basic data were acquired as follows. In this study, the basic data of all sub-
jects (age, gender, occupation, weight, height, smoking history, drinking history, 
clinical TNM stage, biliary comorbidity, surgical method, family medical history, 
complete resection (RO) or not, pathogenic site, histological classification, and 
CT image) were acquired from database of Shanxi Provincial People`s Hospital.

2.3 � Optimization algorithm for multi‑tumor marker

In this study, the BPNN and GA were used jointly to construct an optimization 
algorithm for multi-tumor marker of gallbladder cancer. Before construction, the 
model parameters were encoded using the BPNN. The transfer function among 
the hidden layers of the four-layer BPNN was set to the Sigmoid function, then 
the form of the transfer function can be expressed as Eq. (1):

In above Eq.  (1), β represented the shape parameter of the transfer function 
between hidden layers, and 𝛽 > 0 . In addition, the connection weight values 
between the nodes among four layers under the results of neural network were set 
to W1, W2, and W3, respectively. The threshold of the first and the second node 
in the hidden layer was set to B1 and B2 , respectively, and the threshold of the 
node in the output layer was set to B3 . These parameters were encoded with real 
values, number of the real values were limited to m. At this time, the four-layer 
BPNN random coding string shown in Fig. 1 can be obtained. n1 represented the 
product of the number of nodes in the input layer and the first hidden layer; n2 
represented the product of the number of nodes in the first and the second hidden 
layer; n3 represented the product of the number of nodes in the second hidden 

(1)f (x) = 2 ⋅
1 − e−�x

�(1 + e−�x)



3959

1 3

Adoption of combined detection technology of tumor markers…

layer and the output layer; n4 represented the number of nodes in the first hidden 
layer; n5 indicated the number of nodes in the second hidden layer; and n6 indi-
cated the number of nodes in the output layer.

Then, the GA was introduced to create the initial population based on the cod-
ing string. It was assumed that each of the four tumor markers was set with 2 
segmentation points, and the chromosome would be composed of 8 segmentation 
points. The segmentation points randomly appeared within the range of the tumor 
marker values, thus Eq. (2) could be obtained:

In above Eqs.  (2) and (3), Chr represented the segmentation point set, and 
FieldDR represented the range of values. The information entropy [18] was intro-
duced to calculate the information gain of each segmentation point in the segmen-
tation point set Chr , the segmentation point with the highest gain was included in 
the candidate segmentation point set A1, and then the segmentation point was 
divided into a left and a right section. The calculation was repeated in the left and 
right section all the time, and the acquired segmentation point with the highest 
gain was included in the set A1. Due to the limitation of candidate segmenta-
tion points, the parameter N1

�
 was introduced to control, where N1 represented the 

number of segmentation points in the set Chr , � was a controllable integer, and 
1 < 𝛼 ≤ N1 . The value of � was determined based on the actual number of seg-
mentation points.

According to the processing of dividing points, the formed initial population 
was [300, 8] if the number of the population was set to 300. The adaptive value 

(2)Chr = [4.14 ⋅ 5.33 ⋅ 41.82 ⋅ 5.82 ⋅ 61.62 ⋅ 180.42 ⋅ 6.31 ⋅ 112.73]
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Fig. 1   The proposed four-layer BPNN and corresponding random coding strings
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proportional selection method was adopted to select the individual with higher 
adaptive value from the current population so as to produce the mating pool, then 
it could be concluded as:

In above Eq.  (4), G represented the population, and m represented 
the size of the population. It was assumed that the crossover prob-
ability of the population is Pc , and the new chromosomes Chr1∗ and 
Chr2∗ could be acquired through the crossover operation of chromo-
some Chr1 = [4.14 ⋅ 5.33 ⋅ 41.82 ⋅ 5.82 ⋅ 61.62 ⋅ 180.42 ⋅ 6.31 ⋅ 112.73] and 
Chr2 = [5.71 ⋅ 7.32 ⋅ 17.99 ⋅ 35.17 ⋅ 21.55 ⋅ 51.28 ⋅ 10.16 ⋅ 42.88]:

Considering that the randomness of selection and crossover operation may 
destroy the individual with the highest adaptive value in the current population, 
the optimal segmentation preservation strategy was introduced in this study [19]. 
Firstly, it had to find the individual with the highest adaptive value in the population; 
secondly, it had to find the individual with the lowest adaptive value in the current 
population; thirdly, the individual with the lowest adaptive value was replaced by 
the individual with the highest adaptive value. The calculation had to be stopped 
when the genetic algebra reached the maximum evolutionary algebra. The calcula-
tion steps of this algorithm were summarized as Fig. 2.

(4)G =
{

x1, x2,⋯ xm
}

(5)Chr1∗ = [4.14 ⋅ 5.33 ⋅ 17.99 ⋅ 35.17 ⋅ 21.55 ⋅ 51.28 ⋅ 6.31 ⋅ 112.73]

(6)Chr2∗ = [5.71 ⋅ 7.32 ⋅ 41.82 ⋅ 5.82 ⋅ 61.62 ⋅ 180.42 ⋅ 10.16 ⋅ 42.88]
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Fig. 2   The constructed optimization algorithm for multi-tumor marker
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2.4 � Case‑based reasoning diagnosis of the optimization algorithm 
for multi‑tumor marker

The case-based reasoning method was introduced in this study to apply the algo-
rithm to actual diagnosis [20]. The case-based reasoning could judge the current 
real-time data, and then select the case that was most similar to the current data 
from the case database as the diagnosis basis of this data. As shown in Fig. 3, the 
case-based reasoning was used in this study to diagnose the patients, and the calcu-
lated corresponding sensitivity and specificity of chromosome were given. The spe-
cific steps were as follows. Firstly, each chromosome in GA could correspondingly 
indicate the combination of several tumor markers and the selected segmentation 
site. Therefore, decoding these chromosomes can obtain a discretized tumor marker 
database. Secondly, the indicators with discretization characteristics were normal-
ize. Thirdly, the number of categories in the tumor marker database was counted and 
recorded, including the number of benign and malignant cases. Fourthly, the remain-
ing cases were compared with the cases in the database, and Euclidean distance of 
each case was calculated. The cases with the smallest Euclidean distances could be 
recorded as a set. Fifthly, there are often more benign lesions than malignant lesions 
in actual, so there was a big difference in the number of categories in the tumor 
marker database, which affected the unfairness of the comparison of cases. Thus, 
the probability of benign and malignant cases should be further adjusted. sixthly, 
the diagnosis sensitivity, specificity, and accuracy of algorithm could be calculated 
based on the final results.

Discrete database Chr=[10101101] Selected points 
of segmentation

Decoding 
chromosome +

Normalization 
processing

Acquiring a database 
case category ratio

Case 
bank

Benign 
cases(d1)

Malignant 
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GatherQ

Adjust the probability 
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malignant lesions 

Compare benign and 
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Calculate the sensitivity,
specificity and accuracy 

of diagnosis.

Fig. 3   Schematic diagram for case-based reasoning diagnosis of the optimization algorithm for multi-
tumor marker
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2.5 � Statistical analysis

The data in this study were analyzed and processed by SPSS19.0 version statistical 
software, and the measurement data were expressed in the form of mean ± stand-
ard deviation ( x ± s ). The counting data were given in the form of percentage (%). 
The basic data (age, height, weight, male proportion, female proportion, and average 
course of disease) of the patients in experimental group, control group, and blank 
group were compared by paired t test. The clinical TNM staging, occupation, smok-
ing history, drinking history, biliary comorbidities, surgical methods, family history, 
RO resection, pathogen location, and histological classification of the patients in 
experimental group were compared by one-way analysis of variance. The Cox pro-
portional hazards model was adopted to analyze the relevant risk factors affecting 
the 5-year survival rate of patients with gallbladder cancer. Fivefold cross-validation 
was applied to analyze the diagnostic sensitivity, specificity, and accuracy of the 
proposed algorithm and ANN, DNB, PSO-SVM, MPFS, and BPNN. The difference 
was statistically significant at P < 0.05. Origin 8.0 was adopted to draw the figures.

Table 1   Basic information of subjects in three groups

Indicator Experimental group Control group Blank group X2 P value

Age (years old) 63.18 ± 10.86 62.22 ± 9.47 63.05 ± 9.64 2.478 0.067
Weight (kg) 61.94 ± 7.88 62.55 ± 5.93 61.57 ± 7.69 1.529 0.182
Male ratio (%) 47.15 45.82 46.33 1.921 0.083
Female ratio (%) 52.85 54.18 53.67 3.557 0.218
Average disease 

course (months)
8.77 ± 2.71 9.04 ± 2.66 8.33 ± 2.53 2.052 0.256

Height (cm) 161.67 ± 13.58 162.33 ± 15.66 163.03 ± 15.82 1.639 0.077

Fig. 4   CT images of abdomens 
of patients in three groups. 
Note: a and b gave CT images 
of patients in experimental 
group, c was the CT image of 
patient in control group, and d 
was the CT image of healthy 
subject in blank group
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3 � Results and discussion

3.1 � Comparison on basic information of subjects in three groups

As shown in Table 1, there was no significant difference in age, height, weight, male 
ratio, female ratio, and average disease course in the three groups (P > 0.05), so they 
were comparable.

Figure  4a showed that the intrahepatic bile duct was dilated, and there was a 
round low-density shadow in the posterior lower lobe of the liver without enhance-
ment, the gallbladder was enlarged, and nodular wall was thickened locally. After 
enhancement, it was slightly strengthened, the middle and upper bile ducts were 
dilated, and there was a local soft tissue density shadow. Thus, it was judged as the 
gallbladder cancer in lower part of the common bile duct. Figure 4b showed that the 
obstruction plane was determined as the pancreatic head plane, and the bile duct 
dilated in the lower part of the common bile duct was interrupted. The surrounding 
soft tissue was thickened, the enhancement was lack of blood vessel enhancement, 
the gallbladder was severely dilated, and the wall of the cyst wall showed obvious 
enhanced wall nodules. Thus, it was determined as the advanced gallbladder cancer. 
The expansion of the gallbladder, thickening of the wall, turbidity and stones in the 
cavity of the gallbladder were visible in Fig.  4c. There was no solid mass in the 
enhanced scanning cavity without metastatic lesions in the liver, so it was judged to 
be gangrenous cholecystitis and malignant changes (low-grade malignancy) of gall-
bladder myoma. Figure 4d was a CT scanning image of the abdomen of a normal 
person in the blank group. It showed that the edges were smooth, and the shape of 
each layer was different. The liver blood vessels were in the form of strips, branches, 
or dots with low density, and the closer to the inferior vena cava area, the thicker. In 
addition, the intrahepatic bile duct was invisible.

3.2 � Descriptive statistics of pathological characteristics of patients 
in the experimental group

Table 2 disclosed that the male ratio and female ratio in the experimental group were 
similar; the clinical TNM stage III accounted for the largest proportion (45.02%); 
the proportion of citizens in occupations (58.81%) was higher than that of farm-
ers (41.19%); the proportion of patients with smoking history was similar; the pro-
portion of patients without drinking history (60.28%) was significantly higher than 
that of patients without drinking history (39.72%); the proportion of patients with 
biliary complication (65.28%) was significantly higher than that of patients without 
biliary comorbidity; the proportion of patients undergoing radical surgery (82.11%) 
was higher than that of palliative surgery (17.89%); the proportion of patients with 
surgery duration longer than or equal to 3 h (38.55%) was significantly less than that 
with surgery duration shorter than 3  h (61.45%); the proportion of patients with-
out no family medical history (79.44%) was significantly higher than that with a 
family medical history (20.56%); the proportion of patients with RO resection 
(43.62%) was less than the patients with non-RO resection (56.38%); the patients 
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with pathogenic site in the neck accounted for the largest proportion (51.76%), fol-
lowed pathogenic site in the gallbladder bottom (32.18%); the proportion of patients 
with moderate differentiation was the highest (43.28%), followed by patients with 
high differentiation (35.17%). Above analysis suggested that clinical TNM stage, 
drinking history, biliary comorbidities, surgical methods, family medical history, 
RO, pathogenic site, and histological classification may be related to postoperative 
recovery and recurrence.

3.3 � Comparison on levels of serum tumor markers of subjects in three groups

As shown in Fig.  5, it gave the levels of serum tumor markers of patients in the 
three groups one day before surgery (T1), 7 days after surgery (T2), 60 days after 

Table 2   Descriptive statistics of pathological characteristics of patients in the experimental group

Variable Classification Quantity of 
samples

Proportion

Gender Male 210 47.15%
Female 236 52.85%

Clinical TNM stage II 117 25.07%
III 163 45.02%
IV 186 29.91%

Occupation Farmer 192 41.19%
Citizen 274 58.81%

Smoking history Yes 246 52.73%
No 220 47.27%

Drinking history Yes 185 39.72%
No 281 60.28%

Biliary complication Yes 304 65.28%
No 162 34.72%

Surgery method Palliative 83 17.89%
Radical 383 82.11%

Surgery duration  ≥ 3 h 180 38.55%
 < 3 h 286 61.45%

Family medical history Yes 96 20.56%
No 370 79.44%

RO resection Yes 203 43.62%
No 263 56.38%

Pathogenic site Body 75 16.06%
Neck 241 51.76%
Gallbladder bottom 150 32.18%

Histological classification High differentiation 164 35.17%
Moderate differentiation 202 43.28%
Low differentiation 100 21.55%
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surgery (T3), 120 days after surgery (T4), and 360 days after surgery (T5). The lev-
els of CA242, CEA, CA199, and CA125 in the experimental group decreased at the 
beginning and increased over time. The reason may be that most patients were in 
the middle and late stages of gallbladder cancer, and relapsed after radical resection 
[21]. The levels of CA242, CEA, CA199, and CA125 in the experimental group 
were always significantly higher than those in the other two groups (P < 0.05); 
the levels of CA242, CEA, CA199, and CA125 in the control group were always 
slightly higher than those in the blank group, but the difference was not statistically 
significant (P > 0.05). Such results were similar to the findings of Wu et al. (2018) 
[22], indicating that the occurrence and development of gallbladder cancer might be 
related to the CA242, CEA, CA199, and CA125. The higher the level of the tumor 
marker is, the higher possibility of gallbladder cancer. Therefore, the four tumor 
markers will be further explored in future.
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3.4 � Comparison on positive expression rates of serum tumor markers for subjects 
in three groups

Figure 6 illustrated the positive expression rates of serum tumor markers of patients in 
the three groups at T1, T2, T3, T4, and T5. The positive expression rates of CA242, 
CEA, CA199, and CA125 in the experimental group decreased at the beginning and 
increased over time. The reason was the same as above that most patients might relapse 
after treatment [23]. The positive expression rates of CA242, CEA, CA199, CA125 
in the experimental group were always higher than those in the control group and the 
blank group (P < 0.05); and the positive expression rates of CA242, CEA, CA199, 
and CA125 in the control group and the blank group had no significant difference 
(P > 0.05). Results here were similar to the findings of Pérez-Palma et al. (2020) [24], 
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suggesting that the increase in the positive expression rate of CA242, CEA, CA199, 
and CA125 was related to the development of gallbladder cancer.

3.5 � Diagnosis results of patients with gallbladder cancer by the proposed 
algorithm

Before diagnosis, the candidate segmentation point set of each tumor marker has to 
be determined, so the control parameter α of the candidate segmentation point set 
was set to 2, 3, 4, 5, 6, 7, 8, 9, and 10, respectively, then the two quantitative indica-
tors (candidate segmentation point value and standard deviation) of the parameter 
α were shown in Fig. 7. When the parameter α was 6, the candidate segmentation 
point values of the four tumor markers CA242, CEA, CA199, and CA125 were 11, 
10, 10, and 11, respectively, and the standard deviation was 0.811. In this case, it 
could meet the requirement that the values of the candidate segmentation points 
were greater than or equal to 10 and the standard deviation was minimal. α value of 
other parameters failed to satisfy the requirements. Too many or too few segmenta-
tion points could affect the performance of the algorithm. It was easily drag down 
the effectiveness and simplicity of the algorithm when the segmentation points were 
too many, and the search range of the algorithm was affected with too less segmen-
tation points. Based on previous experience, the parameter α value was set to 6, the 
population size, crossover rate, and mutation rate were determined as 280, 85%, and 
15%, respectively.

The diagnosis results of the patients with gallbladder cancer using the proposed 
algorithm were given in Table 3. It revealed that CA242 + CA199 showed the high-
est sensitivity (0.938), specificity (0.886), and accuracy (94.18%), which was the 
same as the research results of Balakrishnan et  al. (2020) [25]. It indicated that 
CA242 combined with CA199 was the best combination for the diagnosis of gall-
bladder cancer. Both sensitivity and specificity were high, so the clinical promo-
tion value was high. The sensitivity, specificity, and accuracy were 0.895, 0.851, and 
90.54%, respectively, for CA242 + CEA + CA199. Compared with the ROC curve 
analysis results, the sensitivity, specificity, and accuracy of the proposed algorithm 
on the CA242 + CA199 combined detection were significantly higher than those of 
the traditional medical diagnosis methods. It meant that the algorithm proposed in 
this study could significantly improve the final diagnostic accuracy [26].

Fig. 7   Candidate segmentation 
point values and standard devia-
tions of tumor markers with 
different α values
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Above table showed that CA242 + CA199 was the optimal combination, which 
was verified with the case-based reasoning diagnosis. As shown in Table 4, the dis-
crete values of CA242 and CA199 obtained for each patient sample were different, 
and the malignant probability of diagnosis results was above 50%.

The first patient sample was undertaken as an example. The dispersion value 
of CA242 and CA199 was 4 and 9, respectively. After the other two tumor mark-
ers (CEA and CA125) were added separately, the results shown in Fig.  8 could 
be obtained. It indicated that when the dispersion value was 4, the corresponding 
malignancy probability of CEA and CA125 was the highest. This result was consist-
ent with the medical common sense that the malignant probability of cases increased 
with the increase in tumor markers, which further verified that CA242 + CA199 was 
the optimal combination.

3.6 � Comparison on effects of proposed algorithm and traditional algorithm

In this study, the diagnosis effect of the proposed algorithm was compared with 
the ANN [27], DNB [28], PSO-SVM [29], MPFS based on the machine learning 
[30], and the BPNN [31]. The fivefold cross-validation analysis was performed for 
each algorithm, and the results were shown in Fig. 9. The diagnostic sensitivity and 
accuracy of the proposed algorithm were always higher than those of SP, MPFS, 
XGBoost, PSO-SVM, and BPNN algorithm. The specificity was similar to that of 
SP algorithm and was always higher than that of the MPFS, XGBoost, PSO-SVM, 
and BPNN algorithm. For further comparison, the five-step verification results were 
averaged, as shown in Fig. 10. The diagnostic sensitivity of the proposed algorithm 
(0.9186) was significantly higher than that of the ANN, MPFS, DNB, PSO-SVM, 
and BPNN (P < 0.05), which was similar to the research results of Wang et al. [32]. 
Thus, the tumor marker optimization algorithm based on BPNN and GA showed 
high sensitivity in the diagnosis of gallbladder cancer, and was superior to other arti-
ficial intelligence diagnosis algorithms based on machine learning or deep learning. 
The diagnostic specificity of the proposed algorithm (0.8622) was not significantly 

Table 3   Diagnosis results of patients with gallbladder cancer by the proposed algorithm

Indicator Sensitivity Specificity Accuracy

CA242 + CEA 0.832 0.769 83.26%
CA242 + CA199 0.938 0.886 94.18%
CA242 + CA125 0.805 0.789 84.22%
CEA + CA199 0.847 0.802 84.17%
CA199 + CA125 0.839 0.819 82.68%
CA242 + CEA + CA199 0.895 0.851 90.54
CA242 + CEA + CA125 0.796 0.817 83.48%
CEA + CA199 + CA125 0.825 0.743 81.79%
CA242 + CA199 + CA125 0.759 0.768 78.92%
CA242 + CEA + CA199 + CA125 0.817 0.832 83.69%
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Fig. 8   The malignant probabil-
ity corresponding to different 
discrete values after the addition 
of CEA and CA125
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different with that of ANN (P > 0.05), but it was significantly higher than that of 
MPFS, DNB, PSO-SVM, and BPNN algorithms (P < 0.05). It suggested that 
diagnostic specificity of the proposed algorithm was better than that of the tradi-
tional algorithms. In addition, the diagnostic accuracy of the proposed algorithm 
(94.944%) was significantly higher than that of other algorithms, indicating that the 
proposed algorithm could maintain high sensitivity, high specificity, and high accu-
racy. It revealed that the optimization algorithm for multi-tumor marker constructed 
in this study showed high sensitivity, high specificity, and high accuracy.
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Fig. 10   Comparison on average values for diagnosis effects between the proposed algorithm and the tra-
ditional algorithms. Note: a referred to the average values of diagnostic specificity and sensitivity, b indi-
cated the average value of diagnostic accuracy. *Indicated that the difference was statistically significant 
compared with the proposed algorithm (P < 0.05)

Fig. 11   Survival rate and 
recurrence rate in 5 years after 
surgery of patients in experi-
mental group
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3.7 � Postoperative follow‑up results and related risk factors

As shown in Fig. 11, the survival rate of patients in 5 years after surgery in the 
experimental group decreased from 41.72% in the first year to 4.28% in the fifth 
year, and the recurrence rate increased from 17.58% in the first year to 81.44% in 
the fifth year. Thus, the survival rate and the recurrence rate were in the opposite 
trend, which was different from the follow-up results of Liska et  al. [33]. The 
reason may be that the surgical treatment of patients with early gallbladder cancer 
had the best effect, but most of the patients with gallbladder cancer were in the 
middle and late stage. The palliative and radical surgery only could remove the 
tumor visible to the naked eye and were impossible to eliminate the remaining 
cancer cells in the body completely, so the survival period of the patient was pro-
longed transitorily.

The Cox proportional hazard model (PHM) was used to further explore the rel-
evant risk factors affecting the survival rate of patients with gallbladder cancer in 
5 years after surgery. The independent variables included gender (male was set to 1, 
and female was set to 0), clinical TNM staging (II was set to 2, III was set to 1, and 
IV was set to 0), occupation (citizen was set to 0, and farmer was set to 1), smok-
ing history (yes was set to 1, and no was set to 0), drinking history (yes was set to 1, 
and 0 was for no), biliary complications (yes was set to 1, and 0 was for no), surgery 
method (palliative was set to 0, and radical was set to 1), operation duration (≥ 3 h 
was set to 0, and < 3 h was set to 1), family medical history (yes was set to 1, and 
0 was for no), RO (yes was set to 1, and 0 was for no), pathogenic site (neck was 
set to 0, the gallbladder bottom was set to 1, and body was set to 2), histological 

Table 5   Related risk factors of survival rate in 5 years after surgery for patient with gallbladder cancer

Factor X2 P value Parameter Risk ratio Standard 
derivation

Gender 0.276 0.168  − 0.052 0.866 0.481
Clinical TNM staging 8.582 0.016  − 0.072 1.144 0.927
Occupation 0.338 0.421 0.019 0.937 0.528
Smoking history 0.258 0.093  − 0.077 0.869 0.818
Drinking history 1.555 0.268 0.044 0.961 0.482
Biliary complications 1.639 0.055 0.051 0.892 0.461
Surgery method 0.330 0.063 0.038 0.962 0.522
Surgery duration 1.155 0.082  − 0.057 0.792 0.441
Family medical history 1.428 0.177 0.062 0.467 0.274
RO resection 0.557 0.067  − 0.039 0.897 0.511
Pathogenic site 10.429 0.005  − 0.052 0.961 0.391
Histological classification 0.316 0.050  − 0.061 1.052 0.717
CA242 0.831 0.073 0.488 1.153 0.841
CEA 1.289 0.052 0.362 1.042 0.671
CA199 15.482 0.002 0.017 2.370 0.427
CA125 0.738 0.057 0.022 0.945 0.388
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classification (high differentiation was set to 0, mediate differentiation was set to 
1, and low differentiation was set to 2), and levels of four tumor markers (CA242, 
CEA, CA199, and CA125). The survival conditions of patients in 5 years after sur-
gery were taken as the dependent variables.

The results were shown in Table 5. It revealed that there was a significant nega-
tive correlation between clinical TNM staging, pathogenic site, and survival rate in 
5 years after surgery (P < 0.05). There was a significant positive correlation between 
level of CA199 and survival rate in 5 years after surgery (P < 0.05), which suggested 
that later clinical TNM staging, pathogen parts in the neck, and higher level of 
serum CA199 could cause the lower survival rate of patients in 5 years after surgery. 
Thus, TNM stage IV, gallbladder cancer in neck, and high level of serum CA199 
were independent risk factors affecting the survival rate of patients in 5 years after 
surgery.

4 � Conclusion

In this study, an optimization algorithm for multi-tumor marker was constructed 
based on the BPNN and GA, and was applied in the diagnosis of tumor markers 
in patients with gallbladder cancer. The results showed that the combined detection 
technology of multiple tumor markers based on deep learning algorithms showed 
excellent diagnostic and prognostic performance for gallbladder cancer. The occur-
rence of gallbladder cancer was related to the tumor markers CA242, CA199, CEA, 
and CA125, showing better detection effects by combination of CA242 and CA199. 
The TNM stage IV, neck gallbladder cancer, and CA199 were independent risk fac-
tors for the decrease in survival rate of patients with gallbladder cancer. However, 
the optimization algorithm for multi-tumor marker constructed in this study had 
only been used in the diagnosis of gallbladder cancer, and other malignancies had 
not been popularized yet. Therefore, it was considered to extend the algorithm to 
the evaluation of patients with more types of malignant tumors in the future, so as to 
provide assistance for the early diagnosis of tumors. In conclusion, the results of this 
study provided an effective experimental basis for the clinical diagnosis and progno-
sis of malignant tumors.
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