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Abstract: Moso bamboo has the advantages of high short-term strength and reproducibility, appropriating for temporary supporting structure of shallow foundation pit. According to the displacement of the pile top from an indoor model test, the reliability of the supporting effect of the moso bamboo pile was analyzed. First, the calculation formula of reliability index was deduced based on the mean-value first-order second-moment (MVFOSM)method and probability theory under ultimate limit state and serviceability limit state. Then, the dimensionless bias factor (the ratio of the measured value to the calculated value) was introduced to normalize the displacement. The mathematical characteristics of the displacement were estimated and optimized based on Bayesian theory. Finally, taking 2.5 as the design reliability index, the effect of safety factor, tolerable limit displacement, and the ratio of the ultimate limit displacement to the tolerable on reliability index was analyzed. The results show that the safety level of the supporting pile can be increased by 1–2 levels when the safety factor increases by 0.5. When the coefficient of variation of tolerable limit displacement is less than 0.3, the safety factor can be 2–2.5. And the ratio of the ultimate limit displacement to the tolerable has a great influence on the reliability index, when the soil conditions is well, the ratio can be 1.2–1.3.

Keywords: Moso bamboo pile; shallow foundation pit; reliability; sensitivity; Bayesian theory



1  Introduction

In the process of urban-rural integration construction, there are lots of shallow foundation engineering in the soft soil area. The engineering was not usually supported, because of the effect of excavation length, safety awareness, and engineering cost, causing many safety accidents [1]. To solve the problem and respond to the conception of national green development conception and eco-friendly building, moso bamboo is used as the supporting material for shallow foundation pit. The supporting effect in the shallow foundation pit was verified by an indoor model test [2] and engineering application [3]. To ensure that the supporting piles can meet the requirements of engineering, the reliability analysis will be carried out.

Structural reliability is the ability to complete a specific function during the prescribed time under the prescribed conditions, using reliable degree or failure probability as evaluation indices [4]. At present, relevant scholars at home and abroad have achieved many results in the field of reliability analysis. Bayesian theory has played a certain role in determining the random field parameters and related functions of soil parameters [5]. To reasonably characterize the spatial variability of soil parameters, Yang et al. [6] combined the limit equilibrium method and finite element method to analyze the influence of soil parameters on the displacement of slope. Huang et al. [7] analyzed the influence of the grouting method and soil condition of bearing layer on reliability index according to lots of static test data of drilling piles. Aladejare et al. [8] utilized Bayesian theory to establish probability distribution function, analyzed the effect of the correlation of soil parameters on the reliability index. Soil is a three-phase material, the parameters of soil are discontinuity, so the indeces of soil are difficult to be accurately determined. Fan et al. [9,10] studied the variation of soil characteristics along the pile length. Sun et al. [11] stated that internal friction angle of soil has a great influence on reliability index based on the Monte Carlo (MC) method. Zhang et al. [12] put forward an efficient calculation method of reliability index based on the probability density function and the Bootstrap method to solve the problem of determining mathematical characteristics of geotechnical parameters. Du et al. [13] established four failure models to research the influence of soil parameters on reliability index. Saseendran et al. [14] considered the uncertainty of the system parameters of the pile-slope, used the response surface method to derive the implicit function and to conduct the reliability analysis of its system safety. Jiang et al. [15] established normal distribution random field and lognormal distribution random field and clarified the influence of parameters changes on slope reliability index. Data discretization is an extreme problem in the indoor model test. To solve the problem in processing data is important. Zheng et al. [16,17] used Bayesian theory to optimize data, solving the problem of testing and monitoring data discretization. Xu et al. [18] improved the MVFOSM method, effectively reduced the non-linear iteration process, and established a revised function to ensure the accuracy of calculated results. Xin et al. [19] introduced the Coupula function to analyze the correlation between different parameters based on the problem of data discretization. Liu et al. [20] calculated the autocorrelation distance of soil parameters based on the recursive average method, which reduced the dispersion of parameters and made the calculation more accurate. What is more, Su et al. [21] introduced Gaussian process method in the reliability analysis of a slope, the method has a good accuracy and efficiency. Zhu et al. [22] proposed a novel Gaussian process surface method, constructing random field by Karhunen-Loeve expansion and the limit equilibrium method to evaluate the stability of slopes.

Among the existing research results, Bian et al. [23] analyzed the linear relationship of βuls and βsls (reliability index of pile bearing vertical load, under ultimate limit state and serviceability limit state, respectively). Referring to the above-mentioned methods, according to the model factors and distribution type of displacement, the calculation method of reliability index, used for supporting pile of foundation pit under different limit state, was deduced. The reliability index was calculated by the MVFOSM method, the JC method and the mapping transformation method, and verified by the MC method. Combining Bayesian theory, the effect of safety factor, tolerable limit displacement, and the ratio of the ultimate limit displacement to the tolerable on reliability index was analyzed. The results can provide a reasonable evaluation basis for the design of supporting structure used in foundation pit.

2  Uncertainty Analysis of Limit State

2.1 Serviceability Limit State

According to the failure principle, the limit state of the supporting pile can be divided into ultimate limit state and serviceability limit state. Under the serviceability limit state, the displacement is up to the design value, but the soil around the foundation pit has not failed. And the supporting structure has not been functionally damaged and still has a certain bearing capacity. However, the pile top displacement increases abruptly, and the supporting structure fails in the ultimate limit state. Therefore, the performance function should be established according to the different limit states during the reliability analysis of the supporting pile.

In the design of the supporting structure used in the foundation pit, the warning limit of displacement should be set and less than the ultimate limit value. Once dm (measured displacement) exceeds the warning limit, the supporting structure should be strengthened, to prevent greater displacement. In the paper, the warning limit is defined as tolerable limit, and the limit state function is named as serviceability limit state function. In the design of the supporting structure, K (safety factor) is usually introduced, defined as the ratio of dtol (tolerable displacement) to dp (calculated displacement), shown as Eq. (1).


K=μdtolμdp
(1)

In the Eq. (1), μdtol and μdp are the average of the tolerable displacement and the calculated displacement.

The test data in the paper comes from many tests [24]. In the test, soil, moso bamboo pile and mass block used as experimental load are quite different. dp and dm of the supporting pile are affected by uncertain factors such as the soil, the loading conditions and the pile materials. The data cannot be compared straightly, and the data is limit under the same test conditions. To increase the sample and eliminate the error in the displacement data of bamboo piles, the collected data are normalized, and the dimensionless bias factor is introduced, defined as the ratio of dm to dp, shown as Eq. (2).


λ=dmdp
(2)

The significance of introducing the bias factor is to consider the difference of dp and dm, and make the expected results clear. Taking the bias factor as the basic parameter, analyze the influence of its mathematical characteristics on the reliability index.

According to the conception of reliability, when Z = 0, it means that the supporting pile is in a critical state. While Z < 0, dtol is less than dm, it can be judged that the normal use performance is invalid, and further measures need to be taken. The failure probability of the supporting pile can be shown as Eq. (3).


P=Pr(Z<0)=Pr(dtol<dm)
(3)

When λ, dtol, dp, dm obey lognormal distribution, according to the limit state equation and the MVFOSM method, the failure probability of supporting pile under serviceability limit state can be expressed as Eq. (4). According to the probability limit state method, the reliability index of supporting pile under serviceability limit state can be calculated, shown as Eq. (5).


pfs=P(dtol<dm)=P{ln⁡[(dtol/dp)(dp/dm)<0]}=P(ln⁡dtol−ln⁡dp−ln⁡λ<0)=Φ(−μln⁡dtol−μln⁡dp−μln⁡λσln⁡dtol2+σln⁡dp2+σln⁡λ2)
(4)


βsls=μln⁡dtol−μln⁡dp−μln⁡λσln⁡dtol2+σln⁡dp2+σln⁡λ2=ln⁡[(K/μλ)(1+δdp2)(1+δλ2)/(1+δdtol2)]ln⁡[(1+δdtol2)(1+δdp2)(1+δλ2)]
(5)

In Eqs. (4) and (5), μlndtol, σlndtol represent the logarithmic mean value and logarithmic standard deviation of the tolerable displacement, respectively. μlnλ and σlnλ represent the logarithmic mean value and logarithmic standard deviation of λ. μλ is the mean value of the bias factor. δdp, σλ, σdtol is the coefficient of variation of dp, λ and dtol, respectively.

2.2 Ultimate Limit State

The displacement limit state equation established above takes dtol as a standard for the critical state of the support performance. The reliability analysis based on the basis belongs to the reliability design under the serviceability limit state. When dp exceeds the tolerable limit, it indicates that the supporting capacity has not reached the expected goal, but the supporting capacity has not been lost completely. The failure probability of supporting pile under ultimate limit state can be expressed as Eq. (6).


pfu=P(duls<dm)=P{ln⁡[(duls/dtol)(dtol/dp)(dp/dm)]<0}=P(ln⁡λu+ln⁡dtol−ln⁡dp−ln⁡λd<0)=Φ(−μln⁡λu+μln⁡dtol−μln⁡dp−μln⁡λdσln⁡λu2+σln⁡dtol2+σln⁡dp2+σln⁡λd2)
(6)

During the loading period of the indoor model test, the load was not up to the ultimate bearing capacity of the supporting pile, so the ultimate displacement of the pile top could not be obtained. However, the S-logt failure principle shows that the displacement corresponding to the stage of the steep drop at the end of the curve is the calculated limit displacement. Therefore, the load-displacement data collected from the indoor model test was processed by the p-d curve, which is expressed as Eq. (7). The reliability index of supporting pile under the ultimate limit state can be calculated, shown as Eq. (8).


P=da+bd
(7)


βuls=μln⁡λu+μln⁡dtol−μln⁡dp−μln⁡λdσln⁡λu2+σln⁡dtol2+σln⁡dp2+σln⁡λd2=ln⁡[(μλu⋅μdtol)/(μλ⋅μdp)⋅[(1+δλd2)(1+δdp2)]/[(1+δλu2)(1+δdtol2)]]ln⁡[(1+δλu2)(1+δdtol2)(1+δdp2)(1+δλd2)]=C0βsls+C1
(8)

C0=ln⁡[(1+δdtol2)(1+δdp2)(1+δλ2)]ln⁡[(1+δλu2)(1+δdtol2)(1+δdp2)(1+δλ2)]
C1=ln⁡((μλu/(1+δλu2))ln⁡[(1+δλu2)(1+δdtol2)(1+δdp2)(1+δλ2)]
In the equation, λu is the ratio between the ultimate limit displacement and the tolerable, μλu and δλu are the mean value and the coefficient of variation of the bias factor.

3  Optimization Based on Bayesian Theory

3.1 Distribution Test of Related Variables

Calculating the reliability index should consider the distribution characteristics of the index. According to dp and dm, the bias factor of the supporting pile can be calculated. Based on the K-S test method and the significance level is 0.05, the distribution characteristics of dm, dp, and λ were analyzed to check whether the variables conform to normal distribution, lognormal distribution, or the Gumbel distribution. The distribution test results are shown in Table 1.
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In Table 1, N, LN, I represent normal distribution, lognormal distribution, the Gumbel distribution, respectively. The results based on the K-S test show that the statistics of dm, dp, and λ are less than the critical values. Therefore, the assumptions of the distribution type of the basic variables can be accepted. In the test results, the lognormal distribution corresponds to the largest similarity, so the samples are more consistent with the lognormal distribution. Consequently, in the following analysis, the distribution of the basic variables is seemed as lognormal distribution to deduct the relative calculated formula.

3.2 Bayesian Optimization Principle

A large amount of accurate test data can effectively reduce the design error. But considering the design and cost of indoor model tests, collecting lots of test data is difficult. Based on the problem, Zheng et al. [16,17] combined mathematical statistics and the Bayesian principle, defined the relative deviation (ζ) of the model factor and proposed the Bayesian optimal estimation of the model factor. The calculation of ζ is shown in Eq. (9).


ζ=|λd−μλd|μλd
(9)

In the reference [25], according to the relative deviation, the test data can be divided into three levels: good, general and bad. After the division of test data, the general data are optimized by Bayesian optimization estimation. Because the difference between the bad data and other data is too large, the error of reliability of analysis will be caused, so it should be discarded.

The judgment basis of dividing data is as follows:

(1) Good data: ζ < 0.25

(2) General data: ζ ≤ 0.25 < 0.5

(3) bad data: ζ ≥ 0.5

According to the types of data, the good data are set as the prior distribution. When the data conform to the normal distribution, the prior density function of the variable is as Eq. (10). μ1 and σ1 are the mean value and standard deviation of the variables, respectively.


fp(x)=N(μ1,σ1)
(10)

Assuming the general data are a likelihood function, the mean value and standard deviation are μ2 and σ2, respectively. So the μ2 and σ2 of the posterior distribution of variables are calculated as Eqs. (11) and (12).


μ3=μ2σ12+μ1(σ22/n)σ12+σ22/n
(11)


σ32=σ22+σ12(σ22/n)σ12+(σ22/n)
(12)

On the basis of the above analysis, the model factor conforms to a lognormal distribution. Therefore, the mean value and standard deviation of the posterior distribution are needed to be transformed, calculated as Eqs. (13) and (14).


μ4=exp⁡(μ3+0.5σ32)
(13)


σ4=μ42[exp⁡(σ32−1)]
(14)

3.3 Test Data Processing

Submitting the collected test data into Eq. (8) to calculate the model factor, then calculating the relative deviation of the calculated results according to Eq. (9) and classifying the model factors according to the relative deviation. The classification results are shown in Table 2. In the Table 2, 21 sets are good, 10 sets are general, and only 1 set is bad. The model factor range of 0.91–1.32 is good data, the general data range is 0.81–0.86 and 1.46–1.53. The model factor value of bad data is 0.55.

The bad data is discarded. Using Eqs. (13) and (14) to optimize the remaining data. The statistical analysis of the optimized data is shown in Table 3. The mean value of the raw data is equal to that of the updated data. But the coefficient of variation of the former is twice that of the latter. Therefore, the Bayesian optimal estimation can better solve the problem of data discretization.
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In the light of the mean value, standard deviation, and coefficient of variation of the updated data, the reliability index of supporting pile under serviceability limit state was calculated based on the MVFOSM method, the JC method, the mapping transformation method, and the MC method. The calculated equation of the MVFOSM method is shown as Eq. (4). The coefficient of variation of the calculated displacement (δdp) was calculated from the test data, δdp = 0.12. The coefficient of variation of dtol and dm was the same. The performance function of the JC method and the MC method is calculated as Eq. (15). The reliability indices of each method were calculated in the MATLAB software. The calculated results are shown in Table 4.


g=dtol−dm=dtoldp−λ=0
(15)

As known in Table 4, the calculated value using the updated data is higher than the results using the raw data. The mean value of the raw data and the updated data is the same. Because the mean value of the likelihood function is small, and the coefficient of variation is large, so the coefficient of variation of the raw data is large and the calculated reliability index is small. Considering the distribution type of the data, the Bayesian optimal estimation optimizes the mean value and coefficient of variation of likelihood function based on prior distribution function, revises the bad data, and reduces its influence on reliability analysis.
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There is a difference in the calculated results between different calculation methods. The difference of using the MVFOSM method is the smallest, only 0.60. The difference between the JC method, the mapping transformation method and the MC method is equal, the value is 0.88. The results of the JC method and the mapping transformation method are higher than the results of the MVFOSM method, the smallest difference is 0.1 and the largest is 0.38. Because the calculated results of the JC method and the mapping transformation method are the same, so the next reliability analysis uses the two methods to calculate the reliability index, and use the MC method to check the calculated results.

4  Parameters Analysis

4.1 Safety Factor

According to the reference [25], the security level is classified by the reliability index, shown in Table 5. In the paper, the designed reliability index is 2.5. According to the Federal Highway Administration Load and Resistance Factor Design (LRFD) for Highway Bridge Substructures [26], the safety factor of designing pile structures is specified. The theoretical analysis and static load test of safety factor are 3.5 and 2.0, respectively. Moso bamboo pile is a new material of pile. Compared with the concrete pile, the actual engineering experience and theory are not complete. Therefore, the safety factor is in the range of 2.0–3.5. Using the MVFOSM method, the JC method and the MC method to calculate reliability index βsls, the results are shown in Fig. 1. The influence of safety factors on reliability was analyzed. The range of safety factors was discussed under the condition of ensuring the safety level.
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Figure 1: The influence of safety factor on the reliability index (a) Raw data (b) Updated data

The reliability index increases with the increase of the safety factor. When the safety factor is 2.5, the smallest reliability index is 3.00, the largest is 3.08. As known in Fig. 1, when the reliability index is within 2.5–3.5, the security level is medium. And according to the three methods, the failure probability of supporting pile under serviceability limit state is about 1%. According to the investigation report of the foundation pit accident, the accident probability of foundation pit without a supporting structure is about 21.8% [1]. Comparing with the two sets of data, it is obvious that the use of the Moso bamboo pile as a supporting structure can significantly improve the safety of shallow foundation pits.

As shown in Fig. 1, the calculated reliability index using the updated data is significantly higher than the calculation result based on the raw data. When the safety factor is 2.0, the reliability index of the former is close to the latter when the safety factor is 2.5. The reliability index of using the MVFOSM method is less than the value of using the JC method and the MC method, but the security level is the same and the failure probability is less than 6%. The reliability index keeps substantially increasing with the increase of safety factor. When the safety factor is 2.5, the reliability index of using the MVFOSM method is 3.99, the security level is high, and the failure probability is less than 0.03%. With the same safety factor, the reliability of using the JC method and the MC method is 4.31 and 4.24, the security level is high, and the failure probability is less than 0.0003%. When the safety factor is 3.5, the reliability index is too large, the supporting capacity is excessive, and the cost is too high to meet the economic requirements of the engineering. Therefore, the reliability corresponding to the safety factor is not considered.

Because of the influence of soil parameters, underwater and other uncertain factors, it is difficult to determine the specific limit displacement of the foundation pit. Therefore, in the process of calculating the reliability index under the ultimate limit state, the coefficient of variation of the ratio of the limit displacement to the tolerable (δλu) is regarded as a random variable, within the range of 0–0.5. Discussing the variation trend of reliability under different coefficient of variation, the calculated results are shown in Fig. 2.
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Figure 2: The influence of δλu on the βuls (a) Raw data (b) Updated data

As shown in Fig. 2, when the variables are the same, the reliability index of using updated data is higher than the value of using raw data, and the difference is gradually reducing with the increase of δλu, the correction ability of prior distribution function is weakened. Taking the safety factor of 2.5 as an example, when δλu = 0.1, the difference of using the two different data is the largest, 0.87. When δλu = 0.5, the difference is the smallest, only 0.06. When δλu = 0.3, βuls starts to be smaller than βsls. The main cause of the problem is that δλu is too large, resulting in a lot of λu being less than 1. It means that the error is too large in calculating the limit displacement of the foundation pit, resulting in the measured limit displacement being less than the tolerable displacement. When λu < 1, the tolerable displacement will also vary. Therefore, judging the limit displacement of soil in the foundation pit is extremely important to the reliability analysis of supporting pile capacity.

βuls decreases with the increase of δλu. When δλu is in the range of 0–0.3, the decreased amplitude of βuls keeps increasing. When δλu is in the range of 0.3–0.5, the decreased amplitude starts to decrease, but the variation is small. As known in Fig. 2, when the reliability index is larger than 2.5, the security level is medium. When δλu = 0.3 and the safety factor is 2.5 or 3.0, the calculated reliability index of using updated data can reach the security level. But the calculated reliability index of using raw data can reach the security level when the safety factor is 3.0. Therefore, in the reliability analysis under the ultimate limit state, the prior distribution function still plays a positive role in correcting the data discretization.

4.2 Tolerable Displacement

Tolerable displacement is a basic variable of the limit state equation and a standard for judging whether the supporting structure meets the normal use. In the design of the supporting structure, the tolerable displacement should be firstly determined according to relative parameters and engineering experience. The target value is determined according to tolerable displacement and safety factor, and the target value is a key index to determine other parameters of the supporting pile. Therefore, dtol is a standard to guide dp. The deviation of dtol determines whether the designed displacement is reasonable. Taking δdtol as a basic variable, the range is 0–0.5, the influence of dtol on βsls is analyzed. The calculated results are shown in Fig. 3.
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Figure 3: The influence of δλu on the βuls with different safety factor (a) Raw data (K = 2.5) (b) Updated data (K = 2.5) (c) Raw data (K = 3.0) (d) Updated data (K = 3.0)

When δdtol is in the range of 0–0.3, the βsls of using the updated data is significantly higher than the value of using the raw data, the largest difference is 1.91, the smallest is 0.22. the correction performance of the prior distribution function in Bayesian optimal estimation still plays an active role. Taking βsls ≥ 2.5 as the goal reliability, it means that the security level is medium and above. When δdtol = 0.2, the βsls of using the three methods are about 3.0, meeting the design requirement. If the δdtol is too large because of extreme factors, the safety factor can be increased properly.

βsls fluctuates greatly with the change of δdtol. Taking K = 2.5 as an example, δdtol varies from 0 to 0.5. The βsls based on the raw data and the updated data decreases 2.03 and 3.53, respectively. In the design of the supporting pile, if dtol varies greatly, it will affect the rationality of dp of foundation pit, indirectly reduce K, and cause the reliability index to drop. Therefore, the dtol is important to K.

βuls decreases greatly with the increase of δdtol. When δdtol = 0.4, the reliability index of using updated data is still larger than 2.5, the security level is medium and above.

4.3 Ratio of Limit Displacement to Tolerable Displacement

In the design of the supporting structure, the ratio of limit displacement to tolerable displacement (λu) is a subjective judgment based on objective factors and experience. λu is another safety factor in the reliability analysis under the ultimate limit state. Taking λu as a basic variable to calculate βuls based on the MVFOSM method, the influence of μλu and δλu on βuls are analyzed, the results are shown in Fig. 4.
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Figure 4: The influence of λu on the reliability index (a) Updated data (K = 2.5) (b) Updated data (K = 3.0)

The influence of δλu on βuls is much higher than that of μλu. Taking K = 2.5 as an example, when δλu varies from 0.1 to 0.2, βuls has the fastest declining rate. And the change value is 1.18. βuls keeps increasing with the increase of μλu. But the variation amplitude is reducing gradually, the largest value is 0.45. The change of the former is 2.62 times that of the latter.

βuls increases gradually with the increase of μλu, but the variation amplitude is reducing. When the δλu= 0, δλu varies from 1.1 to 1.5, the largest difference of βuls is 1.59. When δλu= 0.5, the largest difference is 0.61. Taking K = 2.5 as an example, when δλu≥ 0.3, some values of βuls start to be less than 2.5. When δλu= 0.3, βuls can meet the safety requirement with the increase of μλu.

5  Conclusion

(1) Using the Bayesian principle to optimize and estimate test data, the mean value of the raw data and the updated data are the same, but the coefficient of variation of the former is two times of the latter. And the β of using the updated data is higher than that of using the raw data. The Bayesian principle can efficiently reduce the influence of test error on relative parameters, and solve the problem of data discretization.

(2) The safety factor increases by 0.5, the safety of the supporting structure can be increased by 1 to 2 levels.

(3) Taking βsls ≥ 2.5 as the goal reliability, when δdtol = 0.2, the βsls based on the updated data is about 3.0, meeting the safety requirement. If the δdtol is too large because of extreme factors, the safety factor can be increased properly to meet safety requirements.

(4) The ratio of limit displacement to tolerable displacement has a great influence on βuls. When δλu = 0.3, βuls can meet the safety requirement with the increase of μλu. If δλuincreases continually, the safety factor should be increased simultaneously.
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Table 3: Mathematical characteristics statistics of model factor
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Table 4: Calculated value of reliability index

Data type MVFOSM method JC method Mapping transformation method MC method
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Table 5: Relationship between reliability index and failure probability
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