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Abstract: In the era of big data, traditional regression models cannot deal with uncertain big data efficiently and accurately. In order to make up for this deficiency, this paper proposes a quantum fuzzy regression model, which uses fuzzy theory to describe the uncertainty in big data sets and uses quantum computing to exponentially improve the efficiency of data set preprocessing and parameter estimation. In this paper, data envelopment analysis (DEA) is used to calculate the degree of importance of each data point. Meanwhile, Harrow, Hassidim and Lloyd (HHL) algorithm and quantum swap circuits are used to improve the efficiency of high-dimensional data matrix calculation. The application of the quantum fuzzy regression model to small-scale financial data proves that its accuracy is greatly improved compared with the quantum regression model. Moreover, due to the introduction of quantum computing, the speed of dealing with high-dimensional data matrix has an exponential improvement compared with the fuzzy regression model. The quantum fuzzy regression model proposed in this paper combines the advantages of fuzzy theory and quantum computing which can efficiently calculate high-dimensional data matrix and complete parameter estimation using quantum computing while retaining the uncertainty in big data. Thus, it is a new model for efficient and accurate big data processing in uncertain environments.
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1  Introduction

With the development of information technology, big data security and computing efficiency are essential research directions. In terms of big data security, such as digital continuity and application in the industrial field [1–5], the complexity of big data is bound to bring uncertainty and create an uncertain environment in which the accuracy, efficiency, security, robustness of big data algorithms are confronted with significant challenges. Traditional regression models have strong interpretability and accuracy. Predictions can be well predicted and analyzed when the original data sets are linear and independent. The parameters are obtained mainly by solving linear equations. However, in the case of uncertainty and the high dimension of big data in an uncertain environment, traditional regression models cannot obtain parameters efficiently and accurately when dealing with big data [6].

In order to compensate for the shortcomings of the traditional regression models in processing uncertain data. Tanaka first proposed fuzzy regression models to process uncertain data [7,8]. The coefficients of fuzzy regression models were represented by interval numbers with membership functions, compared with traditional regression models. Fuzzy regression models can obtain more accurate prediction model results. Since fuzzy regression models proposed by Tanaka have high requirements for the data, in realistic application scenarios, data sets cannot meet the requirements. Therefore, fuzzy membership degrees are used to describe the uncertainty of data sets, for example, fuzzy regression models based on fuzzy point data [9,10]. The fuzzy regression models based on fuzzy point data can use fuzzy membership degrees to fit better parameters. In a word, the improvements from fuzzy regression models to traditional regression models mainly give more characteristics to data to better describe the uncertainty of data and get more accurate parameters.

Fuzzy regression models can deal with the uncertainty in the data sets well, but with the growth of the dimension of the data sets matrix, classical computers face mole bottleneck. In order to seek better computers, researchers proposed that quantum computers can achieve exponential acceleration computing power, break through the bottleneck of computing power and compute processing through the operation of quantum states. Applications of quantum algorithms in machine learning algorithms have shown remarkable performance, such as the HHL algorithm solving linear equations and the parameters fitting problems of traditional regression models [11,12].

In recent years, many achievements have been made in the theoretical research of quantum regression models and fuzzy regression models in dealing with big data, but few achievements have been made in researching the intersection and integration of quantum regression models and fuzzy regression models. Because of the theoretical and practical significance of the research on the efficient and accurate processing of uncertain big data through the regression models will undoubtedly become the focus of the research in the field of big data.

This thesis introduces a novel regression model called the “quantum fuzzy regression model” to address the existing models’ inefficient and low accuracy issues. The quantum fuzzy regression model uses fuzzy membership degrees and quantum algorithms to improve the existing models. The fuzzy membership degrees are determined by data envelopment analysis (DEA) [13], which can comprehensively reflect the importance degree of each data point. The data sets and fuzzy membership degrees are encoded by quantum amplitude and the predicted results are obtained by the quantum HHL algorithm, which improves the efficiency of the traditional fuzzy regression models and can better deal with big data in an uncertain environment.

2  Regression Model

Since the regression models were established, one direction of research on the regression model is using fuzzy theory to describe uncertainty in the data sets to increase the accuracy of the predicted results. Another direction is lifting the computational power to speed up the calculation of parameter estimation. This thesis first briefly introduces the matrix parameters solution method of traditional regression model and the parameter solution method based on the fuzzy point data regression model and then introduces the study of the quantum regression model in quantum machine learning, which provides a theoretical research basis for the quantum fuzzy regression model.

2.1 Linear Regression Model

The process of a linear regression model is shown below. Firstly, a data set with m data points is given D={(x1,y1),(x2,y2),…,(xn,yn)}, where each x is composed of n-dimensional vectors and xi=(xi1,xi2,…,xin)T, each y is composed of the prediction F from x.

The data set satisfies the relationship shown in Eq. (1), where b is the offset of the prediction, ω is a vector of length n+1 predicting parameters.

Y=Xω+b(1)

As X,Y,ω shown in Eq. (2).

X=[1x11…x1n1x21…x2n…………1xn1…xnn],  Y=[y1y2…yn],  ω=[ω0ω1…ωn](2)

The least square method is used to predict the parameters. Loss function: L(ω)=∑i=1n||yi−ωxi||2, where ω0=b,xi0=1, the first column of X is all 1. Executing each vector of the matrix will obtain the offset b. The specific matrix calculation method is expressed in matrix form as shown in Eq. (3). The matrix calculation method to obtain the minimum value of the loss function is expressed in matrix form shown in Eq. (4).

L(ω)=(ωTXT−YT)(Xω−Y)(3)

ω=(XTX)−1XTY(4)

When ω=(XTX)−1XTY, the predicted parameter ω is optimal. By computing the eigenvalues and inverse of the matrix X can obtain the best-predicted parameters ω to complete the data fitting. However, in processing actual data, the simple linear model cannot complete the data fitting well, so changing the form and method of the data sets of the traditional regression models has become one direction of research.

2.2 Fuzzy Regression Model

In actual situations, the degrees of each data point’s importance are different and some data points in the process of data sets are more important than other data points. However, in the traditional regression models, the importance of each data point cannot be distinguished. According to the definitions of the data points in [14], Shen proposed the concept of a fuzzy point data regression model. The process of the fuzzy point data regression model is as follows.

Before explaining the fuzzy linear regression model, this paper first explains the standard methods to determine the fuzzy membership degrees for each training data point (x,y). Standard methods are usually not challenging to choose the appropriate fuzzy membership degrees in a given application scenario, but it is subjective to some extent. Commonly used methods to determine fuzzy membership degrees include timeliness data, prior information, weighted data, repeated measurement data, heteroscedasticity data, and classification data. The fuzzy point data introduced in this thesis is a kind of weighted data that can describe the data’s uncertainty through fuzzy membership degrees and get better model results.

Firstly, data sets with fuzzy membership degrees {(xi,yi,mi),i=1,2,…,m} are given and the fuzzy membership degrees can use DEA to determine the weight as fuzzy membership degrees, which can better reflect the importance of each data point in data sets.

The fuzzy regression model based on fuzzy point data is shown in Eq. (5).

MY∗Y=MX∗(Xω)(5)

M,X,Y,ω,∗ is shown in Eq. (6):

MX=[ m11m12…m1nm21m22…m2n…………mn1mn2…mnn ],  X=[ x11x12…x1nx21x22…x2n…………xn1xn2…xnn ], MY=[ m1m2…mn ],  Y=[ y1y2…yn ],   ω=[ ω1ω2…ωn ]. MY∗Y=[ m1y1m2y2...mnyn ],MX∗X=[ m1x11m1x12…m1x1nm2x21m2x22…m2x2n…………mnxn1mnxn2…mnxnn ](6)

The independent variable matrix X, dependent variable matrix Y and corresponding fuzzy membership matrix MX,MY are multiplied to generate a fuzzy variable matrix XM,YM. (The operation of multiplying the corresponding elements of two homogeneous matrices to produce a new matrix is called Hadamard product operation, and the ∗ operation is called matrix Hadamard product operation.)

This paper makes YM=MY∗Y,XM=MX∗X, according to the method of solving parameters in the classical regression model in Eq. (2)–(4). This paper can get the loss function of the fuzzy regression model representing fuzzy point data as L(ω)=∑i=1n||yni−ωxni||2.

When ω=(XMTXM)−1XMTYM, the predicted value meets that ω=arg⁡minωL(ω) and the predicted parameters are optimal.

The effects of fuzzy regression models after introducing fuzzy membership degrees in processing actual data have been verified by the predicted results, which have better effects on data fitting and can better reflect the importance of each data point in data fitting.

2.3 Quantum Linear Regression Model

The classical regression model has insufficient computational power when processing high-dimensional data, so the quantum regression model is introduced for optimization. Compared with the classical regression model, the key difference of the quantum regression model is that the quantum circuits are introduced to accelerate the parameter estimation part and the data set processing part.

In 2012, Wiebe proposed the quantum regression model for the first time, which can effectively determine the parameters of the least square fitting on big data [15,16]. Unlike the classical algorithm, quantum regression models can efficiently determine parameters and store data [17,18]. The process of the quantum linear regression model is as follows.

Firstly, the quantum computer uses the input matrixes X and Y as shown in Eq. (7), to obtain the quantum states |ψx⟩ and |ψy⟩ of the information of the encoding matrixes X and Y. The encoding circuit of the matrix X is shown in Fig. 1:

|ψx⟩=∑i=1m∑jnxij|ij⟩|ψy⟩=∑i=1myi|i⟩(7)
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Figure 1: Encode circuit of matrix

In the quantum encode circuit of the matrix X, RX(ai) regards the RX rotation gate of offset ai where ai is as shown in Eq. (8). RX rotation gates can change the quantum states’ amplitude through the quantum states regarding the data sets.

ai=2 arccosxi/2k+1xik(k=0,…,⌈log⁡n2⌉;i=0,…,n2−1)(8)

Since X generally does not meet the requirements of a symmetric matrix in actual situations, it is defined to encode all the information of X and facilitate subsequent matrix calculation. The encoding circuit complexity is O(Logn2).

According to the method of solving parameters in the traditional linear regression models, as shown in Eq. (4), the difficulty lies in solving the inverse of the high dimensions data matrix. Therefore, using the HHL algorithm to calculate the quantum states data sets can be more efficient in solving linear equations such as AX=B (A, B are the known matrix, X is the solution of the system of linear equations). According to Eq. (4), solving the matrix’s inverse is the key parameter estimation process. Compared with the efficiency of solving linear equations in classical methods, the efficiency is exponentially improved [19]. The diagram of the HHL algorithm is shown in Fig. 2:
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Figure 2: Diagram of the HHL algorithm process

In the diagram, the quantum circuit comprises H gates, U gates, R gates and Fourier transform (FT) module. H gates are Hadamard gates to obtain superposition. U gates are universal gates, including the information of data sets. R gates are the rotation gates encoding the eigenvalues of A. FT and FT* modules are the quantum Fourier transform (QFT) circuit and inverse of the QFT circuit.

Firstly, the HHL algorithm constructs the circuit as shown in Fig. 2. Circuit uses H gates and U gates to complete the encoding of the data sets. Then, a controlled rotation gate (R gate) is used to extract the values in the encoding quantum states to the probability amplitude through an additional quantum bit.

Finally, the output of the HHL algorithm is taken as the final result of the parameters estimation of data fitting. According to the research in [20], the efficiency of the quantum algorithm to solve high-dimension multiple linear regression is significantly improved. With the increase in available quantum bits, the advantages of quantum regression models in data processing will become more and more obvious.

3  Quantum Fuzzy Regression Model

The existing fuzzy and quantum regression models cannot deal with the uncertainty in big data efficiently and accurately. The quantum fuzzy linear regression model proposed in this paper uses fuzzy membership degrees to describe uncertainty and quantum circuits to accelerate the efficiency of data preprocessing and parameter estimation, which can process large data efficiently and accurately.

3.1 State Preparation

First, the quantum fuzzy regression model uses the DEA algorithm (Banker, Charness, Cooper model (BCC model)) to calculate the fuzzy membership degrees of each training point {(xi,yi)}(i=1,2,…,n) and get the values of mxi,myi(0<mxi, myi<1,i=1,2,…,n). Data sets of each training point and fuzzy membership degrees are composed to generate training point data set D with fuzzy membership degrees [21].

D={(x1,y1,mx1,my1),(x2,y2,mx2,my2),…,(xn,yn,mxn,myn)}(9)

|ψx⟩=∑i=1n∑j=1nxij|ij⟩|ψmx⟩=∑i=1n∑j=1nmxij|ij⟩|ψy⟩=∑i=1nyi|i⟩|ψmy⟩=∑i=1nmyi|i⟩(10)

The data sets X,Y,MX,MY in Eq. (9) are encoded in quantum states |ψx⟩,|ψy⟩,|ψmx⟩,|ψmy⟩ in Eq. (10) using amplitude encoding similar to the circuit in Fig. 1. According to the encoding circuit in [22], the number of qubits required to encode n2 data is ⌈log⁡n2⌉, which is exponentially improved compared with the data storage efficiency in classical computation [23].

According to the method of fuzzy point data, the quantum state generated after amplitude encoding contains data sets and fuzzy membership degrees. In order to combine fuzzy membership degrees and data sets by referring to the method DEA, the results ∑i=1n⟨ψx|ψmx⟩,∑i=1n⟨ψy|ψmy⟩ are written into an auxiliary quantum bit. The target result can be obtained from the measurement result of the auxiliary quantum bit. The circuit of the swap test [24,25] is shown in Fig. 3.
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Figure 3: The circuit of the swap test

Using the above quanutum swap circuit, the inner product result of two quantum states can be obtained by measuring the result of one qubit, which meets the application effect of fuzzy membership degrees in a fuzzy regression model based on fuzzy point data and procession of swap test is as shown in Eq. (11):

|0⟩|q1⟩|q2⟩⟶H12(|0⟩+|1⟩)|q1⟩|q2⟩⟶SWAP12(|0⟩|q1⟩|q2⟩+|1⟩|q2⟩|q1⟩)⟶H12(|0⟩|q1⟩|q2⟩+|1⟩|q1⟩|q2⟩+|0⟩|q2⟩|q1⟩−|1⟩|q2⟩|q1⟩)=12|0⟩(|q1⟩|q2⟩+|q2⟩|q1⟩)+12(|q1⟩|q2⟩−|q2⟩|q1⟩)(11)

In the swap test circuit, the measure of the ancillary qubit probability of getting |0⟩ is 12(1+|⟨q1|q2⟩|2) and |q1⟩=a|0⟩+b|1⟩,|q2⟩=c|0⟩+d|1⟩ is the quantum state generated by quantum amplitude encoding. According to the features of the inner product, the Hadamard product result is contained in the auxiliary bits and the product of quantum state amplitude encoding can be obtained by measuring the auxiliary bits many times to get the result. The swap test is performed on the quantum states data sets. This paper can get the inner product of the quantum states of the encoded fuzzy membership degrees and the quantum states of the encoded data sets in ∑i=1n⟨ψx|ψmx⟩,∑i=1n⟨ψy|ψmy⟩. With the advantages of amplitude coding and swap test, this paper can calculate the efficiency of the data Hadamard product of the matrix in classical calculation with an exponential advantage. The result of the procession is as shown in Eq. (12):

|ψxm⟩=∑i=1n∑j=1nxijmxij|ij⟩|ψym⟩=∑i=1nyimyi|i⟩(12)

The quantum states data sets containing fuzzy membership degrees are obtained through the above operations. The fuzzy quantum state data set can better describe the data characteristics and better fit the complex big data in an uncertain environment.

3.2 Executing HHL Algorithm

This paper applies the HHL algorithm for the quantum state fuzzy data sets using the phase estimation circuit, as shown in Fig. 4 below. The phase estimation circuit completes the quantum state input of the fuzzy data set using the quantum bits storage |ψxm⟩, |ψym⟩. Quantum state information is stored in probability amplitude using the phase estimation algorithm.

[image: images]

Figure 4: Phase estimation functions of the HHL algorithm

After processing the phase estimation algorithm, the state of the additional qubit is changed from |0⟩ to R|0⟩=1−λ2|0⟩+λ|1⟩ by a series of controlled rotation doors R circuits shown in Fig. 5 below and the value in the ground states are extracted to the probability amplitude.

[image: images]

Figure 5: The process of using the controlled rotation door

Performing the phase estimation’s reverse operation and then measuring the auxiliary bit. When the measurement reaches 1, register Q2 will get the final solution, which will be analyzed in the runtime analysis, as Fig. 6 shows.

[image: images]

Figure 6: The process of the measure

The pseudo codes of the quantum fuzzy regression model in this thesis are shown in Figs. 7 and 8. The pseudo codes are about the quantum fuzzy data preprocessing solution of the eigenvalue and inverse of a matrix through the HHL algorithm.
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Figure 7: The pseudo of quantum fuzzy data preprocessing
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Figure 8: The pseudo of quantum fuzzy regression model

4  Runtime Analysis

Predicting the stock index in the short term is one of the most important application scenarios in the financial field. Due to the huge potential of China’s economic development and the stability and favorable domestic situation, stock prices in China’s stock market are linearly correlated. It shows that the quantum fuzzy regression model can use the historical data of the Chinese stock index to establish a quantum fuzzy regression model to predict the trend of the stock index in the short term. The China Securities Index (CSI) series of scale indexes include CSI 100, 200 and 500. The CSI 500 index is a small-cap stock index, which is suitable for small long-term investments in asset allocation and has more research significance. Therefore, data from the China Securities 500 Index from August 16, 2021 to September 24, 2021 (data source: China Securities Index official website—China Securities Small Cap 500 Index-China Securities Index Co., LTD. (CSIndex.com.cn) is used as the original data sets in this thesis to establish a model to predict the closing price of China Securities Index 500 in the short term.

4.1 Comparison Between Fuzzy Regression Model and Regression Model

The original data set is obtained and collected from the original data sets of CSI 500 from August 20, 2021 to September 13, 2021 (data source: historical data on the official website of CSI, with two decimal digits reserved). The original data set of CSI 500 is shown in Table 1.
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According to the original data set of CSI 500, the factors affecting the closing price of the next day are obtained and all independent variables affecting the closing price of the next day are selected for analysis. Due to the limitation of available quantum bits for general quantum computers, the number of available quantum bits for the existing IBM quantum computer cloud platform is five qubits and considering that the input matrix may not meet the conditions of the Hermitian matrix. Therefore, the two independent variables with the highest significance among all independent variables are selected as the independent variables of the quantum fuzzy regression model and the closing price of the next day is taken as the dependent variable.

Data uncertainty is common in many practical application scenarios, and certainty is usually called risk in the financial field. The sources of uncertainty are mainly divided into three aspects: the error beyond distribution, the uncertainty of accidental events and the uncertainty of cognition. In this thesis’s application scenario, the main analysis’s uncertainty refers to the error beyond the distribution and the uncertainty of accidental events, that is, the weight of data and the analysis of abnormal data. Therefore, this thesis uses fuzzy membership degrees to describe the uncertainty and establish a model to get more accurate results. The original data sets are shown in Table 1.

In the fuzzy membership degrees matrix for mode selection of this article is the data envelopment analysis (DEA) algorithm and can be a dependent variable in the closing as output indicators. The main factors affecting the next day’s closing price as the input index, the input index and the output index of efficiency evaluation of the results as fuzzy membership degrees of data points, generating the corresponding fuzzy membership degrees matrix. The fuzzy variable matrix is obtained by calculating the Hadamard product of the variable matrix and the corresponding fuzzy membership matrix of the quantum swap test circuit and the fidelity of the quantum swap test line was analyzed combined with the experimental results. The fuzzy data set is shown in Table 2.

[image: images]

In order to verify the validity of the quantum fuzzy linear regression model, it is necessary to verify the validity of the fuzzy linear regression model first. The original data set is prepared by zero-mean score (z-score) normalization. In this thesis, a multiple linear regression model, the independent variables z-score (Open) and z-score (Change) are established for analysis of dependent variable z-score (Close). Through the analysis of the timeliness data abbreviations for T-Open, T-Change and T-Close, membership fuzzy point data abbreviations for M-Open, M-Change and M-Close, the model summaries of multiple linear regression model and fuzzy linear regression model were finally obtained, as shown in Tables 3–5.
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According to the analysis of Table 3, z-score (Open) and z-score (Change) can explain 94.6% of the change in z-score (Close). When conducting the significance test for the multiple linear regression model, the F value is 114.005, which passes the significance test, indicating that the opening and the rise and fall are closely related to the next day’s closing. Multicollinearity statistics of the model are all less than 5, meaning that there is no serious multicollinearity of the variable matrix and no correlation between the sample data. It shows that the multiple linear regression model construction is meaningful and reliable.

Through comparative analysis of Tables 3 and 4, the result can be found that although the timeliness of data is widely used in the fuzzy regression model, dealing with the uncertainty of stock data is not ideal. The simple analysis is combined with timeliness to ignore their impact on the overall analysis of the model sometimes produces greater deviation. The independent variables z-score (T-Change) and z-score (T-Open) only can explain the 88.7% of the change in z-score (T-Close). The simulation experiment in this article was abandoned using fuzzy membership degrees timely data acquisition.

Comparative analysis of Tables 3 and 5, this article can show the advantages of the fuzzy linear regression model. This paper marks M regarded the fuzzy data containing fuzzy membership. First of all, the z-score (M-Open) and z-score (M-Change) can describe 97.8% of the reasons for the change of the z-score (M-Close), which is better than multiple linear regression. Secondly, the result of a significance test is better than that of multiple linear regression and the multicollinearity is maintained at a good level. Finally, through some experimental results of the fuzzy linear regression model, it is concluded that the fuzzy linear regression model is better than the multiple linear regression model.

In a word, the quantum fuzzy point data regression model can improve the accuracy of the traditional regression model. When compared with other fuzzy regression models, such as timeliness data regression, fuzzy point data regression can get more accurate results.

4.2 Quantum Fuzzy Regression Model Execution Example

A fuzzy linear regression model can better describe the uncertainty of the data set and get better parameter results when dealing with uncertain data. In order to verify the effectiveness of the quantum fuzzy linear regression model, this thesis carries out a quantum fuzzy linear regression model circuit simulation experiment on the IBM quantum cloud platform to estimate parameters. The quantum solution obtained by the quantum fuzzy linear regression model is compared with the classical solution to verify the validity of the fidelity analysis of the quantum solution.

For the variable matrix without multicollinearity, the quantum HHL algorithm is used to solve the linear equations to get the parameter components and the fidelity of the quantum solution is calculated to verify the accuracy of the simulation experiment of the quantum HHL algorithm. The final parameters are calculated according to the average value of parameter components and compared with the parameter results of the fuzzy linear regression model to verify the validity of the parameter results of the quantum fuzzy linear regression model.

Because of the limitation of available quantum bits, in this thesis by using a standardized fuzzy variable partitioned matrix to establish a fuzzy linear regression model and by using the quantum HHL segmentation parameter estimation algorithm for a linear regression model, standardization of quantum HHL algorithm fuzzy variable partitioned matrix and the parameters of the corresponding component are shown in Figs. 9 and 10.
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Figure 9: Relationship between close and change

[image: images]

Figure 10: Relationship between close and open

According to Figs. 7 and 8, by introducing the fuzzy membership degrees, the results of parameters fitting have a better effect than the regression model. The fitted curve is closer to the real predicted value of the model and better describes the uncertainty in the data sets.

Fidelity refers to the fidelity of the result of the quantum calculation. The experiment reflects that the result’s fidelity is accurate under a small number of quantum bits. The result calculated using the quantum state is consistent with the classical algorithm.

5  Conclusion

In order to solve the problem of complex data fitting in the big data environment, this thesis proposes a quantum fuzzy regression model to solve the problem of fitting complex high-dimensional data. The model in this thesis can make use of the advantages of quantum computing to efficiently encode and calculate data and introduce fuzzy membership degrees to get a better fitting effect. In the operational analysis, this paper uses the sample data set to illustrate the algorithm’s advantages and results. We believe that in increasing the number of available quantum bits, the quantum algorithm can be combined with fuzzy mathematics to better deal with the complex problems in the actual situation.
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Table 1: Original data set

Open High Low Close Change Change (%) Volume Turnover
6915.02 6952.52 6843.00 6920.02 —27.03 —0.39 175.63 2051.36
6949.33 7031.88 6949.33 7024.56 104.54 1.51 189.46 2163.00
7031.65 7098.03 7009.69 7090.78 66.22 0.94 202.73 2364.79
7092.15 7153.27 7058.57 7153.00 62.22 0.88 198.13 2287.37
7151.53 7175.51 7115.84 7118.84 —34.16 —0.48 230.18 2553.64
7096.65 7185.73 7083.21 7180.11 61.26 0.86 223.83 2589.98
7202.63 7262.60 7190.61 7226.88 46.77 0.65 250.65 3010.15
7202.52 7255.34 7159.30 7255.34 28.46 0.39 245.11 2886.57
7271.03 7278.16 7100.31 7193.10 —62.24 —0.86 295.52 3310.23
7172.40 7309.33 7172.40 7307.01 113.91 1.58 253.41 2715.45
7335.70 7385.24 7227.03 7278.68 —28.33 —0.39 288.80 3150.17
7297.36 7359.54 7231.73 7355.40 76.72 1.05 255.88 2737.20
7360.38 7501.13 7350.70 7498.93 143.52 1.95 260.73 2804.03
7496.33 7549.45 7483.87 7544.04 45.12 0.60 272.85 2878.51
7534.98 7617.66 7526.97 7617.45 73.41 0.97 287.20 3023.80
7613.60 7661.43 7564.26 7607.67 —9.78 —0.13 293.47 3226.88
7613.54 7650.88 7566.78 7648.75 41.07 0.54 263.62 2989.56
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Table 3: Classical regression model result

R R square  Adjusted R Error of the R square Fchange dfl df2 Sig. F
square estimate change

0.973 0.946 0.938 0.24948 0.946 114.005 0.936  0.195  .000
df1, df2: z-score (change), z-score (open)
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Table 4: Timeliness data regression model result

R R square  Adjusted R Error of the R square Fchange dfl df2 Sig. F
square estimate change
0.942 0.887 0.863 0.16468 0.864 112.834 0.966  0.185  .000

df1, df2: z-score (T-change), z-score (T-open)
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Algorithm 1 Quantum fuzzy data preprocessing

Input: Data matrix X and Y, fuzzy membership degrees Mx and My.
Output: The quantum state |y, )| y/m> encoding Mx*X and My*y

1: Input classical data sets X, Y, Mx and My.
2: Use quantum encoding circuit generate |y, )| v, ) W)

Vi ) -
3: Use quantum swap test circuit computing Xm = X * Mx,Ym=Y * My .
4. Use quantum encoding circuit generate |y, ),|w,, ) -
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Table 2: Fuzzy data set

Open Change Close

6915.02 —27.03 6949.33
6949.33 104.54 7031.65
7031.65 66.22 7092.15
7092.15 62.22 7151.53
7151.53 —34.16 7096.65
7096.65 61.26 7202.63
7202.63 46.77 7202.52
7202.52 28.46 7271.03
7271.03 —62.24 7172.40
7172.40 113.91 7335.70
7335.70 —28.33 7297.36
7297.36 76.72 7360.38
7360.38 143.52 7496.33
7496.33 45.12 7534.98
7534.98 73.41 7613.60
7613.60 —9.78 7613.54
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Table 5: Fuzzy point data regression model result

R R square  Adjusted R Error of the R square Fchange dfl df2 Sig. F
square estimate change
0.989 0.978 0.974 0.160927 0.978 283.102 0.958 0.3 .000

df1, df2: z-score (M-change), z-score (M-open)
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Algorithm 2 Quantum fuzzy regression model

Input: The result of quantum fuzzy data preprocessing [y, ).|v,.)-
Output: The parameter estimation result of quantum fuzzy regression model.

1: Input quantum state |y, )|, )-
2: Use quantum FT module processing |y, )|, )-

3: Use quantum R gates generate the quantum state including inverse of parameter.
4. M e the quantum state get the result of quantum fuzzy regression model.






