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 	Every users have many different needs for goods or services, how to model user preferences, and predict and recommend the potential needs of users to meet their personalized needs, has become a major research problem to be solved by social recommendation. Recommender systems provide users with product information and suggestions, which has gradually become an important research tool in e-commerce IT technology, which has attracted a lot of attention of researchers. A common collaborative filtering algorithm is the most basic explicit feedback algorithm. Data sparseness is the main problem in user review based collaborative recommendation. To solve the data sparseness problem in social recommendation algorithm, this paper calculates personal reliability and mutual identify reliability based on publicly available social data, and quantifies the social attention matrix based on mutual identify reliability and alleviates the data sparsity problem based on the idea of score matrix pre-filling. The evaluation has been performed on Amazon real time dataset and the proposed model improves the recommendation accuracy.
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1. INTRODUCTION 
With the advent of social media or platforms such as facebook, twitter, and instagram, the amount of information has grown rapidly, and it is difficult for users to find the real favourite products in the massive amount of information. At the same time, a series of malicious users such as "fraudulent users" and "advertising users" often appear in the real social business platform, however, in the existing social trust recommendation studies, the social concern relationship is usually directly expressed as a social trust relationship, but the existence of a social concern relationship means that the user is trustworthy. Second, in a large social network, social attention data will also be extremely sparse, which will lead to too few social trust relationships constructed.
In the social business environment, users' frequent social behaviours and trading activities generate rich social data. The user's social attention relationship can reflect the social trust relationship between users to a certain extent. Recommendation based on this social relationship will not only alleviate the impact of data sparsity on traditional recommendation methods, but also be more in line with the characteristics of word-of-mouth marketing, trust advice, and friend recommendation and purchase of social commerce. There are already quite a few scholars who use social networks to improve the accuracy of recommendation systems [1][2][3][4]. The research of such recommendation systems is generally based on the trust network to which it belongs [5][6][7], and the referrals obtained by users are often from users who are close to them in the trust network [8][9][10].
Therefore, this paper proposes a collaborative filtering recommendation method based on social trust improvement, which further excavates and utilizes social concern data, further alleviates the data sparsity problem of traditional collaborative filtering algorithm, and ultimately improves the recommendation effect.
2. Literature Review and Background of the Problem
Massa et al. [11] proposed the trust-based recommendation system framework for the first time, he used the project scoring matrix and the trust relationship matrix as input items of the system algorithm and provided it to the scoring prediction model, and finally obtained the prediction score matrix, which improved the data sparsity problem of the traditional algorithm, but it used an unprocessed Boolean trust annotation value, the ability to express trust was weak, and the resulting trust relationship was difficult to resist the attack of malicious users. Chakraborty proposes a UniqueTrust algorithm that exploits the way trust propagates through the Breadth First Search (BFS) approach [11]. Massa et al. [3] later improved SpecificTrust by proposing a MoleTrust algorithm that sets the maximum trust delivery distance. Zarghami et al. [12] proposed a T-index to measure the degree of trust, while introducing a trust transfer mechanism to improve the accuracy and coverage of recommendations. 
Jamali et al. [13] combined the project-based collaborative filtering recommendation method with the trust recommendation method to propose the TrustWalker random walk algorithm, which believes that neighbour users with a high degree of trust have more reliable scores on target items similar to the source user than neighbour users with low trust, thereby predicting the score of the unrated target items of the source users. Chen et al. [14] introduce a trust propagation mechanism based on the traditional collaborative filtering algorithm, and propose the TPCF trust recommendation model. Bedi et al. [15] proposed a collaborative filtering recommendation algorithm that trusts dynamic updates, which is comprehensively introduced through the similarity of users' ratings and the proportion of common scores.
In the relevant research on trust recommendation in China, the earliest occurrence is a trust management model proposed by Tang Wen et al. in the open network environment [16]. Wu Yingliang et al. [17] proposed a collaborative filter recommendation algorithm based on social network analysis, using the trust relationship existing in the network to strengthen the original recommendation technology, the core of the new algorithm is to use the score matrix between users to obtain a direct trust relationship, further apply the cohesion subgroup analysis method, according to the accessibility and shortcut distance between members to find out the indirect trust relationship between subgroup members, get rid of the simple dependence on direct trust relationship, form a user comprehensive trust network, and integrate into the collaborative filtering algorithm. Chen Meimei et al. [18] proposed a method based on the definition of multi-dimensional trust relationships based on tag clusters, on the basis of tag clusters obtained by tag clustering, using TF-IDF ideas and Pearson similarity to define inter-cluster and intra-cluster trust relationships, constructing trust tensors that are conducive to reflecting the trust strength of different facets, and integrating them into personalized recommendation algorithms based on tensor decomposition models. Xue Fuliang et al. [19] By screening trust users as similar users, forming a scoring set of items according to the selected trust users and target users, and scoring and estimating the items that the target users have not evaluated (simple scoring calculations based on the trust user scores), the trust relationship between users is quantified according to the size of the variance, forming a regulator factor, and incorporating the regulator factor into the user similarity calculation to form a cluster of similarity users. to cross-recommend between similar users.
3. MATRIX PREPROCESSING BASED ON TRUSTED SCORE
3.1. Confidence Score Calculation
This research work extracts five important factors that affect user credibility from the user's social attributes: comments, fans, follows, collections, and mutual fans. The reason for choosing these 5 impact factors is that they are versatile. The calculation of the confidence score in this article will consist of two parts: the personal confidence score and the mutual learning confidence score. The composition of the confidence score is shown in Figure 1.
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Figure 1. The impact factor of user credibility score
1) Calculation of personal credibility score
Personal Reliability (PR) is used to measure the trustworthiness of social users in the recommendation system, which is calculated by the credibility score of the number of reviews, followers, followers, favourites and mutual fans.
(1) Credibility score for the number of reviews
Comments (FS) is an important influencing factor that measures how active a user is in a recommendation system. Assuming that there is no malicious comment behaviour, a large number of user reviews means that the user participation is high, so it is more loyal and trustworthy than the users who have fewer reviews or almost no participation in the reviews. The specific calculation of the credibility score of the number of reviews of the user u is shown in formula (1):
……(1)
where  PR_CT(u) indicates the user u personal review score, while ct(u) represents the number of reviews for user u. typically, two-way attentions are more reliable and research-valuable than one-way one-way concerns [25], so the number of user u's mutual fans is introduced into the five impact factors in this work  mf(u) with the number of fans fs(u) the ratio, that is, the proportion of mutual powder mf(u)fs(u) to emphasize the importance of users in the mutual powder impact factor. ct(v)| ct(v)−ct(u) | represents the relative influence of the number of reviews, to emphasize the degree of influence of user u relative to the number of reviews of user v. the greater the relative influence, the more influential the user v is, that is, the user v is more worthy of the user's trust, otherwise vice versa. ct(v) indicates the number of reviews of items by k users other than user u, user v belongs to this k user set, and the scores of the subsequent four impact factors are the same and will not be repeated. ε1represents the damping coefficient of the number of reviews, and the specific calculation formula is given later.
In the same way, we can similarly obtain the fan confidence score, the likes credibility score, the favourites confidence score, and the mutual fan confidence score, which are calculated as follows:
(2) Number of fans credibility score

(3) Confidence score for followers

 
(4) Number of favourites credibility score

 
(5) Credibility score of the number of mutual fans

The damping coefficient in this work is not the same as the damping coefficient in the PageRank algorithm, which can be calculated by randomly dividing the confidence score of the specified user v by the maximum value of the k user ratings in the scoring set, and its randomness is reflected in the fact that the result is not a fixed value, but a numerical value that changes with the different confidence scores of different target users, and the influence factor calculated from this is more reasonable. In the calculation formula of the above five impact factors, the weight values can be calculated randomly using the proportion of all users in the user indicators. In order to limit the calculated result to the range of 0 to 1, there are 5 damping coefficients ε the value of the value also ranges from 0 to 1, as shown in equation (6):
…… (6)
after calculating the impact factors of each user through the above formulas (1) to (5), adding them together can get a confidence score based on the user's own attributes, as shown in formula (7):
PR(u)=PR_CT(u)+ PR_FS(u)+PR_FW( u)+PR_CN(u)+PR _MF(u) …… (7)
2) Calculation of mutual learning credibility score
Mutual Identify Reliability (MI) refers to the credibility level after mutual authentication, that is, the credibility score of the target user is calculated by the credibility of other users after they are mutually authenticated. The reason for the introduction of mutual learning credibility is that in the recommendation system in the social business environment, there is often a situation where users or businesses maliciously "trust points", and users in the system may also frantically " trust scores" on their own social attributes in order to pursue special "reputation" and "status", which may lead to a situation where the personal credibility score is inflated. In order to make the user credibility evaluation process better, this work uses the user's mutual learning credibility score as the user's final credibility score evaluation index. the cross-learning confidence score is calculated as shown in equation (8):

where ρ represents the damping coefficient, which is calculated in a similar way to other damping coefficients.
3.2. Trusted Quantification of Social Concern Matrix
In the social attention matrix, if user a pays attention to user B, it will label TA, B as 1, otherwise labelled as 0, but in social commerce, attention does not mean trust, each user in the system of their own attributes and behaviours implied some of their own trustworthy information, and can be communicated to other users. if you can introduce the trustworthiness of the target user in the user social concern relationship, you can construct a trust relationship matrix that may reflect the high degree of trust expected by the source user to the target user.
For this measure of trustworthiness, this work has extracted and evaluated five important impact factors in user social information to produce a mutual learning confidence score, which can be used as a measure of the trustworthiness of the target user, as shown in table 1. at this time, the trust value between users is quantified from the original binary value of 0 and 1 to the value in the [0, 1] interval, which expresses a more credible social trust relationship between users in more detail, which is conducive to improving the recommendation quality of subsequent algorithms.
[bookmark: t1]Table 1. A social attention matrix based on mutual trust
	
	A
	B
	C
	D
	E

	A
	
	TA,B × MIB
	TA,C × MIC
	TA,D × MID
	TA,E × MIE

	B
	TB,A × MIA
	
	TB,C × MIC
	TB,D × MID
	TB,E × MIE

	C
	TC,A × MIA
	TC,B × MIB
	
	TC,D ×MID
	TC,E × MIE

	D
	TD,A × MIA
	TD,B × MIB
	TD,C × MIC
	
	TD,E × MIE

	E
	TE,A × MIA
	TE,B × MIB
	TE,C × MIC
	TE,D × MID
	


3.3. The Item Scoring Matrix is Pre-Populated
There is a data sparsity problem in the traditional collaborative filtering algorithm, this paper is based on the idea of pre-filling the score matrix to alleviate the data sparsity problem, using the trusted scoring model obtained above to pre-populate the sparse scoring matrix: First, it is necessary to establish the estimated confidence level (Forecast Reliability, FR) between the two users according to the mutual learning trust score MI and the public scoring item PI between any two users in the user set. In the process of building mutual trust, the source user usually consults the target user, and if the target user's feedback (projection score) is roughly the same as his expectations or deviates from it, the target user's feedback suggestions can be considered valid and will be adopted, otherwise the opposite. Estimated confidence fr can be calculated by calculating the proportion of Undifferentiated Items (UI) to the total number of Publicly rated items (PI) with a small scoring gap between two users:

where UIu,v denote PIu,v a collection of items with a small user rating gap. for any i ∈ PIu,v , if the user u scores the item i ru, i satisfy rule i ∈ UIu,v. Pu,i represents the prediction function of the user u's i score on the item, calculated by formula (10):


Then, sorting in descending order based on the size of the estimated confidence fr, the top 20 users with a score of not 0 are selected as the trusted neighbour set RNu of the target user u. Next, according to the user's score in RNu, the target user u has not yet scored the item to make a scoring prediction, the prediction score is calculated as shown in formula (11):

Finally, will r′u,i populate the corresponding position of the initial scoring matrix until the predictive score of the ungraded items is filled, thereby constructing a trusted scoring estimation matrix that can increase the data density of the initial scoring matrix.
4. SIMILARITY CALCULATION BASED ON THE CONFIDENCE SCORE ESTIMATION MATRIX
4.1. User Similarity Calculations
Traditional user similarity measures can be calculated from traditional correlation similarity algorithms, as shown in equation (12):
 …… (12)
where ru,k and rv,k indicates the user u and user v's rating of the common scoring item k, respectively, ru¯ and rv¯ indicates the average rating of user u and user v existing rating items, respectively. In order to limit the result to the range of [0, 1], normalization is required, as shown in equation (13):

4.2. Prediction Score Calculation
For the calculation of the prediction score, the algorithm in this paper uses the traditional collaborative filtering algorithm to score the prediction formula, as shown in equation (14):

where ru¯ and rv¯ represents the average rating of user u and v, respectively, NS(u) and RS(i) indicates a Top-N similar neighbour set similar to user u and a user set that has a score on item i, respectively.
5. ALGORITHM IMPLEMENTATION STEPS
Figure 2 shows the algorithm steps of the collaborative filtering algorithm based on social relationship and trust propagation, as follows:
Score Prediction
Matrix Preprocessing Based on Credibility Score
Credibility Score Calculation

Social Attention Matrix

Item Scoring Matrix

User Similarity Calculation in Trusted Score Prediction Matrix
Step 1
Step 2
Step 3

[bookmark: f2]Figure 2. The implementation step diagram of the algorithm
Step1-1 Credibility score calculation: according to the user database of the recommendation system, extract the number of user reviews, followers, fans, and favourites, use formulas (1) to formulas (7) offline to calculate each user's five impact factor scores and personal confidence scores, and then use formulas (8) to calculate each user's mutual learning confidence score.
Step1-2 Social Concern Matrix Trust Quantification: The mutual learning credibility calculated in STEP1-1 is integrated into the initial social concern relationship matrix, as shown in Table 1, and the social trust matrix after the improved confidence level is obtained.
Step1-3 Item scoring matrix pre-populated: The mutual learning credibility of step1-1 output is converted into formulas (9) to formulas (11), which are first converted into estimated confidence levels and then scored and predicted for unrated items by users, and supplemented to the corresponding positions of the initial user item scoring matrix, and finally the user item scoring matrix is improved by data density.
Step 2 Similarity calculation based on trust propagation: Based on the project scoring matrix populated by step1-3, the similarity matrix is calculated using formulas (12) to formulas (13).
Step 3 Predictive score calculation: According to the formula (14) the user's score is predicted, the predictive score is sorted in descending order to form a recommendation list, and the items that the target user is most likely to accept are at the top, so as to make real-time online recommendations.
6. EXPERIMENT RESULTS AND ANALYSIS
6.1. Datasets and Evaluation Criteria
 Amazon is the leading e-commence trading platform globally, and is one of the earliest third-party consumer shopping and review websites established in the world. It has a virtual social community, and users in the community have rich and minable user attributes, trust data and project scoring data, which is very suitable for the trust recommendation study in this work. After pre-processing, this paper processes some null values and duplicate data, and counts the number of items scored by each user and the number of other users who pay attention to, as well as the number of items rated by users for each kind of item, as the input items of each part of the algorithm.
The characteristic statistics of the dataset are shown in Table 2. As you can see, the scoring and trust data for the dataset are quite sparse. In order to make the experiment more reliable, the pre-processed dataset is divided into five groups for cross-validation in the experiment, and each set of data is randomly divided into 80% training set to construct the recommended model and 20% test set in this work, and the final result is taken from the average of the five sets of data sets to test the performance of the model. The degree of merit of the evaluation recommendation algorithm can be evaluated by many indicators. In order to compare the proposed algorithms, this paper selects the Mean Absolute Error (MAE) of the comprehensive evaluation index as its evaluation indicators.
[bookmark: t2]Table 2. Characteristic statistics of experimental data set
	Data set
	Data type
	Number of users
	Number of items
	Number of ratings
	Number of trusts
	Data Sparsity Rating

	Public reviews
	Scoring data (1~5)
	2300
	6253
	2,23,875
	-
	98%

	
	Trust data (0, 1)
	2300
	-
	-
	1,24,734
	95%


6.2. Discussions 
1) Verification of the sufficient plausibility of the confidence score impact factor
In the trusted score calculation, the adequacy of the impact factor score will affect the effect of the algorithm recommendation by influencing the user confidence score. Therefore, the adequacy and rationality of the five impact factors introduced need to be verified. On the dataset, the effect of any of the missing impact factors on the MAE values is tested, and the final MAE values are taken from the average results calculated by the five training data grouping sets, as shown in Table 3. As can be seen from table 3, none of the five impact factor scores have the highest precision than any of the four combined effects. the lack of mutual fans and reviews has a greater impact on the recommendation effect of the algorithm.
2) Social attention and scoring matrix processing affect validation
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	Review score
	Number of fans scored
	Attention score
	Number of favourites score
	Reciprocal number score
	MAE

	PR_CT
	PR_FS
	PR_FW
	PR_CN
	PR_MF
	Public reviews

	√
	√
	√
	√
	
	0.792

	√
	√
	√
	
	√
	0.751

	√
	√
	
	√
	√
	0.778

	√
	
	√
	√
	√
	0.776

	
	√
	√
	√
	√
	0.791

	√
	√
	√
	√
	√
	0.743


In this section, in the matrix processing step based on the confidence score, the social attention matrix is not only quantified by the credibility, but also the score matrix is pre-populated, so the impact of these two parts on the recommendation effect of the algorithm needs to be tested.
The MAE value takes the average result calculated from five training data grouping sets. the test is divided into three cases:
(1) No-Process-Trust without a trusted quantified social concern matrix;
(2) No-Filling-Rating matrix without pre-populating scoring matrix;
(3) Quantify both the social concern matrix and the process-trust-Rating matrix.
As shown in Figure 3, the highest recommended accuracy is the case in this paper, which quantifies the processing of trust data and pre-populates the scoring matrix (Process-Trust-Rating), followed by (No-Process-Trust) and the lowest (No-Filling-Rating). It can be seen that if the credibility level of the trust data is only increased without pre-populating the scoring data, the recommendation effect is not impressive. Similarly, if only the scoring data is pre-populated without quantifying the social attention matrix, the recommendation effect is improved, but the effect is not outstanding. This shows that the quantitative calculation of the social matrix based on the confidence score and the pre-populated processing steps of the score matrix in this work can make the recommendation effect more significant.

[bookmark: f3]Figure 3. The impact of social attention and score matrix processing on MAE
7. CONCLUSIONS AND FURTHER RESEARCH
Exhaustive studies have shown that the trust relationship between users can play a non-negligible role in improving the recommendation effect of the recommendation system. In the social business environment, recommendation through the social relationship reflected in social data can not only improve the recommendation effect of traditional recommendation methods, but also be more in line with the characteristics of word-of-mouth marketing and trust advice of social commerce. Therefore, this work fully excavates the user social and project scoring data in the social business environment, calculates the user confidence score, and then quantifies the social matrix based on the trusted score and pre-populates the score matrix, thereby improving the recommendation effective. Further, additional factors such as time factor, feedback, user attacks can be included in the recommendation.
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Number of Fans 


Number of Followers


Number of Mutual fans


Number of Favorites 


Process-Trust-Rating	
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MAE	0.86199999999999999	No-Filling-Rating	
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