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Abstract: As one of the criteria to evaluate the recommendation system, accuracy has been studied 

by many researchers. In order to improve the accuracy of recommendations, a personalized 

recommendation algorithm based on location information is proposed in this paper. The algorithm 

trains the dataset via support vector machine to improve classification accuracy. It predicts users’ 

preferences with reference to a user’s history and location area information. In addition, user 

preference scores are incorporated to generate new ratings. The recommendation accuracy is 

improved by combining two feature vectors simultaneously. Experimental results show that the 

proposed algorithm can improve the accuracy of recommendations. 

Keywords: personalized recommendation system; support vector machine; location area information; 

user’s history. 

__________________________________________________________________________________________ 

 

1. INTRODUCTION 

With the rapid development of network, the human has entered the information society and network 

era. Internet is providing more and more information and services for people. Internet has broken the 

traditional life and the study of space and time limit, people can convenient shopping on the Internet, 

people can learn through the Internet anytime and anywhere but also enjoying the conveniences 



Volume 8 Issue 2 2020 

14 

brought about by the Internet at the same time, also have to face the huge amounts of data and a lot 

of spam, that leads to the problem of information overload and information trek. Personalized 

recommendation system emerges at the right moment. It can perceive users' interests or needs, and 

then realize personalized resource recommendation, effectively solving the problem of information 

overload and information trek. 

Since the 1980s, the personalized recommendation system has been studied by many researchers. 

Early recommendation systems used users' historical behaviors of reading and deleting emails to help 

users identify the most important emails from a large number of emails [1]. The famous 

MOVIELENS recommendation system was created in the 1990s; since the late 1990s, 

recommendation systems have seen widespread use in large commercial websites. In 1996,Yahoo 

launched the personalized portal MY Yahoo!. In 1997, AT&amp;T laboratory  proposed personalized 

recommendation system based on collaborative filtering  PHOAKS and Referral Web. Stanford 

university's Marko Balabanovic and Yoav Shoham have launched FAB, a personalized 

recommendation system based on content and collaboration.In 1998, Amazon first proposed a 

collaborative filtering algorithm based on browsing history and past purchases to help users find their 

favorite books. In 2000, Kurt at NEC research and others added personalized recommendations for a 

search engine CiteSeer. Subsequently, along with the rapid development of network technology, the 

field of recommendation systems has been greatly expanded[13,14]. Recommendations have 

developed from initial email filtering to e-commerce, music video sites, online advertising, social 

networking, personalized reading [2], etc.  

At present, the domestic and foreign scholars study the hot spot question mainly has three.The first 

is the accuracy of the algorithm. In order to make the recommendation results more accurate, 

researchers have been making unremitting efforts in the accuracy of recommendation. However, due 

to the sparsity of data of users and products, the accuracy of recommendation is seriously affected. 

Since users cannot buy all the products, but only a small part of them, the data matrix is very sparse, 

and data sparsity has become the most important factor affecting collaborative filtering technology. 

The second is the scalability of the algorithm. Because the number of users and products is huge, and 

the number of users and products is growing at a high speed, how to make the algorithm more suitable 

for the growing large-scale data and improve the scalability of the algorithm has become an important 

research topic. The third is the evaluation of collaborative filtering algorithm.The evaluation of 

recommendation system is a very important topic. It can not only help us to evaluate the 

recommendation quality of the recommendation system, but also select appropriate recommendation 

algorithms for different data and data attributes. 

Item-based collaborative filtering is mainly suitable for identifying user interests in a stable condition 

[9]. However, there are certain disadvantages to this type of algorithm. For example, in cases where 

the number of users and products is large, the calculation of similarity between users is not only time-

consuming but also consumes extensive computational resources in real business environments. 

Some researchers have proposed model-based recommendation algorithms; these infer and build a 

model based on the existing data, which only scores prediction through the obtained model at runtime 

[10]. Methods employed include Bayesian models [3] and linear regression models [4]. These 

recommendation systems mainly use user behavior information and users' information, which are 
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very helpful for improving recommendation accuracy [11,12]. Moreover, the SVM (Support Vector 

Machine) algorithm has higher classification accuracy than the naive Bayes classification model and 

logistic regression model, and is accordingly adopted to classify the prediction of datasets in this 

study. Meanwhile, location area information and the user’s browsing history record are also 

considered, along with the obtained location area information and the feature values of the user history. 

User recommendation is achieved via summation eigenvalues. As a result, the accuracy of the 

recommendation system is improved to a certain extent. 

 

2. RELATED WORK 

In order to solve the problems of information overload and unclear demand, it is important to be able 

to predict which products a user will be interested in. This has given rise to the generation of 

recommendation systems. The purpose of this article is to provide users with location-based 

recommendation services. The service identifies which users will be interested in the goods and 

services in front of them. 

Through training the user’s data using an SVM model, we can obtain scores of user features. One 

basic method of recommendation involves the use of score sizes. However, these score sizes only 

reflect the common preferences of most people; they cannot provide personalized recommendation 

services. On the other hand, if the similarity between a user’s history and users with high ranking is 

calculated be examining purchase history, a collaborative filtering algorithm could be used to adjust 

the recommendation ranking. In this way, the calculated recommendation list could come to reflect 

not only user's preference, but also user's own preference. Therefore, this is a better method of 

achieving personalized recommendation.  

2.1 Support Vector Machine Algorithm 

The SVM classification model can be described as follows: let the training data set be（x𝑖、y𝑖）,where 

x𝑖 ∈ 𝑅𝑛  denotes input samples and y𝑖 ∈ {−1, +1}(𝑖 = 1, … 𝑙)  denotes predicted output [6]. The 

generalized linear SVM then finds an optimal separation hyper-plane by solving the optimization 

problem: 

𝑓(𝑥𝑖) = (𝜔 ⋅ 𝑥𝑖) + 𝑏                                                               (1) 

where f(xi) denotes the hyper-plane, while b denotes the degree to which a data point deviates from 

a hyper-plane. 

The objective function of the SVM classification model is expressed as: 

𝑚𝑖𝑛
𝜔,𝑏,𝜉

1

2
‖𝜔‖2 + 𝐶 ∑ 𝜉𝑖𝑙

𝑖=1                                                              (2)  

 

Its constraint condition is expressed as: 

                        𝑦𝑖((𝜔 ⋅ 𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖, 𝜉 > 0                                                       (3)    
In (2), (3), C denotes the balance between the complexity of the control model and the training error, 

𝜉 denotes a preset constant that controls the size of the pipe, and 𝑏 denotes the offset of the hyper-

plane. By introducing the Lagrange multiplier method and solving the dual problem, we can obtain 

the classification hyper-plane, which can be expressed as: 
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𝑓(𝑥) = 𝑠𝑔𝑛[(𝜔∗ ⋅ 𝑥 + 𝑏∗)] = 𝑠𝑔𝑛(∑ 𝛼𝑖∗𝑦𝑖(𝑥𝑖, 𝑥) + 𝑏∗𝑙
𝑖=1 )                        (4)  

where b can be calculated via the following equation: 

𝑏∗ = −
𝑚𝑎𝑥

𝑖:𝑦(𝑖)=−1
𝑤∗𝑇𝑥(𝑖)+𝑚𝑖𝑛

𝑖:𝑦(𝑖)=1
𝑤∗𝑇𝑥(𝑖)

2
                                          (5)  

For the prediction of a new point, we only need to calculate the inner product and the training data 

point. In a recommendation system, the independent and dependent variables are the user’s 

characteristics and the weight values, respectively. A user’s specific characteristics include location 

information, browsing history records, etc. The weight value indicates the user's preference for these 

features. These calculations can be solved using the stochastic gradient descent method. 

2.2 Collaborative Filtering Algorithm 

Collaborative filtering recommendation system is the first generation of recommendation system 

proposed and widely used. Its core idea can be divided into two parts: first, the similarity between 

users can be calculated by using the historical information of users. Then, using the high similarity to 

the target neighbors on the evaluation of other products to predict target user preferences for a 

particular product degree system. The system recommends the target users according to this 

preference degree. The biggest advantage of collaborative filtering recommendation system is that it 

has no special requirements for the recommended objects, and can handle music movies and other 

objects that are difficult to be structurally represented by text. 

Both user-based and item-based, all need to use the rating data set. The score can be roughly divided 

into two types: explicit and implicit. Explicit score refers to the intuitive preference of users for items, 

which can be reflected by scoring users on a scale of five or seven. The rating form must cover the 

transition from "very dislike" to "very like". Implicit scoring refers to the possibility of obtaining 

project preferences that cannot be intuitively displayed by users and then analyzing their preferences 

according to their various behaviors. For example, if a user browses and buys a certain product for 

many times, or stays for a long time in the introduction of a certain item, the recommendation system 

will record such behavior, which is interpreted as that the user has a positive intention for the item, 

will default to a "like" rating for that user. 

The collaborative filtering (CF) algorithm is the most classical recommendation algorithm. CF can 

be divided into user-based CF, item-based CF and model-based CF. 

User-based CF matches historical evaluations of projects by target users with other users, find similar 

users, then recommend the items that similar users are interested in to the target users. Item-based CF 

refers to the use of similarity between items rather than between users to calculate predicted values 

and implement recommendations. 

Model-based collaborative filtering algorithms are mostly used for image, text, audio and other data. 

Such as e-commerce platform, film ticketing system. Main items are accompanied by obvious picture 

introduction, which can be based on the user's current browsing or purchase history to obtain the 

picture information, deep learning to extract the image features, and then compare the image with 

similar features from the project database, so as to recommend. Online bookstores or novel platforms 

such as amazon focus on text messages. 

Model-based CF has the following basic principles: it uses statistical and machine learning algorithms 

to mine existing data in order to infer and build models, and it only performs score prediction through 
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the obtained model. Common algorithms of this kind are based on naive Bayes, support for vectors, 

neural networks, topic models, and deep learning collaborative filtering. Existing model-based 

collaborative filtering algorithms usually consider one eigenvalue. In this study, both location area 

information and user history records are considered, which could improve the accuracy rate of the 

recommendation system. 

 

3. RECOMMENDATION SYSTEM BASED ON USER’S LOCATION AREA 

INFORMATION   

3.1 Data Preparation 

Before using the SVM algorithm training model, positive and negative samples should first be 

extracted. The definition of positive and negative example samples is as follows: positive samples 

are things that users are willing to buy, while negative samples are generally samples that have been 

rated poorly by the user. A positive sample is usually represented by "1", while a negative sample is 

represented by "0". In this study, 1000 users with a large purchase quantity are selected as samples. 

Items with high scores are taken as positive samples, while those with low scores are taken as negative 

samples. In order to classify the model in the later stage, positive and negative samples of the user’s 

data need to be extracted and labeled. For example, "1" is used before the sample name of positive 

examples, and "0" is used for negative samples. 

Before the system makes a recommendation, data should be processed and converted into a data 

format acceptable to the algorithm. Data processing and feature selection determine the results of 

machine learning. The model and algorithm approach the results. Therefore, the advantages and 

disadvantages of the algorithm can be closely related to feature selection, which has a great impact 

on subsequent classification. Feature selection can be used to score each feature by means of a chi-

square test, information gain, correlation coefficient and other methods. The ranking process can be 

carried out according to the score. In practical applications, feature selection is generally obtained 

through communication with the product manager, and they can be obtained through enumeration. 

The selection of features requires very useful features to be selected while some redundant features 

are eliminated in order to reduce the number of features. This can improve the accuracy of the model 

and reduce the running time. In addition, the selection of truly relevant features can simplify the 

model and cause the whole process of model training to be more readily understood. 

In this study, the feature extraction process includes the following steps: firstly, features are extracted. 

Features which are concerned by users should be screened out. Secondly, features favorable to the 

SVM classification algorithm should be retained, such as user history and location information. 

Features that are not relevant to users should be removed. Next, data features are selected via 

enumeration, after which the training data are tested via experiment. Finally, the accuracy and AUC 

value of the classification algorithm are calculated, and the usefulness of the features is judged with 

reference to the merits of the results. 

Data processing includes three steps: judgment and deletion of dirty data, processing of empty data, 

and discrete of data. The data processing process is outlined in Fig. 1.  
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Figure 1. Data preparation flow. 

Dirty data processing: The term ‘dirty data’ refers to abnormal data with obvious deviations. Dirty 

data is generally evaluated via box graph, which is not affected by abnormal values. After evaluating 

dirty data, the general processing method classifies these abnormal data as empty data and then 

proceeds to the next step. 

Empty data processing: In practical applications, each person’s purchasing habits are different. Some 

features will appear as default values, and the general method of processing will replace the missing 

data values with the existing average or median. For example, in a set of data {C1,C2,..., Cn, N} 

where N is empty data, we can set N= (C1+C2+...+ Cn)/n. 

Data discretization Many data are continuous, and data discretization is within the scope of a specific 

continuous data domain. The process sets some discrete points and divides the data into several 

discrete intervals. Generally speaking, continuous data cannot directly take the value as the 

continuous characteristic to support vector machine (SVM) model training in machine learning. 

However, the model often takes, which are divided into either 0 or 1 to support the vector machine 

(SVM) model. 

Discrete features have many advantages. For example, they can effectively resist abnormal data. As 

support vector machines belong to the category of generalized linear models, the situation is similar 

to that of introducing nonlinear characteristics to the regression model after a single feature is 

discretized into multiple features. This process is able to improve expression and increase fit. The 

inner product multiplication of sparse vectors is faster, and the results are more convenient to store 

or expand. In short, the discretization of features makes the model more stable. 

3.2 Model Training 

By training the input data model, we can obtain the required attributes and weight values. Apache 

Spark is an open-source parallel computing framework for big data, which is also a memory-based 

computing framework. For iterative computing, Spark is at least 100 times faster than HADOOP 

MAPREDUCE [15,16]. This study implements model training based on the Spark MLLIB Support 

Vector Machine algorithm. The SVM classification model training is divided into the following steps: 

Step 1: Data preparation. This step identifies data when preparatory data is converted into SVM 

algorithm, then selects part of the data as sample data. It also writes the features of data into one 

container and stores labels in another container to ensure one-to-one correspondence between labels 

and features. 
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Step 2: Feature selection. In this study, user history and user location information are selected as 

features. 

Step 3: Parameter configuration. Parameter configuration is the core part of SVM. In this paper, we 

set the type of SVM as C-SVC and adopt the kernel function of RBF, where g is set as 1/k by default 

and the number of classification categories is set to two. 

After setting, the input data is brought into Spark for model training. User features and the 

corresponding weight values of these features can thus be obtained. Weight values include user basic 

feature value weight. Personalized feature weight is obtained through user history records. 

3.3 Application of Model 

The recommendation service for users can be divided into several steps. Firstly, the user sends a 

service request to the application server. The application server needs to obtain file information, i.e. 

the user’s history information, user’s ID and historical purchasing record. Then, the user’s 

information within the scope of the region is obtained, including the user’s ID, features and other 

information. The application gets the result data from the model training, including the user's basic 

feature weight and the user's personalized feature weight. The implementation method and 

recommendation process used by the model are shown in Fig. 2. 

 

 

Figure 2. Model applied to recommendation system 
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Step 1: The system compares all users’ information and SVM model of the training data in a certain 

range. It then obtains the basic features of the users in the recommended area and the descending 

order of corresponding weights. 

Step 2: The system obtains the user's history and the user's purchasing record. If two users appearing 

in the same user purchasing record at the same time, this reflects the similarity of features. The user’s 

purchasing record is added to the model training. In this way, we can get the user's personalized 

feature weight in the user’s history record. 

Step 3: The system sums the basic feature weight and the personalized feature weight. It then gets the 

descending order of the user’s feature weight sum in the recommendation area, together with the 

recommendation list. If the user's history record is empty, the sorting of the basic feature weight value 

will be shown directly to the user; this solves the cold start problem in item-based CF. 

 

4. RESULTS AND ANALYSIS 

In this study, the dataset used in the experiment is made up of real data. Data from Dianping.com was 

crawled through third-party software Hawk. The data fields crawled include merchant ID, merchant 

name, city ID, chain store, group purchasing information, and membership card. 

The recommendation system is realized by a collaborative filtering algorithm based on Support 

Vector Machine (SVM). Firstly, we prepare the data by reusing Spark operations on the data. By 

applying Spark to MLLIB SVMWITHSGD results for data processing, some features of the model 

results for users and weight list can be obtained. The data includes users’ basic features and 

personality features, together with the back of the numerical features of the corresponding weight 

value. Each user is divided into many features; each of these features corresponds to a weight value, 

and the total weight of each user is the sum of the corresponding weight values of all features. 

Fig. 3 outlines the process of how the recommended results can be obtained through model files. The 

realization steps are as follows: 

Step 1: When a user initiates the location service query, the user ID, recommendation type and 

historical record are extracted according to the data analysis. 

Step 2: A region-wide list of users can be obtained based on the user's location information. 

Step 3: The sum of all weights in the model file are found according to the characteristics of the user 

list, so the result is the weight of user popularity. 

Step 4: Through the user’s purchasing record and a search of the corresponding feature weight in the 

model file, the personalized feature weight of the user is obtained. These features reflect the user's 

personal preference. 

Step 5: By summing the personalized feature weight and the user's basic feature weight, the total 

weight of each user in the user list is obtained. 

Step 6: The total weight of the user is sorted according to the size of the value. For example, if the 

maximum weight value is 5, then a recommendation list that is five items log will be obtained. 
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Figure 3. Methods of generating recommendations for the model 

Moreover, because SVM is a classification algorithm and the recommendation system is based on the 

SVM algorithm, the accuracy cannot fully represent the advantages and disadvantages of the 

recommendation system. Since the ROC curve of the evaluation index of the classification algorithm 

can remain essentially unchanged when the positive and negative samples change, the AUC value 

and ROC curve can be calculated in order to measure the quality of the recommendation system. The 

AUC value is the area under the ROC curve, and its range is 0~1. 

At the coordinate point (0, 0), it can be considered that all samples predicted are negative samples. 

The coordinate point (0, 1) means that all samples are correctly classified. Point (1, 1) indicates that 

the classifier is perfect. The classifier actually predicts that all samples are positive samples; therefore, 

the closer the ROC curve is to the upper left corner (0, 1), the larger the area under the ROC curve. 

This indicates that the effect of the classifier is better. 

The AUC value can be obtained by calculating the area under the ROC curve or by calculating the 

AUC value formula. Reference [5] proposed a calculation method for the AUC value, as shown in 

the following formula: 

𝐴𝑈𝐶 =
∑ 𝑖∈𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝐶𝑙𝑎𝑠𝑠𝑟𝑎𝑛𝑘𝑖−

𝑥(𝑥+1)

2

𝑥𝑦
                                   (6)  

Here, x denotes the number of positive samples while y denotes the number of negative samples. The 

score is sorted from large to small. Score value refers to the probability that the test sample is positive. 

The maximum sample rank of score is n, followed by n-1, n-2, ..., 1. It then takes the rank of all the 

positive samples and subtracts x(x+1)/2, which is x(x+1)/2 the value of the rank of all positive 
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samples if the score of the positive sample is less than the score of the negative sample. The numerator 

represents the score of positive samples. The AUC value can be obtained by dividing by the product 

of the number of positive and negative samples. The following are the general steps for evaluating 

AUC: 

Step 1: The score can be obtained through SIGMOD function for data. To accomplish sorting and 

classifying, labels are added to each data point. 

Step 2: Rank all data, from large to small. Each subscript of data is the value of the rank of the positive 

samples. 

Step 3: After sorting, the positive and negative example samples are distinguished using their labels. 

The value is set to 0 when negative example samples are selected. 

Step 4: Sum the positive example position rank and index. 

Step 5: Calculate x and y as follows: x = label. sum; y = label. Count ()-x. 

Step 6: Calculate AUC value: AUC=index Sum - (x*(x+1)/2))/(x*y). 

Step 7: Output the AUC value. 

Through the general steps outlined above, AUC values are calculated. The scale is compiled and the 

INTELLIJ IDEA is computed. Table 1 presents the AUC values calculated over the last five 

experiments. 

Table 1. Results of AUC values 

T T1 T2 T3 T4 T5 

AUC value 0.73 0.81 0.90 0.91 0.93 

 

 

Figure 4. Comparison of accuracy of recommendation algorithm 

Accuracy indicators can be roughly divided into four categories: i.e., prediction score accuracy, 

prediction score relevance, classification accuracy and sorting accuracy. The accuracy of 

recommendation in this paper is defined as the number of correct recommendations extracted divide 

by the number of recommendations extracted. Since our recommendation system is implemented by 

means of a classification algorithm, the accuracy is defined as the proportion of user-item scores that 

occur in the final recommendation list. 
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The Naive Bayes recommendation system is one of the recommendation systems that uses a machine 

learning algorithm to classify and predict the data without scoring [6]. This recommendation system 

is similar to our recommendation system, which also adopts machine learning method. Through 

comparison with this recommendation system, the advantages of our recommendation system can be 

better understood. 

Fig. 4 presents five recommendation requests initiated by users. It compares the recommendation 

system in this study with the naive Bayesian recommendation system [7]. It can be seen from Fig. 4 

that our algorithm’s recommendation accuracy is superior to that of the simple Bayesian method. The 

gray bars shown in Fig. 4 are the results of the recommendation system based on naive Bayesian 

classification, which is sort of users in the area of the heat and does not incorporate user's data 

information. Thus, it cannot reflect personalized recommendation. The black bars shown in Fig. 4 are 

the results of the collaborative filtering recommendation method based on SVM, which has obvious 

advantages in terms of recommendation accuracy. 

 

5. CONCLUSION 

In order to improve the accuracy of recommendation systems, this study extracts a large amount of 

user-generated location information using machine learning. The proposed method takes full account 

of the influence of location characteristics, as well as the historical information characteristics of users. 

It uses two kinds of features, such that the accuracy of the proposed recommendation system is much 

higher than that of comparable methods. The support vector machine and collaborative filtering 

algorithm are used offline to train the data model to obtain the model file. The user’s area location 

features are extracted online to enable finding the corresponding feature weight of the model file and 

the recommendation list. Our method is also better at solving the cold start problem encountered by 

the collaborative filtering algorithm. Experimental results show that the algorithm significantly 

improves recommendation quality in terms of both classification accuracy and recommendation 

accuracy. In the future, an improved SVM algorithm may be used to further improve classification 

accuracy. 
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