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Abstract 

Modern people change the way of life with the development of science and 

technology. Mostly people rely on the Internet to work, learn knowledge and convey 

messages, which makes the Internet an integral part of life. Finding information 

through search engines is a modern norm. However, in the past few years, the number 

of web pages has increased significantly. It is becoming increasingly difficult to find 

the information that users want in a short period of time. Therefore, a 

recommendation system has emerged. Recommendation systems are applied at many 

levels such as news, movies, music, but there is no recommendation system that is 

suitable for academic articles. In this paper, we use different semantic models to 

analyze the potential relationship between terms and articles besides analyzing the 

similarity between articles. Classification algorithms are then used to classify similar 

articles in the same category and recommend them to users. 
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I. Introduction 

From the 1990s to now, the number of websites on the Internet grew from a few 

thousand to several billion. Now people are increasingly relying on search engines to find the 

information they want. But in a short period of time to find the information they want more 

and more difficult, so there has been the concept of recommendation system. 

Recommendation systems are applied in many different applications and changes 

including movies, music, books, social platforms, and E-commerce [1]. For examples: 

Tapestry and Amazon. In Tapestry case, this was the earliest design of a collaborative filtering 

system to address the issue of information overload at Xerox's research center in Palo Alto. 

The research center employees receive a lot of e-mail every day without screening, so the 

research center will develop the experimental e-mail system to help employees solve this 

problem. In Amazon case [2], traditional recommendation algorithms cannot scale to Amazon 

com tens of millions of customers and products, they developed a set of recommendation 

algorithms that fit their own needs called “item to item collaborative filtering”. The algorithm 

is to calculate items purchased and rated by each user match similar items instead of matching 

the user to similar customers. Given a similar items table, the algorithm finds items similar to 

each of the user’s purchases and ratings, aggregates those items, and then recommends the 

most popular or correlated items. 

The recommendation system is a subcategory of information filtering system that based 

on the user's behavior preferences or gives a rating to predict what would user wants. 

Recommended system development so far, the well-known systems roughly divided into 

Collaborative filtering, Content-based filtering and Opinion-based recommender systems [3]. 

Collaborative filtering system is based on analyzing the similar interest user's behavior 

and preferences. To use this feature to predict other customers might like similar items and 

recommend them. A major advantage of the collaborative filtering method is that it does not 

have to analyze the content of the items. Therefore, it is capable of accurately recommending 

complex items such as movies, music, and artworks [4].  

Content-based filtering system is based on a description of the item and a profile of the 

user’s preferences. In this approach, there are two things involved: keywords and user profile. 

Keywords are used to describe item while the user profile is built to demonstrate what items 

that user is fascinated with. The recommendation was made by these algorithms based on the 

similarity of those that a user liked in the past. In short, various candidates are compared with 

items previously rated by the user and the fittest items are reported [5]. 

Opinion-based recommendation system is based on analyzing user-generated texts that is 

user’s impression rated after used the item. In this case, users are allowed to leave opinions, 

comments or feedback on some items. These user-generated texts reflect the item’s features 

and also represents user’s evaluation/sentiment of the item [6].  
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These comments are widely concerned by the users because users may refer to these 

comments to evaluate the item. It can also be utilized to evaluate the item should fit users, 

further screening of suitable items to recommend to the use.  

There are many recommendation systems applied on different fields but in contrast, there 

is lack of practice or implementation of recommendation systems on academic papers. In 

order to find new academic paper, researchers mainly based on the keywords, titles, author 

names and references provided by authors. These approaches may find some useful scholarly 

material for researchers, but in some situations, it may get an unintended effect (Matthew 

effect) [7] especially in conferences.  

There are some recommended systematic studies on academic articles. Yoneya, T. [8] 

presented recommendation system based on content. Chong Wang [9] presented a 

recommendation system based on Latent Dirichlet Allocation (LDA) model. Ian 

Wesley-Smith [10] presented a recommendation system based on citations. Finally, 

Achakulvisut, T. [11] presented a recommendation system based on Latent Semantic Analysis 

(LSA) model with Rocchio Algorithm. However, we cannot compare and do not know which 

of the recommended systems based on these methods have high efficiency and high accuracy 

because these do not clearly explain the internal work.  

In this paper, we will detail the experimental process, the use of the model and 

algorithms. We utilize semantic models to analyze the relationship between words and articles. 

Then match different classification algorithms to combine different recommendation systems. 

We looking forward to improving the recommended accuracy and comparing the accuracy of 

different combinations. Comparing these combinations to find a combination with high 

accuracy and efficiency. Finally presented a new recommendation system for academic 

articles. 

 

II. Relate Works 

In this section, we roughly describe different types of semantic models and different 

types of classification algorithms. 

 

2.1 Semantic models 

Currently, the most well-know of semantic models including Latent Semantic Analysis 

(LSA), Probabilistic Latent Semantic Analysis (PLSA), Latent Dirichlet Allocation (LDA). 

LSA was proposed and applied in psycholinguistics in the late 1990s [12]. LSA is based 

on singular value decomposition (SVD) and dimension reduction. For the LSA’s first task 

(SVD), the original two-dimensional matrix is decomposed into three two-dimensional 

matrices. Two of two-dimension matrices are singular vectors and the other is a singular value 

(Diagonal) matrix. The two singular vectors represent the expression of words and documents 

corresponding to the implied semantic spaces, and the diagonal matrix represents the implied 

semantic spaces reserved by the original two-dimensional matrix. For the LSA’s second task 
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(dimension reduction), smaller singular values in the singular valued matrix are considered as 

noise, and we remove them to get a noise-free singular valued matrix. That is, we keep only 

the maximum K singular values in the singular value matrix, and set the remaining singular 

values to zero. After multiplying the two singular vectors and the new semantic spaces into 

the computing matrix, the latent semantic matrix after dimension reduction is obtained. Since 

the latent semantic matrix after dimensionality reduction has a new space to remove the 

meaning of noise, it can correctly infer deeper implied semantic relations. The advantage of 

LSA is that through dimension reduction of documents to a low-dimensional semantic space, 

reducing the problem of synonym. But the disadvantage of LSA is that it cannot process the 

problem of polysemy for words because SVD is only a one-to-one mapping from a specific 

term to a specific document. The concept of LSA model is widely used and extends different 

models such as LSI [13] and COV [14]. Deerwester, S. [13] proposed Latent Semantic 

Indexing (LSI) that uses truncated singular value decomposition to discover latent 

relationships between correlated words and documents. Kobayashi, M. [14] proposed a novel 

information retrieval algorithm for massive databases based on vector space modeling and 

spectral analysis of the covariance matrix, for the document vectors, to reduce the scale of the 

problem. They indicated that their algorithm COV was more accurate than the previous 

algorithm LSI. 

PLSA was proposed by Hofmann [15] to solve LSA model's problem of polysemy for 

terms. PLSA is a statistical technique for the analysis of two-mode and co-occurrence data. It 

is based on using two-level probability to establish the entire sample space model and trains 

latent classes by using the Expectation Maximization(EM) algorithm. The advantage of PLSA 

is that it has a clear statistical basis when compared with LSA and effectively addresses the 

problem of synonymous and polysemy. However, the disadvantage is that as the number of 

files and words increases, the matrix becomes larger and then iteration time of the EM 

algorithm spent on training parameter values grows exponentially with the number of files. 

There are many studies that use PLSA models to solve various problems such as [16] and [17]. 

McInerney, J. [16] used PLSA to improve the location prediction services that try to predict 

the mobility patterns for some new users. Ji, Zhong [17] used dispersed space block 

information and PLSA to classify image site recognition into computer vision. 

LDA was proposed by Blei [18]. LDA presents each document topic in the Dirichlet 

probability distribution. Each document represents the probability distribution of the topic, 

and the topic is also shared by all the documents. A topic may contain many words and a 

document may also be different topics combination. Then, it uses the Gibbs sampling 

algorithm to estimate the final probability values of topics and terms for a given document. 

The advantage of LDA is that it is an unsupervised generation model, so each topic can find 

out the corresponding words to describe. But the disadvantage is that it is not fit the data set 

which belongs to non-normal distribution or the amount of data is small. There are many 

studies that use LDA models to solve various problems such as [19] and [20]. They used LDA 
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models to analyze Twitter articles to achieve the effect of urban tourism planning and current 

popular themes. There have also been many recent studies that have extended the concept of 

the LDA model to derive new models such as Twitter-LDA [21] and TOT model [22]. 

Twitter-LDA used for clustering short texts after removing tweets which have more than one 

topic and exceed a threshold in the training phase. TOT model uses the word co-occurrence 

mode to simulate the relevant time parameters. This principle is that extracts theme changes 

from the time offset in all documents. 

 

2.2 Classification algorithm  

The K-nearest neighbors algorithm (K-NN) is a non-parametric method used for 

classification and regression [23]. In K-NN classification, the output is a class membership. 

The classification of an object is determined by the "majority vote" of its neighbors. The most 

common category of the k nearest neighbors determines the category assigned to the object. If 

K = 1, the object's category is given directly by the nearest node. Based on the concept of 

K-NN algorithm, many successful algorithms are developed such as SVM-KNN [24] and 

ML-KNN [25]. In [23], the author proposed a hybrid of these two methods which include 

K-NN and SVM. That has reasonable computational complexity both in training and at 

runtime and yields excellent results in practice. In [24], the author proposed ML-KNN. Based 

on statistical information derived from the label sets of an unseen instance’s neighboring 

instances, ML-KNN utilizes maximum a posteriori principle to determine the label set for the 

unseen instance. 

The Support Vector Machine (SVM) algorithm proposed by Vapnik [25]. It is supervised 

learning model that analyze data used for classification and regression analysis. Given a set of 

training examples, each training example is labeled as belonging to one or the other of two 

categories. The SVM assigns new examples to one category or the other, making it a 

non-probabilistic binary linear classifier. And then, use these examples as points in space so 

that each category can be divided into the obvious gap as wide as possible. Then mapped the 

new examples to the same space and predicted to belong to a category based on which side of 

the gap they fall. It can be used for text classification, handwriting recognition, and image 

classification. There have been many recent studies that extended concept of SVM algorithm 

to derive new algorithms such as MS-SVM [28] and [26]. In [28], the author proposed 

MS-SVM algorithm to solve the problem when the number of support vectors is too much. 

Their experimental results demonstrate that the proposed algorithm can considerably reduce 

the number of support vectors without affecting the overall classification accuracy. In [25], 

the author used SVM classification method to detect of thrips on the crop canopy images and 

succeed in detecting the target with an error less than 2.5%. 
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III. The proposed Methodology 
In this section, we briefly explain the concept and process of this experiment. The 

weighting between words and words is usually based on Term Frequency-Inverse Document 

Frequency (TF-IDF), but this method can't solve the meaning problems of words such as 

synonyms and polysemy. Therefore, we use the characteristics of the semantic models to 

solve these problems, such as LSA effectively solves the problem of synonyms, PLSA has 

significant results on synonyms and the polysemy problem and LDA classifies topics in 

disorganized data sets. After the semantic model has been processed, the above-mentioned 

problem of the polysemy of the synonymous word has been solved. We use K-NN, SVM 

classification algorithms to classify articles with higher similarity in semantics. In this way, 

we can recommend topics related or content-related articles to users based on the content of 

articles queried by users. 

Figure. 1 is the proposed methodology flow of this study, which contains Natural 

Language Processing (NLP), Matrix, Semantic models, Classification Algorithms and 

Performance Evaluation. We collected a conferences data set which includes paper titles, 

authors, abstracts, and keywords of varying granularity. In the first step, we applied some 

NLP techniques to remove all the numbers and punctuations only words are kept. In the 

second step, we converted all papers into a term-document matrix, which is the input of 

different semantic models. In the third step, we use different semantic models to get different 

results as features. In the fourth step, we converted these features into different classification 

algorithm’s input and get the results. In addition, we manually categorize which category the 

article belongs to as a basis for the classification result. In the last step, we compared 

differences and performance between different combinations. 

 

Figure 1. The proposed methodology flow of this study 

3.1 Data set 

In this experiment, we used the conferences data set about 192 KB. This data set 

compromises the metadata for the 2013 AAAI conference's accepted academic papers, 

including paper titles, authors, abstracts, and keywords of varying granularity. 
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3.2  Natural Language Processing  
 In general English articles, there are too many noises that affect weights and the accuracy 

of word recognition such as meaningless words, punctuation, numbers, and different tense 

words. For the next experiment, these noises must be eliminated first. 

 

3.2.1 Stemming 

In an article, words are written differently because of their tense, parts of speech, and 

plural forms. This step is mainly to restore English words to their roots form, leaving only the 

root and convert uppercase to lowercase. In this study, we use the Porter stemming algorithm 

[27] to perform this work. 

 

3.2.2 Stop-words 

There are too many meaningless words in a common English article, such as a, at, in, of, 

the. This study uses the stop word list defined by Python library provides NLTK [28] which 

contains 153 common stop words. We use NLTK to remove meaningless words and retain 

meaningful words. 

 

3.2.3 Non-words token 

Common non-word tags include numbers (0 ~ 9), punctuation (such as comma, 

semicolon, etc.) and special symbols. Since these non-word tags affect the accuracy of word 

recognition, these tags must be removed. 

 

3.3 Matrix step  

We converted the collected papers into term-by-documents matrix and used TF-IDF to 

evaluate the importance of words in papers. TF used to calculate the frequency of words in the 

document, as shown in equation (1). Where the  is represented the frequency at which 

word i  appears in filthe e j ,  is represented the number of words in file j . The IDF is 

based on the reciprocal of the frequency of occurrences in all documents, as shown in 

equation (2). Where  is represented the total number of all papers and  is represented 

the total number of documents that appear for word i .  

                 (1) 

                 (2) 

The implication of the TF-IDF is that if a word appears more frequently in an article and 

appears less often in another article, the word is considered to be well discriminating. The 

final TF-IDF takes TF and IDF into consideration that is TF-IDF equals TF IDF. 
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3.4 Semantic models 

3.4.1 LSA 

LSA is a semantic model based on SVD and dimension reduction. Its approach is to 

analyze the term-document matrix which represents the document and project the matrix into 

a potential semantic space. The following equation (3) represents the details of the SVD, 

where  is the term-document matrix,  is the topic space,  is the term space 

corresponding to , and  is the document space corresponding to . 

 

                    (3) 

 

After SVD processing, we will generate three two-dimensional matrices; where  

retains the terms information,  is the diagonal matrix composed of the eigenvalues of , 

and  keeps the document information. Next, the LSA performs a dimension reduction step. 

This step must set the dimension k of the semantic space to be reserved. We keep the first k 

eigenvectors in the S matrix, and the other values are filtered as noise to remove noise from 

the semantic space S. Finally, the three matrices , ,  are re-multiplied to produce a 

noise-free term-document matrix.  

 

3.4.2 PLSA 

PLSA applies maximum likelihood estimation and EM algorithm. This method is a 

hybrid model that uses two-level probability model space. After giving a document  to 

PLSA, that need has a certain probability of choosing the topic  that corresponds to the 

document. Then, selecting term  from document .  is repented term-document 

matrix,  is represented document and  is represented terms.  is a potential variable 

used to present co-occurrence matrix data relevance. We can use PLSA to maximize the 

relevant probability and calculate the relevant probability , that is the similarity 

matrix. 

To calculate the similarity matrix, we must first define the following probability symbols: 

 is the probability that document  occurs.  is the conditional probability 

that term  will occur when a given topic  occurs.  is the conditional 

probability that topic  will occur when a given document  occurs. 

Based on the above definition,  co-occurrence probability of joint show in the 

equation(4) : 
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                  (4) 

 

, where  

 

Based on the Bayesian theorem converts the equation (4) into equation (5), the following 

equation is used to estimate , where , and are its target 

parameters. 

 

               (5) 

 

In equation (5),  is the probability of a term,  is the probability of a 

document, and  is the probability of a potential topic. The next step is to define a 

similarity function, such as equation (6). Compute by iteration where  is an algebraic 

iteration, and  is the probability weight of term  in document . 

 

              (6) 

 

Continuing with the part of the  algorithm, the  algorithm mainly repeats the 

E-Step and the M-Step. The equation of E-step is as follows: 

 

               (7) 

In the -Step, we use the current estimation parameters to calculate the probability of a 

potential variable . In the -Step, the algorithm uses the result of step E to maximize the 

target parameters, as shown in the following equations.  

               (8) 

                (9) 

              (10) 

 

3.4.3 LDA 

The main purpose of LDA is to show the distribution probability of documents and 

topics. The LDA first uses the Dirichlet probability distribution to set the potential probability 

of documents. Then, it uses the Gibbs sampling algorithm to estimate the final probability 

value of topics and terms for a given document. α is the Dirichlet distribution parameter prior 
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to the topic document distribution. β is the parameter of the Dirichlet distribution before the 

term distribution. T is the number of topics, M is the number of documents and N is the 

number of words in the document.  

The remaining LDA related parameters include:  is the topic distribution of 

document , which corresponds to the conjugate distribution of parameter α in the Dirichlet 

distribution.  is the term distribution of topic , which corresponds to the conjugate 

distribution of parameter β in the Dirichlet distribution.  is the topic of term tin 

document , which corresponds to the conjugate distribution of parameter  in the 

multinomial distribution.  is the specific term  in document , which corresponds to 

the conjugate distribution of parameter  in the multinomial distribution. K is the number 

of topics. 

The LDA uses the Gibbs sampling algorithm and the MLE method to estimate the final 

probability values for α and β for a given document. Related estimation procedures are as 

follows. It first estimates the conditional probability of a Y-dimensional Dirichlet variable  

for a given parameter α ( ≥ 0 and  ≥ 0), as follows: where  is a Y vector with the 

element and  is the Gamma function [29]. 

 

          (11) 

 

It next estimates the joint distribution probabilities of all the observed and unobserved 

parameters. It then gave some partially observed parameters α and β, as shown in the 

following equation. 

 

        (12) 

 

The MLE of the term distribution of the document is then estimated by summarizing  

and , as shown in the following equation. 

 

          (13) 

 

Finally, Gibbs sampling algorithm is used to estimate the topics from the collected 

documents, as well as the topic document α and the term topic β probability.  

In the following experimental steps, we only use the LDA model. Because we found that 

the performance of the LSA is the lowest, it can only find synonymous themes related to the 

query. PLSA is superior to LDA in dealing with polysemy, but as the amount of data increases, 

PLSA computation time is significantly more than other models. So we only do further 

research on the LDA model [29]. 
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3.5 K-nearest neighbors (K-NN) 

The basic idea of the K-NN algorithm is to use the document after classification to 

calculate which of the uncategorized documents is the closest (most similar). According to the 

distance to determine the unclassified document belongs to which category. The algorithm is 

roughly divided into three steps. The first step, the training data eigenvalues are expressed as 

vectors. The second step, Capture the eigenvalues of the test data as vectors. The third step, 

select from the training data and test data K most similar data, the equation is [30]: 

 

           (14) 

 

Generally, depending on the classification of materials to adjust the K value, the general 

set an initial value and then adjust the value of K according to the results of the experiment. 

 

3.6 Support vector machine 

SVM is helpful in text categorization. Its application can significantly reduce the need 

for markup training examples in standard induction and transformation settings. SVM is a 

classification algorithm that can be applied to both linear and nonlinear data, it transforms the 

original data to a higher dimension from which it can use the alleged super vectors in the 

training dataset to find the hyperplane for categorizing data. Given a set of N training 

examples with input vectors  and corresponding labels , an 

SVM algorithm resolves the following primal problem [31] 

 

 
               

such that      

        (16) 

and       

            (17) 

 

where C is a positive real constant. The parameter C determines the trade-off between the 

margin and the training error. The dual Lagrangian of the above SVM optimization problem 

can be written as follows: 
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such that 

 
and  

 

Here  is a kernel function of the form ( ) =<  

denotes the dot product of  and y. 

The predicted label of a new data point becomes as follows:  

 
Note here that if  = 0, then  does not contribute in decision making. The run-time 

complexity scales linearly with the number of support vectors. 

Through these practices, we are different from the past practice of analyzing content, 

subject matter and citing documents only. We use the function of different semantic models to 

solve the problem of the existence of words (such as synonym, polysemy) in the article. And 

find articles with the similarity between the article and the potential relevance to determine 

whether they belong to the same type of article. Then combine different classification 

algorithms to achieve different recommended results. 

 

IV. Experimental and analysis 

In this section, we present an experiment of LDA model with K-NN and SVM 

classification algorithms to test the accuracy. 

  

4.1 The Data Set and Natural Language Processing 

In this experiment, we used the conferences data set about 150 papers. This data set 

compromises the metadata for the 2013 AAAI conference's accepted papers, including paper 

titles, authors, abstracts, and keywords of varying granularity. All papers were tokenized by 

removing English stop words and stemming using the Porter Stemming algorithm. In the 

process, all numbers and punctuation were also removed.  

 

4.2 The experiment recommendation system of LDA with K-NN and SVM 

In this experiment, we use the LDA model to calculate the underlying topics that are 

hidden between these terms. We set category topic K=10 then after calculating these 10 topics 

shown in Figure 2, each topic consists of these words. According to these words to be K-NN 

and SVM classification algorithms features. Based on these features to classify papers which 

have not been classified in any topic.  
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Figure 2. The Result of LDA Model 

 

In the K-NN and SVM classification algorithms part, we take 100 papers as train data, 50 

papers as test data. In order to test the accuracy of the K-NN and SVM classification 

algorithms, we first manually categorized all papers then using the result of classified as a 

benchmark for accuracy. We utilized the number of features occurrences in each paper to 

categorize which topic the article belongs. This is the experimental result of our first 

combination shown in Figure 3. 

 

 

Figure 3. The accuracy of K-NN and SVM  

 

This result indicates that the messy data set has a clear subject classification after the 

first-stage LDA model processing. After processing the second-stage classification algorithm, 

the articles with similar semantic similarity are classified together. Based on the K-NN the 

accuracy where K = 4 and K = 5, the accuracy achieved about 72% and 66%. Based on SVM 

accuracy up to 86%. Through this method we can get a high-accuracy academic article 

recommendation system. 

 

V. Conclusion 

In this way, we can know whether such a combination of academic papers for the 

recommended effect is significant. Next, we will continue to use the K-NN and SVM 

algorithms with different semantic models to compare accuracy. We expect to use this 

approach to find a recommendation system suitable for academic papers. 
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