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ABSTRACT 

Recommendation system development has been an important domain in the industrial and academic fields for the 
past two decades. Recently, the importance of developing a context-aware serendipitous recommendation system 
has emerged. As such, we investigate the latent features of items that may be recognized by the users of such a 
system. We assume that users will move from one item to another through the latent features reflected in the 
sequence of items. Our work specifically focuses on the process of predicting the sequential and changing taste of 
users. We show the existence of latent features by presenting a topic map and suggest a context-aware serendipitous 
recommendation system. 

1. INTRODUCTION 

Recommendation system development has been an important domain in the industrial and academic fields for the 
past two decades. The primary goal of this system is to provide users with personalized items based on past records 
to improve their satisfaction. However, as techniques improve and research on recommendation systems increases, 
researchers are facing the question of how well a user is satisfied with the recommendation (i.e., the value of the 
recommendation). For example, the importance of developing a “serendipitous” recommendation system has emerged 
as part of improving the value of the recommendation system. 

Thus far, accuracy is considered a representative measure for estimating the value of a recommendation system. 
Accuracy indicates the probability that the user will appreciate the item recommended [2]. Although using this 
measure sounds simple and logical, a few researchers argue that other things should be taken into account [5; 6; 9]. 
As a result, the necessity of measuring “diversity” and the concept of serendipitous recommendation has emerged. 
Diversity is a literal indicator of how diverse items are included in the recommended set and is therefore inevitably 
associated with the concept of serendipitous recommendation. However, diversity alone does not secure a 
serendipitous recommendation, because serendipity means both unintended and useful discovery (i.e., unexpectedly 
satisfactory discovery) [5; 11]. In other words, a recommendation system built specifically to increase diversity will 
recommend novel items regardless of the user’s satisfaction. For example, given a recommendation system that 
recommends unfamiliar movies to the user on purpose, the user will probably be dissatisfied with the recommended 
movies because his/her taste is sacrificed for diversity. On the other hand, for a system that recommends familiar 
movies only, it is likely that the user’s taste will be over-reflected such that the system will recommend accurate but 
obvious movies (i.e., movies that the user would have discovered by himself/herself). This is not a serendipitous 
recommendation system because the recommended movies are not unexpected. This situation is a well-known trade-
off relation between diversity and accuracy. Hence, many studies focused on increasing the diversity while minimizing 
the accuracy loss for a serendipitous recommendation [7; 12], and our work likewise is conducted in a similar way. 

Seeing that serendipity alleviates the trade-off between diversity and accuracy, we need to define the concept of 
diversity and figure out how to measure it. To define and measure diversity, we paid attention to the latent features of 
items. We assumed that people would move from one item to another through a latent feature reflected in a sequence 
of items. To sum up, we considered that there are latent features that link each item and the variety of the topics 
measures the diversity. 
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Specifically, in this study, we developed a movie recommendation system with user rating data. Our data included 
who the users were and how and when they rated movies with a certain score. The ratings were recorded 
chronologically and could thus be regarded as a list of consecutive movies that reflect the latent features. Our work 
specifically focused on the impact of the latent features by treating a recommendation as a process of predicting the 
sequential and changing taste of users. We indirectly show the existence of latent features by presenting a topic map 
and suggest a context-aware serendipitous recommendation system. 

This paper is organized as follows. First, Section 2 addresses the main idea on which our recommendation system 
is built based on a concept from cognitive psychology field. Then, Section 3 presents a detailed description of the 
algorithm used in our work. Sections 4 and 5 explain the metrics and data, respectively. Finally, Sections 6 and 7 
cover the evaluation and conclusion respectively.  

2. CONTEXT : SPREADING ACTIVATION MODEL 

In cognitive psychology, one of the most famous theories regarding human semantic processing is spreading-
activation theory. This theory is based on Quillian’s theory of semantic memory [3]. Qullian viewed memory search 
as an activation spreading from the concept nodes through a semantic network [8]. For example, when people are 
asked to state everything about machines (stimuli), they start off with clear facts (reaction), such as “it is manmade,” 
“it has moving parts,” and so on. Soon, however, they begin to give less clear facts, such as “a typewriter is machine.” 
This stimuli–reaction mechanism is represented by a spreading-activation model, which consists of nodes and links. 
Each node corresponds to the concept that people can recall as a reaction against the stimuli, and the relational links 
indicate how strongly the concepts are related. Nodes preferentially activate the peripheral nodes, which are strongly 
related, and the activation spreads in a way that the activated nodes activate other linked nodes, and so on. 

Motivated by the spreading-activation model, we assumed that people semantically link movies on the basis of 
latent features. For instance, a user logs into a rating website (e.g., IMDB or MovieLens) to rate a movie he/she just 
watched. After the user rates the first movie (stimuli), the movies he/she thinks are relevant (reaction) will pop up in 
his/her head and he/she will probably rate one of them. This process will continue until a user log out. What makes 
the user rate consecutively from one movie to the next is the latent features. 1  We call this concept “context.” 

 

3. ALGORITHM 

Two popular techniques of information retrieval are used to extract and train the latent features, namely, Latent 
Dirichlet Allocation (LDA) and Word2Vector (W2V). LDA provides a global picture of latent features (e.g., the 
number and type of latent features in data) by allocating every movie into every topic, while W2V vectorizes each 
movie with local information related to its latent feature. 
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Figure 1: Example of Movie Semantic Network 



3.1. LATENT DIRICHLET ALLOCATION 

LDA is a topic modeling technique [4]. Basically, it was developed to extract latent features (i.e., topics) from a 
corpus using the overall structure of the words in documents. 1 This is why we used LDA. We wanted to know which 
and how many topics exist in the overall data. As a result, a total of 13 topics were derived. Figure 2a shows the 
change in topics per user by time. Specifically, it visualizes the route by which a user passes through his/her own 
semantic network, such as shown in Figure 1. 

 

LDA is a soft clustering technique. In LDA, each movie is non-exclusively allocated to each topic with a specific 
probability, but what we want is to exclusively allocate each movie to each topic. Therefore, additional work was 
carried out to transform the result of LDA into a hard clustering format. First, we made a movie–topic matrix. The 
values in matrix are the probabilities of being allocated to each topic per movie. Then we applied k-means clustering 
to exclusively allocate each movie to each topic. The proper number of k was determined by the elbow method, as 
shown in Figure 2b. In our case, k = 6. 

3.2. MOVIE2VECTOR 

Our recommendation algorithm, Movie2Vector, is an application of W2V, which is a famous word embedding 
technique proposed in [10]. When a bundle of corpus is given, W2V technique trains local information per word by a 
moving training window. This technique is based on the concept that the meaning of a word is locally defined in a 
relationship with the neighborhood words. We assumed that the movie sequence per user has a similar property with 
the word sequence in the document and therefore applied W2V in our recommendation system. 

4. METRICS 

We used two metrics in our work, namely, the accuracy and diversity defined in this section. Before proceeding to 
the metrics, let us briefly explain our notations. Qu = {Q1, ..., Qn} notates a set of query movies per user and is used 
as input. Ru = {R1, ..., Rn} denotes a set of recommended movies, that is, the output. Test set per user Tu = {T1, ..., Tn} 
is the sequence of the movies after Qu, where Tu indicates a set of target movies following a query set. TP is a set of 
topics. A mapping function M(∗) is also utilized to map a set of movies into a set of topics to which each movie is 
allocated. 

4.1. ACCURACY 
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Figure 2: Topic Map and Finding k 

(a) Topic Map (b) Finding k 



Hit rate indicates how many items in Tu are hit. In other words, it shows how many items in Ru matches with items 
in Tu. This is a simple and popular metric to measure accuracy and was therefore employed in this study. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝒏(𝑻𝒖 ∩ 𝑹𝒖)

𝒏(𝑻𝒖)
  (1) 

4.2. DIVERSITY 

We defined our own diversity metric. We assumed that the diversity originates from the diverse latent features and 
thus measured the diversity on basis of a variety of topics. The metric is defined as a ratio of new topics that appeared 
in Ru over the total number of T. 

𝑫𝒊𝒗𝒆𝒓𝒔𝒊𝒕𝒚 =
𝒏(𝑴(𝑹𝒖)) − 𝒏(𝑴(𝑸𝒖) ∩ 𝑴(𝑹𝒖))

𝒏(𝑻𝑷)
  (2) 

5. DATA 

Choosing an appropriate dataset is crucial in evaluating an algorithm. Our work uses the rating sequence of each 
user, meaning that we need user rating, timestamp, and the identifier of the corresponding movies. The confidence of 
dataset needs to be considered as well. We assumed that the more referred the dataset was, the more confident it would 
be. The two criteria (appropriateness and confidence) led us to use the MovieLens dataset. MovieLens is a website 
that provides a movie rating service1 run by GroupLens, a research laboratory at the University of Minnesota. It has 
offered various types of datasets since 1998, and the datasets are basically given by size, from 100 K to 20 M, each of 
which contains genome scores, genome tag links, movies, ratings, and tag files. The size and file construction of the 
MovieLens dataset makes it worthy of use and popular in the recommendation system research field, such that there 
is even a paper which covers the history of the dataset [1]. As of May 28, 2018, when you search “movielens” in 
GoogleScholar, you can retrieve about 14 K results. This figure means a fairly large number of articles are referring 
to the dataset, which proves its confidence. Among the files in each dataset, the ratings file includes information about 
users’ preference. This file takes the form of 〈user id, movie id, rating, timestamp〉. Overall, the MovieLens dataset 
achieves both appropriateness and confidence and is, therefore, the best dataset for applying our algorithm. Our dataset 
from MovieLens includes 20 M ratings and 46.5 K tag applications across 27 K movies by 13.8 K users between 
January 09, 1995 and March 31, 2015. It was first released on April 2015 and most recently updated on October 2016. 
According to the data provider, the dataset was constructed by random extraction only for users who had rated at least 
20 movies. 

6. EVALUATION 

We argue that latent features exist and move users from one movie to next, which represents the change in context. 
Although the latent features are invisible, we considered them definitely hidden behind the sequential records of the 
rated movies. Our recommendation system was evaluated if it reflected this perspective. 

The result of recommendation is plotted in Figure 3. We compared our algorithm (W2V) to a user-based 
collaborative filtering (CF) and the random recommendation (RD) algorithm. Every point in Figure 3 indicates a result 
of a recommendation per user. We ran each algorithm on randomly selected 300 users. If we carried out random 
sampling once per user, the result of recommendations can do over-fitting to the specific query set of the users. Thus, 
a cross-validation was performed. The number of validations was set to 20, and it described that every point in Figure 
3 represents the per user mean diversity and mean accuracy of the recommendations derived from 20 times of random 
sampled queries. Figure 3 and Table 1 clearly show that W2V performs better than CF and RD on the accuracy 
perspective. This finding suggests that context-awareness is a noteworthy factor in recommending an item. 

Additionally, the way CF observations are distributed shows a negative slope, which explains the trade-off relation 
between accuracy and diversity. On the contrary, W2V displays a relatively flat distribution. The weakening trade-off 
in W2V once again supports our argument that context-awareness is important in serendipitous recommendation. 
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However, our algorithm is limited in terms of the average diversity. This work is an ongoing effort, and the present 
conference paper shows the in-progress result. 

 

Table 1: Performance Comparison 

Algorithm Accuracy Diversity 

W2V 0.499 0.324 

CF 0.397 0.510 

RD 0.035 0.314 

7. CONCLUDING REMARKS 

One cognitive psychology theory, the so-called spreading-activation theory explaining about human semantic 
processing, motivated us to develop the proposed recommendation system. We assumed that the cognitive factor 
affects the rating behavior of users and must therefore be considered in the recommendation system designed for 
her/him. In the proposed system, the semantic links in spreading-activation theory are mapped into the latent features 
(i.e., topics), and we termed them as context. We applied the LDA and W2V for our algorithm to be context-aware. 
Then, we showed that our context-aware recommendation system performs better on the accuracy perspective, which 
proved the importance of context-awareness. 

Although our algorithm alleviates the traditional trade-off problem in recommendation systems, thus far, our 
interim result only seems to be context-aware-accurate not serendipitous. Nonetheless, we think the resulting non-
pattern (circle dots in Figure 3) at least shows a possibility of being serendipitous. We are continuing to improve our 
algorithm for it to be serendipitous by increasing diversity while minimizing accuracy loss. 

Figure 3: Accuracy vs. Diversity 



We conclude this paper by emphasizing its relevance to the service science. Nowadays, recommendation systems 
have become indispensable elements in many service systems, from item recommendation in e-commerce services to 
friend recommendation in social network services. The development of high-performance recommendation algorithms 
will soon become the core competitiveness of many service firms. 
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