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Abstract

Survey on News Recommender
Systems and Context-aware
Long-/short-term User Interest
Modeling

Jiyun Kim
Department of Computer Science & Engineering
The Graduate School

Seoul National University

How can we recommend news items to countless number of users with unique in-
terest and preference? Harnessing various data that an individual user remains after
consuming online articles, news recommender systems aim to predict unobserved
his/her behavior on new articles. Since building the overall profile of an user in-
evitably accompanies processing information from multiple domains, digging into
latent representation building in recommendation task is of value. Nevertheless, since
interest may change over time and the input data is too sparse, modeling user repre-
sentation is complicated.

We executed a brief survey for existing news recommender system approaches.
The main contribution of the paper is as follows: First, we categorize past researches
which particularly deal with systems recommending news articles by several stan-

dards tailor-made for the virtues of the item. Second, we look over recommender



systems on news items for around thirty years in a comprehensive way. We find the

problem they define and technique they use as time goes by.
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Chapter 1

Introduction

How can we offer helpful recommender result from countless number of news items
to enormous amounts of unique users? For this issue, diverse recommender algo-
rithms utilizing methods such as collaborative filtering and content-based approaches
have been designed for decades. They replaced the role of manual-based recommen-
dations and succeeded to boost the performance significantly.

On the other hand, news recommender systems should be treated as particular
since there are multiple distinctive features that news as an item obtains. For example,
news item inherently has a short life span unlike movies, books, and groceries. Indeed,
users are prone to read new news articles to find what happened today or yesterday.
Therefore, news recommender system should deal with such temporality issue and
make an attempt to catch swiftly shifting trend.

Based on these features, the thesis proposes usage of deep learning technique,
usage of context information, and modeling multiple user interests at the same time
as three novel criteria to classify news recommender systems.

The rest of the thesis is organized as follows. In Chapter 2, we explain datasets
collected for news recommendation task and metrics commonly used to evaluate
news recommender models. In Chapter 3, we explore existing studies on news rec-
ommender systems and categorizing them based on novel criteria suitable for the
distinctive characteristics of news recommendation. In Chapter 4, we discuss chal-

lenges and prospects of news recommendation researches.



1.1 Overview

The need to design an accurate news recommender system is rising due to various
reasons such as digital news reading trends nowadays, special characteristics that
news items obtain, and complexity of user interest modeling. The thesis deals with the
specialty news item has as a recommendation item, and suggests three novel criteria
to classify the existing news recommender methods. By grouping methods into eight
categories, we can explore the prospect and challenge that news recommender has.
Furthermore, we conduct an additional study regarding deep learning based context

aware long- and short- user interest modeling.

1.2 Distinctive Features in News Recommender Sys-

tem Design

In this section, we list several distinctive features in news recommender systems.
Due to these salient features, special recommender system design choices enhance

the recommendation performance.

1.2.1 Temporality of News

One of the most distinctive features of news recommender systems is that the items
have short life span comparing to other recommender systems. Articles published
long time ago receive less click events by the audience. In contrary, articles dealing
with the accident in an hour drag their attention with more ease. For example, it is
clear that an article noticing a wildfire on the nearby mountain two year ago is less
valuable than the one noticing the same accident occurred this morning. In other

words, most of the articles have short life span. Furthermore, short-term interest of



user is mostly very fragile. Sometimes breaking news or personal events distract be-
havior patterns that user has shown for a long time. The fact that meaningfulness of
an article decays very rapidly decreases the amount of resource news recommender
systems may harness while inferring user’s next news choice and it is prone to aggra-
vate the problem of cold-start in recommendation. Plus, this volatile property of news

article value emerges the necessity of fast and real-time processing of the system.

1.2.2 Dynamic Shift of User Interest

Since click behavior of users on news article shifts swiftly due to its sensitiveness on
popular trend of community or sudden events, user interest modeling should reflect
its dynamic nature. Indeed, user interest moves to new news topics relatively fast
comparing to other recommendation objects because of the aforementioned short
life-span of the item itself. Furthermore, factors that influence the user interest change

are various;

1.2.3 Time and Location Dependencies

Researchers in the news recommender system field found that news consumption of
individual are highly affected by people around him/her. In other words, considering
common preference of the audience or locals he/she belongs matters when design-
ing the system. This tendency is more prone to news recommendation because users
are often interested in community issues and local trend. Furthermore, several news
topics have shifting popularity depending on temporal condition such as time of the

day, weekends, etc.



1.3 Differences between this Survey and Existing

Ones

Since there are various kinds of advanced techniques for recommender systems, sur-
veys with specific technical theme have been published. Not only on recommender
systems for general items, but also for specific items with distinctive features enor-
mous comprehensive analysis and surveys have been conducted. Due to the emerg-
ing trend of online news subscription, news recommender systems are gaining their
influence and importance. Therefore, surveys on news recommender systems have
been also on the rise. For example, surveys such as [1], [2], [3], [4], [5], [6], [7], [8],
[9] handle news recommendation systems with their methods, challenges, and goals
in the future. We believe that analysis on recommendation for specific item is helpful
to find special characteristics that the item obtains. Therefore, we design this sur-
vey concentrating on recommending news. This survey summarizes the background
and environment of news recommender systems. Furthermore, it finally shortlists the
existing researches and classifies them based on three special criteria.

The contribution of this survey is that it designs novel criteria which consider
special traits that a news has as an object of recommendation. By this classification,
studies on news recommender system are analyzed regarding their methods, algo-
rithms, architectures, etc. In other words, this survey identifies characteristic features
of item and describes existing system designs which suit the features. Moreover, this
survey suggests challenges remained and prospects in the future regarding news rec-

ommender systems.



Chapter 2

Datasets and Metrics

2.1 Datasets

There are datasets such as MovieLens and Yelp dataset which are widely known for
simulating recommendation systems. MovieLens includes a set of movie ratings from
a movie recommendation service. Yelp deals with restaurant information and user
reviews. However, news articles obtain several exclusive characteristics which are
worth being considered when offering a recommendation. Without comprehensive
attention to the distinctive features that the news has an item, news recommender
system may not yield a good performance. For example, articles usually have shorter
life span than movies and restaurants. Their values depreciate very quickly because
the vast majority of readers urge to access the freshest news. The popularity of an
article diminishes in few days but a movie or a restaurant is an item which can be
found interesting after a long time from when it was launched. Consequently, datasets
specifically collected for news recommendation have been on demand and released
over time to capture these features and reflect news consuming behavior in the real
world. In early days, few news recommendation researches conducted a user study
by their own or relied on datasets from other domains. Or, they crawled articles from
online news portals personally to evaluate the performance. Large publishers which
possess colossal amount of article and user interaction data such as Yahoo!, MSN,

Google and Bing were frequently collected. APIs from journal websites such as New



York Times were also helpful to generate datasets.

Nowadays, several news datasets are now publicly available so that researchers
may access and conduct experiments with ease. Plista[10] dataset is a comprehensive
data collection of articles from 13 news portals for a month with user interactions.
Articles in the dataset are written in German. Not only user interactions between
articles in a single portal, it may track interactions between multiple portals. The
dataset separately categorized the users into editors and consumers. The number of
users in the dataset is 14,897,978. In addition, it kept four types of news consum-
ing activities which are 70,353 times of creating articles, 5,174,116 times of updating
articles, 84,210,795 times of reading articles, and 1,095,323 times of following recom-
mended links. Challenge which utilized Plista dataset to foster advancement of news
recommendation algorithms was held in ACM RecSys’13. Adressa[11] dataset is a
pile of online news consumption logs from Adresseavisen website for 3 months. It
fully takes characteristics of news articles as an item of recommendation into con-
sideration. There are two versions which are large and small and both of them deal
with articles written in Norwegian. Adressa 20M consists of 48,486 articles and 15,514
users while Adressa 2M includes data for just one week. Unlike Plista dataset, it con-
tains additional context information on location, time, device, and content. It enables
researchers to refer to recency, dependency, and irregularity of news items. Globo[12]
dataset contains news consumption patterns of 314,000 users within 46,000 articles
recorded by for 16 days. The articles were published in Brazilian news portal Globo
and they are written in Portuguese. With a version update, it supports user contextual
attributes such as location and device information. Along with metadata about all the
articles, Globo dataset provides not the raw content text but the word embeddings of

the text. MIND(MIcrosoft News Dataset)[13] collected from the user behavior logs of



Table 1: Details of News Recommendation Datasets

# users # clicks # articles | # portals Period Language Density(%)
Plista 14,897,978 84,210,795 70,353 13 A month German 0.008
Adressa 20M 3,083,438 27,223,576 48,486 1 10 weeks Norwegian 0.018
Adressa 2M 15,514 2,717,915 923 1 1 week Norwegian 0.190
Globo 314,000 3,000,000 46,000 1 16 days Portuguese 0.021
MIND large 1,000,000 24,155,470 161,013 1 6 weeks English 0.015
MIND small 94,057 323,419 93,698 1 6 days English 0.004
MIND demo 50,000 43,150 45,463 1 6 days English 0.002

Microsoft News. Interactions between 1,000,000 users and 161,013 English news arti-

cles during 6 weeks are kept in the dataset. Comparing to other datasets, the dataset

offers detail information and samples in a large-scale. Microsoft runs leaderboard to

measure model performance with ease using MIND dataset. Microsoft opened the

MIND News Recommendation Challenge with the dataset in 2021. In Table 1, we

compared the size and detail of the datasets.

2.2 Evaluation Methods

2.2.1 Traditional Accuracy Metrics

Performance evaluation of news recommendation systems is executed in various

ways. Ranking is a great virtue of recommender system since recommendation aims

for picking out items which are relatively unlikely to be satisfying to users as their

next choice and displaying the most promising candidates. Earlier studies often adopted

precision@K, recall@K, and F1 as criteria. Assume that set 5| consists of new arti-

cles chosen by recommender system as promising candidate items and s, contains

new articles that are not chosen by recommendation system. T P refers to the articles

which are preferred by user in sy, FP stands for the rest of s;. FN implies articles

not preferred by user in s, and TN refers to the rest of s,. Precision@XK refers to the



ratio of articles chosen by the recommender system in top-K most possible candidate
articles. Recall@K indicates the proportion of articles chosen by the system in top-
k articles which are likely to be preferred by a given user. F1@K finds the balance

between precision and recall by:

2
Fl1@K = — i (2.1)

recall @K + precision@K

Several researches set accuracy, HR@K(hit ratio@K) and S@K(success@K)as
standard. Accuracy shows how accurately the system estimates what articles will be

preferred by a given user.

accuracy = TP+ TN (2.2)
Y= TP+FN+FP+TN '

Assume that gy refers to the rank of the k-th candidate article recommended by the
system, then HR@k is:

[{Klax < K[} |

HR@K =
K

(2.3)

S@K(Success@K) refers to the odds of succeeding to estimate the next choice of user

by suggesting top-k ranked candidates.

2.2.2 Modern Accuracy Metrics

Experiments conducted recently tend to be based on AUC, MRR, and nDCG as met-
rics. AUC(Area Under the ROC) Curve is a performance score for classification. It is
interpreted as the odds that the systems ranks an article which is likely to be pre-

ferred by user higher than an article which is not. N, and N, stand for the number of



positive and negative samples.

| {(i..j)|Rank(p;) < Rank(n;)} |
N,N,

AUC =

(2.4)

nDCG@K(Normalized Discounted Cumulative Gain@K) is an index to represent the
performance of recommender system comparing to the most ideal combination of

articles. Here, r; and p; are the real and predicted ratings of the i-th sample.

i1 (27— 1)/logy(1+1)

nDCG@K = N (2.5)
>l 1/loga(141)
MRR(Mean Reciprocal Rank) focuses on where the first relevant item appears.
a1
MRR = — z - (2.6)

Ny = Rank(p;)

AP(Average Precision) measures the performance of recommendation to a single user.

P Ni %p:]{k|Rank(pk)§Rank(pi)|}| o)
P =1

Rank(p;)

2.2.3 Other Metrics

Few researches[14],[15],[16] also measure sensitivity, specificity, diversity and nov-
elty as additional criteria with the aforementioned metrics. [16] regards recall as sen-

sitivity measure.

TP
sensitivity = TPTFN (2.8)



TN
specificity = TN+ FP (2.9)

In [15], diversity is adopted as a metric to offer rich recommendation. The diversity

of user u with a recommended list R(u) is calculated as follows:

Zi,jeR(u),i;éj sim(i, j)
(1/2)[R(u)[(|R(u) — 1)

Diversity =1 — (2.10)

In [14], novelty is represented as the proportion of fresh items in items recommended

by the system.
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Chapter 3

Analysis on Existing Methods

3.1 Recommendation System with Non-Deep Learn-

ing Methods

On its initial stage, news recommendation system was conceptualized as categorizer.
In 1990s, the news recommender systems are either rule-based or collaborative filter-
ing methods. As time went by, they utilize advanced techniques such as clustering,
graphs, and genetic algorithms. In this chapter, we briefly introduce each news rec-

ommender study chronologically and analyze the problems they solved.

3.1.1 Unified Interest Modeling
3.1.1.1 Models without Context Information

INFOSCOPE[17] is one of the initial trials that capture own semantic interpretations
of each user and reflect them for better news browsing experience of the user. In
INFOSCORPE, its agents are collections of rule-based heuristics that utilize informa-
tion resulting from the analysis of user behavior to make suggestions to the user.
Tapestry[18] involves humans to make a filtered mail subscription list in addition to
the content of mails. The method blends collaborative filtering with existing content-
based approach and also covers various data streams including online news arti-
cles. GroupLens[19] is a collaborative filtering internet news recommendation sys-

tem which collects user ratings as source. Unlike Tapestry, it is able to handle mul-

11



tiple news clients. NewsWeeder[20] is a combination of collaborative filtering and
content-based filtering method which uses both active user feedback and news text
as input. In the study, it shows that machine learning and MDL(minimum descrip-
tion length) are better learning methods than term-frequency/inverse-document fre-
quency weighting(TF-IDF) when categorizing documents. Krakatoa Chronicle[21] is
an interactive and personalized news service which builds individual "user profiles’
to display news articles. It shows the articles, receives relevance feedback, and shows
other articles by sensing not only personal interest but also community interests.
P-Tango[22] predicts potential clicks of users based on a weighted average of the
content-based prediction and the collaborative filtering approach. Categorizer[23]
harnesses SVM(Support Vector Machine) to classify online news automatically. On
the other hand, WebClipping2[24] selects articles of user’s interests according to the
user profile by Bayesian classifier. Newsjunkie[25] represents articles as words us-
ing BoW(Bag of Words)m and named entities by TF-IDF(Term Frequency-Inversed
Document Frequency) technique. PersoNews[26] extracts topic of interest from the-
matic hierarchy adopting incremental Naive Bayes classifier as a news filter. Das et
al.[27] utilize MinHash, PLSI(Probabilistic Latent Semantic Indexing) and covisitation
counts to conduct a collaborative filtering. News@hand[28] is a news recommender
system which populates domain ontologies by semantic information from external
source. Hermes[29] proposes a way to classify news items based on domain ontolo-
gies. Athena[16] is also a TF-IDF based method which employs user profile to store
terms or concepts from news browsed by the user. LinUCB[30] substitute a problem of
personalized article recommendation to a contextual bandit problem. Massa et al.[31]
use latent semantic analysis to unveil user-news relationships. SCENE[32] clusters ar-

ticles by using LSH(local sensitive hashing) and probabilistic language models, con-

12



structs user profiles based on news topic distribution, similar access patterns, and
news entity preference. In SCENE, news selection is treated as budged maximum
converge problem. Gao et al.[33] generate semantically meaningful profiles based on
time-sensitive TF-IDF(term frequency/inverse document frequency) function. Garcin
et al.[14] build a context tree from article topic sequences and their corresponding
suffixes. Also, they assign a set of local prediction models to each node in the tree to
combine them and find relevance of an article to the context. Getting out of conven-
tional vector space model, PENETRATE[34] puts individual and group user interests
into consideration using a consensus hierarchical clustering. Li et al.[35] represent
news reading community as a hypergraph to model high-order correlations between
users and articles. It sees the recommendation task as a local selection problem on
sub-hypergraphs. CCF[36] is a hybrid news topic recommendation approach which
utilizes both news content and users-items relationship based on neighborhood mod-
els. CCF introduces a kernel to reflect news content and integrates it with collabora-
tive filtering framework. TOCF[37] is a collaborative filtering model which considers
time-sequential user behaviors by proposing time-dependent user similarity measure.
CCTM[38] executes hierarchical Bayesian modeling with not only news content but
also user comments of that news to recommend comment-worthy articles. Shashkin
et al.[39] adopt WARP algorithm to calculate loss of factorization model and utilize

implicit feedback and temporal dynamics to recommend news.

3.1.1.2 Models with Context Information

On the other hand, Newt[40]is a personalized information filtering framework utiliz-
ing relevance feedback and genetic algorithm. Iliveski et al.[41] propose a SWL(select-

watch-leave) probabilistic graphical interest model to analyze the context and ob-

13



tain semantic mapping from user log. NEMAH[15] uses user interest similarity, sub-
class popularity factor, place, freshness, and key person factors to capture under-
lying user-news relationship in the microblog. Techniques such as TF/IDF(term fre-
quency/inverse document frequency) and greedy selection algorithm are used to clus-
ter the articles. Hier-UIM[42] proposes a hierarchy user interest modeling with topic
model, keyword weight sequence by term frequency/inverse document frequency,
and user context information. To reflect temporal dynamics and news taxonomy, Raza
et al.[43] propose a biased matrix factorization model which applies both time units

and category information as biases.

3.1.2 Long and Short Term Interest Modeling

NewsDude[44] separates user interests into long-term and short-term. The paper as-
sumes that user has plural interests and preferences. This separation is efficient due
to the different characteristics that long- and short-term interests obtain. The long-
term interest represents universal preference of a user which is stable and less dy-
namic. On the other hand, the short-term interest represents temporal preference
of a user which is changing and dynamic.In NewsDude[44], long-term interest is
captured by naive Bayes and short-term interest is captured by nearest neighbor al-
gorithm. YourNews[45] also has long-term and short-term interest representations
which have different number of news items. Both are weighted prototype term vec-
tors from news browsing history of a user. LOGO[46] generates a news hierarchy by
hierarchical agglomerative clustering algorithm with LDA(Latent Dirichlet Alloca-
tion) summarization, and harnesses a time sensitive weighting scheme by time decay
factor to represent long-term user interest. Besides, short-term user interest is mod-

eled by greedy algorithm. Epure et al.[47] solve the problem of session-based news

14



recommendation. Furthermore, the paper establishes a notion of medium-term read-

ing behavior between short- and long-term reading behaviors.

3.1.2.1 Location- and Time-Aware Modeling

Liu et al.[48] also model long-term and short-term interest respectively. CROWN/[49]

models data as a tensor to integrate contextual information such as time and location.

3.2 Recommendation System with Deep Learning
Methods

As deep-learning methods rise and are dealt as an almighty solution to many com-
puting problems, their potential was also applied to recommender system field and
played a role of key to better performance. Recommender systems mainly utilize
neural networks to generate news or user representations. Therefore, what data and
which neural model to adopt for training the embedding depending on design choice.
In several researches harnessing deep learning techniques, the attention mechanism
is largely adopted due to its superior quality of learning relative importance. The at-

tention mechanism is often used to capture topic words and serial user interest.

3.2.1 Unified Interest Modeling

A tendency of news click behaviors that a user has is unique and constant so that
news recommender systems describe it as representation. Several researches gener-
ate user representation as one unified vector. Okura et al.[50] adopt embedding-based
method using distributed representations on news recommendation task to handle
synonyms and orthographical variants. Park et al.[51] overcome the challenges of

news recommendation such as high number of items and sensitivity on recency or

15



personal interests by adopting modified version of RNN and CNN. DADM[52] pro-
poses a dynamic meta-attention model over multiple deep network to handle unsta-
ble characteristics of data and selection criteria. Weave&rec[53] applies 3D CNNs to
extract spatial and temporal features from user history. HRAM[54] is a hybrid ap-
proach which concatenates generalized matrix factorization network and attention-
based user-history component. DKN[55] generates multi-channel news representa-
tion by integrating various embeddings from words and entities with knowledge-
aware CNN. DeepJoNN[56] is a session-based deep learning news recommendation
method which utilizes user-parallel mini-batches. In NPA[57], personalized atten-
tion network considers difference on preference between individual users by using
user ID queries. DAN([58] is a deep attention network which uses different neural
networks to extract news representation, sequential information, and user interest.
TANR([59] trains news encoding by attention network with auxiliary topic classifica-
tion task so that news topic information is identified. NRMS[60] applies multi-head
self-attention in a word-level while learning news representations. In addition, the
same attention mechanism is executed in a news-level in learning user representa-
tion. NAML[61] utilizes various information regarding an article such as categories,
title and content and integrates them into one unified news embedding by attentive
pooling. PGT[62] is a news recommendation model coalescing personal preference
with global temporal preference which consists of popular and fresh articles by atten-
tion and multi-layer perceptron. In FIM[63], stacked dilated convolutions are used to
build multi-level representations per each news. Also, the model compares consumed
news and candidate news at each semantic level. KRED[64] refers to knowledge graph
and dynamic contexts such as category, frequency, and position to have better rep-

resentations on entities. NRNF[65] learns positive and negative news click represen-

16



tations separately by neural network so that two relevance scores with candidate
news are calculated and finally combined to make a decision. GNUD[66] uses infor-
mation propagation along a bipartite graph which consists of user and news nodes
to encode high-order relationship between user and news. For better expressiveness
and interpretability, the model adopts a single graph convolutional layer with pref-
erence disentanglement. CPRS[67] captures user clicking behaviors on news titles
and reading behaviors on their contents simultaneously. Each stage of encoding both
behaviors and incorporating them harnesses attention mechanism. IMRec[68] is an
unique attention-based model which addresses multi-modal understanding of online
news articles including images through global and local impression modules. User-as-
graph[69] represents each user as a heterogeneous graph built with his/her behaviors
to catch the fine-grained relationship between them. Wu et al.[70] adopt pre-trained

language models with attention network to learn news embeddings.

3.2.1.1 Location- and Time-Aware Modeling

DRN][71] is a reinforcement learning-based news recommendation framework which
adopts deep Q-learning to model user feedback as future reward. DFM[72] is a deep
fusion model to handle multiple channels or services with various user features in-
cluding user ID, gender, age, and locations by inception module and attention mech-

anism.

3.2.2 Long and Short Term Interest Modeling

GNewsRec[66] describes interactions between users, news, and latent topics with a
heterogeneous graph to abate data sparse problem. LSTUR[73] designs long-term in-

terest representation learned from user IDs to GRU network which aims for obtaining

17



short-term interest representation. KOPRA[74] prunes a knowledge graph used for
long- and short-term user interest representation so that irrelevant part of it is cut out
to focus on important information. KG-LSTUP[75] generates short-term user interest

embedding with information from knowledge graph.
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Chapter 4

Discussion

In this chapter, we discuss challenges that temporary news recommender systems

confront and responding prospects.

4.1 Challenges

As aforementioned, news recommender systems contain several own obstacles which
are more critical than recommending other items due to the distinctive features of

news as an object of recommendation.

4.1.1 Temporality of Articles

Several news recommender studies such as [30],[14],[41],[49],[50],[11],[47],[39] have
been dealt with the problem of short life span that news articles have. Since the object
of recommendation obtains short life span, the recommendation should consider it
as important issue and reflect such feature so that old news articles achieve less value
to the user. Multiple datasets for news recommendation attach ordinal information
of news reading behavior to take this matter into consideration. Furthermore, news
recommendation approaches [50],[51],[54],[58] adopt methods which keep ordinal
information such as RNN(Recurrent Neural Network) and LSTM(Long-Short Term

Memory).
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4.1.2 Diverse and Dynamic User Interest

User interest on news reading often evolves very quickly because there are various
factors which influence news choice of a user. For example, popular trend in the com-
munity or cohort and breaking news may affect news reading. Several news recom-
mendation papers such as [52], [43], [58], [76] mention this challenge as an obstacle
that the research field must overcome. Diversity and dynamics of user interest lead
to swift change of user interest representation and the recommender model should
be prepared for this direct shift. For this issue, researches propose multiple interest

representations for single user or attention-based interest capturing approaches.

4.1.3 Lack of Background Knowledge

One of the main challenges that news recommender systems now face is lack of back-
ground knowledge. Since news articles include rich context through their title, con-
tent, and category, relationships between words are valuable but difficult to specify
based on the limited information in the article itself. News recommender studies such
as [75], [69], [70] point this challenge and show that the relationships between enti-
ties not optimally modeled lead to performance loss. The studies come up with several
different ways to find the relationships including the adoption of knowledge graph

or graph representation.

4.1.4 Ethical Issues

Ethical issues around news recommender system are also on the rise due to the dan-
ger of fake news and bias news. In the process of recommending news, effort not to
recommend unhealthy news is critical because it is directly related to recommenda-

tion quality issue. Regarding this topic, [77], [43] warn the danger of biased news and
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[77] adopt bias score to calculate the bias.

4.2 Prospects

The research field of news recommender system has been evolved with the develop-
ment of platforms and techniques. In the beginning, news recommender was simply
treated as a filter based on heuristics. However, the notion of highly personalized
news recommendation became widespread and how to model an unique news read-
ing pattern of a single user became important. In this perspective, the rise of deep
learning approaches led to skyrocketing performance. The paradigm shift occurred
from previous TF-IDF based or Bayes classifier based approaches to neural network
based models due to their superior ability to capture critical features in specifying
user interests. Among deep learning approaches, attention mechanism becomes one
of the major methods for news recommendation. Nowadays, data augmentation skills
such as offering knowledge graph or auxiliary information are grabbing attention of
the field. Not only generating advanced news representation, but also generating ad-
vanced user representation is constantly an important topic for news recommenda-
tion. Furthermore, detection on fake and biased news is also an issue to overcome.
Since news is often an object of scam and cheat, it is more prone to be abused and
taken advantage of. Therefore, more researches on such challenges and issues should

be executed in the near future.
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Chapter 5

Conclusion

In recent media consuming trend, news recommender system gains more influence
and importance as time goes by. Due to the features of news items, challenges such
as short life span of news, dynamic nature of user interest, and time/location depen-
dencies of user reading behavior become important. Methods which adopt TF-IDF,
clustering, and Bayes classifier have been proposed to deal with the challenges. Fur-
thermore, approaches based on deep learning boost the performance of news recom-
mender with their massive power of neural network. The deep learning approaches
often generate news representations and construct user interest representation by the
news browsed. To evaluate the performance of news recommender models, accuracy
is the major criterion. Since online news publishers display selected news in an order,
accuracy metrics considering sequence such as nDCG are popular among researches.
For simulation on news recommendation, several online news datasets including user
news reading history and auxiliary information around the reading behavior are re-
leased. In this survey, we classify the existing studies on news recommender systems
based on three criteria and thoroughly observe the history of the field. In recom-
mendation task which handles specific and particular items, such survey will help

researchers to understand the geography of the studies.
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