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Abstract

Nowadays, it’s a very important way for researchers and all people to find their desired
meaning instead of searching for a specific topic. Recommendation systems are strategies
to solve the problems of search, finding or reducing the time of interest content for users
under complex information environments. R.S. can show us the related results that are
close to what we desire. In this paper, we list rates of the most used techniques applied
over MIND dataset and show the results and comparisons among these techniques, we have
proposed our analysis on that dataset, which has been collected from Microsoft in 2019, and
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we proposed new techniques and explain the views of researchers in previous studies and
the techniques in R.S. that depend on.

Subject Classification: Primary 93A30, Secondary 49K15.
Keywords: Recommendation system, Click behavior, MIND dataset.

1. Introduction

In general, with the increasing amount of data on the internet every
day, the internet has become an important part of our daily routine.
Therefore, this data must be filtered to be selected correctly. The internet
has become the best and fastest way to read news and reports online
on (mobile, iPad, or laptop) [1]. R.S. is very important for online news
platforms to help users reduce information overload of users and improve
reading of news experience because there are enormous amounts of data
on the internet, News recommendation systems allow us to filter news
and present it to the users according to their interests. R.S. is widely
used in many applications such as Product Recommendations, Movie
Recommendations, News Articles, etc. [2].

RS. is based on E-commerce view as a tool that helps users to search
through knowledge records related to users” attention and preferences. R.S.
was defined as means of helping and increasing the social process to use the
recommendations of others to make choices [3]. R.S. techniques are: content-
based filtering (CB) that based on features extracted from the content of
news and user behaviors on news, collaborative filtering (CF) which is based
on IDs of users and news, and hybrid filtering a hybrid of two previous
methods that based on content-based collaborative filtering [4] as shown in
Figure 1.
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Figure 1

Recommendation techniques [3].
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News recommendation systems are based on log behaviors and
analysis impressions of users from previous clicks. So, our study in this
paper is about Mlcrosoft News Dataset (MIND') [5], it's a large-scale
public news recommendation dataset, this comprises the news impression
records of 1 million Microsoft News readers over the course of six weeks
(from 12 October to 22 November 2019). The samples from the last week
are set aside for testing, while those from the first five weeks are used for
training and validation. Table 1 displays the comprehensive statistics for
this dataset.

Table 1
Detailed dataset statistics [5].

No. of Users 1,000,000 Avg. of No. of words 11-12

No. of News 1,61,013 No. of Click behaviors 24,155,470
No. of Impressions 15,777,377 No. of Topic categories 20
No. of Entities 3,299,687 Avg. of No. of entities 16-17

Each news article in the MIND dataset contains a news ID, a title, an
abstract, a body, and a category label. As evaluation metrics, MIND is a
metric in AUC, MRR, nDCG@5, and nDCG@10 [5].

2. Related Work

In this section, we review the opinions of researchers in previous
studies about the relevant work related to R.S. research with the increasing
data used on the internet, and a large number of recommendation
algorithms used.

U Kang, 2020 [6] the author views a summary of the work on MIND
competition which was organized by Microsoft News and Microsoft
Research Asia team. The proposed method NRMS+ NAML+ Glove (NNG)
and NRMS+ NAML+ BERT (NNB). They select two NNG models and
four NNB models as final models to generate ensembles. Final model was
achieved AUC 0.7114, MRR 0.3568, nDCG@5 0.3916, nDCG@10 0.4485.

Danyang Liu and et. al., 2020 [7] presented the Knowledge-aware
Representation Enhancement model for news Documents (KRED). The
advantages of this framework are three-fold. The authors got the overall
evaluation is AUC 0.6914, nDCG@10 0.2684.

1 https:/ /msnews.github.io/
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Chuhan Wu and et. al., 2021 [8] reviewed Distance-Aware Transformer
(DA-Transformer), this model depends on a Transformer that achieved
great success in Natural Language Processing (NLP) field. They got results
of the experiment are AUC 68.32, MRR 33.36, nDCG@5 36.34, nDCG@10
42.07.

Chuhan Wu and et. al.,, 2021 [9] submitted Unified method for
Recall and Ranking in news recommendations (UniRec). In Ranking use
Multi-head Self-attention networks, and in Recall take user embedding
for ranking. The evaluation of Ranking performance is AUC 68.41, MRR
33.50, nDCG@5 36.47, nDCG@10 42.26.

Chuhan Wu and et. al., 2021 [10] Pre-trained Language Models (PLMs)
are powerful for Natural Language Understanding. They used negative
sampling techniques from impression logs. They got results in NRMS-
UniLM method is AUC 70.64, MRR 35.39, nDCG@5 38.71, nDCG@10 44.38.

Tao Qi and et. al., 2021 [11] suggested Knowledge-aware Interactive
Matching (KIM) framework method. They got AUC 67.13, MRR 32.08,
nDCG@5 35.49, and nDCG@10 41.79.

Tao Qi and et. al,, 2021 [12] conducted Hierarchical user interest
modeling for Personalized News Recommendation (HieRec). The result is
AUC 67.95, MRR 32.87, nDCG@5 36.36, nDCG@10 42.53.

Yu Tian and et. al., 2021 [13] suggested a knowledge pruning based
recurrent graph convolutional network (KOPRA). KOPRA is devised
to identify the relevant entities from both users clicked history and
knowledge graph. They got results of the model overall were AUC 68.80,
MRR 34.64, nDCG@5 41.59, nDCG@10 44.89.

Qi Zhang and et. al., 2021 [14] proposed User-News matching BERT
(UNBERT), they explored the use of BERT. This experiment was conducted
on two versions of the dataset. They got results in MIND-small is AUC
0.6762, MRR 0.3172, nDCG@5 0.3475, nDCG@10 0.4102, and in MIND-
large is AUC 0.7068, MRR 0.3568, nDCG@5 0.3913, nDCG@10 0.4478.

Chuhan Wu and et. al., 2021 [15] discussed communication efficiency
federated learning method based on Knowledge Distillation (FedKD). The
goal of FedKD is to learn a strong model with less communication cost.
The results are AUC 71.0, MRR 35.6, nDCG@5 38.9, and nDCG@10 44.8.

Chuhan Wu and et. al., 2021 [16] presented News-BERT, PLMs like
BERT have made great progress in NLP. The goal is to learn the light-
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weight student model that can keep most of the teacher’s performance.
They got results in AUC 70.31, MRR 34.89, nDCG@5 38.32, nDCG@10
43.95.

Chuhan Wu and et. al., 2021 [17] proposed Fastformer, a transformer
is a powerful model for text understanding. An efficient Transformer
model based on additive attention. Its complexity is quadratic to the input
sequence length and the computational complexity can be reduced to
linearity. The results are Accuracy 82.34, Macro-F 63.89, AUC 69.11, MRR
34.25, nDCG@5 37.26, nDCG@10 43.38.

Chuhan Wu and et. al., 2021 [18] presented the User-as-Graph
user modelling method (UaG). Each user in UaG is represented as a
personalized heterogeneous graph based on their behaviour. They got
results AUC 69.23, MRR 34.14, nDCG@5 37.21, nDCG@10 43.04.

Jiahao Xun and et. al., 2021 [19] suggested a visual IMpression-aware
multi-modal news Recommendation framework (IMRec) model for multi-
modal features. They used two versions of the dataset. They achieved
higher evaluations in FIM-IM method was in IM-MIND-Small AUC
0.6661, nDCG@5 0.3526, nDCG@10 0.4146, MRR 0.3199, and in IM-MIND-
Large AUC 0.6912, nDCG@5 0.3725, nDCG@10 0.4364, MRR 0.3364.

Peitian Zhang and et. al., 2021 [20] discussed a Selective Fine-grained
Interaction (SFI) framework with a learning-to-select mechanism. The
biggest challenge of SFI is to select the informative history news sparsely,
precisely, and efficiently. They got results in AUC 69.95, MRR 0.3503,
nDCG@5 38.31, nDCG@10 43.97. SFI can improve the AUC by 2.17% over

the state-of-the-art models with four times faster speed.

3. Results Discussion

In this section, we will discuss the results reached by the researchers,
which we reviewed in the 2nd section. They reached the highest value of
the proposed models are AUC 0.7304, MRR 0.3770, nDGC@5 0.4180, and
nDGC@10 0.4718. So, we will review a table of the related work discussed
in this paper, and discuss the methods and techniques that used, also the

results that reached as shown in Table 2.
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In Table 3, discuss the statistical analysis of most dataset used
which is Mlcrosoft News Dataset (MIND) [2], a large-scale public news
recommendation dataset containing the news impression logs of 1 million
Microsoft News users over the course of six weeks (from 12 October to 22
November 2019). MIND has two versions of the dataset, and it has 8 labels:
News ID, Category, SubCategory, Title, Abstract, URL, Title Entities, and
Abstract Entities.

Table 3
MIND dataset statistics analysis.

Chall?aactti i‘ei::tics Training set Testing set Total
No. of Instances 101,527 records 120,959 records | 222,486 records
No. of Definite article | 345,712 412,704 758,416
vNe(;ing Awdliary 196,547 234,325 430,872
No. of pronouns 237,340 283,137 520,477
No. of prepositions 720,058 860,446 1,580,504
No. of words 14,090,156 12,177,718 26,267,874
Size 530.2 MB 605 MB 1135.2 MB

4. Dataset Representation:

Based on our study, we have seen that MIND dataset could be
represented as a vector space model by using a number of columns and
rows as the following table. Where rows represent the number of instances
in the dataset which can be represented as I= {I,, I,, I, ... I}, where m is
the total number of instances. And the columns represent the number of
features extracted from the dataset after excluding No. of Definite article,
No. of Auxiliary verbs, No. of pronouns, and No. of prepositions which
can be represented as F= {F,, F,, F,, ... F }, where n is the total number of
features. So, our data in each entity in our dataset can be represented as
{L F.}. As shown in Table 4.
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Table 4
Representation of MIND datasets.
Dataset F, F, F, F,
I LF, L F, I, F, LF,
I LF, LF, LF, LF,
I, LF, LF, LF, LF,
I IF, LF, IF, LF

By selecting some instances which have been chosen from MIND
dataset, we suggested this method to represent our data, as shown in

Table 5.

Table 5

Representation of MIND datasets by selecting some instances.

News ID Shop | Apple’s | harmless | bags | fraud | good | very | device
N88753 1 0 0 0 0 0 0 0
N45436 0 1 0 0 0 0 0 0
N23144 0 0 1 0 0 1 0 0
N86255 0 0 0 1 0 0 0 0
N93187 0 0 0 0 1 0 0 0
N75236 0 0 1 0 0 1 1 0
N99744 0 0 0 0 0 0 1 0

N5771 0 0 0 0 0 0 0 1

5. Conclusion

In this paper, we are listing a brief introduction about recommendation
systems and MIND dataset that was collected. We find that the dataset can
be analyzed in many ways and we are discussing the recent study that
applied to the MIND dataset in the related work section. Our analysis in
the discussion of the results is important to represent the data by using
two-dimensional presentation, we suggest some analysis ways which can
give better performance and high speed with low-cost complexity of the
dataset. Lastly, we have covered the related work in this survey so that the
readers can get a vision of the current research practices and may start to
help and develop them.
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