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Abstract: With the rapid development of the Internet, recommendation systems have received widespread
attention as an effective way to solve information overload. Social tagging technology can both reflect users’
interests and describe the characteristics of the items themselves, making group recommendation thus
becoming a recommendation technology in urgent demand nowadays. In traditional tag-based recommen-
dation systems, the general processing method is to calculate the similarity and then rank the recom-
mended items according to the similarity. Without considering the influence of continuous user behavior,
in this article, we propose a personalized recommendation algorithm based on social tags by combining the
ideas of Markov chain and collaborative filtering. This algorithm splits the three-dimensional relationship
of <user-tag-item> into two two-dimensional relationships of <user-tag> and <tag-item>. The user’s
interest degree to the tags is calculated by the Markov chain model, and then the items corresponding to
them are matched by the recommended tag set. The influence between tags is used to model the satisfaction
of items based on the correlation between the tags contained in the matched items, and collaborative
filtering is used to complete the sparse values when calculating the interest and satisfaction between
user–tags and user–items to improve the accuracy of recommendations. The experiments show that in
the publicly available dataset, the personalized recommendation algorithm proposed in this article has
significantly improved in accuracy and recall rate compared with the existing algorithms.
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1 Introduction

With the continuous development of Internet of Things (IoT) technology, more and more smart devices and
smart services are entering people’s life, which continuously help people to get more convenient life
experience. At the same time, a large amount of redundant information causes information overload, so
IoT service recommendation becomes an important research content of IoT and presents an increasingly
important role. The emergence of social tags has brought new opportunities to recommendation technology
and gradually become a research hotspot.

Recommendation algorithms are divided into two categories in terms of the connection goals achieved:
rating prediction and behavior prediction. The personalized recommendation based on the user’s historical
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behavior records used in this article belongs to behavior prediction. Usually, these behaviors can be
represented by a user–item bipartite graph, and there is a binary relationship between them, and by far,
the most successful technique to deal with this relationship is the collaborative filtering algorithm, which
finds similar users or items by the similarity or overlap between users and users or items and items to
achieve the purpose of recommending items preferred by users. In addition to the aforementioned two user-
based or item-based approaches, the relationship between users and items can also be connected by
auxiliary information, by some features to link users and items, which can be represented by using a
three-part user–tag–item graph, and there is a ternary relationship between the three [1]. The user is
recommended those items that have the features that the user likes. Of course, there are different ways
to express the features here, for example, they can be expressed as a latent semantic vector or as a set of
attributes of the items (e.g., for real estate, the set of attributes includes the location of the property, the
attribution of the school district, the attributes of the railroad house, the price level).

Traditional recommendation systems based on Markov chain (MC) models can predict a user’s next
behavior based on the user’s most recent behavior using continuous behavioral data with time-series
attributes [2,3]. The continuous behavior of users is simulated by learning the transfer matrix of their
preferred items. Ref. [4] proposed a collaborative filtering recommendation algorithm based on labeled
topics, using Dirichlet distribution modeling to mine potential semantic topics and eliminate the semantic
ambiguity problem existing in labels to improve the recommendation effect. Ref. [5] proposed a hybrid
collaborative filtering recommendation algorithm based on “user–item–user interest label graph” to
improve the accuracy of Top-N recommendation by improving the material diffusion recommendation
algorithm based on “user–item–label” three-part graph. However, all of these algorithms’ do not pay
attention to the impact caused by the continuous behavior of users on the recommendation effect. In
this article, we use the Markov chain model to simulate the information contained in users’ continuous
behaviors, by learning the transfer matrix of users’ preferences, so as to predict the set of labels preferred by
users’ next behavior based on the set of labels contained in the most recent behavior.

The set of labels preferred by the next user behavior can be obtained byMarkov chains. The next difficulty is
how to measure the attractiveness of an item containing the user’s preferred set of tags to the user. A simple and
intuitive approach is to calculate the user’s attractiveness score for each tag in an item by using the tag
frequency derived from historical information and then aggregating them into the user’s score for that item.
However, this approach only considers each tag individually but ignores the effects between tags. Instead, user
satisfaction with one tag is also affected by user satisfaction with other tags. In other words, to a certain extent,
the tags can reinforce each other to attract users. For example, when choosing to buy a house, users usually
have their own different needs, but these needs are also related to each other, such as key basic schools, large
shopping malls and supermarkets, convenient transportation, and suitable price. If only independent tags are
considered and the influence between tags is ignored, it will affect the recommendation effect. Therefore, it is
necessary to consider the influence between labels when making Top-N recommendations. In this article, we
propose a model to estimate the interaction between tags as a basis for Top-N recommendation.

2 Related work

With the development of Web 2.0, most of the tagging data taken nowadays are social tags based on mass
taxonomy. Recent recommendation algorithms based on social tags are usually divided into three cate-
gories: (i) tensor based, (ii) graph theory based, and (iii) topic based. In this article, we adopt the Markov
chain model to deal with continuous behavior data to improve the recommendation effect. Recent studies
on Markov chains have been limited to the two-dimensional relationship data between users and items,
such as Steffen Rendle who used Markov chains to build transfer matrices to predict users’ next purchases.
Reference [6] proposed a recommendation algorithm based on the Markov decision process using the
heuristic algorithm to improve the maximum likelihood estimation of Markov chain state transfer.

In this article, we first split the three-dimensional user–label–item relationship into two two-dimen-
sional relationships, user–label and label–item; introduce the Markov chain model in calculating the user-
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to-label preferences; and use the transfer matrix to calculate the set of preferred labels contained in the
user’s next behavior, which has the following advantages: (i) Effectively improves the personalized recom-
mendation effect of the user, the label-based recommendation uses the current user-provided historical
behavior to construct personalized transfer matrix of user preferences, while collaborative filtering only
requires static user rating data to discover users’ immediate neighbors. (ii) Further enhances the recom-
mendation interpretation by displaying a list of item content features or descriptions in the recommenda-
tion list to improve users’ trust in the recommendation results. Later, satisfaction models are constructed,
and user satisfaction with items is calculated when targeting the association between tags and items.

Tag-based recommendation algorithms are the classical PageRank [7] and the FolkRank [8] algorithms
inspired by it. The PageRank algorithm recommends high relevance among labels by “rewarding,” while
the FolkRank algorithm uses a three-part graph (user set, item set, and label set) to transfer weights to each
other to improve its own weight to achieve this goal. In the study of tag-based item ranking, this article is
inspired by Pham TAN et al. [9] on the modeling of points of interest among geographic regions and the
association between points of interest to construct user satisfaction with items through tags and to explore
the influence of different tags on user satisfaction with items. In this way, we propose a model of user
satisfaction based on the association between tags, using the similarity of tags and the similarity of items to
complete the relevant sparse data [10,11], construct a model of user satisfaction with item by the historical
information of tags and the interaction between tags and optimize it, and finally personalize Top-N recom-
mendations to users with this satisfaction.

3 User-to-label prediction algorithm based on Markov chains

3.1 Label-based personalized Markov chain transfer matrix estimation

For each user u, the information contained in its historical behavior, which equal to the set of tags, is
� ( )= …B B, ,u

t
uu

1 , and  ⊆B Tt
u denotes the set of tags of the items that user u queries or browses at moment t.

The historical labels of all users are � � �{ }≔ …, ,u u1 m .
Usually, a Markov chain with step number k is defined as follows:
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xt k are their specific instances. To simplify the transfer prob-
ability matrix, the number of steps of the Markov chain k is set as 1, The simplified Markov chain is
expressed as follows:
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Similarly, the Markov chain for each user is expressed through the transfer matrix between labels, but
here the Markov chain is individualized as follows:
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l t
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, , 1l i (3.3)

Based on the label information given by the user’s last state, the likelihood of user preference for a label
is mined, which can be interpreted as the average value in the transfer matrix from the user’s last query to
the query for this label.
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This means that for each user u, a personalization transfer matrix �∈

×Au m m is created [12]. Let label tl
transfer to label ti be a state pair (tl, ti), and ∈ ∈

−

t B t B C, ,l t
u

i t
u

t t
u

1 ,l i denotes the number of occurrences of state
pair (tl, ti) in user u’s historical label set Bu. For each user u, the transfer probability formula for label tl to
label ti is noted as follows:
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3.2 User’s interest degree model for tags

1. Constructing user’s interest degree on tags

In the study of two dimensional relationship, based on the Markov chain model according to the known
set of labels contained in the user’s most recent behavior and the user’s personalized label transfer matrix
Au, refer to equation (3.4) to construct the probability matrix I(u,t) of the user’s preference for the label in
the next behavior, the user’s interest degree matrix for the tag.

Due to the sparsity of user’s historical behavior data, the matrix I(u,t) also has data sparsity. Therefore,
while introducing the idea of collaborative filtering, the similarity of tags is combined to complement the
matrix of users’ interest in tags, and if there are no data sparsity, then this step is not necessary.

If it is believed that different labels on the same item have a certain degree of similarity, then when two
labels appear in the label set of many items at the same time, it can be considered that the two labels have a
greater degree of similarity. The number of labeling tags is also considered, and hence, the Cosine coeffi-
cient is used for calculation, which is calculated as follows:

( ) ( )

( ) ( )
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(3.6)

where
′

n n,t i t i, , denotes the number of times item i is labeled t as well as label t′, and ( ) ( )′N t N t, denotes the
set of items labeled with label t as well as label t′.

In summary, the degree of user interest in the labels after completing the sparse values is calculated as follows:

( ) ( ) ( )∑′ = ∗

=
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i

l

i i j
1

(3.7)

Through Markov chain and collaborative filtering ideas based on labels to discover the set of labels
preferred by users, the size of the label set T should need to be adjusted accordingly to the actual situation.

4 Probabilistic model-based tag-to-item ranking algorithm

Through the improving Markov chain, the T tags that the next item queried by the user is known to have. By
the set of discovered tags, the corresponding n items are matched and then Top-N recommendation is
performed, where ≥n N . In the process of tag matching items, there will be a situation where the number of
tags of the items is more than the recommended T tags.

4.1 Top-N recommendation

The user satisfaction model for items based on tags is constructed based on the number of times users label
the items. However, in the tag-based item recommendation problem, the item does not contain a single tag,
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but a set of tags. Existing ranking algorithms usually assume that the relationships between the tags
contained in the set of item tags are independent of each other. However, the relationships among the
labels are mutually influential.

Consider an item { }≔ ⋯I t t, ,r i ik1 containing multiple labels, and Si1…ik denotes the satisfaction of user u
with item Ir labeled with labels ⋯t t, ,i ik1 . Let ( )⋯ |p t t k, ,u i ik1 be the probability of user u querying label

⋯t t, ,i ik1 , and the user will query k different labels, [ ]∈k l1, . When user u queries according to the set of
tags, user u’s total expected satisfaction can be expressed as Stotal, defined as follows:
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Since the number of tags used when users actively use tags to query items is mostly only 1 or 2.
Therefore, in this article, we only consider the first and second terms in Stotal and ignore other higher-order
terms. At this point, Stotal is represented as follows:

( ) ( ) ( ) ( )∑ ∑≈ | = = + | = =
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(4.2)

In this article, two probabilities will be defined: ( )| =p t k 1i1 and ( )| =p t t k, 2i i1 2 . The probability ( )| =p t k 1i1
represents the probability that user u queries ti1, which equals to ( ) ( )| = = |p t k p t u1i i1 1 , which can be calculated
by using a recommendation model such as memory-based collaborative filtering [13] or matrix decomposition.
For the probability ( )| =p t t k, 2i i1 2 , assuming that users query different tags independently of each other, a
simple approach is to define this probability as ( ) ( ) ( )| = =   | ⋅ |p t t k p t u p t u, 2i i i i1 2 1 2 . However, as mentioned ear-
lier, the user’s interest in tags may be influenced by other tags, which means that the influence between tags
cannot be ignored. Therefore, in the model of this article, its joint probability is defined by equal probability as

( ) ( ( ) ( ) ( ) ( ))| = =   | ⋅ | +   | ⋅ |p t t k p t t p t u p t t p t u, 2i i i i i i i i1 2
1
2 2 1 1 1 2 2 , where ( )|p t ti i1 2 is the transfer probability from ti2 to ti1,

which can be obtained from historical behavioral data and is calculated as follows:
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The probabilities ( )| =p t k 1i1 and ( )| =p t t k, 2i i1 2 are defined only based on the historical behavior data of
the users. However, a more complex definition of these probabilities can be given by integrating additional
information. For example, the probability of querying two tags can be increased (or decreased) if they are
known to be complementary (or substitutable) to each other. In addition, other methods (e.g., classification
or textual information) can be used to compute query probabilities. The definition of satisfaction Si1i2,…,ik is
given. Usually, the more labels a user queries, the higher satisfaction the user obtains. Therefore, in this
article, we set Si1 = 1, Si1i2 = 2, …, Si1i2,…,ik = k in the project, and other satisfaction functions can be defined
according to different application requirements. Thus, the expected satisfaction Stotal can be re-expressed as
follows:

( ) ( ) ( ) ( )
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S β p t u p t t p t u p k 2 ,total t I i t t O i j j,i r i j Ir
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whereOIr represents all ordered pairs< >t t,i j in  Ir, and
( )

( )
=

=

=

β P k
P k

1
2 is the user-related parameter. However, it

is very difficult to set β for each user; therefore, in this article, β is set to 1 because it provides the best effect
for the satisfaction model and thus improves the accuracy of the recommendation.

4.2 Complementary Top-N recommendations

As mentioned earlier, items with T tags can be matched. At this point, if the data have sparsity, sometimes it
may not be matched or only a few items with T tags can be matched, so when <T N , this section needs to
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complete the −N T satisfaction of the recommendation to the user by the user’s interest in the item in a
collaborative filtering way.

This section uses labels to calculate the similarity between items, mainly based on the principle that the
more times item i and item i′ are labeled with the same label by users, the more similar item i and item i′ are.
Also, considering that only concern about whether the label is labeled, nt i, and  nt i, ' denote whether item i

and item i′ are labeled with label t, being labeled takes the value of 1, otherwise 0. ( ) ( )′N i N i, denote the set
of labels of item i and item i′, respectively, and use the Jaccard coefficient for the calculation, and the
calculation formula is expressed as follows:

( )
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Completing the user’s satisfaction with the item, obtaining the user u’s satisfaction with the recom-
mended item i according to ( )S u i,at , calculating the similarity between the recommended item i and the
new item i′ to be recommended, and finding the user u’s satisfaction with the new item i′ to be recom-
mended, we obtain:

( ) ( ) ( )∑
′ ′ = ′

=

S u i S u i i i, , ⁎ Jaccardsim , .at
i

n

at
1

(4.6)

Finally, use user’s satisfaction with the item ( )′S u r,at to complement user’s Top-N recommendation for
the item. After building a Markov chain model of users’ interest in tags and constructing a model of users’
interest in items by T tags, we use the correlations between tags to construct a model of users’ satisfaction
ranking of items.

5 Algorithm design

The personalized tag recommendation algorithm based on Markov chain and collaborative filtering pro-
posed in this article mainly considers tags as an important link resource between users and items. After
establishing the Markov chain model of user’s interest in tags and the T-tag model of user’s interest in
items, we use the correlation between tags to construct the ranking model of user’s satisfaction with items.
A top-N recommendation list is generated by evaluating the similarity between item-based tags and the
similarity between tag-based items. The specific algorithm is described as follows.

Input: training set, test set, T-value, and K-value
Output: Top-N recommendation for target users
Step 1: Decompose the user–tag–item 3D relationship into two 2D relationships: user–tag and tag–item.

The user’s personalized tag transfer matrix is calculated in the user–tag relationship according to equation
(3.5), and then the interest degree of the user’s next behavior on the tag is calculated according to equa-
tion (3.4).

Step 2: Calculate the similarity of tags to complement the user interest model I′(u,t) for the tags. The
similarity between tags was assessed based on the number of times two different tags were tagged simul-
taneously on many different items. The similarity of tags is calculated by using the Cosine coefficient
according to equation (3.6), and the user’s interest in tags after completing the sparse value is obtained
according to equation (3.7).

Step 3: Construct the user satisfaction model for the items. Match items based on the user preference
label set ∣ ∣T and construct the user satisfaction model ( )S u i,at for the matched items according to equa-
tion (4.2).

Step 4: Calculate the similarity of items. The similarity between items is evaluated based on the number
of times different items are labeled by the same label, and the Jaccard coefficient is used to calculate the
similarity of items according to equation (4.5).
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Step 5: Predict the target users’ satisfaction with the new items to be recommended. Based on the
constructed user satisfaction model for the items and the similarity ( )x yJaccadsim , between the new items
to be recommended and the known labeled items, the user satisfaction for the new items is calculated
according to equation (4.6).

Step 6: Sort the predicted satisfaction of target users for new items in a descending order and take out
the top N items as Top-N recommendation list and output it.

6 Experimental analysis

The experimental environment was implemented on a Window 10 platform 64-bit system with Intel-i7,
2.60 GHz processor, 8GB RAM, and 1TB hard disk, using Python 3.6 language programming. Real datasets
Movielens (http://movielens.org) were used for experimental validation. The number of user, item, and
tagging behavior records in the dataset is shown in Table 1.

Movielens is the oldest recommendation system that allows users to tag movies with tags. The ml-latest
dataset provided by this dataset is used, which has 18,052 users, 25,308 movies tagged, and 753,171 user-
labeled tag records.

In Top-N recommendation, precision and recall are used in the classical evaluation metrics. But in the
experiments, since there is a trade-off between accuracy and recall, this article also uses F-measure to
evaluate accuracy and recall. Accuracy represents the probability that the user is interested in the final
generated recommendation list, and recall represents the probability that the user’s true favorite items are
included in the final generated recommendation list. The data set in Table 1 is randomly divided into two
parts, 90 and 10%, with the former as the training set and the latter as the test set. Let R(u) denote the Top-N
recommendation list made to users based on their behavior on the training set, and T(u) denote the set of
items actually selected by users after the system recommends labels to them. The evaluation metrics
accuracy and recall and F-measure are defined as follows:
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Table 1: Experimental data set Movielens

Dataset Number of users Items Tag behavior records

Ml-latest 18,052 25,308 753,171
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The social labeling-based personalized recommendation algorithm MCTS is compared experimentally
with three classical algorithms: the standard tensor decomposition-based algorithm (FPMC) and the
FolkRank algorithm [8] (defined as FR) and the labeling-based collaborative filtering algorithm (defined
as TCF) to obtain the accuracy, recall, and F-measure of each algorithm.

Figure 1 shows that as the number of recommended items increases, the accuracy decreases and the
recall increases significantly for the MCTS, FPMC, FR, and TCF algorithm recommendations. When the F
value is the highest, it indicates that the best-combined effect of recommendation is achieved at this time.
The MCTS algorithm, which incorporates the MC model, satisfaction model, and collaborative filtering
ideas, is found to have improved accuracy, recall, and F-value compared with the existing recommendation
algorithms FPMC, FR, and TCF, indicating that the algorithm proposed in this article can not only effectively
use the user’s historical continuous behavior records but also improve the data sparsity, further arguing
that tags can express the user’s interests and characteristics of items, which can effectively improve the
accuracy of recommendations.

7 Conclusion

In this article, the ideas of Markov chains (MC) and collaborative filtering are cited. Traditional recommen-
dation systems based on the Markov chain (MC)model can predict the next behavior of a user based on the
user’s most recent behavior by continuous behavior data with time series attributes, and the continuous
behavior of a user is modeled by the transfer matrix of the user’s preferred items. In this article, we use the
Markov chain model to model the information, contained in users’ continuous behaviors through the
transfer matrix of users’ preferences, so as to predict the set of labels preferred by users’ next behaviors
based on the set of labels contained in the most recent behaviors. The items containing the set of user’s
preferred labels are then analyzed for their attractiveness to the user. The tag frequency derived from the
historical information can be used to calculate the user’s attraction to each tag in an item, which is
aggregated into the user’s satisfaction with the item. However, this method only considers individual
tags but ignores the interactions between tags. From the user’s perspective, the user’s satisfaction with a
label is also influenced by the user’s satisfaction with other labels, so to a certain extent, labels can
reinforce each other to improve the attractiveness to the user. If only independent tags are considered
and the influence between tags is ignored, it will affect the recommendation effect. Therefore, it is necessary
to consider the influence between tags when making Top-N recommendations

The experimental results show that the proposed social-based personalized recommendation algorithm
is compared with three classical recommendation algorithms by applying two real datasets, Movielens, as
the experimental platform. The experimental results show that the present recommendation algorithm has
a certain degree of improvement in terms of accuracy and recall.

The Markov model used in this article is to consider the impact of continuous user behavior on
recommendation, while the time factor is not considered in the group recommendation model, and the
ternary relationship model and the time factor will be combined in the future to improve the effectiveness of

Figure 1: Each algorithm is based on the comparison of the precision, recall, and F-measure of the data of Movielens.
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recommendation. In addition, it will be our future research work to effectively model the relationship of
multiple influences among tags to better reflect the influence of tags with different weights on Top-N
recommendation results.

Conflict of interest: Authors state no conflict of interest.
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