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TF-IDF Based Contextual Post-Filtering Recommendation Algorithm in Complex
Interactive Situations of Online to Offline: An Empirical Study

Cong YIN, Liyi ZHANG, Meng TU, Xuan WEN, Yiran LI

Abstract: 020 accelerates the integration of online and offline, promotes the upgrading of industrial structure and consumption pattern, meanwhile brings the information
overload problem. This paper develops a post-context filtering recommendation algorithm based on TF-IDF, which improves the existing algorithms. Combined with contextual
association probability and contextual universal importance, a contextual preference prediction model was constructed to adjust the initial score of the traditional
recommendation combined with item category preference to generate the final result. The example of the catering industry shows that the proposed algorithm is more

effective than the improved algorithm.
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1 INTRODUCTION

At present, the domestic mobile electronic commerce
is in full swing, in addition to the related policies, the trend
of online and offline convergence is increasing with each
passing day. While promoting the consumption pattern and
optimizing the industrial structure, the online mode als
faces the problem of information overlog
increasingly difficult for users to find the info
matches their needs in the vast amount of
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1nd1v1 ualized recommend®on. Subsequently, B&tman et
al. [6] Yu et al. [5] Gorgoglione et al. [8] and Mallat et al.
[9] discussed the influence of contextual factors on user
behavior and decision-making mechanism in complex
contexts and demonstrated the importance of context to
personalized recommendation. Although the related
domestic research started relatively late, there are many
achievements: Zhuang used Logistic regression model to
analyse the user shopping’s context factors and found that
some contexts have obvious influence on the user’s
purchase decision [10]. From the four dimensions of
physical context, social context, behaviour context and
psychological context, Tu Li studied the impulse shopping.

e Data Sparsity Issue in Personalized
Recommendation of Fusion Context

The traditional recommendation almost all faces
serious data sparse problem, but the personalization
recommendation of the fusion context faces even more
serious data sparse problem: on the one hand, the
personalized recommendation of fusion context is further
deepened in the traditional recommendation, thus the
traditional sparse problem still exists. On the other hand,
the introduction of context information leads to the
transformation of data from traditional user-item two-
dimensional data to user-context-item multidimensional
data, which invisibly expands the data sparsity, because
users do not inter-act with the item under some conditions.
In the e-commerce environment, the number of users and
products is often counted in millions, but the number of
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products commented by users is often limited. The ratio is
about 3%, and the possibility of selecting overlapping
items between two users is very low [15]. The sparsity of
the most studied MovieLen data set is 4.5%, the Bsonomy
is 0.35% and the Delicious is 0.046% [16]. In the 020
environment, the relevance degree of the user and the item
under most of the context instance conditions is 0, or the
user does not interact with most items under the condition
of many associated context instances, that is, the preference
degree under the current context is unknown [17]. At this
point, the majority of the elements in the high dimensional
matrix are empty values. How to generate a relatively
precise recommendation using a few non-empty values of
the contextual preference data needs to be studied in depth.
There are many ways to solve the data sparsity issue in
traditional recommendation, such as Wang et al, who
combine the similarity of user attributes and item
preference into the traditional similarity calculation, and
improve the accuracy of nearest neighbour search [18]. Li
et al. improve the accuracy of the nearest neighbour search
by weighting item category similarity and scoring
similarity. This paper combines the item preference degree
and item category preference weighting to find the nearest
neighbour of the target user so as to reduce the sparsity of,
the data [19].

2.2 The Contextual User Preference Extraction
Based on Context Fusion
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the traditional user-item tWo-dimensional scoring matrix,
the contextual user preference extraction of the fusion
context faces the dilemma of large amount of data and
complex calculation, and the dynamic change of user
contextual preference. How to acquire contextual user
preferences in a timely and effective manner is worthy of
further study.

3 RESEARCH THEORIES AND METHODS
3.1 Theoretical Foundation

TF-IDF  (Term  Frequency-Inverse = Document
Frequency) is a measure of the importance of a word to a
document in a corpus. If a word appears frequently in one

N a@ "@

document and rarely in the others, it means that the word
has a good distinguishing ability. This model mainly
involves two factors: word frequency and reverse file
frequency.

In a given document set, term frequency (TF) refers to
the frequency of a word appearing in a document.
Considering the length of the document, the same word has
a higher frequency in the long document than in the short
document. It is necessary to standardize the word
frequency (word occurrence frequency divided by the total
number of words in the document) to prevent it from biased
to the long document. For words in a particular document,
their importance can be expressed as:
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f the classical algorithms of weight
g@n, TF-IDF algorithm is popular in the field of
ation retrieval and text analysis. Many scholars have
xtended it to feature selection, domain dictionary
construction and user preference modelling. Yan et al. have
considered the combination of single word vector and
multiple word vectors based on TF-IDF model to calculate
the similarity of Weibo information flow and evaluate user
interest [26]. According to the item label information
selected by users, Zhang et al. build preference prediction
models using TF-IDF algorithm and user support degree
for items and combine them linearly with the network
structure based on recommendation [27].

This paper introduces TF-IDF model into the
construction of contextual preference prediction model.
The TF value is used to measure the probability of user
association with each item in the current context, and the
IDF value is used to measure the universal importance of
the current context. A contextual preference prediction
model is constructed by combining the two models.
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3.2 TF-IDF Based Post-Context Filtering Recommendation

According to the user contextual preference, the post-
context filtering recommendation paradigm constructs the
preference prediction model and generates the
recommendation by adjusting the initial prediction score of

the traditional recommendation. In this paper, a TF-IDF
based contextual post-filtering recommendation algorithm
is proposed according to the characteristics of 020 and the
deficiencies of existing research. The framework of this
algorithm is shown in Fig. 1.

Empirical study )----

] \
| |
4 ] » : Contextual associated :
E Contextual associated probability Filtering/ | ! | probability based contextual | !
s bl 8| Tl Weighting | ! post-filtering i
2 c: ’ ~\ = || recommendation algorithm |
S g | 1 1
o [5) ! o
&0 .2 & Current | Ttem score | | e : 1 :
85 =) i similarity ! o) I ! —
s S context| | 8 . . bl g e | ' ®
‘T og < I calculation ! S o I I
I = | - N L E
o ! | L9 g 1 Z
2 g N | — ! | 82 | [ Collabgas : z
S 3 = ! Synthetic || | 3 & : ’ i 3
— S 1
5 & Contextual data E = | similarity | 2.2 :'—’ §
[ | g —
5 'QS)] UxCxI—R gé ) : calculation | g £ ! 5
S = 5 ! D3 | =
% 8 b ! Item category | i =
9] =
= g Current Other 8 i preference : 2
3o 2 context context I similagg 3 :
2 e (oo | : =
TF IDF N !
I : Filter? TF-IDF basfeld centextual i ‘
eighting post- 1.ter1ng .
mendation algorith h q
|
U

]
(g

tly

ommendation q

on score 1te

prediction score. At the e tlme i
the user pays attention to the 1te

category of the item, which is d in the
xample the
of f Ver

preference for the 1te m c teg
users pay attenti
ne etc) C& ith the
erlf categorie mite® and the us
mucb hvha
of item catego% rence
arc

(Sichuan culs

is incorporated 1nto the nearest neighbour search, and the
traditional item score similarity and item category
preference similarity are combined and weighted to
calculate the synthetic similarity to search for nearest
neighbour user, predict the user initial score of the item and
improve the accuracy of the prediction score.

Item score similarity calculation. The consumption
behaviour in O20 environment mostly belongs to regular
and high frequency consumption behaviour. Users may
have multiple scores for the same item in different contexts
or the same context. The similarity calculation of item
scoring needs to construct the user-context-item
multidimensional scoring matrix which integrates context

item, th
com he it
the score on t

Filtering Recommen

on Score Algorith 61 tion
context
it users d Q u
data r51ty pro
stricts t

pased on TF-ID

o ¢
ct the

he cal 1at1
z g 5
c ed(u

he conte
scori
ser—1te -

Qhod to de-

two dimensional

sC s follows:

“4)

f user u score on item

and ng is the frequency of
r the context condition d. The
s10na1 scoring matrix can be
Iculation and the similarity of user score

lated by using Pearson Correlation Similarity.
larlty between « and u can be calculated as follows:

2 (Ras

ielyy,

\/Z (Ra,i_ﬁa )2
ielyy,

“R,)(R,,-R,)
\/z (R.,-R,)

Simpg (a,u) = Q)

where « is the target user, u is the other user, /,, represents
a set of items commented by user a and u.

Item category preference similarity calculation. For
a given contextual data set CD in the O20 environment,
the set of items being commented on is 7, = {/i, b,..., I;},
The items generated by clustering or categorization belong
to a collection of categories V, V = {V1, Va,..., Vi}, The
items contained within the categories are as similar as
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possible, and the items in each category are as different as
possible, and the items are satisfied with the requirements
of I = ViUVU..UV, ViV, =, (1 <i<[l 1 <j<I,
According to the user score on the item and the
corresponding scoring frequency, the item category
preference degree is calculated, and the user-item category
preference matrix is constructed. The calculation of item
category preference [26] is as follows:

allScore(u,v;)

= — 6
e allScore(u,V) ©

where allScore(u,v;) is the sum of the item scores included
in category by user u, and allScore(u,V) is the sum of item
scores in all item categories by user u. The Pearson
Correlation Similarity is used to calculate the item category
preference similarity in the constructed user-item category
preference matrix. The formula is as follows:
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3.2.2 Construction of Contextual Preference Prediction
Model

Contextual preference prediction model directly
affects the accuracy of filtering recommendations and user
satisfaction. How to construct an effective contextual
preference prediction model is the key to this
recommendation paradigm. Panniello et al. use the current
context and the associated probability of the item to
construct the contextual preference prediction model,
which can excavate the user preference for each purpose in
the current context, but the method treats the importance of
the current context in each item equally, and the
importance of the same context in different items is
ignored. Generally speaking, the more contexts an item
involves, the lower its contextual importance is; in
addition, the less the numbe ontexts involved in an
item, the higher its cqa gortance, that is, the

higher probability of associating
t context, and importance of th ext
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count{

where count{t = 1]i, C = ¢} is the total number of positive
feedbacks of user a to the item 7 under the current context
¢, count{t = 1|I, C = ¢} is the total number of positive
feedbacks of user a to all items / under the current context
c.

The importance of current context in each item. In
order to measure it, this paper uses the /DF method to
measure the universal importance of the current context in
each item. The more contexts the item involves, the more
disperse the preferences of each context to the item, the
lower the importance. The universal importance of the
current context ¢ in item / can be obtained by dividing the
total number of contexts N; involved in all items by the
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number of contexts N, that item i relates to, and then taking
the resulting quotient logarithm, that is:

IDF, ; = 10g&
’ N,

i

(11)

Contextual preference calculation based on 7F-
IDF algorithm. According to the TF-IDF algorithm, the
calculation formula of the target user contextual preference
for all items in the current context is as follows:

count {t = 1|i,C = c}
count{t :1|I,C = c}

P(a,c,i)=TF, ;- IDF, =

a,c,i

N
Joe L (12
OgN( )

i

The above formula can be expressed as the degree the
user preference for an item in the current context increases
with the increase of the user preference frequency for the
item in the current context, but decreases with the increase
of contexts in which the user chooses the item. To make it
easy to quantify, the TFC weight algorithm [29] is used to
normalize the calculated values of formula (12), and the
contextual preference values with a value range of [0,1] are
obtained.

3.2.3 Generation of Contextual Post-Filtering
Recommendation
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4 EMPIRICAL ANALYSIS
4.1 Experimental Data

This paper takes Wuhan catering industry of

Dianping.com as the experimental object, using crawler
tools to grab eight data segments including store
information, user consumption information and comment
information, including user name, consumption time, store
name, address, store style, user rating and comment content
etc. A total of 132 users, 60142 review records and 3295
stores are involved.

4.2 Associated Context Information Acquisition

The context acquisition method includes explicit
acquisition and implicit acquisition; explicit acquisition is
the most accurate but difficult to most valid contexts. This
paper uses implicit acquisition method to associate relevant
context information in food and beverage 020
environment:

Location. According to the Wuhan geographical
location of the stores, including seven examples: Wuchang,
Hongshan, Qingshan, Hanyang, Jiangan, Jianghan,
Qiankou;

DayType. According to the user consumption date
associated to the user status and combined with the general
office of the State Council holiday adjustment
arrangements to adjust the acquisition including three
examples: working days, weekends and holidays.

Weather. According er consumption date
associated with the i

h , .
ions, the context dimension ang its e
environment hown in Tab. 1.
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4.3.1 The Optimal Weight Coefficient Determination

During initial prediction scoring, the traditional score
similarity and the item category similarity are weighted.
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The weight coefficient is closely related to the accuracy of 4.3.3 The TF-IDF Based Contextual Post-Filtering

the prediction score. In this paper, the weight coefficient Recommendation Algorithm’s Utility Evaluation

is increased from 0.1 to 0.9 at 0.1 intervals, the nearest

neighbour number increases from 10 to 60 at 10 intervals, To verify the validity of the TF-IDF based contextual

and the corresponding MAE value is calculated as shown post-filtering recommendation algorithm (TF-

in Fig. 2. It can be seen from the graph that the average IDF based CPF), this paper compares it with the

absolute error MAE value is the smallest, that is, the best collaborative  filtering  recommendation  algorithm

weight coefficient occurs when £ = 0.6. combined with item category preference similarity

(ICPS _combined CF) [32] and the contextual associated

4.3.2 The Optimal Contextual Preference Threshold probability based contextual post-filtering

Determination recommendation algorithm (CAP based CPF) [30].

Related index statistics are shown in Fig. 5 and Fig. 6.

In direct filtering, the contextual preference threshold
p is too large, which results in the items related to the 0.7
current context being filtered out, and the items that are
irrelevant to the current context being mixed into the
recommendation list, both of which will lead to the poor 0s
quality of the recommendation.
To explore the most suitable threshold, the contextual 04
preference threshold is set from 0.9 to 0.1, decreasing by
0.1, and the initial prediction score is adjusted by direct
filtering and score correction. When the threshold # is 0.9,
0.8 and 0.7, respectively, the number of items with a score
which is not 0 is too small to calculate the corresponding
evaluation index value, so the three thresholds are
abandoned. The Precision and Recall statistics are show
in Fig. 3 and Fig. 4. It can be seen from the dj

OICPS combined CF @CAP based CPF Z TF-IDF based CPF
0.65 - . : ! :

Precision

preference thresholds, so 7 = 0.

5 Precision values r different contextual pr{“ oo

0.72 b . S ). \

042 z n=40

n=10 > 130 =60 &Il values under different contextual preference thresholds
Figure 3 PreC|S|on va tcontextual pr& olds
di - a s can be seen from the graph:

he TF-IDF based contextual post-filtering
recommendation algorithm is obviously superior to the
collaborative  filtering  recommendation  algorithm

combined with item category preference similarity, the
ol reason is: The users’ personal needs have contextual
3 sensitivity and change with the context change, which is
208 not fixed, and it shows that the context information plays
| an important role in the process of personalized

o | recommendation.
E Compared with the contextual associated probability-
S based contextual post-filtering recommendation algorithm,
the TF-IDF based contextual postfiltering recommendation
W 0 =90 o0 o o0 o algorithm has advantages in Precision and Recall values,
Figure 4 Recall values under different contextual preference thresholds and the advantages become more obvious as the

recommended item number increases. This shows that the
proposed algorithm can effectively improve the contextual
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preference extraction quality and then improve the
recommendation quality by further analysing the item’s
context importance based on considering the contextual
association probability. It is proved that the algorithm is
effective.

5 CONCLUSIONS

This paper studied the information overload problem
in O20 environment, improved the contextual associated
probability-based contextual post-filtering
recommendation algorithm, constructed contextual
preference prediction model based on contextual
association probability and contextual universal
importance to extract the contextual preference degree.
Based on this, the direct filtering and score correction were
applied to the initial prediction score of collaborative
filtering recommendation combined with item category
preference to generate the recommendation. The utility
evaluation verifies that the best weight coefficient is 0.6
and the optimal contextual preference threshold is 0.2.
Furthermore, the proposed TF-IDF based contextual post-
filtering recommendation algorithm is obviously superior
to other algorithms, and with the increase of the
recommended items number, the advantages are mor
obvious.
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