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Abstract

The Top-K query is currently played a key role in a wide range of road network, decision
making and quantitative financial research. In this paper, a Top-K recommendation algorithm
is proposed to solve the cold-start problem and a tag generating method is put forward to
enhance the semantic understanding of the OLAP session. In addition, a recommendation
system for OLAP sessions called “OLAP4R” is designed using collaborative filtering
technique aiming at guiding the user to find the ultimate goals by interactive queries. OLAP4R
utilizes a mixed system architecture consisting of multiple functional modules, which have a
high extension capability to support additional functions. This system structure allows the user
to configure multi-dimensional hierarchies and desirable measures to analyze the specific
requirement and gives recommendations with forthright responses. Experimental results show
that our method has raised 20% recall of the recommendations comparing the traditional
collaborative filtering and a visualization tag of the recommended sessions will be provided
with modified changes for the user to understand.
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1. Introduction

OLAP (On-Line Analytical Processing), which is used for analysis of multi-dimensional

models in data warehouses provides a better support for decision making in the business
information sector. Usually users conduct a sequence of OLAP queries called OLAP session
to analyze the results for the specific goals. Nevertheless, numerous OLAP operations (e.g.
drill down, slice, roll up and pivot) may confuse the user so it was necessary to design a
recommendation system for OLAP sessions that cater to the amateur in order to ease the
difficulty in data analysis [1-4].

Previous works have been conducted on similarity calculation among OLAP queries to
recommend a single query or session using collaborative filtering techniques. J. Wei proposed
a collaborative filtering and deep learning based recommendation system for cold start items
[5]. L.Zhu et.al put forward a semantical pattern and preference-aware service mining method
for personalized point of interest recommendation [6]. To acquire a better recommendation, a
collaborative filtering approach is put forward to recommend the next query [7-8]. S. Rizzi et
al. designed a realistic OLAP workloads tool for similarity calculation which can be used as a
benchmark for OLAP recommendation. Moreover, OLAP sessions are treated as the first-class
citizens in recommendations by J. Aligon et al. based on the benchmark tool mentioned above
[9-10].

However, it is widely accepted that the collaborative filtering approach suffers from sparsity
and cold start problems, the recent work can not well solve this problem in the OLAP session
recommendation, which will affect the final effectiveness of recommendation. Morever,
because of the speciality in OLAP field, the recommended OLAP session without a clear
insight is also an obstruction to the newcomer [11-12].

Based on the problems above, it is quite natural that the Top-K recommendation can be
introduced in OLAP sessions since this approach can find the latent valuable target which can
well raise the effectiveness of recommendations [13-14]. In addition, a kind of database-based
systems is introduced to recommend more useful information to the user in social tagging
system. This system allows users to label items with specific meanings, called user-defined
tags, which can reflect the preferences of users and evaluations on items.

In this paper, we investigate cold-start problem of recommending an OLAP session to the
newcomer for the purpose of predicting his latent preference, and realize a Top-K
recommendation algorithm to cope with this problem. Moreover, the speciality issue in OLAP
field is studied in order to the better comprehension of the recommended OLAP session, a
tag-aware approach is presented to help beginner to understand the meaning of the
recommended session.

To sum up, the main contributions of this paper are listed as follows: (i). It is the first time
we introduce Top-K recommendation for OLAP sessions to improve the diversity and recall of
the result. (ii). A tag-aware approach with modified changes was proposed to label the OLAP
session to help acquire a better understanding for the user. (iii). A prototype system was
designed for OLAP recommendation with a user-friendly interface integrated with a big data
analysis framework.

The remainder of this paper is organized as follows: Section 2 gives the design of the
proposed system architecture along with the definition and modeling of OLAP
recommendation. Section 3 presents the implementation of the Top-K recommendation and
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the tag generation algorithm. Section 4 illustrates the prototype system and experimental
evaluation for OLAP recommendation while Section 5 makes a summary of this paper and
outlines the future.

2. Designing and Modeling

2.1 The proposed system architecture

Fig. 1 shows the models of the proposed system architecture, which are User Interface,
OLAPA4R core architecture, OLAP Workload generator, Data ETL tool, Big Cube System and
Parameterized Data Schema, respectively. The function of each models are:

The User Interface provides a friendly view for OLAP recommendation which can
help the user to gain a correct insight from a previously-known tag.

The OLAP4R core architecture is the key component of the whole system, which has
four features: the vectorial coordinate is constructed by parameterized queries
according to the multi-dimensional expressions (MDX) [9]. The similarity calculation
method is implemented for OLAP sessions using the Smith-Waterman algorithm. The
Top-K recommendation part is designed for OLAP sessions based on the fitting
algorithm. The label generator is used for semantic understanding with modified
changes.

The OLAP Workload generator is an open source tool that is used for OLAP sessions
generation based on a series of data parameters provided by the user.

The Data ETL tool is implemented by us which is designed for massive data extraction
to the big data platform in order to have an effective query analysis.

The Big Cube System is built using big data techniques such as Hadoop, HBase, Hive
and Kylin, which are both used for multi-dimensional analysis by building data cubes

The Parameterized Data Schema contains user-defined configuration files which
mainly include table schema, dimension value list, measure information and so on.

User Interface i Data ETL Tools |
¥ 4 . Y,
OLAP Parser Engine Big Cube System Hive Data
= o Warchouse
Label Top-K = o
Generator Recommend . e HBase ! “E- QPJ
f V& E
Vectorial Similarity =
Coordinate Calculation
Metadata  pimension  Measure
OLAP4R Core Archilecture
y
OLAP WorkLoad Generator | Parameterized Data Schema J
J |

Fig. 1. System architecture of OLAP4R
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The goal of the system is to recommend Top-K OLAP sessions with a well-known
understanding, which is mainly implemented in the OLAP4R core architecture whose model
is depicted in Fig. 2 in the form of a UML class diagram.

Hierarchy of Level
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1 ].* L *
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depend on
1

generate of
].*® aggregate

Fig. 2. The UML model of OLAP4R

The whole process of OLAP session recommendation is depicted in Fig. 3, we should first
input the basic user information in order to generate the user preference model and the user log,
and then the user preference model will be built. Besides, the user log contains three kinds of
files, which are used for generating the OLAP sessions. Moreover, the similarity calculation
method among sessions is implemented by our improved Smith-Waterman algorithm, which
is the basis of the Top-K recommend algorithm and tag-aware method is used for semantic
understanding in the final recommendation.
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Fig. 3. Workflow of the whole process of OLAP session recommendattion
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2.2 Definitions and examples about OLAP

In this section, preliminary knowledge is discussed, to introduce the OLAP related concept,
and some technologies applied in semantic understanding.

Definition 1 (OLAP query). For the sake of simplicity, an OLAP query is denoted as g = <gbc,
pre, meas> which consists of three parts: i). group-by clause (denoted as gbc). ii). Select
predicate clause (denoted as pre). iii). Measure clause (denoted as meas).

Example 1: Think about the IPUMS, which is a census micro database that contains five
dimensional levels with full roll-up orders (e.g. from City to All Cities): RESIDENCE, RACE,
TIME, SEX and OCCUPATION, and six dimensions that would be measured with aggregate
functions such as sum, average, max and min.

Definition 2 (OLAP session). An OLAP session Sy is a combination of a series of related
queries q; (Sk = {agi | gi€ S}), which aim at exploring the desired target by a succession of
OLAP operations. The length of an OLAP session can be denoted as Sien.

Example 2: An OLAP session consists of a series of queries, each of which contains three
parts: group-by, select predicate and measure clauses, where there will be some relations
between the adjacent queries.

Definition 3 (OLAP similarity metric). We define the similarity calculation method by three
clauses mentioned in Definition 1 [15], the structure of which is depicted in Fig. 4 (For
simplicity, “ST” is short for “STATE”, “CI” is “CITY”, “SE” is “SEX”, “YE” is “YEAR”,
“MR” is “MRN”, “RA” is “RACE”, “RG” is “REGION”).

< ) Select Predicate Dimension | .
b) AllCities value
CI,RA,SE,YE ( |
ST RA’SE'YEJ:.*‘ \ - P / o East MidAtlan . West - )
. 4 south tic = south Region
C,RG,SE,YE C|,RA,SE,AIIYE CLRA,AIISE,YE 8 + 3
RE,RA,AIISE, YE ® O NSO il PA 2 state
CI,RG,SE,AIIYE - CI,RA,AlISE,ALLYE i 15 3
p- ‘;‘. [,,-.-* h A | Middleto 1 New 5 .
L Yo/ wn2 T York City
RE,RG,AlISE,AIIYE CI,MR,AIISE,AlIYE
& SUM MIN MAX AVG
RE,MR,AlISE,AIIYE T T
Enum group-by Measure
{a) () | COSTGAS COSTWATR PERWT INCTOT PROPINSR PROPINSR

Fig. 4. Example of similarity calculation among queries

Based on the definitions above, the assessment of similarity between two queries consists of
three parts: the group-by clause, the select predicates and the measures, the calculation of
which can be computed in Formula (1).

Uq,,qj = 0'35*0gbc (q| ' qj ) + O'S*Gpre (q| ! qj) + 0'15*O-meas (q| ' q]) € [011] (1)
Where:

1).0‘gbc (q,,q;) represents the similarity between group-by clauses in two queries, which is
calculated by Formula (2):
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o dist,, (hl,(q),h"1(,))
Zk=l len(l.) -1 (2)

n

Ognc (qi’qj) =1-

dist
the i-th dimension hierarchy while len(l,) represents the quantity of levels in the i-th hierarchy
and n is the number of dimensions.

lev

(h;(a).hJ; (q,)) denotes the distance between two queries (g; and ¢f;) on the level of

2).0,.(q;,q;) shows the similarity of select predicates between two queries, which can be
computed using Formula (3):

Zn diStpre(pk (qi)! pk '(ql))
Oore (qi|qj) =1- - :]en(lk) (3)
dist,.,(p, (@), , (0,)) = )

(|code,., (p;(a)) — code,, (p; '(a;))| +1) *|code,,, (p, (q;)) - code,,, (p; (a; )|

Formula (4) represents the distance between predicates on the dimension hierarchy when
the value is O if they have the same level and dimension value, if they have different dimension
values but are still on the same level, it will be\Codem(pi(qi))—codeva.(pi (q,))|» greater than

[code,,,(p,(q,)) —code,, (p, (@) if they are on the different levels [16].

3). O neas (G, 0;) denotes the similarity between measures (Measq and Meas, ), which is
calculated by Formula (5) using the Jaccard coefficient:

_ ‘Meas ,[1Meas ,-‘ Y
Umeas(qi’qj) _W

3. Our Proposed Methods for OLAP Recommendation

In this section, two novel algorithms will be proposed for OLAP recommendation based on
collaborative filtering. More specifically, the Top-K recommendation algorithm is
implemented by calculating the most similar OLAP sessions tailed with some personalized
sessions (similarity-first) such that the higher frequency and the more similar partner for the
middle or end-session which has already executed some queries as well as calculating the most
similar users to acquire the sessions (user-first) for the head-session which has few queries
executed, which is used to solve the cold-start problem [17]. The tag-aware algorithm is
designed for labeling the recommended OLAP sessions based on the existing user-defined tag
lib with modified changes [18, 21-23].

3.1 Top-K recommendation algorithm for OLAP sessions

Before the introduction of our proposed recommend method, similar findings will be listed
for OLAP recommendation. Edit-based similarity of OLAP sessions is proposed by J. Aligon,
the calculation of this method is shown in formula (6):
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Where:

DIiI[ 1=

0, i=0or j=0
Dli-1[j-1], i>0,j>0 and 0;;>0
Dli-1[j]+1

min{ DELj-1+1 1, i>0,j>0 and o, <5
Dli—1[j-1]+1

o'is a given threshold and o, ;is the similarity between two queries.

(6)
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Algorithm 1: Session similarity calculation based on Smith-Waterman

Input: current session S, candidate sessions LS, number of the recommendations K
Output: the most similar OLAP recommendation sessions

O~NOoOO1T A WODN B

9

10
11
12
13
14

m= LS.getSessions.length

foreachiin
currentSize

[1,m] do
= S.queryList.length

candidateSize = LS[i].queryList.length
create query similarity matrix gs

foreachji

n [1,currentSize] do

for each k in [1,candidateSize] do

gs[i](j] = querySimilarity(S.queryList[ j], LS[i].queryList[k])

end for

end for
scoreMatrix

= smithWaterman(S, LS[i], gs)

subQuerySequence = traceBack(scoreMatrix, gs)
sim = proportion(subQuerySequence, scoreMatrix)

end for

Illustrated in algorithm 1 is the similarity calculation between two sessions, which is
calculated based on the Smith-Waterman algorithm. At line 11 in algorithm 1, the score matrix
is calculated using Formula (7):

SOIlil=

0, i=0or j=0
0
SIi-A[j -1+ (o, —6)*(p(=i,1'- )

1-6

. 1, else
eV _1

maxq max{S[K][j]-&* 1<k <i;

max{S[i][k]-6*

1-6 )

(7)

Where o represents the average similarity value of the whole couple of queries between
two sessions, p is a time-discounting function that is improved in [10], @is a given threshold
that is limited in the interval [0, 1]. Finally, the similarity between two sessions which shown
in line 13 can be calculated using Formula (8):
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k
* 1
IR
— i=1

Oy = ®)

i 15

Where I and I’ represent the length of sessions S;and S, respectively while | and I’ are the
matched subsequences that belong to the corresponding sessions.

Algorithm 2: User similarity calculation based on profiling attribute

Input: user profile Uy, current user U, number of the recommends K, candidate
sessions LS

Output: the most similar users with their corresponding sessions R

1 extract occupation information Uy from Uy,
2 translate U, to dimension level value Dyee, Ucyr t0 Deyr
3 m = Dq.length

4 max <«— ¢

5 R, < ¢

6 for eachi in [1,m] do

7 sim = userSimilarityCalculation(Dcyr, Doccli])
8 max.add(sim, Doc[i].sessionld)

9 end for

10 for eachj in [1,K] do

11 Sis = max.getTopValue(j).getSessionld

12 Srecommend = LS.getSession(Siq)

13 Rs-add(srecommend)

14 end for

Illustrated in algorithm 2 is the similarity calculation between two users to get the Top-K
similarity users to recommend the corresponding session. The similarity calculation formula
of two users is shown in Formula (9):

Gy, =€ T ©

Where dist(U,,U,) is the distance between the occupations of the two users on the level of

the dimension hierarchy whiler7 =3.8and o = 2 [19-20]. Finally, the recommended sessions

will be generated by the similar users.
Based on the formulas and algorithms above, the Top-K candidate recommended
sessions can be acquired, before the final recommendation, a fitting algorithm will be applied

[10, 24-26] after which the recommendation of OLAP session S for user U, can be shown
by Formula (10):

{18, Imax,. o, s F1<I<K}, len(s,,)<2 (10)

R(Ui’scur): i
{S;ImaqU,,(S,.S,..S )}1< j<K|, else

Where U, get the max value in{o, , }<, » 4 is athreshold value that distinguishes the
head-session or not.
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3.2 Tag-aware algorithm for labeling the recommended OLAP sessions

This subsection introduces a tag-aware algorithm that can label the OLAP sessions by
user-defined tags, the main idea of which is the similarity calculation of OLAP sessions so as
to find the most similar session to apply its tag by changing the difference between the two
sessions in order to solve the sparseness of tags.

3.2.1 Building approximate tags based on the OLAP session similarity

The OLAP session is labeled by user for specific meaning and constitutes a triadic relation
(user, session and tag). However, only a few tags will be allocated to the OLAP sessions that
cause the sparseness. To solve this problem, we get the similar tag from the most similar
OLAP session by translating the triadic relation to the tag-session matrix, which we
demonstrate that the similar session has a similar semantic of tags.

In addition, we also apply an adaptable method to change the semantics by highlighting the
differences between two sessions, which is illustrated in Fig. 5. The three kinds of modified
changes are the basic inconformity between two sessions which when combined can describe
the situations between the two similar sessions.

Recommended The similar Recommended The similar
Session Session Session Session
Qi a1 Q1 a1
Qz Add Query Q2 02 Loss Query Qz
Q3 Q3 Q3 Q3
Q4 Q4 Q4 Q4
Without | 5 | ) Group-by| Predicate  Measure
tag L2 0 With tag 1,2,4 1 [sumMax
With tag Without
Recommended The similar tog SRIpby
Sescion Seccion Group-by Predicate | Measure
/ 1,2,3 1 Sum,Max Predicate
Qi1 Q1
. , Group-by Predicate | Measure Group-by| Predicate  Measure
2 Edit Query Q2 | m— 123 I sumMmax — 123 2 Sum, Max
Q3 Qa3 \
Group-by  Predicate Measure
a4 Q4 1,2,3 1 Surmn,Max
Without With t
tag ithtag Measure

Group-by| Predicate | Measure
1,2,3 1 |Sum,Min

Fig. 5. Three kinds of modified changes between two sessions

To describe our proposal in detail, we use the following Formula (11) to (13) to express the
three changes.

Tadd :{ql’ q2"'qs}recommend N{ql' q2"'qt}similar » S< t

(11)
Where:
Tado denotes that the recommended session has less queries than the similar session
Tedit z{ql"" qi e qs}recommend - {ql"" qi ""1 qs}similar
Opq =0.35%0,,.(9,,9;) +0.5%,.(q,,9;) +0.15% 5. (q,,q;) <1 (12)

Where:



2972 Yuan et al.: OLAP4R: A Top-K Recommendation System for OLAP Sessions

Tec represents that the queries of the recommended session have some different changes
with the similar session which shows that the similarity between the different queries is
below 1.

Tloss = {ql’ qZ"'qs}recommend - {ql’ q2"'qt}similar' s>t (13)

Where:
The Tios denotes that the recommended session has more queries than the similar session

3.2.2 Tag generation algorithm based on the OLAP session similarity

Algorithm 3: Tag generation algorithm based on the OLAP session similarity
Input: recommended session RS, candidate session LS, tag-session matrix TS
Output: the corresponding tags for recommended sessions

1 n=RS.length

2 Tag<«¢

3 foreachiin[1,n] do

4 SS = sessionSimilarity(RS[i], LS)

5 m = SS.length

6 for each j in [1,m] do

7 /lthe tag of the similar session is not null

8 If(TSLG]=null){

9 //get the final tag through the modified changes
10 //between two sessions

11 ts = modifiedChanges(RS[i], SS[j], TS[il[i])
12 Tag.add(ts)

13

14 end for

15 end for

Ilustrated in algorithm 3 is the tag generation approach which is used for labeling the
recommended sessions based on the session similarity, which combines three basic kinds of
modified changes to describe the meaning of the recommended sessions accurately.

4. System Implementation and Experimental Evaluation

To testify the validity of our proposal, a prototype system is implemented which consists of
two parts shown in Fig. 1: the left part is an OLAP recommendation system which has been
deployed on the Jetty web container that invokes the API of the Big Cube System to execute
OLAP queries while the right part is used for providing the OLAP engine to return the result of
an OLAP query in a very short time. All the experiments are conducted on Windows 7 pro SP1
over a 64-bits Intel Core i5 quad-core 3.3 GHz, with 8 GB RAM.

4.1 User interface of the prototype system for OLAP session recommendation

Fig. 6 shows the user interface of our OLAP recommendation system. The left part of the
system is used for group-by and measuring clause selection, the content of which will be
presented on the middle part including a column and a row in which the result will be listed in
the form of a table or other charts after executing the running button. After the result is shown,
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the recommended sessions are listed on the right, which can be executed one by one, and the
tags are generated followed by the recommendation, which is signed with modified changes if
there are no tags defined on the recommendation sessions, and a direct recommended session
if it has.

Her & $wn | A9, #an Oen/ Kon @un

epesdn B Ot | ac |

. | o ges
il =

Fig. 6. Three kinds of modified

al

changes between two sessions

Al AINT

4.2 The parameterized settings and assessment criterions

Table 1 shows the abbreviation of symbols of Table 2, which has set a lot of parameters
(e.g. Length of sessions, Number of sessions per seed query) to generate different kinds of
query logs.
Table 1. Abbreviation of symbol

symbol abbreviation symbol abbreviation
Max number of measures MaXmeas Length of sessions Sen
Size of seed query reports NUM;ep Number of sessions per seed query Shum
Number of surprising queries Numgyp Year prompt fraction Yeari,
Number of seed queries NUMggeq Segregation predicate Predgeg

Table 2. Parameterized setting for OLAP log generation.

MaXneas K=1 K=3 K=5
Years =0.25 Predsq =No Years =0.25 Predsg = No Years =0.25 Predsq =No
Sen  Snum Sen  Snum Sien Shum Sen  Snum Sen  Snum Sen  Shum
3 3-6 20 36 120 3-6 20 36 120 3-6 20 3-6 120
3 6-9 40 6-9 140 6-9 40 6-9 140 6-9 40 6-9 140
5 9-12 60 9-12 160 9-12 60 9-12 160 9-12 60 9-12 160
5 7-12 80 7-12 180 7-12 80 7-12 180 7-12 80 7-12 180
5 39 100 39 200 3-9 100 39 200 39 100 39 200

The assessment criterion for the experiments usually consists of three parts: precision, recall
and F-measure. In the OLAP recommendation area, the precision is measured by considering
whether the recommended session is the actual applied session, the recall is used to measure
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that whether the recommended sessions contain the actual session and to assess the
aggregative indicator, we use the F-measure to balance the precision and recall so that the
result will have a better assessment. The formula of the three parts can be calculated in formula
(14), (15), (16).

precision = ‘TP‘ (14)
[TP|+|FP|
recall = ﬂ (15)
TP|+|FN|
* ic1 *
F  measure 2* precision*recall (16)

(precision -+ recall)

Where [TP|represents the actual session in the following step is similar to the recommended
ones, ||:p| is the false recommended set that does not match the actual counterparts and
|FN| represents the missing recommended sets that appear in the actual counterparts.

4.3 Experimental results and evaluations

Fig. 7 shows the evaluation of our recommended method which consists of four parts: the
number of sessions, the number of recommended sessions, the length of a single session and
the length of the current session.

Fig. 7 (a) shows that with the increasing number of sessions, the three measures are growing
generally since the more the sessions the less the probability of contingency with misjudgment.
In addition, the more recommended sessions, the better effectiveness of the three measures,
which is easy to understand that the more recommended sessions, the more choices that can be
adopted to maximize the precision, recall levels can also increase simultaneously because of
the Top-K recommendation.

Fig. 7 (b) illustrates the variation of the three measures with the change of length range of a
single session, which can see that the 6-9 of the length range get the highest measure value, the
result of which shows that the length of a single session may not be recommended accurately.

Fig. 7 (c) shows the influence of the length of the current session on the measure value,
which demonstrates that with the increasing length of the current session, the three measures
grow and have a relative high value because we adopt the user-first and similarity-first strategy
to cope with the different situations to enhance the actual effectiveness.

10 T T T T T T T T T

0.9 1 A
A LS
A, A -
0.8 * * - *
* - s
0.7 e * -
.
06{ 4 = precision(K=1)
b * recall{kK=1)
. g | «— F-measure(K=1)
0.5+ - = i = precision(K=3)
- g 1 recall(K=3)
b 1 ¥ i F-measure(K=3)
0.4 L 1 # precision(K=5)
4 recall(K=5)
03 | | | F-measure(K=5)

0 20 40 60 80 100 120 140 160 180 200 220 240
number of sessions
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we choose four scales of session sets S1, S2, S3, S4 (the number of which are 50, 100, 150,
200, respectively), which is depicted in Fig. 8, the result between collaborative filtering and
our Top-K method with different K values shows that although the precision of our method is
a little lower than collaborative filtering, ours has a striking recall and thus a higher F-measure,
for our approach can provide more choices to find accurate results.

st | s2 | s3 | s

Collaborative filtering

st | s2 |

jss e

Top-3 recommend

[ sz |

Top-5 recommend

precision

0.765 0.835 0.824 0.863 0.709 0.735 0.764 0.819 0.748 0.769 0.835 0.846
recall 0.423 0.643 0.696 0.745 0.75 0.765 0.824 0.869 0.833 0.857 0.88 0.904
F-measure 0.544 0.726 0.754 0.799 0.729 0.75 0.793 0.843 0.788 0.81 0.857 0.874

Fig. 8. Comparison of effectiveness between Top-K recommendation and Collaborative filtering
algorithm on a variety number of sessions

5. Conclusion

Superior OLAP recommendation system is a novel topic in the decision making field. In
this paper, a Top-K OLAP recommendation system for OLAP sessions is designed to fill up
this blank using collaborative filtering technique, the kernel module of which consists of four
parts: the vectorial coordinate is used for query parameterization of the input logs as the
similarity calculation is adopted using Smith-Waterman algorithm among sessions, the Top-K
recommendation applied to OLAP sessions is a combination of similarity-first and user-first



2976 Yuan et al.: OLAP4R: A Top-K Recommendation System for OLAP Sessions

strategy and the label generator is designed for semantic understanding based on the OLAP
session similarity. The theory together with our prototype system have well solved the low
recall of the recommendation system and provided a user-friendly interface for the user to
understand the actual meaning of our recommendations by the generated tags. The key to the
recall of our recommendation session is the Top-K recommendation method of OLAP
sessions and a series of experiments are conducted to show that although our method has a
little lower precision than the customized collaborative filtering, our method has a remarkable
higher recall and thus finer F-measure to recommend a variety of sessions to find an accurate
result.

Our future work will continue to refine our prototype and optimize the algorithm we
propose, mainly on how to raise the precision for a better and accurate recommendation.
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