ISSN 1330-3651 (Print), ISSN 1848-6339 (Online)

https://doi.org/10.17559/TV-20230402000493
Original scientific paper

A Method for Automatically Generating Join Queries Based on Relations-Attributes
Distance Matrix over Data Lakes
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Abstract: Techniques for identifying joinable or unionable tables in data lakes can yield valuable information for data scientists. However, more than half of their working
time is spent familiarizing themselves with the metadata and correlations of datasets. Simplifying the use of information in data lakes is crucial for enhancing their utilization.
The existing solution of integrating correlated relations into a single large data table via full disjunction requires integration updating when either data or metadata changes,
complicating data maintenance. This paper proposes a method for automatically generating join queries based on the distance matrix of relations and attributes in data
lakes. The distance matrix only requires updating when metadata changes, simplifying data maintenance. Experimental results demonstrate that once the distance matrix is
generated, the time required to generate the join queries is negligible. Compared to the existing solution, the time cost for executing join queries over correlated tables is
nearly identical to that of selection queries over integrated tables. The results of these two queries are also the same, showcasing the effectiveness and efficiency of our

method.
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1 INTRODUCTION

The explosion of big data has led to millions of
datasets available in data lakes, covering fields such as
social science, life science, and more [1-3]. Access to this
data is vital for facilitating reproducible research results,
aiding scientists in advancing their work, and providing
data journalists with easier access to information and its
provenance [4-6]. However, the vast scale of datasets in
data lakes presents new and intriguing challenges for data
management research [7, 8]. While metadata varies across
datasets in data lakes, attributes with similar semantics can
be considered the same attribute based on value overlap,
ontology overlap and natural language similarity [9]. Join
queries enable the utilization of correlated information
over data sets with common attributes, which is critical for
data scientists. Yet, the enormous amount of metadata and
correlations between datasets creates barriers for data
scientists seeking to harness data lakes' potential for their
research.

A survey found that 41% of data scientists use data
lakes to collect interesting datasets for their research [10].
They spend 51% of their working time collecting and
preparing datasets, primarily familiarizing themselves with
the metadata and correlations of datasets. Fig. 1 shows an
example of correlated tables in data lakes. Therefore, a
solution for querying and collecting interesting datasets
without requiring knowledge of each specific relation's
structure and their correlations has broad potential
applications.

One solution is to integrate all correlated relations into
a single large data table, generated by full disjunction [11].
However, the massive size and inevitable null values
associated with the large table may lead to decreased data
quality and increased data storage and query costs. In this
paper, we propose a new solution based on automatically
generated join queries over data lakes. The main
contributions of this paper are as follows.

(1) We introduce the concept of automatically
generating join queries over data lakes based on pairs of
attributes. Query users do not need knowledge of the
structures of relations or correlations within data lakes.

Users only need to focus on the set of all attributes present
in data lakes and the pair of interesting attributes,
significantly increasing the convenience of utilizing data
lakes to search for valuable and interesting information.

(2) We propose a relations-attributes distance matrix
generation algorithm and a join path generation algorithm
based on the relations-attributes distance matrix. Once the
relations-attributes distance matrix is generated, the join
path for a given pair of attributes can be produced
efficiently. Moreover, when new correlated relations
become available, updating the distance matrix incurs a
much lower time cost compared to generating large
integrated tables.

(3) We conducted experiments using various datasets
scales, to demonstrate the effectiveness and efficiency of
our proposed algorithms.

Tl

TID Stadium Team

1 NRG Stadium Houston Texans

2 AT&T Stadium Dallas Cowboys

3 Sofi Stadium Angeles Chargers
T2

TID Stadium Location Opened

4 Soldier Field Chicago 1924

5 AT&T Stadium | Texas 2009

6 Sofi Stadium California 2020
T3

TID Team Coach

7 Houston Texans Lovie Smith

8 Dallas Cowboys Mike McCarthy

9 Detroit Lions Dan Campbell

Figure 1 An example of tables in data lakes
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The remainder of this article is organized as follows.
Section 2 discusses the related work. Section 3 describes
our proposed join query automatic generation method.
Section 4 reports on the performance evaluation of our
techniques over several data benchmarks. Finally, Section
5 concludes this paper.

2 RALATED WORK

To the best of our knowledge, no previous works
specifically focus on generating join paths of relations in
data lakes. Therefore, we will discuss related work
primarily related to data integration in data lakes, data
searching in data lakes and automatic query generation.

Data integration in data lakes. Data integration in
data lakes typically involves several steps, such as
assigning column integration IDs and applying full
disjunction. Assigning column integration IDs aims to
identify correspondences among database attributes.
Koutras et al. [12] investigated how to find pairs of
matching columns based on traditional schema matching
methods. Some works [13, 14] use clustering-based
approaches with schema information to match a set of
schemas simultaneously, while others [11] rely on data
values instead of metadata to overcome unreliable
metadata in data lakes. Many researchers have developed
table search and management solutions for data lakes [15].
Miller et al. [16] analyzed the necessary data management
techniques to make open data accessible to data scientists
and defined the problem of finding unionable tables in data
lakes. Subsequently, other works designed methods to find
unionable tables based on column relationships [9, 17, 18].
Dong et al. [19] proposed a framework for the discovery of
joinable tables based on similarity predicates on high-
dimensional vectors that represent columns. This
framework can capture the semantic similarity of attributes
and handle misspellings and different formats. Lastly,
some works, such as [20], search for a set of tables with
semantic similarity by representing tables as vector
representations. The techniques for identifying correlated
attributes and tables form the basis of our approach.
However, our approach applies join queries over correlated
tables rather than generating large table via data
disjunction.

Data searching from data lakes. After assigning
column integration IDs and identifying unionable or
joinable tables, there are two primary methods to search
data from data lakes. One is to select data from integrated
tables generated by full disjunction [21]. Many works have
been done to efficiently compute full disjunction [22, 23].
The other approach is to use deep learning models to learn
vector representations of tables, attributes and data, and
treat queries like query answering systems [24]. For
example, TURL [25] uses a structure-aware Transformer
encoder to model the row-column structure information in
relational tables. The Transformer encoder has achieved
significant success in extracting information from
unstructured text data [26]. However, little effort has been
made to study such paradigms on structured relational
tables. Tab. 2 Vec [27] serializes a table into a sequence of
words and entities and learns embedding vectors for words
and entities using Word2Vec [28].

Automatic query generation. In order to make
database accessible interfaces more intelligent and capable
of understanding natural language expressions, many
researchers have explored the automatic generation of SQL
language from natural language [29-31]. Sangeetha [32]
focused on mapping spoken natural language into words
forming the foundation of SQL by using a dictionary to
record semantic sets for columns and tables. Speech
recognition techniques are utilized to convert spoken
language input into text, and semantic matching techniques
are employed to convert natural language queries into SQL
words [33]. Yu [34] adopted the Transformer model [26]
to semantically match query request statements and query
conditions to improve the correctness of the automatically
generated WHERE clause in SQL statements. Badhya [35]
proposed Elastic search to convert natural language inputs
into optimized SQL queries, which can be understood by
different databases, such as MySQL, PostgreSQL and
MongoDB.

3 JOIN QUERY AUTOMATIC GENERATION METHOD
3.1 Definitions

Definition 1. Inclusion matrix of relations and
attributes M'. Given a set of relations D, where A4 is the
union of the set of attributes in all relations, M is a boolean

matrix of size |4|x|D|. M'[i,j]=1 if the attribute A;
exists in relation 7T, otherwise, M' [i,/j]=0.

Example 1. Here is an example of relationships between
four relations 7 (4,4,), Ty (4, 4;) , T5(4s.4,), and

T4(A5,A6) , shown in Fig. 2. Tab. 1 presents the

corresponding inclusion matrix.

Figure 2 An example of four relations

Table 1 An example of inclusion matrix

T, T T3 Ty
A4, 1 0 0 0
A, 1 1 0 0
A3 0 1 1 0
Ay 0 0 1 0
As 0 0 0 1
A 0 0 0 1

Definition 2. Joinable relations sequence. A sequence
of relations < T)q , sz 5 e Txm > is said to be a joinable
relations sequence if every pair of neighboring tables in the
sequence has common attributes.

Definition 3. The distance matrix of relations and
attributes M. Given a set of relations D, and the union set
of attributes of all relations A, the distance matrix of

relations and attributes M is a matrix of size |A| ><|D| .
M[i,j] =1 if attribute 4, exists in relation 7}; M[i,k] =m
if attribute 4; does not exist in relation 7%, and there exists

a joinable relations sequence <Tj,,Tk> with at least

length m; M [i,k]zO if there is no joinable realtions

sequence between 7 and 7.
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Example 2. Tab. 2 displays the distance matrix of
relations and attributes associated with Fig. 2.

Table 2 An example of distance matrix of relations and attributes

T, T, T T4
A4, 1 2 3 0
A, 1 1 2 0
A4; 2 1 1 0
Ay 3 2 1 0
As 0 0 0 1
As 0 0 0 1

Definition 4. Join path automatic generation problem.
Given a pair of attributes <A, , Ac>, A, € 4,4, € A, the join
path automatic generation problem involves obtaining a
sequence of relations <T T, T, m> and a set of

xp2txg oo dy

joinable attributes set sequence

<[A1 ,A”ZJ,...,[Al A"’”]> which satisfy the

Y227y Ym?> " Ty

following conditions:

(1) 4, € A(T, ). 4, < 4(T,,):

@) [ 4, dll |2 A(T, )0 A(T, )i e 2]

Example 3. Given the distance matrix of relations and
attributes in Tab. 2, and a pair of attributes (AI,A4> , the

join path is <T1,T2,T3>, and the joinable attributes sets
sequence is <[A2 ][ 45 ]> .

3.2 Architecture

Given the distance matrix M and a pair of attributes
(At,AL,) , the join path can be automatically generated by

Algorithm 2, as presented in Section 3.3. Users only need
to have knowledge of the attribute sets in the relations.
Queries submitted by users based on the attribute set can
be transformed into join queries based on the automatically
generated join path. The system architecture is depicted in
Fig. 3.

Distance Matrix * R

T T Ty Transformed Query: A A AT

select A1 -

_fomT Ty

A | - [ ] where T..A,=To.A;
and T As=Ts A

and Ag=v

2 select A1
A fromD

where AG=v
User

User query

interface Relations

Figure 3 The system architecture

Given a query o (). o (4) (D) over relations D, if

the generated join path for (A,,AC> is <T., T, , ..,

Xl 2 )(2 2
T, >, and the joinable attributes sets sequence is < 4

B
Ayz > e A,mel

expressed as:

>, then the transformed query can be

in(Az)Afi(A(r)(Z;I X Ty -4y =T, -4y, ];2

X .. X
T"nkl 'AJ"mfl :T"m 'AJ"mfl 7;"’ )

Example 4. Based on Example 3, if a user submits a
query: select * from D where 41 = vi and 44 = v,, then the

transformed query is selected * from 71, 7>, T3 where 71 .
A2= Tz.Az and Tz.A3= T3.A3 andA1 =V andA4=vz.

Given a query Il 4 (U 7(4e) (D)) over relations D, if
the generated join path for <At,Ac> is <Tx1,Tx2,...,Txm>,

and the join  attributes  sets

<Ay1 ,Ay2 - Aqu > , then the transformed query is:

sequence  is

I, (o 'a(AC)(Txl ™ Ty Ay =Ty Ay T,

X ...

P Lt Ayt Ty Ay 5 )

Example 5. Based on Example 3, if a user submits a
query select 4; from D where A4 = v, then the transformed
query is select 4; from T, T», T3 where T1. A»=T>. A> and
Tz.A3: T3.A3 andA4=v.

3.3 Algorithms

To implement automatic query transformation, two
key problems must be addressed: (1) generating the
distance matrix of relations and attributes, and (2)
generating the join path and joinable attribute set sequence
based on the distance matrix and a pair of attributes.

3.3.1 Algorithm for Generating Distance Matrix

Definition 5. Maximum dist distance matrix of
relations and attributes M, Suppose an attribute 4; exists
in relation 7; and not in relation 7} and there exists a
joinable relations sequence of at least length m, if m < dist

then M [i,k] = m ; otherwise, Mt [i.k]=0.

Property 1. Given a set of relations D, attributes 4 and
the maximum dist distance matrix M if there exists

Mdisz[A ,];]zd,where d >0, then Mdist+1[A ’];sz.

X X

Based on Property 1, if MI[AX,T}le , then
M*[A,. T ]=M’[4,.T,]=1.

X

Theorem 1. Given a set of relations D, attributes 4 and
maximum dist distance matrix M%, if M“'[ 4,,T; |= dist

and M@ [ 4,,7,]=1, then M®[ 4,,T; | =dist+1 for

4, eA(Tj) and M””“[A T]:O.

yori

Proof
Mt [Ax , T]] =1 indicates that attribute A, is present

in relation 7}.
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Mdist[ AT, ]:dist indicates that there exists a

sequence of joinable relations <7},Tx1,...,Tx dm_l> ,
If 4, €A(T;) and M™[ 4,,T;]=0, this indicates
that there is no joinable path between 7; and 7; within a

distance of dist, meaning T, . #T,;,where T\, isthe

relation in the joinable path that is one step away from 7;.
We can conclude that there exists a sequence of

joinable relations < T;, 7;1 s eens Txah,st_l , T; >, and A is the

common attribute of 7, .~ and 7.

Therefore, for V4, eA(T j) and M [AY’Y;} 0,

we have M %+ [A},,Tl.] =dist+1.

Algorithm 1 outlines the steps to generate the distance
matrix. The inclusion matrix M' can be obtained from the
given relations. Using this matrix, we can iteratively
generate M 2,M 3 and so on, until the distance matrix of

adjacent distances no longer updates with new data. At this
point, the final distance matrix of relations and attributes M
is obtained. The time complexity of the algorithm is

o dis*| D[ #|4]).

Algorithm 1: Generating distance matrix

Input: the set of relations D, the set of attributes 4, the
inclusion matrix M'
Qutput: the distance matrix M
flag = True
dist=1
M=M
While flig do
flag = False
for each i in range(|D))
for each j in range(|D|)

If M[:,T; |==dist* M[:,T; |==1>0

M[x,T; |=dist+1for (M[ x| =

0and M| x,7; |=1)

flag = True
dist = dist +1
Return M

3.3.2 Automatic Generation Algorithm for Join Paths of
Relations

Property 2. Given the distance matrix M and a pair of
attributes  (4,,4,) ., if M[4.,T]=1 and
M [AC,T}]= dist >0 , then there exists a sequence of

joinable relations <T T, ,T T,

127X 27 X3 T Xy

> , such that

4. A(T), 4. €A(T,

Xdist

), and for all je|2,dist], we

have M[At,TXJ:j and M[AL,,TXJ:dist—jJrl.

Property 2 implies that a sequence of relations can be
joined together to connect attribute 4, in relation 7; to
attribute 4. in the last relation in the sequence, with a total
length of dist. The distance matrix helps identify the
joinable relations in the sequence and their distance from
the starting and ending attributes in the sequence.

Property 3. If M[4,,7,]=1and M| 4,,T; |=1, then 4,

X070
is a common attribute between the relational tables 7; and
7.
Algorithm 2 outlines the steps to generate the sequence
of join relations and the sequence of join attributes sets for

a given pair of attributes <At , AC> and the distance matrix

M. Since A4;and A. may appear in more than one relation,
Step 5 and 6 in Algorithm 2 first find the shortest distance
between attribute 4, and attribute 4.. Then, according to
Property 2, we can find each joinable relation 7; that

satisfies M[At,ij J =j and M[AC,TXJ J =dist— j+1
for j ranging from 2 to dist. Based on Property 3, we can
obtain the sequence of join attributes sets. The time
complexity of Algorithm 2 is O(dist*|A|) , Where dist is

the shortest distance between relations for the given pair of
attributes.

Algorithm 2: Join paths automatic generation
Input: the pair of attributes <A A,), the distance

t>“7c

matrix M
Output: the sequence of join relations 7, the
sequence of join attributes sets S4

r=[]
SA=1]
T, emin{M[ 4,.T; || M[ 4,,T; |==1}
If T;==¢ then Return{T, SA}
dist < M| 4., T, |
T<addT;
if dist ==1 then Return (7, SA)
for j in range(2, dist + 1)

ij cM[At,TXj J = andM[AC,TXj J::
dist— j+1

T «<add ij

A<add {4, |M[A,,T, ]=
1 andM[Ax,ij }==1}
T-T,
J

Return T, SA

4 EXPERIMENTS

All algorithms were implemented using Python 3.7,
and experiments were conducted on a CentOS server
equipped with an Intel(R) Core(TM) i7-10510U CPU
@2.30 GHz processor. The primary objectives of these
experiments were to determine: (1) the correctness of the
automatically generated join paths, and (2) the efficiency
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of the algorithms in generating the distance matrix and join
paths.

4.1 Data Sets

To the best of our knowledge, no existing data
benchmarks could be employed to evaluate the automatic
generation algorithms for both distance matrix and join
paths. Therefore, we have created several data sets of
varying scales by adjusting four parameters: dist, |D|, |A|,
n(join_sets). dist refers to the largest number of tables in a
sequence of join-reachable relations. |D| and |4| denote the
number of tables and attributes, respectively. n(join_sets)
represents the number of non-overlapping sets of tables
(join sets), where all tables within the same set can be
joined together. For each data set, |D| tables were
generated, each containing several different attributes. The
tables were then divided into n(join_sets) non-overlapping
data sets, ensuring that each set contained no more than dis¢
tables. Subsequently, for each join set, common attributes
among the tables in that particular set were added. The
details of data sets are as follows.

Benchmark Di. D; consists of 9 data sets with dist
ranging from 6 to 14, while fixing |D| is fixed at 500 and
n(join_sets) at 100. The number of attributes, |4| varies
slightly for different dist values.

Benchmark D:. D, includes 9 data sets with |D|
ranging from 200 to 1000, while dist is fixed at 10 and
n(join_sets) at 100. The number of attributes, |4| increases
linearly with |D|.

Benchmark Ds. D; encompasses 9 data sets with |4|
increasing linearly, while |D| is fixed at 500, dis¢ at 10 and
n(join_sets) at 100.

Benchmark Ds. D, comprises 9 data sets with
n(join_sets) ranging from 500 to 4500, while |D| is fixed at
500 and dist at 10. The number of attributes, |4| remains
relatively constant across different data sets.

the distance matrix varies linearly with the value of the dist
parameter. After generating the distance matrix, the
sequences of join tables and join attribute sets can be
directly selected in a stepwise manner according to the
rules provided in Theorem 1. Therefore, the processing
speed of this step is much faster compared to the process
of generating the distance matrix.

Benchmark D1 —@— Distance Matrix

=== J0in Path

Time Cost{s)
Now B
o o o

-
=)

o
b
b
b
S
b
S
b
b
b

dist

Figure 4 Benchmark D1

Tab. 4 displays the time cost of creating the distance
matrix and generating the join path separately for the D
benchmark. Fig. 5 is generated using the data in Tab. 4. It
clearly indicates that the time cost of creating the distance
matrix increases at a relatively high rate as the number of
relations |D| ranges from 200 to 1000. However, similar to
Fig. 2, the time cost of generating the join path can be
considered negligible when compared to that of creating
the distance matrix. When creating the distance matrix, for
each M the join reachable relationship between each
pair of tables must be examined, thereby leading to a time
complexity of O(|D]*). Consequently, the time cost of
creating the distance matrix increases quadratically as the
number of |D| increases.

Table 4 Performance over benchmark D,

4.2 Experimental Results
4.2.1 Performance of Creating Distance Matrix and

Generating Join Path Algorithms

Tab. 3 presents the time cost of creating distance
matrix and generating join paths separately for benchmark

D,. Fig. 4 is generated based on the data in Tab. 3.

Table 3 Performance over benchmark D4

dist 4] Distance Matrix / s Join path / s
6 2901 29.64613223 0.003311872
7 2901 33.79274988 0.002006531
8 2900 38.34130168 0.002560616
9 2901 42.1935966 0.00298214
10 2900 46.7707684 0.003078938
11 2901 50.50927401 0.001685381
12 2902 54.73476863 0.002343655
13 2900 59.39891458 0.00369668
14 2902 63.04812098 0.003664494

It is evident that the time cost of creating distance

200

|D| 4] Distance Matrix / s Join path /s
200 1117 6.836089134 0.001358747
300 1706 14.62171721 0.001804829
400 2301 31.27872896 0.003068686
500 2901 51.86101723 0.00356245
600 3500 84.64539766 0.003222704
700 4100 133.1160092 0.003192425
800 4700 275.8449361 0.003716946
900 5300 300.3867085 0.004057884
1000 | 5900 365.5985801 0.004171848
Benchmark D2 =@~ Distance Matrix
400 —gr=J0in Path

350

300

Z 250

§ 200

E 150

100

50

300

400 500 600
D]

700 800 900 1000

matrix increases linearly as the dist parameter ranges from
5 to 14. In contrast, the time required for generating join
paths is negligible compared to that of creating distance
matrix. According to Algorithm 1, the distance matrix M4
is generated iteratively by updating M’, with the value of i
increasing from 1 to dist. Hence, the time required to create

Figure 5 Benchmark D,

Tab. 5 presents the time cost of creating the distance
matrix and generating the join path separately for the D;
benchmark. Fig. 6 is generated using the data in Tab. 5. It
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clearly indicates that the time cost of creating the distance
matrix increases linearly as the number of attributes |4]
increases. Moreover, the time cost of generating the join
path can be considered negligible when compared to that
of creating the distance matrix. When finding each pair of
reachable tables, all the attributes must be scanned to
decide whether to update their distance to these two tables.
Thus, the time cost of creating the distance matrix is
linearly correlated with the number of attributes |4|.

Table 5 Performance over benchmark Ds

4] Distance Matrix / s Join path / s
1400 36.85569358 0.004063368
1901 37.04789495 0.003875971
2401 41.27752137 0.003296614
2901 46.60218167 0.001378536
3401 52.66672707 0.002160072
3900 58.85267878 0.00421834
4401 65.57376051 0.003408194
4900 72.62939739 0.003342152
5400 81.21669555 0.003337622

Benchmark D3 =@ Distance Mateix

== |0in Path

Time Cost(s)
N W B U0 O
o O © o O

=
o

o

1400 1901 2401 2901 3401 3900 4401 4900 5400
[A]

Figure 6 Benchmark D;
Tab. 6 presents the time cost of creating the distance
matrix and generating the join path separately over the Dy
benchmark. Fig. 7 is generated using the data in Tab. 6.

Table 6 Performance over benchmark D4

Join sets 4] Distance Matrix / s Join path /s
50 2950 47.46833539 0.003289223
100 2901 46.74626398 0.005617619
150 2858 46.39728141 0.005127907
200 2814 48.04738045 0.004442215
250 2783 51.58939457 0.004831553
300 2761 50.50927401 0.001685381
350 2738 51.0446527 0.004980803
400 2717 48.92301798 0.004063129
450 2698 44.30130768 0.004644871

Benchmark Da =@ Distance Matrix

- |0in Path

60

It clearly indicates that the time cost of creating the
distance matrix does not change significantly as the
number of join sets increases. Furthermore, the time cost
of generating the join path can be considered negligible
when compared to that of creating the distance matrix.
When constructing datasets manually, the number of
attributes increases as the number of join sets decreases,
because more relationship tables with common attributes
are generated when the number of join sets decreases.
Therefore, the variation in the time required for generating
the distance matrix is essentially caused by the change in
the number of attributes, and there is no direct correlation
between the number of join sets and the time required for
generating the distance matrix.

In conclusion, the time results reveal that the time
required to generate the join path based on the distance
matrix is negligible compared to the time for creating the
distance matrix. The time complexity of creating the
distance matrix is linearly related to dist and the number of
attributes |4|, and quadratic to |D|. Although the time
required to create the distance matrix increases
significantly with an increase in |D|, dist, and |4|, the
distance matrix needs updating only when the metadata of
tables in data lakes updates.

4.2.2 Comparison of Automatically Join Queries Generation
Method with Table Integration Method

We compare the proposed approach of automatic join
queries generation method with the table integraion
method over benchmark D, Each table contains
approximately 10 K tuples. The results are shown in Tab.
7. Our approach includes the time cost for creating the
distance matrix, the time cost for generating join queries,
and the time cost for executing join queries. Time 1
encompasses the time cost for generating join queries and
executing the quereis. The table integration method
generates large tables over correlated tables, and executes
simple selection queries over integrated large tables instead
of executing join queries over correlated tables. Time 2 in
Tab. 7 represents the time cost for executing simple select
queries over the integrated large tables.

Table 7 Comparison over benchmark Ds

Join 1l Distance | Time 1 Integration Time 2 /
sets Matrix / s /s /s s
50 2950 47.47 0.05 70.02 0.02
100 | 2901 46.75 0.05 57.4 0.02
150 | 2858 46.40 0.05 49.10 0.02
200 | 2814 48.05 0.05 42.40 0.02
250 2783 51.59 0.05 35.03 0.02
300 | 2761 50.51 0.05 29.13 0.02
350 | 2738 51.04 0.05 22.86 0.02
400 | 2717 48.92 0.05 14.71 0.02
450 | 2698 44.30 0.05 9.59 0.02

Tab. 7 reveals that: (1) the time cost for executing join
queries or simple queries is significantly less than that for
creating the distance matrix or data integration; (2) the time
cost for data integration decreases as the number of join
sets increases, since more join sets entail fewer correlated
tables needing integration. Meanwhile, the time cost for
creating the distance matrix does not change substantially.
(3) The time for executing simple select queries is less than
that for join queries; however, the time cost for join queries

50 ‘_—.__.’/\/‘-\
= 40
3
o 30
‘U
£
= 20
10
0
50 100 150 200 250 300 350 400 450
Join Sets
Figure 7 Benchmark D4
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is still acceptable. Since our approach does not require
updating the distance matrix when data updating occurs in
data lakes.

The correctness of automatically generated join paths
was verified through a manual check of the sequence of
join tables and the sequence of join attribute sets.
Additionally, the results of join queries over correlated
tables are the same as the results of simple selection queries
over integrated large tables. These results confirm the
accuracy of our proposed algorithms.

5 CONCLUSION

We introduce a novel approach for searching
information in correlated tables within data lakes, without
requiring knowledge of their specific structures and
correlations. With the generation of the distance matrix, the
join path for a given pair of attributes that users are
interested in can be produced quickly. Furthermore, our
proposed solution also enables easier maintenance of the
data lake, which is of great practical importance. However,
there are still limitations to our study. In our method, only
one join path is generated, however, multiple join paths
may exist, which contain different data information. The
automatically generated join queries in this paper do not
capture all the potential correlated information. We will
address this issue in future work.
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