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Abstract

Data mining algorithms are rather time and resources consuming during it’s work.
That means, that the only way to speed up computations and to receive appro-
priate results is suitable dataset preparation before processing. That, inter alia
means, that dataset processed with data mining algorithms should be informative
and should be properly prepared for automated processing (for example dataset
should not contain outliers). In this paper a method for filtering data with RDBMS
build-in mechanisms for further – data mining processing, is shown.
Keywords: RDBMS, data preprocessing, data mining, gene expression, Affyme-
trix, genechip

1 Background and motivation

Today there is no problem to store, index and search for known data or necessary
information. Technical possibilities reached such a level of development, that there
is no problem in storing, searching and filtering large amount of data. However,
now the problem is to find out an information which should be found. Moreover –
why did not search for different relationships, dependencies or similarities among
data? Why do not have a chance to discover unexpected or surprising facts?
For that purpose there is a relatively new field of researches in computer science
– data mining (DM) and subsequently – knowledge discovery from data (KDD)
(Hand 2005).

First of all, let’s make some explanation and assumptions what does under that
terms will be understood. Particular terms can be described as follows:

• data mining (DM) is referred to as analyzing large amounts of data and selec-
ting an information that is relevant to considered problem and interesting from
our point of view. This process can be conducted with a support of different
methods, such as inferential statistics, descriptive statistics, soft computing
and artificial intelligence methods. The difference between data mining and
data analysis is a type of information presented to the user. In data analysis
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we obtain some patterns, trends regarding specific user query (some projec-
tions, intersections and comparisons), in data mining user can obtain some
dependencies and relationship not easily observed at first sight. Data mining
gives more information than data analysis and is often a part of KDD process.
With data mining we have a chance to discover interested, but sometimes
unexpected relationships or data conformity.

• knowledge discovery from data (KDD) is referred to different automated me-
thods which helps search large (or huge) volumes of data. The most important
in this process is to find directly unknown information or unexpected patterns
and relations among data, but undirectly – relationships among objects or
processes of interests which are represented by the data. This should help
us to understand and describe objects or processes which are related to data,
because we are looking for some kind of knowledge concerning the analyzed
data – hidden inside, and within data relationships.

The difference between data mining and knowledge discovery from data is
rather in approach than in used methods: in data mining we analyze large amount
of data looking for the interesting problem from our point of view. In knowledge
discovery from data we are trying to find out something new – possibly yet un-
known, maybe sometimes quite novel and unexpected. We can consider know-
ledge discovery from data as a method of finding dependencies, but ... rather
as a result of data scanning and processing, than object or process observation.
Unfortunately, both data mining and knowledge discovery from data are time
and resources consuming, so very important for data mining process efficiency
is to include in our searches only necessary, informative and appropriate data
(Larose 2005; Larose 2006). All necessary data preprocessing are often referred to
as ETL process (it is acronym from Extraction, Transformation, Load). To make
possible automated data analysis (and data mining and knowledge discovery from
data with its wide range of algorithms (statsoft)) we (inter alia) have to separate
the outliers (Larose 2005). It is the name of certain data which significantly differ
from each other, which do not fit to the rest of data. When we have a dataset
“Age” we are expecting that all data should be – for example from the range of
0 to 130. It is clear for the human being, that a numbers like 2 321 or -23 are
inappropriate in this context. But computer will not detect such a value as a
“bad value”, so suitable initial dataset preparation is crucial for obtaining proper
results.

2 Dataset preparation – basic information

Both in data mining and knowledge discovery from data we are screening large
sets of data. It is rather obvious that we have to utilize some kind of data storage.
In fact, it may be any existing database system. Unfortunately, having at least
a dozen of Relational Database Management Systems (RDBMS), they are not a
quite good source for data mining or knowledge discovery from data, because they
are developed for transactional databases. They should maintain security for data
storage, data consistency and assure efficiency for both writing and reading data.
In fact, in data mining we do not have to think about writing and modifying



Dataset quantity reduction for data mining algorithms 425

Table 1: Exemplary microarray reading (from resources of Microarray Lab in Chair and
Division of Molecular Biology, Medical University of Silesia, Poland). Spec1 and Spec2
are control samples, Samp1 and Samp2 are examinated samples.

ProbesetID Spec1 Spec2 Samp1 Samp2

205476 at 6.625 5.394 10.503 10.386

202859 x at 9.741 10.567 9.660 4.854

data – we analyze a certain data “snapshot”. So, we can rebuild data structure
in that way that this structure will be most efficient for searching. One of the
best suitable data structures for searching are trees. For that reason, for data
mining a special data structures star or snowflake are created basing on tables
in relational database management systems. Nowadays there are no rareness the
databases which have more than terabytes in size. But in data mining it is not
necessary to take into account all database data. Often we need only part of data
– it is reasonably to analyze data which potentially have – maybe an intuitive
relationship. As mentioned above – it is worth to “shot” and separate outliers for
distinctive, not quite automated analysis.

So, under assumptions made above, we do not need to copy all data into
new, to-be-mined structure. When we know something about data itself, and we
understand for what we are looking for – we could select most interested, most
informative data from given databases. Then, when we are be able to reduce mined
data, we have a chance to mine all necessary data, and in the same time to have
a chance not to worry about amount of data and efficiency of mining algorithms.
In next section it will be shown how quantity of data can be reduced on the basis
of some additional information about data and expected experiment results.

3 Dataset preparation – dataset quantity reduction without
information loosing

Below will be shown how dataset quantity can be reduced before processing with
data mining algorithms with structured query language (sql) basing on knowledge
about experiment goal. The goal of experiment is to find out differentially ex-
pressed genes or transcripts which expression values differ from each other in whole
Affymetrix microarray readings. Let’s assume that we have four microarray read-
ings: two “specimens”, and two analyzed samples. Each Affymetrix microarray
reading contains readings for 22 283 spots. In fact, some of them are “control”
spots, so we can regard that we have readings about 22 000 transcripts (genes)
for each microarray. Having four microarray readings – finally we have “at the
beginning” an array (table of data) with dimension of 5 columns (transcript/gene
ID and 4 microarray readings) and 22 283 rows (see table 1).

For further analysis and interpretation we need information, for what about
every transcript (gene) is responsible for – we need to reach the Affymetrix data-
base (Affymetrix) and we have another data table (see table 2), with 8 columns
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and 22 283 rows, with a lot of text information.
Because there are a one-to-one relationship between transcript id (written as

ProbeSetID in tables), these two tables (from microarray reading and those from
Affymetrix database) from logical point of view can be treated as one big table with
22 283 rows and 12 columns. Because of the goal of the experiment – finding out
differentially expressed genes – all discussions concern only expression (microarray)
readings, not all information – the rest of information is not explained here in more
details. This papers have limited size, so only fragments of the tables are shown.
For the gene expression analysis we need to find out, for which transcript id’s in
the readings the expression values will differ from each other. As informative can
be regarded only such set of expression reading (rows) which are almost equal
for the specimens (Spec1 and Spec2), and almost equal for the samples (Samp1,
Samp2), but at the same time – quite different for specimens and samples. There
is a known and useful measure of dispersion – it is a variance, so we compute a
variance for samples, specimens and for samples and specimens together and add
them to our datatable (see table 3).

Now, we can use a simple SQL query to reduce data quantity for further analy-
sis. First of all, taking into account that we have two samples and two specimens,
we have to know from which readings an average can be computed (for which
samples and specimens an average is a “proper” value – similar and representative
to the rest values).

To check out “quality” of readings we are looking for those readings, for which
variance value will be smaller than a certain, fixed value. Here, important thing
is, that readings should be more or less identical, what means that variance of
samples and variance of specimens should be a small number. It is necessary to be
assure that computed, average value of two readings is representative. Let variance
be equal to 0,15. For that threshold, after executing a query

SELECT Readings.VarSamp, Readings.VarSpec
FROM Readings

WHERE (((Readings.VarSamp)<0.15)
AND ((Readings.VarSpec)<0.15))

remains 17 025 readings of transcript expression (rows). Result of that query
has been stored in a new datatable ReadingsLess0 15. Next step, (remembering
about type of data analysis) is to select all records that potentially have different
values of transcript expression in all readings. To do so, it is enough to select
all those records for which variance of all readings will be greater than some
given value. A certain, fixed value will depend on life scientists experience and
on desirable results and desirable precision. For that article’s purpose a variance
threshold has been set to 0,2. After executing that query

SELECT [ReadingsLess0 15].[VarSampSpec]
FROM [ReadingsLess0 15]

WHERE ((([ReadingsLess0 15].[VarSampSpec])>0.2))

remains 292 readings of transcript expressions for further, automated analysis.
Few examples about different final dataset quantity for data mining algorithms

in dependency of variance values are shown in table 4.



Dataset quantity reduction for data mining algorithms 427

T
a
b
l
e

2
:

R
ec

o
rd

s
(t

w
o

ex
em

p
la

ry
o
f
2
2

2
8
3
)

fr
o
m

A
ff
y
m

et
ri

x
[A

ff
y
m

et
ri

x
]
u
se

d
fo

r
d
a
ta

in
te

rp
re

ta
ti

o
n

P
ro

b
es

et
ID

G
en

e
G

en
e

P
a
th

w
ay

P
a
th

w
ay

G
O

G
O

G
O

S
y
m

b
o
l

T
it

le
H

y
p
er

li
n
k

B
io

P
ro

c
M

o
lF

u
n

C
el

lC
o
m

p

2
0
5
4
7
6

a
t

C
C

L
2
0

ch
em

o
k
in

e
(C

-C
m

o
ti

f)
li
g
a
n
d

2
0

–
–

ch
em

o
ta

x
is

,
in

fl
a
m

m
a
to

ry
re

sp
o
n
se

,
im

m
u
n
e

re
-

sp
o
n
se

,
si

g
n
a
l

tr
a
n
sd

u
c-

ti
o
n
,

ce
ll
-c

el
l

si
g
n
a
li
n
g
,

d
e-

fe
n
se

re
sp

o
n
se

to
b
a
ct

er
iu

m

cy
to

k
in

e
a
ct

iv
it
y,

p
ro

-
te

in
b
in

d
in

g
,

ch
em

o
k
in

e
a
ct

iv
it
y

ex
tr

a
ce

ll
u
la

r
re

g
io

n
,

ex
-

tr
a
ce

ll
u
la

r
sp

a
ce

2
0
2
8
5
9

x
a
t

A
T

P
5
L

A
T

P
sy

n
-

th
a
se

,
H

+
tr

a
n
sp

o
rt

in
g
,

m
it

o
ch

o
n
d
ri

a
l

F
0

co
m

p
le

x
,

su
b
u
n
it

G

E
le

ct
ro

n
T
ra

n
s-

p
o
rt

C
h
a
in

se
e

*
be

-
lo

w
th

is
ta

bl
e

A
T

P
b
io

sy
n
-

th
et

ic
p
ro

-
ce

ss
,

tr
a
n
s-

p
o
rt

,
io

n
tr

a
n
sp

o
rt

,
A

T
P

sy
n
th

e-
si

s
co

u
p
le

d
p
ro

to
n

tr
a
n
s-

p
o
rt

,
p
ro

to
n

tr
a
n
sp

o
rt

p
ro

te
in

b
in

d
-

in
g
,

h
y
d
ro

g
en

io
n

tr
a
n
s-

p
o
rt

er
a
c-

ti
v
it
y,

m
et

a
l

io
n

b
in

d
in

g
,

h
y
d
ro

g
en

io
n

tr
a
n
sp

o
rt

in
g
,

A
T

P
sy

n
-

th
a
se

a
ct

iv
it
y,

ro
ta

ti
o
n
a
l

m
ec

h
a
n
is

m

m
it

o
ch

o
n
d
ri

o
n
,

p
ro

to
n
-

tr
a
n
sp

o
rt

in
g

tw
o
-s

ec
to

r
A

T
P
a
se

co
m

-
p
le

x
,

p
ro

to
n
-

tr
a
n
sp

o
rt

in
g

A
T

P
sy

n
th

a
se

co
m

p
le

x
,

co
u
-

p
li
n
g

fa
ct

o
r

F
(o

)

*
P
a
th

w
ay

h
y
p
er

li
n
k
:
h
t
t
p
:
/
/
w
w
w
.
g
e
n
m
a
p
p
.
o
r
g
/
H
T
M
L
\
_
M
A
P
P
s
/
H
u
m
a
n
/
H
s
\
_
C
o
n
t
r
i
b
u
t
e
d
\
_
2
0
0
5
1
1
2
3
/
m
e
t
a
b
o
l
i
c
\
_
p
r
o
c
e
s
s
-
G
e
n
M
A
P
P
/
H
s
\

_
E
l
e
c
t
r
o
n
\
_
T
r
a
n
s
p
o
r
t
\
_
C
h
a
i
n
/
H
s
\
_
E
l
e
c
t
r
o
n
\
_
T
r
a
n
s
p
o
r
t
\
_
C
h
a
i
n
.
h
t
m



428 Magdalena A. Tkacz

Table 3: Microarray readings with additional parameter – variance added. Spec1 and
Spec2 are control samples, Samp1 and Samp2 are examinated samples. VarSamp is
a variance of Samp1 and Samp2 (two readings), VarSpec is a variance of Spec1 and
Spec2(two readings), VarSampSpec is a variance of Samp1, Samp2, Spec1, Spec2 (four
readings).

ProbesetID Samp1 Samp2 Spec1 Spec2 VarSamp VarSpec VarSampSpec

205476 at 6.625 5.394 10.503 10.386 0.758 0.007 6.812

202859 x at 9.741 10.567 9.660 4.854 0.342 11.55 6.761

Table 4: Exemplary dataset quantity reduction (from 22 283) with different variance
thresholds

Final dataset
quantity

Variances for specimens and
variance for samples (less than)

Variances for specimens
and samples (more than)

102 0.05 0.2

40 0.05 0.3

196 0.1 0.2

79 0.1 0.3

292 0.15 0.2

154 0.2 0.3

110 0.2 0.35

Basing on examples presented above, it is clear, that such a simple opera-
tion as appropriate data selection (concerning information about experiment and
data themselves) before further analysis can drastically reduce the quantity of
data for further analysis. This can be done without losing interesting experiment
information contained in data.

4 Conclusions

We do not have possibility to decrease algorithm complexity. For that reason in
some cases, where alternative algorithms are not present, we have to make very
resource and time consuming analysis. Although, even if we do not have another
algorithm, we can significantly reduce the time we need for data analysis by a
special data preparation carried out before advanced analysis. In this paper has
been shown, that with some understanding of analyzed data we can significantly
reduce the amount of data which have to be processed – without losing information.
It has been also shown, that we are able to reduce the quantity of data – from
almost 22,000 to about 300 – it is approximately about 100 times smaller number
of data to process. One has to remember, that even when we are searching only
microarray readings, some interested features or criterion for data mining is taken
from the second table (see table 2), so subsequent filtering could effect further
data reducing. In that way we could significantly reduce the amount of data to
be mined – in fact, taking into account not only gene expression data, we have to
search and compare not only numbers, but also a lot of texts which, generally is
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more challenging task (Larose 2007).
However, there are still a few problems to solve in such approach:

• How to make possible a more automated threshold determination? (Maybe
basing on some kind of variance distribution ?)

• How to measure a dispersion of values ?
• How to find out outliers?

The proposed method does not give us possibility to find out outliers (a single
reading which is not similar to the rest). For more results (two or more readings)
using variance as a dispersion measure, will not give us such possibility when –
for example – a set of dozen values contains one, or two detachable values. When
variance is applied, we will be not able to find such a value (values), even though
we know, that such outstanding value (values) may have a significant effect on
computed average value.
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