Tutorial - Cases studies R.R.

1 Subject

Dealing with outliers - Univariate tests with Tanagra (1.4.24 and later version).

The detection and the treatment of outliers (individuals with unusual values) is an important task of
data preparation. Unusual values can mislead results of subsequent data analysis.

Outliers can be detected on one variable (a man with 158 years old) or on a combination of
variables (a boy with 12 years old crosses the 100 yards in 10 seconds).

In this tutorial, we show how to use the UNIVARIATE OUTLIER DETECTION component. It is
intended to univariate detection of outliers i.e. taking into account individually the variables.

The approaches implemented in the component come from the following website
http://www.itl.nist.gov/div898/handbook/prc/sectionl/prcl6.htm. We use also an additional rule
based on the x-sigma deviation from the mean of the variable.

The correspondence between x-sigma rule and the Tukey's box plot rule when we have a Gaussian
distribution are displayed in the following chart (Figure 1).
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Figure 1 - Correspondence between the two rules of outliers detection for Gaussian distribution
(http://en.wikipedia.org/wiki/lmage:Boxplot_vs_PDF.png)

Even if these rules are efficient, we note in real problems that graphical approaches and/or
descriptive statistics are often useful in many contexts. In fact, numerical methods are really
interesting when we want to automatically deal with a large number of variables.
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2 Dataset

The body_mass_index.xls:l data file contains 50 examples and 3 variables. The variables are
WEIGHT in KG, HEIGHT in meters and the BODY MASS index. We want to detect unusual values for
each variable.

3 COQutliers detection with TANAGRA

3.1 Creating a new diagram

We can directly import a XLS data file by creating a new diagram. This solution does not require the
presence of the EXCEL software on the computerz. Caution: the data file has not to be currently
edited; the dataset must be in the first sheet.

We launch Tanagra; we activate the FILE / NEW menu. Then we specify the name of the XLS file and
the diagram filename.

" TANAGRA 1.4,24 (=13
File: Window  Help
_-— o o . . o —
& Open... ety Choose your dataset and start download
Diagrarm title : \
|Default file N |
\

Data mining diagram file name :
|D:IDataMiningIDatabases_for_mining‘tdataset_for_soﬂ_dev_and_com)aﬂ

Exit

Dataset ("t arff, *xdls) :
| =]
( —"
-_——
/I Ok H Cancel ” Help ]

Tanagra |E| El

Fiegarder dans @ulhers v‘ € T mv
e
Mes documents
récents
?“.
[
Bureau
| Data wisualization Statistics
Feature construction Feature selectid Mes documents
PLS Clustering ~
Spy learning assessment Scoring *11
. Poste de trawvail
@Correlatwn scatterplot EScatterplot
Expor‘t dataset A Seatterplot wit] — —
L' MNom du fichier : , |b0d_u_mass_mdex Wz \ V| [ Qe ]
Favaris réseau | Fichiers detype: & ExcelFile (978, 2000) v| [ Ao |
L ————_

The dataset is now available for the statistical analysis.

! http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/body_mass_index.xls

2 We can also open the file in the spreadsheet and send the dataset to Tanagra using an add-in. See
http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/en_Tanagra Excel AddIn.pdf
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3.2 Descriptive statistics

Descriptive statistics enables to describe shortly the main characteristics of a collection of observed
data. First, we must define the INPUT variables. We use the DEFINE STATUS component.

" TANAGRA 1.4.24 - [Dataset (body_mass_index.xls)] X
E File Diagram Component ‘Window Help - O x
=
2 Default title
= l&set (body_mass_index.xls]
*% Define status 1
] Define attribute statuses
I R
| Pararmeters
\
N Atribut R
~ rioes Target Input T
~
S e Weightkg
~N - - Heighthd -
~ Bodybdass
-~ \>
o |
A
Data visualization Statistic: B B, ey [ Clear selection ]
Feature construction Feature sele
PLS Clusterin [ OK. ” Cancel “ Help ]
Spv learning assessment Scoring TEETICTCTOT
@Corretation scatterplot ]i'Scatterplot Wiew datazet
Expurt dataset ]i{ScattarplUt with label L,_-‘\u"iew multiple scatterplot

Then, we insert the MORE UNIVARIATE CONT STAT (STATISTICS tab) component into the diagram.
Some numerical indicators and charts (frequency distribution chart) are computed.

(" TANAGRA 1.4.24 - [More Univariate cont stat 1]
E File Diagram Component ‘Wwindow Help

=

Diefault litle:

=] Dataset (body_mass_index.xls)
=% Define status 1

Attributes : 3
LA e con t 1 Examples : &0
7 Parameters. ..
7 - 1
Execute S Rews
e

2

Stats

m s’mribute
o=

' S samtes Ve
\
\ Average FE.0402 . - 5O.4394
\ Wedian 73,4519
\ 50,4394_=%_x_<_
N Std dew, [Coef of wariation] 16,1659 [0.2124]
N -
S HMAD WD /STODEW] 134113 pE11n | Coeid1Ess s
S N Min * phax [Full range] 42.64* 120,66 [75.02] 660430 == x_=_
S ~ - Weightha 1st * 3rd quartile Range] 6,86 * 86,28 [20.41] 73.08448_=<_x_<_
~ Skewness [std-dewv) 0.3574 (0,3366) 2
~ AlLAdRA =2 ¥ 2=
S < | )
~
» ~ Companents
Data visualization Statistics I dlonparametric statistics Instance selection
~
Feature construction Feature selection \Rggression Factarial anabysiz
~
PLS Clustering Spw leamin% Meta-spy learning
Spv learning assessment Scoring Association ~
~
Z.‘:Bar‘tlett's test % Fisher's test EE Group exploratio\n ~ N l# Linpar corcelation AN
<= Brown - Forsythe's test ﬂ] Group characterzation wu Levene's test L fiore Univariate cont stat hh Qr
4 | k]
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We summarized in the following table the indicators and their meanings.

Indicator Description
Average Mean
Median Mean

Std.Dev. [Coef of variation]

Standard deviation and coefficient of variation (std.dev / average)

MAD [MAD / STDDEV]

Mean absolute deviation®. MAD / Std.Dev ratio

Min, Max [Full Range]

Minimum, maximum, range

1st * 3rd quartile [Range]

1°" et 3°™ quartile ; inter quartile range

Skewness (std dev)

Skewness and its standard deviation

Kurtosis (std dev)

Kurtosis and its standard deviation

WEIGHTKG.
Attribute Stats
Statistics
Average
Median

Std dev. [Coef of wariation]

MAD [MADFSTDDEW]

Min* Max [Full range]
Weightkz 1st* 3rd quartile [Range]

Skewness (std-dew)

Kurtosis [std-dew)

HEIGHTM.

Statistics
hverage
whedian
Std dew, [Coef of variation]
MMAD [MADSTDDEY]
Min* Max [Full range]
1t * 3rd quartile [Range]

Heighthh
Skewness (std-dew)
Kurtosis (std-dew)
BODYMASS.

13,1113 [0.8110]
42,64% 120,66 [F5.02]  66.0430_=<_x_<_73.8443 11 22.00%
6.86.% 85,38 [30.41]

0.0901 [0.6608]
1,45% 1,59 [0,45] = 1.5801_=<_x_=_1.6251 g 16.00%
1.68% 1.74 [0.17]

Histogram
Values Count  Percent Histogram
0402w 2 BO4394 2 4.00%
73.4819
B0.4394_=<_x_<_58,2412 4 §.00%
16,1659 [0.2126]
B5.2412_=<_x_<_66,0430 8 16.00%

T3.E44E_=+_x_<_ 01,6466 7 14.00%

0,3574 (0,3366]
81.6d66_=2_x_<_89,4453 7 14.00%

0.1363 (0.6619)
89,4453 _=<_x_<_97.2501 g 16.00%
97.2801_=2_x_<_105.051% 1 7.00%
106,0519_=<_x_<_112,8537 1 2.00%
x==_112.85837 1 Z.00%

Values Count Percent Histogram

1.6581 1 % < 1.4902 z 4.00%

1.6510
1,4902_=<_x_<_1,5352 3 6.00%

0.1047 [0.0632]
1,R353_==_x_=<_1,K801 9 15.00%

1.6251_=<_x_=_1.6701 § 10.00%
0,066 (0,3366)
1,6701_=<_x_=_1.7150 5 10,00%
-0.8721 (0.6619)
1.7180_=<_x_=_1.7600 & 16.00%
1,7600_=<_x_=_1,8049 g 16.00%
1.8049_=<_x_=_1.8499 1 z2.00%
we=_1,8499 1 2.00%

3 http://en.wikipedia.org/wiki/Absolute_deviation

26 juin 2012

Page 4 sur 9


http://en.wikipedia.org/wiki/Absolute_deviation

Tutorial - Cases studies R.R.

Statistics Values Count  Percent Histogram
Average 76806 v o 30,7198 2 4.00%
Median 26,9761
20.7195_=<_x_<_23.8057 9 18.00%
Std dew, [Coef of variation] 58125 [0.2100]
WAD [MAD/STDDEW] 40471 [.6963] F3E069_=<_x_<_ 36,5920 12 24.00%
Min * dax [Full range] 17.63* 48,49 [30.86] 26,8920 =< x_< 39.9782 15 30.00%
BodyMass 1zt * 3rd quartile [Range] 24.02* 29,65 [6.43] 399787 =< x < 33.0643 6 12.00%
Skewness (std-dev) 1. 5480 (0.3366)
30643 _=2_x_<_ 36,1504 4 .00%
Kurtosis (std-dew) 4,3365 (0.6619)
36,1604 _=<_x_<_39.2366 0 0.00%
39.2366_=<_x_<_42,3327 i 0.00%
42,3227 _=+_x_+_45,4055 0 0.00%
x==_45,4085 b 4,00%

Two examples seem different to others for each variable. But we do not know if these are the same
ones for all the variables.

3.3 Scatter plot

We can visualize the examples in a scatter plot. It enables us to detect the deviation of the
examples in a bivariate way i.e. taking into account the interaction between variables.

We insert the SCATTERPLOT WITH LABEL (DATA VISUALIZATION tab) component into the diagram.
We set WEIGHTKG for the horizontal axis, HEIGHTM for the vertical axis.

NAGRA 1.4.24 - [Scatterplot with label 1] =1E3
ﬁFile Diagram Component  Window Help -8 x
EH

Default tile M Legend

Wigighthy vs. r;~5=~1_mn-1

= Datazet (body_mass_index.xls)
=% Define status 1
£ More Univariate cont stat 1
L Scatterplot with label 1

@Example |n]
O ;i values

Attribute ref.

- - - - - - - -
a0 =] 70 g0 a0 100 110 120
Weighthg
wieightia <—
Components
Data visualization Statistics Monparametric statistics Instance selection Feature construction
Feature zelection Regression Factoral analysis PLS Clustering
Spw learning Meta-zpy learning Spw learning assessment Scoring hssociation

@'Correlation scatterplot
Expor‘t dataset
EScatterplot E,_';\u’iew multiple scatterplot

The examples 19 and 22 seem abnormal compared with the main pattern of the points. The two
examples with the highest values of HEIGHTM are not the examples with the highest values of
WEITHKG.

We set now WEIGHTKG and BODYMASS in the scatter plot.
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ANAGRA 1.4.24 - [Scatterplot with label 1]

H

Default title

EFiIe Diagram Component  Window  Help

=¥ Define status 1

= Dataset (body_mass_index.xls)

L£ More Univarate cont stat 1
];;‘ Scatterplot with label 1

Data visualization
Feature selection

Spw learning

BodyMaszs

Wigightiy vs. BodyMass

Weighthg

Weightkg g ;

Legend
@ Example ID
O values

Attribute ref.

Regression

Meta-spy learning

Monparametric statistics
Factorial analysis

Spw learning assessment

Compohents

Instance selection
PLS

Scorng

Feature construction
Clustering,

hssociation

@Correlation scatterplot
Export dataset
EScatterplUt

EScatterplDt with label
[ view dataset

E_!\u"iew multiple scatterplot

The two individuals (n°19 and n°22) seem really overweighted.

3.4 Automatic detection

The UNIVARIATE OUTLIER DETECTION component tries to detect the examples that are in an
values.
http://www.itl.nist.gov/div898/handbook/prc/sectionl/prc16.htm. We insert the component into the

abnormal

distance from other

It uses

diagram. We activate the contextual PARAMETERS menu.

EH %

Default title

i TANAGRA 1.4.24 - [Scatterplot with label 1]
E File Diagram Component Window Help

p-value

=% Define status 1

=2 Dataset (body_mass_index.xls)

L #ore Univariate cont stat 1
I;_ Scatterplot with label 1

Execute
Wigw

Data wisualization
Feature selection

Spw learning

wigighthdn vs. Bodyhass

the various

Qutlier detection

Maliteof i

criteria

for Grubbs' test: | 0.05

[ Use Fences for detection

enumerated here

T :
&0 a0 1
Wigightig

Statistics

Regression

Meta-spw learning

konparametrc statistics
Factodal analysis

Spy learning assessmant

Components
Instance selection

PLS

Scoring

ple 1D
Show outliers details
values
[ ok [ gancel [ Hew ]
FAnbuUe ref.

Pararneters | Filtering

Remaoving outliers

[ sigrma rule
O inner fence rule

Cuter fencs rule

according to the following criteria

[ ok [ cancel

J[ Hel

# Linear carrelation
Lfaore Univarate cont stat
A Normality Test

<

Tihe Ore-wany AMOE
[ One-way MANCYVA
=2 Paired T-Test

Lty T-Teest
LmT—Test Unequal Yarance

[ Univariate continuous stat

< + Univariate Qutlier Detection >
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In PARAMETERS tab, we choose to display the details of detected outliers in the report. In
FILTERING tab, we choose to remove the outliers according the last criterion i.e. the OUTER FENCE
rule (see section Erreur ! Source du renvoi introuvable.). We validate these parameters and we

activate the VIEW contextual menu to access the results.

I TANAGRA 1.4, 24 - [Univariate Outlier Detection 1]

ﬁ File Diagram Component Window Help - a
E %
Default tithe ~
= Dataset (body_mass_index.xls) . . . .
L Univariate Outliers Detection
=t Define status 1
L4 More Univarate cont stat 1
. Detailed results for each variable
L Scatterplot with label 1
2 Univariate Outlier Detection 1 Variable Grubbs Stat. Sigma rule Inner Fence rf Outer Fence Rule
Cut:3.1282 L.B u.B Detected L.B u.B d B (¥ Detected
‘WeightKg 2.7598 27,5434 124.B379 0 34,2462 115.8928 A 6287 16,5102 o
HeightM 22610 1.3439 1.9722 0 13268  1.9944 0744 2.2479 a
BodyMass 3.56510 10,2431 45,1181 2 15,6766 35.0964 2 7.1303 46,5417 2
Detected Qutliers
# outliers : 2
n° example # det i ariable(s)
19 thg ; BodyMass
22 1 Bodyiass
Removed outliers (if option activated) : 2
v
Components
Data wisualization Statistics Monparametric statistics Instance selection Feature construction
Feature selection Regression Factorial analysis PLS Clustering
Spw learning Meta-spy learning Spw learning assessment Scaoring hssociation
lif\_inaar correlation hh One-way ANOWA Lm,,T—Tast fll Univariate discrete stat
L dhare Univariate cont stat Iﬂ_%One-way AAMOWS LlhT-Tast Unequal Warance oo Univariate Qutlier Detection
A Normality Test 1% Paired T-Test [HE Univariate continuous stat
£ >

In the first part of the report [1], we observe the limit values and the number of atypical

observations for each criterion.

Detailed results for each variable

Variable Grubbs Stat. Sigma rule Inner Fence rule
- Cut:3.1282 L.B U.E Detected L.BE U.E
Weightig 2, 7598 37,5424 124,5379 0 34,2462 115.8928
HeightM 22610 1,3439  1.9722 0 13289 1,994
BodyMass 3.5810 10,2431 45,1181 2 1B.57RG 38,0944

e For the Grubbs test, at the significance level of 5%, the most extreme value of BODYMASS is an

outlier.

Detected L.B U.B
1 3.6287 146.5102
0 10744  2.247%

2 71303 4e.5417

Outer Fence Rule

Detected
0
0
2

e According to the 3-sigmas criterion, there are two abnormal values for BODYMASS.

e According to the INNER FENCE criterion, there is 1 outlier for WEIGHTKG, 2 for BODYMASS.

e According to the OUTER FENCE criterion, we have the same results as 3-sigmas.

In the second part of the report [2], the details about abnormal examples, according to the

variables, are displayed.
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Detected Outliers

# outliers : 2

n" example # detection Yariable(s)
19 2 Weightkg ; Bodyhaszs
2 1 BodyMass

The example n°19 is abnormal according two variables; n°22 according BODYMASS only.

Finally, in the third part of the report [3], we observe that 2 individuals are removed from the
dataset, according the OUTER FENCE criterion specified above.

Removed outliers (if option activated) : 2

3.5 Descriptive statistics (again)

To evaluate the influence of the removed examples (n°19 and n°22), we compute again the
descriptive statistics, especially the mean, without these examples. Then we compare the results

with the previous values. We insert the UNIVARIATE CONTINUOUS STAT (STATISTICS tab) into the
diagram.

i TANAGRA 1.4.24 - [Univariate continuous stat 1]

EFiIe Diagram Component  wWindow  Help

EH

Defauilt title:

= Dataset (body_mass_index.xls)

-+ ’ —
= £ % Define status 1 Attributes : 3
LA More Univariate cont stat 1 Examples : 43

]&. Scatterplot with label 1

(=2 Univariate Outlier Detection 1

[# Univariate continuous stat 1 Attribute Min

Max Std-dev $td-deviavg
4 Weightkg 42.6376498361328 99.3366470336914) 74,3796 14,1807 0.1907
‘ Heightit 1, 4452600479126 1.59434000205994 0. 1046 0.062%9
\ Bodyhass 17.63366745044453 35, 2752004626465) 26,8400 | 4.1429 0.1544
N L
S Computation time : 0 ms.,
\ = = docd ot LOC CSO00 A0 Ol A4 bt
D ~ Compaonents
Data visualization | Statistics |~ \Nonparametr‘ic statistics Instance selection Feature construction
Feature selection Regression \Faeto\r'ial analysis PLS Clustering
~
Spy learning Meta-spy learning Spw learning assEsement Scorng hszociation
~
[ﬁ'Linear correlation Illh One-way ANOVA LmT—Test S - fill Upiyasstedisessta cta
L are Univariate cont stat l'_%,One-way M AR OV [uT—Test Unequal Wariance 0 nivariate Qutlier Detection
A Normality Test 23 Paired T-Test [ Univariate continuous stat
< |

The deviation is particularly high for BODYMASS.

] Mean for 48 ex. - o

Variable Mean for 50 examples (without n°19 and n°22) Deviation (en %)
WEIGHTKG 76.0402 74.3796 +2.23 %
HEIGHTM 1.6581 1.6623 -0.25 %
MODYMASS 27.6806 26.8400 +3.13 %
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4 Conclusion — Outliers treatment

We choose to delete the outliers in our tutorial. This is not generally the best strategy. Abnormal
examples can contribute highly to the data exploration. There are various approaches which enable
to integrate them in the analysis without their disadvantages (see for instance
http://cc.uoregon.edu/cnews/spring2000/outliers.html).

Another key point of this tutorial (and the studied component) is the utilization of univariate
strategy. It does not take into account the interaction among the variables. Sometimes, an example
is not abnormal on all the variables (individually treated), but abnormal on combination of
variables. We must use more sophisticated method in this context.
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