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When do we do data

anal¥sis?
* COLLECT DATA:

- various methods are used to collect data
- (interview, self administered, records, etc)

* Data entered to a computer
- Use of software (epi-6)

* CLEAN/PREPARE DATA:

- Use of simple frequency
- Tabulation for consistency
- Ascending and descending

* Now it's time to analyze it!
= - look for objectives, type of variables & designs,
#

¥
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Three Steps of Data
Analysis

* Univariate analysis

- Step 1: Examine the distribution of each individual variable

* Bivariate analysis

- Step 2: Describe association between pairs of variables

(only two variables)

* Multivariate analysis
- Step 3: Use a statistical model called Regression (Linear or logistic)
to examine the relationship between multiple independent
variables & a dependent variable

- This is done to gain insight into causal relationships (cause & effect)
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Univariate Analysis

n
the sample by eéxamining and summarizing th

UNIlvariate analysis is the process of describing
e

distribution of each individual variable.

Can be used for all variables, regardless of
level of measurement

Useful to examine the sample against the
source population

It Is also useful to make the researcher familiar
with variables

It can also be used to test variables for
fulfilling assumptions
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Frequency Distribution

Most basic and usually done for categorical
variables

A frequency distribution shows how many cases
correspond to each attribute of a variable.

It is like a “tally” or “count” process of a
categorical variable.

It also can have proportion (Percent)

Once frequency distribution is done, try to see
how it is similar or how it is different from the
source population (discussion)
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Three ways to describe continuous
Variables

1. Central tendency

- Most common values for a continuous
variable

2. Variability (Dispersion)

- How cases are distributed across a set of
attributes of a variable

3. Shape of the overall distribution (symmetry)
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Mean for Nominal Variables
(special interpretation)

* |t is the proportion of the sample in the
“1" category.

* Note: You can convert the proportion to a

percentage by multiplying by 10" .
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Univariate analysis
using
S\S for windows
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Frequency distribution
(Categorical)

* Knowledge of your sample is part of the univariate
analysis

* |t is useful to observe how your sample is similar to the
source population

* |t will also be useful to familiarize yourself with your data

It is displayed through...

Analysis = Descriptive statistics 2
@ Frequency

“2¥. Negussie D., 2010
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Analysis = Descriptive statistics =2

FE 7Emr7:|ID1,rEE u:liata.isav.ri[DataSEt'l] - 5P%% Data Editar | = | = | 2L |

File Edit View Data Transform | Analyze  Graphs  Utilties  Add-ons Window  Help
IE?E E" L o N ad E‘Emﬁ-ﬁ Feports h%%‘
1 id |1 Descriptive Statistics b | 123 Frequencies .. Visible: 10 of 10 Variables
ge Takles J Ea Descriptives...
id i Campare Means ] '%- Explare. .. Samegm ji
er zeneral Linear Model » @ Crosstabs.
1 T m eneralized Linear Models P El Ratio... 00 527,000 :
2 2m Mixed Models b ([ ppopiots.. 200 §18750 [
3 af Correlste b [ o-cPiots 440 $12 000
4 4 f Regression b 1 121500 $1.3,200
5 5m Loglinesr 3 1 $45 000 $21,000
B B m Clazsify b 1 132 100 £13 500
7 7 m Data Reduction b 1 $36 000 $18 750
g g1 Scale b 1 $21,900 #3750
= S f MNonparametric Tests J 1 $27 500 $12 750 ||
Ty = Tulls — e Bers " 1 T4 00 T4 oo " |_
Survival »
. Data View | “ariable View h _ B
; |Frequencies... Tumfle FHLEE:F'DIHSE r =P=% Processoris readﬂ | | | |

I \ ﬁ;‘; I.'i
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Cont...

Variable list

a variable is selectedc"ck here to pass

to the variable list

I Freq encies

L

ﬁ identification numb 3
Faste

il gender [zexno]

d:l marital status [marr ﬁ =
d:l educational lewvel [

d:l verbal fluency - an EemeE

ﬁdepressiun diagrio: Help
45 DATE OF IHTEFW

ﬁr‘.-‘-Tl‘ Oar ninTIld I' —

Dizplay frequency tables

|5tati3ti|::3...| | Chartz. .. | | Format. . |
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Variables

selected Click here to do

the analysis

Bl Frequencies

& oo = gfiablefs}

&7 identification rurmb 3 d:l ElE”_'jEf [zexno]
' d:l rmarital statuz [marm] FPaste

d:l educational level [educ

verbal fluency - anSs
ﬁ depreszzion diagno:
S4DATE OF INTERY
&2 DATE OF BIRTH ( Lancel
& AGE AT LAST BIF LEE
JHIMN PAST FOUR w

I—IIP.I MATT Fol I s

Reset

Dizplay frequency tables

|5tati3tin:3...| | Charts... | | Format... |
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Statistics

educational

O u t u t gender marital status level
LN I R Walid 1435 1346 1366
Missing G 05 75

ne statistics tells us number of valid and missing values of each variabl

Valid percent without

Percent taking into considerjng missing value

consideration missing value

itgl status

Cumulative %
\Cumuative G gmetimes may be

Percent

ssiseful to decide

lissing value

Percent M Valid Percent
Valid Never married 5.1 5.5

currently married or -
cohabiting 52.7 26.4 61'9I'ECOd|ng
separated or divorce 4.0 4.3 66.2

29.6 31.7 97.9

2.1 100.0

In practice we usually take the valid percen
but we should indicate,’N’ as the valid total
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Continuous variables

Looking for Assumptions

* In SPSS, like any statistical analysis, it goes through lots
of assumptions

* Dependent and continuous variables should go through
these assumptions

* These continuous variables should be tested for their
symmetrical distribution

* If not, they should not pass through many methods of
analysis (they should follow non-parametric analysis)

* There are two ways to assess symmetry of a continuous
variable

2¥Y Negussie D., 2010
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1. Assess for symmetry using,
frequency

Analysis =» Descriptive statistics =
Frequency

Under frequency

- Look for ‘statistics’ and click mean, standard
deviation and ‘skewedness’

- Under charts choose for histogram and click
__ the normal curve

‘g:rr Negussie D., 2010 17




Analysis = Descriptive statistics =2

E Employee data sav [Dataset]] - 5P%5% Data Editor | = | =l | X |

File Edit “iew Data Tranzform | Analyze Graphs  Uilities  Add-ons Window  Help

=EHES b o 2EH Repons b % |

1 - iid |1 Descriptive Statistics b | 123 Frequencies... Visible: 10 of 10 Variahles

ge Takles ] Ea Descriptives. ..
idl fd Compare Means J '%x Explare... salhegin ji
er zeneral Linear Model [ @ Crosstabs. .
1 1 m Zeneralized Linear Models P El Ratio... 100 527 000 :
2 2m Mixed Models 2 P-P Plots... 00 #18,750 m
3 af Correlate b | [ o-aPicts... A40 $122 000
4 4 f Regression b 1 521,900 $13 200
) 5 m Loglinest b 1 $45 000 121 000
& B m Classify b 1 $32 100 £13 500
7 7 m Diata Reduction b 1 $36 000 £18 750
g g f Srale b 1 $21 500 $3.750
= S f Monparametric Tests [ 1 h27 500 $12 750 ||
W 0.5 Tine Seris X o emen 7
Survival b
Data View | “ariable View _ B
. |Frequencies... hjgﬂilplzlnle TEE:FDIHSE : =P=% Processar is readﬂ | | | |
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Analysis = Descriptive statistics 2 Frequency

| L =1 =

<# identification nurmber [i W ariable(s): _ Ok
<> gender [zexno] <#r werbal Auency - animal |
@} age in years [age] Faste

<#> marital status [rmarny]

-@ depreszion diagnosis [ III

<#» educational level [educ
Heset

Cancel

Help

v Dizplay frequency tables

Statistics.. Charts... | Farmat. .. |

BFrom statistics, click
Fercentile Walues Central Tendency

[ ] Quartiles Mea
(] Cut poiits for. I:I equal groups ean an d m Ed ia n

Frequencies: Statistics

[ | Percentilefs): | [ Made
Add []Sum
Change - -
Remove Cval ) andard dEVIatIOI‘I
alues are group mi

Digperzian 1ztribLtion
Std. deviati Skewness “
[]varance [ Maximum FlEutoss S kew n e S S
[ ]Range [15.E. mean
~> Negussie D., 2010 19



Analysis = Descriptive statistics = Frequenc

Bl Freguencies E|
<# identification number [i asiabl = - (]
&> gender [semno] “#> werbal fluency - animal |
<#> rnarital status [marm] “#> age in J_"E'E'rg [=g=] ﬂ
@ depresszion diagnosis [« I— {@} educational level [educ Fesest
* ]
Cancel
Help
v Dizplay frequency tables
Statiztics. . Charts. . I Format. .. I
N
Frequencies: Charts E|
From the charts,
~ Chart Type Continue
" Mone
- ) / " Barchartzs Cance!
‘Hist
choose for ‘HISTOQ ra.% - Hel
& Histograms
v with nomnal curve
L ] L ] ‘
~ tick with ‘Normal curv(
//' B\ — Chart Y alues
I'; “':: A, g \"'.l £ Frequencies " Percentages
| 20
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OUTPUT e
verhal fluency

- animal educational
naming score | age inyears level
M Walid 1441 1441 1366
Missing 0 0 75
Mean 15.51 7205 280
l Skewness 633 04 063
ETT Error T SRewness N e————rw

‘ Skeweness

Statistics, tells us how it is skewed, the more it is
nearer to 0, the more it will be normally distributed

verbal fluency - animal naming score educational level
400 500

400 4
300 1

300 +

200 o

200

100 4
Std. Dev =5.63
Mean =15.5
N =1441.00

100
Std. Dev =1.36

Mean =2.9
N =1366.00

Frequency

Frequency

0.0 50 100 150 20.0 250 30.0 35.0 400

25 75 125 175 225 275 325 375 425 10 20 30 4.0 >0

. . educational level
verbal fluency - animal naming score

listogram and the curve shows us how the data are distribut
by 21
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2. Testing for distribution using
explore

Analysis = Descriptive statistics = Explore

Under Explore
- Click ‘Plotes’ and select “Normality plots with test”

Result is found by
- Kolmogorov- Smirnov and Shapiro-wilk

- Q-Q plot test

i

/ :-";i;'-‘-‘ .\
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| ! 2 ) = N
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Analysis = Descriptive statistics =

E D L T b
FI|E Eu:Ilt 'l.u"El.n.l Data

'rr L

Transﬁ::urm

Mder

'E ynungéﬁ

10]
11|
12|

- 13]
14|
15|
16|

17|

(R - R s T - T O e [ PSS Y Sy LW |

‘Yf' Neg ussie D., 2010

Graphs Utilities .ﬁ.dd—nns Window I-

Feports

Descriptive Statistics
Compare Means
General Linear Model
Mixed Models
Correlate
Fegression
Loglinear

Classify

Data Reduction
Scale

Monparametric Tests
Survival

Multiple Response

4 Hl—i el |
Frequencies...

Descriptives...

Sepore. |

Crosstabs. ..
Ratio...

i5 HISTORY
10| ENGLISH
{0 | MATH

10 | MATH
i0|ART

3

3

k

3

N '

, 10|ENGLISH
4

[ 3

3

3

[

' o MATH

Bl
DO(
DO
DO
DOl
DOl
DOl
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Analysis = Descriptive statistics = Explore =

B Explore |£|
> identification number [i Dependent List: Ok
> gender [zexno] #r age in years [age] | Past
c@) rarital status [marm] | 4 . #» werbal Auency - ani | e
> educational level [edur ' - Reszet
#> depression diagnosis [« Factor List:

Cancel
E. Help
Label Cazes by
N
— Dizplay
* Both ¢ Statistice ¢ Plots Statiztics. .. Plats. .. Options...

Inder plOtS Click for

Nnormality plots with tes

£

4 Negussie D., 2010

Explore: Plots

Boxplots

" Mone

* Factar levels together

{7 Dependents together

D ezcriptive

v Stem-and-leaf

I Histogram

* hKone

= Transformed

= Untransformed

v Plormality plots with tests
Spread vz, Level with Levene Test

= Power estimation

Power: I M atural log

[

Continue

Cancel

&=
==
=N

Help
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O UTP L Tests of Normality

F{tjlrnmgmnrltznu—SrnirrmwE Shapiro-Wilk
Statistic df Sig. Statistic df 3ig.
age in years 087 1441 000 964 1441 000
verbal fluency - animal
naming score 101 1441 000 874 1441 .000
4. Lilliefors Significance Correction

If Significant, it
is not normally

Test of Normality distributed
Kolmogorov- Smirnov and Shapiro-wilk are statistics that differentiate
normally

from non-normally distributed, If significant, then it tells us that the data is
not Normal Q-Q Plot of verbal fluency - animal nan
normally’distrb teges nver .

Expected Normal

-10 0 10

Expected Normal

50 60 Observed Value

100

ormal Q-é plot, tells us that if the data is normally
distributed,

w then the red dots should lie on the straight diagonal line -:
Negussie D., 2010




OUTPUT

0 1001 -
The Box Plot also has a lot of utliers,

showing
the data are not normally distrifyuted

Sake T

I E S8

S |
S A,
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Bivariate Analysis

Bivariate analysis is second step in analysis

It Is analysis made to test presence of
relationship between two variables

Describes presence of association between
two variables

Answers the question: Is there a
relationship between these two variables?

It is initial step in hypothesis testing

Negussie D., 2010
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Possible combination

* There are three possible combination
pairs of variable types,

e Combination between:

1. Two qualitative variables
2. Two quantitative variables

3. A quantitative and qualitative variables

2 Negussie D., 2010
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1. Two qualitative variables

* This is when the dependent and the
iIndependent variables are categorical

* The statistics can be done

- Manually,

- Statcalc of EPI-info,

- Crosstab and logistic regression in SPSS.

* Chi square is the usual test of statistics

U .
277 Negussie D., 2010 30



SPSS for Windows

1. Analysis=» Descriptive statistics=» Crosstab

under CrOSStabs

- Put dependent variable to “column” and the independent variables
to “Rows”.

- By Clicking the ‘statistics’ mark the ‘Chi square’, ‘risk’.

- By clicking the ‘Cells’, mark ‘rows’ from the percents.

NB: If a Case-control study, better to click the cells
and mark column

¥’ Negussie D., 2010 31



Analysis= Descriptive statistics=>

C r Master - 5P55 Data Editor
File Edit

Wiew Data  Transform

fnalyze Graphs

Utilities  Window Help

= : Reports L =T [ oo S
Elnlgl | ﬂlﬁl = Descrptive Statistics  # Erequencies... u
|1 - coder E Cusgtom T ables b Dezcriptives...
Compare Means » Explare... -
: Coder respond General Linear Madel  » Crogstabs.
1 irmichelle Comele . =
2lmichelle Regression . 2
Jlmichelle Loglinear » 2
41 michelle Clazzify b 2
Slmichelle Data Reduction b g
§| michelle LES ' 2
= rrichelle ﬂ.nnparal?'uetnn: Testz » 5
8| michelle Time Series ' >
: Survival »
d|michelle M ultiple Bezponze » 2
10f michelle T LAERE 2
11 michelle 11 b |vh 2
12| michelle 12 b |vh 2
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Analysis=>» Descriptive statistics=» Crosstab

| [ semo -

& identification numb|
@ rnarital status [marr
> educational level [t =
> verbal flusncy - ani
> DATE OF INTERY
@ DATE OF BIRTH C
> AGE AT LAST BIR
[N PAST FOUR W
A IN PAST FOUR W
e IN PAST FOUR W
A IN PAST FOUR W
>IN PAST FOUR W -

[T Suppress tables

R owlz]:

B

Colurnnlz]:

& gender [sexna]

Put the independent variables to

=

-

—_—
Reszet |

# depression diagnosis [« Cancel |

“Rows”
(One or more categorical variables)

Help

Frevious | Layer 1 of 1

[ et

/i

S~

The dependent variable to

[T Dizplay clustered bar charts

Statistics...

Cellz. ..

| Farmat... |

“column”

Under

[ Ehi-sauare [ Carrelations Continue
M orminal CQidinal Cancel |
[ Contingency coefficient [ Gamma ——

Hel
[ Phi and Cramér's " [ Somers' d &

[ Lambda

[ Uncertainty coefficient

Hominal by Interval

[ Eta

[ Eendalls tau-b
[ Eendall's tau-c

‘statistics’

‘Chi

[ Cochran's and Mantel-Haenszel statistics

Koo —square’,
[v Rizgk g
[ MecMemar
— ‘risk’.
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Analysis=>» Descriptive statistics=» Crosstab

tmsstab:-;

< zerno -

<& identification nurmb
{{#}- rnarital status [rarrn,
< educational lewvel [e
<#E» werbal flusncy - ani
<#» DATE OF INTERY
<#» DATE OF BIRTH C

Fowis]:
< gender [zexno]

<]

Colurmnilz]:

@- depreszion diagnosizs [«

Fazte
Feset

Cancel

i

Help

5 AGE AT LAST BIR
e IM PAST FOUR

F're-.-'iclusl Laper 1 of 1 M =t

:

Fx N PAST FOUR "/
A IN PAST FOUR
N PAST FOUR
< IN PAST FOUR “w —

[T Dizplay clustered bar charts

T Suppress tables

Statiztics. ..

Crosstabs: Cell Display

~ Counts Continue |
v Observed Cancel |
[~ Expected
Help |
— — Percentages —— Residuals
. | ¥ Riow ™ Unstandardized
[~ Columnn [~ Standardized
[ Tatal [ Adj. standardized
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gender * depression diagnosis Crosstabulation

o u t p u t depression diagnosis
depression
NON-CASE |yl By TOtal |
gen female Count 497 358 855
@7 % within gendef 58.1% 41.9% 100.0%
male Count 420 160 580
% within gendet 72.4% 27.6% 100.0%
rhis is consider Total Count 917 518 1435
% within gendef 63.9% 36.1% 100.0%
s the referent Compare
percentages
Chi-S Test between different
i-Square Tests X r tat
Asymp. Sig. | Exact Sig. | Exact Sig.
. i ) Value df (2-sided) (2-sided) (1-sided)
Pearson Chi-Square 30.571° 1 .000
Continuity Correctio 29.955 1 000 I

Likelihood Ratio 31.089 1 — T 3o that needs
Fisher's Exact Test

Linear-by-Linear

\(I)nmderatlon (for 2xL

N

Association 30.550 1 .000

N of Valid Cases 1435

a. Computed only for a 2x2 table

b. 0 cells (.0%) have expected count less than 5. The minimum expected count
209.37.

°If the variables are of 2X2 table format, take the X2 under the

continuity correction
“If:it is of 2X(>2) take the X? under the Pearson chi-Square
Wf ﬁhy cell in the table has < 5 expected count, choose likelihood

'raﬁo Mishwessis BEx2010 35




Risk Estimate

95% Confidence CO ntl EEN

Interval

Value Lower Lipper
Odds Ratio for gendel
(female / male) .529 421 .664
For cohort depressio e |
diagnosis = non-cas -803 744 \ OR that needs
For cohort depressio ‘
diagnosis = 1.518 1.302 1.77€gnsideration (for 2x2
depression case
N of Valid Cases 1435

1. This table gives us the ‘OR’ or ‘RR’, if and only if the variables
in the model are of a 2x2 table format

2. The first raw value of the independent variable is considered
as a referent in the above OR (1t raw) and RR (2" raw) of the
above analysis result.

3. The second raw value of the independent variable is
considered as a referent in the above RR (37 raw) of the above

-wanalysis.

@

g
s
{f‘ée'
.\~§' -

L | L
e\ g

Negussie D., 2010
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When the dependant is
binary

* We are able to use
- simple crosstabs (as in the above)

- Logistic regression (Binary/ Multinomial)

- If we are using binary logistic regression, the
dependent variable should be treated as
success and failure

- The success should be assigned as ‘1’ and the
failure as ‘0O’

¥
......
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Binary Dependent

Variable
Analysis = Regression = Binary logistic

- Under the binary logistic regression transfer the
dependent variable to “dependent” and the predictor
(only one predictor variable) to the “Covariates”.

- If the predictor variable is categorical click the
“categorical” and by highlighting the variable
transfer to “categorical covariate” and

- by choosing and ticking the reference option (first or
last) and clicking “change” click the “continue”.

- 0C/Ii’ck the “Option” and mark the “ClI for B (Exp) 95
(0)

2¥Y Negussie D., 2010
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1alysis & Regression = Binary logis

Analyze Graphs  Utilities  YWindow Help

Reparts l* % @ ‘
Descriptive Statistics » I__l
Compare Means 4
General Linear Model » F gender adeq
Correlate b MALE
Fegression b Linear...
Loglinear b Curve Estimation. ..
| 3
Llassily | Binary Logistic. ..
Data Feduction b : : -
Iultinarmal Logistic. ..
Scale b .
Ordinal...
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Analysis = Regression = Binary
logistic

Bl | ogistic Regression

#> identification number [id D'ependent:

{%}- age in years [age]

{%}- depreszzion diagnosiz [I

{%}- gender [zexna]

Ok,

Fazte

B Dependent

-@}marital .status [rmarry] Previous | Black 1 of 1 Mt |4vanahja I
> educational level [educ

@ verbal fluency - animal « Ciaovanates:

Cancel

L SERND

Help

[

Select »» |

—~J Independent
variable

Save... | Optionz... |

click the —
Mcategoricaln > gender [sexnc

1st Shade the variable/

2" pass by clicking her

Logistic Regression: Define Categorical Variables

Categorical Covariates:

E3

Continue

Cancel

Flel

Help

— Charnge Contrast

Contrazt: | Indicator

Feference Categon: € Last € First

;I Ehangel
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Analysis = Regression = Binary

logistic

Transferred “categorical covariateg

| Negussie D., 2010

Bl | ogistic Regression

#> identification number [id
{%}- age in years [age]

{%}- gender [zexna]

{%}- rarital ztatuz [marry)
> educational level [educ
#» verbal Auency - animal ¢

Select »» |

Dependent:

{%}- depreszzion diagnosiz [I

I Dependen

Frevious | Block 1 of 1 Mext |—Va¥'ahlﬁ I
Covariates: Cancel
| » SEWN0 =

»a'h

Methord [E ey = *ﬁ Independent

variable

Ok,

Fazte

Eategnrical...l Save... | Optionz... |

Logistic Regression: Define Categorical Variables |E|

Covaniates: Categorical Covariates:

gemnoflndicator]

Continue
Cancel

Help

— Change Caontrast

Contrast; I [ndicator - I

Fieference Categorny: (* Last ¢ First

L fslif

Change
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Analysis = Regression = Binary

logistic

Last or First is
chosen from
your
hypothesis or
you
expektation

Bl | ogistic Regression

#> identification number [id
{%}- age in years [age]

{%}- gender [zexna]

{%}- rarital ztatuz [marry)
> educational level [educ
#» verbal Auency - animal ¢

Select »» |

Dependent: 0k

{%}- depreszzion diagnosiz [I

Fazte

B Dependent

Frevious | Block 1 of 1 Mext | variable |

Covariates: Cancel

o

»a'h

Methord [E ey = §ﬁ' Independent

FEAN0 HE-'||:I

variable

Eategcmiﬂal...l Save... | Optionz... |

Chodose the reference

Last or First

*“then clicking “change”
2¥ Negussie D., 2010
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Covariates: Categorical Covaniates;

Continue

sexnoflndicatorfirzt]]

Cancel

E, Help

Change Caontrast

Reference Category, ¢ Last @ First
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Choosing the referent [NB]

* One or more values of the independent variable is
considered as exposure and non-exposure variable

* The referent of the independent variable is selected by our
hypothesis, experience or changeability of natural
occurrence

* Usually normal occurrence is considered as referent (non-
exposure)

* This postulated reference should be arranged (ordered) as
First or Last.

* We then have to choose this referent according to its place in
order of its existence

Negussie D., 2010 43



Analysis = Regression = Binary
logistic

g Regressic
> identification number [id Dependent: ak,
> age in years [age] E #> depression diagnosis [i
Paste
{%}- gender [zexna]
{%}- rnarital .status [rmarry] Previous | Black 1 of 1 Mt | Fezet
> educational level [educ
“#» verbal fluency - animal r Covariates: Cancel
»ath
Method: £ e ;I

Save...

Select »» | Categoncal...

ogistic Regression: Options

— Statiztics and Plots Continue

I Classification plots [ Comelations of estimates

I Hozmer-Lemezhow goodness-offit [ Iteration hiztory Cancel

v I for explB): |E|5 4 Help

Click the “Option” and

I Casewize listing of residualz

di

At each step At last step

— Probability for Stepwize

E ritry: I.EIE Remowal: I.‘IEI

¥ Include constant in model

Classification cutoff: I.E

b awirnurn [kerations: IED

f

we Negussie D., 2010 44




OUTP

UT

Dependent Variable Encoding

Original Value

Internal Value

non-case
depression case

0 Values of the

Categorical Variables Codings

Parameter
coding
Freguency (1)
gender female 855 .000
male 580 1.000

<————dependent and independent

e referent is female

Parameter code (1) is
given to the exposure (eg here ‘male’)

Negussie D., 2010



Omnibus Tests of Model Coefficients

Chiz df Sig.
Step1l Step 31.089 1 .000
Block 31.089 1 .000
Model 31.089 1 000
\‘ Scores

The omMNibus tests of model coefficients tells us how

much variables in the model predict the outcome variable
(it is similar to R? in linear R)

21t is the difference between (-2LL when only constant is
added) and

(-2LL after va idded)

Model Summary

-2log |Cox & Snell | Nagelkerke Scores
Step likelihood R QHIImr
1 1845.826 .021 .029

controversial, but some mention that it represents the R-Squar

h is the percentage that the model predicts occurrence of
outcome variable
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OUTPUT

Variables in the Equation

95.0% C.l.for EXP(B)

df Sig. Lower Upper
.000 421 .664

.000

Step  SEXNO(1)
1 Constant

a. Variable(s)
Here the B is the regressjon coefficient thgt depicts the slope and

the
interception. It is the cllange in logit of the outcome variable

associated with a one unjt change in thie predictor variable.

Wald statistics has a chi-square digtribution

The most crucial and more displayed for the interpretation of
logistic regression is the value of Exp (B) and its 95% CI, which

is the change in odds resultingdeQehaivgit dl-wange Rislhe predictor
= >

0 +1

he Exp (B) odds ratio and its 95% CI are the only result usually

" displayed
¥ Negussie D., 2010 a7




How should we display

Exp (B)

N

OR (95% ClI)
Sex

Male 1.00
Female 1.86 (1.05, 2.46)

Residence
Urban 1.00
Rural 2.78 (0.78, 5.64)

Marital status

Single 1.00

Married 0.67 (0.25, 0.89)
 Divorced/widowed 1.82 (1.04, 2.56)

\ ey \/ f 48
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The interpretation Is as
follows

non-Exposure (so referent)

OR (95% Cl)

Sex
Malé 1.00
Femal 1.86 (1.05, 2.46) (becoming a female is

Risk %\ Exposure

Residence There is no statistical difference b/n
Urban 1.00 Urban and rural residents
Rural 2.78 (0.78, 5.64)

t{a‘/uon-Exposure (referent)
Marital status
Single 1.00 Getting married is preventive
Married. 0.67 (0.25, 0. 8%{
- Divorced/wi ed 1.82 (1 %hZ .56)

ere as getting divorced or widow
Exposure 49 s risk

; ‘~_ Negussie D., 2010



2. Two quantitative
variables

e Uses a correlation matrix

e Pearson’s correlation is used, when the two
variables

- are continuous and
- are symmetrically distributed

e Therefore, we should test the variables for their

symmetry

* |If they fulfill for symmetry, we are able to analyze

using the Pearson’s correlation matrix

Negussie D., 2010
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SPSS for windows

* Analysis = Correlation = bivariate

= Untitled - SPS5S For Windows Data Edibor
Eil= Edit Yiew Data Transform PENETECE Graobe  Utitie:  Window Help

o[ |5 B =] )] x| Reoots .
Hls) =] =] = Descriptive Statistics  » I;':EIHE'I ||
Compare Means (2 =
General Linear Modsl »
I Wall Wl s |'r|:—I.E|'.E! [ ]
1 Begression »
Loglinear "
2 Classify »
Data Reduction »
3 Scale L
4 Mornparametric Tests »
Survreal "
5 Mulbiple Response »
i
Fi
_ 8 - |
4] L
‘) Ervanate |SPSS for Windows Processor is -
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Cont...

* Analysis = Correlation =» bivariate

1st Select continuous 2nd Pass by clicking here

variables Finally click here
To see for result
Wl Bivariate Correlations x
& identification nurmbe — d:l werbal fluency - animal
{Igender [sexna] — ﬁ.ﬁ.GE AT LAST BIRTHI
3 rd S e I e Ct ;[I rnarital status [marr ﬂ d:l educational level [educ
ﬁ deprezsion diagnos
Pearson S5 DATE OF INTERWI
S5 DATEOFBIRTHC Hel
Or make IN PAST FIIIR wi ™

its
selection

ﬂf" Negussie D., 2010

Correlation Coefficients

Test of Signifizance

Pearson [ |Kendal'ztaub [ ] Speaman

(%) Two-tailed () One-tailed

Flag zignificant correlations

Options...
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* When the continuous variables are symmetrically
distributed we choose ‘Pearson Correlation’

Correlations

verbal fluency
- animal

verbal fluency - animal Fearson Correlation
naming score Sig. (2-tailed)
M

AGE AT LAST educational

AGE AT LAST BIRTHDAY  Pearson Carrelation
Sig. (2-tailed)
|

educational level Fearson Carrelation
Sig. (2-tailed)
| 136kR

1366 1366

. Correlation is significant at the 0.01 level (2-tailed).

Negussie D., 2010
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The result of analysis

e Pearson’s Correlation Coefficient
(r)

- Tells you two things about the
relationship:
1. Strength?
2. Direction?

- Also, the p-value:
3. Significant?

Negussie D., 2010
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1. Strength

* How strong is the relationship?

* Look at the value of r (Pearson correlation)

* How big is the number?
- 1.0 (-1.0) = Perfect Correlation
- 0.60 to 0.99 (-0.60 to -0.99) = Strong
- 0.30 to 0.59 (-0.30 to -0.59) = Moderate
- 0.01 to 0.29 (-0.01 to -0.29) = Weak
- 0 = No Correlation

Negussie D., 2010
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2. Direction

* What is the direction of the relationship?
* Look at the sign of ¥

* Positive (+)
- Both variables move in the same direction
- If one is going up, the other will go up too.

- OR, if one is going down, the other will go
down too.

* Negative (-)
- Both variables move in opposite directions
- |If one is going up, the other will go down.
- OR, if one is going down, the other will go up.

Negussie D., 2010
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3. Significant

* The significance is illustrated by its
P-value

* When P-value is below 0.05, then
we consider the correlation iIs
statistically significant

Pt T

%ﬁ A A
L _s‘.-.g.»e"g \:‘3‘
A Ko
I Yeoay BA
iR "l
L A
“u\ g [
b 4
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Cont...

* When the variables (especially the
dependent) are not symmetrically distributed

- We should follow non-parametric correlation using
= ‘Kendall’s Tau_b’ or

=‘'Spearmans rho’

RN
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Analysis & Correlation 2

Ihivimnrrintka

] Untitled - SPSS for Windows Data Editos

File Edit Yiew Data Iranstorm [EREncal Graphs LUtikies ‘window Help

|| 5] =] | )] &= Heeots '
=S =] 2] = Descriptive Statistics  » i[5
Compare Means » =
General Linear Model »
val Jal b
1 HRegression *
Logglnear (3
2 Clazsify (2
Data Reduction »
3 Scale »
4 Monparametric Tests  »
Survrval »
h Fulbiple Responzs *
i
Fi
S b -|
s Y| I gLl
(s ) Bivasiate |SPSS for windowes Processaris

NS Negussie D., 2010



Analysis =>» Correlation = bivariate

Il Bivariate Correlations

&7 sema ~ W ariables: | ——1
& identification nurmbe d:l werbal fluency - animal
ol gender [sexnc] B & BGE AT LAST BIRTHI Fazte

d:I marital statuz [marn, I:I d:l educational level [educ Flecat
ﬁdepressinn diagnos —_—
&2 DATE OF INTERWI alancels
SEDATE OFBIRTHC Help
HlIMN PAST FOLIR Wi ™

Carrelation Coefficients
Pearzon endall's tau-b ﬁ S pearman

T ezt of Significa
() Two-tailed () Ore-ghiled

N . Cptions...
Flag zignificant correlghions il

Similar to Pearson c.
I But select Kendall's tau-b and Spearman rho
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* Similar interpretation of the correlation coefficient

Correlations

I" and P-value

verbal fluency
- animal
naming score
kKendall's tau_h verbal fluency - animal Carrelation Coefficient ~1.000
harming score Sig. (2-tailed) :
i 1441
AGE AT LAST BIRTHDAY  Correlation Coefficient -8
Sig. (2-tailed) T
F 1441
educational level Correlation Coefficient 283 7y 1.000
Sig. (2-tailed) oo 382
i 1366 1366
Spearman's rho  werhal fluency - animal Carrelation Coefficient 1.000 -.026
naming score Sig. (2-tailed) . AT
4 1441 1441
AGE AT LAST BIRTHDAY  Correlation Coefficient - 026 1.000
Sig. (2-tailed) i :
i 1441 1441
educational level Correlation Coefficient AT 023
Sig. (2-tailed) Rujujn; 306
4 1366 1366

. Correlation is significant atthe 0.01 level (2-tailed).

Negussie D., 2010
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3. A qualitative & a quantitative

variable

* Here you can look at a difference in mean
values between two or more groups

* Statistics of significance is made by:
- ‘Students t-test” for two groups, and

- ‘F-test’ for more than two groups

* P-value is seen to judge for significance
- P < 0.05, =it is significant

- P > 0.05, =it is NOT significant
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SPSS for windows

* |f the dependent variable is symmetrically
distributed, look for the independent variable

1. If it is categorical and binary type,
= Use ‘students t-test’.

Analysis 9 Compare means'"9ePendent
>
samples t-
test

TN

Saa
(& 30 Wy
(28|
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Analysis & Compare iIndependent

means 2>
| iuloral - SHESS Ehala B
Fie Eckt Yew [Dais Trercfom JEEHER Graphs Utlie: Window Help -
i 3 —
T e T e W
b Ji Mesn..
- Geness Lines Mods] » One-Jampls T Test —
id | = | he al  [Conelae b ndersradant-Sampkes T T4
- Regession b : . o
1| 1EREAREAR 3 ] L
7 22| 58| 113 Clazsiy ¥l 5[ 6] ¢/ B
[iala Reduchon b
Ml 31|67 145 | 1R | 6| 4| 3| 3
Sirereal ""." ]
4 4 E_EE- 156 | 1 g ; 7| 6| 5| &
4 S12163| 106 1[T] s7T 4] &1 B| & & 4| 5
Bl 6|1 72| 1| @a|2| 5| 4| 4| 5] 3| 2| B 1
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Within independent samples t-test.....

* Select the continuous variable to the ‘test
variable’ space and the binary variable to the
‘grouping variables’.

* Define the independent variable as their labeled
number, and click the ‘Ok’.

* This will give you the mean
difference and its significance using
- ttest.

“2¥. Negussie D., 2010
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B Independent-Samples T Test

Cgl:- age in years [age]
{#}:} gender [zexno]

rmarital status [marry]

> viybal fluency - anim

\educational level [edu

-@} deprsazion diagnosis [i

> identification nurmber [i Test Variable[s]

Grouping Y anable:

Drefine Groups... |

Ophions... |

Define Groups

v Usze specified values Continue
Group 1: Catizel
Group 2 Help

" Cut point;

606



Eg. Sex vs Verbal fluency

I Independent-Samples T Test

> identification nurmber [i
-@:‘ age in years [age|

{#}} marital zkatuz [marm)
& educational level [edu
@ depression diagnozis [o

T ezt Variable(z):

Grouping Y anable:
gepno[? 7

Lrefine Groups... |

A
o

&> verbal flugncy - animal

Ophions. .. |

X

OE.

Faste

Heset

Cancel

Help

Define Groups |E|
¢ Usze specified values Continue E g ‘ S exno ! | S
Group 1; |1 Cancel deﬁ ned
Group 2 |2 Help 1 F I
" Cut paint; . cMmale

2. Male
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OUTPUT

Group Statistics

gender N
verbal fluency - anim. female 855
naming score male 580

15.24
15.95

Std. Error

td. Deviation| Mean
5.711 .195
5.493 228

The group statistics tells us the mean of animal naming score among
males and females

Independent Samples Test

Levene's Test for

Egualitz of Variances

t-test for Equality of Means

95% Confidence
Interval of the

Levene’s test for equality of variances
tests assumption of homogeneity of

variance,

if it is not significant, we could say that
‘EQUAL VARIANCES ASSUMED’, thus to

b S

take from first raw.

{Ifif was significant, it could be said that
"EQUALMARIANCESINOT ASSUMED, and

Mean Std. Error Difference
F Sig. t df Sig. (2-tailed) | Difference | Difference | Lower Upper
verbal fluency - anim. Equal variances .
naming score assumed .643 423 2.336 1433 .020 -71 .303 -1.300 -.113
Equal variances
not assume | = 300 | -1.296 -118

The t-test is a test that
tells us the mean
difference observed on
animal naming score
among males and
females, is statistically
significant.
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SPSS for windows

* If the dependent variable is symmetrically
distributed, look for the independent variable

2. If it is categorical and hon-binary type,
=>» Use F-test.

1. Analysis & Compare means = One-Way
ANOVA

\nalysis > Regression -» Linear

)

©” Negussie D., 2010 69



1. One-Way ANOVA

1.Analysis @ Compare means = One-Way
ANOVA

* Select the continuous variable to the
‘dependent list’ space and the categorical
to the ‘factor’.

* After Clicking the “options”, choose the
- ‘descriptive’
- ‘Homogeneity of variance’ and
- ‘Means plot’

“_" Negussie D., 2010
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Cont...

* After clicking “Post Hoc”, choose
“Tukey’, click the ‘Ok’.

- This will give you the mean difference
between and within group difference
and its significance using F-test.

- It also gives you Regression
coefficients (the intercept and the slop)

2¥Y Negussie D., 2010
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1.Analysis @ Compare means = One-Way

Figure 11.1

File Edit View Data Transform BEGEVEER Graphs  Ukilities

=S T

1 : gender

fqender

1.00

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

O~ M| =]k —

«» \Data View A Variable View f

2.0
2.0
2.0
2.0
2.0
2.0

2.007

2.00
2.00
2.00
2.00
2.00
2.00

Reparts

Descriptive Skatistics
_ompare Means
izeneral Linear Model
Correlate
Regression

Classify

Data Reduction
Scale

Monparametric Tesks
Multiple Response

b
b
b
b
b
]
]
]
]
b
b

fdd-ons  Window  Help

PI_. % @

Means...
Cone-Sample T Test.,..

Independent-Samples T Test, ..

Paired-3amples T Test, ..

ndom | perfo .

I
I
i
g

1.0
1.00
1.00
1.00
1.00
1.00
1.00

2.
2.0
1.0
2.0
2.0
2.0
2.0

0
0
0
0
O
0

b.20
B.20
B.20
b.20
5.80
3.80
B.20
b.20
b.20
b.20
B.20
5.80
b.20

N one-way ANOVA

ST
| S M4
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Analysis & Compare means = One-Way

Il One-Way ANOVA

“#> identification number [i Dependent List Ok
#» age in vears [age]
Past

@ gender [sexno] _as §
@b arital ztatus [marry] Fezet
> educational level [edu —

: Canicel
> vixbal flusncy - anima —_—
@ deprésgion diagnosiz [o [T Help

»
Contrasts. .. | Fogt Hoc... Ophions. .. |

One-Way AMOVA: Post Hoc Multiple Comparisons

— Equal *ariances Aszzumed

[~ LSD [~ 5HEK [~ waller-Duncan Under “ POSt HOC", and
[ Bonferoni v Tuke Twpe [/ Tope || Emar Batic: |1EIEI Choose
I Sidak r Tukem

[™ Scheffe [™ Duncan Contral Categany: " -
[ REGMWF [~ Hochberg's GT2 I—Tegt

[~ REGWO [ Gabriel % Zzided < Control @ Control o~

“Tukey’

— Equal Y arances Mot Aszumed

[T Tamhane's T2 [ Durrett's T3 [ Games-Howell [ Dunnett's C

Significance level: I.I:IE

Continue | Cancel | Help




e.g. Verbal fluency Vs Marital status

Il One-Way ANOVA

Diependent List:

ak.

#> identification nurmber [i
{E} age in years [age]

#» gender [sexno]

#» educational level [edu

]

@ depreszion diagnosis [i

Factor:
-(ff} marital status [marn

]

Contrasts. .. | Pozt Hoc...

#» verbal flugncy - animal

Options. .. |

Faste

Heszet

Cancel

Help

Under OPTION choose

Statiztics
D ezcriptive
[~ Fixed and random effects
j
[ wielch

Descriptive

R

A
5“4 Means plot
“2¥" Negussie D., 2010

p\

Homogeneity of variance te
— Mizzing Y alues

haal One-Way ANOVA

: Options

ContinLe

Cancel

i,

Homogeneity of vanance test Help

Brown-Forspthe

keanz plot

* Exclude cases analyzis by analysiz

" Exclude cases listwize
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Descriptives

0 UTP UT verbal fluency - animal naming fcore |

95% Confidence Interval for
Mean

N Mean td. Deviation | Std. Error |Lower Bound [Upper Bound | Minimum | Maximum
Never married 74 15.42 5.581 .649 14.13 16.71 6 35
gg:aegii'% g’ar”ed or 759 16.27 5.471 199 15.88 16.66 0 36
separated or divorce 58 17.55 6.319 .830 15.89 19.21 5 32
widowed 427 14.36 5.466 .265 13.84 14.88 0 42
not known 28 10.07 2.340 442 9.16 10.98 4 17
Total 1346 5.600 .153 15.24 15.84 0 42

The group descriptive statistics tells us*the mean of animal naming

score among different nradtitah@taituisty of variances

verbal fluency - animal naming score

Levene
Statistic dfl df2 Sig.
5.597 4 1341 .000

Levene’s test for equality of variances, tests assumption of
homogeneity of variance, if it is significant, we could say that EQUAL
VARIANCES NOT ASSUMED, thus we could say that we have
violated assumptions in ANOVA and we shawd use other methods

verbal fluency - animal naming score

um o
Squares df Mean Square F Sig.

Between Groups|i2064.896 4 516.224 17.258 .000
Within Groups 111.191 1341 29.911
Total 176.086 1345

(::,The ANOVA statistics tells us that there is mean difference

\"_in'animal naming score between groups that is statistically
W< Negussie D., 2010 75




1ere the mean of a single value P-value for
s compared with mean of other values the difference
And is displayed by mean differe

ultiple Comparisons

Dependent Variable: verbal fluency - anima@akeming score

Tukey HSD
Mean
Difference 95% Confidence Interval
(1) marital status (J) marital status (1-)) Std. Error ig. ower Bound | Upper Bound
Never married Eg:aet?ittli)r/nénamed or -85 666 . 267 97
separated or divorce -2.13 .959 . -4.75 .49
widowed . .689 . -.83 2.94
not known . H 213 . 2.03 8.66
currently married or Never married . .666 . -.97 2.67
cohabiting separated or divorce ) .745 . -3.32 .75
widowed . H 331 . 1.00 2.81
not known . H .052 . 3.32 9.07
separated or divorce« Never married . .959 . -.49 4.75
Eg:aegitt%gﬁarr'ed o 745 . -.75 3.32
widowed . H .765 . 1.10 5.28
not known . H .259 . 4.04 10.92
widowed Never married . .689 . -2.94 .83
Curently marred or e
separated or divorce .19% .765 . -5.28 -1.10
not known . H 1.067 . 1.38 7.21
not known Never married . H 1.213 . -8.66 -2.03
gg:sgitt'%g“amed or 1.052 : -9.07 -3.32
separated or divorce .48% 1.259 . -10.92 -4.04
widowed H 1.067 -7.21 -1.38

*.The mean difference is significant at the .05 level.

_ple comparison statistics (Tukey) tells us that for presenc
dlﬁél‘ﬁgngSIAtb animal naming score between groups and W|th|7|g




15

16 4

14 4

12

10 4 1

Mean of verbal flugncy - animal naming score

o
Mewver married separated ar divorce not knosen

currently rmarried or weiclowe e

marital status

Th|s ives graphical representation of mean score of
~verbal fluency by marital status

Negussie D., 2010
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<. ANAlYSIS =2Rkegression
=>Linear

* Select the continuous variable to the ‘dependent’ space
and the categorical variable to the ‘independent’.

* After Clicking the ‘statistics’, chose the ‘estimate’, ‘model
fit’, ‘confidence interval’ and ‘R squared change’ and click
the ‘Ok’.

- This will give you the mean difference between and
within group difference and its significance is measured
using F-test.

- It also gives you regression coefficients (the intercept
and the slop)

- (the 5 = slop, gives you positive or negative relationship
between the predictor and the Outcome Variable)

(0 ©i - Italso gives you R?which is the explanatory or prediction

\ W Eower of the model in predicting the outcome variable.
7 Negussie D., 2010 78




2. Analysis 2Regression
=Linear

E Employee data sav [Data~et1] — 5P3% Data Editor | = | =l | 23 |

File Edit wiEny Data Transfarm Analyze Graphs Litilities  Add-on= Waird oy Help
E’E E" L alad ‘fmﬁ'a Reports r %%ﬁ
|1 id |1 Dex=criptive Statistics k “izible: 10 of 10 “ariables
Tahles ]
Qe
icd hidl Lompare Means * | jobcat salary salbegin ji
er zeneral Linear Maodel ]
18 19 m Generalized Linesr Models b 1 F42 300 B14 250 é
20 20 f Mixed Models b 1 $25 250 $11550 |
21 21 f Correlate b 1 358,850 15,000
22 22 m Redres=sion ] ._ﬁ. Linear ... B12 750
23 23 f Laglinear ] Curve Estimation. .. 11,100
24 24 f Clas=sify ] pr's FPartial Least Squares... 5,000
25 25 f i 3 9 000
Dt Reduction ._.;.R.;, Binary Logistic. ..
26 26 m Scale [ B2 ,EDD
a amr MUtinomial Logistic:. ..
27 27 m Monparametric Tests | R ) F27 480 ||
orn 2rdinal. .. -
e AR Time Series ] 'M"’—F'm—l_l_
4 i : R, Prob... 2
Surwival ]
Data View “Wariable Wiew R ;
: | _ hultiple Response p | HLE Maonlinear ...
____U—_'_'T'EE"’--- | - R nisicit Estimation P Lorr
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\nalysis 2>Regression 2Linear

Il |inear Regression

<> identification nurber i
“#> age in years [age]

> gender [sexno)

< marital status [marry)
aN\educational level [educ

Dependent:

o

Fazte I

tevious | Block 1 of 1 [ ext I

Fezet |

Independent|=]:

Cancel

L,

kM ethod: IEntE:r TI

Help

Selection ‘¥ ariable:

Caze Labels:

Fule... |

]

Aftel: Cl_icking the

‘estimate’,

WS »x | Statistics...l Flots. .. Save. . I Options. .. I
B L H = : = ‘ L
- | ‘s S
— Rege Icients v Model fit Qe Continue
v Esztimates v B squared change |
[ nfidence intervals v Descriph T

[ Cova

[T Part and partial correla

[T Collinearity diagnostics

Help

— Reszidualz

[ Durbin® atzon

[T Casewise diagnostics

= Al cazes

¥ Outliers outzide |3 standard dewviations

——

\ ‘MOdeI ﬁt',
‘R squared
mge'\
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OUTPUT

Model Summary

Change Statistics

a. Predictors: (Constant), m

Adjusted | Std. Error of | R Square
Model R R Square | R Square |the Estimate| Change |F Change dfl df2 Sig. F Change
1 1932 .037 .037 52.271 1 1344 .000

.037 5.496
arital status

The Model summary shows you the R? which tells us how

much the predictive Variables explains out come
variable, here in this example, it is 3.7 %.

Sum of
Model Squares df Mean Square F Sig.
1 Regression | 1578.905 1 1578.905 52.271 .000°
Residual 0597.181 1344 30.206
Total E2176.086 1345

a. Predictors: (Constant), marital status

b. Dependent Variable: verbal fluency - animal naming scofe

ANOVA statistics also tells us whet

test.

- Negussie D., 2010

r the explanatory
variable predicts the outcome variable well using F-
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OUTPUT

Coefficient®

Unstandardized Standardized

1 Coefficients Coefficients D5% Confidence Interval for B
Model Std. Error Beta t Sig. Lower Bound |Upper Bound
1 (Constant) 344 51.718 .000 17.105 18.454
marital statu 112 -.193 -7.230 .000 -1.027 -.589

a. Dependent Variablejverbal §fluency - animal naming score

1. The B is the coefficient that each independent variable

contributes to the
dependent Valiable, it is also the indicator of (R = slop), and
the intercept that crqsses X value at 0.

It tells us to what extent (degree) each predictor effects the
outcome, if the effects\of all other predictors are held constant.

The equation will seem
Verbal fluency score = B, + B,x Marital status + ........

=17.78 - 0.81x Marital status + ........

Negussie D., 2010



3 . Coefficientd 4 .

Unstandardizd Standardized
Coeffigients= 2 Coefficients D5% Confidence Interval for E
Model B \ Std. Error Beta t Sig. Lower Bound |Upper Bound
1 (Constant) 17.779 344 51.718 .000 17.105 18.454
marital status -.808 112 -.193 -7.230 .000 -1.027 -.589

a. Dependent Variable: verbal flughcy - animal naming score

2. The starfdard error, if/its value is/minute that could
give insignificant chz nge to the/MS (slop) when added
or subtracted, ther/it can show that its 5|gn|ﬁcance

3. Standard coefficient may e useful and gives a good
estimate through relatiyé estimation using stanaard
deviation

4. Studentst-test is the statistics that estimates the
significance, and the upper and lower 95% Cl, are
significant if both become Negative or Positive.

¥’ Negussie D., 2010 33



Asymmetrical Dependent Variable
Use non-parametric analysis

1. Mann-Whitney Test

Analysis=» Nonparametric tests =2 independent
samples

within 2 independent samples

Select the dependent variable to the ‘test variable list’ space and the
independent variable to the ‘grouping variables’.

. Click ‘Mann-Whitney U’ and ‘Kolmogorov-Smirnov Z’

* Define the mdependent variable as their labeled
number, and click ‘Ok’.

;ﬁ*@" This will give you the ranked mean difference
e addls sighificance using Z score. "
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Mann-Whitney U Test

Test Statistic®

Ranks verbal ﬂuency

- animal
gender N Mean Rank |Sum of Ranks naming score
verbal fluency - anim female 855 700.21 | 598676.02 Mann-Whitney U 232736.000
naming score male 580 74423 | 431653.99 Wilcoxon W 598676.000
Total 1435 Z -1.979
Asymp. Sig. (2-taile .048

a. Grouping Variable: gender

Mean rank of animal scoring by sex

Kolmogorov-Smirnov Test Test Statistics
verbal fluency
- animal

_ naming score

Most Extreme Absolute .082

Differences Positive .082

Negative -
Kolmogorov-Smirnov Z 1.528
Asymp. Sig. (2-tailed) .019

Negussie D., 2010

a. Grouping Variable: gender
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