Co

soft <& GENIUS

Genius Data Science

Q link
Business Partner

Wersion 31.0.0.0¢117

IBM SPSS Statistics

License: 1BM SPSS Statistics

/H @

®

s

aocCco

Licensed Wisterials - Property of |BM Corp. & Copyright |BM Gorparation 174

5. 1BV, 1B Iogo, ibm com, and SPSS are trademarks or registered
trademarks of Intemational Business achines o, registered in many jurisdictions worldwide. Acument list of |BMtradernarks is available on the
Web at www ibm comegal-copytrade shtml. Other product and service names might be trademarks of |BMor other companies . This Program is

licensed underthe terms of the license agreement aceompanying the Program. This lizense agreement may be either lacated in a Program directary

folder or ibrary identified as “Licenseor *Non_|Bl_License", if applicable, or provided as a printed license agreement. Please read the agreement
carefully before using the Program By using the Program you agree to these terms

A7 "IN
NIdIYN 0I"1*'1 ,0"IN] |y

2025 nanvo0



Cpsoft Coeus [

Genius

Meni@genius.co.il =

SPSS Israel -j7120"9n nxiajp -

www.dataninjapro.com -

https://github.com/Dataninjapro -



mailto:Meni@genius.co.il
mailto:Meni@genius.co.il
mailto:Meni@genius.co.il
mailto:Meni@genius.co.il
mailto:Meni@genius.co.il
http://www.dataninjapro.com/
http://www.dataninjapro.com/
http://www.dataninjapro.com/
http://www.dataninjapro.com/
https://github.com/Dataninjapro
https://github.com/Dataninjapro
https://github.com/Dataninjapro
https://github.com/Dataninjapro
https://github.com/Dataninjapro

Cpsoft < GENIUS

Genius

IBM SPSS Statistics v.31.0




Cosoft < GENIUS

Genius Data Science

SPSS Al Output Assistant

Ihd9onn ¥ an7'nn
27w SPSS -n 079 YINN NNPAIMEDMN20N ,NIRWAS 2907 N'MMIDR AN N1A7 (NI qTvmn LLM -n nx 2na
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| T8 Al Output Assistant X

Current Al model-  ibmsgranite-3-8bh-instruct Chﬁﬂge maodel... | @ The Al Qutput Assistant uses IBM Al technology to offer insights into the meaning and significance of your output From this location you

can select the output content and madel to use for evaluation. You can also set a custom prompt that will build upon the results of your
previous inquiries

Current Al model. ibmrgranite-3-sb-instruct
Objects to il"quIiI'E! about: O All O Allvisible @ Selected watsonx ai account.  Using own account

Objectsto inquire about. © All © Allvisible ® Selected

watsonx.ai account:  Using own account Edit account...

Ask the selected Al model about your output:

Askthe selected Al model about your I:ILItpLIt: Professional Statistical Interpretation =

Execute your inquiry against watsonx ai using the selected model and your chosen prompt H Preview Al Inquiry I

Professional Statistical Interpretation

Preview
3 Varmbie 31 1.50010.15012.65710.00310.05010.150 =

Professional Statistical Interpretation

Interpretation:

1 R-squared © 59 and Adjusted R-squared (.621): These values indicate that approximately &5
between R-squared and Adjusted R-squared suggests that the mode! might be siightly overfiting the data

fihe variance in the dependentvariable can be explained by the independent variables, respectively. The slight difference:

Executive Summary for Business Stakeholders

|n5tr|_| EtiDr‘IEIl Summa fnr Studentg M= . ) 2 Regression Sum of Squares (10003: This valug represents the total variance explained by the regression model
r'_'r" | iTE View or Edit Al Prompt X |
) ) ) ) | 3 Residual Sum of Squares (1500): This value represents the total unexplained variance.
D 1a g no St Ic REI"ﬂ =) ﬁ:lr D at a [] La | It‘.'fr g Al prompt text: | 2 F-statistic (50.000) and its significance (0.000): The F-statistic is significant, indicating that at least one ofthe predictors in the model is significantly related to the dependent variable
EHTET Flrnmp-t ME”UE”Y | am a statistician analyzing output from IBM SPSS Statistics. Below is the text extracted from an SPSS procedure output (e.g, | | 5 coefricients:
| regreSS\Un, CU”’E'E“UFL or deSCrIpTIVe st a“S“CSj' -Variable 1: The unstandardized coefficient (B = 3 500) indicates that for every one-unit increase in Variable 1, the dependent variable is predicted to increase by 3.500 units, holding other variables constant The standardized coefficient
(Beta =0.350) Wariable 1 has a moderate effect on th D variable The t-value (5 333} and p-value (0.000) indicate that this relationship is statistically significant
Please help interpret this output and extract meaningful insights such as: ~Variable 2: Simiarly, for every ong-untincrease in Variable 2, the dependent variable s predicted to 2.000 units. coefficient (Beta = 0.200) Suggests a weak to moderate effect, Thet-value (35711 and p-value |
- The interpretation of coefficients, p-values, R-squared, correlations, or test statistics. e e
- Any trends or notable patterns you notice in the data. | - Variable 3: For every one-untincrease in Variable 3, the dependent variable is predicted to increase by 1.500 units. The standardized coefficient (Beta = 0,150 suggests a weak effect The t-value (2.647) and p-value (0,009} indicate that this
| -lssues that might need attention (e g, multicollinearity, missing values, insignificant predictors. reiatnship s statisticaly spnificant.
L Suggestmns for additional ana|y3i5 or improvement. & o multicollinearity issues are apparent from this output, as the Variance Inflation Factor (VIFyfor each predictor is not provided. However, if VIF values were high ¢=5), it would indicate multicollinearity.

7.Missing values: The outputdoes not provide information about missing values. if there were missing values, it would be important to investigate theirimpact on the analysis.
Treat me as a fellow professional - I"'m looking for technically sound insights with explanations. |

8. Additional analyss. To further undrstand the relationships between the variables, consider creating scatter plots or partial regression plots. Additionally, you might wantto exp bets p sif

This content h by an. Hisnot. SPSS autput. b courate, complete,
critical details independently before use.

T I¥]

AndmOulpul][ Cancel ][ Help
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Distance Correlation Coefficients?®

Confidence Interval (Permutation, Sig. Level = 0.05) | 95.00% Confidence Interval

Variable | dCor Value Lower Upper Lower Upper Sig.

Avs. Y 2660 0507 3010 0000 L6339 0400
a. Mumber of Replicates (R) = 100

Correlations < T
X Y O
X Pearson Correlation 1 -131 o ’ 'OTRIN? YWY TNIN'R
Sig. (2-tailed) 582 Y ] NN W N Tym
N 20 20 T ] | :
Y Pearson Correlation ~131 1 ’ \ s (ﬁ'X'?IYJ'O ']Iﬂ])
Sig. 2tailed) 582 - T moer®
N 20 20 x
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Conditional Inference Trees

CIT
Yy 7w nwTN NNYwn
'0012N 0D'LVNI9-X NLV7NN

CHAID CIT

Multi Level

Classification 3 Levels Confusion Matrix - Accept_Cashcard
N - 71¥'97 MV p-value
Percent Cbserved MO YES Total nyljnl Dlvuon .0O1IN1A
Observed o MO 1YES Correct {[a] 11245 3 14489
o MNO w0E0F 3680 85080 YES 4751 13912 18663 I7” oolanNnN All'oa NI*LN
1YES 4893 13770 73.8% Total 25994 17156 43152 T I I
Overall Percentage 59 6% 40 484 B0 1% Correct: count: 35157, Percentage. s1.47 3 Levels -0"nAaion II 10 jl_’

Growing Method: CHAID

Dependent Variakble: Accept_Cashcard Acceptthe new cash Confusion Matrix - Accept_Cashcard

e Predicted
Classification 5 Levels Observed | NO YES Total
Predicted MO 18541 5948 24489
Percent YES 3427 15234 18663
Observed o MO 1YES Correct Total 21968 1184 43152
o MO 20931 3558 85 500 Caorrect: count: 33777, Percentage. 7s.27 5 Levels
1VES L 1430 738t Confusion Matrix - Accept_Cashcard
Overall Percentage 59 0% 41.0% 51.3% ;
Growing Method: CHAID Predicted
Dependent Variable: Accept_Cashcard Accept the new cash Observed MO YES Taotal
card: 1 [w] 0P 3563 24459
YES 4453 14205 18663
Total 15384 17768 43152

Correct: count: 35131, Percentage. si14




Cpsoft & GENIUS

Data Science

Genius
Features

Decision
sé Confirmed
GH Confirmed
s4 Confirmed
s3 Confirmed
s2 Confirmed
s1 Confirmed
bp  Confirmed
bmi  Confirmed
sex Confirmed
age Tentative
Dependent variable:
target

Pvalue: 0.01, Bonferroni:
Yes, Boruta Version:

200

>

Impartance

30

25

20

15

10

Business Partner

shadowhean

sex

Attributes

bp

55 bmi

Boruta on"ia7?x

Boruta
DINYN NN DNMIIATX
.Random Forest-7yn 'nma
17'N NINT? N'N17W Dunn
D"V NN D'INWN
117
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Correlations
price cost calories sodium alcohol
price Pearson Correlation 1 oo™ a7 -090 196
Sig. +ailed) <.001 210 608 259
I 35 35 35 35 35
cost Pearson Correlation Loon™ 1 e = £
Sig. 2-talled) <.001 216 606 260
N 35 35 35 35 35
calories Pearson Correlation g iy 1 = 24"
Sig. @2-tailed) 210 216 097 <.001
I 35 35 35 35 35
sodium Pearson Correlation -0 -0 15 1 05
Sig. @2-tailed) 608 606 097 237
I 35 35 35 35 35
alcohol  Pearson Correlation 196 196 2147 05 1
Sig. +ailed) 259 260 <.001 237
1N
== Correlation is signi Pearson Correlations
Highly Positive: (price <---> cost), (calories <---> alcohol)
Positive: (price <---> calories), (price <---> alcohol), (cost <-—--> calories)

No Linear Correlation: (None)
Negative: (price <-—--> sodium), (cost <---> sodium)

Highly Negative: (None)

Paired Samples Test

Paired Differences
950 Confidence Interval of the

Std. Error Difference
Mean Std. Deviation Mean Lower Upper t
Pair1 creddebt - othdebt -1 50198 2.59829 08912 -1.67691 -1.32706 -16.853

[ Estimate effect sizes

Curated Help nnwh nnxvn

NNaINN Npona y+on SPSS

NNXIV? DRNNQ VX T2 NION D'MIXNNN 079

., (cost <---> alcohol), (calories <---> sodium), (sodium <---> alcohol)

Significance
df One-Sidedp Two-Sided p
84 9 =.001 =.001

AYnn 99 NSOION NOO0N NNYWAY .OXNNN

NXUNN JYNNA VOFLD

-1 71 NYD |'nT
nal Correlations
T 'ninna

Paired Samples Test: One-Sided p
The average difference is not significant for the paired variable(s): (None)

The average difference is significant for the paired variable(s): (creddsbt - othdsbt)

Paired Samples Test: Two-Sided p
The average difference is not significant for the paired wariable(s): (Nons)

The average difference is significant for the paired variable(s): |crsddsbt - othdsbt)

Note: Curated Help is calculated based on actual cell values, not the formatted values.
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| 3 Time Series Filters

Filters

Hodrick-Prescott (HP)
[[] Baxter-King 8K

[ Christiano-Fitzgerald (CF)

| Variables HP Variable-

Sort. None v & 4 ° o °
= : Time Series Filter
. NNTO 1N "vizd 'wy"l NIMTANY [11'0 NRNND

AN 1T 12 07 0aima L(Time Series) nimy
5 v
(=) @) @) [7]

oK || Paste H Reset H Can-:e\‘
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JDINPRIVI'RIE DN X7 D'0I19T TI277 12 02K NN'aY NITIR) Nooin -Forward 1 ahw
777 AN noman nnnnn *2va onakn "oira” -Backward pruning 2 ahw

NI D210 17700 DY '079017 7TIN -AXIN

(A) One knot

: (B) Two knots

2 (C) Three knots

(D) Four knots
2

1
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MARS (EARTH) n*7>n naixn

-N"22Y% AXI7NN 121 "IN A0 NNNYAN
MARS 77In 71n "% n"axa'a n'voal? a'onan 1TIn

.0'N2In Danwn 12 29 7y niroxn 70,000 -Kaggel J1nn nfaimaan yaug
.0'7T210 7Y 0771 0MIVNIDSINNIX O'TTA DN D'N2INN
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https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset/data

o~ " T=1s A
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"X 00T 7TIN AAI'0oN NN

Predicted 121 Sensitivity (recall)- true positive 67.6%

D ) 26.70

control (0)| target (1) Specificity- True negative 6.7%

trol (0 26844 8177 Precision (PPV) — Positive Predictive Value | 74.3%

ntr

observed nix'¥xna ax¥n contro ( ) Negative Predictive Value (NPV) 70.3%
target (1) 11326 23633 False Positive Rate (FPR) 23.3%

False Negative Rate (FNR) 32.4%
AUC 0.785*

Cohen's kappa 0.42
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Observed event rate

‘h‘ MARS (EARTH) n*7>n naixn
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Predicted probability (mean in bin)
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MARS (EARTH) 71in -anron nip'x

Sensitivity (recall)- true positive  [67.6% Sensitivity (recall)- true positive 69.5%
Specificity- True negative 76.7% Specifici . 5
ty-T t 76.9%

Precision (PPV) — Positive Predictive |, ., e, .

Value 270 Precision (PPV) — Positive Predictive Value | 75.1%

Negative Predictive Value (NPV) 70.3% Negative Predictive Value (NPV) 71.6%
False Positive Rate (FPR) 23.3% = e Staefias Fertie (R P

False Negative Rate (FNR) 32.4% Ak FRSiie RaB (FA e

AUC 0.785* False Negative Rate (FNR) 30.5%

Cohen's kappa 0.42 AUC 798+
Cohen's kappa 0.44

Predicted 1an

control (0) | target (1)

observed axn | control (0)| 26945 8076
NIR'XN2 target (1) 10677 24302
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Match Variables

Update From

@ Dataset
Select a Dataset that is nat the active fle

HewCashCard sav(DataSetar”

* Active dataset

O File

Gold
Business Partner

D'¥ay [IDTY

ln'¥ap atn7 7 N

Confidence Intervals of Agreement Limits (debtinc and creddebty

via"a-'‘n jhan

Crosstabs -2 170 XY

| tf‘-! Frequencies: Statistics

| Percentile Values

CV 11n

equal groups

| #8 chi Square Test

nNiSon nnidn

Rowis)

|&’ custid

&> mortgage
&b life_ins
&> cre_card
&> deb_card
| | g mob_bank
| | & curr_acc
| |k internet

]

Columnis)

B

Central Tendency
[ Mean

[] Median

[] Mode
[Jsum

[ Values are group midpoints
Distribution |
[] Skewness
[] Kurtosis

5 .00% Agreement 95 00% Confidence Interval 75 00% Agreement #5.00% Confidence Interval
Limit L L Uy Limit Uj L uj
dotnc-craddent |z s oz wsor s yxImn? on nniv
(debtinc-creddebt) -510 -.625 -394 3436 3320 3.552
/Mean .
|
Bland-Altman Plot of Differences (debtinc-creddebt) |
| Dispersion
© | [JStd. deviation [] Minimum [JCV
B la n d -Alt m a n I [] Variance [ Maximum
5 B o nln : [JRange [JSE mean
(]
NIL'Y 2 |2 NNdoN NP' 1A |
£
2
2 N'0N N7'9Y .NTTN
0
n NI7122 NPT NIY¥NXA
-1
1 ] 1 0 2 )

Mean of debtinc and creddebt

.1N20NN

[Ejeset ”C:—mc;l‘ Help ‘

w or cobumn Labels that change when you move to a diflerent cel

V790 2IX'Y
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NiNT2IN NiIXKO1A

Overview -n nIvY

D''NYON D'N7Y1 D'A"IVN YT'N '0D) =
MIynYn NI NIN1Y

Messurement Level P
bankloan.sav @)  summan ofissing Values @

nwoxnn" ninn" x'n-Overview n = == i
1299 TYX YT'NA '021 YW NrTIo! N1an B ®<|>
NIN"n n7nNn .. SR

NN VPNT [N 'TIN' 7189 NIY¥NX2] -
T7NNN7? DN ANX71 DNIN%TWA D1INaN

........

Percentile 75

Overview DataView Vanable View

e
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1}5 *Workbook2 [Document2] - IBM SPSS Statistics Werkbook - a X
File Edit View Data Transform Inset Run Format Analyze Graphs Custom  Utilities Extensions Window  Help
m—_—_——)

= H ; ’E = ‘—;_:—j ﬁ B %; & ) | ActiveDataser. DataSatt -
: }
|O\E-e3:‘3:: cation |

2 {E] Workbook =

EH-{E] AMew Text Paragraph A New Text Paragraph
={(] Rich Text

L Syntax E;E:Mnnnapaced o il AN Brugl- ===
{8 Frequencies [This is a free text block. you can write here as you see fit.

[ Statistics
Age in years =
L[ Histogram

Paragraph

1 |FREQUENCIES VARIABLES=age

| /STATISTICS=STDDEV MINIMUM MAXIMUM MEAN MEDIAN SKEWNESS SESKEW KURTOSIS SEKURT
HISTOGRAM NORMAL

ORDER=ANALYSIS

Frequencies

Statistics
Age in years
N Valid 850
Missing 0
Mean 35.03
Median 34.00
Std. Deviation 8.041
Skewness .335
Std. Error of Skewness .084
Kurtosis 658
Std. Error of Kurtosis 188
Minimum 20
Maximum 56
Ll — Al
IBM SPSS Statistics Processor is ready ".’ Unicode: O : 0.98, W. 17.67 cm

Application Mode - Workbook

INON |'2 N'NA'T ATNA'0 NA'XNA AYTN N TIAY NY!A -
Output-n ynoni Syntax-n

ny 772 Syntax-n nx DTYV? N2 1T ATIAY NLV'WYA -
DXNNA DTYN! I'IX Wipna V79I

1'7nnn NX N7 T VoL NIXNFO §'oIn? N1 -
D"20N1 'U'7INN
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DNTY7120 nivynxa n'ona — OLS nronan 11" niroanvx

7V NIMNYN DIXNY TV ,0'820n0 7w nivann nnnon niyynxa ‘11 — Ridge Regression (L2 Regularization) -
7TIn? D'maIND 0'82IN W 2T1ITA NIND Wr'wd TRITMA 7'y .0'R2INN

mY?2 0'xaIn nniv 'oin? oox7? nnwosx ny Ridge-7 T i -Lasso Regression (L1 Regularization) -
J1200 7T 0PN DI'RY 0'RIN 7Y A721TA Nimd nixnya Tnirma 7'y .nmoan

-1 Ridge niv'wa a2 ,0LS 7w nninn'n 217" A"woNni 'onivix 9182 VoIYUN 7TIn -Elastic Net Regression -
.0'N2INAN |'2 D122 DXNN 7Y 2¥Na TNI'A 7'yt Dal 7'W7 niv'wn 2 nnnn' nx 7¥an .Lasso

t-?l Linear Lasso Regression

Training\Testing -7 nnam nnwosx ni'7'>n nNITXNOSa 75*

Varia #3) Linear Ridge Regression

Variat +
: # Linear Elastic Net Regression
Sort. | === = g

ﬁﬁ“ Sort Variables || Options

F L (Sort | S
Variables

o é? 17 _— Dependent

&Y AL Sort: |None = E A»‘ Ii

#H Y & Ageinyears

&Y 1 Level of education Eactors
& Years with current employer
& Years at current address

4}9 Household income in thousands -» J

-~ L




Elastic Net
OLS n'07227 niaronov7x
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Data Science

Business Partner

+\.,|-\ Linear Elastic Met Regression

Variables | Options

Elastic Net n*7on naixn

Mode: |L1 ratio andsor alpha selectionviacro.. ™

[”] Specify individual L1 ratios

[ Specify grid of L1 ratio values

Start: |0.01
End: |1

By: [0.25

Criteria

[# Include intercept

[+ Standardize predictors

Mumber of crossvalidation folds:

[+ Specify individual alphas

Values): |1

[/ Specify grid of alpha values

&
Alpha metric
@ Linear

® Base 10 logarithmic

Python random state: |0

Time limit (minutes):
Display

© Best

® Compare models

@ Compare models and folds

Plot

[ Average crossvalidation mean squared error (MSE) vs. alpha
[] Average crossvalidation R Sguare vs. alpha

[ Observed vs. Predicted

|| Residuals vs. Predicted

Save

| Predicted values

|| Residuals

(06 ) (st st [cncet o

NUXTN 'P7N 190N
Train/Test -9
NX'XN7 wnwnn

~

2N NINNIN "vxmn"j




Cosoft & GENIUS

Business Partner

Average Test Subset

R Square Holdout R Square

Genius Data Science
Best Model Summary™®
Number of
L1Ratio Alpha Crossvalidation Folds | Training R Square

a. ﬁependenwariable; creddebt

-.260 201

b. Model: region, townsize, gender, agecat, edeat, jobcat, union, empcat, retire, inccat, default, jobsat,
marital, spousedcat, homeown, hometype, addresscat, cars, carown, cartype, carcatvalue, carbought,

el s mmmmEemm s s s bm st s mmm s b s s e s s s b e st s sl s s b s s e s ] s e e e b b

(R?) nxainn nniy
NI 210N 77NN

\

/

\

D'NTN N720
.DN'DWI D'NIYNYN
D'NTEAN IN' 7D
."D'09INN"

~

Elastic Net n*7on naixn

Mean Std. Dev. | Standardized Coefficients | Unstandardized Coefficients
Intercept® 2.825 0.601
othdebt 4.921 9.715 0.977 0.101
income 68.200/ 100.814 0.870 0.009
cardspent 402.791| 313.306 0.657 0.002
card2spent 193.755| 183.850 0.163 0.001
debtinc 9.795 6.501 0.137 0.021
[default=1] 0.181 0.385 0.082 0.213
[inccat=5] 0.103 0.304 0.068 0.223
carvalue 29.023| 21.607 0.019 0.001
[cars=4] 0.103 0.304 0.017 0.057
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n'7TM |'a Cross-validation "woxn - PRESS* 11n

tr‘ Linear Regression: Statistics 4

Regression Coefficien... Model fit
B Estimates [JR squared change
[ Confidence intervals [ ] Descriptives

NNIY NIV'Y 7y nr'ooidnn 71N 2'vY7 Selection Criteria '1Tn

[] Part and partial correlations

[] Covariance matrix ipaarinsdi tics
Selection criteria

Residuals

(] Durbin-Watsan

[ ] Casewise diagnostics

®
° Model Summarwf
Selection Criteria
Akaike Amemiya Mallows: Schwarz
Adjusted R | Std. Errorof Jj Information Prediction Prediction Bayesian
Model R R Square Square the Estimate Criterion Criterion Criterion Criterion PRESS
1 L6457 416 415 1.62557 827.960 587 366.617 837.451
2 6768 457 456 1.56773 T67.369 544 282.533 781.805
3 768" 590 589 1.36289 530.320 413 8.365 549.301
4 768° 590 589 1.36228 528.564 413 6.609 542.800
5 7ro® 593 592 1.35800] 524.218 2.282 543.198 1606.669

(Constant), Other debt in thousands
b. Predictors: (Constant, Other debt in thousands, Household income in thousands

c. Predictors: (Constant), Other debt in thousands, Household income in thousands, Debt to income ratio (x100)

d. Predictors: (Constant, Household income in thousands, Debt to income ratio (x100)

e. Predictors. (Constant, Household income in thousands, Debt to income ratio ¢x100), Years with current employer
f. Dependent Variable: Credit card debt in thousands

a. Predictors.

*predicted residual sum of squares
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%3 Extension Hub %

Explore Installed Settings

| S e n1dIN? nivomm 7ona GitHub-a Repository-7 2w q1a'n - Extension Hub -
S Process Data Files (for vzs and below) - al
g:f;»::mpumm 8 Apply afile of syntax to a set of data files M\/ | |
s = lM‘IJ e i | .0IYoI 'y NIPNAl UID'N gYUnn .Ti NISYI D'RYUN [l1ANA
LQ.Vi:iI.LZEhM Python 3 Data manipulation E
s occowne soereioon | YE) 707190 JINN NN'Y' DA ATIIAY DT DTVO'VVO D'NINTI NIYXFAD [HAn °

1BM A

Latest Version 100 Date 2023-2-2 Get extension
State

¥ Installed | More info.. | ,

—_ L}
« Not installed Python3  Analysis I (U N X 1

||| Update available

STATS CLUS SIL (Update available) -
Ul Coevesr 55 5w suves s 5 Yl Syntax-n 3ma nirwr Python ix R Tip 2im>% nnwoxn Begin Program nTize *

@ Extensions toget 0 Updatestoget 0 Extensions to uninstall o

Custom Dialog pwnn niy¥xnxa N'Y'R NIAXNIN N'Y-IT NI X"7 N2

&3 Install Modules X

Python Packages: R Packages

Name : Name

(i

ninna Open Source T ya'? *12 Builder for Extensions

Use this dialog to install or upgrade Python or R packages needed by R package names are case sensitive when installing. R-based extensions |7 l, S P S S P th R |7 5 2 9 0 1 5
extensions or programs but that are not installed with them. This command  are normally installed with any required packages needed from CRAN if an I1 n 1 31' 1 In n n I1 1 w ! y o n -I n I 1 1 n I 1 pn n In 1 ] L] L] n O1An n n C
does NOT install extensions themselves. Packages will be downloaded Internet connection is available, but sometimes an R author neglects to

over the Internet fram PyPl or CRAN. Python package names are not case  specify a dependency or a newer version is needed
sensitive when installing (but they are when used)

Note: On some systems running this command requires starting Statistics
in Administrator mode

.TIpn XN 7an

P Run| Paste | Reset | Cancel
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ROC Analysis

Youden’s J TTN qQDIINN (DeLong |n2n) AUC NXIIwn7 qb1ia

721 DIVOI T'N' TTN7 Specificity "A7 Sensitivity |'2 27NN DPTIN TWOND
ROC-n nnijpy 7w 1NN NI

ROC Curve

Source of the Curve Paired-Sample Area Difference Under the ROC Curves

10 === Credit card debt in thousands
=== Cther debt in thousands
Reference Line

Std. Error Asymptotic 95% Confidence
Difference Interval

Lower Bound | Upper Bound
219 .007 .092

Asymptotic ALUC
Test Result Pair(s) z Sig. 2-taih? | Difference
08 creddebt - othdebt] 2.270 023 049
a. Mull hypothesis: true area difference = 0

> b. Under the nonparametric assumption
= 0
k=
[
s
n Coordinates of the ROC Curve
0.4 Positive if
Greater Than Youden's
Test Result Variable(s) or Equal To? | Sensitivity |1 - Specificity Index
. Credit card debt in -.9883 1.000 1.000 000
' thousands L0133 1.000 998 .002
Area Under the ROC Curve 0197 1.000 996 004
Test Result Variable(s) Area 0246 1.000 994 006
0 i .0248 1.000 992 .008
o0 0z s e 08 T Credit card debt in 1636 ‘ M -
thousands 0272 1.000 990 .010
1 - Specificity Other debt in thousands 587 0297 1.000 988 012
The test result variable(s). Other debt in thousands 0301 1.000 934 014
has atleast one tie between the positive actual Y O : -
state group and the negative actual state group. 0304 1.000 985 .015
Statistics may be biased. 0306 1.000 983 017
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Q Percentiles X
Variable(s)
& Ageinyearsiages g (Msing. | Explore v*aon 2T DA I'nT -
Jil Level of education teds
& Years with current emplo Bogislag,
g:ﬁﬂfem“ﬁ’:jjfﬁﬁz B3 DAITINX NN NITZANN TWONN .
é) Debt to Income ratio (<100
¢ Credit card debt in thousa .
& Other debt inthousands [ = JIN'NA NLV'Y NX INAY7 Y'WwWONn Percentile Method v'on .
Percentile Values Percentile Method D']lTlnNIT DATNN I?W
@ Default (5,10,25,50,75,90,95) HAVERAGE'
O Quartiles 25,50,75) AEMPIRICAL
& Custom EMPIRICAL NPI7NA [DIX 7Y DN A2 YONRND
) HAVERAGE
WAVERAGE
ROUND

C] [Beset J[Cancel][ Help J
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. ar m7n noniwn niiv anwn - Cox Regression

.0"MULVNI9-X D'Y'NINA 'O YR 1A - COX nronan .

NIdN "ANM W)  nNY/AXIR YDA IR NINRY? NMYI0] IND MIANINA VIIRA ,DNINNE AXI7NN X217 N1 7T ninla NNN .
ITIVI

.(Proportional Hazards nnan) "yin'x% mt" aion nnim wnnwn 71mn .

Covariate-n vppoxa n'w 7n nxn ,Oni'n ,Time Dependent Covariate - nta nanwna Covariate 7w i n nx 71ma%? A1 .
NAINNA YIN'RT TY nTh )IX?

AN DML 0T 07T X2 2an Tk TDC-n aner nipa qroin? Nt 29.0.1 aonan 7nn .

tﬁ Compute Time-Dependent Covariate X

Time-Dependent Covariate 2 of 2 ) .

Previous M MJ
Name. [1_cov_. |

Numenc ExXpression:

— [T_*marital
)

&3 Time (T

& Age in years [age]
& Age category (agec
& Marital status (mari

Function group.
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13 Shared Frailty Madels

& Age in years [age)
& Age category fagec
&9 Marital status (mari

4l Level of education
& Employed temploy)
& Gender igenden
ol Severity of first crim
& Violent first crime v
& Posted bail (bail)
& Rehabilitated [rehab)
& Second arrest [arre
&9 Time to second amr
il Severity of second
& Violent second cri
f Second conviction [

4l Social status [social)

£ &8 &8 &

@ Sunjval

© Stat\End

X

Criteria...

Subject

Interval

Status:

Fixed Factors)

ENIUS

D'™on19 0'71i — Survival Analysis

DX NITY'AD AT DX [INQ7 TWOXN VN9 NITIYIA 7TIN

Covariate(s):

\t‘-‘l Accelerated Failure Time Models

& Age in years [age)
& Age category (agec
é” Marital status imari
uj Social status [social)
uj Level of education |
& Employed employ
¢9 Gender (gender

il Severity of first crim
439 Violent first crime (v
& Posted bail (bail

& Rehabilitated [rehab)
& Second arrest [arre
& Time to second arr
4l Severity of second
& Violent second cri
& Second comviction [

X

Criteria.
| Model.. |
Estimate
Pregict.. |

Plot

© StahEnd

B |

Fixed Factors) [

Export.

Covariate(s):

Left Truncation

@

Reset | Cancel || Help

JIT |I9IXA A79Nn NIn

"NIYTN NILV'Y 2 ny'xn 29.0.1 noa

7Tin N7 "wonn :Parametric Accelerated Failure Time .
DMAANN IX DDYITA O'NPON DNNYN QY ONYS NITIYN
JITIWAN NT? "1X191N9 91N

:Parametric Shared Frailty .
QY NI7DWNA NI'DXYN 21N 7910 NIMyA 77In nnaY ©'woNn
JIXIAP "2 0*7n1ImNI D''0ILVY7 DANYN
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Level of education
Count Column N %
Social status Lower class  Did not complets high schoal 203 45.8%
Highschoolcegree NIX720N 210 D 2X'W? NINA ¥ 2N lan -
College degree 56 12.6%
Post-undergraduate degree 8 1.8%
Total 443 100.0%
Middle class Did not complete high school 152 38.50%
Hich school degre. TIN win'w? Syntax naixna oa 't -
College degree v 19.500
Post-undergraduate degree 13 3.3%
Total 395 100.0%
Upper class  Did not complete high school 58 35.8% 0591 I]nl IxnIT nl”xn N:. DWIA] °
High school degree 73 45.1%
College degree 29 14.8%
Post-undergraduate degree 7 4.3% TS —— x
Total 162 100.0% Moy theprapetiesofexidual o graups ofoyecs n e Ot documeet Propany ssings s agpied. i orda. top down, Later
Total Did not complete high school 413 41.3% M,::m :]n:, 34:”0;“‘1,,1“",” e e e e
High school degree 402 40.2% ——————
Caollege degree 157 15.7% Selactions and Proparies
Post-undergraduate degree 28 2.8% o T T s s e Tamh vz WM’
Total 1000 100.0% —
Delata

Create a repert of the property changes

Praperty Value A New Look!

Indoxing Format -
Level of education
Tramspose | Count Column N %
Condltional Styling __[PERCENT, 10 <ax<a i, COUNT. 13 d2aren
Sot  lcaumnn Social status Lower class Did not complete high school 203 45 3%
e High school degree 17 W.T%
T — College degree 56 11600
Post-undergraduate degree 8 1800
Total 43 100 09
Middle class Did not complete high school 152 3850
High school degree 153 38.9%
College degree kel 19 500
Post-undergraduate degree 13 EELT)
Total 395 100 09
Upper class  Did not complete high school 58 358%
High school degree 73 45 10%
College degree 24 14800
Post-undergraduate degree 7 4300
Total 182 100 09
Total Did not complete high school 413 3%
High school degree 407 L1}
College degree 157 15700
Post-undergraduate degree E 18%

Total 1000 100 09
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Meta-Analysis Quantile Regression Bootstrap

™ | ta Bootstiap
Target Variable ) | ¥ Perform boatstrapping
e : : - i —— I
Analyze  Graphs Custom  Utilities Extensions Window Help 4 Cons ot s - Lt ettt a1 e rmOlm | (caee) | oo
& PhD prestige iphd) E | Set seed for Mersanne Twister
B & Avicies tuncated st riunc o D)
Power Analysis L4 — Bloyoungider s | [ DR Doeyr
= v #|Q, search application bty — T
. &b Two plus young kids  [lads_2phus] | b
Meta Analysis 3 Continuous Outcomes b b comminizcn — : ;*:ﬂ:m ”
e Lo el & Mertons »ofarticles imanton |
& PhD adequate: [phdadeq) S o
REEOH.S 3 Binary Outcomes 3 & pth':;:'gmmwm = | | | ©Bias conected sccelerated BCa
ry & PhD elite: iphdeliter 8 Quantile Regressior Criteria e
. .. & PhD good: iphdgood) | Siapls
1 H " Quantile | .
Descriptive Statistics 4 Meta Regression L ———— = [ sr — R P
-] valueig) [ ] | Variables. Styata Variables
Cons| # Case number ica i
- 08 | & Anicles in last
Lo o e
= ~ = 1 @ Maried. 1-yes 0
3 ol 3 s # soflods < & lods)
I = . ves S q |
= (Govtowe] Goncel |_tetp_|
Power-Analysis

Analyze Graphs Custom Utilies Extensions Window Help G eos pat I a I M Od e I I n g

Power Analysis P | Means + One-Sample T Test

8 Geospatial Modeling Wizard

| | propon - Data Pre aration
Weta Analysis Boppus ' [ Paired-Samples T Test Welcome to the Geospatial Modeling Wizard
Reports > mati reparati
. Correlations ¥ | ;) 1ngependent-Samples T Test With ths wizard you can create models that incorprate geospatial map: into and time senes models 8 Aot presaraton
Descriptive Statistics 3 Regression 3 m OneWay ANOVA :‘
ne-Way .4
Bayesian Statistics p Ya Y &l What would you ke to dot

@i Find associations based on event and geospatial data Geospatial Association Rules)

Recommends data preparation steps that will speed up
3 © Create atime series model with geospatial data (Spatio-Temporal Prediction transforming, constructing and selecting features Thet:

Whatis your objective:
Each abjective corresponds to a distinct default config

® Balance speed & accuracy
1 < / © Optimize for speed
— \- © Optimize for agcuracy

. © Cystomize analysis
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] Pivot Table Correlations

Eile Edit View

Inset  Pivot

Format  Help

o

< ﬂl SansSerif v

9 v At B U a4l

8 Chon e

Variables:

Chiart preview wses example data

@ Element Properies | Chart Appsarancs  Options

dacustd =
& gendse

1 High school degree
8 Some collage
 Callage degres
B Post undergraduate

Simple Bar Count of Level of education)

Dot corpiste g sl Some colege Colen deges
T e

.
aes

Edit Appearance
[ Use custom calor, border. and gid ine settings
Colors.

Cycls Order Ayatabla Colors:

[ ey |
Reset
(17, 145,232
Frame Grd Lines
[ Quter Ogaxs
Dlinnes HAxans

« s

Lavel of Bouanon

Gallery Basic Eiements Gioups/Por 0 Tiles Foutnotes

Choose from:

Simpls Bar

ot Lo Yo Dt Gy Ot [ER] Pt Tl i Lo Bots Wt bt e il Py
Sampen

[ ——
=
p & )
L s e
[ St
for— [re———
e ot
jares fare
O v
Oz
—
= -
oy s e [T
S,
Pe—

S Oseresen
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- Bivariate Correlation
INNN RW7IUND NAXNI D"

= Correlations

Correlations
creddebt  othdebt employ

creddebt  Pearson Correlation

N 850
othdebt Pearson Correlation 645" -

Sig. (2-tailed) <.001

N 850 850
employ Pearson Correlation 382" T -

Sig. (2-tailed) <.001 <.001

N 850 850 B850
debtine  Psarson Corralation 515" 573" -034

Sig. (2-tailed) <.001 <.001 327

N 850 850 850

PRI

[
B

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

Confidence Intervals

95% Confidence Intervals (2-

D'"100 D"MID'Y

Pearson talled)”
Correlation Sig. (2-tailed) Lower
creddebt - othdebt 645 <001 604 682
creddebt - employ .382 <.001 .323 438
creddebt - debtinc 515 =.001 464 563
othdebt- employ 414 <.001 357 468
othdebt- debtinc 573 =.001 525 616
employ - debtinc -.034 327 =101 .034

a. Estimation is based on Fisher's r-to-z transformation with bias adjustment.

NINDIA 71N 'DRIDIN NTNY

Fa
@ Open Restore Point...

4 Session Management X

Please select a restore point to open You can also delete existing restore points

Restore Point Type File
Auto-Recovery Data Editor recidivism sav*
Jun 13, 2023, 8.57.47 PM

Syntax  resferrepeatedsps

Output Outputs*

Auto-Recovery Data Editor recidivism sav*
Jun 13,2023, 8.47.47 PM

Syntax R

Output Outputs*

Auto-Recovery Data Editor recidivism sav*

=3

721D N'72172 wI19'N MY

e Al Aol |

pe | Content
Menu Dialogs |Analyze — Bayesian Statistics — One-way Repeated Measures ANOVA
Analyze — Mixed Models — Linear

Analyze — Regression — Quantile
Analyze — Missing Value Analysis
Analyze — Mixed Models — Generalized Linear
E: i E ions — E Hub... (Linear and Integer Programming Problem Solven
Help Topics Core features — Legacy Dialog Charts — Mixed Charts
Advanced statistics — Linear Mixed Models
Advanced statistics — Linear Mixed Models — Linear Mixed Models: Subjects and Repeated
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