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SAS® Visual Analytics - Explorar y visualizar datos
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37 Bayesian Network
fh Decision Tree
@ Forest W Model Compa...
W GLm v

%5 Gradient Boosting
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Nodos

Data

v Supervised Learning

Anaélisis Titanic (1)
Pipelines Pipeline Comparison
Y Filtering
E‘; Imputation
2] Manage Variables
w1 Replacement
T Text Mining
Jo Transformations
2 Variable Clustering

[E) Variable Selection

Bayesian Network

i

Decision Tree

o
o°

Forest

GLM

Gradient Boosting

Kk # B

Linear Regression

Logistic Regression

%

Neural Network

SVM

v [ Postprocessing

% Ensemble

Pipeline from Interactive Model

-+

&S~
»
Neural Network NO) B
P}
Opcio.

Descripcion:

Fits a fully-connected neural network
model.

(J Include missing inputs

Input standardization:

Midrange v

Number of hidden layers:

1

5 10

4 o

Hidden Layer Options

Use same number of neurons in
hidden layers

Number of neurons per hidden layer:

50

Hidden layer activation function:

Tanh v

¥ Target Layer Options

[0 Direct connections H
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Pipeline from Interactive Model +
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Data o ‘ >

’@ Interactiv.. @ ]

B Imputation /]

Afadir abajo »
/ Insertar arriba »
Y
#r Bayesian... @ | Eliminar s j ’ 3, Interactiv... 9 l ’ &, Gradient... (v}

Download Score Code

Renombrar...

Guardar como...

Add challenger model

Ejecutar

Resultados...

Registro
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Network Diagram: Top 200 Weights
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Analisis Titanic (1) Model Comparison Resultados

Model Comparison

Champion

Name

Gradient Boosting

Bayesian Network

Interactive Decision@ree

Neural Network

Algorithm Name

Gradient Boosting
Bayesian Network
Interactive Model

Neural Network

KS (Youden)
0,6967
0,6412

0,6347

0,5787

Cerrar

Misclassification Rate
0,1375
0,1703
0,1590

0,1833

Accuracy ¥ b3

Lift Statistics % Response 7 [ ROC Statistics
% Response Accuracy
100 i 0,9

80 0,8
60 0,7
40 AN 0,6
~
N Py
0 75\ 0,5
- DA
0 I 0,4
| |
0 20 40 60 80 100 0,0

0,4

0,8 1,0




Model Studio - Construir modelos

sasdemo ¥

L ® @0

5 Analisis Titanic (1)
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Pipeline from Interactive Model Pipeline 1 +
o s
Nodos Opcio.
i,
>

Eb

lii Stepwise Logistic Reg...




Model Studio - Construir modelos y ® @ sasdemo v

5 Analisis Titanic (1) &~
Data Pipelines Pipeline Comparison
(0 ) o ;
[J  Champion v Registered Name Algorithm Name Pipeline Name KS (Youder E:
H ™ Gradient Boosting Gradient Boosting Pipeline 1 0,725
O ™ Gradient Boosting Gradient Boosting Pipeline from Interactive Model 0,689
Error Plot Average Squared Error v | 2% Variable Importance ol
\ Variable Name Train Importance Importance Stan... Relative Importa...
0.200 \ Sexo 2,8500 3,8017 1
0,175 Edad 2,7922 09172 0,9797
\ Tarifa 1.5507 12176 0,5441
0,150
\ Clase Pasajero 15399 1,9507 0,5403
0,125 .
Cant Hijos 1,3004 0,7246 0,4563
--_-——._-__
0,100 Cant Padres 1,0519 0,6521 0,3691
0 10 20 30 40 50 60 Puerto 0,9299 0,7864 0,3260

Number of Trees

Autotune Best Configuration ol Autotune Results o

Parameter Value Evaluation Number of ... Number of ... Learning Rate Sampling R...
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Data Pipelines Pipeline Comparison
Cl ) o ;
[J  Champion v Registered Name Algorithm Name Pipeline Name KS (Youder E:
H ™ Gradient Boosting Gradient Boosting Pipeline 1 0,725 [
O ™ Gradient Boosting Gradient Boosting Pipeline from Interactive Model 0,689
Error Plot Average Squared Error v | 2% Variable Importance oo
\ Variable Name Train Importance Importance Stan... Relative Importa...
A, 208 \ Sexo 2,8500 3,8017 1
0,175 Edad 27922 09172 0,9797
\ Tarifa 1.5507 12176 0,5441
0,150
\ Clase Pasajero 15399 1,9507 0,5403
0,125
i Cant Hijos 1,3004 0,7246 0,4563
--_-—-—._-__
0,100 Cant Padres 1,0519 0,6521 0,3691
0 10 20 30 40 50 60 Puerto 0,9299 0,7864 0,3260

Number of Trees

Autotune Best Configuration ol Autotune Results o}

Parameter Value Evaluation Number of ... Number of ... Learning Rate Sampling R...



Scoring API

Scoring API:

 hichuialataiabiatob bttt e

** Macro: Score Data Mining Model

B

** Description: Score the specified model using the score execution service

HEERHRHEXKEEIEXEKE KX HEIE KR AR EHEEEHEK XK AT HEHEH AR EEK T AT HEKEKEIKEKAKXKEKK |

%macro DMScoreModel(hostname, port, token, projectld, modelld, datasourceUri, outputCasLib, outputTableName);

filename resp TEMP;
filename headers TEMP;
filename data TEMP;

%let scoreModelUrl=&hostname:&port/dataMining/projects/&projectld/models/&modelld/scoreExecutions;

proc json out=datz pretty;

write open object;

write values "dataTableUri" "&datasourceUri";

write values "outputCasLibName" "&outputCasLib";
write values "outputTableName" "&outputTableName";
write close;

Tipo de descarga:

SAS

Descargar Cancelar




e J u pyte I 4 _Tree_RF_GBM_NN_SVM Last Gheckpoint 39 minutes 290 (autosaved) Conlral Panel  Logout
F Edit View Inser Cell Kemel Help Pvthen [Root) O

2|+ % @& B+ v N B C|cCoe v Ex | CelTockhar & o O

WUIL, MUUTU aulivil 3Te  peilgiliis o

Dut[4]: §actionset
percentile

elapsed 0.000514s  sys 0.001s mem 0 028108

Set variables for input data

In [5]: target = "bad"
class_inputs = ["reason”, "job"]
<class_vars - [target] + class_inputs

interval_inputs

["im_clage", "clno”, "im_debtinc”, "loan", "moI-the“, "value™, "im_yoj", "im_ning", “derog”, “im_deling"]
all_inputs

interval_inputs + class_inputs

Load data into CAS if needed

In [G]: 4if not sess.table.tableExists(table-indata).exists:
sess.loadTable(caslib="casuser”, path-indata_dir+"/"4indata+".sas7bodat”, casout={"name":indata})

NOTE: (loud Analytic Services made the file data/hmeq.sas7bdat available as table HMEQ in caslib CASUSER(viyauser).
Explore and Impute missing values

View first 5 observations from the data set

In [7]: sess.fetch(table='hmeq', to=%)
Out[7]: §Fetch

Selected Rows from Table HMEQ

BAD[LOAN |MORTDUE|VALUE |REASON |JOB |YOJ| DEROG DELINQ|CLAGE NINQ|CLNO | DEBTINC

0|10 |11000 258600 |390250 |Homelmp|Other[105|00 00 94 366667 |10 (90 NaN
1(1.0 [1300.0|70053.0 |68400.0 |Homelmp|Cther|7.0 |0.0 20 121.833333(00 |14.0 [NaN
2|10 (1500.0|135000 167000 |Homelmp|Qther|(40 (D0 00 149 466667 (10 |100 |NaN
3
4

1.0 |1500.0 |NaN NaN NaN |NaN NaN NaN NaN |NaN [NaN

0.0 (1700.0{97800.0 [112000.0|Homelmp|Office (3.0 |0.0 00 93.333333 (00 (140 [NaN

elapsed 0.00249s  user 0.002s - sys 0.001s - mem 0.367MB

Explore data and plot missing values
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Computer Vision Optimization
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Deep Neural Networks
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