SNN Example 19: Input Variable Selection

Among the decisions that the neural network designer must make, which of the available variables to use as inputs to the neural
network (independent variables) is one of the most difficult. The difficulty of this decision arises for a number of reasons:

In real problem domains, a neural network is typically employed where you do not have a strong idea of the relationship
between the available variables and the desired prediction. Therefore, you are likely to accumulate a variety of data, with some
that you suspect is important and some that is of dubious (but unknown) value.

In nonlinear problems, there may be interdependencies and redundancies between parameters; for example, a pair of
parameters may be of no value individually, but extremely useful in conjunction, or any one of a set of parameters may be useful.
These features mean that it is not possible, in general, to simply rank parameters in order of importance.

The "curse of dimensionality" means that it is sometimes actually better to discard some variables that do have a genuine
information content simply to reduce the total number of input variables, and therefore the complexity of the problem and the
size of the network. Counter-intuitively, this can actually improve the network's generalization capabilities (see Bishop, 1995).
The only method that is guaranteed to select the best input set is to train networks with all possible input sets and all possible
architectures, and to select the best. In practice, this is impossible for any significant number of candidate inputs.

You can also experiment heuristically in STATISTICA Neural Networks by building a variety of networks with different inputs, and
gradually building up a picture of which inputs are useful. You can also employ Weigend weight regularization, and eliminate any
input units that have very small fan-out weights.

In addition, the Intelligent Problem Solver contains some highly sophisticated algorithms to select input variables, and for most
users will provide a reasonable analysis.

If you want to examine the selection of variables more closely yourself, there are two further approaches available in STATISTICA
Neural Networks: Sensitivity Analysis and Feature Selection algorithms.



mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/TechnicalNotes/WeigendWeightRegularization.htm
mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/Indices/IntelligentProblemSolver_HIndex.htm
mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/TechnicalNotes/SensitivityAnalysis.htm

Sensitivity Analysis. To perform sensitivity Sensitivity Analysis - 1-5 (Irisdat)
analysis, run a previously trained neural e SEPALLENISET%%EpETf‘k%Eg; e The spreadsheet indicates
. e e . atlo. I - g
network, display the Sensitivity tab of the Rank 1 2000000  1,00000 the sensitivity of the model
Results dialog, and click the Sensitivity Ratio.2 1124417 127442 1363833 {5 each variable. The
. Rank.2 3.000000  2.00000 1,000000 e e :
Analysis button. Ratio3 | 1076193 1130338 199020 2486717 Sensitivity is reported in two
i . Rank.3 | 4000000 3.000000 200000 1.000000 rows - the Ratio and the
| 82. Results (Run Models): Irisd -
#e- Results (Run Models): Irisdat Ratiod | 1282315  1,036807 1349011 5465001 p_ 1
Index | Profile | Train Perf. Select Perf. T est Perf. Rank.4 3,000000 4,000000 1,00000 2,000000
1 Linear 2:2-3:1 0802632 0783784  (0,864865 Ratio.5 | 1334831 1048501 12,71409  5,845175
2 Linear 3:3-3:1 0,842105 0,756757 0,345946 Rank.5 3.000000 4 000000 1.00000 2.000000
3 RBF 4:4-159-3:1 0,960526 1,000000 0,972973
4 MLP 4:4-10-3:1 0,986842 1.,000000 0372973 . ey e . . . . .
- MLP 44-93 1 0936842 1000000  0.972973 The basic sensitivity figure is the Ratio. For each variable, the network is executed
as if that variable is "unavailable." Unavailability of a variable used by the model
< will presumably cause some deterioration in its performance. The ratio reported

Quick | Advanced | Predictions Sensitivity | Descriptive Statistics |

ffll  Sensitivity analysis ‘

Sensitivity metrics shown
" Ratio [Error/Baseline)
" Ranking

* Ratio and ranking

In the Iris data, you will likely find the petal
width and length the most sensitive
variables, with the sepal length and width
not very important, and the sepal length in
particular often identified as of no value.

is the ratio of the error with the variable unavailable to the ratio with it available.
Important variables have a high ratio, indicating that the network performance
deteriorates badly if they are not present. If the Ratio is one or lower, then
making the variable "unavailable" either has no effect on the performance of
the network, or actually enhances it.
The Rank lists the variables in order of importance (i.e. order of descending
Ratio), and is provided for convenience in interpreting the sensitivities.

The possible redundancies and interdependencies between variables imply that
the sensitivity figures must be interpreted with caution - they may be quite
different on another network applied to the same data set. However, if you find
that certain variables consistently have high or low sensitivity, you can begin to
identify key and unnecessary variables.



Sensitivity Analysis - 1-5 (Irisdat)

SEPALLEN | SEPALWID | PETALLEN |PETALWID

T.Ratio.1 1,251 985!
T.Rank.1 4,000000
S.Ratio.1 0,933797
S.Rank.1 4.,000000
X Ratio.1 0,700558
X Rank 1 4 000000
|.Ratio.1

|.Rank.1

T.Ratio.2

T.Rank 2

S.Ratio.2

S.Rank.2

X Ratio.2

X Rank 2

|.Ratio.2

|.Rank.2

T Ratio.3 1,061225
T.Rank.3 4,000000
S.Ratio.3 1.048179
S.Rank.3 4.,000000
X Ratio.3 0,996795
X Rank 3 4 000000
|.Ratio.3

|.Rank.3

T.Ratio.4 1,021598
T Rank 4 3.000000
S.Ratio.4 1,012894
S.Rank.4 4.000000
X Ratio 4 0,979362
X Rank 4 4,000000
|.Ratio.4

|.Rank.4

T Ratio.5 1.085553
T.Rank.5 4,000000
S.Ratio.5 1,033583
S.Rank.5 4.,000000
X Ratio.5 1.085336
X Rank 5 3.000000
|.Ratio.5

|.Rank.5

2,754484
3,000000
1,490044
3.000000
0,791351
3,000000

1,132970
3,000000
1,142577
3.000000
1,049208
3,000000

1,085719
3,000000
1,069734
3.000000
1,029936
3,000000

1,014198
4,000000
1,047929
3.000000
1,050019
3,000000

1,149052
3,000000
1,071428
3.000000
1,068664
4,000000

12,87899
2,00000
2,56220
2,00000
217247
2,00000

1,32052
2,00000
1,35212
2,00000
1,33375
2,00000

1,70515
1,00000
1,74068
1.00000
1,68981
1,00000

1,29784
2,00000
1,27197
2,00000
1,27157
2,00000

2,00790
2,00000
1,78473
2,00000
1,79945
2,00000

21,88713
1,00000
414039
1.00000
3,22817
1,00000

1,43672
1,00000
1.41835
1.00000
1,35801
1,00000

1,55017
2,00000
1,54421
2,00000
1,41985
2,00000

1,41159
1,00000
1,36532
1.00000
1,28064
1,00000

253943
1,00000
2,16006
1.00000
2,02885
1,00000

As with all results generated by STATISTICA
Neural Networks, you can choose which
subsets to include in the sensitivity analysis.

It is a good idea to select (via the Results dialog
- Quick tab) Subsets used to generate results -
All (separately), and then to run sensitivity
analysis. You can then do a consistency check
between the sensitivities on the train, select
and test subsets, which gives an indication of
the meaningfulness of the rankings. It is also
unsurprisingly common for sensitivities on the
selection and test sets to be lower than on the
training set, and in particular you may find
some low sensitivity inputs with a ranking
below 1.0 on these subsets, indicating that they
are actually worthless.
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When you train networks with any of the training algorithms, you can specify sensitivity-based pruning on the Pruning tab of
the training dialog. Specify a threshold (1.0, or slightly larger - perhaps 1.001 or 1.01), and after training, any inputs with
sensitivity below the given threshold are automatically pruned.

f2: Custom Network Designer: Irisdat tz. Train Multilayer Perceptron: Irisdat

Dependent.  IRISTYPE

Quick | Stat  End | Classification | Decay | Interactive | BP{1] |
Independent: SEPALLEN-PETALWID

Quick | Units | Iv Track and restore best network
- Network type ' Stopping conditions W Prune inputs/units with small fan-out weights
¢ Multiayer Perceptron U e [ Prune input variables
" Radial Basis Function Training: |0, [~ Prune hidden units
(" Probabilistic Meural Network Selection: Iu_ Pruning threshold h—
" Generalized Regression Neural Netwaork
 Sef Organizing Feature Map Minimumn improvement in error [ Prune inputs with low sensitivity after training
© Linear Training: |07 R atio: |1—
" Pni . nonents Metworl Selection: I[I—
" Clustering Network Window: I[Ii

Sensitivity Analysis - 1 (Insdat)

SEPALLEN | SEPALWID | PETALLEN | PETALWID
Ratin.1| 1.0932981 1,162817 4994785 5712469
Rank.1 4,000000  3,000000 2,000000  1,000000




Feature Selection Algorithms. The Feature Selection Algorithms conduct a large number of experiments
with different combinations of inputs, building probabilistic or generalized regression networks for each
combination, evaluating the performance, and using this to further guide the search. This is a "brute
force" technique that may sometimes find results that the much faster Intelligent Problem Solver
misses. Feature selection approaches include forward stepwise selection, backward stepwise selection,
and the genetic algorithm.

Genetic algorithms are a particularly effective search technigue for combinatorial problems of this type
(where a set of interrelated yes/no decisions needs to be made). The method is time-consuming (it
typically requires building and testing many thousands of networks), but STATISTICA Neural Networks'
combination of the technique with fast-training PNN/GRNN networks means that it runs as fast as
possible. For reasonably sized problem domains (perhaps 50-100 possible input variables, and cases
numbering in the low thousands), the algorithm can be employed effectively overnight or on the
weekend on a fast PC. With sub-sampling, it can be applied in minutes or hours, although at the cost of
reduced reliability for very large numbers of variables.
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Open the Credit data file and use Feature Selection

Specify the subset variable codes:

™ Train I

I_ Ev:v:_”_ll I
I Test I
I_ grore I

Train: Used for training

Selection: For estimating selection error
Test: For ranking alternative models
Ignore: Cases will be excluded from the
above.

E Create New Ensemble

Code Generator
E55] Retrain Network
Network Set Editor

Model E ditor

Implements Feature Selection
algorithms to determine the relevance
of the input (indepandent) variables.

[™ lssue message if missing cases are found

[V Mazimum data size, in MB: |3EI

:. STATISTICA Neural Networks (SNN): CreditSNN X
Selected inputs/outputs Varable types
Dependent: RISK Continuous: V1428
Independent: NNSET-V/3 Categorical: MNSET V347 V9-RISK
aubset none
Quick  Advanced Nelwnrks!EnsemhIesI
- 4] oK
(@] Variable types Select analysis:
i Cancel
E Input-Output variables 4 Intelligent Problem Solver
H Custom Metwork Designer
E Options ~

E}' Open Data

SELECT
CASES | D w

Dependent:
Independent: NNSET-V9

RISK

1 2 3 4 5 6|7 8 9 1 1

NNSET V1 | V2 V3 V4 V5 V6 V7 V8 VI RISK
" 1|Select 154 0000A A T F T 1T Bad
_ 2|Train 1225 0085A A T F T 4T Bad |
" 3|Train 300 1250A A F F T 11F Bad |
_ 4|Train 154 0290A A T F T 5T Bad |
. 5|Select 000 0299A AT F T 1F Bad |
_ B|Test 675 0085A A F F T 1T Bad |
C7|Train 917 1000A A T F T 12T Bad |
_ 8|Train 1175 0165A A F F T 2T Bad |
_ 9|Train 100 0125A A T F T 11F Bad |
_10|Select 1900 0375A A ? F T 1F Good|
(M|Select 1125 2165A A T F T 17F Bad |
12|Select 650 0290A A T F T 15F Bad |
13|Train 800 1000A A T F T 6T Bad |
14|Train 1450 0040A A F F T 1F Bad |
15|Test 059 5000A A F F T 2F Bad |
16|Train 1300 0250A A ? F T 9T Bad |
_A7|Select 1850 0960A A ? F T 17T Bad |
_18|Select 850 3170A A F F T 3F Bad |

iz Feature (Independent Variable) Selection: CreditSNN

Quick | Advancedl Genetic algorthm  Interactive I Finish |

— Results reported
" Final [best) feature set only

" Best of each stage (if improvement)

" Best of each stage
Al combinations tested



|Forwards Selection (CreditSNN)

Error V1 /V2|V8 NNSET

1.1 [0.496418] Y
12 |0.496857 -
13 | 0496560 -
14 | 0496515 -
15 | 0496600 -
16 | 0496600 -
17 | 0494251 -
18 | 0456750 -
19 | 0482958 -
110 | 0496840 -
21 |0456351 Y
22 |0456713 -
23 | 0456547 -
24 | 0456804 -
25 0456207 -
26 | 0456207 -
27 | 0454058 -
29 0443760 -
210 | 0456815 -
31 |0443373 Y
32 | 0443744 -
33 | 0443607 -
34 |0444015 -
35 |0443331 -
36 |0443331 -
3.7 | 0441040 -
310 | 0443827 -
41 | 0440646 Y
42 0441023 -
43 | 0440885 -
44 |0441139 -
45 |0440446 -
46 | 0440446 -
410 | 0441057 -

Y

Y

Y

Y

Y

<[
< €< <<€ <|< <<€ |<[< €| < |<[<|<€|<|<|<|<|<|<]|,

< << << =<=<,

V3| V4 V5 V6 VT IVI

=<l

<<€ << << << << <<<<,

Each row represents a particular test (of a
combination of inputs). The row label indicates the
stage; e.g. 2.3 indicates the third test in stage 2. The
final row replicates the best result found, for
convenience. The first column is the selection error
of the PNN or GRNN. Subsequent columns indicate
which inputs were selected for that particular
combination (Y).
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It is sometimes a good idea to reduce the
number of inputs to a network even at the cost
of a little performance, as this improves
generalization capability and decreases the
network size and execution size.

sz« Feature (Independent Variable) Selection: CreditSNN

Dependent:  RISK
Independent: NNSET-VS

Quick Advanced ‘Geneti: algarithm‘ Interactive | Finish ‘

Sampling:  |1. @

Smoothing:  |.1

Unit penalty: | 0001

You can apply some extra pressure to eliminate unwanted
variables by assigning a Unit penalty (on the Advanced tab of
the Feature Selection dialog). This is multiplied by the number
of units in the network and added to the error level in
assessing how good a network is, and thus penalizes larger
networks. Typical values (if used) are in the range 0.01-0.001.
However, it is not necessary to choose a Unit penalty; usually
the algorithm is run without it, or with a very low value to
eliminate only very marginal input variables. If there are a large
number of cases, the evaluations performed by the feature
selection algorithms can be very time-consuming (the time
taken is proportional to the number of cases). For this reason,
you can specify a sub-sampling rate. However, in this case we
have very few cases and a Sampling rate of 1.0 (the default) is
fine (displayed on the Feature Selection dialog Advanced tab).



mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/FeatureSelection/FeatureSelectionAdvancedTab.htm
mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/FeatureSelection/FeatureIndependentVariableSelection.htm

Display the Feature Selection dialog, select the Genetic
algorithm tab, and click the OK button. If the genetic algorithm
were run with the default settings, it would perform 10,000
evaluations (100 population times 100 generations).

However, since our problem has only nine candidate inputs, the
total number of possible combinations is only 512 (2 raised to
the 9th power). STATISTICA Neural Networks automatically

Dependent:  RISK
Independent: NMNSET-VS

Quick I Advanced Genetic algorithm l Interacti'-.*el Finish ‘

Population: 100

E
detects this fact, and performs the faster exhaustive evaluation. Generations: 100 %
If the exhaustive evaluation is taking an unreasonable amount —
of time on your computer, click the Finish button on the Mutation rate:  |.1 v
progress dialog. Crossover rate; |1, %
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Feature selection is usually performed as a preamble to training a network or networks using the selected features as inputs. You
can instruct STATISTICA Neural Networks to display either the Intelligent Problem Solver or Custom Network Designer when the
feature selection algorithm finishes, with the feature set it chooses transferred to the independent variable selection.

iz« Feature (Independent Variable) Selection: CreditSNN

Dependent:  RISK
Independent. MMNSET-V3

Dependent:  RISK
Independent: MNSET-VS

) ) _ o Duil:kl hdvam:ed] Genetic algnrithm| Interactive  Finish
Quick IAdvanl:ed] Genetic algDrlthml Inleraclwel Finish ]

On completion

Method * " Finish analysis (back to the Startup dialog)
n

{;n .
Forward selectio (" Start Intelligent Problem Solver using selected features

(¢ Start Custom Network Designer using selected features *

(" Keep feature selection dialog

" Backward selection

" Genetic algorithm
sz« Feature (Independent Variable) Selection: CreditSNN

Dependent.  RISK
Independent: NNSET-VS

Quick AdvancedIGeneticalgnrithm Inlera-::livel Finish] This ti th i< ionif ‘ ‘
IS Time, there IS SiIgniTicant pressure 1o

Sampling: |1 E reduce the number of inputs, even at the
e K E cost of some loss of error performance.
Unit penalty: | 01 E *
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Forwards Selection (CreditSNN)

Error |V1|V2 V8|NNSET |V3|V4|V5|V6|V7|VI
2.3 0478376 - - Y - - - - Y - -
24 0479107 - - - Yl | - - Y| - -
25 0477466 - - - Y - Y - - The precise result may
26 0477466 - - - oLy -y - . depend on the cases
27 0477914 - - - N RV RV that are assigned to
29 0465209 - - - .- Yy . your training and
210 | 0478894 - - - Sy oy selection sets.
31 0474847 Y - - S B BV VI However, a common
32 0475109 - Y - Oy vyl res:l\';;s to finfl tha'(chG

an are selected,

gi g:;gﬁgg : : Y: \; : : : :: : : possibly also with V4.
3.5 0473805 - - - - Y - - Y'Y -
3.6 0473805 - - - -l - Y] -] Y Y] -
37 0473828 - - - - - - Y Y Y -
310 (0474922 - - - - - - - Y Y Y
Final | 0465209 - - - - - - Y] Y] -




The forward stepwise and backward stepwise algorithms are usually quicker than the genetic algorithm if you have a reasonably
small number of variables (say, 80 or less), and are equally effective if there are not too many complex interdependencies
between variables. One disadvantage in this case is that these algorithms give a single, consistent result, whereas the stochastic
nature of the genetic algorithms means that you can run it a number of times and perhaps find alternative solutions. On the
other hand, with the forward and backward stepwise selection algorithm, you can see which variables are added or removed in
which order. In common with sensitivity analysis, this can give you a feeling for the relative importance of the variables.

sz« Feature (Independent Variable) Selection: CreditSNN

Dependent:  RISK
Independent. NNSET-V3I

Quick Iﬁldvancedl Genetic algorithm | Interactive | Finish l

Method
" Fomward selection
(¢ Backward selection

(" Genetic algorithm

Paper!

::. Feature (Independent Variable) Selection: CreditSNN

Dependent:  RISK
Independent: NNSET-V9

Quick Advanced ‘Genetic algorithm‘ Interactive | Finish ‘

Sampling: |1 . @
Smoothing: |,1 @
Unit penalty: |1| @ *

:2. Feature (Independent Variable) Selection: CreditSNN

Dependent.  RISK
Independent: MMNSET-VS

Quick | ﬂ.d'-.fann:edl Genetic algorithm  |nteractive ‘ Finish ‘

Results reported
(" Final [best) feature set only

(" Best of each stage [if improvement)
{

*)

Best of each stage

(" Al combinations tested

This Unit penalty is so high that the algorithm will
actually suggest removing all input variables. However,
it is useful to see the order that the algorithm suggests
removing the variables in

(Statistica may fail running at this Unit Penalty)



Backwards Selection (CreditSNN)

Error |V1/V2|V8|NNSET V3 |V4|V5|V6 V7 V9
1.1 [05475181 Y Y Y Y Y Y Y Y Y Y
14 0538246 Y Y Y Y Y Y Y Y Y
22 0527009 Y - Y - Y Y Y Y Y Y
33 (0517084 Y - - Y Y Y Y Y Y
41 |[0,507275 - Y Y Y Y Y Y
55 10497717 - - - . Y Y Y Y Y
67 |0488221 - - - - -l Y -l Y Y'Y
710 | 0478676 - - - - Y Y Y -
86 |[0480184 - - - . Y Y
Final | 0469989 - - - Y Y

Run the Feature Selection algorithm again, this time selecting Method - Forward selection,
and setting the Unit penalty to 0. With no unit penalty, the algorithm suggests adding all the
variables, roughly in the reverse order to the Backward selection algorithm.

These experiments suggest a fairly consistent ordering on the variables, and can be verified
by comparing with the rankings generated by sensitivity analysis.



