Artificial Intelligence for Engineering Design, Analysis and Manufacturit§99, 13, 377—-386. Printed in the USA.
Copyright © 1999 Cambridge University Press 0890-08®$12.50

Ensemble modelling or selecting the best model:
Many could be better than one

S.V. BARAI'Y* AnpD YORAM REICH?

1Department of Civil Engineering, Indian Institute of Technology, Kharagpur-721 302, West Bengal, India; and
2Department of Solid Mechanics, Materials and Structures, Faculty of Engineering, Tel Aviv University,
Ramat Aviv 69978, Israel

(RECEIVED July 21, 1998 AccepTED May 28, 1999

Abstract

In the course of data modelling, many models could be created. Much work has been done on formulating guidelines
for model selection. However, by and large, these guidelines are conservative or too specific. Instead of using general
guidelines, models could be selected for a particular task based on statistical tests. When selecting one model, others
are discarded. Instead of losing potential sources of information, models could be combined to yield better perfor-
mance. We review the basics of model selection and combination and discuss their differences. Two examples of op-
portunistic and principled combinations are presented. The first demonstrates that mediocre quality models could be
combined to yield significantly better performance. The latter is the main contribution of the paper; it describes and
illustrates a novel heuristic approach called 8@ (k-NN) ensembl®r the generation of good-quality and diverse
models that can even improve excellent quality models.

Keywords: Ensemble; Machine Learning; Neural Networks; Data Modelling; Stacked Generalization; Model

Selection

1. INTRODUCTION the guidelines or heuristics would be overgeneralization of
past experiences.

Given a set of input—output dafx,y], one can build an Inevitably, through the modelling process, the data na-

unlimited number of models that represent an implicit map-ture is better understood and new insight about the model-
pingy = f(x). There is no best model for arbitrary data or ling problem emerges. Consequently, the process iterates
function. In fact, for classification tasks, averaged over allwhere different models are examined or additional data is
modelling problems, all methods are equal as shown by theollected(Reich, 1997, 1998 At the end of modelling, the
conservation law for generalization performantgchaf-  intermediate models are usually discarded.
fer, 1994 and theno-free-lunch (NFL) theorem&\Volpert, A more systematic model selection will follow a compar-
1995. ative statistical testing among candidate models. Such test-
Inthe traditional approach, the information available on theing would require large data for model building and tuning,
problem is examined and a choice is made among availablgnd for model comparison. A common test to use is cross
models that might best solve the problem. Such a choice couldalidation but others, especially for classification, are ex-
use heuristics or guidelines derived from experience. Thelored in the machine learnin@L) community(Reich &
choice might fail because the true functida unknown, the  Barai, 1998).
information available is limited or even erroneous, and Whether a model is selected systematically or not, it is
clear that the remaining models that were developed and
discarded contain potentially valuable information about the
*This research was done while the author was a postdoctoral fellow aprOblem' If we wish to better understand the nature of data
the Faculty of Engineering, Tel Aviv University. and the process that generated it, and not necessarily esti-
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It has become clear that prediction models could also b@. MODEL SELECTION
improved by the combination of multiple models into one,
an approach calleensemble modellingee Sharkey19969  Model selection is one of the steps in building models from
for a summary. Numerous practical modelling problems data(Reich, 1997, 1998 It has been perceived that using
were solved successfully using ensembles. However, we musife best single tool for solving a problem is the best solu-
not think that the combined model or ensemble is guarantion approach. However, it is also recognized that no ML
teed to perform better than any of its constituents or that theool is better than all others on all probleg&chaffer, 1994;
same combination approach will work equally well on an-Wolpert, 1995. A critical issue therefore is determining
other arbitrary modelling problem. This is a corollary of the for each model the class of problems it can solve best. This
conservation law or NFL theorem. The choices between modrequires collecting data on the use of different tools for
els are merely deferred to a meta level: which models talifferent problems including successes and failures and com-
select as the ensemble members and how to combine themRing such a mappingReich, 1994. Such compilation re-

An important concept that underlies model selection orquires significant effort. An attempt to use ML to assist in
combination is thebias-variance tradeoffGeman et al., this task is demonstrated in the StatLog project. Following
1992. These could be explained in terms of this tradeoff.the testing of 22 classification programs on more than 20
This tradeoff emerges from decomposing the expected valugatabases, knowledge was extracted in the form of heuris-
of the error of an estimatdrof some functiory into three tics that can direct ML program selection given a particu-
terms: bias, variance, plus some noise factor. For a squaiar learning problem(Michie et al., 1994 It is unclear
loss function the decomposition of the error can be writtenwhether this approach can be generalized to handle the va-
very generally affor a precise formulation sé&eman etal., riety of learning situations and solution methods.

1992]: Depending on the choice of modelling approach, several
parameters are often available for selection. For example,
—£(x))2] = _ 2 € g in the context of modelling a function by neural networks
Elly—f()2] = €[y — E[yD?]  “noise (NN), the following choices are available:
+ (E[f0] - E[y[x])? “biag’
. . o Model type This selection is based on the particular
+E[(fO) =&l f(xD?]  “variance” (1) problem: A simple feedforward network might be suf-
ficient for modelling a simple function, while a recur-
where,£[ -] represents expected value. The noise element  rent network might be better for a time-dependent
reflects the variance of given x including measurement function. In the former case, multilayer perceptron
and human coding errors; it is fixed for the data. It turns out (MLP) network or a radial basis functiofRBF) net-
that when model complexity increases the bias is reduced  work could be used.
but the variance is increased. Therefore, there is a tradeoff ¢ Model configuration or topologyThis choice is one of
between the two terms that yields the “optimal” estimator. the most common design decisions: determining the
This insight can be used to design better estimators or se- number of hidden layers, the number of hidden units,
lect between them. and the type of activation functions of the NN model.

This paper reviews the problem of model selection and Model complexity must produce a good tradeoff be-

model design guidelines in the context of neural networks  tween thebias and variance of the model erro(Ge-

modelling(Section 2. We discuss heuristics for combining man et al., 199
models into an ensemble to improve performance and re- ¢ Model estimationFirst, the error or cost function be-
view a formalization that makes these heuristics exl&xdc- tween the training data and NN output needs to be for-

tion 3). We present two examples of ensemble modelling mulated. Second, there are two broad categories of
(Section 4; one example demonstrates that opportunistic model estimation methods to minimize this function.
ensemble modelling based on models generated in an ex- The first method is the one developed for the particu-
ploratory iterative modelling process can lead to improved lar NN such as back propagation for a MLP. The sec-
performance even when data quality is poor. This example  ond method involves using minimization programs to
highlights the problems of models generation and combi-  minimize the error or cost function directlSarle,
nation, which are addressed by the second example. The sec- 1994).

ond example constitutes the main contribution of this paper; e ImplementationMany implementations of NN algo-

it describes and demonstrates a new method based on a set rithms are available. They vary in reliability and de-

of modified stacked generalization instantiatigki¢olpert, tails. For example, the generation of random numbers
1992 for systematically generating quality ensembles. The may be different thus leading to different initializa-
method is called th8G(k-NN) ensembleThis method suc- tions of NN weights. Such discrepancies undermine the
ceeds in improving results even when it seems that close to  ability of different implementations to replicate results
optimal performance has already been achieved. (Nabney et al., 1997
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There are two methods for generating guidelines: theo2.2. Empirical guidelines
retical and empirical. To illustrate them, consider the choic

: . Most often, empirical guidelines are based on parametric
of model configuration.

studies involving various NN architectures applied to sev-
eral databases or modelling problems. The guidelines are
2.1. Theoretical guidelines then generalized from the studiéSarpenter & Hoffman,

o , ) . 1997. In performing such tests, attention should be given
Many guidelines are based on interpretations of theoretlca}I0 the following issues. Similar to what we know about ML,

results related to NN. In particular, there are various proofg, get useful generalized guidelines they have to be ex-
that [\IN are ‘_’”'Versa' approxmator_s. For example, KOImogy,5cted from modelling problems that are representative of
orov's mapping neural network existence theoréifecht- o ;roh1ems we might encounter in the future. The number
Nielsen, 1990 states that every real continuous function of these problems must be sufficient to obtain meaningful
f:[0,1]¢ — R™ can be written as generalization
- g The generalized guidelines should be formulated care-
yvi= S & < S A (%, + he) + h), ®) fglly following ana.Iyzing the results With accept'able statis-
h=1 k=1 tical tests. In particular, when comparing multiple models
on multiple modelling problems, the problem of multiplic-
ity must be addressed so as to minimize spurious statistical
results(Feelders & Verkooijen, 1995; Reich & Barai, 1398
In addition, statistical tests have their own bias and vari-
ance. Some testg.g., cross validationare more accurate

whereA is real,is is continuous real monotonically increas-
ing function independent df e is a rational number as small
as desired, an@;, i = 1,...,m are continuous real func-
tions dependent ohande. Some authors interpreted this as

a guideline that in no situa_tion does one ”?ed more_hiddeﬂ‘e” have less biashan others but must be interpreted with
ulmts?;gan_?;fr 1h whered IS the nurEber of 'ntht§V¥_m't_ care. It is best to control their variance with respect to test
gler, 8. This, however, is wrong because the activa 10N ey ecution conditions and data sampling by performing sev-

functions required to prove the theorem are problem deDenéral tests and averaging the results. One such t&st ishere

dent, unknown, and certainly do not resemble those used ipruns ofk-fold cross validatior(CV) are averagedReich
any common NN architecture. |\f‘ Barai, 1998)

Another related theorem states that a two-hidden layer N A k-fold CV is performed as follow$Reich, 1997. The

with a step-activation function would requweanumberofhld-dataD is divided intok subsets of roughly equal size. The

den units that is polynomial in the desired error and expos . . : : .
- . . . ML program is trained times, each time leaving out one of
nential in the number of input&Kurkova, 1991; Scarselli & brog g

. the subsets from training, and using it for testing. The error
Tsoi, 1998. Consequentlhjh = O(a?), for some constars. . ning using! ng

. _ S . estimation is the average accuracy of theuns. Ifk = n,
The proof of this theorem is constructive: it describes the 9 y

- ) : n is the size of the data set, the test is calldd2D test. It
method of bwldmgthe_NN and its usage. Obviously, thet.wohas been common in general ML studies to use a 10-fold
o oo L S S stV melhcd ien henumber ofrstancaseceeds 100,
tion function, we would have abstracted those results out o?r a leave-one-out method for small databases.

thei text derina th | Swi 6 Instead of formulating general guidelines, one can use sta-
neircontext, rendering them Useless. .W'ngwg MEN- " istical tests to selecta particular model for a particular mod-
tions many such guidelines with their origin in theoretical re-

its. H h | intains the bound on hidd elling problem. The process is similar to the generation of
SUlls. However, he wrongly maintains the bound on i erbeneral guidelines except that only one modelling problem

unﬁ ash st_2d|+ 1l’d i | ¢ diff is solved and less testing is performed because the selection
eoretical guidelines can also emerge from different '\ o apply in general.

theoretical analyses. For example, Fu and Q&893 sug-
gested usindp < 4 in the sigmoid function A1 + e ) of
an MLP instead ob = 1 to reduce the sensitivity of the 3. ENSEMBLE MODELLING

MLP output to variations in inputs. No guideline is always correct. No single method is always
Many other theory-based guidelines are based on NN dehe pest. This has led to the idea of trying to combine mod-
grees of freedom or various criteria such as the Vapnik—p|s into an ensemble rather than selecting among them. The
ChervonenkigVC) dimension(Lawrence et al., 1996In  jgea seems to work well as demonstrated by many practical

one such example, Baum and Haus&l&89 relate the size  ¢|assification applicationalthough note that failures are

of a MLP with linear threshold functions, the number of train- rarely reportedl Wolpert(1992 proposed two heuristics for
ing examples, and the training error to the confidence irhssessing the potential of an ensemble.

future predictions. However, the bounds derived from those

analyses are too conservative. There is still a gap between 1. The ensemble should span the space of generalizers.
theoretical and empirical results in NN as the gap associ- The ensemble members should be of different types
ated with symbolic ML(Turney, 1991 and not merely variants on the same model type.
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2. The ensemble models should be “orthogonal.” This Modeling Problem
ensures that each adds additional information toward Goal: obtain a predictor with best performance
building an accurate model. Correlated models are not Selection ? [ Combination ?
useful for ensemble construction. Y L1

1. Generate good quality models 1. Generate complimentary diverse model
L . X using the bias-variance tradeoff set using the quality-diversity tradeoff
These heuristics are clear when using ML to gain better un{ 2. Select best model based on some ]| 2. Select best combination approach
derstanding of data: the use of diverse methods provides diflumemal statistcal test based on some criteria / statistical test

) ’ . ; . I I
ferent perspectives, and many different perspectives improve !
understandingReich etal., 1996 Krogh and Vedelsb§1 995
formalized these heuristics as aninstance of the bias-variance

tradeoff(Geman etal., 1992The ensemble error is given by:

| Deploy Solution

Fig. 1. Model selection versus combination.

E=E-A (€) Most work on ensembles to date have dealt with classi-
fication. We will present two examples of using ensembles

where for multidimensional regression.
dividual networks of thgth output parameter; the data, the more beneficial is ensemble construction. Our

first example has two levels of noise. Our results lead to

A =3 w ajj, is the weighted average of ambiguities similar findings: the advantage of using ensemble increases
(e, defined belowin thejth output parameter;  with the level of noise in, or variance of, the data. We also
w; = the weight assigned to the output of fftke param- show that ensembles do not always improve results.

eter of theith model; these weights satisB; w; = Most previou; work on ensemb_les have not deal_t with
1: actively generating a good set of diverse models. Opitz and
Shavlik (1996 operationalized Eq.3) into a procedure for
8; = the sum square err¢8SE of thejth parameter of  such generation. Their algorithm is based on genetic search
theith model; in the space of NN configurations for those NN that con-
tribute most to lowering th&;’s. Our second example im-
plements a novel heuristic approach for systematic generation
of good quality ensemble models.

= (Y5 — 371-)2 is referred to as thambiguityin thejth
parameter of th&¢h model,

y; = the output of thgth parameter of théth model;

and 4. OPPORTUNISTIC AND PRINCIPLED
y, = the weighted average output of tfta parameter, ENSEMBLE MODELLING: CASE STUDIES
that is, 21 W Yj - We illustrate two approaches of ensemble modelliojg:

Equation 3 separates the generalization error into one ter ortunistic and principled The opportunistic approach
S merges from the usual iterative data modelling process. Dur-
that depends on the errors of the individual models and an- g gp

. . ing modelling, various models are explored, the problem is
other term that contains all the correlation between them, o
The first is low if models quality is higliheuristic 3 and gradually better understood, and hopefully, modelling im-

the second is high if the diversity is higheuristic 2. Krogh proves. Yet, at the end of the process, one remains with all

the intermediate models, some of which may perform bet-
and V_edelsb;(_1995) also show how to compgte the yalues ter than the final model. Instead of discarding these models,
of optimal weightsw; . However, this calculation requires a

- ; . ensemble modelling combines them into one. If the models
large data set for training and testing. Thus, in cases wher, 9

. ) . . . %re quite differenti.e., diverse and reasonably good, the
a small dataset is available, it is advisable to assign equal ccmble will improve upon the best of them. We demon-
weights that lead to a conservative ensemble. :

strate this approach through modelling corrosion data.

Figure 1 shows the differences between the model selec- The principled approach seeks to generate systematically

tion and combination approaches. The general framework . X
bp 9 a set of as accurate as possible and diverse models from

is similar; however, the combination approach has Many, hich a single model is composed. We develop a new method

more degrees of freedom. It also has many more opportu- . : . .
I . . with these properties and demonstrate it through modelling

nities to address the bias-variance tradeoff. Instead of opti-__ . , .
- o marine propeller’s behavior data.

mizing the tradeoff for each model before combination, one

can generate basic models with lower bias and let the am- o _ o

biguity of the ensemblfi.e., the ambiguity term in Eq3)] 1. Opportunistic method: Combining

reduce the variancéNaftaly et al., 1997. This requires in- intermediate models

tegrating tightly the two steps in the model combinationThis exercise deals with the stress corrosion cracksC)

approach. of a sensitized, wrought type 304 stainless st€zingle-
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ton et al., 1995 The goal of modelling is establishing re- 4.1.2. Selection of neural networks model parameters
lationships between the environmental conditions and their The topology and training parametdrsumber of ep-

effects on the steel. The environmental conditions are temgchs, and learning ratér)] of the different models are given
perature(T), potential(V), solution typesST1 and ST2  jn Table 1. The topology specifies the number of input units,
and the effects are crack lengt€L), ultimate tensile ynits in two hidden layers, and number of output units. SSE
strength(UTS), time of failure(TF), reduction of are4RA),  was set to 0.005, but was never reached in our experiments;
and the crack typeéCT1 with four distinct values or CT2 rather, the training cut-off was determined by the number of
with two aggregated values “yes” and “no-cragkPrelim-  epochs. There was no optimization of the parameters. Rather,
inary data analysis suggested that the data, consisting Qfe selected parameters that gave reasonable results with rea-
93 instances, is sparse, noisy, and its quality is rather poogonable execution time to allow us to execute the study.

4.1.1. Neural networks models 4.1.3. Evaluating and interpreting results

We selected multilayer perceptrdMLP) and a self- Due to the small data size we usiedve-one-outLOO)
organizing magSOM) for creating input—output mappings to determine the accuracy of the NN modéReich, 1997;
and for locating possible outliers in the data. We used thereich & Barai, 1998). Two cases were analyzed: the first
implementations in the MATLAB Neural Network Toolbox case used theaw dataand the second case usel@éaned
(Demuth & Beale, 1994 From these two basic models, five data The data cleaning was carried out manually consider-
model combinations were synthesized and summarized ifhg the following criteria:

Table 1. . o )
e Focusing on the parameter RA and removing inconsis-

e Model I This is the basic model where MLP creates tent or repetitive examples from the data set.
one mapping between the input and output parameters. ¢« Performing resubstitution and LOO tests on the raw

e Model 2 This modelling is based on the assumption data. ldentifying patterns that gave high errors for the
that classifying the data points into similarity regions output parameters and removing them from the data.
will improve predictability. First, SOM forms clusters
considering all the parameters. Second, a model is built In the context of RA, 14 patterns were removed from orig-
to recognize these clusters given input data only. Thirdjnal data set.

a model is built to map the input parameters and the The results of the LOO tests in terms of SSE for each
class onto the output parameters. model and the ensemble results for the two cases are shown

o Model 3 This approach tries to subdivide the predic-in Tables 2 and 3. In the case of raw d&f@ble 2, the
tion task into two steps. First, the CT1 is predicted andensemble improved the predictive accuracy of all four pa-
second, CT1 and the other input parameters determineameters by a significant amount; in particular, the accu-
the other output parameters. racy of the two difficult to predict parameters: CL and RA.

o Model 4 Same as model 1 except thatitening(Bish-  In the case of cleaned dat@able 3, we expected less im-
op, 1995 is performed on the data before training. Whit- provement. Indeed, this was the case and for two param-
ening is a linear transformation with correlations of eters(UTS and TH, the ensemble performed worse than
attributes that are performed using eigenvectors calcuthe best model.

lated from the data. We did not perform any statistical test to assess the sig-
e Model 5 Same as model 1 except that CT1 is replacechificance of the results we obtained. Such tests would be
by CT2. extremely time consuming. However, to study the sensitiv-

Table 1. A summary of modelling approaches

Model Step Input Parameters Output Parameters Modeller Topology Epochs Ir
1 1 ST1, ST2, T,V CL, UTS, TF, RA, CT1 MLP 4-18-18-6 25,000 0.02
2 1 ST1,ST2, T,V Classification SOM* — 2000 0.1

2 ST1, ST2, T,V Class MLP 4-18-18-1 10,000 0.02

3 ST1, ST2, T, V, Class CL, UTS, TF, RA, CT1 MLP 5-18-18-6 25,000 0.02
3 1 ST1, ST2, T,V CT1 MLP 4-18-18-2 25,000 0.02

2 ST1, ST2,T,V, CT1 CL, UTS, TF, RA MLP 6-18-18-4 25,000 0.02
4 1 ST1,ST2, T,V CL, UTS, TF, RA, CT1 MLP 4-18-18-6 25,000 0.02
5 1 ST1, ST2, T,V CL, UTS, TF, RA, CT2 MLP 4-18-18-5 25,000 0.02

*SOM was trained for 8 classes, 6 points in each class, and a standard deviation of 0.05.
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Table 2. NN performance study of material corrosion— | (@:Original space ey (®): Error space
raw data =Yy
L S o
Error of Individual Networks
X X
Parameters X X I
X >~ \ X’

Crack Time of Reduction
NN Model Length UTS Failure of Area Fig. 2. Error prediction with stacked generalization.
Model 1 0.4236 0.1460 0.2361 4.0897
Model 2 0.5963 0.2343 0.1643 5.9212
Model 3 0.4610 0.2335 0.2335 45191 -
Model 4 0.3321 0.1634 0.1146 3.9106 the minimal error for TR0.0476, performs worse than the
Model 5 0.4524 0.1481 0.2775 3.3689 best mode({0.0427. Consequently, ensembles are not guar-

anteed to improve results upon the best model. It becomes
Ensemble Error critical to determine a systematic method for generating di-

E 0.4289 0.1861 0.2167 40812 Verse, good-quality ensembles.
A 0.2082 0.0608 0.1349 1.6582
E 0.2496 0.1295 0.0865 2.7733 o
Min (E) 0.2305 0.1259 0.0856 2.7456 4.2. PrlnC|pIed method: TheSG(k-NN) ensemble
Models 1,34 1,4,5 1,2,3,4 1,2,4,5 - . . .
Max(E) 0.3968 0.1646 0.1627 3.8604 The prlnC|pIed method involves using stacked generallza-
Models 2,3 2,3 3,5 2,3 tion (SG) in an innovative manner. SG is a method for im-

proving the accuracy of one model or combining several
models into an ensemb(&Volpert, 1992. To improve one
model, SG is used in the following manr(see Fig. 2. One
model may represent a function froxto y in the original
ity of the ensemble to model's availability, we calculated data spacey = f(x). The errors between the data and the
the ensemble accuracy for each combination of the six modnodel prediction are used as input to a second algorithm in
els. The maximum and minimum errors, with the model com-the error spaceto create a model between an augmented
binations that generated them, are shown at the end dhputx’ and the erroe=y—y°, é=1'(x"), wherey is the
Tables 2 and 3. The results show significant variations. Onéarget output from the dataset ag@ is the output of the
of the combinations in Table 3, models 1 and 4 which yieldsfirst model. The augmented input is the original ingwnd

the description of the instance closéséarest neighboto

the new input in the training set. The second model could

be used to predict the error that the first model would have
Table 3. NN performance study of material corrosion—cleaned \when predicting the output of a new input. Together, both
data for RA models can yield better estimation that is calculateg by
é. To be safe, the contribution of the second model could be
halved to yield(Wolpert, 1992:

Error of Individual Networks

Parameters
y+0.58e (4
Crack Time of Reduction
NN Model Length uTs Failure of Area The process of applying SG to a model extracted from a
Model 1 0.2529 0.1204 0.0427 1.2165 data set is quite involved. Figure 3 shows the data arrange-
Model 2 0.8039 0.2237 0.1269 2.8658 ment for SG and Figure 4 provides the algorithm. The fig-
Model 3 0.2458 0.1603 0.0804 1.9874  yre shows one iteration of testing SG ®mfter building it
Model 4 0.1934 0.2578 0.0746 17532 from D. If D is composed ok — 1 folds of a CV test and
Model 5 0.2107 0.1888 0.0965 12779 . ) . .
is the last fold, the procedure can iter&témes to yield a
Ensemble Error completek-fold CV test.
E 0.3189 0.1775 0.0865 1.8121
A 0.1691 0.0603 0.0388 0.9860
E 0.1659 0.1255 0.0528 0.8612 .
. Training data, D
Min (E) 0.1317 0.1149 0.0476 0.8612 Error Final
Models 1,3,4,5 1,3 1,4 1,2,34,5 mﬁa\ testing
Max(E) 0.3498 0.1867 0.0808 1.4394 Th el 3 TN eT
Models 2,3 2,4 2,5 2,4 Lo e [t eelftyher]

Fig. 3. Stacked generalization data management.
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Training

1 Create the prediction model from all training data D (ATM)
ATM: zP — P
2 Repeat on all subdivisions of D to L and E (LU E = D)
LTM: zF — yF, e; = (yF) — (yF)°, (yF) is the target value, (yF)° = LTM (2F)
is the output value.
This repetition creates the complete set of eP.
3 Create the error prediction model EPM
D
i

NN(zP)

EPM: — eP, NN(zP) is the nearest neighbor of z; in D

Testing

4 Test on all items in T
EPM (2T, NN(z])) = ¢;
ATM(T) = ()"
Yse = (U7)° +€j, €so = earm — €;

Fig. 4. The stacked generalization algorithm.

The original SG uses one nearest neighbor to augmemtumber of blade$Z), and cavitation numbdir). The task
the input space. Instead of using one nearest neighbor, ws to build a model that maps the input data described by the
usek-nearest neighbors. We anticipate improved perforpropeller geometry and operating conditigns., Z, EAR
mance similar to the improved performance when using?/D, J, etc) to the output that is the performance of the
k-NN regression instead of 1-NN regression in statisticspropeller(i.e., Ky, Ko, andn).
Thus, by varyingk we can generate different models that
are denoted by S&-NN), k =1,...,n. For each problem 4.2.2. Neural networks modelg N
and a database, there is an optimal valufiwat will yield An MLP was sel.ected due to its proven ability to perform
the best performancé.also depends on the level of noise Nonlinear regression; the apparent smoothness of the func-
(Lawrence et al., 1996We experimented with = 6. This t!oh being modelled; and the avallab'lllty of seemlng!y suf-
exercise yields good-quality and evidently, quite diversdiciént data. We chose to use the implementatiwith
models. improved backpropagatioof MATLAB Neural Networks
With the same approach we could have used SG to coml00/Pox (Demuth & Beale, 1994
bine models instead of improve one. The same scheme woulgl> 3 ggjection of neural networks model parameters

then become an ensemble of ensembles. Three NN were used in this study as shown in Figure 4:

o ATM, LTM, and EPM. Their topology and parameters were:
4.2.1. Case study problem definition

This study deals with predicting the behavior of amarine 1. ATM:5-30-30-3, SSE 0.5, Ir=0.02; SSE was the
propeller given certain operating conditions and design pa- governing stopping training criterion.
rameters. The data were created in open sea {izdsiny 2. LTM:5-30-30-3, SSE 0.5, Ir=0.02; SSE was the
et al., 1989. The data include 301 instances and cover the ~ governing stopping training criterion.

following dimensionless parameters: thrust coefficight), 3. EPM: 5-30-30-3, SSE 0.05, epochs 50,000; num-
torque coefficientKy), efficiency(n), advance coefficient ber of epochs was the governing stopping training
(J), pitch diameter rati¢P/D), expanded area ratiCAR), criterion.
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As before, there was no optimization of parameters inthe high correlation that exists between them. In contrast,
volved. Again, we selected parameters that gave reasonabilee best results involve ensembles composed of either the
results with reasonable execution time to allow us to per4th and 5th SG models or the 5th and 6th models. Instead of
form the study. the optimal value ok that we find ink-NN, there is a dif-

The set of models we obtained was then used to creatierentk value that optimizes the ensemble accuracy. We in-
an ensemble by assigning equal weights to the different S@nd to explore whether this observation applies to other
(k-NN) models. situations.

4.2.4. Evaluating and interpreting results 4.2.4.1. Note on statistical testés noted earlier, no sta-

A basic 10-fold CV test was performed whose data Sub_tistical tests were performed. Conducting such tests with
divisions were used in all other tests. G8IN), k=1,...,6, >C IS extremely time consuming. For example, the com-
were created and their results calculated according te4Eq. Putational cost of obtaining the values in Table 4 could be
Further, the ensemble approach was used on th&SG decomposed as fo_IIovx(see F_|gs. 3 and)4Testing the ac-
NN) results according to 3. The results of these exercise§Uracy of one SG is done witkfold CV. In each of thek
are tabulated in Table 4. The use of the (8BIN) algo-  'terations, an SG is developed frokn— 1 subsets of the
rithm with differentk values improved the basic SG and totalk (the seD in F'Q- 3. 'I_'h|s development is done V_V'th
was better than the results of the particular CV test whos& Y that is executed in an nner loop. Consequently, in the
data subdivision was used in all the tegshown as the Process of tg;tmg one S&’ models are trained from
first entry in the tablp Nevertheless, these improvements™" (K = 1)/k)* instances, andkzmodels are trained with
are rather small. In contrast, the ensemble results show sigt: (K — D/kinstances, where is the size of the data. For

nificant improvement above each of the models alone angx Models withk =10 andn = 301, these numbers are
above the original CV test. 720 training sessions with a database of about 250 in-

The ensemble of six S&NN) models, and even the stances. Any statistical test would involve at least 10 ex-
worst combination, gave results better than any other Se(gcutions of a similar procedure—a costly endeavor. Instead
quence with loweik. Different combinations of different of statistical tests, we provide a different measure of the

models gave bettelor worse results for the different pa- duality of these results: Elsewhe(i@eich & Barai, 1998),

rameters. The maximal and minimal accuracies and the modV€ conducted an analysis of the measurement error in the

els that participated in these ensembles are given at the effg'lection of data for this problem and found that our en-
of Table 4. semble results come close to being optimal considering these

Interestingly, the worst results are associated with an ergrrors. Additional confidence in this technique will emerge

semble of the first two models. This could be explained by"oM future applications.

Table 4. Error rates of SGk-NN) and their ensemble 5. CONCLUSIONS

Modelling data is a hard problem that often requires a long
iterative modelling process where different choices are ex-
Parameters plored and evaluated. Most often a model would include
useful information even if it is inferior to all other models.

Error of Individual Networks

K ‘e " Even opportunistic combination of models generated in the
10-Fold CV 8.09 4.47 4.20 course of iterative modelling could be useful. We demon-
SG (k-NN) No. of Neighbors strated this by combining five models created in the course

1 (Original SG 7.41 4.48 4.30 . . .

5 703 4.48 112 of modelling material corrosion data.

3 7.21 457 4.16 Engineering data, particularly those generated in exper-

4 7.27 4.59 4.10 imental setting, are often noisy, sparse, and of mediocre qual-

5 7.33 4.45 4.19 ity from the perspective of NN modelling. Fortunately, the

6 .45 4.56 413 usefulness of using ensembles increases when the data qual-

Ensemble Error ity is poor because the ensemble averaging reduces the vari-

- ance contribution to model error. Ensembles can also succeed
E 7.28 4.52 417 it data quality is good and the basic models are selected and
/2 é:gg é:gg 2:4712 combined carefully. Nevertheless, there are also chances that
Min (E) 5.0975 29443 29916 the combination of models will result in models less accu-
Models 4,5 4,5 5,6  rate than the best model available.
Max(E) 6.0197 3.5623 3.5881 All these phenomena were demonstrated in the exercise
Models 1,2 1,2 1,2

of modelling material corrosion; they suggest that addi-
tional work is needed on the generation and combination of
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good, diverse models and on the influence of the general Processing Systen8, (Touretzky, D.S., Mozer, M.C., and Hasselmo,
e i . M.E., Eds), pp. 535-541. MIT Press, Cambridge, MA.
goal_of mOde”mg . Obtammg accurate ensemble—on th%eich,Y.(l994). Macro and micro perspectives of multistrategy learning.
training of the basic models. In Machine Learning: A Multistrategy ApproactMichalski, R.S. and
We presented a novel heuristic approach calledSte Tecuci, G., Ed9, Vol. IV, pp. 379-401. Morgan Kaufmann, San Fran-
_ ; i _ cisco, CA.
(k N.N) ense_mbleo the systematic generation of good Reich, Y.(1997). Machine learning techniques for civil engineering prob-
quality an(_j diverse ensembles. The app_roach was tested 0N jems. Microcomput. Civil Eng. 12(4)307—322.
good-quality data and proved useful in improving the besReich, Y.(1999. Learning in design: From characterizing dimensions to
; ; ina. Working systemsAIEDAM 12(2) 161-172.
smgle basic model we generate(.j' Even the WOI’?t Combl.nq?eich, Y., & Barai, S.V(1998&). Evaluating machine learning models for
tion performed better that any single model. This exercise engineering problemartificial Intelligence in Engineeringl3(3), 257—
demonstrates that careful generation of ensembles can im- 272. _ . _ o
prove on good-quality models created from good-qua”tyRelch,Y-,&Baral,S.V(19983).Modellmg marine propeller behavior with
neural networks(submitted.
data. _ Reich, Y., Medina, M., Shieh, T.-Y., & Jacobs, (1996. Modelling and
In spite of these results, no general method will work al- ~ debugging engineering decision procedures with machine learhing.
; Comput. Civil Eng.10(2), 157-166.
ways. Th.erefore’ we can only state that a particular met.hogarle, W.S.(1994). Neural networks and statistical modeRroc. Nine-
for creating an ensemble can be better than the best single eenth Ann. SAS Users Group Int. Comp. 1538-1550. SAS Insti-
model and continue to work on identifying the generation  tute, Cary, North Carolina. o '
and combination methods that can best solve different class@§arselli. F.. & Tsoi, A.C(1998. Universal approximation using feedfor-

. ward neural networks: A survey of some existing methods, and some
of data modelling problems. new resultsNeural Networks 11(1)15-37.

Schaffer, C(1994. A conservation law for generalization performance.
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