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1. Introduction

Recent developments in econometric modelling have emphasized a variety of non-linear
specifications. Parametric examples of these include various regime-switching models (the
threshold and Markov switching autoregressive models): threshold autoregressive (TAR) models,
self-exciting threshold autoregressive (SETAR) models, smoothing threshold autoregressive
(STAR) models, and various others. In addition, non-parametric and semi-parametric models are
widely used, though the well-known “curse of dimensionality” can place some limitations on
their use with multivariate data. The use of fuzzy clustering analysis in the context of econometric
modelling is a rather new approach within the class of nonlinear econometric models [13]. Fuzzy
clustering analysis is a very flexible and powerful technique that is used widely in the pattern
recognition literature, and elsewhere, and has recently been applied in the area of modelling and

forecasting economic variables [11, 13, 15, 16, 23].

In fuzzy regression modelling, we use the explanatory variables to partition the sample into a pre-
assigned number of clusters. The membership functions are calculated using some algorithm for
each of the observations, and these provide weights between zero and one which indicate the
degree to which each observation belongs to each cluster. The fuzzy clustering regression is then
obtained by taking the weighted average of the regression results from each of the clusters, using
the membership functions as weights. To date, researchers have treated the number of fuzzy
clusters as being pre-determined, and no formal procedures have been used to determine the
“optimal” number of clusters. In practice, the number of clusters is set to be between one and four
[12, 13, 14] with one simply being the usual case where the full sample is used (standard

regression).

We observe that the choice of a particular value for the number of clusters implies the choice of a
particular model specification. Altering the number of clusters changes the number of *“sub-
models” that are fitted to the data and subsequently combined into a final result. We approach this
model-selection problem from a Bayesian perspective, and propose the use of the Bayesian
posterior odds to determine the number of fuzzy clusters to be used in the fuzzy regression
analysis. In fuzzy regression analysis, the models fitted to each cluster can be estimated by any
appropriate technique. Ordinary Least Squares is a typical choice. Nonlinearity is modeled

successfully because the fuzzy combination of the regression results from each cluster involves



weights that vary continuously from one data-point to another. Here, however, in order to be
consistent in our overall approach we use Bayesian estimation for each cluster’s sub-model. More
specifically, we adapt the standard Bayesian regression estimator based on the natural-conjugate
prior density function to our clustering context. As a result, we refer to this overall modelling

methodology as Bayesian Fuzzy Regression analysis.

This paper is organized as follows. The next section introduces fuzzy clustering analysis. Section
3 discusses some basic concepts associated with Bayesian inference, and sets up the Bayesian
Posterior Odds analysis in a general model selection framework. Section 4 derives the Bayesian
Posterior Odds under the natural conjugate prior for choosing the number of fuzzy clusters. The
design and results of an extensive Monte Carlo experiment are presented in section 5, and two
simple applications using real data are discussed in section 6. The last section offers our

conclusions and some further research suggestions.

2. Fuzzy clustering analysis

A classical set can be viewed as a “crisp” set, in the sense that it has a clearly defined boundary.
For example, the set E could be defined as any integer that is greater than 10. The membership of
a “crisp” set requires the individual element either be a member or not - the “degree of

membership” is either unity or zero:

1 E
Mu(x)=( if i:E . (1)

On the other hand, a fuzzy set is just as the name implies: “without a crisp boundary”. The
difference between a fuzzy set and a classical set lies in the nature of the membership for each
element. Zadeh [26] defined the meaning of the membership for fuzzy sets to be a continuous
number between zero and one. This means that any element can be associated with one or more
clusters. Further, all of these membership values added together should equal unity. Generally,
this association involves different degrees of membership with each of the fuzzy sets. Just as this
makes the boundaries of the sets fuzzy, it makes the location of the centroid of the set fuzzy as

well.



The “Fuzzy c-Means” (FCM) algorithm, which was developed and improved by Bezdek [2],
Dunn [9, 10] and Ruspini [21], is frequently used in pattern recognition. The objective is to
partition the data into fuzzy sets or clusters, to locate these clusters, and to quantify the degree of
membership of every data-point with every cluster. It is based on minimization of the following

functional:

JUV) =Y 3 ,)"(d,) )

i=1k=1

where u; is the “degree of membership” of data-point & in cluster i, and dj is the distance
between data x; and the i-t4 cluster center v;. ¢ is the number of clusters presumed, and m is any
real number greater than 1, which measures the degree of the fuzziness. In the limit, as m
approaches unity, the membership becomes crisp. Fuzzy partitioning is carried out through an
iterative optimization of the objective function shown above, with the update of membership u;

and the cluster centers v; by:

Ry (R @
and,
v =1 ) 5 @)™ =12 e @

Over the years, there have been numerous developments in fuzzy set studies following the
research by Zadeh [26]. Many applications can be found in the areas of computer science,
systems analysis, electrical and electronic engineering, pattern recognition and psychology. In
recent years, various applications of fuzzy sets in the area of econometrics have been led by Giles
and his co-workers [4, 8, 12, 13, 14, 15, 16, 17]. In these applications, “fuzzy regression”,
analysis is introduced. After clustering the data on the basis of the explanatory variables, separate
regressions are fitted over each of the clusters. The overall fuzzy regression is obtained by
combining the results from each cluster using the membership functions as the weights. As these
weights vary continuously over the sample, even if linear models are fitted to each cluster, the
resulting model can capture complex non-linearities in the data. See [13, 17] for full details. We
have written code for commands in the SHAZAM econometrics package [22] for the analysis in

this paper.



For the fuzzy clustering analysis, the number of clusters ¢ and the fuzziness parameter m have to
be assigned before the actual regression analysis. Usually, for researchers, the common choice of
m is 2. In previous fuzzy regression applications involving economic data (e.g., [13, 15, 17, 21])
the experience has been that the appropriate number of fuzzy clusters is usually four or less, and it
is uncommon for ¢ to exceed 6. However, in the past no formal procedures have been introduced
for the choice of these parameters. Different values of ¢ and m imply that different numbers of
clusters and different degrees of fuzziness will be used for the regression analysis, which means
effectively that different fuzzy models are going to be employed. This suggests a model-selection
problem. What are the optimal choices for ¢ and m for a given sample of data when applying
fuzzy regression? In order to simplify the analysis, in this paper we fix the value of m to be 2, and
view the selection of ¢ as the formal model-selection problem.! Here, we adopt a Bayesian

model-selection approach, and use Bayesian posterior odds analysis to select the value of c.

3. Bayesian posterior odds analysis
3.1 Bayesian model selection

An excellent discussion of Bayesian model selection is provided by Zellner [27, pp.292-298]. In
order to discuss model selection via Bayesian posterior odds analysis, we first need to introduce
some basic notation and concepts. Let M denote the model space, and M; denote the i candidate
model. The number of models is &, a finite or countably infinite value. So, M = {M;} i=1, 2, 3,...,
N. There are two sets of prior information that we need to consider in our Bayesian analysis here:
the prior information about the models and the prior information about the parameters of those

models.

First, assigning a prior mass function over M, let p(M;) denote the prior probability that the "

model is the ‘true’ model, where

0<pM,)<1
N

and >pM,)=1.
i=1

Suppose that the i model has a vector of parameters, 6;, belonging to a parameter space, 2, i =

1,2, ..., N. Let p(6.| M) denote the prior p.d.f. for the parameters of the i" model. For each

! Our analysis could be extended to the case where both m and ¢ are to be selected, though the fact that the
former parameter can take a continuum of values would complicate matters.



model in M the joint data density is given by p(y|#,,M,), and viewed as a function of the

parameters this is the usual likelihood function, /(6, | y, M ;). The conditional (on the model)

data density is obtained as

P M) = [ p(y16,M,)p(6,| M,)d6,, (5)
Q;
and the marginal data density is
p(») =2 p(M)p(yIM,). (6)
Jj=1

Applying Bayes’ Theorem, the posterior probability of model A7; is
_pM)p(y|M))
y)=
p(y)
Note that the posterior probability of A7; will be calculated incorrectly if the calculation of p(y) is

p(M, | o« p(M,)p(y|M,) : ()

incorrect, and this will be the case in the (likely) event that the model space, M, is not fully
specified. So, we use the Bayesian posterior odds (BPO) to select the preferred because, even if

M is incompletely specified, the BPO will always be correct, for the following reason.

Let [»(M;) / p(M;)] be the prior odds between model i and ;. Then

gpo, = PMi1Y) _  pM)p(rIM) I p(v)y  P(Mi)r POIM)y g

TopMy) M) p(yIM) p(y)y p(M,) p(yIM))
That is:
Bayesian Posterior Odds = [Prior Odds] x [Bayes Factor].

These posterior odds are independent of p(y), and hence of the specification of M. Of course, if M
is complete, we could use the BPO to calculate individual posterior probabilities which reflect our
beliefs about each model being a true model, given the sample information. In the context of the
model selection problem, after obtaining the BPO, often we will still want to come to a
conclusion of rejecting or accepting one model compared with some other competing model. This
is a two-action problem [27, pp.291].

In general terms, let us consider two competing hypotheses — a true hypothesis, Hyand a false

hypothesis, H;. Let H ;denote the action of choosing the i" hypothesis (i = 1, 2). If we accept the



true hypothesis or we reject the false hypothesis, we will incur zero loss. However, our loss

would be the positive amount L(H; ,I:IO) if we accept the false null hypothesis, and our loss
would be L(H O,fll) if we reject the true hypothesis. Which model will be accepted depends on
which model minimizes posterior expected loss:

If E(L]| ﬁo) < E(L|H,), Accept Hy.

If E(L|H,)< E(L|H,),Accept H,.
It is well-known that under any symmetric loss function?, H, will be accepted only if

p(Holy)>l

p(Hy|y)> p(H,|y),or o(H, | y)

Again, it should be emphasized that this determination of the rankings of the models through the
BPO does not require the calculation of the individual posterior probabilities for the individual
models, and so it is not affected if the model space is under-specified.

3.2 Bayesian estimation

In the above discussion, each model was parameterized by a vector of parameters, about which
prior information was needed in order to construct the BPO. It is natural, therefore, to approach
the estimation of these parameters from a Bayesian perspective. Such estimation is necessary in

order to complete our fuzzy regression analysis.

The Bayes and Minimum Expected Loss (MEL) estimators coincide if the posterior expected loss
is finite, so the discussion here focuses on MEL estimation, strictly speaking. Let us suppose that
model M; has been selected. Applying Bayes’ theorem, we first obtain the posterior p.d.f. for &,

as.
p@ |y, M,)oc p6,|M;)p(y]6,M,). 9)

Then the MEL estimator of ¢; is the éi that minimizes the posterior expected loss,

2 We could assume that the loss is asymmetric. This would simply alter the “threshold” value for the BPO —
i.e., the value at which the odds lead us to “flip” from choosing one to model to choosing the other.



AL(H,-,@)p(e,» |y, M,)de,. (10)

It is well known that if the loss function is quadratic, then 9:. is the mean of the distribution

described by p(@. | y,M.); for an absolute error loss this MEL estimator is the median of this

distribution; and éi is the mode of this distribution in the case of a zero-one loss function [3, pp.

308-309]. In what follows in the next section our choice of prior p.d.f. for the parameters results
in a posterior density whose characteristics ensure that the same MEL estimator arises under each

of these three particular loss functions.

4. Bayesian fuzzy regression analysis

As was indicated in section 1, different choices for the number of fuzzy clusters, ¢, generate
different fuzzy regression models. For example, letting the value of ¢ run from 1 to 4 implies that
there are four possible fuzzy models. The first model is the one-cluster fuzzy model (i.e., all of
the data are used, and we have a conventional regression situation); the second model is based on
two fuzzy clusters over the sample; and the third and fourth models assume there are respectively
three and four fuzzy clusters over the sample range. The regressions that we fit over each cluster
can be of any kind, depending on the nature of the data. In our case they will be linear multiple

regressions, with normally distributed errors.

The assumption of normally distributed errors is quite standard, and actually is far less restrictive
than might be imagined. This assumption implies that if we estimate these regressions by least
squares, we are actually using the maximum likelihood estimator (MLE), or the Bayes estimator
with a diffuse prior. It is well known that the equivalence between least squares and MLE also
holds under various other distributional assumptions for the errors, such as multivariate Student-t.
In fact the situation is even more general than this. Kariya and Eaton [18] and King [19] have
shown that any scale-invariant statistic based on least squares regression has the same distribution
if the error distribution is a member of the elliptically symmetric family (e.g., Chmielewski [5]).
So, our assumption of normally distributed errors can be relaxed to let the error distribution be
any member of the elliptically symmetric family without substantively affecting our results based
on least squares estimation, or Bayesian estimation with a relatively uninformative natural

conjugate prior.



Mo yy=Xufy +uy ; u11~ N(0, oy Inna)
Myt yy=Xfy+uy y u21~ N(O, 0y ln21)
Yoy = Xy oy gy y uz2~ N(O, 0, In22)

Myt yy =Xy +uy ; uz~ N(O, 073 Ina1)
Var = X 37+, ; uz2~ N(0, 073 lng2)

Vaz = X333 +ag ; uzz~ N(0, 0451n33)

M,: yy=X,Py+uy, ; a1~ N(O, 04 lna1)
Var =X B +lyy ; g2~ N0, o4y lna)

Vag =X g3 a3 +lgg ; usz~ N(O, 045 1h43)

Vas =X ufs +iyy ; uaa~N(O, 04y lnas)

The X;’s are (n; x k) matrices, each with rank, where n; is the number of observations in the ;™
cluster for the i model. The p; are each (k x 1) coefficient vectors, and the u; are (n; x 1) vectors

of random error terms. S, and o; are the coefficient vector and error standard deviation for the

™ cluster of model i, fori, j=1, 2, 3, 4.

The prior probabilities associated with each model are denoted p(M1), p(M-), p(M3) and p(M,).
The prior p.d.f.’s for the parameters ,BI.j and o, (i, j = 1, 2, 3, 4) are taken to be the natural
conjugate prior densities. Obviously, other possibilities could be considered, but this choice will
suffice to illustrate the methodology and it provides an interesting (and mathematically tractable)

benchmark. The following methodology would be unaltered if alternative prior p.d.f.’s were used,

though the specific results would change, of course. In our case, we have:

p(ﬂyyag/) = p(ﬂg/ | Jg/)p(o-gj)

‘l/ 2

G
p(ﬂ[j | O-g/) =

1 _ e
(Zﬁ)k[,lzo_ikg exp[— ZGU-Z (/BU - /BU) Cg/ (ﬂg/ ﬂl/)] (11)



K. q@?
0,;) =——7exXp(—=—
p( ll) G.(].i/Jrl p( 20_2

ij ij

), ij=1273,4

where the normalizing constant is K, = 2(ql.j§.f /2)"""/2 /T (g, /2). That is, the conditional prior

p.d.f. for g, given gy is multivariate normal with prior mean vector ﬁ@and covariance matrix
0;7C;'. The marginal prior information for oy is represented by an inverted gamma density, with
parameters g; and E/ to be assigned values by the investigator. For this marginal prior to be
proper, we need 0 < g;;, s,°<oo; i,j=1,2,3,4.

We can now proceed with the Bayesian posterior odds calculations. Equation (8) gives us the
formula for the BPO. However, in order to get the BPO we need to derive the conditional data
densities for each of the models. Given the assumption of normal errors in all of the sub-models,
the likelihood function for Model 1, for example, is:

1 1 1 2 ~ , ! ~
— > ———exp{——-[vas7; + (B11 - A1) X11 X11(Bia - AT}
(27z)™" % o' 2074

rO11l A, o11, M) =

(12)

where £, = (X}, Xll)_lel Vi, vy =ny; —kand vllslzl = —XuB) (ry — X))

The likelihoods associated with the various clusters for the multi-cluster models follow in an

obvious manner.

From (5), for the first model, which has one cluster, the conditional data density is:

p(y|M,)= ”P(yll | Bris001, M) p(Biy | 041) p(0y)dpudoy,

To consider the models based on two or more clusters we assume that the clusters are generated
independently of each other. In many cases this is a very reasonable assumption, especially with
cross-section data. For example, the clusters might implicitly relate to different countries at one
point in time, with no spatial autocorrelation. In other situations the independence assumption
may be less innocuous, but in such cases any underlying dependencies between the clusters
would have to be known, or would need to be modeled in order to proceed with the analysis. We
do not consider such extensions in this study. So, making this assumption of independence, the

conditional data density for Model 2, with two clusters, is:

10



| M,) :JIP(VH | By G0 M) P B1 | 05 P(01) dﬁ21d0'21”p(y22 | Bras O M) DA Bz | 00) PX(0,) B 0,
(13)

For Model 3 with three clusters this density is:
| M;) :J-Ip(yﬂ | Boy T30 M) (B | 531) P(031) dIB31dJ31IJ.p(y32 | Bogs O M3) (B, | 3,) DX 0,) Ao,
X”P(.Vs:s | Bia Osar M) DX By | 035) DX03) Ao

For Model 4 with four clusters it is:

pIM,) :JIP41(V| B0 M) (B | 0, ploy,) dﬂtld04ljjp(y42 | Bia O M) B2 | 045)X03,) AP oy,

X”P(V43 | Bia Ouas M) (B3| 045 P(043) dﬂ43d0'43”p(y44 | Bis Ouar M) (B4 | 040) P044) dBdo,,
(14)

where, as before, the 3, and o, are the parameters for the j” cluster of model i, for i, j = 1, 2, 3,

4. Using the results of Zellner [27, pp. 306-312]:

p(y|M,)= ”P(J’n | Biyr 011, M) p(Biy | 04) p(oy) dBndoy,

- .” (27[1)»1/2 o_l n eXp{ziz [V115121 +(Bu _Bll)’Xll'Xll(ﬂll _ﬁll)]}

11

1/2
Cul 1 7 v =
exp[- (B = B1) Coa (B — )]
(272_)k11/2611k11 20_112 11~ Pl CulPu — Pu
K 52
qlllil eXp(_%) dp,doy,
1 11
12
1 C Myt + g
= 5(27[)7"/21('11 || ll|| 2 2 F(%)(Qllgﬁ + V11S121 +0h, +0,)
11

(15)

~

where Ay =Cy + Xy Xy 3 By = Ay (CuBy + Xy Xy Bry)

Qlla = (311 - Ell),cll (311 - Bll) : Qllb = (,éll - ﬁll)Xll,Xll (Bn - 511) (16)

_ 2(Q11§121/2)q11/2
" r(%llz)

Similar operations are used to determine the conditional data densities for the other three models.

With independent clusters, the results for the other models with more than one cluster can be

11



written as the product of the integrals for each of the clusters. So, using notation that is an
obvious generalization of that in (16):
1 |C21| ny1t+qn n.. + q B _naitqy
p(yIM,)= §K21 ﬁ 2 ? F(%)(qﬂsfl + Vo + Opy +Ony) 2
21
1/2
1 |C22| Nptq N + q B _Nptqy
XEKzz ﬁ 2 2 F(%)(szszzz +V223222 + 0y + Onp)
22
1 -nl2 |C21||C22| v
=—(2r) KyKp| 1771
4 [ 4|
_Matda _Maatqa

2 2 2 2
y (90155 +VuSo + 001 + Do) 2 (@052 + V5085 + 0y +0y) 2

nptqa N2 +q2

9 2 F(”21‘|2'%1)2 2 r(nzz"'%z)

2
17)
Then, using these results in (8), the BPO between Models 1 and 2 are:
M M
BPO =[PMD 1, (PU1M)
p(M3)" "p(y|M3)
n11+q11
1/2 o 2 pdiitail
o [Py, K | [Culdai 40| )
p(MZ) K21K22 A]__']_ C2_']_ C22 n21+q21 Ny, +QZ2
‘ H H ‘ 2 2 r(”Zl + q21)2 2 l—(n22 +422 )
2 2
) ) Mty ) ) Mty
(2159 +v2159; + 021 + O21p) 2 (q2259p + V2255, + 022g + O22p) 2
n11+q11
) 2 -
(1577 + V11511 + Q110 + Q1) 2
1/2 "
IPMUUN (Cral ol oo [ ™ a2 (18)
p(M2)" | [412]C21|C22)| 59128997
=2
§112/511 fqﬂ,n11 (Sll /511)

(5217 1521)G22° 1622) Sa,m,, (521 21 /g, ., (522%152)
where

_2(g,5;12)""
Y I'(g,/2)

12



2
0; =(vs;" + 0y, +Oy)Iny,

and f, . (5,21 0,;) denotes the ordinate of the p.d.f. of the F* distribution with g; and n; degrees

of freedom. The other notation in this BPO formula is again an obvious generalization of that
used in (16).

Similarly, the BPO between Models 1 and 3 are:

p(Ms) p(y|M;)

1/2
:[P(Ml)]>< Ky |:C11A31A32A33}
p(M3) Ky K3K o ‘A11HC31HC32HC33‘
Matqun n +q
o 2 putYu
(= 5 )
nytqs n3t+q3; N33tqs3
9 2 F(”31+Q31)2 2 F(nsz + 45 )2 2 r(nss +Q33)
2 2 2
_naitgs
X (%15321 + V31S§1 + 0y, +0s3)
_N3p+q3p _N33tqs3
y (922§322 +V22S§2 + 05, +0x,) 2 (6]33§323 +V335§3 + 0, +053) °
_mitgn
(CI11§121 + V11S121 +0h, +Oy)
1/2 3
— zx[p(Ml)]X|:C11A31A32A33:| X( )—n/2 x S112 /511
p(M;) ‘A11HC31HC32 HC33‘ 03103033 (§312 /531)(§322 /532)(5332 155)
_ 2
1 (SL) (19)
q11:M1 511
* S. S. 2
/. (3l)f (32)f (%)

31,7131 5 93271132 5 4337133 5
33

13



The BPO between Models 2 and 3 are:

p(My)" “p(y|M,)

12
_ s ><[1?9(Mz)]>< KKy |:C21C22A31A32A33}
p(Ma) Ky KK ‘AleAzzHC31HC32HC33‘

BPO,,

nutdn N22+q22

2 2 r(n21;q21)2 2 r(n22+q22)

2
n31t4s N3 t+qsp N33 tqs3
Bt pa + Ng, + Ny +
2 2 I 31 q31)2 2 1( 32 %2)2 2 1( 33 4133)
2 2 2
_nzitgs
—2 2
X (q3153 +VarSa + Os, + Oany)
_M32tqsp _Ngztqas
=2 2 2 =2 2 2
« (92253 + VS5 + O, + Os) (933533 + V33533 + Oaa, + Ossy)
_Mitdy _Ntdy;

—2 2 —2 2
(921551 + VS5 + Oo1s ¥ 051) 2 (G0055 + VS35 + Oy +0s0p)

1/2
p(MZ)]X|:C21C22A31A32A33:| % ( 521"21522'122 )—1/2

:[ n n- n
p(M3) ‘AuHAzzHC31HC32HC33‘ 531 31532 32533 *

2 2

§21 §22
f‘hlv”n( )f‘th”zz ( )

(§212 /521)(‘§222 /522) 621 522
(5312 /531)(§322 /532)(5332 /533) fq31'r,31 (E)quzynaz (E)J(qzayn33 (E)
é‘31 532 533

(20)

Further details relating to the four-cluster model are available from the authors on request, to

conserve space.

After we calculate the Bayesian posterior odds, under a symmetric loss function, if the odds are
greater than 1, say BPOy, > 1, then Model 1 is preferred to Model 2, etc. The prior information
becomes diffuse in this natural conjugate prior case as |C;| — 0 and g;; = g2, = g2 — 0. Under
these condition, the Bayesian estimator collapses to the OLS estimator. In this case it is readily
shown that under some mild conditions, and with prior odds for the model of unity, choosing
Model 1 if BPO,, exceeds unity (as would be the case under a symmetric loss function) is
equivalent to choosing the model with the higher coefficient of determination (R?). This last
result, and a comprehensive discussion of the roles of the various terms in BPO1, can be found in
Zellner [27, pp. 310-311]. It is also well known that the BPO become indeterminate in the case of

a totally diffuse, a point that has been taken into account in the next two sections.
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In summary, our Bayesian fuzzy regression analysis involves clustering the data into ¢ fuzzy
clusters, where the optimal value of ¢ is determined by BPO analysis. Then, Bayesian regression
models are fitted over each of the ¢ clusters, and the results are combined using the membership
functions as weights. Of course, this procedure could be generalized still further by undertaking a
form of Bayesian “model averaging”. Specifically, separate Bayesian fuzzy regression models
can be obtained for each value of ¢ under consideration. Then, rather than selecting just one
model on the basis of the BPO, a weighted average of all of the models’ predictions can be
formed, using the posterior probabilities for the model space as the weights. This presumes that
the model space is well specified. An example of this Bayesian model averaging is provided in

section 6.

5. Monte Carlo experiment
5.1 Experimental design

We have undertaken a Monte Carlo experiment to assess the performance of the above BPO
analysis in selecting the appropriate number of clusters to use in fuzzy regression analysis. There
are four exercises in this experiment. The first exercise involves a one-cluster data generating
process (DGP). The other three exercises in the experiment involve two-cluster, three-cluster and
four-cluster DGPs. Ideally, the BPO should favor a fuzzy model with the true number of clusters
all of the time. The programming for the Monte Carlo experiment has been done with SHAZAM
[22] code.

The sample sizes that have been considered are n = 24, 60, 120, 240, 480 and 1200 for every
exercise of the experiment. The number of Monte Carlo repetitions was 1000, which was found to
be more than sufficient to ensure the stability of the results. Further discussion of the accuracy
associated with this number of repetitions is provided in association with Table 1 below. The
DGP that has been used comprises a number of separate line segments, one for each cluster in the

underlying process:

yijzaj+,3_/xij+8!/ ;i=1,2,3,...,(nle) ; j=1,2,...,c.

In this experiment, ¢ runs from 1 to 4. The regressor series is {x;} = {(i / 100):i=1, 2, ..., n}, and
the observations are assigned sequentially, and in equal numbers, to each cluster in turn according
to the DGP. The intercept parameters take the values {1}, {1, 5}, {1, 5, 6} and {1, 5, 6, 9}
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according to the number of clusters in each exercise. Within each exercise, two cases are
considered as far as the slope coefficients for each cluster in the DGP are concerned. The first
(the “big slopes” case) has f values of {1}, {1, -5}, {1, -5, 3} and {1, -5, 3, -8}. The second (the
“small slope” case) has g values of {0.1}, {0.1, -0.5}, {0.1, -0.5, 0.3} and {0.1, -0.5, 0.3, -0.8}.
The error terms, &;, are generated as being independent and normally distributed®, with mean
zero. In order to make the results more general, in each exercise of the experiment we let the error
term standard deviation of the DGP vary between 1 and 10, which helps us to increase the DGP’s
degree of fuzziness and this in turn provides a significant challenge for the BPO analysis, and the

upper limit of o = 10 being sufficient for the results to stabilize.

Figures 1 and 2 show the four data DGPs when n = 240. In each case the standard deviation for
the DGP is 3. These graphs provide an indication of the degree of fuzziness of the data that are
used in the Monte Carlo experiment, and they show how difficult it would be for us in real life to
determine the correct number of clusters just by simply looking at a data plot alone. These plots

relate to only a small part of all of our Monte Carlo experiments.

We made the prior information for the parameters minimal by setting ¢; = 0.01 and C;; = 0.00001

(for all 7, j). The values for the other parameters of the prior are Ej =0.2 and E; =2 (for all 4, y),

although the results are fully robust to these last choices. We assign equal prior probabilities for

each of the competing models, so that we do not favor any particular model before the analysis.

52 Experiment results
5.2.1 Results with “big” slopes
The results in Figures 3 to 5 show the probability, P;, that the BPO favour model i over model ;
based on the 1000 repetitions in each part of the experiment. Figure 3 summarizes the results for
the three sets of experiments when the DGP runs from two clusters to four clusters with the “big”
slope parameters defined in section 5.1.* Before discussing these figures, we use an illustrative

table to explain how they are derived from the more detailed background results.’

% As noted in section 4, within each cluster an OLS model will be used to fit the data, so this assumption
about the error term is quite standard but could readily be modified.

* We found that when the DGP involves only one cluster, the BPO identify the correct model 100% of the
time, regardless of the level of the variance in the DGP.

® Tables for the complete set of detailed results can be downloaded from http://web/uvic.ca/~dgiles .
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Figure 1. Data generating process — “big” slope case: n = 240.
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Figure 2. Data generating process — “small” slope case: n = 240.
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Table 1. Probability of selecting M; over M;: two-cluster DGP; ¢ =1, 2, 3, 4; n = 240

o=1 og=2 o=3 o=4 o=5 g=6 o=7 o=8 o=9 o=10
P, 0 0 0 0.2 0.6 0.8 0.9 0.9 1 1
P13 0 0 0.7 1 1 1 1 1 1 1
P4 0 1 1 1 1 1 1 1 1 1
P 1 1 1 1 1 1 1 1 1 1
Py 1 1 1 1 1 1 1 1 1 1
P34 1 1 1 1 1 1 1 1 1 1

Table 1 relates to the case where the sample size is 240, with two clusters as the true DGP. We
are choosing among four fuzzy models where the number of clusters runs from 1 to 4. Each row
shows the value, P;, of selecting model i over model j, using the BPO. Across the columns, the

standard deviation for the error term in the DGP increases from 1 to 10.

The values for the probabilities in this table are subject to simulation error, of course. The
“accuracy” of these values can be measured according to the definition suggested by Kleijnen

[20, p.479], and elaborated upon by Diaz-Emparanza [6]. Specifically, with a confidence level of

(1 — a), the “accuracy” of a P; in Table 1 is given by A:Z(alz)\/}’lj(l—ﬁj)llooo, where
Z(a12) is the (1 — a/2) quantile for the standard normal density. So, with 90% confidence, the

entries of 0.2 and 0.8 in the first row of Table 1 each have an accuracy of 0.0208; while the entry

of 0.6 has an accuracy of 0.0255; etc.

When o =1 in Table 1, using the notation 4 > B to indicate “A is preferred to B”, we have:

M, = M, , with 0% probability <> M, > M with 100% probability.
M, = M, with 0% probability < M3 > M, with 100% probability.
M, = M, , with 0% probability < M4 >~ M1 with 100% probability.
M, = M, with 100% probability.

M, = M ,, with 100% probability.

M, = M, , with 100% probability.
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As a result, we can rank the four models in the order: M, >~ M, >~ M, >~ M, . This is reflected in

the value of the first point for the line corresponding to » = 240 in Figure 3(a). The latter figure
illustrates the values of just P,, for different sample sizes and choices of o. To conserve space, we
have not presented corresponding figures for Py, P14, P23, P24 and Pz This point and a more

complete explanation of Figure 3(a) are discussed further below.

In the illustrative case being discussed here, the BPO analysis correctly selects the model with
two fuzzy clusters with 100% probability. We find a similar ranking among the models when the
standard deviation of the error term in the DGP is 2. When the standard deviation increases to 3,
the two-cluster fuzzy model still is chosen correctly 70% of the time among the four models,
though the ranking of the three-cluster and four-cluster fuzzy models is now reversed, and the
three-cluster fuzzy model is chosen over the one-cluster fuzzy model with 30% probability.
Nevertheless, the result that the two-cluster fuzzy model is the best among the four models still
holds. As the standard deviation increases to 4, the probability that the two-cluster fuzzy model is
chosen correctly over the one-cluster fuzzy model decreases to 80%, and overall the two-cluster
fuzzy model is still the best. As the degree of fuzziness in the DGP increases further (with the
standard deviation greater than or equal to 5), the one-cluster fuzzy model dominates the other
three models, including the true two-cluster model. Perhaps not surprisingly, when the data are
extremely diffuse, there is a tendency for the model selection procedure to eventually infer that

there is just a single cluster of data.

One important result we find in this research is that the BPO tend to favour models based on few
clusters. For example, in the above case where the true model is two-cluster fuzzy model, the
three-cluster and four-cluster fuzzy models are never chosen over the true model, even when the
standard deviation of the error term in the DGP increases to 10. As this standard deviation
changes, the relative rankings of the three-cluster and four-cluster models also change, but the
BPO analysis still always selects the two-cluster fuzzy model over the others. This is also true for
the other cases where the true model involves either three or four clusters®. As a result, little
would be added by providing detailed model selection results for cases involving fuzzy models

that have more clusters than the true model. Hence, the BPO model selection results in Figures 3,

® When the true DGP has one cluster, the BPO analysis correctly chooses the one-cluster fuzzy model over
the other three fuzzy models 100% of the time, even when the standard deviation increases to 10. For this
reason, we did not provide detailed results for this case. The same is true for the “small slope” part of the
Monte Carlo experiment where the true model has one cluster.
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4 and 5 summarize P; values between the true model and other fuzzy models for which the
number of clusters is less than in the true model. For each sample size, these probabilities are
plotted against the standard deviation of the error term in the DGP. Referring back to Table 1, we
can see the line for n = 240 in Figure 3 (a). When o <3, we see that this line coincides with the
horizontal axis, indicating that (the true) M is preferred to My, and from the above discussion it
also dominates M3 and M. When the standard deviation increases from 5 to 10, we see that (the
false) My is preferred to M, with increasing probability. Eventually, M, is chosen over the true

model (M) 100% of the time, and also dominates models 3 and 4.

Figure 3 (a) shows the model selection results between one cluster and two clusters fuzzy model
when the true DGP is two-cluster. The six lines represent six sample sizes between 24 and 1200.
We have discussed the case where sample size is 240 above. If the sample size is smaller than
240, we can see that the correct model is selected if the standard deviation is smaller than 2, and
the one-cluster model is chosen when the standard deviation is higher than 2. However, when the
sample size is over 240, we see that the true model dominates the other three models even in the
fuzziest case considered, with 100% probability (the lines for both cases are always on the
horizontal axis). Similar results emerge in Figures 3 (b) and (c) where the true DGP has three and

four clusters respectively (Pys, P23, P14, P24 and P34 for both cases are always on zeros).

In Figure 3, we see that the ability of the BPO analysis to select the true model increases as the
sample size increases. The results are poor when n = 24. However, for n > 60 we begin to see
some improvement, and when the sample size exceeds 240 we find that the BPO select the true
model with very high frequency when the degree of the fuzziness is moderate. The value of the
variance associated with the DGP also affects the results, and as the data become fuzzier the

probability of the BPO picking the true model decreases.

In practice, sometimes when we look at a plot of the data, we may get a sense that there should be
more than one cluster and as a result, the one-cluster model can be eliminated from the outset.
Overall, the one-cluster model suggests that there is no nonlinearity for the data. So, the next part
of the Monte Carlo experiment relates to the case where the data have been generated with ¢>2.
In this case, we decrease the model space to three models — those based on two, three and four

fuzzy clusters. The other aspects of the experimental design are unaltered.
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Figure 3. Probabilities of selecting M; over M;: ¢ = 1, 2, 3, 4; with “big slopes”
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(b) True model: 3 clusters
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(c) True model: 4 clusters
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Case 1: “big slopes”
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Figures 5 (a) and (b) provide the results for this part of the experiment. We see the BPO’s ability
to select the true model has been enhanced. All of the other features noted in Figure 3 also hold
here: the BPO select the true (two cluster) model with 100% probability.” In addition, the sample
size only needs to exceed 120 for the true model to be selected with higher probability than was
the case in Figure 3. In Figures 5(a) and (b), we see that when the sample size exceeds 240, the
BPO select the correct model all of the time. (The lines associated with P,3, P,, and P34 coincide

with the horizontal axis for all values of the standard deviation of the error term in the DGP.)

5.2.2  Results with “small” slopes
In this part of the Monte Carlo experiment we have used the “small slope” coefficient vector for
the DGP, as defined in section 5.1. From the DGP, we can see from Figure 2 that the degree of
fuzziness added to the sample comes from two sources: the variances of the error terms that we
assign for the DGP, and the values of the slope parameters. As we see from Figure 2(a) to (d),
with the “small slopes” the data become increasingly “cloudy” and it is very difficult to determine
the correct number of clusters by a casual visual inspection. This part of the Monte Carlo
experiment provides an even more stringent test of the BPO analysis. The standard deviation for

the error term in the DGP again runs from 1 to 10, and the sample size runs from 24 to 1200.

Figure 4 provides the probabilities that the BPO favor the first model over the second model in
the 1000 repetitions. All four fuzzy models are considered. As before, the DGP in Figure 4 runs
from two cluster to four clusters®. In Figure 4, the results are similar to those in the “big slopes”
case — the performance of the BPO increases as the sample size increases, and decreases as the
value of the standard deviation for the error term in the DGP increases. Figures 5(c) and (d) give
the results for the BPO analysis when we reduce the model space by dropping the model with one

cluster. Again, the results are similar to those described in section 5.2.1.

The main difference between the results for the “big slopes” and “small slopes” parts of the
Monte Carlo experiment is the understandable reduction in the ability of the BPO analysis to
choose the true model in the latter case. Overall, as the number of observations increases, the

BPQO’s ability to select the true model also increases. It is a “consistent” selection procedure.

" For this reason, in order to save the space we do not provide this result here since all of the lines (P53, P24)
will be horizontal at a value of unity.

8 Again, regardless of the level of the variation in the DGP with one cluster, the model picked by the BPO
is always the correct one.
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Some experimentation with the specification of the prior information about the models’

parameters indicated that our results are quite robust in this respect.

6. Applications

In this section, we apply the BPO analysis/Bayesian fuzzy regression analysis to two real data
sets that exhibit a range of characteristics. The first application involves cross-section data, while
the second involves time-series data. In each case, the fuzzy c-means algorithm is applied with m
= 2, and our Bayesian fuzzy regression results are compared with those obtained using
nonparametric kernel regression. In each case the Bayesian analysis assigns equal prior
probabilities across the model space, and uses relatively uninformative (but proper) natural
conjugate prior p.d.f.’s for the associated parameters. The kernel regressions use Silverman’s [24,
p.45] approximately optimal bandwidth and a normal kernel, as implemented in the SHAZAM
[22] package.

6.1 Journal subscriptions
Our first application relates to library subscriptions for 180 economics journals for the year 2000,
as reported by Bergstrom [1]. Our objective is to fit a regression to explain the number of
subscriptions to a journal as a function of its price. Based on the four possible fuzzy models, the
BPO analysis results in the posterior probabilities and root mean squared errors (RMSE’s) shown
in Table 2. These clearly favor the fuzzy regression model based on four fuzzy clusters, but it is
interesting to note that the fuzzy model based on only three clusters also out-performs the kernel
regression model in terms of RMSE. In Figure 6, we plot both the preferred fuzzy regression and
a nonparametric kernel regression. The preferred fuzzy regression model outperforms the kernel

regression model in the left tail and also the middle range of the data.

6.1 Phillips curve
Our second example involves a very simple “Phillips curve”, in which the annual rate of inflation
is explained by the unemployment rate in Canada. The sample comprises 196 monthly
observations for the period January 1993 to April 2009, and the seasonally adjusted data are
constructed from the series v2062815 and v41690914 from the Statistics Canada CANSIM
database [25]. Again, we see from Table 2 that the fuzzy regression model based on four fuzzy
clusters is preferred over the other fuzzy models in terms of both the posterior probabilities and
RMSE, and in terms of the latter measure it also dominates the kernel regression model. The data,

and the fitted kernel and (preferred) fuzzy regression models are shown in Figure 7.
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As the posterior probabilities in Table 2 for this data-set do not discriminate as sharply between
the competing models as compared with the first example, we have also used Bayesian model
averaging to combine the four fuzzy regression models, using the posterior probabilities as
weights, as was discussed at the end of section 4. The results are also shown in Figure 7 and
Table 2, and we can see that in this application the model averaging produces results that are
slightly inferior to those for the four-cluster model, but still superior to the nonparametric kernel

regression results.

6.3 Unemployment rate
Finally, we estimate first-order autoregressive models (with drift) for the monthly unemployment
rate data considered in section 6.2. In this case the prior for the slope coefficient is constrained to
have a mean of zero and negligible prior density outside the stationary region.® The stationarity of
the time-series is confirmed by applying the Dickey-Fuller [7] test for a unit root. As can be seen
in Table 2, in this case the posterior probabilities over the model space favour a fuzzy regression
model with one cluster (i.e., the full sample). Table 2 and Figure 8 also confirm that the fuzzy
regression model out-performs the kernel regression model, especially between July 2005 and
January 2009. Interestingly, in this application, although the BPO convincingly favour the one-
cluster model over the four-cluster model, the latter fits the data marginally better than the former

in terms of RMSE. Unsurprisingly, these two different criteria can lead to different outcomes.

7. Conclusions

In this study we have applied standard Bayesian model selection methods to the problem of
choosing the number of fuzzy clusters to be used in the context of the recently developed fuzzy
regression analysis. Using the Bayesian posterior odds to select the number of clusters to be used
enhances the fuzzy regression analysis in an important way. The use of a Bayesian approach to
both model selection and regression estimation illustrates two of the merits of Bayesian inference
— namely its unity, and the flexibility with which prior information about the model space and the

parameter space can both be incorporated into the analysis.

® This is achieved by choosing the parameters (¢; and E_UZ) for the marginal prior for o; in (11) so as to
take account of the fact that the mode of the inverted gamma p.d.f. occurs at o;; = Eij[qij /(‘Iij +1)], and

that the 0.5 and 99.5 percentiles of the standard normal density occur at + 2.57.

27



Table 2. Summary statistics for real data applications

Journal Subscriptions Phillips Curve Unemployment Rate
c Posterior RMSE Posterior RMSE Posterior RMSE
Probability Probability Probability
1 0.000 193.781 0.092 0.799 0.999 0.1800
2 0.000 198.298 0.004 0.781 0.001 0.1801
3 0.000 175.451 0.207 0.752 0.000 0.1806
4 1.000 174.326 0.697 0.700 0.000 0.1793
Kernel regression 178.906 0.747 0.2483
Bayesian model averaging 0.710
1200 -
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Figure 6. Comparison of preferred Bayesian fuzzy regression models and non-parametric

kernel regression model for journal subscriptions.
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Our Monte Carlo experiments show how powerful this approach can be, especially with moderate
to large samples. Even when the sample data visually appear to be generated from one regime, the
Bayesian model selection analysis is very successful in determining the true number of
underlying clusters. Three brief applications with economic data are also extremely encouraging.
Compared with standard non-parametric kernel regression, the Bayesian fuzzy regression
captures the nonlinearity of the data extremely well. The sample sizes in these two applications
are less than 200, illustrating that in practice Bayesian fuzzy regression can perform very

satisfactorily even when the sample size is modest.

Of course, there are some limitations to the illustrative applications of this Bayesian fuzzy
regression methodology, as is evident in the above results. Although our theoretical results are
established for the general multivariate case, the applications considered in this study focus only
on the univariate case. The practical difficulties associated with the construction of the prior
pd.f.’s for the models’ parameters in more complex models should not be under-stated.
Nonetheless, the evidence provided in this research lends credibility to Bayesian fuzzy regression
analysis, and especially to the use of Bayesian posterior odds to select the number of fuzzy
clusters that are to be used. Other recent studies (e.g., [13]) have shown that the fuzzy regression
methodology performs well when a frequentist approach to inference is taken in the multivariate
case. In the latter case the Bayesian analysis that we have introduced in this paper becomes only
marginally more burdensome to implement, provided that natural conjugate priors are used, and
there is every reason to suppose that it will have an advantage over the frequentist approach with
regard to the crucial problem of determining the number of fuzzy clusters. Work in progress

explores this issue.
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