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SPATIAL MODEL SELECTION USING BAYES FACTOR AND RATIO

OF VARIABILITIES FOR ASTHMA MORTALITY DATA
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Hierarchical models are commonly used in analyzing geographical data. They
take account of the random variation in addition to the systematic variability
among observations. Through specifying a distribution for rates at different ar-
eas, various kinds of random mechanism for variability can be considered. The
exchangeable (EX) priors and conditional autoregressive (CAR) priors are the
two most common approaches. However, it is unclear about how to choose be-
tween these two mechanisms. In this study, motivated by looking for the true
pattern of the asthma mortality data for Taipei City, we adopt the two competing
EX and CAR models to investigate the spatial pattern. With the two hypotheses
(the EX or CAR model), we not only need to obtain estimates of quantities of
interest but also need to choose an appropriate model since the final decision
may result in different etiologic studies. In this paper, we use the fully Bayesian
approach with the Monte Carlo Markov Chain to obtain estimates. Then, we
focus on two model selection indices —the Bayes factor and the ratio of the vari-
ances (the local effect to the global effect) for the asthma study. Based on the
study results, we conclude: (1)Both the Bayes factor and the ratio of the local
variance to the global variance should be used together for choosing an appropri-
ate model. The Bayes factor offers a direct answer for which model is favored by
the data, while the ratio of variances reflects the characteristic of the data and
provides a way to evaluate whether it is necessary to consider the area-specific
effect. (2)According to the two indices, the EX model is considered more appro-
priate for the asthma mortality data, and the rates at Neihu and Nankang are
higher than other areas. The remaining variation among areas for the EX model
may be caused by some spatial-independent variables rather than spatial-corre-
lated variables. (Chin J Public Health. (Taipei): 1998; 17(2): 158-169)
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Spatial data is frequently encountered in
many scientific fields, such as agriculture, min-
ing engineering, meteorology, epidemiology and
environmental health. According to Cressie's
classification [1], the scientific interests of
modeling are often focused on three catego-

ries: (1)for geostatistical data, (2)for lattice data,
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and (3) for spatial pattern and spatial process-
es. In this article we focus on the mortality
rates, which are one type of the lattice data.
These data, also known as regional data or
geographical data, are often encountered in the
environmental health and epidemiological stud-
ies.

Through analyzing the geographical data,
it helps the scientists such as epidemiologists
to investigate the spatial pattern of diseases,
look for risk factors, or explore the associa-
tions between diseases and potential risk fac-
tors. To reach the goal, researchers may like
to construct maps showing the magnitudes of
rates at each area under study. However, the
crude rates may not be compatible between var-
ious areas if the variability among areas vary
greatly. The variabilities could come from two
sources, the systematic and the stochastic [2].
The systematic variability is contributed from
the effect of covariates, such as the exposure
status, age, and sex. The stochastic variability
is the random variation of the data. For the
geographical data, the counts of events are of-
ten assumed distributed as the Poisson distri-
bution. In other words, the probability of hav-
ing a disease for each individual within each
area is assumed the same from a Possion dis-
tribution. However, both the variability between
these individuals within each area and the vari-
ability among various areas are not considered.
In that case, the observed variation may be great-
er than the expected under the Poisson assump-
tion, which is called extra-Poisson variation.

Standardized estimation methods (such as
the standardized mortality rates, SMR) are com-
monly used for analyzing geographical data.

However, these methods can only deal with:

the systematic variation due to covariates. For
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instance, the standardized approach, though ad-
justing demographic variables measured in in-
dividuals (such as age, sex, and socioeconom-
ic status), does not deal with the random vari-
ation related to population nor neighboring ef-
fect, and thus the adjusted map of rates may
remain unstable. The Poisson regression, al-
though considers the Poisson random varia-
tion for each area and controls the group co-
variates (such as pollution, urbanization and
climate), may not explain enough the phenom-
enon of extra-Poisson variation. Moreover, there
may exist spatial correlation and thus the gen-
eral regression methods are not appropriate.
Alternative modeling techniques have been
proposed to solve these problems. One of them
was the hierarchical spatial model[3,4]. We
will consider this model in the paper as well.
Particularly, we consider the conditional au-
toregressive (CAR) model and the Poisson-
Gamma model, called the exchangeable (EX)
model hereafter. The former considers the spa-
tial correlation among areas, while the latter
assumes rates at all areas are independent.
These models contain: (1)the observed data
which can be used to model the systematic
heterogeneity and stochastic variability, and
(2)a prior distribution which takes account of
the researchers' prior knowledge for the events.
In practice, it may be difficult to decide
which model is better in explaining the data.
Researchers generally rely on their prior be-
lief to choose an appropriate model. Never-
theless, in most cases we may know very lit-
tle about the underlying mechanism for the
study events and anticipate to gain more knowl-
edge, through modeling, for the etiology of
the disease. Therefore, criteria for selecting
models may be necessary in spatial data anal-
ysis. Classical model selection index which
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may be useful for nested models is not so help-
ful in this situation. Here, we will use the
Bayes factor to evaluate the two non-nested
competing models. In addition, by comparing
the magnitudes of the local and global varia-
tions, we can learn more about how to choose
a better model.

STATISTICAL METHODS

Modeling Spatial Data

Two types of hierarchical models are ap-
plied here. The first model, used by Besag
and Mollie [5], considers the spatial depen-
dence among areas. The second model, used
by Clayton and Kaldor [4], assumes areas are
independently distributed and therefore the ran-

dom variation among areas are exchangeable.

1. Conditional Autoregressive (CAR) Model
(1)Model Specification

Lety, i=1,2,...... ,N denote the number of
deaths due to asthma in the district i, m, de-
note the corresponding population size, and p,
be the true unknown mortality rate needed to
be estimated. Conditioning on the rate p, and
population size m,, y, is assumed to follow a

Poisson distribution with mean m,p,:
y, I m, p,~ Poisson(m,p).

The rate p, is next decomposed into the glo-
bal effect 1 and an area-specific value (local
effect) 6.:

log (10°p)=pL +6, ..o €))

1

The common value u for each area fol-
lows a Normal (c,1/0) distribution, with © rep-
resenting the precision of y. For the area-
specific effect 8, it follows a conditional au-
toregressive (CAR) distribution. That is, the
spatial autocorrelation is assumed to exist
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among areas.

The equation (1) is an "intermediate" stage
between the independent structure (the prior
of the global effect u) and the dependent struc-
ture (the prior of the local effect 6). It ac-
counts for the heterogeneity beyond the glo-
bal effect through the first-order neighboring
spatial structure. Defining w,; as an index for
neighboring relationship of area i and area j:

w.=0,

u
w,= 1, if area i and area j are contiguous,
w,= 0, otherwise,

and introducing a hyperparameter A as a pre-
cision parameter for Q., the conditional autore-
gressive prior is:

A

_ 1
6.16 A~ Normal( 9,-,1—)
N

where n, = 3 W;; represents the number of
j=1

_ N
neighbors for the area i and 6,= XW; 6/n,is
j=1

the mean of the area-specific effect given neigh-
bors of area i. In other words, the mean of
0, at area i is affected by all its neighbors and
the variance is affected by the number of its
neighbors. More the neighbors it has, more
information we have about 6, and less varia-
tion for 6. The neighbor information is in-

cluded in the CAR model through (_9-, The
constraint %9,- =0 is used further to ensure
identifiability.

To express the joint distribution in the
multivariate form, the CAR prior can also be
written as [6,7,8]:

o1 o ([T |17 exf-

i=

([}t

i

D>

gn,.e,.(oi—ﬁ,.)}
& 29}

where Z=diag (n A, nA,...,n,A)(I-A) and A=

N | =
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(aij) with a,.j=w,,}/n‘..

Other prior distributions needed to be spec-
ified for the mean c of the global effect, the
precision ¢ of the global effect, and the pre-
cision A of the local effect are:

¢ ~ Uniform(u,v),
o ~ Gamma(a,b),
and A ~ Gamma(r,d)

with g, b, r, and d fixed.

(2)Estimation and Computation

We use the fully Bayesian method to es-
timate the parameters of interest L, 6, ¢, ¢ and
A. Inferences for parameters are based on their
marginal posterior distributions: f{lL | y), 8| y),
flc | y), flc |y), and f(A]y). However, ob-
taining these posteriors requires multiple inte-
gration which are not analytically feasible. We
will use the Gibbs sampling technique to ob-
tain samples from the marginal posteriors.
Then, to derive the estimations of i, 6, c, G
and A by calculating the sample mean, medi-
an and mode of these posterior samples.

In the case of CAR model, we use the
BUGS program [9,10,11] to perform the Gibbs
sampling. By generating from the fully con-
ditional distributions, fiit| y, 6, c, 6, A), (6, |
Y, U, BJ.M, ¢, 0,A), i=1,2,..,N, ficly, U 6, G,
M, fioly, u, 6,¢c, 1), and il |y, 1.6 c, 0),
the Gibbs sampler produces posterior samples
from flu | y), 6,1 y), i=1,2,....N, fic| y), (T |
y), and f(A]y). All the fully conditional dis-
tributions can be derived from the joint distri-
bution of (y, 4, 6, 6, A) [12].

In addition to specifying these full condi-
tional distributions, we also need to provide
the initial values (4, 6, 6, A,) for all param-
eters to start the Gibbs sampling. In princi-
ple, the starting values should have little in-
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fluence on the results since the first several
iterations will be dropped as the "burn in" pro-
cess and the remaining Gibbs sequence would
be irrelevant to the starting values [13]. When
using Gibbs sampling, the Gibbs output must
be monitored to decide the length of the burn-
in and the total run length.

2. Exchangeable (EX) Model —~ Poisson-Gam-
ma Model
(1)Model Specification
Notations for ¥, m, and p_have the same
meaning as in the CAR model. Given m, and
p, the number of deaths y, is assumed to fol-
low a Poisson distribution with mean 7=m p:

y; | m, p,~ Poisson(m,p).
Alternatively, it can be written as:
y; 1 7,~ Poisson(T).

To account for the variability of 7, a Gamma
distribution is specified for the prior distribu-
tion of 7. It is assumed that 7's are identical-
ly and independently distributed conditioning
on o and f3:

7,1 o, B~ Gamma(a, ),

where o and f3 are assumed the exponential
distribution and Gamma distribution respec-
tively,

o ~ Exp(a)
B ~ Gammay(s, t)

where a, s, and ¢ are given constants. In
this Poisson-Gamma model, the variance be-
yond the Poisson variability is explained by
the Gamma prior. This Gamma distribution
assumes independent and exchangeable ran-
dom variation among areas and thus consid-
ers no particular geographical characteristics.
Therefore, such a type of model is called "ex-
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changeable" (EX) model.
(2)Estimation and Computation

To estimate through the fully Bayesian
approach, we need to construct the posterior
distributions fla | y), (B | y), and f(z 1Y),
where 7=(7,, 7,,...T,). The Gibbs sampler tech-
nique is used again to get these posteriors.
Through the BUGS software, we obtain the
marginal posterior samples of f(7, | y), i=1,
2,....N, f(a | y), and f(B | y) by generating
from the fully conditional distributions: 7, | y,
T @ B, i=1,2,..N, ]y, 7, B, and (B |
¥, T, ©). Again, these fully conditional distri-
butions can be derived directly from the joint
distribution of (y, 7, @, f).

As mentioned above for the CAR model,
here we also have to specify the starting val-
ues T, &, and [30 to start the Gibbs sampler.
A “burn-in” process and long iterations may
be necessary to obtain a set of stable samples
from the posterior distributions.

Model Selection

Choosing either the EX or CAR models
may result in fairly different follow-up etio-
logical study of the target diseases. If we can
decide which model is the proper one in ex-
plaining the random mechanism, it helps to
understand better the sources of heterogene-
ity. We therefore use two indices to evaluate
the performance of the two competing spatial
models. The two indices are Bayes factor (BF)
and ratio of two area variations for compar-

ing the CAR and EX models.
1. Bayes Factor

The Bayes factor, proposed by Jeffereys
[14], summarizes the evidence provided by the
data for one model against the other, and of-
fers a way to compare competing models (nest-
ed or not). Suppose there are two candidate
models M, and M, and they have parameters
7, and 1,, respectively. The Bayes factor,
denoted by BF, is defined [14] as the ratio of
the posterior odds to prior odds:

o POy 1P(M]y)
P(M,)/ P(M,)

PoyM)PMY) | /[ PGIM)P(M,)
/

P(y) P(y)
P(M1 )/ P(Mz)
................................ )
_ Poim,)
P(y|M,)

In the above equation (2), the Bayes fac-
tor can be written as the ratio as two marginal
probabilities of y under model M . and M, re-
spectively. The marginal probability of y rep-
resents the probability of the observed data
under the model M,. The Bayes factor can be
evaluated on the natural log scale and differ-
ent values indicate different strengths of evi-
dence, as listed in Table 1.

To obtain the Bayes factor, one needs to
calculate the marginal probabilities (here the
index is dropped for simplicity):

Table 1. Interpretation of the Bayes factor BF , on log,

scale
log (BF,,) BF, Evidence for M|
<0 <1 negative (supports M,)
Oto1l 1to3 barely worth mentioning
1to3 3t020 positive
3to5 20 to 150 strong
>5 > 150 very strong
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P(y | My=] Py | 1, M)P( | M) dn.

In most situations, it is not easy to compute
the integral analytically. The simple Monte
Carlo method can approximate P(y | M) when
P(n | M) is a density:

P(y|M) = | P(y|n, M)P(n|M)dn
= En[P(y|n, )]
1 K
= -—Z P(y
K k=1

where N, n®,...,n*® are samples from P(17 | M).
That is, the marginal probability of the data y

n(k)’M)

is approximated by the average of the likeli-
hoods evaluated at the samples generated from
the prior P(1 | M). However, since our Gibbs
outputs contain the samples from the posteri-
or rather than prior distributions, the impor-
tance sampling method was used. In particu-
lar, the posterior distribution is treated as the
importance-sampling function, and the harmonic
mean of the corresponding likelihood values
is computed to estimate the marginal proba-
bility under each model, P(y | M) [15,16],

1

P(y | M)= T
"_2 P(yln(k) M)

2. Ratio of the Local to Global Variances

In the CAR model, the rate p, is decom-
posed into two independent parts: the global
effect (1) and the local neighboring effect (6).
For each area, the variance of p, can be writ-
ten as

Var[log(10°p)]=Var(u)+Var(6)
1 1

= —4—

’

in which one part is the global variance and
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the other is the local spatial structured varia-
tion. Thus, an intuitive approach for check-
ing the relative magnitude of the area-specific
geographic effect is to evaluate the ratio
Var(6)/ Var(u) [17,18]. This index gives in-
formation about whether it is necessary to in-
clude the regional neighboring structure for
the heterogeneity among the regions.

In the CAR model, the ratio of variances is

1,1
Var(9)/Var(u)=—1/ —
nA o

o

ni

i

When the ratio is close to 1, both sources
of variation are equally important. If the ratio
is smaller than 1, the global effect dominates;
otherwise, the local effect dominates. For con-
venience, we can also use 6/A, and compare it

with 7., the average of numbers of neighbors.

A CASE STUDY:
THE ASTHMA MORTALITY DATA

Background

This data set is about the asthma mortality
rates for 11 administrative units (Sungshan
(including the Sungshan and Hsinyi), Taan,
Chungshan, Chungcheng, Tatung, Wanhua,
Wenshan, Nankang, Neihu, Shilin, and Peitou)
in Taipei metropolitan area in 1991 [19]. Figure
1(a) gives the positions of the areas. The raw
counts for the 11 areas were S, 4, 3, 6, 4, 3,
4, 1, 5, 1, and 4, respectively. Figure 1(b)
gave the corresponding rates. The map of crude
rates shows great variability among areas. The
incidence of asthmatic attack is associated with
the environmental condition and therefore the
geographically close areas may tend to have

similar probability of asthma episode and pos-
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sibly the subsequent death. For instance, epi-
demiologists consider the time needed for get-
ting proper medical care when asthma episode
occurs is influential on fatality [20,21]. The
availability of the emergency system and the
traffic situation of local areas are important in
the determination of the asthma fatality. Some
of these factors at neighboring areas correlate
with each other and some are independent.
Therefore, we consider the two models, with
and without spatial autocorrelation for the asth-
ma mortality data.

The asthma mortality rates and certain de-
mographic information such as sex and age
are available. In this paper, we consider only
the males who are 25-59 years old, excluding
variations due to demographic variables for
simplicity. Here we use the CAR and the EX
models to investigate the spatial patterns.

Fitting the Models

In the CAR model, we assume Normal
(-3,1) for the prior of 0 and Gamma(2,1) for
the prior of A. The BUGS program was used
to run the Gibbs sampler and chose y =0, 6=
0,0,0,0,0,0,0,0,0,0,0), ¢=1, =1,
and A =1 for the starting values. For the EX
model, the hyperpriors of o and 8 were speci-
fied respectively as Exp(0.5) and Gamma(0.5,
0.5), and the starting values chosen were TO=(O. 1,
0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1),
@,=0.5, and B=0.5. For both the CAR and
EX models, the first 500 posterior samples were
dropped to assure convergence, and the fol-
lowing 5000 iterations generated from the full
conditional distributions were collected. In
addition, the traces of each parameter's mar-
ginal posterior samples were graphically sum-
marized to check convergence. There were at

least five different initial values used for both
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models to make sure that the summary statis-
tics (mode, median and mean) for each pa-
rameter are stable enough (numbers not shown
here).

Because the posterior samples are highly
skewed, we choose the posterior modes as our
estimators for parameters of interest. The es-
timates and the corresponding crude rates un-
der the CAR and the EX models respectively
are shown in Table 2. Figure 1(c) and (d)
show the map of the fitted rates under each
model. Figure 2 displays the difference in
crude and twofitted rates.

The CAR model fitted rates are shrunk to
lie in a smaller range (1.16~2.49 per 10°). The
fitted rates under EX model range from 1.02
to 3.71 per 10° which is smaller than that of
the crude rate (0 to 7.6 per 10°), but wider
than that of the CAR model. All the maps of
rates in Figure 1 show a consistent result that
the area 5 has the highest rate. However, the
sharp contrast between black and white shown
in Figure 1(b) for crude rates disappears. This
is because most of the stochastic variability is
removed after modeling. The CAR model in-
cludes two kinds of smoothing effect: the global
level and the local level. The global smooth-
ing effect also appears in the EX model but
the local smoothing effect was constructed only
through the neighboring relationship. In other
words, the CAR model has greater smoothing
effect than EX model does. Therefore, the colors
become almost uniform under CAR model,
while in EX model, the contrast of colors re-
mains though is not strong.

Figure 2 shows the order of the fitted rates
under the EX model and the order is more
similar to that of the crude rates than that of
the CAR results. Two areas have larger changes
in CAR model—-area 9 (rising up) andarea 6

(falling down). However, it should be noticed
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Figure 1. The Crude, CAR and EX Model Fitted Rates

Table 2. Estimation of Mortality Rates by CAR Model and EX Model Respectively

Crude Rate CAR EX
Area Rate/10°  Rank 0, Rate/10° Rank T Rate/10° Rank
1 Sungshan 1.75 7 -0.018 222 4 1.12 1.07 8
2 Taan 1.18 9 -0.050 1.78 9 0.89 1.05 9
3 Chungshan 2.77 5 -0.022 2.13 5 0.84 232 4
4 Chungcheng 1.73 8 0.021 1.94 7 1.00 1.73 7
5 Tatung 7.59 1 0.188 249 1 1.95 371 1
6 Wanhua 3.50 3 0.058 1.87 8 1.00 3.50 2
7 Wenshan 2.78 4 0.028 2.04 6 1.26 1.75 6
8 Nankang 0.00 10 -0.230 1.16 11 0.58 1.02 11
9 Neihu 2.34 6 0.027 241 2 0.85 1.98 5
10 Shilin 5.50 2 0.309 235 3 1.56 2.85 3
11 Peitou 0.00 10 -0.124 1.78 10 0.55 1.03 10
p= -1.51
= -1.50 o= 1.59
= 0.34 B= 1.23
A= 2.37
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Firgure 2. Rate Change among the Curude, CAR and EX Model Fitted Results

that the rates are all very close in the CAR
model.

Both models seem to explain most part
of the variation. Since the CAR model has
smoother results, one may think that the spa-
tial autocorrelation is a better mechanism to
explain the variation beyond the Poisson dis-
tribution than the model with exchangeable
Gamma effect. However, we should be cau-
tious because the CAR may also represent an
over-smoothing effect. It is necessary to in-
vestigate if there indeed exists spatial auto-
correlation or the data are simply being overly
smoothed. Once we are able to choose a "suit-
able" model, we may be in a better position
to understand the underlying etiological fac-
tors of asthma death.

Model Selection

The Gibbs output for the CAR model and
the EX model are used to calculate the mar-
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ginal probability for the asthma data and we
obtain

log(BF)= log{f (yIM_,.) }-log{fiyl M)}
~ -32.48 — (-18.56)=-13.87

Comparing with the values in Table 1 we have
a “very strong” evidence in favor of the EX
over the CAR model.

An alternative selection criterion is o/A.
Based on Gibbs samples of the posterior dis-
tribution of o/A, we took the mode 0.157 to
be the estimator. This is far from the 7, =3.64,
implying a minor effect of the spatial neigh-
boring variation. In other words, the local
area-specific effect is only 0.157/3.64=1/23 of
the global effect. This number also indicates
that the EX model which does not include the
spatial correlation structure may be more suit-
able for the asthma data.

The estimator of o/A implies that the lo-

RIEETEE 1998, Vol.17, No.2



cal area effect is fairly weak so that it can be
ignored. The Bayes factor also favors the ex-
changeable Poisson-Gamma model which does
not consider the area-specific effect. This ex-
ample illustrates that jumping to the condi-
tional autoregressive model without carefully
examining the magnitude of the local area-
specific effect and the contrast of evidence of
CAR and EX models may be risky. It is real-
ly important to develop an informative meth-
od to judge if the area-specific effect is worth
considering in real applications.

DISCUSSION

In the asthma study, we deliberately chose
subjects with the same age and sex, and hence
the crude rate can be treated as the age-sex
adjusted rate. When comparing the fitted re-
sults, the maps of rates under either hierarchi-
cal model have less variabilities and more sta-
bilities than observed rates. This is because
part of the random variation is removed from
the total variation. However, these two mod-
els assumed different kinds of random mech-
anism. For the EX model, the rates are con-
sidered to be independent and identical fol-
lowing the same probability distribution. For
the CAR model, rates are assumed to be cor-
related and information from neighbors is in-
cluded to help estimate the rate of the target
area. Therefore, the results from the CAR
model have greater smoothing effect than that
from the EX model. This is reflected not only
on the zero-rate-areas (areas 8 and 11), but
also on the ranking pattern. Also because of
the neighboring effect, the CAR fitted rates
have much smaller range than the EX. There
can be several choices in defining the '‘aeigh-
boring areas" besides the adjacent neighbors

we used here. For instance, one can use a
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fixed distance to decide which areas have con-
tribution effect to the target area, or one can
simply include all other areas as neighbors.
These approaches can be done by modifying
the formulations of mean and variance of 6,
when defining its prior distribution.

For the asthma study, the 10g¢ BF is -13.87
and the o/A is 0.157. The small value of /A
implies a weak local effect over the global
effect. Therefore, the local area specific ef-
fect may be ignored for the model simplicity
and one can focus on the results under the EX
model. According to the meanings of the EX
model, the heterogeneity among areas may
come from the spatially independent variables
rather than spatially correlated ones. One can
also consult with the expert opinions to see
whether the EX model is supported by epide-
miological information. For the asthma data
introduced in this paper, the results from both
models indicate that the mortality rates in area
5 (Neihu) and area 6 (Nankang) are higher
than other areas. These areas deserve more
attention for possible etiological cause.

For spatial model selection, the Bayes fac-
tor and the ratio of the local to global vari-
ance (6/A) provide similar information but their
meanings are different. The Bayes factor as-
sesses two competing models by comparing
their marginal probabilities of the data. Through
evaluating the strength of evidence supported
by the observed data, it offers a direct answer
for choosing the better model. On the other
hand, the ratio of the local and global vari-
ances provides a way to evaluate the necessi-
ty to consider the area-specific effect when
modeling.

There still exist some issues which need
further study. First, in order to investigate

the performance of the two model selection
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indices, simulation studies that have samples
from the CAR and the EX models are needed.
Second, the prior distribution may be influen-
tial to our results. In our study, although the
recommended Gamma distribution is used for
hyperparameters, other priors have not been
used. With simulation, the effect of the prior
in the variance of the estimates can be exam-
ined. Finally, there are other ways to approx-
imate the Bayes factor. We have used in this
paper an importance-sampling approximation
to the Bayes factor based on the Gibbs out-
put. Other sampling functions than the poste-
rior distributions can be alternatives. An eval-
uation of efficiency and accuracy of these al-
ternatives may be necessary and useful for fur-
ther research.
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