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Bayes regression with autoregressive errors™
A Gibbs sampling approach
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This paper develops a practical framework for the Bayesian analysis of Gaussian and Student-t
regression models with autocorrelated errors. As is customary in classical estimation procedures, the
posteriors are conditioned on the initial observations. Recourse is taken to the method of Gibbs
sampling, an iterative Markovian sampling method, and it is shown that the proposed approach can
readily deal with high-order autoregressive processes without requiring an importance sampling
function or other tuning constants. Several examples, including one with AR(4) errors, are used to
illustrate the ideas.

1. Introduction

The regression model with autocorrelated errors is one of the most heavily
analyzed model in econometrics. Although frequentist ideas have dominated the
literature, there is a quite substantial amount of Bayesian work in this area [cf.
Zellner and Tiao (1964), Zellner (1971), Richard (1975), Fomby and Guilkey
(1978), Judge et al. (1985, 1988), and Kennedy and Simons (1991)]. However, for
the usual computational reasons, the prior—posterior analysis is difficult to
implement with high-order autoregressions. Most Bayesian empirical illustra-
tions have, therefore, been confined to AR(1) and AR(2) processes. On the other
hand, sampling theory estimates, if conditioned on the initial observations, can
be routinely calculated by nonlinear least squares, iterated Cochrane—Orcutt, or
maximum likelihood [cf. Harvey (1990)].

In this paper we develop a practical Bayesian approach to Gaussian and
Student-t versions of this model, conditioning on the initial observations, that is
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quite competitive with available classical methods. The approach rests on
successive synthetic sampling from certain conditional distributions all of which
are in standard form (multivariate normal, inverted gamma). An important
feature of the approach is that it avoids the use of any importance sampling
function, or other tuning constants, that would be required with standard
Monte Carlo integration methods. Actually, the approach 1s fully automatic
since it may be implemented without necessarily specifying any prior inputs
about parameters, or any starting values for the iterations. Of course, the
method offers the flexibility of incorporating prior information, for instance about
the stationarity of the error process. Furthermore, the framework yields a com-
plete posterior sample of the parameters from which the posterior density and
functionals of the posterior (e.g., the prediction density) can be readily calculated.

The framework presented here is motivated by the Gibbs sampling scheme.
Although we review the method in section 3 below, detailed discussions can be
found elsewhere [Geman and Geman (1984), Tanner and Wong (1987), Geifand
and Smith (1990), and Gelfand et al. (1990)]. The method is extremely useful for
exploring intractable joint distributions that have a convenient conditional
structure (in a sense that is made precise later). The Gibbs sampler has been
widely used in recent years for Bayesian problems. [Cf. Carlin and Polson (1991},
Albert and Chib (1991), McCulloch and Tsay (1991), Zeger and Karim (1991),
and the references cited therein. The first use of the Gibbs algorithm in eco-
nometrics appears in Chib (1992) and Geweke (1992).] In particular, the
McCulloch and Tsay paper, which deals with pure autoregressive models with
outliers and structural breaks, is closely related.

The rest of the paper is organized as follows. Section 2 contains the model that
is studied along with the inference problems that are discussed in the paper. An
overview of the Gibbs sampler is provided in section 3. The development of the
Gibbs sampling approach to AR(p) error models is taken up in section 4. In
section 5 all the ideas are illustrated with several examples, one involving the
AR(4) process. Concluding remarks are made in the final section.

2. The model

Consider the following model in which an observation y, at time ¢, is gener-
ated by the regression with autocorrelated errors:

ye=xif+e  oL)e =u, 21

where x,: kx 1 is a vector of covariates, fe R*, ¢(L) is a polynomial in the
lag operator, L, givenby ¢(L} =1 — ¢; L —--- — ¢,L”, and the error u, is white
noise Gaussian with mean zero and variance ¢ > 0, i.e., N(0,52). In the sequel,
the Gaussian assumption will be relaxed in the direction of the Student-t family.
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Assume for convenience that x, does not contain any lagged values of y. Note
that a special case of the model above is the autoregressive model ¢(L)y, = u,,
which is obtained from (2.1) by excluding the covariates.

For future use note that if we multiply both sides in (2.1) by ¢(L), then the
distribution of y, given H,_; and 8, where H,_, is the past history, is

VilHeoq, 0~ N()A’t\r—l,e’ 0_2), (2.2)

where J,,— 1.9 = (1 — ¢(L))y: + $(L)x; 5. By the law of total probability, the
joint density of the observations, conditioned on the first p, is

f(yp+la'~'ayn|yp"--’y190): l—[ f(yt|H!—179)

t=p+1

2.3)
oc g~ 7P exp< Z 0 = Jie-1.0)* )

t p+1

Inference problems: The main problem of interest is to combine the data
¥ = (¥1,..., ya), with the prior information, if available, to obtain the posterior
of the unknown parameters 0 = (B, a2, ¢), where ¢ is a p vector of coefficients of
the polynomial. By Bayes theorem, for a given prior pdf n(f), the posterior of
interest is given by

n(9|y) oc n(g)f(yp+l9'-"yn|yp""’y1a9)’ (24)

with the normalizing constant given by K = [ #(6) f(Vp15--sVn|Vpr---» V15 0)
x df.! Other questions of interest include making inferences about functionals
of the parameters, for instance the prediction density of future y’s. It should be
noted that due to the nonlinearity arising from the parametrization of the
model, these posterior computations are rendered cumbersome if approached
directly via Bayes theorem even with diffuse priors on the parameters. However,
the model has a convenient conditional structure that lends itself to the method
of Gibbs sampling. This method is described next.

3. The method of Gibbs sampling

The algorithm: The Gibbs sampler is an iterative Monte Carlo method
designed to extract marginal distributions from intractable joint distributions.

'As is common in classical approaches for high-order processes, we condition on the initial
observations. Under the assumption that n — p is large, this simplification is not likely to have an
adverse impact on the conclusions.
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Consider the three variables 6,, 8,, 85, with joint distribution [8,, 6,, 051,
where the conditioning on y is suppressed. Suppose the complete conditional
distributions, [6,]6,,03], [6:]6,,63], and [63]8,, 0,], have a much simpler
form and are easily sampled. Then the algorithm for obtaining a draw
6, 0,, 8;) from [0, 0,, 0;5] proceeds as follows.

Step 1. Specify initial values, 8%, 89, 6§, and set i = 1.

Step 2. Cycle through the full conditionals drawing
(@) 6 from [6,(657V,057 "],
(b) 0% from [6,]09,6§° V], (3.1
() 69 from [65]0,69].

Step 3. Seti=1i+ 1, and go to step 2.

After M iterations of the above scheme, the sample 8¢, 6, 8™ is obtained.
Under regularity conditions {cf. Tierney (1991)], as M — oo, the sampled values
converge in distribution to the relevant marginal and joint distribution, i.e.,
BE.M’ —8; ~[6;] and (6, 000, 00) — (8,, 0, 05) ~ [61,6,, 03].

For M large, so that the desired convergence in distribution has been attained,
the N values (09,609,0Y), j=M+1,...,M + N, are a sample from
[6,, 85, 05]. Alternatively, it is possible to use multiple runs wherein the sampler
is replicated with different starting values, and the Mth iterate from each stream
is retained [cf. Gelfand and Smith (1990)]. In either case, posterior inference is
straightforward since the entire posterior sample is available.

Posterior inference: The marginal density of 8, (say), is obtained as a finite
mixture

N 1 M+N . .
[91] = N . §+1 [91 | 6(21)5 0(3])] s (32)
j=

while the expectation of a function, g(6), of the parameters is estimated via the
sample average

M+N

Bu@) =y Y 4(09). (3.

j=M+1

Note that is possible to reduce the numerical variance of the estimator by
conditioning. Suppose for any s the conditional expectation, g(f,, r # s} =
E(g(0)|6,, r # s), is available in closed form.
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Then by a Rao-Blackwell argument, the desired estimator is

M+N

Gs=N"1 3 g0V, r#5) (3.4)

j=M+1

[cf. Gelfand and Smith (1990)]. Thus, to calculate E(6,) and V(6,), for example,
one uses

M+N
E@)=N"" Y 4,69, 09) (3.5)

j=M+1
and

M+N
Vo) =N"1 Y 4,09, 09— {E@6,))*, (3.6)

j=M+1
where g, = E(gl 192, 93) and él = E(0f|92, 03)

Numerical standard errors: The estimates above are based on correlated
draws, and therefore the numerical standard errors have to be computed by time
series methods. One possibility is the spectral approach of Geweke (1992).
Alternatively, one can use the well-known batch means method [cf. Ripley
(1987)]. In batching the idea is to divide the data, for example, the summand in
(3.5), into b batches of length B. If we let batch means be m; and the average of
the batches be m, then the standard error of the estimate is given by
{b(b— 1)}~ 1Y.7_, (m; — m)?. We illustrate this method in section 5.

4. Conditional distributions

We now show that the model under study has a convenient conditional
structure. Each of the complete conditional distributions, ie., [y, 62, ¢],
[6%1y, B, $],and [@ ]|y, B, 2], have a simple form and are easily simulated, thus
providing via the Gibbs sampler a complete sample from the joint posterior of
the parameters. Suppose that the prior distribution of (8, 62, ¢) is given by

n(B, 0%, ¢) =n(Blo*)n(c?) (), 4.1)

which asserts that (f, ¢2) is a priori independent of ¢. In addition, let

vg O
ﬁ|02~Nk(ﬁOs02A61)’ O'Z’VIG(‘ZQ,?O), ¢OCNp(¢0,¢o_l)1¢es¢,

4.2)
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a combination of multivariate normal and inverted gamma distributions for
(B, 0%), and a multivariate normal distribution for ¢ truncated to the region, Sy,
that implies a stationary error process; Is, denotes the indicator function of the
set S;. The indicator function can be dropped if this restriction is not being
imposed. Diffuse, automatic priors over (B, 62, ¢) are obtained if the prior
hyperparameters in (4.2) are set at i =0, 4g =,vo = — k,0¢ =0, ¢y = 0, and
(DO = 0.2

[(Bly, ¢, 6%]: Since we condition on (¢%, ¢), perform a change of variable
in (24) from y, to y*= ¢(L)y,. It is easy to confirm the fact that
y*¥|H,_{ ~ IN(x*, B,0?), where x¥* = ¢p(L)x,,t = p + 1,...,n, and IN denotes
independent normal. Therefore due to the independence of the {y}}, the model
in terms of the transformed data is given by

Y =X*B+u  u~NQ*l,_,), (4.3)

where y* = (y*) and X* = (x*) and (n — p)x 1 and (n — p) x k, respectively.?
Note that the rank of X* will be k if for all covariates j, j = 1,..., k, and some ¢,
Xjp — @1 Xj-1--PpXj—p # 0 [cf. Zellner (1971) for the AR(1) case].

Combining the normal prior of § in (4.2) with the likelihood of § defined by
(4.3), we obtain using standard results that

Bly, a2, ¢ ~ Ny(B, a2 A1), (4.4)

where f = (4o + X* X*) Y(4oBo + X*y*) and A = (4o + X*¥ X*). Simula-
tion of f from (4.4) is straightforward. Note, however, that if stationarity is not
imposed and the ¢’s satisfy the unit root condition )’ ¢; = 1, then the constant
Bo is not identified since X* X* is of rank k — 1, as noted by Zellner (1971, p. 93)
in the AR(1) case. As long as the (1, 1) element of A* is positive, one effectively
samples from the prior at the point in the Gibbs sampler.*

2 Other prior distributions can be easily used. For example, independence between f§ and ¢ can
be permitted, as pointed out by a referee. As a result, in (4.4) the covariance matrix of § would be
given by (Ao 4+ 6 2X*X*), the posterior mean by the product of this covariance and
(AoBo + 672X * y*), and (4.5) would not be required.

3 For example, if we have the AR(2) process, then the rth element of y* is y, — ¢ ye—1 — @2¥i-2
and the tth row of X * is x; — ¢, x/-; — ¢2X,_,. Note that the dependence of y* and X * on the ¢’s
is not emphasized in the notation.

“1If the Gibbs run reveals considerable probability mass for, say, the region 0.999 < Y ¢; < 1.001,
the model can be estimated without a constant. Of course, these issues do nor arise if ¢ is restricted
to Sy.
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[6%|y, B, #]: Given B and ¢, the likelihood of ¢ is immediately obtained from
(4.3). Also from (4.1), a straightforward calculation shows that the prior 62| § is
given by

Vo+k 50+Ql}
2 0 2

a?| B~ IG( > Qp=(B—Bo) Ao(B— fo). (4.5)

Applying the usual Bayesian updating formulas to (4.3) and (4.5) gives the
second conditional as

n—p+v0+k 50+Qﬁ+dg> (46)

Gzly,ﬁ,¢~IG< 3 , >

where dg = (y* — X* By (y* — X* ).

[¢|y, B,6*]: The derivation of the conditional posterior of ¢ is surprisingly
not difficult even when ¢ is high-dimensional. The main point is that given y, 5,
a2, the error {¢} in (2.1) becomes degenerate. Thus, letting ¢, = y, — x; 8 and
suppressing the dependence on f, the model for the errors is given by

=018 1+ "+ ¢+ U, t=p+1,...,n, 4.7
or in matrix notation as
e=Edp+u, (4.8)

where E is a (n — p) x p matrix whose tth row is (¢, ,..., &—_,). From (4.8), it is
readily observed that the conditional likelihood of ¢ is multivariate normal.
Therefore, combining the likelihood with the normal prior on ¢ leads to an
updated truncated multivariate normal posterior given by

¢1y, B 0% o Ny, @ V)5, , 4.9)

where ¢ = @~ 1(Pypg + 0 2 E'¢) and @ = (D, + 6~ 2E E). As compared to the
unrestricted case, sampling from the posterior is only a bit more complicated.
We can draw from the untruncated normal posterior, and retain the draw if the
roots of ¢(L) lie outside the unit circle. The proportion of draws thus accepted
provide the conditional probability that the process is stationary. The main
virtue of this simulation scheme is that it can be used without regard to the
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dimension of ¢, and it will be quite efficient if the conditional posterior is
concentrated over S,.°

With the complete conditionals available for sampling, the algorithm de-
scribed in (3.1) may now be run by cycling through (4.9), (4.4), and (4.6),
generating ¢, 8, and o2 in that order. The algorithm may be initialized by using
the first-round [¢(L) = 1] least squares estimates of § and ¢2; note that this
choice is purely automatic and requires no user input. Based on the resulting
posterior sample, (87, a2, ¢, j=M +1,...,M + N, for some suitable
values of M and N, the posterior mean and standard deviation of f and o2 may
be obtained via (3.5) and (3.6) since the conditional mean and variance of each is
available in closed form. The posterior moments of ¢ can be obtained directly
from the posterior sample on ¢ as in (3.3).

It is possible to provide an interesting connection with the iterative Cochrane-
Orcutt procedure if we consider the conditional posteriors that emerge under
a diffuse prior. Then the Cochrane—Orcutt method may be viewed as iterating
on the computation of the mode of (4.9), and then of the mode of (4.4), both
conditioned on estimates from the previous round.

Prediction density: Based on the posterior sample it is straightforward to
derive the prediction density, say, for the first out of sample observation. Since
[Vas11Y1= [ [Vns1ly, 01d[6]y], it follows that the prediction density can be
obtained as

N
N7UY faWne 1] Ine1imo®, a29),

i=1

where f, is the density of the normal distribution given in (2.2). Prediction
densities for other lead times are obtained in the same way by averaging the
relevant conditional densities.

Student-errors: In passing we mention that the assumption of Gaussian
errors can be relaxed in the direction of the Student-t family. Let {4,} ~ Gamma
(v/2, v/2) and assume

&l Hi-1,0%, 4 ~ N((1 — $(L))e,, A" o?).

5In the one-dimensional case, S, = ( — 1, 1), and a one-for-one draw from (4.9) may be generated
via the result in Devroye (1986).
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On integrating w.rt. 4, it can be confirmed that [g|H,-,,6%]=
T,((1 — ¢(L))e, 6?), a t distribution with v degrees of freedom. Let 4 be a
n — p diagonal matrix with entries given by (4,+1,..., 4,). Then, under the prior
in (4.1) we have that the complete conditionals are now given by

B|y,az,q§,{},,} ~ Nk(ﬁb 0.2’:{}._1) >

- ko d
02|y,ﬁ,¢,{,1,}~]G<n p-;v0+ ’ o+Q2,;+ “>’

¢|y’,B’O-2’{;tt} oC Np((‘z)/ls é_1)ISd, ’

v+1 v+94,
2702

ftrly,ﬁ,oz,¢~Gamma< > t=p+1,...n

where B, = A7 N(Aofo + X*¥ Ay*), A, =(X¥ AX* + A,), @, = (D +
0 PE'AE), dg; = (y* — X*B) A(v* — X*B), ¢, = &7 (Poo + 0~ *E'Ae), and
8, = (v¥ — x* f)?/o*. Calculations are straightforward despite the n — p new
random variables (illustrative examples are available from the author). See
Carlin and Polson (1991) and Albert and Chib (1991) for use of the Student-¢
distribution in other models.

5. Examples

We now apply the proposed method to three examples involving different
orders of autocorrelation and sample sizes. Our objective is to illustrate how the
methods actually perform in realistic settings that were previously considered
intractable from a Bayesian perspective. The analysis is conducted with vague
priors with and without the stationarity restriction. For comparison purposes,
estimates by NLS which are computed via Micro-TSP are provided along with
the Bayes estimates. The programs for the Gibbs sampler are coded in GAUSS
and implemented on a 80386-33Mhz computer. Before presenting the results, we
summarize the specifications used in the examples.

The first two examples that we consider deal with simulated data in which the
true data generating process (DGP) is known. The regression DGP is defined
through

Vo= B1+ B2x, + &, t=1,...,n,
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where f; = 0 and §, = 1. As in Keener, Kmenta, and Weber (1991), the covari-
ate x, is generated according to the autoregression

x; ~N(©, 1/0.36), x,=08%_; +v,, v~N(©O1), t>2.

For sample sizes of n = 50, 100, and 150, we consider the following AR(1) and
AR(2) DGP for ¢,.

Example 1: AR(1) models. In this case ¢, follows the process
& =¢16-1tu, u, ~ iid N(0, 62) .

The values of (¢, 62) are (0.2, 0.96) and (0.6, 0.64) which implies that var(g,) = 1
for each case.

Example 2: AR(2) models. Now ¢ is given by a second-order stationary
autoregression,

& =18 1+ P26+ uy, u, ~ iid N(O, 0'2)7

where the parameters (¢;, ¢, 62) are set at (0.2, 0.5, 1.59) and (0.7, 0.2, 4.44) to
ensure stationarity and a variance of unity in each of the models.

Example 3: Real data with AR(4) errors [cf. Ramanathan (1990)]. The prob-
lem is to explain the consumption of electricity by residential customers that are
served by the San Diego Gas and Electric Company. The model has six
covariates (including the constant). The dependent variable is measured as the
logarithm of electricity consumption in kilowatt-hours (K WH) per residential
consumer. The covariates in order are a constant (CNST), logarithm of per
capita real income (PCI), logarithm of the real price of electricity (PE), logarithm
of the real price of gas (PG), cooling degree days (CDD), and heating degrees
days (HDD). The data set, which runs from the first quarter of 1970 to the first
quarter of 1983, is reproduced in the appendix.

In the implementation of the Gibbs sampler, the first 50 draws are discarded
and the algorithm is run to obtain 1200 draws from the posterior. Numerical
standard errors are obtained by the method of batching. Following the recom-
mendation of Ripley (1987), the batch size B is selected such that the first-order
correlation between the baich means is at most 0.05. Because of the nature of the
Markovian sampling, this usually results in small to negligible higher-order
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correlations between the batch means. To provide an idea of the computing
effort entailed, we mention that it takes 2 to 3 minutes (depending on the sample
size) to estimate the models. Thus, computing time is not of much concern and is
likely to be even less important on more powerful computers than the one used
in the present case.

The results for examples | and 2 are presented in tables 1 and 2, where the
posterior mean and standard deviation of the parameters is calculated based on
(3.3)—(3.6), as described earlier. The hyperparameters in (4.2) are set at o, = 0,
Ao = 1071, vo =002, 60 =2, ¢po = 0, and P, = 107 °1,. From the tables we
can ascertain that the Bayes estimates are very close to the true values that are
used to generate the data. Except in a few cases, the lag 1 correlation of the
Gibbs run displays only moderate dependence. The batch standard errors
indicate that the estimates are very reliable. In many cases, there is an improve-
ment over the NLS estimates although, as is to be expected, the difference is not
significant for the larger samples. Generally, the posterior standard deviation
exceeds the standard error of the NLS estimate.

Next, consider tables 3 and 4 and figs. 1 and 2 which deal with two models
based on example 3. Two priors, A and B, are used for the analysis. In both
cases, Jeffreys’ prior is specified for 62, while the other hyperparameters are as
before. In addition, prior A does not impose the stationarity restriction on the
roots of the error polynomial. The first point to be noted is that the results are
resistant to the prior used, except for the constant which is insignificant under
prior A. This is not surprising since the probability of the unit root is 0.11 with
model 1 and 0.20 with model 2 [these are computed by the proportion of times
Y. ¢; lies in the interval (0.999, 1.001)]. Next note that for some of the
parameters there are significant differences between the NLS estimates and the
Bayes posterior moments. For example, the posterior mean of PCI is about
four times as large as the NLS; the variable CDD appears not be statistically
significant; and the posterior mean of ¢, is half that of NLS and has the
opposite sign, and that of ¢ 5 is negative. On the basis of the posterior moments
for model 1, we reestimate the model after dropping the variables PG and
CDD. We observe from table 4 that the posterior moments of the parameters of
model 2 are resistant to changes in the specification of the covariates. How-
ever, the NLS estimates change considerably and become similar to those from
the Gibbs sampler. Finally, for model 2 with prior B the marginal posterior
pdfs of all the parameters (excluding ¢2) are obtained (cf. figs. 1 and 2). The
skewness in the posteriors of 3, ¢, and ¢; is relatively pronounced. The pdfs
are computed on a 65-point grid, applying (3.2) to (4.4) and (4.9); the domain of
¢ is restricted to the minimum and maximum values of ¢ observed in the 1200
draws. All the results in model 2, including the eight pdfs, are obtained in just
four minutes.
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6. Concluding remarks

8. Chib, Bayes regression with autoregressive errors

In this paper we have developed a practical and straightforward Bayesian
approach to regression models with autocorrelated errors. It is shown that the
proposed approach can readily deal with high-order autoregressive processes
without requiring an importance sampling function or other tuning constants.
Based on this work, it should be possible to analyze other models with corre-
lated errors, for example, the seemingly unrelated regression model. Another
interesting extension would be to relax the conditioning on the initial observa-
tions. We plan on providing some results on these extensions in future work.

Appendix: Data set used in example 3

KWH CNST PCI PE PG CDD HDD
— 6.538 1.000 2997 —3.149 — 1.494 2.000 515.0
—6.733 1.000 3.019 —3.095 — 1.392 62.00 213.0
— 6.746 1.000 3.054 —3.102 — 1.202 564.0 0.000
— 6.638 1.000 3.059 —3.152 — 1.339 55.00 409.0
— 6.458 1.000 2.996 — 3.166 — 1442 8.000 812.0
—6.671 1.000 3.076 — 3.100 — 1331 57.00 281.0
— 6.669 1.000 3.096 —3.115 — 1125 693.0 0.000
— 6.531 1.000 3.105 —3.164 — 1342 108.0 564.0
— 6418 1.000 3.105 —3.176 — 1450 0.000 652.0
— 6.668 1.000 3.139 —3.091 — 1.299 105.0 1120
— 6.623 1.000 301 —3.125 — 1155 594.0 0.000
—6.522 1.000 3.126 — 3.066 — 1322 54.00 402.0
— 6.387 1.000 3.108 —3.110 — 1451 0.000 625.0
— 6.603 1.000 3.110 — 3.063 —1.343 1240 169.0
— 6.632 1.000 3.098 —3.078 — 1.206 430.0 0.000
— 6.543 1.000 3.110 — 3078 — 1341 79.00 343.0
—6.470 1.000 3.078 —3.033 — 1435 0.000 603.0
—~ 6.674 1.000 3.079 — 2.888 —1.324 80.00 144.0
— 6.636 1.000 3.087 —2.880 - 1.172 537.0 0.000
—6.542 1.000 3.084 —2.873 —1.299 94.00 376.0
— 6.416 1.000 3.064 — 2895 — 1414 0.000 735.0
— 6.618 1.000 3.113 —2.863 — 1276 19.00 275.0
— 6.666 1.000 3.128 —2.838 — 1.116 467.0 0.000
— 6.533 1.000 3.137 — 2764 — 1237 62.00 406.0
— 6.455 1.000 3.088 —2.741 —1.338 24.00 494.0
— 6.605 1.000 3.110 —2.734 —1.245 181.0 131.0
— 6.584 1.000 3.130 - 2753 — 1.139 705.0 0.000
—6.513 1.000 3.149 —2.769 — 1.221 302.0 168.0
— 6.431 1.000 3.096 — 2793 - 1.319 14.00 461.0
— 6.620 1.000 3117 — 2.799 —1.241 37.00 194.0
— 6.600 1.000 3.146 — 2.806 — 1.116 694.0 0.000
— 6.552 1.000 3.214 — 2818 — 1216 176.0 92.00
—6.438 1.000 3.131 — 2.786 — 1.306 46.00 286.0
—6.614 1.000 3.141 —2.749 - 1.150 313.0 51.00
—6.571 1.000 3.132 —2.776 — 1.198 740.0 0.000
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— 6471 1.000 3.143 — 2825 —1.322 177.0 399.0
— 6.352 1.000 3.120 — 2.870 — 1,327 10.00 617.0
— 6.593 1.000 3.086 —2.902 - 1.354 221.0 71.00
— 6.560 1.000 3.081 —2.839 — 1.083 847.0 0.000
— 6.491 1.000 3.113 — 2.894 — 1.211 137.0 215.0
— 6.456 1.000 3.061 — 2875 —1.243 18.00 2710
— 6.617 1.000 3.021 — 2731 — 1.249 160.0 105.0
— 6.634 1.000 3.057 — 2455 — 1.080 712.0 0.000
— 6.606 1.000 3.058 — 2.504 — 1.195 108.0 2140
— 6.551 1.000 3.008 — 2515 —1.183 36.00 3300
— 6.708 1.000 3.009 — 2.568 — 1.140 351.0 41.00
— 6.631 1.000 3.030 — 2.579 —1.073 943.0 0.000
- 6.616 1.000 3.025 — 2.641 - 1.154 101.0 202.0
— 6.538 1.000 2997 — 2.513 — 1.140 13.00 516.0
— 6.723 1.000 3.014 — 2.506 — 1.063 132.0 75.00
— 6.674 1.000 3.015 — 2493 — 0.9528 740.0 0.000
— 6.631 1.000 3.021 — 2.483 — 0.9287 176.0 3220
— 6.590 1.000 2.996 — 2.409 — 0.8698 120 3350
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