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Abstract In this paper several potential art price determinants are considered. For example, stock

market indices, other commodity prices, exchange rates, GDP, disposable income, consumption, interest

rates, etc. The analysis is based on quarterly data starting in 1998 and ending in 2015. The method-

ology is based on BMA (Bayesian Model Averaging) and DMA (Dynamic Model Averaging), which is

applicable in case of the uncertainty about the suitable predictors. Prices of various type of art goods

are analysed. The results suggest that art market is quite a complex one and even in case of including

many predictors it is hard to model. However, it is found that DMA outperforms BMA.
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1. Introduction

Forecasting art prices is quite a hard problem. First of all, there is no commonly used
model. Moreover, many researches focus just on the construction of the art price index
itself. Some researchers even doubt if the price of an art good can be modelled similarly
as other financial assets.

However, if one has a reasonable art price index, it is quite hard to tell which economic
variables should be included in the potential model, as the independent variables. Ac-
tually, a Bayesian econometrics and especially Bayesian Model Averaging (BMA) seems
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to be an interesting tool is such a case. For it allows to initially consider many models
with various (just potentially interesting) independent variables. Such a methodology has
been successfully applied, for example, in medicine or macroeconomics.

In this paper the currently available literature is scanned first to collect quite a big set
of potential art prices determinants. Next, the BMA methodology is shortly reminded.
Finally, the BMA model is estimated and discussed.

2. Literature Review

The art market is quite a complex one. Moreover, investing in art goods is perceived
as a very specific kind of an investment. This is because art goods are non-homogeneous
and indivisible. The risk of buying forged good is very high and the valuation of a good is
extremely complex [1]. It might be subject of personal emotions, cultural aspects, current
trends, etc. [2].

For example, Baumol stated that no fundamental value can be given to paintings in the
context of the supply and demand market forces [3]. Similarly, some researchers criticize
the concept of creating any art price index [4]. Others point out that many transactions
on the art market are outside any institution and/or without a broker, making the market
more informal. This results in small market liquidity and poor availability of information
[5].

Despite these facts, art markets received much attention also as tools in portfolio
diversification [6–8]. Some researchers advocate treating an art good in a similar way as
other market goods [9, 10]. As a result, various art price indices have been proposed.
For example, Mei-Moses Fine Art Index, Sotheby’s Art Index, Art Price Index, Hislop’s
Art Sales Index and Gabrius Index, etc. However, still much more researches have been
devoted to construct hedonistic regression models, than to model the general behaviour
of the art market [11–14].

But even if art prices are studied with certain econometric model there is still much
uncertainty which determinants should be included in the model. Most often the following
factors are concluded to play the important role: income per capita, oil prices, equity
markets, interest rates, exchange rates, inflation and house prices [7, 8, 15–20].

Recently, there is also much awareness on the impact of Chinese market [21].

3. Data

The analyses covered the period beginning on the first quarter of 1998 and ending on
the first quarter of 2015. Quarterly data were taken. Art Price Global Index (AGI) was
taken as the art price index [22]. In particular, this index consists of 12 sub-indices.

First of all, it differentiates geographically for U.S. prices (U.S.) and worldwide art
market prices (Global). Secondly, different types of art goods are considered: Paint-
ings, Drawings, Photographies, Prints and Sculptures. Finally, goods from different time
periods are considered: Old Masters, 19th Century, Modern Art, Post-War and Contem-
porary. The prices were taken in USD.

The following time series were taken as possible art price determinants:

• MSCI – index as a representation of developed stock markets,
• EM – the MSCI index but reduced to the emerging stock markets,
• SHC – Shanghai Composite Index (China stock market),
• VIX – implied volatility of S&P 500,
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• P/E – price to earnings index for S&P 500,
• CRB – The Thomson Reuters/Core Commodity Index,
• GOLD – gold price,
• WTI – West Texas Intermediate crude oil price,
• TWEXB – trade-weighted U.S. dollar index,
• USSTHPI – all-transactions house price index for U.S.,
• GDP – U.S. real gross domestic product per capita,
• DPI – real disposable personal income per capita in U.S.,
• PCE – real personal consumption expenditure in U.S.,
• US10BY – 10-year U.S. bond yield,
• US30BY – 30-year U.S. bond yield,
• LR – bank prime loan rate in U.S.,
• M1 – M1 money aggregate in U.S.,
• M2 – M2 money aggregate in U.S.,
• UNEMP – unemployment rate in U.S.

These time series were obtained from freely available sources [23–25].
First, all time series, except VIX, P/E, US10BY, US30BY, LR and UNEMP were

re-scaled in order to be based at 100 for the first observation (the first quarter of 1998).
In the next step, first differences were taken in order to guarantee stationary of the

data (see Tab. 1). Standard tests were performed: ADF, KPSS and Phillips–Perron
[26]. It can be seen, that assuming 5% significance level, all time series, except USSTHPI
and UNEMP, are stationary. Therefore, for these two time series second differences were
obtained, which can be treated as stationary (see Tab. 2). Similarly, for all AGI art price
indices the first differences could be taken as stationary (see Tab. 3).

All computations were done in R software [27].

4. Methodology

When dealing with uncertainty about predictors which should be included in the model,
various methods have been proposed. Especially, Bayesian econometrics is useful in such a
case [28–30]. Indeed, for example, Bayesian Model Averaging (BMA) has been successfully
applied in various sciences. In particular, it gained much interest in economics and finance
[31–33].

For the Reader’s convenience a short overview of the main idea of BMA is reminded
herein. However, for the details the original work should be consulted [34].

Let us consider the linear model

y = Xβ + ε,

where y is the dependent variable (herein: the art prices) and X is a matrix of independent
variables. The model coefficients are β (constant is included) and it is assumed that
ε ∼ N(0, σ2I). Suppose that X consists of many variables, and it is not clear which ones
should be used in the model.

In BMA all variations possible to obtain from X are considered. In other words, if
there are K potential independent variables, then 2K models can be constructed. Let us
denote a given model by Mi. Then, i = {1, 2, . . . , 2K}.

First, a prior p(Mi) is specified. Usually (as in this paper) all models are treated as
equally ”good”, i.e., p(Mi) = 1

2K
.
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Then, posterior model probabilities should be computed, i.e.:

p(Mi|y,X) =
p(y|Mi, X)p(Mi)∑2K

j=1 p(y|Mj , X)p(Mj)
,

where p(y|Mi, X) is the marginal likelihood of the i-th model. With these posteriori
probabilities as weights, the final forecast is formulated as a weighted average over all 2K

models.
Additionally, the Occam’s Window can be applied. Herein, the best models based on

BIC (Bayesian Information Criterion) were taken, and then all the models that were 20
times less likely than the best model were excluded [35].

It is worth to notice that BMA is a special case of Dynamic Model Averaging (DMA)
[36]. Indeed, DMA allows for both parameters and state space model to vary in time.
The state space model is given by

yt = xitβ
i
t + εit, (4.1)

βit = βit−1 + δit. (4.2)

Errors are normally distributed: εit ∼ N(0, V it ) and δit ∼ N(0,W i
t ). V

i
0 and W i

0 have to
be specified. For example, V i0 := I, where I is the unit matrix. (However, as this value
should be specified in accordance with the variability of the variables used, herein it was
set V i0 := 100I.) The specification of W i

0 is proposed in [36].
Further, V it and W i

t are computed recursively using the Kalman filter updating [36]. In
this procedure certain ”forgetting factor” is used, which herein was assumed to be 0.99,
following some previous researches with DMA [37, 38]. (This parameter corresponds to
variability of W i

t and setting it to 1 is one of the two conditions, when DMA reduces to
BMA.)

Further, the recursive updating is done, in the following way:

πt|t−1,i =
(πt−1|t−1,i)

α + c∑2K

j=1(πt−1|t−1,j)α + c
,

πt|t,i =
πt|t−1,ifi(yt|y0, y1, . . . , yt−1)∑2K

j=1 πt|t−1,jfj(yt|y0, y1, . . . , yt−1)
.

In order to avoid possible zeros due to numerical approximations a small constant c is
added. For example, c = 0.001

2K
. Similarly, as with the first ”forgetting factor”, herein it

was set α = 0.99. (The second requirement for DMA to reduce to BMA is setting α = 1.)
The final DMA forecast is given by

ŷt =

2K∑
j=1

πt|t−1,j ŷ
j
t ,

where ŷjt is the forecast produced by the j-th model.
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5. Results

The estimations were done with BMA package for R [35].
Tab. 4 and Tab. 5 present coefficients for the best model for each type of art good. By

the best model is understood the one with the highest posteriori probability. Posteriori
probabilities, as well as, R2 coefficients are also presented. It can be observed that the
coefficients of a given independent variable have the same sign for every type of art goods,
except SHC (which for Old Masters is negative). Moreover, for 3 types of art goods the
R2 coefficient for the best model is higher than 50%. On the other hand, for 3 types – it
is less than 30%. Posteriori probability for Contemporary art goods is over 20%. But this
is an exception. All other models have posteriori probabilities below 11%, which means
that it is not a one ”preferred” model.

From Tab. 6 and Tab. 7 it can be seen that the expected values of coefficients have
quite often different signs for different types of an art good. However, coefficients for VIX,
P/E and CRB have the same sign for every type of an art good.

Finally, in Tab. 8 and Tab. 9 are presented probabilities that the given coefficient is
not equal to 0. It can be seen that certain variables are important in determining prices
of particular types of art goods, whether there is no independent variable which would
be highly important for every type of an art good. This can be interpreted that the art
market is very differentiated and different predictors play important role for various types
of art goods. This can serve as a suggestion that in modelling art prices it is better to
focus on the selected type of an art good than to consider the overall index.

Setting a benchmark of 50% for posterior probabilities that each variable is non-zero,
it was found that MSCI and EM did not exceed this value for any type of an art good.
For Paintings this criterion was met by VIX, P/E, CRB, GDP, M1 and M2. For Prints
– by VIX, P/E, WTI, USSTHPI and PCE. For Sculptures – by VIX, P/E, WTI and
USSTHPI. For Photographies – by WTI only. For Drawings – by UNEMP only. For Old
Masters – by SHC and CRB. For 19th Century – by VIX, SHC and WTI. For Modern
Art – by P/E, TWEXB, US10BY, M1 and M2. For Post-War – by SHC and M1. For
Contemporary – by SHC and WTI. For U.S. – by P/E and PCE. For Global – by VIX,
GDP and PCE.

The highest number of determinants (i.e., 6) was found for Paintings. Initially, 19
variables were considered. Therefore, it can be seen that estimation of BMA and setting
some reasonable benchmark for posterior probabilities resulted in narrowing the set of
determinants.

As for Paintings BMA found 6 important determinants according to the described pro-
cedure, further comparisons were made. In particular, BMA unrestricted by the Occam’s
Window for these 6 variables was estimated and DMA for these 6 variables (with ”for-
getting factors” set to 0.99, 0.98, ... , 0.90, as mentioned previously). The results (root
mean squared errors) are presented in Tab. 10. It can be seen that, if the ”forgetting
factor” in DMA is set to 0.99 than worse forecast is obtained. However, if smaller ”for-
getting factors” are considered forecasts are better than that of BMA. The best forecast
(according to root mean squared error) is obtained when ”forgetting factors” are 0.91.

Let us notice that the above conclusions above BMA and DMA are still valid, if the
naive forecast is taken as the benchmark. However, in order to stay in the time varying
background, the naive forecast was computed in DMA framework. In other words, Eq.
4.1 and Eq. 4.2 were modified in such a way that the only considered model is the one
with constant solely (see Tab. 10).
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Finally, from Fig. 1 it can be seen that posteriori probabilities for various independent
variables (i.e., the sum of posteriori probabilities of models including a given independent
variable) vary significantly in time. This corresponds to the situation that it is not a
one model which is preferred during the whole time. As a result model averaging plays
an important role. Indeed, certain changes can be noticed around the time of the recent
global financial crisis. The assumption that the parameters are different before and after
the recent global financial crisis [39] is another argument in favour of using time varying
models.

6. Conclusions

In this paper Bayesian Model Averaging (BMA) was applied to art prices. Various
models were estimated. It was found that according to BMA methodology it is quite
hard to select macroeconomic determinants of art prices, which would be common for
different types of art goods. However, BMA identified certain determinants for markets
of particular art goods.

Setting a benchmark of 50% for posterior probabilities that each variable is non-zero,
it was found that MSCI, EM and US30BY did not exceed this value for any type of an
art good. VIX met this criterion for Paintings, Prints, Sculptures, 19th Century and
Global. P/E – for Paintings, Prints, Sculptures, Modern Art, and U.S. WTI – for Prints,
Sculptures, Photographies, 19th Century and Contemporary. SHC – for Old Masters,
19th Century, Post-War and Contemporary. PCE – for Prints, U.S. and Global. M1 –
for Paintings, Modern Art and Post-War. M2 – for Paintings and Modern Art. CRB –
for Paintings and Old Masters. GDP – for Paintings and Global. USSTHPI – for Prints
and Sculptures. PCE – for Global only. UNEMP – for Drawings only. TWEXB – for
Modern Art only. US10BY – for Modern Art only.

This is quite in an agreement with previous researches. There are certain suggestions
that equity and commodity markets (especially oil price) have impact on art prices. How-
ever, it seems that in case of developed economies they are rather market stress indices
than the level of the market index itself. In none models MSCI have posterior probability
over 50%. Neither did EM. However the Chinese SHC was important in certain models.

Furthermore, it was found that Dynamic Model Averaging (DMA) can lead to better
forecasts than BMA (Bayesian Model Averaging).

Despite this conclusions, further investigation is definitely necessary.
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Table 1. Stationarity tests at the level of 1st differences

ADF stat ADF p-val KPSS stat KPSS p-val PP stat PP p-val

MSCI -3.46 0.05 0.10 0.10 -57.50 0.01
EM -4.41 0.01 0.06 0.10 -47.77 0.01
SHC -4.13 0.01 0.04 0.10 -44.21 0.01
VIX -4.27 0.01 0.03 0.10 -61.08 0.01
P/E -4.64 0.01 0.03 0.10 -31.14 0.01
CRB -4.47 0.01 0.10 0.10 -46.69 0.01
GOLD -2.35 0.43 0.21 0.10 -81.54 0.01
WTI -4.56 0.01 0.12 0.10 -40.15 0.01
TWEXB -2.67 0.30 0.18 0.10 -41.79 0.01
USSTHPI -1.36 0.83 0.74 0.01 -14.44 0.26
GDP -3.13 0.12 0.34 0.10 -44.08 0.01
DPI -3.88 0.02 0.23 0.10 -89.86 0.01
PCE -2.54 0.36 0.69 0.01 -32.67 0.01
US10BY -4.26 0.01 0.02 0.10 -62.08 0.01
US30BY -4.51 0.01 0.02 0.10 -61.84 0.01
LR -3.26 0.09 0.11 0.10 -20.74 0.04
M1 -2.81 0.25 2.01 0.01 -33.16 0.01
M2 -3.35 0.07 1.26 0.01 -43.35 0.01
UNEMP -2.72 0.28 0.29 0.10 -19.17 0.07

Table 2. Stationarity tests at the level of 2nd differences

ADF stat ADF p-val KPSS stat KPSS p-val PP stat PP p-val

USSTHPI -3.88 0.02 0.03 0.10 -50.19 0.01
UNEMP -4.87 0.01 0.05 0.10 -82.18 0.01

Table 3. Stationarity tests at the level of 1st differences

ADF stat ADF p-val KPSS stat KPSS p-val PP stat PP p-val

Paintings -3.34 0.07 0.37 0.09 -25.35 0.01
Prints -3.23 0.09 0.16 0.10 -24.70 0.02
Sculptures -3.59 0.04 0.21 0.10 -30.40 0.01
Photographies -4.10 0.01 0.10 0.10 -32.95 0.01
Drawings -3.21 0.09 0.04 0.10 -30.20 0.01
Old Masters -3.34 0.07 0.18 0.10 -50.16 0.01
19th Century -3.10 0.13 0.30 0.10 -28.06 0.01
Modern Art -2.48 0.38 0.10 0.10 -20.07 0.05
Post-War -2.82 0.24 0.11 0.10 -25.31 0.01
Contemporary -4.01 0.01 0.14 0.10 -33.64 0.01
U.S. -3.72 0.03 0.16 0.10 -30.57 0.01
Global -4.71 0.01 0.16 0.10 -114.39 0.01
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Table 4. Coefficients for the best models

Paintings Prints Sculptures Photographies Drawings U.S.

Intercept -3.90 -1.28 -2.16 1.14 2.65 0.54
MSCI . . . . . .
EM . . . . . .
SHC . . . . . .
VIX 0.39 0.36 0.69 . . .
P/E -0.15 -0.15 . . -0.29 -0.17
CRB 0.16 . . . . .
GOLD . . . . . .
WTI . 0.06 0.06 0.09 . .
TWEXB . . . . . .
USSTHPI . 0.73 1.63 . . .
GDP 2.69 . . . . .
DPI . . . . . .
PCE . 2.28 3.30 . . 2.69
US10BY . . . . . 4.52
US30BY . . . . . .
LR . . . . . .
M1 -1.43 . . . . -0.49
M2 2.63 . . . . .
UNEMP . . . . . .

R2 0.58 0.54 0.46 0.22 0.07 0.43

post prob 0.08 0.03 0.04 0.04 0.03 0.02

Table 5. Coefficients for the best models – cont.

Old Masters 19th Century Modern Art Post-War Contemporary Global

Intercept -0.45 -2.12 -1.14 5.00 0.86 -2.07
MSCI . . . . . .
EM . . . . . .

SHC -0.04 0.04 . 0.08 0.14 .
VIX . 0.38 . . . 1.05
P/E . -0.12 -0.21 . . .

CRB 0.13 . . 0.26 . .
GOLD . . . . . .
WTI . 0.05 . . 0.10 .

TWEXB . . -1.18 . . .
USSTHPI . . . . . .

GDP . . . . . 11.07
DPI . . . . . .
PCE . 2.06 . . . .

US10BY . . 3.64 . . .
US30BY . . . . . .

LR . . . . . .

M1 . . -1.13 -1.14 . .
M2 . . 1.57 . . .
UNEMP . . . . . .

R2 0.17 0.51 0.58 0.37 0.41 0.20

post prob 0.10 0.07 0.11 0.07 0.21 0.10
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Table 6. Expected values of coefficients

Paintings Prints Sculptures Photographies Drawings U.S.

Intercept -3.92 -1.97 -1.75 0.30 0.56 0.44
MSCI 0.00 0.02 0.00 -0.01 0.00 0.00
EM 0.00 -0.01 0.00 -0.04 -0.04 0.00
SHC 0.00 0.01 0.00 0.00 0.00 0.01
VIX 0.43 0.34 0.62 0.01 0.01 0.08
P/E -0.14 -0.17 -0.08 -0.05 -0.14 -0.16
CRB 0.14 0.01 0.00 0.02 0.08 0.01
GOLD 0.00 0.00 0.00 0.00 0.01 0.00
WTI 0.01 0.05 0.05 0.09 0.00 0.01
TWEXB -0.11 -0.13 0.00 -0.01 -0.27 -0.01
USSTHPI 0.33 0.44 1.44 -0.01 -0.01 0.01
GDP 2.29 0.29 1.33 0.16 0.01 0.88
DPI 0.01 0.09 0.02 0.86 -0.01 0.00
PCE 0.17 1.78 1.42 1.05 0.39 1.55
US10BY 1.02 0.02 0.32 0.21 0.03 3.16
US30BY -0.79 0.00 0.07 0.57 0.11 0.88
LR -0.07 -0.44 0.01 0.33 0.02 0.59
M1 -1.40 -0.14 -0.28 -0.17 0.13 -0.24
M2 2.60 0.46 0.49 0.08 0.54 -0.01
UNEMP 0.03 0.04 1.73 0.45 -8.31 0.62

Table 7. Expected values of coefficients – cont.

Old Masters 19th Century Modern Art Post-War Contemporary Global

Intercept -0.34 -1.76 -0.58 3.44 1.02 -2.00
MSCI 0.00 0.00 0.02 0.01 0.00 -0.06
EM 0.00 0.00 -0.02 0.01 0.00 0.00

SHC -0.03 0.04 0.00 0.08 0.14 -0.02

VIX 0.02 0.36 0.01 0.00 0.01 0.95
P/E 0.00 -0.11 -0.19 -0.05 -0.02 0.00

CRB 0.14 0.03 0.02 0.16 0.02 0.00
GOLD 0.00 0.00 0.00 0.00 0.00 0.03

WTI -0.01 0.04 0.00 0.03 0.10 0.00

TWEXB 0.01 -0.21 -1.10 -0.08 0.00 -0.02
USSTHPI 0.01 0.00 0.00 -0.01 0.01 0.00

GDP -0.01 -0.16 0.03 0.12 0.00 11.54

DPI -0.06 0.00 0.00 0.04 0.12 0.65
PCE -0.04 1.71 0.09 0.32 0.03 -0.64

US10BY 0.35 0.05 2.57 0.02 -0.11 -0.02

US30BY -0.15 0.02 0.53 0.03 0.42 0.01
LR 0.02 -0.11 -0.17 -0.15 -0.15 -0.19

M1 -0.01 0.00 -0.98 -0.92 -0.08 -0.01
M2 -0.01 0.00 1.20 0.22 0.00 -0.02

UNEMP 0.11 0.13 -0.02 0.11 0.21 1.35
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Table 8. Posterior probabilities (in %) that each variable is non-zero

Paintings Prints Sculptures Photographies Drawings U.S.

Intercept 100.00 100.00 100.00 100.00 100.00 100.00
MSCI 4.00 8.80 4.00 7.10 5.00 2.70
EM 3.80 18.80 3.70 27.20 24.00 4.60
SHC 5.60 39.50 3.70 3.60 2.10 41.00
VIX 100.00 99.70 100.00 5.10 4.40 30.90
P/E 91.30 100.00 59.60 25.20 49.00 96.40
CRB 95.80 10.90 6.30 13.00 36.10 17.40
GOLD 9.30 1.70 5.00 3.40 8.40 1.80
WTI 41.30 100.00 99.80 97.60 4.90 27.50
TWEXB 19.80 25.50 3.70 2.80 19.30 3.80
USSTHPI 41.50 57.30 98.90 2.70 3.40 4.20
GDP 89.50 17.50 49.70 6.40 2.60 35.80
DPI 4.00 12.80 5.20 40.30 2.60 1.90
PCE 10.10 76.10 49.40 24.50 11.10 54.40
US10BY 20.60 3.20 13.60 6.40 3.10 76.00
US30BY 13.00 2.50 6.50 12.40 4.30 22.70
LR 5.30 20.70 4.00 8.20 2.50 19.20
M1 100.00 24.40 32.40 18.20 15.20 47.60
M2 100.00 40.00 27.60 5.80 24.70 5.70
UNEMP 2.80 3.00 32.70 6.80 56.20 14.20

Table 9. Posterior probabilities (in %) that each variable is non-zero – cont.

Old Masters 19th Century Modern Art Post-War Contemporary Global

Intercept 100.00 100.00 100.00 100.00 100.00 100.00

MSCI 3.70 3.80 10.50 6.00 2.60 11.40
EM 3.90 9.20 24.40 8.00 2.90 3.60

SHC 71.50 95.20 4.20 92.90 100.00 20.20
VIX 14.10 98.40 7.00 3.10 3.20 89.40
P/E 3.40 84.40 100.00 28.30 13.70 3.50

CRB 94.10 32.20 23.40 63.90 12.20 3.10
GOLD 3.90 3.80 2.10 2.30 2.60 22.50
WTI 23.80 99.70 10.20 48.50 100.00 6.00

TWEXB 4.10 34.00 100.00 8.40 2.50 3.40
USSTHPI 3.70 3.30 2.10 2.40 2.60 2.90

GDP 2.90 11.60 4.50 6.20 2.50 100.00

DPI 8.00 3.20 2.00 4.30 9.40 23.60
PCE 4.30 73.30 8.90 11.40 2.80 10.10
US10BY 11.20 5.30 76.90 2.30 4.30 3.00
US30BY 5.60 3.90 19.60 2.30 8.30 3.00

LR 3.30 8.00 10.40 5.40 5.80 4.20

M1 3.80 3.70 100.00 79.20 13.00 3.10
M2 4.00 3.10 78.60 13.00 3.80 3.20
UNEMP 4.70 6.20 2.20 3.00 4.60 10.80
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Table 10. Forecasts comparison (RMSEs)

”naive”

BMA 6.84 6.88
DMA (0.99) 7.03 6.90
DMA (0.98) 6.59 6.91
DMA (0.97) 6.66 6.91
DMA (0.96) 6.63 6.91
DMA (0.95) 6.59 6.91
DMA (0.94) 6.58 6.91
DMA (0.93) 6.56 6.90
DMA (0.92) 6.63 6.89
DMA (0.91) 6.48 6.88
DMA (0.90) 6.66 6.88

Figure 1. Posteriori probabilities for DMA with ”forgetting factors” = 0.91
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