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Abstract

Pooling forecasts obtained from different procedures typically reduces

the mean square forecast error and more generally improves the quality

of the forecast. In this paper we evaluate whether pooling interpolated

or backdated time series obtained from different procedures can also

improve the quality of the generated data. Both simulation results

and empirical analyses with macroeconomic time series indicate that

pooling plays a positive and important role also in this context.
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1 Introduction

Bates and Granger (1969) showed that a combination of forecasts may per-

form better than each of the single constituent forecasts, and there now exists

a vast amount of empirical evidence to support their claim, see e.g. Timmer-

mann (2005) for a recent overview. As discussed by Hendry and Clements

(2004), possible reasons for the good performance of forecast pooling may

be model misspecification and parameter non-constancy that are attenuated

by weighting.

Forecasting can be considered as a problem of estimation of missing ob-

servations at the end of a time series. But estimation of missing observations

at the beginning of a time series (i.e. backdating) or of periodically missing

observations (i.e. data interpolation, e.g. obtaining monthly values starting

from quarterly data) is also quite relevant for empirical analysis and has

attracted considerable attention in the literature, see e.g. Marcellino (1998)

or Proietti (2004) for recent overviews.

In this paper we propose to apply pooling techniques developed in the

forecasting literature to improve the quality of backdated and/or interpo-

lated data. To the best of our knowledge, this is the first attempt to bring

together pooling and interpolation.

The analysis is complicated by the fact that the forecasts can be com-

pared with realized values after some time, while typically missing obser-

vations remain missing. This limits somewhat the range of feasible pooling

techniques. Yet, simple combination methods such as averaging, possibly

after trimming extreme values, work quite well in practice when compared

with more sophisticated techniques, see e.g. Stock and Watson (1999).

Our starting point is the paper by Angelini, Henry and Marcellino (2003).

They introduce a new method for data interpolation or backdating, based

on the idea of summarizing large information sets with a factor model, and

then using the estimated factors to recover the missing observations. Using

simulation experiments and empirical applications, they compare the factor

based method with the traditional Chow and Lin (1971) multivariate ap-

proach, and with univariate methods based either on parametric AR models

combined with the Kalman filter, or on the use of (nonparametric) spline

functions. They find that the multivariate methods typically outperform

the univariate approaches, but the ranking of factor-based interpolation and
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Chow-Lin is not clear cut.

We consider the same set of interpolation/backdating methods as An-

gelini et al. (2003), but also a set of pooling procedures. In particular,

we look at the mean, trimmed mean and median either of all methods or

of only univariate or multivariate procedures. To benchmark the analysis,

we use the same set up for the simulation experiments as Angelini et al.

(2003). In particular, the series to be interpolated is generated either as a

linear combination of factors, or as a linear combination of a limited set of

regressors, or as an AR(1) process.

As expected, the best method is the one suited for the specific data gen-

erating mechanism, e.g. factor based interpolation when the series of interest

is generated as a combination of factors. But the interesting and clear-cut

result we find is that pooling the multivariate methods is a close second best

for any generating mechanism. Moreover, using the pooled interpolated /

backdated data usually reduces the bias in subsequent econometric analyses

using the generated variables.

A set of empirical applications with data for four European countries, the

euro area and the US also support the usefulness of the pooling procedures.

Therefore, we conclude that the good performance of pooling for fore-

casting is confirmed also for backdating and data interpolation, and this

represents a new, interesting and important result for empirical analysis.

The structure of the paper is as follows. In section 2 we describe in more

details the interpolation/backdating procedures under evaluation. In section

3 we discuss the design of the simulation experiments and the related results.

In section 4 we present the empirical applications. Finally, in section 5 we

summarize the main findings of the paper and conclude.

2 Interpolation and back-dating procedures

Let us consider a weakly stationary time series yot whose realizations can

be only partly observed. In particular, the observed values of yot can be

thought of as realizations of the process y = {yτ}∞τ=1 = {ω(L)yokt}∞t=1, where
τ indicates the aggregate temporal frequency (e.g. quarters), k the frequency

of aggregation (e.g. 3 if t is measured in months), L is the lag operator, and

ω(L) = ω0+ω1L+ ...+ωk−1Lk−1 characterizes the aggregation scheme. For

example, ω(L) = 1+L+ ...+Lk−1 in the case of flow variables and ω(L) = 1
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for stock variables.

The n × 1 vector of weakly stationary time series Xt can instead be

observed in each time period t.

We stack the observations on Xt, y
o
t , and yτ into X

nT×1
, Yo

T×1
and Y

s×1
,

where T and s are, respectively, the number of disaggregate and aggregate

observations. If we construct the aggregator matrixW as

W
(s+nT )×(n+1)T

=

⎛⎝ W
s×T

0
s×nT

0
nT×T

I
nT×nT

⎞⎠ ,

W
s×T

=

⎛⎜⎜⎜⎝
ω0, ω1, ..., ωk−1 0, 0, ..., 0 ... 0, 0, ..., 0

0, 0, ..., 0 ω0, ω1, ..., ωk−1 ... 0, 0, ..., 0

...

0, 0, ..., 0 0, 0, ..., 0 ω0, ω1, ..., ωk−1

⎞⎟⎟⎟⎠ ,

then Z = WZo, where Zo = (Yo0 : X0)0, Z = (Y0 : X0)0, and : denotes

stacking.

The structure of the matrixW can be easily modified to deal with miss-

ing observations at the beginning of the sample, or elsewhere. In particular,

since the processes under analysis are weakly stationary, the results for back-

dating are also applicable to the case of forecasting, i.e. missing observations

on the y variable at the end of the sample, assuming that the corresponding

values of the X variables are known.

Several procedures are available to estimate the values of Yo given those

of Z. In this section we describe first the single competing interpolation

and backdating procedures that we consider in the simulation experiments,

and then the methods to combine the results of the single procedures into a

pooled estimate of the missing observations.

To construct the parametric univariate estimator (that relies only on

information on Y), we assume that yot is generated by an AR(3) model. We

compute the optimal estimator of the systematically missing observations

using the Kalman filter, and the smoother, according to the formulae in

Harvey and Pierse (1984), see also Kohn and Ansley (1986), Nijman and

Palm (1986), and Gomez and Maravall (1994). For backdating only the

smoother is used.

The nonparametric univariate estimator is based on spline functions,

see e.g. Micula and Micula (1998). The tension factor, which indicates
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the curviness of the resulting function is set equal to one. Values close to

zero would imply that the curve is approximately the tensor product of

cubic splines, while if the tension factor is large the resulting curve is ap-

proximately bi-linear. A major advantage of this estimator is that it does

not require assumptions on the disaggregate generating mechanism, which

is typically unknown and cannot be uniquely recovered from the generating

mechanism at the aggregate level because of aliasing problems, see e.g. Mar-

cellino (1998, 1999) for additional details. On the other hand, this method

cannot be used for backdating.

The first multivariate estimator (that relies on information both on Y

and on X) implements the Chow and Lin (1971) procedure, allowing for an

AR(1) structure in the errors of the regression. Basically, the y variable

is regressed on (some of) the variables in X at the aggregate level, and

the estimated coefficients are combined with the observable values of the

regressors at the disaggregate level to obtain an estimate for the missing

values in y0.

Five variables out of the n in X are included as regressors, and they are

selected among the set of available variables on the basis of their correlation

at the aggregate level with the variable to be disaggregated. This reflects

common empirical practices, where, typically, variables involved in Chow-

Lin procedures are pre-selected on the basis of their economic relevance with

respect to the estimated variable.

The second multivariate estimator exploits the factors extracted from

a dynamic factor model estimated with a large data set. Specifically, we

assume that Xt admits the factor representation

Xt
n×1

= Λ
n×p

Ft
p×1

+ et
n×1

, (1)

where p, the number of factors, is substantially smaller than n, namely, a few

common forces drive the joint evolution of all variables. Precise conditions

on the factors, Ft, and the idiosyncratic errors, et, can be found in Stock

and Watson (2002a, 2002b).

In the first step of this factor based interpolation procedure, the factors

are estimated as the first principal components of the X variables, i.e.,

without using information on the y variable to be interpolated (see Stock

and Watson (2002a, 2002b) for a theoretical justification of the principal

component based estimator for the factors and a detailed discussion of its
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properties). The Chow and Lin (1971) method is then applied to recover

the missing values of yot using (three) estimated factors as regressors rather

than some selected variables in X.

In the second step of the interpolation procedure, the interpolated y0

variable obtained in the first step is added to the balanced panel of the X

variables, the factors are re-estimated, the Chow and Lin (1971) procedure

is applied with the new set of factors, a new set of interpolated values for

y0 are obtained, and they are used to construct another balanced panel,

another set of factors, etc. The procedure is repeated until the estimates of

the factors do not change substantially in successive iterations. If the fit of

the Chow and Lin (1971) regression in the second step is lower than that

in the first step, the procedure is stopped and the balanced factor based

estimator is used.

This iterative interpolation procedure, introduced by Angelini et al.

(2003), refines the EM algorithm that Stock and Watson (2002a, 2002b)

proposed to extract factors from unbalanced panels. Moreover, following

the same line of reasoning as in Stock and Watson (2002a, 2002b) in a fore-

casting context, the fact that the estimated rather than the true factors are

used in the interpolation/backdating procedure does not affect the quality

of the fit of the Chow-Lin regression, at least asymptotically, see also Bai

(2003) and Bai and Ng (2004).

Both multivariate procedures can be applied to interpolation and back-

dating. Therefore, so far we have five methods for interpolation: Kalman

filter (K-filter), Kalman smoother (K-smoother), spline, Chow-Lin, factor-

based (DFM); and three methods for backdating: Kalman smoother, Chow-

Lin, and factor-based.

For interpolation we then consider five pooling procedures: the average

of the five single methods (P-Mean), of the three univariate methods (P-

Uni), of the two multivariate methods (P-Multi), the median of the five

single methods (P-Median), and a trimmed mean where the highest and

lowest values are discarded (P-TrimMean). For backdating we evaluate four

pooling methods: the average of the three single methods (P-Mean), of the

two multivariate methods (P-Multi), the median of the three single methods

(P-Median), and a trimmed mean where the highest of the three values is

discarded (P-TrimMean).

Finally, it is worth mentioning that changes in the specification of the
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single estimators under analysis (e.g. increasing the order of the AR model,

or using more factors or more variables, or changing the trimming procedure)

in general do not affect the results of the simulation experiments.

3 Simulation experiments

In this section we evaluate the relative performance of the alternative inter-

polation / backdating methods by means of simulation experiments. In the

first subsection we describe the design of the experiments. In the second

subsection we discuss the results. In the third subsection we comment upon

the outcome of a set of sensitivity analyses. In the final subsection we run

additional simulations to evaluate the biases that can emerge when using

the interpolated / backdated data in subsequent econometric analysis.

3.1 The experimental design

Following Angelini et al. (2003), we consider three different generating mech-

anisms (DGM) for the variables:

Xt = ΛFt + et, (2)

yot = β0Ft + εt,

Xt = ΛFt + et, (3)

yot = β0Zt + εt,

and
Xt = QXt−1 + ut,

yot = γyot−1 + vt,

Ã
ut
vt

!
= P

Ã
et
εt

!
. (4)

In the first specification (2) both the X and the y variables are generated

by a factor model. The number of factors is set equal to 3, the factors are

independent AR(1) processes with root equal to 0.8, and the elements of Λ

and β are independent draws from a uniform distribution over the interval

[0, 1]. In the second specification (3) Zt = (x1t, x2t, x3t)
0, so that y depends

on some of the variables in X rather than on the factors. In the third

specification (4) y and each of the variables in X are AR(1) processes, each

with root equal to 0.8 (Q is a diagonal matrix).
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In the first two DGMs et and εt are i.i.d. N(0, 1) errors, uncorrelated

across themselves, while in the third DGM the errors are correlated across

variables (the elements of the matrix P are independent draws from a uni-

form distribution), but not over time. In all cases Xt contains 50 variables

while yot is univariate, and the sample size is set equal to 100.

When the DGM is (2, DFM) we expect the factor estimator to be the

best, but the Chow and Lin (1971) method should also perform well since the

number of regressors (five) is larger than the number of factors, so that the

former can provide a good approximation for the latter. When the DGM is

(3, Chow-Lin) the Chow-Lin method is expected to generate the lowest loss

function, but the factor based interpolation approach could also perform

well when the factors have a high explanatory power for the Z variables,

since the model for yot in (3) can be written as:

yot = β0SΛFt + β0Set,+εt,

where S is the selection matrix

S =

⎛⎜⎝ 1 0 0 ... 0

0 1 0 ... 0

0 0 1 ... 0

⎞⎟⎠ .

When data are generated according to (4, AR-SUR) the univariate estima-

tors should be ranked first, but the multivariate methods could also perform

well due to the correlation across variables generated by the variance covari-

ance matrix of the error terms. Since in practice the DGM is not known,

we are particularly interested in whether any pooling methods provides a

robust interpolation procedure, in the sense of working reasonably well for

all DGMs. Hence, though more complicated DGMs could be used, those in

(2)-(4) already provide a good framework to evaluate the relative merits of

the alternative interpolation methods.

We set the disaggregation frequency at 4, so that only 25 values of yot
can be observed out of 100. This mimics disaggregation of annual data

into quarterly data. We analyze both stock and flow variables. Next we

also consider the case of missing observations at the beginning of the series,

assuming that 20 starting values of yot are unobservable. For each case we

run 1000 replications, and rank the estimators on the basis of the average

absolute and mean square interpolation/backdating error (MAE and MSE,
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respectively). We also compute percentiles of the distribution of the absolute

and mean square disaggregation error, which provides information on the

robustness of the performance of the estimators.

3.2 Results

The Monte Carlo results are summarized in Tables 1-3 for, respectively,

the DFM, Chow-Lin and AR-SUR DGMs. A first finding is that the MSE

and the MAE lead to similar rankings of the various interpolation methods.

Moreover, the mean and the median of the distribution of the disaggregation

errors over replications are usually very close, and more generally the rank-

ing of the methods is rather uniform when evaluated at different quantiles.

Therefore, we can focus on the ranking based on the average MSE.

When the data are generated by the DFM in (2), the figures in Table

1 clearly show that the factor method performs best, as expected and in

line with the findings in Angelini et al. (2003). Yet, the (very close) second

best is P-Multi, the simple average of the factor and Chow-Lin interpolated

values. The three univariate methods perform rather poorly and also the

other four pooling procedures, where at least one univariate method appears

in the combined interpolated series, are beaten by Chow-Lin. However, it

is worth noting that P-Uni works better than each of its three constituent

single univariate components for both stock and flow variables.

When the data on the y variable are generated by the Chow-Lin speci-

fication in (3), the P-Multi yields the lowest MSE for both stock and flow

variables, see Table 2, with the Chow-Lin interpolation method as the sec-

ond best. The ranking is reverted for backdating, but the differences are

minor. The univariate methods are again substantially worse, but also in

this case pooling them into P-Uni systematically lowers the MSE.

When the data are generated by the AR-SUR DGM in (4), in turn, the

relative behavior of the univariate methods improves substantially, see Ta-

ble 3. In the case of stock variables, the average of the five single methods,

P-Mean, yields the lowest MSE, and the trimmed average, P-TrimMean is

the second best. P-Multi is in this context the worst pooling procedure, but

it is still better than any of the single interpolation methods. For flow vari-

ables the performance of the multivariate methods deteriorates substantially,

likely because the averaging underlying this aggregation scheme decreases
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the correlation across y and the X variables. As a consequence, the perfor-

mance of P-Multi also deteriorates, but P-TrimMean and P-Mean remain

the best interpolation methods. The ranking of P-Multi improves again for

the case of backdating, where it is the first best followed by Chow-Lin. How-

ever, in this case all methods give satisfactory results, with minor differences

in the resulting MSEs.

In summary, pooling appears to work quite well also for interpolation

and backdating. Typically, the pooled interpolated series perform better

than each of their single components. In particular, P-Multi is ranked first

or second best in most experiments, which suggests it as a candidate for a

robust interpolation procedure. We now evaluate whether these results are

robust to several changes in the experimental design.

3.3 Sensitivity analysis

The first two additional experiments we consider introduce misspecification

into the models that underlie the single interpolation methods. In this con-

text, the relative performance of the pooling procedures can further improve,

since the method most suited for each DGM now relies on a misspecified

model. First, we consider a misspecification of the number of factors. In

particular, there are ten factors in the DGM in (2) but only five of them

are used in the factor based interpolation procedure. The figures in Table

4 indicate that P-Multi becomes the first-best for all types of interpolation

and backdating.

In the second additional experiment we use the Chow-Lin DGM in (3)

but now y depends on all the variables in X, i.e. Zt = Xt in (3). This is

the case for which the factor based method should be the most appropriate,

since the y variable depends on 50 regressors and there are not enough

observations to run a Chow-Lin procedure with all the potentially relevant

variables included. Therefore, we can either summarize the 50 variables

by means of (three) estimated factors or select those (five variables) that

present the highest correlation with y. The values in Table 5 indicate that

now for all types of interpolation or backdating the losses from the Chow-

Lin method are ten times larger than those from the factor approach, which

becomes the first best. Yet, P-Multi is the second best, and it is by far

better than Chow-Lin (or a univariate method).
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Next, we increase the variability of the idiosyncratic error of the fac-

tor model in (2) and (3), specifically the idiosyncratic error is 2et rather

than et. This complicates the estimation of the factors, so that the perfor-

mance of factor based interpolation could be expected to deteriorate. On

the other hand, since the variability of the error term in the y equation, εt
in (2) and (3), remains the same, while the variance of each of the variables

in X increases, the Chow-Lin method could perform even better than in

the standard case with the DGM in (3). The consequences on the pooling

procedures can be hardly determined a priori in this case. The results are

reported in Tables 6 for the DGM (2) and 7 for (3). From Table 6, the factor

based method deteriorates by about 20% with respect to the values reported

in Table 1, but it remains the first best, closely followed by P-Multi. The

losses of the factor based method increase to 30-40% in Table 7 with respect

to Table 2, while the Chow-Lin method improves substantially, as expected,

but the differences with P-Multi remain minor.

Finally, we consider backdating 20% of missing observations when the

variables are generated using the three DGMs in (2)-(4) but both y and the

variables in X are subject to larger errors at the beginning of the sample.

Specifically, an error term 5u is added to the first 20% of observations on

y and each of the X variables, where u is i.i.d. standard normal. This

in an interesting case since larger measurement errors at the beginning of

the sample can be expected for some macroeconomic time series. For these

DGMs we would expect an improved performance of the univariate methods,

since the use of regressors is complicated by the measurement error, with

uncertain results for the pooling procedures. Table 8 confirms the better

behavior of univariate methods and, as a consequence, the range of the

losses across interpolation methods shrinks substantially with respect to the

standard case in Tables 1-3. However, even in this case, P-Multi is the first

best for two DGMs, and the second best for the third one.

In summary, these additional experiments provide additional evidence

in favour of the pooling techniques, and in particular of P-Multi.

3.4 Using the interpolated values

As noted by Angelini et al. (2003), it may be worth assessing the extent to

which using the interpolated series instead of the actual ones would impact
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on possible subsequent econometric exercises. For example, we can expect

the dynamic properties of the interpolated series and its relationships with

other variables to be somewhat affected, with the extent of the bias depend-

ing on the goodness of the disaggregation method but also on the specific

econometric characteristic under analysis. In particular, in this subsection

we study the autocorrelation properties of the interpolated data as well as

regression results.

We generate the data according to the three DGMs in (2)-(4). Then we

compute the difference (ρ) between the first order autocorrelation coefficients

for the actual and interpolated series, and the absolute value of the difference

(β) of the estimated coefficient of yt in the regression wt = yt + ut, with ut
i.i.d. N(0,1), using actual and interpolated data for both wt and yt.

The results are reported in Tables 9-11 for the three types of DGMs,

again for stock and flow variables, and for 20% of missing observations at

the beginning of the sample. As in the previous experiments, we report

both the mean and percentiles of the empirical distribution of ρ and β over

1000 replications for the competing interpolation methods. Yet, it suffices

to focus on the ranking of the methods using the average MSE, since the

relative performance is rather stable across percentiles.

Four main comments can be made. First, as in the case of Angelini et al.

(2003), the ranking of the disaggregation methods in terms of bias reflects

that of Tables 1-3, which suggests that minimizing the mean square disag-

gregation error is a good criterion to minimize also the bias in subsequent

econometric analyses with the interpolated series. Second, the size of ρ and

β is much smaller in the case of missing observations at the beginning of the

sample than for interpolation of stock and flow variables, which is again in

line with the results in Tables 1-3 and is mainly due to the lower fraction of

missing data, i.e. 20% versus 75% in the case of stock and flow variables.

Third, when the DGM is multivariate, univariate interpolation procedures

lead to major biases in the estimated dynamics, i.e. large values of ρ, and

viceversa when the DGM is univariate. Fourth, even when ρ is large, the

corresponding value of β is small, indicating that the estimation of dynamic

relationships can be more affected by interpolation than contemporaneous

relationships, which is also a sensible result. Finally, and most important

for us, the pooling procedures yield gains also in this context, and P-Multi

performs particularly well, except in the case of stock variables with DGM
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(4), due to the bad results for both the factor based method and Chow-Lin

in this case.

4 Empirical applications

In this section we compare the relative merits of the interpolation methods

in practice using three datasets for, respectively, four European countries,

the euro area, and the US. In the first subsection we describe the data, in

the second one the results.

4.1 The data

To start with, we consider quarterly series for GDP growth and inflation

(measured as the quarter on quarter change in the private consumption

deflator) for France, Germany, Italy and Spain, i.e. the four largest countries

in the euro area, over the period 1977:3-1999:2. For these countries, we also

collect two datasets with either price or real variables. The price dataset

contains variables such as CPI, GDP deflator, export and import deflators,

etc., overall 29 series (in growth rates). The variables in the real dataset

include, among others, GDP components, capacity utilization, industrial

production, employment and the unemployment rate, etc., a total of 39 series

(transformed to achieve stationarity when necessary). The two datasets are

extracted from the one used in Angelini et al. (2003), and the Data Appendix

contains a detailed list of all the series employed in the current analysis.

Since the four European countries are still rather heterogenous, to eval-

uate the relative merits of the interpolation procedures with a more ho-

mogeneous dataset we then consider 64 quarterly variables (plus inflation

and GDP growth) for the euro area, over the period 1980:1-2003:4. The

series include both nominal and real variables and are extracted from an

updated version of the dataset in Fagan, Henry and Mestre (2001), details

are provided in the Data Appendix.

Finally, we consider a monthly dataset for the US that includes CPI

inflation, Industrial Production and other 123 varied macroeconomic vari-

ables, over the period 1961:1:2003:12, for a total of 516 observations. The

dataset is an updated version of the balanced panel in Stock and Watson

(2002a, 2002b), and it let us evaluate the interpolation methods for a differ-
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ent frequency and a substantially longer time period. Again, details on the

variables are provided in the Data Appendix.

4.2 Empirical results

In the first application, we carry out two kinds of interpolation exercises that

mimic what we did in the simulation experiments. First, we drop all the

observations but those corresponding to the last quarter of each year (or to

the last month of each quarter for the US). Second, we drop the initial 20%

of the observations. In both cases, we interpolate the missing observations

so as to recreate them, and then compare the interpolated with the actual

values. The price deflator is treated as a stock variable and GDP (or IP)

growth as a flow.

As in the simulation experiments, we extract three factors from each

dataset to implement the factor based interpolation procedure. Previous

work by Stock and Watson (1998) for the US, and Marcellino, Stock and

Watson (2003) and Angelini et al. (2001) for European countries and the

euro area have shown that a limited number of factors are sufficient to ex-

plain a substantial proportion of the variability of all the series. We use the

same setup as in the simulations also for the Chow-Lin method, namely, five

regressors are selected from the datasets used for factor extraction, following

the procedure outlined in the previous section. For the univariate methods,

we consider the filtered and smoothed estimate from the Kalman filter as-

suming an AR(3) model for both inflation and GDP (or IP) growth, and the

spline. Finally, for the pooling procedures, we evaluate the five alternative

combination methods for interpolation describe in the previous section, and

the four ones for backdating.

The comparison of the interpolation/backdating methods is based on the

mean square and mean absolute disaggregation errors, and the results are

summarized in Table 12.

For the interpolation of missing infra-year data, in the case of the infla-

tion rates, the P-Multi method delivers the best results for each of the four

European countries and for the euro area. It is also better than most single

methods for the US. For the latter country, the lowest MSE and MAE are

achieved by P-Mean, the average of all single methods, since for the US the

univariate interpolation procedures work reasonably well while they lead to
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major losses for the other countries. For GDP growth, the spline method

is the best choice for the four European countries and Chow-Lin for the US

(IP), but a pooled method is the second best in all the five cases. P-Multi

is the first best for the euro area.

When estimating missing observations concentrated at the beginning of

the sample, the differences across the methods shrink, and the best proce-

dures appear to be P-Multi and Chow-Lin (first or second best in, respec-

tively, 8 cases out of 12 and 7 cases out of 12, based on the MSE).

Overall, these results are in line with the outcome of the simulation ex-

periments. In particular, the better performance of the univariate methods

for GDP growth can be related to the fact that measurement error is a more

serious issue for GDP than for inflation.

In the second application, again as in the simulation experiments, we

compute the difference (ρ) between the first order autocorrelation coefficients

for the actual and interpolated series for each variable and country. For

France, Italy and Spain we then compute the difference of the estimated

coefficients in a regression of inflation or GDP growth for each country on

the same variable for Germany (β), using actual and interpolated series. For

the euro area and the US, β is computed as the difference of the estimated

coefficient in a regression of inflation on GDP growth, and viceversa. The

results are presented in Table 13.

The biases in dynamics (ρ) are smaller for inflation than for GDP growth,

due to the higher persistence of the former. For interpolation of inflation,

the differences across methods in the values of ρ are in general minor, and

the lowest values are achieved either by a multivariate procedure or by P-

Multi. For GDP growth, the differences widen, the performance of Chow-Lin

further improves, and the second best is either DFM or P-Multi. In the case

of backdating, the ranking of the methods shrinks for both inflation and

GDP growth, and the pooling procedures confirm their good performance,

in particular, P-Mean and P-Median for inflation and P-TrimMean for GDP

growth.

The biases in regression coefficients (β) are harder to be interpreted.

Actually, an interpolation method can introduce large errors but if these

errors are similar for the two series that are interpolated and then used in

the regression, the bias in β can turn out to be small. This could explain the

good performance of the spline for inflation, it generates the lowest biases in
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four cases out of five, while spline based interpolation did not perform well

in Table 12. Using interpolated GDP growth rates, Chow-Lin introduces

the smallest distortions in all cases, followed by P-Multi. In the case of

backdating, the results are more varied, but P-Multi and P-TrimMean work

quite well for, respectively, inflation and GDP growth.

Finally, to evaluate the robustness of the results we have (a) increased

the number of factors to five, as the number of regressors in the Chow-Lin

method; (b) decreased the number of regressors in the Chow-Lin method

to three, as the number of factors in the base case; (c) used the consumer

price index instead of the consumption deflator for the European countries.

Although there were some changes in the resulting figures, the ranking of

the interpolation methods was virtually unaltered in all cases.

5 Conclusions

In this paper we propose a pooling approach to interpolation and estimation

of missing observations and compare it with a number of more standard sin-

gle techniques, using both artificially generated and actual time series. Since

in general realizations of the missing observations do not become available,

contrary to the forecasting case where the target values can be observed with

some delay, only pooling based on simple averaging methods is considered.

However, the forecasting literature suggests that even these simple pooling

methods can be effective.

In the Monte Carlo experiments, deleted data from artificial series are

re-estimated using the whole range of considered methods (Kalman filter

and smoother, Spline, Chow-Lin, factor models, and different averaging

schemes). Using a sample of 25 years of quarterly data for 50 series, we

examine the cases where stock and flow variables are only available at the

annual frequency, and that where there are 20% of missing starting data.

The artificial series are generated using AR(1) models for each variable with

correlated errors, or factor models where the variable of interest can depend

either on the factors or on a small subset of other variables. As a sensitivity

analysis, the factor based interpolation can be based on a number of factors

largely inferior to that of the DGM, or there can be larger idiosyncratic

components, or the variables can be subject to measurement error. The rel-

ative ranking of the procedures is evaluated in two ways. First, by means of
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the Mean Absolute (interpolation / backdating) Error, Mean Squared Error

and the quantiles of the absolute or squared difference between the interpo-

lated series and the original ”true” one. Second, on the basis of the biases

that emerge in subsequent econometric analysis using the interpolated or

backdated values.

The main conclusion of the simulation experiments is that each single

interpolation/backdating method is optimal when the data are generated

according to the hypotheses underlying that method (e.g. factor based in-

terpolation for the factor DGM). Yet, the pooling procedures, and in partic-

ular P-Multi that combines the Chow-Lin and the factor based approaches,

provide a close second best across all experiments, and this is an important

result since in practice the DGM is not known and the first best cannot be

achieved.

The stable, robust and on average satisfactory performance of the pool-

ing methods emerges also from the empirical analysis, where we consider

the same issues as in the simulation experiments but using actual macroe-

conomic time series for the largest European countries in the euro area, for

the euro area as a whole, and for the US.

An interesting issue for further research in this area is the evaluation

of pooling using more sophisticated single interpolation/backdating proce-

dures, such as the dynamic extension of Chow-Lin in Santos Silva and Car-

doso (2001) or the structural model based interpolation in De Jong (2005),

or possibly of more complicated pooling schemes for those cases where the

missing observations become available with some delay and can be compared

with the interpolated values. Yet, while there can be further improvements

in the quality of the interpolated data, we believe that the main message

of this paper, namely that pooling different procedures is beneficial, will

remain valid or even further strengthened.
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Table 1. Disaggregation error, DGM is DFM

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,305 0,133 0,197 0,271 0,381 0,593 0,373 0,25 0,308 0,362 0,428 0,538
Chow-Lin:   0,384 0,177 0,259 0,353 0,461 0,722 0,42 0,285 0,352 0,411 0,477 0,59
Spline:     1,172 0,721 0,969 1,156 1,367 1,646 0,737 0,583 0,675 0,742 0,8 0,888
K-filter:   0,869 0,61 0,739 0,832 0,945 1,171 0,642 0,535 0,595 0,633 0,678 0,757
K-smoother: 0,874 0,594 0,733 0,835 0,949 1,183 0,641 0,529 0,593 0,634 0,679 0,765
P-Mean:     0,481 0,302 0,392 0,471 0,559 0,7 0,477 0,378 0,434 0,473 0,52 0,583
P-Median:   0,603 0,372 0,497 0,587 0,698 0,861 0,525 0,41 0,48 0,523 0,571 0,64
P-TrimMean: 0,49 0,298 0,398 0,48 0,57 0,708 0,481 0,378 0,436 0,478 0,523 0,586
P-Multi:    0,317 0,141 0,212 0,285 0,393 0,601 0,381 0,258 0,318 0,37 0,436 0,542
P-Uni:      0,824 0,572 0,706 0,807 0,915 1,114 0,625 0,52 0,582 0,624 0,663 0,736

MSE MAE
Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95

DFM:        0,294 0,129 0,192 0,26 0,362 0,6 0,423 0,285 0,351 0,406 0,48 0,616
Chow-Lin:   0,368 0,169 0,249 0,339 0,457 0,678 0,475 0,328 0,398 0,469 0,54 0,66
Spline:     0,627 0,392 0,528 0,634 0,726 0,831 0,63 0,498 0,581 0,635 0,686 0,735
K-filter:   0,649 0,424 0,566 0,66 0,739 0,833 0,642 0,522 0,6 0,648 0,691 0,742
K-smoother: 0,648 0,414 0,563 0,658 0,739 0,831 0,641 0,512 0,599 0,648 0,691 0,745
P-Mean:     0,405 0,24 0,32 0,389 0,477 0,619 0,504 0,387 0,453 0,5 0,552 0,636
P-Median:   0,536 0,321 0,447 0,541 0,631 0,726 0,579 0,45 0,533 0,582 0,632 0,685
P-TrimMean: 0,436 0,258 0,349 0,426 0,512 0,641 0,524 0,405 0,473 0,523 0,573 0,648
P-Multi:    0,307 0,138 0,205 0,273 0,385 0,605 0,433 0,296 0,359 0,418 0,496 0,62
P-Uni:      0,618 0,396 0,537 0,628 0,712 0,798 0,627 0,502 0,583 0,632 0,679 0,728

MSE MAE
Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95

DFM:        0,073 0,027 0,046 0,063 0,091 0,154 0,094 0,059 0,077 0,091 0,109 0,141
Chow-Lin:   0,083 0,031 0,053 0,074 0,104 0,162 0,101 0,063 0,082 0,099 0,117 0,146
K-smoother: 0,239 0,105 0,153 0,202 0,263 0,405 0,171 0,115 0,142 0,164 0,188 0,242
P-Mean:     0,093 0,039 0,061 0,084 0,112 0,171 0,107 0,071 0,088 0,105 0,123 0,152
P-Median:   0,077 0,029 0,049 0,069 0,097 0,156 0,098 0,062 0,079 0,095 0,114 0,142
P-TrimMean: 0,099 0,035 0,062 0,089 0,121 0,186 0,11 0,067 0,09 0,108 0,127 0,156
P-Multi:    0,075 0,027 0,046 0,066 0,094 0,153 0,096 0,059 0,078 0,093 0,111 0,142

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (2), for different interpolation/backdating methods and types of variable.
Bold indicates the lowest loss, italics the second lowest.
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Table 2. Disaggregation Error, DGM is Chow Lin

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,284 0,117 0,181 0,248 0,343 0,582 0,359 0,237 0,294 0,345 0,407 0,526
Chow-Lin:   0,253 0,072 0,139 0,212 0,314 0,58 0,333 0,184 0,259 0,317 0,392 0,529
Spline:     1,172 0,766 0,988 1,167 1,337 1,617 0,74 0,603 0,684 0,741 0,798 0,877
K-filter:   0,872 0,622 0,756 0,844 0,958 1,162 0,643 0,544 0,599 0,637 0,68 0,752
K-smoother: 0,888 0,608 0,749 0,844 0,969 1,211 0,645 0,537 0,597 0,638 0,679 0,76
P-Mean:     0,45 0,278 0,364 0,435 0,516 0,667 0,46 0,363 0,417 0,457 0,497 0,569
P-Median:   0,598 0,379 0,489 0,583 0,684 0,875 0,518 0,406 0,468 0,515 0,563 0,641
P-TrimMean: 0,465 0,287 0,376 0,45 0,535 0,691 0,466 0,365 0,42 0,463 0,506 0,577
P-Multi:    0,239 0,082 0,138 0,201 0,296 0,528 0,326 0,195 0,259 0,31 0,38 0,505
P-Uni:      0,835 0,589 0,725 0,819 0,927 1,115 0,63 0,531 0,588 0,627 0,669 0,736

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,273 0,11 0,172 0,24 0,336 0,549 0,407 0,266 0,331 0,392 0,467 0,594
Chow-Lin:   0,252 0,079 0,143 0,209 0,318 0,559 0,384 0,223 0,301 0,365 0,453 0,601
Spline:     0,622 0,422 0,535 0,623 0,717 0,816 0,629 0,515 0,583 0,631 0,678 0,728
K-filter:   0,644 0,441 0,559 0,649 0,72 0,834 0,64 0,532 0,595 0,643 0,681 0,737
K-smoother: 0,642 0,436 0,553 0,647 0,72 0,833 0,638 0,526 0,592 0,641 0,682 0,737
P-Mean:     0,37 0,218 0,29 0,352 0,429 0,575 0,482 0,368 0,429 0,476 0,526 0,618
P-Median:   0,524 0,339 0,444 0,524 0,604 0,704 0,571 0,459 0,524 0,573 0,618 0,674
P-TrimMean: 0,409 0,25 0,33 0,395 0,471 0,617 0,508 0,399 0,457 0,504 0,551 0,633
P-Multi:    0,236 0,085 0,138 0,198 0,296 0,511 0,375 0,23 0,297 0,357 0,436 0,58
P-Uni:      0,614 0,42 0,535 0,617 0,694 0,797 0,625 0,519 0,583 0,627 0,669 0,722

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,07 0,023 0,041 0,061 0,09 0,154 0,092 0,054 0,072 0,089 0,107 0,141
Chow-Lin:   0,052 0,011 0,026 0,042 0,067 0,126 0,078 0,039 0,057 0,074 0,094 0,129
K-smoother: 0,237 0,104 0,161 0,21 0,27 0,43 0,173 0,116 0,144 0,166 0,192 0,248
P-Mean:     0,077 0,031 0,049 0,069 0,094 0,152 0,097 0,063 0,08 0,094 0,111 0,143
P-Median:   0,062 0,018 0,034 0,053 0,078 0,144 0,086 0,048 0,066 0,082 0,101 0,137
P-TrimMean: 0,085 0,025 0,049 0,075 0,107 0,179 0,1 0,055 0,08 0,098 0,118 0,154
P-Multi:    0,055 0,015 0,029 0,046 0,07 0,134 0,081 0,043 0,062 0,077 0,096 0,131

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (3), for different interpolation/backdating methods and types of variable.
Bold indicates the lowest loss, italics the second lowest.
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Table 3. Disaggregation error, DGM is AR

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,621 0,487 0,552 0,603 0,668 0,814 0,547 0,48 0,517 0,543 0,573 0,631
Chow-Lin:   0,557 0,353 0,451 0,53 0,637 0,843 0,514 0,41 0,464 0,508 0,557 0,639
Spline:     0,551 0,282 0,409 0,521 0,656 0,923 0,491 0,362 0,435 0,489 0,538 0,631
K-filter:   0,717 0,364 0,535 0,691 0,834 1,16 0,576 0,412 0,508 0,571 0,634 0,744
K-smoother: 0,673 0,286 0,48 0,635 0,798 1,157 0,553 0,369 0,477 0,55 0,619 0,738
P-Mean:     0,381 0,209 0,3 0,378 0,452 0,558 0,423 0,314 0,377 0,426 0,468 0,52
P-Median:   0,455 0,242 0,37 0,459 0,546 0,645 0,464 0,336 0,419 0,469 0,515 0,566
P-TrimMean: 0,427 0,219 0,332 0,428 0,517 0,62 0,448 0,319 0,4 0,453 0,501 0,553
P-Multi:    0,518 0,366 0,441 0,509 0,579 0,693 0,498 0,419 0,459 0,496 0,532 0,585
P-Uni:      0,512 0,279 0,404 0,501 0,604 0,751 0,489 0,363 0,438 0,49 0,537 0,605

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,991 0,384 0,597 0,858 1,23 2,022 0,773 0,495 0,618 0,742 0,889 1,153
Chow-Lin:   1,216 0,532 0,779 1,053 1,487 2,441 0,86 0,585 0,704 0,827 0,979 1,254
Spline:     0,237 0,123 0,177 0,224 0,286 0,394 0,378 0,278 0,334 0,375 0,421 0,486
K-filter:   0,375 0,169 0,265 0,356 0,463 0,639 0,47 0,324 0,406 0,466 0,532 0,628
K-smoother: 0,359 0,153 0,246 0,334 0,451 0,634 0,459 0,309 0,391 0,451 0,528 0,631
P-Mean:     0,234 0,131 0,18 0,221 0,274 0,367 0,379 0,285 0,338 0,375 0,417 0,482
P-Median:   0,24 0,122 0,185 0,232 0,284 0,382 0,382 0,273 0,338 0,381 0,423 0,494
P-TrimMean: 0,218 0,113 0,162 0,211 0,263 0,355 0,362 0,265 0,316 0,361 0,403 0,47
P-Multi:    0,868 0,407 0,6 0,786 1,024 1,602 0,731 0,512 0,616 0,711 0,814 1,009
P-Uni:      0,283 0,139 0,213 0,271 0,347 0,459 0,415 0,294 0,364 0,412 0,467 0,536

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,144 0,056 0,094 0,13 0,183 0,271 0,137 0,086 0,112 0,133 0,158 0,199
Chow-Lin:   0,137 0,059 0,093 0,128 0,171 0,249 0,133 0,087 0,11 0,13 0,151 0,186
K-smoother: 0,226 0,075 0,136 0,194 0,285 0,456 0,17 0,098 0,135 0,162 0,2 0,26
P-Mean:     0,142 0,051 0,084 0,128 0,181 0,281 0,135 0,081 0,107 0,131 0,159 0,203
P-Median:   0,139 0,053 0,088 0,126 0,178 0,26 0,134 0,084 0,108 0,13 0,156 0,196
P-TrimMean: 0,149 0,052 0,09 0,132 0,191 0,306 0,138 0,083 0,11 0,132 0,163 0,211
P-Multi:    0,133 0,055 0,086 0,121 0,168 0,244 0,131 0,086 0,107 0,128 0,15 0,186

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (4), for different interpolation/backdating methods and types of variable.
Bold indicates the lowest loss, italics the second lowest.
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Table 4. Disaggregation, DGM is DFM Mis-specified

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,214 0,097 0,151 0,196 0,261 0,382 0,314 0,215 0,269 0,306 0,356 0,428
Chow-Lin:   0,225 0,114 0,163 0,21 0,269 0,383 0,323 0,234 0,279 0,318 0,361 0,427
Spline:     1,417 1,026 1,247 1,396 1,565 1,873 0,814 0,694 0,763 0,812 0,867 0,936
K-filter:   0,951 0,716 0,827 0,915 1,044 1,29 0,674 0,58 0,628 0,664 0,712 0,792
K-smoother: 0,967 0,724 0,836 0,925 1,051 1,34 0,678 0,582 0,631 0,669 0,717 0,813
P-Mean:     0,46 0,333 0,398 0,449 0,512 0,611 0,468 0,398 0,436 0,466 0,496 0,547
P-Median:   0,687 0,463 0,582 0,659 0,761 1,009 0,553 0,453 0,507 0,546 0,588 0,682
P-TrimMean: 0,476 0,337 0,403 0,465 0,533 0,653 0,474 0,398 0,437 0,47 0,505 0,566
P-Multi:    0,193 0,096 0,139 0,181 0,231 0,331 0,3 0,215 0,259 0,296 0,335 0,404
P-Uni:      0,967 0,736 0,846 0,94 1,049 1,281 0,679 0,592 0,637 0,672 0,713 0,789

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,234 0,099 0,155 0,215 0,29 0,423 0,378 0,254 0,316 0,37 0,428 0,529
Chow-Lin:   0,23 0,108 0,164 0,212 0,281 0,406 0,376 0,262 0,322 0,367 0,425 0,515
Spline:     0,762 0,587 0,701 0,772 0,832 0,907 0,697 0,611 0,666 0,702 0,733 0,767
K-filter:   0,756 0,572 0,69 0,758 0,814 0,897 0,695 0,6 0,659 0,697 0,728 0,768
K-smoother: 0,757 0,576 0,692 0,759 0,816 0,9 0,695 0,603 0,663 0,697 0,728 0,768
P-Mean:     0,382 0,264 0,326 0,378 0,434 0,527 0,493 0,409 0,458 0,491 0,528 0,584
P-Median:   0,628 0,468 0,571 0,633 0,69 0,762 0,625 0,536 0,593 0,63 0,66 0,7
P-TrimMean: 0,437 0,311 0,378 0,432 0,49 0,584 0,527 0,442 0,492 0,527 0,561 0,618
P-Multi:    0,203 0,095 0,141 0,188 0,251 0,356 0,353 0,246 0,3 0,347 0,4 0,481
P-Uni:      0,737 0,57 0,68 0,745 0,8 0,869 0,686 0,597 0,655 0,689 0,721 0,758

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,062 0,022 0,036 0,052 0,075 0,139 0,086 0,053 0,069 0,082 0,099 0,136
Chow-Lin:   0,067 0,023 0,04 0,057 0,083 0,147 0,09 0,054 0,072 0,086 0,105 0,14
K-smoother: 0,238 0,106 0,163 0,214 0,274 0,408 0,173 0,117 0,145 0,166 0,191 0,24
P-Mean:     0,081 0,033 0,053 0,072 0,098 0,164 0,1 0,064 0,083 0,097 0,114 0,149
P-Median:   0,064 0,023 0,039 0,056 0,079 0,14 0,088 0,053 0,07 0,084 0,102 0,139
P-TrimMean: 0,089 0,033 0,054 0,077 0,113 0,174 0,104 0,064 0,083 0,101 0,121 0,153
P-Multi:    0,061 0,02 0,035 0,051 0,075 0,137 0,086 0,051 0,068 0,082 0,099 0,135

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (2) but with 10 factors in the DGM and 5 used in the factor based procedures
Bold indicates the lowest loss, italics the second lowest.
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Table 5. Disaggregation error, DGM is Chow Lin, y depends on all xs

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,004 0,002 0,003 0,004 0,005 0,007 0,043 0,031 0,037 0,042 0,047 0,058
Chow-Lin:   0,056 0,028 0,041 0,05 0,066 0,101 0,161 0,117 0,139 0,155 0,179 0,22
Spline:     1,028 0,64 0,854 1,023 1,178 1,447 0,693 0,548 0,638 0,696 0,748 0,835
K-filter:   0,815 0,549 0,699 0,795 0,913 1,124 0,622 0,508 0,576 0,618 0,663 0,739
K-smoother: 0,841 0,538 0,693 0,797 0,911 1,163 0,623 0,503 0,573 0,617 0,663 0,744
P-Mean:     0,294 0,201 0,253 0,291 0,329 0,393 0,374 0,309 0,348 0,374 0,399 0,437
P-Median:   0,49 0,303 0,398 0,477 0,554 0,732 0,437 0,338 0,391 0,435 0,474 0,555
P-TrimMean: 0,31 0,203 0,26 0,305 0,349 0,433 0,375 0,303 0,346 0,374 0,402 0,45
P-Multi:    0,017 0,008 0,012 0,015 0,02 0,03 0,088 0,063 0,075 0,085 0,097 0,12
P-Uni:      0,765 0,522 0,661 0,757 0,85 1,016 0,603 0,497 0,562 0,602 0,641 0,708

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,004 0,002 0,003 0,003 0,004 0,006 0,048 0,035 0,041 0,047 0,053 0,063
Chow-Lin:   0,053 0,026 0,038 0,048 0,062 0,093 0,181 0,129 0,155 0,174 0,2 0,243
Spline:     0,539 0,343 0,455 0,534 0,624 0,734 0,585 0,469 0,539 0,586 0,637 0,69
K-filter:   0,579 0,369 0,483 0,574 0,662 0,788 0,606 0,487 0,555 0,609 0,652 0,716
K-smoother: 0,574 0,357 0,479 0,568 0,654 0,785 0,603 0,483 0,553 0,605 0,649 0,717
P-Mean:     0,212 0,135 0,175 0,21 0,242 0,295 0,366 0,293 0,336 0,368 0,396 0,439
P-Median:   0,429 0,265 0,356 0,427 0,502 0,596 0,498 0,388 0,452 0,498 0,546 0,6
P-TrimMean: 0,255 0,161 0,209 0,254 0,292 0,361 0,399 0,319 0,365 0,399 0,433 0,482
P-Multi:    0,016 0,008 0,011 0,014 0,019 0,028 0,098 0,069 0,084 0,095 0,109 0,134
P-Uni:      0,543 0,352 0,46 0,542 0,625 0,735 0,587 0,48 0,54 0,59 0,636 0,693

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,001 0 0,001 0,001 0,001 0,002 0,011 0,007 0,009 0,011 0,012 0,015
Chow-Lin:   0,011 0,005 0,008 0,01 0,014 0,021 0,037 0,025 0,031 0,036 0,042 0,053
K-smoother: 0,227 0,093 0,147 0,2 0,278 0,414 0,17 0,108 0,138 0,162 0,194 0,245
P-Mean:     0,03 0,013 0,02 0,027 0,037 0,056 0,062 0,041 0,051 0,06 0,071 0,089
P-Median:   0,007 0,002 0,004 0,006 0,009 0,016 0,027 0,016 0,021 0,025 0,031 0,042
P-TrimMean: 0,036 0,003 0,012 0,026 0,049 0,103 0,058 0,02 0,035 0,05 0,074 0,118
P-Multi:    0,003 0,001 0,002 0,003 0,004 0,006 0,021 0,014 0,017 0,02 0,023 0,029

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (3), but Zt=Xt.
Bold indicates the lowest loss, italics the second lowest.
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Table 6. Disaggregation error, DGM is DFM, more variance idiosyncratic error

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,339 0,153 0,232 0,316 0,409 0,623 0,395 0,27 0,335 0,388 0,445 0,549
Chow-Lin:   0,467 0,256 0,351 0,438 0,559 0,776 0,466 0,347 0,408 0,456 0,517 0,608
Spline:     1,161 0,712 0,968 1,163 1,348 1,627 0,735 0,574 0,678 0,743 0,797 0,871
K-filter:   0,869 0,602 0,748 0,839 0,96 1,205 0,642 0,536 0,594 0,636 0,678 0,766
K-smoother: 0,886 0,591 0,751 0,842 0,968 1,232 0,644 0,531 0,595 0,636 0,684 0,769
P-Mean:     0,513 0,334 0,424 0,504 0,59 0,733 0,493 0,4 0,451 0,492 0,534 0,597
P-Median:   0,632 0,408 0,528 0,617 0,727 0,898 0,54 0,436 0,494 0,539 0,584 0,651
P-TrimMean: 0,531 0,349 0,44 0,518 0,613 0,747 0,501 0,406 0,459 0,499 0,542 0,602
P-Multi:    0,358 0,177 0,258 0,334 0,429 0,642 0,407 0,291 0,35 0,398 0,455 0,553
P-Uni:      0,832 0,568 0,723 0,815 0,926 1,134 0,629 0,519 0,586 0,627 0,67 0,742

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,339 0,153 0,236 0,311 0,411 0,626 0,456 0,314 0,389 0,446 0,514 0,634
Chow-Lin:   0,463 0,243 0,35 0,436 0,55 0,759 0,537 0,395 0,474 0,529 0,593 0,698
Spline:     0,621 0,401 0,53 0,626 0,717 0,819 0,627 0,499 0,578 0,635 0,681 0,73
K-filter:   0,643 0,438 0,554 0,651 0,73 0,833 0,639 0,526 0,594 0,644 0,686 0,737
K-smoother: 0,641 0,429 0,549 0,649 0,728 0,832 0,638 0,52 0,592 0,644 0,686 0,736
P-Mean:     0,426 0,252 0,34 0,415 0,5 0,654 0,518 0,401 0,463 0,517 0,565 0,65
P-Median:   0,54 0,336 0,455 0,546 0,63 0,726 0,582 0,462 0,533 0,587 0,634 0,688
P-TrimMean: 0,461 0,279 0,374 0,456 0,54 0,678 0,539 0,42 0,487 0,54 0,586 0,664
P-Multi:    0,356 0,174 0,259 0,328 0,434 0,634 0,469 0,332 0,405 0,459 0,528 0,637
P-Uni:      0,612 0,41 0,529 0,62 0,7 0,792 0,624 0,509 0,581 0,629 0,672 0,723

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,084 0,033 0,054 0,076 0,102 0,165 0,102 0,065 0,083 0,1 0,117 0,145
Chow-Lin:   0,106 0,047 0,073 0,098 0,131 0,191 0,116 0,077 0,097 0,114 0,132 0,159
K-smoother: 0,24 0,098 0,154 0,21 0,268 0,418 0,172 0,113 0,141 0,166 0,189 0,246
P-Mean:     0,106 0,045 0,073 0,097 0,131 0,188 0,115 0,075 0,097 0,114 0,13 0,16
P-Median:   0,095 0,042 0,064 0,086 0,117 0,178 0,109 0,071 0,091 0,106 0,124 0,154
P-TrimMean: 0,114 0,046 0,075 0,104 0,144 0,213 0,119 0,077 0,099 0,117 0,136 0,17
P-Multi:    0,088 0,036 0,058 0,082 0,109 0,17 0,105 0,069 0,086 0,103 0,12 0,149

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (2), but the error term in the factor model is 2*et
Bold indicates the lowest loss, italics the second lowest.
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Table 7. Disaggregation error, DGM is Chow Lin, more variance idiosyncratic error

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,421 0,234 0,327 0,402 0,502 0,666 0,445 0,334 0,394 0,442 0,494 0,571
Chow-Lin:   0,214 0,057 0,108 0,181 0,277 0,473 0,305 0,162 0,228 0,294 0,366 0,487
Spline:     1,265 0,853 1,082 1,252 1,419 1,708 0,769 0,634 0,717 0,771 0,82 0,901
K-filter:   0,906 0,668 0,779 0,865 0,973 1,192 0,655 0,564 0,61 0,644 0,686 0,757
K-smoother: 0,929 0,668 0,784 0,874 0,986 1,216 0,658 0,566 0,612 0,648 0,687 0,766
P-Mean:     0,492 0,328 0,416 0,483 0,556 0,671 0,484 0,396 0,446 0,483 0,517 0,569
P-Median:   0,632 0,438 0,541 0,623 0,705 0,864 0,537 0,44 0,498 0,536 0,576 0,636
P-TrimMean: 0,524 0,354 0,444 0,519 0,592 0,711 0,496 0,408 0,459 0,496 0,532 0,582
P-Multi:    0,25 0,106 0,161 0,228 0,309 0,466 0,338 0,227 0,279 0,331 0,386 0,479
P-Uni:      0,877 0,65 0,775 0,86 0,954 1,111 0,646 0,556 0,607 0,642 0,679 0,743

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,403 0,227 0,309 0,382 0,484 0,63 0,502 0,38 0,443 0,493 0,558 0,636
Chow-Lin:   0,222 0,059 0,109 0,187 0,291 0,506 0,358 0,194 0,264 0,346 0,435 0,563
Spline:     0,673 0,485 0,597 0,681 0,754 0,828 0,654 0,553 0,616 0,66 0,696 0,731
K-filter:   0,686 0,496 0,613 0,69 0,763 0,847 0,661 0,556 0,625 0,666 0,7 0,744
K-smoother: 0,686 0,492 0,612 0,69 0,764 0,851 0,661 0,557 0,624 0,667 0,7 0,744
P-Mean:     0,414 0,266 0,344 0,404 0,474 0,592 0,511 0,411 0,467 0,51 0,551 0,617
P-Median:   0,567 0,398 0,5 0,568 0,641 0,722 0,595 0,493 0,556 0,599 0,635 0,682
P-TrimMean: 0,479 0,315 0,408 0,472 0,546 0,654 0,549 0,449 0,506 0,549 0,587 0,651
P-Multi:    0,251 0,107 0,158 0,228 0,311 0,492 0,39 0,26 0,317 0,38 0,447 0,556
P-Uni:      0,658 0,475 0,59 0,663 0,734 0,806 0,648 0,548 0,614 0,654 0,687 0,725

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,104 0,045 0,071 0,097 0,128 0,182 0,114 0,075 0,096 0,112 0,13 0,157
Chow-Lin:   0,037 0,009 0,018 0,029 0,047 0,095 0,065 0,033 0,048 0,061 0,078 0,112
K-smoother: 0,235 0,111 0,164 0,211 0,266 0,388 0,171 0,12 0,146 0,167 0,188 0,234
P-Mean:     0,081 0,037 0,055 0,075 0,096 0,147 0,1 0,069 0,085 0,099 0,113 0,138
P-Median:   0,08 0,03 0,05 0,073 0,099 0,158 0,097 0,059 0,078 0,095 0,113 0,141
P-TrimMean: 0,094 0,032 0,058 0,084 0,121 0,182 0,105 0,062 0,085 0,102 0,122 0,154
P-Multi:    0,053 0,02 0,032 0,046 0,065 0,115 0,081 0,05 0,065 0,078 0,094 0,123

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the DGP is as in (3), but the error term in the factor model is 2*et
Bold indicates the lowest loss, italics the second lowest.
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Table 8. Backdating with measurement error, 20% missing obs

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        37,104 19,068 27,316 34,71 44,363 62,158 4,835 3,516 4,171 4,758 5,393 6,359
Chow-Lin:   36,912 19,163 27,283 34,486 44,333 61,544 4,823 3,497 4,159 4,748 5,394 6,328
K-smoother: 37,738 19,657 28,018 35,346 45,257 64,08 4,87 3,542 4,202 4,796 5,423 6,435
P-Mean:     37,208 19,373 27,463 34,787 44,629 62,392 4,841 3,521 4,186 4,768 5,405 6,368
P-Median:   37,15 19,355 27,47 34,736 44,481 61,793 4,838 3,52 4,177 4,763 5,396 6,374
P-TrimMean: 37,198 19,217 27,44 34,617 44,444 62,139 4,84 3,525 4,181 4,767 5,401 6,366
P-Multi:    36,996 19,19 27,281 34,579 44,28 62,071 4,828 3,51 4,169 4,753 5,392 6,338

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        2,105 0,796 1,359 1,901 2,688 4,008 1,118 0,692 0,914 1,09 1,303 1,619
Chow-Lin:   2,033 0,728 1,304 1,77 2,613 4,011 1,102 0,674 0,904 1,065 1,288 1,637
K-smoother: 2,17 0,755 1,363 1,93 2,794 4,238 1,131 0,675 0,923 1,097 1,325 1,679
P-Mean:     2,02 0,725 1,286 1,779 2,613 4,028 1,1 0,665 0,899 1,065 1,285 1,637
P-Median:   2,026 0,723 1,296 1,772 2,608 4,026 1,101 0,665 0,899 1,067 1,291 1,642
P-TrimMean: 2,047 0,735 1,323 1,817 2,617 4,031 1,105 0,669 0,902 1,07 1,294 1,646
P-Multi:    2,003 0,725 1,29 1,759 2,556 3,958 1,096 0,67 0,894 1,064 1,277 1,623

MSE MAE
           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        4,809 0,987 2,189 3,908 6,372 11,956 1,646 0,773 1,169 1,58 2,019 2,754
Chow-Lin:   4,882 0,967 2,3 3,991 6,441 12,331 1,658 0,773 1,187 1,59 2,018 2,78
K-smoother: 5,14 0,985 2,27 4,177 6,867 13,025 1,689 0,771 1,193 1,62 2,081 2,845
P-Mean:     4,816 0,939 2,14 3,889 6,4 12,277 1,645 0,758 1,158 1,575 2,014 2,802
P-Median:   4,828 0,921 2,146 3,904 6,42 12,164 1,647 0,761 1,159 1,58 2,016 2,788
P-TrimMean: 4,858 0,943 2,191 3,95 6,517 12,393 1,651 0,766 1,171 1,589 2,036 2,784
P-Multi:    4,747 0,939 2,129 3,821 6,306 11,968 1,636 0,764 1,156 1,574 1,997 2,77

Note: The table reports the mean and percentiles of the empirical distribution of the MSE and MAE, computed over 1000 replications,
when the the first 20% of the observations on y and each of the X are equal to their values plus 5*ut and ut is iid N(0,1)
Bold indicates the lowest loss, italics the second lowest.
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Table 9. Properties of interpolated data, DGM is DFM

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,095 0,009 0,036 0,074 0,136 0,247 0,108 0,009 0,041 0,085 0,155 0,278
Chow-Lin:   0,107 0,008 0,039 0,082 0,152 0,282 0,113 0,009 0,045 0,089 0,158 0,299
Spline:     0,671 0,301 0,515 0,667 0,832 1,026 0,386 0,016 0,085 0,284 0,667 0,952
K-filter:   0,344 0,026 0,145 0,301 0,499 0,82 0,255 0,018 0,095 0,199 0,359 0,688
K-smoother: 0,383 0,034 0,181 0,341 0,56 0,858 0,277 0,018 0,1 0,22 0,392 0,736
P-Mean:     0,357 0,092 0,22 0,344 0,466 0,682 0,233 0,013 0,081 0,185 0,36 0,585
P-Median:   0,406 0,071 0,234 0,374 0,548 0,828 0,265 0,017 0,087 0,203 0,394 0,709
P-TrimMean: 0,317 0,034 0,173 0,297 0,439 0,676 0,215 0,015 0,064 0,169 0,319 0,569
P-Multi:    0,098 0,008 0,037 0,076 0,139 0,261 0,108 0,01 0,042 0,093 0,151 0,276
P-Uni:      0,506 0,112 0,325 0,496 0,673 0,917 0,316 0,019 0,096 0,231 0,502 0,83

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,146 0,008 0,052 0,119 0,2 0,387 0,089 0,004 0,033 0,069 0,119 0,242
Chow-Lin:   0,143 0,013 0,058 0,121 0,199 0,338 0,091 0,008 0,036 0,075 0,123 0,243
Spline:     0,776 0,428 0,638 0,781 0,928 1,105 0,073 0,006 0,028 0,057 0,103 0,195
K-filter:   0,574 0,226 0,427 0,581 0,715 0,913 0,082 0,006 0,032 0,064 0,112 0,216
K-smoother: 0,594 0,244 0,446 0,602 0,74 0,93 0,083 0,006 0,032 0,065 0,112 0,218
P-Mean:     0,542 0,313 0,451 0,543 0,634 0,768 0,073 0,004 0,027 0,057 0,1 0,19
P-Median:   0,679 0,367 0,552 0,682 0,804 0,985 0,074 0,005 0,028 0,06 0,105 0,206
P-TrimMean: 0,579 0,32 0,481 0,585 0,688 0,834 0,074 0,005 0,026 0,058 0,103 0,198
P-Multi:    0,15 0,012 0,062 0,126 0,205 0,364 0,084 0,006 0,029 0,067 0,114 0,232
P-Uni:      0,682 0,347 0,54 0,686 0,824 1,004 0,075 0,007 0,028 0,06 0,104 0,198

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,031 0,002 0,012 0,025 0,046 0,08 0,029 0,002 0,011 0,024 0,041 0,074
Chow-Lin:   0,034 0,002 0,012 0,027 0,047 0,089 0,03 0,003 0,011 0,025 0,042 0,073
K-smoother: 0,065 0,004 0,021 0,047 0,089 0,174 0,039 0,002 0,012 0,027 0,048 0,104
P-Mean:     0,041 0,003 0,016 0,032 0,056 0,109 0,03 0,002 0,012 0,024 0,043 0,073
P-Median:   0,033 0,003 0,012 0,027 0,047 0,087 0,029 0,002 0,012 0,023 0,041 0,073
P-TrimMean: 0,042 0,003 0,015 0,032 0,058 0,111 0,03 0,002 0,011 0,025 0,043 0,075
P-Multi:    0,031 0,002 0,011 0,025 0,046 0,082 0,029 0,002 0,011 0,023 0,041 0,073

Note: The table reports the difference (ρ) between the first order autocorrelation coefficient for the actual and interpolated series
and the absolute value of the difference (β) of the estimated coefficient of yt in the regression wt = yt + ut ,
with ut iid N(0,1), using actual and interpolated data for both y and w. The DGP for y and X is as in (2).
Bold indicates the lowest loss, italics the second lowest.
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Table 10. Properties of interpolated data, DGM is Chow Lin

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,103 0,007 0,037 0,085 0,141 0,278 0,115 0,009 0,043 0,097 0,162 0,273
Chow-Lin:   0,088 0,005 0,029 0,065 0,126 0,239 0,111 0,01 0,043 0,093 0,157 0,277
Spline:     0,677 0,34 0,544 0,676 0,808 0,993 0,107 0,008 0,041 0,092 0,151 0,261
K-filter:   0,346 0,026 0,157 0,307 0,501 0,797 0,164 0,013 0,064 0,14 0,238 0,403
K-smoother: 0,391 0,039 0,193 0,359 0,549 0,856 0,176 0,016 0,074 0,149 0,254 0,423
P-Mean:     0,366 0,112 0,251 0,353 0,471 0,661 0,11 0,007 0,042 0,089 0,159 0,276
P-Median:   0,422 0,104 0,27 0,396 0,55 0,809 0,125 0,012 0,051 0,104 0,184 0,305
P-TrimMean: 0,33 0,063 0,189 0,31 0,448 0,665 0,115 0,008 0,047 0,095 0,164 0,289
P-Multi:    0,093 0,006 0,032 0,073 0,129 0,251 0,109 0,008 0,044 0,089 0,156 0,262
P-Uni:      0,52 0,146 0,36 0,511 0,671 0,914 0,131 0,01 0,05 0,106 0,19 0,328

0,093 0,006 0,032 0,073 0,129 0,251 0,109 0,008 0,042 0,089 0,156 0,262

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,154 0,01 0,055 0,121 0,214 0,427 0,091 0,007 0,034 0,071 0,127 0,241
Chow-Lin:   0,124 0,008 0,046 0,095 0,172 0,332 0,094 0,006 0,034 0,076 0,137 0,245
Spline:     0,778 0,509 0,653 0,778 0,898 1,054 0,077 0,006 0,031 0,061 0,105 0,208
K-filter:   0,582 0,256 0,465 0,586 0,71 0,889 0,085 0,006 0,029 0,064 0,117 0,235
K-smoother: 0,603 0,271 0,476 0,608 0,732 0,903 0,085 0,005 0,03 0,064 0,116 0,237
P-Mean:     0,549 0,362 0,474 0,552 0,627 0,741 0,077 0,005 0,026 0,061 0,106 0,205
P-Median:   0,687 0,437 0,575 0,682 0,793 0,953 0,078 0,005 0,028 0,062 0,106 0,205
P-TrimMean: 0,588 0,373 0,5 0,592 0,675 0,793 0,078 0,004 0,027 0,061 0,104 0,205
P-Multi:    0,145 0,009 0,056 0,109 0,21 0,389 0,086 0,005 0,031 0,068 0,122 0,231
P-Uni:      0,687 0,394 0,568 0,694 0,809 0,955 0,079 0,004 0,028 0,061 0,109 0,213

0,145 0,009 0,055 0,109 0,21 0,389 0,077 0,004 0,027 0,061 0,104 0,205

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,031 0,002 0,011 0,025 0,043 0,083 0,029 0,002 0,011 0,023 0,039 0,075
Chow-Lin:   0,028 0,002 0,01 0,022 0,038 0,072 0,03 0,002 0,011 0,024 0,042 0,076
K-smoother: 0,065 0,005 0,021 0,048 0,086 0,179 0,039 0,002 0,013 0,027 0,046 0,106
P-Mean:     0,039 0,003 0,014 0,031 0,053 0,106 0,029 0,002 0,01 0,023 0,039 0,078
P-Median:   0,03 0,002 0,011 0,024 0,043 0,081 0,028 0,002 0,011 0,023 0,039 0,072
P-TrimMean: 0,041 0,002 0,014 0,032 0,056 0,113 0,029 0,002 0,01 0,022 0,04 0,077
P-Multi:    0,028 0,002 0,01 0,022 0,039 0,075 0,029 0,003 0,012 0,023 0,039 0,076

0,028 0,002 0,01 0,022 0,039 0,075 0,028 0,002 0,01 0,022 0,039 0,072
Note: The table reports the difference (ρ) between the first order autocorrelation coefficient for the actual and interpolated series
and the absolute value of the difference (β) of the estimated coefficient of yt in the regression wt = yt + ut ,
with ut iid N(0,1), using actual and interpolated data for both y and w. The DGP for y and X is as in (3).
Bold indicates the lowest loss, italics the second lowest.
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Table 11. Properties of interpolated data, DGM is AR(1)

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,6 0,232 0,475 0,637 0,752 0,844 0,134 0,013 0,054 0,112 0,192 0,325
Chow-Lin:   0,452 0,144 0,302 0,445 0,588 0,8 0,174 0,013 0,071 0,148 0,256 0,407
Spline:     0,09 0,009 0,044 0,082 0,125 0,196 0,104 0,007 0,037 0,086 0,153 0,263
K-filter:   0,301 0,022 0,101 0,265 0,45 0,691 0,182 0,015 0,075 0,155 0,265 0,441
K-smoother: 0,25 0,019 0,081 0,176 0,368 0,674 0,197 0,016 0,081 0,169 0,285 0,466
P-Mean:     0,188 0,016 0,071 0,159 0,274 0,445 0,122 0,008 0,047 0,101 0,175 0,299
P-Median:   0,229 0,016 0,078 0,189 0,361 0,552 0,148 0,014 0,059 0,124 0,214 0,356
P-TrimMean: 0,234 0,012 0,083 0,198 0,357 0,55 0,134 0,009 0,054 0,114 0,196 0,326
P-Multi:    0,483 0,187 0,351 0,487 0,607 0,786 0,123 0,008 0,046 0,101 0,182 0,315
P-Uni:      0,124 0,009 0,042 0,088 0,163 0,36 0,144 0,012 0,053 0,126 0,208 0,348

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,195 0,01 0,059 0,148 0,286 0,553 0,064 0,005 0,025 0,051 0,087 0,169
Chow-Lin:   0,373 0,057 0,225 0,367 0,516 0,716 0,122 0,008 0,043 0,101 0,179 0,307
Spline:     0,162 0,076 0,121 0,153 0,197 0,268 0,036 0,003 0,014 0,031 0,052 0,09
K-filter:   0,095 0,006 0,037 0,075 0,124 0,234 0,049 0,003 0,019 0,039 0,063 0,126
K-smoother: 0,097 0,009 0,038 0,078 0,129 0,24 0,048 0,004 0,018 0,037 0,064 0,126
P-Mean:     0,069 0,005 0,028 0,059 0,098 0,164 0,038 0,003 0,015 0,032 0,054 0,095
P-Median:   0,085 0,007 0,041 0,078 0,119 0,189 0,041 0,004 0,016 0,033 0,059 0,098
P-TrimMean: 0,084 0,011 0,04 0,078 0,117 0,188 0,037 0,003 0,015 0,03 0,054 0,091
P-Multi:    0,19 0,013 0,075 0,165 0,274 0,457 0,064 0,004 0,023 0,052 0,088 0,167
P-Uni:      0,096 0,01 0,049 0,088 0,132 0,202 0,039 0,003 0,014 0,032 0,055 0,096

           Average 0,05 0,25 0,5 0,75 0,95 Average 0,05 0,25 0,5 0,75 0,95
DFM:        0,025 0,002 0,009 0,02 0,035 0,065 0,031 0,002 0,012 0,024 0,043 0,08
Chow-Lin:   0,03 0,002 0,01 0,022 0,039 0,085 0,032 0,003 0,012 0,025 0,045 0,083
K-smoother: 0,027 0,002 0,012 0,023 0,037 0,062 0,038 0,002 0,011 0,027 0,048 0,107
P-Mean:     0,025 0,002 0,009 0,019 0,035 0,062 0,032 0,003 0,012 0,025 0,043 0,079
P-Median:   0,025 0,001 0,009 0,019 0,035 0,067 0,031 0,002 0,012 0,025 0,043 0,079
P-TrimMean: 0,025 0,002 0,01 0,019 0,035 0,066 0,032 0,003 0,012 0,024 0,044 0,082
P-Multi:    0,025 0,001 0,009 0,02 0,035 0,069 0,031 0,003 0,012 0,024 0,042 0,079

Note: The table reports the difference (ρ) between the first order autocorrelation coefficient for the actual and interpolated series
and the absolute value of the difference (β) of the estimated coefficient of yt in the regression wt = yt + ut ,
with ut iid N(0,1), using actual and interpolated data for both y and w. The DGP for y and X is as in (4).
Bold indicates the lowest loss, italics the second lowest.
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Table 12. Estimation of quarterly data, empirical example

MSE MAE
DE ES FR IT US AW DE ES FR IT US AW

DFM:        0,23 0,114 0,053 0,064 0,531 0,191 0,327 0,234 0,154 0,144 0,451 0,296
Chow-Lin:   0,235 0,13 0,04 0,03 0,478 0,2 0,311 0,223 0,128 0,121 0,424 0,303
Spline:     0,571 0,285 0,106 0,1 0,486 0,236 0,532 0,334 0,202 0,198 0,405 0,314
K-filter:   0,535 0,487 0,135 0,153 0,439 0,241 0,492 0,374 0,26 0,268 0,389 0,324
K-smoother: 0,485 0,487 0,127 0,138 0,44 0,24 0,46 0,375 0,249 0,253 0,39 0,323
P-Mean:     0,222 0,195 0,054 0,06 0,34 0,156 0,309 0,253 0,149 0,16 0,351 0,262
P-Median:   0,337 0,246 0,065 0,074 0,403 0,205 0,372 0,292 0,16 0,171 0,375 0,297
P-TrimMean: 0,261 0,207 0,059 0,069 0,36 0,182 0,33 0,266 0,157 0,172 0,356 0,282
P-Multi:    0,183 0,1 0,031 0,029 0,451 0,15 0,287 0,213 0,12 0,104 0,418 0,249
P-Uni:      0,462 0,393 0,101 0,115 0,427 0,233 0,459 0,358 0,217 0,224 0,382 0,317

MSE MAE
DE ES FR IT US AW DE ES FR IT US AW

DFM:        0,094 0,114 0,051 0,062 0,165 0,066 0,123 0,11 0,083 0,09 0,161 0,091
Chow-Lin:   0,1 0,084 0,026 0,019 0,132 0,053 0,118 0,084 0,066 0,052 0,148 0,072
K-smoother: 0,278 0,1 0,596 5,858 0,104 0,933 0,2 0,091 0,353 0,962 0,126 0,409
P-Mean:     0,068 0,089 0,091 0,774 0,094 0,193 0,085 0,085 0,123 0,339 0,124 0,174
P-Median:   0,08 0,083 0,043 0,054 0,101 0,071 0,109 0,083 0,075 0,088 0,13 0,094
P-TrimMean: 0,119 0,089 0,217 0,031 0,083 0,352 0,132 0,083 0,208 0,066 0,111 0,243
P-Multi:    0,084 0,095 0,022 0,031 0,133 0,054 0,111 0,094 0,056 0,066 0,15 0,073

MSE MAE
DE ES FR IT US AW DE ES FR IT US AW

DFM:        0,129 0,121 0,317 0,133 0,216 0,197 0,277 0,273 0,436 0,297 0,353 0,325
Chow-Lin:   0,071 1,364 0,146 0,104 0,004 0,173 0,207 0,814 0,297 0,261 0,033 0,307
Spline:     0,058 0,069 0,097 0,078 0,436 0,558 0,173 0,201 0,204 0,208 0,482 0,534
K-filter:   0,244 0,252 0,253 0,133 0,511 0,465 0,384 0,348 0,386 0,278 0,507 0,511
K-smoother: 0,129 0,122 0,162 0,102 0,493 0,463 0,27 0,249 0,305 0,242 0,5 0,511
P-Mean:     0,067 0,112 0,111 0,078 0,218 0,26 0,198 0,247 0,254 0,213 0,334 0,376
P-Median:   0,068 0,081 0,106 0,086 0,351 0,359 0,193 0,215 0,238 0,226 0,408 0,425
P-TrimMean: 0,067 0,087 0,106 0,083 0,273 0,306 0,197 0,22 0,241 0,223 0,369 0,406
P-Multi:    0,074 0,405 0,173 0,09 0,056 0,12 0,214 0,44 0,317 0,237 0,179 0,268
P-Uni:      0,108 0,107 0,125 0,097 0,459 0,464 0,247 0,235 0,276 0,233 0,484 0,504

MSE MAE
DE ES FR IT US AW DE ES FR IT US AW

DFM:        0,058 0,263 0,094 0,092 0,077 0,1 0,101 0,211 0,119 0,123 0,103 0,123
Chow-Lin:   0,038 0,285 0,059 0,072 0,004 0,014 0,073 0,211 0,092 0,104 0,021 0,047
K-smoother: 0,112 0,103 0,058 0,136 0,282 0,23 0,135 0,125 0,087 0,146 0,195 0,185
P-Mean:     0,048 0,138 0,038 0,086 0,064 0,043 0,092 0,131 0,083 0,118 0,09 0,074
P-Median:   0,049 0,191 0,041 0,086 0,066 0,036 0,088 0,172 0,078 0,117 0,085 0,066
P-TrimMean: 0,029 0,265 0,068 0,092 0,106 0,049 0,066 0,21 0,109 0,121 0,109 0,078
P-Multi:    0,034 0,263 0,056 0,075 0,019 0,027 0,075 0,21 0,099 0,112 0,051 0,061

Note: Inflation is treated as a stock variable, GDP growth as a flow variable.
DE: Germany; ES: Spain; FR: France; IT: Italy; US: United States; AW: euro area
Bold indicates the lowest loss, italics the second lowest.
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Table 13. Properties of interpolated data, empirical example

DE ES FR IT US AW ES FR IT US AW
DFM:        0,012 0,016 0,011 0,012 0,103 0,009 0,008 0,041 0,002 0,009 0.045 
Chow-Lin:   0,043 0,023 0,012 0,011 0,012 0,004 0,023 0,119 0,053 0,063 0.004 
Spline:     0,093 0,047 0,021 0,021 0,096 0,021 0,003 0,012 0,024 0,001 0.000 
K-filter:   0,076 0,049 0,01 0,014 0,111 0,01 0,047 0,044 0,031 0,024 0.022 
K-smoother: 0,093 0,05 0,01 0,015 0,111 0,01 0,041 0,04 0,026 0,024 0.014 
P-Mean:     0,087 0,049 0,016 0,019 0,11 0.017 0,014 0,068 0,022 0,013 0.006 
P-Median:   0,091 0,05 0,014 0,019 0,114 0.015 0,007 0,063 0,026 0,03 0.002 
P-TrimMean: 0,091 0,05 0,016 0,019 0,114 0.016 0,015 0,064 0,023 0,021 0.002 
P-Multi:    0,019 0,025 0,008 0,015 0,082 0.012 0,005 0,092 0,024 0,008 0.026 
P-Uni:      0,095 0,052 0,016 0,018 0,115 0.016 0,031 0,041 0,025 0,019 0.010

DE ES FR IT US AW ES FR IT US AW
DFM:        0.036    0.060    0.004    0.008    0,01 0,026 0,055 0,187 0,013 0,015 0,411
Chow-Lin:   0.035    0.055    0.010    0.011    0,011 0,008 0,054 0,044 0,047 0,074 0,071
K-smoother: 0.021    0.057    0.006    0.015    0,015 0,045 0,223 0,433 1,413 0,005 0,411
P-Mean:     0.009 0.058 0.002 0.001 0,013 0,021 0,122 0,194 0,617 0,03 0,306
P-Median:   0.003 0.055 0.002 0.009 0,013 0,026 0,021 0,14 0,171 0,021 0,364
P-TrimMean: 0.014 0.056 0.006 0.011 0,011 0,035 0,128 0,28 0,237 0,006 0,344
P-Multi:    0.018 0.058 0.002 0.011 0,011 0,013 0,014 0,09 0,015 0,042 0,245

DE ES FR IT US AW ES FR IT US AW
DFM:        0,748 0,015 0,18 0,205 0,425 0,297 0,524 0,375 0,471 0,061 0,204
Chow-Lin:   0,228 0,019 0,062 0,122 0,005 0,025 0,156 0,052 0,069 0,024 0,019
Spline:     0,939 0,078 0,312 0,416 0,459 0,346 0,515 0,367 0,442 0,05 0,211
K-filter:   0,844 0,065 0,263 0,313 0,35 0,296 0,518 0,372 0,436 0,06 0,235
K-smoother: 0,847 0,076 0,288 0,315 0,35 0,297 0,524 0,373 0,435 0,06 0,235
P-Mean:     0,828 0,069 0,279 0,338 0,405 0,299 0,507 0,359 0,424 0,057 0,223
P-Median:   0,867 0,075 0,287 0,347 0,415 0,311 0,537 0,382 0,45 0,071 0,246
P-TrimMean: 0,861 0,075 0,286 0,339 0,42 0,311 0,531 0,381 0,448 0,065 0,236
P-Multi:    0,593 0,026 0,196 0,219 0,282 0,201 0,396 0,26 0,332 0,032 0,127
P-Uni:      0,895 0,077 0,297 0,367 0,415 0,323 0,53 0,378 0,442 0,061 0,238

DFM:        0,062 0,025 0,049 0,055 0,025 0,054 0,093 0,004 0,022 0,028 0,022
Chow-Lin:   0,067 0,036 0,008 0,056 0,001 0,067 0,059 0,025 0,025 0,034 0,025
K-smoother: 0,022 0,041 0,07 0,054 0,008 0,022 0,028 0,062 0,067 0,029 0,067
P-Mean:     0,062 0,038 0,051 0,05 0,019 0,058 0,078 0,012 0,009 0,035 0,009
P-Median:   0,08 0,034 0,054 0,053 0,019 0,074 0,072 0,014 0,013 0,035 0,013
P-TrimMean: 0,029 0,036 0,036 0,071 0,004 0,027 0,049 0,027 0,002 0,023 0,002
P-Multi:    0,071 0,034 0,038 0,054 0,024 0,066 0,086 0,005 0,029 0,034 0,029

Note: The table reports the difference (ρ) between the first order autocorrelation coefficient for the actual and interpolated series
and the absolute value of the difference (β) of the estimated coefficient of yt in the regression wt = yt + ut ,
where for each European country y is the same variable as w but for Germany, while for the euro area and the US 
w is inflation and y output growth, and viceversa
Bold indicates the lowest loss, italics the second lowest.
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Data Appendix 
 
 
European Countries Dataset 
 
Variables are denoted by three characters and countries by two.  
 
 
    CPI: Consumer Price Index, National Concept 
    MTD: Import Deflator 
    PCD: Private Consumption Deflator 
    PPI: Producers Price Index 
    XTD: Export Deflator 
    GCD: Government Consumption Deflator 
    ITD: Gross Fixed Capital Formation Deflator 
    YED: GDP Deflator  
    CAP: Capacity Utilization 
    GDP: Real GDP 
    MTR: Real Imports 
    XTR: Real Exports 
    PCE: Private Consumption Expenditure 
    LTI: Long-term interest rate 
    STI: Short-term interest rate 
    LNN: Total Employment 
    UNN: Unemployment Rate 
    IIP: Industrial Production Total 

    DE: Germany 
    ES: Spain 
    FR: France 
    IT: Italy 
     
 
 
 
 
 
 
 
 
 
 
 
 

 
 
    List of variables in price dataset  
 
    pcdde   pcdes   yedde 
    cpide   pcdfr   yedes 
    cpies   pcdit   yedfr 
    cpifr   yedit   ppide    
    cpiit   ppies   gcdes 
    ppifr   gcdfr    gcdit 
    mtdde   xtdat   itdat 
    mtdes   xtdde   itdes 
    xtdes   mtdfr   xtdfi 
   itdfr    mtdit   xtdfr 
   itdit    xtdit 
 
 
 
 

List of variables in real dataset  
 
    capde   pcees   capes 
   lnnit    capfr   pcefr    
    capit   pceit   unrde 
    gdpde   ltide   unres 
    gdpes   ltifr   unrfr 
    gdpfr   gdpit   ltiit 
   unrit    mtrde   mtres 
   stide   sties   iipde 
    mtrfr   iipes    mtrit 
   stifr    iipfr    stiit 
    xtrde   iipit    xtres 
    xtrfr   xtrit   lnnde 
   lnnes   pcede    lnnfr    
 

     



Euro area dataset 
 
 
CAN   Current Account Balance 
COMPR   Commodity Prices 
EEN   Effective exchange rate 
EER   Effective exchange rate 
GCD   Gov. Consumption Deflator 
GCR   Gov. Consumption 
GDN_YEN   Ratio Public Debt/GDP 
GIN   Public Investment 
GIN_OTHE   Public Investment other 
GIX   Implicit Public Debt Interest Rate 
GLN_YEN   Ratio Gov. Net Lending/GDP 
GON   Gross Operating Surplus 
GPN_YEN   Ratio Gov. Primary Surplus/GDP 
GRN_YEN   Ratio Gov. Revenue/GDP 
GSN_YEN   Government savings/GDP 
GYN_YEN   Government disposable income/GDP 
HICP   HICP (NSA) 
INN_YEN   Gov. Interest Payments/GDP 
ITD   Gross Investment Deflator 
ITR   Gross Investment 
KSR   Whole-Economy Capital Stock 
LEN   Employees (persons) 
LFN   Labour Force 
LNN   Total Employment (persons) 
LPROD   Labour Productivity 
LTN   Long-Term Interest Rate 
MTD   Imports of Goods and Services Deflator 
MTR   Imports of Goods and Services 
NFA   Net Foreign Assets 
NFN   Net Factor Income from Abroad 
PCD   Consumption Deflator 
PCR   Consumption 
PYR   Household's Disposable Income 
SCD   Variation of Stocks Deflator 

SCR   Variation of Stocks 
SSN_YEN   Social Security Contributions Total/GDP 
STN   Short-Term Interest Rate (Nominal in percent) 
STRQ   Short-Term Quarterly Interest Rate (Real) 
TBR   Trade Balance 
TDN_YEN   Direct taxes excluding social security 
contributions/GDP 
TIN_YEN   Ratio, Indirect Taxes/GDP 
TKN_YEN   Total Revenue minus current 
revenue/GDP 
TRN_FIRM   Transfers to Firms/GDP 
TRN_OTHE   Other Transfers/GDP 
TRN_YEN   Transfers/GDP 
ULC   Unit Labour Costs 
ULT   Tend Unit Labour Costs 
UNN   Number of Unemployed 
URT   Trend Unemployment 
URX   Unemployment 
WIN   Compensation to Employees 
WLR   Wealth 
WRN   Wage Rate 
XTD   Exports of Goods and Services Deflator 
XTR   Exports of Goods and Services 
YED   GDP Deflator 
YER   GDP 
YET   Potential Output 
YFD   GDP at Factor Costs Deflator 
YGA   Output Gap 
YWD   World GDP Deflator 
YWDX   World Demand Deflator, Composite 
Indicator 
YWR   World GDP 
YWRX   World Demand, Composite Indicator 

 
 



US dataset 
 
 
Personal income (AR, bil. chain 2000 $) 

Personal income less transfer payments (AR, bil. chain 2000 $) 

Real Consumption (AC) A0m224/gmdc 

Manufacturing and trade sales (mil. Chain 1996 $) 

Sales of retail stores (mil. Chain 2000 $) 

INDUSTRIAL PRODUCTION INDEX -  TOTAL INDEX 

INDUSTRIAL PRODUCTION INDEX -  PRODUCTS, TOTAL 

INDUSTRIAL PRODUCTION  INDEX -  FINAL PRODUCTS 

INDUSTRIAL PRODUCTION INDEX -  CONSUMER GOODS 

INDUSTRIAL PRODUCTION INDEX -  DURABLE CONSUMER GOODS 

INDUSTRIAL PRODUCTION INDEX -  NONDURABLE CONSUMER GOODS 

INDUSTRIAL PRODUCTION INDEX -  BUSINESS EQUIPMENT 

INDUSTRIAL PRODUCTION INDEX -  MATERIALS 

INDUSTRIAL PRODUCTION INDEX -  DURABLE GOODS MATERIALS 

INDUSTRIAL PRODUCTION INDEX -  NONDURABLE GOODS MATERIALS 

INDUSTRIAL PRODUCTION INDEX -  MANUFACTURING (SIC) 

INDUSTRIAL PRODUCTION  INDEX -  RESIDENTIAL UTILITIES 

INDUSTRIAL PRODUCTION  INDEX -  FUELS 

NAPM PRODUCTION INDEX (PERCENT) 

Capacity Utilization (Mfg) 

INDEX OF HELP-WANTED ADVERTISING IN NEWSPAPERS (1967=100;SA) 

EMPLOYMENT: RATIO; HELP-WANTED ADS:NO. UNEMPLOYED CLF 

CIVILIAN LABOR FORCE: EMPLOYED, TOTAL (THOUS.,SA) 

CIVILIAN LABOR FORCE: EMPLOYED, NONAGRIC.INDUSTRIES (THOUS.,SA) 

UNEMPLOYMENT RATE: ALL WORKERS, 16 YEARS & OVER (%,SA) 

UNEMPLOY.BY DURATION: AVERAGE(MEAN)DURATION IN WEEKS (SA) 

UNEMPLOY.BY DURATION: PERSONS UNEMPL.LESS THAN 5 WKS (THOUS.,SA) 

UNEMPLOY.BY DURATION: PERSONS UNEMPL.5 TO 14 WKS (THOUS.,SA) 

UNEMPLOY.BY DURATION: PERSONS UNEMPL.15 WKS + (THOUS.,SA) 

UNEMPLOY.BY DURATION: PERSONS UNEMPL.15 TO 26 WKS (THOUS.,SA) 

UNEMPLOY.BY DURATION: PERSONS UNEMPL.27 WKS + (THOUS,SA) 

Average weekly initial claims, unemploy. insurance (thous.) 

EMPLOYEES ON NONFARM PAYROLLS - TOTAL PRIVATE 

EMPLOYEES ON NONFARM PAYROLLS - GOODS-PRODUCING 

EMPLOYEES ON NONFARM PAYROLLS - MINING 

EMPLOYEES ON NONFARM PAYROLLS - CONSTRUCTION 

EMPLOYEES ON NONFARM PAYROLLS - MANUFACTURING 

EMPLOYEES ON NONFARM PAYROLLS - DURABLE GOODS 

EMPLOYEES ON NONFARM PAYROLLS - NONDURABLE GOODS 

EMPLOYEES ON NONFARM PAYROLLS - SERVICE-PROVIDING 

EMPLOYEES ON NONFARM PAYROLLS - TRADE, TRANSPORTATION, AND UTILITIES 

EMPLOYEES ON NONFARM PAYROLLS - WHOLESALE TRADE 

EMPLOYEES ON NONFARM PAYROLLS - RETAIL TRADE 

EMPLOYEES ON NONFARM PAYROLLS - FINANCIAL ACTIVITIES 

EMPLOYEES ON NONFARM PAYROLLS - GOVERNMENT 

Employee hours in nonag. establishments (AR, bil. hours) 



AVERAGE WEEKLY HOURS OF PRODUCTION OR NONSUPERVISORY WORKERS ON PRIVATE 
NONFAR 
AVERAGE WEEKLY HOURS OF PRODUCTION OR NONSUPERVISORY WORKERS ON PRIVATE 
NONFAR 
Average weekly hours, mfg. (hours) 

NAPM EMPLOYMENT INDEX (PERCENT) 

HOUSING STARTS:NONFARM(1947-58);TOTAL FARM&NONFARM(1959-(THOUS.,SA 

HOUSING STARTS:NORTHEAST (THOUS.U.)S.A. 

HOUSING STARTS:MIDWEST(THOUS.U.)S.A. 

HOUSING STARTS:SOUTH (THOUS.U.)S.A. 

HOUSING STARTS:WEST (THOUS.U.)S.A. 

HOUSING AUTHORIZED: TOTAL NEW PRIV HOUSING UNITS (THOUS.,SAAR) 

HOUSES AUTHORIZED BY BUILD. PERMITS:NORTHEAST(THOU.U.)S.A 

HOUSES AUTHORIZED BY BUILD. PERMITS:MIDWEST(THOU.U.)S.A. 

HOUSES AUTHORIZED BY BUILD. PERMITS:SOUTH(THOU.U.)S.A. 

HOUSES AUTHORIZED BY BUILD. PERMITS:WEST(THOU.U.)S.A. 

PURCHASING MANAGERS' INDEX (SA) 

NAPM NEW ORDERS INDEX (PERCENT) 

NAPM VENDOR DELIVERIES INDEX (PERCENT) 

NAPM INVENTORIES INDEX (PERCENT) 

Mfrs' new orders, consumer goods and materials (bil. chain 1982 $) 

Mfrs' new orders, durable goods industries (bil. chain 2000 $) 

Mfrs' new orders, nondefense capital goods (mil. chain 1982 $) 

Mfrs' unfilled orders, durable goods indus. (bil. chain 2000 $) 

Manufacturing and trade inventories (bil. chain 2000 $) 

Ratio, mfg. and trade inventories to sales (based on chain 2000 $) 

MONEY STOCK: M1(CURR,TRAV.CKS,DEM DEP,OTHER CK'ABLE DEP)(BIL$,SA) 

MONEY STOCK:M2(M1+O'NITE RPS,EURO$,G/P&B/D MMMFS&SAV&SM TIME DEP(BIL$, 

MONEY STOCK: M3(M2+LG TIME DEP,TERM RP'S&INST ONLY MMMFS)(BIL$,SA) 

MONEY SUPPLY - M2 IN 1996 DOLLARS (BCI) 

MONETARY BASE, ADJ FOR RESERVE REQUIREMENT CHANGES(MIL$,SA) 

DEPOSITORY INST RESERVES:TOTAL,ADJ FOR RESERVE REQ CHGS(MIL$,SA) 

DEPOSITORY INST RESERVES:NONBORROWED,ADJ RES REQ CHGS(MIL$,SA) 

COMMERCIAL & INDUSTRIAL LOANS OUSTANDING IN 1996 DOLLARS (BCI) 

WKLY RP LG COM'L BANKS:NET CHANGE COM'L & INDUS LOANS(BIL$,SAAR) 

CONSUMER CREDIT OUTSTANDING - NONREVOLVING(G19) 

Ratio, consumer installment credit to personal income (pct.) 

S&P'S COMMON STOCK PRICE INDEX: COMPOSITE (1941-43=10) 

S&P'S COMMON STOCK PRICE INDEX: INDUSTRIALS (1941-43=10) 

S&P'S COMPOSITE COMMON STOCK: DIVIDEND YIELD (% PER ANNUM) 

S&P'S COMPOSITE COMMON STOCK: PRICE-EARNINGS RATIO (%,NSA) 

INTEREST RATE: FEDERAL FUNDS (EFFECTIVE) (% PER ANNUM,NSA) 

Cmmercial Paper Rate (AC) 

INTEREST RATE: U.S.TREASURY BILLS,SEC MKT,3-MO.(% PER ANN,NSA) 

INTEREST RATE: U.S.TREASURY BILLS,SEC MKT,6-MO.(% PER ANN,NSA) 

INTEREST RATE: U.S.TREASURY CONST MATURITIES,1-YR.(% PER ANN,NSA) 

INTEREST RATE: U.S.TREASURY CONST MATURITIES,5-YR.(% PER ANN,NSA) 

INTEREST RATE: U.S.TREASURY CONST MATURITIES,10-YR.(% PER ANN,NSA) 

BOND YIELD: MOODY'S AAA CORPORATE (% PER ANNUM) 



BOND YIELD: MOODY'S BAA CORPORATE (% PER ANNUM) 

cp90-fyff 

fygm3-fyff 

fygm6-fyff 

fygt1-fyff 

fygt5-fyff 

fygt10-fyff 

fyaaac-fyff 

fybaac-fyff 

UNITED STATES;EFFECTIVE EXCHANGE RATE(MERM)(INDEX NO.) 

FOREIGN EXCHANGE RATE: SWITZERLAND (SWISS FRANC PER U.S.$) 

FOREIGN EXCHANGE RATE: JAPAN (YEN PER U.S.$) 

FOREIGN EXCHANGE RATE: UNITED KINGDOM (CENTS PER POUND) 

FOREIGN EXCHANGE RATE: CANADA (CANADIAN $ PER U.S.$) 

PRODUCER PRICE INDEX: FINISHED GOODS (82=100,SA) 

PRODUCER PRICE INDEX:FINISHED CONSUMER GOODS (82=100,SA) 

PRODUCER PRICE INDEX:INTERMED MAT.SUPPLIES & COMPONENTS(82=100,SA) 

PRODUCER PRICE INDEX:CRUDE MATERIALS (82=100,SA) 

INDEX OF SENSITIVE MATERIALS PRICES (1990=100)(BCI-99A) 

NAPM COMMODITY PRICES INDEX (PERCENT) 

CPI-U: ALL ITEMS (82-84=100,SA) 

CPI-U: APPAREL & UPKEEP (82-84=100,SA) 

CPI-U: TRANSPORTATION (82-84=100,SA) 

CPI-U: MEDICAL CARE (82-84=100,SA) 

CPI-U: COMMODITIES (82-84=100,SA) 

CPI-U: DURABLES (82-84=100,SA) 

CPI-U: SERVICES (82-84=100,SA) 

CPI-U: ALL ITEMS LESS FOOD (82-84=100,SA) 

CPI-U: ALL ITEMS LESS SHELTER (82-84=100,SA) 

CPI-U: ALL ITEMS LESS MIDICAL CARE (82-84=100,SA) 

PCE,IMPL PR DEFL:PCE (1987=100) 

PCE,IMPL PR DEFL:PCE; DURABLES (1987=100) 

PCE,IMPL PR DEFL:PCE; NONDURABLES (1996=100) 

PCE,IMPL PR DEFL:PCE; SERVICES (1987=100) 
AVERAGE HOURLY EARNINGS OF PRODUCTION OR NONSUPERVISORY WORKERS  ON 
PRIVATE NO 
AVERAGE HOURLY EARNINGS OF PRODUCTION OR NONSUPERVISORY WORKERS  ON 
PRIVATE NO 
AVERAGE HOURLY EARNINGS OF PRODUCTION OR NONSUPERVISORY WORKERS  ON 
PRIVATE NO 
U. OF MICH. INDEX OF CONSUMER EXPECTATIONS(BCD-83) 

 


