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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).1

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

1 In a few cases more sophisticated methods might be adopted. For example, in the case
of missing observations at the beginning of the sample, if the available observable sample is
long enough, it could be split into two subsamples, and one of them used to test alternative
backdating procedures. The procedure would mimick what is known as predictive least
squares in the forecasting literature. However, the latter is often dominated by simpler
pooling techniques, see e.g. Stock and Watson (1999).
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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
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
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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
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
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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
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 Ftp×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).
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In the first step of this factor based interpolation procedure, the fac-
tors 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
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
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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
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
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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).

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

7



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,
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 Table 1 for the three DGMs:
DFM, Chow-Lin and AR-SUR. We only report the average MSE over repli-
cations, since the MAE leads to similar rankings of the various interpolation
methods, and the mean and the median of the distribution of the disag-
gregation errors over replications are usually very close. More generally,
the ranking of the methods is rather uniform when evaluated at different
quantiles, these results are available upon request.

When the data are generated by the DFM in (2), the figures in panel A of
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 panel B of Table 1, with the Chow-Lin interpolation method as
the second 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
panel C of Table 1. In the case of stock variables, the average of the five
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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 meth-
ods. For flow variables the performance of the multivariate methods deterio-
rates substantially, likely because the averaging underlying this aggregation
scheme decreases the correlation across y and the X variables. As a conse-
quence, the performance 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. However, 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
2, which again refer to the average MSE, 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
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present the highest correlation with y. The values in Table 2 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).

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 2 for the DGM (2) and (3). When the DGM is (2), 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% when the
DGM is (3) with respect to Table 1, while the Chow-Lin method improves
substantially, as expected, but the differences with P-Multi remain minor.

In Table 3 we evaluate the role of the number of variables and observa-
tions, In particular, we compare the benchmark case of N = 50, T = 100

with N = 100, T = 100, N = 50, T = 200, and N = 100, T = 200. We have
chosen to focus for simplicity on the case where there are ten factors in the
DGM in (2) but only five of them are used in the factor based interpola-
tion procedure. The figures indicates that there are only minor changes in
the results, with P-Multi providing the lowest losses in most of the cases.
This indicates that the factors and the loadings are already quite accurately
estimated when N = 50, T = 100.

In Table 3 we also consider what happens if a fewer number of obser-
vations are missing (specifically, the disaggregation frequency lowers from 4
to 2), and when the persistence in the factors decreases (the root of the AR
processes lowers from 0.8 to 0.4). The results are interesting and in line with
intuition. A lower number of missing observations decreases the loss, since
the sample becomes more informative, while lower persistence of the factors
increases the loss, since the quality of the estimated factors decreases.
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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 4 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 Table 1. 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
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 three panels of Table 5 for the three types
of DGMs, again for stock and flow variables, and for 20% of missing obser-
vations at the beginning of the sample. As in the previous experiments, we
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focus on the average of the empirical distribution of ρ and β over 1000 repli-
cations for the competing interpolation methods, but details on the quantiles
of the distribution are available upon request.

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 Table 1, 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 Table 1 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
(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
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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 a Data Appendix
available upon request 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-
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
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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 the results are summarized in Table 6.2

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
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

2The ranking based on the mean absolute disaggregation errors is very similar, detailed
results are available upon request.
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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 7.

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 four cases out of five, while spline based interpolation did not perform
well in Table 6. 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.
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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
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.
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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

           STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20%
DFM:        0,305 0,294 0,073 0,284 0,273 0,07 0,621 0,991 0,144
Chow-Lin:   0,384 0,368 0,083 0,253 0,252 0,052 0,557 1,216 0,137
Spline:     1,172 0,627 . 1,172 0,622 . 0,551 0,237 .
K-filter:   0,869 0,649 . 0,872 0,644 . 0,717 0,375 .
K-smoother: 0,874 0,648 0,239 0,888 0,642 0,237 0,673 0,359 0,226
P-Mean:     0,481 0,405 0,093 0,45 0,37 0,077 0,381 0,234 0,142
P-Median:   0,603 0,536 0,077 0,598 0,524 0,062 0,455 0,24 0,139
P-TrimMean: 0,49 0,436 0,099 0,465 0,409 0,085 0,427 0,218 0,149
P-Multi:    0,317 0,307 0,075 0,239 0,236 0,055 0,518 0,868 0,133
P-Uni:      0,824 0,618 . 0,835 0,614 . 0,512 0,283 .

Note: The table reports the average MSE, computed over 1000 replications. 
A  The DGM is DFM as in (2) 
B The DGM is Chow Lin as in (3)
C The DGP is AR as in (4)
 Bold indicates the lowest loss, italics the second lowest.

A B C



Table 2. Disaggregation error, other experiments

STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20%
DFM:        0,214 0,234 0,062 0,004 0,004 0,001
Chow-Lin:   0,225 0,23 0,067 0,056 0,053 0,011
Spline:     1,417 0,762 . 1,028 0,539 .
K-filter:   0,951 0,756 . 0,815 0,579 .
K-smoother: 0,967 0,757 0,238 0,841 0,574 0,227
P-Mean:     0,46 0,382 0,081 0,294 0,212 0,03
P-Median:   0,687 0,628 0,064 0,49 0,429 0,007
P-TrimMean: 0,476 0,437 0,089 0,31 0,255 0,036
P-Multi:    0,193 0,203 0,061 0,017 0,016 0,003
P-Uni:      0,967 0,737 . 0,765 0,543 .

STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20%
DFM:        0,339 0,339 0,084 0,421 0,403 0,104
Chow-Lin:   0,467 0,463 0,106 0,214 0,222 0,037
Spline:     1,161 0,621 . 1,265 0,673 .
K-filter:   0,869 0,643 . 0,906 0,686 .
K-smoother: 0,886 0,641 0,24 0,929 0,686 0,235
P-Mean:     0,513 0,426 0,106 0,492 0,414 0,081
P-Median:   0,632 0,54 0,095 0,632 0,567 0,08
P-TrimMean: 0,531 0,461 0,114 0,524 0,479 0,094
P-Multi:    0,358 0,356 0,088 0,25 0,251 0,053
P-Uni:      0,832 0,612 . 0,877 0,658 .

Note: The table reports the average MSE, computed over 1000 replications. 
A  The DGM is DFM Mis-specified as in (2) but with 10 factors in the DGM and 5 used in the factor based procedures 
B The DGM is Chow Lin as in (3), but Zt=Xt.
C The DGP is as in (2), but the error term in the factor model is 2*et
D 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.

A

C

B

D



Table 3: DGP is DFM mis-specified

STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20%
DFM:        0,214 0,234 0,062 0,293 0,305 0,053 0,215 0,219 0,025
Chow-Lin:   0,225 0,23 0,067 0,277 0,276 0,06 0,248 0,248 0,03
Spline:     1,417 0,762 . 1,299 0,684 . 1,273 0,676 .
K-filter:   0,951 0,756 . 0,944 0,69 . 0,852 0,675 .
K-smoother: 0,967 0,757 0,238 1,144 0,689 0,248 0,853 0,675 0,128
P-Mean:     0,46 0,382 0,081 0,474 0,376 0,073 0,439 0,366 0,037
P-Median:   0,687 0,628 0,064 0,691 0,584 0,056 0,644 0,573 0,027
P-TrimMean: 0,476 0,437 0,089 0,498 0,432 0,08 0,456 0,413 0,04
P-Multi:    0,193 0,203 0,061 0,241 0,244 0,052 0,207 0,21 0,026
P-Uni:      0,967 0,737 . 0,956 0,67 . 0,877 0,659 .

F
STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20%

DFM:        0,208 0,214 0,023 0,15 0,156 0,055 0,515 0,513 0,092
Chow-Lin:   0,242 0,245 0,028 0,17 0,17 0,063 0,445 0,431 0,099
Spline:     1,271 0,677 . 1,009 0,54 . 1,4 0,75 .
K-filter:   0,859 0,702 . 0,607 0,525 . 0,941 0,831 .
K-smoother: 0,86 0,68 0,103 0,607 0,526 0,258 0,988 0,794 0,22
P-Mean:     0,44 0,366 0,033 0,316 0,267 0,077 0,558 0,489 0,103
P-Median:   0,646 0,572 0,026 0,454 0,389 0,058 0,705 0,647 0,094
P-TrimMean: 0,457 0,412 0,036 0,322 0,292 0,084 0,577 0,535 0,11
P-Multi:    0,201 0,207 0,024 0,144 0,147 0,054 0,414 0,407 0,09
P-Uni:      0,881 0,664 . 0,635 0,496 . 0,937 0,754 .

Note: The table reports the average MSE, computed over 1000 replications. 
 Bold indicates the lowest loss, italics the second lowest.
The DGM is DFM Mis-specified as in (2) but with 10 factors in the DGM and 5 used in the factor based procedures 
A   N=50, T=100 B  N=100, T=100 C  N=50, T=200
D   N=100, T=200 E  Aggregation Frequency=2 instead  of 4 F  Persistent parameter of factors is 0.4 instead of 0.8

A B C

D E



Table 4. Backdating with measurement error, 20% missing obs

           Average 0,25 0,5 0,75 Average 0,25 0,5 0,75 Average 0,25 0,5 0,75
DFM:       37,104 27,316 34,71 44,363 2,105 1,359 1,901 2,688 4,809 2,189 3,908 6,372
Chow-Lin 36,912 27,283 34,486 44,333 2,033 1,304 1,77 2,613 4,882 2,3 3,991 6,441
K-smooth 37,738 28,018 35,346 45,257 2,17 1,363 1,93 2,794 5,14 2,27 4,177 6,867
P-Mean:   37,208 27,463 34,787 44,629 2,02 1,286 1,779 2,613 4,816 2,14 3,889 6,4
P-Median 37,15 27,47 34,736 44,481 2,026 1,296 1,772 2,608 4,828 2,146 3,904 6,42
P-TrimMe 37,198 27,44 34,617 44,444 2,047 1,323 1,817 2,617 4,858 2,191 3,95 6,517
P-Multi:   36,996 27,281 34,579 44,28 2,003 1,29 1,759 2,556 4,747 2,129 3,821 6,306

Note: The table reports the mean and percentiles of the empirical distribution of the MSE, 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.

DGM AR DGM DFM DGM CHOW LIN



Table 5. Properties of interpolated data, DGM is DFM

           
STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20% STOCK FLOW MISS OBS 20%

DFM:        0,095 0,146 0,031 0,103 0,154 0,031 0,6 0,195 0,025
Chow-Lin:   0,107 0,143 0,034 0,088 0,124 0,028 0,452 0,373 0,03
Spline:     0,671 0,776 0,677 0,778 0,09 0,162
K-filter:   0,344 0,574 0,346 0,582 0,301 0,095
K-smoother: 0,383 0,594 0,065 0,391 0,603 0,065 0,25 0,097 0,027
P-Mean:     0,357 0,542 0,041 0,366 0,549 0,039 0,188 0,069 0,025
P-Median:   0,406 0,679 0,033 0,422 0,687 0,03 0,229 0,085 0,025
P-TrimMean: 0,317 0,579 0,042 0,33 0,588 0,041 0,234 0,084 0,025
P-Multi:    0,098 0,15 0,031 0,093 0,145 0,028 0,483 0,19 0,025
P-Uni:      0,506 0,682 0,52 0,687 0,124 0,096

Note: The table reports the difference (ρ) between the first order autocorrelation coefficient for the actual and interpolated series
 in the left-hand side, 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, in the right-hand side.
A  The DGM is DFM as in (2) B The DGM is Chow Lin as in (3) C The DGP is AR as in (4)
Bold indicates the lowest loss, italics the second lowest.

A B C



Table 6. Estimation of quarterly data, empirical example 

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 0,094 0,114 0,051 0,062 0,165 0,066
Chow-Lin:   0,235 0,13 0,04 0,03 0,478 0,2 0,1 0,084 0,026 0,019 0,132 0,053
Spline:     0,571 0,285 0,106 0,1 0,486 0,236 . . . . . .
K-filter:   0,535 0,487 0,135 0,153 0,439 0,241 . . . . . .
K-smoother: 0,485 0,487 0,127 0,138 0,44 0,24 0,278 0,1 0,596 5,858 0,104 0,933
P-Mean:     0,222 0,195 0,054 0,06 0,34 0,156 0,068 0,089 0,091 0,774 0,094 0,193
P-Median:   0,337 0,246 0,065 0,074 0,403 0,205 0,08 0,083 0,043 0,054 0,101 0,071
P-TrimMean: 0,261 0,207 0,059 0,069 0,36 0,182 0,119 0,089 0,217 0,031 0,083 0,352
P-Multi:    0,183 0,1 0,031 0,029 0,451 0,15 0,084 0,095 0,022 0,031 0,133 0,054
P-Uni:      0,462 0,393 0,101 0,115 0,427 0,233 . . . . . .

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 0,058 0,263 0,094 0,092 0,077 0,1
Chow-Lin:   0,071 1,364 0,146 0,104 0,004 0,173 0,038 0,285 0,059 0,072 0,004 0,014
Spline:     0,058 0,069 0,097 0,078 0,436 0,558 . . . . . .
K-filter:   0,244 0,252 0,253 0,133 0,511 0,465 . . . . . .
K-smoother: 0,129 0,122 0,162 0,102 0,493 0,463 0,112 0,103 0,058 0,136 0,282 0,23
P-Mean:     0,067 0,112 0,111 0,078 0,218 0,26 0,048 0,138 0,038 0,086 0,064 0,043
P-Median:   0,068 0,081 0,106 0,086 0,351 0,359 0,049 0,191 0,041 0,086 0,066 0,036
P-TrimMean: 0,067 0,087 0,106 0,083 0,273 0,306 0,029 0,265 0,068 0,092 0,106 0,049
P-Multi:    0,074 0,405 0,173 0,09 0,056 0,12 0,034 0,263 0,056 0,075 0,019 0,027
P-Uni:      0,108 0,107 0,125 0,097 0,459 0,464 . . . . . .

Note: Inflation is treated as a stock variable, GDP growth as a flow variable. The Table reports the MSE.
DE: Germany; ES: Spain; FR: France; IT: Italy; US: United States; AW: euro area
Bold indicates the lowest loss, italics the second lowest.

MISSING OBSERVATIONS 20%

INFLATION

REAL GDP GROWTH

MISSING OBSERVATIONS 20%



Table 7. 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 in the left-hand side,
and the absolute value of the difference (β) of the estimated coefficient of yt in the regression wt = yt + ut in the right-hand side,
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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MISSING OBSERVATIONS 20%

INFLATION

MISSING OBSERVATIONS 20%


