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Abstract
This paper presents a practical guide for developing a nowcasting model for GDP 
growth. We employ a dynamic factor model to generate backcasts, nowcasts and 
forecasts of Dutch GDP in pseudo real-time. We evaluate forecast errors across a 
range of modeling alternatives, including data choice, transformations, outlier cor-
rection and model specification. The optimal combination of these alternatives out-
performs standard benchmarks. Additionally, we demonstrate how to derive fore-
cast contributions and assess the impact of new data releases, offering policymakers 
valuable insights for interpreting GDP nowcasts. Finally, we collect GDP nowcasts 
from professional forecasters and show they were relatively accurate during the 
COVID crisis.

Keywords  Nowcasting · Dynamic factor model · Model selection

JEL Classification  C33 · C53 · E37

1  Introduction

Policy institutes such as central banks face significant challenges in assessing the 
economy using Gross Domestic Product (GDP) as the primary indicator. First, GDP 
is reported quarterly, which is a low frequency to make informed policy decisions. 
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Second, GDP is usually published with a significant delay. In the Netherlands, for 
instance, the initial GDP estimate is released 30 days after the end of each quarter.1

Nowcasting models use high-frequency data to estimate the current state of the 
economy, offering a way to bridge the gap between the low-frequent delayed GDP 
releases and real-time policy needs. The literature on nowcasting is evolving rapidly, 
with various econometric models and techniques being discussed; see Stundziene et 
al. (2024) for a survey. While many studies compare models and recommend pre-
ferred techniques, practitioners must also make decisions on data selection, transfor-
mation, outlier correction, and model specification.

This paper presents a guide for practitioners to develop a nowcasting model for 
GDP growth. We use a dynamic factor model and analyze forecast errors of specific 
modeling alternatives regarding data choice, transformations, outlier correction and 
model specification. The analysis of forecast errors identifies an optimal combination 
of these modeling choices. Additionally, we outline how to compile a novel dataset 
incorporating a broad range of economic indicators. Forecast accuracy is compared 
across small, medium and large datasets. Moreover, we analyze which types of vari-
ables should be included in the datasets and how they should be transformed.

We design an experiment featuring a pseudo real-time, out-of-sample forecasting 
competition that generates forecast errors to evaluate model features. Using a rolling 
window analysis, 360 models are (re-)estimated producing 123,192 forecast errors 
over the period from 2013 to 2023. Inspired by Coulombe et al. (2022), we construct 
a model to assess the marginal gain (or loss) in forecast accuracy of each modeling 
alternative. The results indicate that a multi-factor model with a parsimonious lag 
structure trained on a medium sized dataset including survey data is optimal for pre-
dicting GDP growth.

We compare the forecasts produced by our optimal model with forecasts made by 
a group of professional forecasters. The private firm Consensus Economics collects 
GDP growth forecasts from professional forecasters in the Netherlands (referred to as 
Consensus forecasts). We show that our model outperforms the Consensus forecasts 
under normal conditions.

Given that our sample includes the volatile COVID period, we account for it in 
our analysis. We present results for the periods excluding COVID, up to COVID and 
from COVID onward. As anticipated, our findings show that the COVID period is 
crucial in assessing the accuracy of model forecasts. We observe that the Consensus 
forecasts were highly accurate during the COVID crisis and significantly outper-
formed statistical models.

In addition to evaluating the forecast accuracy of the nowcasting model employed 
in this paper, we apply two concepts that help practitioners interpret GDP nowcasts. 
First, we derive the contribution of each individual variable to the model forecasts 
to understand to role of specific variables in a nowcast episode. Second, we illus-
trate how the impact of new data releases on the GDP nowcast can be calculated. 
This enables practitioners to better explain revisions to the nowcast when new data 

1  Statistics Netherlands reduced the publication delay from 45 to 30 days starting in the first quarter of 
2025. This paper focuses on the period prior to 2025, during which the publication delay was 45 days.
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become available. The latter is important as nowcasts are usually updated frequently 
(e.g. monthly, weekly or even daily).

The contribution of this paper is twofold. First, we provide practical guidance for 
central banks and policymakers on improving and interpreting nowcasting models, 
including how to derive variable contributions and monitor new data releases. Sec-
ond, we compare our nowcasts with the Consensus Forecast for GDP growth in the 
Netherlands, a source not previously studied. The exceptional performance of expert 
forecasts during the COVID crisis emphasize the need for a balanced approach that 
combines statistical models with human judgment in extreme crisis periods.

The remainder of the paper is organized as follows. Section 2 reviews the existing 
nowcasting literature. Section 3 provides a description of the dynamic factor model. 
Section 4 outlines the dataset that is used in the forecast competition described in 
Sect. 5. Section 6 compares the forecast accuracy of the dynamic factor model to 
benchmark models as well as the Consensus forecasts. Section 7 illustrates how the 
nowcasting model can be used practice. Section 8 concludes.

2  Related Literature

The systematic analysis of economic data to gauge the current state of the economy 
dates back to Burns et al. (1946), who first introduced business cycle analysis in aca-
demia. Central banks have since built on academic foundations, developing models 
to forecast key variables related to the business cycle. Sims (2002) provides a com-
prehensive review and evaluation of forecasting practices at several major central 
banks at that time.

More recently, research shifted focus to current-quarter forecasts (nowcasts) to 
predict quarterly time series such as GDP. Giannone et al. (2008) developed a frame-
work that tracks the real-time flow of information to update nowcasts. Using a two-
step estimator to combine principal components with Kalman filtering techniques, 
monthly data releases are bridged to quarterly GDP estimates. Doz et al. (2012) 
derive the theoretical properties of the two-step dynamic factor model and establish 
the viability of this approach.

Bańbura and Rünstler (2011) build on the framework of Giannone et al. (2008) 
and apply a DFM to nowcast euro area GDP. Using a pseudo real-time dataset that 
replicates data availability within each month, Bańbura and Rünstler (2011) show 
that including survey data improves forecast accuracy. Moreover, the authors apply 
a method proposed by Koopman and Harvey (2003) to calculate the contribution of 
each individual variable to the nowcast.

Bańbura and Modugno (2014) extend the two-step DFM by incorporating the 
expectation maximization (EM) algorithm in the estimation process. The advantage 
of their modified EM algorithm is that the model can be applied to mixed frequency 
datasets with any pattern of missing data. This is convenient when including series 
of different sample lengths, but also addresses the problem of having incomplete data 
patterns at the end of the sample (ragged edges).

Nowcasting economic time series remains actively researched by central banks. 
Luciani and Ricci (2014) use a Bayesian dynamic factor model to nowcast Norwe-
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gian GDP. Research done at the central bank of Italy shows that payment system data 
can improve forecast accuracy (Aprigliano et al., 2019). Recently, machine learning 
methods are introduced as an alternative to the classical nowcasting methods (see e.g. 
Babii et al. 2022). Buckmann et al. (2023) provide a generic workflow for the use of 
machine learning models at policy institutes such as central banks.

We choose to stick to the DFM popularized by Bańbura and Modugno (2014) 
in this paper and focus on modeling alternatives. This method remains among the 
most cited in the nowcasting literature (Stundziene et al., 2024). Moreover, DFMs 
continue to be widely used for nowcasting by major central banks such as the ECB 
(Linzenich & Meunier, 2024) and the New York Fed (Almuzara et al., 2023).

3  Dynamic Factor Model

In this Section we briefly introduce the dynamic factor model and its estimation pro-
cedure applied in this study. Furthermore, we derive the contributions of each vari-
able to the nowcast and we show how new data releases impact the nowcast.

Let yt = [y1,t, . . . , yn,t]′, t = 1, . . . , T , denote the n-dimensional vector of sta-
tionary variables, standardized to mean zero and unit variance. We assume that yt is 
driven by a few unobserved factors, that can be described using the following factor 
model representation:

	 yt = Λft + ϵt� (1)

where yt contains i = 1, ..., n variables that potentially have mixed frequencies. 
The r × 1 vector ft contains the unobserved common factors, Λ is an n × r matrix 
of time-invariant factor loadings and the idiosyncratic component is captured in 
ϵt = [ϵ1,t, . . . , ϵn,t]′. The common factors ft are modeled as a vector autoregressive 
(VAR) process of order p

	 ft = A1ft−1 + · · · + Apft−p + ut, ut
i.i.d.∼ N (0, Q)� (2)

where A1, . . . , Ap are r × r matrices of autoregressive coefficients for the factors, 
and Q represents the covariance matrix of the errors.

The idiosyncratic component ϵt captures movements that are specific to individual 
series. In many applications, the idiosyncratic component is assumed to be multivari-
ate white noise (e.g. Baǹbura and Runstler 2011) as factor estimates are asymptoti-
cally consistent even when this assumption in violated (Doz et al., 2012). However, 
modeling the idiosyncratic component can improve forecasts for two reasons. First, 
most macroeconomic variables are serially correlated and therefore it would be inap-
propriate to assume uncorrelated idiosyncratic shocks (Shapiro et al. 2002). In that 
case, imposing an assumption of no serial correlation is quite restrictive because 
it is only valid asymptotically. Second, the efficiency of factor estimates could be 
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improved in (small) real-time samples with ragged edges.2 Hence, we choose to put 
structure on the idiosyncratic component and assume it to follow an autoregressive 
(AR) process of order 1:

	 ϵi,t = ρiϵi,t−1 + ε i,t, ε i,t
i.i.d.∼ N (0, σ2

i )� (3)

where ρi is an autoregressive coefficient for indicator i and we assume that the pro-
cess is univariate.

The mixed frequency dynamic factor model with serial correlation in the idiosyn-
cratic component can be estimated using the Expectation Maximization (EM) model 
popularized by Bańbura and Modugno (2014). To do so, we cast Eqs. 1-3 into state 
space form.

3.1  State Space Representation

To be able to cast Eqs. 1–3 into state space form, we first need to decompose the 
AR(1) process for the idiosyncratic component. We assume that ϵi,t can be written as

	

ϵi,t = ϵ̃i,t + ξi,t, ξi,t
i.i.d.∼ N (0, κ)

ϵ̃i,t = ρiϵ̃i,t−1 + ei,t, ei,t
i.i.d.∼ N (0, σ2

i )
� (4)

where both ξt = [ξ1,t, . . . , ξn,t]′ and ̃ϵt = [ϵ̃1,t, . . . , ϵ̃n,t]′ are cross-sectionally uncor-
related and κ is a small number.3

Combining Eqs. 1, 2 and 4 results in the following state space representation:

	

yt = Λ̃f̃t + ξt, ξt∼N (0, R̃)
f̃t = Ãf̃t−1 + ũt, ũt∼N (0, Q̃)

� (5)

where f̃t =
[
ft
ϵ̃t

]
, ũt =

[
ut
et

]
, Λ̃ = [Λ I], Ã =

[
A 0
0 diag(ρ1, . . . , ρn)

]
, 

Q̃ =
[
Q 0
0 diag(σ2

1 , . . . , σ2
n)

]
,

et = [e1,t, . . . , en,t]′ and R̃ is a fixed diagonal matrix with κ on the diagonal.
Note that yt contains monthly and quarterly observed variables. We apply the 

method developed by Mariano and Murasawa (2003) and for each quarterly variable 
we construct an unobserved monthly counterpart. Hence, we assume the frequency of 
the model to be monthly. At least four lags of the factors are needed to be able to esti-
mate the unobserved monthly counterpart of quarterly data. See Appendix A for fur-
ther details on the mixed frequency model specification and the estimation procedure.

2  Ragged edges are patterns of incomplete data at the end of the sample caused by publication delays of 
certain variables.

3  We arbitrarily set κ to 1e−4. A value for κ that is too small makes converging difficult, whereas a large 
κ makes the factor extraction unreliable.
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3.2  Contribution of Individual Variables

Policy makers may not only be interested in the nowcast for GDP itself, but also want 
to understand which variables drive a certain nowcast. The contribution of each vari-
able to the GDP nowcast can be derived using an algorithm described in Koopman 
and Harvey (2003) and applied to dynamic factor models in Bańbura and Rünstler 
(2011). This Section briefly recapitulates the idea of assigning implicit weights to 
individual variables in making GDP nowcasts.

The vector yt defined in Eq. 1 contains GDP and all other variables from which 
factors are extracted. In the most generalized state space form, yt can be expressed 
as:

	

yt = W (θ)αt + ξt, ξt∼N (0, Σξ(θ))
αt = T (θ)αt−1 + ũt, ũt∼N (0, Σũ(θ))� (6)

where θ = (Λ̃, Ã, R̃, Q̃) denotes the set of model parameters and errors ξt and ũt are 
defined in Eqs. 4 and 5. The Kalman smoother provides the smoothed estimate of the 
state vector at|T = E[αt|yT ] conditional on the data. Each individual element of the 
smoothed state vector at|T  can be decomposed into a weighted sum of all observa-
tions through time. The weighted sum is given by:

	
at|T =

T∑
j=1

wj(at|T )yj � (7)

where the weight matrices wj(at|T ) are computed using the algorithm from Koop-
man and Harvey (2003). Note that the sum in Eq.  7 has subscript j, which indi-
cates that the weights are computed after the Kalman smoother has been applied for 
t = 1, ..., T  to get at|T . Hence, for each point in time t we sum all observations in 
yj  given weight wj  for j = 1, ..., T . Naturally, when j gets closer to t, the weight of 
observations in yj  tends to get larger.

Now that we have split up each element of smoothed state vector at|T  into a 
weighted sum of observables, we can link the weighted sum to the GDP nowcasts 
ȳGDP

t ∈ ȳQ
t  defined in Eq. A.9 in Appendix A. To do so, we plug in the smoothed 

state vector in Eq. A.9 and define the nowcast contributions as:

	
ȳGDP

t = λat|T = λ

T∑
j=1

wj(at|T )yj � (8)

where λ is the loading vector associated to GDP which is part of the loading matrix 
ΛQ from Eq. A.9. Since ȳGDP

t  is a normalized value, we multiply the terms in Eq. 8 
by the standard deviation of GDP and add the mean to revert the GDP forecast to the 
original units.

Note that the state vector αt contains both the factors and the idiosyncratic com-
ponent, as denoted in Eq. A.9. Hence, the estimated smoothed state vector at|T  (and 
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its equivalent of weighted observables 
∑T

j=1 wj(at|T )yj) includes both the factors 
and the idiosyncratic component. The contribution of a variable to the GDP forecast 
is the sum of the individual elements in the state vector, scaled by the loading vector 
for GDP.

3.3  News in Nowcast Revisions

Policy makers continuously monitor new data releases and update their beliefs on the 
GDP nowcast. Intuitively, when new data come in, only the unexpected component 
of the data release should revise the nowcast. Following Bańbura et al. (2011), we 
update our GDP nowcast on a regular basis and assess the impact of new data releases 
on the nowcast. The state space framework provides forecasts for all other variables 
than GDP. Hence, we can extract the unexpected component from the data release 
and its effect on the GDP nowcast, which we define as news. The framework is used 
to understand the changes in GDP nowcasts when new data come in.

We consider two data vintages Ωv  and Ωv+1 of the same set of variables retrieved 
at dates v and v + 1. The data vintage Ωv+1 contains new observations for vari-
ables i = 1, ..., z that are not available in Ωv .4 The new observations are denoted by 
yv+1

i,t  and tend to contain at least some new information. We assume that data are not 
revised and that the incoming new part of the information set is orthogonal to the 
current information set. Hence, we can write:

	 E[ȳGDP
t |Ωv+1] = E[ȳGDP

t |Ωv] + E[ȳGDP
t |Iv+1]� (9)

where
Iv+1 = [Iv+1,1, ..., Iv+1,z]′,   Iv+1,i = yv+1

i,t − E[yv+1
i,t |Ωv], i = 1, . . . , z.

The vector Iv+1 represents the part of the release in each variable yv+1
i,t  that is 

unexpected based on the information in Ωv . This unexpected part is referred to as the 
surprise in the data release. Note that if a new observation in Ωv+1 is exactly equal 
to what is expected based on Ωv , there is no surprise and the GDP nowcast will not 
change.

The aim is to compute the second term of Eq. 9, which is the forecast revision 
caused by the incoming data. We define a vector Bv+1 = [bv+1,1, ..., bv+1,z] that 
links the surprise in the data release of each variable to the new GDP forecast. The 
nowcast revision can be written as:

	

E[ȳGDP
t |Ωv+1] − E[ȳGDP

t |Ωv]︸ ︷︷ ︸
nowcast revision

= Bv+1Iv+1 =
z∑

i=1
bv+1,i(yv+1

i,t − E[yv+1
i,t |Ωv]︸ ︷︷ ︸

surprise

).�(10)

4  Note that we have new observations in Ωv+1 for variables i = 1, ..., z which are not necessarily all n 
variables in Eq. 1. Furthermore, it is irrelevant at which day the new observation is observed, as long as 
it is between dates v and v + 1.
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As showed by  Bańbura et al. (2011), both matrices Bv+1 and Iv+1 can be computed 
using the Kalman filter and smoother.

Note that the forecast of ȳGDP
t  not only depends on a given data vintage Ωv  or 

Ωv+1, but also on a parameter vector θ that depends on one of the two data vintages. 
To identify the news impact of each variable, we should keep the parameter vector θ 
constant. We estimate the parameter vector θ using Ωv+1 and apply those parameter 
estimates to compute E[ȳGDP

t |Ωv].
In conclusion, the revision of the GDP forecast is decomposed as a weighted sum 

of surprises in the most recent data vintage. The news in the GDP forecast depends on 
the size of the surprises captured in Iv+1, as well as on the relevance of the variables 
in forecasting GDP indicated by Bv+1.

The news and contribution methods are particularly relevant for policymak-
ers when applying the model in practice. This topic is discussed in greater detail in 
Sect. 7.

4  Data

4.1  Dataset

We construct a small, medium and large dataset for our analysis by meticulously 
examining all indicators from the publicly available data sources: Statistics Neth-
erlands, Eurostat, the ECB Data portal and the European Commission. In addition 
to publicly available data, the database also includes information from proprietary 
sources: Refinitiv (e.g. PMI manufacturing), Betaalvereniging Nederland for debit 
card payments, and Het Financieele Dagblad (FD) for tone-adjusted news topics 
based on previous research (see Van Dijk and De Winter 2023). The small, medium, 
and large datasets contain 24, 67 and 129 monthly series, respectively. Addition-
ally, we have 4, 9 and 9 quarterly variables in the small, medium and large datasets, 
respectively. A comprehensive list of all variables can be found in Appendix B.

The variable selection procedure to define the three databases is inspired by 
Bańbura and Modugno (2014), Alvarez and Perez-Quiros (2016) and Barigozzi & 
Luciani (2024) and based on availability of the data.5 We categorize variables in 
seven distinct groups following the FRED-MD database developed by McCracken 
and Ng (2016). Furthermore, the data are transformed analogously to the FRED-MD 
database. In short, the different databases can be summarized as follows:

	● Small: This dataset comprises the main “market-moving indicators” of real activ-
ity for the Dutch economy.6 These include industrial production, the stock of new 

5  We only select series that have a start date no later than March 2000.
6  Following Bańbura et al. (2013) we used the Bloomberg terminal to identify the “market moving indica-
tors” for the Netherlands by filtering all macroeconomic information that is relevant to the country. We 
thank one of the anonymous referees for raising this point. The filtering process yielded a total of 13 
indicators, each accompanied by a relevance score (shown in brackets): CPI Netherlands (94.7), S&P 
global/Nevi Netherlands manufacturing PMI (90), unemployment rate (84.2), gross domestic product 
(79.0), retail sales (52.6), consumer spending (47.4), manufacturing production (42.1), producer confi-
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orders, retail sales, the unemployment rate, the economic sentiment indicator, the 
purchasing manager index and confidence levels reported in newspapers. Ad-
ditionally, it includes financial series such as stock price indices or raw material 
prices as well as the headline FD-sentiment index. This dataset encompasses a 
total of 24 monthly series and 4 quarterly series;

	● Medium: In addition to the series covered in the small specification, provides 
more disaggregated information on industrial production, survey data, and na-
tional accounts. It nearly encompasses all the essential real economic indicators 
for the Netherlands as reported by Statistics Netherlands and Eurostat. Further-
more, it includes four financial newspaper sentiment indices, each representing 
the sentiment of one of the four main topics that make up the headline index and 
the European stock market index. This dataset consists of 67 monthly series and 
9 quarterly series;

	● Large: Apart from the indicators in the medium-sized dataset, this dataset incor-
porates more series also regarding the Euro area. It offers greater sectoral granu-
larity for industrial production, the services sector, and retail trade. Additionally, 
it includes sub-indices from sentiment surveys, sixteen more granular newspaper 
sentiment indices, and PMIs. The large dataset comprises 129 monthly series and 
9 quarterly series.

4.2  Consensus Forecasts

We also compare the forecasts of our dynamic factor model to the forecasts of pro-
fessional forecasters. The quarterly GDP forecasts by professional forecasters were 
collected from the monthly Consensus forecasts, published by Consensus Econom-
ics. This publication offers a survey of private sector analysts’ expectations for a set 
of key macroeconomic variables for a broad range of countries. Once a quarter, the 
publication contains the averaged forecasts for quarterly GDP over a horizon of six 
quarters, starting with the nearest quarter for which no officially released figure is 
available. New quarterly Consensus forecasts become available in the second week 
of the last month of the quarter. The survey date (deadline for respondents) is typi-
cally the second Monday of the third month of a quarter; publication is usually three 
days later on Thursday. The timing of the survey is therefore broadly in line with the 
timing of the monthly data vintages we collected. In our information set Consensus 
forecasts are not updated in the first and second months in a quarter, while monthly 
indicators are updated every month. Moreover, at the time analysts form their expec-
tations they have official information on GDP growth in the preceding quarter. To the 
best of our knowledge, the Consensus forecasts have not been used before to assess 
model-based forecast accuracy, except in a recent case study for the Netherlands 
(Jansen and de Winter 2018).

dence index (36.8), industrial sales (26.3), House price index (21.15), consumer confidence index (10.5), 
exports (5.3) and imports (0). We added another 13 indicators based on the variables and size of the small 
dataset in Bańbura et al. (2013). These include the AEX stock market index, loans to households and 
Eurozone gross domestic product.
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5  Empirical Application

In this Section we describe the design of our forecast competition and show the 
results. Also, we indicate how we evaluate modeling alternatives. Based on the out-
of-sample forecast errors of models with different features, we propose an optimal 
specification for a nowcasting model for GDP growth.

5.1  Forecasting Design

GDP is only observed at the quarterly frequency and had a publication lag of approxi-
mately 45 days in the Netherlands.7 Hence, we produce forecasts, nowcasts and back-
casts as the model yields an estimated value for GDP growth each month.

A sequence of eight estimates for GDP growth is constructed for each quarter, 
obtained for consecutive months. Table  1 illustrates the timing of the forecasting 
exercise in more detail, taking the estimates for the third quarter of 2013 (2023Q3) 
as an example. We make the first forecast on April 1, 2023, which is a one-quarter-
ahead forecast in month one. Subsequently, we produce monthly forecasts for the 
next seven months up to and including November. The last estimate is produced just 
two weeks before the (first) release of GDP in mid-November. Following the conven-
tional terminology, forecasts refer to one or more quarter-ahead forecasts, nowcasts 
refer to current quarter estimates, and backcasts refer to estimates for the preceding 
quarter, before official GDP figures become available.

All experiments are conducted in a pseudo real-time setting. The first forecasts 
are produced based on model estimations with data used up until April 2013, and 
we re-estimate the model in each consecutive month to produce new forecasts up 
until the last model estimation in November 2023. We estimate the parameters of all 
models recursively in a 10-year rolling window, using only the information that was 
available at the time of the forecast. More specifically, starting from April 2013, we 
reconstruct pseudo-real-time vintages by replicating the data availability pattern as 
implied by a stylized release schedule. This is done by recursively removing observa-
tions from the full dataset according to a fixed schedule.

7  Statistics Netherlands changed the publication lag from 45 to 30 days, but only as of the first quarter of 
2025. For the period analyzed in this paper, the publication lag was 45 days.

No Forecast type Month Forecast on the 1st of
1 One-quarter-ahead forecast 1 April
2 2 May
3 3 June
4 Nowcast 1 July
5 2 August
6 3 September
7 Backcast 1 October
8 2 November

Table 1  Timing of forecast exer-
cise for third quarter
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Given the unavailability of real-time historic data vintages, only final revised data 
downloaded on January 26, 2024 is used in the forecasting exercise.8 As a result, 
the role of historic data revisions is ignored and we can only perform a pseudo real-
time out-of-sample exercise. However, factor models are known to be robust to data 
revisions since revision errors are idiosyncratic by nature and may cancel out; see 
for example Bernanke and Boivin (2003) for the United States and Schumacher and 
Breitung (2008) for Germany. For similar approaches, see Giannone et al. (2008), 
Jansen and de Winter (2018) and Kant et al. (2025), among others. Another limita-
tion is that we assume the publication calendar to stay the same throughout the entire 
sample period. In reality, the release delays might change over time.

In the forecast exercise we consider the period starting from 2013Q3 up until 
2023Q3. This period holds three sub-periods of economic upswing and just as many 
downturns, giving a view on the forecast accuracy of the models over the business 
cycle. Moreover, the evaluation period is long enough to determine the statistical 
significance reliably.9

The analyzed period is also special as it includes the aftermath of the European 
debt crisis, the COVID pandemic, and a surge in energy prices due to the Russian 
invasion of Ukraine. The swings in GDP during the COVID crisis have no prece-
dence in terms of size. To assess the robustness of our regression results for the 
COVID crisis, we also estimate regression models over the period 2013Q3-2023Q3, 
excluding the COVID crisis. The latter is defined as the period 2020Q1-2020Q3. We 
run separate regressions for all models during the period leading up to the COVID 
crisis (2013Q3-2019Q4) to assess the forecasting performance of the different model 
specifications in more tranquil times. The statistical outcomes for the sub-periods are 
somewhat less reliable compared to those over the full sample period, because the 
number of observations is smaller.

5.2  Evaluating Modeling Alternatives

In the pseudo real-time forecasting exercise several modeling alternatives are consid-
ered. We analyze the impact of modeling alternatives on the forecasting performance 
along four dimensions:

	● Model specification: Based on out-of-sample forecasting performance, we deter-
mine the number of factors and lags included in our model (Eq. 5).

	● Dataset: We investigate if it matters how many data series we use, by estimat-
ing the models with the small, medium, and large datasets extracted from the 
database described in Sect. 4. Besides the size of the dataset, we also investigate 
the merits of including/excluding survey data and quarterly data. Furthermore, 
we determine the added value of data that are only available with a subscription 
(Refinitiv) or that are confidential (payments data or the FD sentiment indicator).

8  Statistics Netherlands provides real-time data revisions for GDP across all quarters. However, for our 
explanatory variables, only the revised observations are available. Therefore, our analysis is based solely 
on revised data.

9  Periods of economic upswing and downturn defined on the basis of the DNB business cycle indicator.
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	● Outliers & transformation: We show the impact on forecast accuracy by compar-
ing the performance when we do not treat the data for outliers, do a mild outlier 
correction, or a more stringent correction.10 Additionally, we examine how to 
transform survey data as there is an ongoing debate among practitioners whether 
to include surveys in levels or in first differences.

	● Timing: Forecast accuracy tends to increase as more monthly data are available. 
We empirically assess this along three axes: the quarter in which the forecast is 
made (i.e. is it a backcast, nowcast or one-quarter-ahead forecast), the month 
within the quarter (month 1, month 2 and month 3), and the day within each 
month (first day of the month, middle of the month or end of the month).

To evaluate the modeling alternatives, we stack the forecast errors from all treatments 
in one vector and tease out the impact of the different model features on the forecast 
accuracy by defining separate dummy variables for each model feature. The regres-
sion model to evaluate model alternatives is given by:

	 e2
m,h,t = δ + β′Dm + τy(t) + um,h,t� (11)

where e2
m,h,t is the log squared forecast error produced by model m for horizon h at 

time t, δ is a constant, τy(t) captures yearly time fixed effects and Dm is a vector of 
dummy variables that represent the features of model m. The vector of coefficients β 
captures the improvement/deterioration of features corresponding to model m. In this 
log-level specification the percentage impact of the model features on the squared 
forecast error can be calculated as (exp(β) − 1) × 100. The squared forecast error 
puts a higher weight on large forecast errors, in line with the loss function of a cen-
tral bank (i.e. making large forecast errors is much more costly than small forecast 
errors). In total we analyze 167,076 forecast errors.

In each regression, the null hypothesis is that there is no predictive accuracy gain 
with respect to the base specification. The base specification is estimated using the 
small dataset and has the following model features: estimation with data available on 
the 1st day of the month, surveys in first difference, both public and restricted data, 
no quarterly data, mild outlier correction and a DFM with a single factor and one lag.

5.3  Forecasting Competition

This Section presents the results of a forecasting competition among the modeling 
alternatives described in the previous Section. The whole sample period from 2013Q3 
up until 2023Q3 is considered. If, however, a certain result is strongly impacted by 
the COVID period, we highlight separate results for the pre-COVID period as well as 
for the period as of COVID. All figures related to these alternative evaluation periods 
are presented in Appendix C.

10  We define a mild outlier correction as a winsorization at the median ± three times the empirical inter-
quartile range. For a strong outlier correction we winsorize at the median ± two times the empirical inter-
quartile range.
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The figures in this Section illustrate the forecasting gain (or loss) relative to the 
base specification. The bars correspond to regression estimates of β in Eq. 11. All 
effects are relative to a benchmark model with one factor, one lag, estimated using the 
small dataset (including both public and restricted data), exluding quarterly variables, 
surveys in first difference and only extreme outliers are deleted. Our evaluation of 
model specifications involves two approaches:

	● Economically meaningful: If a bar falls within the shaded region, the squared 
errors deviate by more than 5% from the base model specification.11 This ±5% 
threshold serves as a rough, informal gauge of the economic significance of fore-
cast accuracy gains resulting from this model feature, as previously employed by 
Jansen and de Winter (2018);

	● Statistical significance: Coefficient significance is formally tested at the 5%-lev-
el, following methodologies by Coulombe et al. (2022) and Carriero et al. (2019). 
Colored bars indicate statistically significant coefficients:

	– Green bars: Represent an improvement in forecast accuracy;
	– Red bars: Represent a deterioration in forecast accuracy.

5.3.1  Results Model Specification

One of the messages conveyed by Fig. 1 is that a single lag in the dynamic structure 
of the model is sufficient. However, to better capture the variance in the monthly 
dataset, the model requires additional factors. The number of factors could poten-
tially increase the forecast accuracy up to 17% for backcasting. The gains in forecast 
accuracy are largest for backcasts, followed by the nowcasts.

Overall, the best-performing specifications have three factors.12 This outcome is 
strongly driven by the period post-COVID. Pre-COVID, the only statistically and 
economically significant impact on the forecast accuracy stems from the third factor 
when backcasting (see Fig. 11 in Appendix C). This indicates that more model fea-
tures are required to capture the more complicated dynamics since the COVID crisis.

5.3.2  Results Dataset

In comparing the different datasets described in Sect. 4, we find that the small dataset 
performs as good as the larger datasets in terms of forecast accuracy as showed in 

11  The base model specification includes 1 factor and 2 lags, and all coefficients are estimated using a 10 
year rolling window. The model is estimated using a small dataset including both public & non-public 
data, excluding series with a quarterly frequency. All series are corrected for extreme outliers and all sur-
vey data are included in first difference. The ragged edges in the data are constructed as if the data where 
downloaded on the first day of the month.
12  This outcome might raise the question if there is any increment from going from three to four factors. 
This increment is (very) small and is in line with the statistical tests conducted to determine the number 
of factors, following Bai and Ng (2002), and scree plot tests Catell (1966). Moreover, including too many 
factors can yield non-negligible estimation errors, or overfitting of the model (see e.g., Miranda et al 2022 
and Barigozzi and Cho 2020).
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Fig. 2. Hence, a model that only includes series that measure total economy concepts 
performs equally well compared models estimated using larger datasets.13 This may 
be attributed to the challenges of extracting a relevant signal when dealing with indi-
cators of varying quality, as highlighted by Boivin and Ng (2006) and Bańbura and 
Modugno (2014). Our findings align with the existing literature (e.g., Caggiano et al., 
2011 and Havrlant et al.,2016) suggesting that small to medium sized datasets (typi-
cally containing 10-30 variables) perform just as well as models with larger datasets 
(containing over 100 variables). The results remain consistent across different time 
periods, including the tranquil pre-COVID period and the period without the COVID 
crisis.

When considering the type of data to include, Fig. 2 indicates that incorporating 
surveys strongly and significantly improves forecast accuracy. This results is appar-
ent in both the pre-COVID period as well as the period without COVID. Further-
more, adding quarterly data (such as production capacity and sub-components of 
GDP) does not lead to improved forecast accuracy in our sample. Measured over the 
total sample period, adding series from restricted data sources (Refinitiv, FD) does 
not impact the forecast accuracy, and this results is quite persistent.14 There is one 
exception: Adding the restricted series lowers the average RMSFE of the backcasts 
during the no-COVID period by 14%. This implies that including restricted series 
increases the forecast accuracy of backcast after the COVID crisis.

13  The gains from using a large dataset are comparatively small. Measured over the total sample the dete-
rioration is statistically significant, but economically, the deterioration is not sizable (3%).
14  The FD-indicators significantly improves the forecast accuracy in a nowcasting model over a longer 
sample. This is also one of the reasons why we opt to include FD-indicators, see Van Dijk & De Winter 
(2023).

Fig. 1  Impact of model-specification on forecast accuracy, full sample Note: Impact of features on out-
of sample mean squared forecast, compared to base model, in percent
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Based on these findings, we conclude that expanding the dataset size and incor-
porating quarterly data do not necessarily enhance forecast accuracy. However, poli-
cymakers might still prefer a medium-sized or large dataset over a small one, for 
the purpose of interpreting the information conveyed by their releases. Notably, the 
inclusion of survey indicators significantly improves forecast accuracy and should be 
considered. Although adding restricted data to the dataset does not increase the fore-
cast accuracy, it also does not hurt. Some indicators, such as the PMI and financial 
market data are strongly favored by policy makers and we therefore include them in 
our model. We decide to opt for a medium-sized dataset including survey indicators 
and series from restricted data sources. We do not include quarterly data.

5.3.3  Results Outliers & Transformation

Fig. 3 shows the impact of outlier correction and transformation of survey variables. 
We find that a mild correction for outliers appears to be sufficient.15 The forecast 
accuracy is not adversely affected by using a more stringent outlier correction. Using 

15  As stated in Sect. 5.2, we define a mild outlier correction as a winsorization at the median ± three times 
the empirical interquartile range. For a strong outlier correction we winsorize at the median ± two times 
the empirical interquartile range. Note that the outlier correction is conducted over the estimation window. 
We calculate the forecast accuracy using the true (non-outlier corrected) GDP growth.

Fig. 2  Impact of choice of data on forecast accuracy Note: Impact of features on out-of-sample mean 
squared forecast, compared to base model, in percent
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no outlier correction strongly worsens accuracy, especially in one-quarter-ahead fore-
casts. It can lead to a 37% lower accuracy for forecasts in the period excluding the 
COVID crisis and 27% lower forecast accuracy in the pre-COVID period.

Given the debate in the literature on inclusion of surveys in level or first difference, 
we tested both specifications. As shown in Fig. 3, there is no significant difference 
between including surveys in levels and in first difference when all horizons are con-
sidered. The improved forecast accuracy in the one-quarter-ahead forecasts is offset 
by poor forecasting performance in the other forecast horizons. Hence, we do not find 
convincing evidence for including surveys in first difference or in levels. This claim 
is robust to analyzing the periods before and without the COVID crisis.

5.3.4  Results Timing

The results presented in Fig. 4 show that when time passes by and more information 
gets available, the forecast accuracy increases. Measured over the full period, the 
nowcasts and backcasts are 25% and 39% more accurate than the one-quarter-ahead 
forecasts, respectively. The same logic applies when forecasting later in the quarter: 
forecasting in the third month of a quarter improves the forecast accuracy by 9% 
compared to the first month. Measured over the complete sample, this effect is much 
more pronounced for the nowcasts than the one-quarter-ahead forecast. Note that for 
backcasts we do not find a significant improvement in the second month compared 

Fig. 3  Impact of outlier correction & transformation on forecast accuracy Note: Impact of features on 
out-of sample mean squared forecast, compared to base model, in percent
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to the first month. This indicates that the most important information for backcasting 
a quarter is already available at the first month. More details on when data become 
available is provided in Appendix C.1.

The differences in forecasting at the beginning, middle, or end of the month are 
neither economically meaningful nor statistically significant. This result implies that 
it is much more important whether you are backcasting, nowcasting, or forecasting a 
quarter, and which specific month you are in within a quarter, rather than the specific 
day of the month.

5.3.5  Final Model Specification

Based on our empirical results we construct an optimal model to produce backcasts, 
nowcasts and one-quarter-ahead forecasts. The model has three dynamic factors, each 
with a single lag. The medium database is chosen to estimate the model parameters 
and we apply a mild outlier correction method to all series. We include survey data 
and data from restricted sources, but we abstain from including quarterly data. As 
we do not find clear evidence for including survey data in first differences or levels, 
we estimate the model twice using both options. We take the simple average of the 
two model forecasts as our final forecast. Optimizing this simple average using tech-
niques like Bayesian model averaging could open up an avenue for further research.

Fig. 4  Impact of timing on forecast accuracy Note: Impact of features on out-of sample mean squared 
forecast, compared to base model, in percent

 

1 3

681



M. van Rooijen et al.

6  Comparison to Benchmark Models

This Section compares the forecast accuracy of our optimal model based on Bańbura and 
Modugno (2014) (hereafter BM) with a number of benchmark models.16. The benchmark 
models considered are a random walk model, an autoregressive model with one lag and 
a popular alternative dynamic factor model specification (Baǹbura and Runstler, 2011). 
Additionally, we report the relative forecast accuracy of BM against the forecasts of pro-
fessional analysts, the Consensus Forecasts.

6.1  Comparing Forecast Accuracy

Table 2 presents the main outcomes of the comparison. Panel (a) shows the out-of-sample 
relative Root Mean Squared Forecast Error (rRMSFE) of the benchmark models and the 
Consensus Forecasts over the total evaluation period, i.e. the period 2013Q3–2023Q3. All 
RMSFEs are in relative terms (rRMSFE) against BM, i.e.: rRMSFEALT = RMSFEALT

RMSFEBM
. 

Here, ALT denotes the forecast of the alternative, i.e. one of the benchmark models or 
the Consensus forecasts. A value higher (lower) than 1 indicates that the RMSFE of the 
alternative forecast is higher (lower) than the RMSFE of BM. Bold cells indicate the 
cases where the alternative model RMSFE is at least 5% higher than the RMSFE of 
BM. Starred entries (∗, ∗∗, ∗∗∗) indicate that the one-sided Diebold and Mariano (1995) 
test indicate the difference is statistically significant at the 10%, 5%, and 1% levels, 

16  This model is actually used by the DNB to produce GDP nowcasts for the Dutch economy. The esti-
mates are published on a monthly frequency on the website of DNB.

Table 2  Relative RMSFE of benchmark models and Consensus forecasts versus BM
Backcast Nowcast 1Q Ahead forecast
M2 M1 M3 M2 M1 M3 M2 M1

(a) Total evaluation period: 2013Q3 - 2023Q3 (N= 41)
 Random walk 1.21** 1.21** 1.20** 1.19*** 1.14*** 1.07** 0.96 1.00
 Autoregressive model 1.20** 1.20** 1.19* 1.09 1.04 0.98 0.94 0.98**
 Dynamic factor model B&R 0.99 1.03 1.05 1.00 1.05 1.02 0.96 0.97
 Consensus forecast 0.68 0.68 0.67 0.87 0.84 0.79 0.91 0.95
(b) Pre-COVID: 2013Q3 - 2019Q4 (N= 26)
 Random walk 1.30* 1.28* 1.23* 1.18* 1.20** 1.06 1.31** 1.30
 Autoregressive model 1.11 1.10 1.06 1.00 1.02 0.90 1.00 0.99
 Dynamic factor model B&R 1.06 1.08 1.06 1.08* 1.11** 0.98 1.02 1.02
 Consensus forecast 1.35** 1.33** 1.27** 1.00 1.02 0.90 0.84 0.84
(c) No-COVID: 2013Q3 - 2023Q3, excluding 2020Q1 -2020Q3 (N = 38)
 Random walk 1.40** 1.21** 1.19** 1.19*** 1.14*** 1.07** 0.95 1.00
 Autoregressive model 1.27* 1.27* 1.22 1.24* 1.17* 1.00 0.98 0.95
 Dynamic factor model B&R 1.05 1.04 1.01 1.01 1.01 0.88 0.88 0.88
 Consensus forecast 1.49** 1.48** 1.43** 0.98 0.92 0.79 0.81 0.78
Bold cells indicate the RMSFE is at least 5% worse than BM. Starred entries (*, **, ***) indicate that 
the one-sided Diebold-Mariano test (alternative is worse than the baseline) is significant at the 10%, 5%, 
and 1% levels, respectively
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respectively.17 Panel (b) shows the outcomes for the same key figures for the Pre-COVID 
period, whilst Panel (c) shows the outcomes for the entire period excluding COVID. The 
outcomes in Table 2 point to several interesting results.

First, BM backcasts and nowcasts are generally more accurate than the random walk 
and autoregressive models, further the “naive benchmark models”. This conclusion spe-
cifically holds in the total evaluation period and the period without the volatile COVID 
quarters. Although we find somewhat lower significance levels in the DM test regarding 
the pre-COVID, the rRMFSE still points towards an advantage of BM over the naive 
benchmark models. When forecasting one-quarter-ahead BM does not always beat the 
naive benchmark models. This is a well-known phenomenon in the literature: DFMs per-
form well when information on the quarter to forecast is partly known, but does not nec-
essarily have the competitive edge when the forecast horizon is longer and no information 
on the quarters is available, see e.g. Giannone et al. (2008) and Jansen and de Winter 
(2018). The added value of BM increases when more data for the forecasted quarter arrive 
and can increase up to 40% for the period excluding the COVID period.

Second, comparing the outcomes in panel (a) of Table 2 with the outcomes in panel 
(b) and (c) of Table 2 it is evident that the competitive edge of BM over the naive bench-
mark models diminished during the COVID crisis. This is not surprising, as the onset and 
severity of the crisis were largely unapparent in the monthly data releases, partly because 
all series were adjusted for extreme outliers.

Third, BM outperforms the popular dynamic factor model of Bańbura and Rünstler 
(2011) in the pre-COVID period, but only by a small margin. We observe a moderate, 
but insignificant, improvement of 7% on average when backcasting. The nowcasts of 
BM perform up to 11% better in the pre-COVID period compared to the model proposed 
by Bańbura and Rünstler (2011). However, measured over the whole sample as well as 
excluding the COVID crisis, both models have a rather similar forecast accuracy. Note 
that BM has some practical advantages over the model introduced in Bańbura and Rün-
stler (2011), such as the ability to cope with missing values in an elegant manner.18

Fourth, BM outperforms the Consensus forecasts when nowcasting and backcasting 
in normal times, but Consensus forecasts are more accurate in times of large distress. 
This result has been documented before in Jansen and de Winter (2018), Liebermann 
(2014) and Lundquist and Stekler (2012). It reflects the inability of mechanical statistical 
models to incorporate expert knowledge. Professional forecasters are very responsive to 
the latest information about the state of the economy that is not captured in the monthly 
indicators and can adjust their forecasts quickly. Strikingly, professional analysts fail to 
produce accurate back- and nowcasts during tranquil times, and the forecast accuracy is 
the mirror image of the good forecast performance during the COVID crisis. Over the 
whole evaluation period excluding the three COVID quarters the professional analysts 
are beaten by a 46% margin by BM when backcasting.

17  The RMSFEs are based on the most recent realization of GDP growth, the outcomes are robust to using 
the “first estimate” of GDP growth of CBS at the time of release.
18  Besides the arbitrary pattern of missing values, BM employs the EM algorithm accounting for uncer-
tainty in factor extraction. Furthermore, Bańbura and Modugno (2014) provide a comparison between 
their model and the model of Bańbura and Rünstler (2011) and find that both methods perform similar in 
terms of forecast accuracy.
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6.2  Comparing the Evolution of Forecast Accuracy in Time

Fig. 5 casts the outcomes in Table 2 into the time dimension, showing the cumulative sum 
of squared error difference (CSSED) moving forward in time, calculated as the cumulative 
sum of squared errors of the alternative model minus the cumulative squared error of BM. 
A CSSED below zero indicates that the alternative model’s forecasts have a lower CSSE up 
until that that point in time, and are therefore more accurate than BM. If the CSSED is above 
zero this indicates the reverse and the alternative model has a a lower forecast accuracy at 

Fig. 5  Cumulative sum of squared error difference (CSSED) Note: CSSED calculated for the average 
errors in the backcast (M1 and M2), nowcast (M1, M2 and M3) and 1 quarter ahead forecast (M1, M2 
and M3). A CSSED above zero indicates better performance of BM versus a benchmark
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that point in time. Furthermore, an increase in the CSSED indicates that the model perfor-
mance of the alternative model is decreasing vis-a-vis BM. A decline indicates the opposite.

The left-hand graphs in panel a, b and c of Fig. 5 describe the evolution of the CSSED’s 
over the entire evaluation period for the backcasts, nowcasts and one-quarter-ahead fore-
casts, respectively. The left-hand graphs of Fig. 5 obscure the development prior to the 
COVID crisis due to significant shifts in the relative forecast accuracy of the models in 
COVID. To gain a clearer understanding of the pre-COVID CSSED evolution, the right-
hand graphs display the CSSED up to the COVID period for the backcast, nowcast, and 
one-quarter-ahead forecast, respectively.

Panel a of Fig. 5 shows that when backcasting, the forecasting advantage of the Consen-
sus forecast solely stems from the COVID period. There is a huge and sudden decline in 
the CSSE of the Consensus forecast vis-a-vis BM. After COVID, there is an upward trend 
in the red line, indicating that BM regained some of its forecasting advantage. The COVID 
period caused a significant decline in the forecast accuracy of the autoregressive model, as 
evidenced by the large increase in the green line. The alternative dynamic factor model 
(Bańbura and Runstler, 2011) showed no noticeable change, suggesting that its forecast 
accuracy during backcasting remained roughly the same as BM.

The evolution of the CSSED for the nowcasts (Panel b of Fig. 5) is similar to that for the 
backcasts, though by a lesser extent. A notable difference is the significant deterioration in 
the forecast accuracy of the dynamic factor model of Bańbura and Rünstler (2011). When 

Fig. 6  GDP forecasts and contributions Note: Panel (a) displays the GDP backcast for 2025Q2 and 
the GDP nowcast for 2025Q3, both made on 15-07-2025. The forecasts represent quarter-on-quarter 
growth rates in percentages. Panel (b) shows the contribution of each group to the 2025Q2 backcast in 
percentage points, as described in Sect. 3.2
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forecasting one-quarter-ahead (panel c of Fig. 5), the models are slightly more accurate 
than BM measured over the entire period. In line with the outcomes in Table 2, the differ-
ences are quite small, and are mainly caused by deviating forecast performance during the 
COVID crisis.

Interestingly, the forecast accuracy of the Consensus forecasts was declining compared 
to BM in the period leading up to the crisis, for both the backcasts (panel a) and the nowcasts 
(panel b). Note that the scale of this decline is significantly smaller than that shown in the 
left-hand graphs. Additionally, there was a noticeable deterioration in the forecast accuracy 
of the dynamic factor model by Bańbura and Rünstler (2011) compared to BM, starting in 
the second half of 2015 and continuing right up to the COVID crisis. This trend is observed 
in backcasts, nowcasts, as well as one-quarter-ahead forecasts.

Fig. 7  Nowcast revisions and news Note: Panel (a) presents all GDP forecasts made between 04-
03-2025 and 15-07-2025, along with the 68% confidence interval. The forecasts represent quarter-
on-quarter growth rates in percentages. Panel (b) Illustrates how new data releases impact the GDP 
forecasts, with the sum of each bar in (b) corresponding to the change in the GDP forecasts in (a). The 
news concept is described in Sect. 3.3
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7  Nowcasting in Practice

In this Section we illustrate how we use the nowcasting model described in this paper in 
practice. The model is updated bi-weekly, providing policymakers with timely GDP esti-
mates that are used in making economic projections. We take the nowcast episode for 
2025Q2 as an example.

Figure 6a shows the backcast for 2025Q2 and the nowcast for 2025Q3, as estimated on 
15 July 2025. The shaded area indicates the 68% confidence interval, based on the smoothed 
state variance obtained from the Kalman smoother. Policymakers typically require more 
than a point estimate and a confidence interval to interpret economic developments. There-
fore, we compute the contribution of each variable to the nowcast, as described in Sect. 3.2. 
Since the data are divided into eight groups (see Sect. 4), we sum the contributions of series 
within a group.

Figure 6b shows the contribution of each group to the GDP backcast for 2025Q2. Most 
groups contribute negatively, resulting in a GDP forecasts below its long-term average. 
In particular, the output and income group exhibits a substantial negative contribution. 
Although some individual variables contribute positively, as shown in Appendix D, the 
negative contributions dominate resulting in a GDP forecasts of 0.08% for 2025Q2.

The contributions provide a breakdown of the nowcast at a certain point in time. How-
ever, policymakers monitor new data releases and adjust their expectations for the GDP 
forecasts. We use the procedure outlined in Sect. 3.3 to extract the news from data releases 
that lead to revisions in the GDP nowcast.

Figure 7a show the revisions made to the 2025Q2 GDP forecasts, from the initial esti-
mate on 04-03-2025 to the final estimate on 15-07-2025. The sum of each bar in Fig. 7b 
corresponds to the change in the GDP forecasts shown in Fig. 7a. This figure illustrates how 
turbulence in the stock market and negative surprises in output and income variables for 
April pushed GDP forecasts into negative territory, followed by a partial rebound after the 
release of May data. Ultimately, the realized GDP growth rate for 2025Q2 was 0.2%, well 
within the confidence interval.

Note that Fig. 7b includes an additional group labeled Data & parameter revisions. This 
residual group accounts for changes in GDP forecasts resulting from revisions in published 
data releases. Additionally, since the model is re-estimated at each point in time, GDP fore-
casts are also influenced by parameter revisions. Further research could investigate model-
ing data and parameter revisions similar to Anesti et al. (2022).

8  Conclusion

This paper provides a comprehensive guide for practitioners on designing a now-
casting model for GDP growth. We demonstrate how to compile a novel database 
that includes a broad range of economic indicators. Using a dynamic factor model 
proposed by Bańbura and Modugno (2014), we conduct a forecast competition and 
assess the forecast errors resulting from various modeling choices. We find that a 
multi-factor model with a parsimonious lag structure, estimated on a medium sized 
dataset including survey data, delivers the most accurate forecasts for Dutch GDP 
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growth. Moreover, our model outperforms the Consensus Forecasts in the non-COVID 
period.

We illustrate how to use our nowcasting model in practice, offering policymakers valu-
able insights beyond point estimates of GDP growth. The methodologies outlined in this 
paper can easily be adopted by other central banks to design nowcasting models tailored 
to their economies.

Appendix

State Space Representation of Mixed Frequency DFM

A notable challenge for nowcasting models is the discrepancy between quarterly GDP 
growth figures and the monthly frequency of macroeconomic time series. Restricting 
our dataset to quarterly variables would render the model inadequate for real-time fore-
casting. Real-time forecasting requires regularly updated information, much of which is 
received monthly. Fortunately, mixed frequency datasets can be integrated into the factor 
model by treating lower frequency series as high-frequency indicators with missing data. 
As a result, information from indicators collected at a lower frequency (mainly GDP) can 
still be used to estimate the factors. The model can also be employed to forecast the lower 
frequency series or enhance their interpolation. To achieve this, we represent the quarterly 
variables in our model as partially observed monthly variables. Initially, we use the quar-
terly GDP in volume terms to define its monthly counterparts as follows:

	 GDP Q
t = GDP M

t + GDP M
t−1 + GDP M

t−2 for t = 3, 6, 9, . . .� (A.1)

Additionally, we specify the transformations:

	 Y Q
t = 100 × log (GDP Q

t )� (A.2)

	 Y M
t = 100 × log (GDP M

t )� (A.3)

Using Eqs. A.1 and A.3, we can define the monthly and quarterly GDP growth rates as 
follows:

	 yQ
t = Y Q

t − Y Q
t−3� (A.4)

	 yM
t = Y M

t − Y Q
t−1� (A.5)

Next, we define the monthly representation of the quarterly growth rate (ȳQ
t ) as:

	
ȳQ

t =
{

Y Q
t − Y Q

t−3 if t = 3, 6, 9, . . .
NA otherwise � (A.6)
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In ȳQ
t  the quarterly growth rates are in fact are ‘assigned‘ to the third month of each quar-

ter, following the usual convention in the nowcasting literature. To bridge ȳQ
t  to yQ

t  we 
follow the approximation developed by Mariano and Murasawa (2003), i.e.:

	 ȳQ
t = Y Q

t − Y Q
t−3 = (Y M

t + Y M
t−1 + Y M

t−2) − (Y M
t−3 + Y M

t−4 + Y M
t−5)� (A.7)

	 = yM
t + 2yM

t−1 + 3yM
t−2 + 2yM

t−3 + yM
t−4� (A.8)

where yM
t  and ȳQ

t  denote the nM × 1 and nQ × 1 vectors of monthly and quarterly data, 
respectively. Further, let ΛM  and ΛQ denote the corresponding factor loadings for the 
monthly yM

t , and for the unobserved monthly growth rates of the quarterly yQ
t , respec-

tively. We can then cast the model in the following state space representation. The mea-
surement equation is defined as:

	

[
yM

t

ȳQ
t

]
=

[
ΛM 0 0 0 0 In 0 0 0 0 0
ΛQ 2ΛQ 3ΛQ 2ΛQ ΛQ 0 InQ

2InQ
3InQ

2InQ
InQ

]




ft
ft−1
ft−2
ft−3
ft−4
ε M

t

ε Q
t

ε Q
t−1

ε Q
t−2

ε Q
t−3

ε Q
t−4




+
[

ξM
t

ξQ
t

]

� (A.9)

and the transition equation:

	




ft
ft−1
ft−2
ft−3
ft−4
ϵ̃M

t

ϵ̃Q
t

ϵ̃Q
t−1

ϵ̃Q
t−2

ϵ̃Q
t−3

ϵ̃Q
t−4




=




A1 0 0 0 0 0 0 0 0 0 0
Ir 0 0 0 0 0 0 0 0 0 0
0 Ir 0 0 0 0 0 0 0 0 0
0 0 Ir 0 0 0 0 0 0 0 0
0 0 0 Ir 0 0 0 0 0 0 0
0 0 0 0 0 ρM 0 0 0 0 0
0 0 0 0 0 0 ρQ 0 0 0 0
0 0 0 0 0 0 InQ

0 0 0 0
0 0 0 0 0 0 0 InQ

0 0 0
0 0 0 0 0 0 0 0 InQ

0 0
0 0 0 0 0 0 0 0 0 InQ

0







ft−1
ft−2
ft−3
ft−4
ft−5
ϵ̃M

t−1
ϵ̃Q

t−1
ϵ̃Q

t−2
ϵ̃Q

t−3
ϵ̃Q

t−4
ϵ̃Q

t−5




+




ut
0
0
0
0
eM

t

eQ
t

0
0
0
0




Here, ρM = diag(ρM,1, . . . , ρM,nM
) and ρQ = diag(ρQ,1, . . . , ρQ,nQ

) collect the 
AR(1) coefficients of the idiosyncratic component of monthly and quarterly data. As 
described above ξM

t  and ξQ
t  have fixed and small variances.19

The state-space form allows inference using the Kalman filter and smoother. The 
state space framework also provides a convenient framework for handling the irregu-
larities of the data in real time (i.e., mixed frequencies and non-synchronicity of the 
data releases) and updating the forecasts. The Kalman filter processes incoming data 

19  Notice that the size of the state-vector quickly expands when the VAR order increases. Notice that this 
expansion comes at exponentially increasing computational time.
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in a clear and intuitive manner. It updates model forecasts recursively by weight-
ing the innovation components of new data based on their timeliness and quality. 
Additionally, because the model generates forecasts for all variables simultaneously, 
analyzing the data flow does not require combining multiple unrelated models.

Model Estimation

We estimate the dynamic factor model using an algorithm developed by Bańbura and 
Modugno (2014), which is a modification of the original Expectation Maximization 
(EM) algorithm first introduced by Dempster et al. (1977). Since the factors ft are 
unobserved, the maximum likelihood estimators of the model parameters do not have 
a closed form solution. The idea of the EM algorithm is to first compute the expec-
tation of the (log) likelihood conditional on the data and a set of parameters (from 
the previous iteration or from the initialization). The second step is to maximize the 
expected (log) likelihood by re-estimating the parameters. This two-step procedure 
continues until convergence.

The initial values for parameters are obtained similarly to Giannone et al. (2008). 
First, F = [ft, ..., fT ] and Λ from Eq. 1 are estimated using principal components 
derived from the covariance matrix of the standardized data Y = [yt, ..., yT ]. Next, 
we initialize the coefficients A = [A1, ..., Ap] and the covariance matrix Q from 
Eq. 2 by applying a VAR to F̂ . Finally, the parameters from the AR(1) process of the 
idiosyncratic component ρi and σ2

i  are initialized using ϵ̂t = yt − Λ̂f̂t.

Given these initializations, the Kalman smoother provides the expected log likeli-
hood for the first step of the EM algorithm. In the second step, EM algorithm updates 
the parameters such that the expected log likelihood is maximized. For the algorithm 
to converge, we use the following metric as stopping criterion:

	
cm = l(ΩT ; θ(m)) − l(ΩT ; θ(m − 1))

1
2 (|l(ΩT ; θ(m))| + |l(ΩT ; θ(m − 1))|) � (A.10)

where l(ΩT ; θ(m)) denotes the log-likelihood of the data ΩT  conditional on the 
parameter vector θ at iteration m. The algorithm is stopped at iteration M if cm < 10−5 
or M = 500, whichever condition is met first.

Dataset

Additional Results

Availability of Data Within the Quarter

Figure 8a shows the average RMSFE across all models and forecasted quarters 
discussed in Sect.  5. Figure  8b shows the share of observations available at each 
forecasts, based on the publication lags of the variables. The total number of observa-
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tions per quarter equals the number of monthly variables multiplied by three, plus the 
number of quarterly variables, all listed in Table 3. The timing of forecasts, nowcasts 
and backcast is also explained in Table 1.

Table 3  Overview of variables in small, medium-sized and large datasets

Freq. frequency of series (M=monthly, Q= Quarterly), Trans. transformation of series, Ln take 
logarithm (X= yes, O= no), Diff. take first difference of series (X= Yes, O= No),  source of series (CBS: 
Statistics Netherlands, BVNL Betaalvereniging Nederland, EC European Commission, ECB European 
Central Bank, Eurostat Eurostat, FD Financieele Dagblad, Refinitiv Refinitiv), Start start mont/quarter 
of series, Publ. Lag publication lag of series in days; negative publ. lag implies serie is released n days 
before the end of the month. Type soft (survey-based indicators) or hard (objective economic measures)
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 Table 4  Overview of variables in small, medium-sized and large datasets

Freq. frequency of series (M=monthly, Q= Quarterly), Trans. transformation of series, Ln take 
logarithm (X= yes, O= no), Diff. take first difference of series (X= yes, O= NO), source of series (CBS 
Statistics Netherlands, BVNL Betaalvereniging Nederland, EC European Commission, ECB European 
Central Bank, Eurostat: Eurostat, FD Financieele Dagblad, Refinitiv Refinitiv), Start start mont/quarter 
of series, Publ. Lag publication lag of series in days; negative publ. lag implies serie is released n days 
before the end of the month. Type soft (survey-based indicators) or hard (objective economic measures)
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Overall, we observe that forecast accuracy improves as more information becomes 
available.20 Given that forecasts are produced at the first day of the month, informa-
tion regarding a quarter starts to appear from the second month onward. Moreover, by 
the third month, approximately 50% of the observations are available for the current 
quarter and all observations for the previous quarter. Note that Q(0) never reaches 
full availability, even when backcasting in the second month after the quarter ends, 
because some variables are released alongside GDP and thus cannot be used when 
forecasting the current quarter.

20  The exception to the monotonic improvement in RMSFE is Forecast M1, which is based on the full 
sample. However, this exception disappears when the COVID period is excluded.

Fig. 8  RMSFE and data availability Note: Panel (a) reports the average Root Mean Squared Forecast 
Error across all DFM model specifications evaluated in Sect. 5 in the period 2013Q3-2023Q3, broken 
down by forecasting horizon as defined in Table 1. Panel (b) Shows the cumulative percentage of ob-
servations that become available over time, based on the publication lag of each variable reported in 
Table 3. Q(-1), Q(0), and Q(1) denote the previous, current, and next quarter, respectively. For instance, 
by the third month of the current quarter (Nowcast M3), 50% of its observations are available, while all 
observations from the previous quarter have been released
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Fig. 9 illustrates the availability of different types of observations for the previous 
quarter Q(-1) per forecasting horizon. Soft data refers to survey-based indicators, 
while hard data consists of objective economic measures. Table 3 classifies each vari-
able as either soft or hard. We observe that soft data are typically released earlier, 
whereas hard data tend to have longer publication lags. It remains difficult to disen-
tangle whether the reduction in RMSFE is primarily driven by the timely release of 
soft indicators or the delayed availability of hard indicators. Bańbura and Rünstler 
(2011) address this issue and conclude that both types of indicators are important, 
once publication lags are appropriately considered.

Fig. 9  Availability Soft and Hard data Q(-1)
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Fig. 10  Impact of model-specification on forecast accuracy: pre-COVID period Note: Impact of fea-
tures on out-of sample mean squared forecast, in percent

 

Results Pre-COVID Period: 2013Q3 – 2019Q4
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Fig. 11  Impact of choice of data on forecast accuracy: pre-COVID period Note: Impact of features on 
out-of-sample mean squared forecast, in percent
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Fig. 12  Impact of estimation & transformation on forecast accuracy: pre-COVID period Note: Impact 
of features on out-of sample mean squared forecast, in percent

 

Fig. 13  Impact of timing on forecast accuracy: pre-COVID period Note: Impact of features on out-of 
sample mean squared forecast, in percent
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Results No-COVID Period: 2013Q3 – 2019Q4 & 2020Q4-2023Q3

Fig. 14  Impact of model-specification on forecast accuracy: no-COVID period Note: Impact of fea-
tures on out-of sample mean squared forecast, in percent
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Fig. 15  Impact of choice of data on forecast accuracy: no-COVID period Note: Impact of features on 
out-of-sample mean squared forecast, in percent

 

1 3

699



M. van Rooijen et al.

Fig. 16  Impact of estimation & transformation on forecast accuracy: no-COVID period Note: Impact 
of features on out-of sample mean squared forecast, in percent

 

Fig. 17  Impact of timing on forecast accuracy: no-COVID period Note: Impact of features on out-of 
sample mean squared forecast, in percent
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Contributions of Individual Variables

Fig. 18  Contributions of individual variables Note: Contributions of all variables to the 2025Q2 back-
cast made at 15-07-2025 displayed in Fig. 6a
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