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1 Introduction

Nowcasting has become an essential tool in academic, finance, and government, to exploit
high-frequency information to monitor economic activities. Stock and Watson (2017) re-
garded nowcasting as one of the top ten developments in twenty years of time series econo-
metrics research. A wide range of models has been used in nowcasting, which we categorize
into two classes: (1) traditional econometric models and (2) machine learning algorithms
(ML), according to Table 1. The former were developed first and has been used by many
institutions such as the Federal Reserve Bank of New York, the Federal Reserve Bank of
Atlanta, and the Bank of England. Recently, ML algorithms have gained prominence in
nowcasting applications, as used in Soybilgen and Yazgan (2021), Dauphin et al. (2022),
Barhoumi et al. (2022)), and many others.

Table 1: List of Evaluated Models
This table presents a list of models from the two classes - traditional econometric models and machine
learning algorithms - that are evaluated in this paper.

Traditional Econometric Models Machine Learning Algorithms
1. Bridge

2. MIDAS

3. U-MIDAS

4. MIDAS-PC

5. U-MIDAS-PC

6. Three Pass Regression Filter (TPRF)

7. Dynamic Factor Model (DFM)

1. LASSO

2. Elastic Net

3. Decision Tree (DT)

4. Random Forest (RF)

5. Light GBM

6. XGBoost

7. Support Vector Regression – Radial basis (SVRR)

8. Support Vector Regression – Linear basis (SVRL)

9. Support Vector Regression – Polynomial basis (SVRP)

10. Neutral Network (NNET)

11. Long Short-Term Memory Neutral Network (LSTM)
Ensemble methods: LASSO-DT, LASSO-DT-SVRP,

LASSO-SVRP-NNET, and LASSO-RF-SVRR

We thoroughly evaluate real-time GDP nowcasting performance of an extensive set of
models from these two classes in a single-country time series context. Our evaluation is
one of, if not, the most comprehensive in the literature, encompassing (1) multiple country
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cases, (2) both theoretical (simulation) and empirical settings, and (3) the broadest range of
models. Unlike many studies that benchmark against a single model like a simple ARIMA,
we rigorously compare performance of each model against almost all models that have been
used in nowcasting.

Ex-ante, no theory establishes the superiority of any one model over others for GDP
nowcasting. Literature found strong performance across both classes of models. Several
studies such as Dauphin et al. (2022) and Forini and Marcellino (2013, 2014), highlighted
that nowcasting performance varied based on data, countries, or time periods analyzed.
Nonetheless, we question the effectiveness of ML or complex (highly parameterized) models
in GDP nowcasting in a single-country application. A key practical challenge is the short
span of GDP data for a majority of countries (Figure 1). Over half of the countries in
the world have fewer than 100 GDP observations, with maximum around 300 observations,
which are are relatively small in the context of machine learning applications. Thus, simple
models can minimize the risk of overfitting and produce strong predictive performance.

Figure 1: Number of GDP observations across the world, as of July 6, 2024.
The left (right) chart plots a histogram of the number of quarterly (annual) GDP observations for countries
that publish quarterly (annual) GDP.

Our simulations, which cover cases of both linear and nonlinear Data Generating Pro-
cesses (DGP) reveal that certain traditional econometric model or linear ML algorithms
demonstrate strongest out-of-sample performance. In particular, TPRF often ranks first in
both linear and non-linear DGPs, followed by linear ML algorithms such as Elastic Net and
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Lasso, respectively. Armong the ML algorithms, linear algorithms such as Elastic Net and
Lasso tend to outperform more complex ones including random forest, support vector re-
gressions (SVRL, SVRP, SVRR), and neural networks (NNET). Those linear ML algorithms
emerge as the best performer, when the number of observations is sufficiently large, i.e. ex-
ceeding 100, and the DGP is linear. When the sample size is small, the TPRF performs the
best.

Next, we assess the pseudo-real-time nowcasting performance of traditional economic
models and ML algorithms, listed in Table 1, for each of the six countries: China, France, In-
dia, Mauritius, Türkiye, and Vietnam. Although the number of countries studied is limited,
this set of countries cover diverse characteristics in terms of the availability of high-frequency
indicators and GDP observations. In most countries, traditional econometric models, par-
ticularly Bridge or DFM, are the top performers. Notably, Bridge model delivers strong
nowcasting performance in all the six countries. In Türkiye and India, linear ML algorithms
– Lasso or Elastic Net – are the best performers. Among the ML algorithms, these two linear
ML algorithms outperform complex, non-linear algorithms, suggesting limited nonlinearity
or complex interactions in the underlying DGP.

Both our simulation and empirical analyses support the use of traditional econometric
models, such as Bridge or DFM, and linear ML algorithms for single-country GDP nowcast-
ing. These models reliably deliver robust nowcasting performance in the six country cases.
Complex non-linear model could overfit short GDP series, resulting in poorer nowcasting
performance, relative to simple models. As a caveat, our conclusions may depend on the
simulation design, high-frequency indicators, and the choice of countries.

2 Literature Review

Nowcasting has emerged as an essential tool for economists across academia, policy insti-
tutions, and the private sector. The formal introduction of the term "nowcasting" into
economics is attributed to the seminal work of Giannone et al. (2008). Their paper system-
atically illustrated how economists could incorporate real-time information to monitor the
state of the economy, thereby catalyzing a significant increase in research and applications in
this field. Today, numerous policy institutions, including central banks and financial insti-
tutions, have integrated nowcasting into their toolkits. Various methodologies are employed
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in nowcasting, which we broadly categorize into two classes: traditional econometric models
and ML algorithms.

The early development of nowcasting primarily focused on traditional econometric mod-
els. While there had been work to utilize high-frequency information to monitor economic
activities such as Miller and Chin (1996) and Rathjens and Robins (1993), Baffigi et al.
(2004) formalized nowcasting with the ’Bridge’ model, linking high- and low-frequency data
via aggregation and ordinary least squares (OLS). Concurrently, Gyesels et al. (2004, 2007)
developed a Mixed Data Sampling (MIDAS) regression model, which splits high-frequency
data into multiple low-frequency variables while imposing parameter restrictions to mitigate
parameter proliferation. Clements and Galvo (2008, 2009) further enhanced MIDAS by in-
corporating autoregressive (AR) terms. When frequency mismatches between the nowcast
target and high-frequency data are minimal, Forini et al. (2011) proposed using OLS to
estimate the Unrestricted Mixed Data Sampling (U-MIDAS) regression model, which does
not place any no restriction on high-frequency parameters.

Factor models are another valuable tool in nowcasting, as they summarize information
from numerous high-frequency indicators and effectively reduce the number of parameters.
Stock and Watson (2002) formalized the use of factor models in forecasting applications,
employing Principal Components (PC) for estimation. Marcellino and Schumacher (2010)
and Forini and Marcelino (2014) integrated factor modeling with MIDAS, in the MIDAS-
PC framework. Similarly, factors can be utilized in the U-MIDAS model, referred to as
U-MIDAS-PC. Giannone et al. (2008) introduced a dynamic factor model (DFM), which
can be estimated using the Kalman Filter algorithm, as in Doz et al. (2011). The DFM
is particularly useful in nowcasting due to its capacity to address ragged edge problems
and provide intuitive interpretations of news components and their impacts. Three-pass
regression filter (TPRF), developed by Kelly and Pruitt (2015), can also be applied to extract
factors with maximal correlation with a target variable. Forini and Marcellino (2013) offer
a comprehensive survey of econometric methods relevant to nowcasting, primarily focusing
on the traditional econometric models discussed above.

Recently, ML algorithms have been increasingly applied in nowcasting, due to their suc-
cess in real-world predictive applications. James et al. (2013) explained workhorse ML
algorithms used in predictive applications. Coulombe et al. (2022) argued non-linear ML is
useful for macroeconomic forecasting especially under uncertainties, partly due to its ability
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to capture non-linearity and its emphasis on minimizing out-of-sample RMSE over in-sample
loss. Hauzenberger et al. (2025) developed Bayesian Neural Networks, which were not in-
cluded in this paper, to deal with the small number of observations, typical of macroeconomic
data. Several studies have demonstrated the superior performance of ML algorithms in now-
casting in terms of minimizing RMSE. Examples included trees and random forest for US
GDP (Soybilgen and Yazgan (2021)); macroeconomic random forest and linear gradient
boosting for nowcasting World Trade (Chinn et al. (2023)); random forest for Dutch GDP
(Kant et al. (2022)) and for Türkiye GDP (Bolhuis and Rayner (2020)); Ridge for China
GDP (Zhang et al. (2023)); ML algorithms for European countries (Dauphin et al. (2022))
and for Sub-Saharan African countries (Barhoumi et al. (2022)); and ML algorithms with
non-traditional data input for Bolivia (Bolivar (2024))1.

Forecasting high-frequency indicators is an integral part of nowcasting underpinning all
the methods above. For a suitable nowcast, the indicators must cover the entire period being
nowcasted. If some high-frequency data have a few months or weeks not yet been released,
they can be extended by using, for instance, ARMA models. Some models such as DFM
can fill in the unreleased indicators internally, but they are still being forecasted. In our
paper, we evaluate performance at quarter-end, assuming that all high-frequency indicators
in each model are fully released. Hence, we do not analyze errors arising from forecasting
high-frequency indicators.

All the above ML algorithms or some traditional econometric models are not designed to
address frequency mismatch issues internally, as they are typically estimated at a single fre-
quency. This problem is typically mitigated outside the model through temporal aggregation.
In our ML applications, we report the lower RMSE from these two choices: averaging and
blocking2. To specifically tackle frequency mismatch, Babii et al. (2022) introduced Lasso-
MIDAS and Lasso-U-MIDAS. Babii et al. (2024) subsequently extended Lasso-MIDAS and
Lasso-U-MIDAS from a single time series to panel data.

Numerous institutions have adopted nowcasting tools to assess the economy in real-time.
The Federal Reserve Bank of New York employs the Dynamic Factor Model for GDP growth
nowcasting, as detailed by Bok et al. (2017) and Almuzara et al. (2023). Higgins (2014)

1Bolivar (2024) used satellite imageries as non-traditional data in his analysis.
2To implement, we compute quarterly average of monthly variables. For blocking, we split monthly

variables into three quarterly variables (each month relative to a quarter end).
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describes the Bridge model underpinning the GDPNow tool of the Federal Reserve Bank of
Atlanta. The Bank of England utilizes a suite of models for nowcasting UK and world GDP,
such as MIDAS, DFM, and Mixed Frequency Bayesian VAR, as explained by Per Anesti et
al. (2017), Kindberg-Hanlon and Sokol (2018), and Moreira (2025). The European Central
Bank (ECB) employs the Bridge model and DFM for nowcasting, as explained in ECB
(2008), Angelini et al. (2008), and Banbura and Saiz (2020). Linzenich and Meunier (2024)
from the ECB have developed a programming toolkit for running several nowcasting models,
including Bridge, DFM, and Bayesian VAR. Emerging market central banks also utilize
relatively simple nowcasting methods; for instance, Heng et al. (2024) describe the Bridge,
MIDAS, and U-MIDAS models employed by the National Bank of Cambodia. improve this
sentence: Dauphin et al. (2022) and Barhoumi et al. (2022), from the IMF, applied various
ML algorithms to GDP nowcasting in Europe and Sub-Saharan Africa respectively.

Many studies have evaluated the performance of different nowcasting models. While
support exists for all models mentioned, a consensus in the literature is that no single model
is universally superior, as nowcasting performance can vary significantly based on data,
countries, or time periods, as echoed by Dauphin et al. (2022), Forini and Marcellino (2013,
2014), among others. Forini and Marcelino (2014) found that the simple Bridge model
performed well overall in nowcasting Euro Area GDP and its subcomponents. Kuzin et al.
(2011) reported that MIDAS-AR performed effectively for short horizons, while MF-VAR
excelled in long horizons for Euro Area GDP nowcasting. Lizenich and Meunier (2024)
established an automated framework for various traditional econometric nowcasting models,
concluding that a four-factor DFM performed best in nowcasting global GDP. Anesti et al.
(2017) and Moreira (2025) found that MIDAS was the top performer in nowcasting UK GDP
among the models utilized by the Bank of England. Yet, when nowcasting World GDP in
the BoE, Kindberg-Hanlon and Sokol (2018) noted MIDAS excelled in normal times, while
DFM was more effective during crises. In contrast, Banbura and Saiz (2020) highlighted the
findings from the ECB’s 2015 review that DFM is more susceptible to structural changes,
such as crises, compared to the Bridge model.

The closest studies to our research are Richardson et al. (2021), Zhang et al. (2023),
and Kant et al. (2022). Richardson et al. (2021) found superior performance for ML
algorithms over DFM in nowcasting New Zealand GDP. Zhang et al. (2023) evaluated a
comprehensive list of both traditional econometric and ML algorithms for nowcasting China
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GDP, concluding that linear ML algorithms (Ridge, Lasso, and Elastic Net) delivered supe-
rior performance. Kant et al. (2022) found Random Forest achieved the best performance
in nowcasting Dutch GDP. This literature has found mixed results due to differences in
modeling choices, countries, and sample periods. To help reconcile conflicting results, our
paper provides rigorous valuation of nowcasting performance, comparing the most exhaus-
tive lists of ML algorithms and traditional econometric models across multiple countries and
simulations.

3 Competing Models

We assess predictive nowcasting performance of (1) traditional econometric models and (2)
ML algorithms that have been utilized in nowcasting. Each model is applied in a time-series
context (a single country) rather than in a panel data setting. Our evaluation presents a
higher hurdle, as we compare each model against a comprehensive list of models from the
opposing class, than many studies in this literature3. Additionally, we evaluate these models
through simulations and empirically using data from six countries.

Table 1 lists traditional econometric models and ML algorithms evaluated in this paper.
Those traditional econometric models differ in their methods for linking high-frequency data
to low-frequency nowcast targets. Since these models do not incorporate a variable selection
algorithm, we apply judgment to select variables based on their correlation with GDP growth
or through a recursive addition and deletion of indicators.

The ML algorithms considered encompass most techniques commonly applied in now-
casting and forecasting. Except for Lasso and Elastic Net, all other ML algorithms are
non-linear. In terms of complexity, Lasso and Elastic Net are the simplest. A key advantage
of these ML models is their built-in regularization algorithms, which can effectively narrow
down the set of variables from a large pool of high-frequency indicators. This regularization
can handle cases where the number of cross-sectional variables exceeds the number of time
observations (N > T), allowing for automatic variable selection without user intervention.

We report predictive performance of these models via out-of-sample root-mean-square
errors (OOS RMSE) relative to a certain benchmark over an evaluation period (test set). In

3The literature typically assesses models against a simple benchmark, such as autoregressive (AR) models,
or a limited number of competing models.
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the simulation, we use AR(1) model as a benchmark, whereas we use the automatic ARIMA
model as a benchmark in the empirical section. Let yi be a GDP growth nowcast target, and
ŷbenchmark
i be the GDP growth forecast by a benchmark model, for period i. For a model f

with inputs Xi, the relative OOS RMSE is computed by:

Relative OOS RMSE =

OOS RMSE of a model, f︷ ︸︸ ︷√ ∑
i∈Test

(yi − f(Xi))√ ∑
i∈Test

(yi − ŷbenchmark
i )

︸ ︷︷ ︸
OOS RMSE of a benchmark model

.

More details of both traditional econometric models and ML algorithms are described
below.

3.1 Traditional econometric models

Throughout this and next subsections, we denote nowcast target (GDP) as yq where q

represents quarterly time (low frequency). Each high-frequency indicator, i, is denoted as
xi,t. When it is converted into the low frequency, we denote as xi,q. Error term is represented
by ϵq.

3.1.1 Bridge

The Bridge model, formalized by Baffigi et al. (2004), converts high-frequency indicators
into low-frequency using temporal aggregations such as period averages, sums, or end-period
values. Due to frequency consolidation, the Bridge model converts all high-frequency in-
dicators into the same low frequency as the nowcast target (GDP growth), allowing it to
be estimated using the ordinary least squares (OLS) method. Unreleased high-frequency
indicators must be forecasted to aggregate them into the low frequency. Mathematically, the
Bridge equation can be represented as:

yq = β0 +

m∑
l=1

γlyq−l +

n∑
i=1

βixi.q + ϵq
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3.1.2 MIDAS

Gyesels et al. (2004, 2007) introduced a MIDAS regression involving data in multiple frequen-
cies. In our setting, the MIDAS approach splits high-frequency indicators into low-frequency
(quarterly) relative to the end of a quarter4. For example, a monthly indicator may naturally
be split into three quarterly variables: one for the last month of the quarter, one for the
second-to-last month, and one for the first month of a quarter5.

As each split variable theoretically adds one coefficient to be estimated, MIDAS imposes
a functional form on the coefficients of the split high-frequency indicators, to reduce the
number of parameters. We employ the Almon polynomial restrictions of degree 2 (delta
i,h) , a common choice in MIDAS applications that accommodates numerous lags of high-
frequency indicators with just two parameters6. For a month relative to end-quarter, h, the
MIDAS model is estimated using non-linear least squares and can be expressed as follows:

yq = β0 +

m∑
l=1

γlyq−l +

n∑
i=1

L(i)∑
h=1

δi,hxi.3q−h + ϵq

δi.h(w1,i, w2,i) =
exp(w1,ih+ w2,ih

2)∑L(i)
h=1 exp(w1,ih+ w2,ih2)

The MIDAS model estimated in our paper includes AR terms, which can be estimated
using the methodology of Clements and Galvo (2008, 2009).

3.1.3 U-MIDAS

The Unrestricted MIDAS (U-MIDAS) approach, formally introduced by Forini et al. (2011),
can be applied to nowcasting. In the U-MIDAS model, high-frequency indicators are split
into multiple low-frequency variables and estimated without imposing restrictions on their
coefficients using OLS in the low frequency. This approach is particularly effective when the
frequency mismatch is minimal.

The U-MIDAS model can be expressed as follows:
4This practice is sometimes referred to as “blocking”.
5One can have many more lags. Given the quarterly-monthly frequency mismatch, if a monthly indicator

is split into 3 lags or more, it will take up values in the previous quarter.
6Almon polynomial of degree 2 allows creating coefficient of hth lag by using 2 parameters w1, w2.
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yq = β0 +

m∑
l=1

γlyq−l +

n∑
i=1

L(i)∑
h=1

βi,hxi.3q−h + ϵq

3.1.4 MIDAS-PC

When dealing with numerous high-frequency indicators, mixed-frequency factor models can
be employed to summarize the information among indicators, as demonstrated by Stock
and Watson (2002). Marcellino and Schumacher (2010) and Forini and Marcelino (2014)
explicitly utilized factors in MIDAS models. These factors can be extracted by using principal
components of high-frequency indicators. The model – MIDAS-PC - is estimated similarly to
the MIDAS, with principal components being regressors. Using fewer principal components
than the original set of high-frequency indicators mitigates parameter proliferation problems.

3.1.5 UMIDAS-PC

This is similar to UMIDAS but replaces the original variables with principal components.
in In cases where the number of factors in the model is small, it is unnecessary to impose
MIDAS restrictions on coefficient parameters. Consequently, the U-MIDAS-PC model can
be estimated without coefficient restrictions using OLS in the low frequency.

3.1.6 Three-pass Regression Filter (TPRF)

Kelly and Pruitt (2015) introduced the Three-Pass Regression Filter (TPRF), a method
for forecasting with multiple predictors. TPRF algorithm extracts factors in a way that
maximally correlates with the forecast target. An advantage of using TPRF factors in
nowcasting is that they optimally assign loadings to indicators based on their correlation
with real GDP growth, resulting in a factor that closely tracks GDP in principle. After
converting high-frequency indicators into low frequency, the TPRF model is estimated in
three steps:

Step 1: Run a time series regression of the nowcast target on each high-frequency indi-
cator, xi.q.

yq = β0 + βixi,q + ϵi,q

Step 2: For each time period t, rrun a cross-sectional regression of X on the beta coeffi-
cients from Step 1. This yields a TPRF factor over time (TPRFt).
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xi,t = β0 + TPRFtβi + ϵi

Step 3: Using the TPRF factor from Step 2, run the nowcasting regression in low fre-
quency.

yq = β0 +

m∑
l=1

γlyq−l + θTPRFq + ϵq

There is no look-ahead bias, because both steps 1 and 2 only involve lagged GDP and
are effectively estimated with past-quarter data. The nowcast is computed by plugging in
the current quarter value of TPRFq, in the third step.

3.1.7 Dynamic Factor Model (DFM)

Giannone et al. (2008) formalized the use of the Dynamic Factor Model for nowcasting. Since
its introduction, it has been employed in various studies and by policy institutions, such as
the Federal Reserve Bank of New York (see Bok et al. (2017) and Almuzara et al. (2023)).
The DFM addresses frequency mismatch and ragged-edge problems, which are two primary
challenges in nowcasting7. The DFM allows for immediate updates to nowcasts upon the
release of any high-frequency indicator, even when they are released asynchronously. The
DFM can be estimated via Kalman Filtering, as described by Doz et al. (2011).

Let Zq = [yq, x1,q, . . . , xN,q] denote a (N + 1)× q matrix of real GDP growth and trans-
formed high-frequency indicators and F = [f1, . . . , fr] denote a r × q matrix of unobserved
factors. The DFM can be expressed as

zi,q = µ+ ΛFq + ϵi.q, zi,q ∈ Zq

Fq = AFq−1 +Buq, uq ∼ N(0, I)

We further assume ϵ′i.qs are cross-sectionally white-noise, and orthogonal to the common
shock, uq. Kalman Filter can be applied to extract the factor, Fq, under this structure.

The DFM GDP nowcast can be obtained by first regressing yq on the estimated factor,
F̂q with other control variables, and then calculating the nowcast using current value of F̂q

in the estimated regression.
7Dynamic factor models (DFMs) solve the ’ragged edge’ problem by filling in missing data via Kalman

filtering. The Kalman filter helps project both observed and state variables, efficiently controlling for missing
data in mixed-frequency datasets.
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3.2 Machine Learning Algorithms

ML algorithms have gained considerable traction in real-world economic applications due
to their predictive performance. As highlighted in Section 2, multiple studies have demon-
strated the effectiveness of ML algorithms in nowcasting GDP, prompting policy and financial
institutions to increasingly integrate these methods into their nowcasting toolkits. In this
paper, we evaluate the machine learning algorithms described below. We employ five-fold
cross-validation approach across various hyperparameter configurations to select parame-
ters8. Table 2 summarizes key parameter settings in our empirical implementation of each
ML algorithm.

3.2.1 Least Absolute Shrinkage and Selection Operator Regression (Lasso)

Lasso regression is a powerful algorithm that builds in variable selection by shrinking the co-
efficients of less important variables toward or equal to zero, resulting in a more parsimonious
and interpretable model. The Lasso objective function is given by

β = argmin


T∑

q=1

(yq − β0 −
k∑

j=1

xj,qβj)
2

︸ ︷︷ ︸+
OLS objective

+λ

k∑
j=1

|βj |︸ ︷︷ ︸
Lasso Penalty, "L1 regularization"


3.2.2 Elastic Net

Similar to Lasso, Elastic Net is a regularization technique that combines both L1 (Lasso)
and L2 (Ridge) penalties with a mixing parameter (α), controlling the weight between the
two penalties. Its objective function is given by:

β = argmin


T∑

q=1

(yq − β0 −
k∑

j=1

xj,qβj)
2

︸ ︷︷ ︸+
OLS objective

λ×

 α

k∑
j=1

|βj |︸ ︷︷ ︸+
Lasso Penalty

(1− α)

k∑
j=1

β2
j︸ ︷︷ ︸

Ridge Penalty




We tune this model based on 3,150 different combinations of penalty strengths (λ) and
mixing values (α) using 5-fold cross-validation as described in Table 2.

8In 5-fold cross-validation, a dataset is split into five non-overlapping blocks or folds. The model is
trained on four of the folds and tested on the omitted fold. This process is repeated five times, with a
different omitted fold used as the test set each time. The models’ hyperparameters are chosen by picking
values that give the best performance on the average of the results from all five iterations
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3.2.3 Decision Tree

A decision tree, introduced by Breiman et al. (1984), follows a hierarchical framework, con-
sisting of several key components: the root node, internal nodes (decision nodes), branches,
and leaf nodes (terminal nodes). Each internal node applies a decision rule to guide the
observations into the most appropriate subset, thereby refining the predictive capabilities
of the tree. Leaf nodes represent the endpoints of the decision process and encapsulate the
learned patterns in the dataset. The key complexity parameter (cp) controls tree pruning:
lower values allow more splits, and higher values make the tree simpler. The smaller step
size allows for a more detailed search for the best cp value.

3.2.4 Random Forest

Random forest, introduced by Breiman (2001), is a workhorse machine learning algorithm
that combines the output of multiple decision trees to reach a single result. The core principle
is to optimize individual decision trees within the forest for best predictive performance. We
tune the Random Forest using the “mtry” parameter, which controls the number of variable
randomly sampled at each split and determines how many predictors are considered for
splitting at each tree node.

3.2.5 LightGBM

Introduced by Microsoft, LightGBM is an open-source framework for efficient gradient boost-
ing on large datasets, designed for speed and scalability. Boosting fits each tree to the
residuals of the previous tree. By fitting small trees to the residuals repeatedly, the model
slowly improves in areas where it previously fitted poorly. Typically, for good performance,
each tree should be small with very few terminal nodes. In our implementation, we test 18
different parameter combinations for LightGBM using grid search.

3.2.6 XGBoost

Extreme Gradient Boosting (XGBoost) builds upon the fundamental principles of gradient
boosting by iteratively training weak learners—typically decision trees—to optimally correct
the residual errors of prior iterations. It embeds regularization, sparse-aware learning, and
parallel execution, making it a highly effective model for structured data. While LightGBM
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is the state-of-the-art library by Microsoft, we want to test XGBoost as well given different
implementations and optimizations. Performance can vary depending on the country. In our
implementation, we tune three key parameters using grid search, across all 18 combinations.

3.2.7 Support Vector Regression (SVR)

Support Vector Regression (SVR) seeks a hyperplane that fits data in continuous space,
mapping inputs to a higher-dimensional feature space while minimizing error. SVR employs
kernel functions to manage non-linear relationships, aiming to include points within the de-
cision boundary while ensuring the best-fit line contains the most points. In our paper, we
evaluate the SVR model using three different kernel types: Linear (SVRL), Radial Basis
Function (SVRR), and Polynomial (SVRP). Each kernel captures distinct patterns, depend-
ing on whether the relationship is linear or nonlinear. Since economic data such as GDP
can exhibit both linear and nonlinear trends—depending on the country, time period, or
external factors—we aim to capture this complexity while avoiding overfitting to a single
pattern. The objective of SVR is to identify a function, f(x), that minimizes the following
regularized loss function, ensuring that predictions within an ε-margin of the true values are
not penalized.

L(ω, b) =
1

2
∥ω∥2 + C

n∑
i=1

Lϵ(yi, f(xi))

3.2.8 Deep Neural Network (NNET)

Neural networks, inspired by the human brain, mimic how biological neurons communicate.
Typically, input is received by the first layer, processed by the hidden layers, and the output
layer (GDP growth) produces the result. We implement a Feedforward Neutral Network
(nnet) in a single hidden layer. In total, we tune the model across 12 combinations of neuron
size and decay parameter values.

3.2.9 Long Short-Term Memory (LSTM)

LSTM neural networks, based on Hochreiter (1997), excel at capturing long-term dependen-
cies, making them ideal for sequence prediction tasks. Unlike traditional neural networks,
LSTMs incorporate feedback connections, enabling them to process entire data sequences

18



rather than individual data points. We use Keras Tuner (RandomSearch, 5 max trials) to
automatically search for the best model configuration.

3.2.10 Ensemble learning

Ensemble learning is a machine learning technique that combines multiple models to achieve
better performance than any single model alone. By leveraging the strengths and diversity of
each model, ensemble methods can reduce overall error rates while preserving each model’s
unique advantages, such as low bias for specific data subsets.

In this paper, we experiment with a simple averaging ensemble and experiment with a
few selected models. These ensemble models do not have their own parameters themselves
as they simply average the predictions from the selected models. We calculate the following
ensembles: (1) average of LASSO and Decision Tree predictions (LASSO_DT); (2) aver-
age of LASSO, Decision Tree, and SVRP predictions (LASSO_DT_SVRP); (3) average
of LASSO, Random Forest, and SVRR predictions (LASSO_RF_SVRBF); (4) average of
LASSO, SVRP, and Neural Network predictions (LASSO_SVRP_NN).

4 Simulation

4.1 Setup and Assumptions

This section outlines the factor structure that underpins the simulation. The unobservable
factor, F (m), influences both high-frequency data, X(m), and the low-frequency nowcast
target, y(q). For simplicity, we address the frequency mismatch between monthly observed
data and quarterly nowcast targets, thus setting q = 3m. Alongside the factor, F (m), we
introduce unobservable factors G(m), which exclusively drive the observed high-frequency
data. Both factors, F and G, are characterized by autoregressive structures featuring het-
erogeneous loading and independent error terms.
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F =(f1, f2, . . . , fk)

G =(f1, f2, . . . , gl)

Ft =λiFt−1 + ηft , η
f
t ∼iid N(0, 1)

Gt =λjGt−1 + ηgt , η
g
t ∼iid N(0, 1)

λ ∼Uniform(λLo, λHi)

The high-frequency data matrices, X(m), consist of unobservable components (XU(m))
and observed components, (XO(m)). In this setup, only the unobservable components enter
the data-generating process (DGP) for the nowcast target. We denote the unobservable
components as the first k components (X1, . . . , Xk), while the observable components are
indexed from Xk+1toXN . The observed components are driven by both factors, F and G,
whereas the unobservable components are solely driven by F(m) and contribute to the DGP
for the nowcast target. This setup is realistic, as observed high-frequency indicators often
intermingle with various factors, some of which may be unrelated to GDP. Mathematically,
the evolution of each component of the high-frequency data can be expressed as follows:

XU (i, t) =βF + ϵU , ϵU ∼iid N(0, 1), j = 1 to k

XO(i, t) =βUF + βOG+ ϵO, ϵO ∼iid N(0, 1), j = k + 1 to N

β, βU , βO ∼Uniform(βLo, βHi)

The low-frequency nowcast target, Y, is determined solely by the unobserved high-
frequency data (XU(m)). Although Y is solely generated by XU , it remains correlated
with XO due to the influences of the factors, F . Given the quarterly-monthly frequency mis-
match, each month of the quarter impacts the nowcast target and is denoted byXU(I, 3m−
0), XU(I, 3m− 1), XU(I, 3m− 2)9. We simulate three distinct data-generating processes for
Y, referred to as the true DGP.

DGP 1: Linear Data-Generating Process.
9Each month of X is divided into three quarterly observations relative to a quarter’s end. For instance,

XU (I, 3m− 1) refers to an observation one month prior to a quarter’s end. Although the natural frequency
mismatch is three, monthly observations can be partitioned into as many quarterly observations as desired.
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yt = 1.2 + 0.5x
(0)
1 + 0.5x

(−1)
1 + 0.5x

(−2)
1

+ 0.3x
(0)
2 + 0.6x

(−1)
2 + 0.4x

(−2)
2

− 0.25x
(0)
3 − 0.2x

(−1)
3 − 0.3x

(−2)
3

DGP 2: Non-Linear Quadratic Data-Generating Process

yt = 1.2 + 0.5x
(0)
1 + 0.5x

(−1)
1 + 0.5x

(−2)
1

+ 0.3x
(0)
2 + 0.6x

(−1)
2 + 0.4x

(−2)
2

− 0.25x
(0)
3 − 0.2x

(−1)
3 − 0.3x

(−2)
3

+ 0.05X2
2,(0) + 0.02X2

2,(−1) + 0.03X2
2,(−2)

DGP 3: Non-Linear Data-Generating Process with Quadratic and Interaction
Terms

yt = 1.2 + 0.5x
(0)
1 + 0.5x

(−1)
1 + 0.5x

(−2)
1

+ 0.3x
(0)
2 + 0.6x

(−1)
2 + 0.4x

(−2)
2

− 0.25x
(0)
3 − 0.2x

(−1)
3 − 0.3x

(−2)
3

+ 0.05X2
2,(0) + 0.02X2

2,(−1) + 0.03X2
2,(−2)

+ 0.15X3,(0)X4,(0) + 0.15X3,(−1)X4,(−1) + 0.15X3,(−2)X4,(−2)

− 0.2X4,(0)X5,(0) − 0.3X4,(−1) ∗X5,(−1) − 0.1X4,(−2)X5,(−2)

In the simulation, we set K = 5 and N = 105, indicating that five unobservable compo-
nents generate GDP. The components X1, X2,andX3 are included in all DGPs. The loadings
on X1 across each month in a quarter are homogeneous, while those for X2and X3 are het-
erogeneous. While DGP 1 represents a purely linear model, DGPs 2 and 3 are non-linear;
specifically, DGP 2 features quadratic terms, while DGP 3 includes non-linear interaction
terms between X4 and X5.

This framework highlights key issues relevant to the practical application of GDP now-
casting. First, the true data-generating process for GDP is unknown, as captured by the
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unobservable nature of X1 to X5. Second, the true data-generating process could be non-
linear as in DGPs 2 and 3, which may not be well approximated by linear models. Third,
high-frequency indicators are relevant, but imperfect predictors of GDP, as they share the
common factors, F , with GDP but also load on unrelated factors, G.

4.2 Monte Carlo Experiments

We conduct Monte Carlo experiments to evaluate nowcasting performance. A total of 500
data draws were simulated, according to the data-generating processes in Section 4.1. We
set the number of factors, F and G, to 5 and 3, respectively, yielding a reasonable factor
structure with observed correlations between simulatedX and nowcast targets ranging from
0.2 to 0.610. The nowcast target is generated solely by unobserved X1 to X5, which are
influenced only by factors, F. Additionally, we set the number of observed high-frequency
indicators to 120, reflecting a scenario with a broad array of potential predictors. The
high-frequency indicators are derived from both factors F and G. Other parameters are
established as follows:

λ ∼iidUniform(0.4, 0.6)

β ∼iidUniform(0, 0.9)

ηf , ηg, ϵ ∼iidN(0, 1)

This parameterization implies the factors are independent and that the data exhibits
mild persistence. Observed data are driven by these factors and include idiosyncratic error
terms. This range of beta implies that some observed indicators may have significant loading
on the factor driving GDP, (F ).

We also evaluate nowcasting performance as a function of time observations. A limited
number of time observations is, in practice, a significant challenge for nowcasting, especially
for developing countries. To mimic the availability of actual GDP data, we vary quarterly
time dimension as follows: Tq = 40, 50, 60, 70, 80, 100, 120, 150, 200. In the monthly frequency,
the corresponding Tm’s are 120, 150, 180, 210, 240, 300, 360, 450, 600 respectively. For each

10Should the correlations between observed indicators and the nowcast target be excessively low, the
nowcasting models will not perform effectively, regardless of methodology.
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time dimension, our simulation generates 500 iterations of ηf and ηg, β, and λ to create
synthetic data.

In each iteration, we randomly split 70% of data in time dimension into a training set,
with the remaining 30% reserved for a test set11. For instance, when T = 80, the training
and test sets comprise 56 and 34 observations of XU , and Y, respectively. Each of these
sets is drawn differently for each of the 500 iterations. The training set is utilized for model
estimation, while models are subsequently applied to the test set to generate nowcasts12.
The metric for evaluating model performance is the relative OOS RMSE calculated on the
test set.

Candidate models in Section 3 are evaluated based on their relative RMSEs. A key chal-
lenge for traditional econometric models is their inability to perform variable selection among
the 120 high-frequency indicators. Traditional econometric models cannot be estimated if
the number of regressors exceeds the number of time periods. To narrow down the list of
regressors, we algorithmically apply a recursive process of adding and dropping indicators
using a Recursive Feature Elimination (RFE) technique with a constraint on the maximum
number of variables based on time observations13. When T is small, the constraint on the
maximum number of variables set in RFE limits the number of selected variables, mimick-
ing low-data environment. The same selected indicators are then used in other traditional
econometric models and neural networks so that the difference in model performance can be
attributed to models, rather than data input.

Many ML algorithms considered in this section build in feature selection algorithms that
effectively narrow down variables. Our ML simulation benefits from those techniques as
361 low-frequency variables (split from 120 HF indicators) far exceed the available time
observations (maximum of 150)14. Estimation is conducted using 5-fold cross-validation
within the training set. The cross-validation method selects parameters that minimize RMSE
within each fold of the training set.

11This 70/30 choice ensures a sufficient number of observations in a test set, even when T is very small.
12To optimize runtime, we do not perform rolling updates to a model to calculate error in the test set in

the theoretical simulation because the DGP in the simulation does not change over time.
13This selection process is facilitated by the Recursive Feature Elimination (rfe) package in R. The num-

ber of indicators selected ranges from 2 to the number of quarterly time periods divided by 5, mitigating
parameter proliferation issues while ensuring adequate variable selection.

14In total, 120 monthly indicators are transformed via split-sampling (blocking) into 360 quarterly vari-
ables, with the addition of one extra variable for the first lag of Y.
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4.3 Results

In this section, we highlight the four key insights from the simulation.
First, across all DGPs, the TPRF frequently ranks first, followed by linear ML algorithms

such as Elastic Net and Lasso. However, linear ML algorithms emerge as the winner in some
instances. In Table 3, the Elastic Net outperforms all models when the number of time
observations exceeds 100. In such conditions – (1) a sufficient number of observations and
(2) linear DGP - linear ML algorithms closely mimic the true DGP and effectively select
relevant predictors.

Second, the superior performance of TPRF in DGPs 2 and 3 (as shown in Tables 4 and
5) is surprising given the nonlinearity in these DGPs. We ex-ante anticipate that non-linear
ML algorithms would outperform traditional econometric models due to their ability to
capture non-linearity. Yet, the TPRF model delivers the best nowcast. We conjecture that
TPRF may be able to proxy to non-linearity to a certain degree, through the factor loadings
on high-frequency indicators. In addition, the functional forms of non-linearity modeled in
ML algorithms are not the same as the quadratic and interaction terms in DGPs 2 and 3.
Therefore, TPRF may approximate non-linearity better than ML algorithms.

Third, some traditional econometric models and ML algorithms perform well under a
short sample. In particular, the TPRF excels, when the number of observations is limited
(T=40) in Table 3. Other traditional econometric models, such as MIDAS-PC and U-
MIDAS-PC, also perform well. Linear ML algorithms—Elastic Net and Lasso—demonstrate
strong performance under a short sample, as demonstrated in Tables 3 and 4 (DGP 1 and
2). One common feature among these models is that they minimizes the risk of overfitting
through regularization or factor modeling.

Lastly, when the DGP is highly nonlinear featuring interactions, both classes of models
may underperform. In Table 5, while TPRF still remains the top performer, its outperfor-
mance over other models is not economically and statistically significant. Among the ML
algorithms, the non-linear SVR with Radial basis achieves the best results by a small margin
over linear ML algorithms.

Our simulation results are in favor of traditional econometric models or linear ML algo-
rithms. Given short GDP series, the risk of overfitting when using complex, non-linear mod-
els is high. Using factors such as those in TPRF, or regularization in linear ML algorithms
can yield superior out-of-sample nowcasting performance. As a caveat, our conclusions may
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depend on simulation design and parameterization. In the next section, we will test whether
empirical results from six countries confirm the simulation’s findings.

5 Empirical Applications

We evaluate the pseudo-real-time out-of-sample GDP nowcasting performance among tradi-
tional econometric models vs ML algorithms, as outlined in Section 3, using empirical data
from six counties: China, France, India, Mauritius, Türkiye, and Vietnam. The performance
criterion is the predictive accuracy (relative OOS RMSE) of each class of models. These six
country cases cover various country characteristics, including data availability, sample length,
and economic complexity.

5.1 Data Cleaning

Our main source of data for the nowcast target (official real GDP growth) and high-frequency
(monthly) indicators is Haver Analytics, which provides a comprehensive array of traditional
macroeconomic data commonly utilized in macroeconomic surveillance. In practice, one
can supplement Haver data with other data sources that may contain additional useful HF
indicators for nowcasting. We gather available domestic monthly indicators that correlate
with real GDP growth for each country. Several following steps are performed to prepare
the data for analysis.

First, we drop monthly indicators with relatively short time series, as they shorten our
estimation samples. This implies chosen indicators for the analysis are timely updated and
have long history. Second, we drop monthly indicators with multiple consecutive missing
values. For indicators with very few non-consecutive missing values, we employ quadratic
interpolation to fill in the gaps. Third, to avoid multicollinearity, we pick a single monthly
indicator from a group of indicators exhibiting high correlations (absolute values exceeding
0.95). Lastly, we drop time periods where GDP or any of the monthly indicators are missing.
These steps ensure a dataset that is both complete and balanced for our analysis.

Next, we eliminate seasonality by applying X13 seasonal adjustment to variables ex-
hibiting seasonal patterns. For non-seasonal variables or those seasonally adjusted by Haver
Analytics, we retain their original values. To ensure stationarity, we next apply log-difference
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or first-difference transformations to non-stationary variables, while stationary variables are
used as-is in the analysis.

The data-cleaning process yields the final samples presented in Table 6. These six coun-
tries cover a broad range of characteristics: our sample contains a large number of high-
frequency indicators for France, China, and Türkiye but fewer number from Vietnam, India,
and Mauritius. GDP data of France and India are relatively long, those of China and Türkiye
are moderately long, and those of Vietnam and Mauritius are short. Appendix 1 lists all
the indicators utilized in the analysis for each country after the data-cleaning process is
performed15.

Table 6: Analysis Sample
This table presents the availability of the GDP data, the number of high-frequency indicators, and the
sample periods during which both GDP and all the high-frequency indicators are available, for each
country in our empirical analysis.

Countries Real GDP growth availability Number of HF indicators Complete sample
China 1992Q1-2024Q2 90 2005Q3-2024Q2
France 1975Q1-2024Q2 77 2000Q2-2024Q1
India 1996Q2-2024Q1 15 2001Q2-2024Q1

Mauritius 2013Q1-2024Q1 13 2014Q2-2024Q1
Türkiye 1987Q1-2024Q1 55 2005Q2-2024Q1
Vietnam 2008Q1-2024Q1 26 2011Q3-2024Q1

We have input the same lagged dependent variables and all the high-frequency indicators
across all the ML algorithms, ensuring that any performance differences are due to the
models themselves, not the data. The selected machine learning algorithms can handle
many regressors, even when the number of regressors (N) exceeds the time dimension (T).

The ML algorithms require converting the monthly indicators into the same frequency as
real GDP growth (quarterly) to address the frequency mismatch. We consider two choices:
first, convert monthly indicators to quarterly frequency through temporal aggregation (aver-
aging, summing, or end-of-period); second, split each monthly indicator into three quarterly
variables corresponding to each month within a quarter. While the second method increases
dimensionality by a factor of three, the selected ML algorithms can handle this via built-in

15The sectoral coverage in Haver may be unbalanced, which may affect nowcast accuracy. For example,
Haver’s high-frequency data for Türkiye contain mostly goods indicators, with very few service-related
indicators. Yet, the available service-related indicators seem highly relevant, such as tourism arrival, or
consumer confidence.
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regularization algorithms. Results for each of the ML algorithms are reported based on the
lower error among the two frequency-conversion choices.

For the traditional econometric models, we consider all the high-frequency indicators as
potential inputs and apply judgment to select variables in each model. Our model selection is
guided by several considerations: first, choosing variables that demonstrate a high correlation
with real GDP growth; second, referencing variables selected by the LASSO model as a
starting point; and third, recursively adding and deleting variables to identify the subset
yielding the lowest RMSE. Particularly, for the factor models (MIDAS-PC, UMIDAS-PC,
DFM, 3PRF), we drop variables with low absolute correlation to real GDP growth. Most
traditional econometric methods inherently determine the choice of frequency conversion,
except for DFM and TPRF, where we opt to convert monthly indicators to quarterly using
temporal aggregation.

5.2 Performance Evaluation

To evaluate predictive accuracy, we conduct a pseudo-real-time out-of-sample evaluation at
the end of each quarter using an expanding rolling window16. This evaluation is illustrated
in Figure 2.

We evaluate the models using an expanding rolling window from 2018Q1 to 2024Q1. This
period encompasses both normal conditions and the COVID-19 episode, during which GDP
nowcasting proved challenging. Each model is re-estimated every quarter upon the release
of new GDP data17. Consequently, model coefficients vary quarterly and are exclusively
used to generate nowcasts for each month within that quarter, mirroring actual nowcasting
practices.

For simplification, we conduct pseudo real-time analysis by assuming high-frequency
indicators are available at the end of each quarter prior to the release of real GDP for
that quarter, rather than using actual data release dates. Additionally, we don’t consider
actual GDP revision, as the evaluation is psudo-real-time. There is no look-ahead bias, as

16In the expanding rolling window, GDP nowcasts could be updated more frequently—every month—when
monthly indicators are released.

17This out-of-sample realistic evaluation differs from standard ML model evaluations for model selection,
which typically involve splitting data into training and test sets based on a specified percentage (e.g., 80/20).
This approach provides a more realistic evaluation of real-time nowcasting errors
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Figure 2: Model Evaluation Timeline
This figure illustrates the model evaluation timeline using an expanding rolling window approach to
compute the out-of-sample RMSE (OOS RMSE). This timeline closely mirrors the practical
implementation of nowcasting. The OOS RMSE is calculated over the test period (2018Q1–2024Q2),
during which each model is updated quarterly as new data become available.

all model’s coefficients are estimated using previous-quarter data. Current quarter data are
then inserted into the estimated models in order to derive nowcasts.

The collections of nowcasts are compared with the actual real GDP growth (in log). We
report the OOS RMSEs relative to a univariate automatic ARIMA model 18.

5.3 Nowcast Evaluation Results

Figure 3 presents the relative RMSEs of each of the six countries, with raw RMSE reported
in Table 7 Panel A. Consistent with our simulation findings, traditional econometric models
tend to outperform their ML algorithms in most cases. Although TPRF is not the top per-
former, the best-performing models for four out of the six countries are Bridge and DFM.
Bridge and DFM each ranks first in two countries. When DFM outperforms Bridge, the
margin is substantial, whereas Bridge’s outperformance over DFM is relatively modest. No-

18The Automatic ARIMA model is computed using the Box-Jenkins methodology, implemented via the
“autoarima” package in R.
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tably, Bridge models consistently perform well, ranking within the top four models in five of
the six countries.

Linear ML algorithms are the best performers in two countries—Türkiye and Mauritius—
and typically surpass non-linear ML models across all six countries19. Among ML methods,
Elastic Net and Lasso perform best, except in India, where SVRL slightly outperforms Lasso
by a narrow margin. In Türkiye, the outperformance of Elastic Net contrasts with Bolhuis
and Rayner (2020), who favored Random Forest in their horserace, likely due to differences in
high-frequency indicator inputs and sample length. The superior performance of Elastic Net
with larger sample sizes aligns with our simulation results under the linear data-generating
process (DGP 1).

Based on these six country cases, simpler models with fewer parameters tend to perform
well, with the notable exception of DFM. Within ML algorithms, the linear methods—Lasso
and Elastic Net—outperform their more complex counterparts. Even when a complex ML
algorithm is preferred, as with SVRL in India, the basis function remains linear, suggesting
limited nonlinearity or complex interactions in the underlying DGP.

We further evaluated all models under the shock and volatile COVID-19 episode during
2020Q1-2022Q4. Nowcasting during the COVID-19 crisis, illustrated in Figure 4 and Table 7
Panel B, proves challenging. In China, France, and Türkiye, traditional econometric models
or linear ML algorithms outperform the autoARMA benchmark. However, in the other
three countries, both classes of models fail to beat the benchmark. Commonalities of the
three successful cases during COVID-19 are a large number of high-quality high-frequency
indicators and a sufficiently long analysis sample. During this episode, TPRF and MIDAS
perform best for China and France respectively, while Elastic Net performs the best for
Türkiye. The difficulty in nowcasting during COVID-19 was also documented elsewhere.
For instance, the Federal Reserve Bank of New York’s temporary suspension of its external
publication of the New York Fed Staff Nowcast.

We also evaluated ensemble forecasts among ML algorithms, examining three combina-
tions: (1) LASSO-SVRP-NNET, (2) LASSO-RF-SVRR, and (3) LASSO-DT. While ensem-

19When evaluating the models for Turkiye during 2012Q1-2017Q4, where the macroeconomic environ-
ment and inflation were stable, the traditional econometric model performed the best. The top three best-
performing models are Bridge, Random Forest, and DFM, respectively. In Mauritius, when evaluating models
with a broader set of HF indicators available to the IMF Mauritius country team, over 2018Q1-2023Q2, the
top three performing models are Lasso, Bridge, and Elastic Net, respectively.
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ble methods often improve performance in other applications, here they do not outperform
the best traditional econometric models or the linear ML algorithms in this context.

Overall, our findings support the use of simpler models – namely Bridge or Linear ML
algorithms - for GDP nowcasting, alongside the more complex DFM model. Due to the
limited number of observations, nonlinear ML algorithms risk overfitting the data, resulting
in poorer nowcasting performance. Despite their simplicity, simple models reliably deliver
superior nowcasting performance across the six country cases.
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Figure 3: Out-of-sample Relative RMSEs, 2018Q1 to 2024Q1
This figure plots the out-of-sample (OOS) RMSEs relative to the AutoARIMA benchmark of an expanding
rolling-window evaluation of a test set (2018Q1 to 2024Q1). Each model is re-estimated every quarter
using data available up to the previous quarter. A ratio below one indicates that the model outperforms
the AutoARIMA benchmark, with smaller values denoting better predictive performance.
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Figure 4: Out-of-sample Relative RMSEs during COVID-19
This figure plots the out-of-sample (OOS) RMSEs relative to the AutoARIMA benchmark of an expanding
rolling-window evaluation during the COVID-19 period (2020Q1–2022Q4). Each model is re-estimated
every quarter using data available up to the previous quarter. A ratio below one indicates that the model
outperforms the AutoARIMA benchmark, with smaller values denoting better predictive performance.

35



6 Conclusion

Among all models used in nowcasting, our simulation and country cases reveal that tradi-
tional econometric models often deliver superior nowcasting performance to the ML algo-
rithms. In our simulations, TPRF mostly outperforms others, losing only to Elastic Net
model under the linear DGP and long data. In the six country applications, DFM or Bridge
outperform ML algorithms in four out of the six countries. Among the ML algorithms, sim-
pler ones – Lasso and Elastic Net – tend to outperform the more complex ones, and even
surpass traditional econometric models in two out of the six countries.

These findings raise questions about the effectiveness of complex and non-linear ML
algorithms for GDP nowcasting. In practice, the number of GDP observations are relatively
short by machine learning standards, so small sample size can hamper the performance of
complex models, increasing the risk of overfitting. Besides, the relationship between GDP
growth and high-frequency indicators may be adequately captured by linear models. For
these reasons, we advocate for the use of simpler models like Bridge, or linear ML algorithms,
given their consistent superior performance in our analysis. Simpler models are less prone
to overfitting, better suited for applications with a short time horizon. Among the complex
models, DFM performs well, ranking first in two countries, with a substantial margin of
outperformance when it does.

It is important to interpret our findings with caveats. The prevailing consensus in the
literature—that there is no universally superior model —remains relevant. Consequently,
model performance could vary for other countries or data sets. For instance, our analysis
primarily relies on traditional macroeconomic data commonly used in economic surveillance;
using non-traditional data such as satellite data might yield different results. Moreover, our
study focuses on single-country time-series application, and does not extend to panel data
setup.
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Appendix I

The following indicators serve as input data for the nowcasting models utilized in our analysis.
We adopt the following notations: ( dl ) represents the log difference, while ( d ) denotes the
first difference. All indicators are sourced from Haver Analytics. Although we abbreviate
variable names for coding efficiency, each variable name remains intuitive and interpretable.

China

dl_cpi; dl_export_value; dl_export_volume; dl_import_value; dl_import_volume; dl_p_steel; dl_invest_real_estate;
dl_fiscal_rev; dl_fiscal_exp; dl_yuan_usd; dl_m2; dl_m1; dl_ip_crude_oil; dl_ip_natural_gas; dl_ip_iron_ore; dl_ip_salt;
dl_ip_yarn; dl_ip_cotton; dl_ip_gasoline; dl_ip_kerosene; dl_ip_diesel; dl_ip_coke; dl_output_sulfuric; dl_output_sodiumhy;
dl_output_sodiumcar; dl_output_ethylene; dl_output_fertilizer; dl_output_chemical; dl_output_plastic; dl_output_synthetic;
dl_ip_plastic; dl_output_cement; dl_output_plate; dl_output_pigiron; dl_output_steel; dl_output_steelprod; dl_output_nonferrous;
dl_ip_aluminumo; dl_output_copper; dl_ip_aluminumprod; dl_output_boiler; dl_output_icecar; dl_output_metalcut;
dl_output_electric_tool; dl_ip_packaging; dl_ip_cement_equip; dl_ip_smelt; dl_ip_feeding; dl_ip_tractor; dl_ip_airclean;
dl_ip_railway; dl_ip_motor; dl_ip_ship; dl_ip_powergen; dl_ip_acmotor; dl_ip_electricity_prod; dl_output_fridge; dl_output_freezer;
dl_output_ac; dl_output_wastemac; dl_ip_mobilehandset; dl_output_microcomputer; dl_output_semiconductor;

dl_output_electricmeasure; dl_output_copymac; dl_freight_traffic; dl_freight_turnover; dl_passenger_traffic; dl_passenger_turnover;
dl_volume_port; dl_volume_foreigntradegoods; dl_no_expressmail; dl_no_cellphoneuser; dl_epu; d_fiscal_balance; d_neer;
d_reer; d_pmi_manu; d_pmi_output; d_pmi_neworder; d_pmi_majorinput; d_pmi_emplotment; d_pmi_deliverytime;
d_pmi_backlog; d_pmi_inputp; d_pmi_inputbuy; d_pmi_finishedgoods; d_pmi_newexport; d_pim_import; d_consumer_confidence.

France

dl_us_eur; dl_m1; dl_m2; dl_m3; dl_private_credit; dl_m1_dom; dl_m2_dom; dl_cb_asset; dl_saving; dl_unreg_saving;
dl_credit_to_private; dl_loan_to_gov; dl_business_creation; dl_gov_rev; dl_gov_exp; dl_cpi; dl_core_cpi; dl_ppi; dl_imp_price;
dl_brent_oil; dl_house_start; dl_house_permit; dl_no_job_seeker; dl_job_vacan; dl_job_vacan_dom; dl_job_vacan_skill;
dl_job_vacan_unski; dl_hh_consumption; dl_export; dl_import; dl_num_dealth; dl_construction_creation; d_fis_bal;
d_income_tax; d_corp_tax; d_vat; d_trade_bal; d_busness_climate_indicator; d_epu; d_manufacture_survey; d_service_survey;
d_construction_survey; d_retail_survey; d_wholesale_survey; d_employment_survey; d_hh_confidence_indicator; d_retail_sale_survey;
d_industry_sentiment; d_service_sentiment; d_cap_utilize_survey; r_tbill_1m; r_tbill_3m; r_tnote_1yr; r_bond_10yr;
r_saving; r_industrial; r_housing; r_newloan; turnover_indus; turnover_service; retail_sales; turning_point_survey; in-
dustry_turn_survey; service_turn_survey; construction_turn_survey; wholesale_turn_survey; surprise_indicator; unemply-
oment_t12_survey; live_standard_p12; current_order_book; d_foreign_order_survey; d_total_order_survey; d_employment_survey_m;
emp_forecast_survey; d_production_survey; production_forecast_survey; inventory_survey.

India

dl_ex_sugar; dl_ex_spices; dl_ex_rice; dl_cpi; dl_ecma; dl_agri; dl_consu_petro_coke; dl_consu_gas; dl_consu_motor;
dl_consu_diesel; dl_consu_petro; d_pmi_new; d_ip; reverse_repo; bank_rate.
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Mauritius

dl_cpi; dl_stock_semdex; dl_stock_demex; dl_stock_semtri; dl_stock_demtri; dl_stoc_sem10; dl_gross_reserve; dl_fx_euro;
dl_fx_gbp; dl_fx_usd; dl_fx_rand; repo; d_tourist_arr.

Türkiye

dl_ppi_int; dl_ppi_dur; dl_ppi_ene; dl_ppi_cap; dl_ppi_mine; dl_ppi_manu; dl_ppi_f; dl_tot_veh_prod; dl_tot_auto_prod;
dl_gross_electricity; dl_export_oil; dl_export_gem; dl_export_capital; dl_export_interm; dl_export_consu; dl_export_auto;
dl_cpi; dl_cpi_f; dl_cpi_h; dl_cpi_g; dl_cpi_e; dl_cpi_s; dl_ppi; dl_p_gold; dl_ipi; dl_ipi_mine; dl_ipi_manu; dl_ipi_gas;
dl_ipi_food; dl_ipi_gar; dl_ipi_electronic; dl_ipi_machine; dl_ipi_car; dl_motor_sale; dl_commercial_vehicle_sale; dl_tourism_arr;
dl_cli; dl_consu_confi; dl_export_fish; dl_export_mine; dl_export_manu; dl_neer; dl_reer_cpi_jpm; dl_reep_ppi_jpm;
dl_reer_cpi_cb; dl_reer_cpi_developed; dl_reer_cpi_developing; dl_try_us_avg; dl_stock_index_avg; dl_int_reserve;
dl_cb_reserve_asset; dl_fx_reserve_commerical; dl_m3; i_consu; i_deposit.

Vietnam

dl_retail_sales; dl_im; dl_cpi; dl_powder_milk; dl_stock_index; dl_int_visitor; dl_reer; dl_liquid_gas; dl_been; dl_seafood;
dl_cig; dl_paint; dl_tv; dl_cement; dl_motorbike; dl_garment; dl_coal; dl_polyester; dl_electricity; dl_water; dl_cotton;
dl_retail_service; d_pmi_manu_cap; d_pmi_manu; d_pmi_manu_new; d_pmi_manu_new_ex.
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