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JEL classification: The ability to estimate current GDP growth before official data are released, known as “nowcasting”, is crucial
€32 for the Chinese government to effectively implement economic policy and manage economic uncertainties;
€53 however, there is limited research on nowcasting China’s GDP in a data-rich environment. We evaluate the
E37 performance of various machine learning algorithms, dynamic factor models, static factor models, and MIDAS
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using 89 macroeconomic variables from years 1995 to 2020. We find that some machine learning methods
outperform the benchmark dynamic factor model. The machine learning method that deserves more attention
is ridge regression, which dominates all other models not only in terms of nowcast error but also in effective
recognition of the impacts of the Global Financial Crisis and Covid-19 shocks. Policy-wise, our study guides

practitioners in selecting appropriate nowcasting models for China’s macroeconomy.

1. Introduction

The implementation of macroeconomic policy in real-time heavily
requires assessments of precise information regarding the current state
of the economy; however, obtaining accurate and timely estimates of
key macroeconomic indicators such as Gross Domestic Product (GDP),
in particular during times of economic uncertainty, is well known to
be challenging because macroeconomic variables are released with sub-
stantial delays. Nowcasts, which refer to assessments of the current or
most recent aggregate state of an economy based on a range of partially
available indicators before the official economic figures are released,
have been widely used by many central banks and other international
institutions to mitigate some of these uncertainties (Hendry et al.,
2016). Nowcasts can be undertaken at the stage of initial estimation
of macroeconomic variables, possibly with incomplete data, in order
to better understand current economic conditions, with the ability
to update estimates as more information becomes available (Banbura
et al., 2013). They can also help identify turning points or significant
shifts in an economy’s momentum (Giannone et al., 2008; Zhang et al.,
2018).

The task of nowcasting GDP is even more challenging in emerging
markets due to the relatively short time span of macroeconomic data
available, missing observations at the start and during the sample
periods, variances in data quality, and the swiftness of continuous

structural change. China, which was largely closed before the 1970s,
is fully integrated into the global economy and is now the second-
largest economy in the world. The story of China’s rapid economic
development began with a boom in investment and imports and exports
since the 1980s. Recently, China’s GDP growth has been slowing down,
though, as the country’s domestic overcapacity has become serious
and the external demand has continued to fall. The government has
implemented a series of reforms to restructure and upgrade its economy
since reform and opening up. Domestic demand, particularly consump-
tion, slowly began to assume responsibility for sustaining GDP growth.
Given how China’s macroeconomic condition has changed over the past
few years, we argue that choosing dominating predictors according
to economic theories is insufficient. Instead, selecting predictors with
dynamic properties is a must to nowcast China’s GDP growth. The
nowcasting model should be able to handle a large number of predic-
tors, deal with missing observations, and be robust to data quality in
rigorous and systematic matters (Yiu and Chow, 2010; Higgins et al.,
2016; Sun et al., 2018).

Given the growing popularity of models that address big data issues
and the urgent need for systematic research in the evaluation of out-of-
sample nowcasts of China’s macroeconomy, a comprehensive study that
compares the performance of various nowcasting models is required.
This paper contributes to filling this gap by undertaking a challenging
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yet difficult task: nowcasting annualised quarterly real GDP growth rate
for mainland China in a data-rich environment. Our work is inspired
by the following question: do the nowcasting methods that are well-
established for Western macroeconomics also work well for China? This
is particularly important as only limited studies address the problem
of nowcasting China’s GDP in the existing literature, and none are
sufficient to answer the question that we pose above: see Yiu and Chow
(2010),! Barnett and Tang (2016),? and Zhang et al. (2018).

We consider three classes of nowcasting models, each of which
has proved itself useful for nowcasting GDP growth rate in devel-
oped countries (Mullainathan and Spiess, 2017; Bok et al., 2018).
The first class consists of various specifications of machine learning
(ML) algorithms, namely ridge regression, least absolute shrinkage and
selection operator (LASSO), elastic net, feed-forward neural network,
K-nearest neighbour regression, regression tree, the macroeconomic
random forest of Coulombe (2020a), and two-stage ridge regression
of Coulombe (2020b). The second class of model contains factor models
that assume the dynamics of the state of an economy are governed
by a small number of common components. We consider two broad
streams of factor models: the dynamic factor model (DFM) of Giannone
et al. (2008), and the static factor models with factors extracted by
principal component analysis and partial least squares. In the third
class of models, we have mixed-data sampling (MIDAS) of Ghysels et al.
(2004), and AR-MIDAS of Clements and Galvao (2009).

Naturally constrained by data availability and relatively short sam-
ples for many series, we implement nowcasting algorithms with a rela-
tively small-scale dataset (compared to Western economics) of monthly
indicators, which are manually selected to best represent the Chinese
economy. Our dataset contains 89 monthly series over the period
from January 1995 to December 2020. The sample period covers both
the sharp downturn of economic activity during the Global Financial
Crisis and the Covid-19 period, allowing us further examine which
nowecasting models are effective during times of economic uncertainty.
Furthermore, to examine the effects of various data dimensions on the
effectiveness of nowcasting, we divide our dataset into two subsets:
the soft dataset and the hard dataset. The soft dataset contains survey
data, financial market variables and various price indexes, whereas the
hard dataset contains variables used for GDP calculations, such as the
industrial production index and international trade data.

We set up our investigation on the fixed window scheme, which
facilitates comparing nowcasts from nested models over a fixed esti-
mation sample size.* We train each nowcasting algorithm once on the
1995Q1 to 2008Q1 in-sample period, and then generate nowcasts over
the 2008Q1 to 2020Q4 out-of-sample period. Given our total sample
size, this creates a rough 50:50 per cent split® between training and
testing samples. Comparison of the nowcasting models is based on their

1 Yiu and Chow (2010) employ the dynamic factor model to nowcast
the GDP growth rate for the most recent quarter and discover that it can
outperform the benchmark random walk model.

2 Barnett and Tang (2016) find that monetary aggregate variables are
more illuminating than other variables, aiding the dynamic factor model in
producing the best nowcasting outcomes currently possible.

8 Zhang et al. (2018) find that the Bayesian approach may be a viable
option for nowcasting China’s GDP.

4 The one major benefit of using fixed window is that it deals with model
instability, which is the issue facing China. With the fixed window scheme, the
estimation process excludes “old” data, which prevents bias in the parameter
estimates. In circumstances where the parameters do not change considerably
over time, expanding window estimates, which make better use of all data,
tend to be less volatile than fixed window estimates. To compare the nowcast-
ing results generated by the fixed window and expanding window methods,
we present rRMSE and MCS p-value results for the expanding window method
in Table 7 of Appendix A. We find that the nowcasting results generated by
the fixed window and expanding window are similar.

5 To further examine if nowcasting results are robust for different percent-
ages of sample splitting, we simulate our nowcasting exercise using 75% and
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pseudo out-of-sample performance along three metrics: the root mean
square nowcasting error, the conditional predictive test of Giacomini
and White (2006), and the model confidence set (MCS) of Hansen et al.
(2011).°

We find two intriguing and interesting empirical results. First, ridge,
LASSO, elastic net, regression tree and two-stage ridge are the best-
performing models as they produce nowcasts that are superior to the
nowcast generated by the benchmark DFM model and are covered by
the MCS at the 25% level of significance. The model that stands out
is ridge regression, due to not only it reduces overall nowcast errors
by 77% but also demonstrating an extraordinary ability to recognise
the impacts of the Global Financial Crisis and Covid-19 shock. Second,
the total dataset possesses more useful information to differentiate the
nowcast than the hard and soft dataset; therefore, policymakers should
incorporate as much information as possible to make a nowcast. To
open the black box of ML methods, we compare the predictors selected
by some of the best-performing ML algorithms and investigate the rela-
tive importance of individual predictors using the variable importance
measures. We find price indices and trade data have the most predictive
power and variable importance measure provides a highly consistent
summary of which variables are most influential in improving nowcast
accuracy, which can help uncover the main predictors for nowcasting
and forecasting future economic conditions, possibly shedding light on
the drivers of price dynamics.

This paper joins the growing body of empirical application in eval-
uating the relative success of nowcasting models for China. We con-
tribute to the literature in a number of ways. First, to the best of
our knowledge, our paper is a rare attempt to put different classes
of models together and compare their predictive performance in a
pseudo out-of-sample nowcasting experiment for China. In contrast,
the existing studies such as Yiu and Chow (2010), Jiang et al. (2017)
and Zhang et al. (2018) typically consider one model (i.e. the dy-
namic factor model and MIDAS) at a time. Among others, we note the
work by Jiang et al. (2017), who use a MIDAS regression to forecast
China’s GDP. Our work differs from Jiang et al. (2017) by comparing
a large number of nowcasting algorithms that have been widely used
by Western economies, including MIDAS models, dynamic and static
factor models, and various specifications of ML algorithms. The selected
nowcasting algorithms have the ability to capture nonlinear and non-
parametric relationships, deal with issues raised by mixed frequency
and missing observations, and are robust to the structural change that
China has undergone. Second, we draw attention to the primary set of
variables that account for these nowcast enhancements. Our findings
indicate that this set of variables is not dense, which contradicts the
conclusions of Giannone et al. (2008). In fact, we discover that the
most effective ML models are those that do enforce sparsity and reg-
ularisation. Dynamic factor models, which have been among the most
widely used models for macroeconomic nowcasting, have a high level
of aggregation, yet this level is insufficient for China.

The remainder of the paper is organised as follows. Section 2
reviews the literature related to nowcasting in a data-rich environment.
Section 3 describes our data. Section 4 outlines our nowcasting method-
ology and algorithms, while Section 5 presents model estimation and
nowecasting evaluation. The empirical results are discussed in Section 6,
and Section 7 provides concluding remarks.

25% in-sample and out-of-sample split in Table 6 of Appendix A. We show that
regularised regressions, especially ridge regression, dominate other nowcasting
models in terms of relative RMSE; therefore, our results are robust for a 75:25
percent training and testing sample split.

6 The question of model selection and how it affects macroeconomic fore-
casting has long been a focus of applied macroeconometrics. This was due to
the fact that empirical work typically lacks knowledge of the most parsimo-
nious model incorporating the data-generating process. The best nowcasting
model is first identified, and the subset of models that are not statistically
different from the best model at the specified confidence level are then chosen.
The best set of nowcasting models in the literature have frequently been chosen
using the MCS; for instance, Kotchoni et al. (2019) and Coulombe et al. (2022).
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2. A brief literature review

Nowcasting has a long tradition in empirical macroeconomics and
has become the full-time job of dedicated economists at central banks
and government agencies. In the past, policy-makers typically relied on
the combination of the “bridge equation” and qualitative judgement
to make a nowcast.” However, these methods might not be effective
in a data-rich environment. Today, data is released to the public on
a regular basis: Almost every week, new information is made available
to analyse, comment on and interpret. This motivates macroeconomists
to embrace the big data challenge, pushing the frontier of statistical
methods and refined measurement in macroeconomic forecasting and
nowcasting. Over the past 20 years, developments in time series econo-
metrics have made it possible to include arbitrarily many series in
nowecasting systems and to incorporate data release in real-time (Stock
and Watson, 2017). This section reviews the related literature from the
following three aspects: the dynamic factor model, ML algorithms, and
the MIDAS regressions.

The initial attempts to produce nowcasts within a formalised and
coherent statistical framework were due to Giannone et al. (2008)
and Evans (2005) under the name of “dynamic factor models”. The
model has three appealing features to deal with typical problems
arising from the different releases of the economic indicators. First, the
model is a simple algorithm that can be automatically updated, which
allows researchers to interpret and comment on various data released
at different frequencies with different publication lags in terms of the
signals they provide on current economic conditions. This is possible
because the Kalman filter generates projections of missing observations
for all variables and updates the nowcast as new data are released.
Second, the model is robust for potential economic instabilities by
reducing the weight and loading factor of any variable that loses pre-
dictive power over time. Third, the model is dynamically complete in
the sense that it takes into account the dynamics of all indicators used
in the analysis. Subsequent research using the dynamic factor model
to nowcast current GDP include (Lahiri and Monokroussos, 2013)
for the United States; Banbura et al. (2013), Banbura and Riinstler
(2011) and Camacho and Perez-Quiros (2010) for the aggregate Euro
area; Barhoumi et al. (2010) for France; and Matheson (2010) for New
Zealand. To date, the dynamic factor model has been widely used by a
number of international institutions and central banks as a standard
tool for up-to-date GDP nowcasting, some example users being the
Federal Reserve Bank of Atlanta (Higgins, 2014),° the Federal Reserve
Bank of New York (Aarons et al., 2016),° the Bank of England (Hendry
et al., 2016),'° the European Central Bank (Banbura et al., 2013)'' and
the International Monetary Fund (Matheson, 2011).

The MIDAS framework was proposed by Ghysels et al. (2004, 2007)
to flexibly deal with data sampled at different frequencies. It incor-
porates high-frequency data into the regression without transforming

7 The idea of bridge equation comes from using small-scale models to
“bridge” the information contained in one or a few key monthly data with
the quarterly GDP, which is released after the monthly data.

8 The Quantitative Economic Research Department in the Federal Reserve
Bank of Atlanta frequently produces nowcasts of United States GDP before
United States Bureau official releases. It nowcasts 13 separate expenditure
components of the GDP to mimic the expenditure approach to calculating GDP
using dynamic factor modelling.

9 The Federal Reserve Bank of New York uses a dynamic factor approach
to provide a model-based nowcast of GDP. However, it does not mimic a
particular approach to calculating GDP.

10 The Bank of England’s Monetary Policy Committee uses a compilation of
nowcasts from three different models (the MIDAS model, the dynamic factor
model and judgements based on different industries) to form its initial view
on the current state of the economy.

11 The European Central Bank also uses dynamic factor-based nowcasting
models to inform its policy decisions. Its staff have released a number of
working papers, which are cornerstones of the nowcasting literature.
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predictors into latent factors, avoiding possible loss of potentially useful
information and misspecification; therefore, MIDAS is a powerful tool
for direct forecasting tasks, linking low-frequency data with current
and lagged high-frequency indicators at multi-steps forecast horizon.
In literature, MIDAS models have been used to forecast quarterly
GDP using monthly economic variables. For example, Jiang et al.
(2017) combine the dynamic factor model and MIDAS model to forecast
China’s quarterly GDP growth rate. They find the MIDAS models based
on latent factors extracted from the dynamic factor model have better
forecasting performance compared to traditional forecasting methods.

A similar conclusion is obtained by Kuzin et al. (2011) for nowcast-
ing GDP in the euro area. Foroni et al. (2020) consider using MIDAS and
Unrestricted MIDAS models with a variety of indicators to improve the
growth nowcasts and forecasts during the Covid-19 crisis and recovery
period. Financial variables that are forward-looking and contain infor-
mation about the future state of the economy are later considered to be
highly relevant to macroeconomic nowcasting (Andreou et al., 2013).
Compared to the dynamic factor model, the MIDAS has the advan-
tage of using high-frequency financial data that are observed without
measurement error and are not subjected to revisions as opposed to
macroeconomic variables.

Despite the effectiveness of dynamic factor models and MIDAS in
producing timely and accurate nowcasts, there are arguments as to the
parametric restrictions that make these models work discard potentially
important information (Carrasco and Rossi, 2016; Stock and Watson,
2017). Instead, there is an exploitable nonlinear and non-parametric
structure that could be revealed by modern ML algorithms (Stock and
Watson, 2017; Mullainathan and Spiess, 2017). ML algorithms have re-
cently been proposed as new tools by which empirical economists could
solve the prediction problem rather than the parameters estimation
problem (Mullainathan and Spiess, 2017; Athey, 2018). They offer a
solution for the curse of dimensionality and regularisation to standard re-
gression analysis by using a more robust and complex architecture, and
without having the need to transform variables to latent factors (Athey,
2018; Athey and Imbens, 2019).

The current literature has shown large improvements in favour of
ML algorithms in macroeconomic forecasting and nowecasting tasks. For
instance, Coulombe et al. (2021) assess the forecasting performance
of various standard and ML forecasting methods for key UK economic
variables. They find ML methods are capable of providing substantial
gains for forecasting several indicators of the UK macroeconomy in the
short term, and methods with non-linearity features are particularly
suitable for the Covid-19 period. Medeiros et al. (2021) show that,
among various ML methods, the random forest and LASSO model
dominate all other models, perhaps their superior performance are due
to non-linearities and variable selection mechanism. Richardson et al.
(2021) commence the work of utilising 41 real-time data vintages to
nowcast New Zealand GDP. Their findings show that ML techniques can
outperform both the dynamic factor model and the autoregressive. With
an actual application to nowcasting US GDP growth, Babii et al. (2021)
present oracle inequalities for the sparse-group LASSO estimators in
recognition of the possibility that the financial and macroeconomic
data may have heavier than exponential tails. They demonstrate that
the estimator beats competing solutions and that text data can be an
advantageous addition to more conventional macroeconomic data. The
most comprehensive study to date is conducted by Coulombe et al.
(2022). They move beyond the question of, Is machine learning useful for
macroeconomic forecasting? by adding the question, how and they find
that machine learning is useful for macroeconomic forecasting because
it mostly captures important non-linearities that arise in the context of
uncertainty and financial frictions.

3. Data

We collect a panel of 89 monthly predictors, spanning from January
1995 to December 2020. Our sample period covers the transition of
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the Chinese economy since the reform and opening up, the Asian
financial crisis (from July 1997 to December 1998),'? the Global Finan-
cial Crisis period (from December 2007 to June 2009),'* and China’s
rapid subsequent recovery (from July 2009 to December 2019), and
the Covid-19 period (from March 2020 to December 2020). The set
of predictors covers all important sectors of China’s macroeconomy,
including the government sector, international trade, the industrial
sector, the service sector, the monetary sector, and the financial sector.
We source our Chinese data from the CEIC data manager. The variables
used to compute nowcasts are shown in Table 8 of Appendix B.

Since proposed ML algorithms require predictors to be quarterly
to make a nowcast, we apply the temporal aggregation of collected
monthly variables X,, to obtain the set of quarterly predictors X.
For stock variables such as interest rates and price indices, we treat
X, as the monthly average of X, in a quarter. For flow variables
such as investment and industrial production, we treat X, as the
monthly aggregation of X,, in a quarter. This temporal aggregation
process avoids the issue of conflating information sets with different fre-
quencies and ensures an apples-to-apples comparison between the ML
algorithms, factor models and MIDAS. Finally, we induce all predictors
to stationarity following McCracken and Ng (2016)’s approach.

All predictors were subjected to five preliminary steps: possible
deseasonalisation, temporal aggregation, possible transformation by
taking either the difference or the percentage change, standardisation,
and screening for possible outliers. Seasonal patterns are common in
China’s macroeconomic data, and we use X-13ARIMA-SEATS in R plat-
form to address them.'* A judgement decision was made over whether
to use the difference or the percentage change, primarily based on
an examination of the time series plots and unit root tests. Predictors
that are already expressed in index or percentage terms typically have
the difference taken into account, while predictors that have actual
quantities are typically given the percentage change. Additionally, we
clean the dataset by replacing outliers with missing data and deleting
outliers for which the first difference deviates from the median by more
than five times the interquartile range. Our last concern is to balance
the resulting panel since some predictors have missing observations.
Following Stock and Watson (2002) and McCracken and Ng (2016), we
apply an expectation-maximisation algorithm which uses factor models
to fill missing observations.'®

The time lag of the selected economic and financial variables is
a must to consider. We do not include any predictors that have a
time lag longer than one month because the release of the first esti-
mate of Chinese GDP data is quite timely, with a time lag of about
three weeks after the end of the corresponding quarter. Our monthly
variables are all released during the reference month (i.e., the calen-
dar date of the observation). Variables with a publication lag greater
than 3 weeks are treated as missing observations since Chinese GDP
is usually released with 3 weeks lag, and we estimate them using
the expectation-maximisation algorithm to obtain the balanced set of
predictors. Concerning the timing of data releases, we detailed release
time and publishing lag in Table 8 of Appendix B.

The final note is that the data we examine are not real-time because
we do not examine a sequence of revisions for each calendar-dated
observation. In this sense, our experiments are only pseudo real-time.
We defer to future studies since real-time datasets for China are still
being developed, which would enable us to undertake true real-time
prediction if they were available in the future.

12 Sources: Federal Reserve History.

13 Sources: NBER Business Cycle Reference Dates.

14 Developed by the United States Census Bureau, the X-13 supports
user-defined holiday variables such as Chinese New Year. It returns desea-
sonalised predictors if seasonality is detected and returns original predictors if
seasonality is not detected.

15 Predictors for the construction of factor models are further standardised
to mean zero and unit variance.
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4. Nowcasting framework

We consider algorithms that form predictions about the current
growth rate of Chinese real GDP on the basis of the available historical
and contemporaneous information. Let N be the number of variables
and T be the number of time series observations. For t = 1,...,T and
n = 1,...,N, we have X, = [X,,,...,X,,] be the vector of variables
found in macroeconomic dataset and y, is our target variable at time
t. With reference to Coulombe et al. (2021), we consider the general
nowecasting framework:

T
- {Z(y, — 8(/ (X)) + pen(g: r)} @
s€0 | o

The function g, chosen in the functional space G, maps the trans-
formed inputs into our target variable. f() represents the function of
data pre-processing (or feature engineering in ML literature) effects
on nowcasting performance, and pen() is the regularisation function
whose strength depends on hyperparameter(s) . We now discuss our
nowcasting algorithms.

4.1. Machine learning algorithms

ML algorithms offer ways to approximate unknown and poten-
tially complicated functional forms to minimise the expected loss of
a nowcast. For each ML algorithm considered, myriad varieties are
proposed in the literature, so it would be challenging to employ all
possible varieties.' Since this study is an early attempt to examine the
predictive performance of ML algorithms for China’s macroeconomy,
we focus on investigating off-the-shelf ML algorithms susceptible to
improve macroeconomic nowcasting. These ML algorithms are some of
the most commonly used models in the literature on macroeconomic
forecasting. Below are the considered algorithms.

LASSO, Ridge Regression (RR) and Elastic Net (E-Net): LASSO, RR
and E-Net are similar methods to avoid over-fitting the regression
model by incorporating penalties on the vector of the regression co-
efficients. The difference between LASSO, RR and E-Net is the type of
regularisation they implement. They estimate the parameters by min-
imising the sum of least squares residuals subject to different penalties,
which lead to the following objective functions:

arg min
p

N
1. RR (L1 norm) : (y;—Xz/})z"‘/lZ(ﬂiz)

i=1

M=

(2)

M=~

N
2. LASSO (L2 norm) : (v —X,ﬂ)2+/12 (18:])
i=1

M=

N
3. E-Net (L1+L2 norm) : Y (y, = X,6)° + 2 Y, (a|f] + (1 - )p?)
i=1

=1

In RR, parameters of least relevant variables are shrunk uniformly
towards zero, whereas LASSO performs the variable selection procedure
to eliminate irrelevant variables. E-Net can be interpreted as a hybrid
version of RR and LASSO regressions. It can either shrink the coeffi-
cients close to zero or completely remove them. Hyperparameters 4,
and 4, control the strength of the penalty, and « assigns the weight
of L1- and L2-norm penalties. A larger f§ leads to a greater penalty
and a stronger effect of shrinkage and regularisation of regression

16 For example, common varieties of artificial neural networks include
feed-forward neural networks, radial basis function neural networks, multi-
layer perceptrons, convolutional neural networks, recurrent neural networks,
modular neural networks, and sequence-to-sequence models.
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coefficients. The values of A, and 4, are tuned by the K-Fold cross-
validation of the training dataset, whereas «a is selected via minimum
within the sample MSE.

Feed-Forward Neural Network (FFNN): Inspired by how the human
brain works, the neural network is an information-processing algorithm
that resembles biological nervous systems. While there are several vari-
ations of the neural network, we consider the FFNN, which is perhaps
the most general type of artificial neural network.'” One distinct feature
of FFNN is that connections between nodes do not form a cycle. The
model works forward only by feeding datasets into the network through
input neurons, which trigger the layers of hidden neurons and finally
turn into output neurons. More precisely, each input is weighted and
passed through an activation function to determine the value of nodes
in the first layer of perceptrons.'® Then, nodes from the first layer
become new inputs (re-weighted) for the second layer and are passed
through a new activation function to determine the value of nodes in
the third layer. This process is repeated until the N,;, layer is created.
Finally, nodes in the last layer are re-weighted and passed through the
final activation function to generate the output value.

The key hyperparameters of FFNN are the number of nodes on each
layer and the number of hidden layers. We use a single hidden layer
because the universal approximation theorem states that FFNN with a
single hidden layer and a finite number of neurons can approximate any
continuous function for inputs within a specific range (Hornik et al.,
1989). The number of nodes is selected via K-fold cross-validation.

K-Nearest Neighbour (KNN): KNN is a non-parametric method that
works by predicting the outcome of new data based on K most similar
observations (neighbours) in the training dataset. More specifically,
given a data point (in this case, the GDP growth rate), we compute the
Euclidean distance between that point and all points in the training
dataset. Then, the nowcast of China’s GDP growth rate is the aver-
age of the target output value by the closest K training data points.
The hyperparameter is the value of K and is determined by K-Fold
cross-validation.

Decision Tree (DT): DT for regression is based on a hierarchical
tree-like partition of the input space wherein data are partitioned
into smaller and smaller subsets that contain similar values. The tree
consists of internal decision nodes and terminal leaves. The flow begins
at the root node for any given data point and proceeds through a
series of tests and decision nodes until it reaches a leaf node. The tree
uses within-node variance in the regression process to divide the data
into the paths that lead to the greatest variance reduction. Up until
the termination criterion is reached, the data splitting is carried out
iteratively. Usually, the within-node sample mean of each leaf node
serves as the final prediction. The hyperparameters include the tree’s
maximum depth, the minimum number of samples needed to split an
internal node, and the number of features to take into account when
looking for the best split.

Macroeconomic Random Forests (MRF): MRF is proposed by
Coulombe (2020a) as a new form of the random forest better suited
for macroeconomic data by considering generalised time-varying pa-
rameters. It reads as:

= Xrﬁr té 3
By =F(S)) (C)]

17 The identity function is used as the activation function. The robustness
check was performed using two and three hidden layers and a different number
of neurons. The results indicate that the single hidden feed-forward neural
network is the best nowcasting model among various feed-forward neural nets.

18 A perceptron is an algorithm used for supervised learning of binary
classifiers.
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where S, (usually smaller than X,) is the state variable determining the
linear model that we want to be time-varying, X, is a high-dimensional
macroeconomic data set, and F is a forest. The problem is then finding
an optimal variable (j) out of the random subset of predictors (J~)
to split the sample with and at which value (¢) we should split the
variable. Coulombe (2020a) develops a greedy algorithm to recursively
construct trees as:

jegli,?eR rr/l}l]n Z w(t: ) (v, — )?tﬂl)z + A8,

reI]RW(j,c)

+ min Z

2
relf”’(j,c)

w(t;$) (v, = X,8,)° + 2|8a ®)

where the Kernel trick w(z; {) that assigns a weight of 1 on observation
t, a weight of { < 1 for observations t — 1 and 7 + 1 and a weight of ¢
for observations 7 — 2 and ¢ + 2.

Coulombe (2020a) and Coulombe et al. (2021) demonstrate that the
newly proposed algorithm forecasts better than off-the-shelf ML algo-
rithms and traditional econometric approaches. The intuition is rather
straightforward: it nests a number of significant applied macroeco-
nomic parameters (structural breaks/changes, threshold effects,
regime-switching, etc.) and lets the data determine which combination
of them is best appropriate.

Two-stag Ridge Regression (TS-RR): Coulombe (2020b) shows that
time-varying parameter models can be approximated as ridge regres-
sions, making macroeconomic policy implementation much easier than
in the state-space paradigm. The critical issue in the time-varying
parameter models —the “amount of time variation” can be then easily
solved by tunning cross-validation. He proposes TS-RR to deal with
evolving volatility and let the algorithm select which parameters vary
and which do not. The first step involves interacting with each indi-
vidual regressor with a scatter of moving indicators to accomplish a
plain ridge regression (potentially in high-dimensional space). Then,
by restricting to incremental location shifts caused by heavy ridge
shrinkage, all of them are maintained in the model rather than only
a small number of them (sparsity) (smooth time variation). Coulombe
(2020b) demonstrates how well the suggested TS-RR performs when
compared to various factor model and VAR model specifications.

4.2. Factor models

Dynamic Factor Model (DFM): DFM is well suited to a context in
which parameter proliferation of a parsimonious model should be
avoided, but at the same time, the salient features of high-dimensional
economic data should be captured. In DFM framework, each economic
variable can be divided by the sum of two orthogonal components:
a handful of latent and unobserved factors that capture the joint
dynamics and an idiosyncratic residual. Similarly to Giannone et al.
(2008)’s approach, we specify that the high-frequency variables (in this
case, monthly variables), X,, have a factor structure following a VAR
process:

X, =pu+AF,+E, E, ~iidN(Q, Zg), (6a)

m|t

F,= AF,_, + Bu,, u,~WN(Q,I), (6b)

where X,,, is N x | vector of monthly series, A is N x r of the factor
loading, F, is r X 1 vector of factors, and E, is an N x1 residual vector.'?
B is a r X ¢ matrix of full rank ¢,>° A is a r X r matrix, all roots of
det(I, — A,) lie outside the unit circle, and 4, is a ¢ dimensional vector
of the macroeconomic stochastic shocks to the common factors
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r is the number of common factors.
q is the number of macroeconomic shocks.
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Giannone et al. (2008) estimate DFM framework of (6a)—(6b) using
a two-step procedure. In the first step, the factors and factor load-
ings are estimated using the principal component analysis (PCA) to
a balanced panel of X, by considering only the series for which all
observations are observed. In the second step, factors are re-estimated
by applying the Kalman filter to the entire information set. Unlike
in the work of Giannone et al. (2008), which uses United States
macroeconomic data, we raise particular concerns about issues related
to the availability of relevant Chinese macroeconomic variables, most
of which started being published only recently and encounter issues
related to missing observations during the Chinese New Year.?! These
two issues could potentially eliminate the majority of variables in the
first estimation procedure step. We adopt the first step used by Gian-
none et al. (2008), using an expectation-maximisation (EM) algorithm
to estimate the factors and the factor loadings. Stock and Watson (2002)
and McCracken and Ng (2016) demonstrate that the EM algorithm is
an iterative algorithm for the efficient estimation of factors and factor
loadings when data irregularities are present. Then, we update the
estimated factors and factor loadings using the Kalman filter.?* Finally,
the nowcasts are obtained through a regression of GDP on temporally
aggregated factors:

WU =t KL 4 oM

e, T t=ky, 2k, ... .. (2]

The data-processing function f() in (1) involves PCA and Kalman filter,
whereas the key hyperparameters in the dynamic factor model are
the number of common factors (r), and the number of shocks (g). We
assume that the macroeconomic dynamics are affected by the real shock
and monetary shock (¢ = 2) and select the number of common factors
using (Bai and Ng, 2002)’s information criteria.

Static Factor Models: A DFM can be expressed as a static factor model
with r contemporary common factors. It reads as:

V= ﬂ,Ft + }/(L)y, + €415 (83)

X, = AF, +e,. (8b)

where in (8a) and (8b), y(L) is a lag operator for y, and ¢, = (e, ...,
eyn;) is the N x 1 vector of idiosyncratic disturbances. Static factor
models belong to the class of dense modelling where data-processing
function f() in (1) utilises dimensional reduction techniques, and hy-
perparameters in pen() are the number of common factors and lag of
y;. From a practical perspective, the primary advantage of the static
framework is that it is easily estimated using time domain methods and
involves few choices of auxiliary parameters. Therefore, the construc-
tion of the nowcast can be easily achieved by a linear combination of
contemporary F, and y, (with or without its lags).

PCA has been widely used in the literature to construct factors
(Stock and Watson, 2002; Coulombe et al., 2021). It uses weighted
cross-sectional averaging to remove the influence of the idiosyncratic
disturbances in (8b). Such weights are the resulting factor estimators
explaining as much data variance as possible. Partial least square (PLS)
is a serious competitor for PCA. Unlike PCA factors that depend only
on the covariance of X, while ignoring the correlation between y, and
X,, PLS factors are capable of capturing the variation between y, and
X, while ignoring the covariance of X,. We consider four variants of
static factor models. The first and the second, denoted as FAAR-PCA
and FAAR-PLS, include contemporaneous ﬁ, estimated by PCA and PLS,
respectively, and a lag of y,.* The lag order of y, is chosen by BIC.

21 In the replication file of the research by Giannone et al. (2008), the data
only contain a few missing observations at the end of the sample period.

22 The Kalman filter exploits the dynamics of the common factors and
the cross-sectional heteroscedasticity of the idiosyncratic components, thereby
providing efficiency improvements over simple PCA.

23 FAAR refers to factor augmented autoregression.
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The third and the fourth, denote as DI-PCA and DI-PLS, include only
contemporaneous F,.*!

4.3. Mixed Data Sampling (MIDAS) and Autoregressive (AR)

MIDAS: MIDAS regressions were developed to cope with time series
data sampled at various frequencies without needing to transform pre-
dictors into latent factors. We concentrate on stationary single-equation
MIDAS regression models where the dependent variable is observed
every three months and the explanatory variables are observed every
month. MIDAS reads as follows:

P m

e=a+ Y fLy +y Y Ok OLY X, +¢, 9)
i=1 k=1

where L is the lag operator, m is the frequency alignment indica-

tor so that the high-frequency variable is observed m times in the

low-frequency variables,? ®(k;0) is a polynomial that determines the

weights for temporal aggregation of X,.*

The MIDAS leads to sparse models ex-post as it uses functional forms
to constrain the coefficients. The key hyperparameters are which out of
several functional constraints is better suited to the MIDAS regression
model and the number of lags for y, and X,. Since the selection of lags
can differ with different functional constraints, Ghysels et al. (2016)
suggest using an information criterion to select the best model in terms
of the functional constraint and the lag order simultaneously in the out-
of-sample precision measure. We opt for Bayesian information criteria
(BIC) in the hyperparameter selection.

Following Andreou et al. (2013), we consider the direct nowcast
of GDP growth rate with factors estimated by PCA, and we propose
two variants of factor-based MIDAS. First, the AR term "  f;L'y, is
ignored and we obtain the MIDAS specification. Second, the AR term

f=l B;L'y, in (9) is included and we denote the model as MIDAS-AR.

AR: The AR model is a commonly used univariate model in economic
forecasting literature (Stock and Watson, 2002; Gupta and Kabundi,
2011; Lin and Wang, 2013; Kotchoni et al., 2019). The key hyperparam-
eter in the AR model is the lag order p, which can be determined using
information criteria. The AR nowcasting model is essentially a one-step-
ahead forecast, as the National Bureau of Statistics of China usually
releases GDP figures with a two- to three-week delay. We choose the
lag order based on the minimum BIC of the training dataset.

4.4. Computer codes

We implement the computation of nowcasting algorithm in the R
platform. All nowcasting methods are estimated in R using standard and
well-established packages. For the linear ML methods, we use glmnet
package by Friedman et al. (2010). For single layer feed-forward neural
network, we use nnet package by Ripley et al. (2016). The K-nearest
neighbour for regression is implemented using caret package of Kuhn
(2015). Decision tree is estimated using rpart package of Breiman
et al. (2017). Macroeconomic random forest and two-stage ridge regres-
sion are implemented using MacroRF package and TVPRidge package,
respectively. For a dynamic factor model and factor-augmented AR
with factors estimated by PLS, we use nowcasting package by de Valk
et al. (2019). MIDAS regressions are implements using midasr package
by Ghysels et al. (2016).

24 DI refers to diffusion index by Stock and Watson (2002) where they
propose a variant of factor models that only contains contemporaneous factors
and name it diffusion index.

%5 For example, if low-frequency GDP is quarterly and high-frequency CPI is
monthly, m = 3.

26 The weighting function @(k;6) can have any number of functional con-
straints, for example, Exponential Almon lag polynomial, Beta polynomial,
Gompertz polynomial, Log-Cauchy polynomial and Nakagami polynomial.
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Table 1
List of nowcasting models.

Nowcasting models Acronym Input (Z,) R packages

Machine learning algorithms
Ridge Regression RR Xo glmnet of Friedman et al. (2010)
Least Absolute Shrinkage and Selection Operator LASSO Xy glmnet of Friedman et al. (2010)
Elastic Net E-NET Xo glmnet of Friedman et al. (2010)
Single Layer Feed-forward Neutral Network SL-FFNN Xo nnet of Ripley et al. (2016)
K-nearest Neighbour KNN Xo caret of Kuhn (2015)
Decision Tree DT X0 rpart (Breiman et al., 2017)
Macroeconomic Random Forest MRF Xo MacroRF of Coulombe (2020a)
Two-stage Ridge Regression TSRR Xo TVPRidge of Coulombe (2020b)

Factor models
Dynamic Factor Model DFM F by X, Nowecasting of de Valk et al. (2019)
Diffusion Index with factors estimating by PCA DI-PCA F by X,
Factor-augmented AR with factors estimating by PCA FAAR-PCA F by X,
Diffusion Index with factors estimating by PLS DI-PLS F by X, pls of Mevik and Wehrens (2007)
Factor-augmented AR with factors estimating by PLS FAAR-PLS F by X, pls of Mevik and Wehrens (2007)

MIDAS and AR
Mixed Data Sampling Regression MIDAS Xy midasr of Ghysels et al. (2016)
Mixed Data Sampling Regression with AR term MIDAS-AR Xy midasr of Ghysels et al. (2016)
Autoregression (with p chosen by BIC) AR(p) y

Notes: Superscript Q and M indicates the frequency of input data so X, is quarterly whereas X, is monthly. The set of predictors X, is obtained by applying the temporal
aggregation to X,,. For stock variables such as interest rates and price indices, we treat X, as the monthly average of X,, in a quarter. For flow variables such as investment
and industrial production, we treat X, as the monthly aggregation of X, in a quarter. Regarding the acronym, PCA refers to the principal component analysis, while PLS refers

to the partial least square estimator. F refers to estimated factors.

Table 2
Hyperparameter, selection methods and suggested range in previous literature.

Model Hyperparameters Selection methods Suggested range

Machine learning algorithms

RR A Ccv 0.01-0.99

LASSO A Ccv 0.01-0.99

EN a; A Minimum within-sample MSE; CV 0-1; 0.01-0.99

SL-FFNN No. of neurons cv 1-10

KNN No. of neighbours cv 2-10

DT Max depth; Min split; No. features (6% 1-30; 5-60; 5-60

MRF 4; Kernel weight w(t;¢) CcvV 0.01-0.99; Symmetric 5-step Olympic podium
TS-RR 4; amount of time variation cv 0.01-0.99

Factor models

DFM No. factor; No. shock Bai and Ng (2002)’s IC; Set to be 2 1-6; 1-4

DI-PCA No. factors Bai and Ng (2002)’s IC 1-6

FAAR-PCA No. factors ; Lag of y, Bai and Ng (2002)’s IC; BIC 1-6; 1-12

DI-PLS No. component CV method with least MSE 1-4

FAAR-PLS No. component; Lag of y, CV method with least MSE; BIC 1-4; 1-12

MIDAS & AR

MIDAS Polynomial weighting function; Lag of X Out-of-sample precision; BIC Exponential Almon and Beta; 1-4
MIDAS-AR Polynomial weighting function; Lag of X, and y, Out-of-sample precision; BIC Exponential Almon and Beta; 1-4
AR(p) Lag of y, BIC 1-12

The model acronyms used are explained in Table 1. RMSE refers to the root mean squared error. CV is cross-validation, while BIC refers to Bayesian information criteria.

Table 1 lists all the models implemented in the nowcasting exer-
cise, together with their respective acronym, input matrices Z, and R
packages used for computation process.

5. Model estimation and nowcast evaluation
5.1. Model estimation and hyperparameter optimisation

We partition the target data into training and validation sets in
order to estimate nowcasting models and select the best hyperparame-
ters. In this setup, the model is first estimated using the training set’s
data. The parameters with the lowest nowcast error in the validation
set are then chosen as the optimal hyperparameters. We limit the
hyperparameter search to a range around values established in the prior
literature to prevent overfitting the model to the training data set, see
for example Coulombe et al. (2022) for hyperparameter tuning of ML
algorithms, Stock and Watson (2016) for factor models, and Ghysels
et al. (2016) for MIDAS models. This helps the models generalise to
unseen data. Table 2 presents the hyperparameters we are optimising
for each model, the range we are exploring, and the criteria we used
for hyperparameters selection.

5.2. Nowcast evaluation

We evaluate the nowcasting performance using three measures: (i)
rRMSE, (ii) the test of conditional predictive of Giacomini and White
(2006), and (iii) MCS of Hansen et al. (2011). The first measure, rRMSE,
is commonly used in forecast evaluation metrics to compare model’s
performance against the chosen benchmark, see for example Ahmed
et al. (2010) and Kotchoni et al. (2019) and other macroeconomic
forecasting literature.

The second measure tests null hypotheses of RMSE equality of com-
peting models against the benchmark model. According to Giacomini
and White (2006), the conditional test has the ability to capture the
effect of estimation uncertainty on relative forecast performance when
models may be misspecified. The test employs a null of equal expected
loss evaluated at the current parameter estimates as in (10), so it is
dependent on the information set available at time 7.

H, : E[L(flt+1|r(ﬁlt)v Vi)l = E[L(f27+l|t(ﬁ27! Y)IN

The third measure, MCS, produces a set of the best model(s) from
all candidate models with a given level of significance, wherein the

10
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definition of ‘best model(s)’ can be user specified. It is constructed from
sample information about the relative performances of all competing
models; therefore, it is a random data-dependent set of models that
contains the best nowcasting model(s), just like a standard confidence
interval for the population parameter. Let M, = M,...M,, denote initial
set competing models, the expected loss (in our case RMSE) from model
m and n at time ¢ are compared using:

dppgr1 =Ly — L,y mneM (€8]

At the start of the procedure, M, includes all the candidate models.
The test of superiority is performed by testing the null that H ,,
E [dy41] = 0 for m and n at a critical level «. If the null hypothesis
is accepted at the critical level, then the set M* = M. The weakest
model in the set gets eliminated if the null hypothesis is rejected. The
process is repeated until the null is no longer rejected, in which the
MCS procedure produces models with the same level of nowcasting
performance.

The elimination of the nowcast models in each iteration can be done
according to two test statistics:

Ly = —2 (12a)
dmn
dp
o= 12b
A 4z

where d,,, =T' ¥ d,, and d, = (m=1)7" 3, i dpnss o7 andog
are bootstrapped estimates of standard deviation. In order to allow for
comparisons of the model sets, the proposed test statistics (12a) and
(12b) map naturally into:

Tpm = max. |7 (13a)
Tonax p = MaX 1, (13b)

The first statistic measures the relative sample loss of models m
and n, while the second measures the relative sample loss of model m
against the average across the M models.

5.3. Pseudo out-of-sample experimental design

We evaluate the performance of the nowcasting algorithms using
an out-of-sample simulation. We adopt a fixed estimation window
method?” in which we use the first R observations to estimate parame-
ters of each model where R refers the number of within-sample periods,
and T — R refers to the number of out-of-sample periods. Then, we
generate the first nowcast at the time period R. To compute the next
nowcast at the period R + 1, we drop the first observation from the
previous estimation sample and add an extra observation to the end
of the previous estimation sample. Hyperparameters of each model are
re-estimated, and the nowecast is computed based on estimated parame-
ters. This process—updating the estimation sample, re-estimating model
parameters and computing a nowcast for the next time period—is
continued until T — R time period out-of-sample nowcasts have been
computed.

We consider the total sample size in a 50:50 per cent split between
in-sample and out-of-sample periods to ensure a sufficient number of

27 One significant benefit of using the fixed window is that it deals with
model instability, which is an issue facing China. With the fixed window
scheme, “old” data get excluded in the estimation and so do not cause biases in
the parameter estimates. The fixed window estimates tend to be more stable
than expanding window estimates, making more efficient use of all data in
situations in which the parameters do not change much over time (Elliott and
Timmermann, 2016).
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the in-sample period for model selection and evaluation.?® Therefore,
the within-sample period covers the period from 1995Q1 to 2008Q1.
The first out-of-sample nowcast of China’s real GDP growth rate is
made for 2008Q1. To compute this nowcast, we deseasonalise all series,
screen for potential outliers, standardise all series and estimate models
using data only available from 1995Q1 to 2008Q1. To compute the next
nowcast, we re-determine the value of hyperparameters and re-estimate
models using data from 1995Q2 to 2008Q2. This process repeats until
the final simulated out-of-sample nowcast is made for 2020Q4.

6. Empirical results
6.1. Out-of-sample experiment

In this section, we describe the main results of our analysis. Each
MCS is constructed using the quadratic loss function and 5000 boot-
strap replications. Following Kotchoni et al. (2019), we compute MCS
across all the competing models and set the level of significance a =
25%. Thus, models with p-values greater than 25% are covered by MCS,
while models with p-values less than 25% are excluded from MCS. We
use Ty, u Criteria to reach our set of superior nowcasting models. We
also calculate the rRMSE of each model relative to the benchmark DFM
model as it is a standard nowcasting model for Western economies. In
addition, we use a test of conditional predictive procedure to compare
the nowcast accuracy of each model against the benchmark.

We now examine the performance of the various models at now-
casting China’s real GDP growth. Table 3 presents rRMSE, results of
the test of conditional predictive, and the MCS p-value of each now-
casting algorithm for the simulated out-of-sample period from 2008Q1
to 2020Q4. We first inspect the nowcasting performance of the total
dataset. Overall, RR, LASSO, E-Net, DT, TS-RR, FAAR-PCA, FAAR-PLS,
MIDAS-AR and AR models are covered by MCS at 1\7;5% , constituting
the set of best models for the total data. In terms of rRMSE, the best
nowcast is generated from RR, which employs the shrinkage technique
to discipline the behaviour of the parameters and cross-validates hy-
perparameters with the K-fold method. The improvement in nowcast
accuracy is extraordinarily substantial, which is about 77% better than
the benchmark DFM model. LASSO and E-Net, which incorporate the
L2-norm of the penalty and a mixture of L1- and L2-norm penalties
to constrain the least relevant predictors, are included in MCS at 25%
significance level. By looking at rRMSE, LASSO and E-Net are able
to statistically reduce nowcast error by 37% and 49%, respectively.
Moreover, these gains are also statistically significant at the 1% level
of significance according to Giacomini and White (2006)’s tests of
conditional predictive ability.

DT, which splits data into paths according to the largest variance
reduction, and TS-RR, which uses cross-validation to determine the op-
timal amount of time variation parameters, also perform well in terms
of rRMSE. For example, TS-RR, which is the second best performing
model, generates a nowcast error variance that is only 33% that of the
benchmark DFM model, and the test of conditional predictiveness is
statistically significant at 1% level of significance. Nowcasts generated
by FAAR-PCA and FAAR-PLS are also superior to those produced by
DFM, outperforming the benchmark at the 5% level of Giacomini and
White (2006) test.

An intriguing empirical finding is observed to the rejection of DFM
as it fails to enter into M\;‘S% of three datasets and is the second worst
performing model among all competing models. MCS p-values for DFM
are relatively small: 0.22 for the total dataset, 0.25 for the soft dataset

28 Hansen and Timmermann (2012) conclude that short assessment samples
are most likely to result in erroneous rejections, whereas long out-of-sample
intervals increase the power of prediction evaluation tests.; therefore, we opt
for the long out-of-sample period. We perform the robustness analysis using a
70:30 split and find similar nowcasting results.
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Fig. 1. Boxplot of nowcast errors of each model. Note: the boxplot represents the nowcast error for each model, supplying information regarding the minimum, first quartile (Q1),
median, third quartile (Q3), and maximum. The black dots at the end of the boxplot represent outliers, which are calculated as less than Q1 minus 1.5 times the interquartile

range.

and 0.16 for the hard dataset. This is surprising because our results
are contrary to the actions of most central banks and International
Monetary Fund policies, which use dynamic factor-based nowcasting
models to make nowcasts and inform their policy decisions. We find
conclusive evidence that DFM is inferior to some simple ML algorithms
for nowcasting China’s GDP, such as RR and LASSO. By contrast, static
factor models augmented with an AR term that use only contempora-
neous smoothing to estimate factors perform relatively well in terms
of the rRMSE and the test of conditional predictiveness. They are able
to reduce the averaged nowcast error by 25.5% compared with the
benchmark DFM model.

Fig. 1 represents a box plot of each measure drawn by using the
nowecast error obtained from each model of the total dataset, which
supplies information on the variability of the nowcast error for the
out-of-sample period. We observe that there is a greater variation and
higher error values for SL-FFNN, DFM, DI-PLS, FAAR-PLS, and MIDAS
than for other models. RR, LASSO, E-Net, DT and TS-RR perform
relatively well, consistent with our rRMSE and MCS results. However,
TS-RR experiences a hard time detecting extreme outlier observations
that violate the overall performance. DFM and SL-FFNN produce the
worst median nowcast error and the largest interquartile range, indicat-
ing great dispersion of the nowcast performance. Figure 9 is provided
in Appendix B for additional information regarding the nowcast error
variability for the soft dataset and hard dataset. We also consider
the differences in nowcasting performance among the total dataset,
soft dataset and hard dataset. The comparison of the rRMSE of each
nowecasting algorithm is reported in Fig. 2. Although the number of
nowecasting algorithms that enter into ]/\4\7*5% based on the total dataset
is similar to those numbers based on the hard and soft dataset,”® we
find that the use of the total dataset leads to reductions in rRMSE
for RR, LASSO and E-Net. This finding is further supported by Fig. 3,

22 MCS of the total dataset include 9 nowcasting models, whereas MCS of
the soft data and the hard dataset contain 7 and 11 models at the 25% level
of significance, respectively.

which shows that, for E-Net, LASSO and RR, the averaged R?> based
on the total dataset is large than the corresponding R? based on the
soft and hard dataset. The improvements are substantial, with averaged
R? boosted by more than 10%. Therefore, the total dataset possesses
more useful information to differentiate nowcasts from the hard and
soft datasets, and policymakers should rather incorporate as much
information as possible to make a nowcast.

To further investigate the performance of each nowcasting algo-
rithm in a specific time period, we plot the annualised real GDP growth
rate and its nowcasts obtained from each algorithm over the out-of-
sample period in Fig. 4. We divide the out-of-sample period into three
sub-periods: (i) the Global Financial Crisis and its recovery period that
stretches from 2008Q3 to 209Q2, (ii) the quiet period during the period
from 2009Q3 to 2019Q4, and (iii) the Covid-19 period in the year 2020.
Panel (a) illustrates that RR, LASSO, and E-Net can successfully predict
the sharp downturn and subsequent recovery in activity from 2008Q1
to 2009Q2, most fluctuations during the quiet period, and the effects
of Covid-19 in the year 2020. Revealed in panel (b), SL-FFNN and KNN
largely over-nowecast the actual growth rate. DT presented in panel (c)
succeed in nowcasting the overall trend well. MRF and TS-RR in panel
(d), which allow time-varying parameter components, reveal a similar
historical movement to the DT, but the level of over-prediction is more
substantial for MRF.

In panels (e) and (f), we observe that DI-PCA and FAAR-PCA per-
form less well to recognise the sharp downturn in economic activity due
to the Covid-19 crisis. In contrast, DI-PLS and FAAR-PLS are successful
in recognising the impacts of the Global Financial Crisis and Covid-19
crisis. During the quiet period, they all slightly over-nowcast the GDP
growth, resulting in a relatively weak overall performance compared
to RR and LASSO. Two variants of MIDAS models in panel (g) respond
mildly to the Global Financial Crisis; however, they are having a
difficult time reducing nowcast errors during the quiet period and the
Covid-19 period. In panel (h), DFM produces nowcasts that are greater
than the actual growth rate during the quiet period, but it performs
exceptionally during the Covid-19 period.



Q. Zhang et al.

Table 3
rRMSE and MCS P-Value results.
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Total dataset

Soft dataset

Hard dataset

rRMSE MCS P-value rRMSE MCS P-value rRMSE MCS P-value
ML algorithms
RR 1.00 0.69%* 0.87 0.81
LASSO 0.79 1.04 0.14 0.81
E-NET 0.79 0.92 0.23 0.81
SL-FFNN 0.00 1.16 0.01 0.08
KNN 0.03 1.46 0.04 . 0.12
DT 0.79 0.50%** 1.00 0.53* 0.81
MRF 0.15 1.30 0.09 1.18 0.16
TS-RR 0.79 0.78* 0.71 0.45* 0.81
Factor models
DFM 1.00 0.22 1.00 0.25 0.16
DI-PCA 1.17 0.22 1.31 0.23 0.23
FAAR-PCA 0.83% 0.79 0.78% 0.87 0.81
DI-PLS 1.10 0.15 1.03 0.23 0.81
FAAR-PLS 0.66* 0.67 0.62%* 0.87 0.81
MIDAS
MIDAS-AR 0.79 0.77 0.93 0.59 0.68 0.78
MIDAS 1.24 0.15 1.13 0.14 1.06 0.11
AR 0.72 0.79 0.72 0.87 0.72 0.81

Noted: The reported rRMSE of each model is relative to the benchmark DFM model for the full out-of-sample period
(2008Q1 to 2020Q4). The grey shading corresponds to the benchmark. The best models (with minimum rRMSE) are
underlined. The p-values that are covered in 1/14\7*57 are marked in bold. According to the Federal Reserve Bank of St.
Louis, the soft dataset contains survey data, financial market variables and various price indexes, whereas the hard
dataset contains variables used for GDP calculations, such as the industrial production index and international trade

data.

*Indicate 10% significance level for the Giacomini and White (2006) conditional predictive test.

**Indicate 5% significance level for the Giacomini and White (2006) conditional predictive test.

***Indicate 1% significance level for the Giacomini and White (2006) conditional predictive test.
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Fig. 2. RMSE of each nowcasting model for total, soft and hard dataset. Note: the RMSE computed from each nowcasting model using total, soft, and hard datasets over the

out-of-sample period 2008Q1 to 2020Q4.

6.2. Robustness checks

Our empirical analyses have thus far been based on annualised
real GDP growth rate. To further reaffirm the effectiveness of ML
learning algorithms in nowcasting China’s annualised real GDP growth
rate, we provide two types of robustness checks by comparing the
performance of the various models at forecasting annualised real GDP
growth rate one-quarter-ahead and nowcasting the China’s quarter-on-
quarter nominal GDP growth rate. Table 4, Table 5 and Figure 7 in
Appendix A demonstrate that the comparative patterns in performance
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across different models for forecasting one-quarter-ahead and nowcast-
ing China’s nominal GDP growth rate are similar to those of nowcasting
annualised real GDP growth rate.

6.3. Opening the black box of machine learning algorithms

We now compare the predictors selected by some ML algorithms
and investigate the relative importance of individual predictors for
the performance of the selected nowcasting model using the variable
importance (VI) measures. The aim of VI is to identify covariates that
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Fig. 3. Average R’ for hard, soft and total dataset. Note: the averaged R> on the nowcasting model of RR, LASSO and E-Net computed by total, soft and hard datasets over the

out-of-sample period 2008Q1 to 2020Q4.

have an important influence on the cross-section of nowcasting results
while simultaneously controlling for the many other predictors in the
nowcasting system. We select four models for two reasons: (i) they
perform exceedingly in rRMSE and are covered by M\;‘S%, and (ii)
they have different characteristics. LASSO is a sparsity-inducing model,
while RR, E-Net and DT are approximately sparse. LASSO and RR are
modifications of linear regression, whereas DT can be highly nonlinear
specification. For RR, LASSO, and E-Net, we compute VI measures as
the average coefficient size and standardised regression coefficients so
that variable importance can be measured and compared directly. For
DT, we use the out-of-bag (OOB) samples, which compute VI as the
decrease in accuracy due to the permutation being averaged over all
trees.

Regarding which individual predictor has the most predictive
power, we report the resulting importance of the 10 most important
predictors in Fig. 6.°° Predominantly, the most influential predictor for
RR, LASSO and E-Net is nominal consumption, which accounts for more
than 50% of predictive power among all 89 monthly predictors. Gov-
ernment revenue, 3 months term deposit rate, RMB required reserve
ratio, and electricity production also constitute the 10 most important
predictors for RR, LASSO and E-net. DT is more democratic, drawing
predictive information from a broader set of predictors, including 1-
year deposit rate, nominal exchange rate, RPI, median and long-term
lending rates, and macroeconomic climate index. Fig. 5 demonstrate
the importance of each variable group for RR, LASSO, E-Net and DT
methods, with the values in the plots are rescaled to the sum of
one. Universally, VIs suggest the predominance of certain categories.
More precisely, these four nowcasting models are generally in close
agreement regarding the most influential groups of predictors. The set
of the most relevant groups for RR, LASSO and E-Net include predictors
from the government sector, industrial sector, international trade sector
and interest rate sector. The least influential group for RR, LASSO,
and E-Net is predictors from the exchange rate sector. For DT, the
most influential group comes from the price indexes group; together,
they contribute to approximately 35% of predictive power, whereas
the least influential group of predictors is the energy sector. Overall,
VI measures provide a highly consistent summary of which variables
are most influential for nowcast accuracy.

30 To better compare the measure across different models, we scale VIs of
the 10 predictors and sum them to one.
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7. Conclusion

Nowcasting models have become an increasingly important tool for
mitigating uncertainties regarding the current state of the economy
and have been widely used by policymakers at many central banks
to nowcast the current quarter’s GDP growth rate. The recent “big
data” boom has deeply motivated scholars to use ML algorithms in
nowcasting macroeconomics, which has led to extensive nowcasting
gains. However, the literature with regard to nowcasting China’s GDP is
relatively limited compared to that of Western economies, and the per-
formance of a wide range of nowcasting models is not well examined.
In this paper, we evaluate the performance of various ML algorithms in
obtaining accurate nowcasts of the real GDP growth rate for China. ML
algorithms consist of regularisation methods such as LASSO, RR, and
E-Net; non-parametric methods such as KNN, SL-FFNN and DT; time-
varying parameter methods such as MRF and TS-RR; and ensemble ML
algorithms such as RF. We then compare the nowcasts obtained from
these ML algorithms with the nowcasts generated by the AR model,
dynamic and static factor models, and three specifications of MIDAS
models.

We find three notable results. First, based on the total dataset, RR,
LASSO, E-Net, DT, and TS-RR generate nowcasts that are significantly
superior to the nowcast generated by the benchmark DFM model.
Second, compared to the hard dataset, the total dataset contains more
useful information and is more informative for nowcasting the Chinese
GDP. Third, we reject the superiority of DFM in nowcasting China’s
GDP growth rate, which is contrary to the literature for Western
economies. Overall, our paper joins the growing body of literature that
addresses the relative success of ML algorithms in the field of macroeco-
nomic nowcasting and forecasting. To the best of our knowledge, our
study is one of the first few papers to consider using ML algorithms
to nowcast the current state of economic growth for China. Our main
takeaway result is that regularisation techniques yield the set of ‘best’
models according to the MCS. This is an interesting result, as it provides
a direction for future research investigating whether other types of
penalties can generate better nowcasts than RR and LASSO.

Arguably, there may exist other variants of ML algorithms that
are not included in this paper but are potentially helpful for macroe-
conomic analysis. This is unavoidable, as there is a wide range of
ML algorithms that could be useful to improve nowcasting accuracy.
Another research opportunity is in non-parametric factor models that
require fewer restrictive assumptions than parametric factor models
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Fig. 4. Nowcasts vs. Actual annualised real GDP growth rate. Note: Annualised real GDP growth rate in percent change. Light grey shading corresponds to recessions due to the

2008 GFC and 2020 Covid crisis.
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Fig. 5. Variable importance for RR, LASSO, E-Net and DT. Note: 10 most important series according to the variable importance (VI) criteria. The values in the plots are rescaled to
sum one. For ridge regression, LASSO and elastic net, the relative importance measure is computed as the average coefficient size (multiplied by the respective standard deviations
of the regressors). To measure the importance of each variable for the decision tree, we use out-of-bag samples. RPI is the retail price index. MECI is the macroeconomic climate
index. M&L term lending rate refers to medium and long-term bank lending rates. RR: Large Institutions is RMB deposit reserve ratio: Large depository financial institutions.

and do not impose a prior structure on the underlying data-generating
process. Therefore, non-parametric factor models that allow for data-
driven flexibility are robust alternatives to parametric factor models
and could be fruitful in improving nowcasting performance when the
structure of the data-generating process is unknown (Stock and Watson,
2016).
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Policy-wise, we provide an empirical model for China’s macroecon-
omy that can be replicated and evaluated independently. Based on our
results, the ML algorithm should serve as a benchmark for the com-
parison of policy projections and macroeconomic nowcast accuracy.
Overall, we believe that our study not only guides practitioners in
selecting appropriate nowcasting models for China’s economy but also
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Fig. 6. Variable importance by model. Note: the importance of each variable group for the decision tree, elastic net, LASSO and ridge regression. The values in the plots are

rescaled to sum one. Methods used to calculate variable importance can be seen in Fig. 5.

provides the research community with more feasible directions for ML
algorithms in macroeconomic nowcasting and forecasting.
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