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Abstract 

The timeliness and accuracy of macroeconomic monitoring and forecasting is key to the 
success of the monetary policy. Nowcasting models based on the Principal Component 
Analysis (PCA) framework and filtering technology have been developed by central 
banks to make the real-time analysis of the macroeconomic conditions. In this paper, we 
build a novel nowcasting macroeconomic model for China and utilize the payment data 
and other economic series to nowcast the economic movements. Additionally, we 
develop a supervised learning automation platform for this model. The results indicate 
that our model could be used by the central bank to monitor the trajectory of 
macroeconomic growth in real-time, providing valuable information for the monetary 
authority’s policy-making activities. 
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1. Introduction 

Monitoring economic conditions in real-time is so attractive to central banks that varieties of 
efforts have been endeavored by researchers and policymakers for decades. Early efforts can 
be seen in the research undertaken by the National Bureau of Economic Research (NBER) in 
the late 1930s. Following a similar principle, a variety of economic indicators have been 
developed to identify the status of the economy and to forecast the future path of economic 
movements. Although these achievements have been proved quite valuable in identifying and 
forecasting the expansion/recession of the economy, several severe flaws and challenges 
undermined the applicability and reliability of these methods. These issues are the lack of 
theoretical consistency among multiple indicators, the substitution effect between timeliness 
and accuracy, and the failure to account for high dimensional time series (big data).  

Therefore, modern macroeconomic forecasting models need to improve their ability in 
processing large-scale inputs in a timely manner, generating accurate outputs. This necessity 
has been more important in this information era, given the increasing complexity and volatility 
of the economy and the explosive volume of accessible information. Thanks to the advancement 
of statistical theory and the development of machine learning technology, nowcasting 
macroeconomic models have been made possible, with a strong capacity to integrate time 
series from a variety of resources. In this contribution, we build a nowcasting model and the 
associated supervised learning automation mechanism based on the Principal Component 
Analysis (PCA) and the filtering technology.  

The rest of this article is organized as follows: after this introduction, section 2 covers a wide 
review of the existing body of the related literature. The theoretical framework is presented in 
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section 3, focusing on the principles underlying our nowcasting model and the automation 
mechanism of the supervised learning platform. In section 4 the data sets and empirical 
methodologies are demonstrated, along with the presentation and discussion of the empirical 
results. Finally, section 5 summarizes and concludes. 

2. Literature Review 

The willingness to monitor the status of the economy, timely and accurately, has been the vital 
focus of the central banks ever since their emergence. Large groups of researchers and 
policymakers have produced a great deal of literature on this topic. As we have mentioned 
above, the early official version of such attempts can be traced back to the 1930s, when the 
NBER started to use over 70 indexes to identify the expansion/recession episodes of the U.S. 
economy. The details of this work can be seen in Hurwicz et al. (1946), which influenced the 
subsequent research a great deal. Based on similar principles, many institutions began to select 
indicators to monitor the status of the economy and to make economic forecasts. Diebold and 
Rudebusch (1994) initiated a contribution to evaluating the performance of the leading 
indicators as predictors of the turning points for U.S. business cycles. As summarized in the 
work undertaken by Diebold and Rudebusch (op. cit.), these indicators fall into three major 
categories: leading, coincident, and lagging. One of the most cited examples of such activity is 
the OECD Composite Leading Indicators (CLIs) system for its member economies. Bikker and 
Kennedy (1999) try to construct CLIs to forecast the inflation in seven EU countries, based on 
multiple fundamental economic time series such as the inflation rate, inflation expectations, the 
price levels of intermediate goods and services. Estrella and Mishkin (1998) test the predicting 
power of several financial and nonfinancial indicators and claim that stock market prices are 
good leading indicators of the U.S. economy in the short-term. Other influential articles are 
Hodrick and Prescott (1997), proposing a method to separate cyclical components from basic 
time series in the United States. Cambamendez et al. (1999) test the forecasting performance 
of the CLIs in France, Germany, Italy, and the UK, and Banerjee et al. (2005), discuss the 
procedures to combine information from multiple economic variables to create reliable leading 
indicators.  

Although these traditional approaches have been proved valuable and practical in economic 
monitoring and forecasting in the last several decades, central bankers are still looking for a 
tool to conduct real-time economic forecasts, without making painful sacrifices of accuracy for 
timeliness. Additionally, the pursuit of a systematically consistent framework able to process a 
much wider range of input variables is currently among the top priorities of the monetary 
authorities, since the reach of accessible economic time series has been materially expanded. 
The major challenges to the traditional structural forecasting frameworks include the issues of 
misspecification, overfitting, and the proliferation of parameters. As shown in Bok et al. (2018), 
this fact is frequently referred to as the ‘curse of dimensionality’. For macroeconomic 
forecasting modelling, the key to solve this problem is to extract several salient factors of the 
dynamics, underlying a large group of time series. This is, by nature, exactly the main 
contribution of the Principal Component Analysis (PCA) in machine learning. The pioneering 
attempts to use PCA principles to capture the embedded common patterns among many 
economic variables are the dynamic factor models (DFMs), developed by Stock and Watson 
(1989, 2002) and Deutsch (2004). Later, Giannone et al. (2005) propose the first formal 
mechanism of real-time forecast on macroeconomic variables (GDP and inflation). This is the 
first time for the meteorological term ‘nowcasting’ to be introduced into the field of 
macroeconomic forecasting. They combine the PCA principle and the filtering technique to 
generate ongoing real-time forecasting, along with the new release of each input time series. 
Based on this mechanism, central banks and research institutes have constructed several 
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practical nowcasting models. In the United States, the DFM, built by the Federal Reserve Bank 
of New York, known as the New York Fed Staff Nowcast (Bok et al., 2018), and the one by the 
Federal Reserve Bank of Atlanta, named as GDPNow (Higgins, 2014), are actively generating 
GDP nowcasts regularly to the market. In the United Kingdom, Anesti et al. (2017) have built a 
nowcasting model for the Bank of England. Many DFMs based on a similar mechanism can be 
seen in Japan (Bragoli,2017), Canada (Chernis and Sekkel, 2017), and China (Yiu and Chow, 
2010). 

In this contribution, by adopting the machine learning algorithm introduced by Djukanovic et 
al. (1993) and Lippi et al. (2013), we build the automated framework to conduct real-time 
macroeconomic forecasts. This framework is composed of a macroeconomic nowcasting model 
using PCA algorithms proposed by Deutsch (2004), Giannone et al. (2005), Bok et al. (2018), 
and Yiu and Chow (2010). Also, the automated platform, originated from the supervised 
machine learning mechanism and associated platforms developed by Burges (1998) and Heba 
et al. (2010), on which such model and data flow combine to yield real-time forecasting. Such 
an approach is different from those traditional DFMs, which mainly focus on orthodox 
estimation methods and the models, in that it emphasizes the automation framework that 
combines the nowcasting model, information flows and the machine learning mechanism. This 
contribution provides a novel perspective to achieve automated real-time macroeconomic 
forecast, which is the future of macroeconomic analysis in this age of big data. What is more, 
the banking system data that accounts for over 75% of aggregate interbank fund transfer, has 
been added to the data flows.  

3. Theoretical Framework  

As discussed in the previous section, the fundamental principles of this research are rooted in 
ideas and methodologies of the Principal Component Analysis (PCA) and machine learning. The 
first one leads to the factor model, which captures the fundamental driving forces implied in a 
wide range of time series; and the second combines such model and input flow in an automation 
mechanism to generate the real-time macroeconomic forecasts. The PCA algorithm adopted in 
this article is based on the contribution of Deutsch (2004), Giannone et al. (2005), Bok et al. 
(2018), and Yiu and Chow (2010). 

Suppose we have the information set containing observations of N economic variables for a 
time period of T; these time series can be written as 𝑥𝑡,𝑖, 𝑡 = 1,2,… , 𝑇, 𝑖 = 1,2,… , 𝑁 or in the 

matrix form as𝑋𝑇×𝑁 . Similarly, the aggregate economic variables we want to predict, typically 
variables such as GDP, inflation rate, or industrial production,𝑦𝑡 , 𝑡 = 1,2,… , 𝑇 . We further 
propose that all the time series 𝑥𝑖,𝑡, 𝑖 = 1,2,… ,𝑁, 𝑡 = 1,2,… , 𝑇  and 𝑦𝑡 , 𝑡 = 1,2,… , 𝑇  are 

expressed in the Y-on-Y format. Therefore, the dot product of{𝑋′}𝑖∙and{𝑋}∙𝑗 , (Operators {}∙𝑖  and 

{}𝑗∙ return the ith column and jth row of the matrix in the braces respectively.) 
1

𝑇
{𝑋′}𝑖∙{𝑋}∙𝑗 =

1

𝑇
(𝑥𝑖,1𝑥𝑗,1 + 𝑥𝑖,2𝑥𝑗,2 +⋯+ 𝑥𝑖,𝑇𝑥𝑗,𝑇) =

1

𝑇
∑ 𝑥𝑖,𝑡𝑥𝑗,𝑡
𝑇
𝑡=1  can be approximately treated as the 

covariance between two economic variables 𝑥𝑖 and 𝑥𝑗 when T is large. (The strict mathematical 

proof is summarized in the work of Wold (1987).) Therefore, the 𝑁 ×𝑁 covariance matrix of 
all N variables can be written as 

 Cov𝑁×𝑁(𝑋𝑇×𝑁) =
1

𝑇
{∑𝑥𝑖,𝑡𝑥𝑗,𝑡

𝑇

𝑡=1

}

𝑁×𝑁

=
1

𝑇
𝑋′𝑋 (1) 

The fundamental idea of the PCA is to extract P most salient factors from a large group of 
variables. This is the case of Big Data where the data dimension N is typically quite large, N ≫
P. That is to find the appropriate mapping from the N-dimensional space 𝑅𝑁  to a P dimensional 
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one𝑅𝑃 :𝑅𝑁  
𝑃𝐶𝐴
→  𝑅𝑃 . In the mathematical perspective, we need to find the orthonormal basis 

V𝑁×𝑁 = [𝑣1, 𝑣2, … , 𝑣𝑁] of 𝑅𝑁  that maximizes the length of the projection of the column vectors 
of Cov𝑁×𝑁(𝑋𝑇×𝑁) onto the basis vector 𝑣1. Similarly, the length of the projection of the column 
vectors of  Cov𝑁×𝑁(𝑋𝑇×𝑁) onto the basis vector 𝑣2 is the second largest and so on and so forth. 
By doing so, we can find the P underlying invisible driving factors determine the trend of all 
those variables. In this sense, each variable 𝑥𝑖,𝑡  carries partial information of these principal 

components. To maximize the length of the projection of the column vectors of Cov𝑁×𝑁(𝑋𝑇×𝑁) 
onto the basis vector 𝑣1 is to 

max
�⃗⃗�1

1

𝑁
∑|{Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖 ∙ �⃗�1|

𝑁

𝑖=1

 

which is equivalent to  

 max
�⃗⃗�1

1

𝑁
∑|{Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖 ∙ 𝑣1|

2

𝑁

𝑖=1

= max
�⃗⃗�1

1

𝑁
∑({Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖

′ 𝑣1)
2

𝑁

𝑖=1

 (2) 

plugging ({Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖
′ 𝑣1)

2 = ({Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖
′ 𝑣1)

′({Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖
′ 𝑣1) and equation 

(1) into equation (2), we have  

max
�⃗⃗�1

1

𝑁
∑|{Cov𝑁×𝑁(𝑋𝑇×𝑁)}∙𝑖 ∙ 𝑣1|

𝑁

𝑖=1

 
⇔max

�⃗⃗�1

1

𝑁
∑𝑣1

′𝑋𝑋′𝑣1

𝑁

𝑖=1

, suject to 𝑣1
′𝑣1 = 1 

Therefore, the corresponding Lagrangian function is 

 L(𝑣1) = 𝑣1
′𝑋′𝑋𝑣1 + 𝜆1(1 − 𝑣1

′𝑣1) (3) 

The first-order condition of equation (3) is 

∂L(𝑣1)

∂𝑣1
= 2𝑋′𝑋𝑣1 − 2𝜆1𝑣1 = 0 

Therefore, we get 

 𝑋′𝑋𝑣1 = 𝜆1𝑣1 (4) 

Equation (4) naturally implies that the solution 𝑣1 maximizes the length of projection described 
in equation (2) is simply the eigenvector of matrix 𝑋′𝑋with the corresponding eigenvalue, 𝜆1, 
which is the largest eigenvalue of matrix 𝑋′𝑋.  

Because Cov𝑁×𝑁  is an N-dimensional real symmetric square matrix, it is diagonalizable. 
Therefore, we can always find a new basis V𝑁×𝑁  for Cov𝑁×𝑁(𝑋𝑇×𝑁), and all column vectors in 
V𝑁×𝑁 are orthonormal. By projecting Cov𝑁×𝑁 onto the new basis, we get the loadings of each 
variable in the orthonormal vector spaces. As a result, combining high dimensional data inputs 
can be achieved to improve the accuracy of the model within one single self-consistent 
framework. (Other dimension reduction algorithms in machine learning include Linear 
Discriminant Analysis (LDA), Locally Linear Embedding (LLE), and Laplacian Eigenmaps (LE).) 
As summarized in Bok et al. (2018), such a descending dimension algorithm turns the curse of 
dimensionality into the blessing of the Big Data. Following the PCA methodology proposed by 
Giannone et al. (2005), and Yiu and Chow (2010), this covariance matrix can be decomposed 

into the product of a diagonalized square matrix 𝐷𝑁×𝑁
𝑑𝑖𝑎𝑔

 and the basis matrix V𝑁×𝑁. The diagonal 

entries of 𝐷𝑁×𝑁
𝑑𝑖𝑎𝑔

 are the eigenvalues of Cov𝑁×𝑁 , and the columns of V𝑁×𝑁 are the corresponding 
eigenvectors: 

 Cov𝑁×𝑁 = V𝑁×𝑁𝐷𝑁×𝑁
𝑑𝑖𝑎𝑔

𝑉𝑁×𝑁
′  (5) 

Combining equations (4) and (5), we realize the fundamental of the PCA:  

 Cov𝑁×𝑁 = [�⃗�1�⃗�2⋯�⃗�𝑁] [
𝜆1 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝜆𝑁

] [�⃗�1�⃗�2⋯�⃗�𝑁]
′ (6) 
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In equation (6), eigenvalues are ordered from the largest 𝜆1 , to the least, 𝜆𝑁 , and 𝑣𝑖, 𝑖 ∈
[1,𝑁] ,are the eigenvectors associated with 𝜆𝑖 . Moreover, the eigenvectors have been 
normalized so that 𝑣𝑖

′𝑣𝑖=1. The sample implied principal component PĈ𝑇×𝑃 , of input 𝑋𝑇×𝑁  is the 
projection of 𝑋𝑇×𝑁  onto the first P, 1 ≤ P ≤ N, basis vectors, [𝑣1⋯𝑣𝑃] 

 𝑅𝑁  
𝑃𝐶𝐴
→  𝑅𝑃: PĈ𝑇×𝑃 = 𝑋𝑇×𝑁[𝑣1⋯𝑣𝑃] (7) 

As a result, the original raw data with N-dimensional variables can be represented by a set of P 
dimensional salient principal components 

 𝑋𝑇×𝑁 = 𝐶 ∗ PC𝑇×𝑃 +𝐷 (8) 

where C denotes the component loadings of the original data (the PCA mapping coefficient 
matrix), with the estimated value Ĉ = 𝑋𝑇×𝑁PĈ𝑇×𝑃

′ (PĈ𝑇×𝑃PĈ𝑇×𝑃
′ )−1 , and D captures the 

residuals, with the estimated value D̂ = diag(Cov𝑁×𝑁 − [𝑣1⋯𝑣𝑃] [
𝜆1 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝜆𝑃

] [𝑣1⋯𝑣𝑃]
′). 

By doing so, we compact the N-dimensional raw data time series, 𝑋𝑇×𝑁 , into the P dimensional 
time series, PĈ𝑇×𝑃. Equation (8) also tells that the fluctuations of each economic variable are 
composed of two orthogonal parts: the changes driven by the fundamental factors, 𝐶 ∗ PC𝑇×𝑃 , 
and the ones determined by the heterogeneity factors of that variable, 𝐷. 

According to equation (6), the total variance of Cov𝑁×𝑁  is equivalent to the sum of its N 
eigenvalues ∑ 𝜆𝑖

𝑁
𝑖=1 , and the variance is explained by the jth principal component to the 

corresponding eigenvalue 𝜆𝑗. Therefore, the ratio of variance captured by the first P principal 

components (the explaining power or the information ratio) EP𝑃 , is the sum of the P eigenvalues 
to the sum of all the eigenvalues 

 EP𝑃 =
∑ 𝜆𝑖
𝑃
𝑖=1

∑ 𝜆𝑗
𝑁
𝑗=1

, 𝑃 ∈ [1,𝑁] (9) 

In this research, we follow the framework proposed by Giannone et al. (2005). The principal 

components PĈ𝑇×𝑃  are represented by state space series 𝑃�̂�⃗⃗⃗⃗⃗⃗ 𝑡, 𝑡 ∈ [1, 𝑇] . In addition, the 
dynamic of these salient components is assumed to be AR (1) 

 PĈ⃗⃗ ⃗⃗⃗𝑡 = A𝑃×𝑃PĈ
⃗⃗ ⃗⃗⃗

𝑡−1 + 𝐵𝑃×𝑃𝜖𝑡 , 𝜖𝑡~𝑊𝑁(0, 𝐼𝑃×1) (10) 

Using the VAR-OLS methodology on equation (10) for all the calculated principal components 
PĈ𝑇×𝑃 , the efficient and unbiased estimation (According to the mathematical prove conducted 
by Stock and Watson (2002), Deutsch (2004), Giannone et al. (2005), the estimations given by 
equations (7), (8) and (11) are efficient and unbiased.) of the state transforming matrix, Â𝑃×𝑃 , 
is  

 Â𝑃×𝑃 = (PĈ𝑇−1PĈ𝑇)
′(PĈ𝑇−1PĈ𝑇−1

′ )−1 (11) 

where 

PĈ𝑇 = (
𝑃�̂�1,1 ⋯ 𝑃�̂�𝑃,1
⋮ ⋱ ⋮

𝑃�̂�1,𝑇 ⋯ 𝑃�̂�𝑃,𝑇

)𝑎𝑛𝑑 PĈ𝑇−1 = (
𝑃�̂�1,0 ⋯ 𝑃�̂�𝑃,0
⋮ ⋱ ⋮

𝑃�̂�1,𝑇−1 ⋯ 𝑃�̂�𝑃,𝑇−1

) 

This state space representation allows us to use Kalman Filter (For more mathematical details 
of the Kalman Filter and its application using MATLAB, please refer to Grewal and Andrews 
(1993).) to refine the principal component series given by equation (7), PĈ𝑇×𝑃

∗ , optimally 
utilizing the information carried by the principal components.  

By now, we calculate the dynamics of the underlying principal components, PĈ𝑇×𝑃
∗ , implied in 

the big data input, 𝑋𝑇×𝑁 .These principal components are salient factors driving the co-
movements of all the input variables; and thus their dynamics is by nature consistent with the 
fluctuations of the aggregate economic variables, 𝑌𝑇×1 , such as the GDP growth rate. This is 
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achieved by the optimal mapping from principal components, PĈ𝑇×𝑃
∗  to 𝑌𝑇×1 , 

𝐻𝜃(𝑃�̂�𝑇×𝑃
∗ ): PĈ𝑇×𝑃

∗ → 𝑌𝑇×1. As a result, the supervised learning automation mechanism is based 
on two sets of mapping. The first mapping transforms the original N variables input into P 
dimension principal components, decreasing the dimension of data while keeping the 
information of fundamental driving forces unharmed. The second mapping links the principal 
components with the aggregate economic variable, such as the GDP growth rate.  

The corresponding mechanism of the supervised learning automation platform built for the 
macroeconomic nowcasting model is shown in Figure 1. The mechanism of this platform is 
straightforward and intuitive. Supervised learning is based on the likelihood maximization of 

the hypothesis max
𝜃

 𝐻𝜃(PĈ𝑇×𝑃
∗ ): (𝑌𝑇×1)

′ = 𝑇1×𝑃
𝜃 (𝑃�̂�𝑇×𝑃

∗ )′ +𝑈,𝑈~𝑊𝑁 , using training samples 

𝑋𝑇×𝑁  (after dimension reduction and filter yields 𝑃�̂�𝑇×𝑃
∗ ) and 𝑌𝑇×1. (We use gradient descend 

method in this procedure to find the optimal parameter 𝑇1×𝑃
𝜃 ) This procedure is depicted in the 

chain linked by the blue arrows in Figure 1. The outcome of this procedure is the optimal 

mapping  (�̂�)′ = �̂�1×𝑃
𝜃∗ (𝑃�̂�∗(𝑋𝑇×𝑁))

′ . Based on this result, the nowcast of Y can be achieved 
whenever the input, X, updates, as described in the chain linked by the red arrows in Figure 1. 

 

 
Figure 1. The Mechanism of the Supervised Learning Automation Platform Designed for the 

Macroeconomic Nowcasting Model. (Source: Own Construction.) 

 

The issue of an information update of input X, is worth mentioning. In general, input data 
contains economic and financial variables from a variety of resources that release the new data 
on different dates along with the time interval of the sample period (a month for monthly data 
or a quarter for quarterly data). At day k within the interval (T, T+1), the update of input data 
𝑋𝑇+1
𝑘  is composed of two parts: variables, updated using the newly released data and the ones 

using the reconstructed value, based on the evolution of principal components, as shown in 
equation (10), and the relationship between principal components and input variables, as 
shown in equation (8). As shown in Figure 2, suppose at day k (in the interval between T and 
T+1), three input variables (𝑥𝑇+1,2, 𝑥𝑇+1,3, and 𝑥𝑇+1,𝑁) are updated. We place newly updated 

values in the corresponding items of 𝑋𝑇+1
𝑘 , and the values calculated using equations (8) and 

(10) in the rest entries. This set of new information, 𝑋𝑇+1
𝑘 , is processed by the PCA and Kalman 

Filter block shown in Figure 1, generating the corresponding new principal components, 
PĈ𝑇+1×𝑃

k∗ . Implementing the mapping 𝐻𝜃(𝑃𝐶, 𝑌): 𝑌
′ = 𝑇𝜃(𝑃𝐶)′, given by the supervised learning 

algorithm conducted on the training sample (𝑋𝑇×𝑁 , 𝑌𝑇×1), the forecast of Y at day k can be 
calculated: (𝑦𝑇+1

𝑛𝑐 |𝛩𝑘) = �̂�
𝜃∗(PĈ𝑇+1×𝑃

k∗ )′ , with 𝛩𝑘  representing the set of all the information 
available at day k. In conclusion, the constantly updating input data flow activates the 
automation mechanism, mapping the new information into the forecasted value of the 
aggregate variable. As time goes, the training sample set evolves accordingly, while keeping the 
total length of time T unchanged.  
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Figure 2. Nowcasting of 𝑦𝑇+1 with Input Updates at day k. (Source: Own Construction.) 

 

4. Empirical Framework 

4.1. Data 

As shown in the previous section, this macroeconomic forecasting model is running on an 
automated platform driven by the input data flow. Whenever new information arrives, the 
automation mechanism is activated to calculate the new values of the principal components 
and to forecast the aggregate variable using the hypothesis mapping given by the supervised 
learning block based on the training sample. Because of the dimension reduction of the PCA 
methodology, a large group of economic variables can be included in the input data set, each 
carrying partial information of the movements of the principal components. To capture the 
precise status of the macroeconomic condition of the economy, indicators, and variables from 
a wide range of perspectives need to be collected. Besides, the dates of the official release of 
these time series are expected to be spread over the working days of each calendar month, as 
discussed in Bok et al. (2018) and Yiu and Chow (2010).  

One of the major contributions of this research is the use of the payment data recorded in 
China’s RTGS (Real Time Gross Settlement) system, equivalent to the Fedwire and CHIPS in the 
U.S. and the CHAPS in the U.K. It contains roughly more than 70% of the total interbank transfer 
volume in China; its performance is highly correlated with the economic activities, providing 
valuable information of the macroeconomic conditions. In order to accurately capture the real 
economic activities recorded in the payment system, we only consider the transactions 
incurred by real economic activities, excluding pure interbank transfers between accounts, 
which have a minor connection with real business activities. One advantage of the payment 
system data is related to its nature of objectivity. Unlike other economic time series, which are 
inevitably impacted by subjective judgements and aggregation approximation, payment data is 
based on transactions that are actually occurred. Another advantage of payment data is its 
flexibility. Data given by the payment system is flexible in time, as it can be collected under 
almost any desired time interval (yearly, quarterly, monthly, weekly, daily, and even hourly). 
Other economic variables used in this contribution can be categorized into 14 groups, as shown 
in Appendix A. In general, we use 79 monthly time series in total as the input, equivalent to 
𝑋𝑇×𝑁  in the theoretical framework, of our nowcasting model. These data are constantly updated 
on an ongoing basis, the access to which is available to the public. The corresponding aggregate 
variable forecasted in this research, corresponding to 𝑌 in the theoretical framework, is the 
GDP growth rate, the value of which is officially released quarterly by the National Bureau of 
Statistics in China. In order to achieve the automated update of inputs, we use CEIC (For more 
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details of CEIC, please refer to https://insights.ceicdata.com/.) as the data provider, generating 
stable input data flow into our nowcasting model (The payment data could be automatically 
collected in the payment system, using a secure data line into the platform.). 

For the sake of data consistency, we use the data from January 2008 to April 2019. The length 
of the training sample is assumed to be 10 years, T = 10 years, meaning that the training samples 
are from 2008Q1 to 2018Q1. The rest of the data are used as the out-of-training-sample tests 
to evaluate the performance of the forecasts given by our nowcasting model. While, 
theoretically, this nowcasting model is able to generate GDP growth rate forecast on a daily and 
weekly basis, we concentrate on the result of monthly forecasts. This is consistent with the need 
for policy analysis. (Of course, the weekly forecasts can be easily achieved by this automated 
nowcasting model with minor modifications.) The training samples are regularly updated every 
year, keeping the training sample actively informational. (Similarly, the reviewing period of 
updating training samples can be modified to half-year, quarterly or monthly as well.) 

 

 
Figure 3. Total Variance Explained by the i𝑡ℎ (i ∈ [1,79]) Component (left) and by the first i 

Components (right). (Source: Own Construction.) 

 

The first step of this automated nowcasting model is to transform the raw input into the 
corresponding principal components, PĈ𝑇×𝑃 . Therefore, we need to set the dimension of these 
principal components, P. Several techniques have been developed to decide the optimal value 
of P. In Giannone et al. (2005) and Bok et al. (2018), the dimension of the principal components 
is calibrated to be 2, demonstrating good performance. Similar findings are discovered by 
Aastveit and Trovik (2012) using Norwegian data. Bai and Ng (2002) make their contribution, 
proposing a strict mathematical criterion to decide the optimal number of principal 
components. According to Yiu and Chow (2010), a widely accepted method to determine the 
number of principal factors is either calibration, which leads to P = 2 in most of the studies or 
to find the number of principal components with the marginal contribution of information ratio, 
defined in equation (9), is small.  

In Figure 3, we demonstrate the ratio of total variance explained by the i𝑡ℎ  ( i ∈ [1,79] ) 
component and the corresponding cumulative ratio. It confirms the principle idea of the PCA 
theoretical framework that the fundamental movements of all input variables can be captured 
by very few salient factors (the first two principal components account for 60 percent of the 
total variance of all input variables). The marginal contribution of the 3rd component is roughly 
12 percent, showing that the optimal number of principal components is 2. This is consistent 
with the previous studies, such as Bok et al. (2018), Yiu and Chow (2010), Aastveit and Trovik 
(2012), and so forth. What is more, setting P=2 brings the added convenience that the number 
of principal components equals the number of shocks in equation (10), which are typically 
assumed to be real economic and monetary shocks respectively. In conclusion, the PCA and 
Kalman Filter block transforms the original input data with N dimension into a two-
dimensional factor space, and the associated shocks in equation (10) are real and monetary 
shocks respectively.  
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Figure 4. The Original Input Data and the Reconstructed Variables Series Using the Two 

Principal Components. (Source: Own Construction.) 

 

On the left side of Figure 4, the time series of the original 79 variables have been shown. We use 
the reverse projection of equation (7), reconstructing these variables using the calculated 
principal components, as shown on the right side of Figure 4. Comparing both sides of Figure 4, 
we can conclude that the two principal components capture the fundamental movements of the 
high-dimensional raw inputs.  

 
Figure 5. The Performance of the Automated Supervised Learning Nowcasting Model. (Source: 

Own Construction.) 

 

4.2. Empirical Results and Relevant Discussion 

In order to get the optimal mapping from the two-dimensional principal factors to the one-
dimensional GDP growth rate, the supervised learning block optimizes the hypothesis 

max
𝜃

 𝐻𝜃(PĈ𝑇×𝑃
∗ ): (𝑌𝑇×1)

′ = 𝑇1×𝑃
𝜃 (𝑃�̂�𝑇×𝑃

∗ )′ +𝑈,𝑈~𝑊𝑁 , using training samples 𝑋𝑇×𝑁  (after 

dimension reduction and filter yields 𝑃�̂�𝑇×𝑃
∗ ) and 𝑌𝑇×1. The result of this supervised learning 

mechanism generates the estimation of the parameter matrix, 𝑇1×𝑃
𝜃∗ , linking the principal 

components and the GDP growth rate. The performance of the supervised learning block is 
demonstrated in Figure 5. Based on the 10-year training sample from 2008 to 2018, the 
supervised learning mechanism yields the optimal mapping from principal components to the 
actual GDP growth rate. It is clear that, as the procedure develops, the consistency between the 
actual value and the model-given estimation improves, reaching the stable condition at a fast 
pace. To get a clearer vision of the performance of this nowcasting model, we use an out-of-
training-sample of 4 quarters, from 2018Q1 to 2019Q1, to compare the monthly forecasts given 
by the nowcasting model and a simple VAR model. (Running the standard VAR model with the 
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maximum lag = 2 on the same data samples, we get the estimated correlation: GDP = 0.0155 + 
1.4345 * GDP (-1) – 0.6289 * GDP (-2).) The result is obvious that our nowcasting model 
outperforms the VAR model in forecasting the GDP growth rate, with 45 percent of improved 
accuracy. 

Table 1. The 15 Indexes with the Highest PCA Scores 
No. PCA Score Index Category 

1 0.280184 
Investment in Fixed Assets by Primary Industry, Accumulated Growth Rate 

Y-on-Y % 
Investment 

2 0.226361 Payment data, Accumulated Growth Rate Y-on-Y % Payment data 

3 0.180136 
Investment in Fixed Assets by Tertiary Industry, Accumulated Growth Rate 

Y-on-Y % 
Investment 

4 0.172992 Real Estate Investment, Accumulated Growth Rate Y-on-Y % Real Estate 
5 0.171532 Residential Real Estate Investment, Accumulated Growth Rate Y-on-Y % Real Estate 

6 0.171480 
Investment Actually Completed in Fixed Assets, Accumulated Growth Rate 

Y-on-Y %, Excludes Rural Area 
Investment 

7 0.168406 Real Estate Investment, Accumulated Growth Rate Y-on-Y %, Construction Real Estate 
8 0.162579 Government Expenditure, Accumulated Growth Rate Y-on-Y % Government Finance 

9 0.156733 
Investment in Fixed Assets by Secondary Industry, Accumulated Growth 

Rate Y-on-Y % 
Investment 

10 0.156115 The output of Integrated Circuit, Accumulated Growth Rate Y-on-Y % Industry 

11 0.150454 
Investment Actually Completed by State-owned and State-controlled 

Enterprises, Accumulated Growth Rate, Y-on-Y, % 
Investment 

12 0.142812 Government Revenue, Accumulated Growth Rate, Y-on-Y, % Government Finance 
13 0.141939 The output of Engines, Accumulated Growth Rate Y-on-Y % Industry 
14 0.138615 Import, Y-on-Y % Foreign Trade 
15 0.131970 Money and Quasi-Money (M2) Supply, Growth Rate, Y-on-Y % Money 

Source: Own Construction. 

 

In this nowcasting model, we use a large group of input variables, 79 in total. Theoretically, 
there are almost no upper limits for the number of time series inflows into the PCA and Kalman 
filter block. Researchers can introduce desired indicators into this automation platform 
conveniently. As discussed in the theoretical framework, each variable included carries partial 
information of the salient common factors. To quantify the contribution, or put it in another 
way the importance, of a particular index, we define the PCA score of the i𝑡ℎ (i ∈ [1,N]) index 
as the length of its correlation with all indexes projected on to the P=2 basis vectors 𝑣1 and 𝑣2. 

𝑃𝐶𝐴 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 i𝑡ℎ𝑖𝑛𝑑𝑒𝑥 = ({(𝐶𝑂𝑉(𝑋𝑇×𝑁)}𝑖∙𝑣1)
2 + {(𝐶𝑂𝑉(𝑋𝑇×𝑁)}𝑖∙𝑣2)

2)
1

2          (12) 

Using equation (12), we calculate the PCA score of each variable included in our nowcasting 
model. As summarized in Table 1, we can clearly witness that the payment data provides the 
second-largest contribution to the nowcasting model, confirming the intuition and hypothesis 
in the theoretical framework and highlighting our contribution of introducing it into the 
nowcasting model. Besides, indicators such as fixed asset investment, real estate investment, 
and government expenditure are major inputs as well. Therefore, it is reasonable to conclude 
that investment and foreign trade play a key role in China’s economic growth for the past 10 
years. Additionally, government finance and monetary policy have a strong economic influence, 
especially so when coordinated. This result also indicates that the industrial update in China is 
making progress in that integrated circuits and engines have become the major economic driver 
in all industries. 

These empirical results confirm the fundamental principles of the PCA and the filtering 
algorithm we adopted in this model, indicating that our model effectively extracts the dynamic 
common factors from the original inputs. Additionally, the supervised learning automation is 
functioning well with the input-output mechanism, regularly generating GDP nowcasts of good 
precision. Finally, the high information ratio of the payment system data supports our incentive 
to introduce it into the nowcasting model. 
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5. Summary and Conclusions 

The success of the monetary policy is highly dependent on policy-makers’ judgement of the 
macroeconomic condition. Therefore, central bankers have paid profound emphasis on 
monitoring the economy in a timely and accurate manner. The traditional models and practices 
have certain flaws and limitations in processing big data, which carries valuable but undefined 
information about the economic activities from a variety of resources. The development of 
modern information technology and econometrics make high-dimensional data analysis 
possible, leading to the emergence of the macroeconomic nowcasting models. In this 
contribution, we build a nowcasting model and the associated supervised learning automation 
mechanism based on the Principal Component Analysis (PCA) and the filtering technology.  

The results are promising and consistent with our hypotheses. High dimensional input data can 
be efficiently transformed into low dimensional principal components, and the two principal 
components well captured the fundamental co-movements of the high-dimensional raw inputs. 
As the procedure develops, the consistency between the actual value and the model-given 
estimation improves, reaching the stable condition at a fast pace. The supervised learning 
platform can automatically generate a nowcast on GDP growth rate as soon as any of the input 
variables are updated. Based on the 10-year training sample, our nowcasting model 
outperforms the VAR model in forecasting the GDP growth rate, with 45 percent of improved 
accuracy. In addition, the payment data provides the second-largest contribution to the 
nowcasting model, confirming the intuition and hypothesis of the theoretical framework and 
supporting our contribution of introducing it into the nowcasting model. Additionally, this 
model identifies 15 indexes that have the closest correlation with the fundamental driving 
factors of the macroeconomic condition. The empirical result indicates that investment and 
foreign trade play a key role in the economic growth for the past 10 years. Government finance 
and monetary policy have strong economic influence as well. The industrial update in China 
turns out to be improved in those integrated circuits and engines, which have become the major 
economic driver in all industries. In conclusion, we build the prototype automated supervised 
learning macroeconomic nowcasting model that could be used by policy-makers. Modifications 
and improvements could be undertaken within this framework, which is suffitiently self-
consistent and flexible. 
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Appendix 

In this article, multiple groups of time series have been utilized as the input to our nowcasting 
model. These variables are categorized into groups as shown in Table 2. 

 

Table 2. Input Variables of the Nowcasting Model 
 Category No. Variable 

1 Payment data 1 Transaction Volume, Accumulated Growth Rate, Y-on-Y, % 

2 Price Index 

2 Consumer Price Index, CPI 

3 
Consumer Price Index 

Food & Tobacco 

4 
Consumer Price Index 

Clothing 

5 
Consumer Price Index 

Transportation and Communication 

6 
Consumer Price Index 

Residence 
7 Purchasing Price Index for Industrial Producers, PPI 

8 
Purchasing Price Indices for Manufactured Goods 

Fuel and Power 

9 
Purchasing Price Indices for Manufactured Goods 

Ferrous Metals 

10 
Purchasing Price Indices for Manufactured Goods 

Nonferrous Metals 

11 
Purchasing Price Indices for Manufactured Goods 

Raw Chemicals 

12 
Purchasing Price Indices for Manufactured Goods 

Timber and Paper Pulp 

13 
Purchasing Price Indices for Manufactured Goods 

Building Materials 

14 
Purchasing Price Indices for Manufactured Goods 

Other Industrial Materials 

15 
Purchasing Price Indices for Manufactured Goods 

Agricultural Products 

3 Industry 

16 Value-added of Industry, Growth Rate, Y-on-Y, % 

17 
Value-added of Industry, Accumulated Growth Rate, 

Y-on-Y, % 

18 
Value-added of State-owned and State-holding 

Enterprises, Accumulated Growth Rate, Y-on-Y, % 
19 Value-added of Private Enterprises, Accumulated Growth Rate, Y-on-Y, % 

20 
Value-added of Collective-owned Enterprises, 

Accumulated Growth Rate, Y-on-Y, % 

21 
Value-added of Cooperative Enterprises, 

Accumulated Growth Rate, Y-on-Y, % 

22 
Value-added of Share-holding Enterprise, 

Accumulated Growth Rate, Y-on-Y, % 
23 Output of Primary Plastic, Accumulated Growth Rate, Y-on-Y, % 
24 Output of Synthetic Rubber, Accumulated Growth Rate, Y-on-Y, % 
25 Output of Chemical Medicine, Accumulated Growth Rate, Y-on-Y, % 
26 Output of Synthetic Fiber, Accumulated Growth Rate, Y-on-Y, % 
27 Output of Plastic Products, Accumulated Growth Rate, Y-on-Y, % 
28 Output of Cement, Accumulated Growth Rate, Y-on-Y, % 
29 Output of Rolled Steel, Accumulated Growth Rate, Y-on-Y, % 
30 Output of Wire Rod, Accumulated Growth Rate, Y-on-Y, % 
31 Output of Cold Rolled Steel Plate, Accumulated Growth Rate, Y-on-Y, % 

32 
Output of Ten Kinds of Nonferrous Metals, Accumulated Growth Rate, Y-on-

Y, % 
33 Output of Refined Copper, Accumulated Growth Rate, Y-on-Y, % 
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34 Output of Electrolyzed Aluminum, Accumulated Growth Rate, Y-on-Y, % 
35 Output of Copper Products, Accumulated Growth Rate, Y-on-Y, % 
36 Output of Aluminum Products, Accumulated Growth Rate, Y-on-Y, % 
37 Output of Engines, Accumulated Growth Rate, Y-on-Y, % 
38 Output of Motor Vehicles, Accumulated Growth Rate, Y-on-Y, % 
39 Output of Portable Electric Devices, Accumulated Growth Rate, Y-on-Y, % 
40 Output of Home Refrigerators, Accumulated Growth Rate, Y-on-Y, % 
41 Output of Air Conditioners, Accumulated Growth Rate, Y-on-Y, % 
42 Output of Home Washing Machines, Accumulated Growth Rate, Y-on-Y, % 
43 Output of Micro Computer Equipments, Accumulated Growth Rate, Y-on-Y, % 
44 Output of Mobile Telephones, Accumulated Growth Rate, Y-on-Y, % 
45 Output of Integrated Circuits, Accumulated Growth Rate, Y-on-Y, % 
46 Output of Color Television Sets, Accumulated Growth Rate, Y-on-Y, % 

4 Energy 
47 Output of Coal, Accumulated Growth Rate, Y-on-Y, % 
48 Output of Electricity, Accumulated Growth Rate, Y-on-Y, % 

5 Investment 

49 
Investment Actually Completed in Fixed Assets, Accumulated Growth Rate, Y-

on-Y, % 

50 
Investment Actually Completed by State-owned and State-controlled 

Enterprises, Accumulated Growth Rate, Y-on-Y, % 

51 
Investment in Fixed Assets by Primary Industry, Accumulated Growth Rate, Y-

on-Y, % 

52 
Investment in Fixed Assets by Secondary Industry, Accumulated Growth Rate, 

Y-on-Y, % 

53 
Investment in Fixed Assets by Tertiary Industry, Accumulated Growth Rate, 

Y-on-Y, % 

54 
Investment in Fixed Assets, Manufacture, Accumulated Growth Rate, Y-on-

Y, % 

55 
Investment in Fixed Assets, Production and Supply of 

Electricity, Gas and Water, Accumulated Growth Rate, Y-on-Y, % 
6 ISP 56 Index of Service Production (ISP), Accumulated Growth Rate Y-on-Y % 

7 Real Estate 

57 Real Estate Investment, Accumulated Growth Rate Y-on-Y %, Construction 
58 Real Estate Investment, Accumulated Growth Rate Y-on-Y % 
59 Residential Real Estate Investment, Accumulated Growth Rate Y-on-Y % 

60 
Development and Sales of Real Estate, Land Space 

Purchased, Accumulated Growth Rate Y-on-Y % 

61 
Total Sale of Commercialized Residential Buildings 

Sold, Accumulated Growth Rate Y-on-Y % 

8 Domestic Trade 
62 Total Retail Sales of Consumer Goods, Accumulated Growth Rate Y-on-Y % 

63 
Total Retail Sales of Urban Consumer Goods, Accumulated Growth Rate Y-on-

Y % 

9 Foreign Trade 
64 Total Value of Exports, Accumulated Growth Rate Y-on-Y % 
65 Total Value of Imports, Accumulated Growth Rate Y-on-Y % 

10 PMI 

66 Manufacturing Purchasing Managers' Index (%) 
67 Production index (%) 
68 New orders index (%) 
69 New export orders index (%) 
70 In hand Orders Index (%) 
71 Finished goods inventory index (%) 

11 Transport 

72 Freight Traffic, Accumulated Growth Rate, Y-on-Y, % 
73 Freight Traffic of Railways, Accumulated Growth Rate, Y-on-Y, % 
74 Freight Traffic of Highways, Accumulated Growth Rate, Y-on-Y, % 
75 Passenger Traffic, Accumulated Growth Rate, Y-on-Y, % 

12 Communication 76 
Total Business Volume of Postal and Telecommunication Services, 

Accumulated Growth Rate, Y-on-Y, % 

13 
Government 

Finance 
77 Government Revenue, Accumulated Growth Rate, Y-on-Y, % 
78 Government Expenditure, Accumulated Growth Rate, Y-on-Y, % 

14 Money 79 Money and Quasi-Money (M2) Supply, Growth Rate, Y-on-Y % 

Source: National Bureau of Statistics of China, CEIC, and Own Construction. 


