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Abstract 

Systemic financial risk prediction is a complex non-linear problem. Due to the intricate 
temporal patterns, many models based on traditional financial methods or machine 
learning methods have some limitations. In this paper, we proposed a novel spatio-
temporal neural network for systemic financial risk prediction. We construct relational 
graph to capture spatial relationships among countries and employ the convolutional 
neural network and bidirectional gated recurrent for mining multivariate time series 
characteristics provided by different financial data sources. Experimental results 
demonstrate that the proposed framework achieves superior performance in feature 
learning and outperformance with the state-of-the-art baseline methods. 
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1. Introduction 

Systemic financial risk is a crucial issue in economic and financial systems. International 
experience shows that the outbreak of systemic financial risk almost always causes every 
financial crisis. The US mortgage crisis triggered the international financial crisis in 2008, which 
generated panic and chain reactions of the global economy and financial system, and still has a 
far-reaching impact on many countries and regions even now. Since then, a large amount of 
academic research has focused on systemic financial risk over the past decade from different 
research perspectives, including macroeconomics, econometrics, and complex network theory. 
Nowadays, financial risk and its related researches are established as a scientific field and 
provide significant contributions in supporting decision-making in theory and practice [1]. How 
to accurately measure and predict systemic financial risk so as to effectively prevent and defuse 
risk has become an active research area [2]. 

Recent studies have shown that financial time series forecasting is a challenging task, due to it 
exhibits high volatility and non-stationarity. It essentially is a multivariate time series 
prediction problem. In reality, the systemic risk frequently interrelated to various economic 
and financial factors closely, which includes low liquidity, inability to pay debts or dividends, 
continual reduction in profitability, and many other information [3]. On the one hand, from the 
perspective of finance research, some scholars usually use composite indicator methods, risk 
contagion measurement methods, and stress test methods to analyze systemic financial risk. 
On the other hand, some scholars have also naturally explored the use of complex networks and 
network science methods to study financial risk contagion. However, systemic financial risk 
measurement research based on computer simulation and engineering methods is far fewer 
compared to econometric-based methods or other statistical analysis methods [2]. In recent 
years, computational intelligence in finance has become a hot concept and a promising research 
direction [4]. Within the machine learning field, deep learning is an emerging area which starts 
to deal with time series prediction in financial markets and transactions [5, 6]. For systemic 
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financial risk prediction, the current research has limitations. Therefore, how to build a 
practical framework for modeling global systemic financial risk and predicting trend among 
different counties is a significant challenge.  

In this paper, consider systemic financial risk characteristics from both spatial relationship and 
temporal dependency, we proposed a novel spatio-temporal neural network for systemic 
financial risk prediction. As a first step, we construct geography distance relational graph to 
capture spatial relationship between countries. Then, we employ the convolutional neural 
network and bidirectional gated recurrent unit for mining multivariate time series 
characteristics provided by different data sources to predict systemic risk. In addition, we 
introduce Financial Stress Index (FSI) to measure financial risk level and collect the economic, 
financial, and geographic data of the G20 members for constructing a real-world dataset. 
Ultimately, the systemic financial risk prediction result is compared with that of several 
baseline models to verify the effectiveness of the proposed framework. 

2. Methodology 

2.1. Relation Graphs Construction Module 

Systemic financial risk is very complex, and different views can capture distinct perspectives of 
relations. Graph generation aims to model the financial activity interaction between countries 
on various kinds of relations. In this paper, we construct distance graph as inter-country graphs. 
From the perspective of financial geography (also known as geofinance), geographic distance 
is an essential factor of financial risk contagion. Some recent studies posit that countries in the 
same region share similar characteristics, and their geographic proximity makes adverse 
spillover effects are more pronounced [7]. Follow this idea, we use geographic distance to 

construct an inter-counties graph. More specifically, the reciprocal of the distance 
1
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country i and county j used to mark the weight, and closer countries will linked with higher 
weights. The distance graph is represented as follow: 
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2.2. Sequential Learning Module  

To exploit the temporal pattern of historical financial data, we constructed a neural network 
model integrating the convolutional neural network (CNN) and the Bidirectional Gated 
recurrent unit (BiGRU). The CNN is a hierarchical feed-forward deep neural network model, 
which usually contains the convolutional layer and pooling layer. The convolutional layer 
consists of the convolution operation, which is utilized to extract local features for further 
processing by subsequent layers. The discrete convolution is defined in formula: 

𝑠(𝑡) = (𝑥*w)(𝑡) = ∑ 𝑥(𝑎)𝑤(𝑡 − 𝑎)

∞

𝑎=−∞
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where s(t) denotes the output at time step t which sometimes referred to as the feature map, w 
denotes kernel, a denotes variable. The pooling operation replaces the output of the net at a 
specific location with a summary statistic of the nearby outputs. In order to extract features of 
financial time series quickly and predict systemic financial risk trend accurately, we put 
forward to use 1-D convolutional neural network as a local feature extractor. The adopted 1-D 
CNN model is presented as Figure 1: 

 

 
Figure 1. An example of 1-D convolutional neural network for processing time series 

 

GRU is a kind of gate-based recurrent unit which has two gates (update gate and reset gate), 
this is the main difference with the LSTM, which is a single gating unit simultaneously controls 
the forgetting factor and the decision to update the state unit. Inside a GRU, the update gate z(t) 
specifies which information can be retained to the next state, and the reset gate r(t) specifies 
how the previous state information is combined with the new input information. The GRU 
model only has a forward pass, and each node will only be affected by the previous one. 
Nevertheless, for the financial time series prediction task, the features of the rear node will also 
be useful to the front node. Therefore, we construct a BiGRU networks which compose by two 
ordinary GRU, which processes the input sequence from two directions of time series (both 
chronological and anti-chronological), then merge their representations. The structure of 
BiGRU is shown in Figure 2. By viewing financial time series data from two directions enables 
the model to get richer representations and capture patterns of systemic risk that may be 
ignored when using one-direction GRU, thereby improving the performance of ordinary GRU. 

 

 
Figure 2. The structure of bidirectional GRU model 
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3. Data Collection and Feature Selection 

3.1. Systemic Financial Risk Index 

The characteristics of risks are complicated, multifaceted, and concealment. Therefore, 
measurement is a key issue for systemic financial risk prediction. Dynamics of financial risk are 
usually influenced by miscellaneous factors and different sources, such as macro economy, 
commercial bank, stock market and so forth. In this paper, we choose Financial Stress Index 
(FSI)[8] to measures systemic financial stress, disruptions in the normal functioning of financial 
markets. Each variable in the index measures a feature of financial stress. 

3.2. Time Series Data 

The G20 comprises nineteen countries with some of the world’s largest economies, as well as 
European Union. Collectively, the G20 members represent around 85% of the world’s economic 
output, two-thirds of the global population and three-quarters of international trade. Therefore, 
it is crucial to predict systemic financial risk among G20 members. We collect data from the 
CEIC Data’s Global Database1 between 06/01/2001 and 05/30/2020, obtaining 1,752,720 
observation points. Furthermore, because the sampling frequency of some variables is different, 
we converted data from one frequency to another by Denton method. 

3.3. Geographic distance relations 

Air distance used to measure the geographic distance between the G20 members, which is the 
birds fly distance between two locations which calculated with the great circle formula. We 
collect geospatial data from OpenStreetMap, and measure the distance between the Capitals of 
two countries. 

4. Experimental Studies 

4.1. Baseline Methods  

From the view of the existing literature, the studies of financial time series forecasting are 
focused on predicting the next price movement of the underlying asset, for instance, stock price 
prediction, bond price forecasting, and commodity price prediction. However, there are few 
studies about financial risk trend prediction, and most of them focus on financial risks in a 
single field (bank bankruptcy risk) rather than systemic financial risks. To show the 
performance advantage of our proposed framework, we built several well-known methods for 
financial time series forecasting to evaluate the performance of the proposed model in 
comparative experiments, such as ARIMA, RNN [9, 10], LSTM [11, 12], Stacked LSTM [13], 
BiGRU [14, 15]. For fairness, all reference deep learning models in this experiment used the 
same hidden layers and the number of neurons. 

4.2. Evaluation Criteria 

The loss function is defined by Mean Absolute Error (MAE) in our experiments. MAE is an 
excellent way to reflect the actual situation of the prediction error, which is defined as follow: 

MAE(𝑦′,𝑦) =
1

𝑛
∑|𝑦𝑖

′ − 𝑦𝑖|

𝑛

𝑖=1

 

Meanwhile, Root Mean Squared Error (RMSE) are selected to evaluate the performance of the 
deep learning network, the calculation formula is: 

RMSE(𝑦′,𝑦) = √
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which n is the total number of samples, y and y0 denote the observation value 

and its forecast value respectively. 

4.3. Hyper-parameters Selection 

The experiments with deep learning models are implemented by Pytorch. In order to avoid the 
over-fitting problem, a dropout factor used between layers with a probability of 0.2. The Adam 
optimization algorithm was employed with a learning rate of 0.001. The ReLU is selected as the 
activation function, which has a significant impact on the convergence of random financial risk 
samples. We use a spilt ratio of 70% for training and 30% for testing in the experiments. 

4.4. Experimental Results 

We summarized the results of extensive experiments to analyze the single-step prediction 
performance of baseline models and the proposed model. Figure 3 provides the average 
prediction errors for multi-step prediction task of systemic financial risk. In general, we find 
that the proposed model achieves the best performance among various baseline models. For 
example, the improvement of the proposed model in terms of RMSE is significant, which 
outperformance Stacked LSTM and BiGRU by 22% and 19%, respectively. 

 

 
Figure 3. Performance comparison of different models. 

 

To validate the effectiveness of critical components that contribute to the improved 
performance, we conduct an ablation study of the proposed model without different modules. 
In order to confirm the ability of distance graph, which can be regarded as prior knowledge, we 
use a matrix whose elements are all the same. Table 1 shows the results of ablation study. 
Obviously, the introduction of relation graphs construction module and risk prediction module 
significantly improve the results. 

 

Table 1. Ablation study results 

Modules MAE RMSE 
Full 0.0169 0.0201 

w/o relation graph construction module 0.0485 0.0533 
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5. Conclusion 

Systemic financial risk prediction is a complex non-linear problem and linked closely to 
financial stability. Dynamics of financial risk are usually influenced by miscellaneous factors 
and different sources. In this paper, we proposed a novel spatial-temporal framework for 
systemic financial risk prediction, which consists of two core modules: relation graph 
construction module and risk prediction module. Experimental results demonstrate that the 
proposed framework achieves superior performance in feature learning and outperformance 
with the state-of-the-art baseline methods. Due to this is one of the few researches that 
introduce spatio-temporal framework into systemic financial risk prediction, there are still 
many problems to be solved in the future: expand the scope of application countries, Adopting 
a dynamic multi-relation graph, addressing cold-start problems. 
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