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Full Research Paper

Studies on Household Leverage Forecasting Using Multiple LSTMs
Yi Huang1, Hu Yang1*, Haijun Wang2, Xiaoyi Tang1
1School

of Information, Central University of Finance and Economics, Beijing, 100081, China
2School

of Economics, BeijingWuzi University, Beijing, 102600, China

Abstract: LSTM has been proven to help understand multivariate time series since it can implement automatic feature learning
and handle input sequences harnessed in an end-to-end model. Inspired by its success, this study proposed a new approach,
named Multiple LSTMs, to settle the challenge of integrating multivariate LSTM and various characteristics of multiple time
series to predict household leverage of China. The new method consists of multiple LSTM layers, where each LSTM is used
to learn representations of multivariate time series automatically of various regions. To illustrate the performance, the new
method is used to forecast household leverage in both the national level and regional levels based on multivariate time series
which have 6 independent variables. The results show that the new approach provides more accurate predictions of household
leverage than alternative methods. Overall, making use of multiple multivariate time series can gain a better result of the
prediction of household leverage.
Keywords: Household leverage, Forecasting, Multiple LSTMs, Multivariate time series

1.

INTRODUCTION
Researches on the world’s economic and financial history and experience in the last three decades show that

the rapid growth of credit and the sharp rise of leverage have accelerated systemic risks, especially the rise of
household debt is often the fuse for the outbreak of financial crisis[1]. The financial system’s excessive leverage is
the main cause of the outbreak of the global financial crisis in 2008, and excessive credit contributed to the
outbreak of the debt crisis of highly leveraged households[2]. The vulnerability of an economy in the face of a
crisis is strongly related to the level of household leverage, and such a crisis may impact housing prices and even
cause a heavy consumption fluctuation[3]. Without policy intervention, excessive household borrowing will lead
the economy into a vicious cycle of "debt deflation" with tighter borrowing constraints, reduced consumption,
rising unemployment, and falling asset prices, which will eventually lead to the occurrence of the financial crisis
and cause a long-term economic recession. In particular, since the outbreak of the covid-19 pandemic in Feb 2020,
the spillover of large-scale loose monetary policies in the world's major economies has led to high leverage and
high inflation, and it has become a global consensus to curb the excessive expansion of household leverage.
The household leverage is the result of the household debt balance divided by gross domestic product 1, and
the household debt consists of all liabilities of households, which means they need to pay the creditors the principal
and a certain amount of interest at a certain date in the future2. Household debt is the sum of two types of payments,
which include loans and other payables. And loans refer primarily mortgages and consumer loans. Some research
pointed out that the income of the family both current and future, the housing price of residents, local economic
uncertainty have some links with the residents’ willingness of having a debt[4-6], which affect the leverage as a
result. As China's economy enters a new stage of development, the leverage risk accumulated by the rapid growth
of China's household leverage has attracted extensive attention, and the household leverage is rising, which has
become a potential hidden danger of economic operation and financial security. Governments need to pay attention
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Source: https://www.yicaiglobal.com/news/xiamen-ranks-first-in-resident-debt-among-23-chinese-cities
Source: https://data.oecd.org/hha/household-debt.htm
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to regulating and controlling the scale of household leverage. Accurate forecasting helps the government's
reasonable decision-making, especially when the future is uncertain.
The data of household leverage have a time series property and also its prediction could follow the way of
Time Series Forecasting(TSF), whose main idea is to predict some uncertain values in the future based on
historical information. In the past, some linear and non-linear statistical methods are used to solve the TSF problem,
such as linear regression, autoregressive model. And during the past twenty years, some methods based on
artificial neural networks algorithms[7] are proposed, such as Recurrent Neural Network(RNN), Convolutional
Neural Network(CNN), Long-Short Term Memory(LSTM), and so on. However, these methods can’t solve the
problem with multiple multivariate time series, thus the potential relationships among them can not be revealed.
This paper aims to forecast the scale of China's household leverage through an in-depth learning method,
which helps policymakers reasonably evaluate the total scale of household leverage and predict the risk of
household leverage in advance, to provide decision support for reasonably controlling household leverage and
policy intervention, and provide new literature support for preventing and resolving systemic financial risks. The
rest of the paper is as follows. In the next part, we introduce the related studies of time series forecasting. In
section 3, we describe the new method of household leverage forecasting. Section 4 is the experimental results
with Chinese household leverage forecasting. We end with the main conclusions and discussion in section 5.
2.

RELATED STUDIES
Just like other TSF problems, the forecasting problem of household leverage can be seen as time series

forecasting. First, TSF shows a great importance in the real world, and it can solve the problem of network traffic,
weather or pollution forecasting, or the stock markets[8]. The prediction of time series can mainly be divided into
two groups, the first is the statistical methods and the second is soft computing methods, which covers the fields
of machine learning and deep learning.
As for the statistical model, several approaches were proposed to analyze the time series in various fields,
such as predicting the volatility of the S&P 500, option pricing, commercial decision making in retail, forecasting
GDP growth rates, as well as biological sciences and medicine. The most traditional one is the autoregressive
integrated moving average(ARIMA), which includes autoregression (AR), moving average (MA), and
autoregressive moving average (ARMA), and it can deal with the problem of univariate time series forecasting[9].
Because the working essence of TSF is closely related to the regression analysis in machine learning, traditional
machine learning models such as support vector machine (SVM), decision tree (DT) [10], as well as hidden Markov
model (HMM)[11] can also be applied to solve the problem of time series prediction. However, the analytical
development of nonlinear time series is not as mature as the linear one and is still in the early stage of its
development[8].
In recent years, inspired by the notable achievements of deep learning in natural language processing [12],
image classification[13], and reinforcement learning[7], several artificial neural networks algorithms have developed
and shown good prediction accuracies, which have attracted attention and it put a challenge towards the classic
statistical methods in the field of prediction[14]. The deep neural networks can learn complex data representations
of the multivariate time series, which reduce the pressure on manual feature engineering and model design to a
certain extent[15, 16]. Moreover, deep learning can better understand the linear and nonlinear patterns of data. The
simplest one is recurrent neural networks (RNNs) which regard the past information as input and allow it to update
its hidden state dynamically. Since RNN facing the problem of gradient explosion or gradient disappearance when
coping with the long-term dependence problem, the long-short term memory (LSTM) is developed by Hochreiter
et al.[17]. LSTM is a variant of a recurrent neural network and is designed to learn long-term dependence and has
also been employed for TSF[18].
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Recent studies have shown that the ability of LSTMs in automatically learning features and processing time
series could be both used in an end-to-end model, so as to better promote the demand of prediction[19]. Similarly,
inspired by the success of LSTM, the problem of forecasting household leverage can be studied with LSTM as
well. However, LSTM and its extensions still have great limitations to deal with multiple multivariate time series.
These simple architectures still do not consider the dependence of different multivariate time series, can not be
useful when facing the complex features and highly nonlinear time series datasets [20]. Therefore, the goal of this
paper was to develop a forecast model for multiple time series forecasting that can handle the problems with
multiple multivariate inputs. The contribution of this paper is described in two aspects.
Firstly, a new method, Multiple multivariate LSTMs(MLSTMs), is proposed to predict the scale household
leverage for the whole nation and regions, which can integrate multiple LSTMs to enhance the performance of
the forecasting model. Secondly, an application example, dealing with the household leverage, is presented in our
paper, and it can be extended to many aspects.
3.

THE PROPOSED MODEL
In practice, the household leverage of the whole country to be forecasted is organized in a multi-input

structure. For instance, although the household leverage of the whole country could be recorded on a national
level in the national bureau of statistics of China, it could also be represented by the sum of some important
regions. At the same time, the household leverage of a region could be similar to that of other regions because of
their similar economic development. It indicates the household leverage on a certain regional level is informative
information to enhance the prediction of the household leverage of the whole nation and other regions. To embrace
this information, the so-called Multiple multivariate LSTMs is proposed to forecast household leverage. The
framework of the model is consists of five parts, namely the Data inputs, the Clustering algorithm, the Multiple
multivariate LSTM layers, the Attention merge layer, and the outputs. The architecture of the model is shown

in Figure 1.

Figure 1. MLSTMs model architecture

3.1 Input
The household leverage is highly related to the macroeconomic cycle, monetary policy, real estate market,
potential population size, and also social consumption. In the period of economic expansion, long-term lowinterest rates and tax reduction policies will stimulate the leverage expansion of the household sector [5, 21, 22]. Hence,
some independent variables such as Population, CPI, Disposable income per capita, M2 scale increment, Average
selling price of commercial housing, and the Total retail sales of social consumer goods are involved to predict
household leverage. Let 𝑌𝑡 = (𝑦𝑡 , 𝑦𝑡−1 , … , 𝑦𝑡−𝑘 ) be a time series of household leverage, 𝑋𝑡 = (𝑋1𝑡 , 𝑋2𝑡 , … , 𝑋𝑚𝑡 )
be the multivariate time series (MTS) of dependent variables whose item is 𝑋𝑖𝑡 = (𝑥𝑖,𝑡 , 𝑥𝑖,𝑡−1 , … , 𝑥𝑖,𝑡−𝑘 ) for 𝑖 =
𝑗

𝑗

1,2, … , 𝑚. We use (𝑌𝑡0 , 𝑋𝑡0 ) represent the multivariate time series for the national level, and (𝑌𝑡 , 𝑋𝑡 ) denote the
multivariate time series for the jth region where 𝑗 = 1,2, … , 𝐽 and 𝐽 is the number of regions we have observed.
We feed our multiple multivariate time series {(𝑌𝑡0 , 𝑋𝑡0 ), (𝑌𝑡1 , 𝑋𝑡1 ), … , (𝑌𝑡𝐽 , 𝑋𝑡𝐽 )} into the input layer of the
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proposed method to train the model.
3.2 Clustering algorithm
Because including too many multivariate time series to predict others may cause an overfitting problem under
the limited sample size, we only use these multivariate sequences that are highly correlated to the target series. To
screen which multivariate time series should input into the model for training, we first calculate the similarity
using the Euclid distance between any two multivariate time series to estimate their correlations. Given any two
time series of household leverage 𝑌𝑡𝑢 and 𝑌𝑡𝑣 , their similarity is 𝑑 = ‖𝑌𝑡𝑢 − 𝑌𝑡𝑣 ‖22 . After their similarities, the
hierarchical clustering algorithm is used to group provinces.
3.3 Multiple multivariate LSTMs
3.3.1 A single multivariate LSTM
We use the LSTM, a special kind of RNN, as the fundamental model to learn the nonlinear relationship of
multivariate time series, so as to obtain the predicted value. LSTM [1717] is capable of learning long-term
dependencies consisting of four parts, namely, an encoder, a decoder, and the intermediate state vectors which
connect them. The encoder aims to capture the temporal dependencies from the historical sequences. Firstly,
LSTM should pass through the “forget gate” layer, which decides what information model should be thrown away.
̂ t−1 is the input of it, then this layer generates a number
This step is made by a sigmoid layer, and the ℎ𝑡−1 and X
between 0 and 1, where a 1 means we should keep the whole information while a 0 means the information should
totally be got rid of.
𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1 , ̂
X t−1 ] + 𝑏𝑓 )

(1)

The decoder generates the target outputs, which are organized by time step from the context vector that
passed from the encoder. After the forget gate layer, we need to determine what new information should be selected
and stored in the cell state. This step is finished in two parts. First, a sigmoid layer, the “input gate” layer, decides
what values we’ll update. Then, a tanh(∙) layer generates a vector representing new candidate values 𝑐̃𝑡 . The
candidate values will be added to the cell state. In the next, these two will be combined together to create an update
vector to the cell state.
𝑗𝑡 = 𝜎(𝑊𝑗 ∙ [ℎ𝑡−1 , ̂
X t−1 ] + 𝑏𝑗 )
𝑐̃𝑡 = tanh(𝑊𝑐 ∙ [ℎ𝑡−1 , ̂
X t−1 ] + 𝑏𝑐 )

(2)
(3)

Now we need to update the cell state, the old one c𝑡−1 is integrated into the new cell state c𝑡 by specific
transformation. We multiply the old state by 𝑓𝑡 , forgetting the information the first layer decides to discard.
Then 𝑗𝑡 ∗ 𝑐̃𝑡 is added, because this information is the new values depending on how much we want to update for
the cell state.
𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑗𝑡 ∗ 𝑐̃𝑡

(4)

Finally, it is time to decide what should output. The output is on the basis of the cell state but after a filtering
operation. At first, as for what parts we are going to output, it is done by running a sigmoid layer to decide. Then,
we pass the cell state through a tanh(∙) layer (to push the values to be between −1 and 1) and multiply it by the
output of the sigmoid layer, making sure only the required parts output.
𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1 , ̂
Xt−1 ] + 𝑏𝑜 )
ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝑐𝑡 )

(5)
(6)

3.3.2 Multiple multivariate LSTMs
Let lstm(∙) be a single multivariate LSTM with l layers, {(𝑌𝑡0 , 𝑋𝑡0 ), (𝑌𝑡1 , 𝑋𝑡1 ), … , (𝑌𝑡𝐽 , 𝑋𝑡𝐽 )} be the multiple
𝑗

multivariate time series, ℎ𝑡 be the output of corresponding single LSTM for 𝑗 = 0,1,2, … , 𝐽 , the Multiple
multivariate LSTMs is defined as
ℎ𝑡0 = lstm(𝑋𝑡0 )
ℎ1𝑡 = lstm(𝑋𝑡1 )
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…
ℎ𝑡𝐽

= lstm(𝑋𝑡𝐽 )

(7)

3.4 Merge layer
The aggregation operation is used to put the outputs of multiple LSTMs together. Two strategies have been
considered in our model, the simple one is the concatenation operation, which combines the outputs of the former
layers directly, after which we may perform a linear transformation. Let 𝑔(∙) be the concatenation operation, the
{ℎ𝑡0 , ℎ1𝑡 , ℎ𝑡2 , … , ℎ𝑡𝐽 } be the inputs that are equal to the outputs of multiple LSTMs, and ℎ𝑎𝑔𝑔 be the outputs of
concatenation operation which is
ℎ𝑎𝑔𝑔 = 𝑔(ℎ𝑡0 , ℎ1𝑡 , ℎ𝑡2 , … , ℎ𝑡𝐽 )

(8)

and ℎ𝑎𝑔𝑔 ∈ 𝑅𝑡×𝑑𝑎𝑔𝑔 where 𝑑𝑎𝑔𝑔 is the number of embeddings.
Considering various inputs may play different roles in the process of household leverage prediction, they
may have different weights. By analogy the way of attention of humans, such as their brains can solve a great deal
of visual and audio input accurately, we also use an attention layer to learn the weight of each LSTM. Let the
{ℎ𝑡0 , ℎ1𝑡 , ℎ𝑡2 , … , ℎ𝑡𝐽 } be the inputs that are equal to the outputs of multiple LSTMs, the attention layer used to learn
different attention presentation is defined as
𝑢𝑎𝑖 = 𝑉𝑎Τ tanh(𝑊𝑎 ℎ𝑡𝑖 + 𝑏𝑎 )
𝑎𝑎𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑢𝑎𝑖 )
𝐽

ℎ𝑎 =

(9)

∑ 𝑎𝑎𝑖 ℎ𝑡𝑖
𝑖=1

where 𝑎𝑎 is the attention score, 𝑉𝑎 , 𝑊𝑎 and 𝑏𝑎 are the trainable parameters, and ℎ𝑎 is the output of attention
layer.
3.5 Forecasting layer
In this step, we take the outputs of the merge layer as the input to train the prediction model. The objective
of prediction is to reconstruct the relationship between input and output. A one-layer feedforward neural network
is used as the prediction function in our study, which is
̂
Y = σ(ℎ𝑎 𝑊𝑜 + 𝑏𝑜 )

(10)
̂
where 𝑊𝑜 and 𝑏𝑜 are trainable parameters, σ(∙) is an identity function, Y are the predictive values of the
model, and the loss function is calculated by the MSE error over samples' value.
3.6 Implementation
In practice, we implement the new method in Keras. To simplify the study, the two-layer LSTM is employed
to implement the single LSTM, and the number of neurons in the first hidden layer of LSTM is 16 and the second
layer of it is 8. The number of multivariate LSTMs used in the network is consistent with how many provinces
are in each group after the clustering operation. A one-layer feedforward neural network is used as the prediction
model or the output layer, which has only 1 hidden neuron. The Adam algorithm is applied to estimate the
unknown weight matrix and bias vectors. The learning rate of the adam algorithm is set to 0.002. The training
epochs are set to 50 and the batch size is set to 8. Based on these settings, the process of the proposed method is
described as follows.
4.

EXPERIMENT AND RESULTS

4.1 Dataset
The dataset is a multiple multivariate time series which is consists of 32 multivariate time series: 31 provinces
and 1 nation. It spans 72 months, from Jan 2015 to Dec 2020. The leverage of the household sector (calculated by
household debt divided by GDP ) represents the household leverage. Household debt is a monthly time series
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coming from the database of the People’s Bank of China, GDP (100 million CNY) is the gross national product.
All predictive variables are collected from the national bureau of statistics of China and the Wind database,
including Population (10 thousand CNY) is yearly data, CPI (same month last year = 100) is a monthly data,
Disposable income per capita (1 CNY) is a quarterly data, M2 scale increment (100 million CNY) denotes the
increment of China’s broad money and it is a monthly data, Average selling price of commercial housing (1 CNY
per square meter) is a yearly data, and the Total retail sales of social consumer goods (Cumulative growth) is a
monthly data. Besides Population, and Average selling price of commercial housing, and the Total retail sales of
social consumer goods are collected from the national bureau of statistics of China, other predictors are obtained
from the Wind database.
4.2 Experiment settings
The experiments are conducted based on the analysis of the household leverage in China using the Keras
platform. Before feeding the input data into the new neural networks, the multiple multivariate time series are
normalized first. Each multivariate time series consists of 6 independent variables. These variables are used to
predict the household leverage of the next month.
For comparison, we applied uni-LSTM(univariate LSTM), LSTM(multivariate LSTM), CNN(Convolution
Neural Network), and the proposed method with different merge layers to forecast household leverage of each
region and the whole nation. We use two measures to judge the performance of the model, one is the root mean
square error (RMSE) which weighs the average squared difference between the estimated values and the actual
value, and the other is mean absolute percentage error (MAPE) which is one of the most common metrics used to
measure the forecasting accuracy based on 100 repeatedly random experiments. For each selection of training set,
we shuffle the dataset randomly and independently.
4.3 Results
4.3.1 National level household leverage forecasting
We first compare the performance of the new method with alternatives such as the univariate LSTM,
multivariate LSTM, multivariate CNN to predict the household leverage at the national level. To avoid overfitting
of the new methods, we only select a few regions to help us predict the household leverage of the whole nation.
We calculate the scale and proportion of household debt of various provinces, rank them by the scale. After this
step, the first three provinces that have the largest household debt are employed to forecast the household leverage
of the whole nation.
Table 1 shows the performance of forecasting on different models, which indicates the new method outperforms
all alternative methods on both RMSE and MAPE. From Figure 2, the trend of household leverage based on the
new method using attention operation is better than the concatenation operation, and also other methods. It
illustrates household leverage at the regional level can enlarge the signal to predict household leverage at the
national level.
Table 1.

The performance of forecasting household leverage of the whole nation
based on both the new method and alternative methods

Methods

MAPE

RMSE

uni-LSTM

11.011%

0.325

LSTM

7.422%

0.255

CNN

17.340%

0.499

MLSTMs+conc

10.813%

0.288

MLSTMs+att

6.123%

0.176

Notes. The table reports the average predictive performance. MLSTMs+conc means the proposed model uses concatenation as a merge
layer, and also MLSTMs+att means using attention as the merge layer.
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Figure 2.

The household leverage of the whole nation and its prediction
based on the new method and alternative methods

4.3.2 Regional level household leverage forecasting
To forecast household leverage of various provinces using others’ information, we categorize the provinces
into serval groups according to their similarities, which are calculated by the Euclidean distance of household debt
between any two provinces. Base on their similarities, we split these 23 provinces into six groups, and make them
have a similar scale of household debt in each group. We can group different provinces according to the clustering
result presented in figure 3. For example, Tibet, Qinghai, and Ningxia are divided into a group because the distance
between them is relatively close. Based on this result, we have grouped the provinces, as shown in table 2.

Figure 3.

The similarity of provinces’ household leverage
Table 2.

The groups of provinces

Groups

The name of provinces

1

Tibet, Qinghai, Ningxia

2

Gansu, Xinjiang, Shanxi, Neimenggu

3

Yunnan, Guangxi, Chongqing, Jiangxi,Shannxi,

4

Beijing, Anhui, Hebei

5

Hunan, Fujian, Hubei,Sichuan

6

Zhejiang, Shandong, Jiangsu, Guangdong

Notes. 8 provinces were not included in our analysis because of the serious missing of household debt,
including Hainan, Tianjing, Jilin, Heilongjiang, Shanghai, Guizhou, Liaoning, and Henan.
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Similarly, at the regional level, we compare the performance of the new method with other alternative
methods. For each group, we predict the household leverage of a province by using other provinces' information
based on the new method, and we report the average predictive RMSE. All results are listed in Table 3. Meanwhile,
we also draw figures to compare the predictive values with the household leverage of each province, some of
them are shown in figure 4.
Table 3 indicates the proposed method performs better than other alternative methods on RMSE in most
provinces except Ningxia, Gansu, Xinjiang, Neimenggu, Yunnan, Beijing, Hebei, Fujian, and Shandong. It also
gives us evidence that using the household leverage at other regional levels can enlarge the signal to predict
household leverage at a certain regional level. In these cases, the new method achieves better performance in
prediction than the comparison method. And also, figure 4 shows that the prediction results of the proposed model
with the attention merge layer are closer to the real value of household leverage.
As a result, the experiment results reveal that a single LSTM can only take into account the independent
information of the predicted province, but the proposed method also takes into account the information of other
provinces into the modeling, which has a potential enhancement effect on the forecasting of household leverage
at the target province. At the same time, effective information is selected into modeling by the clustering, which
avoids useless noise to influence the predictions, so that the model could have a better performance.
Table 3.

The performance of forecasting household leverage of various provinces
based on the new method and alternative methods
Methods

Provinces
uni-LSTM

LSTM

CNN

MLSTMs+conc

MLSTMs+att

Tibet

0.224

0.219

0.379

0.219

0.169

Qinghai

0.320

0.203

0.224

0.260

0.157

Gansu

0.283

0.207

0.219

0.327

0.307

Xinjiang

0.126

0.152

0.245

0.286

0.269

Shanxi

0.237

0.161

0.333

0.187

0.144

Neimenggu

0.231

0.198

0.166

0.295

0.231

Yunnan

0.141

0.162

0.179

0.358

0.284

Guangxi

0.449

0.298

0.295

0.387

0.241

Jiangxi

0.344

0.220

0.233

0.276

0.201

Shannxi

0.254

0.253

0.424

0.210

0.176

Beijing

0.175

0.183

0.245

0.226

0.193

Anhui

0.294

0.227

0.475

0.243

0.169

Hebei

0.439

0.202

0.277

0.415

0.221

Hunan

0.252

0.204

0.450

0.249

0.156

Fujian

0.289

0.230

0.256

0.364

0.296

Hubei

0.522

0.496

0.554

0.346

0.336

Sichuan

0.177

0.184

0.216

0.192

0.164

Zhejiang

0.647

0.497

0.448

0.499

0.273

Shandong

0.460

0.227

0.621

0.553

0.422

Jiangsu

0.391

0.346

0.403

0.314

0.154

Guangdong

0.438

0.300

0.436

0.406

0.197
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Figure 4.

The household leverage of the Guangdong, Jiangsu, Zhejiang, Guangxi and their prediction
based on the new method and alternative methods

5.

CONCLUSION AND DISCUSSION
This paper proposed a new approach for household leverage forecasting by using the so-called Multiple

multivariate LSTMs for multivariate time series. The new method contains multiple LSTMs, a clustering
algorithm, an attention layer, and a simple one-layer feedforward neural network. Each LSTM is used to learn
new representations at different times from multiple multivariate time series, and then these learned new
representations are combined to forecast the household leverage. The results show that the new approach
outperforms alternative methods for predicting household leverage at the national level and most regional levels,
and reveal that predicting a time series at time ℎ with considering other multivariate time series is a better strategy.
Because other similar time series may have informative information to enlarge the expression of time series
needed to be predicted.
The new method may be applied in many other fields. First, we can use this method to forecast the scale of
global household debt. In addition, it is also a useful tool for global carbon emissions and climate change
forecasting. It is of great significance to countries around the world in formulating appropriate emission reduction
policies, preventing extreme climate change, and realizing green, sustainable, and inclusive growth. Second, it
can also be applied to the forecasting of economic growth. The current world is in after the outbreak of the era of
economic recovery, therefore in the model into more impact factors, dynamic projections for economic growth,
the LSTMs model may play an important role. Apart from that, we can consider adding more available variables
into the study to make the data more sufficient. Take this paper as an example, important macro variables, such as
unemployment rate, interest rate, and so on should be considered. After data supplement, some statistical-based
methods, such as lasso, could help us select some effective preditors of the target problems for better forecasting.
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