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A B S T R A C T

We construct an early warning indicator for household debt risk by analyzing the relationship
between household debt and certain important macroeconomic determinants using a simple
deep learning approach. A precise and informative indicator can help inform economic policies,
especially in light of the recent growth in the ratio of household debt to income. Although
several studies have analyzed the determinants of the household debt crisis, very few have
examined early warning indicators for household debt risk. Some studies suggest that a situation
can be regarded as a crisis if the household debt ratio is greater than 50% or 85%. However,
as the household debt ratio in Korea is already over this threshold, this criterion is neither
informative nor useful. Accordingly, we propose a transformed index that addresses long-term
memory characteristics. Moreover, five categories for the degree of household debt crisis are
considered instead of the binary variable that has been frequently used in previous studies.
Furthermore, we use a well-known deep learning approach to find a non-linear relationship
between crisis indices and many factors. The empirical results demonstrate that the proposed
early warning indicator explains the household debt crisis quite well.

. Introduction

The value of household debt in Korea reached approximately two quadrillion won in 2020 and continues to increase. In particular,
n 2020, household debt was 106% of the nominal gross domestic product (GDP), a value much higher than the debt crisis thresholds
f 50% or 85% suggested by previous studies (Arcand et al., 2015; Cecchetti et al., 2011). This steady increase in household debt
s of great importance for policymakers in addressing financial vulnerability and risk at the household level.

An increase in household debt does not always signal a debt crisis. Household debt promotes economic growth and improves
ocial welfare by smoothing economic activities (Cecchetti et al., 2011). Beyond a certain level, however, debt can have detrimental
ffects on economic growth due to its contractual features (Kim et al., 2014), and these effects often trigger financial crises (Allen &
ale, 2000). Therefore, it is crucial to develop an adequate early warning system (EWS) that can efficiently identify household debt

isk signals and respond to the shock of further economic downturns. The EWS began to attract attention following the financial
rises in the 1990s, when the EWS started to play an important role in coping with the crisis. From this perspective, EWSs can bring
ubstantial value to policymakers by allowing them to detect underlying economic weaknesses and vulnerabilities, and possibly take
reemptive steps to reduce the crisis risk.

A number of studies warn of the serious impact of household debt on the economic crisis and suggest that we should be vigilant
bout the economic crisis it will cause (Cynamon & Fazzari, 2008; Zabai, 2017). For this, it is essential to study the household
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debt crisis early warning model. Although an early warning of household debt is becoming increasingly important, there are very
few studies on an EWS for household debt risk. Studies on EWSs for an overall financial or banking crisis account for most of the
research on EWS (Qin & Luo, 2014). A classical EWS model uses a non-parametric method that can capture abnormal movements
of macroeconomic variables or a parametric method using the logit or probit model (Berg & Pattillo, 1999; Kamin & Babson, 1999;
Kamin et al., 2001; Kaminsky et al., 1998). Recent studies have employed different methods to improve the ability to classify crises.
Duca and Peltonen (2013) propose a framework that combines a logit model with a signaling approach concerning the tradeoff
between type I and type II errors. Caggiano et al. (2014) propose a multinomial logit approach that improves the predictive power
of EWS compared to the binomial logit model.

The relationships between household debt and other related variables can be represented by a non-linear correspondence rather
han in a linear fashion. Thus, a non-linear and parsimonious model is needed. Some recent studies have shown that forecasting
odels using machine learning and deep learning approaches provide reliable and superior results in terms of forecasting accuracy

Malagrino et al., 2018; Rather et al., 2015; Ticknor, 2013; Holopainen & Sarlin, 2017). Alessi and Detken (2018) as well as Tanaka
t al. (2016) argue that random forests improve early warning predictions in comparison to the logit model and the signaling
pproach. A deep learning approach has recently been applied to some economic and financial models. Deep neural networks
DNNs) are artificial neural networks (ANNs) with multiple hidden layers. In particular, for the time-series model, there are several
eural network models with recurrent neural networks (RNNs). An RNN is a special type of ANN that permits continuing information
elated to past knowledge by utilizing a special type of looped architecture (Cho et al., 2014; Sutskeve et al, 2014). Such RNN-based
ethods and their variations – including early works using naive RNN models (Connor et al., 1992), hybrid models combining the
se of an autoregressive integrated moving average (ARIMA) and multilayer perceptron (Jain & Kumar, 2007; Zhang, 2003; Zhang
t al., 1998), or a combination of RNN and dynamic Boltzmann machines (Dasgupta & Osogami, 2017) – have been shown to
utperform non-deep learning models in time-series forecasting. Many of the advanced architectures today are inspired by RNN.
he long-short term memory (LSTM) network is special type of RNN, capable of learning long-term dependencies. Siami-Namini
t al. (2018) compare the predictive power of the ARIMA model with the LSTM model using several economics time series and find
hat the predictive power of LSTM is higher than that of the ARIMA model. Therefore, in this study, we conduct classification and
rediction based on DNN and LSTM, and compare the two models to determine which model exhibits higher predictive power.

Moreover, we develop a new index with the logarithm of the debt-to-GDP ratio, which is introduced as an index in Park (2017).
onsidering the characters of long-term memory in the previous index, Michelacci and Zaffaroni (2000) explains long-memory
rocess of GDP per capita, and find that it exhibit long memory, and mean-reverting. we adopt a fractionally differenced index that
xplains the household debt risk quite well. Song (2010) adopts a multi-level crisis indicator rather than a binary indicator, which
s very limited in measuring the intensity of the crisis at several levels. Accordingly, we divide the household debt risk into five
evels including the baseline, which is calculated using the rolling window method.

To construct a well-specified EWS, selecting appropriate input variables is of great importance. Some empirical studies have
nalyzed the determinants of household debt in many countries (Barnes & Young, 2003; Kim et al., 2017). For example, Meniago
t al. (2013) find that increasing household debt can be associated to positive changes in house prices, CPI, GDP, household
onsumption expenditures and household savings. Stockhammer and Wildauer (2018) suggest that real estate prices are the most
mportant driver of household debt. Moreover, recent studies show that the predictive power of a model with Internet search data
s significantly higher than that of a model without such data. Galil and Soffer (2011) and Niesert et al. (2020) confirms that
ewspaper search keywords are closely related to the cyclical values of the leading economic and economic sentiment indexes. News
eports have been analyzed in closely related literature to understand their impact on different sources of risk (Nyman et al., 2021;
males, 2016; Tsai et al., 2016). One potential reason for using article keywords to forecast macroeconomic values is their ability to
orecast future uncertainties that may arise as a result of structural changes, which point forecasts hardly capture (Rambaccussing &
wiatkowski, 2020). In this study, we use ten macroeconomic variables that are employed as explanatory variables in Park (2017);

hree article search keywords that show a high correlation with household debt and the EWS risk level; and the marriage variable,
hich is the only microeconomic variable used in this study, based on the life cycle hypothesis.

In addition, we consider three different scenarios of the future economic situation to determine how changes in the main
eterminants cause household debt risks. In particular, we focus on the relationship between house prices and household debt
isk. Karasulu (2008) analyzes the determinants of household debt in Korea and reports that the key factor affecting aggregate debt
evels is the homeownership decision of households. Therefore, to determine how the household debt risk level reacts to the varying
ousing price index, three scenarios are designed in this study: (i) The house price index growth rate is 3.7%; (ii) The house price
ndex growth rate increases from 4.2% to 7.7%; (iii) The house price index growth rate increases from 4.7% to 11.7%. The house
rice index growth rate in the first quarter of 2021 was 3.7%; therefore, scenario (i) assumes that the future growth rates of the
ouse price index are the same as in the first quarter of 2021. Scenario (ii) assumes that the growth rate of the house price index
ises by 0.5%p in each quarter. The last scenario (iii) assumes a sharp rise in housing prices to identify the response of household
ebt to soaring housing prices. This scenario assumes that the growth rate of the house price index rises by 1%p each quarter. The
esults of this scenario simulation suggest that an increase in the housing price index affects both short -and long-term household
ebt risks.

This study implements an EWS model that can predict household debt risk level relatively accurately and overcomes the
imitations of existing studies. We used long memory considering indicators to differentiate this study from previous EWS studies.
urthermore, overcoming the limitations of previous EWS models that predict household debt risk using linear models, such
s traditional signaling approaches and logit or probit models, we propose a non-linear model with more accurate time-series
2

redictions by applying a deep learning approach.
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Fig. 1. Debt-to-GDP and Debt-to-DPI ratio.
Source: National Accounts, Bank of Korea:
www.ecos.bok.or.kr.

The remainder of the paper is organized as follows: the models used to estimate the index and predict the future index are
escribed in Section 2. Section 3 explains the data and descriptive statistics and summarizes the empirical results. This is followed
y a conclusion and discussion in Section 4.

. Model

.1. Indicator of household debt

Household debt in Korea consists of household loans and sales credit from depositors and other financial institutions. Korea’s
ousehold debt began to increase in the early 2000s and has accumulated continuously over the past 20 years, raising concerns
bout economic resilience as the household debt-to-GDP ratio is relatively large compared to some other countries. Korea’s household
ebt, which has been increasing since 2013, peaked in the second half of 2016 and then declined, but it has continuously increasing
rend. Although the growth rate of household debt has slowed, the household debt repayment burden has increased as the growth
ate of household debt still outpaced the growth rate of income and financial assets.

The ratio of household debt to GDP as well as to gross disposable income (DPI) has shown an increasing trend since the 2000s
see Fig. 1). Particularly, the debt-to-GDP ratio was larger than 100% in 2020.

However, it is challenging to determine whether a situation is dangerous based simply on the debt-to-GDP or debt-to-DPI ratios.
n previous studies, the debt-to-GDP ratio was used as an index to detect a household debt crisis. Cecchetti et al. (2011) estimate
hat the threshold at which the debt-to-GDP ratio hampers economic growth is 84%, but this threshold is not statistically significant.
rcand et al. (2015) estimate a threshold of 50%, using data of 120 countries from 1960 to 2010. However, the domestic debt-to-
DP ratio in Korea exceeded 50% in 2001 and surpassed 106% in 2020. Therefore, it is difficult to clearly define a threshold that

epresents an actual crisis in light of this increasing trend of household debt.
Moreover, an increase in household debt does not always have a negative effect on economic growth. It can also have a positive

ffect on total consumption, which in turn promotes economic growth. Therefore, it may not be desirable to use the raw time series
f the debt-to-GDP ratio to identify the timing and level of the crisis. Rather, a suitable indicator of household debt risk is a time
eries of the growth rate of GDP subtracted from that of household debt, which can be derived by comparing the growth rates of
DP and household debt. A simple index can be defined as in (2.1).1

𝐼𝑛𝑑𝑒𝑥1 = 𝛥 log (𝐻𝐷𝑡) − 𝛥 log (𝐺𝐷𝑃𝑡). (2.1)

However, as Fig. 2 demonstrates, 𝐼𝑛𝑑𝑒𝑥1 may not adequately capture the household debt risk. While the debt-to-GDP ratio is
teadily increasing, 𝐼𝑛𝑑𝑒𝑥1 does not show an increasing trend. Kang (2017) suggests that household debt has both flow and stock
ffects. Flow effects promote economic growth, while stock effects have the opposite effect. Therefore, these two characteristics
eed to be considered in the index of household debt risk. However, 𝑖𝑛𝑑𝑒𝑥1 only explains the flow effect of household debt. To deal

with this problem, Park (2017) uses a convex combination of the flow and stock data of log (𝐻𝐷𝑡∕𝐺𝐷𝑃𝑡). However, the method

1 𝐼𝑛𝑑𝑒𝑥 can be also directly calculated by the first differences of log (𝐻𝐷 ∕𝐺𝐷𝑃 ).
3

1 𝑡 𝑡

http://www.ecos.bok.or.kr


Journal of Asian Economics 84 (2023) 101574Y. Kwon and S.Y. Park

w

a

Fig. 2. Growth rate of household debt and 𝐼𝑛𝑑𝑒𝑥1.

of selecting the weight in that study is quite ad hoc. To consider both the long- and short-term effects of log (𝐻𝐷𝑡∕𝐺𝐷𝑃𝑡), a more
plausible index is required.

To construct an appropriate index for household debt risk that has an increasing trend with distinct fluctuations, we use the
fractional difference of log (𝐻𝐷𝑡∕𝐺𝐷𝑃𝑡) instead of the first difference. If the time series data are not an integrated time series with
order 1, differentiating with order 1 may cause a loss of information. To minimize this loss, an optimal order for the difference is
required.

Granger (1980) and Hosking (1981) start to use fractional difference, and explain it with the definition of ‘‘long memory’’.
There are several definitions of long memory; in this study, we used long memory with a discrete time series process 𝑦𝑡 and an
autocorrelation function 𝜌𝑗 at lag 𝑗. According to McLeod and Hipel (1978), a process possesses long memory if the quantity

lim
𝑛→∞

𝑛
∑

𝑗=−𝑛
|𝜌𝑗 | (2.2)

is non-finite. Granger and Joyeux (1980) and Hosking (1981) also propose the autoregressive fractional integrated moving average
model (ARFIMA). Assuming {𝑦𝑡}, 𝑡 = 1, 2,… , 𝑇 , is an ARFIMA (0, 𝑑,0) model that has the following equation of discrete time
stochastic process

(1 − 𝐿)𝑑𝑦𝑡 = 𝜖𝑡, (2.3)

where 𝐿 is the lag operator and 𝑑 is the order of the fractional difference. Diaz and Osler (1974) define the order of the fractional
difference as any real or complex number. 𝜖𝑡 is the white noise process of the random variables. Samko and Ross (1993) show that
the expression (1 − 𝐿)𝑑 can be defined by the series expansion in the following form

(1 − 𝐿)𝑑 =
∞
∑

𝑚=0
(−1)𝑚

(

𝑑
𝑚

)

𝐿𝑚, (2.4)

here
(𝑑
𝑚

)

are the binomial coefficients that are defined by the following equation2

(

𝑑
𝑚

)

=
𝛤 (𝑑 + 1)

𝛤 (𝑑 − 𝑚 + 1)𝛤 (𝑚 + 1)
=

(−1)𝑚−1𝑑𝛤 (𝑚 − 𝑑)
𝛤 (1 − 𝑑)𝛤 (𝑚 + 1)

. (2.5)

nd (2.4) can be written as

𝛥𝑑 = (1 − 𝐿)𝑑 (2.6)

2 See the more detailed Eq. (2.5) in Samko and Ross (1993).
4
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Fig. 3. Fractionally differenced time series.
Notes: 𝛥𝑛𝑥𝑡 denotes the 𝑛th order difference, and 0.4974 in the last graph is the maximum likelihood estimate. For simplicity, 𝑥𝑡 denotes log (𝐻𝐷𝑡∕𝐺𝐷𝑃𝑡).

= 1 − 𝑑𝐿 − 1
2
𝑑(1 − 𝑑)𝐿2 − 1

6
𝑑(1 − 𝑑)(2 − 𝑑)𝐿3 −⋯

=
∞
∑

𝑚=0

𝛤 (𝑚 − 𝑑)
𝛤 (−𝑑)𝛤 (𝑚 + 1)

𝐿𝑚.

This operator is called the Grunwald–Letnikov fractional difference of order 𝑑 with the step T=1.3 One can easily check that this
odel becomes an AR(1) model when 𝑑 equals 1.

To consider the long-memory characteristics of log (𝐻𝐷𝑡∕𝐺𝐷𝑃𝑡), we defined 𝑖𝑛𝑑𝑒𝑥2 as

𝐼𝑛𝑑𝑒𝑥2 = 𝛥𝑑 log(
𝐻𝐷𝑡
𝐺𝐷𝑃𝑡

). (2.7)

The fractional differencing process can be regarded as a combination of the 𝐼(0) and 𝐼(1) paradigms. Caggiano and Leonida (2009)
tests for convergence in international output, and suggest that forcing the data to be either 𝐼(1) or 𝐼(0) is likely to be misleading when
examining convergence properties of different economies, 𝐼(𝑑) processes can be correct understanding of transitional dynamics.
Fig. 3 shows the fractionally differenced time series of log (𝐻𝐷𝑡∕𝐺𝐷𝑃𝑡). The fractionally differenced time series have more mean-
everting tendency than the raw time series. Furthermore, the smaller the value of 𝑑, the more prominent the trend is in the
ractionally differenced time series, and the longer the memory of the values of previous periods. However, as 𝑑 increases, the
rend is less evident in the fractional time series, and the long memory of the values of previous periods is weakened. Therefore,
he selection of parameter 𝑑 is crucial.

Bollerslev and Mikkelsen (1996) show that the series displays a long-term memory if 0 < 𝑑 < 0.5 with a mean-reverting property.
f 𝑑 is 0.5 < 𝑑 < 1, the series still displays long-term memory, but the weights it assigns to past values are very small. Therefore, we
onsider the case over the interval (0, 0.5). The optimal fractional differencing parameter can be estimated by applying the maximum
ikelihood estimation method (Haslett & Raftery, 1989).4 The maximum likelihood estimate is 0.4974.5

Using 𝐼𝑛𝑑𝑒𝑥2,𝑡, we construct an EWS index to identify household debt risk. For this, we use the rolling median and rolling average
ethods, and we define them as follows:

𝛾𝑡 = 𝑀𝑒𝑑𝑖𝑎𝑛({𝐼𝑛𝑑𝑒𝑥2,𝑡−20,… , 𝐼𝑛𝑑𝑒𝑥2,𝑡−1}), (2.8)

𝛿𝑡 =
𝐼𝑛𝑑𝑒𝑥2,𝑡−20 +⋯ + 𝐼𝑛𝑑𝑒𝑥2,𝑡−1

20
, (2.9)

here 𝑡 denotes quarters. Both methods use the preceding 20 quarters as the rolling window. By employing a time-varying index
sing a rolling window, we avoid abrupt changes in the EWS index. We set the rolling median or mean as the baseline as the point
t which there is no economic impact.

The next question is whether to use a crisis indicator that varies with the severity of the crisis or whether to adopt the 0/1
ichotomy. However, binary indicators are very limited in measuring the intensity of a crisis at several levels. Thus, in this study,
e categorize the EWS index into five levels: 𝑥 = 1; 2; 3; 4; 5 and 𝑦 = 1; 2; 3; 4; 5, where 𝑥 is the risk level calculated with the

rolling median baseline and 𝑦 is the risk level calculated with the rolling average baseline. The five different crisis levels with the
rolling median baseline are determined according to the following specification:

𝑥 = 1 𝑖𝑓 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛾𝑡, (2.10)

3 The Grunwald–Letnikov fractional difference 𝛥𝛼
𝑇 of order 𝛼 with the step 𝑇 is defined by the equation 𝛥𝛼

𝑇 𝑦(𝑡) = (1−𝐿𝑇 )𝛼𝑦(𝑡) =
∑∞

𝑚=0(−1)
𝑚(𝑑

𝑚

)

𝑦(𝑡−𝑚𝑇 ) (Scherer
t al., 2011).

4 See the detailed procedure for maximum likelihood estimation in Haslett and Raftery (1989).
5 The standard error of the parameter estimates is 0.0000018.
5
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Table 1
Thresholds and bounds.

Risk level Number of observations

Rolling median threshold Rolling average threshold

1 32 37
2 13 30
3 16 8
4 14 8
5 10 2

Notes: Level 5 in the rolling average threshold includes 2002 Q4 and 2020 Q2.

𝑥 = 2 𝑖𝑓 𝛾𝑡 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛾𝑞1𝑡 ,

𝑥 = 3 𝑖𝑓 𝛾𝑞1𝑡 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛾𝑞2𝑡 ,

𝑥 = 4 𝑖𝑓 𝛾𝑞2𝑡 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛾𝑞3𝑡 ,

𝑥 = 5 𝑖𝑓 𝛾𝑞3𝑡 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡,

where 𝛾𝑞𝑡 indicates the 𝑞-quantile of {𝐼𝑛𝑑𝑒𝑥2,𝑡−20,… , 𝐼𝑛𝑑𝑒𝑥2,𝑡−1}. The different risk levels with the rolling average baseline are
determined according to the following specification:

𝑦 = 1 𝑖𝑓 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛿𝑡, (2.11)
𝑦 = 2 𝑖𝑓 𝛿𝑡 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛿𝑡 + 𝑐1 ⋅ 𝑠.𝑑,

𝑦 = 3 𝑖𝑓 𝛿𝑡 + 𝑐1 ⋅ 𝑠.𝑑 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛿𝑡 + 𝑐2 ⋅ 𝑠.𝑑,

𝑦 = 4 𝑖𝑓 𝛿𝑡 + 𝑐2 ⋅ 𝑠.𝑑 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡 < 𝛿𝑡 + 𝑐3 ⋅ 𝑠.𝑑,

𝑦 = 5 𝑖𝑓 𝛿𝑡 + 𝑐3 ⋅ 𝑠.𝑑 ≤ 𝐼𝑛𝑑𝑒𝑥2,𝑡,

where 𝑦 denotes the EWS risk level, and 𝑠.𝑑 is the rolling window standard error of the rolling average. We note that if the index
movements become volatile, 𝑠.𝑑 increases. This causes the bandwidths of the risk levels to rise, which implies that abrupt movements
of the index do not change the levels quickly. Therefore, the use of 𝑠.𝑑 is a plausible method to adequately divide risk levels. However,
for the rolling median method, because each rolling standard deviation is too small to divide the risk levels proportionally, 𝑠.𝑑 cannot
be used as an appropriate method. In this case, risk levels with quantiles can be considered. Since each quantile is a cut point dividing
the range of a probability distribution, it is a good method to classify each the risk level.

In (2.10) and (2.11), 𝑞𝑖 or 𝑐𝑖 for 𝑖 = 1, 2, 3 decides the bandwidths of adjacent risk levels. Here, we encounter the issue of
arbitrariness, as there are no rules for measuring the severity of household debt risk. In this study, we set 𝑞1 = 0.6, 𝑞2 = 0.8, and
𝑞3 = 0.99 for the quantile level, this quantile level is selected to keep the EWS conservative, so that the EWS does not issue a risk
warning of level 4–5 too often. Also we set 𝑐1 = 1, 𝑐2 = 1.64, and 𝑐3 = 2.33, as these are the z-scores at the 85%, 90%, and 98%
confidence intervals, respectively.

To select the adequate baseline and bounds, we define well-divided risk levels based on two criteria: (i) Level 5 includes the
2002 credit card lending distress; (ii) The indicator can capture the current household debt risk situation. As we can see in Table 1
and Fig. 4, the rolling median threshold and its bounds do not match the criteria. Even though there are many observations at risk
level 5 in the current situation, it cannot capture the 2002 credit card lending distress at risk level 5. Since the rolling median is
robust to anomalies, the sudden risk can be ignored by smoothing. By contrast, the rolling average threshold matches the criteria.
The index warns of a high crisis level in recent times and adequately captures the 2002 credit card lending distress at risk level 5.
Accordingly, we used 𝐼𝑛𝑑𝑒𝑥2 with a rolling average baseline, and each bound was calculated using its rolling standard deviation.

2.2. Deep learning model

A DNN is an ANN with multiple hidden layers (usually, at least more than two hidden layers). In addition to multiple layers,
it has numerous activation functions and gradient descent optimizers that help overcome the problem of ANNs. By adding hidden
layers and non-linear activation functions, the model can capture more complex relationships in the data than the ANN can. One
of the major problems with ANNs is the vanishing gradient problem, which arises when the network is trying to learn a model, but
the gradients of an error are so small that adjustments to the weights through backpropagation make no difference to the learning
process and a global minimum is never reached (Maxwell et al., 2017). However, specifically for deep learning, instead of typical
general activation functions – such as sigmoid or hyperbolic tangent functions – a different set of activation functions is used to
achieve better results. One of these activation functions is a rectified linear unit (ReLU). The ReLU function is expressed as follows:

𝑓 (𝑥) = 𝑚𝑎𝑥 (0, 𝑥), (2.12)

where 𝑥 is the result of the equation coming from the node of the network. The ReLU function does not deal with an evaluation
that is below zero, and the value can only be between 0 and 1. We use the ReLU activation function in DNN to solve the vanishing
gradient problem.
6
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Fig. 4. Thresholds and bounds.
Notes: Each rolling window uses values of the past 5 years to set the baseline. The level below the baseline is risk level 1. The level between the baseline and
B2 is risk level 2, followed by levels 3 and 4. The B5 line indicates risk level 5.

Fig. 5. Basic structure of the RNN. Notes: 𝑥𝑡 is the input value, and ℎ𝑡 is the hidden layer of time 𝑡.
Source: colah.github.io

The output layer relies on the cost and softmax functions. The softmax function can be defined as follows:

softmax(n)𝑖 =
𝑒𝑛𝑖

∑𝐾
𝑘=1 𝑒

𝑛𝑘
for 𝑖 = 1…𝐾, (2.13)

where 𝑛 is the result of the equation coming from the node of the last layer, and 𝐾 is the number of nodes. The idea of the softmax
function is straightforward. By normalizing the data such that the output layer value lies in the range (0, 1), the sum of the output
layer values is equal to 1. These can then be interpreted as probabilities, where the highest probability is most likely the best
candidate label for classification.

However, it is also well known that the deep learning model has an overfitting problem. Overfitting occurs when the model
provides a near-perfect fit for the in-sample but poor predictions for the out-of-sample. To deal with overfitting problem, setting an
optimal hyperparameter is crucial when constructing a deep learning model. Through the restricted Boltzmann machine, a weight
initialization method devised by Hinton et al. (2006), active research is being conducted on DNNs.6 Furthermore, by randomly
excluding the nodes during training, the model can offer effective regularization to reduce overfitting. This process is called a
dropout, and we can set the hyperparameter 𝛼, which is the proportion of dropping nodes in the learning model. Moreover, early
stopping can be used in learning to avoid over-training and hence overfitting the model. Accordingly, we adopt early stopping in
this study. An over-trained model has a tendency to memorize all the training data points. However, with early stopping, a large
number of training epochs is specified. The model is stopped from training further when its performance with the validation dataset
stops improving. In this study, we use dropout and early stopping for all trained models to obtain optimal results.

6 See more details about weight initializing in Hinton et al. (2006).
7
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Fig. 6. Basic structure of LSTM. Notes: Input variables are macroeconomic variables. X is multiplication sign, and + indicates plus sign.

Unlike general ANNs, RNNs can effectively model sequential or time-series information because the hidden layer vector ℎ, which
is updated at time step 𝑡, is considered when outputting the next input value (Pascanu et al., 2013). The basic structure of the RNN
is shown in Fig. 5, and the hidden layer vector ℎ can be calculated with this activation function as follows.

ℎ𝑡 = tanh(𝑊 ℎ𝑡−1 + 𝐼𝑥𝑡) (2.14)

= 𝑒𝑊 ℎ𝑡−1+𝐼𝑥𝑡 − 𝑒−(𝑊 ℎ𝑡−1+𝐼𝑥𝑡)

𝑒𝑊 ℎ𝑡−1+𝐼𝑥𝑡 + 𝑒−(𝑊 ℎ𝑡−1+𝐼𝑥𝑡)
.

In RNNs, unlike DNN, we use a different activation function called tanh(⋅). The activation function tanh(⋅) is a hyperbolic tangent
activation function, which is a rescaling of the logistic sigmoid, such that its output ranges from −1 to 1. The output of the ReLU
function used in DNN ranges from 0 to 1, whereas the output of the hyperbolic tangent function used in RNN is different in that it
ranges from −1 to 1. 𝑊 denotes the recurrent weight matrix, 𝐼 is a projection matrix, and 𝑥𝑡 is the input value. The hidden state
ℎ𝑡−1 is used to make a prediction at time 𝑡. The output of the RNN network at time 𝑡 is represented as

𝑦𝑡 = softmax(𝑊 ℎ𝑡−1), (2.15)

where softmax(⋅) is the function for classification, shown in (2.13). Using ℎ𝑙 as the input to another RNN, we can stack RNNs,
creating deeper architectures to develop a deep learning model as follows.

ℎ𝑙𝑡 = 𝜎(𝑊 ℎ𝑙𝑡−1 + 𝐼ℎ𝑙−1𝑡 ), (2.16)

where 𝜎(⋅) is a logistic sigmoid function, 𝑊 is a weight matrix, and 𝑙 is the layer. The activations from each time step 𝑡 are stored
in the internal state of the network to provide a temporal memory property.

However, a major weakness of the RNN is the long-term memory requirement. As past information is continuously accumulated,
old information disappears, and recent information is reflected. To overcome this drawback, Hochreiter and Schmidhuber (1997)
developed the LSTM algorithm and suggested that the LSTM addresses the vanishing gradient problem commonly found in ordinary
RNNs by incorporating gating functions into their state dynamics. Here, the vanishing gradient problem is the same concept as
previously described in ANN, and it means a problem in which the gradient of the loss function approaches 0 as more layers are
added to the neural network. When the slope of the loss function approaches zero, it becomes difficult to properly train the network
because the weights cannot be adjusted through backpropagation. The basic architecture of the LSTM is shown in Fig. 6. Each LSTM
block contains a memory cell, an input gate, a forget gate, and an output gate, and at each time step 𝑡, an LSTM maintains a hidden
state and a cell state that controls the extent to which a value remains in its memory. Graves (2012) show the computation of LSTM,
which is defined as follows:

𝑓𝑡 = 𝜎(𝑊𝑓 [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 ), (2.17)

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖), (2.18)
𝐶̃𝑡 = tanh(𝑊𝑐 [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐 ), (2.19)
𝐶𝑡 = 𝑓𝑡 × 𝐶𝑡−1 + 𝑖𝑡 × 𝐶̃𝑡, (2.20)
𝑜𝑡 = 𝜎(𝑊0[ℎ𝑡−1, 𝑥𝑡] + 𝑏0), (2.21)
ℎ𝑡 = 𝑜𝑡 × tanh(𝐶𝑡), (2.22)

where 𝜎(⋅) and tanh(⋅) are the non-linear activation functions, 𝑥𝑡 is the input value, ℎ𝑡 denotes the hidden value at time step 𝑡, 𝑜𝑡 is
the output value at time step 𝑡, 𝑏 is a bias, 𝑊 denotes the weights, and 𝑓 is the forget gate that decides which information to discard.
8
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Table 2
Variable descriptions.

Variables

Household debt hdebt Household and non-profit organization
GDP (season adjustment, nominal) ngdp Gross domestic product, nominal
GDP (season adjustment, real) rgdp Gross domestic product real
KOSPI index (1980.1.4=100) kospi KOSPI
Consumer price index (2015=100) cpi Nationwide total index
Household loan interest rates (%) hir_mean Total average

hir_house Household debt
Saving (%) recep bank and non-banking organization
Call rate (%) call_unse Unsecured call rate
Capital adequacy ratio (%) bis_asset BIS capital adequacy ratio
Sub-standard ratio (%) loan_below Sub-standard ratio
House price index (2019.01=100) hidx House price index
Unemployment (%) unemp Unemployment rate
Total marriage marriage Nationwide total marriage
News search2 news2 Search word ‘‘household debt’’
News search3 news3 Search word ‘‘credit loan’’
News search5 news5 Search word ‘‘credit loan interest rate’’

Notes: All the macroeconomic variable data are obtained from Bank of Korea and Korea National Statistical
Office, and News search variable data are obtained from BIG KINDS. The unit of household debt and GDP is
billion won; the unit of household loan interest rates, savings, call rate, capital adequacy ratio, sub-standard
ratio, and unemployment is %.

imilarly, 𝑖𝑡 and 𝐶̃𝑡 are input gates with activation functions 𝜎(⋅) and tanh(⋅) that decide what information to store in the cell state,
hich is responsible for long-term memory. Through simple computation, the cell state is updated with the current information.
ext, by running a sigmoid layer, 𝑜𝑡 determines the parts of the cell state to output. Finally, the cell state is put through tanh(⋅) and
ultiplied by the output of the sigmoid gate. In this study, 𝑥𝑡 is macroeconomic variables at time step 𝑡, and ℎ𝑡−1 is the short-term

nformation at time step 𝑡 − 1. So through (2.17), we decide which past information to discard. Next through (2.18) and (2.19),
e decide how much new information of input variables at time step 𝑡 will be used. So from past cell state 𝐶𝑡−1, new cell state is
pdated with linear function of discarded past information and part of new information about the macroeconomic variables. Finally,
ith the new information of cell state, the model output the information about which EWS index to be updated through (2.21) and

2.22); thus, by mixing long- and short-term memory operations for several time steps, the hidden layer vector ℎ is updated. We
rain the most basic DNN and LSTM, and find the optimal model for an EWS for household debt crisis.

. Empirical analysis

.1. Data

To forecast the future EWS index, 14 factors are chosen, as summarized in Table 2. The data, except for household debt and
DP, are obtained for a period of 21 years from the 1st quarter of 2000 to the first quarter of 2021. Household debt and GDP data
re collected quarterly over 26 years, from 1996 to 2021. In general, many studies analyze the determinants of household debt
sing micro data by household, such as labor panel data, household financial welfare survey panel data, or CB data. However, since
hese micro data are year-by-year data, there are limitations in estimating and predicting household debt risk. Park (2017) divided
he macroeconomic variable data used in the analysis of the determinants of household debt into three types: factors affecting
emand, factors affecting supply, and factors affecting both supply and demand. Among the factor variables affecting demand,
eal GDP growth rate, change in household loan interest rates, and growth rate of consumer price were considered. As for factor
ariables affecting supply, the growth rate of financial institution receipts, sub-standard loan ratio, and BIS capital adequacy ratio
ere considered. The stock price index and the housing price index were used as factor variables influencing all of them. Total
arriage is also considered in here as an important factor based on the life-cycle hypothesis.

Recent studies show that the predictive power of a model with Internet search data is significantly high. Rambaccussing and
wiatkowski (2020) confirms that online search behavior is a relatively reliable gauge of an individual’s behavior, and that
ewspaper search keywords are closely related to the cyclical values of the leading economic and economic sentiment indices.
n this study, we included newspaper search keywords in the set of determinants. The advantage of using article keywords for
orecasting macroeconomic values is their ability to forecast future uncertainties that may arise as a result of structural changes,
hich point forecasts hardly capture. The data were sourced from the Bank of Korea and Korea National Statistical Office (KOSAT);
nd the news search word data were sourced from BIG KINDS, which provides statistics regarding Korean Internet news search
eywords.7 For the news search keywords, three main keywords are selected among 10 keywords related to household debt based
n the correlation between the keywords and household debt, Index, and EWS index. Table 3 shows the correlations of each variable
ith household debt, Index2 defined in Eq. (2.7), and five EWS risk level. As one can see in Table 3, the keywords that show a high

orrelation between household debt and the EWS index are ‘‘household debt’’, ‘‘credit loan’’, and ‘‘credit loan interest rate’’.

7 Bank of Korea: https://ecos.bok.or.kr, KOSAT: https://kostat.go.kr, BIG KINDS: https://www.bigkinds.or.kr.
9
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Table 3
Correlations between selected news keywords with variables and indices.

Variables Debt Index EWS index

Search word ‘‘household debt’’ 0.209 0.569 0.489
Search word ‘‘credit loan’’ 0.607 0.113 0.226
Search word ‘‘credit loan interest rate’’ 0.541 0.088 0.201
KOSPI index 0.877 0.102 −0.010
Consumer price index 0.961 0.179 0.118
Household loan interest rates (average) −0.914 −0.292 −0.194
Household loan interest rates −0.887 −0.300 −0.166
Savings 0.997 0.255 0.234
Call rate −0.872 −0.180 −0.165
Capital adequacy ratio 0.895 0.132 0.026
Sub-standard ratio −0.539 −0.483 −0.153
House price index 0.910 0.268 0.119
Unemployment −0.011 −0.403 −0.130
Total marriage −0.472 −0.154 −0.153

Notes: Variables’ names are the same as in Table 2. Debt denotes Household debt, Index is Index 2 defined in
Eq. (2.7), and EWS index is five EWS risk level.

Table 4
Deep learning model.

Model Number of hidden layers Number of lags

Deep Feed-forward Neural Network 2 2
(DNN) 3 2
Long short term memory networks 2 4
(LSTM) 6

8
3 4

6
8

Notes: The unit of the lags is a quarter. For DNN, maximum lags are denoted, since the model includes different
lags which shows more accurate results than models without lags by variables.

Abbas (2005, 2017) confirms that a neural network model including several lags shows more accurate results than models without
ags. However, LSTM uses its memory cell while learning; thus, there is no need for arbitrary add lags of variables. Thus, we added
ags for variables only for a DNN without any memory cell in the model, and a total of 26 input variables including the lag variables
ere considered.8

.2. Model training and forecasting

Table 4 summarizes the considered models and the number of parameters. In the deep learning model, it is important to determine
he optimal number of hyperparameters. In particular, in the LSTM model, choosing an adequate lag is crucial because its choice
ignificantly affects the results. Therefore, in consideration of the business cycle of macroeconomic variables, the models were
rained with various lags, and among them, the three lags with the best predictive power were used. In this study, starting from
small number of hidden layers and lags, a total of eight models are trained. Furthermore, there is no difference in the results
ith learning rates of 0.01 and 0.001; therefore, a learning rate of 0.01 is used for the training. In addition, there is no difference
etween input nodes 52 and 104 in the DNN, and between nodes 14 and 28 in the LSTM. Thus, we use 52 nodes for DNN and 14
odes for LSTM for simplicity. The number of trainings, 150, is the same for all models.

To address the issue of overfitting, we adopt early stopping. The early stopping method divides the data into a training set and a
alidation set, and uses the cross-validation method to test the validation data at each epoch. Both training loss and validation loss
ecrease until overfitting occurs. However, when overfitting occurs, the training loss decreases while the validation loss increases.
o, early stopping forces the model to stop learning when the validation loss increases. In this study, the total number of observations
s very small, and the data are imbalanced. Over the total observations of the risk, there are only two at risk level 5. Therefore,
ividing the data into a training set and a test set may cause biased results.9 Therefore, early stopping, which automatically divides

the data into training and validation sets, is used for this study.

8 Adequate variables and lags are finally selected with simple regression by ordinary least squares estimation. The selected variables are statistically significant
t a 𝑝 value of less than 0.1, and are as follows: unemp, cons, marriage, news2, news3, news5, unemp(L1), cons(L1), marriage(L1), news2(L1), news3(L1),
ons(L2), marriage(L2), log(cpi), hir_mean, hir_house, loan_below, call_unse, log(hidx), hir_mean(L1), hir_house(L1), loan_below(L1), log(hidx)(L1), log(kospi)(L1),
all_unse(L2), and loan_below(L2), where L1 and L2 denote the preceding one and two quarters, respectively.

9

10

The method of 80% training set, 20% test set was also adopted, but it never reflected a risk level of 4 or 5.
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Table 5
Model selection.
Models Hidden layers Lags Loss Accuracy

DNN 2 2 1.955 50.00%
3 2 1.786 37.50%

LSTM 2 4 0.386 85.38%
6 0.269 88.36%
8 0.125 95.65%

3 4 0.874 61.03%
6 1.003 57.76%
8 0.305 89.67%

Fig. 7. Prediction of EWS index with trained model.

All factors are normalized using (𝑥−min(𝑥))∕(max(𝑥)−min(𝑥)). Normalization assigns equal weights or importance to each variable
so that no single variable steers model performance in one direction just because it has a bigger weight. Furthermore, to conduct
multi-class classification, all trained EWS indices are encoded into 0 or 1 via one-hot encoding. ‘The one-hot encoding’ is a vector
encoding that converts the size of a set into the dimension of a vector, assigns a value of 1 to the element to be expressed, and
assigns a value of 0 to other elements. In this paper, there are five EWS indices, and this EWS index set becomes a vector with five
columns through one-hot encoding. If the EWS index is 1, a vector is created where only the first column is 1 and the other columns
are 0. By doing this, we can reduce the amount of memory needed to process the data and make the model train faster and more
accurate.

The loss is calculated on training and validation, and indicates how well the model is performing. In this model, we use the
categorical cross-entropy loss function, which is used in multi-class classification tasks and is defined as follows:

𝐶𝐸 = −
𝐾
∑

𝑖=1
𝑡𝑖 log (𝜎(𝑛)𝑖), (3.1)

where 𝜎(𝑛)𝑖 is softmax(⋅), as in (2.13). Thus, the categorical cross-entropy loss is multiplied by 𝑡𝑖 with softmax(⋅), where 𝑡𝑖 is only
one element of the target vector, which is not zero. The target vector indicates the vector obtained through one-hot encoding. For
example, if the EWS index is 1, 𝑡1 = 1, and 𝑡2, 𝑡3, 𝑡4, 𝑡5 are all 0. By multiplying the log value of the softmax output by each elements
n target vector, the categorical cross-entropy loss can be obtained. As a result, after several iterations, the train model reduces
he loss and the model becomes more accurate. An accuracy metric is used to measure the performance of the algorithm in an
nterpretable manner.10 The accuracy of a model is usually determined after the model parameters and is calculated in the form of
percentage.

Two deep learning models, DNN and LSTM, are implemented and we measure the loss and accuracies in each model. As shown
n Table 5, the LSTM model can explain the training model better than DNN can. Overall, the loss in LSTM is smaller than the loss
n DNN, and the accuracy of LSTM is higher than that of the DNN. Moreover, models with two hidden layers are more accurate
han those with three hidden layers. In particular, the LSTM model with two hidden layers and eight lags had the least loss and the
ighest accuracy. Therefore, based on the results, the LSTM model with two layers and eight lags is selected to forecast the future
WS index.

We trained the model from the second quarter of 2000 to the first quarter of 2021. Fig. 7 shows the results of the trained LSTM
odel with eight lags. The model captures one level 5 risk in 2020, and it provides a warning of the 2002 credit card lending
istress, 2007 financial crisis, and recent household debt risk quite well.

Fig. 8 shows the forecasts of the future EWS index from the second quarter of 2021 to the first quarter of 2023. The out-of-sample
orecast in Fig. 8 is performed using the same variables used when training the model. For out-of-sample forecast, 10 macroeconomic

10 See the more detail about cross entropy loss for training deep neural networks in Zhang and Sabuncu (2018).
11
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Fig. 8. EWS index forecasts. Notes: The forecast index is from the second quarter of 2021 to the first quarter of 2023.

ariables presented in Table 3, 3 newspaper keyword variables, and marriage variables are used. Using the model trained within
he sample, we predicted the EWS non-sampling index from second quarter of 2021 to first quarter of 2023. Therefore, the model
redicted the EWS index from the second quarter of 2021 to the first quarter of 2023. The trained model predicts risk level 1–2
rom the second quarter of 2021 to the fourth quarter of 2021. However, from the first quarter of 2022, the risk level rises to level
, and the last quarter, 1st quarter of 2023, the forecast value is still returning to risk level 4. These frequent instances of high risk
uggest that we should continue to be concerned about household debt and seek ways to lower the risk level of household debt.

.3. Scenario simulation : House price changes

We focus on the relationship between house price and household debt risk. Stockhammer and Wildauer (2018) suggest that
eal estate prices are the most important drivers of household debt. Kim et al. (2014) find that asset price hikes contribute to the
ncreasing trend of household debt. Karasulu (2008) identifies households’ homeownership decision as the main determinant of
oaring household debt in Korea. Furthermore, recently, rising housing prices coupled with low interest rates have increased the
emand for mortgages, leading to an increase in household debt. Therefore, to determine how the household debt risk level reacts
o the varying housing price index, the three scenarios were considered. The scenarios deal with eight quarters of prediction, and
t starts from the second quarter of 2023, ends at the first quarter of 2025. The three scenarios were designed as follows.

(i) The house price index growth rate is fixed at 3.7% for eight quarters.
(ii) The house price index growth rate increases from 4.2% to 7.7% for eight quarters.
(iii) The house price index growth rate increases from 4.7% to 11.7% for eight quarters..

The house price index growth rate in the first quarter of 2021 was 3.7%, and each scenario respectively assumes a 0%p, 0.5%p, 1%p
increase in the growth rate each quarter; therefore each scenario starts with 3.7%, 4.2%, 4.7% respectively.11 We assume that the
other variables, except for the house price index, following the conditional forecasting results of the ARIMAX model. Fig. 9 shows
the forecast values of the macroeconomic factors with three news search variables.

First figure of Fig. 10 shows the predicted EWS index with the variable forecasts with no scenario. From 2023 to 2024, the risk
level is almost fixed at risk level 2, and two more blocks from the last quarter. For the first scenario, we changed the house price
index growth rate to 3.7%.

However, the results of the predicted EWS index in scenario 1 are the same as the results with no scenario which can be seen
in the first figure in Fig. 10, and from 2023 to 2024, the risk level is almost fixed at risk level 2. From the first quarter of 2024 to
the second quarter of 2024, the EWS index reaches risk level 3, but returns to risk level 2 subsequently.

For the second scenario, we changed the house price index growth rate from 4.2% to 7.7%, which assumes that the growth rate
of the house price index rises by 0.5%p each quarter. Second figure of Fig. 10 shows the results of Scenario 2. The risk level reaches

11 The house price index growth rate in the first quarter of 2021 was 3.7%.
12
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Fig. 9. Forecasts of factors with ARIMAX model.
Notes: Eight-quarter-ahead forecast values are denoted by dotted lines. The shaded area denotes the 95% confidence interval.
13
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Fig. 10. Forecasts under the three scenarios. Notes: Each figure indicates the EWS index under scenario 1,2,3.

Fig. 11. Forecasts of EWS index with risk level 5.
Notes: ̂ℎ𝑖𝑑𝑥 denotes the growth rate of the house price index; in this study, we assume that the house price index grows at a constant growth rate for the next
eight quarters.

level 4 in the first quarter of 2023, and for the next five quarters, it is almost fixed at risk level 2. The immediate response of the
increasing growth rate of the house price index can be confirmed in the first quarter.

The last scenario assumes that the house price index rises by 1%p each quarter, which is a very strong assumption. Third figure
of Fig. 10 shows the results of Scenario 3. The results are similar to scenario 2 in that the risk level reaches level 4 in the first
quarter, after which the risk level fluctuates between levels 2 and 3. None of these scenarios exhibit a risk level of 5. However, we
can see that house price index growth rate affects the time of the crisis. The higher the house price index growth rate, the faster
the high risk level appears, and after a while, it goes back to lower risk level. Moreover, the risk levels with an increase house price
index assumption exhibit higher value than the risk level that does not. Also, as we can see in Fig. 9, since there are no abnormalities
in the predictions of other variables, it is acceptable that the scenario does not exhibit risk level of 5.

In order to find the house price index level at which the EWS model warns of level 5 risk, we arbitrarily change the growth rate
of the house price index. Fig. 11 shows the predicted EWS index when the growth rate of the house price index is more than 13%.
The trained model begins to warn of a risk level 5 once the house price index starts to grow at a 13% growth rate. This analysis
show that the growth rate of house price index determines the time of crisis occurrence. The results show that the higher the rate
of house price growth, the sooner the high risk level appears.

4. Concluding remarks

This study develops an early warning system for household debt risk, which has recently emerged as an important issue, and uses
several macroeconomic variables and internet search data to predict the household debt risk. As the debt-to-GDP and debt-to-DPI
14

ratios have gradually risen in recent years, accurate early warning of household debt risk can help adequately prepare for risks and
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establish appropriate economic policies. This study uses an index that is appropriately transformed with fractional differences in
the debt-to-GDP ratio.

Several studies have analyzed early warning models for the financial crisis. These models are analyzed using binomial probability
ariables. However, in reality, a crisis does not occur suddenly. Therefore, in this study, the household debt crisis phases are divided
nto five levels with a moving average baseline.

Moreover, the previous models are in linear fashion, which oversimplifies the complex relationship between the dependent and
ndependent variables. Of course, if there are clear and large numbers of input variables that can explain household debt risk, the
redictive power of the linear model could be higher than that of other complex non-linear models. In reality, however, there is
limit to selecting a large number of clear input variables. Therefore, in this study, we use a deep learning model that does not

equire any function to set the threshold and bounds.
In addition, this study establishes a model using internet search data, which have been widely used recently. Many recent studies

ave reported statistically significant input variables. Consequently, the inclusion of Internet search data as input variables was
ntended to improve the predictive power of the EWS index. Based on the estimated results using the deep learning model, this
tudy predicted the household debt risk level from the second quarter of 2021 to the first quarter of 2023. The analysis shows that
here is no risk of household debt reaching level 5 in the forecast period. However, from the first quarter of 2022, the risk level
eaches level 4, and 1st quarter of 2023, the forecast value returns to risk level 4. These repeated instances of high risk suggest
hat the government must continue to look carefully at trends in household debt and related variables. Moreover, by simulating the
ouse price index, this study find that if the house price index growth rate exceeds 13%, the household debt EWS index may be
ble to exhibit risk level of 5.

The limitations of this study are as follows: First, during the COVID-19 pandemic, central banks in each country may have used
ccommodative monetary policy. Under these circumstances, the analysis of this study may have provided biased estimates. It can
e a good study in the future if the analysis is conducted excluding the period of the pandemic or if an early warning model is
eveloped that includes changes in the government’s internal regulations. Second, we only have 85 observations for each variable.
he advantage of forecasting with deep learning is its accurate predictive power with a large amount of data—whether this advantage
emains when the data size is relatively small is still an open question. Third, it is hard to identify the effect of some specific factors
n the DNN and LSTM models. This is due to the fact that considered factors affect the EWS index in a complex non-linear way. The
bove issues will be addressed in future research.
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