Analysis of Trends of Real Estate Loans by Regional
Banks and Study on Credit Ratings using Machine
Learning

(Summary)

This paper analyzed real estate loans by regional banks and their credit ratings by
using loan-by-loan level data of 62 member banks of the Regional Banks Association
of Japan. The utilization of granular data provided better insight into the precise
picture of real estate loans from various angles, such as by location of borrowers. In
addition, the application of machine learning methods suggests that there is a certain
relationship between future credit ratings, and current financial conditions and real
estate market conditions. The FSA will continue to carefully monitor the trend of real
estate loans. The FSA will also improve its analytical methods and modeling

approaches in order to enhance its monitoring capabilities.

l. Introduction

Amid the continuous accommodative financial environment, Japanese banks' real estate loans have
been increasing, and the share of real estate loans in total loans has reached a record high* (Figure 1).
In addition, Japanese real estate prices have been on an upward trend, and some reports have
pointed out that the valuation of Japanese real estate prices appears to be relatively high? (Figure 2).
The Japanese financial system has remained sound overall recently. However, banks’ potential risks
arising from the real estate sector should be closely monitored given the history of financial crises
triggered by real estate bubbles, including the bursting of the bubble economy in the 1990s and the
collapse of Lehman Brothers in 2008 stemming from the subprime mortgage crisis. A growing
presence of real estate in the Japanese financial system and a sense of caution over the real estate

market conditions also justify the need for close monitoring. In order to identify risks in a forward-

1 As shown in Figure 1, loans to the real estate industry accounted for approximately 17% of total loans at all domestic banks as of end-
2023. The corresponding share for regional banks, which are analyzed in the following sections, is also approximately 17%.
2 For example, Financial System Report published by the Bank of Japan (April 2024).



looking manner, it would be useful to analyze how the current real estate market conditions will affect
future bank credit risks.

In this paper, the data used are the data from 62 member banks of the Regional Banks
Association of Japan (hereinafter, “regional banks”), including loan-by-loan level data obtained
through a new data collection and management framework (Common Data Platform) that the FSA
and the Bank of Japan have recently launched in phases®. The analysis consists of two main parts.
Firstly, the characteristics of real estate loans by regional banks are described by aggregating the
granular data by type of industry and region of borrowers. Secondly, the relationship between
borrowers' financial conditions and real estate market trends and credit ratings are analyzed by using
machine learning and other techniques. The purpose of this paper is to deepen our understanding of

banks' real estate risks and to consider effective ways to utilize granular data to enhance our

monitoring.*
Figure 1: Real estate loans of all Japanese banks® Figure 2: Real Estate Price Index
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3 This analysis focuses on regional banks, as regional banks’ data submission through the Common Data Platform precedes other banks.
However, the fact that loans to the real estate industry are increasing is also true for other types of banks, such as major banks and member
banks of the Second Association of Regional Banks.

4 Unless otherwise noted, the latest data and figures used in this report are as of the end of September 2023.

5 The definition of real estate in Figure 1 is "real estate business (industry code 50)" used in the Bank of Japan statistics, which includes "
House and room lending by households” (industry code 96) and "Special purpose companies for real estate” (industry code 89).



Il. Current Overview of Real Estate Loans by Regional Banks

The two datasets mainly used in this analysis are: borrower-by-borrower level loan data, in which the
names of borrowers and lender banks are anonymized (Dataset 1) and loan-by-loan level data, which
has been newly acquired through the Common Data Platform (Dataset 2). The former has been
accumulated quarterly since the period ending in March 2004, enabling a long-term time series
analysis.® The latter has only been available as of end September 2023, i.e., no historical data has
been accumulated, however, its high granularity enables analysis from various angles, such as by
detailed industry classification and by borrower region.’

In this section, firstly, the historical trend of loans to the real estate transaction sector and to the
real estate leasing and management sector are examined by using Dataset 1 (sub-section 1).
Secondly, more detailed analyses are made by using Dataset 2, which also covers loans to individuals
and loans to SPCs (non-recourse loans)® which have been increasing in recent years (sub-section
2). Finally, the impact of interest rates hike on the interest payment capacity of borrowers belonging

to real estate industry is estimated by using both datasets (sub-section 3).

1. Historical Trend

Figures 3 and 4 show the trend in outstanding amount of real estate loans® by regional banks over
the past 20 years. The outstanding amount of real estate loans as of the end of September 2023 was
approximately 8 trillion yen for the real estate transaction sector and approximately 14 trillion yen for
the real estate leasing and management sector. The growth rate of the loans to real estate transaction
sector was negative immediately after the global financial crisis (GFC), but has been positive since
March 2013. On the other hand, the growth rate of the loans to real estate leasing and management

sector has been positive since June 2005.

¢ Dataset 1 is extracted and processed from a database possessed by the Regional Banks Association of Japan. The database covers
mainly loans to Japanese companies, while retail (e.g. mortgage loans) and individuals (e.g. apartment loans) are not covered.

7 It should be noted that the scope of Dataset 2 differs from that of Dataset 1, as Dataset 2 includes loans to individuals.

8 SPCs are special purpose companies established for the purpose of acquiring real estate. Generally, in the case of a loan to an SPC,
repayment is funded by cash flows generated by the underlying real estate and repayment is limited to the extent of the collateral. It is
estimated that some part of loans to SPCs are also covered in the Dataset 1 as real estate transaction industry or real estate management
and leasing industry, while they cannot be extracted.

9 As explained in the footnote 6, Dataset 1 only covers loans to corporates and does not cover individuals. Therefore, it should be noted
that the outstanding amounts of loans shown in Figure 1 and Figure 3 are not equivalent.



Figure 31°: Outstanding amount of loans by sector Figure 4: Growth rate of loans by sector (YoY)
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Figures 5-8 show the financial developments in each real estate sector (median). ROA! has
been solid for both sectors compared to all industries, remaining at around 2% even during the GFC
and the COVID-19 crisis. Interest expense'? has declined over time, reflecting a decline in market
interest rates. Debt ratio'® has remained high compared to all industries due to the nature of the real
estate business in that real estate companies normally raise funds through bank loans for the
acquisition of real estate for sale or lease. By sector, the real estate transaction sector has seen
fluctuations in ROA in response to economic fluctuations, as is the case for all industries. On the other
hand, the real estate leasing and management sector has seen little fluctuation in ROA and a low
cash and deposits ratio.'* This reflects the nature of the sector in which large fluctuations in rent and
administration fee income are unlikely to occur (i.e., stable income can be expected for the real estate

leasing and management sector).

10 It should be noted that some data discontinuities are observed due to bank mergers. For example, data for Kansai Urban bank was
added in 2019 (Kansai Urban bank was a member of the Second Association of Regional Banks so it was not covered in Dataset 1 before
2019).

1 ROA = (Operating income + Interest and dividends income) / Total assets

12 |nterest expense = Interest and discount expenses / (Short-term loans payable + Long-term loans payable)

13 Debt ratio = (Short-term loans payable + Long-term loans payable) / Total assets

14 Cash and deposit ratio = Cash and deposit / Total assets



Figure 5: ROA Figure 6: Interest expense
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Figures 9 and 10 show the trend in the NPL ratio and the conservation ratio.'®> At the time of the
GFC, the outstanding NPL amount rapidly increased (worsened) in the real estate transaction sector,
but there were no significant changes in the real estate leasing and management sector. Since then,
the NPL ratio has been on a declining trend for both sectors, and no significant deterioration has been
observed even during the COVID-19 crisis. The conservation ratio has been on a declining trend in
all industries except for after the GFC and during the COVID-19 crisis. This may be partly due to
increased efforts of providing loans that do not excessively depend on collateral and guarantees. On
the other hand, the conservation ratio in the real estate industry has remained unchanged or increased

during this period. This may be driven by a rise in real estate prices as real estate loans generally use

15 The conservation ratio is the ratio of the amount of coverage provided through collateral and guarantees to the total loan balance, and
does not take into account the coverage provided through provisions.



real estate as collateral (see Box 1).
From the above analysis, while the outstanding amount of real estate loans has been increasing,

there has been no significant change in the credit risk of borrowers as a whole recently.

Figure 9: NPL ratio Figure 10: Conservation rate
16% 60%
14%
LN 50%
12%
40%
10%
8% 30%
6%
\ 20%
4%
. 10%
2%
—
T —
0% 0%
@ QL Qe S 98 Q9 Q9 Q@ 9 Q9 @
~ o o o> o i o a o> o o o o o o [ o oo ~ o
I L 9 ~ Ny ~y ~ ~ S o S99 NN N Ny oy oy
P& &SP &SP S A
All industries m— Real estate Real estate leasing
transaction sector and management
sector

Source: Dataset 1

2. Current Trend

In this sub-section, more detailed analysis on current trend is conducted by using Dataset 2, which
has been obtained through the Common Data Platform. Real estate loans are classified into corporate
loans (real estate trading sector and real estate leasing and management sector), loans to individuals
(e.g., apartment leasing business), and loans to SPCs (non-recourse loans).!® At regional banks,
loans to individuals account for approximately 34% of all real estate loans, and loans to SPCs account
for approximately 3%. However, loans to SPCs have increased rapidly in recent years due to the

maturation of the real estate securitization market and the solid real estate market condition

16 Aloan is classified as a loan to an individual or a SPC if: (a) the loan is defined as “House and room lending by households” (sector No.
96) or "Special purpose companies for real estate” (sector No. 89) under the Bank of Japan statistics classification or (b) the loan could be
presumed to be a loan to an individual or a SPC based on the name of the borrower or the type of borrower.



(Figures 11 and 12).
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Figure 13 shows the composition of loans outstanding by type of borrower for each region in
which banks’ head offices are located.® In all regions, loans to the real estate leasing and
management sector or individuals has a relatively large proportion, while loans to SPCs tend to be
scarce. Banks in the Chubu and Kyushu/Okinawa regions have relatively large amounts of loans to
SPCs compared to the other regions, however, when looking at individual bank data, this is due to
the influence of some specific banks with large amounts of loans to SPCs. Therefore, at present,
regional banks do not seem to be actively extending loans to SPCs. However, given the recent trend,
it is possible that regional banks with small amounts of loans to SPCs at this moment will step up their
lending to SPCs in the future.

While loans to SPCs could meet diverse funding needs and thus contribute to financial
intermediation, they tend to be more directly affected by real estate market conditions than corporate

loans. For example, repayment sources are limited to cash flows generated from the underlying real

17 Figure 12 uses a dataset that is different from Dataset 1 and Dataset 2. It should be noted that the coverage of the real estate loans
and/or SPCs loans could be different from Dataset 1 and Dataset 2.

18 |In Figures 13 and 14, the geographical regions in which the head offices of banks are located are as follows: Hokkaido/Tohoku, Kanto,
Chubu, Kinki, Chugoku and Shikoku, and Kyushu/Okinawa.



estate. Therefore, it is necessary for banks to develop a risk management framework that is different
from the regular corporate credit risk management, such as the ability to assess the value of the real
estate itself and the outlook for the real estate market.

Figure 14 shows the proportion of loans outstanding by location of borrowers!® for each region
in which banks’ head offices are located. While intra-regional loans account for the majority of loans,
loans extended to Tokyo account for 14-36% at banks located outside the Kanto region (in which

Tokyo is located).

Figure 13: Proportion of loans by borrower category Figure 14: Proportion of loans by location of
borrowers
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Figure 15 shows the distribution of loan terms (contract period) and loan interest rates. It is
observed that the loan terms tend to be longer in the order of individuals, real estate leasing and
management sector, real estate transaction sector, and SPCs. The fact that the loan terms of
individuals and real estate leasing and management are longer is consistent with their business model
in which the initial costs of property acquisition are recovered over the long term through rental income.
As for loan interest rates, it is generally considered that the longer the contract period is, the higher

the loan interest rate becomes. However, no remarkable proportional relationship is confirmed from

19 |In Figure 14, the geographical region of borrowers are classified into 3 categories: (1) the same region as that of banks’ head offices
("within the region"), (2) Tokyo, and (3) other regions. Loans to Tokyo by banks headquartered in Tokyo are classified into “Tokyo.”
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the distribution in this study. This is because loan interest rates are also affected by factors other than
the contract period, such as the interest rate environment at the time of contracting®.

On the other hand, when looking at interest rates by region, it is observed that interest rates on
loans to the Tokyo-located real estate transaction sector and real estate leasing and management
sector tend to be lower than those to within region? (Figure 16). This may be due to the intense
competition and the high number of borrowers with high creditworthiness in the Tokyo area. Under
the accommodative financial environment, banks seem to have expanded their loans outside of their
home regions, such as Tokyo where there is demand for funds.?? This suggests that regional banks
located outside Tokyo area are also linked to the real estate market condition in the Tokyo metropolitan

area, whose property prices have been pointed out to be relatively expensive by some research in

recent years.??

Figure 15: Distribution of average loan term and average interest rate Figure 16: Distribution of average Loan
interest rates (by Industry and by
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20 Another factor behind this could be the difference in the creditworthiness of borrowers (generally, the higher the creditworthiness, the
easier it is to borrow over a long period of time).

2 Looking at the Interest rates trend closely by taking into account the contract period, loans to borrowers located in Tokyo still tend to be
lower than those to within region.

22 According to Dataset 2, while the proportion of loans to the Tokyo metropolitan area (loans to institutions located in Tokyo) in the total
loans of regional banks is approximately 23% for all industries, it is high at approximately 46% for real estate transactions and approximately
32% for real estate leasing and administration (excluding loans to individuals).

2 Alarge amount of loans to SPCs are made to Tokyo. It should be noted, however, that even if the registered location of an SPC is in
Tokyo, the location of the property to be acquired may be elsewhere.
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3. Impact of Rise in Borrowing Rates on Interest Payment

Capacity

With market interest rates on an upward trend as a result of the Bank of Japan's change in monetary
policy, attention is paid to the impact on corporate finances due to an increase in borrowing rates. In
this sub-section, a simplified calculation is made focusing on the interest coverage ratio (ICR) %,
which is an indicator of firms' interest payment capacity, in order to obtain an indication of the impact
of a rise in borrowing rates on corporate finances.?®

The ICR is negatively correlated with corporate defaults, and in particular, the proportion of firms
that default tends to increase when the ICR drops below zero. The median ICR for the real estate
sector has been on an improvement trend over the long term, exceeding all industries, although some
drops were seen after the GFC and the COVID-19 pandemic (Figure 17). The distribution of the ICR
as of the end of September 2023 shows that the proportion of firms with ICRs of 1 or above (i.e., with
sufficient interest payment capacity) is high in both the real estate transaction and real estate leasing
and management sectors, compared to all industries. However, it should be noted that the proportion
of firms with ICRs of 1-5 is high at 30-40%, meaning that they might be vulnerable in the sense that

ICRs may fall below 1 due to interest rate hikes and other factors (Figure 18).2

Chart 17: ICR (median) Figure 18: ICR Distribution
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24 |CR = (Operating income + Interest and dividend income) / Interest and discount expenses.

25 Due to data limitation, the classification “individuals" and "SPCs" which were added in the previous section is not extracted in this section.
It is estimated that some of the SPCs confirmed in the previous sub-section are included in the real estate transaction sector or real estate
leasing and management sector in this sub-section.

26 See FSA Analytical Notes (2023.6), Analysis of Credit Risk in Bank Loans.
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Loans with floating interest rates and loans with fixed interest rates but with short residual
maturities are more likely to be affected by interest rate increases in short periods. As such, looking
at the proportion of loans with floating interest rates and loans with fixed interest rates with residual
maturities of one year or less (hereafter, "floating or short-maturity loans") to total loans outstanding,
it is observed that the proportion of floating or short-maturity loans in both the real estate transaction
sector and real estate leasing and management sector is 50-60%, which is not very different from all
industries, but the debt ratio (median) is as high as 70% or more (Figure 19).

In the real estate sector, the ratio of companies with an ICR of less than 1 to the total number of
companies (hereinafter defined as "companies with an excess interest payment ratio") remains at a
relatively low level. On the other hand, under the assumption that interest rates on floating or short-
maturity loans uniformly increase by a certain amount (parallel shift), the increase in the ratio is larger
in the real estate sector, particularly in the real estate leasing and management sector than in all
industries (Figure 20).

Based on the above, the real estate sector is considered to be relatively susceptible to interest

rate increases.

Figure 19: Debt Ratio and Ratio of Floating or Short-maturity Loans
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Figure 20: Changes in companies with an excess interest payment ratio under a certain rise in borrowing rates
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In this analysis, only borrowing rates are assumed to rise instantly, while other variables are
assumed to remain unchanged. Therefore, it should be noted that this estimate may not necessarily
reflect the real macroeconomic environment, for example, business performance may deteriorate
along with the borrowing rate rise, or otherwise, business performance is expected to improve over
time along with the rate rise (e.g., when rental income increases in line with a rise in interest rates).
In particular, as shown in Figure 17, the ICR for the real estate leasing and management sector has
remained stable even during the past interest rate rise period and economic downturns. This is
because real estate demand itself is unlikely to decline much despite changes in the economic
environment.

In any case, the real estate sector is considered to be more vulnerable to interest rate increases
than other sectors from a financial perspective, and even a small increase in interest rates could lead
to a significant deterioration in the financial condition of the sector depending on the macroeconomic
environment. Therefore, the FSA will continue to closely monitor developments in the real estate

sector.
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Box 1: Use of real estate as collateral

As real estate prices have risen and the outstanding loan amounts to the real estate sector have
increased, loans backed by real estate have also increased in recent years (Figure 21). To understand
the big picture of the use of real estate collateral, Figure 22 shows the use of real estate collateral by
size of borrower and by borrower sector, using detailed loan-by-loan level data obtained from Common
Data Platform (Dataset 2). The proportion of borrowers using real estate collateral was highest at
medium-sized enterprises, followed by small enterprises, and then large enterprises. The proportion of
large enterprises using real estate collateral was 20% or less for sectors except real estate. The reason
behind this could be that large enterprises have high credit ratings so they do not need to rely on real
estate collateral when borrowing, and that small enterprises possess less real estate available for
collateral.

Figure 23 shows the proportion of the amount covered by real estate collateral against total
outstanding loans for borrowers who use real estate collateral. The coverage ratio also tended to be
higher at medium-sized enterprises than small enterprises or large enterprises. Approximately 60% of
the real estate sector of medium-sized enterprises and small enterprises are covered by real estate
collateral, whereas the coverage ratio for other sizes and sectors is less than 30%.

This indicates that many borrowers in the real estate sector use real estate collateral and cover a
large part of the credit exposure, which is consistent with the fact that real estate companies generally
use real estate collateral when borrowing for the acquisition of real estate for sale or lease. On the other
hand, although it can be inferred that other sectors are not overly dependent on real estate collateral as
seen in the past bubble period, a deterioration in the real estate market could have an impact on
companies in other sectors through a transmission channel of a decline in the value of real estate
collateral. Therefore, the FSA will continue deep-diving to further understand the use of real estate

collateral by utilizing detailed data.
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Figure 21. Growth in loans using real estate collateral (YoY)

0%

2

£cle
1c0C
6102
L102
5102
e10e
110C
6002
L002
5002
£00e
100
6661
1661
5661
£66T
1661
6861
L1861
5861
€861
1861

Source: Bank of Japan

Figure 22: Breakdown of borrowers using real estate collateral
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Figure 23. Real estate collateral coverage ratio
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lll. Relationship between Changes in Credit Ratings, Financial

Indicators, and Real Estate Market Conditions

As confirmed in the previous chapter, the NPL ratio of real estate loans has remained at a low level
recently. On the other hand, the credit risk of real estate loans is likely to be affected by the real estate
market and the financial conditions of real estate firms reflecting such market conditions, as seen in
the substantial increase in the NPL ratio in the real estate transaction sector during the GFC period.
However, the real estate market has multiple layers, for example, demand for office buildings and
hotels stagnated while the housing market was booming due to the spread of remote working during
the COVID-19 crisis. As such, it is not a straightforward matter to find a clear relationship between the
real estate market, financial conditions, and credit risk of real estate loans. To deepen the
understanding of real estate loans, the following step-by-step analysis is conducted in this chapter:

first, construct a model that predicts the credit risk (credit rating of a borrower) of real estate loans
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using a machine learning technique (Section 1), and then attempt to interpret the model to make it
human-readable (Section 2). Machine learning can build a model with a complex structure and
incorporate non-linearity between variables, making it possible to consider relationships that are

difficult for humans to detect.

1. Overview of Machine Learning Models and Predictive

Results

The machine learning model used in this analysis is XGBoost (eXtreme Gradient Boosting), which
improves accuracy for prediction by combining multiple low-accuracy decision trees. XGBoost has
been accepted in numerous surveys and research in the field of machine learning and is known for
its high performance. The list of an objective variable and explanatory variables input into the model
are shown in Figure 24. Of all available data, 75% is allocated as training data and the remaining 25%
as test data. The model estimates the probability that the credit rating of a borrower will deteriorate
from "normal" to "needs attention" or lower (hereinafter referred to as the "probability of downgrading")
within one year from the record date by using data including Dataset 1 as well as data on corporate
financial indicators, corporate characteristics and real estate market conditions. Figure 25 shows the
sample size of borrowers rated "normal" and the proportion of borrowers who actually were

downgraded in each fiscal year from 2005 to 2022.

Figure 24: List of Objective Variable and Explanatory Variables

Objective - Probability that a credit rating of a borrower will deteriorate from

g » Probability of rank down . .y 2 L
variable normal” to “needs attention” or within one year from the record date
Sgﬁf&?sory + ROA (Operating income + Interest and dividends income)/Total asset

Interest and discount expenses / (Short-term loans payable + Long-

Historical loan data
term loans payable)

obtained from CRITS

+ Interest Expense

Vacancy rate

No. of transaction
Floor area

Stock price

Average office vacancy rate (Tokyo)
Rate of change in number of real estate transactions (YoY)

Logarithm transformation of floor area for total number of building
starts

Rate of change in Nikkei 225 stock price index (QoQ)

» Debt ratio (Short-term loans payable + Long-term loans payable) / Total asset (dataset 1)
Cash and Deposit ratio Cash and deposit / Total asset
Size Size of the borrower (large, medium, small)
Land price \F?stYe) of change in land price (nationwide, all land usage categories, MUT
Inventory DI Inventory DI for real estate sector BoJ "Tankan”
No. of housing starts Logarithm transformation of total number of housing starts MLIT

Miki Shoji Co.,Itd

Japan Real Estate Institute
MLIT

Bloomberg
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Figure 25: Number of samples rated “normal” and proportion of downgraded borrowers
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Source: Dataset 1

The performance of the learned model is shown in Figure 26. Since the precisions exceeded
70% in the test data, this model is considered to have accomplished a certain level of performance in
terms of predicting future downgrading; however, high recalls could not be achieved. In general,
precision and recall have a trade-off relationship, i.e., if the performance of one is pursued, then the
performance of the other deteriorates. In this analysis, precision is prioritized for model construction
assuming that there is a need to detect a borrower with a high probability of downgrading. On the
other hand, depending on the purpose of the analysis, there may be some cases in which recall should
be prioritized, for example, performance for recall should be pursued if the purpose is to detect a wide

range of borrowers with signs of downgrading for early warning.?’

27 As indicators for measuring the predictive accuracy of a model in a binary classification problem, accuracy rate, precision, and recall are
used. The calculation formulas for each indicator are as follows, where TP (True Positive) is the number of correct predictions for samples
to be downgraded, TN (True Negative) is the number of correct predictions for samples not to be downgraded, FP (False Positive) is the
number of false predictions for samples to be downgraded, and FN (False Negative) is the number of false predictions for samples not to
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Figure 26: Performance of the model

Accuracy rate Precision Recall
Real estate transaction Training data (134,928) 0.923 0.954 0.031
sector Test data (44,977) 0.919 0.703 0.017
Real estate leasing and Training data (139,545) 0.943 0.981 0.013
rmanagement sector Test data (46,515) 0.943 0.739 0.006
All industries Training data (3,062,654) 0.911 0.923 0.006
Test data (1,020,885) 0.910 0.704 0.003

* () indicates number of samples.

2. Interpreting machine learning models

While machine learning enables predictions with a certain level of performance, whether humans can
understand the logic of the model (explainability) has been an issue for practical application. In
response to such issues, research on a method to increase the explainability of machine learning
(eXplainable Al: XAl) has rapidly advanced in recent years. In this sub-section, one of the XAl method,
SHapley Additive exPlanations (SHAP) value, is used to gain better insight into the model constructed.

The SHAP value quantitatively expresses which explanatory variable contributes to each
predictive value output by the machine learning model. Figure 27 shows the SHAP values of a sample
predicted to "downgrade" by the model (upper part of Figure 27) and a sample predicted "not to
downgrade" (lower part of Figure 27). The more positive (negative) the SHAP value, the larger the
contribution in the direction of raising (lowering) the downgrading probability. For example, the sample
with the real estate transaction sector predicted to downgrade (upper left of Figure 27) shows a
prediction result with a high probability of 0.693 while the average of the predictive values of all
samples is 0.077. The variables that contributed to the difference were land prices, company size, the
number of macro-real estate transactions, and borrowers’ interest expense. The strength of the SHAP
value is that it makes it possible to estimate which variables contributed to the prediction for each
sample. Therefore, it can be used in practice, for example, to check the results for a borrower with

large exposure or another borrower who needs intensive risk management.

be downgraded. Since an output of the models used is a probability value, in this analysis, the threshold was set at 0.6, i.e., samples with
predictive values of 0.6 or more were classified as downgraded, while samples with predictive values of less than 0.6 were classified as not
downgraded. Changing the threshold will change the results of each indicator.

Accuracy = (TP+TN) / (TP+FN+TN+FP), Precision = TP / (TP+FP), Recall = TP / (TP+FN)

20



Figure 27: SHAP values of four samples in test data (Top 4 variables)
(Top: samples predicted to downgrade, Bottom: samples predicted not to downgrade)

Real estate transaction sector
f(x4)=0693, Ex[f(X)]=0.077
0.168

Land price

Size

Number of transactions

Interest expense

Others 0.185

-0.07 0.03 0.13 0.23
fx,)=0.008. Ex[f(X)]=0.077

ROA -0.033

Stock price -0.026

Cash and deposit rati -0.018

Interest expense 0.013

Others -0.006
-0.07 0.03 0.13 0.23

Real estate leasing and management sector

f(x4)=0796, Ex[f(X)]=0.056

ROA 0.183
Stock price

Vacancy rate

Interest expense

Others 0.152

-0.03 0.07 0.17

f(x4)=0015, Ex[f(X)]=0.056

ROA -0.023
Size -0.013
Vacancy rate -0.012
Inventory DI 0.004
Others 0.003
-0.03 0.07 0.17

Figure 28 shows the average of the absolute value of SHAP values for all test data, which makes
it easier to understand the overall trend of this model. When comparing the real estate sector with all
industries, the absolute value of SHAP values of variables related to the real estate market, such as
the vacancy rate and the real-estate inventory DI, tend to be somewhat larger for the real estate sector.
Therefore, the real estate sector seems to be relatively more affected by the real estate market than
other industries. On the other hand, the ROA, the debt ratio, the interest expense, and the cash and
deposits ratio rank high in the real estate sector as well, suggesting that financial indicators of
individual borrowers have a larger impact on the prediction of a downgrading than variables related
to the real estate market.

However, as is the case for the sample in Figure 27, which has the number of macro real-estate
transactions as a large contribution to the forecast, the degree of contribution of each sample does
not necessarily match the overall trend. In the case of loans to SPCs, which are considered to have
a closer relationship with the real estate market conditions, variables related to real estate market
conditions are expected to have more contributions to the prediction. As such, the contribution of each
variable will vary depending on the characteristics of the borrowers. Since the dataset used in this

machine learning model is anonymized, it is difficult to verify at the individual sample level at this stage.
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However, when detailed data are accumulated in the future, a more detailed analysis may provide a
deeper understanding of the relationship between various variables and the future forecast by
verifying the performance of the model while checking individual factors specific to each sample, such

as the borrower’s business model and location.

Figure 28: Interpretation of overall test data based on SHAP values
(explanatory variables that largely contribute to predicted results)
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Finally, the relationship between the overall trend and the SHAP values of individual samples is
visualized as a scatter plot in Figure 29, which shows the density of plotted data as a heat map. It can
be seen from the upper part of Figure 29 that the impact of ROA, which is considered to have the
highest contribution to the overall trend, changes depending on whether ROA is positive or negative.
When ROA is positive, the SHAP value is negative, i.e., the ROA contributes to a decrease in the

probability of a downgrading. However, when ROA exceeds +0.1, the number of samples decreases
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and the distribution of SHAP values becomes almost flat, and a similar trend is observed in the reverse
direction (the SHAP values are distributed around -0.5 or + 1.5). In other words, when the absolute
value of ROA exceeds a certain level, the impact of ROA on the forecast decreases.

As for the debt ratio, the model is in line with intuition that when the ratio is in the range of 0 to
1, the debt ratio and the SHAP value have a positive proportional relationship, i.e., the higher the debt
ratio, the higher the probability of a downgrading. However, once the debt ratio exceeds 1, the
proportional relationship collapses (the lower part of Figure 29). Given the fact that borrowers with a
debt ratio over 1 are classified as “normal” at the beginning of the fiscal year, they may have unique
financial and business models. It is in general undesirable for these special samples to have an
excessive impact on the model construction, however, in this model, the impact of the special samples

seems to be limited given the distribution of SHAP values shown in Figure 29.

Figure 29: Scatter plot of SHAP values
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3. Conclusions and Discussion

As described above, the construction and interpretation of prediction models using machine learning
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confirmed the following: (1) the impact of real estate market conditions on the prediction of
downgrading probability may be larger in the real estate sector than in other sectors. (2) However,
financial indicators have larger contributions to predictions than real estate market conditions. (3)
When looking at individual cases, there are samples in which real estate market conditions make a
large contribution to predictions, indicating that focusing on individuality is also important.

However, it should be noted that there are likely to be many factors that cannot be captured by
this dataset, for example, trends in the real estate sector and real estate market conditions are usually
affected by structural and macro factors, such as population dynamics and trends in foreign investors,
as well as by micro factors, such as the decline in demand in certain areas due to redevelopment in
an adjacent area. In addition, since the learning was made based on the data for the past 20 years,
the performance of predictions may deteriorate when the situation changes from the past, such as

the situation under the interest rate hike period.
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Box 2: Explanation of the relationship between the downgrading and financial indicators
based on the logistics regression

A logistic regression analysis is a typical analytical method for a binary problem of estimating
whether or not an event occurs. It is often used in the field of credit risk as a tool to estimate
downgrading and defaults, since the assumption that an objective variable and explanatory
variables have a linear relationship enables the interpretation of the model by checking the sign and
significance level of the estimated coefficient. In the “FSA Analytical Notes (2023.6),” a logistic
regression model is also used to estimate the probability of borrowers’ default by using financial
indicators and macro variables as explanatory variables.

Given that the machine learning model in this analysis estimated that the SHAP values of
various financial indicators were relatively large, in order to deepen the understanding of the
relationship between financial indicators and the probability of a downgrading, a logistic regression
model is developed by using the same financial indicators from the same dataset. To avoid the
problem of collinearity or spurious correlation, which often occurs when developing regression
models with an excessive number of explanatory variables, four explanatory variables that had a
large average of absolute SHAP values (ROA, interest payment, debt ratio, and cash and deposits
ratio, as shown in Figure 28) are selected as the explanatory variables (and are standardized to
adjust the scale of variables), and other variables related to the macro economy and market
conditions are treated as dummy variables as time-fixed effects. The regression formula is as

follows:

2022
Di

4
logl_ ' =ﬁo+23k-2aimuk,i+ Z Py Year,; + €
pi k=1 t=2006

The results of the estimation are shown in Figure 30. All four financial indicators were
significant by 0.1% in both the real estate transaction sector and the real estate leasing and
management sector, indicating that there is a significant correlation with the probability of a
downgrading. The absolute value of the regression coefficient for standardized-ROA was the largest
in both the real estate transaction sector and the real estate leasing and management sector. This
is the same suggestion as that provided by the machine learning model in this analysis.

In the logistic regression analysis, the "direction" in which each explanatory variable affects
the objective can also be easily confirmed by looking at the sign of the estimated result. The results

show that a decrease in ROA, an increase in interest expense, an increase in debt ratio, and a
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decrease in the cash and deposits ratio contribute to an increase in the probability of a downgrading.

On the other hand, as shown in Figure 29, this dataset includes a certain number of samples
with extreme financial indicators, such as debt ratios far exceeding 1. Since the logistic regression
model assumes a linear combination of variables, there is a concern that, in case of the forecast
using such an extreme sample as an input, the result might be significantly influenced by the
extreme variable and become implausible.

As described above, logistic regression analysis is simple in structure and provides clear and
easy-to-interpret results, and thus it can be applied to a practical area, for example, sensitivity
analysis and stress testing. However, it should be carefully examined whether the structure is
consistent with the characteristics of the dataset. It is important to select models and variables
according to the actual situation and the way to use the model, while taking into account the

characteristics of such models.

Figure 30: Estimation results of regression coefficients in logistics regression models

Real estate leasing

Explanatory variables tranlzgiltigitzfaitor and management All industries
sector

ROA -0.481 *** -0.504 *** -0.545 ***
Interest expense 0.333 *** 0.356 *** 0.248 ***
Debt ratio 0.411 *** 0.387 *** 0.308 ***
Cash and deposit ratio -0.248 *** -0.266 *** -0.212 ***
pseudo-R2 0.099 0.069 0.081
"' indicates that the significance level is met at 0.1%.
No. of samples in total 179,905 186,060 4,083,539
No. of samples ranked down 14,438 10,730 366,204

IV. Wrap-up

In this paper, real estate loans by regional banks have been analyzed using detailed loan data
obtained from the newly established Common Data Platform. Although there has been no significant
change in the credit risk of real estate loans, the regional banks' loan portfolios are more likely to be
affected by real estate market conditions in the Tokyo metropolitan area because they extend loans

to areas other than their home regions, such as Tokyo. In addition, the real estate sector is more likely
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than other sectors to be adversely affected by a rise in borrowing interest rates.

In addition, the relationship between financial indicators, real estate market conditions, and
borrowers’ credit ratings has also been analyzed using machine learning and other techniques.
Although there is still room to improve the performance of the model, certain observations are found,
for example, (1) the real estate sector may be more susceptible to the real estate market conditions
than other sectors, and (2) financial indicators have a large contribution to the deterioration of credit
ratings for all sectors.

The FSA will continue to gather high-quality datasets to gain a detailed understanding of real
estate loans and conduct monitoring based on such data. The FSA will also improve its analytical
models and techniques to deepen the understanding of the relationship between real estate loans

and real estate market conditions, and enhance the monitoring capabilities using granular data.
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