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approaches. The main findings are threefold. First, the decomposition of the liquidity
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while the contributions of the share of non-clearing participants' transactions and the
share of the central bank's transactions and holdings have increased since around
2022. Second, some bond features affect the liquidity indicator non-linearly. For
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number of trading financial institutions, and the share of the central bank's holdings,
the liquidity indicator improves as the values of these bond features increase, but
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maturity, the historical volatility of benchmark prices, and the number of trading
counterparties per institution affect the liquidity indicator by strongly interacting
with other bond features.

Keywords: Market liquidity; Government bond markets; Bond features; Machine
learning approach
JEL classification: C59, G12

*Director, Institute for Monetary and Economic Studies, Bank of Japan (Email:
satoko.kojima@boj.or.jp)

**Director and Senior Economist, Institute for Monetary and Economic Studies, Bank of Japan
(Email: toshiyuki.sakiyama@boj.or.jp)

The authors would like to thank participants of 2025 BOJ-IMES Finance Workshop, CFE-
CM Statistics 2025, and QMF 2025, and the staff of the Bank of Japan for their useful comments.
All the remaining errors are our own. The views expressed in this paper are those of the authors
and do not necessarily reflect the official views of the Bank of Japan.



1. Introduction

The liquidity of government bond markets has attracted considerable attention amid
persistently high volatility in government bond yields worldwide. In 2020, government
bond yields experienced notable fluctuations globally, driven largely by the outbreak of
the COVID-19 pandemic. In the fall of 2022, UK government bond yields surged sharply
amid mounting concerns over fiscal conditions. Subsequently, there were several
instances of large yield movements, particularly in the US and Europe, as policy interest
rates were raised sharply. In contrast, Japan has experienced relatively moderate interest
rate volatility, as financial conditions have been accommodative under a prolonged low
interest rate environment. However, the Japanese government bond (JGB) market has yet
to be tested in an environment where the policy interest rate is significantly above zero

following this period of low rates.

At this juncture, understanding potential determinants of liquidity in the JGB market is
of critical importance for both market participants and policymakers. However, while the
number of studies of the determinants is increasing, studies that examine the determinants
using transaction-level granular data are limited. To fill this gap, this paper uses granular
data from the Bank of Japan Financial Network System (BOJ-NET) to construct a
liquidity indicator measured by price dispersion and a wide range of bond features as
potential determinants of liquidity for each individual JGB. It then employs machine
learning approaches such as Random Forest and SHAP, which can capture complex
relationships between a dependent variable and independent variables, to reveal which

bond features affect the liquidity indicator and how.

Our main findings are threefold. First, the decomposition of the liquidity indicator into
bond features reveals that the historical volatility of benchmark prices has been the main
driver of the liquidity indicator, while the contributions of the share of non-clearing
participants' transactions and the share of the central bank's transactions and holdings
have increased since around 2022. Second, some bond features affect the liquidity

indicator non-linearly. For bond features such as the share of foreign financial institutions'



transactions, the number of trading financial institutions, and the share of the central
bank's holdings, the liquidity indicator improves as the values of these bond features
increase, but deteriorates once they exceed certain thresholds. Third, bond features such
as maturity, the historical volatility of benchmark prices, and the number of trading
counterparties per institution affect the liquidity indicator by strongly interacting with

other bond features.

The primary advantage of utilizing the BOJ-NET data is that it encompasses granular
information on the name of the financial institution, the name of the counterparty financial
institution, the transaction volume, and the transaction price for each individual
settlement transaction, as well as information on the holding amount of each financial
institution for each individual JGB. This allows us to construct a diverse array of bond

features as well as a liquidity indicator for each individual JGB.

We then construct various bond features for individual JGBs based on prior research. For
example, O'Hara (1995) points out the importance of transaction volume, transaction size,
dealers' inventory holdings, and the proportion of informed market participants in
considering market liquidity. Gravelle (1999) analyzes the relationship between market
liquidity and the transaction volume of non-residents in the Canadian government bond
market. Galliani, Resti and, Petrella (2014) examine the relationships between market
liquidity and factors such as newly issued bonds, outstanding amount, and remaining
maturity in the European government bond markets. Fukuma et al. (2024) explore the
relationships between market liquidity and the central bank purchase amounts or holdings

in the JGB market.

Based on these prior studies, this study constructs the following bond features for each
individual JGB: (i) maturity, (i1) age, (ii1) the transaction volume to outstanding amount
ratio, (iv) the historical volatility of benchmark prices, (v) the share of foreign financial
institutions' transactions, (vi) the share of non-clearing participants' transactions, (vii) the
share of large-lot transactions, (viii) the share of the central bank's transactions, (ix) the

number of trading financial institutions, (x) the number of trading counterparties per



institution, (xi) the share of financial institutions' own-account holdings, and (xii) the
g

share of the central bank's holdings.

Regarding the liquidity indicator, there is no definitive measure of government bond
market liquidity, reflecting the multifaceted nature of liquidity. In this study, following
Jankowitsch, Nashikkar, and Subrahmanyam (2011), we construct a liquidity indicator
for individual JGBs, called price dispersion. Although price dispersion is just one measure
of liquidity, it is expected to reflect market conditions in more detail compared to other
liquidity indicators, such as those derived from the best quotes, as it is calculated from

actually executed transactions.

Which bond features are related to price dispersion and how they are related is unknown.
In addition, the relationships could be highly non-linear. To address these issues, we
employ machine learning approaches, which allow us to systematically assess potential
relationships between a diverse array of bond features and price dispersion, without
imposing assumptions. The approaches thus enable us to investigate potential complex

relationships between bond features and the liquidity indicator.

Among various machine learning models, this study employs Random Forest as the
selected machine learning model. Random Forest is widely recognized as one of the most
successful and most versatile models for capturing non-linear relationships in data, as
noted by Varin, Reid, and Firth (2011) and Mullainathan and Spiess (2017). Their
strengths notwithstanding, machine learning models, including Random Forest, are
frequently criticized for their black box nature and lack of interpretability. To address this
limitation, the field of eXplainable Al (XAI) has made substantial progress in recent years,
yielding the development of tools and techniques to enhance the interpretability of
machine learning models. This study utilizes widely adopted visualization tools,
including Partial Dependence Plot (PDP), SHapley Additive exPlanations (SHAP), and

Feature Interaction (FI), to interpret the results generated by Random Forest.

PDP visualizations reveal the presence of notable non-linear relationships between certain

bond features and price dispersion. We show that bond features such as the share of



foreign financial institutions' transactions, the number of trading financial institutions,
and the share of the central bank's holdings tend to improve price dispersion as their
values rise. Beyond specific thresholds, however, these relationships reverse, leading to
worsening price dispersion. In contrast, other bond features, including maturity, age, and
the transaction volume to outstanding amount ratio, exhibit monotonic relationships, with

price dispersion consistently worsening as the values of these bond features increase.

SHAP visualizations reveal that various bond features significantly influence price
dispersion. Key features include the historical volatility of benchmark prices, maturity,
and age. Further, the decomposition of price dispersion into bond features identifies the
historical volatility of benchmark prices as the most influential feature. Since around 2022,
however, the contributions of the share of non-clearing participants' transactions and the

share of the central bank's transactions and holdings have increased significantly.

Finally, FI visualizations reveal interactions among bond features and show that maturity,
the historical volatility of benchmark prices, and the number of trading counterparties per
institution in particular affect price dispersion by strongly interacting with other bond
features, underscoring the importance of accounting for such interactions when
conducting detailed analysis. For instance, when analyzing the decomposition of price
dispersion into bond features using SHAP or the relationships between bond features and
price dispersion using PDP, the interactions made by maturity, the historical volatility of
benchmark prices, and the number of trading counterparties per institution should be
carefully considered, such as by analyzing both the SHAP decomposition and the PDP

relationships by maturity.

These results indicate that various bond features are associated with the liquidity of the
JGB market, highlighting that the relationships are often complex and non-monotonic.
Therefore, to better understand the relationships between market liquidity and bond
features, it is useful to adopt machine learning approaches capable of capturing these

complex relationships among numerous variables.

Related Literature



This study is related to prior research in three respects. First, it is related to studies that
analyze liquidity in government bond markets using high-granularity data. These include
Galliani, Resti, and Petrella (2014) for the European government and corporate bond
markets; Pinter (2023) for the UK government bond market; Fleming (2023) for the US
government bond market; and Jankowitsch, Nashikkar, and Subrahmanyam (2011) for
the US corporate bond market. These studies analyze the relationships between liquidity
indicators and key bond features for individual bonds, such as maturity, outstanding
amount, and transaction volume. In addition, the role of the central bank's purchases of
government bonds in determining liquidity on an individual bond basis is studied by
Kandre and Schleshu (2013) for the US government bond market; Schlepper et al. (2020)
for the European government bond markets; and Finlay, Titkov, and Xiang (2023) for the
Australian government bond market. Regarding the JGB market, studies that focus on
individual bonds include Kakuma (2012) who examines the relationship between
maturity and a liquidity indicator, while Uno and Tobe (2021), Han and Seneviratne
(2018), and Fukuma et al. (2024) investigate relationships between the central bank's
purchases of JGBs and liquidity indicators. In this study, we focus on individual bonds in
the JGB market, construct a greater number of bond features than prior research, and

examine their relationship with a liquidity indicator using machine learning approaches.

Second, this paper contributes to the literature on liquidity indicators in government bond
markets, especially in the JGB market. BIS (1999) analyzes liquidity in government bond
markets in advanced economies, using indicators such as bid-ask spreads and turnover
ratios. Nishizaki, Tsuchikawa, and Yagi (2013) evaluate market liquidity from four
dimensions: volume, tightness, resiliency, and depth. Building on this, Kurosaki et al.
(2015) utilize high-granularity data from the JGB futures market to construct indicators
for each of the four dimensions. Sakiyama and Kobayashi (2018) construct indicators
pertaining to the four dimensions for the JGB cash market using high-granularity data on
inter-dealer transactions. Regarding studies that use high-granularity data, Kakuma
(2012) constructs an indicator called the best-worst quote spreads of dealer-to-client

transactions, but the data coverage is limited to only some dealer-to-client transactions.



Sakiyama and Yamada (2016) utilize high-granularity data from the BOJ-NET which
record almost all transactions, to construct transaction networks and develop network-
based indicators such as the number of trading financial institutions and the number of
links. Our focus in this study is primarily on transactions involving customers, and we

construct a liquidity indicator called price dispersion using high-granularity data from the

BOJ-NET.

Third, this paper is related to the literature on the application of machine learning
techniques in analyzing financial markets. Technological innovation and advances in
digitalization in recent years have accelerated the use of alternative data, resulting in the
increased application of machine learning techniques in finance (see Warin and Stojkov
[2021]; Nazareth and Ramana Reddy [2023]). Varin, Reid, and Firth (2011) and
Mullainathan and Spiess (2017) propose the use of machine learning models, such as
Least Absolute Shrinkage and Selection Operator, Support Vector Machines, Random
Forest, Neural Networks, and Deep Learning, to account for the complex relationships
that traditional linear models fail to capture amid the growing utilization of big data.
However, Varin, Reid, and Firth (2011) highlight a drawback of machine learning models,
noting that they are black box models, which makes interpreting their results challenging.
In this context, increasing attention has been given in recent years to tools and techniques
for interpreting results, collectively known as eXplainable Al (XAI). Visualization tools
that have been introduced include Permutation Feature Importance (PFI), Partial
Dependence Plot (PDP), Individual Conditional Explanation (ICE), SHapley Additive
exPlanations (SHAP), and Feature Interaction (FI) (see Arrieta et al. [2020]; Yeo et al.
[2025]; Inglis, Parnell, and Hurley [2024]). In the field of finance, Buckmann and Joseph
(2023) and Bluwstein et al. (2023) utilize machine learning models for their analysis and
employ XAl to interpret the obtained results. Furthermore, Luque Raya and Luque Raya
(2024) analyze relationships between government bond yields and market liquidity using
machine learning models. In this study, we analyze the relationships between bond
features and a liquidity indicator using Random Forest as a machine learning model, and

then present the interpretation of the results obtained, using visualization tools such as



PDP, FI, and SHAP.

The rest of the paper is organized as follows. Section 2 explains a wide range of bond
features and a liquidity indicator in the JGB market using data from the BOJ-NET, and
provides an overview of these indicators. Section 3 describes our machine learning-based
analytical approach, while Section 4 applies this approach in examining the relationships

between the bond features and liquidity indicator. Section 5 concludes the paper.

2. Data and Descriptive Analysis

This section explains the data used in this study and introduces a wide range of bond
features and a liquidity indicator. Section 2.1 provides an overview of the data. Sections
2.2 and 2.3 introduce and explain the bond features and liquidity indicator, respectively.

Section 2.4 provides a descriptive summary of the bond features and liquidity indicator.
2.1 Overview of the Data

Our data were collected through the BOJ-NET Funds Transfer System and BOJ-NET JGB
services, which the BOJ provides with the aim of settling funds and JGBs between the
BOJ and financial institutions efficiently and safely online. The data cover all
dematerialized JGBs (book-entry JGBs) and encompass detailed information on financial
institutions' JGB settlement transactions and their JGB holdings. The data contain detailed
information for each individual settlement transaction, including the name of the financial
institution, the name of the counterparty financial institution, the transaction volume, and
the transaction price, as well as information on the amount held by each financial
institution for each individual JGB. The sample period covers early October 2015 to the

end of September 2024.

Approximately 32,000 government bond settlement transactions are processed via the

BOJ-NET per day, representing approximately 131 trillion yen.! About 80% of the

' The BOJ publishes some settlement data, such as can be found in the following link:
https://www.boj.or.jp/en/statistics/set/kess/index.htm
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transactions are in the form of delivery-versus-payment (DVP) settlements.? In this study,
we use DVP settlements for our analysis while excluding settlement transactions
conducted through the Japan Securities Clearing Corporation (JSCC)—the central
counterparty for JGBs—and repurchase agreement (repo) transactions.’ Regarding
settlement transactions executed through the JSCC, transaction prices are determined at
the same price* for each individual JGB, which makes them difficult for use in analysis
from the perspective of price dispersion as a liquidity indicator. In addition, outright
transactions and repo transactions often exhibit price differences depending on the

presence of collateral; repo transactions are thus excluded from the scope of this study.
2.2 Bond Features

Leveraging our machine learning approach, we consider as many bond features that have
been explored in previous research as possible. As mentioned, we construct the following
twelve indicators for each individual JGB as bond features: (i) maturity, (ii) age, (iii) the
transaction volume to outstanding amount ratio, (iv) the historical volatility of benchmark
prices, (v) the share of foreign financial institutions' transactions, (vi) the share of non-
clearing participants' transactions, (vii) the share of large-lot transactions, (viii) the share
of the central bank's transactions, (ix) the number of trading financial institutions, (x) the
number of trading counterparties per institution, (xi) the share of financial institutions'
own-account holdings, and (xi1) the share of the central bank's holdings. In the following,

we discuss these bond features in turn.

Regarding (1) maturity, Kakuma (2012) analyzes the JGB market and reports that bonds
with shorter maturities tend to exhibit higher liquidity. Similarly, Jankowitsch, Nashikkar,

and Subrahmanyam (2011) analyze the US corporate bond market and also point out that

2 To mitigate settlement risk, a DVP mechanism has been implemented for JGB transactions, ensuring
that the delivery of a JGB occurs concurrently with the corresponding transfer of funds. The settlement
data for JGB transactions encompass not only outright transactions (i.e., the buying and selling of
bonds) but also repo and collateralized call transactions.

3 We detect repo transactions in the data by identifying reverse transactions involving the same JGB
and the same nominal amount within 100 days of the initial transaction.

4 This transaction price is referred to as the JGB base price and is published by the Japan Exchange
Group.



bonds with shorter maturities tend to have higher liquidity.

Regarding (i) age, it is defined as the time that has passed since issuance divided by the
original maturity, so that age is normalized between 0 and 1. Galliani, Resti, and Petrella
(2014) analyze the European bond markets and report that newly issued bonds tend to
exhibit higher liquidity. Similarly, Uno and Tobe (2021) examine the JGB market and also
find a tendency for higher liquidity in newly issued bonds. Jankowitsch, Nashikkar, and
Subrahmanyam (2011) also report that US corporate bonds with a shorter time since

issuance tend to show higher liquidity.

Regarding (iii) the transaction volume to outstanding amount ratio, it is calculated on a
monthly basis for each individual JGB by dividing the daily transaction volume by its
outstanding amount. Jankowitsch, Nashikkar, and Subrahmanyam (2011), who focus on
the US corporate bond market, report that bonds with larger transaction volumes tend to
exhibit higher liquidity. On the other hand, Fleming (2003) reports a negative correlation
coefficient between transaction volume and liquidity indicators in the US government
bond market. In this regard, the theoretical literature has highlighted mechanisms that
explain both positive and negative relationships between transaction volume and market
liquidity. The positive correlation arises from a mechanism in which increased trading
activity by uninformed market participants reduces the risk of losses for dealers during
trading, thereby supporting the dealers' market-making function and improving liquidity
(see O'Hara [1995]; Kyle [1985]; Glosten and Milgrom [1985]). On the other hand, the
negative correlation arises from new market information that creates variations in market
participants' expectations of future prices and boosts transaction volumes due to the

differing expectations among participants (see Clark [1973]; Tauchen and Pitts [1983]).

Regarding (iv) the historical volatility of benchmark prices, it is calculated on a monthly
basis for each individual JGB as the standard deviation of benchmark prices, where
benchmark prices refer to the JGB base prices published daily by the Japan Exchange
Group. It is widely recognized that volatility is closely tied to liquidity indicators. Duffie

et al. (2023) report a strong positive correlation between the principal components of



various liquidity indicators and volatility in the US government bond market. Duffie et
al. (2023) and O'Hara (1995) further highlight that higher volatility heightens the risks
associated with inventory holding, compelling dealers to incorporate these risks into

transaction prices, which results in a decline in liquidity.

Regarding (v) the share of foreign financial institutions' transactions, it represents the
proportion of transactions conducted by foreign financial institutions, excluding all
transactions by the central bank. Markets with participants who have diverse trading
strategies and different perspectives on interest rates generally tend to exhibit higher
liquidity, as transactions are less likely to be skewed in one direction. BIS (1999)
highlights a mechanism in which one-sided trading raises the costs associated with market
making, prompting dealers to transfer these costs to transaction prices, which ultimately
leads to a deterioration in liquidity. Supporting this, Gravelle (1999) finds that non-
resident participation boosts transaction volumes in the Canadian government bond

market.

Regarding (vi) the share of non-clearing financial institutions' transactions, it represents
the proportion of transactions conducted by non-clearing participants, excluding all
transactions by the central bank. Non-clearing participants are generally considered to be
less informed compared to clearing participants. Theoretically, there are mechanisms
explaining both positive and negative relationships between the activity of uninformed
market participants and market liquidity. On one hand, a positive relationship can be
observed when increased trading activity by uninformed market participants reduces the
risk of trading losses for dealers (see O'Hara [1995]; Kyle [1985]; Glosten and Milgrom
[1985]). On the other hand, a negative relationship can be observed when uninformed
market participants, acting as noise traders disconnected from market fundamentals, lead
rational market participants to hesitate in executing arbitrage transactions, thereby giving

rise to persistent price deviations (see De Long et al. [1990]).

Regarding (vii) the share of large-lot transactions, it represents the proportion of

transactions with a size of 5 billion yen or more, excluding all transactions by the central
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bank. O'Hara (1995) highlights that an increase in large-sized transactions raises the costs
of market making, prompting dealers to transfer these costs to transaction prices, thereby
causing a deterioration in liquidity. In contrast, Pinter (2023), analyzing the UK
government bond market at the time of the sharp rise in interest rates in the fall of 2022,
reports that transaction costs notably increased for small-sized transactions and those
involving smaller dealers. Kakuma (2012) finds no significant differences in liquidity

based on transaction size in the JGB market.

Regarding (viii) the share of the central bank's transactions and (xii) holdings, the
empirical literature provides inconclusive results on the relationship between central bank
government bond purchases and market liquidity. Focusing on the JGB market, Uno and
Tobe (2021) find that bonds to be purchased by the central bank generally tend to exhibit
higher liquidity. Fukuma et al. (2024) identify a non-linear relationship between the
central bank's holding ratio and liquidity, reporting that bonds with substantially high
central bank holdings tend to exhibit lower liquidity. Focusing on the US government
bond market, Kandrac and Schlusche (2013) find no evidence that central bank purchases
of government bonds negatively impacted liquidity. In contrast, Schlepper et al. (2020)
argue that purchases of government bonds by the European Central Bank adversely
affected liquidity. Similarly, Finlay et al. (2023), focusing on the Australian government
bond market under the central bank's yield target policy, report that central bank purchases

of government bonds resulted in a deterioration in liquidity.

Regarding (ix) the number of trading financial institutions and (x) the number of trading
counterparties per institution, the former refers to the number of financial institutions that
engage in transactions in a given month, while the latter represents the average number
of counterparties with whom each financial institution engages in transactions in a given
month. Theoretically, there are several mechanisms that explain the positive relationship
between the number of financial institutions participating in transactions and market
liquidity. Duffie, Garleanu, and Pedersen (2005) and Vayanos and Wang (2007) study a
mechanism in which an increase in the number of participating financial institutions

reduces search costs incurred by dealers when finding appropriate counterparties or the
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best transaction prices, thereby improving liquidity. Coen and Coen (2022) highlight that
lower search costs help alleviate dealers' concerns about inventory holding, enhancing
their market-making function and further boosting liquidity. On the other hand, when the
number of uninformed market participants increases, a different mechanism may arise in
which rational market participants refrain from engaging in arbitrage transactions,

allowing price deviations to persist.

Regarding (xi) the share of financial institutions' own-account holdings, it is calculated
as the ratio of the institutions' holdings for their own accounts to the total outstanding
amount for each individual JGB, excluding the central bank's holdings. Focusing on the
US government bond market, Fleming (2003) and Fleming, Nguyen, and Rosenberg
(2024) report that dealer inventory holdings support their market-making function, thus
improving liquidity. Conversely, Duffie et al. (2023) find that excessive dealer inventory
holdings can negatively affect market liquidity, as dealers pass on the risks associated

with inventory holding to transaction prices.
2.3 Price Dispersion as a Liquidity Indicator

Various liquidity indicators have been proposed both in the literature and in practice.’ In
this study, following Jankowitsch, Nashikkar, and Subrahmanyam (2011), we adopt price
dispersion as a liquidity indicator for the JGB market. The liquidity indicator is
constructed for each individual JGB by calculating the daily differences of transaction
prices from the benchmark price published by the Japan Exchange Group. Our liquidity
indicator is then calculated as the one-month standard deviation of these differences in

transaction prices.

A government bond with low price dispersion is considered to have high liquidity, in the
sense that it can be traded at the intended price without price fluctuations, even in the
course of substantial transactions. One advantage of price dispersion as a liquidity

indicator is that it is constructed from actually executed trades, so that it is considered to

5> The BOJ publishes some indicators relevant to the JGB market, such as can be found in the following
link: https://www.boj.or.jp/en/paym/bond/index.htm#p02
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reflect market conditions more accurately than bid-ask spreads derived from the best
quotes, which are often used as a liquidity indicator in the literature. © These
considerations informed the use of price dispersion as the primary indicator of market

liquidity in this study.’
2.4 Descriptive Statistics

Before studying the relationships between the liquidity indicator and the bond features
introduced above, their basic statistics are provided. Table 1 shows the mean, standard
deviation, and percentiles for all monthly indicators from October 2015 to September

2024. Here, several observations are in order.

Regarding the liquidity indicator, its mean is 34.2 JPY cents, with the 10th percentile at
1.0 JPY cents and the 90th percentile at 81.3 JPY cents.®

Regarding bond features, (i) maturity and (ii) age are in the ranges of 1.1-25.7 years with
a median of 8.6 years, and 0.10-0.85 with a median of 0.46, respectively. The median

maturity is relatively long and the median age is around half of the maturity.

Regarding (ii1) the transaction volume to outstanding amount ratio, it has a mean value of
0.30%, with the 10th percentile at 0.02% and the 90th percentile at 0.61%. On average,
the daily transaction volume across all JGBs accounts for approximately 0.3% of the
outstanding amount. Considering that there are around 250 trading days in a year, this
suggests that the annual transaction volume is approximately 75% of the outstanding
amount. Regarding (iv) the historical volatility of benchmark prices, the values range
from 1.0 JPY cent at the 10th percentile to 78.2 JPY cents at the 90th percentile, with an

average of 31.4 JPY cents. This feature clearly shows large variations relative to its mean.

® For example, in the context of the JGB market, Uno and Tobe (2021) and Fukuma et al. (2024)
analyze bid-ask spreads among dealers.

7 Price dispersion has been used as an indicator for market liquidity in various studies, including
Friewald, Jankowitsch, and Subrahmanyam (2012) and Schestag, Schuster, and Uhrig-Homburg
(2016).

8 Jankowitsch, Nashikkar, and Subrahmanyam (2011) measure price dispersion in the US corporate
bond market, and point out that the average from October 2004 to October 2006 is approximately 50
bps.
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Regarding (v) the share of foreign financial institutions' transactions, it has a mean value
of 29.8%, with a range between 1.8% at the 10th percentile and 68.4% at the 90th
percentile. On average, across all JGBs, this suggests that foreign financial institutions
participating as buyers or sellers account for approximately 30% of transaction volumes,
excluding transactions conducted by the central bank. Additionally, for certain JGBs, the
share of transactions involving foreign institutions can reach up to 70%. Regarding (vi)
the share of non-clearing participants' transactions, it has a mean value of 13.4%, with a
range between 0.1% at the 10th percentile and 38.9% at the 90th percentile. On average,
across all JGBs, non-clearing participants involved as buyers or sellers account for
approximately 15% of transaction volumes, excluding transactions conducted by the
central bank. Furthermore, transactions for certain JGBs involve no non-clearing

participants, as only clearing participants are engaged in the transactions.

Regarding (vii) the share of large-lot transactions, it shows a median value of 0%, with a
range from 0% at the 10th percentile to 28.3% at the 90th percentile. This suggests that
more than half of JGBs have no transactions exceeding 5 billion yen per trade when
excluding transactions conducted by the central bank. Regarding (viii) the share of the
central bank's transactions, it has a median value of 0%, ranging from 0% at the 10th
percentile to 33.4% at the 90th percentile. This suggests that the central bank conducts no
transactions for more than half of JGBs on a monthly basis. For certain JGBs, however,
the central bank accounts for approximately a third of the total monthly transaction

volume.

Continuing with bond features, (ix) the number of trading financial institutions and (x)
the number of trading counterparties per institution range from 11 to 28, with a median
of 20, and from 1.6 to 4.2, with a median of 2.6, respectively. This suggests that, on
average, across all JGBs, approximately 20 financial institutions participate in
transactions at least once per month, with each financial institution trading with 2 to 3

counterparties.

Regarding (xi) the share of financial institutions' own-account holdings and (xii) the share

14



of the central bank's holdings, the ranges are 14.5-45.2%, with a mean of 27.6%, and
12.2-76.6%, with a mean of 41.0%, respectively. This indicates that, on average, across
all JGBs, the central bank holds approximately 40% of the outstanding amount, while
financial institutions, excluding the central bank's holdings, hold approximately 30% of

the outstanding amount for their own accounts.

3. Empirical Approach

With the bond features and liquidity indicator laid out, in this section, we present our
empirical approach to uncovering potential relationships between them. Specifically, we
use a machine learning model called Random Forest and then apply model explainability
techniques to the results, such as PDP, FI, and SHAP, to visualize which the bond features

affect the liquidity indicator and how.
3.1 Machine Learning Model

The primary benefit of employing machine learning models is their ability to
systematically assess relationships between a dependent variable and independent
variables, without ruling out the possibility that these relationships are non-linear or the
possibility that independent variables are interrelated. Another benefit is their capacity to

allow for the concurrent use of numerous independent variables.

We employ Random Forest, a machine learning algorithm composed of multiple decision
trees.” In our case, each decision tree generates a predicted value of the liquidity indicator
for a given data point of the bond features. The average of predicted values across all
decision trees is our prediction of the liquidity indicator for a given data point of the bond
features. In constructing each decision tree, data are randomly sampled from our dataset,
and the sampled data are split into two groups iteratively to make the predicted value of
the liquidity indicator. Random Forest mitigates the overfitting problem, a common issue

with decision trees, by constructing multiple decision trees randomly.

% See, for example, Breiman (2001) for the details of Random Forest.

15



Random Forest is among the most frequently used machine learning models. For instance,
in a large-scale empirical study comparing 179 algorithms, Fernandez-Delgado et al.
(2014) identify Random Forest as the best family of classifiers. One reason for its
popularity is that, unlike many other machine learning models, Random Forest achieves
high accuracy without requiring the tuning of numerous complex hyperparameters (see
Hastie, Tibshirani, and Friedman [2009]). Random Forest also offers a computational
advantage: The training process can be parallelized since each decision tree is constructed
independently, allowing for efficient learning even with large-scale datasets (see Liaw
and Wiener [2002]). Furthermore, a distinct feature of Random Forest is its ability to
evaluate model accuracy by utilizing data not selected during sampling, without preparing

a separate validation dataset (see Breiman [2001]).
3.2 Model Explainability Techniques

Machine learning models often exhibit complexity and produce outputs that are difficult
to interpret. To address this issue, we employ model explainability techniques such as

PDP, FI, and SHAP, which are explained below.
3.2.1 PDP

PDP is a method, introduced by Friedman (2001), that visualizes the relationship between
the j-th feature X; and the predicted value of Y. In our case, for example, PDP generates
a liquidity indicator as a function of a bond feature, such as maturity. Let ¥ = ML(X)
denote a machine learning model that predicts Y by using an input X = {X j}§=1- In our
case, we have | = 12 bond features. For notational simplicity, let X_; define a set of
input variables except for X; such that X = {X;, X_;}. The PD function, PD(X;), can

be mathematically expressed as follows:
L
PD(X;) = 7 z ML(X;, X™
m=1

where m =1,...,M denotes the m-th data point of X = {Xj}jzl. The PD(Xj)

function is given by the average of a variable predicted from the machine learning model
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ML over all other features except for X;. Using this PD function, we can obtain a
simplified representation of how a specific bond feature influences the liquidity indicator.
However, it should be noted that PD(X;) captures the average effect of X; on the
predicted variable. If the feature X; is independent of the other features, PD(X;)
captures the exact effect of X, but otherwise, the effect of X; depends on the values of

other features.
3.2.2 FI

FI in machine learning models refers to the effect of the combination of two or more
features on the predicted variable. In regression analysis, introducing the product of two
explanatory variables is a commonly used method of capturing interactive effects.
Following the methodology of Friedman and Popescu (2008), we measure and visualize

the strength of feature interactions among bond features.

The strength of feature interactions of X;, denoted by H 2 can be calculated as follows.

J

First, given a single data point of X = {X;};_,, the feature interaction function FI; X)

for X f is calculated as follows:
1< 1<
FL(X) = ML(X) — 7 Z ML(X;, X™) — 7 Z ML(X"X_;).
m=1 m=1

If X; is independent of the other features, the right-hand side of the above equation is
zero so that FI;(X) = 0.If X; shows some degree of interaction with the other features,

FI;(X) becomes non-zero. Based on this property, sz is derived as follows:

M M
H? = z [FLm™] / Z [ML(X™)]2.

Thus, sz captures how large the deviation is on average from the independence
assumption for X; in predicting a dependent variable. It is worth noting that sz pertains

to the size of interactions, so it does not provide information about the direction of the
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effect of X; on the predicted variable.'”
3.2.3 SHAP

Following Buckmann and Joseph (2023), who propose utilizing SHAP as an XAl
technique to address the issue of interpretability, we use SHAP to quantify and visualize
the contribution of each bond feature to the liquidity indicator. In SHAP, the predicted
value Y™ for a data point (Y™, X™) is decomposed into the average of all predicted
values, ¥ = (1/M)Y¥M_, ML(X™), and the contributions of each feature, @j", as

follows:
]
Y™ =ML(X™) = 7+z<p}”.
j=1

The contribution ¢}" is referred to as the SHAP value of X; for the data point
(Y™, X™). For instance, if the SHAP value for maturity of the 10-year JGB #360 in March
2024 is 10 JPY cents, and the SHAP value for the share of the central bank's transactions
is 5 JPY cents, this indicates that maturity plays a more significant role in explaining the
predicted liquidity indicator. In our analysis, we conduct similar calculations for all JGBs

and across all time points.

The SHAP value (pJ’-" 1s calculated as the change in the predicted value resulting from
the inclusion of X;. Let S denote a subset of feature indexes. In our case, S <
{1,2, ...,/}. Define v,,(S) = ML({ij}) with j € S as the predicted value based on the
features in S. Features not included in § are averaged over all data points. To determine

@], a change in the predicted value when X; is added as follows:

U (S U J) = v (S).

For example, if ] = 4,j = 3,5 = {1,2}, the value above can be calculated as follows:

10 To analyze feature interactions in greater detail, other methods are often used, such as 2D PDP and
SHAP interaction values. See, for example, Molnar (2025) for details.

18



M M
1 . 1 o
vn((1,23) = v ({1,2) = 2 > ML(X, XE, XE X) = 2 ML(XT, XP, X4, X3).
i=1 =1

By performing this calculation for all possible combinations of S, ¢;" can ultimately be

expressed as follows:

1
oF =5 D ISIU =181 = DI Em(S UJ) = vm(S)]
SE{1,-J0\U}

where |S| represents the number of elements in S.

4. Empirical Results

This section presents the main results of our empirical analysis. As explained in the
previous section, we employed Random Forest to investigate potential relationships
between various bond features and the liquidity indicator. The empirical results are
presented by using PDP, FI, and SHAP to elucidate the intricate patterns of these
relationships and provide interpretable insights. SHAP-based time-series decomposition

of the liquidity indicator is also presented.

Before presenting the results, the fitting accuracy of Random Forest is evaluated. The
Root Mean Squared Error (RMSE)'! is 35 JPY cents, the Mean Absolute Error (MAE)!?
is 13 JPY cents, and the R-squared (R?)!? is about 0.6. For reference, the panel analysis
that includes entity fixed effects and time fixed effects yields the RMSE of 48 JPY cents,
the MAE of 19 JPY cents, and the R? of about 0.3. These values indicate that our machine

learning model shows a relatively high fitting accuracy.'*

' The RMSE is defined as: ¥M_,(Y™ — Y™)2 /M.

12 The MAE is defined as: TM_,|Y™ — ¥™| /M.

13 The R%is definedas: 1 —YM_ (Y™ —Y™)2/¥M_ (Y™ —7)2.

14 In Random Forest, data not selected during the sampling process using the bootstrap method can
be used to evaluate the fitting accuracy of unseen data, without the need for separate test data. This
unselected data is known as Out-of-Bag (OOB) data, and the R? calculated using such OOB data is
approximately 0.4.
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4.1 PDP

We use PDP to quantify how changes in a single bond feature affect the liquidity indicator
predicted from our machine learning model. Figure 1 presents the results of our PDP
analysis for all bond features. The figure indicates several notable patterns between bond

features and the predicted liquidity indicator.

Regarding (i) maturity, the liquidity indicator, measured by price dispersion, is increasing
in maturity, as shown in Figure 1(i), implying that bonds with longer maturities have
lower liquidity. This observation aligns with the findings of Kakuma (2012) and
Jankowitsch, Nashikkar, and Subrahmanyam (2011). In addition, two break points are
observed, where the liquidity indicator significantly increases when maturity exceeds 5

years and 15 years.

Regarding (ii) age, the liquidity indicator remains flat when age is below around 0.5,
implying that liquidity is unchanged for bonds whose time since issuance is less than half
of their original maturities (Figure 1(i1)). However, the liquidity indicator increases as age
approaches 1, indicating that liquidity declines as bonds approach redemption. Despite
differences in terms of non-linearity, this finding is broadly consistent with the results of
Galliani, Resti, and Petrella (2014), Uno and Tobe (2021), and Jankowitsch, Nashikkar,
and Subrahmanyam (2011), who all report higher liquidity for newly issued bonds.

Regarding (ii1) the transaction volume to outstanding amount ratio, the liquidity indicator
tends to rise for bonds with larger transaction volumes (Figure 1(iii))—that is, liquidity
tends to deteriorate for such bonds. This result is consistent with Fleming (2003), who
finds a negative relationship between transaction volume and liquidity in the US
government bond market. In contrast, analyzing the US corporate bond market,
Jankowitsch, Nashikkar, and Subrahmanyam (2011) report that bonds with higher

transaction volumes tend to exhibit better liquidity.

Regarding (iv) the historical volatility of benchmark prices, the liquidity indicator tends
to rise for bonds with larger fluctuations in benchmark prices (Figure 1(iv)). This result

is consistent with Duffie et al. (2023), who analyze the US government bond market and

20



report a positive relationship between the principal components of multiple liquidity

indicators and volatility.

Regarding (v) the share of foreign financial institutions' transactions, the liquidity
indicator decreases as the share increases up to approximately 30%. Beyond that point,
however, the liquidity indicator begins to rise, suggesting a non-linear U-shape
relationship (Figure 1(v)). This pattern appears to align with previous studies that suggest
that markets with diverse participants adopting various trading strategies tend to exhibit
higher liquidity. For instance, Gravelle (1999) reports that the participation of non-

residents contributes to enhancing liquidity in the Canadian government bond market.

Regarding (vi) the share of non-clearing participants' transactions, a positive relationship
with the liquidity indicator is observed (Figure 1(vi)). This may be attributed to the fact
that such participants are generally considered to possess relatively less information, and
an increase in transactions by noise traders may lead other market participants to hesitate
to engage in arbitrage transactions, resulting in a persistent decline in liquidity (see De

Long et al. [1990]).

Regarding (vii) the share of large-lot transactions, no significant differences in the
liquidity indicator are observed (Figure 1(vii)). This finding aligns with Kakuma (2012)
with regard to the JGB market. In contrast, analyzing the UK government bond market
during the sharp interest rate hikes in the fall of 2022, Pinter (2023) finds that transaction

costs rose significantly for small-sized transactions and those involving smaller dealers.

Regarding (viii) the share of the central bank's transactions, no significant differences in
the liquidity indicator are observed (Figure 1(viii)). In addition, regarding (xii) the share
of the central bank's holdings, a non-linear U-shape relationship is observed. Specifically,
an increase in the share up to 25% tends to lower the liquidity indicator. When the share
exceeds 50%, however, further increases tend to raise the liquidity indicator (Figure
1(xi1)). The empirical literature finds mixed results on the relationship between central
bank purchases of government bonds and market liquidity. Kandrac and Schlusche (2013)

report no evidence that central bank bond purchases reduced liquidity in the US
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government bond market. Fukuma et al. (2024), in line with our study, reveal a non-linear
relationship between the central bank's holding ratios and market liquidity, reporting that

bonds with substantially high central bank holding ratios tend to exhibit lower liquidity.

Regarding (ix) the number of trading financial institutions and (x) the number of trading
counterparties per institution, both exhibit a non-linear U-shaped relationship with the
liquidity indicator (Figures 1(ix) and (x)). The liquidity indicator initially decreases as
these numbers increase but begins to rise once they exceed a certain threshold. These
results are consistent with Coen and Coen (2022) who highlight that an increase in the
number of financial institutions participating in transactions reduces search costs for
dealers, thereby facilitating market making and improving liquidity; however, when the
number of uninformed market participants rises significantly, a deterioration in liquidity

may persist, potentially offsetting liquidity improvements.

Regarding (xi) the share of financial institutions' own-account holdings, there is a
tendency for the liquidity indicator to decrease as the share increases up to 20% (Figure
1(x1)). This result suggests that financial institutions holding an appropriate amount of
inventory help to enhance the market-making function, as noted by Fleming (2003) and
Fleming, Nguyen, and Rosenberg (2024). Conversely, Duffie et al. (2023) identify a
mechanism whereby excessive increases in financial institutions' holdings could reduce
their willingness to engage in market-making activities, due to the heightened inventory
costs and regulatory burdens, thereby disrupting smooth transactions. It is worth noting
that our dataset does not appear to include any instances of excessive increases in
financial institutions' holdings of JGBs, so the mechanism proposed by Duffie et al.

(2023) would not apply to our results.
4.2 FI

Figure 2 shows the strength of feature interactions, measured by sz, for each bond
feature. Bond features exhibiting relatively strong feature interactions are maturity, the
historical volatility of benchmark prices, the number of trading counterparties per

institution, and age. This result suggests that the relationships between bond features and
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the predicted liquidity indicator could vary significantly depending on the values of these

bond features with relatively strong interactions.

In addition, to analyze the feature interactions in greater detail, we applied two-
dimensional PDP to our machine learning model. Since the share of the central bank's
holdings shows a large variation in our dataset, we examine the relationship between the
share of such holdings and the predicted liquidity indicator (Figure 3). The analysis
focuses on bond features with relatively strong interactions, such as maturity and the
number of trading counterparties per institution, as well as bond features with weaker

interactions, such as the share of non-clearing participants' transactions.

Regarding the interaction of non-clearing participants' transactions, the PDP for the share
of the central bank's holdings appears primarily to undergo a parallel shift in response to
variations in the level of the share of such transactions, with its overall shape remaining
largely unaffected (Figure 3(iii)). This result implies no significant degree of interactions
between the share of non-clearing participants' transactions and the share of the central

bank's holdings.

Next, an examination of maturity reveals distinct patterns (Figure 3(i)). For bonds with
shorter maturities, the liquidity indicator remains stable even as the share of the central
bank's holdings increases significantly. In contrast, for bonds with longer maturities, a
reduction in the share of the central bank's holdings results in a pronounced increase in
the liquidity indicator, suggesting a deterioration in liquidity. Furthermore, an analysis of
the number of trading counterparties per institution demonstrates that bonds with fewer
counterparties exhibit a notable rise in the liquidity indicator as the share of the central
bank's holdings increases (Figure 3(i1)). These results suggest that maturity and the
number of trading counterparties per institution have strong interactions with the share of

the central bank's holdings.
4.3 SHAP-Based Feature Importance

Figure 4 displays the average absolute SHAP values for all bond features. Among these,

the historical volatility of benchmark prices, maturity, and age are identified as the three
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most important bond features in predicting the liquidity indicator. The SHAP values are
approximately 15 JPY cents for the historical volatility of benchmark prices, 12—-13 JPY
cents for maturity, and 5 JPY cents for age. Interestingly, these three bond features also
align with the features exhibiting a high degree of feature interactions. Moreover, while
maturity demonstrates the strongest interaction with other bond features, the historical
volatility of benchmark prices holds the highest SHAP value. This finding suggests that,
although maturity acts as the most significant facilitator of the effects of other bond
features on the liquidity indicator, the historical volatility of benchmark prices has the

largest direct and indirect impact on the indicator.

The remaining bond features have SHAP values of less than 5 JPY cents. Among these,
bond features with relatively high SHAP values, ranging from 2 to 4 JPY cents, include
the number of trading counterparties per institution, the transaction volume to outstanding
amount ratio, the share of financial institutions' own-account holdings, the share of the
central bank's holdings, and the share of non-clearing participants' transactions. Although
the individual SHAP values of these five bond features are relatively small, their
combined SHAP values are comparable to that of the historical volatility of benchmark
prices, the bond feature with the highest SHAP value. Therefore, these five bond features

also play an important role in explaining the liquidity indicator.
4.4 Time-Series Decomposition Using SHAP

The time-series developments in the predicted liquidity indicator can be decomposed into
the contributions from various bond features using SHAP values. Given the substantial
number of bond features included in our analysis, they are grouped into five categories
for the simplicity of visualization: (i) maturity and age, (ii) the historical volatility of
benchmark prices, (iii) the share of non-clearing participants' transactions and related
features (the share of non-clearing participants' transactions, the share of foreign financial
institutions' transactions, the share of large-lot transactions, and the transaction volume to
outstanding amount ratio), (iv) the shares of central bank's transactions and holdings, and

(v) other features (the number of trading financial institutions, the number of trading
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counterparties per institution, and the share of financial institutions' own-account

holdings).

Figure 5 shows the time-series decomposition of the predicted liquidity indicator into the
five categories of bond features from January 2016 to September 2024, based on all
JGBs.!® Until around the end of 2021, the historical volatility of benchmark prices
accounts for the bulk of variation in the liquidity indicator, during which overall
fluctuations in the liquidity indicator remain small. From 2022, however, the liquidity
indicator increases, and its movement is influenced not only by the historical volatility of
benchmark prices but also by various bond features such as maturity and age, the share
of non-clearing participants' transactions and related features, the share of the central

bank's transactions and holdings, and other features.!'®

Figure 6 presents the same time-series decomposition by maturity range: medium-term
(1-5 years), long-term (5-10 years), and ultra-long-term (10—40 years). As might be
expected from the previous PDP analysis (Figure 1(i)), there is a relatively large range for
the liquidity indicator in the ultra-long-term range. From 2022, the liquidity indicator
increases across all maturity ranges, especially for long-term and ultra-long-term JGBs,
with the historical volatility of benchmark prices, maturity and age, and the share of non-
clearing participants' transactions and related features contributing to the upward
movements. In addition, for ultra-long-term JGBs, while the historical volatility of
benchmark prices contributes to a decrease in the liquidity indicator from 2017 to 2021,

it contributes to an increase in the liquidity indicator from 2022.

5. Conclusion

15 The contribution decomposition, on an all JGBs basis, is constructed by aggregating the
decomposition result for individual JGBs, weighted by their respective transaction volumes.

16 This study assumes that the effects of macroeconomic conditions are captured by the historical
volatility of benchmark prices. When additional macro-related features are included, such as JGB
futures prices or the call rate, the influence of the historical volatility of benchmark prices declines.
However, the main finding of this study—that price dispersion has a complex relationship to a wide
range of bond features—remains unchanged.
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This study utilized high-granularity data from the BOJ-NET for JGBs since 2016 to
construct a diverse array of bond features and a market liquidity indicator, referred to as
price dispersion, for each individual JGB. We then investigated potential relationships
between these bond features and the liquidity indicator by employing machine learning

approaches, including Random Forest and SHAP.

The analysis reveals three key points. First, the decomposition of the liquidity indicator
into bond features reveals that the historical volatility of benchmark prices has been the
main driver of the liquidity indicator, while the contributions of the share of non-clearing
participants' transactions and the share of the central bank's transactions and holdings
have increased since around 2022. Second, some bond features affect the liquidity
indicator non-linearly. For bond features such as the share of foreign financial institutions'
transactions, the number of trading financial institutions, and the share of the central
bank's holdings, the liquidity indicator improves as the values of these bond features
increase, but deteriorates once they exceed certain thresholds. Third, bond features such
as maturity, the historical volatility of benchmark prices, and the number of trading
counterparties per institution affect the liquidity indicator by strongly interacting with

other bond features.

Finally, we would like to mention a few caveats about our analysis. First, as noted in the
main text, we focus on data on outright transactions of JGBs, excluding data on repo
transactions. Data on transactions cleared through the JSCC are also excluded. Analyzing
these data would be a next step toward a comprehensive understanding of liquidity in the
JGB market. Second, our analysis is based on a dataset from October 2015 to September
2024, a period when interest rates in Japan were low. Although most of our results are
consistent with previous studies, some of our results might change in a significantly
positive interest rate environment. Third, the machine learning approaches used in this
study capture correlational relationships but not necessarily causal relationships between
the liquidity indicator and bond features. With these caveats in mind, our hope is that our
analysis will be useful for understanding and monitoring liquidity in government bond

markets.
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Table 1 Descriptive statistics

Qo0 Qoos Qo0 Qo5 Qo900 Mean  Std. dev.
Price dispersion (JPY cents) 1.0 4.1 17.7 44.2 81.3 342 58.9
ored] ciatiniegsile sl () Maturity (years) 1.1 3.2 8.6 16.3 25.7 10.9 9.2
i) Age 0.10 0.23 0.46 0.67 0.85 0.46 0.27
Trading activity variables (i) Transaction volume to outstanding amount ratio (%) 0.02 0.05 0.13 0.30 0.61 0.30 0.70
(iv) Historical volatility of benchmark prices (JPY cents) 1.0 4.2 17.8 42.4 78.2 314 41.1
(v) Shate of foreign Fls' transactions (%) 1.8 7.7 23.5 473 68.4 29.8 25.5
(vi) Share of non-cleating participants' transactions (%) 0.1 0.7 5.4 19.7 38.9 13.4 18.0
(vii) Share of large-lot transactions (%) 0.0 0.0 0.0 12.2 28.3 9.0 15.6
(viif) Share of CB's transactions (%) 0.0 0.0 0.0 10.6 33.4 9.5 17.9
(x) Number of trading FIs 11.0 15.0 20.0 24.0 28.0 19.9 7.6
(x) Number of trading counterparties per institution 1.6 2.0 2.6 34 4.2 2.8 1.1
Position holding varizbles (xi) Share of FIs' own-account holdings (%) 14.5 18.7 24.8 34.0 45.2 27.6 12.4
(xii) Shate of CB's holdings (%) 12.2 23.0 39.0 55.2 76.6 41.0 22.7
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Figure 1 (cont'd) Partial dependence plot

(vii) Share of large-lot transactions (viii) Share of CB's transactions
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Figure 2 Feature interaction
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Figure 4 Importance of bond features in relation to price dispersion
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Figure 5 Time-series decomposition of price dispersion (all JGBs basis)
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Note: 1. This figure is calculated by aggregating the decomposition for individual JGBs, weighted by their respective transaction
volumes.

2. Here and in the following figures, "Share of non-clearing participants' transactions and related features" includes the
share of non-clearing participants' transactions, the share of foreign financial institutions' transactions, the share of large-
lot transactions, and the transaction volume to outstanding amount ratio.

3. Here and in the following figures, "Other features" includes the number of trading financial institutions, the number of
trading counterparties per institution, and the share of financial institutions' own-account holdings.
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Figure 6 Time-series decomposition of price dispersion by maturity range

Medium-term: 1-5 years
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Note: 1. This figure is calculated by aggregating the decomposition for individual JGBs in the medium-term range, weighted by

their respective transaction volumes.

Long-term: 5-10 years
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Note: 1. This figure is calculated by aggregating the decomposition for individual JGBs in the long-term range, weighted by their

respective transaction volumes.
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Figure 6 (cont'd) Time-series decomposition of price dispersion by maturity range

Ultra-long-term: 10—40 years
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Note: 1. This figure is calculated by aggregating the decomposition for individual JGBs in the ultra-long-term range, weighted by

their respective transaction volumes.
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