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Abstract
ggﬁ;:%fﬁg;“;gg;ozs Purpose — The relationship between the size of financial institutions and systemic risk remains a subject of
16 October 2025 interest among regulators, and research on this subject has focused mostly on banks, while overlooking the
23 January 2026 shadow banking sector. This paper examines the relationship between the size of shadow banking and systemic
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Design/methodology/approach — The study employed the conditional value-at-risk (CoVaR), using the returns
of fixed-income funds, funds-of-funds, money market funds and multi-asset funds from January 2015 to
December 2021, to measure systemic risk. Ordinary Least Squares and quantile regressions were used to
estimate the models.
Findings — The results reveal a positive relationship between the size of shadow banking and systemic risk, and
the relationship is stronger for retail multi-asset funds sponsored by asset managers. However, we did not find
any relationship between the size of fixed-income funds, funds-of-funds and money market funds and
systemic risk.
Practical implications — The regulator should monitor the rapid growth of multi-asset funds and the
concomitant systemic risk implications, and fund managers should shift their attention from idiosyncratic risk to
the prevention and management of systemic risk.
Originality/value — To the best of the author’s knowledge, this is the first study to examine the relationship
between the size of shadow banking and systemic risk with a focus on sponsor and investor types.
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1. Introduction

The tight regulation of banks, technological progress and financial innovation after the global
financial crisis spurred the growth of shadow banking (Plantin, 2015; Ordonez, 2018), leading
to the establishment of large and complex shadow banking entities. Large financial institutions
pose a risk to the financial system due to the financial assets they mobilise, the extent of
diversification and their provision of irreplaceable financial services (Zhou, 2010; Laeven
et al., 2014; Banwo et al., 2019). According to systemic risk literature that focuses mostly on
banks, the general conclusion is that larger banks contribute more to systemic risk (Mensah
and Premaratne, 2017; Varotto and Zhao, 2018; Leukes and Mensah, 2019; Manguzvane and
Mwamba, 2019; Borri and Giorgio, 2022). However, some studies report that size alone is not
the predictor of systemic risk, as both small and large banks contribute to systemic risk (Lehar,
2005; Zhou, 2010; Gauthier et al., 2012; Barth and Schnabel, 2013; Weil} et al., 2014).
Therefore, whether there is a link between the size of a financial institution and systemic risk
remains a relevant academic inquiry. This study, therefore, examines the relationship between
the size of shadow banking and systemic risk.

Examining the linkages between the size of shadow banking and systemic risk is important
for several reasons. Firstly, shadow banking is growing at a rapid rate in emerging economies
and is becoming significant in size and scope, with a potential implication for systemic risk

‘ (Financial Stability Board, 2020). Secondly, shadow banking entities perform the core
I functions of traditional banks, including credit intermediation involving maturity and liquidity

© Lawrence Mashimbye and Ashenafi Beyene Fanta. Published by Emerald Publishing Limited. This

The Journal of Risk Finance

Vol. 27 No. 3, 2026 article is published under the Creative Commons Attribution (CC BY 4.0) licence. Anyone may
oA poblshing Limited reproduce, distribute, translate and create derivative works of this article (for both commercial and non-
e-ISSN: 2331-2947 commercial purposes), subject to full attribution to the original publication and authors. The full terms of
Ot 1042087RE 01.2025-0045 this licence may be seen at Link to the terms of the CC BY 4.0 licence.

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026


http://creativecommons.org/licences/by/4.0/
https://doi.org/10.1108/JRF-01-2025-0049

transformation, without or with limited supervision and backstop support from the central The Journal of
bank (Pozsar et al., 2012). The lack of access to explicit central bank liquidity or public sector Risk Finance
credit guarantees makes shadow banking susceptible to runs (Shleifer and Vishny, 2011).

Lastly, shadow banking is connected to the rest of the financial system, particularly banks,

through investments, counterparty contracts and securitisation (Abad et al., 2022; Bakk-

Simon et al., 2012; Gennaioli et al., 2013; Kemp, 2017; Pozsar et al., 2012) and these linkages

create a channel for shocks spilling over to the rest of the financial sector.

This paper contributes to academic literature by providing empirical evidence on systemic 459
risk posed by large shadow banks in the South African context. South Africa provides an
interesting case study as the country recorded a rapid growth of shadow banking (FSB, 2020)
among emerging economies, evidenced by growth in the sector by 62% from R1.6 trillion in
2015 to more than 2.6 trillion in 2021 (Figure 1). Prior studies on the relationship between the
size of shadow banking and systemic risk in China and Europe focused on money market funds
and financial services only (Pellegrini et al., 2022a, b; Delawar and Sagi, 2024), owing to the
differences in structure and composition of shadow banking between the regions (FSB, 2020).
For example, shadow banking in China is dominated by trust companies and broker-dealers
sponsored by state-owned banks (Allen and Gu, 2021). In Europe, money market funds, repo
markets, securitisation and hedge funds are dominant entities (Allen and Gu, 2021), while the
South African shadow banking is dominated by multi-asset funds, followed by fixed-income
funds, funds-of-funds and money market funds (Figure 1).

To the best of the authors’ knowledge, this is the first study to explore the relationship
between the size of shadow banking and systemic risk at disaggregated levels, introducing the
type of sponsor and shadow banking classification in the analysis. The sponsors are banks,
insurers and asset managers and the shadow banking entities are classified as institutional or
retail. The disaggregation is motivated by the fact that banks, insurers and asset managers hold
assets of retail and institutional investors and participate in shadow banking through off-
balance sheet activities and counterparty contracts, and leading to a perception that shadow
banking entities will be bailed out by their sponsors in the event of failure (Bengtsson, 2016;
Huang, 2018; Foley-Fisher et al., 2020). Implicit guarantees create an enforcement problem
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Figure 1. Shadow banking assets in South Africa. The figures show the assets of fixed-income funds, funds-of-
funds, money market funds, and multi-asset funds. Multi-asset funds are the largest, and their assets are more
than double those of all other funds. Source: Authors’ own work
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JRF because sponsors have no legal obligations to bail out the failed entity. Therefore, regulators
27,3 need to understand the variation in the size and systemic risk among shadow banking entities,
and this will prompt regulators to monitor the growth of specific shadow banking entities to
manage systemic risk.

Finally, the study tests the robustness of the findings by introducing the two potential
moderating variables, interconnectedness among the shadow banking entities and the
volatility of the returns of the individual shadow banking entities. Large financial institutions
tend to have more connections (Cai et al., 2018), and linkages create a channel for shock
propagation within the financial system (Allen and Gale, 2000). Volatility increases systemic
risk, particularly in small financial institutions (Yang et al., 2023). The rest of this article is
organized as follows. Section 2 reviews theoretical and empirical literature, Section 3
describes the research methodology, Section 4 presents empirical results, Section 5 presents
the discussions and Section 6 concludes.

460

2. Literature

2.1 Theoretical concept

Shadow banking refers to “credit intermediation involving entities and activities outside the
regular banking system” (FSB, 2011, P. 3). This includes all entities outside traditional banks
that perform a core bank function of credit intermediation. Systemic risk is “a risk of disruption
to financial services that is caused by an impairment of all parts of the financial system and has
a potential to have serious negative consequences for the real economy” (IMF et al.,
2009, p. 5).

Theoretically, the relationship between the size of shadow banking and systemic risk is
explained by the size of financial assets mobilized by large financial institutions and the extent
of diversification (Zhou, 2010; Laeven et al., 2014; Banwo et al., 2019). Shadow banks
become diversified through direct linkages created by investments, as well as through lending
and borrowing between different entities in the financial system (Zhou, 2010). Diversification
builds channels for shock transmission in the financial system (Allen and Gale, 2000; Wagner,
2010; Battiston et al., 2012). Therefore, a large financial institution that is more diversified
contributes more to systemic risk (Zhou, 2010). Systemic risk also arises when shadow banks
create cash-like assets collateralised by illiquid assets during normal or quiet periods, and
those assets become unavailable during uncertain periods, causing contraction in the supply of
liquidity (Moreira and Savov, 2017). The decline in liquidity in the financial system will be
significant in the event that the depressed entity is a sizeable shadow bank, and other entities
may be forced to sell their assets on fire sale to meet the liquidity demands (Brunnermeier and
Pedersen, 2009). Fire sales will depress asset prices, causing the failure of one or more
financial entities (Brunnermeier and Pedersen, 2009). The failure of a shadow bank could
further give rise to information contagion, leading to runs and higher costs of credit, because
when information about a failed institution can trigger sudden withdrawals in other financial
institutions, even if their business is sound (Acharya and Yorulmazer, 2008).

The size and systemic risk nexus is also discussed in numerous other theories. For example,
Luck and Schempp (2015) created a model to highlight that panic-based runs become possible
only if the shadow banking sector is large. In their bank model, Caccioli et al. (2012) argue that
a large bank would increase systemic risk in a highly connected financial system. Otherwise, a
large bank would only affect a few institutions in a loosely connected financial system. This
argument may be applied in shadow banking, highlighting that systemic risk is conditional on
properties of the shadow banking system or the financial system at large. However, following
the banking sector results by Krause and Giansante (2012), large shadow banks would still
cause more widespread instability even in a loosely connected financial system than a smaller
shadow bank. Besides direct linkages, a large shadow would also transmit shocks through
indirect connections such as common assets and market exposures (Chen, 1999; Acharya and
Yorulmazer, 2008; Brunnermeier and Pedersen, 2009; Giudici et al., 2020).

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026



2.2 Empirical literature The Journal of
The majority of studies on the relationship between size and systemic risk focus on banks Risk Finance
(Roengiptya and Rungcharoenkitkul, 2011; Kleinow et al., 2017; Mensah and Premaratne,
2017; Varotto and Zhao, 2018; Leukes and Mensah, 2019; Manguzvane and Mwamba,
2019; Borri and Giorgio, 2022), and as a result, this review builds on literature from the
banking sector. The literature suggests that size has a positive effect on systemic risk
(Moch, 2018). The positive effect was also reported in another study using global data, and
the study highlighted that large banks create more systemic risk than smaller banks,
especially when they have insufficient capital or unstable funding and engage in market-
based activities (Laeven et al., 2014). The positive relationship between the size of a bank
and systemic risk is also reported in several other studies (Borri and Giorgio, 2022; Kleinow
et al., 2017; Mensah and Premaratne, 2017; Roengiptya and Rungcharoenkitkul, 2011;
Varotto and Zhao, 2018). In South Africa, four large banks are found to contribute more to
systemic risk than smaller banks (Manguzvane and Mwamba, 2019).

Despite evidence of the positive relationship between size and systemic risk, a review of
international crises shows that size does not cause systemic risk, but systemic risk is driven
by the characteristics of the regulatory regime (Weil} et al., 2014). The regulatory regime
includes funding for deposit insurance and regulatory capital stringency. Other studies also
conclude that size alone is not a predictor of systemic risk, but the relationship is
compounded by interconnectedness, the country’s debt ratio, equity capital and changes in
financial markets (Barth and Schnabel, 2013; Gauthier et al., 2012; Foggitt et al., 2017,
Lehar, 2005; Zhou, 2010). In South Africa, Foggitt et al. (2017) reveal that the relationship
between size and systemic risk may vary during normal and turbulent periods. Their study
concludes that the small banks in the sample, in terms of market capitalization, contribute
more to systemic risk during the quiet period, whereas large banks increase systemic risk
during turbulent times.

In the European shadow banking literature, an analysis that included 183 money
market funds and 79 finance services shows a positive relationship between size and
systemic risk (Pellegrini et al., 2022b). Systemic risk increases when the size of large
money market funds increases, but not in finance services (Pellegrini et al., 2022b). The
relationship between size and systemic risk is also reported in other shadow banking
studies from China and Europe (Delawar and Sagi, 2024; Pellegrini et al., 2022a, b). The
studies also show that higher volatility in equity returns increases systemic risk (Delawar
and Sagi, 2024; Meher et al., 2024). The other important factor in the relationship
between size and systemic risk is diversification, which creates linkages and channels for
shock propagation through counterparty contracts or common asset and market exposures
(Allen and Gale, 2000; Wagner, 2010; Zhou, 2010; Battiston et al., 2012). The linkages
between sponsors and their shadow banks increase the fragility of the financial system
(Bengtsson, 2014).

461

3. Methodology

3.1 Data

We obtained the funds’ monthly market returns data from Morningstar for the period from
January 2015 to December 2021. We restricted the analysis to this period due to significant
missing data from the prior years. The dataset has 236 multi-asset funds, 164 funds-of-funds,
43 fixed-income funds and 23 money market funds, and this data represents approximately
60% of the shadow banking in South Africa.

We retrieved monthly closing prices of JSE Top40 Returns, the South African Volatility
Index (SAVI) and financial sector returns from iress website and accessed 10-year government
bond and 3-month T-bills data from the South African Reserve Bank. The state variables data
were converted using the formula below:
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where X;, is the change in price, P;; is the closing price of state variable i on month t and P,_; is
the previous price.

462

3.2 Measuring systemic risk and size

Several approaches are followed in measuring systemic risk (Benoit et al., 2017,
Dicpinigaitiené and Novickyte, 2018; Ellis et al., 2022; Lehar, 2005). However, we use
CoVaR methodology (S to assess the overall risk spread (CoVaR) and the breakdown of the
marginal risk from all risks (ACoVaR). CoVaR uses publicly available market returns data and
can act as an early warning signal for future systemic risk threats. We measure the size of
shadow banking entities using the log of total assets.

3.3 CoVaR/ACoVaR estimation

We estimate CoVaR using quantile regression, with the financial sector returns as the
dependent variable and the returns of the individual funds as independent variables
(Adrian and Brunnermeier, 2016). We included a set of state variables as independent
variables to produce the time-varying CoVaR. The state variables are equity market
return, an indirect proxy for intrinsic financial system risk, the SAVI measuring risk
within the equity market and yield spread capturing changes in the business cycle
(Table 1). The yield spread is the difference between the 10-year South African
government bond and the 3-month T-bill rate. We follow Adrian and Brunnermeier (2016)
by introducing one-month lags on state variables to capture time variation. The quantile
regression model is specified as follows:

VaR! = ay, + ai X! + N, 2)
Where VaRfL‘} is the q percent VaR of the financial system conditioned on the returns of fund i.

Therefore, the quantile regression of the VaR of the financial system conditional on fund i
being in distress is specified as follows:

Table 1. List of study variables

Variable Proxy Variable type

Systemic Risk CoVaR/ACoVaR Dependent

Size Log of total assets Independent
(Primary)

Shadow banking Fixed-income funds/fund-of-funds/money market funds/ Independent

class multi-asset funds (Secondary)

Sponsor Bank/insurance/asset managers Independent
(Secondary)

Investor Institutional/retail Independent
(Secondary)

Interconnectedness The total number of in—ward and out-ward connections for ~ Control variable

individual funds
Volatility Returns standard deviation Control variable

Source(s): Authors’ own work
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Where VaR;!=*"** is the VaR of the system when fund i is in distress. The marginal

contribution of individual fund i to systemic risk was calculated as the difference between
CoVaR conditioned on fund i in distress from CoVaR conditioned on fund i in a normal state.

CoVaR conditioned on fund i in the normal state is denoted by: 463
VaRy = = @+ o VaR, o5+ BN; “

VaR! 4~0.50 is the 50% VaR of institution i and was used to represent an institution that is
operating in a normal state. The marginal contribution to systemic risk is as follows:

ACoVaR}l = (ah, +ai,Vak), + FN,) = (ai, + @i, VaR o5+ BN) )
or

ACoVaR)' = a} VaR! —ai VaR. s, ©)
Where A Co VaRj'_‘; is the marginal contribution of an institution i to systemic risk. A Co VaRf“;
is the change in the value-at-risk of the financial system conditional on an institution being
under distress relative to its median state (Adrian and Brunnermeier, 2016).

3.4 Correlation analysis

We test for the association between size and systemic risk using Pearson and Spearman
correlation tests. Pearson measures linear correlation, and Spearman assesses both linear and
non-linear relationships. We set the significance level at 5%, and interpret the correlation
results following Ratner (2009), where coefficient values < 3 represent weak, >3—<7 moderate
and >7 strong association.

3.5 Regression models

3.5.1 Ordinary least squares regression. We estimate the ordinary least squares (OLS)
regression with the dependent variables, CoVaR and ACoVaR and the independent variable,
log of total assets as a proxy for size. We also include shadow banking class, and sponsor and
investor types (Table 1). In other models, we include interconnectedness and volatility as
dependent variables. However, the primary OLS model is denoted by:

Systemic risk = 3, + f,Size + f,shadow banking class + f;Sponsor + f,Investor + u (7)

Where f, and intercept term represents the mean response when all the predictors are equal
to zero. f, to 3, are regression coefficients representing a change in the mean response per
unit increase in the associated predictor variable when all other predictors are held constant.
U is a composite error term, the difference between the predicted and actual values. The
assumptions of multivariate regression analysis are linearity, normality, homoskedasticity,
and having no multiple ties between independent variables (Osborne and Waters, 2002). We
draw scatter plots to test for linearity and use the Shapiro—Wilk for normality assumptions.
Shapiro—Wilk tests the null hypothesis that the variable, error term, is normally distributed.
We apply the Langrage Multiplier test for the null hypothesis that the process is
homoscedastic. We calculate the variance inflation factor to test multicollinearity among
independent variables. We run several multiple regression models and test for violations of
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JRF model assumptions. The results of OLS regressions and tests of the assumptions are
27,3 presented in Annexes 1 and 2, respectively.

3.5.2 Quantile regression. We also examine the relationship between the size of shadow
banking and systemic risk using quantile regression (Koenker and Bassett, 1978). Quantile
regression provides an alternative to OLS regression based on the conditional median.
Whereas least-squares regression is concerned with modelling the conditional mean of the
response variable, quantile regression models the conditional tth quantile of the response
variable, for some value of 7 € (0, 1). Quantile regression produces conditional quantiles
without the distributional assumptions (Koenker and Bassett, 1978). Therefore, it’s suited for
non-linear or non-normally distributed data. Meaning that the model does not have to satisfy
the assumptions required for OLS. The conditional quantile model is written as

Oy vilxi) =x{f,i=1,.....n (8)

464

Where Q, and x; are K X 1 vectors and x;; = 1. The error p, =y — %’ §, is assumed to have a
continuously differentiable cumulative distribution function, F,,(-|X) and density function,
Fu,(+|X). For the K" regressor, the marginal coefficient for the qth quantile is expressed as:

00, (ylx)
q _ 9
axk ﬂqk ( )
A quantile regression parameter, /3, represents the change in a specified quantile q of the
outcome variable y (systemic risk) from a one-unit change in the regressor x; (size, shadow
banking class, sponsor, investor). Quantile regression minimizes, > gle;| + > (1 —¢)|ei], a

1 1
sum that gives the asymmetric penalties, gle;| for underprediction and (1 —g)le;| for
overprediction. The qth quantile regression estimator 8, minimizes over f§ the objective

function:
N N
QB) = D abvi—xp,l+ > (1—q)lyi—xB,| (10)
iy ZXp iryi <xff

Where 0 < g < 1. We implement the restricted regression quantiles to overcome the plane
crossing problem, common models with finite observations (Zhao, 2000). All models are
restricted to 50 replications. We define T quantile at lower (25th percentile) and upper (75th
percentile) quartiles and median (50th percentile), and interpret the results at a 5% statistical
significance level.

4. Empirical results

We estimated the relationship between the size of shadow banks and systemic risk. The
independent variable is size proxied by the log of total assets, and the dependent variables are
CoVaR and ACoVaR. The summary statistics of dependent variables are shown in Table 2. The
dependent variables are estimated using market returns summarised in Table 2, showing higher
returns and volatility in multi-asset funds.

The mean CoVaR or average contribution to systemic risk is 0.619%, and the marginal
contribution, ACoVaR, is —7.812%. The highest contributors to systemic risk (CoVaR) are
multi-asset funds, whereas money market funds contribute the least (Table 2). CoVaR
volatility is higher in multi-asset funds and lower in money market funds, with standard
deviations of 0.182% and 0.016%, respectively. Funds-of-funds have the highest marginal
contribution to systemic risk (ACoVaR) at —7.990%, followed by multi-asset funds at
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Table 2. Descriptive statistics — CoVaR/ACoVaR The Journal of
Risk Finance

Std.
Variable Mean Dev Min Max Obs
Market returns
Fixed-income fund 0.589 0.0816 0.264 0.704 43
Fund-of-fund 0.598 0.132 0.240 1.228 164 4
Money market fund 0.532 0.015 0.499 0.561 23 65
Multi-asset fund 0.648 0.182 0.106 1.540 236
Systemic Risk
CoVaR 0.619 0.157 0.106 1.540 466
ACoVaR —7.812 0.820 —10.069 —4.601 466
CoVaR by shadow banking class
Fixed-income fund 0.589 0.082 0.264 0.704 43
Fund-of-funds 0.599 0.132 0.240 1.228 164
Money market fund 0.532 0.016 0.499 0.561 23
Multi-asset fund 0.648 0.182 0.106 1.540 236
CoVaR by sponsor
Bank 0.604 0.136 0.337 1.006 42
Insurer 0.599 0.099 0.350 0.892 67
Asset manager 0.625 0.167 0.106 1.540 357
CoVaR by investor
Institutional 0.589 0.152 0.106 0.868 23
Retail 0.619 0.157 0.165 1.540 417
ACoVaR by shadow banking class
Fixed-income fund —7.554 0.768 —9.350 —5.611 43
Fund-of-funds —7.990 0.706 —10.064 —4.601 164
Money market fund —7.627 0.099 —7.818 —7.383 23
Multi-asset fund —7.753 0.915 —10.069 —5.110 236
ACoVaR by sponsor
Bank —7.697 0.943 —9.492 —4.601 42
Insurer —7.828 0.817 —10.064 —5.530 67
Asset manager —7.822 0.806 —10.069 —5.110 357
ACoVaR by investor
Institutional —8.233 0.589 —10.060 —7.398 23
Retail —7.793 0.823 —10.069 —4.601 417

Note(s): This table provides a summary of descriptive statistics of equity returns and systemic risk (CoVaR and
ACoVaR). Multi-asset funds have the highest returns, followed by fixed-income funds and funds-of-funds.
Multi-asset funds and funds-of-funds are more volatile, as they have higher standard deviation. Multi-asset
funds, retail funds, and funds owned by asset managers have a higher contribution to systemic risk (CoVaR).
Funds-of-funds and institutional funds have a higher marginal contribution to systemic risk (ACoVaR)

Source(s): Authors’ own work

—7.753% (Table 2). Funds sponsored by asset managers display higher and more volatile
systemic risk compared to those owned by banks and insurers (Table 2).

The summary statistics of the independent variable, the total assets and the transformed
variable, the log of total assets is shown in Table 3. The mean or average fund size is R3.7
billion. The largest fund has R155 billion in assets and the smallest has R11 million. The
largest fund is a retail multi-asset fund owned by asset managers. The largest fund-of-fund and
money market fund have R27 billion and R39 billion assets, respectively. The assets of bank-
sponsored funds range from R34 million to R58 billion, and those of funds owned by insurers
total between R53 million and R37 billion.
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JRF Table 3. Descriptive statistics — total assets/Log assets

27,3
’ Std.

Variable Mean dev Min Max Obs
Log (total assets) 8.931 0.729 7.070 11.192 455
Total Assets (ZAR Million) 3,718 10,498 11 155,888 455

466 Log (total asset) by shadow banking class
Fixed-income Fund 9.167 0.892 7.112 10.769 42
Funds-of-Funds 8.643 0.567 7.070 10.442 158
Money Market Fund 9.397 0.791 7.554 10.599 23
Multi-asset Fund 9.043 0.724 7.114 11.193 222
Log (total asset) by sponsor
Bank 9.266 0.733 7.532 10.769 41
Insurer 9.145 0.713 7.728 10.570 65
Asset Managers 8.849 0.713 7.070 11.193 339
Log (total asset) by investor
Institutional 9.264 0.562 8.108 10.259 22
Retail 8.924 0.735 7.070 11.193 410
Total asset by shadow banking class (ZAR Million)
Fixed-income Fund 6,262 12,551 12 58,877 42
Funds-of-Funds 1,270 3,131 11 27,687 158
Money Market Fund 7,711 10,216 35 39,781 23
Multi-asset Fund 4,565 12,920 12 155,888 222
Total assets by sponsor (ZAR Million)
Bank 5,842 10,401 34 58,877 41
Insurer 4,046 6,199 53 37,169 65
Asset Managers 3,398 11,136 11 155,888 339
Total asset by investor (ZAR Million)
Institutional 3,650 4,518 122 18,137 22
Retail 3,817 10,875 11 155,888 410

Note(s): This table provides a summary of descriptive statistics of total assets. The largest shadow bank is a retail
multi-asset fund with R155 billion in assets under management. Retail and multi-asset funds are more volatile
because they have a higher standard deviation

Source(s): Authors’ own work

Figure 2 shows the results of Pearson and Spearman rank correlation. There is a positive
correlation between size and CoVaR. This means funds’ contribution to systemic risk tends to
increase with the growth in the size of shadow banks. However, the association is weak, with a
Pearson correlation coefficient of 0.144 and a Spearman rank coefficient of 0.2316. Since both
Pearson and Spearman correlation coefficients are statistically significant at a 5% level, it
means the relationship is linear. In contrast, the Pearson and Spearman correlation tests are
insignificant for the relationship between size and ACoVaR.

The OLS results are presented in Table 4 and Annex 1, and interpreted at 5% significance
level. There is a statistically significant relationship between size and systemic risk. A
percentage point increase in size will increase systemic risk (CoVaR) by 0.039%
(p = 0.001). A similar increase in size will increase shadow banking’s marginal
contribution to systemic risk, ACoVaR, by 0.133% (p = 0.022). However, the ACoVaR
model violates the linearity assumption (Annex 1). We also estimate the OLS models with
small, medium and large shadow banks and the results are statistically significant with
medium-sized (p-value = 0.004) and large (p-value<0.001) funds, confirming the positive
effect of size on CoVaR (Table 4).
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Figure 2. Correlation between size and systemic risk. Source(s): Authors’ own work

Table 4. OLS regression: Log (assets) and CoVaR/ACoVaR by shadow baking class, sponsor and investor

Variable N COVAR ACOVAR

Full Sample 432 0.039 (0.001)* —0.133 (0.022)*

Fund size Small 112 0.030 (0.146) —0.207 (0.061)
Medium 111 0.061 (0.004)* —0.281 (0.012)*
Large 132 0.083 (p < 0.001)* —0.156 (0.167)

Shadow banking class Fixed-income funds 42 0.036 (0.012)* —0.362 (0.003)*
Funds-of-funds 151 0.027 (0.141) —0.109 (0.269)
Money market funds 23 0.007 (0.148) 0.004 (0.897)
Multi-asset funds 216 0.054 (0.003)* —0.030 (0.737)

Sponsor Banks 41 0.032 (0.298) —0.239 (0.258)
Insurer 65 0.025 (0.157) —0.102 (0.540)
Asset manager 326 0.152 (0.272) —0.111 (0.086)

Investor Institutional 410 0.041 (<0.001)* —0.142 (0.017)*
Retail 32 0.005 (0.956) 0.389 (0.190)

Note(s): This table reports the OLS results. (*) indicates that the relationship between size and systemic risk is
statistically significant at 5% significance level. The full sample model is statistically significant with both
CoVaR and ACOVAR, but the model with ACOVAR violates the linearity assumption. Multi-asset funds and
retail funds results are statistically significant and satisfy all OLS assumptions

Source(s): Authors’ own work

We estimate various models with the size of fixed-income fund, fund-of-funds, money
market funds and multi-asset funds as outcome variables. The size of a multi-asset fund has
a positive effect on systemic risk. A percentage point increase in the size of the multi-asset
fund will increase CoVaR by 0.054% (p = 0.003). The results of fixed-income funds are
statistically significant with both CoVaR and ACoVaR (Table 4 and Annex II), however, the
results are interpreted with caution because the model violates the linearity assumption
(Annex II). There is no relationship between the size of funds-of-funds or money market
funds with both CoVaR and ACoVaR as the results are statistically insignificant (Table 4
and Annex II).

The Journal of
Risk Finance

467

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026



JRF The results of quantile regression are shown in Table 5 and Annex III. The quantile
27,3 regression results confirm the OLS estimates that size has a positive relationship with CoVaR,
and not ACoVaR. For the CoVaR model, the coefficients of OLS and quantile regression at
mean and median are 0.039% and 0.037%, respectively (Tables 4 and 5). This means they are
not significantly different. At the lowest quantile, the coefficient is 0.047%, and this means the
effect of size is slightly elevated at the lower-than-average systemic risk levels. At the 75th
quantile, there is no relationship between size and systemic risk and this shows that size has no
effect when systemic risk is elevated beyond a certain level. Put differently, the effect of size
diminishes as systemic risk increases beyond the 75th percentile.

Across all quantiles, multi-asset funds have a positive relationship with CoVaR. The
relationship is slightly stronger at the 50th percentile. At the median, a percentage point
increase in the size of the multi-asset fund will increase systemic risk by 0.068% (Table 5),
whereas a unit increase in size will increase CoVaR by 0.059% at the 25th percentile and
0.047% at the 75th percentile (Table 5). Other significant results are for funds sponsored by
insurers and asset managers, and retail funds at the 25th percentile. Funds owned by asset
managers are statistically significant at the 50th percentile (p < 0.001), and retail funds at the
25th percentile (p < 0.001), and this means the size of funds owned by asset managers and retail
funds increases the contribution to systemic risk when systemic risk is at the median and lower
levels, respectively (Annex 3).

We estimate two quantile regression models combining variables where size has a
statistically significant relationship with CoVaR. Firstly, we combine multi-asset funds, funds
owned by asset managers and retail funds. The results are statistically significant at 25th
(Coeff = 0.05; p <0.001) and 50th (Coeff = 0.073; p = 0.002) percentiles. The results point to

468

Table 5. Quantile regression: Log (assets) and CoVaR by shadow banking class, sponsor, and investor

N COVAR
q25 Q50 Q75
Full Sample 432 0.047 (<0.001)* 0.037 (<0.001)* 0.015 (0.133)
Shadow banking Fixed-income 42 0.024 (0.520) 0.013 (0.521) 0.013 (0.585)
class funds
Funds-of-funds 151  0.028 (0.210) 0.018 (0.189) 0.012 (0.279)
Money market 23 0.007 (0.137) 0.003 (0.619) 0.005 (0.535)
funds
Multi-asset funds 216  0.059 (<0.001)* 0.068 (<0.001)* 0.047
(0.025)*
Sponsor Banks 41 0.017 (0.189) 0.013 (0.529) 0.012 (0.653)
Insurer 65  0.055 (0.046)* 0.011 (0.338) 0.003 (0.850)
Asset manager 326 0.047 0.039 (p <0.001)* 0.021 (0.097)
(p < 0.001)*
Investor Institutional 32 0.028 (0.905) 0.043 (0.593) 0.057 (0.835)
Retail 410 0.049 0.013 (0.269) 0.013 (0.269)
(p < 0.001)*
Retail multi-asset funds sponsored by asset 161  0.059 0.073 0.062 (0.090)
managers (p < 0.001)* (p = 0.002)*
Retail multi-asset funds sponsored by 25 0.064 (0.123) 0.052 (0.078) 0.048 (0.066)

insurers

Note(s): This table reports the quantile regression results. (*) indicates that the relationship between size and
systemic risk is statistically significant at 5% significance level. The full sample size model is statistically
significant at 25th and 50th percentiles, lower and median levels of systemic risk, respectively. The multi-asset
funds model is significant at lower, median and higher systemic risk levels. Other significant results are those of
insurers, asset managers, and retail funds at 25th percentile. The asset manager model is also significant at 50th
percentile

Source(s): Authors’ own work * denotes a statistically significant relationship
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a positive relationship between the size of retail multi-asset funds owned by asset managers The Journal of
and CoVaR. However, it is important to note that the relationship is pronounced at low and Risk Finance
medium systemic risk levels, and not when systemic risk is high. Secondly, we model multi-

asset funds, insurer-sponsored funds and retail funds, and the results are insignificant across all

quantiles.

4.1 Robustness tests 469
We run a number of robustness tests. Firstly, we run OLS and quantile regressions with

interconnectedness and volatility as control variables. The relationship between size and

CoVaR is significant in the model with volatility (p < 0.001). When we add the interaction term

for size and volatility, the results for size remain significant (p = 0.007). In the analysis across

fund classes and types, the results are significant in the models with multi-asset funds

(p < 0.001) and retail funds (p < 0.001).

Secondly, we control for interconnectedness, measured as the number of connections
between funds. We run models with interconnectedness among 20 funds, five (with the highest
(ACoVaR)) from each of the four fund classes, 20 funds with the lowest (ACoVaR) and 40
funds combining funds with the highest and lowest CoVaR. The relationship between size and
CoVaR is significant (p = 0.040) in the model with 40 funds, and insignificant in the model of
20 funds with the highest ACoVaR (p = 0.645) and 20 funds with the lowest
ACoVaR (p = 0.124).

Finally, we run a quantile regression of the size of retail multi-asset funds owned by asset
managers and CoVaR in two subperiods, tranquil (January 2015 to February 2020) and
financial turmoil — COVID-19 (March 2020 to December 2021) intervals. The results for the
two subperiods are statistically insignificant across all quantiles. The insignificant results
could be due to a shorter time series after splitting the study interval into two subperiods.

5. Discussion of findings

The results of OLS and quantile regression models reveal a positive linear relationship
between the size of shadow banking and systemic risk in South Africa. This result is consistent
with the findings of Pellegrini et al. (2022a, b) in China and Europe, who reported that
systemic risk increases with the size of large shadow banks. The result is also in line with the
majority of the banking sector studies summarised by Moch (2018), which concluded that size
has a positive effect on systemic risk. The result is likely due to herding behaviour and
diversification. Herding increases systemic risk, particularly in large institutions (Cai, 2022).
Furthermore, large institutions tend to be diversified, and diversification amplifies systemic
risk by creating linkages through counterparty contracts and common assets and market
exposure (Allen and Gale, 2000; Wagner, 2010; Zhou, 2010; Battiston et al., 2012).

The results of quantile regressions with the different shadow banking classes show that the
size of multi-asset funds has a positive effect on systemic risk, and the results are significant
across all quantiles of systemic risk. The result is consistent with the asset size of multi-asset
funds and their diversification strategy. Multi-asset funds control large assets in South Africa,
and their assets are more than double that of all other funds (Figure 1). The funds combine
different assets such as stock, bonds, real estate and cash to achieve stable long-term positive
returns. The multi-asset funds are highly connected to the shadow banking system, and they are
the main transmitters and receivers of systemic risk in South Africa (Mashimbye and Fanta,
2025). Despite their diversified portfolios, returns and systemic risk of multi-asset funds are most
volatile compared to other funds. In this case, the broader economic fluctuations may be the
cause of volatility and therefore, increasing systemic risk (Mieg, 2022; Delawar and Sagi, 2024).

Other noticeable results are those of money market funds. The size of money market funds
does not influence systemic risk. This result is different from that of Pellegrini et al. (2022a),
who found that the size of money market funds and not finance services firms was a predictor
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JRF of systemic risk. The results could be explained by the size of money market funds and their
27,3 economic functions in different economies. In Europe, shadow banking is more market-based
and operates in parallel with traditional banking (Huang, 2015), whereas South Africa’s
shadow banking is dominated by multi-asset funds targeting retail depositors (Kemp, 2017).
Money market funds in South Africa are significantly smaller compared to multi-asset funds,
and they mostly serve as liquidity reserves for banks. As such, the contribution of money
market funds to systemic risk in South Africa is insignificant and only evident during turbulent
470 periods (Mashimbye and Fanta, 2024).

The result of models that combines fund class and type reveals a positive relationship
between retail multi-asset funds sponsored by asset managers and systemic risk. The result is
not surprising because retail multi-asset funds sponsored by asset managers control large
financial assets, and multi-asset funds are the largest contributors to systemic risk. Retail
multi-asset funds sponsored by asset managers may cause systemic risk through insufficient
credit risk transfer to asset managers, runs on funds that cause sudden reductions in funding to
banks and other financial entities and contagion through common asset and market exposure
between funds and their sponsors (Bengtsson, 2014).

6. Conclusions

The study examined the relationship between the size of shadow banking and systemic risk in
South Africa and concluded that a positive relationship exists, indicating that larger shadow
banks contribute more to systemic risk. The size and systemic risk nexus is more pronounced
in multi-asset funds and the relationship is stronger for retail multi-assets sponsored by asset
managers. The findings point to retail multi-asset funds as a source of systemic risk in the
South African shadow banking and, therefore, require regulation and supervision. Regulators
should reconsider the regulations that encourage diversification, while monitoring systemic
risk following the rapid growth of multi-asset funds. Asset managers should shift their
attention from idiosyncratic risk to systemic risk and monitor the implications of their large
asset portfolios and diversification strategies on the stability of the financial system. Future
research could focus on other emerging economies using different measures of systemic risk
and test the size and systemic risk nexus during various economic and financial cycles.

Supplementary material
The supplementary material for this article can be found online.

References

Abad, J., D’Errico, M., Killeen, N., Luz, V., Peltonen, T., Portes, R. and Urbano, T. (2022), “Mapping
exposures of EU banks to the global shadow banking system”, Journal of Banking and Finance,
Vol. 134, 106168, doi: 10.1016/j.jbankfin.2021.106168.

Acharya, V.V. and Yorulmazer, T. (2008), “Information contagion and bank herding”, Journal of
Money, Credit, and Banking, Vol. 40 No. 1, pp. 215-231, doi: 10.1111/j.1538-
4616.2008.00110.x.

Adrian, T. and Brunnermeier, M.K. (2016), “CoVaR”, The American Economic Review, Vol. 106 No. 7,
pp. 1705-1741, doi: 10.1257/aer.20120555.

Allen, F. and Gale, D. (2000), “Financial contagion”, Journal of Political Economy, Vol. 108 No. 1,
pp- 1-33, doi: 10.1086/2621009.

Allen, F. and Gu, X. (2021), “Shadow banking in China compared to other countries”, The Manchester
School, Vol. 89 No. 5, pp. 407-419, doi: 10.1111/manc.12331.

Bakk-Simon, K., Borgioli, S., Giron, C., Hempell, H.S., Maddaloni, A., Recine, F. and Rosati, S.
(2012), “Shadow banking in the euro area: an overview”, ECB Occasional Paper Series (133).

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026


https://doi.org/10.1016/j.jbankfin.2021.106168
https://doi.org/10.1111/j.1538-4616.2008.00110.x
https://doi.org/10.1111/j.1538-4616.2008.00110.x
https://doi.org/10.1257/aer.20120555
https://doi.org/10.1086/262109
https://doi.org/10.1111/manc.12331

Banwo, O., Harrald, P. and Medda, F. (2019), “Understanding the consequences of diversification on The Journal of
financial stability”, Journal of Economic Interaction and Coordination, Vol. 14 No. 2, Risk Finance
pp. 273-292, doi: 10.1007/s11403-018-0216-9.

Barth, A. and Schnabel, I. (2013), “Why banks are not too big to fail - evidence from the CDS market”,
Economic Policy, Vol. 28 No. 74, pp. 335-369, doi: 10.1111/1468-0327.12007.

Battiston, S., Puliga, M., Kaushik, R., Tasca, P. and Caldarelli, G. (2012), “DebtRank: too central to
fail? Financial networks, the FED and systemic risk”, Scientific Reports, Vol. 2 No. 1, p. 541, 471
doi: 10.1038/srep00541.

Bengtsson, E. (2014), “Fund management and systemic risk — lessons from the global financial crisis”,
Financial Markets, Institutions and Instruments, Vol. 23 No. 2, pp. 101-124, doi: 10.1111/
fmii.12016.

Bengtsson, E. (2016), “Investment funds, shadow banking and systemic risk”, Journal of Financial
Regulation and Compliance, Vol. 24 No. 1, pp. 60-73, doi: 10.1108/JFRC-12-2014-0051.

Benoit, S., Colliard, J.E., Hurlin, C. and Pérignon, C. (2017), “Where the risks lie: a survey on systemic
risk”, Review of Finance, Vol. 21 No. 1, pp. 109-152, doi: 10.1093/rof/rfw026.

Borri, N. and Giorgio, G.di (2022), “Systemic risk and the COVID challenge in the European banking
sector”, Journal of Banking and Finance, Vol. 140, 106073, doi: 10.1016/
j.jbankfin.2021.106073.

Brunnermeier, M.K. and Pedersen, L.H. (2009), “Market liquidity and funding liquidity”, Review of
Financial Studies, Vol. 22 No. 6, pp. 2201-2238, doi: 10.1093/rfs/hhn098.

Caccioli, F., Catanach, T.A. and Farmer, J.D. (2012), “Heterogeneity, correlations and financial
contagion”, Advances in Complex Systems, Vol. 15 No. 2, 1250058, doi: 10.1142/
S0219525912500580.

Cai, J. (2022), “Bank herding and systemic risk”, Economic Systems, Vol. 46 No. 4, 101042, doi:
10.1016/j.ecosys.2022.101042.

Cai, J., Eidam, F., Saunders, A. and Steffen, S. (2018), “Syndication, interconnectedness, and systemic
risk”, Journal of Financial Stability, Vol. 34, pp. 105-120, doi: 10.1016/j.jfs.2017.12.005.

Chen, Y. (1999), “Banking panics: the role of the first-come, first-served rule and information
externalities”, Journal of Political Economy, Vol. 107 No. 5, pp. 946-968, doi: 10.1086/250086.

Delawar, S. and Sagi, A. (2024), “The contribution of shadow banks to systemic risk in the EU”,
Masters. Linnaeus University.

Dicpinigaitiené, V. and Novickyte, L. (2018), “Application of systemic risk measurement methods: a
systematic review and meta-analysis using a network approach”, Quantitative Finance and
Economics, Vol. 2 No. 4, pp. 798-820, doi: 10.3934/QFE.2018.4.798.

Ellis, S., Sharma, S. and Brzeszczynski, J. (2022), “Systemic risk measures and regulatory challenges”,
Journal of Financial Stability, Vol. 61, 100960, doi: 10.1016/j.jfs.2021.100960.

Financial Stability Board (2011), “Shadow banking: strengthening oversight and regulation”, Basel.
available at: https://www.fsb.org/wp-content/uploads/r_111027a.pdf (accessed 18 March 2021).

Financial Stability Board (2020), “Global monitoring report on non-bank financial intermediation”,
Basel, available at: https://www.fsb.org/wp-content/uploads/P161220.pdf (accessed 12
May 2021).

Foggitt, G.M., Heymans, A., Van Vuuren, G.W. and Pretorius, A. (2017), “Measuring the systemic risk
in the South African banking sector”, South African Journal of Economic and Management
Sciences, Vol. 20 No. 1, pp. 1-9, doi: 10.4102/sajems.v20i1.1619.

Foley-Fisher, N., Heinrich, N. and Verani, S. (2020), “Capturing the illiquidity premium”, Working
Paper, Federal Reserve Board of Governors.

Gauthier, C., Lehar, A. and Souissi, M. (2012), “Macroprudential capital requirements and systemic
risk”, Journal of Financial Intermediation, Vol. 21 No. 4, pp. 594-618, doi: 10.1016/
j.jfi.2012.01.005.

Gennaioli, N., Shleifer, A. and Vishny, R.W. (2013), “A model of shadow banking”, The Journal of
Finance, Vol. 68 No. 4, pp. 1331-1363, doi: 10.1111/jofi.12031.

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026


https://doi.org/10.1007/s11403-018-0216-9
https://doi.org/10.1111/1468-0327.12007
https://doi.org/10.1038/srep00541
https://doi.org/10.1111/fmii.12016
https://doi.org/10.1111/fmii.12016
https://doi.org/10.1108/JFRC-12-2014-0051
https://doi.org/10.1093/rof/rfw026
https://doi.org/10.1016/j.jbankfin.2021.106073
https://doi.org/10.1016/j.jbankfin.2021.106073
https://doi.org/10.1093/rfs/hhn098
https://doi.org/10.1142/S0219525912500580
https://doi.org/10.1142/S0219525912500580
https://doi.org/10.1016/j.ecosys.2022.101042
https://doi.org/10.1016/j.jfs.2017.12.005
https://doi.org/10.1086/250086
https://doi.org/10.3934/QFE.2018.4.798
https://doi.org/10.1016/j.jfs.2021.100960
https://www.fsb.org/wp-content/uploads/r_111027a.pdf
https://www.fsb.org/wp-content/uploads/P161220.pdf
https://doi.org/10.4102/sajems.v20i1.1619
https://doi.org/10.1016/j.jfi.2012.01.005
https://doi.org/10.1016/j.jfi.2012.01.005
https://doi.org/10.1111/jofi.12031

iudici, P., Sarlin, P. and Spelta, A. R e interconnected nature of financial systems: direct an
Giudici, P., Sarlin, P. and Spelta, A. (2020), “The i d f fi ial di d
273 common exposures”, Journal of Banking and Finance, Vol. 112, 105149, doi: 10.1016/

’ j.jbankfin.2017.05.010.

Huang, R.H. (2015), “The regulation of shadow banking in China: international and comparative
perspectives”, Banking & Finance Law Review, Vol. 30 No. 3, p. 481.

Huang, J. (2018), “Banking and shadow banking”, Journal of Economic Theory, Vol. 178, pp. 124-152,
doi: 10.1016/j.jet.2018.09.003.

International Monetary Fund, Bank for International Settlements and Financial Stability Board (2009),
“Guidance to assess the systemic importance of financial institutions, markets and instruments:
initial considerations”, available at: https://www.imf.org/external/np/g20/pdf/100109.pdf
(accessed 12 February 2021).

Kemp, E. (2017), “Measuring shadow banking activities and exploring its interconnectedness with
banks in South Africa”, 17. Pretoria, available at: https://www.resbank.co.za/en/home/
publications/publication-detail-pages/occasional-papers/2017/8160 (accessed 17 April 2021).

472

Kleinow, J., Horsch, A. and Garcia-Molina, M. (2017), “Factors driving systemic risk of banks in Latin
America”, Journal of Economics and Finance, Vol. 41 No. 2, pp. 211-234, doi: 10.1007/s12197-
015-9341-7.

Koenker, R. and Bassett, G. (1978), “Regression quantiles”, Econometrica, Vol. 46 No. 1, p. 33, doi:
10.2307/1913643.

Krause, A. and Giansante, S. (2012, August), “Liquidity and solvency shocks in interbank lending and
the prediction of bank failures: analysis of a network model of systemic risk”, in Midwest
Finance Association 2013 Annual Meeting Paper.

Laeven, L., Ratnovski, L. and Tong, H. (2014), “Bank size and systemic Risk”, available at: https://
www.imf.org/external/pubs/ft/sdn/2014/sdn1404.pdf (accessed 24 April 2021).

Lehar, A. (2005), “Measuring systemic risk: a risk management approach”, Journal of Banking &
Finance, Vol. 29 No. 10, pp. 2577-2603, doi: 10.1016/j.jbankfin.2004.09.007.

Leukes, C. and Mensah, J.O. (2019), “Systemic risk contribution of financial institutions in South
Africa”, African Review of Economics and Finance, Vol. 11 No. 2, pp. 188-218.

Luck, S. and Schempp, P. (2015), “Banks, shadow banking, and fragility”, 1726. Frankfurt.

Manguzvane, M. and Mwamba, M.J.W. (2019), “Modelling systemic risk in the South African banking
sector using CoVaR”, International Review of Applied Economics, Vol. 33 No. 5, pp. 624-641,
doi: 10.1080/02692171.2018.1516741.

Mashimbye, L. and Fanta, A.B. (2024), “Assessing the contribution of shadow banking to systemic risk
in South Africa during COVID-19”, South African Journal of Economic and Management
Sciences, Vol. 27 No. 1, pp. 1-11, doi: 10.4102/sajems.v27i1.5732.

Mashimbye, L. and Fanta, A.B. (2025), “Shadow banking interconnectedness in South Africa: Toda
and Yamamoto (T-Y) Granger causality test”, Journal of Financial Regulation and Compliance,
Vol. 33 No. 3, pp. 386-405, doi: 10.1108/JFRC-09-2024-0182.

Mebher, B.K., Kumari, P., Birau, R., Spulbar, C., Anand, A. and Florescu, 1. (2024), “Forecasting
volatility Spillovers using advanced GARCH models: empirical evidence for developed stock
markets from Austria and USA”, Annals of Dunarea de Jos University of Galati. Fascicle I.
Economics and Applied Informatics, Vol. 30 No. 1, pp. 16-29, doi: 10.35219/eai15840409383.

Mensah, J.O. and Premaratne, G. (2017), “Systemic interconnectedness among Asian banks”, Japan
and the World Economy, Vol. 41, pp. 17-33, doi: 10.1016/j.japwor.2016.12.004.

Mieg, H.A. (2022), “Volatility as a transmitter of systemic risk: is there a structural risk in finance?”,
Risk Analysis, Vol. 42 No. 9, pp. 1952-1964, doi: 10.1111/risa.13564.

Moch, N. (2018), “The contribution of large banking institutions to systemic risk: what do we know? A
literature review”, Review of Economics, Vol. 69 No. 3, pp. 231-257, doi: 10.1515/roe-
2018-0011.

Moreira, A. and Savov, A. (2017), “The macroeconomics of shadow banking”, The Journal of Finance,
Vol. 72 No. 6, pp. 2381-2432, doi: 10.1111/jofi.12540.

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026


https://doi.org/10.1016/j.jbankfin.2017.05.010
https://doi.org/10.1016/j.jbankfin.2017.05.010
https://doi.org/10.1016/j.jet.2018.09.003
https://www.imf.org/external/np/g20/pdf/100109.pdf
https://www.resbank.co.za/en/home/publications/publication-detail-pages/occasional-papers/2017/8160
https://www.resbank.co.za/en/home/publications/publication-detail-pages/occasional-papers/2017/8160
https://doi.org/10.1007/s12197-015-9341-7
https://doi.org/10.1007/s12197-015-9341-7
https://doi.org/10.2307/1913643
https://www.imf.org/external/pubs/ft/sdn/2014/sdn1404.pdf
https://www.imf.org/external/pubs/ft/sdn/2014/sdn1404.pdf
https://doi.org/10.1016/j.jbankfin.2004.09.007
https://doi.org/10.1080/02692171.2018.1516741
https://doi.org/10.4102/sajems.v27i1.5732
https://doi.org/10.1108/JFRC-09-2024-0182
https://doi.org/10.35219/eai15840409383
https://doi.org/10.1016/j.japwor.2016.12.004
https://doi.org/10.1111/risa.13564
https://doi.org/10.1515/roe-2018-0011
https://doi.org/10.1515/roe-2018-0011
https://doi.org/10.1111/jofi.12540

Ordonez, G. (2018), “Sustainable shadow banking”, American Economic Journal: Macroeconomics, The Journal of
Vol. 10 No. 1, pp. 33-56, doi: 10.1257/mac.20150346. Risk Finance

Osborne, J.W. and Waters, E. (2002), “Four assumptions of multiple regression that researchers should
Four assumptions of multiple regression that researchers should always test always test”,
Practical Assessment, Research and Evaluation, Vol. 8 No. 2, pp. 1-9, doi: 10.7275/r222-hv23.

Pellegrini, C.B., Cincinelli, P., Meoli, M. and Urga, G. (2022a), “The contribution of (shadow) banks
and real estate to systemic risk in China”, Journal of Financial Stability, Vol. 60, 101018, doi: 473
10.1016/j.jfs.2022.101018.

Pellegrini, C.B., Cincinelli, P.,, Meoli, M. and Urga, G. (2022b), “The role of shadow banking in
systemic risk in the European financial system”, Journal of Banking and Finance, Vol. 138,
106422, doi: 10.1016/j.jbankfin.2022.106422.

Plantin, G. (2015), “Shadow banking and bank capital regulation”, Review of Financial Studies, Vol. 28
No. 1, pp. 146-175, doi: 10.1093/rfs/hhu055.

Pozsar, Z., Adrian, T., Ashcraft, A. and Boesky, H. (2012), “Shadow banking”, New York, available at:
https://www.newyorkfed.org/medialibrary/media/research/staff_reports/sr458.pdf (accessed 15
April 2021).

Ratner, B. (2009), “The correlation coefficient: its values range between 1/1, or do they”, Journal of
Targeting, Measurement and Analysis for Marketing, Vol. 17 No. 2, pp. 139-142, doi: 10.1057/
jt.2009.5.

Roengiptya, R. and Rungcharoenkitkul, P. (2011), “Measuring systemic risk and financial linkages in
the Thai banking system”, Bank of Thailand Discussion Paper 02/2010.

Shleifer, A. and Vishny, R. (2011), “Fire sales in finance and macroeconomics”, The Journal of
Economic Perspectives, Vol. 25 No. 1, pp. 29-48, doi: 10.1257/jep.25.1.29.

Varotto, S. and Zhao, L. (2018), “Systemic risk and bank size”, Journal of International Money and
Finance, Vol. 82, pp. 45-70, doi: 10.1016/j.jimonfin.2017.12.002.

Wagner, W. (2010), “Diversification at financial institutions and systemic crises”, Journal of Financial
Intermediation, Vol. 19 No. 3, pp. 373-386, doi: 10.1016/j.jfi.2009.07.002.

WeiB, G.N.F., Bostandzic, D. and Neumann, S. (2014), “What factors drive systemic risk during
international financial crises?”, Journal of Banking and Finance, Vol. 41, pp. 78-96, doi:
10.1016/j.jbankfin.2014.01.001.

Yang, X., Chen, S., Liu, H., Yang, X. and Huang, C. (2023), “Jump volatility spillover network based
measurement of systemic importance of Chinese financial institutions”, International Journal of
Finance & Economics, Vol. 28 No. 2, pp. 1201-1213, doi: 10.1002/ijfe.2470.

Zhao, Q. (2000), “Restricted regression quantiles”, Journal of Multivariate Analysis, Vol. 72 No. 1,
pp- 78-99, doi: 10.1006/jmva.1999.1849, available at: www.idealibrary.com

Zhou, C. (2010), “Are banks too big to fail? Measuring systemic importance of financial institutions”,
International Journal of Central Banking, Vol. 6 No. 4, pp. 205-250, available at: https://
www.ijcb.org/journal/ijcb10g4al0.pdf (accessed 24 March 2021).

Corresponding author
Lawrence Mashimbye can be contacted at: lawrence.mashimbyel@gmail.com

For instructions on how to order reprints of this article, please visit our website:
www.emeraldgrouppublishing.com/licensing/reprints.htm
Or contact us for further details: permissions@emeraldinsight.com

Downl oaded from http://ftp. nowublishers.conjrf/article-pdf/27/3/ 458/ 11474601/ jrf-01-2025-0049¢en. pdf by guest on 28 June 2026


https://doi.org/10.1257/mac.20150346
https://doi.org/10.7275/r222-hv23
https://doi.org/10.1016/j.jfs.2022.101018
https://doi.org/10.1016/j.jbankfin.2022.106422
https://doi.org/10.1093/rfs/hhu055
https://www.newyorkfed.org/medialibrary/media/research/staff_reports/sr458.pdf
https://doi.org/10.1057/jt.2009.5
https://doi.org/10.1057/jt.2009.5
https://doi.org/10.1257/jep.25.1.29
https://doi.org/10.1016/j.jimonfin.2017.12.002
https://doi.org/10.1016/j.jfi.2009.07.002
https://doi.org/10.1016/j.jbankfin.2014.01.001
https://doi.org/10.1002/ijfe.2470
https://doi.org/10.1006/jmva.1999.1849
http://www.idealibrary.com
https://www.ijcb.org/journal/ijcb10q4a10.pdf
https://www.ijcb.org/journal/ijcb10q4a10.pdf
mailto:lawrence.mashimbye1@gmail.com

	Shadow banking and systemic risk in South Africa: does size matter?
	Introduction
	Literature
	Theoretical concept
	Empirical literature

	Methodology
	Data
	Measuring systemic risk and size
	CoVaR/ΔCoVaR estimation
	Correlation analysis
	Regression models
	Ordinary least squares regression
	Quantile regression


	Empirical results
	Robustness tests

	Discussion of findings
	Conclusions
	Supplementary material
	References


