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This paper analyses the connectedness among non-alternative collective investment schemes and with their underlying securities 
markets. The results show that non-alternative collective investment schemes should not be taken as important in terms of propa-
gation of shocks and they may play a limited role from a systemic point view, an outcome that may be confirmed by the second 
main result of the paper. There is not a long run relationship (cointegration) between the connectedness from non-alternative 
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1 Introduction

The collective investment industry is an important area of the Spanish financial 
economy. As well as the supply of collective investment schemes (hereafter CIS), an 
important investment opportunity for holders, it provides one of the major chan-
nels for public savings to be invested, helping to enhance economic growth. CIS 
offer important advantages over direct investment in individual securities: in-
creased diversification, daily liquidity and professional investment management. 
They may also become a “spare tyre” in times of banking crisis, when firms and 
household can face a constrained credit supply.1 In exchange for the benefits, inves-
tors pay fees, mainly to the investment management companies that administer the 
CIS.

In Europe, CIS can be divided into two categories depending on regulation: alterna-
tive CIS, which are mainly subject to the Alternative Investment Fund Managers 
Directive (hereafter AIFMD) and non-alternative CIS that are mainly subject to the 
Undertakings for the Collective Investment in Transferable Securities (hereafter 
UCITS) and Money Market Funds Regulation (hereafter MMFR).2 Throughout the 
financial crisis, as described by the FSB (2013), it was felt that not all types of CIS 
are equally susceptible to runs and panic, something that the public authorities 
should take into account. 

Regulation 1092/2010 of the European Parliament and the Council of 24 November 
2010 on European Union macro-prudential oversight of the financial system and 
establishing a European Systemic Risk Board defines systemic risk as “a risk of dis-
ruption in the financial system with the potential to have serious negative consequenc-
es for the internal market and the real economy”.3 In addition, Benoit et al. (2017) 

1 In order to diversify the sources for financing real economy projects throughout Europe, the European 
Commission tried to promote the Capital Markets Union (CMU). CIS are an important part of the non-
bank financial economy that may allow firms to finance and support projects as they can take stakes in 
firms’ equity or debt. CIS may be seen as one of the alternatives to banking.

2 It is important to point out that in European jurisdictions, a significant percentage of alternative CIS are 
regulated under the national Laws and they are closer to be considered as non-alternative UCITS (“oth-
ers” category in the European Securities and Markets Authority’s (ESMA) terminology), although they do 
not fulfil all UCITS Directive or MMFR requirements, e.g. with regard to certain guaranteed funds. AIFMD 
corresponds to Directive 2011/61/EU of the European Parliament and of the Council of 8 June 2011 on 
Alternative Investment Fund Managers and amending Directives 2003/41/EC and 2009/65/EC and Regu-
lations (EC) No. 1060/2009 and (EU) No. 1095/2010. UCITS Directive corresponds to Directive 2009/65/EC 
of the European Parliament and of the Council of 13 July 2009 on the coordination of laws, regulations 
and administrative provisions relating to undertakings for collective investment in transferable securi-
ties. Finally, MMFR corresponds to Regulation (EU) 2017/1131 of the European Parliament and of the 
Council of 14 June 2017 on money market funds.

3 Regulation 1092/2010 of the European Parliament and the Council also defines the financial system as 
“all financial institutions, markets, products and market infrastructures”.
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recently adopted a minimal definition of systemic risk as the “risk that many par-

ticipants are simultaneously affected by severe loses, which then are spread through 

the system”. These authors consider different sources of systemic risk: systemic risk-
taking related to the bets taken by financial institutions that are large and correlated, 
contagion mechanisms, which explain how losses can spillover from one part of the 
financial system to another and finally amplification mechanisms that capture how 
small shocks can end up having a significant impact.

Before the crisis, CIS were not seen as important from a systemic point of view. 
However, this view partially changed in 2010 when the G20 leaders requested that 
a series of recommendations be adopted to strengthen oversight and regulation of 
shadow banking (now known as non-bank financial intermediation) in order to ad-
dress its potential risks for financial stability. In this regard, the Financial Stability 
Board (FSB) started in 2011 to evaluate these risks through an annual monitoring 
exercise that assesses global trends and risks in the non-bank financial intermedia-
tion system named “Global Monitoring Report on Non-Bank Financial 
Intermediation”.4 The main underlying idea from this FSB monitoring is that while 
non-banking financial intermediaries might be involved in transforming maturity/
liquidity and create leverage, they may also become a source of systemic risk.

As CIS alternatives have received the attention of regulators since they may be in-
volved in investments where there exists leverage and maturity transformation as 
vehicles that may enhance systemic risk, in this paper we study the potential role of 
non-alternative CIS as a source of systemic risk. To this end, we examine how a 
negative shortage in non-alternative CIS can affect the financial system by enhanc-
ing systemic risks. The aim of this paper is to try to calculate and assess the connect-
edness among the different types of non-alternative CIS and the securities markets 
where CIS managers mainly trade their portfolios. These connectedness measures 
envisage how much non-alternative CIS could affect other market participants 
through potential fire sales and how it can put them to deal with a negative external-
ity. Likewise, connectedness measures show how a security market that faces turbu-
lences can affect the non-alternative CIS that participate in it. A large spillover effect 
from non-alternative CIS on the securities they invest in may therefore constitute an 
unexplored source of systemic risk. To our knowledge, this paper is the first in the 
literature that tackles these issues.

To achieve our objectives, we draw on the recent literature (Diebold and Yilmaz, 
2009, 2012, 2014, 2015), which provides a measure of interdependence or spillovers 
of assets returns and/or volatility based on a generalised vector autoregressive 
framework that takes no position with regard to how the interdependence arises. 
This framework provides several measures of spillover or connectedness that are 
related to the fraction of variance in error in H-step ahead forecasts due to shocks to 
another variable or variables arising elsewhere. We also consider the approach 
adopted by Barunik and Krehlik (2018) that describes the frequency dynamics (the 
short term, medium term and long term) of the connectedness by using the spectral 

4 For further details of this report, see FSB (2013) which describes the main features of their annual assess-
ment of the non-bank financial intermediation sector and FSB (2019), where the reader can find the last 
published report.
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representation of variance decomposition based on frequency responses to shocks 
instead of impulse response to shocks.

Two main results can be drawn from the paper. The first is that in periods of finan-
cial distress, the connectedness among non-alternative CIS and their underlying 
markets increase. However, even during negative periods, the connectedness is 
mostly in the short run. This means that non-alternative CIS as well as securities 
markets process the negative shocks quickly and they are mostly translated in an 
increase of the contemporaneous correlation among those CIS and the assets traded 
in securities markets. Therefore, non-alternative CIS should not be taken as impor-
tant in terms of propagation of shocks and they may play a limited role from a sys-
temic point view. This result may be confirmed by the second main result of the 
paper. An analysis of how the connectedness among non-alternative CIS and securi-
ties markets with a proxy of financial systemic risk is provided which argues that 
there is no long run relationship between connectedness and financial systemic risk. 
When the short run is analysed, we see how a negative shock in the financial sys-
temic risk causes an increase in the level of connectedness although the opposite 
cannot be said; a negative shock in the level of connectedness does not cause a rise 
in the measure of the financial systemic risk. 

These results complement the views from the various of the FSB’s “Global Monitor-
ing Report on Non-Bank Financial Intermediation”. We show how financial inter-
mediaries with limited transformation of maturity/liquidity and leverage as non-
alternative CIS are not an important source of systemic risk. This result can be 
extended for the concrete case of the fixed income collective investment schemes 
category.

The remainder of the paper is structured as follows. Section 2 discusses the poten-
tial role of CIS as a source of systemic risk. Section 3 describes the empirical frame-
work. Section 4 presents the data used to study the Spanish non-alternative CIS 
market. Section 5 presents and discusses the results of the empirical analysis. Sec-
tion 6 analyses the relationship between non-alternative CIS connectedness and 
systemic risk. Finally, Section 7 sets out our conclusions.
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2 Collective investment schemes as potential 
sources of systemic risk

The non-banking financial system comprises a heterogeneous list of entity types 
entities which includes CIS, securities broker-dealers, securitisation entities, credit 
insurance providers/financial guarantors, finance companies and trust companies. 
They all have different characteristics and also play different economic roles. For 
example, as described in ESRB (2016b), market infrastructures may become an im-
portant channel for enhancing systemic risks. This is because links between finan-
cial institutions with financial market infrastructures may be a source of risk for the 
whole financial system as interconnectedness among entities may hinder the sys-
tem’s ability to reduce stress. As a result, direct and indirect contagion channels, e.g. 
the result of the long intermediation chains created through securitisation, can am-
plify common shocks. Furthermore, in a market-based financial system, many fi-
nancial entities value their assets and liabilities at fair value, with systematic asset 
price shocks potentially transmitted instantaneously through the non-banking 
channel. This may have a knock-on effect as a result of deleveraging, overcrowded 
trades and market illiquidity (ESRB, 2016b). 

In this regard, unlike bank depositors, CIS investors directly bear the losses of 
their investments, as CIS are effectively shared-ownership investment vehicles. In 
general, CIS investors own a stake proportional to the number of the CIS’s shares 
or units that they own.5 As mentioned earlier, from a systemic point of view, alter-
native CIS have received the attention of the regulator as they may be involved in 
investments where there is leverage and maturity transformation. Thus, along the 
financial crisis, alternative CIS, especially real state funds, played a role as being 
one of few of types of CIS that suffer from liquidity shortage. By the same token, 
money market funds with constant net asset value have also deserved the atten-
tion of public authorities. As shown in Schmidt et al. (2016), in 2008 a US money 
market fund with a constant net asset valuation was affected by massive redemp-
tions which put the fund in a position where it could not meet those redemptions 
to the promised net asset value of $1 per unit. This event showed how such money 
market funds may face liquidity shortages that could be considered as runs be-
cause their investors want to redeem their positions as soon as possible but the 
fund cannot attend them (in game theory literature this is called first-mover ad-
vantage). 

5 Nonetheless, Rajan (2006) argued that mutual funds could be subject to an agency problem. This is be-
cause mutual fund investors only have access to incomplete information and often use recent returns as 
an indicator to judge the fund manager’s ability which may incentivise self-reinforcing fund flows. Re-
cently, Goldstein et al. (2016) found evidence that corporate bond funds are especially vulnerable to run 
risks, as the relative illiquidity of corporate bonds benefits fund investors who sell quickly and thus fos-
ters the first-mover advantage.
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On the other hand, by regulation, non-alternative CIS have access to very limited 
leverage. At the same time, their portfolio must be very diversified or secured. Ac-
cording to ESRB (2016a), due to the characteristics of these CIS, they may help fi-
nancial market in times of distress as they can assume part of excess volatility. How-
ever, it should be also pointed out that almost all non-alternative CIS offer a daily 
opportunity to redeem which puts pressure on the liquidity of these CIS as far as 
their portfolio may not be fully composed by liquid assets. The latter has arisen over 
the past decade; there are some types of CIS, especially fixed income funds, which 
have invested in assets that are considered as more illiquid in a search for yield 
strategy (ESRB, 2017). 

Another aspect that may warrant concern is how the growth of the CIS industry may 
have increased herding behaviour among market participants. Brown et al. (2013) 
found evidence that managers of mutual funds have a tendency to herd based on 
analysts’ recommendations, which can affect market prices, especially during bear 
markets. Moreover, the use of benchmarks and peers to evaluate CIS performance 
has also incentivised herding behaviour by CIS managers, what may be transferred 
to markets in a reduction of assets supply in periods of financial distress. This effect 
may be a particular challenge in markets such as corporate bonds where recent 
regulations seem to prevent banks or alternative CIS from supplying liquidity in 
times of market turmoil (IMF, 2015). At the same time, it is also important to point 
out that the sector of CIS is becoming more concentrated (Haldane, 2014), casting 
doubts about a greater fragility in this sector.6 At the end of the day, a few managers 
could be in charge of a bigger portion of CIS and therefore, the CIS portfolio may 
become very similar. This may also have direct consequences for CIS, as due to 
brand effects, large redemptions in one fund may be imitated by investors of other 
funds managed by the same entity (IMF, 2015). 

Another source that may contribute to liquidity shortage and subsequent projection 
in non-alternative CIS is that, as said, these vehicles are diversified in several dimen-
sions, although their portfolio may be mostly invested in assets traded in only one 
secondary market, for example, the local exchange where the CIS is domiciled 
(Massa et al., 2015). In this case, as a significant part of the portfolio’s assets could 
be traded in one secondary market, there may be secondary effects that affect the 
liquidity of the whole CIS portfolio. 

When one tries to assess the contribution of any financial entity to systemic risk, it 
can be decomposed into two complementary parts: The first consists of calculating 
the probability of each entity to be in a state of financial distress given negative 
shock. The second relates to how the liquidity and solvency distress of a financial 
entity or group of entities may be propagated through the entire financial system 
and, by extension, to the real economy. 

With regard to the former, Schmidt et al. (2016) analysed the characteristics and 
drivers on US markets of the money market funds that suffered liquidity shortages 
during the first episodes of the financial crisis in 2008. By the same token, Martinez 
(2019) used the same methodology of the previous paper and extended the analysis 

6 See Wendt (2015).
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by including the whole field of Spanish non-alternative mutual funds during the 
sovereign debt crisis. He showed that the search for yield strategy leads to higher 
maturity transformation, which, along with the growth of this sector in the last 
years, increases the risk of liquidity shortage of this type of CIS when there is a 
framework of financial distress. These results could show how not only alternative 
or money market CIS are likely to be susceptible to suffering a run, although, for the 
time being, we are not aware of any fund which can be considered to be important 
that has suffered this.7 As we said earlier, this paper tries to shed light on the second 
element of the potential contribution of non-alternative CIS to systemic risk, in 
other words how a negative shock may be propagated to other parts of the financial 
system. In order to do so, we try to measure the connectedness among the non-
alternative CIS as well as with their main underlying secondary securities markets. 

7 It should be pointed out here that there were some suspensions of subscriptions and redemptions of CIS 
in Spain, for example, on 27 June 2018, two mutual funds were suspended. For further details, see htt-
ps://www.cnmv.es/portal/verDoc.axd?t={f99d4778-44b4-4942-a5c7-395dea5283f0}.

https://www.cnmv.es/portal/verDoc.axd?t=%7bf99d4778-44b4-4942-a5c7-395dea5283f0%7d
https://www.cnmv.es/portal/verDoc.axd?t=%7bf99d4778-44b4-4942-a5c7-395dea5283f0%7d
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3 The empirical framework

This section describes the methodology used to measure connectedness. As during 
a financial crisis, financial market volatility generally increases and propagates 
across markets, we analyse the connectedness between non-alternative CIS and the 
securities where their managers trade by considering their volatilities. In this case, 
we especially focus on spillovers from shocks to the non-alternative CIS affecting 
the underlying securities markets where their managers trade their portfolios.

The methodology follows on from the paper by Barunik and Krehlik (2018), a follow 
up from the methodologies proposed by Diebold and Yilmaz (2009, 2012) based on 
the variance decomposition from a vector auto-regression approximating model.8 
This framework provides several measures of spillover or connectedness that are 
related to the fraction of the variance of error in H-step-ahead forecasts due to shocks 
to another variable or variables arising elsewhere, which is insensitive to variable 
ordering. The variance decomposition allows measurement of how much of the fu-
ture uncertainty of one variable comes from a shock in another variable. By simply 
adding the shares of its forecast error coming from shocks from other assets, a 
spillover index can be constructed. Diebold and Yilmaz (2014) argue that this type 
of measures is also related to modern network theory as well as to proposed meas-
ures of systemic risk, as the expected shortfall (Acharya et al., 2017) or CoVaR (Adrian 
and Brunnermeier, 2016). 

The methodology proposed by Diebold and Yilmaz (2009, 2012) proposed a vari-
ance decomposition associated with an N-variable vector autorregression (VAR). 
Thus, if a covariance stationary N-variable is considered, VAR(p): 

x xt
i

p

i t i t= +
=

−∑ ,
1

Φ ε

where ε ˜ ,0 Σ( ) is a vector of independently and identically distributed random var-
iables. The representation as a moving average of the vector xt is:

x At
i

i t i=
=

∞

−∑
0

ε

Where the NxN matrix of coefficients Ai follows A A A Ai i i p i p= + +…+− − −Φ Φ Φ1 1 2 2 , 
with Ai = 0 for i < 0. The moving average representation of the coefficients (or other 
type of transformations as impulse-response functions or variance decompositions) 
is the main tool for the dynamics of the system. Variance decomposition allows us 

8 Most of this literature focuses on the connectedness by using volatility, as it is considered as the carrier 
of information in standard martingale price models (Ross, 1989).
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to parse the forecast error variance for each variable into parts that come from vari-

ous system shocks. It makes possible to assess the fraction of the H-step-ahead error 

variance in forecasting xi that is due to shocks to x j ij ,∀ ≠ , for each i. As we are in-

teresting in forecasting by means of the estimated VAR model, it is estimated by 

following Nicholson et al. (2017). They proposed an estimation method based on 

lasso (Tibshirani, 1996) suitable for prediction.9

In order to compute variance decompositions, orthogonal innovations are needed. 

However, our VAR innovations are contemporaneously correlated. One of the basic 

differences between the two papers by Dielbold and Yilmaz (2009, 2012) are the 

different methodologies they used when dealing with the orthogonality of errors. In 

2009, Diebold and Yilmaz used an identification approach based on the Cholesky 

factorisation which was not robust enough to a different ordering of the variables 

that are part of the VAR model. In 2012, they tried a different approach for the 

identification of the model that is unaffected by ordering. This other method con-

sists of applying the generalised VAR framework from Koop et al. (1996) and 

Pesaran and Shin (1998). For the latter approach, correlated shocks are allowed but 

they are appropriate weighted using the empirical observed distribution of errors. 

This method has its drawbacks, the most important of which is that the sum of con-

tributions to the variance error does not necessarily add up to one. With regard to 

the method used to identify the model, this paper follows Diebold and Yilmaz’s 

2012 study. 

When the model is identified, spillover indices can be computed based on the de-

composition of variance that comes from forecasting one variable from the cur-

rent information contained in other variables. Therefore, own variance shares can 

be defined as the fractions of the H-step-ahead error variances in forecasting xi 

from shocks from xi, for i N= …1 2, , , , and cross variance shares, or spillovers, as 

the fractions of H-step-ahead error variances in forecasting xi from shock of xj, for 
i j N i j, , , , ,= … ≠1 2 .10

If the H-step-ahead forecast error variance decomposition is denoted by θ H
i j

g( ) ,
 for 

H = …1 2, , , then:

θ
σ

H
e A e

e A A e
i j

g jj h

H

i h j

h

H

i h h i

( ) =
( )

( )

−
=

−

=

−

∑
∑,

'

' '
,

1

0

1 2

0

1

Σ

Σ

where Σ is the variance matrix of the error vector ε , σ ii  is the standard deviation 

from the error term for the ith equation and ei is the selection vector with one as the 

ith element and zeros otherwise. It is important to stress again that the sum of ele-

9 Nicholson et al. (2017) provided an R-package as well known as BigVAR that allows the methodology to 
be implemented very easily. 

10 Readers who are interested in sources of connectedness among instrument and markets may consider 
studying different forecast horizons of variance decomposition. As pointed out by Diebold and Yilmaz in 
their 2009, 2012 and 2014 studies, variance decomposition from approximating models are a conveni-
ent approach for the empirical measures of connectedness. Diebold and Yilmaz (2009) define the meas-
ures based on assessing shares of forecast error variable in one variable due to a shock arising in another 
variable in the system.
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ments of each row of the variance decomposition table is not necessarily equal to  
1:

 
N

i j

g
H∑ ( ) ≠

j=1
1θ

,
. It is needed a normalisation of each entry of the variance decom-

position in order to compute the spillover index, the normalisation is usually made 
by the row sum as:11

�θ
θ

θ
H

H

H
i j

g i j

g

j

N

i j

g
( ) =

( )
( )

=∑,

,

,

,
1

By means of the normalisation, 
N

i j

g
H∑ ( ) =

j=1
1�θ

,
 and 

N

i j

g
H N

,∑ ( ) =
i j, =1
�θ . In practical 

terms, by using this methodology what we obtain is a double entry N x N table 
where the pairwise relations between the considered assets are obtained, this table is 
known in the literature as the “connectedness table” (Diebold and Yilmaz, 2012). 

Following the same notation, the “pairwise directional connectedness” from j to i is: 

C Hi j
H

i j

g

← = ( )�θ
,
.

It is important to point out that in general C Ci j
H

j i
H

← ←≠ ,  this means that total number 
of pairwise directional connectedness measures is N N2 − .  

Another measure one can be interested in is the “net pairwise directional connected-
ness”, which is defined as:

C C Cij
H

j i
H

i j
H= −← ← .

Instead of considering the individual elements of the connectedness table, we need 
to evaluate the sums by off-diagonal columns or rows in order to assess how a group 
of elements influences a given element and vice-versa. To do so, we first have to 
define M as set that contains several of the variables considered in the connected-
ness table. Then, “directional connectedness from set M to i” is defined as:

C Hi M
H

j M

j i

i j

g

←
∈
≠

= ( )∑ ,
,

θ

and, “directional connectedness to set M from j” is defined as:

C HM j
H

i M

i j

i j

g

←
∈
≠

= ( )∑ ,
,

θ

In this literature, M usually contains all the variables except the one that is consid-
ered as the receiver or the donor of the connectedness. In former case, this would 
correspond to the total sum of the off-diagonal values of the row and in the latter, to 
the total sum of the off-diagonal values of column. As it happens with pairwise di-

11 Alternatively, it can be normalised the elements of the variance decomposition matrix by the column 
sum of these elements.
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rectional connectedness, it may be interesting the net total effects; “net directional 
connectedness between M and i” is:

C C Ci
H

M i
H

i M
H= −← ←

Finally, if the goal is to compute the total connectedness between two disjoint set of 
variables, which, in general can be of different size, then “total connectedness be-
tween M and P” is defined as:

C
N

H
m

H
pM P

H

i j

i j

N

i j

g

i j M

i j

i j

g

i j
,

,
,

,
,

,

= ( ) − ( ) −
=

≠
∈
≠

∈
∑ ∑1 1 1

1

� �θ θ
PP

i j

i j

g
H

≠

∑ ( )�θ
,

where m is the number of element in M and p is the number of element in P. Com-
plementarily to this measure, “total connectedness” of the system as:

C
N

HH

i j

i j

N

i j

g= ( )
=

≠

∑
,

,

1

1

θ

Notice that the measure of total connectedness is a particular case of total connect-
edness between M and P where both sets are empty. 

This “connectedness table” allows the main measures of connectedness to be calcu-
lated between the non-alternative CIS and the underlying securities markets where 
their managers trade their portfolios:

Connectedness table TABLE 1

x1 x2 • • • • • xN From

x1 θ H
g( )1 1,

θ H
g( )1 2,

• • • • • θ H
N

g( )1, j

g
H

i j≠
∑ ( )1j N=1,... ,

�θ

x2 θ H
g( )2 1,

θ H
g( )2 2,

• • • • •
θ H

N

g( )2, j

g
H

i j≠
∑ ( )2j N=1,... ,

�θ

• • • • • • • • • •

• • • • • • • • • •

• • • • • • • • • •

• • • • • • • • • •

xN �θ H
N

g( )1, �θ H
N

g( )2, • • • • • �θ H
N N

g( ) , j N
i j

N j

g
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≠
∑ ( )1,... ,

�θ
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i N
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i
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�θ i N
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i
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≠
∑ ( )1 2,... ,

�θ • • • • •
j N
i j

N j

g
H=

≠
∑ ( )1,... ,

�θ 1
1N Hi j N
i j

i j

g
, ,... ,=

≠
∑ ( )�θ

Source: Diebold and Yilmaz (2014).
The table shows the schematic connectedness table, which proves central to understanding the various connectedness measures and their rela-
tionships. Its main upper-left block matrix of dimension N´N contains the variance decompositions, called the ‘variance decomposition matrix’. The 
connectedness table augments with a rightmost column containing row sums, a bottom row containing column sums, and a bottom-right ele-
ment containing the grand average, in all cases for i different from j.
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Given this framework provided by Diebold and Yilmaz (2009, 2012), Barunik and 

Krehlik (2018) proposed a method to decompose it in the short, medium and long 

term given a long horizon H. They do so by using the spectral representation of 

variance decomposition based on frequency responses to shocks instead of impulse 

response to shocks, showing how this can be used to describe frequency-dependent 

connectedness measures.12 In order to implement this idea, they work out a fre-

quency response function A e e Ai
h

i h
h

− −( ) =∑ω  ω  which can be obtained as a Fourier 

transform of the coefficients Ah, with i = −1. Therefore, the generalised causation 

spectrum over frequencies ω π π,∈ −( ) is defined as:13

f
A e

A e e
k j

jj
i

k j

i i

k k

ω
σ ω

ω ω
( ) ≡

( )( )
( ) ( )( )′

− −

−,

,

,

1
2

Σ

ΣA

In this case, the row index i has been substituted by k as i is used to represent i− . 

It is important to point out that f
k j( ) ,

ω  is the representation of the spectrum of the 

kth variable at a given frequency w due to shocks in the jth variable. As we want to 

obtain the variance decompositions to frequencies, f
k j( ) ,

ω  can be weighted by the 

frequency share of the variance of the kth variable such that:
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this variable figures out the power of the kth variable at a given frequency. This ex-

pression sums to a constant value of 2π  when summing through frequencies. 

Then, the cross-spectral density on the interval d a b a b a b= ( ) ∈ −( ) <, : , , ,π π :

d

i iA e e d∫ −( ) ( )′ω ω ωΣA

is estimated by means of:

ω
ω ω∑ ( ) ( )ˆ ˆ ˆ ,’A AΣ

for ω
π π
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aH bH

2 2
, where

ˆ ˆ /A A e
h
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h
i Hω πω( ) =

=

−
−∑

0

1
2

12 The spectral representation of variance decompositions can also be viewed as a possible way of measur-
ing causality in the frequency domain.

13 In this case the row index i has been substituted by k as i is used to represent   1− .
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and the Âh coefficients are computed by a recursive method: Â I0 = ,
 

ˆ ˆ
,

A Ah
j

h p

j h=
=

{ }

−∑
1

1

max

Φ ,

where p is the order of the VAR and h H, ,∈ …{ }1 . ˆ ˆ ˆ’ /Σ = −( )ε ε T z , z is a correction 
term that depends on the specification of the estimated VAR.

The impulse response function decomposition at a given frequency is then esti-
mated as ˆ ˆA d A( ) = ( )∑

ω

ω . Thus, the estimation of the generalised variance decom-
positions at a given frequency is:
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is an estimate of the weighting function.
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4 Data 

4.1  Stylised facts of the Spanish non-alternative collective investment 
schemes market: June 1999–December 2018

The non-alternative CIS considered in this paper are financial mutual funds and invest-
ment companies authorised and registered with the CNMV, the Spanish equivalent to 
the U.S. Securities and Exchange Commission. Real state collective investment schemes, 
hedge funds and foreign collective schemes marketed in Spain were not included in the 
analysis. We decided to remove the first two types for two reasons: they have different 
characteristics and they represent a small portion of the total investment in collective 
schemes in Spain.14 At the end of 2018, the total assets under management (hereafter 
AuM) of the CIS authorised and registered with the CNMV were €290.801 billion, the 
real state collective investment schemes accounted for €1.058 billion, whereas hedge 
funds represented a figure of €2.812 billion. We did not consider foreign CIS because 
we do not have access to the relevant data for carrying out the analysis as they are au-
thorised and registered with other national competent authorities.

Collective investment schemes, AuM (left axis) and number FIGURE 1  
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Source: CNMV. 
1  The number of CIS was computed considering each class of a mutual fund or investment company as a 

single entity.

14 Mutual funds and investment companies are open-ended CIS. This means that they allow investors to 
apply for the redemption of their investment against the CIS. Most of these mutual funds and invest-
ment companies are regulated according to Directive 2009/65/EC of the European Parliament and of the 
Council of 13 July 2009 on the coordination of laws, regulations and administrative provisions relating 
to undertakings for collective investment in transferable securities (UCITS). On the other hand, the ex-
cluded CIS are within the Alternative Investment Fund Management Directive and out of real state col-
lective investment schemes and may be closed-ended.
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The number of non-alternative CIS in Spain and their assets grew significantly in 
the period from June 1999 to December 2018. Regarding AuM, we can distinguish 
three different sub-periods along this whole period. As we can see in Figure 1, in the 
years previous to the crisis and especially from 2003, AUM went from about 
€200 billion to the peak of more than €300 billion in 2007. Once the crisis started, 
they fell by half by the end of 2012. Starting in 2013 there was a continuous growth 
until AuM reached again the threshold of €300 billion.

On the other hand, the number of non-alternative CIS surged from 1999 up to the 
beginning of the crisis. In those years, the number went from 2,500 to more than 
6,000. Once the crisis started, they gradually fell to an amount slightly higher 
than 5,000.

Although regulatory, a large part of mutual funds and investment companies share 
the same regulation (UCITS Directive 2009/65/EC), also differing in two important 
characteristics that should be pointed out:

i)  Mutual funds have to declare their vocation and investment strategy before 
they are put on the market. Investment companies enjoy more freedom and 
are not restricted to either a single vocation or to a close investment strategy.

ii)  Mutual funds price their portfolio each day in order to make their net asset 
value public. Investors can therefore apply for the redemption of their invest-
ment according to the published net asset value. Investors of the investment 
companies may buy shares by means of the net asset value published by the 
Management Company or directly from a segment of the Spanish securities 
exchange where these companies’ shares are listed and traded.15

Thus, the first of the differences makes investment companies more suitable for 
institutional investors. As we can infer from Figure 2, mutual funds are, by far, the 
vehicles that represent the highest portion of the CIS AuM. The number of invest-
ment companies meanwhile is higher than the number of mutual funds since 2002. 
The combination of both type of figures leads to mutual funds that are, in general, 
larger than investment companies under the criterion of AuM.

15 https://www.bolsasymercados.es/mab/esp/SICAV/Listado.aspx. 

https://www.bolsasymercados.es/mab/esp/SICAV/Listado.aspx
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AuM and number of mutual funds and investment companies FIGURE 2 
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Regarding how CIS holders behave in times of distress, Figure 3 shows monthly CIS 
net subscription and how there are different reactions depending on the business 
cycle. Over the three periods that were considered as being turbulent, there were 
significant negative net subscriptions. They were especially significant in the first 
period of the financial crisis over the period when Lehman Brother filed for bank-
ruptcy. In that period from September 2007 to July 2009, net subscription registered 
negative figures in each of the months and the total amount was about €105 billion. 
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Monthly collective investment schemes net subscriptions FIGURE 3 
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Source: CNMV.

Along with the other two unstable periods: the dot-com bubble and the sovereign 
debt crisis, there were also periods with negative net subscription, but their total 
amount was notably lower. In the first case, although there was turbulence, espe-
cially in the equity market (Ofek and Richardson, 2003), it was not translated into a 
recession affecting the real economy. This could have limited high negative net 
subscription to equity funds and other types of non-alternative CIS with a big por-
tion of the portfolio in equity although there was no contagion of other types of CIS. 
In the case of the sovereign debt crisis period, negative net subscriptions were nei-
ther as large as in the first period of the financial crisis nor for so long a period. 
However, they did account for nearly a further €50 billion on top of the previous 
€105 billion. One of the reasons why the outcome of the crisis for CIS may have 
been less negative in the second part of the crisis is that both periods were very 
close, even when Spain was one of the European economies where the sovereign 
debt crisis was tougher. A big portion of the investors that decided to drop out of the 
CIS market during the early stages of the crisis did so for liquidity as well as for risk 
aversion reasons. The investors who remained may be seen as having been more 
resilient to market averse conditions.

Another important feature of this market is what the financial literature has referred 
to as domestic home bias (Chan et al., 2005). This picks up on the fact that investors 
tend to invest in securities or portfolios of securities where national financial instru-
ment are over-weighted in terms of attending to standard investment allocation 
models (e.g. Cooper and Kaplanis, 1986). Figure 4 shows the evolution of the weight 
of national financial instruments in the portfolios of Spanish CIS. 
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Percentage of domestic securities over total CIS AuM FIGURE 4 
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The evolution of the weighting shows how CIS portfolios are less diversified be-
tween national and international securities in times of distress. Throughout the fi-
nancial crisis, it can be noticed how the percentage of CIS portfolios invested in 
Spanish securities was higher than in “normal” times. This effect was notably im-
portant during the sovereign debt crisis when about 35% of the total AuM were in-
vested in CIS with portfolios comprising at least 90% of their holding in Spanish 
securities. 

Meanwhile, from 2002 to 2007 and from 2015 to 2018, the percentage of CIS port-
folios investing in international securities increased remarkably. It is important to 
observe how this percentage peaked in 2018, which at this point represents weak 
evidence that the home bias may become less important as time goes by. 

It is therefore important to study the relationship between CIS and the national se-
curities markets, and concretely, how they are interconnected. In this paper, we 
consider the equity and debt markets as those are the most important in the case of 
Spain. Figure 5 shows the market value and the trading volume that takes place over 
Spanish equities.16 These figures may be considered to be in line with their Euro-
pean peers expect for the United Kingdom as well as the United States, which regis-
tered higher trading and market values. In the case of the trading volume, two fea-
tures deserve to be focused on. The first is that it slightly increased over the 
considered period. The second is that the trend that it is showed is very cyclical, 
peaking just before the financial crisis and dropping off after it started. It only re-
covered after the expansive monetary policy began, although in recent years (2016-
2018) it returned to low trading volumes. 

16 Before MiFID I came into force, the trading of the Spanish equities took place exclusively at the official 
markets owned by the Spanish Stock Markets and Financial Systems (BME). Since MiFID I and later MiFID 
II, Spanish equities have been traded on official markets as well as on the market trading facilities such 
as BATS, Chi-X and Turquoise. 
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Spanish equity market over GDP FIGURE 5 
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Regarding the Spanish bond market, Figure 6 shows the outstanding Spanish debt 
issued in bonds, distinguishing between public and private debt. Thus, there are 
two patterns that describe this market over the past 19 years: total outstanding debt 
increased significantly, climbing from 60% of GDP to 140% in 2018 with a peak of 
almost 180% in 2012. The second pattern describes the role of public debt within 
total outstanding debt. Up to the beginning of the crisis, outstanding public debt 
decreased, while private debt increased notably as a result of the real estate boom. 
However, once the financial crisis kicked in, public debt grew due to continuous 
deficits, with a significant replacement of private debt with public debt post-2012. 
With respect to the size of the Spanish market compared to its European peers in 
terms of the outstanding debt, by the end of 2018, the Spanish market was above EU 
member state mean, which is about 100% of European Union GDP.

In general, investors in non-alternative CIS enjoy a high degree of diversification.17 
This allows them to bear a lower risk, in terms of volatility, than when they invest 
directly in the Spanish equity or bond market. Thus, in Figure 7, we can see how the 
weighted volatility of CIS is almost always lower than the volatility of the IBEX 35 
and the IBEX Small Caps (the main indices for blue chips and small caps at the 
Spanish Stock Exchange) as well than for 10-year Spanish government bond (the 
main reference in the Spanish public debt market). 

17 The UCITS and quasi-UCITS are regulated by the Collective Investment Schemes Act no. 35/2003 of 4 
November and related implementing regulations transposing Directive 2009/65/EC to Spanish law. It is 
important to point out that under the European regulations most of the quasi-UCITS are considered as 
alternative CIS which fall under the category of “others”.
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Outstanding debt in the Spanish bond market over GDP FIGURE 6 
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Annualised daily volatility FIGURE 7 
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4.2 Description of the database

The empirical application considers the Spanish non-alternative collective invest-

ment schemes as well as a representation of the equity and fixed income markets. 

The considered CIS are: CIS regulated under UCITS, quasi-UCITS that are regulated 

by the Collective Investment Schemes Act no. 35/2003 and by the Money Market 

Fund Regulation (MMFR). Although the quasi-UCITS can be considered as alterna-

tive from the AIFMD perspective, their characteristics are much closer to the UCITS 

regulation. Regarding money market funds, in Spain, this type of funds could be 

considered as a short term fixed income fund with risk characteristics that are not 

very different from UCITS either. 

For the considered CIS, the original source of the data set is the CNMV, which peri-

odically collects information as part of its duty to supervise collective investment 

schemes. The main data on all existing mutual funds and investment management 



28 Comisión Nacional del Mercado de Valores

companies were obtained on a daily basis from June 1999 to December 2018, includ-
ing those that are now defunct or merged. Treating each CIS/day as a single observa-
tion, the total sample size was 37,550,747 observations, 17,550,710 of which corre-
sponded to non-alternative mutual funds, including their different classes, with the 
remaining observations pertaining to investment companies. The total number of 
different CIS and their classes that are part of the database is 10,973: 6.960 from 
mutual funds and 4,013 from investment companies. 

The database built for the analysis follows a two-step procedure. In the first step, the 
whole population of Spanish non-alternative CIS was considered. By means of 
the two main variables that characterise the non-alternative CIS in each of the 
days under consideration: the net asset value and the assets under management, 
a daily weighted volatility was computed for different categories of CIS. The CIS 
were grouped into five categories depending on the different profiles of their 
vocations: investment companies, equity funds, fixed income funds, guaranteed 
funds and other funds. The investment companies’ category brings together all 
the investment companies registered with the CNMV. The equity funds category 
is composed by all vocations where the mutual funds own mainly a portfolio of 
equities, including mixed equity funds. The fixed income fund category com-
prises the mutual funds whose main investments are in short- and long-term 
fixed income, including monetary and mixed fixed income funds. The guaran-
teed fund category are those funds whose investment strategy consists of a struc-
ture, usually composed by a high rated bond or collection of bonds and a number 
or derivatives, usually over an index or a basket or assets. Finally, the other funds 
category covers all funds within the vocations with the more flexible investment 
policies within UCITS and the quasi-UCITS, this means the Global and Absolute 
Return vocations. Table 1 summarises the main descriptive statistics for each of 
these categories.

Descriptive statistics of CIS by categories TABLE 2

Return.
Mean 

(%)

Return.
Standard 
deviation 

(%)
AuM. Mean

(million euros)

AuM.
Standard 
deviation

(million euros)
Number of 

entities

Total  
number of 

observations

Investment 
companies

1.42 5.68 24,724 6,913 4,013 20,000,037

Guaranteed funds 2.16 1.97 48,585 7,918 1,907 5,005,475

Equity funds 1.69 14.43 34,473 14,582 1,872 5,419,318

Fixed income funds 1.42 0.89 101,383 26,349 2,143 4,998,729

Other funds 0.24 5.37 17,677 14,849 1,038 2,127,188

Source: Own calculations.

We can see how the fixed income funds category is the most important in terms of 
AuM criterion as well as the largest average funds in term of AuM. At the same time, 
their return/volatility was higher than in the case of the equity and other funds cat-
egories. Another feature that may deserve attention is the better performance of the 
investment companies compared with other funds. Given the similar volatility of 
the portfolios, and in many cases similar vocations (Global), the return of the former 
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is notably higher than the latter. One of the reasons why this may happen is that 
the portion of institutional investors in investment companies is higher. Finally, the 
low return of equity funds when we consider the risk assumed by their investors 
should also be highlighted. 

In order to compute daily volatilities and following Garman and Klass (1980), we 
computed the weighted by AuM daily return within each of the categories using the 
funds’ net assets values attending to the following formula:
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where N corresponds to the number of CIS in the category. From this returns, the 
daily annualised volatility is determined as:
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C
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Therefore, we calculated five time series, one for each of the CIS categories, from 1 
June 1999 to 31 December 2018 which include weekend days as well as bank holi-
days, with 7,154 observations. 

In the second step of the building of the database, we combined the data from CIS 
with data from the Spanish underlying markets in which the CIS may invest. In the 
case of the equity market, we took two indices as representative: the IBEX 35 and 
the IBEX Small Caps. For the debt market, the representative is the on-the-run 10-
year Spanish government bond.

The IBEX 35 index comprises the 35 most liquid shares, usually from the largest 
firms that are listed and traded on the Spanish stock exchange.18 Among the regular 
constituents of the index, the bank sector is one of the most important as it repre-
sents about 25-40% of the all constituents’ market value. The IBEX Small Caps 
meanwhile is an index comprising 30 firms among the smallest listed and traded on 
the Spanish stock exchange.19 These small firms represent typical Spanish firm 
more closely and the index path can be seen as proxy of the evolution of the real 
economy. These two indices can therefore be taken to be complementary. Regard-
ing the Spanish debt market, we chose to consider the main benchmark of the Span-
ish public debt. 

In the case of the equity indices, the data on daily values were obtained from Thom-
son Datastream. For the 10-year government bond benchmark, the main data source 

18 The IBEX 35 is an index computed according to the following formula: 
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, where

 It is value of the index at t, MVi,t is the market value of each of the constituents of the index and J is a coef-
ficient used in order to adjust the market value of the constituents due to the issuance of new shares or 
any other corporate action that may dilute the equity value of the firm. 

19 The IBEX Small Caps is also an index weighted by market value that follows the same formula as the IBEX 
35, with the difference between them the criteria for choosing the constituents. One of the criteria con-
sists of prohibiting a share to be part of the IBEX 35 and the IBEX Small Cap at the same time. 
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was Bloomberg. We took the daily information on prices from the 10-year bond 
considered as the on-run. In both cases, volatility was calculated using a similar 
procedure to the CIS, with the data collected for these indices not including week-
end days and bank holidays. Moreover, in the case of 10-year government bond 
benchmark, we also excluded the volatility on the days on which the on-the-run 
bond changed.

The final database on which the analysis is based is made up of eight time series of 
volatilities, one for each of the securities markets indices and one for each of non-
alternative CIS categories. In order to work out a consistent database, we excluded 
from the time series obtained in the first of the database the weekend days and the 
bank holiday. At the same time, the returns from the days after the weekend 
and bank holidays were recalculated for including the returns from the excluded 
days. Finally, we excluded the days where the on-the-run 10-year government bond 
changed too, meaning that the database provides a sample of 4,941 trading days. 
Table 3 shows the main descriptive statistics of the series:

Descriptive statistics of volatility series TABLE 3

Volatility.
Mean (%)

Volatility.
Standard deviation (%) Number of observations

IBEX 35 15.8 15.7 4,941

IBEX Small Caps 12.0 11.6 4,941

10-year Spanish government bond 5.1 5.4 4,941

Investment companies 4.8 4.7 4,941

Guaranteed funds 1.4 1.4 4,941

Equity funds 10.1 10.4 4,941

Fixed income funds 0.6 0.7 4,941

Other funds 3.3 4.3 4,941

Source: CNMV, Bloomberg and Thomson Datastream and own calculations.

The volatility of the different assets appear as expected while that of securities indi-
ces is higher than their CIS category peers due to a higher diversification and be-
cause the different portfolios become more risky as far as the portion of equity is 
higher. Not surprisingly, the IBEX 35 leads the table followed by the IBEX Small 
Caps and the equity funds category, with the fixed income funds category recording 
the lowest volatility. 
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5 Results

In this section we report the empirical results of the analysis of the connectedness 
between the five different types of non-alternative CIS considered in this paper (in-
vestment companies, equity funds, fixed income funds, guaranteed funds and other 
funds) and the main Spanish underlying securities markets where their managers 
trade non-alternative CIS portfolios. 

The methodology described in Section 3 is applied to the Section 4.2 database that 
consists of eight time series of volatilities. It is important to recall that those market 
instruments were: IBEX 35 index, IBEX Small Caps index and the on-the-run 10-year 
Spanish government bond. The others are synthetic and represent different catego-
ries of Spanish non-alternative CIS: investment companies, equity funds, fixed in-
come funds, guaranteed funds and other funds. 

Table 4 shows the full-sample volatility connectedness, which is obtained through 
generalised variance decomposition. Each of the entries of Table 4 is the estimated 
contribution to the forecast error variance of one variable coming from innovations 
to other variable. The estimate of total volatility connectedness is based on a vector 
autoregression model of order 3 and generalised variance decompositions of 250-
day ahead forecast errors.

Full sample connectedness table TABLE 4

IBEX 35 IBEX SC 10-Y Bond IC EF FIF GF OF From

IBEX 35 30.4 8.5 2.2 18.6 23.1 4.6 3.3 9.3 69.6

IBEX SC 12.7 47.3 1.2 13.0 13.5 3.9 2.6 5.8 52.7

10-Y Bond 4.5 1.7 61.4 2.6 3.3 6.3 19.1 1.2 38.6

IC 15.5 7.2 1.0 25.9 21.7 8.2 3.6 16.9 74.1

EF 20.0 7.9 1.4 22.5 27.2 4.3 2.3 14.4 72.8

FIF 6.1 3.3 4.2 13.1 6.6 41.2 16.3 9.2 58.8

GF 5.0 2.5 14.4 6.5 4.0 18.3 46.3 3.1 53.7

OF 9.9 4.1 0.6 22.0 18.6 7.8 2.3 34.8 65.2

To 73.7 35.1 25.0 98.2 90.7 53.5 49.4 59.9 60.7

Net 4.1 -17.6 -13.6 24.1 17.9 -5.3 -4.3 -5.3

Source: Own calculations.
IC = Investment Companies, EF = Equity Funds, FIF= Fixed Income Funds, GF = Guaranteed Funds, OF = Other 
Funds.
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The first important result that emerges from Table 4 is that about 60.7% of the vola-
tility forecast error variance in all the variables is due to connectedness or spillovers,20 
meaning that these may be considered as important on average or unconditionally 
in our sample. 

As our main interest lies in the capacity of non-alternative CIS to affect systemic risk, 
we have given special attention to the fraction of the total volatility forecast error 
variance of the IBEX 35, the IBEX Small Caps and the on-the-run 10-year Spanish 
government bond explained by the non-alternative CIS volatility shocks. It is there-
fore important to focus on the spillovers from shocks to the non-alternative CIS 
volatilities to the main representative Spanish financial instrument volatility. Table 
4 shows that IBEX 35 has a “from” connectedness of 69.6%, due mainly to the im-
pact of volatility shocks to the Equity funds group (23,1%) and Investment compa-
nies group (18.6%) that almost explain the 40% of the total volatility forecast error 
variance of the IBEX 35. Table 4 also indicates that IBEX Small Caps has a slightly 
lower “from” connectedness than IBEX 35 “from” connectedness, reaching a level 
52.7%, due again to the impact of volatility shocks to the Equity funds group (13%) 
and Investment companies group (13.5%). Interestingly, Table 4 shows the lowest 
spillovers from the non-alternative CIS volatility shocks to the on-the-run 10-year 
Spanish government bond that is especially explained by the spillover effects from 
the Fixed income funds (6.3%) and from the guaranteed funds category (19.1%).

It is also important to emphasise that the “to” connectedness of the Investment com-
panies and the Equity funds categories (98.2% and 90.7%) exceeds their “from” con-
nectedness (74.1% and 72.8% respectively) by 24.15% and 17.9% respectively. 
Therefore, they are net transmitters of shocks. On the other hand, Fixed income 
funds, Guaranteed funds and the “Other” category have negative net connectedness 
(-5.3%, -4.3% and -5.3%), indicating that they are net receivers of shocks. Among the 
market instruments (IBEX 35 index, IBEX Small Caps index and the on-the-run 10-
year Spanish government bond), Table 4 indicates that only the IBEX 35 displays a 
slightly positive net connectedness (4.1%) while the IBEX Small Caps and on-the-
run 10-year Spanish government bond have the more negative net connectedness 
(-17.6% and -13.6%), and consequently they are net receivers of shocks.

Before we can make any conclusions on whether the connectedness found can be 
considered to be positive or negative in terms of financial stability or any other as-
pect, another angle should be explored, namely how this connectedness evolves 
over time. This is especially important in this case as spillover volatility may be seen 
as positive when it helps to the price formation in the underlying markets and by 
extension to the pricing of CIS portfolios from the “Other” category. It may also be 
seen as negative when it helps to propagate negative shocks in periods of crisis. 

Therefore, in the following analysis, we study the time-frequency dynamics of con-
nectedness of system as full sample connectedness is a summary of “average” vola-
tility connectedness dynamics that could potentially miss secular and cyclical move-
ments in connectedness. Figure 8 shows the time dynamics of the total connectedness 
of system as well as the decomposition of the total connectedness into frequency 

20 Annex I shows the decomposition of the connectedness measures in the short, medium and long run.
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bands up to one week (corresponding to the short term), from one week to one 
month (corresponding to the medium term) and from one month to 250 days (cor-
responding to the long term), allowing us to investigate how market and non-
alternative CIS risk is connected at different frequencies over time. 

Total connectedness June 2000-December 2018 FIGURE 8 
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Source: Own calculations.

This figure shows that the total volatility connectedness ranges between 45% and 
75% with different temporal dynamics of the eight volatilities of the system as 
shocks work across the system with different impact. During the burst of the tech 
bubble in 2000, the index reached very high levels attaining an average volatility 
connectedness of about 50% until mid-2002 where the index dropped below 
the total sample average volatility connectedness. In June 2002 the index reached the 
lowest level and started to increase steadily reaching a local maximum in mid-2007, 
due to the tightening monetary policy deployed by the U.S. Federal Reserve from 
mid-2006 onwards. Interestingly the index remained at quite low levels during the 
2007-2009 global financial crises, but started to increase sharply during the Euro-
zone debt crisis in 2010-2012. The period from August 2012 onwards can be charac-
terised by an increase in the average total connectedness of the volatilities of the 
market instruments and the non-alternative CIS categories as the total average con-
nectedness is 72.4%, higher than the total unconditional average connectedness, ir-
respective of the cyclical movements of financial markets. This empirical finding 
could be considered as evidence of a more integrated system, as the spillover of the 
shocks across the system is stronger along that period. Finally, once the result of 
the Brexit referendum was known there was a drop in the total connectedness that 
seems to start to recover during the second half of 2018.

Figure 8 also reveals the frequency decomposition of connectedness and shows that 
shocks creating uncertainty in the short term are by far the main driver of total con-
nectedness over the whole sample. Therefore, the uncertainty represented by vola-
tility translates into non-persistent responses of investors to shocks. If we focus on 
the periods of high connectedness of the system, these are also driven by high-term 
frequency response to shocks, something that could be explained as short-term un-
certainty. Although during the periods of high connectedness linked to adverse market 
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risk conditions, there were relative peaks of long-term uncertainty, their role, in 
absolute terms, can be described as non-critical. 

Connectedness among CIS and with securities markets FIGURE 9 

Ju
n-

00
D

ec
-0

0 
Ju

n-
01

 
D

ec
-0

1 
Ju

n-
02

 
D

ec
-0

2 
Ju

n-
03

 
D

ec
-0

3 
Ju

n-
04

 
D

ec
-0

4 
Ju

n-
05

 
D

ec
-0

5 
Ju

n-
06

 
D

ec
-0

6 
Ju

n-
07

 
D

ec
-0

7 
Ju

n-
08

 
D

ec
-0

8 
Ju

n-
09

 
D

ec
-0

9 
Ju

n-
10

 
D

ec
-1

0 
Ju

n-
11

 
D

ec
-1

1 
Ju

n-
12

 
D

ec
-1

2 
Ju

n-
13

 
D

ec
-1

3 
Ju

n-
14

 
D

ec
-1

4 
Ju

n-
15

 
D

ec
-1

5 
Ju

n-
16

 
D

ec
-1

6 
Ju

n-
17

 
D

ec
-1

7 
Ju

n-
18

 
D

ec
-1

8 

Connectedness CIS Connectedness CIS-markets 

0 

5 

10 

15 

20 

25 

30 

35 

40 

45 

Source: Own calculations.

Given these results, the most likely explanation of the connectedness is that of it 
having a positive role, a sign that non-alternative CIS as well as markets process the 
shocks quickly, which becomes an adequate process of price formation. In distress 
conditions, the connectedness among CIS and with their underlying market could 
be said to play a limited role in terms of financial stability that does not go further 
than an increase in the contemporaneous correlations among assets. The results are 
in line with the FSB view – that financial institutions that have neither the transfor-
mation of maturity/liquidity nor the leverage as key aspects of their investment 
strategies have a limited impact in financial stability through financial markets. 

In general, the dynamics of the total connectedness of the system behaved as ex-
pected with the exception of the periods at the beginning of financial crisis (around 
the Lehman bankrupt) and at the beginning of the sovereign debt crisis (around the 
bail-out of Greece). As can be seen in Figure 9, in these two periods the drop in 
the connectedness mainly came from how the volatilities between non-alternative CIS 
and their underlying markets interact. These two periods also share a further com-
monality, that when connectedness rose, it rose sharply. Therefore, in these periods 
the flows of volatilities between CIS seem to show a partial decoupling of the prices 
in securities markets with the pricing of CIS portfolios. Figure 10 may reinforce this 
idea as it is shown how the main driver of the connectedness between the non-
alternative and securities markets is again the short run. 
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Connectedness between CIS and securities markets FIGURE 10 
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After discussing the total connectedness we analysed the information contained in 
the “directional to others” row and the “directional from others” column dynami-
cally through the directional connectedness plots. Therefore, we analysed the direc-
tional information that is masked under the total connectedness plot. From Figure 
11, it can be argued that the shocks in the volatility of the non-alternative CIS affect 
future volatility of the securities markets in a stronger manner than when it flows 
in the opposite direction. This means that the information that securities markets 
incorporate in trading assets from the pricing of the CIS portfolio is higher. Al-
though, CIS portfolios are mainly composed of liquid assets, they contain certain 
assets which are not so liquid and which help to fix references for prices in the seg-
ment of the equity market for small caps and partly for the market of public debt 
(see Table 4). It is also important to point out that the net contribution of CIS to se-
curities markets increased, as their connectedness peaked at the beginning of the 
financial crisis before growing significantly. 

Connectedness to from net securities markets-CIS FIGURE 11 
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In order to gain a better understanding of the whole picture of connectedness, Fig-
ure 12 plots the total connectedness corresponding exclusively to the spillover from 
each of the categories of non-alternative CIS shocks to the other categories non-
alternative CIS in the long, medium and short term. As in the other figures of this 
type, the connectedness among CIS categories comes mainly in the short run. 
Shocks from one CIS category are absorbed quickly by the other CIS. In this regard, 
even if one category of CIS may experience distress, as far as the other CIS catego-
ries are liquid, the other CIS could absorb negative shocks in a very short period of 
time. One of the main reasons why this would happen is that this type of financial 
institutions is mostly financed by their unit and shareholders who bear all profits 
and losses of the CIS portfolios. 

Finally, Figure 13 provides the percentage contribution of each category of CIS to 
the total connectedness among CIS. In this regard, the categories of equity funds, 
investment funds and other funds contribute with a percentage very similar to the 
connectedness along the studied period. At the same time, the contributions from 
fixed income and guaranteed funds are more volatile, being the one from guaran-
teed funds always lower than the categories mentioned earlier. The percentage of 
contribution of the fixed income category was persistently lower as well since about 
June 2002 until December 2015. From that moment onwards, the percentage is com-
parable with the highest categories of contributors.

Total connectedness among CIS categories FIGURE 12 
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Percentage of contribution by category to total connectedness FIGURE 13 
among CIS  
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As a consequence of the European Central Bank monetary policy, non-alternative 
CIS, especially fixed income funds, have been involved in a search for yield strategy 
(ESRB, 2017). This has raised the concern that CIS in general, and this type of CIS 
in particular, have been investing in assets that are less liquid than in recent years. In 
order to address how this behaviour may have impacted on connectedness, we ana-
lysed the spillovers of shocks from funds of fixed income category on the financial 
markets and vice-versa. In this case, a very high spillover of funds with fixed income 
volatility shocks to the financial market volatilities would give these funds a poten-
tial role of amplifying systemic risk episodes. 

Figure 14 shows that connectedness of funds of fixed income and financial markets 
only represent about 15% of total non-alternative CIS-market connectedness. At the 
same time, if we compare the pattern of the connectedness with the one from all 
non-alternative CIS, they are very close. It is also important to point out that after a 
significant drop during 2017, connectedness rose to reach a level closer to the ones 
disclosed during the financial crisis during 2018. However, as in the whole analysed 
period, most connectedness came in the short run. This trend may be interpreted as 
a sign that this increase in the connectedness is mainly translated in a rise of the 
correlation of the assets traded in the securities markets. Therefore, if the empirical 
evidence does not change in the future, the investment strategies of the fixed in-
come funds will represent limited stress on the financial system.
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Connectedness between FIF and securities markets FIGURE 14 
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The last conclusion is in line with that shown in Figure 15. This demonstrates that 
net directional volatility between markets and the funds of fixed income is on aver-
age close to zero for the whole period but has become negative from the European 
debt crisis onwards, suggesting that funds of fixed income have become net trans-
mitters of shocks to Spanish financial markets volatilities. This qualitatively rele-
vant result is not so relevant from a quantitative point of view as net directional 
volatility is always above 2%. If we focus on the “net” connectedness during 2018, 
behaviour did not change with respect to previous years. It may be argued that fixed 
income funds mainly contribute to price formation in the securities markets and by 
extension they help them to enjoy better conditions as a result of being more liquid.

Connectedness to from net securities markets-FIF FIGURE 15 
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When we turn the analysis to focus on the relationship between fixed income funds 
and the other type of non-alternative CIS, we can see in Figure 16 that it is very 
volatile. At the beginning of the 2000s as well as in recent years, connectedness has 
been of great importance, representing about 20-25% of the total connectedness 
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among non-alternative CIS (See Figure 12). Even for those periods, if we compare 
that figure with the percentage of AuM in these funds, the latter is higher. One of 
reasons for this is that this type of fund is usually made up of funds with the lowest 
levels of volatility. From 2003 to 2008, connectedness was persistently low, only 
starting to rise once the financial crisis started. In any case, the connectedness dur-
ing the financial crisis was lower than the one found in the last couples of years. 
When connectedness is split into the short, medium and long run, it is found that 
most connectedness come in the short run as has been the case for all CIS. 

Figure 17 shows how connectedness is divided in connectedness “from”, “to” and 
“net” with regard to fixed income funds. If we combine the results from this Figure 
with those from Figure 16, it can be argued that although in general the fixed in-
come funds category is a net receiver of volatility, this situation tend to change 
when connectedness reaches its highest levels. Thus, the fixed income funds catego-
ry became a provider of volatility for the other categories of CIS.

Connectedness between FIF and other categories of CIS FIGURE 16 
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Connectedness to from net FIF-CIS FIGURE 17 
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Therefore, given the current concerns over possible liquidity shortage in the fixed 
income category, what we can state from the perspective of connectedness is that it 
rose during 2018. This happened due to the connectedness between the fixed in-
come funds and the securities markets as well as because of the connectedness be-
tween the fixed income funds with other categories of CIS. These connectedness are 
mostly driven by the short run, this means that there is a fast absorption of any 
possible shock in volatilities in terms of markets and CIS. As in the previous cases, 
this can be interpreted that in general this short run connectedness helps to the 
formation of prices in the securities markets and by extension to the pricing of CIS 
portfolios. From a systemic risk perspective, the rise of connectedness can be taken 
as an indication of a higher correlation between fixed income fund portfolios and 
the system’s other assets and CIS, however it does pose limited risk in the long run. 

In Annex 2, the reader can find Tables 14 and 15 as well as Figures 23-28. These ta-
bles and figures represent the connectedness between non-alternative CIS and sev-
eral underlying securities markets from January 2008 to December 2018. In this 
case, apart from the three instruments considered before (IBEX 35, IBEX Small 
Caps and the on-the-run 10-year sovereign bond), it has been added the daily volatil-
ity of a basket of CDS from Spanish issuers.21 We added this last instrument to try 
to have an indicator of the corporate bond market. From the tables and figures in 
the annex, we can see that apart from finding out slightly higher level of connected-
ness, especially when considering the spillovers between CIS and securities markets, 
all the qualitative results and trends remain to be similar.

Extensions and robustness checks

So far, the connectedness of the Spanish non-alternative CIS and with the national 
underlying national securities markets has been studied taking into account all such 
CIS. However, it is also interesting to explore how this connectedness evolves over 
time for relevant clusters of CIS. Figure 18 shows the total connectedness among 
non-alternative CIS and with their underlying markets from June 2000 to December 
2018 for the CIS that are considered as institutional and for the CIS run by manage-
ment companies owned by credit institutions.22

From the aforesaid Figure, it can be argued how, in general, there is no substantial 
difference on connectedness when institutional CIS and CIS from credit institu-
tions are compared with the whole dataset, especially after the financial crisis start-
ed. The result from CIS from the management companies of credit institutions is 

21 The number of CDS changes over the analysed period. More issuers were incorporated as soon as their 
CDS was available on Thomson Datastream. The basket is composed by nine issuers at the 01/01/2008 
and it consisted of 17 issuers as of 31/12/2018.

22 For the purposes of this article, we defined wholesale funds as those in which the holdings are greater 
than 150,000 thereafter. For the case of the investment companies, the assumption was made that all of 
them were considered as institutional investment vehicles. In the sector as a whole, the proportion of 
retail funds was notably higher than that of wholesale funds. Regarding the other classification, the 
Spanish financial economy relies mainly on banks. Thus, we can divide this sector into two: fund man-
agement companies may belong to a credit institution or may be independent. Considering the type of 
management company, we would like to point out that bank fund management companies accounted 
for the greatest proportion of mutual funds and AuM. 
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not surprising since they account for most of the AuM.23 However, the result for the 
index of the institutional CIS is not so straightforward, as this part of Spanish CIS 
market represented about 20-35% of AuM in the analysed period. One may have 
expected a different behaviour for this type of investors as they are considered to be 
as more sophisticated. However, previous papers on the Spanish CIS market, e.g., 
Cambon and Losada (2014), show how the institutional CIS do not present any sig-
nificant different pattern in their investment behaviour in comparison with the re-
tail segment in the fixed income funds categories. The opposite appeared in the 
more risky categories of CIS in which institutional investors could enjoy higher re-
turns. As most of the institutional investors’ AuM is invested in fixed income CIS 
categories, it could help to understand why the connectedness is not substantially 
different. 

Total connectedness by different types of CIS FIGURE 18 
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One may assume that as CIS hold more domestic assets, the subset of these CIS 
should be more interconnected among themselves and with national securities mar-
kets when they are considered on their own. However, if we look at Figure 19 is 
observed, the connectedness for CIS with portfolios that contain at least 40% and 
60% of domestic securities assets do not show a level of connectedness that differs 
greatly to all Spanish non-alternative CIS. This therefore backs up the methodology 
used as it shows the level of connectedness embedded in the dataset irrespective of 
any noise that CIS with few or no domestic assets holding may cause. At the same 
time, as might be expected, the other conclusion that may arise is that most of the 
non-alternative CIS connectedness comes from the CIS with the largest positions in 
domestic securities. 

23 See Cambón and Losada (2014).
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Total connectedness by minimum percentage of domestic FIGURE 19 
assets in the CIS portfolios  

Ju
n-

00
D

ec
-0

0 
Ju

n-
01

 
D

ec
-0

1 
Ju

n-
02

 
D

ec
-0

2 
Ju

n-
03

 
D

ec
-0

3 
Ju

n-
04

 
D

ec
-0

4 
Ju

n-
05

 
D

ec
-0

5 
Ju

n-
06

 
D

ec
-0

6 
Ju

n-
07

 
D

ec
-0

7 
Ju

n-
08

 
D

ec
-0

8 
Ju

n-
09

 
D

ec
-0

9 
Ju

n-
10

 
D

ec
-1

0 
Ju

n-
11

 
D

ec
-1

1 
Ju

n-
12

 
D

ec
-1

2 
Ju

n-
13

 
D

ec
-1

3 
Ju

n-
14

 
D

ec
-1

4 
Ju

n-
15

 
D

ec
-1

5 
Ju

n-
16

 
D

ec
-1

6 
Ju

n-
17

 
D

ec
-1

7 
Ju

n-
18

 
D

ec
-1

8 

40%0% 60%

0 

10 

20 

30 

40 

50 

60 

70 

80 

Source: Own calculations.

Finally, we conclude this part of the analysis by exploring the robustness of the re-
sult to the choice of the parameters for the model. Figures 29-31 in Annex 3 show 
the total connectedness for different values for the number of lags of the predictive 
VAR described in Section 3 (p =3, p = 4, p = 5), the number of sessions that contains 
the estimation windows (w = 200, w = 250, w = 300 sessions) and the forecast hori-
zon (H = 200, H = 250, H = 300 sessions). 

From these figures we can see how the total connectedness among non-alternative 
CIS and with their underlying markets barely change for the different proposed lags 
for the predictive lags and for the forecast horizon. However, when different estima-
tion windows are considered (Figure 30), the paths are very similar expect for the 
cases of sudden drops in the measured connectedness. The drops were identified in 
all three cases and while their magnitudes are very close, they have been disclosed 
by the model later where the estimation window is wider. If we attend to the predic-
tive power of the different models with different estimation windows, the differ-
ence is very small. Therefore, it is not easy to determine how wide the optimal esti-
mation window should be, which can be seen as a possible limitation for this type 
of methodology. In this paper we kept the estimation window to 250 sessions that 
account for about a year, following closely Barunik and Krhelik (2018).24

24 In this case it is also important to argue that most of the connectedness comes from the short run (see 
Figure 8). In previous papers on this literature, e.g. Diebold and Yilmaz (2012, 2014), the regular windows 
for estimation were from 100 to 200 sessions for daily data.
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6 On the relationship between non-alternative 
investment schemes connectedness with 
markets and financial systemic risk

One important question is how the connectedness index between the CIS and their 

underlying markets developed in this article may behave over time with respect to 

a stress indicator for Spanish financial markets. Estevez and Cambon (2016) devel-

oped an index that adapted the “Composite Indicator of Systemic Stress” that Hollo 

et al. (2012) proposed for the whole euro area for the Spanish market, known as the 

Spanish Financial Market Stress Index (FMSI). We chose the connectedness index 

between the CIS and their underlying markets instead of the one that sum the con-

nectedness among CIS and from them with the underlying markets because we 

found more relevant the possibility that the CIS may trigger a relevant rise in sys-

temic risk through their role within securities markets. Moreover, the main driver 

in the variability of the total connectedness index is how the CIS are connected with 

markets.25 In Figure 20, both indices were plotted, and one may observe how the 

Spanish FMSI shows greater volatility.

Non-alternative CIS connectedness with markets and systemic risk indices FIGURE 20 
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In order to address the analysis of these two-time series and the impact that the 

length and strength of financial shocks might have, a bivariate Threshold Vector 

25 Furthermore, if the Johansen test (1995) were applied to both indexes it would be found that the null 
hypothesis that both indexes are cointegrated cannot be rejected.
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Autoregressive Model (TVAR) was applied.26 This type of VAR models assumes that 
one or several state transitions are triggered when a variable reaches certain thresh-
old levels which are determined from the data. Tsay (1998) offers the methodology 
to compute the thresholds embedded in the data, where the non-alternative collec-
tive schemes connectedness with market index (hereafter NACISCMI) and the FSMI 
are considered as endogenous variables. For this analysis, we considered weekly 
data for the two indices from the first week of June 2000 to the last week of Decem-
ber 2018 in the form of logarithms.

Before discussing whether a TVAR is an appropriate model for this data, we should 
first look at the properties of these time series separately. In this framework, it is 
important to assess if they may have the presence of unit roots:

Unit root test TABLE 5

Augmented Dickey-Fuller unit root test

t-Statistic P-value

Ln(FMSI)2 -2.905 0.045

Ln(NACISCMI)1 -3.052 0.031

Source: Own calculations.

1 NACISCMI is the acronym for denoting the non-alternative CIS connectedness with markets index.

2 FMSI is the acronym for denoting the Financial Market Stress index.

Under the Augmented Dickey-Fuller test, the null hypothesis is the presence of a 
unit root. From Table 5, at the 95 percent level the null hypothesis should be re-
jected, meaning that both indices follow stationary processes.27

The next step to be taken in this analysis is to determine whether it is appropriate 
or not to use a TVAR and where so, what is the number of thresholds that best de-
scribed the data. According to the Hasen (1999) test of linearity presented in Table 
6, it turns out that on the one hand, a linear VAR is rejected as the model that best 
describes the data; on the other hand it is found out as well that it is better a single 
threshold (2 regimes) for the TVAR instead of considering two (three regimes). In 
this type of model, the threshold delay also has to be determined. Table 4 shows 
how the difference between d=1 or d=2 is not important in terms of information 
criteria (Akaike Information Criterion (AIC) or the Bayesian Information Criterion 
(BIC)). Thus, we have opted to set the threshold delay as 1, meaning that the esti-
mated threshold value of the FMSI is Ln(20.1).

The considered TVAR regression model is therefore as follows:

26 Estevez and Cambon (2016) tried to assess how the FMSI relates with Spanish real economy by studying 
the relationship between the FMSI and Spanish Industrial Production index in a monthly basis as well as 
using a bivariate TVAR with two thresholds. Their main finding was a negative Granger causality of the 
industrial production index as a response to shocks in the FMSI which was not found when there was a 
shock in the in the industrial production index. 

27 See Dickey and Fuller (1979).
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Where zt−1 is the threshold variable, xt are the two indices in natural logarithms and 
the vector εt

s s h l, ,=  contains the state-dependent regression errors. The number of 
lags of the TVAR was also determined by the AIC.

Testing the var versus tvar and the threshold delay TABLE 6

Hansen(1999) test of linearity

VAR us TVAR(1) VAR us TVAR (2) TVAR(1) us TVAR(2)

d=1 53.324
(0.000)

75.117
(0.000)

21.793
(0.5600)

d=2 51.574
(0.000)

68.676
(0.000)

17.10231
(0.8000)

Testing threshold delay (d) and threshold values

threshold AIC BIC

d=1 Ln(20.1) -10,841 -10.701

d=2 Ln(16.0) -10,839 -10,699

Source: Own calculations.
The Hansen test of linearity tests VAR against TVAR(1) or TVAR(2). In this case the null hypothesis is that the 
data follows the linear model (VAR). TVAR(1) denotes the bivariate threshold-VAR model with three lags, one 
threshold (two regimes) and the non-alternative investment collective schemes connectedness index and 
the FSMI as endogenous variables. TVAR(2) share the same characteristics as TVAR(1) but in this case two 
thresholds and three regimes were considered. TVAR(1) against TVAR(2) is also tested. P-values are reported 
in parentheses. d denotes the threshold delay and “threshold” is the threshold value computed. AIC is the 
Akaike information criterion and BIC is the Bayesian information criterion. Weekly data from the first week of 
June 2000 to the last week of June 2018.

As shown in Figure 21 the estimated threshold parameter may be interpreted as the 
level from which stress in the Spanish financial markets can be considered to exist.28 
Therefore, for values below the threshold level, we consider the Spanish financial 
markets are in a low stress environment. However, for higher values than the thresh-
old, it is considered that the financial markets suffer from stress.

28 Estevez and Cambon (2016) analysed the relationship between the FMSI and Spanish Industrial Produc-
tion index by means of a TVAR model with two FMSI-related thresholds, 26.6 and 49.0. Thus, the thresh-
old of the analysis carried out in this paper can be considered as close to the lowest threshold they found. 
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Spanish FMSI and the regime from the TVAR FIGURE 21 
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Once the form of the bivariate model was determined, two important questions re-
garding the behaviour between these two indices arose, which sought to establish 
which are the long- and short-term relations between them. In other words, we 
would like to test whether these two indices are co-integrated and/or whether there 
may exist any Granger-causality.29 In this case we should use the test for cointegra-
tion and Granger-causality adapted to specificities of threshold models: These are 
Seo (2006) for testing cointegration and Li (2006) for testing Granger Causality. 
Thus, in order to estimate cointegration, we first have to estimate a Threshold Vec-
tor Error Correction Model (TVEC) with the same characteristic as the TVAR de-
scribed earlier, and given that model estimation, applying the test by Seo (2006). 

Test of cointegration (TVEC) TABLE 7

Seo (2006) test of cointegration

test-Statistic P-value

38.85216 0.945

Source: Own calculations.

The null hypothesis for this Seo (2006) test is that there is no cointegration. As Table 
5 shows, the null hypothesis cannot be rejected and thus there is no evidence that 
these two series enjoy a long-term relationship. 

Table 8 offers the estimates for the parameters of the TVAR described earlier.30 It is 
important to point out that the results for the FSMI and the non-alternative alterna-
tive CIS connectedness with markets index came out as similar. In this regard, both 
time series depend mainly on their own lags across both regimes. Therefore, it is not 

29 See Granger (1969).
30 The residuals of the TVAR model do not present serial correlations. The LM test for residual correlation 

up to five lags was run. In this case, the null hypothesis of this test is that there is no serial correlation at 
lag=1,..., 5. In all the considered lags, the null hypothesis was not rejected at the confidence level of 95%.
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surprising that when the Li (2006) test was applied, there was not any evidence of 
Granger causality. This test has as the null hypothesis that there is no Granger cau-
sality across both regimes. From Table 9, it is clear that we cannot reject the null 
hypothesis and they do not show a short run relationship. This final result com-
pletes the analysis for the whole considered sample and the conclusion would be 
that these two indices show neither co-integration nor Granger causality. 

Nevertheless, these same results do not imply that there may not exist some type of 
relationship between the FMSI and NACISCMI in any of the two regimes. In par-
ticular, we are interested in studying possible interactions in the stress regime. One 
way of approaching this is to try to investigate it through the TVEC/TVAR method-
ology used so far; however, it may be more robust to focus on non-truncated series 
that are always above the estimated threshold as this subset may have different 
characteristics, in particular unit roots, than the ones found in the whole series. 

The longest period where the FMSI is above 20.1 goes from the third week of July 
2007 to the second week of October 2013, resulting in a series of 310 observations. 
This period picks up mainly what is known as the Great Recession where it hap-
pened: the subprime mortgages episode in the US, the collapse of Lehman Brothers 
and the sovereign debt crisis that affected several member states in the Eurozone. 

Parameter estimates of TVAR (one threshold, two regimes) TABLE 8

Threshold < Ln(20.1)
Low stress

Threshold ≥ Ln(20.1)
High stress

Ln(FMSI)2 Ln(NACISCMI)1 Ln(FMSI)2 Ln(NACISCMI)1

Intercept 0.497*
 (0.213)

0.018
(0.038)

-0.029
(0.092)

 0.049**
(0.016)

Ln(FMSI)2(t-1)  0.735***
(0.058)

0.003
(0.010)

 0.796***
(0.047)

0.010
(0.008)

Ln(NACISCMI)1(t-1)  1.499***
(0.442)

 1.101***
(0.080)

0.207
(0.202)

 1.148***
 (0.036)

Ln(FMSI)2(t-2) -0.011
(0.056)

0.006
(0.010)

0.109
(0.060)

-0.004
(0.011)

Ln(NACISCMI)1(t-2)  -1.4016*
 (0.623)

-0.008
(0.113)

-0.179
(0.312)

-0.0456
(0.056)

Ln(FMSI)2(t-3) 0.057
(0.049)

-0.008
(0.009)

0.115*
 (0.045)

-0.005
(0.008)

Ln(NACISCMI)1(t-3) -0.051
(0.441)

-0.1026
(0.079)

-0.044
(0.202)

-0.118*
 (0.036)

1 NACISCMI is the acronym for denoting the non-alternative CIS connectedness with markets index.
2  FMSI is the acronym for denoting the Financial Market Stress index.
TVAR refers to the bivariate threshold-VAR model with 3 lags, one threshold (two regimes) and the natural 
logarithm of Spanish FMSI and the natural logarithm of non-alternative collective investment schemes con-
nectedness index. High stress regime occurs when the ln(FMSI) is equal to or above 3. Low stress regime oc-
curs when the ln(FMSI) is lower than 3. Percentage of observations in each regime: 27.6% (low-stress) and 
72.4% (high stress). Weekly data from the first week of June 2000 to the last week of December 2018.
*** Significance at 0.1%.
** Significance at 1%.
* Significance at 5%.
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Test of granger causality (TVAR) TABLE 9

Li (2006) test of Granger causality

Test-Statistic P-value

2.0587 0.724

Source: Own calculations.

As in the previous analysis, we firstly have to study the properties of the each of 
their time series on their own, especially the possible presence of unit roots:

Test of unit roots for a crisis period TABLE 10

Augmented Dickey-Fuller unit root test

t-Statistic P-value

Ln(FMSI)2 -2.597 0.095

Ln(NACISCMI)1 -1.497 0.534

Source: Own calculations.
1 NACISCMI is the acronym for denoting the non-alternative CIS connectedness with markets index.
2 FMSI is the acronym for denoting the Financial Market Stress index.

The test of unit roots shown in Table 10 indicates that neither index follows a sta-
tionary process over this crisis period. At 95% percentage of significance for both 
series, it cannot be rejected that the null hypotheses have a unit root. Given that 
both series follow a random path, the appropriate tests for cointegration and Granger 
causality should be applied. On the basis of the results when the whole dataset was 
considered, both series can be assumed to be modelled linearly. 

In order to test cointegration, the Johansen test (1995) is applied to a bivariate vector 
error correction model (VEC). By using the AIC, it was determined that the optimal 
number of lags for the estimated VEC should be 3. The null hypothesis of the 
Johansen test is that there are no more than r cointegrating relations. Therefore, we 
are testing a model with only two endogenous variables, if there were cointegrated, 
it should be rejected the null hypothesis when r =1. Table 9 reports the results from 
the Johansen test and it is found the FSMI and the NACISCMI are not cointegrated 
either in the considered crisis period and they do not maintain a relation in the long 
term. 

Test of cointegration (VEC) TABLE 11

Jonhansen test (1995)

Trace-Statistic P-value

r = 0 8.134 0.451

r = 1 0.185 0.667

Source: Own calculations.
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Being non-cointegrated does not necessarily imply that these two time series do not 
have a relationship in the short term. We then tested the results of the estimation of a 
vector autorregresive model (VAR) to see whether there is any Granger-causal relation-
ship between the two, the FMSI and NACISCMI. A VAR model with four lags was es-
timated and as it can be deemed that both series have a unit root, the Granger causality 
should be tested following the procedure developed in Toda and Yakamoto (1995):31

Test of granger causality (VAR) TABLE 12

Chi-Statistic P-value

Dependent variable : NACISCMI 9.349 0.053

Dependent variable: FMSI 0.545 0.969

Source: Own calculations.

For this test, the null hypothesis is that one of the variables (the independent vari-
able) does not Granger-cause the dependent variable. Table 10 outlines the result of 
the tests for both variables, showing that the null hypothesis is about to be rejected 
when the NACISCMI is the dependent variable at 95% of significance. When the 
dependent variable is the FMSI, the null hypothesis is not rejected. It is also impor-
tant to point out that if the crisis period is restricted to one of the periods where the 
FMSI was higher (from the third week of January 2008 to the second week of No-
vember 2012, where the FMSI was persistently above 50), Granger-causality results 
are clearer in the sense that the null hypothesis is rejected when NACISCMI is the 
dependent variable (p-value = 0.017). When the dependent variable is FSMI the null 
hypothesis is not rejected as in the extended crisis dataset.

Impulse response functions (IRS) of the NACISCMI to shocks FIGURE 22  

in the FSMI from VAR models
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The figure on the left is the impulse response function of the VAR with 4 lags with the FSMI and NACISCMI as 
endogenous variables for the data from the third week of July 2007 to the second week of October 2013. In 
this period, the FSMI is always above 20.1. The figure on the right is the impulse response function of the VAR 
with 4 lags with the FSMI and NACISCMI as endogenous variables for the data from the third week of January 
2008 to the second week of November 2012. In this period, the FSMI was persistently above 50.

31 Although the AIC recommended using three lags, this specification has problems of errors serial correla-
tion. This problem is corrected by estimating a VAR with four lags.
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Once the Granger-causality has been calculated, it is also important to determine the 
sign of response of the NACISCMI to shocks in the FSMI over time. Figure 22 shows 
the impulse responses function for the two crisis periods analysed previously. The 
figure on the left is the impulse response function of the period from the third week 
of July 2007 to the second week of October 2013 in which we can see that the re-
sponse is not strong and it is positive for the first session and becomes negative 
from session 9 onward. The figure on the right is the impulse response function for 
the period where FSMI is persistently above 50, the response in this case is stronger 
and always positive. 

Therefore, the main conclusions that can be taken from this section is that these two 
indices are not cointegrated and do not maintain a relationship in the long run. 
However, when the whole analysed period is considered there does not exist a 
Granger causality, there is evidence that as a crisis becomes deeper the FSMI Grang-
er causes the non-alternative CIS connectedness with market indices (NACISCMI). 
Furthermore, the response of the NACISCMI to shocks in FSMI becomes stronger 
and more positive as the potential crisis is deeper. At the end of the day, it can be 
argued that non-alternative CIS do not cause an increase in the systemic risk through 
their connectedness with securities markets. Only the connectedness increases in 
the short run due to the increase of systemic risk. Then, the results from this section 
are in line with those obtained in Section 5 where connectedness among non-
alternative CIS and with their underlying securities markets was analysed in depth. 
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7 Conclusions

In recent years, several international bodies (G20, FSB, ESRB or IMF) have started 
to focus on how financial institutions other than banks may contribute to systemic 
risk. This paper has tried to shed light on the role that non-alternative CIS may play 
on this regard. Specifically, the way that shocks from this type of investment vehi-
cles can potentially be propagated through the financial system has been assessed. 
This analysis has been carried out by means of the level of connectedness among 
non-alternative CIS and with their underlying equity and debt markets. 

Empirical analysis was applied to the Spanish of non-alternative CIS which com-
prises UCITS and quasi-UCITS investment schemes. Such financial vehicles consti-
tute almost the whole collective investment market in Spain. Their regulation re-
quires that most of the assets that they hold are very liquid, significantly limiting 
their ability to leverage. Two main results came out from the analysis: firstly that in 
periods of financial distress, connectedness among non-alternative CIS and their 
underlying markets rises notably. However, even in these negative periods, connect-
edness is mainly produced in the short run. This means that non-alternative CIS as 
well as securities markets quickly process negative shocks and they are mostly 
transferred as an increase of the contemporaneous correlation among those CIS and 
the assets traded in securities markets. Non-alternative CIS are therefore not an 
important source in terms of propagation of shocks although they may play a lim-
ited role from a systemic point view. At the same time, when the financial markets 
run periods of non-distress, connectedness is mainly in the short run as well, which 
can be seen as a sign of the contribution of the CIS to the price formation in the 
securities markets. This result can be extended for the concrete case of fixed income 
collective investment schemes category which is currently at the crux of the debate.

This latter outcome is complemented by the second main result of the paper. An 
analysis of how the connectedness among non-alternative CIS and securities mar-
kets and financial systemic risk is carried out. By means of this analysis, it is clear 
that there is no relationship in the long run (cointegration) between connectedness 
and financial systemic risk. When the short run is analysed, we can see how a nega-
tive shock in the financial systemic risk causes an increase in the level of connected-
ness although the opposite cannot be said; a negative shock in the level of connect-
edness does not cause a rise in the measure of the financial systemic risk. 

In the FSB’s different versions of their “Global Monitoring Report on Non-Bank Fi-
nancial Intermediation”, it is argued that financial institutions with a business mod-
el of maturity/liquidity transformation and/or leverage are susceptible to being sys-
temically important. We complement this view by showing how financial 
intermediaries with limited transformation of maturity/liquidity and leverage as 
non-alternative CIS are not an important source of systemic risk. 
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It is also important to point out other results from the analysis of connectedness 
among CIS and with their underlying securities markets. By this token, in general 
terms, there is evidence that non-alternative CIS contribute more information to the 
price formation in the securities than the information CIS receive from market in 
order to price their portfolios. When we disaggregate among different categories of 
CIS, it can be seen that their behaviour is mixed. Equity funds as well as Investment 
companies extract more information to price their portfolios than the information 
they provide to securities markets. The opposite is the case when fixed income, 
guaranteed and global and absolute return funds were considered. 

The results and conclusions presented were tested against different assumptions of 
the empirical model used as were more technical assumptions such as the number 
of lags in the specification of the model or different forecast horizons, where we 
found similar results. We also explored data subsets in order to examine the con-
nectedness among non-alternative CIS and with the markets by different types of 
final investors: institutional of clients of credit institution or by CIS with portfolios 
more concentrated in the Spanish securities markets. In the former we found simi-
lar outcomes when we considered the connectedness of the CIS from different types 
of investors. For the case of the CIS run by management companies of credit institu-
tions, finding similar results is not surprising since they represent most of this mar-
ket. In the case of CIS held by institutional investors, one may expect different be-
haviour. However, this type of investor behaviour does not differ from retail 
investors in the fixed income funds categories (Losada and Cambon, 2014) which 
represent the majority of their investment in CIS. For the latter analysis, we consid-
ered the connectedness produced by only CIS with a portfolio with percentages of 
domestic securities above certain thresholds, in this case 40% and 60%. The analy-
sis showed that the level of connectedness was very similar in comparison with the 
case where the whole population of non-alternative CIS was considered. This con-
sistency gives support to the methodology used as it picks up the connectedness 
regardless of the noise from the CIS with few domestic assets. 

On 1 March 2019, the regulation that created the Spanish macroprudential author-
ity was published which empowered it with macroprudential tools regarding finan-
cial institutions, including CIS. In particular, this regulation sought to strengthen 
the liquidity of CIS portfolios. From a point of view of the potential contagion to 
securities markets, this paper shows evidence that any negative shock from CIS can 
be absorbed by the market with limited consequences as far as systemic risk is con-
cerned, apparently meaning that, as long as the current conditions regarding CIS 
and securities market are maintained, no further measures in the liquidity of  
CIS’ portfolios are needed. 



Non-alternative collective investment schemes, connectedness and systemic risk 53

References

Acharya, V.V., Perdersen, L.H., Philippon, T. and Richardson, M. (2017). “Measuring 
systemic risk”. The Review of Financial Studies, vol. 30, pp. 2-47.

Adrian, T. and Brunnermeier, M.K. (2016). “CoVaR”. American Economic Review, 
vol. 106, pp. 1705-1741.

Barunik J. and Krehlik T. (2018). “Measuring the frequency dynamics of financial 
connectedness and systemic risk”. Journal of Financial Econometrics, vol. 16, pp. 
271-296.

Benoit, S., Colliard, J., Hurlin, C. and Perignon, C. (2017). “Where the risks lie: a sur-
vey on systemic risk”. Review of Finance, vol. 21, pp. 109-152. 

Brown, N.C., Wei, K.D. and Wermers R. (2013). “Analyst Recommendations, Mutual 
Fund Herding, and Overreaction in Stock Prices”. Management Science, vol. 60, pp. 
1-20.

Cambón M.I. and Losada R. (2014). “Competition and structure of the mutual fund 
industry in Spain: The role of credit institutions”. Spanish Review of Financial Eco-
nomics, vol. 12, pp. 58-71.

Chan, K., Covrig, V. and Ng, L. (2005). “What determines the domestic bias and for-
eign bias? Evidence from mutual fund equity allocations worldwide”. Journal of Fi-
nance, vol. 60, pp. 1495-1534.

Cooper, I. and Kaplanis E. (1996). “Cost to crossborder investment and international 
equity market equilibrium”. In J. Edwards, J. Franks, C. Mayer and S. Schaefer, eds.: 
Recent Developments in Corporate Finance (Cambridge University Press, Cam-
bridge).

Dickey, D.A. and Fuller, W.A. (1979). “Distribution of the estimators for autoregres-
sive time series with a unit root”. Journal of the American Statistical Association vol. 
74, pp. 427-431.

Diebold, F. and Yilmaz, K. (2009). “Measuring financial asset return and volatility 
spillovers with application to global equity markets”. The Economic Journal, vol. 
119, pp. 158-171.

Diebold, F. and Yilmaz, K. (2012). “Better to give than to receive: predictive direc-
tional measurement of volatility spillovers”. International Journal of Forecasting, 
vol. 28, pp. 57-66.



54 Comisión Nacional del Mercado de Valores

Diebold, F. and Yilmaz, K. (2014). “On the network topology of variance decomposi-

tions: measuring the connectedness of financial firms”. Journal of Econometrics, vol. 

182, pp. 119-134. 

Diebold, F.X. and Yilmaz, K. (2015). “Financial and Macroeconomic Connectedness: 

A Network Approach to Measurement and Monitoring”. Oxford University Press, 

April 2015.

Estevez, L. and Cambon, M.I. (2016). “A Spanish financial market stress index”. The 

Spanish Review of Financial Economics, vol. 14, pp. 23-41.

ESRB (2016a). “Macroprudential policy beyond banking: an ESRB strategy paper”. 

ESRB (2016b). “Indirect contagion: the policy problem”. ESRB occasional paper 9. 

ESRB (2017). “European shadow banking monitor”.

FSB (2013). “Policy framework for strengthening oversight and regulation of shad-

ow banking entities”.

FSB (2019). “Global Monitoring Report on Non-Bank Financial Intermediation 

2018”.

Garman, M.B. and Klass, M.J. (1980). “On the estimation of security price volatilities 

from historical data”. Journal of Business, vol. 53, pp. 67-78.

Goldstein, I., Jiang, H. and Ng, D. (2017). “Investor flows and fragility in corporate 

bond funds”. Journal of Financial Economics, vol. 126, pp. 592-613.

Granger, C.W. (1969). “Investigating causal relations by econometric models and 

cross-spectral methods”. Econometrica, vol. 37, pp. 307-333.

Hasen, B.E. (1999). “Testing for Linearity”. Journal of Economic Surveys, vol. 13, pp. 

554-576.

Hollo, D., Kremer, M. and Lo Duca, M. (2012). “CISS – a composite indicator of sys-

temic stress in the financial system”. European Central Bank, Macroprudential Re-

search Network, Working Paper series 1426.

Haldane, A.G. (2014). “The age of asset management?” Speech at London Business 

School.

IMF (2015), Global Financial Stability Report, October 2015. 

Johansen, S. (1995). “Likelihood-Based Inference in Cointegrated Vector Autoregres-

sive Models”. Oxford: Oxford University Press.

Koop, G., Pesaran, M.H. and Potter, S.M. (1996). “Impulse response analysis in non-

linear multivariate models”. Journal of Econometrics, vol. 74, pp. 119-147.

https://global.oup.com/academic/product/financial-and-macroeconomic-connectedness-9780199338306
https://global.oup.com/academic/product/financial-and-macroeconomic-connectedness-9780199338306


Non-alternative collective investment schemes, connectedness and systemic risk 55

Li, J. (2006). “Testing Granger Causality in the presence of threshold effects”. Inter-
national Journal of Forecasting, vol. 22, pp. 771-780.

Martinez, A. (2019). “Mutual fund redemptions during the Spanish sovereign debt 
crisis”. CNMV Working Paper, forthcoming.

Massa, M., Schumacher, D. and Wang, Y. (2015). “Who is afraid of Blackrock? 
INSEAD Working Paper 2015/60/FIN.

Nicholson, W., Matteson D. and Bien J. (2017). “VARX-L: Structured regularisation 
for large vector autoregressions with exogenous variables”. International Journal of 
Forecasting, vol. 33, pp. 627-651.

Ofek, E. and Richardson, M. (2003). “DotCom mania: The rise and fall of internet 
stock prices”. Journal of Finance, vol. 58, pp. 1113-1137.

Pesaran, H.H. and Shin, Y. (1998). “Generalized impulse response analysis in linear 
multivariate models”. Economics Letters, vol. 58, pp. 17-29.

Rajan, R. (2006). “Has Finance Made the World Riskier?”. European Financial Man-
agement, vol. 12, pp. 499-533.

Ross, S.A. (1989). “Information and volatility: the no-arbitrage martingale approach 
to timing and resolution irrelevancy”. Journal of Finance, vol. 44, pp. 1-17.

Schmidt, L., Timmermann, A. and Wermers, R. (2016). “Runs on money market 
mutual funds”. American Economic Review, vol. 106, pp. 2625-2657.

Seo, M. (2006). “Bootstrap testing for the null of no cointegration in a threshold vec-
tor error correction model,” Journal of Econometrics, vol. 127, pp. 129-150.

Tibshirani, R. (1996). “Regression shrinkage and selection via lasso”. Journal of the 
Royal Statistical Society. Series B (Methodological), pp. 267-288.

Toda, H.Y and Yakamoto T. (1995). “Statistical inference in vector autoregressions 
with possibly integrated processes”. Journal of Econometrics, vol. 66, pp. 225-250.

Tsay, R.S. (1998). “Testing and modelling multivariate threshold models”. Journal of 
the American Statistical Association, vol. 93, pp. 1188-1202.

Wendt, F. (2015). “Central counterparties: addressing their too important to fail na-
ture”. IMF Working Paper WP/15/21.





Non-alternative collective investment schemes, connectedness and systemic risk 57

Annex I

Short, medium and long run connectedness tables TABLE 13

Short run connectedness: 1 to 5 days

IBEX 35 IBEX SC
10-Y  

Bond IC EF FIF GF OF From ABS From WTH

IBEX 35 19.2 4.7 1.2 11.2 13.8 2.8 2.0 5.4 41.2 62.7

IBEX SC 7.6 30.5 0.7 7.8 8.1 2.4 1.6 3.5 31.8 48.3

10-Y Bond 2.5 0.9 39.6 1.4 1.8 3.9 12.2 0.7 23.4 35.5

IC 10.2 4.4 0.7 17.8 14.6 5.7 2.5 11.1 49.1 74.8

EF 11.9 4.3 0.8 13.8 16.7 2.6 1.4 9.0 43.9 66.8

FIF 4.9 2.7 3.4 10.6 5.3 33.3 13.1 7.5 47.5 72.2

GF 3.7 1.9 10.9 4.9 2.9 14.3 36.5 2.3 40.8 62.1

OF 5.4 2.2 0.3 11.9 10.1 4.2 1.2 18.9 35.4 53.9

To ABS 46.2 21.1 18.0 61.7 56.6 36.1 34.0 39.4 39.1

To WTH 70.4 32.1 27.4 93.9 86.2 54.9 51.7 59.9 59.6

Medium run connectedness: 5 to 20 days

IBEX 35 IBEX SC
10-Y  

Bond IC EF FIF GF OF From ABS From WTH

IBEX 35 6.7 2.2 0.6 4.3 5.4 1.0 0.8 2.3 16.4 77.4

IBEX SC 3.1 10.9 0.3 3.1 3.3 0.9 0.6 1.4 12.7 59.7

10-Y Bond 1.2 0.5 14.4 0.7 0.9 1.6 4.6 0.3 9.7 45.6

IC 3.2 1.7 0.2 4.9 4.3 1.6 0.7 3.4 15.0 70.6

EF 4.8 2.0 0.3 5.1 6.2 1.0 0.6 3.2 17.0 79.8

FIF 0.9 0.5 0.6 1.9 1.0 5.9 2.3 1.3 8.5 39.8

GF 1.0 0.5 2.5 1.1 0.8 2.9 7.2 0.5 9.3 43.6

OF 2.5 1.0 0.2 5.5 4.7 2.0 0.6 8.7 16.4 77.1

To ABS 16.6 8.2 4.7 21.7 20.2 10.9 10.1 12.5 13.1

To WTH 78.0 38.8 22.1 102.2 95.0 51.4 47.5 58.7 61.7
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Long run connectedness: 20 to 250 days

IBEX 35 IBEX SC
10-Y  

Bond IC EF FIF GF OF From ABS From WTH

IBEX 35 4.4 1.7 0.4 3.1 3.9 0.7 0.5 1.7 12.0 91.9

IBEX SC 2.0 5.9 0.2 2.0 2.2 0.6 0.4 1.0 8.3 63.5

10-Y Bond 0.8 0.3 7.4 0.5 0.6 0.9 2.4 0.2 5.5 42.3

IC 2.1 1.1 0.2 3.2 2.8 1.0 0.4 2.4 10.0 76.2

EF 3.4 1.5 0.2 3.6 4.3 0.7 0.4 2.2 12.0 91.7

FIF 0.3 0.2 0.2 0.6 0.3 2.0 0.8 0.4 2.8 21.7

GF 0.4 0.2 1.0 0.5 0.3 1.1 2.6 0.2 3.6 27.9

OF 2.0 0.8 0.1 4.5 3.8 1.6 0.5 7.2 13.5 102.9

To ABS 10.9 5.8 2.3 14.8 14.0 6.5 5.4 8.1 8.5

To WTH 83.8 44.3 17.6 112.9 106.6 49.7 41.0 62.2 64.8

Source: Own calculations. 
IC = Investment Companies, EF = Equity Funds, FIF= Fixed Income Funds, GF = Guaranteed Funds, OF = Other 
Funds.
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Annex II

Full sample connectedness table TABLE 14

IBEX 35 IBEX SC
10-Y  

Bond CDS Corp IC EF FIF GF OF From

IBEX 35 26.6 8.9 2.4 3.6 16.9 20.5 3.9 4.0 13.2 73.4

IBEX SC 12.8 39.4 1.3 2.1 13.2 14.2 3.5 2.3 11.0 60.4

10-Y Bond 4.7 1.6 50.7 4.1 3.3 3.5 6.9 22.1 3.1 49.3

CDS Corp 8.2 3.0 4.7 58.6 5.1 7.1 2.5 6.3 4.4 41.3

IC 14.4 7.7 1.4 2.0 23.0 18.9 8.9 3.8 20.0 77.1

EF 18.2 8.8 1.6 2.9 19.9 24.8 3.6 2.4 17.6 75.0

FIF 5.0 2.9 4.8 1.5 14.0 5.2 35.6 16.2 14.7 64.3

GF 5.6 2.2 16.7 4.1 6.4 3.9 17.3 38.1 5.9 62.1

OF 11.4 6.4 1.9 2.0 18.8 15.4 9.2 4.6 20.7 69.7

To 80.3 41.5 34.8 22.3 97.6 88.7 55.8 61.7 89.9 63.6

Net 6.9 -18.9 -14.5 -19.0 20.5 13.7 -8.5 -0.4 20.2

Source: Own calculations.
IC = Investment Companies, EF = Equity Funds, FIF= Fixed Income Funds, GF = Guaranteed Funds, OF = Other 
Funds

Short, medium and long run connectedness tables TABLE 15

Short run connectedness: 1 to 5 days

IBEX 35 IBEX SC
10-Y  

Bond
CDS  

Corp IC EF FIF GF OF
From  

ABS
From  
WTH

IBEX 35 17.3 5.2 1.4 2.3 10.4 12.5 2.4 2.5 8.0 44.7 65.0

IBEX SC 8.0 26.4 0.8 1.3 8.2 8.7 2.2 1.5 6.8 37.6 54.5

10-Y Bond 2.7 0.9 33.2 2.6 1.9 2.0 4.4 14.3 1.8 30.6 44.5

CDS Corp 5.6 2.1 3.6 46.4 3.5 4.9 1.8 4.8 3.0 29.3 42.6

IC 9.5 4.9 0.9 1.3 16.0 12.7 6.5 2.7 14.0 52.4 76.1

EF 10.7 4.9 0.9 1.7 11.8 14.7 2.2 1.4 10.4 44.1 64.0

FIF 4.1 2.4 3.9 1.2 11.3 4.2 28.8 13.1 11.9 52.1 75.6

GF 4.2 1.7 12.7 3.1 4.9 2.9 13.6 29.9 4.5 47.6 69.0

OF 7.7 4.4 1.0 1.2 15.1 12.0 7.4 2.6 17.5 51.5 74.7

To ABS 52.5 26.6 25.1 14.6 67.2 60.0 40.5 42.8 60.5 43.3

To WTH 76.2 38.6 36.5 21.2 97.6 87.1 58.8 62.3 87.8 62.9
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Medium run connectedness: 5 to 20 days

IBEX 35 IBEX SC
10-Y 

Bond
CDS  

Corp IC EF FIF GF OF
From  

ABS
From  
WTH

IBEX 35 5.6 2.1 0.6 0.8 3.8 4.6 0.9 0.9 3 16.7 83.4

IBEX SC 2.9 8.5 0.3 0.5 3 3.3 0.8 0.5 2.5 13.8 69.7

10-Y Bond 1.3 0.4 11.8 1 0.9 0.9 1.7 5.2 0.8 12.2 61.5

CDS Corp 1.8 0.6 0.8 9 1.1 1.5 0.5 1.1 0.9 8.3 41.9

IC 3 1.7 0.3 0.4 4.4 3.8 1.6 0.7 3.8 15.3 77.0

EF 4.3 2.2 0.4 0.7 4.6 5.8 0.8 0.6 4.1 17.7 89.1

FIF 0.7 0.4 0.7 0.2 2 0.8 5.1 2.3 2.1 9.2 46.6

GF 1 0.4 2.9 0.7 1.1 0.7 2.7 6 1 10.5 52.2

OF 2 1 0.7 0.5 2.3 2.1 1.2 1.3 2 11.1 74.9

To ABS 17 8.8 6.7 4.8 18.8 17.7 10.2 12.6 18.2 12.8

To WTH 88.5 47.2 31.3 23.4 103.6 96.5 53.5 60.7 91.5 66.2

Long run connectedness: 20 to 250 days

IBEX 35 IBEX SC
10-Y 

Bond
CDS 

Corp IC EF FIF GF OF
From 

ABS
From 
WTH

IBEX 35 3.7 1.6 0.4 0.5 2.7 3.4 0.6 0.6 2.2 12 107.7

IBEX SC 1.9 4.5 0.2 0.3 2 2.2 0.5 0.3 1.7 9.1 81.5

10-Y Bond 0.7 0.3 5.7 0.5 0.5 0.6 0.8 2.6 0.5 6.5 57.9

CDS Corp 0.8 0.3 0.3 3.2 0.5 0.7 0.2 0.4 0.5 3.7 34.4

IC 1.9 1.1 0.2 0.3 2.6 2.4 0.8 0.4 2.2 9.3 83.6

EF 3.2 1.7 0.3 0.5 3.5 4.3 0.6 0.4 3.1 13.3 119.8

FIF 0.2 0.1 0.2 0.1 0.7 0.2 1.7 0.8 0.7 3 27.6

GF 0.4 0.1 1.1 0.3 0.4 0.3 1 2.2 0.4 4 35.2

OF 1.7 1 0.2 0.3 1.4 1.3 0.6 0.7 1.2 7.2 82.0

To ABS 10.8 6.2 2.9 2.8 11.7 11.1 5.1 6.2 11.3 7.6

To WTH 97.4 56.5 25.8 24.5 114.7 108.5 48.8 53.0 100.4 70.0

Source: Own calculations.
IC = Investment Companies, EF = Equity Funds, FIF= Fixed Income Funds, GF = Guaranteed Funds, OF = Other 
Funds.
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Connectedness between CIS and securities markets FIGURE 23 
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Source: CNMV.

Total connectedness among CIS categories FIGURE 24 
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Connectedness between FIF and securities markets FIGURE 25 
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Connectedness to from net securities markets-FIF FIGURE 26 
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Connectedness between FIF and other CIS categories FIGURE 27 
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Connectedness to from net FIF-CIS FIGURE 28 
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Annex III

Total connectedness by different forecast horizons FIGURE 29 
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Total connectedness by different estimation window width FIGURE 30 
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Total connectedness by different number of lags of the predictive VAR FIGURE 31 
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