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Measuring Stress and Risks to the Financial System Israel on a Radar Chart

Hanan Zalkinder

Abstract

The recent financial crisis has focused attentiontioee need for better measures and
conceptual indicators of financial stress that lealp identify vulnerabilities and imbalances
that may threaten the stability of the financiadtsyn.

This paper develops for Israel an intuitive anainfative way to summarize and display
the large amount of data relating to financial sgran Israel. The methodology, known as a
Radar Chart, is used widely in the financial sifbiliterature. It consists of a method for
constructing indices of internal and external ris&sthe financial system and a graphic
approach for displaying these key indices. Our eaindn is that our approach provides an
intuitive starting point for policymaking discusae® and allows policymakers to better assess
the current condition of the financial system.

Our findings successfully capture the dynamics deselopments of stress in the
financial system in Israel from 1998 onward. Wenf&ice our results by performing an out-
of-sample test showing that our results do not deéms ex post observations.



1. Introduction

The 2008 financial crisis brought to the centeatténtion the need for better measures and
conceptual indicators of financial stress that lealp identify vulnerabilities and imbalances
that may threaten the stability of the financiadtsyn.

Financial stress is defined as the force exerte@cmmomic agents by uncertainty and
changing expectations of loss in financial markaatsl institutions (llling and Liu, 2003).
Since uncertainty and expectations are difficultn@asure, the question, “What is the level of
stress in the financial system?” is not easy tavansNevertheless, data on variables relating
to financial stress are available and can be usézhtn about this unobservable variable.

Current tools for understanding financial stres¢snael are limited and usually involve
the analysis of masses of data and time series.pidses difficulties in the assessment of the
state of the financial system and the identificaiod various sources of potential threat. Our
goal is to develop an intuitive and informative waysummarize and display the copious
data relating to financial stress. This paper isnéral stepping stone in its area for Israel and
should be regarded as a basis for future research.

Gauging financial stress may be an ambiguous ewndealien one looks solely at an
aggregated composite indicator. Consequently, plajisof several key indices that reflect
different parts of the economy may be both infoiaeatand easier to grasp, improving
policymakers’ assessment capabilities. In this pape use a Kalman filter to construct key
indices of financial stress in Israel and illustrahem via a multivariate graphic approach
that, is recently used widely in financial stalilanalysis and we believe, addresses these
needs:

It is difficult to define when an economy is iniadncial crisis. A financial crisis is a
situation in which the risk of a financial systerme&kdown is high, whether this risk is
realized or not. Dovman (2010) investigates businegcles and elaborates on recent
financial and non-financial crises in Israel. Tablé shows the financial crises:

Table 1.1. Periods of Financial Crisis in Israel

Name Span Cause
Russian/LTCM 1998Q4- ' '
- Russia defaults on its debts; fall of LTCM
crisis 199901
_ . 2001Q4- o
High-tech crisis Dotcom bubble and second intifada
2003Q2

. o 2008Q3- | Bursting of housing bubble ;Increase in subprime
Subprime crisis _ o _
2009Q2 | mortgage lending coupled with high LTV ratios

! The general structure of the indices construatetiis paper is shown in Appendix C (Figure C.1).



Figure 1.1 shows periods of real GDP growth andogsrof financial crises in Israel
(shown in blue). Dovman (2010) identifies threeafnial crises since 1996.

Although the literature on financial stress is esiee, it devotes much of its attention to
early warning composite indicators of mixed prastability (Berg, Bozensztein, and
Patillo, 2004). Coincident indicators, in contragte contemporaneous and therefore less
prone to errors and false projections. Examplethefuse of such indicators are Stock and
Watson (1989), who constructed a state of the engrindex for the United States; van der
End (2006), who constructed a financial stabilrigex for the Dutch financial system; Yiu,
Ho, and Jon (2010), who constructed a financiasstindex for Hong Kong; llling and Liu
(2003), who constructed an index for financial sdren Canada, and Y. Saadon (2005), who
constructed a composite index for stress in fir@ntiarkets in Israel. The Federal Reserve
Banks of St. Louis (Kliesen and Smith, 2009) andsés City (Kliesen and Smith, 2010)
constructed a stress index for the U.S. as welspide the evident advantages of these types
of indicators, the complexity of the concept ofalfirtial stress means that aggregation may
lead to the loss of important information; therefaio obtain a more complete picture of the
condition of the financial system, the examinatairnseveral key indices is vital (Lo Duca
and Peltonen, 2011). The IMF uses a radar chapass of its assesment of the global
financial stability.

Figure 1.1. QoQ Real GDP Growth
(Seasonally Adjusted, Annualized)
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We apply a graphic approach to the display of sdVeey indices related to financial
stress and potential risks that may induce findrstiass in Israel, such as the deterioration of
the global or domestic real economy. Our goal iglustrate potential risks and stress levels
in the financial system on several dimensions,vwalig us to examine specific indices and
their development over time.



The diagram that we construct below is called arathar? a method of displaying
multivariate data via the two-dimensional displdyseveral composite indices based on
groups of the underlying variables; the compositdides are represented on axes that
originate in the same point. This method allowsauglentify outlier variables and simplifies
the comparison of the data in different periods.

Radar charts are found in the literature on muliata data visualization. The IMF uses a
radar chart to measure global financial stabilattels et al. (2010) use indices such as
emerging market risk and credit risk in the corcdtan of their global financial stability map.
The Reserve Bank of New Zealand uses a radar thdlistrate financial stability in New
Zealand (Bloor and Bedford, 2009). Radar chartsused for other purposes, too, e.g., to
examine labor markets in different countries (Mgsehd Mayer, 1999) and to examine
athletes’ strengths and weaknesses.

In the literature, indices for the constructiorradlar charts use relatively basic statistical
methods. In an economic analysis where serial latiwa is evident, however, some of these
methods may vyield inaccurate results. Disregardsegial correlation and avoiding a
structural econometric model may lead to invalichadosions. Indeed, serial correlation
couldn't be confidently ruled out in most time ssrused in this pap&implying the need for
a proper structural autoregressive model. Otheres#nclude the categorization of variables
and rescaling methods. To mitigate these problerasjse methods from time series analysis
and estimation theory, which are more appropriatéHese types of indices.

Our radar chart consists of six main unobservedct@sd(time series), chosen to capture
developments in different areas of the economy tedfinancial system. Three indices
measure risks to the financial system: global amahektic macroeconomic risks and global
financial risk. The three other indices measure ekim financial stress: market risk, credit
risk, and instability of financial institutions. Wautline seven steps for the construction of
each index. We start by selecting and scaling carapovariables. Next, we aggregate these
variables to form the index using a Kalman filtawhich we use to solve a set of dynamic
eguations, namely a state space representatitime fimal stage, we perform a transformation
that allows us to compare the different indices.

The rest of the paper is organized as follows: iBec2.1 outlines the seven steps in
which the indices used for the radar chart are tcocted, Section 2.2 describes the
construction of the radar chart, Section 3 examihesesults, and Section 4 concludes.

2 Alternately known as spider charts, star plotsyeeth charts and kiviat diagrams.

% The Durbin Watson Test and LM Test were used terdgne the existence of serial correlation.

* The Kalman filter was introduced by Kalman (1968} applied to economic coincident indicators byc&to
and Watson (1989). Examples of its use in IsraelMelnick and Golan (1992) and Marom, Menashe, and
Suchoy (2003), who constructed a state of the engrindex for Israel.



2. Methodology

2.1 Construction of the indices

In this section we present the seven-step methggldtr the construction of the indices that
we later plot onto the radar chart. Six of the @edi capture the key risks that may trigger a
financial downturn in Israel; together, they putptw draw a complete picture of the
condition of the country’s financial system. Thiedices capture risks that are external to the
domestic financial system; the other three, whioh @ssentially financial stress indices,
capture risks within the financial system (Tablg)2.

Table 2.1

Index Starting date

External risk indices

Global macroeconomic risk 19990Q1
Domestic macroeconomic risk 199001
Global financial risk 1992Q2

Financial stress indices

Market risk 1996Q2
Credit risk 1997Q1
Financial institutions 2001Q1

The indices are latent time series (“Index”), eate constructed on the basis of a
number of observable time series (“Component IrgljcaVe use a macroeconomic index
previously constructed in Israel to capture the éstc macroeconomic risk (Marom,
Menashe, and Suchoy (2003).

The method used for the construction of the indisdbe autoregressive dynamic model
pioneered by Stock and Watson (1989), which expl#ie relationship between the indices
and the component indices. This set of equationsyk as a state space representation, is
solved using the Kalman filter. In the final stagfeconstruction, the resulting indices are
transformed into a common scale, by which we maypare them and subsequently plot
them on the radar chart.

The following notations are used throughout thitise:

x,' —Index i time series
y,'—Component index of indicatori time series

T —Length of the shortest component index time sexiesdex



J—Number of component indices
4 —EXxpectation
o —Standard Deviation

1. Data Retrieval

Data for the component indices were collected artgdy frequency.To best reflect the risk
associated with each specific index, the datadchendex were chosen using conventions in
the literature and measures commonly used in IsAditlough we could have used statistical
methods to select the series, we considered judigtadre critically important in this case,
believing that statistical significance should moimpromise presumed relevance as some
variables may not be statistically significant witisample but may still capture future events.
Specifications for all time series are found in Apgdix A.

2. Stationarity

This step addresses the notion of non-stationamng series. To make the data comparable
over time, series must be stationary. Since naiesiy time series have an expectation,
E, (y'), that changes over timap benchmark can be set and the relative levdi@teries

becomes meaningless. A prevalent solution that svorkmost cases is to use differences; in
some cases, however, this transformation may algvaifect the significance of the results.
When this happens, de-trending may be performengusie Hodrick-Prescott filter, which
decomposes the time series to cyclical and trentbooents.

Some series were found to be non-stationary evargththeory strongly defines them as
stationary. This may happen if sample sizes aagively small and may not capture periods
in which the series behaved differently. In theases, we decided to use the original series
and maintaining the assumption that the seriesimdeed stationar$. This approach,
supported by CanoVais advised when time series are short and captisebsample of a
long-term time series. Canova notes that treatiatp das non-stationary when we are
confident that they are in fact stationary mayatéithe results. Most component indices were
in fact found to be stationaryl (0)) (some series were taken initially as differences)

Consequently, the indices, which as we will seeadieear function of the component series,
are also stationary, allowing us to set a benchraackcompare observations over time.

3. Direction of the time series

The level of each observation of an index mustentfthe condition of the feature of the
economy that it represents. We decided that higkldeof an index would reflect poor
(below-average) conditions in the relevant area #rad low levels would reflect good

®> Our main constraints pertained to the historicalilability of data. We will strive to increase thequency of
the data in the future.

® An example is the average unemployment rate irGheountries.

" Prof. Fabio Canova (University of Minnesota), clasges.



(above-average) conditions. Consequently, severaponent series had to be inverted. To
obtain the desired result without distorting thattees of the series, we simply multiplied
these series by (-£)A specification for series inversion is found ipgendix A.

4. Normalization
As component indices often have different measun¢raeits, normalization was required.
Popular normalization methods include rescalingictvitompares observations against the
extreme observation values, and ranking of obsenstusing normal ranks or percentiles.
The shortcoming of these methods lies in the faat butliers/extreme values may heavily
affect scaling and lead to distortion of the tramsfed component index. Moreover,
expectations and standard deviations of compomeliteés may not be equal, thus affecting
the efficiency of distribution estimation at lastages.

The method used in this paper ¥~ COr'€ normalization, used extensively in the
literature (e.g., Bloor and Bedford, 2009); thisthoel allows us to derive statistical
expectations and standard deviations and is leseptible to outliers.

Normalization is  performed as  follows: zt"jzy‘—i_j’” where

=23y a”d“_\/ RPNk
: -1 — ).
T T-14""

t=1

5. Constructing the indices
The next step is the construction of each of thﬁc'afsxti. To accomplish this, we must

aggregate the components of the index by whatlisdcdimension reduction, a technique
used extensively in the literature. Examples are @eneral Indicator of Science and
Technology, the Index of Financial Stress in Canaai@ the Kansas City Financial Stress
Index. Common methods for dimension reduction idelequal weighting, credit aggregate
weighting, Principal Component Analysis (PCA), @rattor Analysis (FAJ. These methods
are suited for cross-sectional analysis becausedbeot take into account the possibility of
serial correlation, as is often the case in econamnd financial time series. Consequently,
their use may lead to biased coefficients anduin,tunreliable indicators. For this reason,
we use a dynamic factor analysis model, first imticed by Stock and Watson (1989).
Examples of its use in Israel are Melnick and Gola892) and Marom, Menashe, and
Suchoy (2003), who constructed a state-of-the-emgriadex for Israel.

8 An example of a series that had to be inverted ¥ @rowth, as high levels of GDP growth are assedia
with good economic conditions. Unemployment, in tcast, did not have to be inverted because higher
unemployment is associated with worse economicitond.

° For additional techniques, see OEADplbox for the Construction of Composite Indicators. PCA and FA are
the most frequently used methods in economics iaatide.

1% Stock and Watson (1989) constructed a coincidem sif-the-economy index for the United States.



The general model is defined as follows (for siripfi we drop the index and notate a
generic indexx, and component indice;,',?,‘j 1<j<J):

Measurement equation:y, = ZX, + ¢,

y,—J x1 vector of component indices time serigs= (Y}, y7,....y))'
X,— px*1 vector of lags of unobservable index= (X, X, .-, X,_, ;)"
&—J x1 vector of error terms in measurement equagipn N(C,, H)
Z —J x p coefficient matrix

p —Number of lags of unobservable variable in measerd equation plus 1.

The measurement matrix shows the relationship tilee unobservable index and the
observable component indices and is assumed tméar.| Every component indeyt" IS

assumed to have some common trend withand Gaussian idiosyncratic noise. The

unobservable variablg, is assumed to behave as an autoregressive equatioO mean:

Transition equation: X, = AX_, +0,

X,—mx1 vector of lags of unobservable index= (X, X,_;, s X,_ms)'
A—mxm coefficient matrix

m—dimension of state space (number of lags in ttemsequation)

U —mx1 vector of error terms in transition equatign~ N(0,, Q)

The transition equation defines the relationshipveen different observations 6§ and
is assumed, like the measurement equation, taobarli
The following assumptions are made on the errors:
l.  E(gu,)=0forall sit.
Il.  The idiosyncratic errorg and &, follow Gaussian distributions.

lll.  H is a constant diagonal matrices.

Under these assumptions and given component indiges(yi,y7,....y))" and
parameterZ, A H,Q,(X,,X ;,X,),P, (which will be explained shortly) the Kalman fiite
finds the optimal solution forx, and, hence, for the dynamic equations defined ebov

(Harvey, 1989, and Kim and Nelson, 1998, developednalytical framework to obtain a
solution.) The Kalman filter is a recursive procélat allows the efficient estimation of
unobservable time series using autoregressive iegsatf observable and unobservable data.
The filter derives the level of the latent varialaetime t using information obtained in
previous periods.



SinceZ, A, H, and Q are unknown, we use maximum likelihood estimatiorobtain
local optimal coefficients. The maximum likelihoddnction accounts for the error terms
between the fitted and the actual results for theeoved variables.

=

Formally, if the Kalman filter estimation )A§ then):/t :Z>:<t, the error between the

predicted observable data and the actual obserdkitéeis defined by =, —f/t =Y, —Z>:(t.
GivenZ, A, H, andQ, we can obtain a series of these errgrsThe likelihood function is
defined by:

In(L) = ZT: In(L,) = ZT: {— %In( 2r) — %In(det( E(v,v,")) - ;vt'E(vtvt')‘lvt}

t=1
Given the complex character of the likelihood fumat we used the interior-point
algorithm'* to obtain a numerical solutidh. To ensure that we maintained economic
relevance, we maximized the likelihood function enthe constraints thaZ, A are non-

negative. The solution yields optimal estimatesZpA, H, andQ and an optimal solution
forx,. As in any iteration algorithm, an initial guessish be made; when we tested out

different starting points, however, we found thed tesults did not change. The Kalman filter
requires initial guesses fofX,,X ;,....X ;) and By, which is the covariance matrix of

X, — >:<t|t_1 in the algorithm. A conventional guess(ig,, X ;;...,X_, 5y) = 0,, Which is suitable
becausex, is linearly constructed from normalized variablé€¥. was chosen to b¢ to

avoid situations that may involve singular matrices

An additional issue that had to be appropriatelyrasised was the selection of the model
to use, as different models may yield differentutss Selecting a model means selecting
optimal lagsm andp. To select the best model, we used the Akaikermédion criterion,
which measures the goodness of fit of a statistizadlel. The criterion seeks the model with
the highest likelihood function value and penaligiior the use of more parameters. The
general case is defined #8C = 2k — 2In(L . We found thatm=1, p= Owas sufficient for

all indices, allowing us to use the standard ogentadel.

Ultimately, we obtained optimal estimates for aibbserved variable's.

As for assumptions about the error terms in the ehaeésting the results showed that
some idiosyncratic errors do not follow a Gausslatribution due to outliers. Considering
the contribution of the recent financial crisisotliers and the relatively small sample sizes,
several outlier observations may exaggeratedlyttenygthe tails. Indeed, testing normality
without these outliers showed that the distribugiane in fact normal. We believe that larger
samples would reinforce this statement.

" Trust Region methods were found to yield the seesalts.

2 The likelihood function is optimized by iteratiotiierefore, it is local and initial guesses musnizde. We
chose average weighting as an initial guess becaegxpect logical solutions to be found in thatzar

13 |mportantly, other sophisticated methods exist dealing with various problems that may arise ie th
modeling of financial data, e.g., ARCH, GARCH, umsted Kalman filter, and ensemble Kalman filtervesi
the drawbacks of most of these methods, howevedesiled to use the standard Kalman filter model.



The purpose of the last two steps (6 and 7) iganstorm the indices into a common
scale.

6. Construction of density function for each index
Since the radar chart consists of identically stabees, plotting the indices onto it requires
one common scale. There are numerous ways of dibisg Dattels et al. (2010) use
percentiles for the IMF’s global financial staljlindex. This method is simple and avoids
estimation theory but is highly sensitive to ouli@and does not incorporate tail events that
are more extreme than those described above. BlodrBedford (2009) use a parametric
estimation to estimate the distribution of eacheidrhey check normality using the Jarque-
Berra test and use distributions when the kurtosis is large. This imoet solves the problem
of tail events but may lead to inaccurate resutiemva high degree of skewness is evidént.
Indeed, financial markets empirically exhibit nonvsnetry as a result of bubbles. This
argument is backed by our findings; we found witler)d5% confidenc® that all indices are
not normally distributed (Table B.3 in Appendix B).

Consequently, we decided to use a method calledeketensity estimation, a non-
parametric method for estimating the probabilitynsley function (pdf) of a random
variable—f (x, ) in our case. In our view, this method yields maceurate results than

parametric estimation because no assumptions ade orathe underlying data. Moreover, it
is less sensitive to outliers and allows futurédaents that are more extreme than hitherto.

Kernel density estimation resembles a histogranthé sense that a bandwidth is
chosen and the pdf is constructed according totineber of observations in a given interval.
However, the method improves on the histogram ksxauentails the use of continuous
pdf's instead of bi-value step functions and allaWs estimation of an optimal bandwidth
h '16

The kernel density estimator df(x for x € R is defined as:

1 —u
f(x)= z K 2
\/27z
The resulting estimator is: Figure 2.1
X X . Histogram (:caled: area=1) i Fleme! dencity estmation

1Jd ( 7) o - Sall

f X) =— 2 015 0.1% " — — —Largeh
( ) Th Zl A2 01 a1} 1

14 X, having a normal distribution, may be very usefatduse it allows us to make inferences on the data.

(Note that it is enough foX, to be normally distributed for alk; to be normally distributed because of the

normality assumption of the errors.)

!> We used the Jarque-Berra test and the Lilliefoss tie test the hypothesis that the indicators amenally
distributed.

16 Optimal by mean integrated square errors, minimgizhe risk function.
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We can easily see that:
I f(x)>0VxeR

(ﬁ_f)Z (t—l)2
} : T18 1 hh 1 & Th —bh
. f = e E— 2 = — — 2 t=1
! L (x)ax jThz @e o Th JZ\/Ze d

0 i=1 _eoi=1

Hence f (x )is a probability density function. The resultingtdbution is dependent on

the bandwidth selection (Figure 2.1). As mentiomddve, however, we may choose an
optimal bandwidth that minimizes the mean integtatguared errors.

We estimated probability density functions for eathhe indices. The final step is the
transformation of the indices to one common scale.

7. Scaling of the unobservable indices
In Step 6, we derived the probability function xf. Now we transform the indices to one

common scale so that they may be plotted onto ddarrchart. We define the cumulative
probability function (cdf) to measure the leveltioé index relative to its specific distribution.

Formally, F(x,)= .[ f (t)dt defines the final scaled index. Hence, levels elts 1 are

—00

associated with very high index values.

Extreme high stress observations receive value® ¢twd (the recent financial crisis for
several indices). If we experience a more drastgiscin the future, the revised estimation of
the pdf will value it as close to 1 while loweritige value given to the recent financial crisis.
Thus, the approachmustbe that pdf valuesfor eachindex are relative to the most extreme
eventin thesampleandnotto the mostextremeeventsheoreticallypossible Neverthelessghe
recenffinancialcrisiswasindeedarareeventandis thereforeareasonable point of reference.

An additional advantage is the continuity of our tinoel, which avoids discrete
categorizing that may lead to distortion of theaddthe reason is that the interpretation of the
chart is somewhat reliant on the barriers of eastell The continuous method is easier to
interpret because the values simply explain wheee dbservation is situated along the
distribution function.

Having completed the construction of the indices,new construct the radar chart.

2.2 Construction of the Radar Chart
In this section, we elaborate on the constructiothe radar chart. Radar charts make it easier
to present several indices at once. We positiohed/értices in a way that links the different
indices. The following indices were placed side-ldes
I. domestic and global macroeconomic;
II. domestic market risk and global market risk;
[ll.  global macroeconomic risk and global financial yisk
IV. financial stress indices and domestic macroeconasks;
V. external risks.

11



This positioning allows us to identify stress ansksi in specific areas easily. If the
source of a given risk is global, for example, podygon will expand in the direction of the
global indices. If the sources of the risk are omiernal, the polygon will expand in the
direction of the indices of internal risks whilenaining constant for the global indices.

Understanding how to interpret the chart is viigdch vertex illustrates the value of a
specific index according to the construction sethfan Section 2.1. Possible values fall
between 0 and 1, 1 illustrating extreme values aatal with high levels of stress and 0
illustrating extremely low levels. The median val0e;, is the reference point for the scale,
meaning that values above it are considered higfeenr normal. Importantly, while high
levels are interpreted as “bad,” low levels shootd necessarily be interpreted as “good.”
Levels of unemployment lower than the natural unegment rate are considered good.
Large positive changes in the domestic stock marketvever, may be interpreted as a
bubble that results in a quick downturn if it berstvhile the levels shown on the radar chart
yield absolute values, the chart has the additiosaful feature of time factor dynamics. By
examining changes between periods, we may bettratand the direction of general stress
levels and risks to the financial system. For exampa low index , say 0.2, climbs to 0.5 in
two quarters, the correct interpretation shouldtte even though the index is now at a
normal level, the rapid increase in the last twaqus suggests a sharp increase in stress
related to this index, possibly pointing to a trehdt will lead to higher levels in subsequent
periods. An interpretation that disregards thisinfation may be misleading. In sum, the
index should be interpreted carefully, with botlsalte values and time factor changes taken
into account. Figure 2.2.1 illustrates the radaarcland shows the direction of increasing
stress and risks to the financial system. The red & historically associated with high stress
levels (over 0.65). The orange area indicates aboveral levels, an area that should raise
awareness, particularly if levels are close to b area or posted increases in previous
periods. The blue areas indicate levels that amnaloaind below normal.

Figure 2.2.1. Interpretation of the Radar Chart

Global Macro Risk

Domestic Macro Ris Global Financial Risk

Financial Institution Market Risk

Credit Risl

The six indices are elaborated below:

12



External risks to the financial system
These indices reflect risks that are external tofif@ncial system. Deterioration of these
indices may lead to a downturn in the financiakeys

i. Global macroeconomic risk

Global macroeconomic risk captures the risk of edernal shocks. The Israeli economy,
being small and open, is heavily reliant on expeids 36.6 percent of GDP in 2009 and 38.8
percent in 2016’ A global slowdown may have a detrimental effecttlom Israeli economy;
such was the case in the recent financial crisischvreduced Israel’'s exports by 38 percent
in only three month&® This was the main cause of the slowdown in theelsetonomy in
2009, when GDP grew by only 0.8 percent and congsamevitably suffered losses that
induced an increase in insolvencig his exemplifies the impact that changes in thédajlo
economy can have on the financial system in Isif@glce many additional transmission
processes may tie the domestic financial systenth& global real economy, global
macroeconomic risk is a crucial factor.

The component indices of the index include the Gintrites, which are Israel’s main
trading partners. The data include confidence sumweigators, unemployment, GDP growth
rates, and import€. We considered using the OECD leading indicatordesided to use our
own construction despite some disadvantages.

ii. Domestic macroeconomic risk

The domestic economy index captures the risk ofrialenacroeconomic shocks. The index
used, derived from the state-of-the-economy inddar¢m, Menashe, and Suchoy, 2003),
effectively measures the probability that the ecopavill be in recession. The inclusion of
this index is important considering the intercortedness of the real economy and the
financial system. BIS (2005) discusses this remat@rguing that business cycles have an
important effect on the incomes, profits, and hetheebalance sheets and creditworthiness of
economic agents. The component indices for the dienexonomy index include
manufacturing production, exports of goods, andleyge posts in the business sector.

iii. Global financial risk

Global financial risk captures the risk of a globfhancial market downturn. The

interconnectedness of financial markets means dbamturns in global financial markets

more often than not lead to downturns in Israefiaricial markets. The recent financial crisis
clearly demonstrated the strong correlation betwidendomestic and global markets. The

" Excluding diamonds.

'89/2008-12/2008.

19 Fifty-six companies entered debt settlement armamegess (6.7 percent of the outstanding value ofbied
market).

2 |mports provide a betterindicator than exports, becauselsrael is reliant on externaldemandfrom trade
partners.

% The main disadvantages are the use of the lateisiaes for G7 GDP growth. However, using initiaD8
estimates should not change the results substgntial
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component indices include volatility measures ohdyoequity, and FX markets as well as
stock market performance in key global markets.

Financial stress indices

Financial stress indices measure stress in diffesiegas of the domestic financial system,
namely market risk, credit risk, and instability fafiancial institutions. Their aim is to
provide a direct measure of financial stress.

iv. Market risk

Market risk captures the risk to the financial systin Israel that may arise from expected
losses and uncertainty in various markets. Marisét factors generally include equity risk,
interest rate risk, and currency risk. Componedicis include option implied volatilities in
equity and FX markets. In addition, we included @stit stock market performante.

v. Credit risk
Credit risk captures the expected risk of domdstirower default. The index includes the
three non-financial borrowers by sectors: business, households, and governmfemt.
increase in credit risk reflects an increase inceom about default, possibly narrowing credit
channels and toughening the conditions under wheiht and capital can be raised. In the
recent financial crisis, the nonbank credit maredporated as risk premiums skyrocketed.
This was one of the main catalysts (in additionxjpogts) of the economic downturn in Israel
in 2009.

The component indices of this index are the risknpuens of the household, business,
and government sectors.

vi. Financial institutions

The financial institutions index captures riskshe financial system that may arise from the
instability of financial institutions. As these titgtions are a key component of the financial
system, their stability is vital for a well-functimmg financial system. Component indices
include measures regularly published by the Supendf Banké® at the Bank of Israéf. To
reflect market expectations regarding financiatiingons, credit risk and stock performance
are also included.

Due to the limited availability of historical dataome data (e.g., liquidity risk,
clearinghouse counterparty risk, and CDS sprea@sg wxcluded. In some cases, we used
various data series as proxies for the measureafdstael’s risk premium, such as ten-year
government bond spreads instead of credit defawdps. In the future, larger sample sizes
will allow these additional variables to be incldde

22\We used the TA25 index to represent the domeistaksnarket.

% Financials are captured in the financial institng index.

4 The calculations accord with the Basel Il requieais and will be revised in the future to accorthviasel
[l

% http://www.boi.org.il/he/BankingSupervision/Dataffes/Default.aspx
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3. Results

3.1 The six indices

Figures 3.1.1-3.1.6 plot the results for the simualative functions of the indices from the
different starting date®. The results show that the levels of index stresgyanerally high at
times associated with high financial stress (Dovn2&10). Moreover, despite varying levels
of stress for different indices, most indices barply in buildups to financial crises. The
multivariate approach illustrates possible preassd episodes of financial stress and allows
us to compare the levels of different indices. Tlefggmance of the model is hard to
examine due to lack of clear-cut data on conditionghe different areas of the economy.
Thus, to check our results, we will qualitativelydanhronologically review the global
financial crisis that began in 2007 and see if tesults are consistent with global and
domestic economic developments that occurred asri$ie unfolded.

The first signs of the crisis surfaced in Februad92 when a number of large financial
institutions that had extended subprime loans beégamport losses. The crisis erupted at
around July—August 2007 when three hedge funds geahly the French bank BNP-Paribas
collapsed. Since this development triggered a diiamacrease in the markets’ risk
assessments, we would expect external risk factspgetfically, the global financial risk
index—to increase. Indeed, the level of this indexbed from an extremely low 0.02 in the
first half of 2007 to 0.25 in 2007Q3. The concermscppitated into domestic financial
markets as well; market risk increased steadilynfi2007Q1 and reached 0.58 in 2007Q3.
Because the levels of most of the component indiea initially far below their long-term
benchmarks, the absolute level of the index rendaiedatively low?’ The intensity of the
crisis continued to increase: in September 2007 Btitish bank Northern Rock, asked the
Bank of England for a bailout and in March 2008 Bear Stearns investment bank collapsed
and was subsequently acquired by JPMorgan ChasdalGlinancial risk skyrocketed in
2008Q1 to 0.92. The domestic financial indices @awoeased sharply: market risk to 0.82,
credit risk to 0.51 (as against 0.19 in the presipariod), and financial institutions to 0.94 as
major banks’ profitability changed direction, raigiconcerns over their future. In 2008Q1, as
the real economy began to slow and the outlooketipleak, global macroeconomic risk
increased from low levels (below 0.25) in 2007 ta#30in 2008Q1 and domestic
macroeconomic risk did the same: from below 0.6.58 inthe respective periods.

The financial crisis peaked in 2008Q4 as the LehmBnothers investment bank
collapsed and the U.S. Government had to bail amnfe Mae and Freddie Mac, in only
three examples of the many financial institutioimat thad fallen into difficulties. The fright
prevailing in the markets due to the increase sk made it impossible to raise capital and
triggered an increase in insolvencies. Global fomrrisk crested at 0.99 in 2008Q4 and the
market risk and financial institutions indices raee0.99 and 0.98, respectively. Credit risk

% Estimations for the coefficients are shown in TabIg of Appendix B.
" Implied volatility in U.S. government bonds, FX rkats, and the MSCI Emerging Markets and World Bank
indices were still below their long-term benchmarks
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ascended to 0.76 as concerns over Israeli corpmsdb/encies intensified.

The macroeconomic situation, domestic and abroad,gruen: major economies shrank,
trade dried up, unemployment rose, and outlooksewdire. Reflecting this, global
macroeconomic risk was 0.98 and domestic macroesmnosk was 0.92 in 2008Q4. As a
result of these extraordinary events, central barid governments around the world took
unprecedented measures to ease the uncertaingyataic risk in the financial system and
restore the public’s confidencBartly due to the authorities’ unprecedented irgetion, the
financial system achieved a rapid and impressiveirme to stability. Although the
sustainability of the recovery was unknown, thedowtress levels in the financial system
were reflected in the 2009Q4 indices as globalniom risk fell to 0.5 market risk to 0.77,
and credit risk to 0.58. Concerns about the solyafcmost corporations diminished after
peaking at 0.77 mostly due to crisis in the donedstind market crisis. Financial institutions
fell to 0.23 as confidence in the condition of &rdinancial institutions improved.

The global economy shifted from acute contractiomadaifvity to slow recovery. Global
macroeconomic risk decreased to 0.85 in 2009Q4 afteeeding 0.92 for five quarters,
nevertheless a high level as the outlook remainedemiain and high unemployment
persisted. The real economy was much less inteysivel protractedly harmed in Israel than
elsewhere and did not need massive fiscal injestmfnthe sort that were essential in other
economies. Hence, its recovery was quicker; inddedhestic macroeconomic risk gradually
decreased throughout 2009 and dropped to 0.2308Q4.

The next year, 2010, saw more positive trends indglobal and domestic financial
markets. The index levels were generally aroundldihg-term benchmark. Although the
recovery continued, the stabilization of the glofiadncial system was hampered somewhat
in 2010Q2 due to the PIIGS sovereign debt cristsfaar that the intensification of the crisis,
if any, would affect the stability of European andnérican banks. These fears waned
somewhat in the last two quarters of 2010. The ewlieflected these developments: the
domestic indices were relatively low (below 0.6ddmoth global indices exceeded 0.7 in
2010Q2. In the last two quarters of 2010, the kevef all indices except global
macroeconomic risk returned to normal. Global macomomic risk remained relatively high
due to concerns about economic slowdown; evenitidisx, however, decreased to 0.65 by
2010Q4. The resilience of the Israeli economy in ®@das reflected in the domestic
macroeconomic risk index, which stayed below thechenark.

Other periods, such as the bursting of the dotcamble and Russian crisis/LTCM
collapse, were checked, as were “quiet periodshsag 2005. We found that our model
successfully captured developments in the differardas of the global and domestic
economies in these periods as well. In the nexiseave present the radar diagram.
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Figures 3.1.1-3.1.6. Cumulative Functions of the 6Indices*
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3.2 Results—the radar chart

In this section we show the results for the radericin different periods. The six indices are
plotted on the chart after density estimation. FéguB.2.1-3.2.2 show the results at six-month
intervals from 2007Q4 to 2008Q4 and from 2009Q20069Q4, covering the financial crisis

and the recovery. Despite relatively low level2007Q4, most of the indices did increase
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over several periods. The unfolding of the crisisMeen 2007Q4 and 2008Q4 is visible in
Figure 3.2.1. The worsening began in the globaldomdestic financial markets and quickly
spread to other areas. In 2008Q4, the peak ofltmbfinancial crisis, all indices show very
high levels, signifying extreme stress in the gladnad domestic financial systems and real
economies.

Figure 3.2.2 illustrates the recovery period in 200he quick recovery in Israel is
evident as the domestic indices remained belowb#trechmark and far below the global
indices at the end of 2009. The healthy conditionsoéel’s financial institutions is also
evident as the relevant index levels returned tovb@ormal.

Next, we examine the results for the dotcom/Sedatithda crisis. Figures 3.2.3-3.2.4
show radar charts for the periods between 2001lifbemy of the crisis) and 2003 (post
crisis). We began with 2001Q1 because the stalofitiinancial institutions index was not
available earlier. (2000Q3 signifies the peak eflbubble.) The following periods effectively
coincided with the beginning of the crisis in theSUBy the end of 2001, the downslide
turned into a full-blown crisis, of which Israel sva part. Moreover, the Second Intifada, the
events of 9/11, and the default in Argentina exaatd uncertainty in the financial markets
and amplified the crisis. As we would expect, thdar chart shows high levels in most
indices in 2001Q3 (with the exception of credikyigvhich, however, increased sharply in
subsequent periods). Throughout 2002, the Israeih@oy was mired in difficul§? and
domestic financial stress was high. External rigkgh inflation, rising unemployment, a
strong dollar, and a large government deficit dbnted to increasing pressure on the
financial system. Risk premiums in bond marketsrdased as the crisis unfolded.
Consequently, credit risk increased substantiallyhe latter stages of the crisis. In the first
half of 2002, global financial markets showed sigifsrecovery as volatility measures
decreased and stock markets rose. This recoveryveoywsas short-lived as panic returned
to the markets in 2002Q3 when WorldCom filed fonkraiptcy, in what was the largest such
filing in the United States at the time.

8 Contracting by 1% .
2t was since overtaken by Lehmann Brothers and \kgsin Mutual in 2008.
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Figure 3.2.1. Radar Chart 2007Q4—-2008Q4—-Buildup tthe Global Financial Crisis
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Figure 3.2.2. Radar Chart 2009Q2-2009Q4—Recoverydm the Global Financial Crisis
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The chart illustrates that indices were indeed altbgi benchmarks throughout most of
2002. Signs of recovery in the financial systerstflsecame visible in 2003 as all indices
(except credit risk, which remained high due tohhigsk premiums following the crisis,
started to decline. By the end of 2003, all indiepart from credit risk returned to normal
levels.
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Figure 3.2.3. Radar Chart 2001Q1-2002Q1—
Dotcom Crisis/Second Intifada
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Figure 3.2.4. Radar Chart 06/2002—-12/2003—End of Bomm
Crisis/Second Intifada, Large Government Deficit, ad Strong
Dollar
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Figures 3.2.6 and 3.2.7 show radar charts for maait periods; the Russian/LTCM
crisis and 2005, a relatively quite period aftee final stages of recovery from Israel’s
government debt problems. Figure 3.2.6 has fiveéioess due to lack of data on financial
institutions before 2001.
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Figure 3.2.6. Radar Chart 1998Q4-1999Q2—-Russian/LTN Crisis
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Figure 3.2.7. Radar Chart 2005Q3-2006Q3
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Figure 3.2.8, covering the most recent periodslabia at the present writing, shows that
all indices were around their long-term benchmamk2011Q1.
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Figure 3.2.8. Radar Chart, 2010Q3-2011Q1—Most ReceReriods
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3.3.1 Out-of-Sample-Test

To reinforce our findings, we must check if we cdanitify increases in stress levels when
post crisis observations are not taken into accotliat check whether the developments
related to the crisis were identified successfulig, performed an out-of-sample test for the
periods between 2007Q2 and 2011Q1. Essentiallyyanfesample test is a calculation for a
number of periods according to data that were altEl up to those period®.Such a test
allows us to determine whether our results captpredious changes in stress levels in actual
time or due to data that became available aftefatie

Figures 3.3.1-3.3.5 show the out-of-the-samplelte$or five indices. (For an analysis
of the sixth index, domestic macroeconomic risle Barom, Menashe, and Suchoy, 2003.)
The solid lines indicate in-sample results; theatbtines indicate out-of-sample restilts.

The similarity between the out-of-sample test arel el post results is striking. This
suggests that our conclusions would not have beéstantially different at the time of
measurement. For example, we would have seen sih@agases in most indices in 2007Q3
after obtaining all the data, as an indicationharigs to come.

Figures 3.3.6 and 3.3.7 show the in-sample andobs&ample results for the periods
between 2007Q4 and 2008Q4. Despite minor differemeehe global financial risk index,
the charts are strikingly similar and illustrate tame dynamics and high levels of stress in
the periods leading to the peak of the crisis i0&D4. Hence, the results derived from the
model do not depend on ex post observations.

% Some of the data became available after the stgtedd. In this case, we calculated the perioellence all
data for that period became available.
31 The out-of-sample test for global macroecononsk tises the last revision of G7 GDP growth.
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Figures 3.3.1-3.3.5. Cumulative Functions of the 6Indices—Out of Sample
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Figure 3.3.6. Radar Chart 06/2007-12/2008—In-Sample
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Figure 3.3.7. Radar Chart 06/2007-12/2008—Out-of-&gple
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5. Conclusion

We presented a method for the construction of exlibhat measure internal risks (financial
stress) and external risks (real economy risks gloBal financial risk) to the financial
system. The main theme was the presentation of tivamidite graphic approach that allows
the intuitive visualization of six main indices one graph. We showed how the radar chart
can contribute to intuition and facilitate prelirany analysis of the financial system. We
think that our approach provides policymakers waithintuitive starting point for discussions
and may help them make a better assessment obtigktion of the financial system.

24



Our findings successfully capture the dynamics destelopments of stress in the
financial system. Moreover, successive increasestriess over a number of periods are
usually a good indication of very high stress ia thture. For robustness, we performed an
out-of-sample test to check whether our findingsidiave captured changes in stress levels
ex ante. The test showed that our results do naradkepn ex ante observations.

We are constantly striving to improve the methodgloguality, and availability of the
data and better capture the changes and levelsesgsn the financial systeth.

% An index of risk tolerance may serve as anotheicatdr of financial stress as economic agents adically
change their risk appetite, which in turn increasedecreases the level of risk taking in the econdDue to
measurement problems, however, we decided to ex¢hid index at this stage.
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Appendix A: Data Specification

Index Component Index Mean Median ADF + | Inverted Source IFAEEETEY SEi Calculation
p-value availability date
G7 GDP growth 0.48 0.55 0.011 No OECD Quarterly 90091 QoQ change, seasonally adjusted
- Global G7 unemployment rate 6.47 6.39 0.003 Yes OECD NMgnt  1990Q1 QoQ change, seasonally adjuste
o macro G7 consumer confidence index 99.88 100.30 0.024 s Ye OECD Monthly 1990Q1 QoQ change, seasonally aetjust
= . :
& Macror?s?l:)nomlc LS G7 business confidence index 99.44 99.60 0.008 Yes OECD Monthly 1990Q1 QoQ change, seasonally adjuste
_Tg G7 imports 1.72 2.20 0.000 No OECD Monthly 199001 QoQ change, seasonally adjusted
c Domestic
_E macro Probability of recession 0.44 0.36 No BOI Monthly 1990Q1 seasonally adjusted
< risk
=
o
é VIX Index 20.34 19.32 0.012 No Bloomberg Daily  1990Q1 quarterly average
.é’ MSCI Emerging Markets 2.70 3.15 0.00p Yes Bloomberg Daily 1990Q1 QoQ change (quarterly average)
? MSCI World Index 1.34 2.11 0.00Q Yes Bloomberg Pail 1990Q1 QoQ change (quarterly average)
I3 Global financial risk MOVE Index 102,53 102.26  0.004 No Bloomberg Daily 1990Q1 quarterly average
i Option implied volatility in G7 FX market 10.65 B 0.027 No Bloomberg Daily 1992Q2 quarterly average
Ted spread 0.47 0.38 0.00y No Bloomberg Daily 1990Q1 quarterly average
MSCI World Bank Index 101.12 97.43 0.16p Yes Bloengp Daily 1996Q1 QoQ change (quarterly average)
TA25 Index 3.49 2.77 0.000 Yes BOI Daily  1996Q1 QoQ change (quarterly average)
Market risk Option implied volatility of TA25 24.70 23.48 0.20 No BOI Monthly 1996Q1 quarterly average
@ Un-indexed government bonds volatility 2.14 1.67 062 No BOI Monthly 1994Q1 quarterly average
% Option implied volatility of NIS/USD 8.29 7.63 23 No BOI Monthly 1996Q1 quarterly average
%) Corporate bond spread 2.83 1.89 0.060 No BOI Daily 1998Q3 quarterly average, 4y-7y duration
2 Credit risk Average spread on household mortgages 0.96 0.97 000/0 No BOI Monthly ~ 1997Q1 quarterly average
§ Spread between indexed Israeli government bond&)8n@lPS 1.70 1.53 0.066 No BOI Daily 1997Q4 quarterly average, 10y
-§ TASE Banks and Insurance Index 2.85 1.31 0.g00 Yes BOI Daily 2000Q3 QoQ change (quarterly average)
& Spread on bonds issued by banks 1.23 0.86 0.260 No BOI Daily 1998Q3 quarterly average
[ Einancial institutions Return on equity 14.72 16.32 0.006 Yes BOI Quayrterl 1997Q1 net profit to equity
Regulatory Tier 1 capital to
risk-weighted assets -0.15 0.47 0.008 Yes BOI dgr 2000Q4 de-trended series (HP filter)
Problematic loans to total loans 9.23 9.44 0.9p8 No BOI Quarterly 2001Q1

*Augmented Dicky Fuller test for stationary seri€he test was performed using intercept and naltréhe number of lags was selected according t&tievarz Info Criterion.
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Appendix B: Tables

Table B.1. Results for the Six Indices

Russian crisis/LTCM Dotcom crisis Subprime crisis
| | s | A | TERT R s | SRR | o |
crisis crisis crisis crisis crisis crisis crisis crisis crisis
1998Q2 | 1998Q3 | 199804 11%%%%‘1' 2001Q2 | 2001Q3 | 200104 22%%%%‘;' 2008Q1 | 2008Q2 | 200803 22%%%%%'
Global macroeconomic risk 0.45 0.50 0.44 0.46 0.69 0.85 0.89 0.71 0.43 0.73 0.92 0.97
Domestic macroeconomic risk 0.76 0.84 0.81 0.76 70.9 0.95 0.95 0.74 0.58 0.77 0.88 0.82
Global financial risk 0.36 0.80 0.89 0.74 0.73 0.74 0.78 0.65 0.92 0.77 0.94 0.96
Market risk 0.25 0.28 0.64 0.53 0.54 0.53 0.67 0.84 0.82 0.82 0.85 0.94
Credit risk 0.00 0.72 0.47 0.44 0.49 0.30 0.31 0.65] 0.51 0.54 0.60 0.71
Financial institutions 0.55 0.55 0.76 0.75 0.94 .880 0.88 0.89
Min 0.00 0.28 0.47 0.44 0.49 0.30 0.31 0.65 0.51 0.54 0.60 0.71
Max 0.25 0.72 0.64 0.53 0.55 0.55 0.76 0.84 0.94 0.88 0.88 0.94
Average 0.13 0.50 0.55 0.49 0.53 0.46 0.58 0.75 0.76 0.75 0.78 0.85
Median 0.13 0.50 0.55 0.49 0.54 0.53 0.67 0.75 0.82 0.82 0.85 0.89

* Calculations are taken over financial stressadrdi market risk, credit risk, and financial ingfins.
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Table B.3. Numerical Results for the Six Indices

Parameters J Global macroeconomic risk Global financial risk Market risk Credit risk Financial institutions

! 0.20 0.14 0.25 0.33 0.20
2 0.12 0.09 0.48 0.00 0.00
3 0.24 0.11 0.46 0.32 0.29

: N 0.22 0.14 0.55 0.25
° 0.17 0.13 0.00
® 0.11
! 0.09
8

A 0.83 0.73 0.84 0.88 0.74

Transition matrix variance

3.72 20.20 0.58 1.26 3.77
Measurement matrix variance 0.53 0.58 0.61 0.62 0.74
Number of observation 85 61 60 51 41
Maximum ikelinood function vale 513.2 536.2 304.1 1955 277.2

Maximum likelihood function value/number of positive

component series 102.6 76.6 76.0 97.7 92.4

Jarque Bera Statistic p-value

0.00 0.00 0.00 0.00 0.02

1) The zero hypothesis of the Jarque Bera test ighleatbservations are sampled from a normal digtab.

2) The zero hypothesis of the Lilliefors test is ttiet observations are sampled from a normal digidbuThis Lilliefors test is an extension of thelkhogorov Smirnov test and is
better suited to small samples.

3) *10 percent significant ** 5 percent significarntt percent significant. Augmented Dicky Fuller Tesptimal number of lags selected by Schwartz ©ifiberion.
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Appendix C. Figures and Graphs

C.1 lllustration of Stages in Construction of RadarChart

Radar Chart

Financial

Global Macro Risk Global Financial Risk Domestic Macro Risk e s
Instititutions

Component Series 1 Component Series 1 Component Series 1 Component Series 1 Component Series 1 Component Series 1

Component Series 2 Component Series 2 Component Series 2 Component Series 2 Component Series 2 Component Series 2

Component Series 3 Component Series 3 Component Series 3 Component Series 3 Component Series 3 Component Series 3
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