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Abstract

We analyze the dynamics of the bank interest rateshe new short-term loans granted to non-
financial corporations in seven countries of theoearea (France, Germany, Greece, Ireland, ltaly,
Portugal and Spain). Our specification is based onultivariate diffusion model, involving factors
and stochastic volatilities. In the application, wae a harmonized monthly database collected by the
national central banks of the Eurosystem, oveptreod January 2003-November 2012. We estimate
the model within a Bayesian framework, using Markokiains Monte Carlo methods (MCMC).
Unlike the results on spot rates in the empirigaricial literature, we find that bank interesesato

not display evidence of mean reversion, and ttavériance increases with the level of the bardsrat
only for a few countries. Moreover, we notice ttieg correlations between changes in the ratesare n
constant over the whole time period, and peak dutie last months of 2008. Afterwards, they return
more or less quickly to their previous level forrso countries, while they remain lower for others.
From this standpoint, the patterns within the eamea became more heterogeneous after the years
2008-2009.

JEL Classification: E430; G210.
Keywords: bank interest rates; diffusion model; stochastiatidy; Bayesian econometrics

Résumé

Nous analysons I'évolution des taux d'intérét dmsveaux préts bancaires a court terme accordés aux
sociétés non financieres dans sept pays de la exorte (France, Allemagne, Gréce, Irlande, ltalie,
Portugal et Espagne). Notre spécification est ferglé un modele de diffusion multivarié, a facteurs
communs et sur un modeéle de volatilité stochastityas utilisons dans I'application des données
mensuelles et harmonisées, collectées par les earapntrales nationales de I'Eurosystéme, sur la
période allant de janvier 2003 a novembre 2012.sNestimons le modele dans un cadre bayésien,
avec des méthodes de Monte Carlo par chaines do@viCMC). Contrairement aux résultats sur
les taux spots de la littérature empirique en foearmes taux d'intérét des crédits bancaires oladfit

pas un retour a la moyenne ; en outre, la variari@egmente avec le niveau des taux que pour
guelques pays. De plus, les corrélations entrevdgimtions des taux ne sont pas constantes sur la
période étudiée. Ainsi, un pic est atteint au calas derniers mois de 2008. Ensuite, ces corraatio
reviennent plus ou moins rapidement a leur nive@cuent dans certains pays, alors gu'elles lui
restent inférieures dans d’autres. De ce pointude kes évolutions des taux au sein de la zone euro
sont devenues plus hétérogenes aprés les anné:2 09,

Classification JEL : E430; G210.
Mots Clés: taux des crédits bancaires, modéle de diffusiomatiitdé stochastique, économétrie
bayésienne.




1. Introduction

Most central banks provide short-term liquidity b@anks at a given rate against some eligible
collateral. Banks can then lend to private (nowtficial firms, households, etc.) or public sectdrisT

is generally referred to as the interest rate chlamrell established in textbooks. In order words,
central banks implement the monetary policy throtighinterest rates. Variations in the policy rates
lead to more or less changes in bank interest,rhtgsause of the competition among banks. Since
prices are sticky, this affects the real interagt and in turn the other aggregates, even inliberae

of a change in total lending. An abundant literatisrdedicated to the interest rate channel irouari
countries. Assessments on its importance in the [Buea are reported in several studies (see for
instance, Angelonit al. (2003)).

The financial crisis shed a crude light on the mapte of banks in supplying loans to the economy.
Ivashina and Scharfstein (2010) show a sharp dralpe syndicated loans in the months following the
failure of Lehman Brothers (September 2008). THeg aonclude that banks were heterogeneous in
their cut of syndicated lending in the US, depegdn their access to funding. Jimergeal. (2010)

find a similar result in Spain, for all bank loagrsnted to non-financial corporations. Campetlal.
(2010) notice that the number of firms, in the U.&urope and Asia, forgoing investment
opportunities due to the inability to collect extarfunds doubled at the end of 2008.

Whereas the evolution and the effects on the maoraamy of the value of loans provided in the

aftermath of the collapse of Lehman Brothers inRa# of 2008 is empirically well established (see

for the Euro area, Giannoreal. (2012), Lenzaet al. (2012)), the evidence on the cost of bank loans
is much more limited.

Secondly, firms’ funding relies essentially on bamk most euro area countries. Bank interest rates
are therefore a major component of the cost of fumds faced by firms, which impacts their balance
sheets potentially on the long-run. Thirdly, theeseign debt crisis in the Euro area raises the@won

of the credit markets’ heterogeneity among coustrigroadly speaking, banks hold bonds issued by
their States and States guarantee their banks.némease in the cost of one’s funding has direct
conseqguences on the other’s default risk, poténti@hding to a fragmentation of the credit market.
Fourthly, the results simply help in improving aurderstanding of the driving factors of bank ins¢re
rates.

In this paper, we specify a multivariate diffusiorodel. Indeed, bank rates commoves remarkably
well across countries in the euro area. While comasitry comparisons can be based on estimations
of the same model repeated using data from diffezeedit markets, ignoring their interdependence
can yield a partial assessment of their dynamigpeddence among series is introduced through latent
common factors. They traduce common drivers toeil® area countries, for instance the monetary
policy or external shocks impacting all countri€actors are allowed to be time-varying for two
reasons. First, the common drivers do not needetacdnstant over time. Second, the implied
correlations among changes in the bank interess redn vary over time. This flexibility is espebial
important in time of the sovereign debt crisis, wihere is no reason to suppose the association
between the interest rates remains unchanged. Wa&des common factors as unobserved. This is
clearly a shortcut, as one could be interestethénetxplicit dependence of the bank interest rates o
predictors such as the monetary policy rates, teisran the interbank markets, among others. Indeed,
many models of bank behavior derived from the iftgkisorganization literature (e.g. Cournot
models, Monti Klein models) predict that in a seabhvironment, bank rates commove with the cost
of liquidity. Those predictors are however hightyrrelated, raising multicolinearity issues, andrthe
respective influences can vary over a time pertwatacterized by so many shocks. Therefore, we do
not investigate such dependence or the underlyimgsality here. Our specification helps in
indentifying common phenomenon with economic conseges while remaining parsimonious and
agnostic, in the sense that we do not rely on an@uic model.




As discussed above, the model is designed to dieaize parsimoniously the banks short-rates joint
dynamic across countries in times of potentiallgdaghocks. We estimate models using data collected
in France, Germany, Greece, Ireland, Italy, Pottagd Spain. Data come from the Monetary Interest
Rate survey database, which are harmonized atet bf the Euro area. To help further in
performing relevant comparisons, we consider thentidal period span from January 2003 to
November 2012 for all countries. It includes thé-period corresponding with the aftermath of the
collapse of Lehman Brothers in the fall of 2008 jckihcould be seen like times of huge volatilitydan
ensuing recourse to unconventional monetary palicidere the influence of the monetary policy rate
can be expected to be weakened. We estimate thelnfmitbwing a Bayesian approach, using
Markov chain Monte Carlo (MCMC) methods. More sfieaily, sampling is based on a Hamiltonian
Monte Carlo (HMC) method proposed by Hoffman andn@a (2013), namely the No-U-Turn
Sampler.

Our paper is also connected to the applied liteeatbn the cost of bank loans. Following the

influential papers by Bernanke and Blinder (1998) Bernanke and Gertler (1995), numerous macro-
level studies investigate the pass-through frormtbeetary market to the credit market. Using data a
the individual loan-level, Berger and Udell (19%Ppow that bank rates are stickier than Treasuty bil

rates. Hannan and Berger (1991) conclude thatitygmf bank rates depends on the competition
among banks. Many studies conclude that the pasagh depends on the characteristics of the
banks, leading to the analysis of the so-calledkbanding channel (Kashyap and Stein (2000),

Kishan and Opiela (2000), Altunbeisal. (2002), Gambacorta (2008)).

The paper proceeds as follows. The data we usprasented in Section 2. Section 3 presents a brief
survey of the literature on short rate models. \Weetbp in Section 4 a multivariate diffusion model
with stochastic volatilities. We discuss the chaite¢he prior and the Bayesian inference in Sechion
Empirical results are reported in Section 6, anctiSe 7 concludes.

2. Bank short-rates data

The analysis of monetary transmissida the credit channel asks for a reliable measutbefnterest
rates applied by Monetary and Financial Institugi@iiFIs). In order to compare these interest riates
the Euro zone, the European Central Bank decideBdoember 2001 to harmonize the existing
surveys ran previously by the National Central Barkhis leads to the MFI Interest Rates (MIR)
survey, where the types of rates, financial inseots, reporting populations and methods of
calculation are harmonizéd'he resulting data are aggregated over contrath® aational level.

The interest rates are expressed as annual pegeenattes at the aggregate levels, which are derived
from the individual new contracts agreed betwedtFhand a non-financial corporation (NFENew
agreements are all financial contracts that spdoifghe first time the interest rate of the loand all

new negotiations of existing loans. New businessesefore do not include automatic prolongations
of existing contracts that do not involve any rgetetions of the terms and conditions. Revolving
loans and overdrafts, as well as convenience ateh@éed credit card debt, are also excluded from the
underlying sample. The agreed rates can be lovear the advertised rates, because the customer is
able to negotiate a better rate. The MFI interats statistics on new business therefore reftect t
agreed conditions on the loan markets at the tihteeocontract. Therefore, it reflects the demand a
supply, including variations in the cost of fundedd by banks, competition among banks, types of
financial institutions or products.

1 The details of this harmonization are describeBliropean Regulation ECB (2001)
2 NFCs are all firms excluding insurance comparbiesks and other financial institutions.
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Our datasehas been drawn from the MIR survey. It consof monthly observations on neloans
with maturity up to one year toor-financial corporationfrom January 2003 tNovember 2012. We
use data on the loans grantedrrance Germany, Greece, Irelandally, Portugal an Spain.

Figure 1 displays thevolution of thebank interest rates in these se¥ropean countri. Despite
differences in their levs| the interest rat appear to comove remarkahlp to 201. While they
remained rather stable or even slightly dedng between 2003 and the end of 20they began to
rise in 2006 until the third quarter of 20(Following the failure of LehmaBrother:, they decreased
at the end of 2009 on averagethese seven countries of about 325 basis pdihis short-rates have
been split in three groupsse thebeginning of 2010: in the first grouérmany an France), they
vary slightly and remainolwer than their average ovthe sub-period 200300¢; in the second one
(Greece and Portugal), thajso grow up again since 2010 and relevels close to the ones obsen
just before September 2008;the end of the periodhe last group is made dhly, Ireland and Spain
whose interest rates drean intermediate situatic

Figure 1: Monetary and financial institutis interest rates to ndimancial corporatios,
January 2003 - November 2012.
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The interest rates series are tsbationary but are integrated of orderl(L)). As a consequencwe
focus inthe following on their variations from one monthtte othe (Table 1. The variations in
interest rates ar@lotted in FigureA.1l, in Appendix A. Many remarkgan be made. First,
mentioned abovethe increase in thshortrates from 2006 to 2008 is gradual emade of small
variations. This translates intdightly positivevalues of the difference in the interest rebetween
2006 and 2008\ote that these values always less than 50 basis poiatsl generally close to zel
Second,we observe a sharp decline in the r over the period September 20- October 2009,
yielding huge negative variations in the seriedliffierence for all countries. Thircchanges in the
interest rates in Spain and Greece are more impaatter 2010 than before September 2

Table 1 contains descriptivaatistics n changes in the short-rates. Tdheerage first differences of
the interest rates range from -@sispoints (Germany) to 1bp (Greece), andgtendarcdeviations lie
between 17 bp (Spain) and Bf(Greece). As the medians are positivesiept for Irelandit is likely

the means reflect the huge negative variationsraogubetween September 2008 and October 2




This is reinforced by the negativity of the skewsstatistic for all countries, indicating that tleé

tail of the probability density function is longéran the right one, and that the interest rateglynibs

to the right of the mean. The strongest drop ininkerest rates was of -124 basis points and oedurr
in France from December 2008 to January 2009. Tineis for France is the highest and about 12,
indicating a sharper peak and fatter tails tharthe other countries. Jarque-Bera normality tests
suggest that the empirical distributions are notrad, except for Portugal for which we can acchpt t
normality hypothesis at 30% level.

Table 1: Summary statistics and p-values on chaimgeé-Is interest rates to NFCs
DE ES FR GR IR IT PT

Mean -0.02-0.01 -0.01 0.01 -0.01 -0.01 0.00
Median 0.01 0.02 0.01 0.02 -0.01 0.02 0.02
Sd 0.18 0.17 0.21 0.24 0.23 0.18 0.23
Min -0.72 -0.78 -1.24 -0.76 -0.81 -0.75 -0.64
Max 0.32 0.30 0.29 0.73 0.47 0.34 0.57
Skewness -1.251.68 -2.62 -0.53 -0.81 -1.30 -0.33

Excess kurtosis 2.91 5.64 12.08 1.45 1.27 3.46 0.11
Jarque-Bera 0.000.00 0.00 0.00 0.00 0.00 0.31
Phillips-Perron 0.01 0.01 0.01 0.01 0.01 0.01 0.01

ADF 0.01 0.04 0.02 0.01 0.04 0.03 0.04
Ljung-Box 0.00 0.00 0.00 0.18 0.02 0.00 0.02
Diebold 0.03 0.00 0.02 0.34 0.13 0.02 0.03
ARCH 0.00 0.00 0.00 0.01 0.00 0.00 0.48

Note: The null hypothesis of the Phillips-Perrod &DF tests is that the series has a unit rootdju
Box, Diebold and ARCH p-values are computed usitap3.

The rolling variances displayed on Figure 2 shoat the estimated variances peak at the end of 2008
and the beginning of 2009 for all countries. Asarelg Greece, Ireland, Portugal, and to a lessenext
Germany and ltaly, this is followed by other simifeeaks distributed from the end of 2009 (DE) to
2011 (PT). In addition, ARCH tests enable us t@eaefhe hypothesis of homoskedasticity for all
countries but Portugal. These conclusions are inorfaof the hypothesis of conditional
heteroskedasticity in most countries. Besides, ¢jBox tests and Diebold’s (1986) tests corrected fo
ARCH effect suggest autocorrelated errors in alintnes but Greece.




Figure 2: Rolling variances of the changethe monetary and financial institutiolinterest rates to
nonfinancial corporatior, January 2003 - November 2012
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3. Short-rate models

The literature on short-rate dynamics points atesoffitheir feature. Previous papers, such as @han
al. (1992) or Andersen and Lund (1997), conclude shatt rates are mean-reverting and that their
volatilities tend to increase with the level of tinéerest rate. Their variations are susceptiblscae
effects, and one cannot reject the hypothesis @ineyheteroskedastic. Those features are incorplorate
in basic diffusion models, which have been extendeer time to yield more flexible volatility
dynamics.

Univariate diffusion models are often used to capthe stochastic behavior of short-term rates.yMan
short-term rate models are nested in the follovgtaghastic differential equation:

th == (ﬁo + ﬁlrt)dt + O'T'tydBt,

@
wherer; is the interest rate at timeand dB; is a Brownian motion. The terfr; allows for some
mean reversion. F¢, > 0 andB; < 0, the model predicts positive changes in the isten@tes when
1; is below the long-run meang,/f,, and negative changes in the interest rates whes above it.
The speed of the mean reversion depends on

The model allows fotr; to be more volatile when the interest rates agé than when they are low.
Volatility increases as the interest rate increaaekeast for scale reasons, and it varies dubanges

in the level of the interest rates only. Parametendicates the sensitivity of the variance of the
changes in the interest rates to their levels, iaraften referred to as the level effect. Equaiibn
nests many sub-models. For instance, when0.5, Equation (1) becomes Cakal. (1980) model ;
wheny = 0, itis equivalent to Vasicek (1977) model. Theerest rate process is explosive i 1.
Since the conditional mean and variancelgfonly depend om;, the related short-term rate models
are often denominated as one-factor models (sem Bmd Mercurio, (2006), for a review). Hull and
White (1987) provide an extension wherdoes vary over time.

Chanet al. (1992) study Equation (1) in order to empiricatliscriminate the different short-rate
models. Their specification is a discrete-time natigived from the Euler approximation:

Ary = By + Brri—q + arty_let,

(2
wheree; is standard gaussian. It has been extended imadelmections in practice, especially to allow
for a more flexible volatility. Extensions to GARC¥kblatility include, among others, Longstaff and
Schwartz (1992), Koedijkt al. (1997), Bali and Wu (2006). Regime-switching GAR@#latilities
are studied in Brennet al. (1996) and Gray (1996). An extension to stochaatiatilities is provided
by Andersen and Lund (1997). Markov-switching sastit volatilities are investigated by Smith
(2002), Kalimipali and Susmel (2004) and Sun (20080 our knowledge, the most flexible
specification in this vein is described in Clabal. (2002). They investigate, among other, a model
with covariates and Studenterrors in the mean equation, and covariates inrdinelom variance
equation.

For a giveny, ordinary least squares estimator provides cagidiut inefficient estimates of the
parameters in Equation (4). The coefficients of mesversion factor do not significantly differ from
zero. The explanatory power of the regressionsiaepoor.




4. A multivariate diffusion model with a factor
structure

Our model is a generalization of the univariatéudion model described above. The previous analysis
in Section 2 indicates that MFIs short-rates comesoremarkably well. The analysis of longitudinal
variations suggests the presence of common causdsgdthe short-rates dynamic in the different
countries. The underlying drivers are however umkmcagainst the background of a standard
diffusion model. We therefore focus on a multivegianodel, where the dependence across the series
is generated by latent factors.

Let us denote by the number of countries studied. For the sakeropktity, we denote hereafter the
q vector of the interest rates by Consider a-variate time seriear, = (ArPE, ..., Arf 1), t=1,2,...,
T. Variations in bank short-rates are explained by:

Ary = Bo + Br1e—1 + Bf; + W€y,

whereB is aq x k matrix, k denotes the number of factoks(), f.denotes independent realizations
from ak x 1 latent process, argd denotes g-vector of series specific gaussian white noises.

Matrix B is the loading matrix. To ensure the identificataf the factor model, we use the so-called
“hierarchical” constraints, wherg; = 0 for i < jandi < k, andb; = 1 for i < k. The implications

of these constraints are discussed in Aguilar aedt\2000). We assume the factors are independent
from the error term and across time. They areidiged asf,~N (0, G,), whereG, is a diagonal

matrix. We write each of its diagonal elements eacp(gt,l-),i=1,...,k. The vector g; =
(gt,l, v Otk ) is supposed to follow a vector autoregressivegssof order 1:

gt = 8o + 61(ge-1 — 6p) + w¢.

The stationarity assumption implies that| < 1. The innovations are independent across time but
not across series:

we~N(0, W).

Non-zero off-diagonal entries W imply dependence among the (log-) variances offabtors. The
factors are therefore the outcome of a multivasawehastic volatility model.

The idiosyncratic errors have a variancedyi¥/, where¥; is defined as:
: 1Z
Y, = diag(exp (ht‘l/Z)rty_ll’l, e, €XP (ht‘q/Z)rt_ql’q).

The residuals are heteroskedastic becausg pfand because we assuigeevolves randomly over
time:

he = ag + a;(he—1 — ag) + oy 1,

with , a g x 1 vector of independent gaussian innovations. Wenassts elementg;; (j = 1, ...,q)

are mutually independents. Therefore, the shockb@mdiosyncratic (log-) variances are independent
across time and across series. For a giyep the errors evolve according to univariate stogbast
volatility models. To ensure stationarity, we impdbke restriction|a,| < 1.3

3 See Davis and Mikosch (2009) for a discussionhef strict stationnarity in stochastic volatility des. Kalayliglu and Ghosh (2009)
propose a Bayesian procedure to test the assungdtennit root in Stochastic Volatility (SV) model




The model above implies time varying correlatioosthe series iAr;. Indeed, since the factors and
the errors are independent, conditional ©n,, g;, h, and the parameters, the variance is :
var(Ar¢|re_1, g¢» he,) = BG:B' + V.. For a model with a single factor, the first tenimthe variance
differ from one country to the other at tirnenly due to differences in their loadings. The difigonal
elements of the variance matrix are explained by fifictors and their loadings, whereas the
idiosyncratic evolutions are explained by the vedab country-specific terms. In other words, the
idiosyncratic component might capture unusual charig the interest rates specific to a series. The
loadings also impact the association betwaAgnand f;. Indeed, conditional og,, cov(Ar, f;) =

BG,. For a given factor variance, higher loadingscatk a higher covariance between the change in
the interest rate and the factors.

Our specification is similar to the one in Aguikard West (2000). It is in line with Kiret al. (1998),

Pitt and Shephard (1999) and Jacqueeanl. (1999), whose models are extended to time varying
idiosyncratic variances and factors with stochastidatilities. Aguilar and West (2000), and
henceforth the specification we use, is the stgriioint of several extensions aiming either at
including wider shocks in the mean equation, anate flexibility in the factor evolution. On the @n
hand, a more general framework than the one weydhade is proposed in Chi&t al. (2006),
involving jumps in the mean equation and, becaheegsiduals follow a Student distribution, fatter
tails. On the other hand, Han (2006) allows fooeegressive factors at order 1. Lopes and Carvalho
(2007) include time-varying loadings and MarkovtsWing regimes in their model.

5. Bayesian inference and computation

5.1. Inference in diffusion models and stochastic volatility
models

The diffusion model above involves in the variamcaonlinear level effect. Therefore, it cannot be
estimated with the standard tools for linear madatdéess one is willing to consideras fixed. Chan
et al. (1992) use the Method of Moments to estimate it.

Different procedures have been used for the interem stochastic volatility models. In most papers,
the mean equation is restricted to an error teorthat the factors and parameters of interest come
from the log-variance equation. The volatility &dnt, and the likelihood contribution of eatth
involves an unobservable variance. The full liketid is thus &-fold integral, which is not amenable
to a closed form solution in most cases. Directnoghtion of the likelihood is therefore not easily
tractable, and the estimations procedures develiopthe literature are nonstandard.

Previous papers involving stochastic volatility mtedestimate them with the method of moments
(Scott (1988), Melino and Turnbull, (1990)However, these procedures have poor finite sample
properties (Jacquiet al. (1994)). Harveyet al. (1994) suggest a quasi-maximum likelihood (QML)
procedure. Taking the log of the squared Equat®)rallow them to linearize it, and thus to express
the model in a state-space form. The log of thesaliresidual of Equation (2) is hence expressed as
a linear measurement equation. The state errogisti-squared. To avoid handling it explicitlyeth
assume gaussianity and achieve a tractable gkaBhbod. Harveyet al. (1994) provide an algorithm
based on the Kalman filter for joint QML estimatiohthe parameters and volatilities. Broto and Ruiz
(2004) survey studies on the properties of the Q@ddtimator in the context of stochastic volatility

4 Maximum likelihood inference derived from Equati(®), the discrete time approximation is also fetesiPhillips and Yu (2009) survey
maximum likelihood estimation of continuous timéuaion models.

5 The efficient method of moments, also referredgdndirect inference, proposed in Gouriéreual. (1993) and Gallant and Tauchen (1996),
has been used more recently to estimate stochaditlity models. See Renault (2009) for a survey.
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models. As the QML procedure does not rely on tkacklikelihood, it is less efficient than the
Bayesian approach.

Stochastic volatility models are difficult to estite because of the presence of unobserved vadsitilit

in the likelihood. Shephard (1993) uses a data amggtion procedure consisting of simulating the
log-volatilities, by proceeding with the inferenas if the simulated values were actually observed,
and by finally iterating between the two steps.iplements a Simulated Expectation Maximization
algorithm where the computation of the expectatiomglves Metropolis-Hastings and Gibbs
sampling procedures. The whole procedure can heedes a two-step version of the more general
Gibbs sampler. Jacquietr al. (1994) introduce this method in the Bayesian fraor&. They provide

a MCMC procedure, referred to as a single move qatoe, where the latent log-volatilities are
sampled one at a time. Remind that MCMC algorittdosnot generate independent draws, but
autocorrelated ones. Since the log-volatilitiedofel an autoregressive process, the draws can be
highly autocorrelated. The naive variance estimatadd underestimate the true value in such a case,
as in regression models where dependence amongvatises is ignored. This can be accommodated
by thinning the chain (see for example Lynch, (2D0Righly autocorrelated draws are nonetheless
often considered as evidence of slow mixing, inhca that the Markov chains require many
iterations before one can confidently use the sathrhs for the inference. So as to reduce
autocorrelation in the draws and speed-up convemeari the Markov chains, Kinat al. (1998)
introduces a procedure to sample jointly the lotatilities, referred to as a multi-move MCMC
algorithm¢

5.2. Bayesian inference and computation

In a Bayesian approach, prior beliefs on the sgtashmeters complete the specification. We build
here on previous studies in the Bayesian SV liteeatThe priors are summarized in Table A.2 in
Appendix.

From a subjective point of view, parameters argesitio beliefs formulated in terms of probability
distribution called priors. Our full prior can beitten aSp(ﬂ)p(B)p(5)p(W}p(a)p(On)p(]/), where

B = (Lo, Br), 6 =(6y6;) and a = (ay, a1). The priors on the components @f and B are
independent Gaussian, in line with the literatundioear models. We adopt a conservative stand and
center these priors on zero, with a standard dewiatf 100. Clearly, the range of values encomphsse
by our prior is far wider than the results repoiitethe literature on short-rate.

We use independent uniform priors for the elemefhtsanda. The empirical counterpart of the long-
term variance, namely the variances computed dwemhole period, are always lower than 0.06 for
each country. The long-term variance, whether dlogof one or the idiosyncratic one, is therefore no
expected to be greater than 1. The priors on thg-ferm variances, andayhence range over (-20,
0). The priors ony; anda; range over ]-1, 1[, as mentioned above, to entgestationarity of
stochastic volatility process.

ParameteW is the variance matrix of the innovations on thetda (log-) variances. Since shocks
inducing booms and busts at the international lavellikely to be correlated, we do not restiéto

be diagonal. We follow Aguilar and West (2000) aed as prior an inverse Wishart distribution. The
prior is centered on diagonal matrix wkh+ 2 degree of freedom, so that it spreads locseiynd a
variance matrix obtained under independent factbris quite legitimate and common to let prior
beliefs adjust to preliminary inspection of theadand the diagonal elements of the prior measetre
in accordance to preliminary estimates.

Kim et al. (1998) also use particle filtering to approximtite log-volatilities given the data. Particle fil@lows, when a new observations
is available, to compute the corresponding votgtilvithout running again the MCMC sampler. Receavelopments on particle filters
applied to SV models include Jacqueeal. (2010) Carvalhet al. (2010).
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The prior ona,? is an inverse gamma distribution, as in Katral. (1998), with both parameters set so
that the prior mean af;, is 1 and its’ variance is of 1000. This priorlisis fairly uninformative, and
allows for very large shocks on the volatility.

We assume a uniform prior fgrranging from 0 to 2, in line with Chidt al. (2002). This prior covers
the estimated values reported in the literaturehmrt rate models. The prior excludes negativas it
is assumed in these models to be positive to emsfinge variance. Assigning a zero prior probiapil
to negative values leads to a zero posterior pibtyaldlherefore, this prior enforces the posityit
restriction from the diffusion model directly indlinference.

We need to compute the posterior distribution iegblby the prior and the likelihood to derive the
Bayesian estimator. It does not have a closed fogne, but we can however approximate it using
Markov Chains Monte Carlo (MCMC) procedures. Tharities of interest are approximated with
Monte Carlo methods applied to draws from Markowioh with elements following the posterior
distribution. Shephard and Kim (1994) show in unate models that an issue might arise when the
volatility is highly autocorrelated and its distarites very concentrated. In this case, the sampled
(log-) volatilities can be very highly autocorreddt over numerous draws, leading to very little
movement in the chains. This slows down convergeand yields algorithm with poor numerical
performances. To reduce the autocorrelation amesagg Kimet al. (1998) propose a multimove
MCMC sampler that has a huge impact on the enditergture. We use here instead Hoffman and
Gelman (2013) No-U-Turn Sampler, a Hamiltonian Mo@arlo (HMC) method. HMC procedures
converge more quickly than simpler methods, suataadom walk Metropolis or Gibbs sampling, for
many models. However, it asks for some fine turdhgvo user-specified parameters. Hoffman and
Gelman (2013) provide an automatic procedure tdlmete parameters, allowing easy tuning of the
algorithm and replicability of the Markov Chains.

We run four chains, starting with over disperséetiahvalues, of 30 000 iterations. Results turn tou

not be sensible to the choice of the initial valuésnvergence is assessed using both Gelman and
Rubin (1992) statistics and Heidelberger and W¢1&83) tests. All chains reached an equilibrium
within 10 000 iterations. All the results reporteglow are based on post-convergence iterations.

6. Empirical results

This section presents the Bayesian estimates dhatiter model. The model allows so far for several
factors. We reduce it to a unique factor and repetow the corresponding estimates. In a last
subsection, we examine the robustness of the sasulin alternative mean equation, taking expjicitl
into account the peculiarity of the few monthsdualing September 2008.

6.1. Factor model

The factor loadings are identified due to resioiesi on the design dddescribed in Section 4. When
there is a single factor, they imply that the fadwading of the first series is normalized to 1.
Therefore, the identification issue impacts theeorof the series inr;. Indeed, wher(f,, 5,-) = 0,

the first series is equal to the factor plus adweal. The first series acts as a benchmark, ansetvé

as the evolution of bank interest rates in Germah factor loadings therefore measure departure in
the other countries from the latent common fadgtntified taking as a benchmark the credit rates i
Germany.

Bayesian estimates of the multivariate diffusiondedlcare reported in Table 3. These results indicate
no significant mean reversiérSome posterior distributions gfdo have all their mass clearly apart

7 Alternative models, wherg, or B, are specified as factors, have been estimated. fifo@ide similar results in the sense that thenelats of
these vectors are never significant.

11



from zero.y is the only parameter from the diffusion modelttheins out to be significant for a few
countries, with the highest magnitude estimated,dbgcending order, in Spain and France. As
indicated in Table 1, the distributions of changeshe interest rates are the most skewed for those
countries, with left tails longer than in the othe®ne can thus think that the estimated levekeffe
depends on the observations where the rates felpip from their maxima, typically in the months
following September 2008.

Table 3; Estimated coefficients of the multivaridifusion model

Bo Br exp (60/2) 5 Ow

Mean Lower Upper Mean Lower Upper Mean Lower Upper Mean Lower Upper Mean Lower Upper

Al 0.01 -0.03 0.06 0.00 -0.01 0.01 0.09 0.05 0.18 0.87 0.68 0.99 0.67 040 1.08
B y exp(ay/2) a, oy

Mean Lower Upper Mean Lower Upper Mean Lower Upper Mean Lower Upper Mean Lower Upper

DE 1.00 - - 0.37 0.00 1.38 0.06 0.02 0.2 082 0.29 0.99 044 0.15 0.87

ES 110 088 1.34 0.84 0.05 1.99 0.02 0.00 0.14 095 0.83 1.00 0.43 015 0.93
FR 117 0.87 1.60 0.61 012 123 0.06 0.03 0.11 033 -0.71 0.93 035 0.07 0.84
GR 1.03 081 1.30 051 0.03 154 0.07 0.01 0.19 081 047 098 059 027 1.05
IR 116 085 1.49 0.35 0.00 1.05 0.09 0.02 0.24 091 0.67 1.00 041 015 081
IT 113 092 141 0.29 0.00 0.97 0.06 0.02 0.11 0.75 -0.07 0.99 0.45 0.10 0.96
PT 072 039 1.09 0.25 0.00 0.80 0.14 0.05 0.22 031 -0.70 0.96 0.19 0.04 056

Note: “Lower” and “Upper” denote the lower and upgmunds of the highest posterior density
intervals at the 5% level. Estimates in bold typigsificantly differ from zero at the 5% level.

We report in Table 3 the long-term idiosyncratiargtard deviations of the errors in the absence of a
leverage effect, measured &p(a,/2). Relatively high long-term standard deviations esgémated,

in descending order, for Portugal and Ireland. Hstimated autoregressive parameters of the
idiosyncratic variances show high and significagtsgstence in Germany, Greece, Ireland and Spain.
Their point estimates range from 0.82 to 0.95, eslsimilar to the ones reported in the literature o
short-rates. As regards the other countries (Frdtadg and Portugal), we cannot reject the hypsithe
that the idiosyncratic variance follow a random kvalo sum up, the contemporaneous idiosyncratic
variances tend to remain close to their mean avgltrslowly to it after a shock in Germany, Greece,
Ireland and Spain, whereas they can depart suddemiy it in France, Italy and Portugal. This is
especially true for Italy, the country in the randwalk-type group where,, is the highest. Besides,

the estimates af,, are always positive significant, providing evideraf stochastic volatilities.

Table 3 reports the estimated factor loadings. Meure their identification, the factor loading
corresponding to Germany is normalized to unityeyl'lare positive for all countries, indicating that
the common driver induces a positive associatiothefinterest rates across countries. The long-run
standard deviation of the factor is about 0.09,clwhis about the same order of magnitude than the
idiosyncratic variances without level effect in tariance. The factor (log-) variance is also gjtgn
autocorrelated.

The estimated correlations of the changes in batdsrin any country and Germany are displayed on
Figure 3. The correlations are all positives overwhole period. Furthermore, they all vary overi

but commove remarkably well. Before mid-2008, tilséineated correlations range across countries
over an interval whose width is about 0.5. All twrelations peak at the very end of 2008, durirgg t
financial turmoils, and reach their maxima closeote. This finding is in line with the abundant
evidence in the financial literature, showing ttta¢ relationship between the financial markets is
reinforced during the booms or burst. Afterwardgyttdrop sharply until mid 2010, and increase
smoothly again. Since 2009, the cross-country atioms are lower and more concentrated. They are
spread across countries over an interval of width These two features indicate less synchronous
shocks on the credit markets, and thus insulatidheonational credit markets since 2010.
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Figure 3: Posterior mean of the correlationsh respect to the changes in the bank rates in Ggr
implied by the factor model, January 2(- November 201
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7. Conclusion

We showhow diffusion models can be applied to analyze bank loansshor-term interest rates
dynamics for some euro areauntrie. The basic model isxtended to allow for stochastic volatilitit
We examine their performances in the analysis ®ftior-rates dynamica the aftermath of Lehme
Brothers collapse.

Our resultgeject the view that bank interest radynamicscan be analyzed in the same way as -
term riskless rates. Using monthly data, we dofmat clear evidence of mean revers. The level
effect in the variance is the only component offtusion model that turns out to be significant fo
few countriesThis stands in sharp contrast with the literaturesbor-term riskless rates, where 1
elasticity of a change in the rewith respect to a shock is between 1 arfl (see Chaet al. (1992)
and Smith (2002among other:, depending on the modeling of atypical time pes. While MFIs’
shortrates experienced a sharp fall from high levelfhatend of 2008, it does not have to be rel
to a feature of their intrinsidynamic.

Our estimates show weakening synchronizaticof the changes in the barnkterest rates across
countries in the euro aredter the financial turmoil of 20(-2009 An assessment of tlincreased
heterogeneityof the credit markets at ttcountry level and their resulting potential fragmentat
could therefore be a topicrfturther researc
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Appendix

Figure A.1:Changes in the MFIs short-rates to NFCs.
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Table A.1: Prior distribution

Prior distribution

Po
Pr
B

8o

N'(0,100%)
N'(0,100%)
N'(0,100%)
U(-20,0)
U(-1,1)
U(-20,0)
U(-1,1)
IW(0.5*, k + 2)
1G(1073,1073)
U(0,2)
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