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ABSTRACT

In order to capture the informational effect of tBeazilian short-term interest rate (SELIC

rate) by Poisson jumps, we build on the tests coeduby Das (2002) and Johannes (2004),
which show the significance of such structures Wos. Federal Open Market Committee

(FOMC) announcements. As in the above researche$iawe found evidence that a relevant
amount of the short-term volatility in the fixedcome market is captured by introducing

jumps on the stochastic process of the short-temte. rThis structure also allows the

verification of the information content of specigwents, such as Brazilian monetary policy
authority (COPOM) meetings and public bond auctions
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he modelling and estimation of the informationdéef in financial instruments
are well-explored themes in the literature, dudath the interpretative role
and the potential benefits in the pricing structuséthose instruments. Several
studies in the 1970s and 1980s (FRENCH; ROLL, 198BRTON, 1976;
PEARCE; ROLEY, 1985; SCHWERT, 1981) have provideahpeical
evidence of the effect of informational economicwee Despite the
significance of this effect, however, the aforenmmd authors were not able
to incorporate it into asset pricing structuresother common feature in the
aforementioned studies is the use of surveys asnation sources for market expectations
(PARKER, 2007). More recent studies, however, hseeiktraction of implicit expectations in
financial instruments as an information source,clvhyenerates more realistic and tractable

results.

Andersen et al. (2003), using high-frequency ddtahe US Dollar exchange rate
against several foreign currencies (British Pouvidn, Swiss Franc and Euro) to model
economic news surprises, concluded that such sesprproduce conditional jumps that
characterize the average speed of the adjustragettory. Another interesting finding of the
above study is that the market reacts asymmetyjcsdecifically, negative news has a greater

impact than positive news.

Balduzzi et al. (2001) also indicated that macroeceic announcements have
significant impacts on financial instruments ratdsing intraday data from the U.S. bond
market to investigate the informational effect ohauncements, the authors concluded that
17 types of announcements impact bond prices. Teete of the announcements vary
greatly depending on bond maturity but, in genegaherate a substantial increase in price

volatility ex-post the announcements.

Despite the huge amount of available informatiod #re speed at which it propagates
in markets, unanticipated informational shocks oaegularly. Such events tend to impact
discount rates and therefore the prices and trasjingads of fixed income securities. Part of
modern macroeconomic theory is based on the applcaf unexpected shocks as a
monetary policy instrument to maximize their effantd minimize the policy conducting cost.

Many of the existing term structure models implatthnterest rates move continuously,

! Surprise is the difference between ex-ante angosk- market expectations concerning an economic
announcement.
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following diffusion processes. Recent studies stgivong empirical evidence that rates

contain unexpected and discontinuous changes af gragnitude.

A growing stream of literature explicitly incorpéea jumps in modeling the rate
dynamics. Johannes (2004) developed tests for jumpstes and found strong evidence of
their presence in three-month T-Bills. Farnswortkd 8ass (2003) modeled the federal funds
rate as a process with jumps and concluded thasthicture explains most of the yield curve
movements. Lund et al. (2004) also found stronglewe that jumps are important for
ensuring the quality of the model fit, especiatiythe accommodation of outliers in the short-

term interest rate.

There is strong evidence for an intense and shaomgl interest rate volatility
component in emerging markets. Through the experisneonducted by Edwards and Susmel
(2003) it is clear that high volatility states ihet short-term interest rate are relatively
common, especially after 1994, for the selectedpdamf countries. As stated by the authors,
there are three potential explanations for theseuroences in emerging markets: the
“excessive” capital mobility, the floating exchangate regimes, and contagion effects.
Particularly in the Brazilian case, these statesewieund to last approximately one week,

what advocates for the presence of typical jumgabieh in the short-term interest rate.

The main objective of the present paper is to capthe informational effect of the
Brazilian short-term interest rate (SELIC rate)ngsPoisson jumps. To this end, we build on
the tests conducted by Johannes (2004) and Dag)(2@bich show the significance of
Poisson jumps structure for U.S. Federal Open Matkenmittee announcements. As in the
above-mentioned articles, we find evidence that moicthe short-term volatility in fixed
income markets is captured by introducing jumpthan stochastic process for the short-term
interest rate. Additionally, our results indicalte superiority of the combination of Ornstein-
Uhlenbeck process with jumps and ARCH (1) variandcth respect to the other models
estimated. We present two applications of the jwnpanced models in specific market
events: the day-of-the-week effect (auctions ofggonent bonds) and the meeting days of
the Brazilian monetary policy authority (COPOM).Hdath cases, there is a greater likelihood

of jumps in the SELIC rate around these respectates.

2 METHODS AND DATA
Modeling interest rates with stochastic proceserdd to be more complex than similar

ventures on stocks or foreign exchange instrumdnmtis. increased complexity is a result of

the mean reversion behavior found in interest rasdsch is probably caused by agents’
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overreaction.

The mean reversion behavior also makes the likethdéunction of the process
dependent on the time of occurrence and reversi@msity. Another complicating factor is
the existence of few closed solutions for stockadifferential equations of diffusions with

jumps and mean reversion.

The basic stochastic process adopted in this veoakdiffusion with mean reversion and

jumps, following the functional form proposed byd}2002):
dr = k(8 — r)dt + vdW + Jdu (k) (1)
Where# is the parameter of long-term trend for the rgtevhich reverts to its mean

with ratek.

The interest rate therefore evolves according toean reverting Ornstein-Uhlenbeck

process and a Poisson process that generateswttargump/. The coefficient of variance is
v?, and frequency of jumps is generated by the paemhe(number of jumps per period).

The intensity of jumps can be constant or generfit@ah a probability distribution. The

diffusion and Poisson process are independenttbfdech other anfi

The process described by equation (1), despité@iog the only process estimated in
this study, nests the others, once those are planticases of the proposed structure. A simple

diffusion, for example, occurs when the parameétes null. Other possibilities are models
with the Gaussian component variance as ARCH §ldleacribed by the following equatidn:

v(t, + At)? = by + by {r(tsy) — E[T(t2j|r(tlj:|}2 (2)

From this structure, we unfold two models: a simgiifusion described by the basic
functional form proposed by Das (2002) and an AR@MHvariance enhanced diffusion. In

this sense, four basic models are objects of stmdycomparison, namely:

?Wheret, =t; andit =&, —&.
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* Ornstein-Uhlenbeck process;
e Ornstein-Uhlenbeck process with ARCH(1) variance;
e Ornstein-Uhlenbeck process with jumps; and

e Ornstein-Uhlenbeck process with jumps and ARCHvét)ance.

The estimation of diffusions with jumps is comptea for several reasons. The first
and most obvious of these is the existence of eiscsamples of data, while the model is
formulated in continuous time. This leads, in gahdp the use of discrete approximations of
stochastic processes, such as the Euler or Berrapgroximation, as in Ball and Torous

(1983) — such approximations result in poorly sfied¢imodels.

Among the various methods for estimation of jumffudions (e.g., the Generalized
Method of Moments and methods based on Monte Chdwkov Chains), we adopt
Maximum Likelihood Estimation (MLE). The choice fdLE was based in the possibility of
using the characteristic function instead of thetrthution function, without loss of quality in
the results. In the literature, there are several analyticdutsmns for the characteristic
function of stochastic processes, compared to arigw solutions that result in expression of

the density function.

2.1 LIKELIHOOD FUNCTION

In order to estimate the jump-enhanced Ornsteiretligéck process with a discrete
observed sample, we use a discrete approximatiocording to Chan (2005), there are two
major alternatives to perform this estimation: BoisGaussian and Gaussian-Gaussian

mixed distributions.

The limitations arising from the Poisson distribatitruncation, indicated by Vlaar and
Palm (1993), justify choosing the Gaussian-Gausswth Bernoulli approximation
framework. This approach follows the structure ioadly proposed by Ball and Torous
(1983), also used by Vlaar and Palm (1993) and(R@32).

For the Bernoulli approximation, according to Baild Torous (1983), it is assumed
that at each instant of time a jump in intereseésatither does or does not occur, which is
reasonable at small time intervals. In one dayef@mple, one could expect no jumps or one

at most.

This assumption regarding the Bernoulli approxiomtiwhich is detailed in Ball and
Torous (1983) and Das (2002), leads to a likelihfuottion that can be written as follows:

® Guaranteed by the two-way relation between theeildigion and characteristic functions.
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T
L= [rrre+ s 3)

=1

Once the likelihood function for the stochastic qgasses is defined, parameters’
estimation can be obtained by maximizing it. Hon(t898) suggests that the likelihood
function for jump-diffusions processes can haveessvsingularities.This finding indicates
the low reliability of estimates regarding jumpfdgions made using the maximum
likelihood method. According to Honore (1998), sedeseminal studies, such as Jorion
(1988) and Ball and Torous (1983), perform maxiniikelihood estimation without concern

for these problems.

To solve the singularities problem, Honore (1998pppses a restriction on the
optimization space: the variances of the Gaussiaxture should be assumed to be

proportional to each other. If we have a mixturé¥o(y,,o; ) andN,(u,,a, ) such as:

L=w. f-,'.-‘_.:#‘___m_} + (1 - W].f-,'.-:.:#ya:} (4)
The solution proposed in Honore (1998) is to impthse o> = a. o, with a being a

non-zero finite constant. This restriction prevehis occurrence of singularities generated by

g, =0 and g, = 0 (or vice versa). Moreover, when this conditiommist, it is possible to

obtain consistent and asymptotically normal estanat

For our particular functional form of Gaussian rng, g being the weight parameter,
the variances are? = v2at + y? and @ = v2At. Therefore, one of the variances can be
written as a function of the other, af = (1 + ¥*/o;').0;. To satisfy the solution proposed
by Honore (1998), it is sufficient thiil + y*/a) is non-null (always satisfied singé = 0

ande? = 0) and finite®

* For example, when one of the variances in the Sansnixture tends to zero and the other does not.
* Satisfied tautologically by the likelihood funatialefinitions.
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For the estimation, we employed the optimizatiogoathms of Berndt-Hall-Hall-
Hausman, Broyden-Fletcher-Goldfarb-Shanno and @xagior the procedure, we performed
a two-step estimation: the first without restriaso on parameters, using the Simplex
algorithm for calibration of the initial values dhe second estimate; the second with
appropriate restrictions in the optimization spa2ng as initial conditions the values found
in the previous step.

A particularity of the optimization software useegarding the Simplex algorithm is
that it was unable to determine the standard dewiadf the estimates. The parameters’

standard deviation was only obtained in the secbage of estimation.

In order to compare models, we used Akaike and &ctw information criteria.
According to Ramezani and Zeng (2007), the mainaathge in the use of information
criteria versus likelihood tests is the possibibfysimultaneous comparison of several models

(versus pair comparison in likelihood tests).

2.2 DATA

The data set used in this work is the Brazilianristesm interest rate (SELIC rate),
collected from the database of the Brazilian Céfemk (2010). The sample contains 2512
daily observations of the rate between 01/24/20@DC4/22/2010.

During this period, the annualized SELIC rate rahffem 26.35% at the beginning of
2003 to 8.64% in late 2009. The trajectory is pnés@ in Figure 1 below, highlighting the

points of discontinuityof the rate.

28
24

20

o S

T

T T T T T T T T T T
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

Figure 1 - Annualized SELIC Rate
The SELIC rate variations presented below, in Figure 2.

° Estima RATS'
"More prominently in 2003 and 2009, what might ssgjgump occurrences.

®Here defined as the first difference of the vaga@ELIC, . ; — SELIC,).
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Figure 2 - SELIC rate variation
As shown in the figure above, 2002 and 2003 shaatgr oscillations than other years
analyzed, likely as a result of the uncertaintyutbraonetary policy that occurred during the

election period.

The main descriptive statistics for the SELIC ratel its first difference are shown in
Table 1.

Table 1 - SELIC and T' Difference Descriptive Statistics

SELIC SELIC 1*

difference
Mean 16.1963 -0.0041
Median 16.3400 0.000d
Maximum 26.3500 3.000d
Minimum 8.6400 -2.380(¢
Std. Deviation 4.1284 0.1542
Assimetry 0.3087 2.4218
Kurtosis 3.0409 172.3494
Observations 2512 2511

The excess of kurtosis in SELIC’s first differenaecording to Das (2002) suggests for
the use of jump-enhanced models. Moreover, in Be(k#91), the failure of pure Gaussian
models to explain the rate of short-term intereguident.

The results for the Jarque-Bera test, whose nudbthesis is normality in the data are

shown in Table 2 below.
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Table 2 - Jarque-Bera Normality Test

SELIC SELIC 1*

difference
Test statistics 40.0717 300301
P-value 0.0000 0.0000Q

It is clear that the high values of test statisacsl the null p-value (at nine decimal
places for the SELIC rate and its first differenlsgds to the rejection of the null hypothesis

for both the rate and its variation.

We also conducted the Augmented Dickey-Fuller tegh intercept, whose null
hypothesis is unit root. Analyzing the results,whan Table 3 - Augmented Dickey-Fuller
Test, we falil to reject the null hypothesis for the 3ELrate. On the other hand, we do reject

the null hypothesis of unit root to the SELIC raggiation.

Table 3 - Augmented Dickey-Fuller Test

SELIC SELIC 1%

difference
Test statistics -0.6932 -8.1549
P-value 0.8465 0.000d

3 RESULTS
First, we optimized the likelihood function for tnstein-Uhlenbeck process, with no
constraints on the parameters. From the resultghwdre shown in Table 4 - Unrestricted

Optimizationresults one can note some inconsistency, as the estimated of the long-term

mean for the ratef] is negative. This result seems to indicate that $ELIC rate tends

toward a negative value in the long term, whichsdoet make sense, as the SELIC rate is a

nominal interest rate. Relevant constraints aren,tihat the long-term mean of the process

(8) as well as the rate of reversion to this megrate non-negative.
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Table 4 - Unrestricted Optimization Results

Estimate/Model 0-U O-U ARCH(1) | O-Uw/jumpg U Xvég:”(%
k 0.029039 -0.470999 0.008491 -0.000001]
8 -0.191354 0.086037 0.06550( 0.064645
bq - 0.00000d - 0.00000d
by -|  25424.115759 - 75.238683
q - - 0.16300( 0.192434
T - - -0.00023(0 0.000804
P 0.000599 - 0.000001 -
¥? - - 0.000015 0.000017
Log-Likelihood 12690.69 13320.32 18969.51 31847.59

From the identified constraints, we performed another round of optiim, the

results of which can be seen in Table 5 below.

° The active optimization constraints wexe- 0 andk = 0.

BBR, Vitoria, v. 12, n. 1, Art. 4, p. 80 - 103, jdev. 2015
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Table 5 - Restricted Optimization Estimates (Std. Bv. In Parentheses)

Estimate/Model O-U O-U ARCH(1)| O-U w/jump$ :ntLjJ ,XVIQSIT(F;.?
-0.000001 0.000004 0.008497 0.005113

) (0.000000 (0.000000 (0.006464 (0.004815
0.16720Q 0.056922 0.06570( 0.019269

’ (0.019300 (0.035567 (0.078200 (0.129831

- 0.000481 - 0.00000q

bg

- (0.000014 - (0.000000

- 856.29913( - 210.722923

5 -|  (152.924483 -|  (10.446016

- - 0.163000 0.074213

! - - (0.007452 (0.005882

- - -0.000230 -0.000548

: - - (0.000192 (0.000427

] 0.000599 - 0.000001] -

v (0.000017 - (0.000000 -

] - - 0.000015 0.000030

4 - - (0.000001 (0.000001
Log-Likelihood 12689.8( 12767.85 18969.51 19299.52
AlC™ -10.11 -10.17 -15.13 -15.40
BICH -10.10 -10.17 -15.11 -15.38

Similarly, the results of a first attempt to perfothe unconstrained optimization for the

Ornstein-Uhlenbeck process with ARCH (1) varianae be seen in Table . These results also

90

show inconsistencies, with the paramekeviolating the non-negative restrictiorand by

reaching exorbitant figures. Performing the optatian with the constraints discussed

earlier, we obtained the results shown in Table .

19 Akaike Information Criterion.
* Bayesian Information Criterion.

12 According to the Ornstein-Uhlenbeck process dedini
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The results for the estimation of the jump-enhan€uhstein-Uhlenbeck process
parameters, both with and without ARCH(1) volailiare shown in Table 4(unconstrained)

and Table (constrained).

As can be seen in the results tables, the adopfedration criteria indicate the clear
advantage of the jump-enhanced process, both putenv#th stochastic volatility. Another
important issue is that the introduction of jumpsnerates a decrease in the variance

parameten(?), indicating that jumps account for a great portd the SELIC rate volatility.

In the jump-enhanced Ornstein-Uhlenbeck process, pairameter representing the

probability of a jump 4) was estimated at 16.3%. This indicates that, @rame, a jump

occurs every six days (or slightly more than onmpguper week). In our estimation of the
jump-enhanced Ornstein-Uhlenbeck process with ARQH(olatility, the value of this
parameter was reduced, indicating that part ofréite variance is absorbed by the stochastic

volatility in detriment of jumps.

In Das (2002), for a sample of the fed funds raevben 1988 and 1997, the estimated
result for the jump probabilityg) with a similar framework is higher (21.6%) thamet

estimated in the present study, what is consisietit the monetary policy and inflation

targeting system of the last decade in Brazil.

It is also interesting to note the result for thad-term trend parameter of the interest

rate @). The parameter value was consistently lower is 2802) than in the Brazilian case.

This shows that despite having less abrupt movesnenthe short rate, the basic rate in
Brazil, in accordance with the sovereign risk ofeeging countries, tends to operate with

higher values than in consolidated markets.

It is not news for financial markets agents, pattdy those dealing with fixed income
securities, that certain dates often have highéatlioy. The end of a month, for instance,
tends to concentrate a higher volume of transastidhis effect is usually related to banks’
extra efforts to meet or exceed their goals. Relaetates for economic activity indicators

typically exhibit higher volatility for the reasod$scussed in previous sections.

In the following section, we develop two extensidasthe jump-enhanced Ornstein-

Uhlenbeck process — the day of week effect andvtbeetary Policy Committee (COPOM)

BBR, Vitoria, v. 12, n. 1, Art. 4, p. 80 - 103, jdev. 2015 wux.bbronline.com.br
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meetings effect — attempting to capture the infdiomal effect in the SELIC rate, following
the framework described in Das (2002), through gkann the jump probability.

3.1 DAY OF THE WEEK EFFECT

As in other markets such as stocks and optionsdfincome markets, especially the
government bonds market, tend to exhibit greatéatiity on certain days of the week. The
Brazilian National Treasury, for example, repur@sasecurities prior to their maturity on
Wednesdays, increasing the amount of businesshanefore the volatility seen on this day of
the week. Furthermore, auctions of government-gdumds usually occur on certain days of
the week — LTN, LFT and NTN-F Thursdays and NTN+BTauesdays and Wednesdays.

In order to verify whether the jump probabilitytime SELIC rate is dependent upon the
day of the week, we used a similar framework té thand in Das (2002), with the likelihood

of jumps parameter following the structure below:
q = Qo+ qpdy+qydy +g5dy +qady (5)
Whereg, represents the probability of a jump on Fridayd dre variablesy, g4, g5 €
q. represent the incremental probability of a jump mspectively, Mondays, Tuesdays,
Wednesdays and Thursdays (versus Fridays). Thablesid,, d,, d; e d, are dummies that

assume value 1 when the day is, respectively, Mgridaesday, Wednesday and Thursday.

The estimations were carried out by maximum likeith, similar to those discussed in
previous sections. The results for the jump-enhd@mstein-Uhlenbeck process are shown

in Table 6 below.

#LTN and NTN-F are fixed cash-flow bonds, similarT-Bills and T-Bonds, respectively; LFT is indexid
SELIC rate and NTN-B is a kind of inflation protedtbond, similar to American Treasury TIPs
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Table6 - Day of the Week Effect Estimates (Std. Dein Parentheses)

Estimate/Model | O-U w/ jumps gijJ ,XVIQSIT(%
L 0.008487 0.005181
(0.006302 (0.005081

5 0.065200 0.017024
(0.075800 (0.135650

, 0.000001 -

v (0.000000 -

by - 0.00000(

- (0.000000

by -|  215.88017:

-| (@3.722084

0.147200 0.045201

do (0.017500f  (0.010961
-0.018600 0.001827

= (0.023400 (0.014020
-0.01610d -0.01420(

12 (0.022900 (0.013791
0.023100 0.036552

7 (0.024600)  (0.017170
0.086600 0.113573

4 (0.025700 (0.020120
-0.000232 -0.000547

H (0.000196 (0.000302

, 0.000015 0.00003(

¥ (0.000001 (0.000003
Log-Likelihood 18960.01 19299.73
AIC -15.14 -15.42
BIC -15.12 -15.39

Analyzing the results, it is evident that the dayth increased probability of jumps are,
Thursdays, Wednesdays and Fridays. As previousiytioreed, auctions of three types of
government bonds (particularly LFT treasury billdjose profitability is tied directly to the

SELIC rate) tend to be concentrated on Thursdays.

Other potential determinants of the highest prdidgbiof jump occurrence on
Wednesdays and Thursdays are, respectively, theetdgn Policy Committee meetings
(whose results are announced usually on Wednesdagsjhe disclosure of the minutes of
these meetings (which usually occurs on the Thyssdallowing the meeting). Such
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arguments strengthen the relationship betweenrnrdbonal shocks and the jump occurrences
in the SELIC rate.

Results of the estimation carried out for the juempranced Ornstein-Uhlenbeck process
with ARCH(1) variance, which followed similar prabges to those discussed above, are
shown in Table, which makes even clearer the fatthe highest jump likelihood occurs on
Thursdays.

3.2 EFFECT OF MONETARY POLICY COMMITTEE (COPOM) MHENGS

As discussed above, Monetary Policy Committee (CRP@eetings most likely are
one of the factors causing the increased likelihobgumps in the SELIC interest rate on
Thursdays. The following functional form, similar Das (2002) for the likelihood of jumps,

attempts to capture this effect:

q = qy+ q1-degpon (6)
Where g, represents thstatus qudfor the jump occurrence probability, represents
the incremental probability of jump occurrence CORDM meeting days, andl-pp0 IS @

dummy variable that assumes value 1 for the COP@&étimg dates.

Similar to previous sections, the parameters estomaf the jump-enhanced Ornstein-
Uhlenbeck process was performed by maximum likelihaesults are presented in Table 7

below.
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Table 7 - Monetary Policy Committee Meetings Estimies (Std. Dev. in Parenthesis)

Estimate/Model | O-U w/ jumps gijJ ,legng(pli
. 0.008517 0.00000(
(0.006484 (0.000000

5 0.06660( 0.246281
(0.076600 (0.038743

. 0.000001 -

v (0.000000 -

by - 0.00000(

- (0.000000

by -|  206.634967

-|  (14.337213

0.15860( 0.070817

do (0.008121]  (0.006014
0.09770d 0.096621

= (0.046400 (0.045047
-0.000232 -0.000550

K (0.000196 (0.000376

, 0.000015 0.000029

¥ (0.000001]  (0.000003
Log-Likelihood 18968.48 19293.27
AIC -15.13 -15.40
BIC -15.12 -15.38

These results show that, on a typical day, thegiiby of a jump in the SELIC rate is
around 16%. This value, however, increases by 8epéage points if the date is a COPOM
meeting day.

It can be argued, therefore, that on days of CORG&étings there is a 60% higher
probability of a jump occurrence in the SELIC rdtan on days without COPOM meetings.
These results prove to be quite similar to thogsedoby Das (2002) and Johannes (2004),
showing a strong relationship between the COPOMancements and jumps in the short
term interest rate. With similar modeling, Marguer@®006) demonstrated the relationship
between COPOM meetings and changes in the vojatilithe SELIC rate.

Similarly, by maximum likelihood, we obtained tharpmeter estimates for the jump-
enhanced Ornstein-Uhlenbeck process with ARCH(tiamae, whose results are shown in
Table.

Again the results show that the probability of anjuincreases greatly on COPOM

meeting dates. Moreover, given the partial capsfitbe volatility in the rate by the stochastic
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volatility structure, the probability of jumps onOPOM meeting days (16%) is more than
double the probability on other days (7%). Thug, iisults of studying the day of the week
effect demonstrate that the COPOM meetings areglalyhinfluential variable on the jump
probability of the SELIC rate.

4 CONCLUSION

This paper investigated the effects of incorpomatifoisson jumps in stochastic
processes for modeling the short-term interest iratBrazil. The relevance of introducing
jumps in modeling the U.S. short-term interest ragés been discussed in the works of
Johannes (2004) and Das (2002), but papers iri¢hisregarding Brazil and other emerging

countries are still scarce.

Additionally to the traditional Ornstein-Uhlenbepkocess structure, we also estimated
models enhanced with jumps and stochastic ARCH@atNity. The estimates of these
models were performed using maximum likelihood, #me computer algorithms converged
quickly to quite reasonable results. Accordinghe Akaike and Schwarz information criteria,
the Ornstein-Uhlenbeck process with jumps and ARIGKariance proved to be superior to

other models estimated.

Next, we performed two specific applications of themp-enhanced models by
examining the day of the week effect and the eftddBrazilian monetary policy authority
meetings. The estimates were made analogouslyse fim the first stage, with the hypothesis

that these effects would increase the likelihooflinfps.

We obtained robust results, showing that there ighdr jump likelihood on
Wednesdays and Thursdays, likely due to the Beamilireasury interventions, such as public
bond auctions, that systematically occur on thasgsdThe meeting days of the Brazilian
monetary authority were also shown to have higberpj likelihood, characterizing them as

informationally relevant.

It is worth to mention that although the presenicgiimps in “special” dates is a widely
known phenomenon in the Brazilian financial markégre was little or none scientific
evidence for this. Furthermore, market practitisneow can count with or build on our
experiments as a solid alternative for simple gdiffa models in simulating future trajectories

of the interest-rate stochastic process.

As potential extensions for future research, wegssgthe following: experimentation

with other structures, not only Poisson-Gaussidagdys of the relationship between the
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incorporation of jumps in the short-term rate ahd greater maturity rate movements; and
finally, analysis of the effects of incorporatingmps in pricing financial instruments, in line
with the U.S. Financial Accounting Standards Bossliggestion of the realization of stress

test scenarios using jumps in interest rates.
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APPENDIX
DEFINITIONS
ORNSTEIN-UHLENBECK PROCESS
A process is called an Ornstein-Uhlenbeck if satssfthe following stochastic

differential equation:

dX = k(8 — X)dt + vdW )

WhereW is a standard Brownian motio#, is the long term trend8(= 0), k is the

reversion rate to this tren& & 0) andv is the volatility.

COMPUTATIONAL ALGORITHMS
PARAMETERS ESTIMATION
calendar 2000 1 252

allocate 2512

open data selicl.prn
data(org=obs) / rf

set dr = (rf-rf{1})/200
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set r = rf{1}/100

* wkkxrkk ORNSTEIN-UHLENBECK ks
nonlin(parmset=base) k theta v2
nonlin(parmset=constraint) k>=0.0 theta>=0.0
frml resid = dr-k*(theta-r)/252

frml archvar = v2

frml func = (exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pi*archvar/252)**0.5
frml logl = log(func)

compute k=0.88, theta=0.16, v2 = 0.002

nlpar(subiterations=10000)

maximize(method=bfgs,iterations=1000, parmset=bamestraint) logl 3 *

x ek ORNSTEIN-UHLENBECK VOL ARCH(1) ¥+
nonlin(parmset=base) k theta b0 b1l

nonlin(parmset=constraint) theta>=0.0 k>=0.0

frml resid = dr-k*(theta-r)/252

frml archvar = bO+b1*resid(T-1)**2

frml func = (exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pi*archvar/252)**0.5

frml logl = log(func)

compute k=0.88, theta=0.2, b0=0.002, b1=222.88

nlpar(subiterations=10000)

maximize(method=bfgs,iterations=1000,parmset=basestcaint) logl 4 *

* xexk ORNSTEIN-UHLENBECK W JUMPS ##¥xx*

nonlin(parmset=base) k theta v2 g0 mu gamma?2
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nonlin(parmset=constraint) theta>=0.0 k>=0.0

frml g =90
frml archvar = v2
frml resid = dr-k*(theta-r)/252
frml func = g*(exp(-((resid-mu)**2)/ $
(2*(archvar/252+gamma?))))/(2*%pithvar/252+gamma2)**0.5 + $
(1-g)*(exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pit&var/252)**0.5
frml logl = log(func)

compute k=0.88, theta=0.16, mu=0.0003, gamma2=030§0=0.2185, v2=0.0004

nlpar(subiterations=10000)

maximize(method=bfgs,iterations=1000,parmset=basestcaint) logl 6 *

* *ORNSTEIN-UHLENBECK W JUMPS AND ARCH(1) **
nonlin(parmset=base) k theta b0 b1 g0 mu gamma?2
nonlin(parmset=constraint) theta>=0.0 k>=0.0
frml g =90
frml resid = dr-k*(theta-r)/252
frml archvar = bO+b1*resid(T-1)**2
frml func = gq*(exp(-((resid-mu)**2)/ $
(2*(archvar/252+gamma?))))/(2*%pithvar/252+gamma2)**0.5 + $
(1-q)*(exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pit&var/252)**0.5
frml logl = log(func)

compute k=0.88, theta=0.16, $
mu=0.0016, gamma2=0.00002, q0=0.1241, W02, b1=127.04

nlpar(subiterations = 10000)
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maximize(method=bhhh,iterations=1000,parmset=basestraint) logl 7 *

DAY OF THE WEEK ESTIMATION
calendar 2000 1 252

allocate 2512

open data selicdds.prn
data(org=obs) / rf seqg ter qua qui
set dr = (rf-rf{1})/200

setr = rf{1}/100

* xexk ORNSTEIN-UHLENBECK W JUMPS ##¥xx*

nonlin(parmset=base) k theta v2 q0 q1 g2 g3 g4 aminga2
nonlin(parmset=constraint) theta>=0.0 k>=0.0

frml q = g0+ql*seg+qg2*ter+q3*qua+qd*qui
frml archvar = v2
frml resid = dr-k*(theta-r)/252
frml func = gq*(exp(-((resid-mu)**2)/ $
(2*(archvar/252+gamma?))))/(2*%pithvar/252+gamma2)**0.5 + $
(1-g)*(exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pitavar/252)**0.5
frml logl = log(func)

compute k=0.88, theta=0.16, mu=0.0003, gamma2=030§0=0.2, q1=0.0, g2=0.0, q3=0.0,
g4=0.0, v2=0.0004

nlpar(subiterations=10000)

maximize(method=Dbfgs,iterations=1000,parmset=bawmestcaint) logl 10 *

* *ORNSTEIN-UHLENBECK W JUMPS AND ARCH(1) ** *

nonlin(parmset=base) k theta b0 b1 g0 g1 g2 g3 g4amma2
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nonlin(parmset=constraint) theta>=0.0 k>=0.0

frml q = g0+ql*seg+qg2*ter+q3*qua+qd*qui
frml resid = dr-k*(theta-r)/252
frml archvar = bO+b1*resid(T-1)**2
frml func = g*(exp(-((resid-mu)**2)/ $
(2*(archvar/252+gamma?))))/(2*%pithvar/252+gamma2)**0.5 + $
(1-g)*(exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pit&var/252)**0.5
frml logl = log(func)

compute k=0.88, theta=0.16, $
mu=0.0016, gamma2=0.00002, q0=0.08, q18X).62=0.03, q3=-0.03, q4=0.07,
b0=0.0002, b1=127.04

nlpar(subiterations = 10000)

maximize(method=bfgs,iterations=1000,parmset=basestcaint) logl 11 *
COPOM MEETINGS EFFECT ESTIMATION

calendar 2000 1 252

allocate 2512

open data selicdcopom.prn

data(org=obs) / rf cop

set dr = (rf-rf{1})/100

setr = rf{1}/100

* wkkxeik ORNSTEIN-UHLENBECK W JUMPS ***¥k* *
nonlin(parmset=base) k theta v2 g0 g1 mu gammaz2

nonlin(parmset=constraint) theta>=0.0 k>=0.0

frml q = qO+ql*cop

frml archvar = v2

frml resid = dr-k*(theta-r)/252

frml func = g*(exp(-((resid-mu)**2)/ $
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(2*(archvar/252+gamma?))))/(2*%pithvar/252+gamma2)**0.5 + $
(1-q)*(exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pitdrvar/252)**0.5
frml logl = log(func)

compute k=0.88, theta=0.005, mu=0.00003, gammap88,030=0.1, q1=0.0, v2=0.00004
nlpar(subiterations=10000)
maximize(method=bfgs,iterations=1000,parmset=basestcaint) logl 7 *
* *OQRNSTEIN-UHLENBECK W JUMPS AND ARCH(1) ** *
nonlin(parmset=base) k theta b0 b1 g0 g1 mu gamma?2
nonlin(parmset=constraint) theta>=0.0 k>=0.0
frml q = qO+qgl*cop
frml resid = dr-k*(theta-r)/252
frml archvar = bO+b1*resid(T-1)**2
frml func = gq*(exp(-((resid-mu)**2)/ $
(2*(archvar/252+gamma?))))/(2*%pithvar/252+gamma2)**0.5 + $
(1-g)*(exp(-((resid)**2)/ $
(2*archvar/252)))/(2*%pitdrvar/252)**0.5

frml logl = log(func)

compute k=0.0005, theta=0.1, $
mu=0.0001, gamma2=0.00001, q0=0.05, q15®050.00002, b1=100.7

nlpar(subiterations = 10000)

maximize(method=bfgs,iterations=1000,parmset=basestcaint) logl 8 *
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