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adaBayes Adaptive Bayes estimator for the parameters in sde model
Description
The adabayes.mcmc class is a class of the yuima package that extends the mle-class.

Usage
adaBayes(yuima, start, prior, lower, upper, method = "mcmc"”, iteration = NULL,mcmc,
rate =1, rcpp = TRUE, algorithm = "randomwalk"”,center=NULL,sd=NULL,rho=NULL,
path = FALSE)

Arguments

yuima a’yuima’ object.
start initial suggestion for parameter values
prior a list of prior distributions for the parameters specified by ’code’. Currently,

dunif(z, min, max), dnorm(z, mean, sd), dbeta(z, shapel, shape2), dgamma(z,
shape, rate) are available.

lower a named list for specifying lower bounds of parameters

upper a named list for specifying upper bounds of parameters

method "nomcmc” requires package cubature

iteration number of iteration of Markov chain Monte Carlo method

mcme number of iteration of Markov chain Monte Carlo method

rate a thinning parameter. Only the first n”rate observation will be used for inference.
rcpp Logical value. If rcpp = TRUE (default), Rcpp code will be performed. Other-

wise, usual R code will be performed.
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algorithm

center

sd
path

rho

Details

If algorithm = "randomwalk” (default), the random-walk Metropolis algorithm
will be performed. If algorithm= "MpCN", the Mixed preconditioned Crank-
Nicolson algorithm will be performed.

A list of parameters used to center MpCN algorithm.
A list for specifying the standard deviation of proposal distributions.

Logical value when method = "memc”. If path=TRUE, then the sample path for
each variable will be included in the MCMC object in the output.

A parameter used for MpCN algorithm.

Calculate the Bayes estimator for stochastic processes by using the quasi-likelihood function. The
calculation is performed by the Markov chain Monte Carlo method. Currently, the Random-walk
Metropolis algorithm and the Mixed preconditioned Crank-Nicolson algorithm is implemented.

Slots

mcme: is a list of MCMC objects for all estimated parameters.

accept_rate: is alist acceptance rates for diffusion and drift parts.

call: is an object of class language.

fullcoef: is an object of class 1ist that contains estimated parameters.

vcov: is an object of class matrix.

coefficients: is an object of class vector that contains estimated parameters.

Note

algorithm = nomcmc is unstable.

Author(s)

Kengo Kamatani with YUIMA project Team

References

Yoshida, N. (2011). Polynomial type large deviation inequalities and quasi-likelihood analysis for
stochastic differential equations. Annals of the Institute of Statistical Mathematics, 63(3), 431-
479. Uchida, M., & Yoshida, N. (2014). Adaptive Bayes type estimators of ergodic diffusion
processes from discrete observations. Statistical Inference for Stochastic Processes, 17(2), 181-
219. Kamatani, K. (2017). Ergodicity of Markov chain Monte Carlo with reversible proposal.
Journal of Applied Probability, 54(2).

Examples

## Not run:
set.seed(123)

b <- c("-thetal*x1+theta2*xsin(x2)+50","-theta3*x2+thetad4*cos(x1)+25")
a <- matrix(c("4+theta5"”,"”1","1","2+theta6"),2,2)



true = list(thetal = 0.5, theta2 = 5,theta3 = 0.3,
theta4 = 5, theta5 = 1, theta6 = 1)
lower = list(thetal=0.1,theta2=0.1,theta3=0,
theta4=0.1, theta5=0.1,theta6=0.1)
upper = list(thetal=1,theta2=10,theta3=0.9,
theta4=10, theta5=10,theta6=10)
start = list(thetal=runif(1),
theta2=rnorm(1),
theta3=rbeta(1,1,1),
theta4=rnorm(1),
thetab5=rgamma(1,1,1),
thetab=rexp(1))
yuimamodel <- setModel(drift=b,diffusion=a,state.variable=c(”"x1", "x2"),solve.variable=c("x1","x2"))
yuimasamp <- setSampling(Terminal=50,n=50%10)
yuima <- setYuima(model = yuimamodel, sampling = yuimasamp)
yuima <- simulate(yuima, xinit = c(100,80),
true.parameter = true,sampling = yuimasamp)
prior <-
list(
thetal=list(measure.type="code",df="dunif(z,0,1)"),
theta2=1list(measure.type="code",df="dnorm(z,0,1)"),
theta3=list(measure.type="code",df="dbeta(z,1,1)"),
theta4=1list(measure.type="code",df="dgamma(z,1,1)"),
theta5=list(measure.type="code",df="dnorm(z,0,1)"),
theta6=list(measure.type="code",df="dnorm(z,0,1)")
)
set.seed(123)
mle <- gmle(yuima, start = start, lower = lower, upper = upper, method = "L-BFGS-B", rcpp=TRUE)
print(mle@coef)
center<-list(thetal=0.5, theta2=5,theta3=0.3, theta4=4,theta5=3, theta6=3)
sd<-list(thetal=0.001,theta2=0.001,theta3=0.001,theta4=0.01,theta5=0.5, theta6=0.5)
bayes <- adaBayes(yuima, start=start, prior=prior,lower=lower,upper=upper,
method="mcmc"” ,mcmc=1000,rate = 1, rcpp = TRUE,
algorithm = "randomwalk”,center = center,sd=sd,
path=TRUE)
print(bayes@fullcoef)
print(bayes@accept_rate)
print(bayes@mcmc$thetal[1:10])

## End(Not run)

ae Asymptotic Expansion

Description

Asymptotic expansion of uni-dimensional and multi-dimensional diffusion processes.
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Usage

ae(
model,
xinit,
order = 1L,
true.parameter = list(),
sampling = NULL,

eps.var = "eps”,
solver = "rk4",
verbose = FALSE
)
Arguments
model an object of yuima-class or yuima.model-class.
xinit initial value vector of state variables.
order integer. The asymptotic expansion order. Higher orders lead to better approxi-

mations but longer computational times.

true.parameter named list of parameters.

sampling ayuima.sampling-class object.
eps.var character. The perturbation variable.
solver the solver for ordinary differential equations. One of "rk4" (more accurate) or
"euler" (faster).
verbose logical. Print on progress? Default FALSE.
Details

If sampling is not provided, then model must be an object of yuima-class with non-empty
sampling.

if eps.var does not appear in the model specification, then it is internally added in front of the
diffusion matrix to apply the asymptotic expansion scheme.

Value

An object of yuima.ae-class

Author(s)

Emanuele Guidotti <emanuele.guidotti @unine.ch>

Examples

## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')

# settings
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xinit <- 100
par <- list(mu = 0.01, sigma = 0.2)
sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# exact density
x <- seq(50, 200, by = 0.1)
exact <- dlnorm(x = x, meanlog = log(xinit)+(par$mu-0.5*par$sigma*2)*1, sdlog = par$sigma*sqrt(1))

# compare
plot(x, exact, type = 'l', ylab = "Density"”)
lines(x, aeDensity(x = x, ae = approx, order = 1), col = 2)
lines(x, aeDensity(x = x, ae = approx, order = 2), col = 3)
lines(x, aeDensity(x = x, ae = approx, order = 3), col = 4)
lines(x, aeDensity(x = x, ae = approx, order = 4), col = 5)
## End(Not run)

aeCharacteristic Asymptotic Expansion - Characteristic Function

Description

Asymptotic Expansion - Characteristic Function

Usage
aeCharacteristic(..., ae, eps = 1, order = NULL)
Arguments
named argument, data.frame, list, or environment specifying the grid to evaluate
the characteristic function. See examples.
ae an object of class yuima.ae-class.
eps numeric. The intensity of the perturbation.
order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.
Value

Characteristic function evaluated on the given grid.
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Examples

## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')

# settings

xinit <- 100

par <- list(mu = 0.01, sigma = 0.2)

sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# The following are all equivalent methods to specify the grid via ....
# Notice that the character 'ul' corresponds to the 'u.var' of the ae object.
approx@u.var

# 1) named argument

ul <- seq(@, 1, by = 0.1)

psi <- aeCharacteristic(ul = ul, ae = approx, order = 4)
# 2) data frame

df <- data.frame(ul = seq(@, 1, by = 0.1))

psi <- aeCharacteristic(df, ae = approx, order = 4)

# 3) environment

env <- new.env()

env$ul <- seq(@, 1, by = 0.1)

psi <- aeCharacteristic(env, ae = approx, order
# 4) list

Ist <- list(ul = seq(@, 1, by = 0.1))

psi <- aeCharacteristic(lst, ae = approx, order = 4)

4

## End(Not run)

aeDensity Asymptotic Expansion - Density

Description

Asymptotic Expansion - Density

Usage

aeDensity(..., ae, eps = 1, order = NULL)

Arguments

named argument, data.frame, list, or environment specifying the grid to evaluate
the density. See examples.

ae an object of class yuima.ae-class.
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eps numeric. The intensity of the perturbation.
order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.
Value

Probability density function evaluated on the given grid.

Examples

## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')

# settings

xinit <- 100

par <- list(mu = 0.01, sigma = 0.2)

sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# The following are all equivalent methods to specify the grid via ....

# Notice that the character 'x' corresponds to the solve.variable of the yuima model.

# 1) named argument

x <- seq(50, 200, by = 0.1)

density <- aeDensity(x = x, ae = approx, order = 4)
# 2) data frame

df <- data.frame(x = seq(50, 200, by = 0.1))
density <- aeDensity(df, ae = approx, order = 4)
# 3) environment

env <- new.env()

env$x <- seq(50, 200, by = 0.1)

density <- aeDensity(env, ae = approx, order = 4)
# 4) list

Ist <- list(x = seq(50, 200, by = 0.1))

density <- aeDensity(lst, ae = approx, order = 4)

# exact density
exact <- dlnorm(x = x, meanlog = log(xinit)+(par$mu-0.5*par$sigma*2)*1, sdlog = par$sigma*sqrt(1))

# compare
plot(x = exact, y = density, xlab = "Exact”, ylab = "Approximated")

## End(Not run)
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aeExpectation Asymptotic Expansion - Functionals

Description

Compute the expected value of functionals.

Usage
aeExpectation(f, bounds, ae, eps = 1, order = NULL, ...)
Arguments
f character. The functional.
bounds named list of integration bounds in the form 1ist(x = c(xmin, xmax), y = c(ymin,
ymax), ...)
ae an object of class yuima.ae-class.
eps numeric. The intensity of the perturbation.
order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.
additional arguments passed to cubintegrate.
Value

return value of cubintegrate. The expectation of the functional provided.

Examples

## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')

# settings

xinit <- 100

par <- list(mu = 0.01, sigma = 0.2)

sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# compute the mean via integration

[}

aeExpectation(f = 'x', bounds = list(x = c(0,1000)), ae = approx)

# compare with the mean computed by differentiation of the characteristic function
aeMean(approx)

## End(Not run)
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aeKurtosis Asymptotic Expansion - Kurtosis

Description

Asymptotic Expansion - Kurtosis

Usage

aeKurtosis(ae, eps = 1, order = NULL)

Arguments
ae an object of class yuima.ae-class.
eps numeric. The intensity of the perturbation.
order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.
Value
numeric.
Examples
## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')
# settings

xinit <- 100
par <- list(mu = 0.01, sigma = 0.2)
sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# expansion order max
aeKurtosis(ae = approx)

# expansion order 1
aeKurtosis(ae = approx, order = 1)

## End(Not run)
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aeMarginal Asymptotic Expansion - Marginals

Description

Asymptotic Expansion - Marginals

Usage

aeMarginal (ae, var)

Arguments

ae an object of class yuima.ae-class.

var variables of the marginal distribution to compute.
Value

An object of yuima.ae-class

Examples

## Not run:

# multidimensional model

gbm <- setModel(drift = c('muxx1', 'muxx2"'),
diffusion = matrix(c('sigmal*x1',0,0, 'sigma2*x2'), nrow = 2),
solve.variable = c('x1"','x2"))

# settings

xinit <- c(100, 100)

par <- list(mu = 0.01, sigmal = 0.2, sigma2 = 0.1)

sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 3, true.parameter = par, xinit = xinit)

# extract marginals
marginl <- aeMarginal(ae = approx, var = "x1")
margin2 <- aeMarginal(ae = approx, var = "x2")

# compare with exact solution for marginal 1

x1 <- seq(50, 200, by = 0.1)

exact <- dlnorm(x = x1, meanlog = log(xinit[1])+(par$mu-0.5*par$sigmal*2), sdlog = par$sigmal)
plot(x1, exact, type = 'p', ylab = "Density")

lines(x1, aeDensity(x1 = x1, ae = marginl, order = 3), col = 2)

# compare with exact solution for marginal 2
x2 <- seq(50, 200, by = 0.1)
exact <- dlnorm(x = x2, meanlog = log(xinit[2])+(par$mu-0.5*par$sigma2*2), sdlog = par$sigma2)
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plot(x2, exact, type = 'p', ylab = "Density")
lines(x2, aeDensity(x2 = x2, ae = margin2, order = 3), col = 2)

## End(Not run)

aeMean Asymptotic Expansion - Mean

Description

Asymptotic Expansion - Mean

Usage

aeMean(ae, eps = 1, order = NULL)

Arguments
ae an object of class yuima.ae-class.
eps numeric. The intensity of the perturbation.
order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.
Value
numeric.
Examples
## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')
# settings

xinit <- 100
par <- list(mu = 0.01, sigma = 0.2)
sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# expansion order max
aeMean(ae = approx)

# expansion order 1
aeMean(ae = approx, order = 1)

## End(Not run)
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aeMoment Asymptotic Expansion - Moments

Description

Asymptotic Expansion - Moments

Usage

aeMoment(ae, m = 1, eps = 1, order = NULL)

Arguments

ae an object of class yuima.ae-class.

m integer. The moment order. In case of multidimensional processes, it is possible
to compute cross-moments by providing a vector of the same length as the state
variables.

eps numeric. The intensity of the perturbation.

order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.

Value
numeric.
Examples

## Not run:

# model

gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')

# settings

xinit <- 100
par <- list(mu = 0.01, sigma = 0.2)
sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# second moment, expansion order max
aeMoment(ae = approx, m = 2)

# second moment, expansion order 3
aeMoment(ae = approx, m = 2, order

3)

# second moment, expansion order 2
aeMoment(ae = approx, m = 2, order

2)
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# second moment, expansion order 1
aeMoment(ae = approx, m = 2, order = 1)

## End(Not run)

aeSd Asymptotic Expansion - Standard Deviation

Description

Asymptotic Expansion - Standard Deviation

Usage

aeSd(ae, eps = 1, order = NULL)

Arguments

ae an object of class yuima.ae-class.
eps numeric. The intensity of the perturbation.

order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.

Value

numeric.

Examples

## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')

# settings

xinit <- 100

par <- list(mu = 0.01, sigma = 0.2)

sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# expansion order max
aeSd(ae = approx)

# expansion order 1
aeSd(ae = approx, order = 1)

## End(Not run)
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aeSkewness Asymptotic Expansion - Skewness

Description

Asymptotic Expansion - Skewness

Usage

aeSkewness(ae, eps = 1, order = NULL)

Arguments
ae an object of class yuima.ae-class.
eps numeric. The intensity of the perturbation.
order integer. The expansion order. If NULL (default), it uses the maximum order used
in ae.
Value
numeric.
Examples
## Not run:
# model
gbm <- setModel(drift = 'muxx', diffusion = 'sigma*x', solve.variable = 'x')
# settings

xinit <- 100
par <- list(mu = 0.01, sigma = 0.2)
sampling <- setSampling(Initial = @, Terminal = 1, n = 1000)

# asymptotic expansion
approx <- ae(model = gbm, sampling = sampling, order = 4, true.parameter = par, xinit = xinit)

# expansion order max
aeSkewness(ae = approx)

# expansion order 1
aeSkewness(ae = approx, order = 1)

## End(Not run)
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asymptotic_term asymptotic expansion of the expected value of the functional

Description

calculate the fisrt and second term of asymptotic expansion of the functional mean.

Usage

asymptotic_term(yuima, block=100, rho, g, expand.var="e")

Arguments
yuima an yuima object containing model and functional.
block the number of trapezoids for integrals.
rho specify discounting factor in mean integral.
g arbitrary measurable function for mean integral.
expand.var default expand.var="¢e".

Details

Calculate the first and second term of asymptotic expansion of the expected value of the functional
associated with a sde. The returned value dO + epsilon * d1 is approximation of the expected value.

Value

terms list of 1st and 2nd asymptotic terms, terms$d0 and terms$d1.

Note

we need to fix this routine.

Author(s)
YUIMA Project Team

Examples

## Not run:

# to the Black-Scholes economy:

# dXt*e = Xt*e * dt + e *x Xt"e * dWt

diff.matrix <- "x*e"

model <- setModel(drift = "x", diffusion = diff.matrix)

# call option is evaluated by averating

# max{ (1/T)*int_0"T Xt"e dt, @}, the first argument is the functional of interest:
Terminal <- 1

xinit <- c(1)

f <- list( c(expression(x/Terminal)), c(expression(@)))
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F<-0
division <- 1000
e <- .3

yuima <- setYuima(model = model, sampling = setSampling(Terminal=Terminal, n=division))
yuima <- setFunctional( yuima, f=f,F=F, xinit=xinit,e=e)

# asymptotic expansion
rho <- expression(@)
FO <- FO(yuima)
get_ge <- function(x,epsilon,K,Fo){
tmp <- (F@ - K) + (epsilon * x)
tmp[(epsilon * x) < (K-F@)] <- @
return( tmp )
3
g <- function(x) get_ge(x,epsilon=e,K=1,F0=F0)
set.seed(123)
asymp <- asymptotic_term(yuima, block=10, rho,g)
asymp
sum(asymp$dd + e * asymp$dl)

### An example of multivariate case: Heston model

## a <- 1;C <= 1;d <- 10;R<-.1

## diff.matrix <- matrix( c("xIxsqrt(x2)*e", "exRxsqrt(x2)",0,"sqrt(x2x(1-R*2))*e"), 2,2)
## model <- setModel(drift = c("a*x1","Cx(10-x2)"),

## diffusion = diff.matrix,solve.variable=c("x1","x2"),state.variable=c("x1","x2"))
## call option is evaluated by averating

## max{ (1/T)*int_0*T Xt*e dt, 03}, the first argument is the functional of interest:
##

## Terminal <- 1

## xinit <- c(1,1)

##

## f <- list( c(expression(@), expression(@)),

## c(expression(@), expression(@)) , c(expression(@), expression(@)) )

## F <- expression(x1,x2)

##

## division <- 1000
##H e <- .3

##

## yuima <- setYuima(model = model, sampling = setSampling(Terminal=Terminal, n=division))
## yuima <- setFunctional( yuima, f=f,F=F, xinit=xinit,e=e)
#H#

## rho <- expression(x1)

## FO <- FO(yuima)

## get_ge <- function(x){

## return( max(x[1]1,0))

# 3}

## g <- function(x) get_ge(x)

## set.seed(123)

## asymp <- asymptotic_term(yuima, block=10, rho,g)

## sum(asymp$dd + e * asymp$dl)
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## End(Not run)

bns.test Barndorff-Nielsen and Shephard’s Test for the Presence of Jumps Us-
ing Bipower Variation

Description
Tests the presence of jumps using the statistic proposed in Barndorff-Nielsen and Shephard (2004,2006)
for each component.

Usage

bns.test(yuima, r = rep(1, 4), type = "standard”, adj = TRUE)

Arguments
yuima an object of yuima-class or yuima.data-class.
r a vector of non-negative numbers or a list of vectors of non-negative numbers.
Theoretically, it is necessary that sum(r)=4 and max(r)<2.
type type of the test statistic to use. standard is default.
adj logical; if TRUE, the maximum adjustment suggested in Barndorff-Nielsen and
Shephard (2004) is applied to the test statistic when type is equal to either “log”
or “ratio”.
Details

For the i-th component, the test statistic is equal to the i-th component of sqrt(n)*(mpv(yuima, 2)-mpv(yuima,c(1,1)))/
when type="standard”, sqrt(n)*log(mpv(yuima,2)/mpv(yuima,c(1,1)))/sqrt(varthetaxmpv(yuima,r)/mpv(yuir
when type="1og" and sqrt(n)*(1-mpv(yuima,c(1,1))/mpv(yuima,2))/sqrt(vartheta*mpv(yuima,r)/mpv(yuima,c

when type="ratio". Here, n is equal to the length of the i-th component of the zoo.data of yuima

minus 1 and varthetais pi*2/4+pi-5. When adj=TRUE, mpv(yuima,r)[i]l/mpv(yuima,c(1,1))*2)[i]

is replaced with 1 if it is less than 1.

Value

A list with the same length as the zoo.data of yuima. Each component of the list has class “htest”
and contains the following components:

statistic the value of the test statistic of the corresponding component of the zoo.data
of yuima.

p.value an approximate p-value for the test of the corresponding component.

method the character string “Barndorff-Nielsen and Shephard jump test”.

data.name the character string “xi”, where i is the number of the component.
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Note

Theoretically, this test may be invalid if sampling is irregular.

Author(s)
Yuta Koike with YUIMA Project Team

References
Barndorff-Nielsen, O. E. and Shephard, N. (2004) Power and bipower variation with stochastic
volatility and jumps, Journal of Financial Econometrics, 2, no. 1, 1-37.

Barndorft-Nielsen, O. E. and Shephard, N. (2006) Econometrics of testing for jumps in financial
economics using bipower variation, Journal of Financial Econometrics, 4, no. 1, 1-30.

Huang, X. and Tauchen, G. (2005) The relative contribution of jumps to total price variance, Journal
of Financial Econometrics, 3, no. 4, 456-499.

See Also

Im. jumptest, mpv, minrv.test, medrv.test, pz.test

Examples

set.seed(123)

# One-dimensional case
## Model: dXt=txdWt+txdzt,
## where zt is a compound Poisson process with intensity 5 and jump sizes distribution N(0,0.1).

model <- setModel(drift=0,diffusion="t",jump.coeff="t" measure.type="CP",
measure=list(intensity=5,df=1list("dnorm(z,0,sqrt(0.1))")),
time.variable="t")

yuima.samp <- setSampling(Terminal = 1, n = 390)

yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)

plot(yuima) # The path seems to involve some jumps

bns.test(yuima) # standard type
bns.test(yuima, type="log") # log type
bns.test(yuima, type="ratio"”) # ratio type

# Multi-dimensional case
## Model: dXkt=txdWk_t (k=1,2,3) (no jump case).

diff.matrix <- diag(3)

diag(diff.matrix) <- c("t","t","t")

model <- setModel(drift=c(0,0,0),diffusion=diff.matrix,time.variable="t",
solve.variable=c("x1","x2","x3"))
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yuima.samp <- setSampling(Terminal = 1, n = 390)

yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)

plot(yuima)

bns.test(yuima)

carma.info-class Class for information about CARMA(p,q) model

Description

The carma.info-class is a class of the yuima package.

Details

The carma.info-class object cannot be directly specified by the user but it is constructed when
the yuima.carma-class object is constructed via setCarma.

Slots

p: Number of autoregressive coefficients.

g: Number of moving average coefficients.
loc.par: Label of location coefficient.
scale.par: Label of scale coefficient.
ar.par: Label of autoregressive coefficients.
ma.par: Label of moving average coefficients.
lin.par: Label of linear coefficients.
Carma.var: Label of the observed process.
Latent.var: Label of the unobserved process.

XinExpr: Logical variable. If XinExpr=FALSE, the starting condition of Latent. var is zero other-
wise each component of Latent.var has a parameter as a starting point.

Author(s)

The YUIMA Project Team
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carmaHawkes. info-class
Class for information on the Hawkes process with a CARMA(p,q) in-
tensity

Description

The carmaHawkes. info-class is a class of the yuima package.

Details

The carmaHawkes . info-class object cannot be directly specified by the user but it is constructed
when the yuima. carmaHawkes-class object is constructed via setCarmaHawkes.

Slots

p: Number of autoregressive coefficients.

g: Number of moving average coefficients.
Counting.Process: Label of Counting process.
base.Int: Label of baseline Intensity parameter.
ar.par: Label of autoregressive coefficients.
ma.par: Label of moving average coefficients.
Intensity.var: Label of the Intensity process.
Latent.var: Label of the unobserved process.

XinExpr: Logical variable. If XinExpr=FALSE, the starting condition of Latent. var is zero other-
wise each component of Latent.var has a parameter as a starting point.

Type.Jump: Logical variable. If XinExpr=TRUE, the jump size is deterministic

Author(s)

The YUIMA Project Team

Contacts: Lorenzo Mercuri <lorenzo.mercuri@unimi.it>
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CarmaNoise Estimation for the underlying Levy in a carma model

Description
Retrieve the increment of the underlying Levy for the carma(p,q) process using the approach devel-
oped in Brockwell et al.(2011)

Usage
CarmaNoise(yuima, param, data=NULL, NoNeg.Noise=FALSE)

Arguments
yuima a yuima object or an object of yuima.carma-class.
param list of parameters for the carma.
data an object of class yuima.data-class contains the observations available at uni-
formly spaced time. If data=NULL, the default, the ’CarmaNoise’ uses the data
in an object of yuima.data-class.
NoNeg.Noise Estimate a non-negative Levy-Driven Carma process. By default NoNeg.Noise=FALSE.
Value
incr.Levy a numeric object contains the estimated increments.
Note
The function gmle uses the function CarmaNoise for estimation of underlying Levy in the carma
model.
Author(s)
The YUIMA Project Team
References

Brockwell, P, Davis, A. R. and Yang. Y. (2011) Estimation for Non-Negative Levy-Driven CARMA
Process, Journal of Business And Economic Statistics, 29 - 2, 250-259.

Examples

## Not run:
#Ex.1: Carma(p=3, g=0) process driven by a brownian motion.

mod@<-setCarma(p=3,9=0)

# We fix the autoregressive and moving average parameters
# to ensure the existence of a second order stationary solution for the process.
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true.parm@ <-list(al=4,a2=4.75,a3=1.5,b0=1)
# We simulate a trajectory of the Carma model.

numb.sim<-1000

samp@<-setSampling(Terminal=10@,n=numb.sim)

set.seed(100)

incr.W<-matrix(rnorm(n=numb.sim,mean=0, sd=sqrt(10@/numb.sim)),1,numb.sim)

sim@<-simulate(mod@,
true.parameter=true.parmo,
sampling=samp@, increment.W=incr.W)

#Applying the CarmaNoise

system.time(
inc.Levy@<-CarmaNoise(sim@, true.parmo)

)

# We compare the orginal with the estimated noise increments

par(mfrow=c(1,2))

plot(t(incr.W)[1:998], type="1", ylab="",6xlab="time")

title(main="True Brownian Motion"”,font.main="1")

plot(inc.Levy@, type="1", main="Filtered Brownian Motion”,font.main="1",6ylab="",6xlab="time")

# Ex.2: carma(2,1) driven by a compound poisson
# where jump size is normally distributed and
# the lambda is equal to 1.

mod1<-setCarma(p=2,
g=1,
measure=list(intensity="Lamb",df=1list("dnorm(z, @, 1)")),
measure.type="CP")

true.parml <-list(al=1.39631, a2=0.05029,
b0=1,b1=2,
Lamb=1)

# We generate a sample path.

samp1<-setSampling(Terminal=100,n=200)

set.seed(123)

siml<-simulate(mod1,
true.parameter=true.parml,
sampling=samp1)

# We estimate the parameter using gmle.

carmaoptl <- gmle(siml, start=true.parml)

summary (carmaopt1)

# Internally gmle uses CarmaNoise. The result is in
plot(carmaopt1)
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# Ex.3: Carma(p=2,g=1) with scale and location parameters

# driven by a Compound Poisson

# with jump size normally distributed.

mod2<-setCarma(p=2,
a=1,
loc.par="mu",
scale.par="sig",
measure=list(intensity="Lamb",df=1list("dnorm(z, @, 1)")),
measure. type="CP")

true.parm2 <-list(al=1.39631,
a2=0.05029,
bo=1,
b1=2,
Lamb=1,
mu=0.5,
sig=0.23)
# We simulate the sample path
set.seed(123)
sim2<-simulate(mod2,
true.parameter=true.parm2,
sampling=samp1)

# We estimate the Carma and we plot the underlying noise.

carmaopt2 <- gmle(sim2, start=true.parm2)
summary (carmaopt2)

# Increments estimated by CarmaNoise
plot(carmaopt2)

## End(Not run)

cce Nonsynchronous Cumulative Covariance Estimator

Description

This function estimates the covariance between two Ito processes when they are observed at discrete
times possibly nonsynchronously. It can apply to irregularly sampled one-dimensional data as a
special case.

Usage

cce(x, method="HY", theta, kn, g=function(x)min(x,1-x), refreshing = TRUE,
cwise = TRUE, delta = @, adj = TRUE, K, c.two, J = 1, c.multi, kernel, H,
c.RK, eta = 3/5, m = 2, ftregion = @, vol.init = NA,
covol.init = NA, nvar.init = NA, ncov.init = NA, mn, alpha = 0.4,
frequency = 300, avg = TRUE, threshold, utime, psd = FALSE)
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Arguments

X
method
theta

kn

refreshing

cwise
delta

adj

c.two

J

c.multi

kernel
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an object of yuima-class or yuima.data-class.
the method to be used. See ‘Details’.

a numeric vector or matrix. If it is a matrix, each of its components indicates
the tuning parameter which determines the pre-averaging window lengths kn to
be used for estimating the corresponding component. If it is a numeric vector,
it is converted to a matrix as (C+t(C))/2, where C=matrix(theta,d,d) and
d=dim(x). The default value is @. 15 for the method "PHY" or "PTHY" following
Christensen et al. (2013), while it is 1 for the method "MRC" following Chris-
tensen et al. (2010).

an integer-valued vector or matrix indicating the pre-averaging window length(s).
For the methods "PHY" or "PTHY", see ‘Details’ for the default value. For the
method "MRC", the default value is ceiling(theta*n*(1+delta)), where n is
the number of the refresh times associated with the data minus 1.

a function indicating the weight function to be used. The default value is the
Bartlett window: function(x)min(x,1-x).

logical. If TRUE, the data is pre-synchronized by the next-tick interpolation in
the refresh times.

logical. If TRUE, the estimator is calculated componentwise.

anon-negative number indicating the order of the pre-averaging window length(s)
kn.

logical. If TRUE, a finite-sample adjustment is performed. For the method "MRC",
see Christensen et al. (2010) for details. For the method "TSCV", see Zhang
(2011) and Zhang et al. (2005) for details.

a positive integer indicating the large time-scale parameter. The default value is
ceiling(c.two*n”*(2/3)), where n is the number of the refresh times associ-
ated with the data minus 1.

a positive number indicating the tuning parameter which determines the scale of
the large time-scale parameter K. The default value is the average of the numeric
vector each of whose components is the roughly estimated optimal value in the
sense of the minimizer of the theoretical asymptotic variance of the estimator of
the corresponding diagonal component. The theoretical asymptotic variance is
considered in the standard case and given by Eq.(63) of Zhang et al. (2005).

a positive integer indicating the small time-scale parameter.

a numeric vector or matrix. If it is a matrix, each of its components indicates the
tuning parameter which determines (the scale of) the number of the time scales
to be used for estimating the corresponding component. If it is a numeric vector,
it is converted to a matrix as (C+t(C))/2, where C=matrix(c.multi,d,d) and
d=dim(x). The default value is the numeric vector each of whose components
is the roughly estimated optimal value in the sense of minimizing the theoretical
asymptotic variance of the estimator of the corresponding diagonal component.
The theoretical asymptotic variance is considered in the standard case and given
by Eq.(37) of Zhang (2006).

a function indicating the kernel function to be used. The default value is the
Parzan kernel, which is recommended in Barndorff-Nielsen et al. (2009, 2011).
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c.RK

eta

m

ftregion

vol.init

covol.init

nvar.init

ncov.init

mn

alpha
frequency

avg

threshold

cce

a positive number indicating the bandwidth parameter. The default value is
c.RK*n*eta, where n is the number of the refresh times associated with the
data minus 1.

a positive number indicating the tuning parameter which determines the scale
of the bandwidth parameter H. The default value is the average of the numeric
vector each of whose components is the roughly estimated optimal value in the
sense of minimizing the theoretical asymptotic variance of the estimator of the
corresponding diagonal component. The theoretical asymptotic variance is con-
sidered in the standard case and given in Barndorff-Nielsen et al. (2009, 2011).

a positive number indicating the tuning parameter which determines the order
of the bandwidth parameter H.

a positive integer indicating the number of the end points to be jittered.

a non-negative number indicating the length of the flat-top region. ftregion=0
(the default) means that a non-flat-top realized kernel studied in Barndorft-
Nielsen et al. (2011) is used. ftregion=1/H means that a flat-top realized
kernel studied in Barndorff-Nielsen et al. (2008) is used. See Varneskov (2015)
for other values.

a numeric vector each of whose components indicates the initial value to be used
to estimate the integrated volatility of the corresponding component, which is
passed to the optimizer.

a numeric matrix each of whose columns indicates the initial value to be used
to estimate the integrated covariance of the corresponding component, which is
passed to the optimizer.

a numeric vector each of whose components indicates the initial value to be
used to estimate the variance of noise of the corresponding component, which is
passed to the optimizer.

a numeric matrix each of whose columns indicates the initial value to be used
to estimate the covariance of noise of the corresponding component, which is
passed to the optimizer.

a positive integer indicating the number of terms to be used for calculating the
SIML estimator. The default value is ceiling(n*alpha), where n is the number
of the refresh times associated with the data minus 1.

a postive number indicating the order of mn.

a positive integer indicating the frequency (seconds) of the calendar time sam-
pling to be used.

logical. If TRUE, the averaged subsampling estimator is calculated. Otherwise
the simple sparsely subsampled estimator is calculated.

anumeric vector or list indicating the threshold parameter(s). Each of its compo-
nents indicates the threshold parameter or process to be used for estimating the
corresponding component. If it is a numeric vector, the elements in threshold
are recycled if there are two few elements in threshold. The default value is
determined following Koike (2014) (for the method "THY") and Koike (2015)
(for the method "PTHY").



cce

29

utime a positive number indicating what seconds the interval [0,1] corresponds to. The
default value is the difference between the maximum and the minimum of the
sampling times, multiplied by 23,400. Here, 23,400 seconds correspond to 6.5
hours, hence if the data is sampled on the interval [0,1], then the sampling inter-
val is regarded as 6.5 hours.

psd logical. If TRUE, the estimated covariance matrix C is converted to (C%*%C)*(1/2)
for ensuring the positive semi-definiteness. In this case the absolute values of
the estimated correlations are always ensured to be less than or equal to 1.

Details

This function is a method for objects of yuima.data-class and yuima-class. It extracts the data
slot when applied to a an object of yuima-class.

Typical usages are

cce(x,psd=FALSE)
cce(x,method="PHY", theta,kn,g,refreshing=TRUE, cwise=TRUE, psd=FALSE)
cce(x,method="MRC", theta,kn,g,delta=0,avg=TRUE, psd=FALSE)
cce(x,method="TSCV",K,c.two,J=1,adj=TRUE,utime, psd=FALSE)
cce(x,method="GME",c.multi,utime, psd=FALSE)
cce(x,method="RK",kernel,H,c.RK,eta=3/5,m=2,ftregion=0,utime, psd=FALSE)
cce(x,method="QMLE",vol.init=NULL,covol.init=NULL,
nvar.init=NULL,ncov.init=NULL,psd=FALSE)
cce(x,method="SIML" ,mn,alpha=0.4,psd=FALSE)
cce(x,method="THY", threshold, psd=FALSE)
cce(x,method="PTHY", theta,kn,g, threshold, refreshing=TRUE, cwise=TRUE, psd=FALSE)
cce(x,method="SRC", frequency=300,avg=TRUE,utime, psd=FALSE)
cce(x,method="SBPC", frequency=300,avg=TRUE,utime, psd=FALSE)

The default method is method "HY", which is an implementation of the Hayashi-Yoshida estimator
proposed in Hayashi and Yoshida (2005).

Method "PHY" is an implementation of the Pre-averaged Hayashi-Yoshida estimator proposed in
Christensen et al. (2010).

Method "MRC" is an implementation of the Modulated Realized Covariance based on refresh time
sampling proposed in Christensen et al. (2010).

Method "TSCV" is an implementation of the previous tick Two Scales realized CoVariance based on
refresh time sampling proposed in Zhang (2011).

Method "GME" is an implementation of the Generalized Multiscale Estimator proposed in Bibinger
(2011).

Method "RK" is an implementation of the multivariate Realized Kernel based on refresh time sam-
pling proposed in Barndorff-Nielsen et al. (2011).

Method "QMLE" is an implementation of the nonparametric Quasi Maximum Likelihood Estima-
tor proposed in Ait-Sahalia et al. (2010).
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Method "SIML" is an implementation of the Separating Information Maximum Likelihood esti-
mator proposed in Kunitomo and Sato (2013) with the basis of refresh time sampling.

Method "THY" is an implementation of the Truncated Hayashi- Yoshida estimator proposed in Mancini
and Gobbi (2012).

Method "PTHY" is an implementation of the Pre-averaged Truncated Hayashi-Yoshida estimator,
which is a thresholding version of the pre-averaged Hayashi-Yoshida estimator.

Method "SRC" is an implementation of the calendar time Subsampled Realized Covariance.

Method "SBPC" is an implementation of the calendar time Subsampled realized BiPower Covaria-
tion.

The rough estimation procedures for selecting the default values of the tuning parameters are based
on those in Barndorff-Nielsen et al. (2009).

For the methods "PHY" or "PTHY", the default value of kn changes depending on the values of
refreshing and cwise. If both refreshing and cwise are TRUE (the default), the default value of
kn is given by the matrix ceiling(theta*N), where N is a matrix whose diagonal components are
identical with the vector length(x)-1 and whose (4, j)-th component is identical with the number
of the refresh times associated with ¢-th and j-th components of x minus 1. If refreshing is TRUE
while cwise is FALSE, the default value of kn is given by ceiling(mean(theta)*sqrt(n)), where
n is the number of the refresh times associated with the data minus 1. If refreshing is FALSE while
cwise is TRUE, the default value of kn is given by the matrix ceiling(theta*N@), where N0 is a
matrix whose diagonal components are identical with the vector length(x)-1 and whose (i, j)-
th component is identical with (length(x)[i]1-1)+(length(x)[j1-1). If both refreshing and
cwise are FALSE, the default value of kn is given by ceiling(mean(theta)*sqrt(sum(length(x)-1)))
(following Christensen et al. (2013)).

For the method "QMLE", the optimization of the quasi-likelihood function is implemented via arimaQ
using the fact that it can be seen as an MA(1) model’s one: See Hansen et al. (2008) for details.

Value

A list with components:

covmat the estimated covariance matrix
cormat the estimated correlation matrix
Note

The example shows the central limit theorem for the nonsynchronous covariance estimator. Estima-
tion of the asymptotic variance can be implemented by hyavar. The second-order correction will
be provided in a future version of the package.

Author(s)
Yuta Koike with YUIMA Project Team
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See Also

setModel, setData, hyavar, lmm, cce.factor

Examples

## Not run:

## Set a model

diff.coef.1 <- function(t, x1 =0, x2 = @) sqrt(1+t)
diff.coef.2 <- function(t, x1 = 0, x2 = 0) sqrt(1+t*2)

cor.rho <- function(t, x1 = @, x2 = @) sqrt(1/2)
diff.coef.matrix <- matrix(c("diff.coef.1(t,x1,x2)",
"diff.coef.2(t,x1,x2) * cor.rho(t,x1,x2)",
"oMdiff.coef.2(t,x1,x2) * sqrt(1-cor.rho(t,x1,x2)*2)"), 2, 2)
cor.mod <- setModel(drift = c("", ""),

diffusion = diff.coef.matrix,solve.variable = c("x1", "x2"))

set.seed(111)

## We use a function poisson.random.sampling to get observation by Poisson sampling.
yuima.samp <- setSampling(Terminal = 1, n = 1200)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)

yuima <- simulate(yuima)

psample<- poisson.random.sampling(yuima, rate = c(0.2,0.3), n = 1000)

## cce takes the psample and returns an estimate of the quadratic covariation.
cce(psample)$covmat[1, 2]
#itcce(psample)[1, 2]

## True value of the quadratic covariation.

cc.theta <- function(T, sigmal, sigma2, rho) {
tmp <- function(t) return(sigmal(t) * sigma2(t) * rho(t))
integrate(tmp, 0, T)

3

theta <- cc.theta(T = 1, diff.coef.1, diff.coef.2, cor.rho)$value
cat(sprintf("theta =%.5f\n", theta))

names (psample@zoo.data)

# Example. A stochastic differential equation with nonlinear feedback.
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## Set a model

drift.coef.1 <- function(x1,x2) x2

drift.coef.2 <- function(x1,x2) -xI1

drift.coef.vector <- c("drift.coef.1","drift.coef.2")
diff.coef.1 <- function(t,x1,x2) sqrt(abs(x1))*sqrt(1+t)
diff.coef.2 <- function(t,x1,x2) sqrt(abs(x2))

cor.rho <- function(t,x1,x2) 1/(1+x1*2)

diff.coef.matrix <- matrix(c("diff.coef.1(t,x1,x2)",
"diff.coef.2(t,x1,x2) * cor.rho(t,x1,x2)","",
"diff.coef.2(t,x1,x2) * sqgrt(1-cor.rho(t,x1,x2)*2)"), 2, 2)
cor.mod <- setModel(drift = drift.coef.vector,

diffusion = diff.coef.matrix,solve.variable = c("x1", "x2"))

## Generate a path of the process

set.seed(111)

yuima.samp <- setSampling(Terminal = 1, n = 10000)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)
yuima <- simulate(yuima, xinit=c(2,3))

plot(yuima)

## The "true" value of the quadratic covariation.
cce(yuima)

## We use the function poisson.random.sampling to generate nonsynchronous
## observations by Poisson sampling.
psample<- poisson.random.sampling(yuima, rate = c(0.2,0.3), n = 3000)

## cce takes the psample to return an estimated value of the quadratic covariation.

## The off-diagonal elements are the value of the Hayashi-Yoshida estimator.
cce(psample)

# Example. Epps effect for the realized covariance estimator

## Set a model
drift <- c(0,0)

sigmal <- 1
sigma2 <- 1
rho <- 0.5

diffusion <- matrix(c(sigmal,sigma2+*rho,@,sigma2*sqrt(1-rho*2)),2,2)

model <- setModel(drift=drift,diffusion=diffusion,
state.variable=c("x1","x2"),solve.variable=c("x1","x2"))

## Generate a path of the latent process
set.seed(116)
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## We regard the unit interval as 6.5 hours and generate the path on it
## with the step size equal to 2 seconds

yuima.samp <- setSampling(Terminal = 1, n = 11700)
yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)

## We extract nonsynchronous observations from the path generated above
## by Poisson random sampling with the average duration equal to 10 seconds

psample <- poisson.random.sampling(yuima, rate = c(1/5,1/5), n = 11700)

## Hayashi-Yoshida estimator consistetly estimates the true correlation
cce(psample)$cormat[1,2]

## If we synchronize the observation data on some regular grid

## by previous-tick interpolations and compute the correlation

## by therealized covariance based on such synchronized observations,
## we underestimate the true correlation (known as the Epps effect).
## This is illustrated by the following examples.

## Synchronization on the grid with 5 seconds steps
suppressWarnings(s1 <- cce(subsampling(psample, sampling = setSampling(n = 4680)))%$cormat[1,2])
s1

## Synchronization on the grid with 10 seconds steps
suppressWarnings(s2 <- cce(subsampling(psample, sampling = setSampling(n = 2340)))$cormat[1,2])
s2

## Synchronization on the grid with 20 seconds steps
suppressWarnings(s3 <- cce(subsampling(psample, sampling = setSampling(n = 1170)))$cormat[1,2])
s3

## Synchronization on the grid with 30 seconds steps
suppressWarnings(s4 <- cce(subsampling(psample, sampling = setSampling(n = 780)))$cormat[1,2])
s4

## Synchronization on the grid with 1 minute steps
suppressWarnings(s5 <- cce(subsampling(psample, sampling = setSampling(n = 390)))$cormat[1,2])
s5

plot(zoo(c(s1,s2,s3,s4,s5),c(5,10,20,30,60)),type="b",xlab="seconds"”,ylab="correlation”,
main = "Epps effect for the realized covariance”)

# Example. Non-synchronous and noisy observations of a correlated bivariate Brownian motion

## Generate noisy observations from the model used in the previous example
Omega <- 0.005*matrix(c(1,rho,rho,1),2,2) # covariance matrix of noise
noisy.psample <- noisy.sampling(psample,var.adj=Omega)

plot(noisy.psample)
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## Hayashi-Yoshida estimator: inconsistent
cce(noisy.psample)$covmat

## Pre-averaged Hayashi-Yoshida estimator: consistent
cce(noisy.psample,method="PHY")$covmat

## Generalized multiscale estimator: consistent
cce(noisy.psample,method="GME")$covmat

## Multivariate realized kernel: consistent
cce(noisy.psample,method="RK")$covmat

## Nonparametric QMLE: consistent
cce(noisy.psample,method="QMLE")$covmat

## End(Not run)

cce.factor High-Dimensional Cumulative Covariance Estimator by Factor Mod-
eling and Regularization

Description

This function estimates the covariance and precision matrices of a high-dimesnional Ito process by
factor modeling and regularization when it is observed at discrete times possibly nonsynchronously
with noise.

Usage

cce.factor(yuima, method = "HY", factor = NULL, PCA = FALSE,
nfactor = "interactive”, regularize = "glasso”, taper,
group = 1:(dim(yuima) - length(factor)), lambda = "bic”,
weight = TRUE, nlambda = 10, ratio, N, thr.type "soft",
thr = NULL, tau = NULL, par.alasso = 1, par.scad = 3.7,

thr.delta = 0.01, frequency = 300, utime, ...)
Arguments
yuima an object of yuima-class or yuima.data-class.
method the method to be used in cce.
factor an integer or character vector indicating which components of yuima are factors.
If NULL, no factor structure is taken account of.
PCA logical. If TRUE, a principal component analysis is performed to construct fac-
tors.
nfactor the number of factors constructed when PCA is TRUE. If nfactor = "interactive”,

the scree plot of the principal component analysis is depicted and the user can
set this argument interactively.
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regularize

taper

group

lambda

weight

nlambda

ratio

thr. type

thr

tau

par.alasso

par.scad

thr.delta

frequency

utime

cce.factor

the regularizaton method to be used. Possible choices are "glasso” (the de-

non

fault), "tapering”, "thresholding” and "eigen.cleaning”. See ‘Details’.

the tapering matrix used when regularize = "tapering”. If missing, the ta-
pering matrix is constructed according to group. See ‘Details’.

an integer vector having the length equal to dim(yuima)-length(factor).

the penalty parameter used when regularize = "glasso”. If itis "aic” (resp.
"bic"), it is selected by minimizing the formally defined AIC (resp. BIC). See
‘Details’.

logical. If TRUE, a weighted version is used for regularize = "glasso” as in
Koike (2020).

a positive integer indicating the number of candidate penalty parameters for
which AIC or BIC is evaluated when lambda is "aic” or "bic".

a positive number indicating the ratio of the largest and smallest values in can-
didate penalty parameters for which AIC or BIC is evaluated when lambda is
"aic"” or "bic". See ‘Details’. The default value is sqrt(log(d)/N), where d
is the dimension of yuima.

a positive integer indicating the "effective” sampling size, which is necessary to
evealuate AIC and BIC when lambdais "aic” or "bic”. In a standard situation,
it is equal to the sample size — 1, but it might be different when the data are
observed nonsynchronously and/or with noise. If missing, it is automatically
determined according to method.

a character string indicating the type of the thresholding method used when
regularize = "thresholding”. Possible choices are "hard”, "soft"”, "alasso”
and "scad"”. See Section 2.3 of Dai et al. (2019) for the definition of each
method.

anumeric matrix indicating the threshold levels used when regularize = "thresholding”.

Its entries indicate the threshold levels for the corresponding entries of the co-
variance matrix (values for \ in the notation of Dai et al. (2019)). A single
number is converted to the matrix with common entries equal to that number. If
NULL, it is determined according to tau. See ‘Details’.

a number between 0 and 1 used to determine the threshold levels used when
regularize = "thresholding” and thr=NULL (a value for 7 in the notation
of Dai et al. (2019)). If NULL, it is determined by a grid search procedure as
suggested in Section 4.3 of Dai et al. (2019). See ‘Details’.

the tuning parameter for thr.type = "alasso” (a value for 7 in the notation of
Dai et al. (2019)).

the tuning parameter for thr.type = "scad” (a value for a in the notation of
Dai et al. (2019)).

a positive number indicating the step size used in the grid serach procedure to
determine tau.

passed to cce.
passed to cce.

passed to cce.
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Details

One basic approach to estimate the covariance matrix of high-dimensional time series is to take
account of the factor structure and perform regularization for the residual covariance matrix. This
function implements such an estimation procedure for high-frequency data modeled as a discretely
observed semimartingale. Specifically, let Y be a d-dimensional semimartingale which describes
the dynamics of the observation data. We consider the following continuous-time factor model:

Y, =8Xi + 7,0t <T,

where X is an r-dimensional semimartingale (the factor process), Z is a d-dimensional semimartin-
gale (the residual process), and 3 is a constant d X r matrix (the factor loading matrix). We assume
that X and Z are orthogonal in the sense that [X, Z]r = 0. Then, the quadratic covariation matrix
of Y is given by

V.Y = BIX,X]r8" + (2, Z]r.

Also, 3 can be written as 3 = [V, X|7[X, X]|;'. Thus, if we have observation data both for
Y and X, we can construct estimators for [Y,Y]r, [X, X]r and 5 by cce. Moreover, plugging
these estimators into the above equation, we can also construct an estimator for [Z, Z]r. Since this
estimator is often poor due to the high-dimensionality, we regularize it by some method. Then, by
plugging the regularized estimator for [Z, Z]r into the above equation, we obtain the final estimator
for [Y,Y]r.

Even if we do not have observation data for X, we can (at least formally) construct a pseudo factor
process by performing principal component analysis for the initial estimator of [Y,Y]r. See Ait-
Sahalia and Xiu (2017) and Dai et al. (2019) for details.

Currently, the following four options are available for the regularization method applied to the
residual covariance matrix estimate:

1. regularize = "glasso"” (the default).

This performs the glaphical Lasso. When weight=TRUE (the default), a weighted version of
the graphical Lasso is performed as in Koike (2020). Otherwise, the standard graphical Lasso
is performed as in Brownlees et al. (2018).

If 1lambda="aic" (resp.~lambda="bic"), the penalty parameter for the graphical Lasso is
selected by minimizing the formally defined AIC (resp.~BIC). The minimization is carried
out by grid search, where the grid is determined as in Section 5.1 of Koike (2020).

The optimization problem in the graphical Lasso is solved by the GLASSOFAST algorithm
of Sustik and Calderhead (2012), which is available from the package glassoFast.

2. regularize = "tapering”.

This performs tapering, i.e. taking the entry-wise product of the residual covariance matrix
estimate and a tapering matrix specified by taper. See Section 3.5.1 of Pourahmadi (2011)
for an overview of this method.

If taper is missing, it is constructed according to group as follows: taper is a 0-1 matrix and
the (4, j)-th entry is equal to 1 if and only if group[iJ]==group[j]. Thus, by default it makes
the residual covariance matrix diagonal.

3. regularize = "thresholding".
This performs thresholding, i.e. entries of the residual covariance matrix are shrunk toward 0

according to a thresholding rule (specified by thr.type) and a threshold level (spencified by
thr).
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If thr=NULL, the (i, j)-th entry of thr is given by T\/ (21, Zi) |29, Z3) . where [Z7, Z7],,

(resp. [Z7 VA |1) denotes the i-th (resp. j-th) diagonal entry of the non-regularized estimator
for the residual covariance matrix [Z, Z]r, and 7 is a tuning parameter specified by tau.

When tau=NULL, the value of 7 is set to the smallest value in the grid with step size thr.delta
such that the regularized estimate of the residual covariance matrix becomes positive definite.

4. regularize = "eigen.cleaning”.

This performs the eigenvalue cleaning algorithm described in Hautsch et al. (2012).

Value

A list with components:

covmat.y
premat.y
beta.hat
covmat. x
covmat.z
premat.z

sigma.z

pc

Author(s)

the estimated covariance matrix

the estimated precision matrix

the estimated factor loading matrix

the estimated factor covariance matrix

the estimated residual covariance matrix

the estimated residual precision matrix

the estimated residual covariance matrix before regularization

the variances of the principal components (it is NULL if PCA = FALSE)

Yuta Koike with YUIMA project Team
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See Also

cce, 1Imm, glassoFast
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Examples

## Not run:
set.seed(123)

## Simulating a factor process (Heston model)
drift <= c("muxS", "-thetax(V-v)")
diffusion <- matrix(c("sqgrt(max(V,0))*S", "gamma*sqrt(max(V,@))*rho"”,
0, "gammaxsqrt(max(V,0))*sqrt(1-rho*2)"),
2,2)
mod <- setModel(drift = drift, diffusion = diffusion,
state.variable = c("S", "V"))
n <- 2340
samp <- setSampling(n = n)
heston <- setYuima(model = mod, sampling = samp)
param <- list(mu = 0.03, theta = 3, v = 0.09,
gamma = 0.3, rho = -0.6)
result <- simulate(heston, xinit = c(1, 0.1),
true.parameter = param)

zdata <- get.zoo.data(result) # extract the zoo data
X <- log(zdata[[1]]) # log-price process
V <- zdata[[2]] # squared volatility process

## Simulating a residual process (correlated BM)

d <- 100 # dimension

Q <- 0.1 * toeplitz(0.7*(1:d-1)) # residual covariance matrix
dZ <- matrix(rnorm(n*d),n,d) %*% chol(Q)/sqrt(n)

Z <- zoo(apply(dz, 2, "diffinv"), samp@grid[[1]1])

## Constructing observation data

b <- runif(d, .25, 2.25) # factor loadings
Y <- X %% b + Z

yuima <- setData(cbind(X, Y))

# We subsample yuima to construct observation data
yuima <- subsampling(yuima, setSampling(n = 78))

## Estimating the covariance matrix (factor is known)
cmat <- tcrossprod(b) * mean(V[-1]) + Q # true covariance matrix
pmat <- solve(cmat) # true precision matrix

# (1) Regularization method is glasso (the default)
est <- cce.factor(yuima, factor = 1)
norm(est$covmat.y - cmat, type = "2")
norm(est$premat.y - pmat, type = "2")

# (2) Regularization method is tapering
est <- cce.factor(yuima, factor = 1, regularize = "tapering")
norm(est$covmat.y - cmat, type = "2")
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norm(est$premat.y - pmat, type = "2")

# (3) Regularization method is thresholding

est <- cce.factor(yuima, factor = 1, regularize = "thresholding”)
norm(est$covmat.y - cmat, type = "2")

norm(est$premat.y - pmat, type = "2")

# (4) Regularization method is eigen.cleaning

est <- cce.factor(yuima, factor = 1, regularize = "eigen.cleaning")
norm(est$covmat.y - cmat, type = "2")

norm(est$premat.y - pmat, type = "2")

## Estimating the covariance matrix (factor is unknown)
yuima2 <- setData(Y)

# We subsample yuima to construct observation data
yuima2 <- subsampling(yuima2, setSampling(n = 78))

# (A) Ignoring the factor structure (regularize = "glasso")
est <- cce.factor(yuima2)
norm(est$covmat.y - cmat, type = "2")

norm(est$premat.y - pmat, type = "2")

# (B) Estimating the factor by PCA (regularize = "glasso")

est <- cce.factor(yuima2, PCA = TRUE, nfactor = 1) # use 1 factor
norm(est$covmat.y - cmat, type = "2")

norm(est$premat.y - pmat, type = "2")

# One can interactively select the number of factors
# after implementing PCA (the scree plot is depicted)
# Try: est <- cce.factor(yuima2, PCA = TRUE)

## End(Not run)

Class for Quasi Maximum Likelihood Estimation of Point Process

Regression Models
Class for Quasi Maximum Likelihood Estimation of Point Process Re-
gression Models

Description

The yuima.PPR. gmle class is a class of the yuima package that extends the mle-class of the stats4
package.

Slots

call: is an object of class language.
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coef: is an object of class numeric that contains estimated parameters.

fullcoef: is an object of class numeric that contains estimated and fixed parameters.
vcov: is an object of class matrix.

min: is an object of class numeric.

minuslogl: is an object of class function.

method: is an object of class character.

model: is an object of class yuima.PPR-class.

Methods

Methods mle All methods for mle-class are available.

Author(s)
The YUIMA Project Team
cogarch.est.-class Class for Generalized Method of Moments Estimation for COGA-
RCH(p,q) model
Description

The cogarch.est class is a class of the yuima package that contains estimated parameters obtained
by the function gmm or gmle.

Slots

yuima: is an object of of yuima-class.

objFun: is an object of class character that indicates the objective function used in the minimiza-
tion problem. See the documentation of the function gmm or gmle for more details.

call: is an object of class language.

coef: is an object of class numeric that contains estimated parameters.

fullcoef: is an object of class numeric that contains estimated and fixed parameters.
vcov: is an object of class matrix.

min: is an object of class numeric.

minuslogl: is an object of class function.

method: is an object of class character.

Methods

Methods mle All methods for mle-class are available.

Author(s)
The YUIMA Project Team
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cogarch.est.incr-class

Class for Estimation of COGARCH(p,q) model with underlying incre-
ments

Description

The cogarch.est. incr class is a class of the yuima package that extends the cogarch.est-class
and is filled by the function gmm or gmle.

Slots

Incr.Lev: is an object of class zoo that contains the estimated increments of the noise obtained
using cogarchNoise.

yuima: is an object of of yuima-class.

loglL.Incr: isan object of class numeric that contains the value of the log-likelihood for estimated
Levy increments.

objFun: is an object of class character that indicates the objective function used in the minimiza-
tion problem. See the documentation of the function gmm or gmle for more details.

call: is an object of class language.

coef: is an object of class numeric that contains estimated parameters.

fullcoef: is an object of class numeric that contains estimated and fixed parameters.
vcov: is an object of class matrix.

min: is an object of class numeric.

minuslogl: is an object of class function.

method: is an object of class character.

Methods

simulate simulation method. For more information see simulate.
plot Plot method for estimated increment of the noise.

Methods mle All methods for mle-class are available.

Author(s)

The YUIMA Project Team
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cogarch.info-class Class for information about CoGarch(p,q)

Description

The cogarch.info-class is a class of the yuima package

Slots

p: Number of autoregressive coefficients in the variance process.

g: Number of moving average coefficients in the variance process.

ar.par: Label of autoregressive coefficients.

ma.par: Label of moving average coefficients.

loc.par: Label of location coefficient in the variance process.

Cogarch.var: Label of the observed process.

V.var: Label of the variance process.

Latent.var: Label of the latent process in the state representation of the variance.

XinExpr: Logical variable. If XinExpr=FALSE, the starting condition of Latent. var is zero other-
wise each component of Latent.var has a parameter as a starting point.

measure: Levy measure for jump and quadratic part.

measure. type: Type specification for Levy measure.

Note

The cogarch.info-class object cannot be directly specified by the user but it is built when the
yuima.cogarch-class object is constructed via setCogarch.

Author(s)
The YUIMA Project Team
cogarchNoise Estimation for the underlying Levy in a COGARCH(p,q) model
Description

Retrieve the increment of the underlying Levy for the COGARCH(p,q) process

Usage

cogarchNoise(yuima, data=NULL, param, mu=1)
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Arguments
yuima a yuima object or an object of yuima.cogarch-class.
data an object of class yuima.data-class contains the observations available at uni-
formly spaced time. If data=NULL, the default, the cogarchNoise uses the data
in an object of yuima.data-class.
param list of parameters for the COGARCH(p,q).
mu a numeric object that contains the value of the second moments of the levy
measure.
Value
incr.Levy a numeric object contains the estimated increments.
model an object of class yuima containing the state, the variance and the cogarch pro-
cess.
Note

The function cogarchNoise assumes the underlying Levy process is centered in zero.

The function gmm uses the function cogarchNoise for estimation of underlying Levy in the COG-
ARCH(p,q) model.

Author(s)
The YUIMA Project Team

References

Chadraa. (2009) Statistical Modelling with COGARCH(P,Q) Processes, PhD Thesis.

Examples

# Insert here some examples

CPoint Volatility structural change point estimator

Description

Volatility structural change point estimator

Usage

CPoint(yuima, paraml, param2, print=FALSE, symmetrized=FALSE, plot=FALSE)
gmleL(yuima, t, ...)
gmleR(yuima, t, ...)
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Arguments
yuima a yuima object.
paraml parameter values before the change point t
param2 parameter values after the change point t
plot plot test statistics? Default is FALSE.
print print some debug output. Default is FALSE.
t time value. See Details.
symmetrized if TRUE uses the symmetrized version of the quasi maximum-likelihood approx-
imation.
passed to gmle method. See Examples.
Details

CPoint estimates the change point using quasi-maximum likelihood approach.
Function gmlel estimates the parameters in the diffusion matrix using observations up to time t.

Function gmleR estimates the parameters in the diffusion matrix using observations from time t to
the end.

Arguments in both gmleL and gmleR follow the same rules as in gmle.

Value

ans a list with change point instant, and paramters before and after the change point.

Author(s)
The YUIMA Project Team

Examples

## Not run:
diff.matrix <- matrix(c(”"thetal.1*x1","0*x2","0xx1","thetal.2*x2"), 2, 2)

drift.c <- c("1-x1", "3-x2")
drift.matrix <- matrix(drift.c, 2, 1)

ymodel <- setModel(drift=drift.matrix, diffusion=diff.matrix, time.variable="t",
state.variable=c("x1", "x2"), solve.variable=c("x1", "x2"))
n <- 1000

set.seed(123)

t1 <~ list(thetal.1=.1, thetal.2=0.2)
t2 <- list(thetal.1=.6, thetal.2=.6)

tau <- 0.4
ysamp1l <- setSampling(n=tauxn, Initial=0, delta=0.01)
yuimal <- setYuima(model=ymodel, sampling=ysamp1)
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yuimal <- simulate(yuimal, xinit=c(1, 1), true.parameter=t1)
x1 <- yuimal@data@zoo.datal[[1]]
x1 <- as.numeric(x1[length(x1)1)
x2 <- yuimal@data@zoo.datal[[2]]
x2 <- as.numeric(x2[length(x2)1)

ysamp2 <- setSampling(Initial=n*taux@.01, n=nx(1-tau), delta=0.01)
yuima2 <- setYuima(model=ymodel, sampling=ysamp2)

yuima2 <- simulate(yuima2, xinit=c(x1, x2), true.parameter=t2)

yuima <- yuimal

CPoint

yuima@data@zoo.datal[[1]] <- c(yuimal@data@zoo.data[[1]], yuima2@data@zoo.datal[1]I[-11)
yuima@data@zoo.data[[2]] <- c(yuimal@data@zoo.data[[2]], yuima2@data@zoo.data[[2]]1[-1])

plot(yuima)

# estimation of change point for given parameter values
t.est <- CPoint(yuima,parami=t1,param2=t2, plot=TRUE)

low <- list(thetal.1=0, thetal.2=0)

# first state estimate of parameters using small

# portion of data in the tails

tmp1 <- gmlelL(yuima,start=list(thetal.1=0.3,thetal.2=0.5),t=1.5,
lower=low, method="L-BFGS-B")

tmp1

tmp2 <- gmleR(yuima,start=1list(thetal.1=0.3,thetal.2=0.5), t=8.5,
lower=low, method="L-BFGS-B")

tmp2

# first stage changepoint estimator
t.est2 <- CPoint(yuima,paraml=coef (tmp1),param2=coef (tmp2))
t.est2$tau

# second stage estimation of parameters given first stage

# change point estimator

tmp11 <- gmleL(yuima,start=as.list(coef(tmpl)), t=t.est2$tau-0.1,
lower=low, method="L-BFGS-B")

tmp11

tmp21 <- gmleR(yuima,start=as.list(coef(tmp2)), t=t.est2$tau+0.1,
lower=1low, method="L-BFGS-B")
tmp21

# second stage estimator of the change point
CPoint(yuima,parami=coef (tmp11),param2=coef (tmp21))
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## One dimensional example: non linear case
diff.matrix <- matrix("(1+x1*2)*thetal”, 1, 1)
drift.c <- c("x1")

ymodel <- setModel(drift=drift.c, diffusion=diff.matrix, time.variable="t",
state.variable=c("x1"), solve.variable=c("x1"))
n <- 500

set.seed(123)

yo <- 5 # initial value
theta0o <- 1/5
gamma <- 1/4

theta@1 <- theta@@+n”(-gamma)

t1 <- list(thetal= theta0o)
t2 <- list(thetal= theta01)

tau <- 0.4

ysampl <- setSampling(n=tauxn, Initial=0, delta=1/n)
yuimal <- setYuima(model=ymodel, sampling=ysamp1)

yuimal <- simulate(yuimal, xinit=c(5), true.parameter=t1)
x1 <- yuimal@data@zoo.datal[[1]]

x1 <- as.numeric(x1[length(x1)])

ysamp2 <- setSampling(Initial=tau, n=nx(1-tau), delta=1/n)
yuima2 <- setYuima(model=ymodel, sampling=ysamp2)

yuima2 <- simulate(yuima2, xinit=c(x1), true.parameter=t2)

yuima <- yuimal
yuima@data@zoo.data[[1]] <- c(yuimal@data@zoo.data[[1]], yuima2@data@zoo.data[[1]]1[-1])

plot(yuima)

t.est <- CPoint(yuima,paraml=t1,param2=t2)
t.est$tau

low <- list(thetal=0)
upp <- list(thetal=1)

# first state estimate of parameters using small

# portion of data in the tails

tmp1 <- gmleL(yuima,start=list(thetal=0.5),t=.15,lower=1ow, upper=upp,method="L-BFGS-B")
tmp1

tmp2 <- gmleR(yuima,start=1list(thetal=0.5), t=.85,lower=1ow, upper=upp,method="L-BFGS-B")
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tmp2

# first stage changepoint estimator
t.est2 <- CPoint(yuima,paraml=coef (tmp1),param2=coef (tmp2))
t.est2$tau

# second stage estimation of parameters given first stage

# change point estimator

tmp11 <- gmleL(yuima,start=as.list(coef(tmpl1)), t=t.est2$tau-0.1,
lower=low, upper=upp,method="L-BFGS-B")

tmp11

tmp21 <- gmleR(yuima,start=as.list(coef(tmp2)), t=t.est2$tau+0.1,

lower=low, upper=upp,method="L-BFGS-B")
tmp21

# second stage estimator of the change point
CPoint(yuima,parami=coef (tmp11),param2=coef (tmp21),plot=TRUE)

## End(Not run)

DataPPR From zoo data to yuima.PPR.

Description

The function converts an object of class zoo to an object of class yuima.PPR.

Usage
DataPPR(CountVar, yuimaPPR, samp)

Arguments
CountVar An object of class zoo that contains counting variables and covariates. index (CountVar)
returns the arrival times.
yuimaPPR An object of class yuima.PPR that contains a mathematical description of the
point process regression model assumed to be the generator of the observed
data.
samp An object of class yuima.sampling.
Value

The function returns an object of class yuima.PPR where the slot model contains the Point process
described in yuimaPPR@model, the slot data contains the counting variables and the covariates
observed on the grid in samp.
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Examples

## Not run:

# In this example we generate a dataset contains the Counting Variable N
# and the Covariate X.

# The covariate X is an OU driven by a Gamma process.

# Values of parameters.

mu <- 2
alpha <- 4
beta <-5

# Law definition

my.rKern <- function(n,t){
resd <- t(t(rgamma(n, @.1*t)))
resl <- t(t(rep(1,n)))
res <- cbind(res@,res1)
return(res)

Law.PPRKern <- setLaw(rng = my.rKern)

# Point Process definition

modKern <- setModel(drift = c("0.4%(0.1-X)","0"),
diffusion = c("0","0"),
jump.coeff = matrix(c("1","0","0","1"),2,2),
measure = list(df = Law.PPRKern),
measure.type = c("code","code"),
solve.variable = c("X","N"),

xinit=c(”0.25","0"))

gFun <- "exp(muxlog(1+X))"
#
Kernel <- "alphaxexp(-betax(t-s))"”

prvKern <- setPPR(yuima = modKern,
counting.var="N", gFun=gFun,
Kernel = as.matrix(Kernel),
lambda.var = "lambda”, var.dx = "N",
lower.var="0", upper.var = "t")

# Simulation

Term<-200

seed<-1

n<-20000

true.parKern <- list(mu=mu, alpha=alpha, beta=beta)

set.seed(seed)
# set.seed(1)
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Diagnostic.Carma

time.simKern <-system.time(
simprvKern <- simulate(object = prvKern, true.parameter = true.parKern,
sampling = setSampling(Terminal =Term, n=n))

plot(simprvKern,main ="Counting Process with covariates” ,cex.main=0.9)

# Using the function get.counting.data we extract from an object of class
# yuima.PPR the counting process N and the covariate X at the arrival times.

CountVar <- get.counting.data(simprvKern)
plot(CountVar)
# We convert the zoo object in the yuima.PPR object.

sim2 <- DataPPR(CountVar, yuimaPPR=simprvKern, samp=simprvKern@sampling)

## End(Not run)

Diagnostic.Carma Diagnostic Carma model

Description

This function verifies if the condition of stationarity is satisfied.

Usage

Diagnostic.Carma(carma)

Arguments

carma An object of class yuima.gmle-class where the slot model is a carma process.

Value

Logical variable. If TRUE, Carma is stationary.

Author(s)

YUIMA TEAM
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Examples

mod1 <- setCarma(p = 2, q = 1, scale.par = "sig",
Carma.var = "y")

paraml <- list(al = 1.39631, a2 = 0.05029, bo =1,
b1 =1, sig = 1)

samp1 <- setSampling(Terminal = 100, n = 200)

set.seed(123)

siml <- simulate(modl, true.parameter = paraml,
sampling = samp1)

est1l <- gmle(siml, start = paraml)

Diagnostic.Carma(est1)

Diagnostic.Cogarch Function for checking the statistical properties of the COGARCH(p,q)
model

Description

The function check the statistical properties of the COGARCH(p,q) model. We verify if the process
has a strict positive stationary variance model.

Usage

Diagnostic.Cogarch(yuima.cogarch, param = list(), matrixS = NULL, mu =1, display = TRUE)

Arguments

yuima.cogarch an object of class yuima. cogarch, yuima or a class cogarch.gmm-class

param a list containing the values of the parameters

matrixS a Square matrix.

mu first moment of the Levy measure.

display a logical variable, if TRUE the function displays the result in the console.
Value

The functon returns a List with entries:
meanVarianceProc

Unconditional Stationary mean of the variance process.
meanStateVariable

Unconditional Stationary mean of the state process.
stationary If TRUE, the COGARCH(p,q) has stationary variance.

positivity If TRUE, the variance process is strictly positive.
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Author(s)
YUIMA Project Team

Examples

## Not run:
# Definition of the COGARCH(1,1) process driven by a Variance Gamma nois:
param.VG <- list(al = 0.038, bl = 0.053,
ad = 0.04/0.053,lambda = 1, alpha = sqrt(2), beta = 0, mu = 0,
x01 = 50.33)

cog.VG <- setCogarch(p = 1, g = 1, work = FALSE,
measure=list(df="rvgamma(z, lambda, alpha, beta, mu)"),

measure.type = "code”,
Cogarch.var = "y",
V.var = "v", Latent.var="x",

XinExpr=TRUE)
# Verify the stationarity and the positivity of th variance process

test <- Diagnostic.Cogarch(cog.VG,param=param.VG)
show(test)

# Simulate a sample path
set.seed(210)

Term=800
num=24000

samp.VG <- setSampling(Terminal=Term, n=num)
sim.VG <- simulate(cog.VG,
true.parameter=param.VG,
sampling=samp. VG,
method="euler")
plot(sim.VG)
# Estimate the model
res.VG <- gmm(sim.VG, start = param.VG, Est.Incr = "IncrPar")
summary (res.VG)

# Check if the estimated COGARCH(1,1) has a positive and stationary variance

test1<-Diagnostic.Cogarch(res.VG)
show(test1)

# Simulate a COGARCH sample path using the estimated COGARCH(1,1)
# and the recovered increments of underlying Variance Gamma Noise
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esttraj<-simulate(res.VG)

plot(esttraj)

## End(Not run)

estimation_LRM

Estimation of the t-Levy Regression Model

Description

The function estimates a t-Levy Regression Model

Usage

estimation_LRM(start, model, data, upper, lower, PT = 500, n_obs1 = NULL)

Arguments

start
model

data

upper
lower
PT

n_obs1

Details

Initial values to be passed to the optimizer.

A yuima.LevyRM-class that contains the mathematical representation of the
t-Levy Regression Model. Its slot @data can contain either real or simulated
data.

An object of class yuima.data-class contains the observations available at
uniformly spaced time. If data=NULL, the default, the function uses the data in
the object model.

A named list for specifying upper bounds of parameters.

A named list for specifying lower bounds of parameters.

The number of the data for the estimation of the regressor coefficients and the
scale parameter.

The number of data used in the estimation of the degree of freedom. As default
the number of the whole data is used in this part

A two-step estimation procedure. Regressor coefficients and scale parameters are obtained by max-
imizing the quasi-likelihood function based on the Cauchy density. The degree of freedom is esti-
mated used the unitary increment of the t-noise.

Value

Estimated parameters

Author(s)

The YUIMA Project Team

Contacts: Lorenzo Mercuri <lorenzo.mercuri@unimi.it>
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EstimCarmaHawkes Estimation Methods for a CARMA(p,q)-Hawkes Counting Process

Description

The function provides two estimation procedures: Maximum Likelihood Estimation and Matching
Empirical Correlation

Usage

EstimCarmaHawkes(yuima, start, est.method = "gmle"”, method = "BFGS",
lower = NULL, upper = NULL, lags = NULL, display = FALSE)

Arguments
yuima a yuima object.
start initial values to be passed to the optimizer.
est.method The method used to estimate the parameters. The default est.method = "gqmle"
indicates the MLE while the alternative approach is based on the minimization
of the empirical and theoretical autocorrelation.
method The optimization method to be used. See optim.
lower Lower Bounds.
upper Upper Bounds.
lags Number of lags used in the autocorrelation.
display you can see a progress of the estimation when display=TRUE.
Value

The output contains the estimated parameters.

Author(s)

The YUIMA Project Team

Contacts: Lorenzo Mercuri <lorenzo.mercuri@unimi.it>

References

Mercuri, L., Perchiazzo, A., & Rroji, E. (2022). A Hawkes model with CARMA (p, q) intensity.
doi:10.48550/arXiv.2208.02659.


https://doi.org/10.48550/arXiv.2208.02659
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Examples

## Not run:
## MLE For A CARMA(2,1)-Hawkes ##

# Inputs:

a <- ¢(3,2)

b <- c(1,0.3)
mu<-0.30

true.par<-c(mu,a,b)

# step 1) Model Definition => Constructor 'setCarmaHawkes'
p <-2

q<-1

mod1 <- setCarmaHawkes(p = p,q = q)

# step 2) Grid Construction => Constructor 'setSampling'
FinalTime <- 5000

to <- 0

samp <- setSampling(t@, FinalTime, n = FinalTime)

# step 3) Simulation => method 'simulate'

# We use method 'simulate' to generate our dataset.
# For the estimation from real data,

# we use the constructors 'setData' and

#'setYuima' (input 'model' is an object of

# 'yuima.CarmaHawkes-class').

names(true.par) <- c(modl@info@base.Int, mod1@info@ar.par, modl1@info@ma.par)

set.seed(1)

system.time(

siml <- simulate(object = mod1, true.parameter = true.par,
sampling = samp)

)

plot(siml)

# step 4) Estimation using the likelihood function.
system.time(

res <- EstimCarmaHawkes(yuima = simi,
start = true.par)

## End(Not run)

fitCIR Calculate preliminary estimator and one-step improvements of a Cox-
Ingersoll-Ross diffusion
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Description

This is a function to simulate the preliminary estimator and the corresponding one step estimators
based on the Newton-Raphson and the scoring method of the Cox-Ingersoll-Ross process given via
the SDE

dXt = (O[ — ﬂXt)dt + \/’thth

with parameters 5 > 0, 2a > 5y > 0 and a Brownian motion (W;);>o. This function uses the
Gaussian quasi-likelihood, hence requires that data is sampled at high-frequency.

Usage
fitCIR(data)
Arguments
data a numeric matrix containing the realization of (to, Xy,),. .., (tn, Xy, ) with ¢;
denoting the j-th sampling times. data[1, ] contains the sampling times %, . . . , t,,
and data[2,] the corresponding value of the process X;,,..., X, . In other
words datal, j1=(t;, X¢,). The observations should be equidistant.
Details

The estimators calculated by this function can be found in the reference below.

Value

A list with three entries each contain a vector in the following order: The result of the preliminary
estimator, Newton-Raphson method and the method of scoring.

If the sampling points are not equidistant the function will return 'Please use equidistant sampling
points'.
Author(s)

Nicole Hufnagel

Contacts: <nicole.hufnagel@math. tu-dortmund.de>

References

Y. Cheng, N. Hufnagel, H. Masuda. Estimation of ergodic square-root diffusion under high-frequency
sampling. Econometrics and Statistics, Article Number: 346 (2022).

Examples

#You can make use of the function simCIR to generate the data
data <- simCIR(alpha=3,beta=1,gamma=1, n=5000, h=0.05, equi.dist=TRUE)
results <- fitCIR(data)
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FromCF2yuima_law From a Characteristic Function to an yuima.law-object.

Description

This function returns an object of yuima.law-class and requires the characteristic function as the
only input. Density, Random Number Generator, Cumulative Distribution Function and quantile
function are internally constructed

Usage

n.o.n

FromCF2yuima_law(myfun, time.names = "t", var_char = "u”, up = 45,
low = -45, N_grid = 50001, N_Fourier = 2*10)

Arguments
myfun A string that is the name of the characteristic function defined by Users.
time.names Label of time.
var_char Argument of the characteristic function.
up Upper bound for the internal integration.
low Lower bound for the internal integration.
N_grid Observation grid.
N_Fourier Number of points for the Fourier Inversion.
Details

The density function is obtained by means of the Fourier Transform.

Value

An object of yuima.law-class.

Author(s)

The YUIMA Project Team

Contacts: Lorenzo Mercuri <lorenzo.mercuri@unimi.it>
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get.counting.data Extract arrival times from an object of class yuima.PPR

Description

This function extracts arrival times from an object of class yuima.PPR.

Usage

get.counting.data(yuimaPPR, type="z00")

Arguments
yuimaPPR An object of class yuima.PPR.
type By default type="z00" the function returns an object of class zoo. Other values
are yuima.PPR and matrix.
Value

By default the function returns an object of class zoo. The arrival times can be extracted by applying
the method index to the output

Examples

## Not run:

W
# Hawkes Process #
S

# Values of parameters.

mu <- 2
alpha <- 4
beta <-5

# Law definition
my . rHawkes <- function(n){
res <- t(t(rep(1,n)))

return(res)

}

Law.Hawkes <- setlLaw(rng = my.rHawkes)
# Point Process Definition

gFun <- "mu”
Kernel <- "alphaxexp(-betax(t-s))"

modHawkes <- setModel(drift = c("0"), diffusion = matrix("0",1,1),
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jump.coeff = matrix(c("1"),1,1), measure = list(df = Law.Hawkes),
measure.type = "code”, solve.variable = c("N"),
xinit=c("0"))

prvHawkes <- setPPR(yuima = modHawkes, counting.var="N", gFun=gFun,
Kernel = as.matrix(Kernel), lambda.var = "lambda",
var.dx = "N", lower.var="0", upper.var = "t")

true.par <- list(mu=mu, alpha=alpha, beta=beta)

set.seed(1)

Term<-70
n<-7000

# Simulation trajectory
time.Hawkes <-system.time(
simHawkes <- simulate(object = prvHawkes, true.parameter = true.par,
sampling = setSampling(Terminal =Term, n=n))
# Arrival times of the Counting process.

DataHawkes <- get.counting.data(simHawkes)
TimeArr <- index(DataHawkes)

S HHEHHHEEHEHR SRR R
# Point Process Regression Model #

HHHHEHHHHHEEHAHE A

# Values of parameters.

mu <- 2
alpha <- 4
beta <-5

# Law definition

my.rKern <- function(n,t){
resd <- t(t(rgamma(n, @.1*t)))
res1 <- t(t(rep(1,n)))
res <- cbind(res@,res1)
return(res)

3
Law.PPRKern <- setLaw(rng = my.rKern)

# Point Process definition

modKern <- setModel(drift = c("0.4%(0.1-X)","0"),
diffusion = c("0","0"),
jump.coeff = matrix(c("1","0","0","1"),2,2),
measure = list(df = Law.PPRKern),

measure.type = c("code","code"),
solve.variable = c("X","N"),
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gmm

xinit=c("0.25","0"))

gFun <- "exp(muxlog(1+X))"
#
Kernel <- "alpha*exp(-betax(t-s))"

prvKern <- setPPR(yuima = modKern,
counting.var="N", gFun=gFun,
Kernel = as.matrix(Kernel),
lambda.var = "lambda"”, var.dx = "N",
lower.var="0", upper.var = "t")

# Simulation

Term<-100

seed<-1

n<-10000

true.parKern <- list(mu=mu, alpha=alpha, beta=beta)
set.seed(seed)

# set.seed(1)

time.simKern <-system.time(

simprvKern <- simulate(object = prvKern, true.parameter = true.parKern,
sampling = setSampling(Terminal =Term, n=n))

plot(simprvKern,main ="Counting Process with covariates” ,cex.main=0.9)
# Arrival Times

CountVar <- get.counting.data(simprvKern)
TimeArr <- index(CountVar)

## End(Not run)

gmm Method of Moments for COGARCH(P.Q).

Description

The function returns the estimated parameters of a COGARCH(P,Q) model. The parameters are
abtained by matching theoretical vs empirical autocorrelation function. The theoretical autocorre-
lation function is computed according the methodology developed in Chadraa (2009).
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Usage

gmm(yuima, data
method="BFGS",
equally.spaced

Arguments
yuima

data

start
method
fixed
lower
upper

lag.max

equally.spaced

aggregation

Est.Incr

objFun

Details
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= NULL, start,
fixed = list(), lower, upper, lag.max = NULL,
= FALSE, aggregation=TRUE, Est.Incr = "NoIncr”, objFun = "L2")

a yuima object or an object of yuima.cogarch-class.

an object of class yuima.data-class contains the observations available at uni-
formly spaced time. If data=NULL, the default, the function uses the data in an
object of yuima-class.

a list containing the starting values for the optimization routine.
a string indicating one of the methods available in optim.

a list of fixed parameters in optimization routine.

a named list for specifying lower bounds of parameters.

a named list for specifying upper bounds of parameters.

maximum lag at which to calculate the theoretical and empirical acf. Default is
sqrt{N} where N is the number of observation.

Logical variable. If equally.spaced = TRUE., the function use the returns of
COGARCH(P,Q) evaluated at unitary length for the computation of the empiri-
cal autocorrelations. If equally. spaced = FALSE, the increments are evaluated
on the interval with frequency specified in an object of class yuima.data-class
that contains the observed time series.

If aggregation=TRUE, before the estimation of the levy parameters we aggre-
gate the estimated increments

a string variable, If Est.Incr = "NoIncr”, default value, gmm returns an ob-
ject of class cogarch.est-class that contains the COGARCH parameters. If
Est.Incr="Incr"” or Est.Incr = "IncrPar” the output is an object of class
cogarch.est.incr-class. In the first case the object contains the increments
of underlying noise while in the second case also the estimated parameter of
levy measure.

a string variable that indentifies the objective function in the optimization step.
objFun = "L2", default value, the objective function is a quadratic form where
the weighting Matrix is the identity one. objFun = "L2CUE" the weighting ma-
trix is estimated using Continuously Updating GMM (L2CUE). objFun = "L1",
the objective function is the mean absolute error. In the last case the standard
error for estimators are not available.

The routine is based on three steps: estimation of the COGARCH parameters, recovering the incre-
ments of the underlying Levy process and estimation of the levy measure parameters. The last two
steps are available on request by the user.



62 hyavar

Value

The function returns a list with the same components of the object obtained when the function
optimis used.

Author(s)
The YUIMA Project Team.

References

Chadraa, E. (2009) Statistical Modeling with COGARCH(P,Q) Processes. Phd Thesis

Examples

## Not run:

# Example COGARCH(1,1): the parameters are the same used in Haugh et al. 2005. In this case
# we assume the underlying noise is a symmetric variance gamma.

# As first step we define the COGARCH(1,1) in yuima:

mod1 <- setCogarch(p = 1, g = 1, work = FALSE,
measure=list(df="rbgamma(z,1,sqrt(2),1,sqrt(2))"),

non

measure.type = "code”, Cogarch.var = "y",

non nyn

V.var = "v", Latent.var="x",6XinExpr=TRUE)

param <- list(al = 0.038, bl = 0.053,
a0 = 0.04/0.053, x01 = 20)

# We generate a trajectory

samp <- setSampling(Terminal=10000, n=100000)

set.seed(210)

siml <- simulate(modl, sampling = samp, true.parameter = param)

# We estimate the model
resl <- gmm(yuima = siml, start = param)

summary(res1)

## End(Not run)

hyavar Asymptotic Variance Estimator for the Hayashi-Yoshida estimator

Description

This function estimates the asymptotic variances of covariance and correlation estimates by the
Hayashi-Yoshida estimator.
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Usage
hyavar(yuima, bw, nonneg = TRUE, psd = TRUE)

Arguments
yuima an object of yuima-class or yuima.data-class.
bw a positive number or a numeric matrix. If it is a matrix, each component indicate
the bandwidth parameter for the kernel estimators used to estimate the asymp-
totic variance of the corresponding component (necessary only for off-diagonal
components). If it is a number, it is converted to a matrix as matrix(bw,d,d),
where d=dim(x). The default value is the matrix whose (i, j)-th component is
given by min(n;,n;)%45, where n; denotes the number of the observations for
the ¢-th component of the data.
nonneg logical. If TRUE, the asymptotic variance estimates for correlations are always
ensured to be non-negative. See ‘Details’.
psd passed to cce.
Details

The precise description of the method used to estimate the asymptotic variances is as follows. For
diagonal components, they are estimated by the realized quarticity multiplied by 2/3. Its theoretical
validity is ensured by Hayashi et al. (2011), for example. For off-diagonal components, they are
estimated by the naive kernel approach descrived in Section 8.2 of Hayashi and Yoshida (2011).
Note that the asymptotic covariance between a diagonal component and another component, which
is necessary to evaluate the asymptotic variances of correlation estimates, is not provided in Hayashi
and Yoshida (2011), but it can be derived in a similar manner to that paper.

If nonneg is TRUE, negative values of the asymptotic variances of correlations are avoided in the fol-
lowing way. The computed asymptotic varaince-covariance matrix of the vector (HY;;, HY;;, HY};)
is converted to its spectral absolute value. Here, HY’;; denotes the Hayashi-Yohida estimator for the
(4, j)-th component.

The function also returns the covariance and correlation matrices calculated by the Hayashi- Yoshida
estimator (using cce).

Value

A list with components:

covmat the estimated covariance matrix

cormat the estimated correlation matrix

avar.cov the estimated asymptotic variances for covariances

avar.cor the estimated asymptotic variances for correlations
Note

Construction of kernel-type estimators for off-diagonal components is implemented after pseudo-
aggregation described in Bibinger (2011).
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Author(s)
Yuta Koike with YUIMA Project Team

References

Barndorft-Nilesen, O. E. and Shephard, N. (2004) Econometric analysis of realized covariation:
High frequency based covariance, regression, and correlation in financial economics, Econometrica,
72, no. 3, 885-925.

Bibinger, M. (2011) Asymptotics of Asynchronicity, technical report, Available at doi:10.48550/
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Hayashi, T., Jacod, J. and Yoshida, N. (2011) Irregular sampling and central limit theorems for
power variations: The continuous case, Annales de I’Institut Henri Poincare - Probabilites et Statis-
tiques, 47, no. 4, 1197-1218.

Hayashi, T. and Yoshida, N. (2011) Nonsynchronous covariation process and limit theorems, Stochas-
tic processes and their applications, 121, 2416-2454.

See Also

setData, cce

Examples

## Not run:

## Set a model

diff.coef.1 <- function(t, x1 = 0, x2 = @) sqrt(1+t)
diff.coef.2 <- function(t, x1 =0, x2 = @) sqrt(1+t*2)

cor.rho <- function(t, x1 = @, x2 = @) sqrt(1/2)
diff.coef.matrix <- matrix(c("diff.coef.1(t,x1,x2)",
"diff.coef.2(t,x1,x2) * cor.rho(t,x1,x2)",
mroo"diff.coef.2(t,x1,x2) * sqrt(1-cor.rho(t,x1,x2)*2)"), 2, 2)
cor.mod <- setModel(drift = c("", ""),

diffusion = diff.coef.matrix,solve.variable = c("x1", "x2"))

set.seed(111)

## We use a function poisson.random.sampling to get observation by Poisson sampling.
yuima.samp <- setSampling(Terminal = 1, n = 1200)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)

yuima <- simulate(yuima)

psample<- poisson.random.sampling(yuima, rate = c(0.2,0.3), n = 1000)

## Constructing a 95% confidence interval for the quadratic covariation from psample
result <- hyavar(psample)

thetahat <- result$covmat[1,2] # estimate of the quadratic covariation

se <- sqgrt(result$avar.cov[1,2]) # estimated standard error

c(lower = thetahat + gnorm(@.025) * se, upper = thetahat + gnorm(@.975) * se)

## True value of the quadratic covariation.
cc.theta <- function(T, sigmal, sigma2, rho) {
tmp <- function(t) return(sigmal(t) * sigma2(t) * rho(t))
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integrate(tmp, @, T)
b

# contained in the constructed confidence interval
cc.theta(T = 1, diff.coef.1, diff.coef.2, cor.rho)$value

# Example. A stochastic differential equation with nonlinear feedback.

## Set a model

drift.coef.1 <- function(x1,x2) x2

drift.coef.2 <- function(x1,x2) -x1

drift.coef.vector <- c("drift.coef.1","drift.coef.2")
diff.coef.1 <- function(t,x1,x2) sqrt(abs(x1))*sqrt(1+t)
diff.coef.2 <- function(t,x1,x2) sqrt(abs(x2))

cor.rho <- function(t,x1,x2) 1/(1+x1*2)

diff.coef.matrix <- matrix(c("diff.coef.1(t,x1,x2)",
"diff.coef.2(t,x1,x2) * cor.rho(t,x1,x2)","",
"diff.coef.2(t,x1,x2) *x sqrt(1-cor.rho(t,x1,x2)*2)"), 2, 2)
cor.mod <- setModel(drift = drift.coef.vector,

diffusion = diff.coef.matrix,solve.variable = c("x1", "x2"))

## Generate a path of the process

set.seed(111)

yuima.samp <- setSampling(Terminal = 1, n = 10000)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)
yuima <- simulate(yuima, xinit=c(2,3))

plot(yuima)

## The "true” values of the covariance and correlation.
result.full <- cce(yuima)

(cov.true <- result.full$covmat[1,2]) # covariance
(cor.true <- result.full$cormat[1,2]) # correlation

## We use the function poisson.random.sampling to generate nonsynchronous
## observations by Poisson sampling.
psample<- poisson.random.sampling(yuima, rate = c(0.2,0.3), n = 3000)

## Constructing 95% confidence intervals for the covariation from psample
result <- hyavar(psample)

cov.est <- result$covmat[1,2] # estimate of covariance

cor.est <- result$cormat[1,2] # estimate of correlation

se.cov <- sqrt(result$avar.cov[1,2]) # estimated standard error of covariance
se.cor <- sqrt(result$avar.cor[1,2]) # estimated standard error of correlation

## 95% confidence interval for covariance
c(lower = cov.est + gnorm(0.025) * se.cov,
upper = cov.est + gnorm(@.975) * se.cov) # contains cov.true

## 95% confidence interval for correlation
c(lower = cor.est + gnorm(@.025) * se.cor,
upper = cor.est + gnorm(@.975) * se.cor) # contains cor.true
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## We can also use the Fisher z transformation to construct a

## 95% confidence interval for correlation

## It often improves the finite sample behavior of the asymptotic

## theory (cf. Section 4.2.3 of Barndorff-Nielsen and Shephard (2004))

z <- atanh(cor.est) # the Fisher z transformation of the estimated correlation

se.z <- se.cor/(1 - cor.est”2) # standard error for z (calculated by the delta method)
## 95% confidence interval for correlation via the Fisher z transformation

c(lower = tanh(z + gnorm(0.025) * se.z), upper = tanh(z + gnorm(0.975) * se.z))

## End(Not run)

IC Information criteria for the stochastic differential equation

Description

Information criteria BIC, Quasi-BIC (QBIC) and CIC for the stochastic differential equation.

Usage

IC(drif = NULL, diff = NULL, jump.coeff = NULL, data = NULL, Terminal = 1,

add.settings = list(), start, lower, upper, ergodic = TRUE,
stepwise = FALSE, weight = FALSE, rcpp = FALSE, ...)
Arguments

drif a character vector that each element presents the candidate drift coefficient.
diff a character vector that each element presents the candidate diffusion coefficient.
jump.coeff a character vector that each element presents the candidate scale coefficient.
data the data to be used.
Terminal terminal time of the grid.

add.settings details of model settings(see setModel).

start a named list of the initial values of the parameters for optimization.
lower a named list for specifying lower bounds of the parameters.
upper a named list for specifying upper bounds of the parameters.
ergodic whether the candidate models are ergodic SDEs or not(default ergodic=TRUE).
stepwise specifies joint procedure or stepwise procedure(default stepwise=FALSE).
weight calculate model weight? (default weight=FALSE)
rcpp use C++ code? (default rcpp=FALSE)
passed to gmle
Details

Calculate the information criteria BIC, QBIC, and CIC for stochastic processes. The calculation
and model selection are performed by joint procedure or stepwise procedure.



IC 67

Value

BIC values of BIC for all candidates.

QBIC values of QBIC for all candidates.

AIC values of AIC-type information criterion for all candidates.

model information of all candidate models.

par quasi-maximum likelihood estimator for each candidate.

weight model weights for all candidates.

selected selected model number and selected drift and diffusion coefficients
Note

The function IC uses the function gmle with method="L-BFGS-B" internally.

Author(s)
The YUIMA Project Team

Contacts: Shoichi Eguchi <shoichi.eguchi@oit.ac. jp>

References

## AIC, BIC

Akaike, H. (1973). Information theory and an extension of the maximum likelihood principle. In
Second International Symposium on Information Theory (Tsahkadsor, 1971), 267-281. doi:10.1007/
9781461216940_15

Schwarz, G. (1978). Estimating the dimension of a model. The Annals of Statistics, 6(2), 461-464.
doi:10.1214/a0s/1176344136

## BIC, Quasi-BIC

Eguchi, S. and Masuda, H. (2018). Schwarz type model comparison for LAQ models. Bernoulli,
24(3), 2278-2327. doi:10.3150/17BEJ928.

## CIC

Uchida, M. (2010). Contrast-based information criterion for ergodic diffusion processes from dis-
crete observations. Annals of the Institute of Statistical Mathematics, 62(1), 161-187. doi:10.1007/
$1046300902451

## Model weight

Burnham, K. P. and Anderson, D. R. (2002). Model Selection and Multimodel Inference. Springer-
Verlag, New York.

Examples

## Not run:
### Ex.1
set.seed(123)

N <- 1000 # number of data
h <- N*(-2/3) # sampling stepsize
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https://doi.org/10.1007/s10463-009-0245-1
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Ter <- Nxh # terminal sampling time

## Data generate (dXt = -Xtxdt + exp((-2*cos(Xt) + 1)/2)*dWt)
mod <- setModel(drift="theta21*x", diffusion="exp((thetall*cos(x)+thetal2)/2)")
samp <- setSampling(Terminal=Ter, n = N)
yuima <- setYuima(model=mod, sampling=setSampling(Terminal=Ter, n=50*N))
simu.yuima <- simulate(yuima, xinit=1, true.parameter=list(thetall1=-2, thetal2=1,
theta21=-1), subsampling=samp)
Xt <- NULL
for(i in 1:(N+1)){
Xt <- c(Xt, simu.yuima@data@original.datal[50x(i-1)+1])
3

## Candidate coefficients

diffusion <- c("exp((thetall*cos(x)+thetal2*sin(x)+thetal3)/2)",
"exp((thetall*cos(x)+thetal2*sin(x))/2)",
"exp((thetall*cos(x)+thetal3)/2)", "exp((thetal2*sin(x)+thetal3)/2)")

drift <- c("theta21*x + theta22", "theta2lxx")

## Parameter settings

para.init <- list(thetall=runif(1,max=5,min=-5), thetal2=runif(1,max=5,min=-5),
thetal3=runif(1,max=5,min=-5), theta2l=runif(1,max=-0.5,min=-1.5),
theta22=runif(1,max=-0.5,min=-1.5))

para.low <- list(thetal1=-10, thetal2=-10, thetal3=-10, theta21=-5, theta22=-5)

para.upp <- list(thetal1=10, thetal2=10, thetal3=10, theta21=-0.001, theta22=-0.001)

## Ex.1.1 Joint

icl <- IC(drif=drift, diff=diffusion, data=Xt, Terminal=Ter, start=para.init, lower=para.low,
upper=para.upp, stepwise = FALSE, weight = FALSE, rcpp = TRUE)

icl

## Ex.1.2 Stepwise

ic2 <- IC(drif=drift, diff=diffusion, data=Xt, Terminal=Ter,
start=para.init, lower=para.low, upper=para.upp,
stepwise = TRUE, weight = FALSE, rcpp = TRUE)

ic2

### Ex.2 (multidimansion case)
set.seed(123)

N <- 3000 # number of data
h <- N*(-2/3) # sampling stepsize
Ter <- Nxh # terminal sampling time

## Data generate
diff.coef.matrix <- matrix(c("betal*xl+beta3”, "1", "-1", "betal*x1+beta3"), 2, 2)
drif.coef.vec <- c("alphalxx1", "alpha2xx2")
mod <- setModel(drift = drif.coef.vec, diffusion = diff.coef.matrix,
state.variable = c("x1", "x2"), solve.variable = c("x1", "x2"))
samp <- setSampling(Terminal = Ter, n = N)
yuima <- setYuima(model = mod, sampling = setSampling(Terminal = N*(1/3), n = 50x*N))
simu.yuima <- simulate(yuima, xinit = c¢(1,1), true.parameter = list(alphal=-2, alpha2=-1,
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betal=-1, beta3=2), subsampling = samp)
Xt <- matrix(@, (N+1),2)
for(i in T:(N+1)){
Xt[i,] <- simu.yuima@data@original.datal[50*(i-1)+1,]

3

## Candidate coefficients

diffusion <- list(matrix(c("betal*x1+beta2xx2+beta3”, "1", "-1", "betalxx1+beta2*x2+beta3"), 2, 2),
matrix(c("betalxx1+beta2*x2", "1", "-1", "betalxxl1+beta2*x2"), 2, 2),
matrix(c("betal*x1+beta3”, "1", "-1", "betalxxl1+beta3"), 2, 2),
matrix(c("beta2xx2+beta3”, "1", "-1", "beta2*x2+beta3"), 2, 2),
matrix(c("betalxx1", "1", "-1", "betalxx1"), 2, 2),
matrix(c(”beta2*x2", "1", "-1", "beta2*x2"), 2, 2),
matrix(c("beta3”, "1", "-1", "beta3"), 2, 2))

drift <- list(c("alphal*x1"”, "alpha2*x2"), c("alphal*x2", "alpha2xx1"))

modsettings <- list(state.variable = c(”"x1", "x2"), solve.variable = c("x1", "x2"))

## Parameter settings

para.init <- list(alphal = runif(1,min=-3,max=-1), alpha2 = runif(1,min=-2,max=0),
betal = runif(1,min=-2,max=0), beta2 = runif(1,min=0,max=2),
beta3 = runif(1,min=1,max=3))

para.low <- list(alphal -5, alpha2 = -5, betal = -5, beta2 = -5, beta3 = 1)

para.upp <- list(alphai 0.01, alpha2 = -0.01, betal = 5, beta2 = 5, beta3 = 10)

## Ex.2.1 Joint

ic3 <- IC(drif=drift, diff=diffusion, data=Xt, Terminal=Ter, add.settings=modsettings,
start=para.init, lower=para.low, upper=para.upp,
weight=FALSE, rcpp=FALSE)

ic3

## Ex.2.2 Stepwise

ic4 <- IC(drif=drift, diff=diffusion, data=Xt, Terminal=Ter, add.settings=modsettings,
start=para.init, lower=para.low, upper=para.upp,
stepwise = TRUE, weight=FALSE, rcpp=FALSE)

ic4

## End(Not run)

info.Map-class Class for information about Map/Operators

Description

Auxiliar class for definition of an object of class yuima.Map. see the documentation of yuima.Map
for more details.
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info.PPR Class for information about Point Process

Description

Auxiliar class for definition of an object of class yuima.PPR and yuima.Hawkes. see the documen-
tation for more details.

Integral.sde Class for the mathematical description of integral of a stochastic pro-
cess

Description

Auxiliar class for definition of an object of class yuima.Integral. see the documentation of
yuima.Integral for more details.

Integrand Class for the mathematical description of integral of a stochastic pro-
cess

Description

Aucxiliar class for definition of an object of class yuima.Integral. see the documentation of
yuima.Integral for more details.

Intensity.PPR Intesity Process for the Point Process Regression Model

Description

This function returns the intensity process of a Point Process Regression Model

Usage
Intensity.PPR(yuimaPPR, param)

Arguments

yuimaPPR An object of class yuima.PPR

param Model parameters
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Value

On obejct of class yuima.data

Author(s)

YUIMA TEAM

Examples

#INSERT HERE AN EXAMPLE

JBtest Remove jumps and calculate the Gaussian quasi-likelihood estimator
based on the Jarque-Bera normality test

Description

Remove jumps and calculate the Gaussian quasi-likelihood estimator based on the Jarque-Bera
normality test

Usage

JBtest(yuima,start, lower,upper,alpha, skewness=TRUE, kurtosis=TRUE,withdrift=FALSE)

Arguments
yuima a yuima object (diffusion with compound Poisson jumps).
lower a named list for specifying lower bounds of parameters.
upper a named list for specifying upper bounds of parameters.
alpha Insert Description Here.
start initial values to be passed to the optimizer.
skewness use third moment information ? by default, skewness=TRUE
kurtosis use fourth moment information ? by default, kurtosis=TRUE
withdrift use drift information for constructing self-normalized residuals or not? by de-

fault, withdrift = FALSE
Details

This function removes large increments which are regarded as jumps based on the iterative Jarque-
Bera normality test, and after that, calculates the Gaussian quasi maximum likelihood estimator.
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Value
Removed Removed jumps and jump times
OGQMLE Gaussian quasi maximum likelihood estimator before jump removal
JRGQMLE Gaussian quasi maximum likelihood estimator after jump removal
Figures For visualization, the jump points are presented. In addition, the histgram of
the jump removed self-normalized residuals, transition of the estimators and the
logarithm of Jarque-Bera statistics are given as figures
Author(s)
The YUIMA Project Team

Contacts: Yuma Uehara <y-uehara@ism.ac. jp>

References

Masuda, H. (2013). Asymptotics for functionals of self-normalized residuals of discretely observed
stochastic processes. Stochastic Processes and their Applications 123 (2013), 2752-2778

Masuda, H and Uehara, Y. (2018) Estimating Diffusion With Compound Poisson Jumps Based On
Self-normalized Residuals, arXiv:1802.03945

Examples

## Not run:

set.seed(123)

mod <- setModel(drift="10-3*xx",
diffusion="thetax(2+x*2)/(1+x*2)",
jump.coeff="1",
measure=list(intensity="1",df=1list("dunif(z, 3, 5)")),
measure. type="CP")

T <- 10 ## Terminal

n <- 5000 ## generation size

samp <- setSampling(Terminal=T, n=n) ## define sampling scheme
yuima <- setYuima(model = mod, sampling = samp)

yuima <- simulate(yuima, xinit=1,true.parameter=list(theta=sqrt(2)), sampling = samp)

JBtest(yuima,start=1list(theta=0.5),upper=c(theta=100)
, lower=c(theta=0),alpha=0.01)

## End(Not run)
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lambdaFromData

Intensity of a Point Process Regression Model

Description

This function returns the intensity process of a PPR model when covariates and counting processes
are obsered on discrete time

Usage

lambdaFromData(yuimaPPR, PPRData = NULL, parLambda = list())

Arguments

yuimaPPR
PPRData

parLambda

Details

Value

Note

Author(s)

YUIMA TEAM

References

See Also

Mathematical Description of PPR model
Observed data

Values of intesity parameters
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lasso Adaptive LASSO estimation for stochastic differential equations

Description

Adaptive LASSO estimation for stochastic differential equations.

Usage
lasso(yuima, lambda@, start, delta=1, ...)
Arguments
yuima a yuima object.
lambda@ a named list with penalty for each parameter.
start initial values to be passed to the optimizer.
delta controls the amount of shrinking in the adaptive sequences.
passed to optim method. See Examples.
Details

lasso behaves more likely the standard gmle function in and argument method is one of the meth-
ods available in optim.

From initial guess of QML estimates, performs adaptive LASSO estimation using the Least Squares
Approximation (LSA) as in Wang and Leng (2007, JASA).

Value

ans a list with both QMLE and LASSO estimates.

Author(s)
The YUIMA Project Team

Examples

## Not run:
##multidimension case
diff.matrix <- matrix(c(”"thetal.1"”,"thetal.2", "1", "1"), 2, 2)

drift.c <- c("-theta2.1*x1", "-theta2.2*x2", "-theta2.2", "-theta2.1")
drift.matrix <- matrix(drift.c, 2, 2)

ymodel <- setModel(drift=drift.matrix, diffusion=diff.matrix, time.variable="t",
state.variable=c("x1", "x2"), solve.variable=c("x1", "x2"))

n <- 100

ysamp <- setSampling(Terminal=(n)*(1/3), n=n)
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yuima <- setYuima(model=ymodel, sampling=ysamp)
set.seed(123)

truep <- list(thetal.1=0.6, thetal.2=0,theta2.1=0.5, theta2.2=0)
yuima <- simulate(yuima, xinit=c(1, 1),
true.parameter=truep)

est <- lasso(yuima, start=list(theta2.1=0.8, theta2.2=0.2, thetal.1=0.7, thetal.2=0.1),
lower=list(thetal.1=1e-10,thetal.2=1e-10,theta2.1=.1, theta2.2=1e-10),
upper=list(thetal.1=4,thetal.2=4,theta2.1=4,theta2.2=4), method="L-BFGS-B")

# TRUE
unlist(truep)

# QMLE
round(est$mle, 3)

# LASSO
round(est$lasso, 3)

## End(Not run)

LawMethods Methods for an object of class yuima.law

Description

Methods for yuima.law

Usage

rand(object, n, param, ...)
dens(object, x, param, log = FALSE, ...)
cdf(object, q, param, ...)
quant(object, p, param, ...)

Arguments

object
n

param

log
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Value

Methods for an object of yuima.law-class

Note

Insert additional info

Author(s)
YUIMA TEAM

limiting.gamma calculate the value of limiting covariance matrices : Gamma

Description

To confirm assysmptotic normality of theta estimators.

Usage

limiting.gamma(obj, theta, verbose=FALSE)

Arguments
obj an yuima or yuima.model object.
theta true theta
verbose an option for display a verbose process.
Details

Calculate the value of limiting covariance matrices Gamma. The returned values gammal and
gamma?2 are used to confirm assysmptotic normality of theta estimators. this program is limitted to
1-dimention-sde model for now.

Value
gamma’ a theoretical figure for variance of thetal estimator
gamma?2 a theoretical figure for variance of theta2 estimator
Note

we need to fix this routine.

Author(s)
The YUIMA Project Team
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Examples

set.seed(123)

## Yuima

diff.matrix <- matrix(c("thetal”), 1, 1)

myModel <- setModel(drift=c(”(-1)*theta2*x"), diffusion=diff.matrix,
time.variable="t", state.variable="x")

n <- 100

mySampling <- setSampling(Terminal=(n)*(1/3), n=n)

myYuima <- setYuima(model=myModel, sampling=mySampling)

myYuima <- simulate(myYuima, xinit=1, true.parameter=list(thetal=0.6, theta2=0.3))

## theorical figure of theta
thetal <- 3.5
theta2 <- 1.3

theta <- list(thetal, theta2)
lim.gamma <- limiting.gamma(obj=myYuima, theta=theta, verbose=TRUE)

## return thetal and theta2 with list
lim.gamma$list

## return thetal and theta2 with vector
lim.gamma$vec

llag Lead Lag Estimator

Description

Estimate the lead-lag parameters of discretely observed processes by maximizing the shifted Hayashi-
Yoshida covariation contrast functions, following Hoffmann et al. (2013).

Usage
llag(x, from = -Inf, to = Inf, division = FALSE, verbose = (ci || ccor),
grid, psd = TRUE, plot = ci, ccor = ci, ci = FALSE, alpha = 0.01,
fisher = TRUE, bw, tol = 1e-6)
Arguments
X an object of yuima-class or yuima.data-class.
verbose logical. If FALSE, 1lag returns lead-lag time estimates only. The default is
FALSE.
from a numeric vector each of whose component(s) indicates the lower end of a finite

grid on which the contrast function is evaluated, if grid is missing.
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to a numeric vector each of whose component(s) indicates the upper end of a finite
grid on which the contrast function is evaluated, if grid is missing.

division a numeric vector each of whose component(s) indicates the number of the points

of a finite grid on which the contrast function is evaluated, if grid is missing.
grid a numeric vector or a list of numeric vectors. See ’Details’.

psd logical. If TRUE, the estimated cross-correlation functions are converted to the
interval [-1,1]. See 'Details’.

plot logical. If TRUE, the estimated cross-correlation functions are plotted. If ci is
also TRUE, the pointwise confidence intervals (under the null hypothesis that the
corresponding correlation is zero) are also plotted. The default is FALSE.

ccor logical. If TRUE, the estimated cross-correlation functions are returned. This
argument is ignored if verbose is FALSE. The default is FALSE.

ci logical. If TRUE, (pointwise) confidence intervals of the estimated cross-correlation
functions and p-values for the significance of the correlations at the estimated
lead-lag parameters are calculated. Note that the confidence intervals are only
plotted when plot=TRUE.

alpha a posive number indicating the significance level of the confidence intervals for
the cross-correlation functions.

fisher logical. If TRUE, the p-values and the confidence intervals for the cross-correlation
functions is evaluated after applying the Fisher z transformation. This argument
is only meaningful if pval = "corr".

bw bandwidth parameter to compute the asymptotic variances. See ’Details’ and
hyavar for details.

tol tolelance parameter to avoid numerical errors in comparison of time stamps. All
time stamps are divided by tol and rounded to integers. Note that the values of
grid are also divided by tol and rounded to integers. A reasonable choice of
tol is the minimum unit of time stamps. The default value 1e-6 supposes that
the minimum unit of time stamps is greater or equal to 1 micro-second.

Details

Let d be the number of the components of the zoo.data of the object x.

Let X/, X/,...,X], be the observation data of the i-th component (i.e. the i-th component of
0 1 n(i)

the zoo.data of the object x).

The shifted Hayashi-Yoshida covariation contrast function U;;(6) of the observations X* and X7
(i < j) is defined by the same way as in Hoffmann et al. (2013), which corresponds to their cross-
covariance function. The lead-lag parameter 6;; is defined as a maximizer of |U;;(0)|. U;;(0) is
evaluated on a finite grid G;; defined below. Thus 6;; belongs to this grid. If there exist more than
two maximizers, the lowest one is selected.

If psd is TRUE, for any 4, j the matrix C' := (Uy;(0))g, 1,5 is converted to (C%*%C)* (1/2) for ensur-
ing the positive semi-definiteness, and U;;(6) is redefined as the (1, 2)-component of the converted
C. Here, Ui () is set to the realized volatility of X'k. In this case §;; is given as a maximizer of
the cross-correlation functions.
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The grid G';; is defined as follows. First, if grid is missing, G; is given by
a,a+(b—a)/(N-1),...,a+ (N =2)(b—a)/(N —1),b,

where a,band N are the (d(i —1) — (i —1)i/2+ (j —4))-th components of from, to and division
respectively. If the corresponding component of from (resp. to) is -Inf (resp. Inf), a = —(t/, Gy~
th) (resp. b = t;(i) — 1)) is used, while if the corresponding component of division is FALSE,
N = round(2maz(n(i),n(j))) + 1 is used. Missing components are filled with -Inf (resp. Inf,
FALSE). The default value -Inf (resp. Inf, FALSE) means that all components are —-Inf (resp. Inf,
FALSE). Next, if grid is a numeric vector, G;; is given by grid. If grid is a list of numeric vectors,
Gij is given by the (d(i — 1) — (i — 1)i/2 + (j — ¢))-th component of grid.

The estimated lead-lag parameters are returned as the skew-symmetric matrix (07])1 j=1,...,d- 1If
verbose is TRUE, the covariance matrix (U;;(0;;))i j=1,...,a corresponding to the estimated lead-
lag parameters, the corresponding correlation matrix and the computed contrast functions are also
returned. If further ccor is TRUE,the computed cross-correlation functions are returned as a list with
the length d(d — 1)/2. For i < j, the (d(i — 1) — (i — 1)i/2 + (j — ¢))-th component of the list
consists of an object U;;(0)/sqrt(Us; () = U,;;(8)) of class zoo indexed by G;;.

If plot is TRUE, the computed cross-correlation functions are plotted sequentially.

If ci is TRUE, the asymptotic variances of the cross-correlations are calculated at each point of the
grid by using the naive kernel approach descrived in Section 8.2 of Hayashi and Yoshida (2011).
The implementation is the same as that of hyavar and more detailed description is found there.

Value

If verbose is FALSE, a skew-symmetric matrix corresponding to the estimated lead-lag parame-
ters is returned. Otherwise, an object of class "yuima.llag”, which is a list with the following
components, is returned:

lagcce a skew-symmetric matrix corresponding to the estimated lead-lag parameters.
covmat a covariance matrix corresponding to the estimated lead-lag parameters.
cormat a correlation matrix corresponding to the estimated lead-lag parameters.

LLR a matrix consisting of lead-lag ratios. See Huth and Abergel (2014) for details.

If ci is TRUE, the following component is added to the returned list:

p.values a matrix of p-values for the significance of the correlations corresponding to the
estimated lead-lag parameters.

If further ccor is TRUE, the following components are added to the returned list:

ccor a list of computed cross-correlation functions.
avar a list of computed asymptotic variances of the cross-correlations (if ci = TRUE).
Note

The default grid usually contains too many points, so it is better for users to specify this argument in
order to reduce the computational time. See ’Examples’ below for an example of the specification.
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The evaluated p-values should carefully be interpreted because they are calculated based on point-
wise confidence intervals rather than simultaneous confidence intervals (so there would be a multi-
ple testing problem). Evaluation of p-values based on the latter will be implemented in the future
extension of this function: Indeed, so far no theory has been developed for this. However, it is con-
jectured that the error distributions of the estimated cross-correlation functions are asymptotically
independent if the grid is not dense too much, so p-values evaluated by this function will still be
meaningful as long as sufficiently low significance levels are used.

Author(s)
Yuta Koike with YUIMA Project Team

References

Hayashi, T. and Yoshida, N. (2011) Nonsynchronous covariation process and limit theorems, Stochas-
tic processes and their applications, 121, 2416-2454.

Hoffmann, M., Rosenbaum, M. and Yoshida, N. (2013) Estimation of the lead-lag parameter from
non-synchronous data, Bernoulli, 19, no. 2, 426-461.

Huth, N. and Abergel, F. (2014) High frequency lead/lag relationships — Empirical facts, Journal
of Empirical Finance, 26, 41-58.

See Also

cce, hyavar, mllag, 11ag. test

Examples

## Set a model
diff.coef.matrix <- matrix(c("sqrt(x1)", "3/5*%sqrt(x2)",
"1/3*%sqrt(x3)", "", "4/5xsqrt(x2)","2/3*xsqrt(x3)",
mmommon2/3%sqrt(x3)”), 3, 3)
drift <- c("1-x1","2%(10-x2)", "3%(4-x3)")
cor.mod <- setModel(drift = drift,
diffusion = diff.coef.matrix,
solve.variable = c("x1", "x2","x3"))

set.seed(111)

## We use a function poisson.random.sampling

## to get observation by Poisson sampling.

yuima.samp <- setSampling(Terminal = 1, n = 1200)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)
yuima <- simulate(yuima,xinit=c(1,7,5))

## intentionally displace the second time series

data2 <- yuima@data@zoo.datal[2]]

time2 <- time(data2)

theta2 <- .05 # the lag of x2 behind x1
stime2 <- time2 + theta2
time(yuima@data@zoo.datal[[2]]) <- stime2
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data3 <- yuima@data@zoo.data[[3]]

time3 <- time(data3)

theta3 <- 0.12 # the lag of x3 behind x1
stime3 <- time3 + theta3
time(yuima@data@zoo.data[[3]]) <- stime3

## sampled data by Poisson rules
psample<- poisson.random.sampling(yuima,
rate = ¢c(0.2,0.3,0.4), n = 1000)

## plot
plot(psample)

## cce
cce(psample)

## lead-lag estimation (with cross-correlation plots)
par(mfcol=c(3,1))
result <- llag(psample, plot=TRUE)

## estimated lead-lag parameter
result

## computing pointwise confidence intervals
llag(psample, ci = TRUE)

## In practice, it is better to specify the grid because the default grid contains too many points.
## Here we give an example for how to specify it.

## We search lead-lag parameters on the interval [-0.1, 0.1] with step size 0.01
G <- seq(-0.1,0.1,by=0.01)

## lead-lag estimation (with computing confidence intervals)
result <- llag(psample, grid = G, ci = TRUE)

## Since the true lead-lag parameter 0.12 between x1 and x3 is not contained
## in the searching grid G, we see that the corresponding cross-correlation
## does not exceed the cofidence interval

## detailed output
## the p-value for the (1,3)-th component is high
result

## Finally, we can examine confidence intervals of other significant levels
## and/or without the Fisher z-transformation via the plot-method defined
## for yuima.llag-class objects as follows

plot(result, alpha = 0.001)
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plot(result, fisher = FALSE)

par(mfcol=c(1,1))

llag. test

Wild Bootstrap Test for the Absence of Lead-Lag Effects

Description

Tests the absence of lead-lag effects (time-lagged correlations) by the wild bootstrap procedure
proposed in Koike (2017) for each pair of components.

Usage

llag.test(x, from = -Inf, to = Inf, division = FALSE, grid, R = 999,

Arguments

X

from
to
division

grid

R
parallel
ncpus

cl

tol

Details

parallel = "no
cl = NULL, tol = 1e-06)

n

, ncpus = getOption("boot.ncpus”, 1L),

an object of yuima-class or yuima.data-class.

a numeric vector each of whose component(s) indicates the lower end of a finite
grid on which the contrast function is evaluated, if grid is missing.

a numeric vector each of whose component(s) indicates the upper end of a finite
grid on which the contrast function is evaluated, if grid is missing.

a numeric vector each of whose component(s) indicates the number of the points
of a finite grid on which the contrast function is evaluated, if grid is missing.

a numeric vector or a list of numeric vectors. See ’Details’ of 11ag.

a single positive integer indicating the number of bootstrap replicates.
passed to boot.

passed to boot.

passed to boot.

tolelance parameter to avoid numerical errors in comparison of time stamps. All
time stamps are divided by tol and rounded to integers. Note that the values of
grid are also divided by tol and rounded to integers. A reasonable choice of
tol is the minimum unit of time stamps. The default value 1e-6 supposes that
the minimum unit of time stamps is greater or equal to 1 micro-second.

For each pair of components, this function performs the wild bootstrap procedure proposed in Koike
(2017) to test whether there is a (possibly) time-lagged correlation. The null hypothesis of the test
is that there is no time-lagged correlation and the alternative is its negative. The test regects the
null hypothesis if the maximum of the absolute values of cross-covariances is too large. The critical
region is constructed by a wild bootstrap procedure with Rademacher variables as the multiplier

variables.
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Value
p.values a matrix whose components indicate the bootstrap p-values for the correspond-
ing pair of components.
max. cov a matrix whose componenets indicate the maxima of the absolute values of
cross-covariances for the corresponding pair of components.
max.corr a matrix whose componenets indicate the maxima of the absolute values of
cross-correlations for the corresponding pair of components.
Author(s)

Yuta Koike with YUIMA Project Team

References

Koike, Y. (2019). Gaussian approximation of maxima of Wiener functionals and its application to
high-frequency data, Annals of Statistics, 47, 1663—-1687. doi:10.1214/18A0S1731.

See Also

cce, hyavar, mllag, 11lag

Examples

## Not run:
# The following example is taken from mllag

## Set a model
diff.coef.matrix <- matrix(c(”sqrt(x1)", "3/5*sqrt(x2)",
"1/3xsqrt(x3)", "", "4/5xsqrt(x2)","2/3*sqrt(x3)",
mmomn n2/3%xsqrt(x3)”), 3, 3)
drift <- c("1-x1","2x(10-x2)", "3%(4-x3)")
cor.mod <- setModel(drift = drift,
diffusion = diff.coef.matrix,
solve.variable = c("x1", "x2","x3"))

set.seed(111)

## We use a function poisson.random.sampling

## to get observation by Poisson sampling.

yuima.samp <- setSampling(Terminal = 1, n = 1200)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)
yuima <- simulate(yuima,xinit=c(1,7,5))

## intentionally displace the second time series

data2 <- yuima@data@zoo.data[[2]]

time2 <- time(data2)

theta2 <- 0.05 # the lag of x2 behind x1
stime2 <- time2 + theta2
time(yuima@data@zoo.datal[[2]]) <- stime2
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data3 <- yuima@data@zoo.data[[3]]

time3 <- time(data3)

theta3 <- 0.12 # the lag of x3 behind x1
stime3 <- time3 + theta3
time(yuima@data@zoo.datal[[3]]) <- stime3

## sampled data by Poisson rules
psample<- poisson.random.sampling(yuima,

rate = ¢c(0.2,0.3,0.4), n = 1000)

## We search lead-lag parameters on the interval [-0.1, 0.1] with step size 0.01
G <- seq(-0.1,0.1,by=0.01)

## perform lead-lag test
llag.test(psample, grid = G, R = 999)

## Since the lead-lag parameter for the pair(x1, x3) is not contained in G,
## the null hypothesis is not rejected for this pair

## End(Not run)

Im. jumptest Lee and Mykland’s Test for the Presence of Jumps Using Normalized
Returns

Description
Performs a test for the null hypothesis that the realized path has no jump following Lee and Mykland
(2008).

Usage

Im. jumptest(yuima, K)

Arguments

yuima an object of yuima-class or yuima.data-class.

K a positive integer indicating the window size to compute local variance esti-
mates. It can be specified as a vector to use different window sizes for differ-
ent components. The default value is K=pmin(floor (sqrt(252*n)), n) with
n=length(yuima)-1, following Lee and Mykland (2008) as well as Dumitru
and Urga (2012).

Value

A list with the same length as dim(yuima). Each component of the list has class “htest” and
contains the following components:

statistic the value of the test statistic of the corresponding component of yuima.
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p.value an approximate p-value for the test of the corresponding component.

method the character string “Lee and Mykland jump test”.

data.name the character string “xi”, where i is the number of the component.
Author(s)

Yuta Koike with YUIMA Project Team

References
Dumitru, A.-M. and Urga, G. (2012) Identifying jumps in financial assets: A comparison between
nonparametric jump tests. Journal of Business and Economic Statistics, 30, 242-255.

Lee, S. S. and Mykland, P. A. (2008) Jumps in financial markets: A new nonparametric test and
jump dynamics. Review of Financial Studies, 21, 2535-2563.

Maneesoonthorn, W., Martin, G. M. and Forbes, C. S. (2020) High-frequency jump tests: Which
test should we use? Journal of Econometrics, 219, 478—487.

Theodosiou, M. and Zikes, F. (2011) A comprehensive comparison of alternative tests for jumps in
asset prices. Central Bank of Cyprus Working Paper 2011-2.

See Also

bns.test, minrv.test, medrv. test, pz.test

Examples

set.seed(123)

# One-dimensional case
## Model: dXt=txdWt+t*xdzt,
## where zt is a compound Poisson process with intensity 5 and jump sizes distribution N(@,1).

model <- setModel(drift=0,diffusion="t", jump.coeff="t" measure.type="CP",
measure=list(intensity=5,df=1list("dnorm(z,0,sqrt(0.1))")),
time.variable="t")

yuima.samp <- setSampling(Terminal = 1, n = 390)

yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)

plot(yuima) # The path seems to involve some jumps

Im. jumptest(yuima) # p-value is very small, so the path would have a jump
Im. jumptest(yuima, K = floor(sqrt(390))) # different value of K

# Multi-dimensional case
## Model: Bivariate standard BM + CP
## Only the first component has jumps

mod <- setModel(drift = c(@, @), diffusion = diag(2),
jump.coeff = diag(c(1, @)),
measure = list(intensity = 5,
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df = "dmvnorm(z,c(0,0),diag(2))"),
jump.variable = c("z"), measure.type=c("CP"),
solve.variable=c("x1","x2"))

samp <- setSampling(Terminal = 1, n = 390)

yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(object = mod, sampling = samp)
plot(yuima)

Im. jumptest(yuima) # test is performed component-wise

LogSPX Five minutes Log SPX prices

Description
Intraday five minutes Standard and Poor 500 Log-prices data ranging from 09 july 2012 to 01 april
2015.

Usage
data(LogSPX)

Details

The dataset is composed by a list where the element Data$allObs contains the intraday five minutes
Standard and Poor cumulative Log-return data computed as Log(P_t)-Log(P_0) and P_9 is the
open SPX price at 09 july 2012. Data$logdayprice contains daily SPX log prices and. Each day
we have the same number of observation and the value is reported in Data$obsinday.

Examples
data(LogSPX)
lseBayes Adaptive Bayes estimator for the parameters in sde model by using
LSE functions
Description

Adaptive Bayes estimator for the parameters in a specific type of sde by using LSE functions.

Usage

lseBayes(yuima, start, prior, lower, upper, method = "mcmc”, mcmc = 1000,
rate =1, algorithm = "randomwalk")
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Arguments
yuima
start

prior

lower
upper
method
mecmc
rate

algorithm

Details

87

a’yuima’ object.
initial suggestion for parameter values

a list of prior distributions for the parameters specified by ’code’. Currently,
dunif(z, min, max), dnorm(z, mean, sd), dbeta(z, shapel, shape2), dgamma(z,
shape, rate) are available.

a named list for specifying lower bounds of parameters

a named list for specifying upper bounds of parameters

nomcmc requires package cubature

number of iteration of Markov chain Monte Carlo method

a thinning parameter. Only the first n”\rate observation will be used for inference.

Logical value when method =mcmc. If algorithm = "randomwalk” (default),
the random-walk Metropolis algorithm will be performed. If algorithm = "MpCN”,
the Mixed preconditioned Crank-Nicolson algorithm will be performed.

lseBayes is always performed by Rcpp code.Calculate the Bayes estimator for stochastic pro-
cesses by using Least Square Estimate functions. The calculation is performed by the Markov
chain Monte Carlo method. Currently, the Random-walk Metropolis algorithm and the Mixed pre-
conditioned Crank-Nicolson algorithm is implemented.In 1seBayes,the LSE function for estimat-
ing diffusion parameter differs from the LSE function for estimating drift parameter.1seBayes is
similar to adaBayes,but 1seBayes calculate faster than adaBayes because of LSE functions.

Value

vector

Note

a vector of the parameter estimate

algorithm = "nomcmc"” is unstable. nomemc is going to be stopped.

Author(s)

Yuto Yoshida with YUIMA project Team

References

Yoshida, N. (2011). Polynomial type large deviation inequalities and quasi-likelihood analysis for
stochastic differential equations. Annals of the Institute of Statistical Mathematics, 63(3), 431-479.

Uchida, M., & Yoshida, N. (2014). Adaptive Bayes type estimators of ergodic diffusion processes
from discrete observations. Statistical Inference for Stochastic Processes, 17(2), 181-219.

Kamatani, K. (2017). Ergodicity of Markov chain Monte Carlo with reversible proposal. Journal of
Applied Probability, 54(2).
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Examples

## Not run:
#i###2-dim model
set.seed(123)

b <- c(”"-thetal*x1+theta2*sin(x2)+50","-theta3*x2+thetad4*cos(x1)+25")
a <- matrix(c("4+thetaSxsin(x1)#2","1","1","2+thetab*sin(x2)"2"),2,2)

true = list(thetal = 0.5, theta2 = 5,theta3 = 0.
theta4 = 5, theta5 = 1, theta6 = 1)
lower = list(thetal=0.1,theta2=0.1,theta3=0,
theta4=0.1, theta5=0.1,theta6=0.1)
upper = list(thetal=1,theta2=10,theta3=0.9,
theta4=10, theta5=10, theta6=10)
list(thetal=runif(1),
theta2=rnorm(1),
theta3=rbeta(1,1,1),
theta4=rnorm(1),
theta5=rgamma(1,1,1),
thetab=rexp(1))

3:

start

yuimamodel <- setModel(drift=b,diffusion=a,state.variable=c("x1", "x2"),solve.variable=c("x1","x2"))
yuimasamp <- setSampling(Terminal=50,n=50%100)
yuima <- setYuima(model = yuimamodel, sampling = yuimasamp)
yuima <- simulate(yuima, xinit = c(100,80),
true.parameter = true,sampling = yuimasamp)

prior <-
list(
thetal=list(measure.type="code",df="dunif(z,0,1)"),
theta2=1list(measure.type="code",df="dnorm(z,0,1)"),
theta3=list(measure.type="code",df="dbeta(z,1,1)"),
thetad4=1list(measure.type="code",df="dgamma(z,1,1)"),
theta5=1list(measure.type="code",df="dnorm(z,0,1)"),
theta6=list(measure.type="code",df="dnorm(z,0,1)")

mle <- gmle(yuima, start = start, lower = lower, upper = upper, method = "L-BFGS-B", rcpp=TRUE)
print(mle@coef)
set.seed(123)
bayes1 <- lseBayes(yuima, start=start, prior=prior,
method="mcmc",
mcmc=1000, lower = lower, upper = upper,algorithm = "randomwalk")
bayesi@coef
set.seed(123)
bayes2 <- lseBayes(yuima, start=start, prior=prior,
method="memc",
mcmc=1000, lower = lower, upper = upper,algorithm = "MpCN")
bayes2@coef
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## End(Not run)

mllag Multiple Lead-Lag Detector

Description

Detecting the lead-lag parameters of discretely observed processes by picking time shifts at which
the Hayashi-Yoshida cross-correlation functions exceed thresholds, which are constructed based on
the asymptotic theory of Hayashi and Yoshida (2011).

Usage

mllag(x, from = -Inf, to = Inf, division = FALSE, grid, psd = TRUE,
plot = TRUE, alpha = 0.01, fisher = TRUE, bw)

Arguments
X an object of yuima-class or yuima.data-class or yuima.llag-class (out-
put of 11ag) or yuima.mllag-class (output of this function).
from passed to 11ag.
to passed to 11ag.
division passed to 11ag.
grid passed to 11lag.
psd passed to 11ag.
plot logical. If TRUE, the estimated cross-correlation functions and the pointwise con-
fidence intervals (under the null hypothesis that the corresponding correlation is
zero) as well as the detected lead-lag parameters are plotted.
alpha a posive number indicating the significance level of the confidence intervals for
the cross-correlation functions.
fisher logical. If TRUE, the p-values and the confidence intervals for the cross-correlation
functions is evaluated after applying the Fisher z transformation.
bw passed to 11ag.
Details

The computation method of cross-correlation functions and confidence intervals is the same as the
one used in 1lag. The exception between this function and 1lag is how to detect the lead-lag
parameters. While 11ag only returns the maximizer of the absolute value of the cross-correlations
following the theory of Hoffmann et al. (2013), this function returns all the time shifts at which the
cross-correlations exceed (so there is also the possiblity that no lead-lag is returned). Note that this
approach is mathematically debetable because there would be a multiple testing problem (see also
’Note’ of 11ag), so the interpretation of the result from this function should carefully be addressed.
In particular, the significance level alpha probably does not give the "correct" level.
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Value

An object of class "yuima.mllag”, which is a list with the following elements:

mlagcce a list of data. frame-class objects consisting of lagcce (lead-lag parameters),
p.value and correlation.
LLR a matrix consisting of lead-lag ratios. See Huth and Abergel (2014) for details.
ccor a list of computed cross-correlation functions.
avar a list of computed asymptotic variances of the cross-correlations (if ci = TRUE).
CI a list of computed confidence intervals.
Author(s)

Yuta Koike with YUIMA Project Team

References

Hayashi, T. and Yoshida, N. (2011) Nonsynchronous covariation process and limit theorems, Stochas-
tic processes and their applications, 121, 2416-2454.

Hoffmann, M., Rosenbaum, M. and Yoshida, N. (2013) Estimation of the lead-lag parameter from
non-synchronous data, Bernoulli, 19, no. 2, 426-461.

Huth, N. and Abergel, F. (2014) High frequency lead/lag relationships — Empirical facts, Journal
of Empirical Finance, 26, 41-58.

See Also

llag, hyavar, 1lag. test

Examples

# The first example is taken from llag

## Set a model
diff.coef.matrix <- matrix(c("sqrt(x1)", "3/5*%sqrt(x2)",
"1/3%xsqrt(x3)", "", "4/5%sqrt(x2)","2/3*sqrt(x3)",
o on2/3%sqrt(x3)"), 3, 3)
drift <- c("1-x1","2%(10-x2)", "3%(4-x3)")
cor.mod <- setModel(drift = drift,
diffusion = diff.coef.matrix,
solve.variable = c("x1", "x2","x3"))

set.seed(111)

## We use a function poisson.random.sampling

## to get observation by Poisson sampling.

yuima.samp <- setSampling(Terminal = 1, n = 1200)

yuima <- setYuima(model = cor.mod, sampling = yuima.samp)
yuima <- simulate(yuima,xinit=c(1,7,5))

## intentionally displace the second time series
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data2 <- yuima@data@zoo.datal[[2]]

time2 <- time(data2)

theta2 <- 0.05 # the lag of x2 behind x1
stime2 <- time2 + theta2
time(yuima@data@zoo.data[[2]]) <- stime2

data3 <- yuima@data@zoo.datal[[3]]

time3 <- time(data3)

theta3 <- 0.12 # the lag of x3 behind x1
stime3 <- time3 + theta3
time(yuima@data@zoo.data[[3]]) <- stime3

## sampled data by Poisson rules
psample<- poisson.random.sampling(yuima,
rate = ¢c(0.2,0.3,0.4), n = 1000)

## We search lead-lag parameters on the interval [-0.1, 0.1] with step size 0.01
G <- seq(-0.1,0.1,by=0.01)

## lead-lag estimation by mllag
par(mfcol=c(3,1))
result <- mllag(psample, grid = G)

## Since the lead-lag parameter for the pair(x1, x3) is not contained in G,
## no lead-lag parameter is detected for this pair

par(mfcol=c(1,1))

# The second example is a situation where multiple lead-lag effects exist
set.seed(222)

n <- 3600
Times <- seq(@, 1, by = 1/n)
R1 <- 0.6
R2 <- -0.3

dW1 <- rnorm(n + 10@)/sqrt(n)
dW2 <- rnorm(n + 5)/sqrt(n)
dwW3 <- rnorm(n)/sqrt(n)

X <= zoo(diffinv(dW1[-(1:10)]1 + dwW2[1:n]), Times)
y <= zoo(diffinv(R1 * dW1[1:n] + R2 * dW2[-(1:5)] +
sqrt(1- R1%2 - R2%2) x dW3), Times)

## In this setting, both x and y have a component leading to the other,
## but x's leading component dominates y's one

yuima <- setData(list(x, y))
## Lead-lag estimation by llag

G <- seq(-30/n, 30/n, by = 1/n)
est <- llag(yuima, grid = G, ci = TRUE)

91
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## The shape of the plotted cross-correlation is evidently bimodal,
## so there are likely two lead-lag parameters

## Lead-lag estimation by mllag
mllag(est) # succeeds in detecting two lead-lag parameters

## Next consider a non-synchronous sampling case
psample <- poisson.random.sampling(yuima, n = n, rate = c(0.8, 0.7))

## Lead-lag estimation by mllag
est <- mllag(psample, grid = G)
est # detects too many lead-lag parameters

## Using a lower significant level
mllag(est, alpha = 0.001) # insufficient

## As the plot reveals, one reason is because the grid is too dense
## In fact, this phenomenon can be avoided by using a coarser grid
mllag(psample, grid = seq(-30/n, 3@/n, by=5/n)) # succeeds!

mmfrac mmfrac

Description
Estimates the drift of a fractional Ornstein-Uhlenbeck and, if necessary, also the Hurst and diffusion
parameters.

Usage

mmfrac(yuima, ...)

Arguments

yuima a yuima object.

arguments passed to ggv.

Details
Estimates the drift of s fractional Ornstein-Uhlenbeck and, if necessary, also the Hurst and diffusion
parameters.

Value

an object of class mmfrac
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Author(s)
The YUIMA Project Team

References

Brouste, A., Tacus, S.M. (2013) Parameter estimation for the discretely observed fractional Ornstein-
Uhlenbeck process and the Yuima R package, Computational Statistics, pp. 1129-1147.

See Also

See also qgv.

Examples

# Estimating all Hurst parameter, diffusion coefficient and drift coefficient
# in fractional Ornstein-Uhlenbeck

model<-setModel (drift="-xxlambda",hurst=NA,diffusion="theta")
sampling<-setSampling(T=100,n=10000)

yuil<-simulate(model, true.param=1list(theta=1,lambda=4),hurst=0.7,sampling=sampling)
mmfrac(yuil)

model.parameter-class Class for the parameter description of stochastic differential equations

Description

The model.parameter-class is a class of the yuima package.

Details

The model.parameter-class object cannot be directly specified by the user but it is constructed
when the yuima.model-class object is constructed via setModel. All the terms which are not in
the list of solution, state, time, jump variables are considered as parameters. These parameters are
identified in the different components of the model (drift, diffusion and jump part). This information
is later used to draw inference jointly or separately for the different parameters depending on the
model in hands.

Slots

drift: A vector of names belonging to the drift coefficient.

diffusion: A vector of names of parameters belonging to the diffusion coefficient.
jump: A vector of names of parameters belonging to the jump coefficient.
measure: A vector of names of parameters belonging to the Levy measure.

xinit: A vector of names of parameters belonging to the initial condition.
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all: A vector of names of all the parameters found in the components of the model.
common: A vector of names of the parameters in common among drift, diffusion, jump and measure

term.
Author(s)
The YUIMA Project Team
mpv Realized Multipower Variation
Description

The function returns the realized MultiPower Variation (mpv), defined in Barndorff-Nielsen and
Shephard (2004), for each component.

Usage

mpv(yuima, r = 2, normalize = TRUE)

Arguments
yuima an object of yuima-class or yuima.data-class.
r a vector of non-negative numbers or a list of vectors of non-negative numbers.
normalize logical. See ‘Details’.

Details

Let d be the number of the components of the zoo.data of yuima.

Let X} , X/ ,...,X] be the observation data of the i-th component (i.e. the i-th component of the

z0o.data of yuima).

When 7 is a k-dimensional vector of non-negative numbers, mpv(yuima,r,normalize=TRUE) is
defined as the d-dimensional vector with i-th element equal to

n—k+1
_ o rldedrls] P P ; i,
Mr[h o Mr[llc]n 2 ! § : |AXt]| [1]‘Ath+1| SR |AXtJ+k,—1| [k]’
j=1

where 41, is the p-th absolute moment of the standard normal distribution and AX{ = X} —X; .

If normalize is FALSE the result is not multiplied by urﬁ] e u;[]lg].

When r is a list of vectors of non-negative numbers, mpv (yuima, r,normalize=TRUE) is defined as
the d-dimensional vector with i-th element equal to

r£+---+ri, n—kit+1 . .
-1 -1, ——Fi 1 il j : ; i
Hopgooe g 02 Z [AX [P AXG 17 ‘AXZj+krl| s
i =
where 71, . .. ,r};i is the i-th component of r. If normalize is FALSE the result is not multiplied by

-1 -1
MT{ M’"}i .

i
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Value

A numeric vector with the same length as the zoo.data of yuima

Author(s)
Yuta Koike with YUIMA Project Team

References

Barndorff-Nielsen, O. E. and Shephard, N. (2004) Power and bipower variation with stochastic
volatility and jumps, Journal of Financial Econometrics, 2, no. 1, 1-37.

Barndorft-Nielsen, O. E. , Graversen, S. E. , Jacod, J. , Podolskij M. and Shephard, N. (2006) A
central limit theorem for realised power and bipower variations of continuous semimartingales, in:
Kabanov, Y., Lipster, R. , Stoyanov J. (Eds.), From Stochastic Calculus to Mathematical Finance:
The Shiryaev Festschrift, Springer-Verlag, Berlin, pp. 33-68.

See Also

setData, cce, minrv, medrv

Examples

## Not run:
set.seed(123)

# One-dimensional case
## Model: dXt=txdWt+t*xdzt,
## where zt is a compound Poisson process with intensity 5 and jump sizes distribution N(0,0.1).

model <- setModel(drift=0,diffusion="t", jump.coeff="t" measure.type="CP",
measure=list(intensity=5,df=1list("dnorm(z,0,sqrt(0.1))")),
time.variable="t")

yuima.samp <- setSampling(Terminal = 1, n = 390)

yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)

plot(yuima)

mpv(yuima) # true value is 1/3
mpv(yuima,1) # true value is 1/2
mpv(yuima,rep(2/3,3)) # true value is 1/3

# Multi-dimensional case
## Model: dXkt=txdwk_t (k=1,2,3).

diff.matrix <- diag(3)

diag(diff.matrix) <- c("t","t","t")

model <- setModel(drift=c(0,0,0),diffusion=diff.matrix,time.variable="t",
solve.variable=c("x1","x2","x3"))

yuima.samp <- setSampling(Terminal = 1, n = 390)
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yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)
plot(yuima)

mpv (yuima,list(c(1,1),1,rep(2/3,3))) # true varue is c(1/3,1/2,1/3)

## End(Not run)

MWK151 Graybill - Methuselah Walk - PILO - ITRDB CA535

Description

Graybill - Methuselah Walk - PILO - ITRDB CA535, pine tree width in mm from -608 to 1957.

Usage
data(MWK151)

Details

The full data records of past temperature, precipitation, and climate and environmental change
derived from tree ring measurements. Parameter keywords describe what was measured in this
data set. Additional summary information can be found in the abstracts of papers listed in the
data set citations, however many of the data sets arise from unpublished research contributed to
the International Tree Ring Data Bank. Additional information on data processing and analysis
for International Tree Ring Data Bank (ITRDB) data sets can be found on the Tree Ring Page
https://www.ncei.noaa.gov/products/paleoclimatology.

The MWKI151 is only a small part of the data relative to one tree and contains measurement of a
tree’s ring width in mm, from -608 to 1957.

Source

doi:10.25921/ppqjxv48

References

Graybill, D.A., and Shiyatov, S.G., Dendroclimatic evidence from the northern Soviet Union, in
Climate since A.D. 1500, edited by R.S. Bradley and P.D. Jones, Routledge, London, 393-414,
1992.

Examples

data(MWK151)


https://www.ncei.noaa.gov/products/paleoclimatology
https://doi.org/10.25921/ppqj-xv48
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noisy.sampling Noisy Observation Generator

Description

Generates a new observation data contaminated by noise.

Usage
noisy.sampling(x, var.adj = @, rng = "rnorm”, mean.adj = @, ...,
end.coef = @, n, order.adj = @, znoise)
Arguments
X an object of yuima-class or yuima.data-class.
var.adj a matrix or list to be used for adjusting the variance matrix of the exogenous
noise.
rng a function to be used for generating the random numbers for the exogenous
noise.
mean.adj a numeric vector to be used for adjusting the mean vector of the exogenous
noise.
passed to rng.
end. coef a numeric vector or list to be used for adjusting the variance of the endogenous
noise.
n a numeric vector to be used for adjusting the scale of the endogenous noise.
order.adj a positive number to be used for adjusting the order of the noise.
zZnoise a list indicating other sources of noise processes. The default value is as.list (double(dim(x))).
Details

This function simulates microstructure noise and adds it to the path of x. Currently, this function
can deal with Kalnina and Linton (2011) type microstructure noise. See ’Examples’ below for more
details.

Value

an object of yuima.data-class.

Author(s)
The YUIMA Project Team

References

Kalnina, I. and Linton, O. (2011) Estimating quadratic variation consistently in the presence of
endogenous and diurnal measurement error, Journal of Econometrics, 147, 47-59.
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See Also

cce, Imm

Examples

## Set a model (a two-dimensional normal model sampled by a Poisson random sampling)
set.seed(123)

drift <- c(0,0)

sigmal <- 1
sigma2 <- 1
rho <- 0.7

diffusion <- matrix(c(sigmal,sigma2+*rho,@,sigma2*sqrt(1-rho*2)),2,2)

model <- setModel(drift=drift,diffusion=diffusion,
state.variable=c("x1","x2"),solve.variable=c("x1","x2"))

yuima.samp <- setSampling(Terminal = 1, n = 2340)
yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)

## Poisson random sampling
psample<- poisson.random.sampling(yuima, rate = c(1/3,1/6), n = 2340)

## Plot the path without noise
plot(psample)

# Set a matrix as the variance of noise
Omega <- 0.01*diffusion %*% t(diffusion)

## Contaminate the observation data by centered normal distributed noise
## with the variance matrix equal to 1% of the diffusion

noisy.psamplel <- noisy.sampling(psample,var.adj=Omega)
plot(noisy.psamplel)

## Contaminate the observation data by centered uniformly distributed noise

## with the variance matrix equal to 1% of the diffusion

noisy.psample2 <- noisy.sampling(psample,var.adj=Omega,rng="runif” ,min=-sqrt(3),max=sqrt(3))
plot(noisy.psample2)

## Contaminate the observation data by centered exponentially distributed noise

## with the variance matrix equal to 1% of the diffusion

noisy.psample3 <- noisy.sampling(psample,var.adj=Omega,rng="rexp",rate=1,mean.adj=1)
plot(noisy.psample3)

## Contaminate the observation data by its return series

## multiplied by -0.1 times the square root of the intensity vector

## of the Poisson random sampling

noisy.psample4 <- noisy.sampling(psample,end.coef=-0.1,n=2340xc(1/3,1/6))
plot(noisy.psample4)
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## An application:
## Adding a compound Poisson jumps to the observation data

## Set a compound Poisson process

intensity <- 5

j.num <- rpois(1,intensity) # Set a number of jumps

j.idx <- unique(ceiling(2340*runif(j.num))) # Set time indices of jumps

jump <- matrix(@,2,2341)

jumpl,j.idx+1] <- sqrt(@.25/intensity)*diffusion %*% matrix(rnorm(length(j.idx)),2,length(j.idx))
grid <- seq(@,1,by=1/2340)

CPprocess <- list(zoo(cumsum(jump[1,]1),grid),zoo(cumsum(jump[2,]),grid))

## Adding the jumps
yuima.jump <- noisy.sampling(yuima,znoise=CPprocess)
plot(yuima.jump)

## Poisson random sampling
psample. jump <- poisson.random.sampling(yuima.jump, rate = c(1/3,1/6), n = 2340)
plot(psample. jump)

ntv Volatility Estimation and Jump Test Using Nearest Neighbor Trunca-
tion

Description

minrv and medrv respectively compute the MinRV and MedRV estimators introduced in Andersen,
Dobrev and Schaumburg (2012).

minrv.test and medrv.test respectively perform Haussman type tests for the null hypothesis
that the realized path has no jump using the MinRV and MedRV estimators. See Section 4.4 in
Andersen, Dobrev and Schaumburg (2014) for a concise discussion.

Usage
minrv(yuima)
medrv(yuima)
minrv.test(yuima, type = "ratio”, adj = TRUE)
medrv.test(yuima, type = "ratio”, adj = TRUE)
Arguments
yuima an object of yuima-class or yuima.data-class.
type type of the test statistic to use. ratio is default.
adj logical; if TRUE, the maximum adjustment suggested in Barndorff-Nielsen and

Shephard (2004) is applied to the test statistic when type is equal to either “log”
or “ratio”. See also Section 2.5 in Dumitru and Urga (2012).
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Value

ntv

minrv and medrv return a numeric vector with the same length as dim(yuima). Each component of
the vector is a volatility estimate for the corresponding component of yuima.

minrv.test and medrv.test return a list with the same length as dim(yuima). Each component
of the list has class “htest” and contains the following components:

statistic
p.value
method

data.name

Author(s)

the value of the test statistic of the corresponding component of yuima.
an approximate p-value for the test of the corresponding component.

the character string “Andersen-Dobrev-Schaumburg jump test based on xxx”,
where xxx is either MinRV or MedRV.

the character string “xi”, where i is the number of the component.

Yuta Koike with YUIMA Project Team

References

Andersen, T. G., Dobrev D. and Schaumburg, E. (2012) Jump-robust volatility estimation using
nearest neighbor truncation. Journal of Econometrics, 169, 75-93.

Andersen, T. G., Dobrev D. and Schaumburg, E. (2014) A robust neighborhood truncation approach
to estimation of integrated quarticity. Econometric Theory, 30, 3-59.

Dumitru, A.-M. and Urga, G. (2012) Identifying jumps in financial assets: A comparison between
nonparametric jump tests. Journal of Business and Economic Statistics, 30, 242-255.

Maneesoonthorn, W., Martin, G. M. and Forbes, C. S. (2020) High-frequency jump tests: Which
test should we use? Journal of Econometrics, 219, 478—487.

Theodosiou, M. and Zikes, F. (2011) A comprehensive comparison of alternative tests for jumps in
asset prices. Central Bank of Cyprus Working Paper 2011-2.

See Also

mpv, cce, bns. test, Im. jumptest, pz.test

Examples

## Not run:
set.seed(123)

# One-dimensional case

## Model: dXt=txdWt+txdzt,

## where zt is a compound Poisson process with intensity 5
## and jump sizes distribution N(0,1).

model <- setModel(drift=0,diffusion="t",jump.coeff="t" measure.type="CP",

measure=list(intensity=5,df=1list("dnorm(z,0,1)")),
time.variable="t")

yuima.samp <- setSampling(Terminal = 1, n = 390)
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yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(yuima)
plot(yuima) # The path evidently has some jumps

## Volatility estimation

minrv(yuima) # minRV (true value

1/3)

medrv(yuima) # medRV (true value = 1/3)

## Jump test

minrv.test(yuima, type = "standard")
minrv.test(yuima, type="1og")
minrv.test(yuima, type="ratio")

medrv.test(yuima, type = "standard")
medrv.test(yuima, type="1log")
medrv.test(yuima, type="ratio")

# Multi-dimensional case
## Model: Bivariate standard BM + CP
## Only the first component has jumps

mod <- setModel(drift = c(@, @), diffusion = diag(2),

jump.coeff = diag(c(1, 0)),
measure = list(intensity = 5,

df = "dmvnorm(z,c(0,0),diag(2))"),
jump.variable = c("z"), measure.type=c("CP"),
solve.variable=c("x1","x2"))

samp <- setSampling(Terminal = 1, n = 390)
yuima <- setYuima(model = model, sampling = yuima.samp)
yuima <- simulate(object = mod, sampling = samp)

plot(yuima)

## Volatility estimation

minrv(yuima) # minRV (true value

c(1, 1)

medrv(yuima) # medRV (true value = c(1, 1))

## Jump test

minrv.test(yuima) # test is performed component-wise
medrv.test(yuima) # test is performed component-wise

## End(Not run)

param.Integral

Class for the mathematical description of integral of a stochastic pro-
cess

Description

Auxiliar class for definition of an object of class yuima.Integral. see the documentation of
yuima.Integral for more details.
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param.Map-class Class for information about Map/Operators

Description

Aucxiliar class for definition of an object of class yuima.Map. see the documentation of yuima.Map
for more details.

phi.test Phi-divergence test statistic for stochastic differential equations

Description

Phi-divergence test statistic for stochastic differential equations.

Usage

phi.test(yuima, HO, H1, phi, print=FALSE,...)

Arguments
yuima a yuima object.
Ho a named list of parameter under HO.
H1 a named list of parameter under H1.
phi the phi function to be used in the test. See Details.
print you can see a progress of the estimation when print is TRUE.
passed to gmle function.
Details

phi.test executes a Phi-divergence test. If H1 is not specified this hypothesis is filled with the
QMLE estimates.

If phi is missing, then phi(x)=1-x+x*1log(x) and the Phi-divergence st