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VGAM-package Vector Generalized Linear and Additive Models

Description

VGAM provides functions for fitting vector generalized linear and additive models (VGLMs and
VGAMs), and associated models (Reduced-Rank VGLMs, Quadratic RR-VGLMs, Reduced-Rank
VGAMs). This package fits many models and distributions by maximum likelihood estimation
(MLE) or penalized MLE. Also fits constrained ordination models in ecology such as constrained
quadratic ordination (CQO).

Details

This package centers on the iteratively reweighted least squares (IRLS) algorithm. Other key words
include Fisher scoring, additive models, penalized likelihood, reduced-rank regression and con-
strained ordination. The central modelling functions are vglm, vgam, rrvglm, cqo, cao. For detailed
control of fitting, each of these has its own control function, e.g., vglm.control. The package uses
S4 (see methods-package).

The classes of GLMs and GAMs are special cases of VGLMs and VGAMs. The VGLM/VGAM
framework is intended to be very general so that it encompasses as many distributions and mod-
els as possible. VGLMs are limited only by the assumption that the regression coefficients enter
through a set of linear predictors. The VGLM class is very large and encompasses a wide range of
multivariate response types and models, e.g., it includes univariate and multivariate distributions,
categorical data analysis, time series, survival analysis, generalized estimating equations, extreme
values, correlated binary data, bioassay data and nonlinear least-squares problems.

VGAMs are to VGLMs what GAMs are to GLMs. Vector smoothing (see vsmooth.spline) allows
several additive predictors to be estimated as a sum of smooth functions of the covariates.

For a complete list of this package, use library(help = "VGAM"). New VGAM family functions
are continually being written and added to the package. A monograph about VGLM and VGAMs
etc. is in the making but unfortunately will not be finished for a while.

Author(s)

Thomas W. Yee, <t.yee@auckland.ac.nz>.

Maintainer: Thomas Yee <t.yee@auckland.ac.nz>.

References

Yee, T. W. Vector Generalized Linear and Additive Models. Monograph in preparation.

Yee, T. W. (2010) The VGAM package for categorical data analysis. Journal of Statistical Software,
32, 1–34. http://www.jstatsoft.org/v32/i10/.

Yee, T. W. and Hastie, T. J. (2003) Reduced-rank vector generalized linear models. Statistical
Modelling, 3, 15–41.

Yee, T. W. and Stephenson, A. G. (2007) Vector generalized linear and additive extreme value
models. Extremes, 10, 1–19.

http://www.jstatsoft.org/v32/i10/
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Yee, T. W. and Wild, C. J. (1996) Vector generalized additive models. Journal of the Royal Statisti-
cal Society, Series B, Methodological, 58, 481–493.

Yee, T. W. (2004) A new technique for maximum-likelihood canonical Gaussian ordination. Eco-
logical Monographs, 74, 685–701.

Yee, T. W. (2006) Constrained additive ordination. Ecology, 87, 203–213.

Yee, T. W. (2008) The VGAM Package. R News, 8, 28–39.

Documentation accompanying the VGAM package at http://www.stat.auckland.ac.nz/~yee/
VGAM contains further information and examples.

See Also

vglm, vgam, rrvglm, TypicalVGAMfamilyFunction, CommonVGAMffArguments.

Examples

# Example 1; proportional odds model
pneumo = transform(pneumo, let = log(exposure.time))
(fit = vglm(cbind(normal, mild, severe) ~ let, propodds, pneumo))
fit@y # Sample proportions
depvar(fit) # Better than using fit@y; dependent variable (response)
weights(fit, type = "prior") # Number of observations
coef(fit, matrix = TRUE) # p.179, in McCullagh and Nelder (1989)
constraints(fit) # Constraint matrices
summary(fit)

# Example 2; zero-inflated Poisson model
zipdat = data.frame(x = runif(nn <- 2000))
zipdat = transform(zipdat, phi = logit(-0.5 + 1*x, inverse = TRUE),

lambda = loge( 0.5 + 2*x, inverse = TRUE))
zipdat = transform(zipdat, y = rzipois(nn, lambda, phi))
with(zipdat, table(y))
fit = vglm(y ~ x, zipoisson, zipdat, trace = TRUE)
coef(fit, matrix = TRUE) # These should agree with the above values

# Example 3; fit a two species GAM simultaneously
fit2 = vgam(cbind(agaaus, kniexc) ~ s(altitude, df = c(2, 3)),

binomialff(mv = TRUE), hunua)
coef(fit2, matrix = TRUE) # Not really interpretable
## Not run: plot(fit2, se = TRUE, overlay = TRUE, lcol = 1:2, scol = 1:2)

ooo = with(hunua, order(altitude))
with(hunua, matplot(altitude[ooo], fitted(fit2)[ooo,], type = "l", lwd = 2,

xlab = "Altitude (m)", ylab = "Probability of presence", las = 1,
main = "Two plant species’ response curves", ylim = c(0, 0.8)))

with(hunua, rug(altitude))
## End(Not run)

# Example 4; LMS quantile regression

http://www.stat.auckland.ac.nz/~yee/VGAM
http://www.stat.auckland.ac.nz/~yee/VGAM
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fit = vgam(BMI ~ s(age, df = c(4, 2)), lms.bcn(zero = 1), dat = bminz,
trace = TRUE)

head(predict(fit))
head(fitted(fit))
head(bminz) # Person 1 is near the lower quartile among people his age
head(cdf(fit))

## Not run: par(mfrow = c(1, 1), bty = "l", mar = c(5,4,4,3)+0.1, xpd = TRUE)
qtplot(fit, percentiles = c(5,50,90,99), main = "Quantiles", las = 1,

xlim = c(15, 90), ylab = "BMI", lwd = 2, lcol = 4) # Quantile plot

ygrid = seq(15, 43, len = 100) # BMI ranges
par(mfrow = c(1, 1), lwd = 2) # Density plot
aa = deplot(fit, x0 = 20, y = ygrid, xlab = "BMI", col = "black",

main = "Density functions at Age = 20 (black), 42 (red) and 55 (blue)")
aa
aa = deplot(fit, x0 = 42, y = ygrid, add = TRUE, llty = 2, col = "red")
aa = deplot(fit, x0 = 55, y = ygrid, add = TRUE, llty = 4, col = "blue",

Attach = TRUE)
aa@post$deplot # Contains density function values

## End(Not run)

# Example 5; GEV distribution for extremes
(fit = vglm(maxtemp ~ 1, egev, data = oxtemp, trace = TRUE))
head(fitted(fit))
coef(fit, matrix = TRUE)
Coef(fit)
vcov(fit)
vcov(fit, untransform = TRUE)
sqrt(diag(vcov(fit))) # Approximate standard errors
## Not run: rlplot(fit)

AA.Aa.aa The AA-Aa-aa Blood Group System

Description

Estimates the parameter of the AA-Aa-aa blood group system.

Usage

AA.Aa.aa(link = "logit", earg=list(), init.pA = NULL)

Arguments

link Link function applied to pA. See Links for more choices.

earg List. Extra argument for the link. See earg in Links for general information.

init.pA Optional initial value for pA.
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Details

This one parameter model involves a probability called pA. The probability of getting a count in the
first column of the input (an AA) is pA*pA.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Note

The input can be a 3-column matrix of counts, where the columns are AA, Ab and aa (in order).
Alternatively, the input can be a 3-column matrix of proportions (so each row adds to 1) and the
weights argument is used to specify the total number of counts for each row.

Author(s)

T. W. Yee

References

Weir, B. S. (1996) Genetic Data Analysis II: Methods for Discrete Population Genetic Data, Sun-
derland, MA: Sinauer Associates, Inc.

See Also

AB.Ab.aB.ab, AB.Ab.aB.ab2, ABO, G1G2G3, MNSs.

Examples

y = cbind(53, 95, 38)
fit = vglm(y ~ 1, AA.Aa.aa(link="probit"), trace=TRUE)
rbind(y, sum(y)*fitted(fit))
Coef(fit) # Estimated pA
summary(fit)

AB.Ab.aB.ab The AB-Ab-aB-ab Blood Group System

Description

Estimates the parameter of the AB-Ab-aB-ab blood group system.

Usage

AB.Ab.aB.ab(link = "logit", earg=list(), init.p = NULL)
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Arguments

link Link function applied to p. See Links for more choices.

earg List. Extra argument for the link. See earg in Links for general information.

init.p Optional initial value for p.

Details

This one parameter model involves a probability called p.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Note

The input can be a 4-column matrix of counts, where the columns are AB, Ab, aB and ab (in order).
Alternatively, the input can be a 4-column matrix of proportions (so each row adds to 1) and the
weights argument is used to specify the total number of counts for each row.

Author(s)

T. W. Yee

References

Lange, K. (2002) Mathematical and Statistical Methods for Genetic Analysis, 2nd ed. New York:
Springer-Verlag.

See Also

AA.Aa.aa, AB.Ab.aB.ab2, ABO, G1G2G3, MNSs.

Examples

y = cbind(AB=1997, Ab=906, aB=904, ab=32) # Data from Fisher (1925)
fit = vglm(y ~ 1, AB.Ab.aB.ab(link="identity", init.p=0.9), trace=TRUE)
fit = vglm(y ~ 1, AB.Ab.aB.ab, trace=TRUE)
rbind(y, sum(y)*fitted(fit))
Coef(fit) # Estimated p
p = sqrt(4*(fitted(fit)[,4]))
p*p
summary(fit)
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AB.Ab.aB.ab2 The AB-Ab-aB-ab2 Blood Group System

Description

Estimates the parameter of the the AB-Ab-aB-ab2 blood group system.

Usage

AB.Ab.aB.ab2(link = "logit", earg=list(), init.p = NULL)

Arguments

link Link function applied to p. See Links for more choices.

earg List. Extra argument for the link. See earg in Links for general information.

init.p Optional initial value for p.

Details

This one parameter model involves a probability called p.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Warning

There may be a bug in the deriv and weight slot of the family function.

Note

The input can be a 4-column matrix of counts. Alternatively, the input can be a 4-column matrix of
proportions (so each row adds to 1) and the weights argument is used to specify the total number
of counts for each row.

Author(s)

T. W. Yee

References

Elandt-Johnson, R. C. (1971) Probability Models and Statistical Methods in Genetics, New York:
Wiley.

See Also

AA.Aa.aa, AB.Ab.aB.ab, ABO, G1G2G3, MNSs.
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Examples

# See Elandt-Johnson, pp.430,427
# Estimated variance is approx 0.0021
y = cbind(68, 11, 13, 21)
fit = vglm(y ~ 1, AB.Ab.aB.ab2(link=cloglog), trace=TRUE, crit="coef")
Coef(fit) # Estimated p
rbind(y, sum(y)*fitted(fit))
sqrt(diag(vcov(fit)))

ABO The ABO Blood Group System

Description

Estimates the two independent parameters of the the ABO blood group system.

Usage

ABO(link = "logit", earg=list(), ipA = NULL, ipO = NULL)

Arguments

link Link function applied to pA and pB. See Links for more choices.

earg List. Extra argument applied to each of the links. See earg in Links for general
information.

ipA, ipO Optional initial value for pA and pO. A NULL value means values are computed
internally.

Details

The parameters pA and pB are probabilities, so that pO=1-pA-pB is the third probability. The proba-
bilities pA and pB correspond to A and B respectively, so that pO is the probability for O. It is easier
to make use of initial values for pO than for pB. In documentation elsewhere I sometimes use pA=p,
pB=q, pO=r.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Note

The input can be a 4-column matrix of counts, where the columns are A, B, AB, O (in order).
Alternatively, the input can be a 4-column matrix of proportions (so each row adds to 1) and the
weights argument is used to specify the total number of counts for each row.
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Author(s)

T. W. Yee

References

Lange, K. (2002) Mathematical and Statistical Methods for Genetic Analysis, 2nd ed. New York:
Springer-Verlag.

See Also

AA.Aa.aa, AB.Ab.aB.ab, AB.Ab.aB.ab2, G1G2G3, MNSs.

Examples

y = cbind(A=725, B=258, AB=72, O=1073) # Order matters, not the name
fit = vglm(y ~ 1, ABO(link=identity), trace=TRUE, cri="coef")
coef(fit, matrix=TRUE)
Coef(fit) # Estimated pA and pB
rbind(y, sum(y)*fitted(fit))
sqrt(diag(vcov(fit)))

acat Ordinal Regression with Adjacent Categories Probabilities

Description

Fits an adjacent categories regression model to an ordered (preferably) factor response.

Usage

acat(link = "loge", earg = list(),
parallel = FALSE, reverse = FALSE, zero = NULL)

Arguments

link Link function applied to the ratios of the adjacent categories probabilities. See
Links for more choices.

earg List. Extra argument for the link function. See CommonVGAMffArguments for
more information.

parallel A logical, or formula specifying which terms have equal/unequal coefficients.

reverse Logical. By default, the linear/additive predictors used are ηj = log(P [Y =
j + 1]/P [Y = j]) for j = 1, . . . ,M . If reverse is TRUE then ηj = log(P [Y =
j]/P [Y = j + 1]) will be used.

zero An integer-valued vector specifying which linear/additive predictors are mod-
elled as intercepts only. The values must be from the set {1,2,. . . ,M}.
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Details

In this help file the response Y is assumed to be a factor with ordered values 1, 2, . . . ,M + 1, so
that M is the number of linear/additive predictors ηj .

By default, the log link is used because the ratio of two probabilities is positive.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm, rrvglm and vgam.

Warning

No check is made to verify that the response is ordinal; see ordered.

Note

The response should be either a matrix of counts (with row sums that are all positive), or a factor.
In both cases, the y slot returned by vglm/vgam/rrvglm is the matrix of counts.

For a nominal (unordered) factor response, the multinomial logit model (multinomial) is more
appropriate.

Here is an example of the usage of the parallel argument. If there are covariates x1, x2 and x3,
then parallel = TRUE ~ x1 + x2 -1 and parallel = FALSE ~ x3 are equivalent. This would
constrain the regression coefficients for x1 and x2 to be equal; those of the intercepts and x3 would
be different.

Author(s)

Thomas W. Yee

References

Agresti, A. (2002) Categorical Data Analysis, 2nd ed. New York: Wiley.

Simonoff, J. S. (2003) Analyzing Categorical Data, New York: Springer-Verlag.

Yee, T. W. (2010) The VGAM package for categorical data analysis. Journal of Statistical Software,
32, 1–34. http://www.jstatsoft.org/v32/i10/.

Documentation accompanying the VGAM package at http://www.stat.auckland.ac.nz/~yee
contains further information and examples.

See Also

cumulative, cratio, sratio, multinomial, pneumo.

http://www.jstatsoft.org/v32/i10/
http://www.stat.auckland.ac.nz/~yee
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Examples

pneumo <- transform(pneumo, let = log(exposure.time))
(fit <- vglm(cbind(normal,mild,severe) ~ let, acat, pneumo))
coef(fit, matrix = TRUE)
constraints(fit)
model.matrix(fit)

AICvlm Akaike’s Information Criterion

Description

Calculates the Akaike information criterion for a fitted model object for which a log-likelihood
value has been obtained.

Usage

AICvlm(object, ..., k = 2)

Arguments

object Some VGAM object, for example, having class vglmff-class.

... Other possible arguments fed into logLik in order to compute the log-likelihood.

k Numeric, the penalty per parameter to be used; the default is the classical AIC.

Details

The following formula is used for VGLMs: −2log-likelihood + knpar, where npar represents the
number of parameters in the fitted model, and k = 2 for the usual AIC. One could assign k = log(n)
(n the number of observations) for the so-called BIC or SBC (Schwarz’s Bayesian criterion).

This code relies on the log-likelihood being defined, and computed, for the object. When comparing
fitted objects, the smaller the AIC, the better the fit. The log-likelihood and hence the AIC is only
defined up to an additive constant.

Any estimated scale parameter (in GLM parlance) is used as one parameter.

For VGAMs the nonlinear effective degrees of freedom for each smoothed component is used. This
formula is heuristic.

Value

Returns a numeric value with the corresponding AIC (or BIC, or . . . , depending on k).

Warning

This code has not been double-checked. The general applicability of AIC for the VGLM/VGAM
classes has not been developed fully. In particular, AIC should not be run on some VGAM family
functions because of violation of certain regularity conditions, etc.
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Note

AIC has not been defined for QRR-VGLMs yet.

Author(s)

T. W. Yee.

See Also

VGLMs are described in vglm-class; VGAMs are described in vgam-class; RR-VGLMs are
described in rrvglm-class; AIC.

Examples

pneumo = transform(pneumo, let=log(exposure.time))
(fit1 <- vglm(cbind(normal, mild, severe) ~ let,

cumulative(parallel=TRUE, reverse=TRUE), pneumo))
coef(fit1, matrix=TRUE)
AIC(fit1)
(fit2 <- vglm(cbind(normal, mild, severe) ~ let,

cumulative(parallel=FALSE, reverse=TRUE), pneumo))
coef(fit2, matrix=TRUE)
AIC(fit2)

alaplace Asymmetric Laplace Distribution Family Functions

Description

Maximum likelihood estimation of the 1, 2 and 3-parameter asymmetric Laplace distributions
(ALDs). The 1-parameter ALD may be used for quantile regression.

Usage

alaplace1(tau = NULL, llocation = "identity", elocation = list(),
ilocation = NULL, kappa = sqrt(tau/(1 - tau)), Scale.arg = 1,
shrinkage.init = 0.95, parallelLocation = FALSE, digt = 4,
dfmu.init = 3, intparloc = FALSE, imethod = 1)

alaplace2(tau = NULL, llocation = "identity", lscale = "loge",
elocation = list(), escale = list(),
ilocation = NULL, iscale = NULL, kappa = sqrt(tau/(1 - tau)),
shrinkage.init = 0.95,
parallelLocation = FALSE, digt = 4, sameScale = TRUE,
dfmu.init = 3, intparloc = FALSE,
imethod = 1, zero = -2)

alaplace3(llocation = "identity", lscale = "loge", lkappa = "loge",
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elocation = list(), escale = list(), ekappa = list(),
ilocation = NULL, iscale = NULL, ikappa = 1,
imethod = 1, zero = 2:3)

Arguments

tau, kappa Numeric vectors with 0 < τ < 1 and κ > 0. Most users will only specify
tau since the estimated location parameter corresponds to the τ th regression
quantile, which is easier to understand. See below for details.

llocation, lscale, lkappa

Character. Parameter link functions for location parameter ξ, scale parameter
σ, asymmetry parameter κ. See Links for more choices. For example, the
argument llocation can help handle count data by restricting the quantiles to
be positive (use llocation = "loge"). However, llocation is best left alone
since the theory only works properly with the identity link.

elocation, escale, ekappa

List. Extra argument for each of the links. See earg in Links for general infor-
mation.

ilocation, iscale, ikappa

Optional initial values. If given, it must be numeric and values are recycled to
the appropriate length. The default is to choose the value internally.

parallelLocation, intparloc

Logical. Should the quantiles be parallel on the transformed scale (argument
llocation)? Assigning this argument to TRUE circumvents the seriously embar-
rassing quantile crossing problem. The argument intparloc applies to intercept
term; the argument parallelLocation applies to other terms.

sameScale Logical. Should the scale parameters be equal? It is advised to keep sameScale
= TRUE unchanged because it does not make sense to have different values for
each tau value.

imethod Initialization method. Either the value 1, 2, 3 or 4.

dfmu.init Degrees of freedom for the cubic smoothing spline fit applied to get an initial
estimate of the location parameter. See vsmooth.spline. Used only when
imethod = 3.

shrinkage.init How much shrinkage is used when initializing ξ. The value must be between 0
and 1 inclusive, and a value of 0 means the individual response values are used,
and a value of 1 means the median or mean is used. This argument is used only
when imethod = 4. See CommonVGAMffArguments for more information.

Scale.arg The value of the scale parameter σ. This argument may be used to compute
quantiles at different τ values from an existing fitted alaplace2() model (prac-
tical only if it has a single value). If the model has parallelLocation = TRUE
then only the intercept need be estimated; use an offset. See below for an exam-
ple.

digt Passed into Round as the digits argument for the tau values; used cosmetically
for labelling.

zero See CommonVGAMffArguments for more information. Where possible, the de-
fault is to model all the σ and κ as an intercept-only term.
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Details

These VGAM family functions implement one variant of asymmetric Laplace distributions (ALDs)
suitable for quantile regression. Kotz et al. (2001) call it the ALD. Its density function is

f(y; ξ, σ, κ) =

√
2

σ

κ

1 + κ2
exp

(
−
√

2

σ κ
|y − ξ|

)
for y ≤ ξ, and

f(y; ξ, σ, κ) =

√
2

σ

κ

1 + κ2
exp

(
−
√

2κ

σ
|y − ξ|

)
for y > ξ. Here, the ranges are for all real y and ξ, positive σ and positive κ. The special case
κ = 1 corresponds to the (symmetric) Laplace distribution of Kotz et al. (2001). The mean is
ξ + σ(1/κ− κ)/

√
2 and the variance is σ2(1 + κ4)/(2κ2). The enumeration of the linear/additive

predictors used for alaplace2() is the first location parameter followed by the first scale parameter,
then the second location parameter followed by the second scale parameter, etc. For alaplace3(),
only a vector response is handled and the last (third) linear/additive predictor is for the asymmetry
parameter.

It is known that the maximum likelihood estimate of the location parameter ξ corresponds to the
regression quantile estimate of the classical quantile regression approach of Koenker and Bassett
(1978). An important property of the ALD is that P (Y ≤ ξ) = τ where τ = κ2/(1 + κ2) so
that κ =

√
τ/(1− τ). Thus alaplace1() might be used as an alternative to rq in the quantreg

package.

Both alaplace1() and alaplace2() can handle multiple responses, and the number of linear/additive
predictors is dictated by the length of tau or kappa. The function alaplace2() can also handle a
matrix response with a single-valued tau or kappa.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

In the extra slot of the fitted object are some list components which are useful, e.g., the sample
proportion of values which are less than the fitted quantile curves.

Warning

The MLE regularity conditions do not hold for this distribution so that misleading inferences may
result, e.g., in the summary and vcov of the object.

Care is needed with tau values which are too small, e.g., for count data with llocation = "loge"
and if the sample proportion of zeros is greater than tau.

Note

These VGAM family functions use Fisher scoring. Convergence may be slow and half-stepping is
usual (although one can use trace = TRUE to see which is the best model and then use maxit to
choose that model) due to the regularity conditions not holding.

For large data sets it is a very good idea to keep the length of tau/kappa low to avoid large memory
requirements. Then for parallelLoc = FALSE one can repeatedly fit a model with alaplace1()
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with one τ at a time; and for parallelLoc = TRUE one can refit a model with alaplace1() with
one τ at a time but using offsets and an intercept-only model.

A second method for solving the noncrossing quantile problem is illustrated below in Example 3.
This is called the accumulative quantile method (AQM) and details are in Yee (2011). It does not
make the strong parallelism assumption.

The functions alaplace2() and laplace differ slightly in terms of the parameterizations.

Author(s)

Thomas W. Yee

References

Koenker, R. and Bassett, G. (1978) Regression quantiles. Econometrica, 46, 33–50.

Kotz, S., Kozubowski, T. J. and Podgorski, K. (2001) The Laplace distribution and generaliza-
tions: a revisit with applications to communications, economics, engineering, and finance, Boston:
Birkhauser.

Yee, T. W. (2011) Quantile regression for counts and proportions. In preparation.

See Also

ralap, laplace, lms.bcn, amlnormal, koenker.

Examples

# Example 1: quantile regression with smoothing splines
adata = data.frame(x = sort(runif(n <- 500)))
mymu = function(x) exp(-2 + 6*sin(2*x-0.2) / (x+0.5)^2)
adata = transform(adata, y = rpois(n, lambda = mymu(x)))
mytau = c(0.25, 0.75); mydof = 4

fit = vgam(y ~ s(x, df = mydof), alaplace1(tau = mytau, llocation = "loge",
parallelLoc = FALSE), adata, trace = TRUE)

fitp = vgam(y ~ s(x, df = mydof), alaplace1(tau = mytau, llocation = "loge",
parallelLoc = TRUE), adata, trace = TRUE)

## Not run: par(las = 1); mylwd = 1.5
with(adata, plot(x, jitter(y, factor = 0.5), col = "red",

main = "Example 1; green: parallelLoc = TRUE",
ylab = "y", pch = "o", cex = 0.75))

with(adata, matlines(x, fitted(fit ), col = "blue", lty = "solid", lwd = mylwd))
with(adata, matlines(x, fitted(fitp), col = "green", lty = "solid", lwd = mylwd))
finexgrid = seq(0, 1, len = 1001)
for(ii in 1:length(mytau))

lines(finexgrid, qpois(p = mytau[ii], lambda = mymu(finexgrid)),
col = "blue", lwd = mylwd)

## End(Not run)
fit@extra # Contains useful information
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# Example 2: regression quantile at a new tau value from an existing fit
# Nb. regression splines are used here since it is easier.
fitp2 = vglm(y ~ bs(x, df = mydof),

family = alaplace1(tau = mytau, llocation = "loge",
parallelLoc = TRUE),

adata, trace = TRUE)

newtau = 0.5 # Want to refit the model with this tau value
fitp3 = vglm(y ~ 1 + offset(predict(fitp2)[,1]),

family = alaplace1(tau = newtau, llocation = "loge"),
adata)

## Not run: with(adata, plot(x, jitter(y, factor = 0.5), col = "red", ylab = "y",
pch = "o", cex = 0.75,
main = "Example 2; parallelLoc = TRUE"))

with(adata, matlines(x, fitted(fitp2), col = "blue", lty = 1, lwd = mylwd))
with(adata, matlines(x, fitted(fitp3), col = "black", lty = 1, lwd = mylwd))
## End(Not run)

# Example 3: noncrossing regression quantiles using a trick: obtain
# successive solutions which are added to previous solutions; use a log
# link to ensure an increasing quantiles at any value of x.

mytau = seq(0.2, 0.9, by = 0.1)
answer = matrix(0, nrow(adata), length(mytau)) # Stores the quantiles
adata = transform(adata, offsety = y*0)
usetau = mytau
for(ii in 1:length(mytau)) {
# cat("\n\nii = ", ii, "\n")

adata = transform(adata, usey = y-offsety)
iloc = ifelse(ii == 1, with(adata, median(y)), 1.0) # Well-chosen!
mydf = ifelse(ii == 1, 5, 3) # Maybe less smoothing will help
lloc = ifelse(ii == 1, "identity", "loge") # 2nd value must be "loge"
fit3 = vglm(usey ~ ns(x, df = mydf), adata, trace = TRUE,

fam = alaplace1(tau = usetau[ii], lloc = lloc, iloc = iloc))
answer[,ii] = (if(ii == 1) 0 else answer[,ii-1]) + fitted(fit3)
adata = transform(adata, offsety = answer[,ii])

}

# Plot the results.
## Not run: with(adata, plot(x, y, col = "blue",

main = paste("Noncrossing and nonparallel; tau = ",
paste(mytau, collapse = ", "))))

with(adata, matlines(x, answer, col = "orange", lty = 1))

# Zoom in near the origin.
with(adata, plot(x, y, col = "blue", xlim = c(0, 0.2), ylim = 0:1,

main = paste("Noncrossing and nonparallel; tau = ",
paste(mytau, collapse = ", "))))

with(adata, matlines(x, answer, col = "orange", lty = 1))
## End(Not run)
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alaplaceUC The Laplace Distribution

Description

Density, distribution function, quantile function and random generation for the 3-parameter asym-
metric Laplace distribution with location parameter location, scale parameter scale, and asym-
metry parameter kappa.

Usage

dalap(x, location = 0, scale = 1, tau = 0.5, kappa = sqrt(tau/(1-tau)),
log = FALSE)

palap(q, location = 0, scale = 1, tau = 0.5, kappa = sqrt(tau/(1-tau)))
qalap(p, location = 0, scale = 1, tau = 0.5, kappa = sqrt(tau/(1-tau)))
ralap(n, location = 0, scale = 1, tau = 0.5, kappa = sqrt(tau/(1-tau)))

Arguments

x, q vector of quantiles.

p vector of probabilities.

n number of observations. If length(n) > 1 then the length is taken to be the
number required.

location the location parameter ξ.

scale the scale parameter σ. Must consist of positive values.

tau the quantile parameter τ . Must consist of values in (0, 1). This argument is used
to specify kappa and is ignored if kappa is assigned.

kappa the asymmetry parameter κ. Must consist of positive values.

log if TRUE, probabilities p are given as log(p).

Details

There are many variants of asymmetric Laplace distributions (ALDs) and this one is known as the
ALD by Kotz et al. (2001). See alaplace3, the VGAM family function for estimating the three
parameters by maximum likelihood estimation, for formulae and details.

Value

dalap gives the density, palap gives the distribution function, qalap gives the quantile function,
and ralap generates random deviates.

Author(s)

T. W. Yee
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References

Kotz, S., Kozubowski, T. J. and Podgorski, K. (2001) The Laplace distribution and generaliza-
tions: a revisit with applications to communications, economics, engineering, and finance, Boston:
Birkhauser.

See Also

alaplace3.

Examples

x <- seq(-5, 5, by = 0.01)
loc <- 0; sigma <- 1.5; kappa <- 2
## Not run: plot(x, dalap(x, loc, sigma, kappa = kappa), type = "l", col = "blue",

main = "Blue is density, red is cumulative distribution function",
ylim = c(0,1), sub = "Purple are 5, 10, ..., 95 percentiles",
las = 1, ylab = "", cex.main = 0.5)

abline(h = 0, col = "blue", lty = 2)
lines(qalap(seq(0.05, 0.95, by = 0.05), loc, sigma, kappa = kappa),

dalap(qalap(seq(0.05, 0.95, by = 0.05), loc, sigma, kappa = kappa),
loc, sigma, kappa = kappa), col = "purple", lty = 3, type = "h")

lines(x, palap(x, loc, sigma, kappa = kappa), type = "l", col = "red")
abline(h = 0, lty = 2)
## End(Not run)

pp = seq(0.05, 0.95, by = 0.05) # Test two functions
max(abs(palap(qalap(pp, loc, sigma, kappa = kappa),

loc, sigma, kappa = kappa) - pp)) # Should be 0

Amh Ali-Mikhail-Haq Distribution’s Bivariate Distribution

Description

Density, distribution function, and random generation for the (one parameter) bivariate Ali-Mikhail-
Haq distribution.

Usage

damh(x1, x2, alpha, log=FALSE)
pamh(q1, q2, alpha)
ramh(n, alpha)

Arguments

x1, x2, q1, q2 vector of quantiles.
n number of observations. Must be a positive integer of length 1.
alpha the association parameter.
log Logical. If TRUE then the logarithm is returned.
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Details

See amh, the VGAM family functions for estimating the parameter by maximum likelihood estima-
tion, for the formula of the cumulative distribution function and other details.

Value

damh gives the density, pamh gives the distribution function, and ramh generates random deviates (a
two-column matrix).

Author(s)

T. W. Yee and C. S. Chee

See Also

amh.

Examples

x = seq(0, 1, len=(N <- 101))
alpha = 0.7
ox = expand.grid(x, x)
z = damh(ox[,1], ox[,2], alpha=alpha)
## Not run:
contour(x, x, matrix(z, N, N), col="blue")
z = pamh(ox[,1], ox[,2], alpha=alpha)
contour(x, x, matrix(z, N, N), col="blue")

plot(r <- ramh(n=1000, alpha=alpha), col="blue")
par(mfrow=c(1,2))
hist(r[,1]) # Should be uniform
hist(r[,2]) # Should be uniform

## End(Not run)

amh Ali-Mikhail-Haq Distribution Distribution Family Function

Description

Estimate the association parameter of Ali-Mikhail-Haq’s bivariate distribution by maximum likeli-
hood estimation.

Usage

amh(lalpha = "rhobit", ealpha = list(), ialpha = NULL,
imethod = 1, nsimEIM = 250)
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Arguments

lalpha Link function applied to the association parameter α, which is real and −1 <
α < 1. See Links for more choices.

ealpha List. Extra argument for the link. See earg in Links for general information.
ialpha Numeric. Optional initial value for α. By default, an initial value is chosen inter-

nally. If a convergence failure occurs try assigning a different value. Assigning
a value will override the argument imethod.

imethod An integer with value 1 or 2 which specifies the initialization method. If failure
to converge occurs try the other value, or else specify a value for ialpha.

nsimEIM See CommonVGAMffArguments for more information.

Details

The cumulative distribution function is

P (Y1 ≤ y1, Y2 ≤ y2) = y1y2/(1− α(1− y1)(1− y2))

for −1 < α < 1. The support of the function is the unit square. The marginal distributions are the
standard uniform distributions. When α = 0 the random variables are independent.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Note

The response must be a two-column matrix. Currently, the fitted value is a matrix with two columns
and values equal to 0.5. This is because each marginal distribution corresponds to a standard uni-
form distribution.

Author(s)

T. W. Yee and C. S. Chee

References

Balakrishnan, N. and Lai, C.-D. (2009) Continuous Bivariate Distributions, 2nd ed. New York:
Springer.

See Also

ramh, fgm, gumbelIbiv.

Examples

ymat <- ramh(1000, alpha = rhobit(2, inverse = TRUE))
fit <- vglm(ymat ~ 1, amh, trace = TRUE)
coef(fit, matrix = TRUE)
Coef(fit)
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amlbinomial Binomial Logistic Regression by Asymmetric Maximum Likelihood
Estimation

Description

Binomial quantile regression estimated by maximizing an asymmetric likelihood function.

Usage

amlbinomial(w.aml = 1, parallel = FALSE, digw = 4,
link = "logit", earg = list())

Arguments

w.aml Numeric, a vector of positive constants controlling the percentiles. The larger
the value the larger the fitted percentile value (the proportion of points below
the “w-regression plane”). The default value of unity results in the ordinary
maximum likelihood (MLE) solution.

parallel If w.aml has more than one value then this argument allows the quantile curves
to differ by the same amount as a function of the covariates. Setting this to be
TRUE should force the quantile curves to not cross (although they may not cross
anyway). See CommonVGAMffArguments for more information.

digw Passed into Round as the digits argument for the w.aml values; used cosmeti-
cally for labelling.

link, earg See binomialff.

Details

The general methodology behind this VGAM family function is given in Efron (1992) and full
details can be obtained there.

This model is essentially a logistic regression model (see binomialff) but the usual deviance is
replaced by an asymmetric squared error loss function; it is multiplied by w.aml for positive resid-
uals. The solution is the set of regression coefficients that minimize the sum of these deviance-type
values over the data set, weighted by the weights argument (so that it can contain frequencies).
Newton-Raphson estimation is used here.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Warning

If w.aml has more than one value then the value returned by deviance is the sum of all the
(weighted) deviances taken over all the w.aml values. See Equation (1.6) of Efron (1992).
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Note

On fitting, the extra slot has list components "w.aml" and "percentile". The latter is the percent
of observations below the “w-regression plane”, which is the fitted values. Also, the individual
deviance values corresponding to each element of the argument w.aml is stored in the extra slot.

For amlbinomial objects, methods functions for the generic functions qtplot and cdf have not
been written yet.

See amlpoisson about comments on the jargon, e.g., expectiles etc.

In this documentation the word quantile can often be interchangeably replaced by expectile (things
are informal here).

Author(s)

Thomas W. Yee

References

Efron, B. (1992) Poisson overdispersion estimates based on the method of asymmetric maximum
likelihood. Journal of the American Statistical Association, 87, 98–107.

See Also

amlpoisson, amlexponential, amlnormal, alaplace1, denorm.

Examples

# Example: binomial data with lots of trials per observation
set.seed(1234)
sizevec = rep(100, length=(nn <- 200))
mydat = data.frame(x = sort(runif(nn)))
mydat = transform(mydat, prob = logit(-0+2.5*x+x^2, inverse = TRUE))
mydat = transform(mydat, y = rbinom(nn, size = sizevec, prob = prob))
(fit = vgam(cbind(y, sizevec - y) ~ s(x, df = 3),

amlbinomial(w = c(0.01, 0.2, 1, 5, 60)),
mydat, trace = TRUE))

fit@extra

## Not run:
par(mfrow=c(1,2))
# Quantile plot
with(mydat, plot(x, jitter(y), col="blue", las=1, main=

paste(paste(round(fit@extra$percentile, dig=1), collapse=", "),
"percentile-expectile curves")))

with(mydat, matlines(x, 100 * fitted(fit), lwd=2, col="blue", lty=1))

# Compare the fitted expectiles with the quantiles
with(mydat, plot(x, jitter(y), col="blue", las=1, main=

paste(paste(round(fit@extra$percentile, dig=1), collapse=", "),
"percentile curves are red")))

with(mydat, matlines(x, 100 * fitted(fit), lwd=2, col="blue", lty=1))
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for(ii in fit@extra$percentile)
with(mydat, matlines(x, 100 *

qbinom(p=ii/100, size=sizevec, prob=prob) / sizevec,
col="red", lwd=2, lty=1))

## End(Not run)

amlexponential Exponential Regression by Asymmetric Maximum Likelihood Estima-
tion

Description

Exponential expectile regression estimated by maximizing an asymmetric likelihood function.

Usage

amlexponential(w.aml = 1, parallel = FALSE, imethod = 1, digw = 4,
link = "loge", earg = list())

Arguments

w.aml Numeric, a vector of positive constants controlling the expectiles. The larger the
value the larger the fitted expectile value (the proportion of points below the “w-
regression plane”). The default value of unity results in the ordinary maximum
likelihood (MLE) solution.

parallel If w.aml has more than one value then this argument allows the quantile curves
to differ by the same amount as a function of the covariates. Setting this to be
TRUE should force the quantile curves to not cross (although they may not cross
anyway). See CommonVGAMffArguments for more information.

imethod Integer, either 1 or 2 or 3. Initialization method. Choose another value if con-
vergence fails.

digw Passed into Round as the digits argument for the w.aml values; used cosmeti-
cally for labelling.

link, earg See exponential and the warning below.

Details

The general methodology behind this VGAM family function is given in Efron (1992) and full
details can be obtained there.

This model is essentially an exponential regression model (see exponential) but the usual deviance
is replaced by an asymmetric squared error loss function; it is multiplied by w.aml for positive
residuals. The solution is the set of regression coefficients that minimize the sum of these deviance-
type values over the data set, weighted by the weights argument (so that it can contain frequencies).
Newton-Raphson estimation is used here.
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Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Warning

Note that the link argument of exponential and amlexponential are currently different: one is
the rate parameter and the other is the mean (expectile) parameter.

If w.aml has more than one value then the value returned by deviance is the sum of all the
(weighted) deviances taken over all the w.aml values. See Equation (1.6) of Efron (1992).

Note

On fitting, the extra slot has list components "w.aml" and "percentile". The latter is the percent
of observations below the “w-regression plane”, which is the fitted values. Also, the individual
deviance values corresponding to each element of the argument w.aml is stored in the extra slot.

For amlexponential objects, methods functions for the generic functions qtplot and cdf have not
been written yet.

See amlpoisson about comments on the jargon, e.g., expectiles etc.

In this documentation the word quantile can often be interchangeably replaced by expectile (things
are informal here).

Author(s)

Thomas W. Yee

References

Efron, B. (1992) Poisson overdispersion estimates based on the method of asymmetric maximum
likelihood. Journal of the American Statistical Association, 87, 98–107.

See Also

exponential, amlbinomial, amlpoisson, amlnormal, alaplace1, lms.bcg, deexp.

Examples

nn = 2000
mydat = data.frame(x = seq(0, 1, length = nn))
mydat = transform(mydat, mu = loge(-0+1.5*x+0.2*x^2, inverse = TRUE))
mydat = transform(mydat, mu = loge(0-sin(8*x), inverse = TRUE))
mydat = transform(mydat, y = rexp(nn, rate = 1/mu))
(fit = vgam(y ~ s(x,df = 5), amlexponential(w = c(0.001,0.1,0.5,5,60)),

mydat, trace = TRUE))
fit@extra

## Not run: # These plots are against the sqrt scale (to increase clarity)
par(mfrow = c(1,2))
# Quantile plot
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with(mydat, plot(x, sqrt(y), col = "blue", las = 1, main =
paste(paste(round(fit@extra$percentile, dig = 1), collapse = ", "),

"percentile-expectile curves")))
with(mydat, matlines(x, sqrt(fitted(fit)), lwd = 2, col = "blue", lty = 1))

# Compare the fitted expectiles with the quantiles
with(mydat, plot(x, sqrt(y), col = "blue", las = 1, main =

paste(paste(round(fit@extra$percentile, dig = 1), collapse = ", "),
"percentile curves are orange")))

with(mydat, matlines(x, sqrt(fitted(fit)), lwd = 2, col = "blue", lty = 1))

for(ii in fit@extra$percentile)
with(mydat, matlines(x, sqrt(qexp(p = ii/100, rate = 1/mu)), col = "orange"))

## End(Not run)

amlnormal Asymmetric Least Squares Quantile Regression

Description

Asymmetric least squares, a special case of maximizing an asymmetric likelihood function of a
normal distribution. This allows for expectile/quantile regression using asymmetric least squares
error loss.

Usage

amlnormal(w.aml = 1, parallel = FALSE, lexpectile = "identity",
eexpectile = list(), iexpectile = NULL, imethod = 1, digw = 4)

Arguments

w.aml Numeric, a vector of positive constants controlling the percentiles. The larger
the value the larger the fitted percentile value (the proportion of points below
the “w-regression plane”). The default value of unity results in the ordinary
least squares (OLS) solution.

parallel If w.aml has more than one value then this argument allows the quantile curves
to differ by the same amount as a function of the covariates. Setting this to be
TRUE should force the quantile curves to not cross (although they may not cross
anyway). See CommonVGAMffArguments for more information.

lexpectile, eexpectile, iexpectile

See CommonVGAMffArguments for more information.

imethod Integer, either 1 or 2 or 3. Initialization method. Choose another value if con-
vergence fails.

digw Passed into Round as the digits argument for the w.aml values; used cosmeti-
cally for labelling.



34 amlnormal

Details

This is an implementation of Efron (1991) and full details can be obtained there. Equation numbers
below refer to that article. The model is essentially a linear model (see lm), however, the asymmetric
squared error loss function for a residual r is r2 if r ≤ 0 and wr2 if r > 0. The solution is the set of
regression coefficients that minimize the sum of these over the data set, weighted by the weights
argument (so that it can contain frequencies). Newton-Raphson estimation is used here.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Note

On fitting, the extra slot has list components "w.aml" and "percentile". The latter is the percent
of observations below the “w-regression plane”, which is the fitted values.

One difficulty is finding the w.aml value giving a specified percentile. One solution is to fit the
model within a root finding function such as uniroot; see the example below.

For amlnormal objects, methods functions for the generic functions qtplot and cdf have not been
written yet.

See the note in amlpoisson on the jargon, including expectiles and regression quantiles.

The deviance slot computes the total asymmetric squared error loss (2.5). If w.aml has more than
one value then the value returned by the slot is the sum taken over all the w.aml values.

This VGAM family function could well be renamed amlnormal() instead, given the other function
names amlpoisson, amlbinomial, etc.

In this documentation the word quantile can often be interchangeably replaced by expectile (things
are informal here).

Author(s)

Thomas W. Yee

References

Efron, B. (1991) Regression percentiles using asymmetric squared error loss. Statistica Sinica, 1,
93–125.

See Also

amlpoisson, amlbinomial, amlexponential, bminz, alaplace1, denorm, lms.bcn and similar
variants are alternative methods for quantile regression.

Examples

# Example 1
ooo = with(bminz, order(age))
bminz = bminz[ooo,] # Sort by age
(fit = vglm(BMI ~ bs(age), fam=amlnormal(w.aml=0.1), bminz))
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fit@extra # Gives the w value and the percentile
coef(fit, matrix=TRUE)

## Not run:
# Quantile plot
with(bminz, plot(age, BMI, col="blue", main=

paste(round(fit@extra$percentile, dig=1),
"expectile-percentile curve")))

with(bminz, lines(age, c(fitted(fit)), col="black"))
## End(Not run)

# Example 2
# Find the w values that give the 25, 50 and 75 percentiles
findw = function(w, percentile=50) {

fit2 = vglm(BMI ~ bs(age), fam=amlnormal(w=w), data=bminz)
fit2@extra$percentile - percentile

}
## Not run:
# Quantile plot
with(bminz, plot(age, BMI, col="blue", las=1, main=

"25, 50 and 75 expectile-percentile curves"))
## End(Not run)
for(myp in c(25,50,75)) {
# Note: uniroot() can only find one root at a time

bestw = uniroot(f=findw, interval=c(1/10^4, 10^4), percentile=myp)
fit2 = vglm(BMI ~ bs(age), fam=amlnormal(w=bestw$root), data=bminz)

## Not run:
with(bminz, lines(age, c(fitted(fit2)), col="red"))

## End(Not run)
}

# Example 3; this is Example 1 but with smoothing splines and
# a vector w and a parallelism assumption.
ooo = with(bminz, order(age))
bminz = bminz[ooo,] # Sort by age
fit3 = vgam(BMI ~ s(age, df=4), fam=amlnormal(w=c(.1,1,10), parallel=TRUE),

bminz, trac=TRUE)
fit3@extra # The w values, percentiles and weighted deviances

# The linear components of the fit; not for human consumption:
coef(fit3, matrix=TRUE)

## Not run:
# Quantile plot
with(bminz, plot(age, BMI, col="blue", main=

paste(paste(round(fit3@extra$percentile, dig=1), collapse=", "),
"expectile-percentile curves")))

with(bminz, matlines(age, fitted(fit3), col=1:fit3@extra$M, lwd=2))
with(bminz, lines(age, c(fitted(fit )), col="black")) # For comparison
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## End(Not run)

amlpoisson Poisson Regression by Asymmetric Maximum Likelihood Estimation

Description

Poisson quantile regression estimated by maximizing an asymmetric likelihood function.

Usage

amlpoisson(w.aml = 1, parallel = FALSE, imethod = 1, digw = 4,
link = "loge", earg = list())

Arguments

w.aml Numeric, a vector of positive constants controlling the percentiles. The larger
the value the larger the fitted percentile value (the proportion of points below
the “w-regression plane”). The default value of unity results in the ordinary
maximum likelihood (MLE) solution.

parallel If w.aml has more than one value then this argument allows the quantile curves
to differ by the same amount as a function of the covariates. Setting this to be
TRUE should force the quantile curves to not cross (although they may not cross
anyway). See CommonVGAMffArguments for more information.

imethod Integer, either 1 or 2 or 3. Initialization method. Choose another value if con-
vergence fails.

digw Passed into Round as the digits argument for the w.aml values; used cosmeti-
cally for labelling.

link, earg See poissonff.

Details

This method was proposed by Efron (1992) and full details can be obtained there.

The model is essentially a Poisson regression model (see poissonff) but the usual deviance is
replaced by an asymmetric squared error loss function; it is multiplied by w.aml for positive resid-
uals. The solution is the set of regression coefficients that minimize the sum of these deviance-type
values over the data set, weighted by the weights argument (so that it can contain frequencies).
Newton-Raphson estimation is used here.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.
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Warning

If w.aml has more than one value then the value returned by deviance is the sum of all the
(weighted) deviances taken over all the w.aml values. See Equation (1.6) of Efron (1992).

Note

On fitting, the extra slot has list components "w.aml" and "percentile". The latter is the percent
of observations below the “w-regression plane”, which is the fitted values. Also, the individual
deviance values corresponding to each element of the argument w.aml is stored in the extra slot.

For amlpoisson objects, methods functions for the generic functions qtplot and cdf have not been
written yet.

About the jargon, Newey and Powell (1987) used the name expectiles for regression surfaces ob-
tained by asymmetric least squares. This was deliberate so as to distinguish them from the original
regression quantiles of Koenker and Bassett (1978). Efron (1991) and Efron (1992) use the general
name regression percentile to apply to all forms of asymmetric fitting. Although the asymmetric
maximum likelihood method very nearly gives regression percentiles in the strictest sense for the
normal and Poisson cases, the phrase quantile regression is used loosely in this VGAM documen-
tation.

In this documentation the word quantile can often be interchangeably replaced by expectile (things
are informal here).

Author(s)

Thomas W. Yee

References

Efron, B. (1991) Regression percentiles using asymmetric squared error loss. Statistica Sinica, 1,
93–125.

Efron, B. (1992) Poisson overdispersion estimates based on the method of asymmetric maximum
likelihood. Journal of the American Statistical Association, 87, 98–107.

Koenker, R. and Bassett, G. (1978) Regression quantiles. Econometrica, 46, 33–50.

Newey, W. K. and Powell, J. L. (1987) Asymmetric least squares estimation and testing. Economet-
rica, 55, 819–847.

See Also

amlnormal, amlbinomial, alaplace1.

Examples

set.seed(1234)
mydat = data.frame(x = sort(runif(nn <- 200)))
mydat = transform(mydat, y = rpois(nn, exp(0-sin(8*x))))
(fit = vgam(y ~ s(x), fam=amlpoisson(w.aml=c(0.02, 0.2, 1, 5, 50)),

mydat, trace=TRUE))
fit@extra
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## Not run:
# Quantile plot
with(mydat, plot(x, jitter(y), col="blue", las=1, main=

paste(paste(round(fit@extra$percentile, dig=1), collapse=", "),
"percentile-expectile curves")))

with(mydat, matlines(x, fitted(fit), lwd=2))
## End(Not run)

auuc Auckland University Undergraduate Counts Data

Description

Undergraduate student enrolments at the University of Auckland in 1990.

Usage

data(auuc)

Format

A data frame with 4 observations on the following 5 variables.

Commerce a numeric vector of counts.

Arts a numeric vector of counts.

SciEng a numeric vector of counts.

Law a numeric vector of counts.

Medicine a numeric vector of counts.

Details

Each student is cross-classified by their colleges (Science and Engineering have been combined)
and the socio-economic status (SES) of their fathers (1 = highest, down to 4 = lowest).

Source

Dr Tony Morrison.

References

Wild, C. J. and Seber, G. A. F. (2000) Chance Encounters: A First Course in Data Analysis and
Inference, New York: Wiley.

Examples

round(fitted(grc(auuc)))
round(fitted(grc(auuc, Rank = 2)))
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backPain Data on Back Pain Prognosis, from Anderson (1984)

Description

Data from a study of patients suffering from back pain. Prognostic variables were recorded at
presentation and progress was categorised three weeks after treatment.

Usage

data(backPain)

Format

A data frame with 101 observations on the following 4 variables.

x1 length of previous attack.

x2 pain change.

x3 lordosis.

pain an ordered factor describing the progress of each patient with levels worse < same < slight.improvement
< moderate.improvement < marked.improvement < complete.relief.

Source

http://ideas.repec.org/c/boc/bocode/s419001.html

The data set and this help file was copied from gnm so that a vignette in VGAM could be run; the
analysis is described in Yee (2010).

References

Anderson, J. A. (1984) Regression and Ordered Categorical Variables. J. R. Statist. Soc. B, 46(1),
1-30.

Yee, T. W. (2010) The VGAM package for categorical data analysis. Journal of Statistical Software,
32, 1–34. http://www.jstatsoft.org/v32/i10/.

Examples

summary(backPain)

http://ideas.repec.org/c/boc/bocode/s419001.html
http://www.jstatsoft.org/v32/i10/
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Benford Benford’s Distribution

Description

Density, distribution function, quantile function, and random generation for Benford’s distribution.

Usage

dbenf(x, ndigits = 1, log = FALSE)
pbenf(q, ndigits = 1, log.p = FALSE)
qbenf(p, ndigits = 1)
rbenf(n, ndigits = 1)

Arguments

x, q Vector of quantiles. See ndigits.

p vector of probabilities.

n number of observations. A single positive integer. Else if length(n) > 1 then
the length is taken to be the number required.

ndigits Number of leading digits, either 1 or 2. If 1 then the support of the distribution
is {1,. . . ,9}, else {10,. . . ,99}.

log, log.p Logical. If log.p=TRUE then all probabilities p are given as log(p).

Details

Benford’s Law (aka the significant-digit law) is the empirical observation that in many naturally
occuring tables of numerical data, the leading significant (nonzero) digit is not uniformly distributed
in {1, 2, . . . , 9}. Instead, the leading significant digit (= D, say) obeys the law

P (D = d) = log10

(
1 +

1

d

)
for d = 1, . . . , 9. This means the probability the first significant digit is 1 is approximately 0.301,
etc.

Benford’s Law was apparently first discovered in 1881 by astronomer/mathematician S. Newcombe.
It started by the observation that the pages of a book of logarithms were dirtiest at the beginning
and progressively cleaner throughout. In 1938, a General Electric physicist called F. Benford re-
discovered the law on this same observation. Over several years he collected data from different
sources as different as atomic weights, baseball statistics, numerical data from Reader’s Digest, and
drainage areas of rivers.

Applications of Benford’s Law has been as diverse as to the area of fraud detection in accounting
and the design computers.
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Value

dbenf gives the density, pbenf gives the distribution function, and qbenf gives the quantile func-
tion, and rbenf generates random deviates.

Author(s)

T. W. Yee

References

Benford, F. (1938) The Law of Anomalous Numbers. Proceedings of the American Philosophical
Society, 78, 551–572.

Newcomb, S. (1881) Note on the Frequency of Use of the Different Digits in Natural Numbers.
American Journal of Mathematics, 4, 39–40.

Examples

dbenf(x <- c(0:10, NA, NaN, -Inf, Inf))
pbenf(x)

## Not run:
xx = 1:9; # par(mfrow=c(2,1))
barplot(dbenf(xx), col = "lightblue", las=1, xlab="Leading digit",

ylab = "Probability", names.arg = as.character(xx),
main=paste("Benford’s distribution", sep=""))

hist(rbenf(n=1000), border = "blue", prob=TRUE,
main="1000 random variates from Benford’s distribution",
xlab="Leading digit", sub="Red is the true probability",
breaks=0:9+0.5, ylim=c(0, 0.35), xlim=c(0, 10.0))

lines(xx, dbenf(xx), col="red", type="h")
points(xx, dbenf(xx), col="red")

## End(Not run)

Benini The Benini Distribution

Description

Density, distribution function, quantile function and random generation for the Benini distribution
with parameter shape.

Usage

dbenini(x, shape, y0, log = FALSE)
pbenini(q, shape, y0)
qbenini(p, shape, y0)
rbenini(n, shape, y0)
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Arguments

x, q vector of quantiles.

p vector of probabilities.

n number of observations. Must be a positive integer of length 1.

shape the shape parameter b.

y0 the scale parameter y0.

log Logical. If log = TRUE then the logarithm of the density is returned.

Details

See benini, the VGAM family function for estimating the parameter b by maximum likelihood
estimation, for the formula of the probability density function and other details.

Value

dbenini gives the density, pbenini gives the distribution function, qbenini gives the quantile
function, and rbenini generates random deviates.

Author(s)

T. W. Yee

References

Kleiber, C. and Kotz, S. (2003) Statistical Size Distributions in Economics and Actuarial Sciences,
Hoboken, NJ: Wiley-Interscience.

See Also

benini.

Examples

## Not run:
y0 = 1; shape = exp(1)
xx = seq(0.0, 4, len = 101)
plot(xx, dbenini(xx, y0 = y0,shape = shape), type = "l", col = "blue",

main = "Blue is density, orange is cumulative distribution function",
sub = "Purple lines are the 10,20,...,90 percentiles", ylim = 0:1,
las = 1, ylab = "", xlab = "x")

abline(h = 0, col = "blue", lty = 2)
lines(xx, pbenini(xx, y0 = y0, shape = shape), col = "orange")
probs = seq(0.1, 0.9, by = 0.1)
Q = qbenini(probs, y0 = y0, shape = shape)
lines(Q, dbenini(Q, y0 = y0, shape = shape),

col = "purple", lty = 3, type = "h")
pbenini(Q, y0 = y0, shape = shape) - probs # Should be all zero

## End(Not run)
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benini Benini Distribution Family Function

Description

Estimating the parameter of the Benini distribution by maximum likelihood estimation.

Usage

benini(y0 = stop("argument ’y0’ must be specified"),
lshape = "loge", earg = list(), ishape = NULL, imethod = 1)

Arguments

y0 Positive scale parameter.

lshape Parameter link function applied to the parameter b, which is the shape parameter.
See Links for more choices. A log link is the default because b is positive.

earg List. Extra argument for the link. See earg in Links for general information.

ishape Optional initial value for the shape parameter. The default is to compute the
value internally.

imethod An integer with value 1 or 2 which specifies the initialization method. If failure
to converge occurs try the other value, or else specify a value for ishape.

Details

The Benini distribution has a probability density function that can be written

f(y) = 2b exp(−b[(log(y/y0))2]) log(y/y0)/y

for 0 < y0 < y, and b > 0. The cumulative distribution function for Y is

F (y) = 1− exp(−b[(log(y/y0))2]).

Here, Newton-Raphson and Fisher scoring coincide.

On fitting, the extra slot has a component called y0 which contains the value of the y0 argument.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm, and vgam.

Warning

The mean of Y , which are returned as the fitted values, may be incorrect.
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Details

The Felix distribution is an important basic Lagrangian distribution. The density function is

f(y; a) =
1

((y − 1)/2)!
y(y�3)/2a(y�1)/2 exp(−ay)

where y = 1, 3, 5, . . . and 0 < a < 0.5. The mean is 1/(1 − 2a) (returned as the fitted values).
Fisher scoring is implemented.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Author(s)

T. W. Yee

References

Consul, P. C. and Famoye, F. (2006) Lagrangian Probability Distributions, Boston: Birkhauser.

See Also

dfelix, borel.tanner.

Examples

fdata = data.frame(y = 2*rpois(n=200, 1) + 1) # Not real data!
fit = vglm(y ~ 1, felix, fdata, trace=TRUE, crit="c")
coef(fit, matrix=TRUE)
Coef(fit)
summary(fit)

fff F Distribution Family Function

Description

Maximum likelihood estimation of the (2-parameter) F distribution.

Usage

fff(link="loge", earg=list(), idf1=NULL, idf2=NULL, nsimEIM=100,
imethod=1, zero=NULL)
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Arguments

link Parameter link function for both parameters. See Links for more choices. The
default keeps the parameters positive.

earg List. Extra argument for the link. See earg in Links for general information.

idf1, idf2 Numeric and positive. Initial value for the parameters. The default is to choose
each value internally.

nsimEIM See CommonVGAMffArguments for more information.

imethod Initialization method. Either the value 1 or 2. If both fail try setting values for
idf1 and idf2.

zero An integer-valued vector specifying which linear/additive predictors are mod-
elled as intercepts only. The value must be from the set {1,2}, corresponding
respectively to df1 and df2. By default all linear/additive predictors are mod-
elled as a linear combination of the explanatory variables.

Details

The F distribution is named after Fisher and has a density function that has two parameters, called
df1 and df2 here. This function treats these degrees of freedom as positive reals rather than integers.
The mean of the distribution is df2/(df2 − 2) provided df2 > 2, and its variance is 2df22(df1 +
df2− 2)/(df1(df2− 2)2(df2− 4)) provided df2 > 4. The estimated mean is returned as the fitted
values. Although the F distribution can be defined to accommodate a non-centrality parameter ncp,
it is assumed zero here. Actually it shouldn’t be too difficult to handle any known ncp; something
to do in the short future.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Warning

Numerical problems will occur when the estimates of the parameters are too low or too high.

Author(s)

T. W. Yee

References

Evans, M., Hastings, N. and Peacock, B. (2000) Statistical Distributions, New York: Wiley-Interscience,
Third edition.

See Also

FDist.
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Examples

x = runif(n <- 2000)
df1 = exp(2+0.5*x)
df2 = exp(2-0.5*x)
y = rf(n, df1, df2)
fit = vglm(y ~ x, fff, trace=TRUE)
coef(fit, matrix=TRUE)

Fgm Farlie-Gumbel-Morgenstern’s Bivariate Distribution

Description

Density, distribution function, and random generation for the (one parameter) bivariate Farlie-
Gumbel-Morgenstern’s distribution.

Usage

dfgm(x1, x2, alpha, log=FALSE)
pfgm(q1, q2, alpha)
rfgm(n, alpha)

Arguments

x1, x2, q1, q2 vector of quantiles.

n number of observations. Must be a positive integer of length 1.

alpha the association parameter.

log Logical. If TRUE then the logarithm is returned.

Details

See fgm, the VGAM family functions for estimating the parameter by maximum likelihood estima-
tion, for the formula of the cumulative distribution function and other details.

Value

dfgm gives the density, pfgm gives the distribution function, and rfgm generates random deviates (a
two-column matrix).

Author(s)

T. W. Yee

See Also

fgm.
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Examples

## Not run:
N = 101
x = seq(0.0, 1.0, len=N)
alpha = 0.7
ox = expand.grid(x, x)
z = dfgm(ox[,1], ox[,2], alpha=alpha)
contour(x, x, matrix(z, N, N), col="blue")
z = pfgm(ox[,1], ox[,2], alpha=alpha)
contour(x, x, matrix(z, N, N), col="blue")

plot(r <- rfgm(n=3000, alpha=alpha), col="blue")
par(mfrow=c(1,2))
hist(r[,1]) # Should be uniform
hist(r[,2]) # Should be uniform

## End(Not run)

fgm Farlie-Gumbel-Morgenstern’s Bivariate Distribution Family Func-
tion

Description

Estimate the association parameter of Farlie-Gumbel-Morgenstern’s bivariate distribution by maxi-
mum likelihood estimation.

Usage

fgm(lapar="rhobit", earg=list(), iapar=NULL, imethod=1, nsimEIM=200)

Arguments

lapar Link function applied to the association parameter α, which is real. See Links
for more choices.

earg List. Extra argument for the link. See earg in Links for general information.

iapar Numeric. Optional initial value for α. By default, an initial value is chosen inter-
nally. If a convergence failure occurs try assigning a different value. Assigning
a value will override the argument imethod.

imethod An integer with value 1 or 2 which specifies the initialization method. If failure
to converge occurs try the other value, or else specify a value for ia.

nsimEIM See CommonVGAMffArguments for more information.
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Details

The cumulative distribution function is

P (Y1 ≤ y1, Y2 ≤ y2) = y1y2(1 + α(1− y1)(1− y2))

for −1 < α < 1. The support of the function is the unit square. The marginal distributions are the
standard uniform distributions. When α = 0 the random variables are independent.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm and vgam.

Note

The response must be a two-column matrix. Currently, the fitted value is a matrix with two columns
and values equal to 0.5. This is because each marginal distribution corresponds to a standard uni-
form distribution.

Author(s)

T. W. Yee

References

Castillo, E., Hadi, A. S., Balakrishnan, N. Sarabia, J. S. (2005) Extreme Value and Related Models
with Applications in Engineering and Science, Hoboken, N.J.: Wiley-Interscience.

See Also

rfgm, frank, morgenstern.

Examples

ymat = rfgm(n = 1000, alpha=rhobit(3, inverse=TRUE))
## Not run: plot(ymat, col="blue")
fit = vglm(ymat ~ 1, fam=fgm, trace=TRUE)
coef(fit, matrix=TRUE)
Coef(fit)
head(fitted(fit))
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fill Creates a Matrix of Appropriate Dimension

Description

A support function for the argument xij, it generates a matrix of an appropriate dimension.

Usage

fill(x, values = 0, ncolx = ncol(x))

Arguments

x A vector or matrix which is used to determine the dimension of the answer, in
particular, the number of rows. After converting x to a matrix if necessary, the
answer is a matrix of values values, of dimension nrow(x) by ncolx.

values Numeric. The answer contains these values, which are recycled columnwise if
necessary, i.e., as matrix(values, ..., byrow=TRUE).

ncolx The number of columns of the returned matrix. The default is the number of
columns of x.

Details

The xij argument for vglm allows the user to input variables specific to each linear/additive predic-
tor. For example, consider the bivariate logit model where the first/second linear/additive predictor
is the logistic regression of the first/second binary response respectively. The third linear/additive
predictor is log(OR) = eta3, where OR is the odds ratio. If one has ocular pressure as a covariate
in this model then xij is required to handle the ocular pressure for each eye, since these will be
different in general. [This contrasts with a variable such as age, the age of the person, which has a
common value for both eyes.] In order to input these data into vglm one often finds that functions
fill, fill1, etc. are useful.

All terms in the xij and formula arguments in vglm must appear in the form2 argument too.

Value

matrix(values, nrow=nrow(x), ncol=ncolx), i.e., a matrix consisting of values values, with
the number of rows matching x, and the default number of columns is the number of columns of x.

Note

The effect of the xij argument is after other arguments such as exchangeable and zero. Hence
xij does not affect constraint matrices.

Additionally, there are currently 3 other identical fill functions, called fill1, fill2 and fill3;
if you need more then assign fill4 = fill5 = fill1 etc. The reason for this is that if more than
one fill function is needed then they must be unique. For example, if M = 4 then xij = op ~
lop + rop + fill(mop) + fill(mop) would reduce to xij = op ~ lop + rop + fill(mop),
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whereas xij = op ~ lop + rop + fill1(mop) + fill2(mop) would retain all M terms, which
is needed.

In Examples 1 to 3 below, the xij argument illustrates covariates that are specific to a linear pre-
dictor. Here, lop/rop are the ocular pressures of the left/right eye in an artificial dataset, and mop is
their mean. Variables leye and reye might be the presence/absence of a particular disease on the
LHS/RHS eye respectively.

In Example 3, the xij argument illustrates fitting the (exchangeable) model where there is a com-
mon smooth function of the ocular pressure. One should use regression splines since s in vgam does
not handle the xij argument. However, regression splines such as bs and ns need to have the same
basis functions here for both functions, and Example 3 illustrates a trick involving a function BS to
obtain this, e.g., same knots. Although regression splines create more than a single column per term
in the model matrix, fill(BS(lop,rop)) creates the required (same) number of columns.

Author(s)

T. W. Yee

References

More information can be found at http://www.stat.auckland.ac.nz/~yee.

See Also

vglm.control, vglm, multinomial.

Examples

fill(runif(5))
fill(runif(5), ncol=3)
fill(runif(5), val=1, ncol=3)

# Generate eyes data for the examples below. Eyes are independent (OR=1).
nn = 1000 # Number of people
eyesdat = data.frame(lop = round(runif(nn), 2),

rop = round(runif(nn), 2),
age = round(rnorm(nn, 40, 10)))

eyesdat = transform(eyesdat,
mop = (lop + rop) / 2, # Mean ocular pressure
op = (lop + rop) / 2, # Value unimportant unless plotting

# op = lop, # Choose this if plotting
eta1 = 0 - 2*lop + 0.04*age, # Linear predictor for left eye
eta2 = 0 - 2*rop + 0.04*age) # Linear predictor for right eye

eyesdat = transform(eyesdat,
leye = rbinom(nn, size=1, prob=logit(eta1, inverse=TRUE)),
reye = rbinom(nn, size=1, prob=logit(eta2, inverse=TRUE)))

# Example 1
# All effects are linear
fit1 = vglm(cbind(leye,reye) ~ op + age,

family = binom2.or(exchangeable=TRUE, zero=3),
data=eyesdat, trace=TRUE,

http://www.stat.auckland.ac.nz/~yee
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xij = list(op ~ lop + rop + fill(lop)),
form2 = ~ op + lop + rop + fill(lop) + age)

head(model.matrix(fit1, type="lm")) # LM model matrix
head(model.matrix(fit1, type="vlm")) # Big VLM model matrix
coef(fit1)
coef(fit1, matrix=TRUE) # Unchanged with ’xij’
constraints(fit1)
max(abs(predict(fit1)-predict(fit1, new=eyesdat))) # Predicts correctly
summary(fit1)
## Not run:
plotvgam(fit1, se=TRUE) # Wrong, e.g., because it plots against op, not lop.
# So set op=lop in the above for a correct plot.

## End(Not run)

# Example 2
# Model OR as a linear function of mop
fit2 = vglm(cbind(leye,reye) ~ op + age,

binom2.or(exchangeable=TRUE, zero=NULL),
data=eyesdat, trace=TRUE,
xij = list(op ~ lop + rop + mop),
form2 = ~ op + lop + rop + mop + age)

head(model.matrix(fit2, type="lm")) # LM model matrix
head(model.matrix(fit2, type="vlm")) # Big VLM model matrix
coef(fit2)
coef(fit2, matrix=TRUE) # Unchanged with ’xij’
max(abs(predict(fit2)-predict(fit2, new=eyesdat))) # Predicts correctly
summary(fit2)
## Not run:
plotvgam(fit2, se=TRUE) # Wrong because it plots against op, not lop.

## End(Not run)

# Example 3. This model uses regression splines on ocular pressure.
# It uses a trick to ensure common basis functions.
BS = function(x, ...) bs(c(x,...), df=3)[1:length(x),,drop=FALSE] # trick

fit3 = vglm(cbind(leye,reye) ~ BS(lop,rop) + age,
family = binom2.or(exchangeable=TRUE, zero=3),
data=eyesdat, trace=TRUE,
xij = list(BS(lop,rop) ~ BS(lop,rop) +

BS(rop,lop) +
fill(BS(lop,rop))),

form2 = ~ BS(lop,rop) + BS(rop,lop) + fill(BS(lop,rop)) +
lop + rop + age)

head(model.matrix(fit3, type="lm")) # LM model matrix
head(model.matrix(fit3, type="vlm")) # Big VLM model matrix
coef(fit3)
coef(fit3, matrix=TRUE)
summary(fit3)
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fit3@smart.prediction
max(abs(predict(fit3)-predict(fit3, new=eyesdat))) # Predicts correctly
predict(fit3, new=head(eyesdat)) # Note the ’scalar’ OR, i.e., zero=3
max(abs(head(predict(fit3))-predict(fit3, new=head(eyesdat)))) # Should be 0
## Not run:
plotvgam(fit3, se=TRUE, xlab="lop") # Correct

## End(Not run)

finney44 Toxicity trial for insects

Description

A data frame of a toxicity trial.

Usage

data(finney44)

Format

A data frame with 6 observations on the following 3 variables.

pconc a numeric vector, percent concentration of pyrethrins.

hatched number of eggs that hatched.

unhatched number of eggs that did not hatch.

Details

Finney (1944) describes a toxicity trial of five different concentrations of pyrethrins (percent) plus
a control that were administered to eggs of Ephestia kuhniella. The natural mortality rate is large,
and a common adjustment is to use Abbott’s formula.

References

Finney, D. J., 1944. The application of the probit method to toxicity test data adjusted for mortality
in the controls. Annals of Applied Biology, 31, 68–74.

Abbott, W. S. (1925). A method of computing the effectiveness of an insecticide. Journal of
Economic Entomology, 18, 265–7.

Examples

data(finney44)
transform(finney44, mortality = unhatched / (hatched + unhatched))
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fisherz Fisher’s Z Link Function

Description

Computes the Fisher Z transformation, including its inverse and the first two derivatives.

Usage

fisherz(theta, earg = list(), inverse = FALSE, deriv = 0,
short = TRUE, tag = FALSE)

Arguments

theta Numeric or character. See below for further details.

earg Optional list. Extra argument for passing in additional information. Values of
theta which are less than or equal to −1 can be replaced by the bminvalue
component of the list earg before computing the link function value. Values of
theta which are greater than or equal to 1 can be replaced by the bmaxvalue
component of the list earg before computing the link function value. See Links
for general information about earg.

inverse Logical. If TRUE the inverse function is computed.

deriv Order of the derivative. Integer with value 0, 1 or 2.

short Used for labelling the blurb slot of a vglmff-class object.

tag Used for labelling the linear/additive predictor in the initialize slot of a
vglmff-class object. Contains a little more information if TRUE.

Details

The fisherz link function is commonly used for parameters that lie between −1 and 1. Numerical
values of theta close to −1 or 1 or out of range result in Inf, -Inf, NA or NaN. The arguments
short and tag are used only if theta is character.

Value

For deriv = 0, 0.5 * log((1+theta)/(1-theta)) when inverse = FALSE, and if inverse =
TRUE then (exp(2*theta)-1)/(exp(2*theta)+1).

For deriv = 1, then the function returns d theta / d eta as a function of theta if inverse =
FALSE, else if inverse = TRUE then it returns the reciprocal.

Here, all logarithms are natural logarithms, i.e., to base e.

Note

Numerical instability may occur when theta is close to −1 or 1. One way of overcoming this is to
use earg.

The link function rhobit is very similar to fisherz, e.g., just twice the value of fisherz.
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Author(s)

Thomas W. Yee

References

McCullagh, P. and Nelder, J. A. (1989) Generalized Linear Models, 2nd ed. London: Chapman &
Hall.

See Also

Links, rhobit, logit.

Examples

theta = seq(-0.99, 0.99, by=0.01)
y = fisherz(theta)
## Not run:
plot(theta, y, type="l", las=1, ylab="", main="fisherz(theta)")
abline(v=0, h=0, lty=2)

## End(Not run)

x = c(seq(-1.02, -0.98, by=0.01), seq(0.97, 1.02, by=0.01))
fisherz(x) # Has NAs
fisherz(x, earg=list(bminvalue= -1 + .Machine$double.eps,

bmaxvalue= 1 - .Machine$double.eps)) # Has no NAs

Fisk The Fisk Distribution

Description

Density, distribution function, quantile function and random generation for the Fisk distribution
with shape parameter a and scale parameter scale.

Usage

dfisk(x, a, scale=1, log=FALSE)
pfisk(q, a, scale=1)
qfisk(p, a, scale=1)
rfisk(n, a, scale=1)

Arguments

x, q vector of quantiles.

p vector of probabilities.

n number of observations. If length(n) > 1 then the length is taken to be the
number required.
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a shape parameter.

scale scale parameter.

log Logical. If log=TRUE then the logarithm of the density is returned.

Details

See fisk, which is the VGAM family function for estimating the parameters by maximum likeli-
hood estimation.

Value

dfisk gives the density, pfisk gives the distribution function, qfisk gives the quantile function,
and rfisk generates random deviates.

Note

The Fisk distribution is a special case of the 4-parameter generalized beta II distribution.

Author(s)

T. W. Yee

References

Kleiber, C. and Kotz, S. (2003) Statistical Size Distributions in Economics and Actuarial Sciences,
Hoboken, NJ: Wiley-Interscience.

See Also

fisk, genbetaII.

Examples

y = rfisk(n=1000, 4, 6)
fit = vglm(y ~ 1, fisk, trace=TRUE, crit="c")
coef(fit, mat=TRUE)
Coef(fit)

fisk Fisk Distribution family function

Description

Maximum likelihood estimation of the 2-parameter Fisk distribution.

Usage

fisk(link.a = "loge", link.scale = "loge", earg.a=list(),
earg.scale=list(), init.a = NULL, init.scale = NULL, zero = NULL)
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Arguments

link.a, link.scale

Parameter link functions applied to the (positive) parameters a and scale. See
Links for more choices.

earg.a, earg.scale

List. Extra argument for each of the links. See earg in Links for general infor-
mation.

init.a, init.scale

Optional initial values for a and scale.

zero An integer-valued vector specifying which linear/additive predictors are mod-
elled as intercepts only. Here, the values must be from the set {1,2} which
correspond to a, scale, respectively.

Details

The 2-parameter Fisk (aka log-logistic) distribution is the 4-parameter generalized beta II distribu-
tion with shape parameter q = p = 1. It is also the 3-parameter Singh-Maddala distribution with
shape parameter q = 1, as well as the Dagum distribution with p = 1. More details can be found in
Kleiber and Kotz (2003).

The Fisk distribution has density

f(y) = aya�1/[ba{1 + (y/b)a}2]

for a > 0, b > 0, y > 0. Here, b is the scale parameter scale, and a is a shape parameter. The
cumulative distribution function is

F (y) = 1− [1 + (y/b)a]�1 = [1 + (y/b)�a]�1.

The mean is
E(Y ) = bΓ(1 + 1/a) Γ(1− 1/a)

provided a > 1.

Value

An object of class "vglmff" (see vglmff-class). The object is used by modelling functions such
as vglm, and vgam.

Note

If the self-starting initial values fail, try experimenting with the initial value arguments, especially
those whose default value is not NULL.

Author(s)

T. W. Yee

References

Kleiber, C. and Kotz, S. (2003) Statistical Size Distributions in Economics and Actuarial Sciences,
Hoboken, NJ: Wiley-Interscience.



fittedvlm 219

See Also

Fisk, genbetaII, betaII, dagum, sinmad, invlomax, lomax, paralogistic, invparalogistic.

Examples

y = rfisk(n=200, 4, 6)
fit = vglm(y ~ 1, fisk, trace=TRUE)
fit = vglm(y ~ 1, fisk(init.a=3.3), trace=TRUE, crit="c")
coef(fit, mat=TRUE)
Coef(fit)
summary(fit)

fittedvlm Fitted Values of a VLM object

Description

Extractor function for the fitted values of a model object that inherits from a vector linear model
(VLM), e.g., a model of class "vglm".

Usage

fittedvlm(object, matrix.arg = TRUE, ...)

Arguments

object a model object that inherits from a VLM.
matrix.arg Logical. Return the answer as a matrix? If FALSE then it will be a vector.
... Currently unused.

Details

The “fitted values” usually corresponds to the mean response, however, because the VGAM pack-
age fits so many models, this sometimes refers to quantities such as quantiles. The mean may even
not exist, e.g., for a Cauchy distribution.

Value

The fitted values as returned by the inverse slot of the VGAM family function, evaluated at the
final IRLS iteration.

Note

This function is one of several extractor functions for the VGAM package. Others include coef,
deviance, weights and constraints etc. This function is equivalent to the methods function for
the generic function fitted.values.

If fit is a VLM or VGLM then fitted(fit) and predict(fit, type="response") should be
equivalent. The latter has the advantage in that it handles a newdata argument so that the fitted
values can be computed for a different data set.
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Author(s)

Thomas W. Yee

References

Chambers, J. M. and T. J. Hastie (eds) (1992) Statistical Models in S. Wadsworth & Brooks/Cole.

See Also

fitted, predictvglm, vglmff-class.

Examples

# Categorical regression example 1
pneumo = transform(pneumo, let = log(exposure.time))
(fit = vglm(cbind(normal, mild, severe) ~ let, propodds, pneumo))
fitted(fit)

# LMS quantile regression example 2
fit = vgam(BMI ~ s(age, df = c(4,2)),

fam = lms.bcn(zero = 1), data = bminz, trace = TRUE)
head(predict(fit, type = "r")) # The following three are equal
head(fitted(fit))
predict(fit, type = "r", newdata = head(bminz))

Fnorm The Folded-Normal Distribution

Description

Density, distribution function, quantile function and random generation for the (generalized) folded-
normal distribution.

Usage

dfnorm(x, mean=0, sd=1, a1=1, a2=1)
pfnorm(q, mean=0, sd=1, a1=1, a2=1)
qfnorm(p, mean=0, sd=1, a1=1, a2=1, ...)
rfnorm(n, mean=0, sd=1, a1=1, a2=1)

Arguments

x, q vector of quantiles.
p vector of probabilities.
n number of observations. Must be a positive integer of length 1.
mean, sd see rnorm.
a1, a2 see fnormal1.
... Arguments that can be passed into uniroot.
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pbetageom (Betageom), 56
pbetanorm (Betanorm), 61
pbilogis4 (bilogis4), 64
pbinom, 473, 668
pbisa, 84
pbisa (Bisa), 81
pcard (Card), 108
pdagum (Dagum), 159
peexp (Expectiles-Exponential), 183
penorm (Expectiles-Normal), 185
persp, 448, 449
perspqrrvglm, 149, 382, 447, 592
peunif (Expectiles-Uniform), 187
pexpgeom (expgeom), 193
pexplog (explog), 197
pexppois (exppois), 201
pfgm (Fgm), 208
pfisk (Fisk), 216
pfnorm (Fnorm), 220
pfrank (Frank), 223
pfrechet (Frechet), 226
pgengamma (gengammaUC), 249
pgenray (genray), 252
pgev (gevUC), 261
pgpd (gpdUC), 269
pgumbel (gumbelUC), 280
phuber (dhuber), 172
phzeta (Hzeta), 298
pinv.gaussian (Inv.gaussian), 304
pinvlomax (Invlomax), 308
pinvparalogistic (Invparalogistic), 311
pkoenker (Expectiles-Koenker), 184
pkumar (Kumar), 317
Plackett, 450
plackett, 450, 451, 451
plaplace (laplaceUC), 323
plgamma (lgammaUC), 332
plino (Lino), 336
plog (Log), 348
ploglap (loglapUC), 362
plomax (Lomax), 372
plot, 282, 396, 448, 458, 459, 594
plot.window, 459
plotdeplot.lmscreg, 166, 167, 453
plotqrrvglm, 454
plotqtplot.lmscreg, 456, 507
plotrcam0, 274, 411, 458, 518
plotvgam, 460, 463, 464, 542, 610, 612, 619,

622
plotvgam.control, 461, 462, 462
pmaxwell (Maxwell), 389
pnaka (Nakagami), 417
pneumo, 18, 155, 157, 158, 464, 572
pnorm, 83, 180, 181, 222, 482
poisson, 204, 466
poissonff, 36, 88, 104, 120, 121, 146, 147,

149, 201, 252, 274, 308, 405, 425,
426, 434, 435, 465, 468, 469, 472,
486, 504, 509, 511, 522, 561, 598,
599, 610, 619, 651

poissonp, 466, 467
polf, 156, 158, 265, 334, 422, 435, 466, 468
Polono, 470
poly, 257, 387, 567, 569
polya (negbinomial), 423
Posbinom, 472
posbinomial, 78, 142, 288, 289, 473, 474, 670
Posnegbin, 476
posnegbinomial, 426, 477, 477, 486, 657, 661
Posnorm, 480
posnormal1, 429, 480, 481, 481, 584
Pospois, 483, 486
pospoisson, 479, 484, 485, 651, 660, 661
powl, 304, 334, 486, 526
pparalogistic (Paralogistic), 436
ppareto (Pareto), 439
pparetoI (ParetoIV), 443
pparetoII (ParetoIV), 443
pparetoIII (ParetoIV), 443
pparetoIV (ParetoIV), 443
pplack (Plackett), 450
ppolono (Polono), 471
pposbinom (Posbinom), 472
pposnegbin (Posnegbin), 476
pposnorm (Posnorm), 480
ppospois (Pospois), 483
prayleigh (Rayleigh), 514
predict, 95, 96, 491
predict.bs, 568
predict.lm, 552, 553
predict.poly, 568
predictqrrvglm, 149, 488
predictvglm, 220, 408, 410, 488, 489, 620
prentice74, 249, 331, 333, 491
print,SurvS4-method (SurvS4-class), 577
print.SurvS4 (SurvS4), 575
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TDist, 574
terms, 542, 612, 619, 622
Tikuv, 578
tikuv, 578, 579, 579
title, 448, 449, 505, 534, 594, 595
Tobit, 581
tobit, 119, 163, 429, 483, 581, 582, 582
Tol, 388, 433, 585
toxop, 170, 587
Tpareto, 442, 588
tpareto1, 588
tpareto1 (pareto1), 441
Triangle, 589, 591
triangle, 589, 590, 590
trplot, 379, 591
trplot.qrrvglm, 149, 592, 593
TypicalVGAMfamilyFunction, 11, 335
TypicalVGAMfamilyFunction

(CommonVGAMffArguments), 140
TypicalVGAMlinkFunction (Links), 333

ugss, 595
uniroot, 34, 220, 221, 418, 578
uqo, 98, 149, 335, 596, 600, 602, 603
uqo.control, 597–599, 600
uscrime, 603
usgrain, 537, 605

vector, 577
venice, 124, 261, 277, 283, 606
venice90 (venice), 606
VGAM (VGAM-package), 10
vgam, 10, 11, 13–16, 18, 22, 28, 29, 32, 34, 36,

43, 45, 55, 58, 60, 63, 66, 70, 75, 77,
79, 83, 85, 88, 102, 110, 114, 117,
119, 120, 124, 126, 142, 144, 154,
157, 161, 162, 166, 174, 176, 178,
182, 190, 192, 195, 199, 201, 203,
206, 207, 210, 212, 218, 222, 225,
228, 230, 234, 235, 237, 239, 240,
244, 245, 247, 248, 252, 254, 256,
260, 265, 268, 276, 279, 286, 289,
296, 297, 300, 306, 308, 310, 313,
316, 319, 322, 325, 329, 331, 335,
338, 341, 343, 344, 347, 353, 355,
360, 365, 366, 370, 374–378, 387,
391, 392, 395, 399, 401, 403, 405,
407, 413, 415, 420, 421, 425, 428,
434, 438, 442, 446, 452, 456, 462,

465, 467, 469, 475, 479, 482, 485,
492, 495, 505, 506, 508, 510, 516,
524, 527, 532, 533, 536, 539,
549–551, 555, 558, 561, 562, 565,
569, 572, 574, 580, 583, 591, 608,
614–616, 620, 629, 631, 636, 638,
640, 651, 654, 657, 660, 667, 670,
673, 677, 680, 683, 686

vgam-class, 20, 282, 396, 460, 610, 623
vgam-class, 611
VGAM-package, 10
vgam.control, 105, 608–610, 614, 614
vglm, 10, 11, 13–16, 18, 22, 28, 29, 32, 34, 36,

43, 45, 49, 50, 52, 53, 55, 58, 60, 63,
66, 70, 75, 77, 79, 83, 85, 88, 92, 94,
110, 114, 117, 119, 120, 124, 126,
132, 142, 144, 149, 154, 157, 161,
162, 166, 168, 170, 174, 176, 178,
182, 190, 192, 195, 199, 201, 203,
206, 207, 210–212, 218, 222, 225,
228, 230, 234, 235, 237, 239, 240,
242, 244, 245, 247, 248, 252, 254,
256, 260, 265, 268, 272, 274, 276,
279, 286, 289, 296, 297, 300, 306,
308, 310, 313, 316, 319, 322, 325,
329, 331, 335, 338, 341, 344, 347,
353, 355, 360, 365, 366, 370,
374–378, 386, 387, 391, 392, 395,
399, 401, 403, 405, 407, 413, 415,
420, 421, 425, 426, 428, 434, 438,
442, 446, 452, 456, 462, 465, 467,
469, 475, 479, 482, 485, 491, 492,
495, 505, 506, 508, 510–513, 516,
524, 527, 532–534, 536–540, 546,
549–551, 555, 558, 561, 562, 565,
569, 572, 574, 576, 577, 580, 583,
591, 608–610, 613–615, 616, 616,
623, 626, 629, 631, 636, 638, 640,
641, 651, 654, 657, 660, 667, 670,
673, 677, 680, 683, 686

vglm-class, 20, 145, 282, 396, 539, 540, 543,
613, 614, 619, 620, 622

vglm-class, 621
vglm.control, 10, 71, 212, 263, 274, 289,

415, 461, 503, 542, 545, 546, 612,
616–621, 624, 680

vglmff-class, 13–16, 18, 19, 22, 28, 29, 32,
34, 36, 43, 45, 49, 52, 55, 58, 60, 63,
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66, 70, 75, 77, 79, 83, 85, 88, 92, 94,
101, 110, 111, 114, 119, 120, 124,
126, 129, 142, 144, 146, 154, 157,
161, 162, 170, 174, 176, 178, 182,
190, 192, 195, 196, 199, 201, 203,
206, 207, 210, 215, 218, 220, 222,
225, 228, 230, 231, 234, 235, 237,
239, 240, 242, 245, 247, 248, 252,
254, 256, 260, 264, 268, 273, 276,
279, 286, 289, 296, 297, 300, 302,
303, 306, 308, 310, 313, 316, 319,
322, 325, 329, 331, 334, 338, 341,
344, 347, 350, 351, 353, 355, 357,
360, 365–367, 370, 371, 374, 376,
391, 392, 395, 399, 401, 403, 405,
407, 413, 415, 420, 421, 425, 428,
434, 438, 442, 446, 452, 465, 467,
469, 475, 479, 482, 485, 487, 492,
493, 495, 508, 510, 516, 524, 525,
527, 528, 532, 533, 536, 540, 543,
551, 555, 558, 561, 562, 565, 572,
574, 580, 583, 591, 608, 610, 614,
616, 620, 623, 631, 636, 638, 641,
651, 654, 657, 660, 667, 670, 673,
677, 680, 683, 686

vglmff-class, 627
vonmises, 110, 630
vsmooth.spline, 10, 21, 343, 550, 610, 616,

632

waitakere, 293, 634
wald, 305, 306, 636
weibull, 191, 637
weightsvglm, 619, 639
wffc, 641, 642, 644, 645, 647, 648
wffc.indiv, 642, 643, 644, 648
wffc.nc, 165, 642, 643, 645
wffc.P1, 643
wffc.P1 (wffc.points), 646
wffc.P1star (wffc.points), 646
wffc.P2 (wffc.points), 646
wffc.P2star (wffc.points), 646
wffc.P3 (wffc.points), 646
wffc.P3star (wffc.points), 646
wffc.points, 646
wffc.teams, 642–644, 647
wrapup.smart, 569, 648

yeo.johnson, 649

yip88, 650, 660, 686, 687
Yules, 652
yulesimon, 652, 653, 653

Zanegbin, 654
zanegbinomial, 477, 479, 655, 656, 677
Zapois, 658
zapoisson, 484, 651, 659, 659, 687
zero, 145, 662
Zeta, 663
zeta, 299, 300, 327, 664, 664, 667
zetaff, 299, 300, 664, 665, 666, 683
Zibinom, 668
zibinomial, 78, 668, 669, 669
Zigeom, 671
zigeometric, 256, 672, 673
Zinegbin, 674, 678
zinegbinomial, 141, 426, 540, 657, 675, 676,

687
zipebcom, 71, 678, 687
Zipf, 681
zipf, 667, 682, 682
Zipois, 651, 684, 687
zipoisson, 272, 273, 466, 485, 486, 540, 651,

657, 660, 661, 677, 679, 681, 685,
685

zipoissonff, 272, 273
zipoissonff (zipoisson), 685


	VGAM-package
	AA.Aa.aa
	AB.Ab.aB.ab
	AB.Ab.aB.ab2
	ABO
	acat
	AICvlm
	alaplace
	alaplaceUC
	Amh
	amh
	amlbinomial
	amlexponential
	amlnormal
	amlpoisson
	auuc
	backPain
	Benford
	Benini
	benini
	beta.ab
	Betabinom
	betabinomial
	betabinomial.ab
	betaff
	Betageom
	betageometric
	betaII
	Betanorm
	betaprime
	bilogis4
	bilogistic4
	Binom2.or
	binom2.or
	Binom2.rho
	binom2.rho
	binomialff
	binormal
	biplot-methods
	Bisa
	bisa
	bivgamma.mckay
	bminz
	borel.tanner
	Bort
	Brat
	brat
	bratt
	calibrate
	calibrate-methods
	calibrate.qrrvglm
	calibrate.qrrvglm.control
	cao
	cao.control
	Card
	cardioid
	cauchit
	cauchy
	ccoef
	ccoef-methods
	cdf.lmscreg
	cennormal1
	cenpoisson
	cgo
	cgumbel
	chestnz
	chisq
	clo
	cloglog
	coalminers
	Coef
	Coef.qrrvglm
	Coef.qrrvglm-class
	Coef.rrvglm
	Coef.rrvglm-class
	Coef.vlm
	CommonVGAMffArguments
	constraints
	cqo
	crashes
	cratio
	cumulative
	Dagum
	dagum
	dcennormal1
	DeLury
	deplot.lmscreg
	depvar
	dexpbinomial
	dhuber
	dirichlet

