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1 Introduction

The current report reproduces the numerical results and figures in the main text. The
outputs have been produced using R version 3.5.1 (R Core Team, 2018) and the package
brglm2 (Kosmidis, 2018).

The code chunk below checks for any installed versions and installs the brglm2 R package
for mean and median bias reduction in generalized linear models, and loads the R packages
that are used for the reproduction of numerical results in the main text.

brglm2_version <- try(packageVersion("brglm2"), silent = TRUE)

if (!inherits(brglm2_version, "try-error")) {
if (brglm2_version < "0.2") {

devtools::install_github("ikosmidis/brglm2")

}
}
library("brglm2")

library("MASS")

library("survival")

library("ggplot2")

library("dplyr")

We also provide code to reproduce all model fits and simulation results in the main text.
The R scripts to carry out the simulation experiments, and the results from those are provided
in the glmbias code+results.zip archive. res dir is the directory where the contents of
the archive are and needs to be set appropriately.

res_dir <- "~/Repositories/glmbias/text/supplementary/glmbias_code+results"

2 Gamma regression model for blood clotting times

This section provides the R code that reproduces the numerical results of Example 1 and
Section 5.2 of the paper.

The code chunk below reproduces the reported estimates in Example 1.1 and Table 5 of
the main text

## clotting data

clotting <- data.frame(

u = c(5,10,15,20,30,40,60,80,100, 5,10,15,20,30,40,60,80,100),

conc = c(118,58,42,35,27,25,21,19,18,69,35,26,21,18,16,13,12,12),

lot = factor(c(rep(1, 9), rep(2, 9))))

## maximum likelihood fit

clot_ML <- glm(conc~lot*log(u), data = clotting, family = Gamma(link="log"),

method="brglmFit",type="ML")

d2afuns <- enrichwith::enrich(clot_ML$family, with = c("d1afun", "d2afun",
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"d3afun", "d1variance"))$d2afun

weights <- as.vector(clot_ML$prior.weights)

clot_ml <- summary(clot_ML)

zetas <- -weights/clot_ml$dispersion

resml <- cbind(t(clot_ml$coefficients[,1:2]),

precision=c(clot_ml$dispersion,

sqrt((2*clot_ml$dispersion^4)/

sum(weights^2*d2afuns(zetas), na.rm = TRUE))) )

round(resml, 3)

## (Intercept) lot2 log(u) lot2:log(u) precision

## Estimate 5.503 -0.584 -0.602 0.034 0.017

## Std. Error 0.161 0.228 0.047 0.066 0.006

## mean bias-reduced fit

clot_meanBR <- update(clot_ML, method = "brglmFit", type = "AS_mean")

clot_meanBR <- summary(clot_meanBR)

zetas <- -weights/clot_meanBR$dispersion

resmeanBR <- cbind(t(clot_meanBR$coefficients[,1:2]),

precision=c(clot_meanBR$dispersion,

sqrt((2*clot_meanBR$dispersion^4)/

sum(weights^2*d2afuns(zetas), na.rm = TRUE))))

round(resmeanBR, 3)

## (Intercept) lot2 log(u) lot2:log(u) precision

## Estimate 5.507 -0.584 -0.602 0.034 0.022

## Std. Error 0.183 0.258 0.053 0.075 0.007

## median bias-reduced fit

clot_medianBR <- update(clot_ML, method = "brglmFit", type = "AS_median")

clot_medianBR <- summary(clot_medianBR)

zetas <- -weights/clot_medianBR$dispersion

resmedianBR <- cbind(t(clot_medianBR$coefficients[,1:2]),

precision=c(clot_medianBR$dispersion,

sqrt((2*clot_medianBR$dispersion^4)/

sum(weights^2*d2afuns(zetas), na.rm = TRUE))))

round(resmedianBR, 3)

## (Intercept) lot2 log(u) lot2:log(u) precision

## Estimate 5.505 -0.584 -0.602 0.034 0.024

## Std. Error 0.187 0.265 0.054 0.077 0.008

## mixed bias-reduced fit

clot_mixed <- update(clot_ML, method = "brglmFit", type = "AS_mixed")

clot_mixed <- summary(clot_mixed)

zetas <- -weights/clot_mixed$dispersion

resmixed <- cbind(t(clot_mixed$coefficients[,1:2]),

precision=c(clot_mixed$dispersion,

sqrt((2*clot_mixed$dispersion^4)/

sum(weights^2*d2afuns(zetas), na.rm = TRUE))))

round(resmixed, 3)

## (Intercept) lot2 log(u) lot2:log(u) precision

## Estimate 5.507 -0.584 -0.602 0.034 0.024

## Std. Error 0.187 0.265 0.054 0.077 0.008

The following code chunk uses the image file clotting simulation results.rda to re-
produce Table 1 and Table 6 of the main text. clotting simulation results.rda results
by running the script glmbias gamma simulation.R which is available in the supplementary
code archive.
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load(paste(res_dir, "clotting_simulation_results.rda", sep = "/"))

out <- rbind(mle, meanBR, medianBR, meanmixed)

rmse <- sqrt(out[,1]^2+out[,2]^2)

out[,2] <- rmse

round(out * 100, 2)

## [,1] [,2] [,3] [,4] [,5] [,6]

## (Intercept) -0.33 16.15 0.04 50.42 12.87 89.26

## lot2 0.36 23.09 0.02 49.61 18.46 88.87

## log(u) 0.06 4.69 0.01 49.73 3.74 89.62

## lot2:log(u) -0.11 6.71 0.03 50.51 5.36 88.78

## dispersion -0.38 0.65 54.13 78.77 0.55 69.26

## (Intercept) -0.04 16.15 0.00 49.65 12.87 93.12

## lot2 0.36 23.09 0.02 49.59 18.46 92.69

## log(u) 0.02 4.69 0.00 49.92 3.74 93.08

## lot2:log(u) -0.11 6.71 0.03 50.50 5.36 92.26

## dispersion 0.00 0.67 0.00 55.00 0.53 86.22

## (Intercept) -0.15 16.15 0.01 49.93 12.87 93.67

## lot2 0.36 23.09 0.02 49.60 18.46 93.27

## log(u) 0.03 4.69 0.01 49.88 3.74 93.73

## lot2:log(u) -0.11 6.71 0.03 50.50 5.36 93.05

## dispersion 0.09 0.71 1.67 49.99 0.55 88.44

## (Intercept) -0.02 16.15 0.00 49.65 12.87 93.66

## lot2 0.36 23.09 0.02 49.59 18.46 93.28

## log(u) 0.02 4.69 0.00 49.95 3.74 93.71

## lot2:log(u) -0.11 6.71 0.03 50.50 5.36 93.06

## dispersion 0.09 0.71 1.68 49.93 0.55 88.45

3 Mixed adjustments for dispersion models

This section provides the R code that reproduces the figures in Table 4 of the main text.

load(paste(res_dir, "mixed_invariance_simulation_results.rda", sep = "/"))

round(cbind(eps_cont, cont_probs, eps_phi, disp_probs), digits = 3)

## eps_cont ML mean BR median BR mixed eps_phi ML mean BR median BR

## [1,] 0.01 0 0 0.656 0 0.02 0 0.978 0

## [2,] 0.02 0 0 0.162 0 0.04 0 0.771 0

## [3,] 0.03 0 0 0.034 0 0.06 0 0.454 0

## [4,] 0.04 0 0 0.010 0 0.08 0 0.181 0

## [5,] 0.05 0 0 0.003 0 0.10 0 0.061 0

## mixed

## [1,] 0

## [2,] 0

## [3,] 0

## [4,] 0

## [5,] 0

4 Logistic regression for infant birth weights

This section provides the R code that reproduces the numerical results of Section 5.3 of the
paper.

The code chunk below reproduces the figures in Table 7 of the main text.

## Prepare the birth weight data set

bwt <- with(birthwt, {
age <- age

racewhite <- ifelse(race==1,1,0)
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smoke <- smoke

ptl <- ifelse(ptl>0,1,0)

ptd <- factor(ptl > 0)

ht <- ht

loglwt <- log(lwt)

data.frame(normwt = 1-low, age, racewhite, smoke, ptl,ht,loglwt,ftv)

})
bwt <- subset(bwt, subset = (ftv==0), select= -c(ftv))

## maximum likelihood fit

bwt_ml <- glm(normwt ~ ., family = binomial, data = bwt)

round(t(summary(bwt_ml)$coefficients[, 1:2]), 3)

## (Intercept) age racewhite smoke ptl ht loglwt

## Estimate -8.496 -0.067 0.690 -0.560 -1.603 -1.211 2.262

## Std. Error 5.826 0.053 0.566 0.576 0.697 0.924 1.252

## mean bias-reduced fit ##

bwt_br <- update(bwt_ml, method = "brglmFit", type = "AS_mean")

round(t(summary(bwt_br)$coefficients[, 1:2]), 3)

## (Intercept) age racewhite smoke ptl ht loglwt

## Estimate -7.401 -0.061 0.622 -0.531 -1.446 -1.104 1.998

## Std. Error 5.664 0.052 0.552 0.564 0.680 0.901 1.216

## median bias-reduced fit ##

bwt_mbr <- update(bwt_ml, method = "brglmFit", type = "AS_median")

round(t(summary(bwt_mbr)$coefficients[, 1:2]), 3)

## (Intercept) age racewhite smoke ptl ht loglwt

## Estimate -7.641 -0.062 0.638 -0.538 -1.481 -1.134 2.059

## Std. Error 5.717 0.053 0.557 0.568 0.681 0.906 1.228

The code chunk below uses the image file birth weight simulation results.rda to
reproduce the figures in Table 8 of the main text. birth weight simulation results.rda
results by running the script glmbias logistic simulation.R which is available in the sup-
plementary code archive.

load(paste(res_dir, "birth_weight_simulation_results.rda", sep = "/"))

t(round(bias.beta, 2))

## [,1] [,2] [,3] [,4] [,5] [,6] [,7]

## ml -1.42 -0.01 0.09 -0.03 -0.20 -0.12 0.34

## br -0.08 0.00 0.01 0.00 -0.01 0.00 0.02

## mbr -0.38 0.00 0.03 -0.01 -0.07 -0.04 0.09

t(round(bias.psi, 2))

## [,1] [,2] [,3] [,4] [,5] [,6] [,7]

## ml 183.50 0 0.75 0.12 0.02 0.18 57.50

## br 47.17 0 0.41 0.11 0.05 0.17 18.75

## mbr 56.66 0 0.50 0.11 0.04 0.21 23.74

t(round(sqrt(mse.beta),2))

## [,1] [,2] [,3] [,4] [,5] [,6] [,7]

## ml 6.86 0.06 0.66 0.66 0.82 1.11 1.49

## br 5.94 0.05 0.58 0.59 0.72 0.94 1.28

## mbr 6.11 0.06 0.60 0.61 0.78 1.01 1.32

t(round(PU * 100, 1))

## [,1] [,2] [,3] [,4] [,5] [,6] [,7]

## ml 56.1 53.2 46.4 51.4 57.4 53.5 43.1

## br 48.2 49.2 51.3 49.6 48.1 48.9 52.2

## mbr 50.0 49.6 49.9 49.9 50.6 50.3 50.0
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t(round(coverage * 100, 1))

## [,1] [,2] [,3] [,4] [,5] [,6] [,7]

## ml 94.8 94.8 94.5 94.7 96.4 96.6 94.6

## br 96.3 96.2 96.0 96.2 97.2 98.1 96.1

## mbr 96.1 96.0 95.8 95.9 97.0 97.8 96.0

5 Logistic regression for the link between sterility and abor-
tion

This section provides the R code that reproduces the numerical results of Section 5.4 of the
paper.

The code chunk below reproduces the results in Table 9 of the main text.

data("infert")

infert0 <- infert

infert0$spontaneous <- factor(infert0$spontaneous)

infert0$induced <- factor(infert0$induced)

infert0$stratum <- factor(infert0$stratum)

## glm with subject-specific parameter

mml <- glm(case ~ -1 + stratum + spontaneous + induced,

family = binomial, data = infert0)

sml <- summary(mml)$coef[83 + (1:4), ]

## conditional likelihood

mcl <- clogit(case ~ spontaneous + induced + strata(stratum),

data = infert0, method = "exact")

scl <- summary(mcl)$coef[, c(1, 3)]

## mean bias reduction

mbr <- update(mml, method = 'brglmFit', type = 'AS_mean')

sbr <- summary(mbr)$coef[83 + (1:4), ]

## median bias reduction

mmbr <- update(mml, method = 'brglmFit', type = 'AS_median')

smbr <- summary(mmbr)$coef[83 + (1:4), ]

round(rbind(t(sml[1:4, 1:2]),

t(scl[1:4, 1:2]),

t(sbr[1:4, 1:2]),

t(smbr[1:4, 1:2])), 3)

## spontaneous1 spontaneous2 induced1 induced2

## Estimate 3.268 6.441 2.112 4.418

## Std. Error 0.592 0.955 0.587 0.948

## coef 2.044 3.935 1.386 2.819

## se(coef) 0.453 0.725 0.463 0.735

## Estimate 2.055 3.954 1.305 2.714

## Std. Error 0.472 0.708 0.474 0.744

## Estimate 2.083 3.997 1.330 2.760

## Std. Error 0.478 0.713 0.482 0.754

6 Primary food choices of alligators

This section provides the R code that reproduces the numerical results of Section 6.3 of the
paper.

The code chunk below reproduces the results in Table 10 of the main text.
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data("alligators", package = "brglm2")

all_ml <- brmultinom(foodchoice ~ size + lake , weights = freq,

data = alligators,

ref = 1,

type = "ML")

all_mean <- update(all_ml, type = "AS_mean")

all_median <- update(all_ml, type = "AS_median")

agresti_contrasts <- list(

lake = contr.treatment(levels(alligators$lake), base = 4),

size = contr.treatment(levels(alligators$size), base = 2))

## Contrasts matrix

mat <- cbind(c(1, 1, 1, 0, 0), c(0, -1, 0, 0, 0), c(0, 0, -1, 1, 0),

c(0, 0, -1, 0, 1), c(0, 0, -1, 0, 0))

all_median_agresti <- brmultinom(foodchoice ~ size + lake , weights = freq,

data = alligators,

contrasts = agresti_contrasts,

ref = 1,

type = "AS_median")

median_gamma <- summary(all_median_agresti)$coefficients %*% mat

colnames(median_gamma) <- colnames(coef(all_ml))

kmat <- kronecker(diag(4), mat)

median_gamma_se <- matrix(sqrt(diag(t(kmat) %*% vcov(all_median_agresti) %*% kmat)),

ncol = 5, byrow = TRUE)

dimnames(median_gamma_se) <- dimnames(coef(all_ml))

round(summary(all_ml)$coefficients, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.75 -1.46 2.60 2.78 1.66

## Reptile -2.42 0.35 1.22 1.69 -1.24

## Bird -2.03 0.63 -1.35 0.39 -0.70

## Other -0.75 -0.33 -0.82 0.69 -0.83

round(summary(all_ml)$standard.errors, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.54 0.40 0.66 0.67 0.61

## Reptile 0.64 0.58 0.79 0.78 1.19

## Bird 0.56 0.64 1.16 0.78 0.78

## Other 0.35 0.45 0.73 0.56 0.56

round(summary(all_mean)$coefficients, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.65 -1.40 2.46 2.64 1.56

## Reptile -2.25 0.32 1.12 1.58 -0.98

## Bird -1.90 0.58 -1.04 0.40 -0.62

## Other -0.72 -0.31 -0.72 0.67 -0.78

round(summary(all_mean)$standard.errors, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.52 0.40 0.65 0.66 0.60

## Reptile 0.61 0.56 0.76 0.75 1.02

## Bird 0.54 0.61 1.01 0.76 0.74

## Other 0.35 0.44 0.71 0.56 0.55

round(summary(all_median)$coefficients, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.71 -1.41 2.51 2.69 1.61

## Reptile -2.33 0.34 1.16 1.62 -1.12

## Bird -1.96 0.60 -1.20 0.39 -0.66

## Other -0.73 -0.32 -0.77 0.67 -0.80
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round(summary(all_median)$standard.errors, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.53 0.40 0.65 0.67 0.61

## Reptile 0.62 0.57 0.77 0.76 1.10

## Bird 0.54 0.62 1.08 0.77 0.76

## Other 0.35 0.44 0.71 0.56 0.55

round(median_gamma, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.70 -1.41 2.52 2.70 1.61

## Reptile -2.35 0.34 1.16 1.62 -1.12

## Bird -1.97 0.60 -1.21 0.39 -0.66

## Other -0.73 -0.32 -0.78 0.67 -0.80

round(median_gamma_se, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.53 0.39 0.65 0.66 0.61

## Reptile 0.63 0.57 0.77 0.77 1.11

## Bird 0.55 0.63 1.09 0.77 0.76

## Other 0.35 0.45 0.72 0.56 0.55

The figures in Table 11 of the main text are obtained as

all_half <- within(alligators, freq <- round(freq/2))

all_ml <- update(all_ml, data = all_half)

all_mean <- update(all_ml, type = "AS_mean")

all_median <- update(all_ml, type = "AS_median")

all_median_agresti <- update(all_median_agresti, data = all_half)

median_gamma <- summary(all_median_agresti)$coefficients %*% mat

colnames(median_gamma) <- colnames(coef(all_ml))

median_gamma_se <- matrix(sqrt(diag(t(kmat) %*% vcov(all_median_agresti) %*% kmat)),

ncol = 5, byrow = TRUE)

dimnames(median_gamma_se) <- dimnames(coef(all_ml))

round(summary(all_ml)$coefficients, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.83 -1.55 2.66 2.81 1.64

## Reptile -3.39 1.40 1.13 1.44 -133.35

## Bird -2.31 0.66 -133.70 0.58 -0.78

## Other -0.82 -0.04 -1.35 0.28 -1.25

round(summary(all_ml)$standard.errors, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.76 0.59 0.94 0.95 0.87

## Reptile 1.25 1.19 1.29 1.29 22369621.33

## Bird 0.86 1.03 23726566.41 1.16 1.29

## Other 0.49 0.67 1.18 0.81 0.88

round(summary(all_mean)$coefficients, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.64 -1.43 2.40 2.54 1.46

## Reptile -2.76 1.08 0.93 1.22 -1.24

## Bird -2.02 0.55 -1.30 0.57 -0.57

## Other -0.76 -0.03 -1.03 0.29 -1.08

round(summary(all_mean)$standard.errors, 2)
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## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.72 0.59 0.91 0.92 0.84

## Reptile 1.00 0.96 1.15 1.15 1.71

## Bird 0.78 0.90 1.70 1.08 1.12

## Other 0.49 0.66 1.06 0.81 0.84

round(summary(all_median)$coefficients, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.76 -1.45 2.48 2.62 1.54

## Reptile -3.00 1.23 1.02 1.31 -2.04

## Bird -2.15 0.59 -2.17 0.56 -0.67

## Other -0.79 -0.04 -1.19 0.28 -1.16

round(summary(all_median)$standard.errors, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.74 0.59 0.93 0.93 0.86

## Reptile 1.08 1.03 1.18 1.18 2.45

## Bird 0.81 0.95 2.49 1.11 1.19

## Other 0.49 0.66 1.11 0.81 0.86

round(median_gamma, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate -1.74 -1.45 2.50 2.64 1.54

## Reptile -3.12 1.24 1.03 1.32 -2.05

## Bird -2.15 0.60 -2.20 0.55 -0.67

## Other -0.79 -0.03 -1.20 0.27 -1.16

round(median_gamma_se, 2)

## (Intercept) size>2.3 lakeOklawaha lakeTrafford lakeGeorge

## Invertebrate 0.74 0.58 0.92 0.93 0.85

## Reptile 1.14 1.08 1.24 1.24 2.61

## Bird 0.81 0.95 2.51 1.11 1.19

## Other 0.49 0.66 1.11 0.81 0.86

Finally, the code chunk below prepares the data for producing Figure 3 and Figure 4

load(paste(res_dir, "alligator_simulation_results.rda", sep = "/"))

## Prepare plotting data frame

data_ggplot <- rbind(br_mean_results, br_median_results,

br_median_gamma_results)

data_ggplot$gamma <- recode(data_ggplot$ind, "(Intercept)" = 1,

"size>2.3" = 2, "lakeOklawaha" = 3,

"lakeTrafford" = 4, "lakeGeorge" = 5)

data_ggplot$c <- recode(data_ggplot$category, "Invertebrate" = 2,

"Reptile" = 3, "Bird" = 4, "Other"= 5)

names(data_ggplot) <- c("bias", "parameter", "category", "a_val",

"method", "pu", "gamma", "c")

data_ggplot$gamma_label <- paste0("gamma[c", data_ggplot$gamma, "]")

data_ggplot$c_label <- paste0("c==", data_ggplot$c)

Figure 3 is the result of

## Relative bias

print(ggplot(data_ggplot) +

geom_hline(aes(yintercept = 0), col = "grey", alpha = 0.5) +

geom_line(aes(x = a_val, y = bias, lty = method)) +

labs(x = expression(r), y = "Empirical relative bias (%)") +

facet_grid(c_label ~ gamma_label, labeller = label_parsed) +
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theme_minimal() +

theme(legend.position = "none"))
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Figure 4 is the result of

## Probability of underestimation

print(ggplot(data_ggplot) +

geom_hline(aes(yintercept = 50), col = "grey", alpha = 0.5) +

geom_line(aes(x = a_val, y = pu, lty = method)) +

labs(x = expression(r), y = "Probability of underestimation (%)") +

facet_grid(c_label ~ gamma_label, labeller = label_parsed) +

theme_minimal() +

theme(legend.position = "none"))
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