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Introduction

@ ggplot2 includes several ways to estimate and visualize densities for
uni- and bivariate data

» Limited by the difficulty of interpreting density height
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Introduction

@ ggplot2 includes several ways to estimate and visualize densities for
uni- and bivariate data

» Limited by the difficulty of interpreting density height
@ ggdensity extends ggplot2
» Interpretable visualizations via highest density regions
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Motivating Example

Figure 1. Simulated bivariate standard normal sample (n = 2500)
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Motivating Example
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Figure 2: Visualizing density estimate with geom_density2d_filled
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Motivating Example
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Figure 3: Comparing geom_density2d_filled (left) and geom_hdr (right)
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Highest Density Regions

@ Advantages to plotting HDRs instead of arbitrary density contours:

» Inferentially relevant
» Interpretable
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Highest Density Regions

@ Advantages to plotting HDRs instead of arbitrary density contours:

» Inferentially relevant
» Interpretable

@ Estimated HDRs depend on estimated density surface
» Different estimators = different HDRs
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geom hdr

Exploring choices of density estimator

df <- tibble(x

rnorm(1000), y

rnorm(1000))
ggplot(df, aes(x, y)) + geom_hdr()
ggplot(df, aes(x, y)) + geom_hdr(method =
ggplot(df, aes(x, y)) + geom_hdr(method

"histogram")

"mvnorm")
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geom _hdr
Exploring choices of density estimator
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geom hdr_fun

Plotting HDRs from a known parametric density

f <- function(x, y) dnorm(x) * dgamma(y, 5, 3)
ggplot() +

geom_hdr_fun(fun = f, xlim
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c(-4, 4), ylim

c(0, 5))
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geom hdr_fun
Plotting HDRs from an estimated parametric density

df <- data.frame(x = rexp(100, 1), y = rexp(100, 1))

# pdf for parametric density estimate
f <- \(x, y, lambda) dexp(x, lambda[l]) * dexp(y, lambda[2])

# estimate parameters governing joint pdf
lambda_hat <- apply(df, 2, mean)

# make plot
ggplot(df, aes(x, y)) +

geom_hdr_fun(fun = f, args = list(lambda = lambda_hat)) +
geom_point (fill = "lightgreen", shape = 21)
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geom hdr_fun

Plotting HDRs from an estimated parametric density
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Palmer Penguins

The Palmer penguins data set contains various measurements for three
penguin species located in the Palmer Archipelago, Antarctica:

## # A tibble: 344 x 8
##  species island bill_length_mm bill_depth_mm flipper_length_~ body_mass_g sex

##  <fct> <fct> <dbl> <dbl> <int> <int> <fct>
## 1 Chinst~ Dream 49 19.6 212 4300 male
## 2 Gentoo Biscoe 45.8 14.6 210 4200 fema~
## 3 Adelie Torge~ 39 17.1 191 3050 fema~
## 4 Chinst~ Dream 43.2 16.6 187 2900 fema~
## 5 Gentoo Biscoe 48.8 16.2 222 6000 male
## 6 Gentoo Biscoe 49.1 14.8 220 5150 fema~
## 7 Chinst~ Dream 40.9 16.6 187 3200 fema~
#H# . with 337 more rows, and 1 more variable: year <int>
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Palmer Penguins

Chinstrap Gentoo Adélie

Photos: K Gorman

Figure 5: Examples of the three species of penguins
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Palmer Penguins

ggdensity ggplot2 ggplot2, normalized densities
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Figure 6: Comparing grouping with Palmer penguins data
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Palmer Penguins

The code to generate the plots in figure 6 showcases another advantage of
ggdensity:

ggplot(penguins, aes(flipper_length_mm, bill_length_mm, fill = species)) +
geom_hdr(probs = c¢(.95, .8, .6, .3))

ggplot(penguins, aes(flipper_length_mm, bill_length_mm, fill = species)) +

geom_density_2d_filled(aes(alpha = after_stat(level)),
contour_var = "ndensity", bins = 4)

In order to create the plot with geom_density2d_filled, the user needs to
be aware of several advanced ggplot2 concepts
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Palmer Penguins

ggplot(penguins, aes(flipper_length_mm, bill_length_mm, fill = species)) +

geom_hdr () +
geom_point (shape

facet_wrap(vars(species))
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Old Faithful

p <- ggplot(faithful, aes(eruptions, waiting))

p + geom_hdr_lines()
p + geom_hdr_points()
p + geom_hdr_rug()
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Old Faithful

ggplot(faithful, aes(eruptions)) +
geom_density() +

geom_hdr_rug(aes(fill = after_stat(probs)), alpha = 1) +
scale_fill_viridis_d(option = "magma", begin = .8, end = 0)
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Related Projects

@ hdrcde

» Many technical differences

o & - = DA
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» Bivariate HDR plots using base graphics



Related Projects
@ hdrcde

» Bivariate HDR plots using base graphics
» Many technical differences

@ gghdr

o & = = o
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Related Projects

@ hdrcde

» Bivariate HDR plots using base graphics
» Many technical differences

@ gghdr

@ ggdist
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Thank youl

jamesotto852.github.io
©@jamesotto852
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Additional Materials
Definition of the HDR

Definition

Let f(x) be the density function of a random variable X. Then the
100(1 — )% highest density region (HDR) is the subset R(f,) of the
sample space of X such that R(f,) = {x : f(x) > f,} where f, is the
largest constant such that P (X € R(f,)) > 1 — a.

R. J. Hyndman 1996
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Additional Materials

Illustrating the Numerical Integration Method

@ (b) ©)

Figure 7: Estimating 3-dimensional histogram surface
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Additional Materials

Illustrating the Numerical Integration Method

(d)

Figure 8: Calculating resulting 75% and 90% HDRs
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Additional Materials

Illustrating the Numerical Integration Method

(a)

(b)
Figure 9: Visualizing 75% and 90% HDRs together
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