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Graphical Methods for Data Analysis

Why plot your data?

Graphs help us to see patterns, trends, and other features not otherwise
easily apparent from numerical summaries.

OUR RELATIONSHIP ENTERED
ITs DECLINE AT THIS POINT.

Well, at
least |

noticed!

/ THAT's WHEN YOU
STARTED GRAPHING
EVERYTHING.

3—

e COINCIIENCE!

Why plot your data?

Three data sets with exactly the same bivariate summary statistics:

» Same correlations, linear regression lines, etc

* Indistinguishable from standard printed output

Standard data

r=0 with 2 outliers

Lurking variable?

Different graphs for different purposes

Graphs (& tables) as communication:
* What audience?

Basic Functions of Data Display

* What message?

Design
Primary Use | ‘ Presentation Goal ‘ Principies

*Analysis graphs: design to see
patterns, trends, aid the process of
data description, interpretation

4 Reconnaisance

\ Diagnosis
Model building
Data /
Display
/4!0 Stimulate
/

4

e

*Presentation graphs: design to
make a point, illustrate a conclusion

\lo Inform

Perceplion

Detection

Comparison

Aesthetics

Rhetoric

Expasition

—




Different graphs for different purposes

Presentation

Exploration

Presentation graphs: single image for a large audience
Exploratory graphs: many images for a narrow audience (you!)

Comparing groups

poirts +1 or 2 SE

Six different graphs for comparing dymamite

groups in a one-way design %%}i c Tt
» which group means differ? I !
+ equal variability? '

» what do error bars mean?

« distribution shape? ’Jf‘

stripidot notched boxplot wiolin

Never use dynamite plots P o
Always explain what error bars mean

Consider tradeoff between P J @
summarization & exposure ;. juina
. [}

Presentation graph: Nightingale’s coxcomb

Florence Nightingale: Deaths in the
Crimean war from battle vs. other
causes (disease, wounds)

She used this to argue for better
field hospitals (MASH units)

The best presentation graphs pass
the Interocular Traumatic Test:
The message hits you between the
eyes!

Causes of Mortality in the Army in the East
April, 1854 to March 1855

W Non-Battic

Heatc

Apr 1854

March

Jan 1855

August

Sept

From: F. Nightingale, “Netes on Matters Altecting the Health,
Efficienc ¥ and Hospital Administration ot the British Army", 1858
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Analysis graph: Screening

Side-by-side boxplots of variables in the baseball data show the shapes of

Exploratory graphs

Data often needs to be

. Transformations

distributions --- aid to transformation . |
transformed to meet analysis 41
Bl Muer Dun assumptions: @
) Symmetry (~ Normalit N . :
— * Symmetry (~ Normali _
» Each variable is h ¢ y & (. Y) Z N —_ 8
standardized to allow ] ® . % * Linear relations é
comparison. . 1  Constant variance % 1 T
« Plot is produced by e ] T >
datachk macro. L. g7 " - B s
£ ] . For symmetry, a symbox plot -1 L
’ shows a variable transformed to
See: -1 various powers. —24 —
http://datavis.ca/sasmac/datachk.
html =z 1l — — =3 T T T T
[ — St Leg Sqrt Reuwe
=i T T T T T Fomer
armbie 10
Diagnostic graphs: Transformations Model diagnosis: Influence in regression
e Basebal Hitters Daia Multiple regression model: prestige ~ income + education
suggest correctlve. acjuon, often by a s IR Duncan Gocupaional Presige Data
power transformation: y — yP siope 053 _ _
Influence plots can show:
Symmetry transformation plot: . « model residual
. Constructgd SO symmetrlc data -°§ « leverage (potential impact) _g
plots as horizontal line % B
. i « influence ~ residual x T
* Slope (b) of data line — power: p % leverage (Cook D statistic) £
=1—b — yp = y(ib) g g
d « contour map of influence 5
Other diagnostic plots use the o .:'.‘PF' PHALL ..
same idea: slope (b) — y(1-) T Retbdrte
—= ; T . = ; —
100 ooy 005 Q.10 015 0 055 V=]
o v wo  wn ao  sn em Leverage Harvalue)

12




Model diagnosis: regression quartet

Statistical software should

N Residuals vs Fitted Normal Q-Q
make it easy to get 7 — 1 f—
informative diagnostic plots < o Ocontaair 8 o e
A o o B -
© o o 0o o - o
2 - gcg) 0 ,,—eeo—gﬁd g
& o % o ° % g 7
In R, plotting a 1m model - . |-
H “ H R o @
object — the “regression ® 1
quartet” of plots T 7 ’ T
0 20 40 60 80 100 -2 -1 0 1 2
Fitted values Theoretical Quantiles
> model <- lm(prestige ~ income
+ education)
> plot(model) Scale-Location Residuals vs Leverage
@ Omm,yapaneo ) e,
T_E - 0, Ocomreas § | © ) -
b=} o 3 <}
. . g o o o g ~4 D0 ° o
© @ =
(SAS has s!mllar, using E S © 13 L] ol -
ODS graphics) .20 o ° g5 £ 55
L% s ° o 5 T o
o o o © @ 1 & conductor® ..
o o os
24 o -- CoBR¥Wistance .-~~~ .

Fitted values

T T T T T L
0.00 0.05 0.10 0.15 0.20 %?35

Leverage

Scatterplots: A basic workhorse for
quantitative data

* Show the relation between two
Q variables (ignoring all others!)

* More useful when enhanced to
show visual summaries

* Vary point color/shape to show
strata/groups

* Combine in multi-panel
displays to show more

* Scatter plot matrix: all
pairs

 Conditional relations: Y vs.
X stratified by Group

o3 oo 3 —

70
60 4
50
40

30 4

204 =

o
&

0 5 10 15 20 25
Years of Experience
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Scatterplots: Scales matter

Computer plots are usually
generated with a given aspect ratio,
to conform to the page or screen.

A better idea is to scale the plot so
that slopes of lines or curves
average ~ 45 degrees.

In the rescaled version, we can see
that, within each cycle, sunspots
tend to increase more quickly than
they decline.

200

o+

Sunspot Trend {1750 - 1924) Aspect Ratio = 1.000

1750

1500

1850 1900

Sunspot Trend {1750 - 1924) Aspect Ratio = 0.055

z00

DMW\,W

1750

1500

1850 1900

Scatterplots: Annotations enhance perception

Data from the US draft
lottery, 1970

* Birth dates were drawn at
random to assign a “draft
priority value” (1=bad)

* Can you see any pattern
or trend?

Draft Priority value

400

300

200

100

USA Draft Lottery Data

8] 100 200 300
Brithday (day ol year)




Scatterplots: Annotations enhance perception

Drawing a smooth curve
shows a systematic decrease
toward the end of the year.

* The smooth curve is fit by
loess, a form of non-
parametric regression.

400

300

Draft Pricrity value
]
o
o]

100

USA Draft Lottery Data

a o 5
] a o (s]
q oo8 % o G.E’
-8 & F# 7 aoos
Og p ] a
0 g oo d?
B o g8 % o ao
o
grd?"” o uﬂ

100 200 300
Brithday (day of year)

Scatterplots: Data ellipses

DIAGRAM BASED ON TABLE |.
(all female heights are multiplied by 1'08)

Galton’s (1886) semi-graphic
table, showing relation of
mid-parent’s height to
children’s height.

ADULT CHILDREN
their Heights , and Deviations from 68%inches.

Il.ujgtna Denates! 8+ "F‘ &8 q GP e|9 -"F 7? ?F EI‘
)n:'ll:ns ingu
As shown: 72

MID-PARENTS

» Contours of equal frequency | ,,_| "3
formed ellipses :

* Regression lines of Y on X *

and X on Y are the loci of oo "]
vertical and horizontal &
tangents o

* Major/minor axes are the oo
principal components s Tl

2D density estimate of
bivariate surface 734

Scatterplots: Data ellipses

Galton’s data on child & mid-parent heights, shown as a sunflower plot: each
sunflower symbol shows the number of observations in the (x, y) cell.

759

719

68 9

Mid Pareni heighi

67 9

65 9

63

61

>

e S

A K H SRR
CA AR

A

&1

&5 67 (=) 71 73
Chid height
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Scatterplots: Data ellipses

Any scatterplot can be summarized by data ellipses (assuming normality). These
show: means, standard deviations, and allow correlations & regression lines to be
visually estimated.

759

Data ellipse:

D*(y)~ z,(1-a) =

714

Galton data, 40%, 68% &
95% data ellipses. Sizes
are:

« X2 (0.40) = 1.0
X2 (0.68) = 2.28 55 ]
+ X2 (0.95) = 6.0

(3=

hid Parent heighi

67 1

(0.40) Univariale: mean +- 13

637

({0.63) Bivariale: mean +- 13

617

&1 63 &5 &7 -] Eal 73 7
Chid nelght

20




Visualizing multivariate data

Showing relations among 3 or more variables:

Scatter plot matrices (enhance with visual
summaries, thin for many variables)

Conditional plots: Y ~ X | (Z, Group)

Seeing multivariate profiles, clusters:
= Star plots, face plots, parallel coordinates

Biplots: project data into low-D view

21

Scatter plot matrix

* Fitness data:
Oxy ~ Age + Weight +
Runtime + Rstpulse

* Each panel shows row
var vs. col var

* Reg line shows linear
relation

0.5

s

Age

Weight

Runtime

Scatter plot matrix

* Occ. prestige:
Prestige ~ %women +
Educ + Income

* Box, rug plots show
univar. distributions

* Quadratic regressions
show linear/non-linear
relations (loess would be

better)

23

Larger data sets: Visual thinning

Baseball data: log(Salary) ~
performance variables

* Too much data to show
individual points

* Each scatterplot is
summarized by a loess
smoothed curve and a data
ellipse

bes;@“_g’ N N -
il S L Ll e i ] e
(D e Voilzaca=acE
G- ||/ T T
oo m 2| Ao
iR Al ALY dZa =5 =h
IZ =R A a i
o\ |G || Py oo
oo b lolo olon s o
ISIANSN/AN S ANYS AR :

o6 el lelale P

24




Larger data sets: Corrgrams

Correlation diagram shows

pattern of correlations for many

variables.

Variables are re-ordered to make

the groupings most visually
apparent.

This graphic assumes that all
relations are linear, not
necessarily always true

Graph using SAS corrgram macro,

Ba ata: Al variables
VA

P g, g Mo Mg, M oo By, M o,

oy B, ong Mg Yoy Py, Socgy, S

Corrgrams: Different renderings

The value of a correlation may
be rendered in different ways,
with different visual impact.

 Shading levels: help detect
similar values

* Pie symbols: make it easier
to compare for larger/smaller

Graph using R corrgram
package

Baseball data PC2/PC1 order

O

Atbat

0@@@38@
- PV
(Y

Gom - >
W - " Y °
— (BB

aol

Years

http://datavis.ca/sasmac/corrgram.html 26
Conditional plots: Y ~ X | Z Conditional plots: Y ~ X | Z
81218 81218 81218 81218
Oftepwanttoexplorehowthe 8 1012 14 16 18 . . NN NN N NN R NN NN RN NN E NN
relation between Y and X ! I.EE‘ - L1 I.EE. .' L I.EE. ! - T_he same data is §hown ina EE EE [8c [ [k (Al EEl EE
depends on/ varies with some ¥R d different format, with 4 IHNE" L
other Var|ab|e(s) Z. it . = r * loess smooth curves jg/%
. 22 o_@,_o_i_o - if

* Moderator variables 2 o o o | e

g e 2 et —lag o o 1 ¢ curves banked to ~ 45° of 115 | |l s
- Interact = 37 ;o i

nteractions 7 EE EBl EEW | ) The joint dependence on CR g >
¥z 3_9___ﬁ_——°———8 3 : o
% _W o = ks vl e and EE is now much clearer % &l T ol

Emission of NOx from ethanol T ¥ 2 2 24 L =
. . . = ) -1 g o o L2
in relation to engine = = 5 %, <
compression ratio and richness ) . _i EE W EE | =3 i % o °
of air/ethanol mixture (EE) | k 3l (These are examples of Ll TR L]

. = | M lattice plots, produced using ¢ o odg

24 ¢ 5 Clag e g i R software.) F 0%

1 4 5 Py ks - o
Graph using R lattice package Wffﬂ"rﬁ_o

B 101214 16 18 g 101214 16 18

Compression Ratio

TTTTT T T T IO T T IO T T T T T T O T T T T TT T IT T T IT I I 77T
812 18 812 18 §12 18 812 18 12 18

Compression Ratio




3D plots

Often not useful, unless done
with great care.

This plot shows the loess
smoothed predicted values of
NOx in relation to EE and CR.
(But, raw data not shown.)

Color is used to show the NOx
predicted NOx, using a
“heatmap” color scale.

3D plots

3D plots can be enormously useful with
dynamic, interactive software & perspective

prestige

This plot shows a relation of occupational
prestige to income & education.

s
BT S a0
SR
e
o

* points are shown in perspective,
connected to the fitted surface

« the fitted surface (linear, quadratic,
smoothed) can be changed
interactively

« the plot can be rotated dynamically
to see other views

30

Seeing multivariate clusters: face plot

Faces Plot of Automobile data

IR
L

4

A faces plot assigns variables to
facial features, to show configural

2\

. @ 2
patterns of many variables. JRES e )
RENALLLT LE CAR V\;"RIBE\T

B

Pros: Easy to see similar patterns
in large data sets.

g@@'

Cons:

* Hard to connect features to
variables for interpretation

* No good rules/ideas for assigning
variables to features.

CAD. DEVILLE| LINC. CONT WARK| LINC. CONTINENTA|

Seeing multivariate clusters: face plot

Means, by make & origin

CAD. SEVILLE]
Sorted by: Weight

Graph using SAS faces macro,

» America « Europe » Japan
31

http://datavis.ca/sasmac/faces.html

Variable assignment key Faces Plot of Automobile data
. . . . . 74| 52| 3 7 K]
Parameter Left Side Variable Right Side Variable '"... '.I‘-h‘ “‘“-.~
) s- - | I \ == ’ |
Eye size mpyg mpg 4} 4) {)
= ~= ~
Pupil size mpg mpg
Averags, American AlC]
Pupil position turn turn 3 “+ 2
-
Eye slant turn turn " \\ ,’ 'll"‘
f s~ e | gy
Eye X position hroom hroom {} hdad
) g
Eye Y position hroom hroom
he Dodge Ford
Eyebrow curvature  rseat rseat 7 5 = 5
Density of eysbrow  rseat rseat ”'.\\ "‘ \\
&S =
Eyebrow X position displa displa {) 4) i
- -~ ~
Eysbrow Y position  length length St - _
Upper hair line rep77 rep78 1 1 § 1
AN ‘ .
Lower hair line weight weight ..._
. . . g ng i [ maa 1 Q‘ZXQ
Face line weight weight
Hair darkness rep77 rep78
Hair shading slant ~ gratio gratio 3
Nose line length length
Mouth size price price
Toyola

Mouth curvature price price Japaness lazda |

Means by Origin, Moke = American =

opecn * Jopanase




Biplots: variables and obs. in low-D View

Based on PCA: data is shown in 2D (3D) view
that accounts for greatest variance

Biplot: US crime rates

Dim1: ~ Overall crime rate

Dim2: Property vs. personal

* Observations: plotted as points England, western states
* Variables: vectors from origin (=mean) £ 5
* Angles between vectors ~ correlations g e This 2D biplot only shows 76.5%
B . _ of total variance.
* Projection of point on vector ~ score £ KR TRan. il it gi
) P 5 e ~._Rape Still, it gives a useful summary of
e BE LS\C\\ Assault 9 variables and 50 observations.
\
Murder
A 0 : 2
33 Dimension 1 (58.8%)
Biplot: Baseball data HE plots for MANOVA, MMReg
154 HE plots provide a way to visualize hypothesis tests in MANOVA and
' . Baseball hitters’ data: multivariate multiple regression, using data ellipses for fitted (H) and
Assists, Errors - Dim2: fielding, -years residual (E) co-variances.
1.0 * Dim1: batting performance Graphic ideas: (a) Data ellipses summarize H & E (co)variation; (b) Scale
H ellipse so it projects outside E ellipse iff effect is significant (Roy test)
< 05 Players identified by position, a0] (a) Data lpses 6 Hard E matrces
§ with data ellipses for each
r « IF: more assists, errors 0 _. 70
£ %0 » DH: older ‘ e
= e i <
%g‘so / "?{m @so
-0.51 } 4, -. EL
This 2D biplot only shows 63.7% ;;m (o
of total variance. = I‘=‘ s
-1.07 s . . . . L
-1.0 0.5 0.0 0.5 1.0 1.5 a0 a0 | Matriz Hypathesiz Errer
Dimension 1 (46.3%) 35 10 20 an 40 50 BO kil 10 = an 40 1) 1] 70 36

Petal length in mm.

Pedal l=ngih in mm.

Note: clusters of southern, New




HE plot matrices

HE plots in a scatterplot
matrix show effects for all

SepallLen

pairs of responses.

For the iris data, the
Species means are highly
correlated on all variables
except Sepal length.

-

SepalWid

PetalLen

7 ok

HE plots: 2-way MANOVA

Plastic film data: 2x2 MANOVA

(gloss, opacity, tear) ~ rate*additive

MANOVA tests show that both
main effects are significant:

Type II MANOVA Tests: Roy test statistic
Df approx F Pr(>F)

rate 1 7.5543 0.003034 **
additive 1 4.2556 0.024745 *
rate:additive 1 1.3385 0.301782

HE plot shows the nature of
these effects, e.g.,

9.5

gloss

_.{iwadditive

PetalWid high rate: ttear, topacity, |gloss
1 df tests: H ellipsoid collapses to a
37 line 38
HE plots: MMRA HE plots: MMRA & MANCOVA

901
Rohwer data: Cognitive ability Overall: B=0 Rohwer data: Low SES & Hi
and PA tests: n=37, Low SES SES groups
group 801

(SAT, PPVT, Raven) ~ SES

(SAT, PPVT, Raven) ~n+s + g +n+s+ns+na+ss
ns + na + ss g™
* Only one predictor, NA, is éso‘
(barely) significant 2
* Yet, overall multivariate test: H: %50-
B = 0 is highly so! =

401

30+

-10 0 10 20 30 40 50 60 70
Student Achievement Test
39 4y




Dynamic, interactive graphics

[ Model Equation |
|mpg = 89.7790 -  0.0060 weight |

Interactive graphics &
data analysis provides:

[WPLYH. CHAMP
.
.
.
.

* Identifying points =

* Model & display -
controls

-

-
CAD. SEVILLE
- w
- a-

2888

3ae8 EGLE]

LI weight
LI Parametr ic Regression Fit
Model Error
Curve Degree(Polynomial ) DF i Mlean Square DF : Mean Square
1 i = 1. 940.4667 50 | 4.1395
SAS/Insight: mpg ~ weight, linear fit
41

Dynamic, interactive graphics

[ Model Equation

Interactive graphics &

|mpg =

39.7790 -

0.0060 weight |

data analysis provides:

[(WFLVM. CHAHF
* Identifying points 20 \
* Model & display . hed
controls p \\ -
[T L \ CAD. SEVILLE W
- “!‘-;‘-}_ -
4 T ik
2608 3008 4688
3 we ight
» Parametric Regression Fit
Model Error
Curve Degree(Polynomial ) DF  :Mean Square DF Mean Square
2 el 1= 25 487.6141 49 3.5146
SAS/Insight: mpg ~ weight, quadratic fit
42

Dynamic, interactive graphics

Dynamic graphics provide multiple, linked views of a data set

Selecting points, regions in one plot (“brushing”) selects the same
observations in all other plots

pan Other USA

Gry

Country

Image source: Data Desk (Paul Velleman)

See: http://www.activstats.com/products/mediadx/custom/lessonbook/nyheart.shtml
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Hair

Black

Brown

Multivariate frequency data: mosaic plots

Two-way table: [Hair][Eye]

Eye

Erown Haz&reenBlue

Blond Red
[ |
M gl

Pearson
residuals:

705
4.00
200
0.00
-2.00

-4.00
-5.85

A contingency table can be
visualized by tiles whose area
~ cell frequency.

Shading: ~ Pearson residual,
d; =(0,-E;)/ JE,

Color:
* blue: O; > E;; red: O; > E;

ij?
Interp: + association (dark

hair, dark eyes), (light hair,
light eyes)

44




N-way tables

Independence model: [Hair][Eye][Sex]

Brown

Eye

3+ way tables: split each tile ~
conditional proportions of the

N-way tables

Conditional independence: [Hair,Sex][Eye, Sex]
Eye

Brown Hazel Green  Blue

All models fit to the same table
have same-sized tiles (Oy),

g 0 B oxtvariable. | [t butdifferent residuals.
_:7 % NOW, there are Severa' dlfferent _i 77777 i i EEE ThIS mOde| Of Cond|t|ona| inde'
models that can be fit. .  Pendence, [HS][ES] —H, E
2 e independent given Sex.
_ = .0 * Mutual independence: [H][E][S] =
£ L — all vars unassociated 200
: 2& [T2® . Residuals: show associations : o8 o
5 not acct’d for by the model 5
,,,,,, 0.00
P e — — R 5 s
% | I Il [ - 200 -
1 E
1T
. 45 i 46
N-Way tables Summary
Joint independence: [Hair,Eye][Sex] . g . . .
Eronn Eye Hazel Green  Elue The model of joint independence, ® Goal Of Statlstlcal anaIySIS: Summarlzatlon
N D 2 pemreon [HE][S] allows Hair, Eye color . . |
5 L‘ ,,,,,,,,,, |5 =EE association, but — [HE] assoc. is * Goals of graphical analysis: exposure!
L PE independent of Sex. : :
ffffffffffffffffffffffffffffffffff o , o = Often more useful when enhanced with visual
This model obviously fits much ] . )
| better, except for blue-eyed summaries (fitted curve, data ellipse)
e L] blonds, where females are more . . .
I _ |l prevalentthan the model allows. * Different graphs for different purposes:
= Reconnaisance (overview)
“\ B R = Exploration (detecting patterns, trends)
; DB—“’ = Model diagnosis (assumptions, outliers)
i B
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Summary

* Multivariate data requires novel graphs to
display increasing # of variables
= Enhanced scatterplot matrices
= Visual thinning: less is often more
= Low-D views (biplots)
= HE plots to visualize multivariate tests

= Mosaic plots to visualize n-way frequency
tables.

49




