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Three Graphical Influences...

1.Edward Tufte - www.edwardtufte.com

2.Kaiser Fung - www.kaiserfung.com @junkcharts

3.Xan Gregg — https://twitter.com/xangregg/media
@xangregg, #onelesspie, #GraphBuilder, #DatViz, #DataScience,

#TieDye

jfnp ‘ Statistical Discovery: From SAS.


http://www.edwardtufte.com/
http://www.kaiserfung.com/
https://twitter.com/xangregg/media

Tufte’s Big Ideas : “5 grand principles”

1.Enforce Wise Visual Comparisons

2.Show Causality
3.Show Multivariate Data
4.Integrate all visual elements (words, numbers, images)

5.Content-Driven Design

jfnp ‘ Statistical Discovery: From SAS.
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Leverage Plots for the Response Data ‘Counts” for Six Explanatory Variables
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The second example shows aerosol concentration versus location variables for 6 time steps from
analysis of simulation data using a Kriging or Gaussian Process regression technigque that
smoothly interpolates deterministic data.

Tufte’s Grand Principles:

 Enforce wise visual comparisons

« Content counts most of all

» Show causality

» Complete integration of evidence - words, numbers, images, diagrams
» Use multivariate displays

N
3/ “\“\I\l"‘
O




Tufte’s advice...

If you ever get 5 minutes with the Admiral, you
don’t want to be giving a PowerPoint presentation.

Instead, hand the Admiral an 11" X 177, 4-page handout
that in 250 words or less describes the problem and it's
Importance, and in 250 words or less describes the
solution you propose.

The rest of the handout shows your credibllity...

jfnp ’ Statistical Discovery: From SAS.




Tutorial on “Real-World DOE Problems”

This tutorial 1s intended to complement the introductory Design of Experiments (DOE) tutorial. You may not learn as much “how
> but will learn to recognize real-world problems and when you need to get help from a knowledge source or someone with
experience. It’s far better to go to a DOE subject matter expert (SME) before you experiment then after.

Why use Design of Experiments (DOE) methods?

It is the most cost effective way to get quick answers to multivariable problems. Another way to think about it is for your existing
budget you can solve more and/or bigger problems.

Why is using DOE methods important?

DOE is one of the more powerful tools we can use to quickly and efficiently develop and optimize the multivariable technologies
needed to best equip and protect our warfighters. It enables us to provide decision makers not just data, but information, and
understanding of a process so that they can make better tradeoffs and judgments.

Tom Donnelly, 20 June 2011, 79" MORSS

minary Part thmic Desi
It s better to make your design fit your 10 make your problem fit th
Algorithmic designs can be created for all these problems:
1. special models,
2. combinations of any or allthese types of variables:
4. continuous (quantitative), - fincly adjustable like temperature, speed or force
b, categorical (qualitaive), - comes in types like material = wood. plastic or metal
wilh mixed mambers of evels (3 materas, 4 machines, nd § operalors)
!

<
4 and blocking - a variabl for which thre “shouldn’ |b="zca||m| eflect — day. lot, batch, ray

3. constrained regions (constraints),

4. adding on 1o existing trials (augmentation),

s is d

‘Summary Part 4 - Modemn Screcning Designs:
“Definitive” screening d flapse into a respo L do more than screening.
Fac

r sparsity~ ouly a fow variables are active in 4 factorial experiment
Effect heredity ~ significant interactions only appear among these active faclors.

O-variable example is shown that in 23 unique trials yields a response surfuce model in the most important factors.

Joves B. and Nachisheim, C. J.. “A Class of Three-Level Designs for Screcning in the Presence of Second-Order Effects,”
Journlof QualyTechnology. Vol 43 . 1 011

N

2. Jones B. and Nachisheim, C. J., “Efficient Designs with Minimal Aliasing.” Technometrics., Vol. 53. No. 1 2011)

3 JonesB. Lin,D, K.J. and Nachuheim, C. ). “Bayesian D-optimal Supersaturated Designs,” Journal of Planning and
Statistical Inference, Vol. 138, (2008)

Examples with 4 and S mi ith and.

One complx desgn example was demonsied with 10 variabis -6 mixture, 2 ontinous, | caegorical and 1 locking - with

| Abv.-ncr.' m'/-) vs. presence (0.1%) can have gmm effect than change from 1% (0 10% for catalysts, dopants,

2. “Additi doesn't take part = illr, binder, colorant, diluent
3. Some wmpmm(s) are held at  constant value forcing balance (0 5um 0 less than 1.

4. Trace quanities act like process variables (0.0001 10 0.0002),

T o o 4 oo el o o o oo oo of g vy dsoiond
with constant va the benefits of ofien el lack-of-fit from being nonsensical
(e negative # of defctsunit area,yiekl > 100%,etc.)  Especially useful when dta values T p against a boundary
For data bounded on the low side (¢.g. # defects, resistivity, hardness, ctc.):

= Logh)~ e when valcs g v scvenl s of e
— used with counting data
Foclhan b g .5, pecetag angs of 0-100% o a g of | = worst 109 bes)
/= 2¢arcsine(y" fm\:lmsmlcdb:t\«m

I ) o . 1) use ¥'= (v~ low)/(high — low)

T pedd oyt ol cldatiokos dbad/e it o NRRREMPPRRIS
‘but a better 0ol is logistic regression. First time using logistic regression I strongly suggest you enlist help of an SME.
A great reference: Plots, Transformations and Regression, A.C. Atkinson, (1984), Oxford University Press.

mmary Part Efw

uter Experiments:

M&S.
DOE isused o mn:mndcl the long- rumning s slmnlullon ‘model.
ice-filling” d discussed

Traditional designs were run in a scqucmul oo unil adoquate accuracy was obtaincd for one example.
Space-filling designs can be analyzed using kriging methods when the response is — nor-stochastic (non-random) and when all

i i i ademia today.
Neural regression methods as well as partitioning methods ar useful for analyzing stochastic simulation data that exhibits more
complex behavior than can be modeled using a than low to moderatc order polynomial.

““The purpose of models is not to fit the data but to sharpen the questions.” — Samuel Karlin

UNCLASSIFIED/UNLIMITED Tom Donnclly, PhD + SAS Institute Inc,
302.737.1650 + 1o

nnelly@jmp.com

Tutorial on “Real-World DOE Problems”™ Tom Donnelly, 20 June 2011, 79" MORSS

This tutorial is intended o complement the introductory Design of DOE) tutorial. You may not | b “how
10." but willleamn 10 recognize real-world problems and when you need to get help from a knowledge source or someone with
experience. It's far better 1o g0 1o a DOE subject matter expert (SME) before you experiment then after

me@mumﬁuum
Ttis the most » Another way to think about it is for your existing
budget you can solve more ndir blggcr pmblelm

Why is using DOE metheds important?

DOE is one of the more powerful tools we can use ta quickly and efficientl

needed to best equip and protet our warfighters. It enables us o provide decision makers not just il information, and
understanding of a process so that they can make beter tradeofls and judgments.

‘Some easy things fo do:

BloLthe daa: Plot ALL the dta when possible. Leverage plots arehandy. Present los in snall multples. S books by Edward
Tufle (www ed Tufie’s first nforce Wise Visual Comparisons Here are two examples: The
fiest shows plats ofall llm observed data aerosol par a chamber for

“The second example shows aerosol concentration versus location variables for 6 time sieps from analysis of simulation data using
2 Kriging or Gaussian Process regression technique that smoothly interpolates deterministi data.

Tufle’s Grand Principles:

(Bakree .C ‘most of all « Use small
rid + Give reasons o belicve + Don't de-quantify data.
. cmlm fBomin PR el e eslin3yinc)

beskusinls checkpbies,heshpiat— 1 o cof Prof Yse o wibi oo deriocs o o it o el
spacc, at optim . tha support the
Tom Dmmcllv‘ PhD « SAS Institute Inc.

302.737.1650 + tom. donnelly(@ jmp.co

UN( LASSIFIED/UNLIMITED

next higher model, the boss” suggestion, during the design.... Compare observed value and model prediction = limits. Compare
residual SD (model emror) and checkpoint RMS (checkpoint error) — they should be similar

Replicte at Losat  Trah - and 10 woukd be beter, Theo you can couduct s lck o tes comparing model e (Resicual SD)
10 pure error ¢ actual - fihe account the

Before running your real-world d do an analysis with fictitious data to check facton; Also be sure
1o run a feasibility analysis of the trals and onsider doing the hardest one first

Historical (Hysterical?) l)m L\(mmg data may hod some wseful information, ertainly about the process variailsy, but way
oudl 9 wch of 5 e
Sistoricaldaa for el hat might y to be tesed in your DO

S: By no means is this an exhaustive listing!

The first DOE book:
Fisher, R. A. (1935), The Design of Experiments, Oliver and Boyd

Textbook:
Box, G ter, W. G, and Hunter,
~The standard - clasic 1978 text recently revise
Wu, C. F.J. and Humada, M. (2009). Experiments, Planning, Analysis and Parameter Design Optimization, . 2™ ed., Wiley,
New York

(2005), Statistics for Experimenters, 2™ ed., Wiley, New York
sed

effects plans
‘C. (2009), Design and Analysis of Experiments, 7" cd., Wiley, New York
; 3 ;

Spesialized Texts - csign. Mixturcs, Response Surfaces:
Atkinson, A. C.., Donev, A. N, and Tobias R. D. (2007). Optimum Experimental Designs, Clarendon Press, , 2* ed., Oxford
(omrl 1. A (2002), Experiments with Mixtur Designs, Models and the ,im:hmujl{lxmnc Data, ""cd
and Comell, ). A. (1996). Response Surfaces, Designs and Analy arcel
Box, G E. . and Drapes, N. A. (07, Respono Swfaces, Mivturs and Ridge Analyss, 2 ., Wik New York
Myers, R. H. and Montgomery, D. C. (2002), Response Surface Methodology: Process and Product Optimization Using
Designed Experiments, 2 ed., Wiley, New York

wmm

s )

L Kl (2008), DASE: design and analysis of simulation experiments. Springer, New York

2. Santner, T, J., Williams, B. )., and Notz, W. 1. 2003), The Design and Analysis of C ampulcl Irpuvmavh Springer, New
York

3. Fang. K. T..Li, R. Z. and Sudjianto, A. (2005), Design and Modeling for Computer Experiments, Chapman & HallCRC
Press. York

One more book
od, P. 1. and Hardin, J, W, m«y Common fnnr\ n \mmhn fand How 10 dvetd Them), Wiley, New York
"Metric data can be grou I

do
Fom et frow wnsy formdion ad a vedacs e pames ot any tests and the precision of any estimates,” l’lgc 20

Websites for Designs and Code:
1. The SEED Center for Dats Farming a Naval Postgraduate Sehool hitp:/arvest nps s Code/Modules o ceste
s Orilogona Lain Hypercubes (NOLIT desigas fo conputer simaion experients
Resolution V, Fractional-Factorial designs for many factor
Homepageof P Hongioen Xaof UCLA, S Dt Sous code e algsbrie rthogonal arsy geserod
W sat, -
o3¢ ofProf. Peer Qianof Universy of Wisconsin — Nesied sad Siced Lia Hypercube Desigas

p:/fwww research.att.com/njas/oadit/index himl Library of Orthogonal Arrays maintained by Neil J.A. Sloane
Library of Orthogonal Arrays maintained by Warren F. Kublield

H
EF
EE
E
EE
E

UNCLASSIFIED/UNLIMITED Tom Donnelly, PhD « SAS Institute Inc,

302.737.1650 + tom.donnelly(@jmp.com

20 (some) Questions | Like to Ask at the Start of DOE Discussions:

1. What is the goal of the experimentation?

2. How do you measure success?

3. What response variables do you measure?

4. What are all the control factors that may affect these responses?
5. Over what ranges doss i make sense 10 aperte hese varables?
6 Do
7.

8.

9,

7 (Safety? Cost? Break ipment? Impos )

Do you cuncaly run b semples b s p-oocw

iryou doracly i resulls?

ow big s the variabilty (Wiha s e standard deviaton fo cah rcspovu‘

10. Dow u have past records of replicated trials for each response?

L1 A the replicae o et o syead o s e?

12. How tiny o ifrence o et esponse i consdredprcicalyimpora?

13. Do you think 1g for tiny diffe ig Ly 10 do because lots of replicatic
diercnces in small variability (casy)?

14. I more than one response needs fo be characterized for your process, what s their relative importance?

15. Are you intereste identifying the best trade-ofT in performance of several responses’

16. Arc you mare interested in ideatifying important control factors or in ending up with a model that can predict your responses?

17. How many trials can be run in a day?

18, Are there any hard-to-change Fictors?

19. How man ices do you have of cach ty)

20. How hard s it to come back at a laer time 1o run checkpoint trials?

21. What is your budget?

22. What is your deadline?

s needed) or big

‘Sumaary Part | -~ Introduction and Response Surface Meth
Five steps 1o optimize a process:
rocess — sec list of 20 (some) questions above
Do some work —not just any work will do - design is the sct of trials run 1o support the proposed model
Analyze data — model fits? — even if it doesn't look at the pictures of the process.
Optimize Process —look at the pictures — minimum? maximum? target?
Verify results — heckpoints, checkpoints, checkpoints |
Expensive or Usea increase nplexity of the model supported.

e

Summary Part 2 - Multiple Rq use Optimization:
Determine the best tradeoff n performance among several responses. Be careful with subjective weighting or relative importance.
Always verify the optimum with checkpoints.

10081433

2

Cost
0279835
0,061

Oasirabilty
0796728
05

60
80
100

108
Spoo
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Tom Donnclly, PhD + SAS Institutc Inc.
302.737.1650 » tom. donnellyjmp.com




Kaiser Fung’s
Language to describe what you like

Make it Thick: data ink

Make it Sufficient

Make it Easy

Make it Scream

Speak Directly

Consider knowledge in the head
Make it Whole

Make it Interactive™

jfnp Statistica Discovery: From SAS.




How has Income Inequality changed?

Two epochs of noome groweh

Fiprmain (YN ot S e s o o AW oy [ g ST S
leoarmn i, Afer EASC o of e STl Sw B 0P 1 N S L eones i

Tt Egachs of inenre Grawth i the LS,

- i -
- i
i . ol
Create Color  Swap axes
and Label
indicators

Modulo
Formula

Value color
Value color

Background

Gridlines

anp Statistical Discovery™ From SAS.
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Plot multiple Transform Merge GDP data

time series data to Ratio Explore &
Categorize

Add reference  Formula Bubble Plot

line Join

Add text Formula

Value color
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Bottom 90% Income  Top 1% Income &

Ratio of Incomes
Top 1% / Bottom 90% (Scale Expanded 30X) Bottom 90% Income

Top 1% Income & Bottom 90% Income vs. Year

$1,000,000 -
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$500,000 -
$250,000 -
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Max Ratio is 32.5X in 1928 and 2012I
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Where(2 rows excluded)
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Top 1% Income & Bottom 90% Income vs. Year
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color red too @ 2 | i | |
4. Make bottom graph S5 $30000- | |
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Top 1% Income &
Bottom 90% Income

Bottom 90% Income
(Scale Expanded

30X)

Ratio of Incomes
Top 1% / Bot 90%
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Xan Gregg @xangregg - Mar 28 v
Remaking a 3D pie chart on Wikipedia for Pi Day, two weeks late. @junkcharts

#onelesspie
community. mp.com/t5/JMP-Blog/Be...
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Table 86. Active dentists, by state: United States, selected years 2001-2015 . . .
Dentists per capita by state since 2001

[Data are based on reporting by dentists]

State 2001 2006 2013 2014 2015 2001 2006 2013 2014 2015
Number of dentists Number of dentists per 100,000 civilian population

United States . . . ......... 163,345 172,603 191,347 192,313 195722  57.32 57.85 60.47 60.30 60.89 100
Alabama. . . .. ......... 1,880 1,921 2128 2125 2130 4208 4150 4405 4385 4384
Raskas o 457 489 577 588 597 7211 7241 7824 7978  80.85
BOTON .5, 5 ot NG A
Arkansas . ............
e it e Xan Gregg @xangregg - May 2/
COIORROO. & w5 wrirmins e . , . . . .
Connectict. . . .......... Dentists per capita in US states. What going on with DC? Commuter patients or DC
DORRWENE . e
i TN extra teeth grinding...?
[covr R 3614 4115 4701 4731 4805 4314 4494 4705 4685  47.04
e 1,022 1009 1060 1069 1083 8336  77.04 7524 7527 75865
KIahB, ooy e 690 864 932 907 939 5227 5883 5779 5548  56.74
R i 8154 7,994 8599 8593 8697 6529 6322 6671 6670  67.63
indiana. . . .. .......... 2,870 2842 3116 3104 3157 46.84  44.88 4742 4705  47.69
WL 1 i e e e 1516 1526 1,604 1611 1652 51.71  51.16  51.87 5181 52388
Kansas . ............. 1314 1,347 1461 1471 1482 4863 4875 5047 5068 5090
Kentucky . . .. ......... 2256 2287 2488 2441 2445 5546 5420 56.56 5532 5525
Louisiana . . .. ......... 2,058 2017 2221 2199 2262 4596  46.88 4800  47.30  48.43
MalNe i o oo s 598 642 693 869 674 4651 4850 5215 5029  50.70
Maryland . ... ......... 3955 3980 4,268 4260 4322 7359 7089 7190 7129  71.96
Massachusetts. . . . . .. ... 4898 4797 5232 5303 5319 7656 7484 7799 7850  78.28
Michigan . ............ 5783 5928 6075 6010 6056 57.88 5907 6136 6061  61.03
Minnesota. . . . ... ...... 2,880 3105 3284 3288 3312 57.80 6013 6058 6025  60.33
Mississippi . . . ... ... ... 1117 1140 1275 1264 1284 3915 3924 4263 4223  42.91
Missourl. . ............ 2,634 2666 2900 20952 2943 4669 4583  47.08 4868  48.38
Montana. . ... ......... 511 525 598 612 619 5634 5511 5895 5081  59.93
Nebraska . . ........... 1103 1,117 1203 1,223 1250 6413 6301 6436 6495 6592
NOVEIR < s ovise s aiens 846 1177 1448 1,446 1525 4032 4666  51.89 5095  52.75
New Hampshire . . . ... ... 735 815 847 830 851 5854 6229 6404 6250  63.96
New Jersey. . .......... 6,054 6922 7238 7256 7,303 7128 7992 8126 8117 8152
New Mexico . . ... ...... 814 861 1062 1085 1060 4444 4388 5089  51.07  50.84
NewYork . . ........... 14309 14,062 14468 14428 14560 7498  73.61 7348 7306 7355
North Carolina . . . . ... ... 3474 4016 4719 4791 5038 4231 4504 4793 4820 5017
North Dakota. . . .. ... ... 305 311 394 405 419 4773 47.89 5445 5473 5536
o R 5929 5797 6003 5978 6078 5207 5049 5187 5155 5234
OMBhOMA: & = iiis s 1664 1749 1943 1937 1966 4799 4866 5042 4993  50.26
0regon . .. ........... 2197 2431 2,708 2,700 2,785 6335 6622 6894 6799  69.12
Pennsylvania . . . .. ... ... 7505 7454  7.698 7783 7774 61.75 5958 6022  60.83  60.72
Rhode Istand . . . .. ... ... 588 576 566 553 572 5562 5418 5376 5242  54.15
South Carolina. . . . ... ... 1839 1958 2288 2229 2350 4524 4493 4798 4616  48.00
South Dakota. . . .. ... ... 348 382 457 460 460 4591 4878 5407 5391 5358
Tennessee . ........... 2912 2947 3246 8252 3273 5064 4840 4997 4967 4959
Texas .. ............. 9,642 10,365 13391 13,692 14268 4523 4437 5053 5075  51.94
Utal= G s S o 1,409 1,559 1,892 1864 1885 61.70 6173 6516 6330  62.92
Vermont. . ............ 354 343 365 347 355 57.82 5507 5820 5536  56.71
virginia . .. 4189 4367 5194 5277 5320 5819 5691 6282 6336 6357
S Mz ME gu Mm e mn o8 n® @ o T T

est Virginia . . . . ....... A 3 ! £ !

Wisconsin. . . . . ........ 3060 2,860 3215 3202 3193 5676 5128 5597 5560 5533 2002 2004 2006 2008 2010 2012 2014
Wyoming . . ..o 266 266 309 323 317 5377 5089 5299 5528  54.09

ITT)D Statistical Discovery: From SAS.



https://www.cdc.gov/nchs/data/hus/2016/086.pdf

0 Daily Death Counts for Puerto Rico

May - April daily death count moving averages
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https://community.imp.com/t5/JIMP-Blog/Visualizing-Puerto-Rico-s-Hurricane-Maria-daily-mortality/ba-p/60243

jfnp — Discovery: From SAS. - ssas ‘ :'ﬁ'ﬂv.


https://community.jmp.com/t5/JMP-Blog/Visualizing-Puerto-Rico-s-Hurricane-Maria-daily-mortality/ba-p/60243

All Graphs Are Wrong,
but Some Are Useful

Back to Xan’s Talk...

View Xan’s Original Presentation at https://community.jmp.com/docs/DOC-8270

jfnp ’ Statistical Discovery: From SAS.



https://community.jmp.com/docs/DOC-8270

All models are wrong, but some are useful.
George E. P. Box (1979)

Since all models are wrong the scientist cannot obtain a
“correct” one by excessive elaboration. ... overelaboration
and overparameterization is often the mark of mediocrity.

George E. P. Box (1976)



Overelaboration in Modeling
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Overelaboration in Graphing
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Overelaboration in Graphing

height vs. age

12
11

|

10

*1 07 i
WAVEYA

\

-

A7/

10.3 10,
N

8.5

/
l-;

0O
1

‘?.9

w b= UL O =~ 00 WO

age

10

15



Information rather than Data

12




Admiral James “Sandy” Winnefeld Jr.

Vice Chairman of the Joint Chiefs of Staff (2011-2015)
May 2011, MORS MDA Workshop, Point Loma, CA



Admiral James “Sandy” Winnefeld Jr.

Vice Chairman of the Joint Chiefs of Staff (2011-2015)
May 2011, MORS MDA Workshop, Point Loma, CA

“I’'ve got data.

What | need is information.

More than that | need knowledge.

And, more than that | need understanding.
So, | can take action.”
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990
203
290
742

178

180

Collect

mid
2.60
-1.50
3.46
1.08
3.28
-2.31
1.0

y
3.43

-2.47
4.52
0.39
2.41

-2.06
2.10
3.28
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1.21
2.15

lo
1.60
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Statistical Discovery

Analyze

height

Linear Fit

height = 5.10 + 0.293"age
Summary of Fit
RSquare
RSquare Adj
Root Mean Square Error
Mean of Response
Observations {or Sum Wgts)
Analysis of Variance

Sum of

0.89
0.887
0.982

9.85

32

Source DF Squares Mean Square F Ratio

Model 1 235.01 235.012 243.7541
Error 30 28.92 09684 Prob>F
C. Total 31 263.94 <.0001*
Parameter Estimates

Term Estimate Std Error tRatio Probsft|
Intercept 5.10 0.355 14.36 -.0001"

age 0.294 0.0188 1561 -0001"
Model 1 235.01 235.012 243.7541
Error 30 28.92 0.964 Prob>F
C. Total 31 263.94 <.0001*
Parameter Estimates

Term Estimate Std Error tRatio Prob>ft|
Intercept 5.10 0.355 14.36 <.0001"

age 0.294 0.0188 1561 -.0001"

See

Understand

) )

(4



Analyze

=5.10 + 0.293'age

Summary of Fit

RSquare 0.89
RSquare Ad] 0.887
Root Mean Square Error

Mean of ponse

Observations {or Sum Wagts)

Squares Mean Square F Ratio
235.01 235.012 243.7541
28.92 0.964 Prob>F
263.94 <.0001*

Parameter Estimates

Term Estimate Std Error tRatio Probs[t]|
Intercept 5.10 0.355 14.36 <.0001"
age 0.294 0.0188 1561 -.0001"




Why graph? Anscombe’s Quartet

X1 Y1 X2 Y2 X3 Y3 X4 Y4 e
10 8.04 10 9.14 10 7.46 8 658
8 695 8 814 8 677 8 576
10 13 758 10 13 874 10 13 12.74 10 8 7.7
9 881 9 877 9 711 8 884
11 8.33 11 9.26 11 7.81 8 847
14 9.96 14 8.1 14  8.84 8 7.04
6 7.4 6 613 6 608 / 8 525
5 / 4 426 5 / 4 3.1 5 / 4 539 5 19 125
. 12 10.84 12 913 12 815 8 556
7 482 . 7 726 7 642 8 791
5 568 5 474 5 573 8 689
5 20 5 20 5 20 5 20
X1 x2 X3 x4

Mean of Response 7.5 Mean of Response 7.5 Mean of Response 7.5 Mean of Response 7.5
Observations (or Sum Wagts) 11 Observations (or Sum Wagts) 11 Observations (or Sum Wagts) 11 Observations (or Sum Wagts) 11

Prob>[t] Term Estimate 3td Errgl’ Proba>|t]
0.0256" Intercept 3.00 1.128 0.0258"
0.0022* X4 0.11¢ 0.0022*

Term Estimate
Intercept 3.00
X3 Q.50

Term
0.0257* Intercept

Term Estimate
Intercept 3.00
X1 Q.50

0.0022* x2







Pre-attentive Processing
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Pre-attentive Processing
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Statistical Discovery

Collect Analyze See Understand

x mid y lo hi sensor
84 260 343 160 360 A 18
990 150 247 -250 -050 A . .
203 346 452 246 446 A o
200 108 039 008  208A 1 . A< ‘
742 328 241 228  428A £ 10 2o
379 231 205 331 -131A ¥, S ‘ '
646 105 210 005  205A et *
178 422 328 322  522A 6les
272 127 218 027 227 A .
670 200 121 100 800 A .

689 241 2.15 1.41 341 A

20 25 30 35
233 3.09 2:072.09 4.09 A age
593  -1.09° +90.77 -2’09 -0.09 A

<)
o
oS
@

295 1408 0.21 0.08 208 A Linear Fit
54 1.77 0.94 0.77 277 A height = 5.10 + 0.203"age
82 2.58 352 1.58 358 A Summary of Fit
484 2367 -4.68  -4.67 2,67 A RSquare 0.89
2 -0.02 022 = -1.02 098 A RSquare Ad] 0.887
188 363 3.62 263 463 A Reot Mean Square Error 0.982
Mean of Response 9.95
18 0.78 1.84 -0:22 1.78 A Observations {or Sum Wgts) 32

439 -3.86 -3:88~=4.86 -2.86 A

Analysis of Variance
167 3.94 3.06 294 494 A

Sum of

483 -3.59 -2.83 -4.59 -259 A Source DF Squares Mean Square F Ratio
180 3.79 3.07 250 4.79 A Model 1 235.01 235.012 243.7541
69 225 2.90 1.25 395 A Error 30 28.92 0.964 Prob>F
848 313 308 213 413 A el a1 sesed
585 143 058 -249  -049 A Parameter Estimates
276 1.28 1.81 0.28 228 A Term Estimate Std Error tRatio Prob>ft|

Intercept 5.10 0.355 14.36
340 -0.71 -0.24 171 029 A = 0294 00188 1561

379 -2.06 -1.82 -3.08 -1.06 A
546 -2.84 -3.78 -3.84 -1.84 A
969 -3.78 -3.37 -478 -2.78 B
226 -0.47 -0.99 -1.47 053 B



Kanizsa Triangle
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Ebbinghaus lllusion




Chubb Illusion




Features, not Flaws




Resistance to Alternative Denotation




Shape Length

Color




Graphic Attributes: Quantitative Scales
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Position Length Slope Area Color Hue
Better Position (unaligned) Angle Color Density Worse
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Based on “Graphical Perception: Theory, Experimentation, and Application ...” by William Cleveland and Robert McGill, JASA, Sept. 1984



Putting Theory Into Practice

e|nformation vs. Data

eDistance perception

eColor perception



eGraph the information
eUse (don’t abuse) pre-attentive processing
e Choose appropriate color scales

elLess IS more



All Graphs Are Wrong,
but Yours Can Be Useful




JMP Defense &

... AND HOW TO CONTACT US
Aerospace Team

Anna-Christina De La Iglesia

Program Manager
anna-christina.delaiglesia@jmp.com
919-531-2593

Procurement, Upgrades, License Renewals...

Sam Tobin

Senior Account Representative
sam.tobin@jmp.com
919-531-0640

Technical Questions, Getting Started, Tutorials, Mentoring...

Tom Donnelly, PhD, CAP

Principal Systems Engineer & Co-Insurrectionist
tom.donnelly@jmp.com

302-489-9291
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