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Why graphics®

€6

Modern data graphics can do much more than simply
substitute for small statistical tables.

At their best, graphics are instruments for reasoning about
guantitative information.

Often the most effective way to describe, explore, and
summarize a set of numbers—even a very large set-Is to look
at pictures of those numbers.

Edward Tufte
The Visual Display of Quantitative Information, 2001.

Emphasis added.

David J. Kahle, Ph.D. Visualizing Big Data in the Introductory Course



Spreadsheet-type datasets
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®NO diamonds
'w|diamonds.csv 4
'w|Source | carat cut color | clarity | depth | table price X Y z
1| 0.23|Ideal E SI2 61.5 55 326| 3.95 3.98 2.43
2| 0.21|Premium [E SI1 59.8 61 326| 3.89| 3.84| 2.31
3| 0.23|Good E VS1 56.9 65 327| 4.05| 4.07| 2.31
4| 0.29 Premium | VS2 62.4 58 334 42| 423| 263
s| 0.31|Good J SI2 63.3 58 335| 4.34| 435| 2.75
6| 0.24 |Very Good |) VVS2 62.8 57 336| 3.94| 396 2.48
7| 0.24 |Vvery Good |1 VVS1 62.3 57 336| 3.95 3.98| 2.47
8| 0.26 |very Good |H SI1 61.9 55 337 4.07| 411 2.53
9| 0.22|Fair E VS2 65.1 61 337| 3.87| 3.78| 2.49
10| 0.23 |Very Good |H VS1 59.4 61 338 4| 4.05| 239
11 0.3 | Good J SI1 64 55 339| 4.25| 428 2.73
12 0.23 |Ideal J VS1 62.8 56 340| 3.93 3.9 2.46
13 0.22 |Premium |F SI1 60.4 61 342| 3.88| 3.84| 233
| 14| 0.31/Ideal J SI2 62.2 54 344| 435 437 271
'»|Columns (10/0) 15 0.2 |Premium |E 512 60.2 62 345| 3.79| 3.75| 2.27
A carat 16| 0.32 |Premium |E 11 60.9 58 345| 4.38| 4.42| 2.68
b cut 17 0.3 |Ideal | 512 62 54 348| 4.31| 434 268
i color 18 0.3 | Good J SI1 63.4 54 351 4.23| 4.29 2.7
i clarity 19 0.3 | Good J SI1 63.8 56 351 4,23 4.26 2.71
A depth 20 0.3 |Very Good |} Si1 62.7 59 351| 4.21| 4.27| 2.66
:‘a:c': 21 0.3 |Good | SI2 63.3 56 351| 4.26 43| 2.7
‘f: 22 0.23 |Very Good |E VS2 63.8 55 352| 3.85 3.92| 2.48
4y 23 0.23 |Very Good |H VS1 61 57 353 3.94| 3.96| 2.41
42 24| 0.31 |Very Good |} SI1 59.4 62 353| 4.39| 4.43| 262
25 0.31 |Very Good |} SI1 58.1 62 353| 4.44| 4.47| 2.59
26| 0.23|Very Good |G VVS2 60.4 58 354 397 4.01| 2.41
27| 0.24 |Premium |l VS1 62.5 57 355 3.97| 3.94| 2.47
28 0.3 | Very Good |} VS2 62.2 57 357| 4.28 43| 2.67
29| 0.23 |Very Good |D VS2 60.5 61 357| 3.96| 3.97 2.4
30| 0.23 |Very Good |F VS1 60.9 57 357| 3.96| 3.99| 2.42
31 0.23 |Very Good |F VS1 60 57 402 4| 403 241
32 0.23 |Very Good |F VS1 59.8 57 402| 4.04| 406 2.42
33 0.23 |Very Good |E VS1 60.7 59 402| 3.97| 4.01| 2.42
34| 0.23|Very Good |E VS1 59.5 58 402| 4.01| 4.06 2.4
35 0.23 | Very Good |D VS1 61.9 58 402| 3.92 3.96| 2.44
| 36| 0.23|Good F VS1 58.2 59 402| 4.06| 4.08| 237
"~ |Rows 37| 0.23 |Good E VS1 64.1 59 402| 3.83 3.85| 2.46
All rows 53940 38 0.31 |Good H SI1 64 54 402 4.29 4.31 2.75
Selected 0 39| 0.26 |Very Good |D VS2 60.8 59 403| 4.13| 4.16| 2.52
Excluded 0 40| 0.33|Ideal | SI2 61.8 55 403| 4.49| 451 2.78
Hidden 0 41 0.33 |Ideal | SI2 61.2 56 403| 4.49 45| 2.75
Labelled 0 42| 0.33[Ideal ] Si1 61.1 56 403| 4.49| 4.55| 2.76

David J. Kahle, Ph.D. Visualizing Big Data in the Introductory Course
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Spreadsheet-type datasets Al BAYLOR

NIVEHR

Columns = variables (p

®NO diambnds &, _&—m
'w|diamonds.csv —

4
'w|Source (v | carat cut color | clarity | depth | table price X Y z
1| 0.23[ideal E 512 61.5 55 326| 3.95| 3.98| 2.43
2| 0.21|Premium |E Si1 59.8 61 326| 3.89| 3.84| 2.31
3| 0.23 Good E 3 56.9 65 327| 4.05| 4.07| 2.31
4| 0.29 |Premium |I VS2 62.4 58 334 42| 423| 263
s| 0.31|Good ] SI2 63.3 58 335| 4.34| 4.35| 2.75
6| 0.24 |Very Good |J VVS2 62.8 57 336| 3.94| 3.96| 2.48
7| 0.24 |Very Good | 3 62.3 57 336| 3.95| 3.98| 2.47
8| 0.26 |Very Good |H Si1 61.9 55 337| 4.07| 4.11| 2.53
9| 0.22 |Fair E VS2 65.1 61 337| 3.87| 3.78| 2.49
10| 0.23|Very Good |H 3 59.4 61 338 4| 4.05| 239
11 0.3 |Good ] Si1 64 55 339| 4.25| 4.28| 2.73
12| 0.23|Ideal ] 3 62.8 56 340| 3.93 3.9 2.46
13| 0.22 |Premium |F Si1 60.4 61 342| 3.88| 3.84| 2.33
14| 0.31|Ideal ] 512 62.2 54 344| 4.35| 437| 2.71
'~|Columns (10/0) 15 0.2 |Premium |E 512 60.2 62 345| 3.79| 3.75| 2.27
A carat 16| 0.32|Premium |E 11 60.9 58 345| 4.38| 4.42| 2.68
b cut 17 0.3 |Ideal | SI2 62 54 348| 4.31| 4.34| 2.68
i color 18 0.3 |Good ] S 63.4 54 351| 4.23| 4.29 2.7
i clarity 19 0.3 | Good J SI1 63.8 56 351 4.23 4.26 2.71
A depth 20 0.3 |Very Good |} Si1 62.7 59 351| 4.21| 4.27| 2.66
:‘a?'e 21 0.3 |Good | 512 63.3 56 351| 4.26 43| 271
y s”ce 22| 0.23 |Very Good |E VS2 63.8 55 352| 3.85| 3.92| 2.48
4y 23| 0.23 |Very Good |H 3 61 57 353| 3.94| 3.96| 2.41
i 24| 0.31|Very Good |J Si1 59.4 62 353| 4.39| 4.43| 2.62
25| 0.31 |Very Good |J Si1 58.1 62 353 | 4.44| 4.47| 2.59
26| 0.23 |Very Good |G VVS2 60.4 58 354| 3.97| 4.01| 2.41
27| 0.24 |Premium |1 Vsl 62.5 57 355| 3.97| 3.94| 2.47
28 0.3 | Very Good |} VS2 62.2 57 357| 4.28 43| 2.67
29| 0.23 |Very Good |D VS2 60.5 61 357| 3.96| 3.97 2.4
30| 0.23|Very Good |F 3 60.9 57 357| 3.96| 3.99| 2.42
31| 0.23|Very Good |F 3 60 57| 402 4| 4.03| 241
32| 0.23|Very Good |F 3 59.8 57| 402| 4.04| 4.06| 2.42
33| 0.23|Very Good |E 3 60.7 59| 402| 3.97| 4.01| 2.42
34| 0.23|Very Good |E 3 59.5 58| 402| 4.01| 4.06 2.4
35| 0.23 |Very Good | D 3 61.9 58| 402| 3.92| 3.96| 2.44
36| 0.23 |Good F 3 58.2 59| 402| 4.06| 4.08| 2.37
[<]Rows 37| 0.23 |Good E 3 64.1 59| 402| 3.83| 3.85| 2.46
All rows 53940 38 0.31 |Good H SI1 64 54 402 4.29 4.31 2.75
Selected 0 39| 0.26 |Very Good |D VS2 60.8 59| 403| 4.13| 4.16| 2.52
Excluded 0 40| 0.33|Ideal | 512 61.8 55 403| 4.49| 451 2.78
Hidden 0 41 0.33 |Ideal | SI2 61.2 56 403| 4.49 45| 2.75
Labelled 0 42| 0.33[Ideal ] Si1 61.1 56 403| 4.49| 4.55| 2.76
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NI1VE

Columns = variables (p

Spreadsheet-type datasets Al BAYLOR

[ |
Rows = subjects (n
. — >

. L, . ~_ | carat cut color | clarity | depth | table price z
IﬂdIVIdua|S 1| 0.23|Ideal 3 SI2 61.5 55 326/ 3.95| 3.98| 2.43
2| 0.21|Premium |E SI1 59.8 61 326/ 3.89| 3.84 2.31
schools 3| 0.23|Good E VSl 56.9 65| 327| 4.05| 4.07| 231
: - 4| 0.29 |Premium |l VS2 62.4 58 334 42| 4.23 2.63
SChOOl dlStI’lCtS 5| 0.31|Good J SI2 63.3 58 335| 4.34| 4.35 2.75
COUﬂtieS 6| 0.24 |Very Good |) VVS2 62.8 57 336| 3.94 3.96| 2.48
7| 0.24 |very Good || VVS1 62.3 57 336| 3.95 3.98| 2.47
8| 0.26 |Very Good |[H SI1 61.9 55 337| 4.07| 4.11 2.53
CENSUS traCtS 9| 0.22|Fair 3 VS2 65.1 61 337| 3.87| 3.78| 2.49
10| 0.23|Very Good |H VS1 59.4 61 338 4| 4.05 2.39
11 0.3 |Good J SI1 64 55 339 4,25 4,28 2.73
12 0.23 |Ideal J VS1 62.8 56 340| 3.93 3.9, 2.46
13 0.22 |Premium |F SI1 60.4 61 342 3.88| 3.84| 2.33
14 0.31 |Ideal J SI2 62.2 54 344| 4.35| 437 2.71
15 0.2 |Premium |E SI2 60.2 62 345 3.79| 3.75 2.27
16 0.32 |Premium |E 11 60.9 58 345| 4.38| 4.42 2.68
17 0.3 |Ideal | SI2 62 54 348| 4.31| 4.34| 2.68
18 0.3 |Good J SI1 63.4 54 351| 4.23| 4.29 2.7
19 0.3 |Good J SI1 63.8 56 351| 4.23| 4.26| 2.71
\ 20 0.3 |Very Good |} SI1 62.7 59 351| 4.21| 4.27| 2.66
\ 21 0.3 |Good | SI2 63.3 56 351| 4.26 43| 2.71
\‘ ° 22 0.23 | Very Good |E VS2 63.8 55 352 3.85 3.92 2.48
\v\ 23 0.23 | Very Good |H VS1 61 57 353 3.94 3.96| 2.41
\\ 24 0.31 | Very Good |) SI1 59.4 62 353| 4.39| 4.43 2.62
25 0.31 | Very Good |) SI1 58.1 62 353| 4.44| 4.47| 2.59
26 0.23 | Very Good |G VVS2 60.4 58 354| 3.97| 4.01 2.41
27| 0.24 |Premium |l VS1 62.5 57 355 3.97| 3.94| 2.47
28 0.3 | Very Good |} VS2 62.2 57 357| 4.28 43| 2.67
29| 0.23 |Very Good |D VS2 60.5 61 357| 3.96| 3.97 2.4
30| 0.23 |Very Good |F VS1 60.9 57 357| 3.96| 3.99| 2.42
31 0.23 | Very Good |F VS1 60 57 402 4|  4.03 2.41
32 0.23 | Very Good |F VS1 59.8 57 402| 4.04| 4.06| 2.42
33 0.23 | Very Good |E VS1 60.7 59 402 3.97| 4.01 2.42
34 0.23 | Very Good |E VS1 59.5 58 402| 4.01| 4.06 2.4
35 0.23 | Very Good |D VS1 61.9 58 402 3.92 3.96| 2.44
36 0.23 | Good F VS1 58.2 59 402| 4.06| 4.08| 2.37
'~ |Rows 37| 0.23 | Good 3 VS1 64.1 59 402 3.83 3.85 2.46
All rows 38| 0.31 Good H SI1 64 54 402| 4.29| 4.31 2.75
Selected 39 0.26 |Very Good |D VS2 60.8 59 403 4.13 4.16 2.52
Excluded 40| 0.33|Ideal | SI2 61.8 55 403| 4.49| 4.51 2.78
Hidden 41 0.33 |Ideal | SI2 61.2 56 403| 4.49 45| 2.75
Labelled 42| 0.33(1deal ] Si1 61.1 56| 403| 4.49| 4.55| 2.76
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Columns = variables (p

Spreadsheet-type datasets Al BAYLOR

[ |
Rows = subjects (n
— -

. L, . | carat cut color | clarity | depth | table price z
IﬂdIVIdua|S 1| 0.23|Ideal 3 SI2 61.5 55 326/ 3.95| 3.98| 2.43
2| 0.21|Premium |E SI1 59.8 61 326/ 3.89| 3.84 2.31
schools 3| 0.23|Good E 3 56.9 65| 327| 4.05| 4.07| 231
: - 4| 0.29 |Premium |l VS2 62.4 58 334 42| 4.23 2.63
SChOOl dlStI’lCtS 5| 0.31|Good J SI2 63.3 58 335| 4.34| 4.35 2.75
COUﬂtieS 6| 0.24 |Very Good |) VVS2 62.8 57 336| 3.94 3.96| 2.48
7| 0.24 |very Good || VVS1 62.3 57 336| 3.95 3.98| 2.47
8| 0.26 |Very Good |H SI1 61.9 55 337| 4.07| 4.11 2.53
CENSUS traCtS 9| 0.22|Fair 3 VS2 65.1 61 337| 3.87| 3.78| 2.49
10| 0.23|Very Good |H VS1 59.4 61 338 4| 4.05 2.39
11 0.3 |Good J SI1 64 55 339 4,25 4,28 2.73
. 12 0.23 |Ideal J VS1 62.8 56 340| 3.93 3.9, 2.46
The eaSIGSt data haS n >> | 13 0.22 |Premium |F SI1 60.4 61 342 3.88 3.84 2.33
p - 14 0.31 |Ideal J SI2 62.2 54 344| 4.35| 437 2.71
15 0.2 |Premium |E SI2 60.2 62 345 3.79| 3.75 2.27
16 0.32 |Premium |E 11 60.9 58 345| 4.38| 4.42 2.68
17 0.3 |Ideal | SI2 62 54 348| 4.31| 4.34| 2.68
18 0.3 |Good J SI1 63.4 54 351| 4.23| 4.29 2.7
19 0.3 |Good J SI1 63.8 56 351| 4.23| 4.26| 2.71
\ 20 0.3 |Very Good |} SI1 62.7 59 351| 4.21| 4.27| 2.66
\ 21 0.3 |Good | SI2 63.3 56 351| 4.26 43| 2.71
\‘ ° 22 0.23 | Very Good |E VS2 63.8 55 352 3.85 3.92 2.48
\v\_ 23 0.23 | Very Good |H VS1 61 57 353 3.94 3.96| 2.41
\\ 24 0.31 | Very Good |) SI1 59.4 62 353| 4.39| 4.43 2.62
25 0.31 | Very Good |) SI1 58.1 62 353| 4.44| 4.47| 259
26 0.23 | Very Good |G VVS2 60.4 58 354| 3.97| 4.01 2.41
27| 0.24 |Premium |l VS1 62.5 57 355 3.97| 3.94| 2.47
28 0.3 | Very Good |} VS2 62.2 57 357| 4.28 43| 2.67
29| 0.23 |Very Good |D VS2 60.5 61 357| 3.96| 3.97 2.4
30| 0.23 |Very Good |F VS1 60.9 57 357| 3.96| 3.99| 2.42
31 0.23 | Very Good |F VS1 60 57 402 4|  4.03 2.41
32 0.23 | Very Good |F VS1 59.8 57 402| 4.04| 4.06| 2.42
33 0.23 | Very Good |E VS1 60.7 59 402 3.97| 4.01 2.42
34 0.23 | Very Good |E VS1 59.5 58 402| 4.01| 4.06 2.4
35 0.23 | Very Good |D VS1 61.9 58 402 3.92 3.96| 2.44
36 0.23 |Good F VS1 58.2 59 402| 4.06| 4.08| 2.37
'~ |Rows 37| 0.23 | Good 3 VS1 64.1 59 402 3.83 3.85 2.46
All rows 38| 0.31 Good H SI1 64 54 402| 4.29| 4.31 2.75
Selected 39 0.26 |Very Good |D VS2 60.8 59 403 4.13 4.16 2.52
Excluded 40| 0.33|Ideal | SI2 61.8 55 403| 4.49| 4.51 2.78
Hidden 41 0.33 |Ideal | SI2 61.2 56 403| 4.49 45| 2.75
Labelled 42| 0.33(1deal ] si1 61.1 56| 403| 4.49| 4.55| 2.76
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NI1VE S 1

Columns = variables (p

Spreadsheet-type datasets A BAYLOR

Rows = subjects (n

. L. —_ | carat cut color | clarity | depth table price
IﬂdIVIdua|S 1 0.23 |Ideal E SI2 61.5 55 326 3.95 3.98 2.43
2 0.21 |Premium |E SI1 59.8 61 326 3.89 3.84 2.31
schools 3| 0.23|Good E 3 56.9 65| 327| 4.05| 4.07| 231
: ; 4 0.29 |Premium || VS2 62.4 58 334 42| 4.23 2.63
SChOOl dlStI’ICJ[S 5 0.31 | Good J SI2 63.3 58 335 4.34 4.35 2.75
COUﬂtieS 6| 0.24 |Very Good |} VVS2 62.8 57 336 3.94 3.96 2.48
7| 0.24 |very Good |I VVS1 62.3 57 336 3.95 3.98 2.47
8| 0.26 |Very Good |H SI1 61.9 55 337| 4.07| 4.11 2.53
Census tracts 9| 0.22 | Fair E VS2 65.1 61 337 3.87 3.78 2.49
10 0.23 | Very Good |H VS1 59.4 61 338 4| 4.05 2.39
11 0.3 | Good J SI1 64 55 339 4.25 4,28 2.73
, 12 0.23 |Ideal J VS1 62.8 56 340 3.93 3.9/ 2.46
The eaSIGSt data haS >> ' 13 0.22 |Premium |F SI1 60.4 61 342 3.88 3.84 2.33
n p " I — 14 0.31 |Ideal J SI2 62.2 54 344 4.35 4.37 2.71
[=|Columns (10/0) 15 0.2 |Premium |E SI2 60.2 62 345 3.79 3.75 2.27
16 0.32 |Premium |E 11 60.9 58 345 438 4.42 2.68
' 17 0.3 |Ideal | SI2 62 54 348 | 4.31 4.34 2.68
bUt we can WOFK W|th p > N data 18 0.3 |Good J SI1 63.4 54 351 4.23 4.29 2.7
19 0.3 |Good J SI1 63.8 56 351 4.23 4.26 2.71
20 0.3 | Very Good |} SI1 62.7 59 351 4.21 4.27 2.66
21 0.3 |Good | SI2 63.3 56 351 4.26 4.3 2.71
22 0.23 | Very Good |E VS2 63.8 55 352 3.85 3.92 2.48
23 0.23 | Very Good |H VS1 61 57 353 3.94 3.96 2.41
24 0.31 | Very Good |} SI1 59.4 62 353 439 4.43 2.62
25 0.31 | Very Good |} SI1 58.1 62 353 4.44 4.47 2.59
26 0.23 | Very Good |G VVS2 60.4 58 354 3.97| 4.01 2.41
27 0.24 |Premium || VSl 62.5 57 355 3.97 3.94 2.47
28 0.3 | Very Good |} VS2 62.2 57 357 | 4.28 4.3 2.67
29 0.23 |Very Good |D VS2 60.5 61 357 3.96 3.97 2.4
30 0.23 | Very Good |F VS1 60.9 57 357 3.96 3.99 2.42
31 0.23 | Very Good |F VS1 60 57 402 4| 4.03 2.41
32 0.23 | Very Good |F VSl 59.8 57 402 4.04 4.06 2.42
33 0.23 | Very Good |E VS1 60.7 59 402 3.97| 4.01 2.42
34 0.23 | Very Good |E VS1 59.5 58 402 4.01 4.06 2.4
35 0.23 | Very Good |D VSl 61.9 58 402 3.92 3.96 2.44
| 36 0.23 | Good F VS1 58.2 59 402 406 4.08 2.37
"~ |Rows 37 0.23 | Good E VSl 64.1 59 402 3.83 3.85 2.46
All rows 38 0.31 | Good H SI1 64 54 402 429 4.31 2.75
Selected 39 0.26 | Very Good |D VS2 60.8 59 403 4.13 4.16 2.52
Excluded 40 0.33 |Ideal | SI2 61.8 55 403 4.49| 4.51 2.78
Hidden 41 0.33 |Ideal | SI2 61.2 56 403 4.49 4.5 2.75
Labelled 42| 0.33[Ideal ] Si1 61.1 56 403| 4.49| 4.55| 2.76
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NI1VE S 1

Columns = variables (p

Spreadsheet-type datasets A BAYLOR

Rows = subjects (n

. L. —_ | carat cut color | clarity | depth table price
IﬂdIVIdua|S 1 0.23 |Ideal E SI2 61.5 55 326 3.95 3.98 2.43
2 0.21 |Premium |E SI1 59.8 61 326, 3.89 3.84 2.31
schools 3| 0.23|Good E 3 56.9 65| 327| 4.05| 4.07| 231
: ; 4| 0.29 |Premium |l VS2 62.4 58 334 42| 4.23 2.63
SChOOl dlStI’ICJ[S 5 0.31 | Good J SI2 63.3 58 335| 4.34| 4.35 2.75
COUﬂtieS 6| 0.24 |Very Good |) VVS2 62.8 57 336| 3.94 3.96 2.48
7| 0.24 |very Good |I VVS1 62.3 57 336, 3.95 3.98| 2.47
8| 0.26 |Very Good |H SI1 61.9 55 337| 4.07| 4.11 2.53
CENSUS tracts 9| 0.22|Fair E VS2 65.1 61 337| 3.87 3.78| 2.49
10 0.23 | Very Good |H VS1 59.4 61 338 4| 4.05 2.39
11 0.3 | Good J SI1 64 55 339 4.25 4,28 2.73
, 12 0.23 |Ideal J VS1 62.8 56 340  3.93 3.9/ 2.46
The eaSIGSt data haS >> ' 13 0.22 |Premium |F SI1 60.4 61 342 3.88 3.84 2.33
n p " I — 14 0.31 |Ideal J SI2 62.2 54 344 4.35 4.37 2.71
[»|Columns (10/0) 15 0.2 |Premium |E SI2 60.2 62 345 3.79 3.75 2.27
16 0.32 |Premium |E 11 60.9 58 345| 4.38| 4.42 2.68
' 17 0.3 |Ideal | SI2 62 54 348 | 4.31 4.34 2.68
bUt we can WOFK W|th p > N data 18 0.3 |Good J SI1 63.4 54 351 4.23 4.29 2.7
19 0.3 |Good J SI1 63.8 56 351 4.23 4.26 2.71
20 0.3 | Very Good |} SI1 62.7 59 351 4.21 4.27 2.66
y 1 21 0.3 |Good | SI2 63.3 56 351 4.26 43| 2.71
Wh a't S bl data? 22| 0.23 |Very Good |E VS2 63.8 55| 352| 3.85| 3.92| 2.48
. 23 0.23 | Very Good |H VS1 61 57 353 3.94 3.96 2.41
24 0.31 | Very Good |} SI1 59.4 62 353| 4.39| 4.43 2.62
25 0.31 | Very Good |} SI1 58.1 62 353 4.44| 4.47 2.59
26 0.23 | Very Good |G VVS2 60.4 58 354 3.97| 4.01 2.41
27 0.24 |Premium || VS1 62.5 57 355 3.97 3.94 2.47
28 0.3 | Very Good |} VS2 62.2 57 357 | 4.28 43| 267
29 0.23 | Very Good |D VS2 60.5 61 357| 3.96 3.97 2.4
30 0.23 | Very Good |F VS1 60.9 57 357 3.96 3.99 2.42
31 0.23 | Very Good |F VS1 60 57 402 4| 4.03 2.41
32 0.23 |Very Good |F VS1 59.8 57 402| 4.04| 4.06 2.42
33 0.23 | Very Good |E VS1 60.7 59 402 3.97| 4.01 2.42
34 0.23 | Very Good |E VS1 59.5 58 402 | 4.01 4.06 2.4
35 0.23 | Very Good |D VSl 61.9 58 402 3.92 3.96 2.44
| 36 0.23 | Good F VS1 58.2 59 402| 4.06| 4.08| 2.37
"~ |Rows 37 0.23 |Good E VS1 64.1 59 402 3.83 3.85 2.46
All rows 38 0.31 | Good H SI1 64 54 402| 4.29| 4.31 2.75
Selected 39 0.26 | Very Good |D VS2 60.8 59 403 | 4.13 4.16 2.52
Excluded 40 0.33 |Ideal | SI2 61.8 55 403 4.49| 4.51 2.78
Hidden 41 0.33 |Ideal | SI2 61.2 56 403 4.49 4.5 2.75
Labelled 42| 0.33[Ideal ] Si1 61.1 56| 403| 4.49| 455| 2.76
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Columns = variables (p

Spreadsheet-type datasets

diambnds

Rows = subjects (n

[v]

. L. | carat cut color | clarity | depth price z
IﬂdIVIdua|S 1 0.23 |Ideal E SI2 61.5 55 326/ 3.95 3.98| 2.43
2 0.21 |Premium |E SI1 59.8 61 326| 3.89| 3.84 2.31
schools 3| 0.23|Good E 3 56.9 65| 327| 4.05| 4.07| 231
: ; 4| 0.29 |Premium |l VS2 62.4 58 334 42| 4.23 2.63
SChOOl dlStI’ICJ[S 5 0.31 | Good J SI2 63.3 58 335| 4.34| 4.35 2.75
COUﬂtieS 6| 0.24 |Very Good |} VVS2 62.8 57 336| 3.94 3.96| 2.48
7| 0.24 |very Good || VVS1 62.3 57 336| 3.95 3.98| 2.47
8| 0.26 |Very Good |H SI1 61.9 55 337| 4.07| 4.11 2.53
Census tracts 9| 0.22 |Fair E VS2 65.1 61 337| 3.87| 3.78| 2.49
10 0.23 | Very Good |H VS1 59.4 61 338 4| 4.05 2.39
11 0.3 | Good J SI1 64 55 339 4.25 4,28 2.73
, 12 0.23 |Ideal J VS1 62.8 56 340| 3.93 3.9, 2.46
The eaSIGSt data haS >> ' 13 0.22 |Premium |F SI1 60.4 61 342 3.88 3.84 2.33
n p " I — 14 0.31 |Ideal J SI2 62.2 54 344 4.35 437 2.71
[=|Columns (10/0) 15 0.2 |Premium |E SI2 60.2 62 345 3.79 3.75 2.27
:carat 16 0.32 |Premium |E 11 60.9 58 345| 4.38| 4.42 2.68
: cut 17 0.3 |Ideal | SI2 62 54 348| 4.31 4.34 2.68
. bUt we can WOFK W|th D > N data ik color 18 0.3 |Good ] S 63.4 54 351| 4.23| 4.29 2.7
ik clarity 19 0.3 | Good J SI1 63.8 56 351 4.23 4.26 2.71
depth 20 0.3 | Very Good |} Si1 62.7 59| 351| 4.21| 4.27| 2.66
Wh y 1 r? \ ::: 21 0.3 |Good | SI2 63.3 56 351| 4.26 43| 2.71
a't S bl data , 22| 0.23|Very Good |E VS2 63.8 55| 352| 3.85| 3.92| 2.48
" 23 0.23 |Very Good |H VS1 61 57 353 3.94 3.96| 2.41
24 0.31 | Very Good |} SI1 59.4 62 353 439 4.43 2.62
25 0.31 |Very Good |} SI1 58.1 62 353| 4.44| 447 259
< 100 Vel’ Sma” 26 0.23 |Very Good |G VVS2 60.4 58 354 3.97 4.01 2.41
y 27 0.24 |Premium || VS1 62.5 57 355 3.97| 3.94 2.47
28 0.3 | Very Good |} VS2 62.2 57 357| 4.28 43| 2.67
29 0.23 | Very Good |D VS2 60.5 61 357| 3.96 3.97 2.4
100 — 10 OOO Sma” 30| 0.23 |Very Good |F 3 60.9 57| 357| 3.96| 3.99| 2.42
4 31 0.23 | Very Good |F VS1 60 57 402 4| 4.03 2.41
32 0.23 |Very Good |F VS1 59.8 57 402| 4.04| 4.06| 2.42
. 33 0.23 | Very Good |E VS1 60.7 59 402 3.97| 4.01 2.42
n 10,000 — 1 ,OO0,000 med|um 34 0.23 | Very Good |E VS1 59.5 58 402| 4.01 4.06 2.4
35 0.23 | Very Good |D VSl 61.9 58 402 3.92 3.96| 2.44
| 36 0.23 | Good F VS1 58.2 59 402| 4.06| 4.08| 2.37
1 OOO OOO _ 100 OOO OOO Iarge '~|Rows 37| 0.23 |Good E VS1 64.1 59 402| 3.83| 3.85| 2.46
y y y y All rows 38 0.31 | Good H SI1 64 54 402| 4.29| 4.31 2.75
Selected 39 0.26 | Very Good |D VS2 60.8 59 403 4.13 4.16| 2.52
. Excluded 40 0.33 |Ideal | SI2 61.8 55 403| 4.49| 4.51 2.78
> 100 OOO OOO b|g Hidden 41 0.33 |Ideal | SI2 61.2 56 403 4.49 4.5 2.75
) ) Labelled 42| 0.33[Ideal ] Si1 61.1 56 403| 4.49| 4.55| 2.76
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Spreadsheet-type datasets

Columns = variables (p)

Rows = subjects (n)

diambnds

. . carat cut color | clarity | depth | table price X Y z
|ﬂd|V|dua|S 1 0.23 |Ideal £ SI2 61.5 55 326,  3.95 3.98| 2.43
2 0.21 |Premium |E SI1 59.8 61 326 3.89 3.84 2.31
schools 3| 0.23 Good E VS1 56.9 65 327| 4.05| 4.07| 2.31
- . 4 0.29 [Premium || VS2 62.4 58 334 4.2 4.23 2.63
school districts s|  0.31|Good ] 512 63.3 58 335| 4.34| 4.35| 2.75
' 6 0.24 |Very Good |} VVS2 62.8 57 336 3.94 3.96 2.48
COUﬂtleS 7 0.24 |Very Good || WVS1 62.3 57 336 3.95 3.98 2.47
8 0.26 | Very Good |H SI1 61.9 55 337 4.07 4.11 2.53
census J[I’aCJ[S 9 0.22 | Fair E VS2 65.1 61 337 3.87 3.78 2.49
10 0.23 |Very Good |H VS1 59.4 61 338 4 4.05 2.39
11 0.3 |Good J SIl 64 55 339 4.25 4,28 2.73
. 12 0.23 |Ideal J VS1 62.8 56 340 3.93 3.9 2.46
‘ he eaSIGSt data haS n >> ' 13 0.22 |Premium |F SI1 60.4 61 342 3.88 3.84 2.33
p - I—— 14 0.31 |Ideal J SI2 62.2 54 344 4.35 4.37 2.71
[« |Columns (10/0) 15 0.2 |Premium |E SI2 60.2 62 345 3.79 3.75 2.27
:carat 16 0.32 |Premium |E 11 60.9 58 345 4.38 4.42 2.68
. cut 17 0.3 | Ideal | SI2 62 54 348 4.31 4.34 2.68
bUt we can WOFK W|th p > N data ik color 18 0.3 | Good ] sI1 63.4 54 351| 4.23| 4.29 2.7
il clarity 19 0.3 |Good J SI1 63.8 56 351 4.23 4.26 2.71
"eli""' 20 0.3 |Very Good |J SI1 62.7 59| 351| 4.21| 4.27| 2.66
y . u 21 0.3 |Good | 3F: 63.3 56| 351 4.26| 43| 271
What's big data 523 v ——— s
" 23 0.23 |Ver ' 2.41
nmoee C110rtS are being made to ga
25 0.31 |Ver 2.59
Ver " 2.41
<100 very small % keep these computations &g
28 0.3 | Ver 2.67
Ver 2.4
100 = 10.000 small 3 under 5 seconds. o

y

(On a standard desktop computer.) =

. yGood |E VS1 60.7 59 402 3.97| 4.01 2.42

n 10,000 — 1 ,OO0,000 med|um : 0.23 |Very Good |E VS1 59.5 58 402 4.01 4.06 2.4
35 0.23 |Very Good |D VSl 61.9 58 402 3.92 3.96| 2.44

3 36 0.23 | Good F VS1 58.2 59 402 4.06| 4.08| 2.37

1 OOO OOO _ 100 OOO OOO Iarge 37| 0.23 |Good E VS1 64.1 59 402| 3.83| 3.85| 2.46

y y y y All rows 38 0.31 | Good H SI1 64 54 402 4.29| 4.31 2.75

Selected 39 0.26 | Very Good |D VS2 60.8 59 403 4.13 4.16| 2.52

. Excluded 40 0.33 |Ideal | SI2 61.8 55 403 4.49| 4.51 2.78

> 100 OOO OOO b|g Hidden 41 0.33 |Ideal | SI2 61.2 56 403 4.49 4.5 2.75

) ) Labelled 42| 0.33Ideal ] Si1 61.1 56| 403| 4.49| 455| 2.76
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Columns = variables (p)

‘z ; ‘ ‘ dia*nds & s ; ; 5

Spreadsheet-type datasets

Rows = subjects (n)

. L. ~_ | carat cut color | clarity | depth table price X y z
IﬂdIVIdua|S 1 0.23 |Ideal E SI2 61.5 55 326/ 3.95 3.98| 2.43
2|  0.21|Premium [E SI1 59.8 61 326| 3.89| 3.84| 2.31
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What's the problem with this visualization?
Overplotting : visual confusion caused by plotting too much data.
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“Solution” : Summarize dataset with bins as histogram

..or a density estimate, boxplot, etc.
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Problem : tor the entire dataset of 55,000 diamonds,
we still can’t get away from the problem.

“Solution” : Summarize dataset with bins as histogram

..or a density estimate, boxplot, etc.

This tells a story!
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How many points are in the circle?
We are again confronted with overplotting

CARAT
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alpha blending = 100

Decent, but in the graphic many features are lost
* data range

15000 .
* outliers
* relative abundance of overplotted areas
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