numeracy in narratives — composition and layout

Scott Spencer | Columbia University
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the w’s, example — suppose you want to include some mortality statistics
in the introductory section of a paper about the Black Plague in fourteenth-century Europe:

worse (V)" better
There were 25 million deaths. During the fourteenth century, 25 million When the Black Plague hit Europe in the
people died in Europe. latter half of the fourteenth century, it took

the lives of 25 million people, young and old,
city dwellers and those living in the
countryside. The disease killed about one-

quarter of Europe’s total population at the

time (Mack, n.d.).
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effective examples and comparisons — for choosing, aim for simplicity and plausibility

- \ -
worse \_(*V/)_/ better
In 2001, the average temperature in the New In 2001, the average temperature in the New In 2001, the average temperature in the New
York City area was 56.3 degrees Fahrenheit. York City area was 56.3 degrees Fahrenheit, York City area was 56.3 degrees Fahrenheit,
1.5 degrees above normal. 1.5 degrees above normal, making it the

seventh warmest year on record.
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interpret, don’t just report (recall Doumont’s “messages, not just information”?)

worse \_(V)_/" better (for context)
In 1998, total expenditures on health care in In 1998, total expenditures on health care in Health care costs in other countries suggest
the United States were estimated to be more the United States were estimated to be more per capita costs in the United States is too
than $1.1 trillion (Centers for Medicare and than $1.1 trillion, equivalent to $4,178 for high, averaging $4,108 in the 1990s, 13.0% of
Medicaid 2004). every man, woman, and child in the nation gross domestic product. That was higher than
(Centers for Medicare and Medicaid 2004). in any other country. In comparison,

Switzerland—with the second highest per
capita health costs—spent approximately
$3,835 per person, or 10.4% of GDP. No
other country exceeded $3,000 per capita
(World Bank 2001).
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context for numbers, effective metaphors, analogies

. . The thing you are
source domain > target domain 5y

trying to explain
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effective metaphors, analogies — example

To bring [Rembrandt] back, we distilled the artistic DNA from his work
and used it to create The Next Rembrandst. . . . To create new artwork
using data from Rembrandt’s paintings, we had to maximize the data
pool from which to pull information. . .. We created a height map using
two different algorithms that found texture patterns of canvas surfaces
and layers of paint. That information was transformed into height data,

allowing us to mimic the brushstrokes used by Rembrandt.
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effective metaphors, analogies — example

setting up the metaphor referring back
How do we think about the albums we love? A lonely microphone in a When you envision data, do not get stuck in encoding and storage.
smoky recording studio? A needle’s press into hot wax? A rotating can Instead, try to see the music.

of magnetic tape? A button that clicks before the first note drops? No!

The mechanical ephemera of music’s recording, storage, and playback Looking at tables of any substantial size is a little like looking at the
may cue nostalgia, but they are not where the magic lies. The magic is in grooves of a record with a magnifying glass. You can see the data
the music. The magic is in the information that the apparatuses capture, but you will not hear the music.

preserve, and make accessible. It is the same with all information.

Then, we can see data for what it is, whispers from a past world

waiting for its music to be heard again.
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for relationships between numbers — compare with direction and magnitude

worse AN O2NA better

Mortality and age are correlated. As age increases, mortality increases. Among the elderly, mortality roughly doubles

for each successive five-year age group.
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context for numbers, languages of comparison — additive, multiplicative, graphical

The Apollo program crew had one more astronaut than Project Gemini.

Apollo’s Saturn V rocket had about seventeen times more thrust than
the Gemini-Titan II.

“Seventeen times more”
“1,700 percent more”

“33 versus 1.9”

Saturn V
Gemini-Titan Il ' .

0 10 20 30 MN
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summarizing numeric patterns — generalizations, examples, exceptions

generalizations

For a generalization, come up with a
description that characterizes a relationship

among most, if not all, of the numbers.

examples

[llustrate your generalization with numbers
from your table or chart. This step anchors your
generalization to the specific numbers upon

which it is based.

It ties the prose and table or chart together. By
reporting a few illustrative numbers, you
implicitly show your readers where in the table
or chart those numbers came from as well as

the comparison involved.

Scott Spencer / ) 2

exceptions

When portraying an exception, explain its
overall shape and how it difters from the
generalization you described and illustrated.
Is it higher or lower? By how much? If a trend, is it
moving toward or away from the pattern you are
contrasting it against? Finally, provide numeric
examples from the table or chart to illustrate

the exception.
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organizing numbers — tables and semi-graphic displays



tables for comparing exact numbers

Instead of:

Nearly 53 percent of the type A group
did something or other compared to 46
percent of B and slightly more than 57
percent of C.

“The conventional sentence is a poor way to show more than two

numbers because it prevents comparisons within the data. Arrange the type to facilitate comparisons,

as in this text-table:

The linearly organized flow of words, folded over at arbitrary points

(decided not by content but by the happenstance of column width), The three groups differed in how they
offers less than one effective dimension for organizing the data.” did something or other:

Group A 53%

Group B 46%

Group C 57%

There are nearly always better sequences
than alphabetical-for example, ordering by
content or by data values:

Group B 46%
Group A 53%
Group C 57%

Scott Spencer / () 2]



organizing numbers, using |g|r|i|d|s| for arranging (a table of) numbers
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organizing numbers, placement in grid? reduce cognitive load — Gestalt principle of proximity
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organizing numbers, example placement in grid — proximity for perceived column groups, groups of columns
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separating information types — Gestalt principle of similarity (e.g., by color)


https://ssp3nc3r.github.io
mailto:scott.spencer@columbia.edu

organizing numbers, example placement in grid — with labels and annotations (and color encoding)

Tlabl

Q2]

1 For takes, our Bayesian model expects |batting-team runs to indrease hy
these ampunts during the hali-inning, given game|state and count]

Ganpestate Cpunt

—: 1000 10-1] |0-2 1-0 1-1 1-20 [2-00 | 2-1] [2-2] |30 |3-1] |3-2

No-buts
0 10.54] 10.50, 10.44] 10.59 10.54] 0.47| |0.66/ 0.61 0.54| 0.77 0.74] 0.69
10 10.96/ 0.89 10.79 [1.04] 10.96/ 0.85 |1.16] [1.08 0.96/ [1.34] [1.29] [1.22
t2-:00 .17 [1.10 [1.00 1.25 1.18 [1.06] [1.37 1.29 1.17] [1.55 [1.50] [1.43
12-:00 [1.54] 1.47 1.35 [1.65 |1.55 [1.42] [1.79] [1.69 [1.55 .01 [1.95 [1.86

-3:0p |1.400 1.36 1.29] |1.45 [1.40 [1.33] [1.53] [1.48 |1.40] [1.65 [1.61] [1.57
1-3:00 1.800 [1.71 [1.57 [1.91] [1.81] [1.65 [2.08 1.96/ |1.80] 2.33 2.26] 2.16
123:00 ]1.93] ]1.86 [1.75 2.02] 11.94] [1.82 2.15] 2.06 |1.94] 2.34] 2.29] R2.21
123:00 12.28 2.19 2.03] 2.40 [2.29] 2.12] 2.58 2.46] [2.29] 2.84] 2.77 2.67

O
B
&
©

0.29] 10.26 |0.22] 0.32] 10.29 0.24] 10.37] 0.34] 10.29] 0.44] 0.42] 0.39
0.06, 0.51] |0.43 0.62] |0.56] 0.48 0.71] 0.65 0.56] 0.84] 0.81] 0.75
0.71 10.66/ |0.58 0.77] |0.71] 0.63] |0.86| 0.80 0.71] 11.00 0.96/ 0.91
0.98 1091 0.79 [1.07 10.99 0.86 [1.21] 1.11) 0.98 1.41] [1.35] [1.27
-3 10.97 10.89 0.77 |1.07 10.98 0.85 [1.21] 1.11] 10.97 [1.42] [1.36] [1.28
=31 1.21] 1.13 10.98 [1.33] [1.22] [1.07] ]1.50] 1.38 |1.22] [1.75 [1.68| |1.58
1.33] 1.24 [1.09] 1.45 [1.34] [1.18 |1.62] [1.51] |1.34] [1.88 [1.81] [1.71
1.62 [1.500 |1.31] 1.78 [1.63] [1.43 [1.99 [1.84] 1.63 2.33] [2.24] 2.10

1
DO
e
—

—
DO
=
—

2 0.11] |0.100 10.07] |0.13] |0.11] 0.09] |0.16/ 0.14] |0.11] 0.20 0.19] 0.17
20 10.23] 10.200 10.15 |0.27] 10.24] 0.18 0.33] 0.29] 0.23] 0.42] |0.40, 0.36
2
2

0.30[ 10.26 |0.20/ |0.36/ 10.31] 0.24] 10.44] 0.38 10.31] 10.55 10.52] .48
0.45 10.390 10.29 0.53] 10.46/ 0.35 0.65/ 0.57 0.46| 0.82 0.77| 0.70
-3:20 10.35) 10.30L 10.22] 0.41] 0.36] 0.27| 10.50[ 10.44] 0.35 0.64 0.60| 0.55
1-3:20 10500 10.43 10.32 |0.59 10.50[ 0.38 |0.71] 10.62] |0.50/ 0.90] 0.85] 0.77
0.52. 0.45[ 10.33 10.62] |0.53] 0.40 10.75 0.66 0.53] 0.95 0.89/ 0.81
1123:2 10.82] 10.71] 10.53] 10.97 10.83] 0.64] 1.18 [1.03] 0.83] 1.49] [1.41 1.28

|
DO
2
N

Expectatigns|from rhodeql fit to|Stlatcajst data, 2017720[19.
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example placement in grids — gridlines are invisi®

For takes, our Bayesian model expects batting-team runs to increase
by these amounts during the half-inning, given game state and count.

0.504 050 044 059 054 047 066 0.61 054 0.77 0.74 0.69
096 089 079 1.04 096 0.8 1.16 1.08 096 134 1.29 1.22
1.1v 1.10 1.00 1.256 1.18 1.06 137 1.29 1.17 1.55 1.50 1.43
1.40 136 1.29 145 140 133 153 148 140 1.65 1.61 1.57
1.54 147 135 1.65 1.55 142 1.79 1.69 1.55 2.01 1.95 1.86
1.80 1.71 1.57 191 1.81 1.65 208 196 1.80 233 226 2.16
1.93 186 1.75 202 194 182 215 206 194 234 229 221
228 219 203 240 2.29 212 258 246 229 284 277 2.67

0.29 0.26 0.22 032 029 024 037 034 0.29 044 042 0.39
0.56 051 043 062 056 048 0.71 0.65 056 084 0.81 0.75
0.71 066 058 0.77 071 063 08 080 0.71 1.00 096 0.91
0.97 089 0.77 1.07 098 085 1.21 1.11 097 142 136 1.28
098 091 0.79 1.07v 099 086 1.21 1.11 098 141 1.35 1.27
1.21 1.13 098 1.33 1.22 1.07 150 1.38 1.22 1.75 1.68 1.58
1.33 124 1.09 145 134 1.18 1.62 151 134 188 181 1.71
1.62 150 131 1.78 163 143 199 184 1.63 233 224 2.10

0.11 0.10 0.0 0.13 0.11 0.09 0.16 0.14 0.11 0.20 0.19 0.17
0.23 0.20 0.15 0.27 024 0.18 033 0.29 0.23 042 040 0.36
0.30 0.26 0.20 036 031 024 044 0.38 031 0.55 052 048
0.35 030 0.22 041 036 0.27 050 044 035 0.64 0.60 0.55
045 039 029 053 046 0.35 0.65 057 046 082 0.77 0.70
0.50 043 032 059 050 038 0.71 0.62 050 090 0.85 0.77
0.52 045 033 062 053 040 0.75 0.66 053 0.95 0.89 0.81
0.82 0.71 053 097 083 064 1.18 1.03 083 149 1.41 1.28
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Table heading ---| '€ ~~~~~-
Subtitle, subheading, or headnote

Two or more levels of
headings are
sometimes referred to
as decked.

Sometimes referred to
as the stub heading

Row headings, row
labels, stubs, stub
items, line categories,
categories, or captions

Subheadings

A line generally indicating
a computation, such as a
total, has occurred. If no or
few horizontal lines are
used in the body of the
table, a single line is
frequently used. If lines are
used in the body, a double
line may be used.

Shaded area is referred .-

to as field or body

- .- e e e e o

Vertical

- -
- o> & =
- -
- -

Sales Predictions for 1996 Planning Meetmg
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organizing numbers, names and descriptions of common table components

Spanner headings

- bridge two or more

columns

_.- Spanner rule

- -
- -
—
—
-
—
- -
-

- -
- -
--‘-—--
- - .-

~
-~

Subspanner headings

Subspanner rule

Column headings,

_ column captions,

column titles, column
labels, or boxheads

The area where a
column and row
intersect (indicated
here by the bold line)
is called a cell.

" Rows

~~. Vertical grid lines or

rules

Horizontal grid lines or
rules

~ Base line

--------- (By Product Line) o
Sales ~ )
1995 Estimate 1999 Forecast -- - -
_.- Product —ar o
ollars ollars
. (000) % of total (000) % of total -
Large 14.4 8.6 25.6 12.2
__| Drills  Medium 282 | 169 | 456 | 217
- Small 40.8 24.5 76.4 36.4
...... ‘Nail Large 8.7 5.4 13.2 6.3
Drivers  small 11.4 8.8 | 154 - ------------
------- Large 6.2 3.7 6.1 ~r. 2.8
Torque Smal 8.9 53 | 11.3 5.4
A Wrench ppeymatic| 4.3 2.6 7.1 3.4
Electic |- 5.9 3.5 5.0 2.4
________ | Saws 379 | 227 4.6 2.2
Total ..... ......... 166.7 100.0 2100 1000
axis g s
| Sometimes referred \ Columns
.-~ toasthe stub
Horizontal axis feader

The bottoms of columns

are sometimes referred to

as feet.
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non-rectangular, tabular data and semi-graphic
displays (e.g., stem-and-leaf)
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tabular variations, example — stem-and-leaf diagram
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non-rectangular and semi-graphic, tabular variations, example — data/text placement for comparison
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integrating data with text, text with data



integrate data tables and graphics into narrative (principle of proximity)

“The principle of data/text integration is:

data graphics are paragraphs about data and
should be treated as such.”

186 THEORY OF DATA GRAPHICS

Likewise, data graphics can be enhanced by the perpendicular
intersections of lines of differing weights. The heavier line should
be a data measure. In a time-series, for example:

The contrast in line weight represents contrast in meaning. The
greater meaning is given to the greater line weight; thus the data
line should receive greater weight than the connecting verticals.
The logic here is a restatement, in different language, of the
principle of data-ink maximization.

Proportion and Scale: The Shape of Graphics

Graphics should tend toward the horizontal, greater in length
than height:

lesser height

greater length

Several lines of reasoning favor horizontal over vertical displays.
First, analogy to the horizon. Our eye is naturally practiced in

detecting deviations from the horizon, and graphic design should

take advantage of this fact. Horizontally stretched time-series

are more accessible to the eye:

A

AESTHETICS AND TECHNIQUE

The analogy to the horizon also suggests that a shaded, high con-
trast display might occasionally be better than the floating snake.
The shading should be calm, without moiré effects.

Second, ease of labeling. It is easier to write and to read words
that read from left to right on a horizontally stretched plotting-
field:

some

labels

some labels .
instead of

some other labels
some

other

labels

Third, emphasis on causal influence. Many graphics plot, in essence,

effect

cause

and a longer horizontal helps to elaborate the workings of the
causal variable in more detail.

187
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annotate data graphics with descriptions (principle of proximity) — example

Oakland reported 8,210 incidents of crime per 100,000 people in 2013.

Irvine had 1,441. . .
Violent crime rate change

<—— Decrease Increase ——

+30%
Increases in property crime,
but violent crime decreases
Glendale, Salinas and Oceanside reported
increases in property crime, defined as burglary
and theft of property. Oxnard
San Francisco
+20
+10
) Salinas
e
© More violent and property crime
£ Glendale San Francisco saw jumps in the rate of every crime
o o Oceanside category, except murder, between 2012 and 2013.
3 § _ Theft of personal property rose by 27% and rapes
E g Chula Vista by 47%.
o " San Diego 0
E o Hayward Lancaster
= 3 Stockton
o2 Los Angeles Riverside
9] Palmdal . .
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Increases in violent crime,
Reduced violent and property crime rate but property crime decreases
Oakland and Stockton have among California’s worst violent crime Huntington Beach’s increased violent crime rate
rates, as shown in the large circles, but reported improvements was worsened largely by a jump in robberies, 83
between 2012 and 2013. in 2012, which grew to 100 a year later.
-30
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text-data integration, linking data and narrative with color (principle of similarity) — example

Consider 5000 samples drawn from a standard
normal distribution: the sample mean is ~0.

ceiling of 0.45

-2 0
If that same data is Censored regression
capped at a ceiling, uses the fact that the
the sample mean proportion of data
now underestimates beyond the threshold
the true mean. is the same in both

cases to estimate

an unbiased mean.
|7
1 1 1
-2 0 2
X

8
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linking language—successive sentences or phrases similar in length, parallel in structure

Pair Difference Difference by Exposure
g - 0 3 - —
% ] — 5 - “One might hope that panel (a) of Figure 7.3 is analogous to a simple
S o- I $ o- randomized experiment in which one child in each of 33 matched pairs was
g . ; . picked at random for exposure. One might hope that panel (b) of Figure 7.3 is
§ " E o _ analogous to a different simple randomized experiment in which levels of
§ S é Q7 s exposure were assigned to pairs at random. One might hope that panels (a) and
% o ] % o (b) are jointly analogous to a randomized experiment in which both
— randomizations were done, within and among pairs. All three of these hopes
R e e A T _______ may fail to be realized: there might be bias in treatment assignment within
o - — o - nE o pairs or bias in assignment of levels of exposure to pairs.”
SV
Treated - Control L = low, M = medium, H = high

(a) (b)

Figure 7.3. Matched pair differences, treated-minus-control, in levels of lead in
children’s blood, ug/dl. In each figure there is a horizontal line at zero. Panel (a)
shows the differences, while panel (b) separates the differences into three groups based
on the level of exposure to lead of the exposed father.
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readability improves with parallel structure between narrative and sorted table or graphic

empirical ordering, theoretical grouping

Decide on the main point you want to make about the data and arrange the rows

and columns accordingly.

Ordering: for many tables or charts presenting distributions or associations, an

important aim is to show which items have the highest and the lowest values and

where other categories fall relative to those extremes.

Grouping: consider arranging items into conceptually related sets.

Alphabetical: ordering alphabetically is rarely the best approach but it is the

default setting in many software tools. Take control over your displays.

Scott Spencer / ()

parallel structure in narrative

When writing about the patterns shown in tables or charts, proceed

systematically, describing the numbers in the same order as in those displays.

Another tip: if possible, use the same organizing principles in all the tables
within a document, such as tables reporting descriptive statistics and

multivariate results for the same set of variables.
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text-data integration, parallel structure between narrative and sorted table or graphic — example

example empirical ordering example parallel structure in narrative

Figure 3 presents average consumer expenditures for the United States in 2002

Housing
Transportation
Food

Personal insurance & pensions

in descending order of dollar value. Housing was the highest expenditure

category, followed by transportation, food, and personal expenditures . . .
Health care
Entertainment

Apparel and services

Cash contributions

Miscellaneous -

Education

Personal care -

Alcoholic beverages .
Tobacco products .

Reading I

$2,000 $4,000 $6,000 $8,000 $10,000 $12,000

Fig. 3. Major categories of expenditures, descending dollar value, 2002 U.S. Consumer Expenditure Survey

8
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narrative for our example table

Using Table 1, we can calculate the value of a strike by subtracting the expected run value
of a strike, given the game state and count, from the value of a ball, starting from the
same game state and count. Let’s say there is a runner on first and second with one out,
and the count is 1 ball, 1 strike, giving us 0.99 expected runs the rest of the inning.
Assuming the batter doesn’t swing on the next pitch, a strike lowers expected runs to
0.86 while a ball raises it to 1.11. Thus, in this scenario, the expected value of a strike
would be 0.86 - 1.11, or 0.25 runs.

Scott Spencer / ) 2
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placing data table in narrative (proximity), linking narrative to data (similarity)

Using Table 1, we can calculate the value of a strike by subtracting the expected run value
of a strike, given the game state and count, from the value of a ball, starting from the
same game state and count. Let’s say there is a runner on first and second with one out,

and the count is 1 ball, 1 strike, suggesting we should expect 0.99 more runs this inning:

For takes, our Bayesian model expects batting-team runs to increase
by these amounts during the half-inning, given game state and count.

0.54 050 044 059 054 047 0.66 061 054 0.77 0.74 0.69
096 0.89 079 104 096 085 1.16 1.08 096 134 1.29 1.22
1.17 1.10 1.00 1.25 1.18 1.06 1.37 1.29 1.17 1.55 1.50 1.43
1.40 1.36 1.29 145 140 1.33 153 148 140 1.65 1.61 1.57
1.54 147 135 165 155 142 1.79 169 155 2.01 195 1.86
1.80 1.71 1.57 191 1.81 1.65 208 196 1.80 2.33 226 2.16
1.93 18 1.75 202 194 182 215 206 194 234 229 221
228 219 203 240 229 212 258 246 229 284 277 2.67

029 0.26 022 032 029 024 037 034 029 044 042 0.39
0.56 051 043 062 056 048 0.71 0.65 056 084 0.81 0.75
0.71 0.66 058 077 071 0.63 086 080 0.71 1.00 096 0.91
0.97 089 0.77 1.07 098 0.8 1.21 1.11 097 142 136 1.28
098 091 0.79 1.07 0.99 086 1.21 1.11 098 141 135 1.27
1.21 1.13 098 133 1.22 1.07 150 138 1.22 1.75 1.68 1.58
1.33 1.24 109 145 134 1.18 1.62 151 134 188 1.81 1.71
1.62 150 131 1.78 163 143 199 1.84 163 233 224 210

0.11 0.10 0.07 0.13 0.11 0.09 0.16 0.14 0.11 020 0.19 0.17
0.23 020 0.15 027 024 0.18 033 029 023 042 0.40 0.36
0.30 0.26 0.20 036 031 024 044 038 031 055 0.52 0.48
0.35 030 0.22 041 036 0.27 050 044 035 064 0.60 0.55
045 039 029 053 046 035 0.65 057 046 082 0.77 0.70
0.50 043 032 059 050 038 0.71 0.62 050 090 0.85 0.77
0.52 045 033 062 053 040 0.75 066 053 095 0.89 0.81
0.82 0.71 053 097 083 0.64 1.18 1.03 0.83 149 141 1.28

Assuming the batter doesn’t swing on the next pitch, a strike lowers expected runs to
0.86 while a ball raises it to 1.11. Thus, in this scenario, the expected value of a strike
would be 0.86 - 1.11, or -0.25 runs.
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bringing teachings together — draft proposal as example



data in narrative, proposal as a multi-level narrative — titl

“Orderliness adds credibility to the
information and induces confidence.
Information presented with clear and
logically set out titles, subtitles, texts,
illustrations and captions will not
only be read more quickly and easily
but the information will also be

better understood.”

e, headings, body, captions

Proposal for exploring game decisions informed by
expectations of joint probability distributions

Scott Powers
Scott Spencer

14 February 2019

Our game decisions based on current modeling do not maximize spend per win. We wit-
nessed the mid-market Astros use analytics to overtake us in the 2017 World Series
(Luhnow 2018ab). Our efforts also do not maximize expected wins. But we can. To do
so, we need to jointly model probabilities of all game events and base decisions on expec-
tations of those distributions. With adequate computing emerging, we can be first using
the probabilistic programming language Stan and parallel processing. To demonstrate
the concept, consider a probability model for decisions to steal second base, below, which
suggests teams are too conservative, leaving wins unclaimed. This model allows us to ask,

for example—should Sanchez steal against Sabathia? Or against Pineda?

1 Our current analyses do not optimize expected wins

Seven terabytes of uncompressed data generated per game overshadow the lack of situa-
tional data needed for decision-making that maximizes expected utility. Consider that
pitchers, on average, only facel0 percent of major league batters regardless of game state;
the reverse is true, too. Or when deciding whether a base runner should attempt to steal
against a specific pitcher and catcher in a state of play, say, we are lucky to have any data.
Common analyses and heuristics for these situations are inadequate: they not only over-
fit the data (if any exist), but also offer no manner of estimating changes in probabilities

for maximizing expected utility (winning the game).

Accurately quantifying probabilities, and changes thereof, in a given context enable us to
answer counterfactuals, from which we can build strategies that maximize our objectives
(Parmigiani 2002). This approach is possible at scale using Stan (Carpenter et al. 2017).

It's time to jointly model probabilities of all events.

2 Modeling probabilities for steal success illustrates a broader benefit

Inagame against New York Yankees, should Milwaukee Brewers's Lorenzo
Cain attempt to steal second base with no one else on base and two outs be-
fore the seventh inning, against Gary Sanchezas catcher and Michael Pineda

as pitcher? What if against Sanchez and CC Sabathia as pitcher?

More specifically, how can we know the expectation that Cain’s attempt in each situation
increases the probability of expected runs that inning and by how much? Using Stan, I've
coded a generative model that along with play outcomes considers various information
(runner foot-speed, catcher pop-time) and player characteristics, like pitcher handed

ness. With the model, we have an answer that also shows the uncertainty. Given 2017

data, this model suggests Cain should steal against Pineda, not Sabathia:

vs. Pineda / Sanchez vs. Sabathia / Sanchez
-03 -02 -01 0.0 0.1 -03 -02 -01 0.0 0.1

Expected change in runs in each scenario

Notably, we get these expectations without multiple trials of either scenario. More gen-
erally, this model suggests that on average team managers are too conservative, leaving

runs unrealized:

Probability of steal attempt

—Indifferent

.00~ —

Expected change in runs in an inning

-0.4 0.2

The above isbut one example of a more general approach that weighs probabilities of all
8§ 5
possible outcomes to maximize expected utility. With broad implementation—jointly

modeling the conditional probabilities of all relevant events—we can optimize decisions.

. Of the two scenarios, Cain

should only attempt to steal against the
Sanchez-Pineda duo.

When the change in expected

runs is zero, managers should be indif-
ferent to attempted steals, saying go
half the time.

The black band represents the range of
variation across m.:mdgers' decisions

At

the intersection of indifference,

3 Forvalue, compare an investment to free-agent costs

A fully-realized model will require significant effort froma team with deep experience in
baseball, generative modeling, and Stan. To get the talent, we should compare cost to ac
quiring expected wins from free-agents. Each win above a replacement-level player costs
about 10 million per year (Swartz 2017). As with free-agent value over replacement
player, game-time decisions informed from more accurate probabilities should add wins
overaseason. The scope of what we cananswer, moreover, goesbeyond in-game strategy
(playeracquisitions, salary arbitration). More immediately, however, we can begintoim
plement this approach for specific events, witha scope closer to the exampleabove, being

mindful that information learnt are conditional upon unmodeled context.

4  For accuracy, compare model results to betting market odds

Measuring performance of a fully-realized model may seem tricky: we only see the out
come of our decisions. But we can, say, compare the accuracy of our estimates against the

betting market where interested investors are trying to forecast game outcomes.

5 Conclusion

The mid-market Astros show teams can do more with information. Millions in addi
tional revenue—and more wins—await discovery through a joint, probability model of
all events from which we can maximize conditional expectations. Let's discuss how to

draw the talent for a title worth our spend.

6  References

To see the potential of implementing probability models, let's consider, again, the deci- » -
) ) Readability Statistics
sion to steal bases, given a specific counterfactual:
Counts
Words 720
Characters 3,997
Paragraphs 16
Sentences 35
Averages
Sentences per Paragraph 4.3
Words per Sentence 181
Characters per Word 5.3
Readability
Flesch Reading Ease 33.2
Flesch-Kincaid Grade Level 13
Passive Sentences 0%

Scott Spencer / ()

8

36


https://ssp3nc3r.github.io
mailto:scott.spencer@columbia.edu

data in narrative, messages first, details follow

3  Forvalue, compare an investment to free-agent costs

A fully-realized model will require significant effort from a team with deep experience in
baseball, generative modeling, and Stan. To get the talent, we should compare cost to ac

quiring expected wins from free-agents. Each win above a replacement-level player costs
about 10 million per year (Swartz 2017). As with free-agent value over replacement
player, game-time decisions informed from more accurate probabilities should add wins
over aseason. The scope of what we cananswer, moreover, goes beyond in-game strategy
(playeracquisitions, salary arbitration). More immediately, however, we can begintoim

plement this approach for specific events, witha scope closer to the exampleabove, being

mindful that information learnt are conditional upon unmodeled context.

4  For accuracy, compare model results to betting market odds

Measuring performance of a fully-realized model may seem tricky: we only see the out
come of our decisions. But we can, say, compare the accuracy of our estimates against the

betting market where interested investors are trying to forecast game outcomes.

5 Conclusion

The mid-market Astros show teams can do more with information. Millions in addi

tional revenue—and more wins—await discovery through a joint, probability model of

all events from which we can maximize conditional expectations. Let's discuss how to

draw the talent for a title worth our spend.

6  References
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Proposal for exploring game decisions informed by
expectations of joint probability distributions
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Scott Spencer

14 February 2019

Our game decisions based on current modeling do not maximize spend per win. We wit-
nessed the mid-market Astros use analytics to overtake us in the 2017 World Series
(Luhnow 2018ab). Our efforts also do not maximize expected wins. But we can. To do
so, we need to jointly model probabilities of all game events and base decisions on expec-
tations of those distributions. With adequate computing emerging, we can be first using
the probabilistic programming language Stan and parallel processing. To demonstrate
the concept, consider a probability model for decisions to steal second base, below, which
suggests teams are too conservative, leaving wins unclaimed. This model allows us to ask,

for example—should Sanchez steal against Sabathia? Or against Pineda?

1 Our current analyses do not optimize expected wins

Seven terabytes of uncompressed data generated per game overshadow the lack of situa-
tional data needed for decision-making that maximizes expected utility. Consider that
pitchers, on average, only facel0 percent of major league batters regardless of game state;
the reverse is true, too. Or when deciding whether a base runner should attempt to steal
against a specific pitcher and catcher in a state of play, say, we are lucky to have any data.
Common analyses and heuristics for these situations are inadequate: they not only over-
fit the data (if any exist), but also offer no manner of estimating changes in probabilities

for maximizing expected utility (winning the game).

Accurately quantifying probabilities, and changes thereof, in a given context enable us to
answer counterfactuals, from which we can build strategies that maximize our objectives
(Parmigiani 2002). This approach is possible at scale using Stan (Carpenter et al. 2017).

It's time to jointly model probabilities of all events.

2 Modeling probabilities for steal success illustrates a broader benefit

To see the potential of implementing probability models, let’s consider, again, the deci-

sion to steal bases, given a specific counterfactual:
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understand,
(be able to) act upon
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a maximum of messages,
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best practices in typography

Average line length: 84 characters with spaces
Butterick recommended 45-90 “Most readers are looking for reasons to stop

reading. . . . Readers have other demands on their
time. . . . The goal of most professional writing is
persuasion, and attention is a prerequisite for

persuasion. Good typography can help your reader

devote less attention to the mechanics of reading

Leading (line spacing): 145% of font size

. and more attention to your message.”
Butterick recommended: 120-145% of font size y 5
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data graphics as paragraphs about data — linking narrative and data

“Words, graphics, and tables are
different mechanisms with but a
single purpose—the presentation of
information. Why should the flow
of information be broken up into

different places on the page...?”

Ina game against New York Yankees, should

Cain attempt to steal second base with no on

ness. With the model, we have an answer that also shows the uncertainty. Given 2017

data, this model suggests Cain should steal against Pineda, not Sabathia:

fore the seventh inning, against Gary Sanchez:

as pitcher? What if against Sanchez and CC S

More specifically, how can we know the expectatior

increases the probability of expected runs that innir

coded a generative model that along with play out
(runner foot-speed, catcher pop-time) and player
ness. With the model, we have an answer that alse

data, this model suggests Cain should steal against

va Pineda [ Senchex

vs. Pineda / Sanchez vs. Sabathia / Sanchez
1

-03 -02 -0-1 0.0 0.1 -0.3 -0.2 -0.1 0.0 0.1
Expected change in runs in each scenario

Bpecwd change n rurs ine

Notably, we get these expectations without multip

erally, this model suggests that on average team m

runs unrealized

Pou bty o ded diervg!

Papeaciad charge n run

I'he above is but one examphe of a maore general apy

passible outcomes to maximze expected utility. \

modeling the conditional probabilities of all releva

Notably, we get these expectations without multiple trials of either scenario. More gen-
erally, this model suggests that on average team managers are too conservative, leaving

runs unrealized:

1.00 -

o

~N

o
|}

0.50-

0.25-

Probability of steal attempt

— Indifferent

0.00-

-0.4 -0.2 0.0 0.2
Expected change in runs in an inning

The above is but one example of a more general approach that weighs probabilities of all

possible outcomes to maximize expected utility. With broad implementation—jointly

8
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Figure 1. Of the two scenarios, Cain
should only attempt to steal against the
Sanchez—Pineda duo.

Figure 2. When the change in expected
runs is zero, managers should be indif-
ferent to attempted steals, saying go
half the time.

The black band represents the range of
variation across managers’ decisions.
At the intersection of indifference,
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next deliverable, your proposal. content?



resources
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