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Lucien Le Cam, 1924 – 2000

David A. Freedman, 1938 – 2008
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Plato, in Laches circa 380BCE:

A good decision is based on knowledge and not on numbers.
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George Box, 1976:

All models are wrong, but some are useful.

Since all models are wrong the scientist must be alert to what is importantly
wrong. It is inappropriate to be concerned about mice when there are tigers
abroad.
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What’s a model?

F = ma

X ∼ N(µ, σ2)

Y = Xβ + ϵ

ln(P(A)/(1 − P(A))) = Xβ

also LLMs, NNs, etc.
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What are models for?

• data compression–what did the
system do?

• prediction: what will the system do?
• causal inference: what will the

system do if you do something to it?

• hiding uncertainty: turn
high-dimensional problems into
low-dimensional problems

• “sciencing”: making things look
scientific using computation

• “displacement”: changing the subject
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Where do models come from?

• “Physics”

• Heuristics, “pattern matching”

• Curve fitting

• Convention/familiarity/software
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Mark Twain, 1883:

In the space of one hundred and seventy-six years the Lower Mississippi has
shortened itself two hundred and forty-two miles. . . .

Therefore, any calm person, who is not blind or idiotic, can see that in the
Old Oolitic Silurian Period, just a million years ago next November, the Lower
Mississippi River was upwards of one million three hundred thousand miles long,
and stuck out over the Gulf of Mexico like a fishing-rod.

And by the same token any person can see that seven hundred and forty-two
years from now the lower Mississippi will be only a mile and three-quarters
long.. . . .
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David Freedman, 1991:

Regression modeling is a dominant paradigm, and many investigators seem to
consider that any piece of empirical research has to be equivalent to a regression
model. Questioning the value of regression is then tantamount to denying the
value of data.
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It is objective and rational to take account
of imponderable factors.

It is subjective, irrational, and dangerous
not to take account of them. . . .

[R]ationality involves the whole and
balanced use of human faculty, not a
rejection of that fraction of it that cannot
be made numerical.

– Nature editorial, 1978.
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Quantifauxcation.

Assign a meaningless number, then conclude that because it is quantitative, it must
mean something.
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Procrustes’ quantifauxcation: force incommensurables to one scale

• form an “index” that adds disparate values, especially when the data aren’t really
quantitative (Likert values, e.g.)

• combine different kinds of uncertainty as if they were all the same

• cost-benefit analyses when costs and benefits aren’t all monetary
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Conjoint measurement (Luce and Tukey, 1964)

Attribute Possible attribute values
Filling peanut butter turkey lamb
Condiment grape jelly mustard mint sauce

Double-cancellation axiom:

If you prefer peanut butter and jelly to turkey and mint sauce, and you prefer
turkey and mustard to lamb and grape jelly, then you must prefer peanut butter
and mustard to lamb and cranberry sauce.
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Forcing uncertainties to the same scale: Le Cam (1977)

[T]he neo-Bayesian theory . . . answers in the same manner the following questions.
(1) What is the probability that Eudoxus had bigger feet than Euclid?
(2) What is the probability that a toss of a ‘fair’ coin will result in tails?
(3) What is the probability that the 10137 +1 digit of π is a 7?
. . . [W]hen neo-Bayesians state that a certain event A has probability one-half, this
may mean either that he did not bother to think about it, or that he has no information
on the subject, or that whether A occurs or not will be decided by the toss of a fair
coin. The number 1/2 itself does not contain any information about the process by
which it was obtained.
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Type III error

Answer the wrong question.

Special case: test a statistical hypothesis that no connection to the scientific hypothesis,
aside from having words in common.
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Chanelling Toto: exposing models and Type III errors
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Application 1: election fraud
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Type III error: answers wrong question.
19



20



Model contradicts basic features of voting
behavior.
E.g., implies that absent fraud, precinct
vote shares for the winner should be
unimodal in every jurisdiction.
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Application 2: risk of importing BSE from Canada, 2003.

5/2003: BSE-infected beef cow found in Alberta, Canada.

USDA banned imports of Canadian cattle and beef.

11/2003: USDA proposed allowing beef and cattle < 30 months old to be imported, w/
restrictions on slaughter and disposal of distal ileum.

Ranchers-Cattlemen Action Legal Fund (R-CALF) sued to keep Canadian cattle out.
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• Whether cows have BSE is IID
Bernoulli.

• Count of imported infected cows is
Poisson.

• Whether human gets vCJD from
infected beef is IID Bernoulli.

• Ignores etiology & epidemiology of
BSE and vCJD: feed bans, age,
concentration of prions.
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• R-CALF lost; imports resumed.
• No cows imported from Canada

found infected in the intervening 22
years.

• Only “atypical” (spontaneous,
unrelated to feed or epidemic) BSE in
US cattle since 2003.
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Application 3: chance of a large earthquake in the Bay Area.
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How does probability enter a scientific problem?

• phenomenon is random per theory, e.g. quantum physics

• deliberate randomization, e.g., RCT, random sampling

• probability model, e.g., regression, a Gaussian process, stochastic PDE.

• metaphor: phenomenon behaves ‘as if’ random

• subjective prior probability
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Application 4: Testing earthquake predictions

• are predictions better for real
seismicity than for simulations?

• quakes cluster in time and space
• if seismicity were different,

predictions would be different
• Type III error
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Application 5: Probabilistic Seismic Hazard Assessment (PSHA)
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• basis of building codes in many countries; used to pick sites for nuclear power and
nuclear waste

• gives probability of a given level of ground shaking

• models earthquakes as random in space, time & magnitude

• models ground motion as random w/ known distribution, given quake

• treats Gutenberg-Richter (G-R) law, the historical spatial distribution of seismicity,
and ground acceleration given the distance and magnitude of an earthquake as
distributions
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• hinges on metaphor: earthquakes occur as if in a casino game

• special deck of cards
• game involves dealing one card per time period
• if the card is blank, no earthquake.
• if the card is 8, magnitude 8 earthquake. Etc.

• tens of thousands of journal pages about how many cards of each kind in deck, how
well deck is shuffled, w/ or w/o replacement, whether to add high-numbered cards
to the deck if no high card has been drawn in a while, etc.

• many destructive events where PSHA says risk is small
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Different metaphor: earthquakes are like terrorist bombings

• don’t know when or where or how big
• could hurt people
• some places are more attractive targets than others (e.g., places near active faults)
• some places are more vulnerable to damage
• no probability per se
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Rates are not probabilities: Hydrology, Klemeš (1989)
The automatic identification of past frequencies with present probabilities is the greatest
plague of contemporary statistical and stochastic hydrology. It has become so deeply
engrained that it prevents hydrologists from seeing the fundamental difference . . .
[W]hereas a histogram of frequencies for given quantities . . . can be constructed for
any function whether it has been generated by deterministic or random mechanism,
it can be interpreted as a probability distribution only in the latter case. . . . Ergo,
automatically to interpret past frequencies as present probabilities means a priori to
deny the possibility of any signal in the geophysical history . . .
. . . [W]hy are these unreasonable assumptions made if it is obvious that probabilistic
statements based on them may be grossly misleading, especially when they relate
to physically extreme conditions where errors can have catastrophic consequences?
. . . [T]hey provide the only conceptual framework that makes it possible to make
probabilistic statements, i.e. they must be used if the objective is to make such
probabilistic statements.
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• In a sequence of random trials with chance p of success in each, the empirical rate
of success is an unbiased estimate of p. Under some conditions (e.g. pairwise
independence or exchangeability), rate converges a.s. to p.

• But having a rate doesn’t mean a random process produced it.

Two thought experiments:

1. You are in a group of 100 people. One will die next year. What is the chance it is
you?

2. You are in a group of 100 people. One is named “Philip.” What is the chance it is
you?
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Probability is in the method of selection, not the existence of a rate

Possible selection rules:

• Draw lots and shoot whoever gets the short straw
• might be reasonably modeled as random and uniform
• if so, the probability you die is 1%.

• Shoot Philip
• no probability
• you are or aren’t Philip

[O]ur conception of Chance is now utterly different from that of yore. Where
we cannot predict, where we do not find order and regularity, there we should
now assert. . . that something else than Chance is at work. What we are to
understand by a chance distribution is one in accordance with law, and one the
nature of which can. . . be closely predicted. – Karl Pearson, 1895
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Simulation and probability

In physics, geophysics, climate science, sensitivity analysis, and uncertainty
quantification, popular belief that probabilities can be estimated in a ‘neutral’ or
‘automatic’ way by Monte Carlo simulation: just let the computer find the distribution.

• Simulation estimates numerical values from an assumed distribution.

• Simulations are transformations of assumptions–not new information.
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Application 6: Avian-Turbine Interactions.

Wind turbine generators occasionally kill birds, including raptors.

• How many?
• What species?
• What design and siting features of the wind turbines matter?
• Can you design turbines or wind farms in a way that reduces avian mortality?
• What design changes would help?
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• Raptors are rare; raptor collisions with wind turbines are rarer.

• Data: look for pieces of birds near the turbines.

• background mortality
• find bird fragments, not birds
• carcasses decompose
• scavengers
• birds may land far from the turbine they hit.
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• Consultant modelled collisions using Bayesian zero-inflated Poisson regression.
• collisions random & independent
• probability same for all birds
• rate follows a hierarchical Bayesian model
• parameters for design & location of turbine
• additional smoothing to make parameters identifiable
• estimated the coefficients

• Per the model, when a bird approaches a turbine, it tosses a biased coin.
• heads, bird hits turbine; tails not
• birds toss coins independently
• for each turbine location & design, every bird uses a coin with the same chance of

heads
• P(heads) is a known parametric function of turbine design/site features
• prior on the parametric function
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Displacement

Changes subject:
“How do I make turbines less lethal?”

vs.
“What are the values of some coefficients in a zero-inflated Poisson regression
model?”

Type III error: testing a statistical model with little connection to the scientific question.
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Application 7: Gender bias in teaching evaluations

MacNell, Driscoll, & Hunt, 2014

46

http://link.springer.com/article/10.1007/s10755-014-9313-4


NC State online course.

Students randomized into 6 groups, 2 taught by primary prof, 4 by GSIs.

2 GSIs: 1 male, 1 female.

GSIs used actual names in 1 section, swapped names in 1 section.

Ratings on 5-point scale

47



Characteristic M - F permutation t-test parametric t-test
Overall 0.47 0.12 0.128
Professional 0.61 0.07 0.124
Respectful 0.61 0.06 0.124
Caring 0.52 0.10 0.071
Enthusiastic 0.57 0.06 0.112
Communicate 0.57 0.07 NA
Helpful 0.46 0.17 0.049
Feedback 0.47 0.16 0.054
Prompt 0.80 0.01 0.191
Consistent 0.46 0.21 0.045
Fair 0.76 0.01 0.188
Responsive 0.22 0.48 0.013
Praise 0.67 0.01 0.153
Knowledge 0.35 0.29 0.038
Clear 0.41 0.29 NA 48



R.A. Fisher, 1935
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Scientific null: students assigned at random, blocked design, student would rate assigned
instructor the same regardless of assigned name

Statistical null for Student’s T-test: student responses are IID gaussian.

Type III error
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Illustration: ignoring stratification

• Two centers, A and B.
• 4 units per center, randomized 2 to treatment and 2 to control
• Response is a for control in A, a + 1 for treatment in A. Ditto for B.

• Permutation P value is 1/
(4

2
)2 = 1/36 ≈ 0.029

• Student’s T statistic for b − a = 10 is 1/
√

(100/6) ≈ 0.2449; one-sided P-value
0.41
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Application 8: Blair-Loy et al. (2017) interruptions of academic job talks

Do academic audiences interrupt female speakers more often than they interrupt male
speakers?

• 119 job talks from two engineering schools

• fit a zero-inflated negative binomial regression model with terms for gender, years
since PhD, the proportion of faculty who are female, a dummy variable for
university, and a dummy variable for department (CS, EE, or ME).

• statistical null hypothesis: the coefficient of gender in the “positive” model is zero
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The standard choices for modeling count data are a Poisson model, negative
binomial model, or a zero-inflated version of either of these models [55]. We
prefer a zero-inflated, negative binomial (ZINB) model for this analysis . . .
We now estimate ZINB models to address our first research question: do
women get more questions than men during the job talk? (emphasis
added)
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ZINB model:

• in each talk, a biased coin is tossed

• heads, no questions
• tails, toss another biased coin repeatedly, independently, until it lands heads for the

kth time.
• number of questions is number of tosses it takes to get kth head on 2nd coin.

• probabilities that each coin lands heads and k depend parametrically on the
covariates

• Scientific null: gender has no effect on the number of questions

• Statistical null: ZINB model is true, and coefficient of gender in the “positive” part
of the ZINB model is zero.

• Type III error; displacement
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Application 9: The Rhodium Group American Climate Prospectus

Bloomberg Philanthropies, Office of Hank
Paulson, Rockefeller Family Fund, Skoll
Global Threats Fund, TomKat Charitable
Trust.

In this climate prospectus, we
aim to provide decision-makers
in business and government with
the facts about the economic
risks and opportunities climate
change poses in the United
States.
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• estimates the effects of climate change on mortality, crop yields, energy use, the
labor force, and crime, at the level of individual counties in the United States
through the year 2099.

• predicts that violent crime will increase just about everywhere, with different
increases in different counties.

• In some places, on hot days there is on average more crime than on cool days.
• Fit a regression model to the increase.
• Assume that the fitted regression model is a response schedule, i.e., how Nature

generates crime rates from temperature.
• Input average temperature change predicted by a climate model; out comes average

increase in crime rate.
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Even if you knew exactly what the temperature and humidity would be in every cubic
centimeter of the atmosphere every millisecond of every day, you would have no idea
what the crime rate in the U.S. would be next year, much less in 2099, much less at the
level of individual counties.

And that is before considering the uncertainty in climate models.
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What to do instead. Freedman:
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John Tukey:

The combination of some data and an aching desire for an answer does not
ensure that a reasonable answer can be extracted from a given body of data.

G.K. Chesterton:

Fallacies do not cease to be fallacies because they become fashions.
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