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󱸴󱸮 years; 󱸯󱸮 Symposia

• Common themes:
• design of experiments
• selective inference
• probability
• remarkable list of speakers

• Theoretical frameworks
• statistical decision theory
• Bayesian inference
• asymptotic theory

• increasing emphasis on applications,
increasing breadth
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• statistical decision theory
• Bayesian inference
• asymptotic theory

• increasing emphasis on applications,
increasing breadth

• 󱸰󱸮󱸰󱸱
• probability
• variable selection
• high-dimensional time series
• dimension reduction
• multiple testing
• federated learning
• data integration
• deep learning
• spatial statistics
• foundations
• Bayesian nonparametrics
• actuarial science and risk
• ...

• mobile health

• neuroscience

• ’omics

• Covid

• privacy

• biomedicine

• ...
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Applications: a haphazard walk

Nudging A meta-analysis in behavioural science Mertens et al., PNAS 󱸰󱸮󱸰󱸯

BWAS Brain-wide association studies Marek et al., Nature 󱸰󱸮󱸰󱸯

Drought Climate change attribution World Weather Attribution report, April 󱸰󱸮󱸰󱸱

Women Co-authorship and gender Ross et al., Nature 󱸰󱸮󱸰󱸰

Cash E󰎎ect of policy on mortality Richterman et al., Nature 󱸰󱸮󱸰󱸱

Neuro Risk of Parkinson disease Goldman et al., JAMA 󱸰󱸮󱸰󱸱

Faces Human perception Wardle et al., PNAS 󱸰󱸮󱸰󱸯

Chocolate The story that never dies Globe & Mail, June 󱸳Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸲
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many small e󰎎ects, publication bias, Bayes/freq
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Applications: a haphazard walk

Nudging A meta-analysis in behavioural science
many small e󰎎ects, publication bias, Bayes/freq

BWAS Brain-wide association studies
spatial correlation, many small e󰎎ects, publication bias

Drought Climate change attribution
climate models, subgroup analyses, predictions

Women Co-authorship and gender
linear regression, binary outcome, confounding

Cash E󰎎ect of policy on mortality
causality, Poisson regression, binary outcome, DiD

Neuro Risk of Parkinson disease
logistic regression, retrospective cohort study

Faces Human perception
sign test, regression, computational modelling
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Some common features

• data collection is complex, generally well-described, likely very impactful
e.g. Cash: mortality data and cash transfers for 󱸱󱸵 countries over 󱸰󱸮 years

e.g. Women: “the analytical linked dataset ... is constructed from three sources”
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• statistical methods are generally fairly standard, and familiar
e.g. Faces: one paragraph in the supplement
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e.g. Women 󱸱󱸰 in main article; 󱸳󱸰 in extended data tables

e.g. Faces 󱸰󱸲󱹧 in main article, range (󱸯󱸮−󱸵󱸵,󱸮.󱸷󱸴)

• increasing emphasis on e󰎎ect estimates and standard errors easier in some 󰎓elds
e.g. Drought, Cash, Nudging, Women

subgroup analyses, robustness checks, missing data, data availability, visualizationsPurdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸴



On some principles of statistical inference Cox,R 󱸰󱸮󱸯󱸳

• Statistics needs a healthy interplay between theory and applications
• theory meaning foundations, rather than theoretical analysis of speci󰎓c techniques

• Foundations? — “A solid base, on which rests a large structure” OED
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On some principles of statistical inference Cox,R 󱸰󱸮󱸯󱸳

• Statistics needs a healthy interplay between theory and applications
• theory meaning foundations, rather than theoretical analysis of speci󰎓c techniques

• Foundations? — “A solid base, on which rests a large structure” OED

• must be continually tested against new applications

• “the practical application of general theorems is a di󰎎erent art
from their establishment by mathematical proof”

(F 󱸯󱸷󱸳󱸶 SMRW 󱸯󱸱th ed)

@DanielBolnick
“The data strongly support my hypothesis”
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What are the foundations of statistics?
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... What are the foundations of statistics?

󱸰󱸮󱸮󱸱 Encyclopedia of Physical Science and Technology
Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸷



... What are the foundations of statistics? Fraser 󱸰󱸮󱸮󱸱

By the mid 󱸯󱸷󱸳󱸮s there were sub-
stantial criticisms of the decision
theory approach; in particular there
had been a major failure of the the-
ory to produce reasonable statisti-
cal procedures for a broad range of
problems

... publications by Fisher (󱸯󱸷󱸳󱸴)
and Savage (󱸯󱸷󱸳󱸲) substantially al-
tered the directions of statistics and
opened new opportunities to a dis-
cipline that had become partially
paralyzed ...

LinkPurdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸯󱸮

https://www.sciencedirect.com/science/article/pii/B0122274105007304?ref=pdf_download&fr=RR-2&rr=7d2b1032394f53f5


... What are the foundations of statistics? Savage 󱸯󱸷󱸳󱸲

It is unanimously agreed that
statistics depends somehow on
probability. But, as to what prob-
ability is and how it is connected
with statistics, there has seldom
been such complete disagreement
and breakdown of communication
since the Tower of Babel. Doubt-
less, much of the disagreement is
merely terminological and would
disappear under su󰎏ciently sharp
analysis.

Link
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https://en.wikipedia.org/wiki/Foundations_of_statistics


... What are the foundations of statistics?

• probability, analysis, applied mathematics modelling
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... What are the foundations of statistics?

• probability, analysis, applied mathematics modelling

• Bayes, Neyman, Fisher approaches to inference

• nature of uncertainty epistemic, empirical

• nature of induction belief functions, inferential models

• interpretation of p-values, con󰎓dence regions, credibility intervals, likelihood ratios

• role of su󰎏ciency, ancillarity, conditioning, asymptotic theory

• sparsity, causality, assumption-free/lean inference, stability, prediction, decisions
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Linking theory with practice

Nudging A meta-analysis in behavioural science
many small e󰎎ects, publication bias, Bayes/freq

BWAS Brain-wide association studies
spatial correlation, many small e󰎎ects, publication bias

Drought Climate change attribution
climate models, subgroup analyses, predictions

Women Co-authorship and gender
linear regression, binary outcome, confounding

Cash E󰎎ect of policy on mortality
Poisson regression, binary outcome, DiD

Neuro Risk of Parkinson disease
logistic regression, retrospective cohort study

Faces Human perception
sign test, regression, computational modelling

Chocolate The story that never diesPurdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸯󱸱



Nudging Mertens et al 󱸰󱸮󱸰󱸯 PNAS

Statistics in the news
Economist, July 29

“plagued by publication bias”
Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸯󱸲



The source
Mertens et al. 2021



The response



In fairness
Mertens et al. 2021



Some details
“Materials and methods”

• 440 estimates of effect size: (treatment — control mean)/(estimated std error)   

• 212 unique publications; sometimes several tmts with the same control

• Random effects to accommodate this

• Additional fixed effects (moderators) for secondary analysis — 

types of interventions; behavioural domain; study characteristics

• Publication bias assessed by plotting standard error vs effect size       Egger’s test

Mertens et al. 2021



Some results

Figure 2

Figure 3 Mertens et al. 2021

overall effect estimate

d = 0.43 [-0.36, 1.22]

Standard error increases with effect size



The letters
1. Maier et al. — publication bias not correctly taken into consideration 

“A newly-proposed bias-correction technique — robust Bayesian meta-analysis avoids an ‘all-or-none’ 
debate over whether or not publication bias is ‘severe’ “

2. Szaszi et al. — the average effect size is not very informative, given the 
variation between studies 

“Even after adjusting for publication bias, the effects … vary considerably across studies” 

3. Bakdash & Maurisch — estimated effects in studies are left-truncated and 
right-skewed 



Foundations

Figure 1 Meier et al.  
Model-averaged mean effect size 
 estimates with posterior 
 credibility intervals and Bayes factors

Szaszi et al applied various
non-Bayesian adjustments for bias
with similar results

1. Maier et al. — publication bias not correctly taken into consideration 

“A newly-proposed bias-correction technique — robust Bayesian meta-analysis avoids an ‘all-or-none’ 
debate over whether or not publication bias is ‘severe’ “



Drought World Weather Attribution 󱸰󱸮󱸰󱸱
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The source Kimutai et al. 󱸰󱸮󱸰󱸱

Link

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸰󱸱

https://www.worldweatherattribution.org/human-induced-climate-change-increased-drought-severity-in-southern-horn-of-africa/


The data Kimutai et al. 󱸰󱸮󱸰󱸱

• observational data, 󱸱 sources
󱸯. global daily rainfall & temperature 󱸮.󱸳◦ × 󱸮.󱸳◦, 󱸯󱸷󱸵󱸷 –
󱸰. daily rainfall infra-red, “SoA”, 󱸯󱸷󱸶󱸯 –
󱸱. monthly rainfall 󱸯󱸷󱸶󱸯–󱸰󱸮󱸯󱸲

• 󱸲-year smoothed mean surface temperature proxy for anthropogenic climate change
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The data Kimutai et al. 󱸰󱸮󱸰󱸱

• observational data, 󱸱 sources
󱸯. global daily rainfall & temperature 󱸮.󱸳◦ × 󱸮.󱸳◦, 󱸯󱸷󱸵󱸷 –
󱸰. daily rainfall infra-red, “SoA”, 󱸯󱸷󱸶󱸯 –
󱸱. monthly rainfall 󱸯󱸷󱸶󱸯–󱸰󱸮󱸯󱸲

• 󱸲-year smoothed mean surface temperature proxy for anthropogenic climate change

• climate modelling data, 󱸲 sources
󱸯. combine 󱸯󱸰 global and 󱸶 climate models: resolution 󱸮.󱸲󱸲◦ 󱸰󱸷 sims
󱸰. combine 󱸳 global and 󱸲 climate models: resolution 󱸮.󱸰󱸰◦ 󱸯󱸮 sims
󱸱. atmosphere-ocean coupled GCMs (two) 󱸯󱸮/󱸱 simulations
󱸲. sea-surface temperature forced ensemble, high resolution 󱸯󱸯 simulations

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸰󱸲



The analysis Kimutai et al. 󱸰󱸮󱸰󱸱

• response is log󱸯󱸮(monthly rainfall) in 󱸰󱸮󱸰󱸯 and 󱸰󱸮󱸰󱸰
and log󱸯󱸮(PET) — potential evapotranspiration

• covariates are global temperature anomaly, and ENSO index
El Nino-Southern Oscillation

• “As a measure of anthropogenic climate change we use smoothed GMST”
Global Mean Surface Temperature

• “Methods for observational and model analysis ... and synthesis are used according
to the World Weather Attribution Protocol” Philip et al. 󱸰󱸮󱸰󱸮

󱸯. trend using observational data
󱸰. 󰎓nd climate models consistent with 󱸯.
󱸱. compare predictions from 󱸯. and 󱸰.
󱸲. synthesize results in 󱸱. to provide conclusions

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸰󱸳



The results Kimutai et al. 󱸰󱸮󱸰󱸱

• rainfall decreasing with
increasing temperature

but not much
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The results Kimutai et al. 󱸰󱸮󱸰󱸱

• rainfall decreasing with
increasing temperature

but not much

• 󱸰󱸮󱸰󱸰 rainfall is about a
󱸯 in 󱸰󱸮 year event

• 󱸰󱸮󱸰󱸰 drought about
󱸰 times more likely under
climate change

• uncertainty 󱸮.󱸯 to 󱸱󱸴󱸮
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󱸰 times more likely? Kimutai et al. 󱸰󱸮󱸰󱸱

• change the response to SPEI
rainfall adjusted for evaporation

• consider ‘long rains’ and ‘short
rains’ separately MAM, OND

• combine model simulation
results with observational
data

• the 󰎓rst is most important;
󱸰󱸮󱸰󱸰 drought now 󱸳󱸳󱸮󱸮 times
more likely
uncertainty 󱸱󱸰 to 󱸲× 󱸯󱸮󱸶Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸰󱸵



Combining climate simulations and data Kimutai et al. 󱸰󱸮󱸰󱸱

precipitation
adjusted for PET
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The theory

• extrapolation beyond observations
extreme value modelling

• assigning uncertainty to combined results
components of variance weighted average?

• ratios of estimated probabilities
unbounded con󰎓dence intervals Behrens-Fisher

• joint modelling of precipitation and evapotranspiration
copula modelling

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸱󱸮



Women Ross et al 󱸰󱸮󱸰󱸰 Nature
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The Data Ross et al 󱸰󱸮󱸰󱸰 Nature

• “󰎓nding ‘what isn’t there’ from ‘what is there’ is a fundamental problem in statistics”

• analytic data
• 󱸯󱸯󱸶 campuses send deidenti󰎓ed data to U Michigan + survey + qualitative analysis
• tracks spending on personnel for each research project payroll, all funding sources
• 󱸳󱸵 campuses with complete data 󱸰󱸮󱸯󱸱–󱸰󱸮󱸯󱸴
• identify teams: PI, faculty, PDF, PhD, UGrad, Research Sta󰎎 weighting of 󱸯 for each person
• identify publications Web of Science
• identify gender, job titles, scienti󰎓c 󰎓elds, patents, ...

• 󱸷󱸶󱸮󱸮 teams with 󱸯󱸰󱸷,󱸮󱸮󱸮 team members
• 󱸱󱸷,󱸮󱸮󱸮 articles; 󱸯󱸶m ‘potential authorships’, 󱸱󱸴󱸵,󱸮󱸮󱸮 actual authorships

scienti󰎓c articles

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸱󱸰



The analysis Ross et al 󱸰󱸮󱸰󱸰 Nature

• response attribution rate =
# actual authorships

# potential authorships = pr( attribution )

• covariates date of publication, number of days worked in the team, calendar time,
position in the team, team’s PI

• model
P( named ) = β󱸮 + β󱸯woman+ βT covariates + error

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸱󱸱



The results Ross et al 󱸰󱸮󱸰󱸰 Nature

overall attribution rate 󱸱.󱸯󱹻;

attribution rate for men 󱸲.󱸰󱸱󱹻; attribution rate for women 󱸰.󱸯󱸰󱹻 includes patents

di󰎎erence smaller when covariates included but still statistically signi󰎓cant

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸱󱸲



Figure 󱸯 Figure 󱸰



The theory Ross et al 󱸰󱸮󱸰󱸰 Nature

• linear regression but the response is a proportion

• logistic function is pretty linear for p ∈ (󱸮.󱸰,󱸮.󱸶)

• but these p’s ∈ (󱸮.󱸮󱸯,󱸮.󱸮󱸲) also many t-tests comparing ps

• there’s a paper for that!
On the linear in probability model for binary data Battey, Cox & Jackson 󱸰󱸮󱸯󱸷
least squares estimate is more robust, coe󰎏cient directly interpretable
less e󰎏cient, incorrect for observations out of range

• possibly more concerning: what is the unit of observation?
potential authorship? article? team?
are the standard errors correct?
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Faces Science News 󱸰󱸮󱸰󱸯
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Faces Wardle et al. PNAS 󱸰󱸮󱸰󱸯

Purdue Symposium June 󱸶 󱸰󱸮󱸰󱸱 󱸱󱸶



... Faces Wardle et al. PNAS 󱸰󱸮󱸰󱸯
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Anthropomorphizing Globe & Mail, June 󱸳
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Anthropomorphizing Globe & Mail, June 󱸳

“The reason we are astonished by their output is because, as a species, we’re gullible.
We tend to read human characteristics into any pattern that
even mildly resembles a human”
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Linking theory with practice

Nudging A meta-analysis in behavioural science
many small e󰎎ects, publication bias, Bayes/freq

Drought Climate change attribution
climate models, subgroup analyses, predictions

Women Co-authorship and gender
linear regression, binary outcome, confounding

Faces Human perception
sign test, regression, computational modelling
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... What are the foundations of statistics?

• probability, analysis, applied mathematics modelling

• Bayes, Neyman, Fisher approaches to inference

• nature of uncertainty epistemic, empirical

• nature of induction belief functions, inferential models

• interpretation of p-values, con󰎓dence regions, credibility intervals, likelihood ratios

• role of su󰎏ciency, ancillarity, conditioning, asymptotic theory

• sparsity, causality, assumption-free/lean inference, stability, prediction
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... What are the foundations of statistics?

• probability, analysis, applied mathematics modelling

• Bayes, Neyman, Fisher approaches to inference

• nature of uncertainty epistemic, empirical

• nature of induction belief functions, inferential models

• interpretation of p-values, con󰎓dence regions, credibility intervals, likelihood ratios

• realistic estimates of precision, complex dependencies, subgroup analyses

• out-of-sample predictions, sensitivity to assumptions
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Observations mine

• statistical “work󰎐ows” seem to be emerging in di󰎎erent disciplines
• e.g. Drought — “A Protocol for probabilistic extreme event attribution analysis ”

Philip et al 󱸰󱸮󱸰󱸮, Adv. Stat. Clim. Met. Ocean
• e.g “Writing statistical methods for ecologists” Davis & Kay 󱸰󱸮󱸰󱸱, Ecosphere

• tutorial-type articles in scienti󰎓c journals
• Annals of Thoracic Surgery — the statistician’s page
• J Am Medical Association — Guide to Statistics and Methods
• Nature Methods — Points of Signi󰎓cance

• “open data” observed in the breach
• Drought — “Almost all the data are available via the KNMI Climate Explorer”
• Women — “datasets generated ... are available at the Virtual Data Enclave Repository”

• sleuthing is hard
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Congratulations to the Department

THANK YOU
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Communication! — This just in
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https://ajph.aphapublications.org/doi/epdf/10.2105/AJPH.2023.307310
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