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Main message

Stephen Senn’s view:

“A Bayesian is one who, vaguely expecting a horse and catching a
glimpse of a donkey, strongly concludes that he has seen a mule”

In this talk, I will try to convince you that:

Frequentists do not need to be worried about stubborn mules.

A frequentist is one who strongly expecting a horse and clearly viewing
a donkey, insists that he has indeed seen a horse
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Auxiliary assumptions in statistical modelling

The double underdetermination problem

Underdetermination of scientific theory by evidence:

It is not possible to unambiguously falsify a theory, because theories are
always tested in a bundle with various auxiliary assumptions.
When a prediction fails, we never know whether we should blame the
theory or one of the auxiliary assumptions.

(Duhem-Quine problem)

Type 2: Underdetermination of evidence by scientific theory Joint work
with Balazs Aczel
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The double underdetermination problem

Underdetermination of scientific theory by evidence

Type 2: Underdetermination of evidence by scientific theory
Design

2

Analysis

Measurement

Sample selection from 
 target population

Variable definitions 
Missing data 

Outliers

Model choice

Study design: 

Experimental       Observational

Implementation 
 of interventions

Theory Data generating 
mechanism

Landy et al. (2020, Psychological Bulletin) 
Almaatouq et al. (2022, Behavioural and Brain Sciences) 
Huber et al. (2023, PNAS) 

Silberzahn et al. (2015, Nature) 
Botvinik-Nezer et al. (2020, Nature) 
Aczel et al. (2026, in press in Nature)
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Auxiliary assumptions in statistical modelling

Existing and nonexistant sources of uncertainty
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Measurement  
uncertainty
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uncertainty
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Method 
uncertainty

Causal 
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Empirical  
findings

𝒴
𝒳1 𝒳p…

Sampling 
uncertainty?

𝝷

Variation in  
treatment effect

𝜽

𝝷𝝷𝝷

𝜽

𝜽
Target population

Hoffmann, S., F. Schönbrodt, R. Elsas, R. Wilson, U. Strasser, Boulesteix, A. L. (2021).
The multiplicity of analysis strategies jeopardizes replicability: lessons learned across
disciplines. Royal Society Open Science 8 201925
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Auxiliary assumptions in statistical modelling

Impact on statistical inference

Original 
study

Replication 
study 1

Replication 
study 2

True 
value
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Unjustified auxiliary assumptions lead to bias

Considering:  
- Measurement uncertainty -> Information bias 
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Auxiliary assumptions in statistical modelling

Unjustified auxiliary assumptions lead to bias and
overoptimism

Strategy  
A

Strategy  
D

Strategy 
 E

Original 
study

Replication 
study 1

Replication 
study 2

True 
value

Considering:  
- Measurement uncertainty -> Information bias 
- Variation in treatment effects -> Selection bias 
- Analytical variability -> Multiplicity of possible  

                                   results

Strategy  
C

Strategy  
B
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Auxiliary assumptions in statistical modelling

Auxiliary assumptions lead to non-replicable and
incommensurable research findings

Original 
study

Replication 
study 1

Replication 
study 2

True 
value

Strategy  
B

Strategy  
B

{Effect of 
 selective 
reporting Strategy  

A

Strategy  
D

Strategy 
 E

Strategy  
B

Strategy  
C

Considering:  
- Measurement uncertainty -> Information bias 
- Variation in treatment effects -> Selection bias 
- Analytical variability -> Exaggerated estimates 
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Auxiliary assumptions in statistical modelling

Aim: Relax auxiliary assumptions to reduce overconfidence
and improve replicability

Account for: 
- Measurement uncertainty  
- Variation in treatment effects  
- Analytical variability 

Original 
study

Replication 
study 1

Replication 
study 2

True 
value
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Hierarchical models to relax auxiliary assumptions

The inverse problem in statistical inference

Probability  
model  
[Y|𝜽,X]

T(X,Y)

H0: 𝜽 = 𝜽0

T0(X,Y)Re
lat

ive
 fr

eq
ue

nc
y

p-value

T0(X,Y)
Hypothetical 
 test statistics 

under H0

Parameter space

Test  
statistic

Data

X Y

𝜽

Parameter space

𝜽

Probability  
model  
[Y|𝜽,X]

Posterior 
distribution 

[𝜽|Y,X]

Data

X
Exposure

Y
Outcome

Sabine Hoffmann 7 / 30



Hierarchical models to relax auxiliary assumptions

The inverse problem in statistical inference

Probability  
model  
[Y|𝜽,X]

T(X,Y)

H0: 𝜽 = 𝜽0

T0(X,Y)Re
lat

ive
 fr

eq
ue

nc
y

p-value

T0(X,Y)
Hypothetical 
 test statistics 

under H0

Parameter space

Test  
statistic

Data

X Y

𝜽
Parameter space

𝜽

Probability  
model  
[Y|𝜽,X]

Posterior 
distribution 

[𝜽|Y,X]

Data

X
Exposure

Y
Outcome

Sabine Hoffmann 7 / 30



Hierarchical models to relax auxiliary assumptions

Bayesian hierarchical models

Disease 
model  
[Y|𝜽,X]

Measurement  
model  
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Z
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X
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Y
Outcome

Suggestions on how to come up
with statistical models

Think (very hard) about your
data generating mechanism
Explore the design space to
come up with reasonable
auxiliary assumptions
Account for all sources of
evidence and all sources of
uncertainty
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Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

Accounting for evidence and uncertainty in the modelling of
infectious diseases
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Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

COVID-19 Forecasts from the CDC for the US
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Modelling of infectious diseases

Number of infected individuals

Number of individuals who are tested

Reported cases

Hospitalized cases

Cases needing 

ICU treatment

Deaths
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Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

Auxiliary assumptions in the modelling of infectious diseases

The number of reported cases, the number of hospitalized cases or the
number of deaths is proportional to the number of infections

The time between symptom onset and reporting, hospital admission
and death are always the same and known perfectly
The incubation time and the generation time are always the same and
known perfectly
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Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

[Rehms et al., 2024, Khazaei et al., 2023]
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External information to relax auxiliary assumptions
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Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

Relaxing auxiliary assumptions

Account for sources of uncertainty:
underreporting and weekday specific reporting delay in the number of
cases
account for uncertainty in the estimates of infection fatality rates, in
the incubation time distribution and the generation time distribution

Integrate information:
on reported number of cases, the number of deaths and hospital
occupancy
on the prevalence of new variants and vaccination coverage
from different geographical regions

⇒ We do not need to focus on single countries and short time periods
during which these factors remained unchanged

Sabine Hoffmann 13 / 30



Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

Relaxing auxiliary assumptions

Account for sources of uncertainty:
underreporting and weekday specific reporting delay in the number of
cases
account for uncertainty in the estimates of infection fatality rates, in
the incubation time distribution and the generation time distribution

Integrate information:
on reported number of cases, the number of deaths and hospital
occupancy
on the prevalence of new variants and vaccination coverage
from different geographical regions

⇒ We do not need to focus on single countries and short time periods
during which these factors remained unchanged

Sabine Hoffmann 13 / 30



Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

Relaxing auxiliary assumptions

Account for sources of uncertainty:
underreporting and weekday specific reporting delay in the number of
cases
account for uncertainty in the estimates of infection fatality rates, in
the incubation time distribution and the generation time distribution

Integrate information:
on reported number of cases, the number of deaths and hospital
occupancy
on the prevalence of new variants and vaccination coverage
from different geographical regions

⇒ We do not need to focus on single countries and short time periods
during which these factors remained unchanged

Sabine Hoffmann 13 / 30



Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

[Rehms et al., 2024, Khazaei et al., 2023]
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Hierarchical models to relax auxiliary assumptions Modelling infectious diseases

A hierarchical model of COVID-19 propagation

The disease model:

Ct,m =
∑
u<t

Iu,m(FξC (t − u + 1)− FξC (t − u))
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A hierarchical model of COVID-19 propagation
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Joint posterior

Target: Joint posterior distribution of θ =
{αk ,σαk
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Improving the communication of evidence and uncertainty
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cohorts
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Exposure reconstruction in the German cohort of uranium
miners

In the German cohort, the exposure to radon was reconstructed through
the following formula

E (t, o, j) =
¯̄̄
CRn(t, o) · 12 · γ′(t, o) · ω′(t, o) · ϕ′(t, o, j)

Xi (t) = E (t, o, j) · Ui (t)

ˆ̄̄̄
CRn(t, o) =

¯̄̄
CRn(t, o) · Uc(t, o)

with Ui (t) ∼ LN
(
−σ2u,B

2 , σ2
u,B

)
and Uc(t, o) ∼ LN

(
−σ2u,c

2 , σ2
u,c

)
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Exposure reconstruction in the German cohort of uranium
miners

f (o, j) = ϕ(o, j) · Uϕ,c(o, j)

ϕ′(t, o, j) = ϕ(o, j) · Uϕ,B(t, o, j)

w(pt) = ω(pt) · Uω,c(pt)

ω′(t, o) = ω(pt) · Uω,B(t, o)

g(pt , o) = γ(pt , o) · Uγ,c(pt , o)

γ′(t, o) = γ(pt , o) · Uγ,B(t, o)
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Joint posterior

[θ|Y ,X ] = [β][λ][αω][βω][αγ ][βγ ][αϕ][βϕ][µC][σC]×∏
i,t

[Yi |λ, β,X cum
i (t)]×

∏
i,t

[Xi (t)|σ2
U,B , I (i , t, o, j), ϕ

′(t, o, j), γ′(t, o), ω′(t, o), τ ′E (t)]×

∏
t,o

[ω′(t, o)|σ2
U,B , ω(pt)]

∏
pt

[w(pt)|σ2
ω,c , ω(pt)]

∏
pt

[ω(pt)|αω, βω]×

∏
t,o

[γ′(t, o)|σ2
γ,B , γ(pt , o)]

∏
pt ,o

[g(pt , o)|σ2
γ,c , γ(pt , o)]

∏
pt ,o

[γ(pt , o)|αγ , βγ ]×

∏
t,o,j

[ϕ′(t, o, j)|σ2
ϕ,B , ϕ(o, j)]

∏
o,j

[f (o, j)|σ2
ϕ,c , ϕ(o, j)]

∏
o,j

[ϕ(o, j)|αϕ, βϕ]×

∏
t,o

[CRn(t,o)|σ
2
u,c , CRn(t,o)]

∏
t,o

[CRn(t,o)|µC , σC]

Sabine Hoffmann 23 / 30



Hierarchical models to relax auxiliary assumptions Exposure measurement error in occupational cohorts

Disease model Correction Mean Median HDI (95%)

Proportional hazards
Corrected 0.16 0.15 [0.11, 0.20]

Uncorrected 0.12 0.12 [0.11, 0.13]

EHR
Corrected 0.40 0.39 [0.26, 0.54]

Uncorrected 0.30 0.30 [0.26, 0.35]
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Accounting for evidence and uncertainty in the prevalence
of drug use
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Assumptions in the estimation of the prevalence of drug use

Drug surveys include a random sample of the target population of
interest

Survey participants know their drug consumption perfectly and they
give honest answers
Missing data are missing completely at random

⇒ Drug surveys capture less than half of alcohol sales and only 30% to 60% of
illicit substance use

⇒ Reported cannabis consumption in Germany has gradually increased over the
past 15 years. The social acceptability of cannabis consumption has also
increased. We do not know whether people have started to consume more
cannabis or whether they have just stopped lying about their consumption.
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Accounting for evidence and uncertainty in drug surveys

Drug 
use: 

prevalence 
frequency 
intensity Influenced by non-response,

missing data and
measurement error

General 
drug 

surveys

Data on 
patients 
seeking 

treatment

Drug 
seizuresSales

Diagnoses 
of drug 
related 

disorders

Surveys
among 
users

Influenced by  
heaviness of use

Depending  
on legality of 
consumption

Waste-
water
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Addressing the incommensurability in Individual Participant
Data (IPD) meta-analysis of randomised controlled trials on

treatments for depression
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Auxiliary assumptions in IPD meta-analysis

Different scales for the measurement of depression severity measure
the same latent construct

The same scale measures the same latent construct before and after
treatment
The measurements from different scales can be standardised using the
cutoff value for mild depression
All follow-up measurements are irrelevant to the estimation of the
treatment effect, except for the measurement at six months
All measurements of anxiety, quality of life and functioning are
irrelevant to the estimation of the treatment effect
The treatment effect is the same for all patients, irrespective of their
disease severity
The treatment effect is the same for patients who continue the
treatment and patients who discontinue the treatment
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Addressing incommensurability in IPD meta-analysis on
RCTs for depression
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Big data paradoxes in routinely collected data

Quality 

of care

Disease 

severity 

Disease 

severity 

Race

Quality of 
care

Treatment Mortality

Target population

ID Hospital Treatment BGA CL Race Mortality
1 1 A 1
2 1 B 0
3 1 B 1
4 1 A 1
5 1 B 1
6 1 A 0
7 1 B 1
8 1 C 1
9 1 C 0
10 1 A 0
11 1 C 0
12 2 A White 0
13 2 A White 0
14 2 B White 0
15 2 A Black 0
16 2 White 1
17 2 B Black 1
18 2 A White 1
19 2 B White 1
20 2 Black 1
21 2 B White 1
22 2 B White 1
23 2 Black 1

FrailtySES
- Treatment A, B and C available
- Quality of care overall high 
- Immediate treatment initiation 


- Frailty, SES and race unmeasured
- Blood values measured at  
hospital admission
- Central laboratory measurements  
for all patients
- Additional point-of-care blood gas 
analysis only for patients with high 
disease severity
- Advanced imagining techniques

Explanation:

Prediction:

MortalityFrailty

- Treatment A and B are available 
- Quality of care overall low
- Delayed treatment initiation


- Frailty and SES unmeasured 
- Blood values measured 8-15 hours 
after hospital admission 
- Reporting of blood values, without 
knowledge of provenance from 
point-of-care blood gas analysis or 
central laboratory  
- Basic imaging techniques

Hospital 1

- Disease severity 
 overall high

- Disease severity 
overall low 
- SES overall high  

Hospital 2

Hoffmann et al. (2026, provisional acceptance in the BMJ)
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Summary

Summary

In my experience, a good model is not necessarily one that is simple

Models can still be parsimonious by reflecting everything else we know
about the data generating mechanism
Bayesian hierarchical models invite researchers to explore their design
space and to verify the plausibility of their auxiliary assumption
Rather than being uncertain, frequentists often prefer to be wrong,
insisting that a donkey is indeed a horse

...and I am not actually a Bayesian in the sense of Andrew Gelman:
“Every statistician, from R.A. Fisher on, uses Bayesian inference when it’s
appropriate. What makes a Bayesian a Bayesian is that he or she uses
Bayesian inference when it’s inappropriate as well.
(And, yes, I’m a Bayesian.” ’)
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Summary

Thank you for your attention!
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Big data paradoxes in routinely collected data

Quality 

of care

Disease 

severity 

Disease 

severity 

Race

Quality of 
care

Treatment Mortality

Target population

ID Hospital Treatment BGA CL Race Mortality
1 1 A 1
2 1 B 0
3 1 B 1
4 1 A 1
5 1 B 1
6 1 A 0
7 1 B 1
8 1 C 1
9 1 C 0

10 1 A 0
11 1 C 0
12 2 A White 0
13 2 A White 0
14 2 B White 0
15 2 A Black 0
16 2 White 1
17 2 B Black 1
18 2 A White 1
19 2 B White 1
20 2 Black 1
21 2 B White 1
22 2 B White 1
23 2 Black 1

FrailtySES
- Treatment A, B and C available
- Quality of care overall high 
- Immediate treatment initiation 


- Frailty, SES and race unmeasured
- Blood values measured at  
hospital admission
- Central laboratory measurements  
for all patients
- Additional point-of-care blood gas 
analysis only for patients with high 
disease severity
- Advanced imagining techniques

Explanation:

Prediction:

MortalityFrailty

- Treatment A and B are available 
- Quality of care overall low
- Delayed treatment initiation


- Frailty and SES unmeasured 
- Blood values measured 8-15 hours 
after hospital admission 
- Reporting of blood values, without 
knowledge of provenance from 
point-of-care blood gas analysis or 
central laboratory  
- Basic imaging techniques

Hospital 1

- Disease severity 
 overall high

- Disease severity 
overall low 
- SES overall high  

Hospital 2
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Big data paradoxes [Meng, 2018]

Original 
study

Replication 
study 1

Replication 
study 2

True 
value
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Big data paradoxes [Meng, 2018]

Original 
study

Replication 
study 1

Replication 
study 2

True 
value

Biases and uncertainties on  
large routinely collected data:  
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The multiplicity of analysis strategies

[Silberzahn and Uhlmann, 2015]: Are football referees more likely to give
red cards to players with dark skin than to players with light skin?
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