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The role of auxiliary assumptions

Auxiliary assumptions in research

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)
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Auxiliary assumptions in statistical modelling in medicine
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“All factors influencing
treatment switching and the
outcome were measured”
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The role of auxiliary assumptions

Auxiliary assumptions play an even bigger role in the
analysis of routinely collected data

When data are prospectively collected for research purposes:
The research question informs the study design
In experimental studies, it even determines the data generating
mechanism

In routinely collected data, there is
Little knowledge of how the data were generated
Little control over measurement procedures

Consequences:
It is in general not possible to control who receives which treatments
It is unknown why certain patients received certain treatments
Sometimes one does not even know when and for how long patients
received a certain treatment
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The role of auxiliary assumptions

Existing and nonexistant sources of uncertainty
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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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If we ignore uncertainty, it leads to bias
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If we ignore uncertainty, it leads to bias
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The role of auxiliary assumptions

Big data paradoxes (Meng (2018))
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Challenges in the analysis of routinely collected data Representativeness

“The sample is representative of the target population”

Due to disparities in the access and use of health-care services,
routinely collected data may under- or mis-represent certain subgroups
[1, 2, 3, 4, 5], including

ethnic minorities
patients without medical coverage
low-income and rural populations

If patients from under-represented groups are present in the data,
there is a risk that they may be mis-represented, because they are

more likely to visit multiple institutions [6, 7, 8]
they receive fewer diagnostics tests and interventions [2]
they are more likely to be lost during data linkage

There may be substantial variation in patient characteristics and in
disease occurrence across sites in multisite studies
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Challenges in the analysis of routinely collected data Data quality

“There is no measurement error or informative missingness”

Routinely collected data are not recorded for a specific research
purpose at hand

⇒ Documentation practices may vary between different clinical settings,
as a function of incentives and of the overall workload of the personnel
collecting the data [9, 10]
Examples:

On an emergency call, vital parameters may not be measured if they
are irrelevant to the clinical question at hand
During a busy period, nurses may not find the time to record clinical
events or changes in medication, or they may only find time at the end
of their shift
Prescription orders may not be filled or consumed by the patient
Temporal changes in the recording of data may produce systematic
differences over time

⇒ Parameter estimates can be biased in any direction
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Challenges in the analysis of routinely collected data Time point alignment

“It is possible to find an alignment between eligibility,
treatment assignment and start of follow-up”

In routinely collected data, the first entry for a patient typically has no
clear clinical meaning and it is often unknown which diagnoses or
treatments the patient received before this time point

In a representative sample of reports of comparative non-randomised
studies that assessed the effectiveness and/or safety of drug
treatments, Yaacoub et al. (2024) [11] found that in 72% of studies
eligibility, treatment assignment, and start of follow-up were not
aligned.
In a data audit on the quality of observational study data in an
international HIV research network, treatment regimens and associated
dates and the timings of laboratory measurements were especially
prone to error with error rates of up to 56% and 42% [12]

Sabine Hoffmann 26.05.2026 10 / 22



Challenges in the analysis of routinely collected data Time point alignment

“It is possible to find an alignment between eligibility,
treatment assignment and start of follow-up”

In routinely collected data, the first entry for a patient typically has no
clear clinical meaning and it is often unknown which diagnoses or
treatments the patient received before this time point
In a representative sample of reports of comparative non-randomised
studies that assessed the effectiveness and/or safety of drug
treatments, Yaacoub et al. (2024) [11] found that in 72% of studies
eligibility, treatment assignment, and start of follow-up were not
aligned.

In a data audit on the quality of observational study data in an
international HIV research network, treatment regimens and associated
dates and the timings of laboratory measurements were especially
prone to error with error rates of up to 56% and 42% [12]

Sabine Hoffmann 26.05.2026 10 / 22



Challenges in the analysis of routinely collected data Time point alignment

“It is possible to find an alignment between eligibility,
treatment assignment and start of follow-up”

In routinely collected data, the first entry for a patient typically has no
clear clinical meaning and it is often unknown which diagnoses or
treatments the patient received before this time point
In a representative sample of reports of comparative non-randomised
studies that assessed the effectiveness and/or safety of drug
treatments, Yaacoub et al. (2024) [11] found that in 72% of studies
eligibility, treatment assignment, and start of follow-up were not
aligned.
In a data audit on the quality of observational study data in an
international HIV research network, treatment regimens and associated
dates and the timings of laboratory measurements were especially
prone to error with error rates of up to 56% and 42% [12]

Sabine Hoffmann 26.05.2026 10 / 22



Challenges in the analysis of routinely collected data Time point alignment

“It is possible to find an alignment between eligibility,
treatment assignment and start of follow-up”

ID A B C ECMO Mortality
1 0 1 0 1 1
2 1 1 0 1 0
3 1 0 0 0 1
4 0 1 0 1 1
5 0 0 0 1 1
6 1 0 0 1 0
7 1 0 0 1 1
8 0 0 1 0 1
9 0 1 0 0 0
10 0 0 1 1 0
11 0 0 0 1 1
12 0 0 1 1 1
13 0 0 1 0 0
14 0 0 0 1 1
15 0 1 0 1 1
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Challenges in the analysis of routinely collected data Interventions and tests are not random

“All relevant confounders were measured without error”

Disease 

severity 

Ethinicity

Quality of 
care

Treatment Outcome

FrailtySES
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Challenges in the analysis of routinely collected data Interventions and tests are not random

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, S., Morris, T., Herrmann, M., Heinze, G., Wynants, L., Van Calster, B.,
Bischl, B., Schmid, M., Shaw, P.A., Mathes, T., Naudet, F., Harrell, F.E. (...), Thiele,
H., Lüsebrink, E. (2026). Using routinely collected data for research purposes:
Challenges and mitigation strategies. The BMJ In print
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Challenges in the analysis of routinely collected data Multiplicity of possible analysis strategies

Relying on auxiliary assumptions leads to a multiplicity of
possible analysis strategies

“There is no measurement error or informative missingness”
“It is possible to find an alignment between eligibility, treatment
assignment and start of follow-up”
“All relevant confounders were measured without error”
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Relying on auxiliary assumptions leads to a multiplicity of
possible analysis strategies

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
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Relying on auxiliary assumptions leads to a multiplicity of
possible analysis strategies

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, Nature)

Figure: The basic components of parametric statistical inference
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Challenges in the analysis of routinely collected data Multiplicity of possible analysis strategies

Selective reporting among a multiplicity of possible analysis
strategies leads to non-replicability and overconfidence

Strategy  
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Considering:  
- Measurement uncertainty -> Information bias 
- Variation in treatment effects -> Selection bias 
- Analytical variability -> Multiplicity of possible  
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Challenges in the analysis of routinely collected data Multiplicity of possible analysis strategies

Selective reporting among a multiplicity of possible analysis
strategies leads to conflicting findings [13, 14, 15]
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Mitigation strategies

Mitigation strategies to address challenges in the analysis of
routinely collected data
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Mitigation strategies

Transparency is both more important and more difficult in
the analysis of routinely collected data
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Mitigation strategies

Mitigation strategies

Representativeness

Diagnosis Design Analysis Checklist for readers Red flags

Time point
alignment

Data quality

Interventions
not random

Multiplicity of
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No patient flow
chart available
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Post-treatment
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✘

Adjustment for
post-baseline
variables
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chosen model or
data driven model
selection

✘

No reliable
information on
origins of data

✘

Patients with
missing values are
excluded without
further justification

✘

Comparison
of sample

characteristics with
target population

and across centres

Authors show
robustness of
results when using
different selection
algorithms

Transparent
reporting of timing
of all measurements
and of treatment
trajectories

Comprehensive
reporting of data
pre-processing steps
and missingness
patterns

Directed acyclic graph
including unmeasured and
mismeasured confounders,
and colliders available

Authors show robustness of
results to alternative analysis
strategies

Use of validated
definitions for

sample
selection, time

points,
exposures,

confounders,
outcomes and

or validation
using

prospectively
collected and/or

external data

Comparison of results
when two analysts

independently analyse
data including

pre-processing steps

Quantitative bias
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with prospective
data from RCTs

Target trial
emulation

Matching and
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Discussion with
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with data collection
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Metadata and code available

Pre-registered analyses

Standardisation
and training

Hoffmann, S., Morris, T., Herrmann, M., Heinze, G., Wynants, L., Van Calster, B.,
Bischl, B., Schmid, M., Shaw, P.A., Mathes, T., Naudet, F., Harrell, F.E. (...), Thiele,
H., Lüsebrink, E. (2026). Using routinely collected data for research purposes:
Challenges and mitigation strategies. The BMJ In print
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the data generating mechanism and they have no control over
measurement procedures

To produce reliable and credible results, it is important to verify and
to relax auxiliary assumptions and to account for all evidence and
uncertainty in the analysis of routinely collected data
Qualitatively discussing biases arising from the the violation of
auxiliary assumptions makes scientific uncertainty essentially
inaccessible to readers who have limited knowledge and understanding
of methodological weaknesses and challenges
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