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On problems 



In an observational world life is not easy… 
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Basic problem I 

We (usually) don’t see that X causes Y 
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Basic problem II 

• Causal judgement is based on inferences 

• Inferences can be wrong 
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Basic problem III 

Statistics do not differentiate between association and causation 
But: some associations are causal 
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Simply dismiss observational studies? 

Why most research findings are false. Ioannidis 2005 

 

Am J Epidemiology 

• The journal does not allow the use of the word ‘effect(s)’ to denote 

association(s) 

• It may promise more than an observational study can deliver 

• It misleads the uncritical reader 

• Only studies in which there is an intervention to change exposure can study causes  
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Simply dismiss observational studies? 

That some observational studies are invalid does not mean all are so 

 

There are important gaps (left by RCTs) in knowledge to be filled 

 

RCTs have (probably) limited generalizability 

Odense 2017 



Gaps in our knowledge… 

Odense 2017 From: Le Cessie 



The issue of generalizability 

Odense 2017 Kennedy-Martin Trials 2015 



The issue of generalizability 
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So… 

• Causal inference in clinical (observational) research is not straightforward 

(old news) 

 

• Many important knowledge gaps not covered by RCTs 

• Generalizability RCTs often problematic 

 

• There is room for observational studies on treatment effects (good news) 
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On confounding 



RCT versus observational data 

‘The findings of this review will inform the future when designing 

comparative effectiveness research’ 

Odense 2017 Anglemeyer Cochrane 2014 



RCT versus observational data 

‘The findings of this review will inform the future when designing 

comparative effectiveness research’ 

‘Our results provide little evidence for significant differences between 

RCTs and observational studies’ 
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RCT versus observational data 

Differences in effect estimates can go in all directions 

 

Reasons: 

• Different settings (effect modification) 

• Different populations (effect modification) 

• Different interventions 

 

• Confounding 

 

 

For the rest of the talk I will ignore other forms of bias (measurement error, 

selection bias) 
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Two questions prior to observational data analysis 

1. How much certainty do you need? 

1. Ethical claim 

2. How much uncertainty do you expect due to confounding?  

1. Validity claim 

Odense 2017 



Confounding: the basic structure 

 

 

 

 

 

 

 

 

 

 

 

 

A = set of measured confounders 

 

 

X Y 

A 



The unknowns: Rumsfeld on confounding 
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There are known knowns. These are things we know that 
we know. There are known unknowns. That is to say, 
there are things that we know we don't know. But there 
are also unknown unknowns. There are things we don't 
know we don't know. Donald Rumsfeld 



Confounding: the basic structure 

 

 

 

 

 

 

 

 

 

 

 

 

A = set of measured confounders 

U = set of unmeasured confounders 

 

 

X Y 

A 

U 



Confounding 
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Confounding: a matter of degree 

Intended effects: 

• Two statins for cholesterol 

lowering (much confounding 

expected) 

 

Unintended effects 

• Two statins compared for their 

effect on an allergic reaction or 

myopathy (not much expected 

confounding) 

 

X Y 

A 

U 



Example:  
Coxibs and cardiovascular events 

Example:  
Coxibs and gastrointestinal effects 

No expected confounding Very much expected confounding 

Intended 
effects 

Unintended 
effects 

Intended and unintended effects 

Adapted from Schneeweiss 1996 



Side effects 
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Confounding: the standard approach 

Multivariable analysis 

- Standard adjustment 

- Matching 

- Propensity scores 

- IP weighting 

- G-estimation 

 

 

X Y 

A 

U 



The standard approach: does it work? 

Odense 2017 Jou Clin Epi 2010; 63 



The standard approach: does it work? 

Odense 2017 Jou Clin Epi 2010; 63 



Consistency is no validity 

Odense 2017 Egger BMJ 1997 



Consistency is no validity 
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Observational studies 

The mere absence of randomized trials does not make observational studies 

valid 

 

In case of much expected (and unmeasured) confounding observational studies 

cannot assumed to be valid 

 

Variables like performance status often not well recorded in large databases 

Odense 2017 



Odense 2017 

On potential 
solutions 



Testing a hypothesis in an experiment 

1. Repeat the experiment (reduce random error) 

2. Repeat the experiment adding including a drug naturalizing substance  

3. Test whether the drug apparently has an effect on non-related outcomes  

4. Etc etc 
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Testing a hypothesis in an experiment 

1. Repeat the experiment (reduce random error) 

2. Repeat the experiment adding including a drug naturalizing substance  

3. Test whether the drug apparently has an effect on non-related outcomes  

4. Etc etc 
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This is generally called 
‘negative controls’  



A randomized controlled experiment 
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Controlled versus randomized experiments 

Controlled 
experiment 

Randomized trial Observational 
study 

Exposure assignment 
controlled 

Yes Yes No 

Exposure during follow-
up controlled 

Yes No No 

Other conditions 
controlled 

Yes No No 

Ceteris paribus Yes No No 
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Controlled versus randomized experiments 

Controlled 
experiment 

Randomized trial Observational 
study 

Exposure assignment 
controlled 

Yes Yes No 

Exposure during follow-
up controlled 

Yes No No 

Other conditions 
controlled 

Yes No No 

Ceteris paribus Yes No No 

- A randomized trial is in a scientific sense not fully controlled 
 

- The core difference between RCT and observational study is 
treatment assignment (which prevents confounding) 
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4 threads to validity  

Random error 
Measurement 

error 

Confounding Selection bias 
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Confounding I: negative (exposure) controls 

 

 

There is a variable Z, related to X 

through confounders A and U  

 

Z is not related to Y 

 

If in a crude analysis Z is related to Y, 

then the result is confounded (by A 

and U) 

 

If after adjustment for A there is no 

null effect and if  X and Z share the 

same set of confounders, we know X-Y 

association is biased 

X Y 

A 

U 

Z 

Lipsitch Epidemiology 2010 Odense 2017 



Confounding: negative (exposure) controls 
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Confounding II: negative (outcome) controls 

 

 

There is a variable Y*, related to X 

through confounders A and U  

 

X does not affect Y * 

 

If in a multivariable analysis X is 

related to Y* after adjustment for A, 

then adjustment is not likely to fully 

adjust for the X-Y association 

X Y 

A 

U 

Y* 



Confounding II: negative (outcome) controls 

Odense 2017 Jackson Am Jou Epi 2013 



Positive control 
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Mimick an RCT by design and restrict 

to a target population where the RCT 

result is known 

 

If after adjustment observational data 

and RCT fall in line, the set of 

confounders may be called sufficient 

and can be applied to a broader 

population 



Circumventing confounding: IV 

 

 

A variable Q (the instrument) 

determines X, and through X 

potentially Y 

 

Analyzing the X-Y association through 

an Q-Y analysis circumvents 

confounding  

 

 
The additional assumptions for a  valid IV 

analysis are beyond the scope of this talk. See 

for details: Hernán MA. Instruments for causal 

inference Epidemiology. 2006 Jul;17(4):360-72.   

 

 

X Y 

A 

U 

Q 
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Much expected confounding 



Polymorphism, CRP, CHD 
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On certainty 
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In conclusion 

Researchers should ask the questions: 

 

How much certainty do I need? 

 

How much certainty can I get from my data? 

If confounding is deemed extreme, a simple observational study is simply not 

valid (and should probably not be published) 

 

Is there a design that can refute/conform the hypothesis with more certainty? 

 Negative control design 

 Positive control design 

 IV analysis 

 

And: maybe the truth is not in one single study 
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Hippocrates 
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Hippocrates (extended) 

The first commandment of an 
epidemiologist/statistician: 
do not produce noise 
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An example 
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