
@clirspec http://clirspec.org/ 

Design of Experiments 
The Good, The Bad and The Ugly 

@RoyGoodacre 
@Metabolomics 



Layout  
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u  How to avoid False Discovery 
u  Exercises on Design of Experiments 
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Biomarker 

u A characteristic that is objectively measured 
and evaluated as an indicator of normal 
biologic processes, pathogenic processes, or 
pharmacologic responses to a therapeutic 
intervention. 

NIH definition 



Biomarker: wrt Spectroscopy 
u A unique or distinctive spectral pattern (i.e., it 

has many variables*) which is evidence of a 
specific substance (or substances), or 
modification to that substance(s). 

*multivariate in nature where variables =  
  absorbance at specific wavenumbers (IR) 
  or energy from wavenumber shifts (Raman) 

 
With help from David Ellis 
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Ellis, D.I. et al. (2007) Pharmacogenomics 8, 1243-1266. 



Biomarker discovery process 

u Take a sample 
Ä Body fluid (for example) 

u Analyse it in an unbiased way 
Ä FT-IR, Raman, SERS, etc 

u What are the discriminatory peaks / patterns 
Ä Use mathematical discovery for  

hypothesis generation 

Hollywood, K. et al. (2006) Proteomics 6, 4716-4723. 



Holism for  
knowledge discovery 

Carefully designed 
Data - generating experiment 

Generation 
of hypotheses 

Inductive reasoning  
by computation 

Analysis and test  
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about problem
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Solution should be without doubt 

May be better to say: Beyond reasonable doubt 



“Left to our own devices ... we are all too 
good at picking out non-existent patterns 

that happen to suit our purposes” 
 
Efron and Tibshirani, 1993 

Statistics are key to this process 



Benjamin Disraeli 

There are three kinds of lies:  
lies, damned lies, and statistics 

Aaron Levenstein 

Statistics are like bikinis. 
What they reveal is 
suggestive, but what  
they conceal is vital 

“Left to our own devices ... we are all too 
good at picking out non-existent patterns 

that happen to suit our purposes” 
 
Efron and Tibshirani, 1993 
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http://www.hawaii.edu/fishlab/ 



http://www.hawaii.edu/fishlab/ 



Experimental 
design 

Biological 
system 

Measurement 

Data 
processing 

Analysis Pipeline 

Ronald Fisher (1938) 

“To call in the statistician after the experiment 
is done may be no more than asking him to 
perform a post-mortem examination: he may 
be able to say what the experiment died of” 



Experimental design 

u Need to encompass variation: 
Ä in the Biology 
Ä in the Sample Preparation 
Ä in the Measurement/Instrument 

u What sort of question: 
Ä Healthy vs. diseased (case control studies) 
Ä Abitoic / biotic stress (usually longitudinal) 
Ä Gene function (functional genomics) 



Sample number and statistics 
u What is significant? 

Ä 2,000,000 measurements 
ð  100x100 image = 10,000 

Ä 200 biopsies 
Ä 20 patients 

u Problem 
Ä Variables aren’t really discrete 
Ä Too correlated 
Ä ∴ power calculations 

    don’t really work 

u Where is the 
variability? 
Ä Biology 
Ä Sample processing 
Ä Measurement 

http://www.worldometers.info/
world-population/  



Analysis 
musts 

u Repeatable 
u Tested 

against 
controls 



Statistician needed at onset 

u Was randomisation 
successful: Check! 

u In case-control studies 
only non-random thing 
should be what you 
are testing for 

Ransohoff, D.R. (2005) Nature Reviews Cancer 5, 142-149 



Case-Control studies 

u Comparison 
Ä ‘Cases’: Patients that have a condition or disease 
Ä ‘Controls’: Subjects without condition but 

otherwise similar to ‘cases’ 
u Goal 

Ä Discriminatory features/‘biomarkers’ between them 
u Uses of these ‘biomarkers’: 

Ä Stratification – treatment response 



All about Null hypothesis (H0) 
u  Given the test scores of two random samples of guilty people and 

innocent people, does one group differ from the other? 
u  A possible null hypothesis is that the mean score for guilty is the 

same as the mean innocent score. In other words H0: µ1 = µ2 

H0: µ1 = µ2 
 H0 = null hypothesis 
 µ1 = mean of population 1 
 µ2 = mean of population 2 

β = Type II error 

α = Type I error 
(e.g.) p = 0.05 



u  Given the test scores of two random samples of guilty people and 
innocent people, does one group differ from the other? 

u  A possible null hypothesis is that the mean score for guilty is the 
same as the mean innocent score. In other words H0: µ1 = µ2 

u  Type I error (False Positive) “convicting an innocent person” 
u  Type II error (False Negative) “letting a guilty person go free” 

All about Null hypothesis (H0) 

Null hypothesis (H0) 
is true 

Null hypothesis (H0) 
is false 

Reject null hypothesis False positive 
[Type I error; α] 

True positive 
[Correct outcome] 

Fail to reject null hypothesis True negative 
[Correct outcome] 

False negative 
[Type II error; β] 



Null hypothesis u  Consider a measurement: 
u  Controls:  mean (µ1) = 0.7 and σ1 = 0.1 
u  Cases:  mean (µ2) = varies [0.8 | 1.1 | 1.5] and σ2 = 0.1 

u  Does one group differ from the other? 
u  Possible Null hypothesis is that the mean score for ‘controls’ is 

the same as the mean ‘cases’ score. In other words H0: µ1 = µ2 

   

Broadhurst, D.I. & Kell D.B. (2007) Metabolomics 2, 171-196 



Simulated data: 100 cases, 100 controls 

Broadhurst, D.I. & Kell D.B. (2007) Metabolomics 2, 171-196 



Beware of confounders 
u Is consumption of ice-cream associated with 

coronary heart disease? 
u Facts 

Ä Sales of Ice cream are correlated with temperature 
increase. 

Ä The mortality rate from cardiovascular diseases is 
also correlated with temperature increase. 

u Conclusion 
Ä Ice-cream sales are associated with coronary 

heart diseases, BUT this may not be true. 



Beware of Spurious Correlations 

http://tylervigen.com/spurious-correlations 



D3: Data, data quality, data analysis 

This is why most findings 
are likely to be false 

Biomarkers and clinical translation 

Poste G. (2011) Bring on the biomarkers. Nature 469, 156-157 



D3: Data, data quality, data analysis 

Poste G. (2011) Bring on the biomarkers. Nature 469, 156-157 

Biomarkers and clinical translation 

This is why most findings 
are likely to be false 



hyp
oth

esiz
ing	

a.e
r	th

e	

resu
lts	a

re	k
now

n	

•  85% of biomedical 
research efforts are 
wasted 

•  90% of respondents 
to a recent survey in 
Nature agreed that 
there is a 
‘reproducibility crisis’ 

•  Specialist versus 
General publications* 

*Casadevall & Fang (2014) 
mBio 5: e00064-14 
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What to consider 
when planning a 

case-control study 



Experimental design considerations 

u Controls 
Ä Needed! 
Ä Good balance between the test and control group 

ð Matched (e.g.): age, gender, etc 
Ä Collected at the same time as test subjects 

u Cohort Numbers 
Ä Sufficiently large sample size 

ð Demonstrated with power calculations  
Ä Balanced  

Inspired by http://norvig.com/experiment-design.html 



Experimental design considerations 

u Randomised Controlled Trial 
Ä Randomisation of study participants into 

experimental and control groups. 
Ä only non-random thing should be what you are 

testing for 
u Double-Blind Studies 

Ä Blinding of patients. 
Ä Blinding of investigators 

Inspired by http://norvig.com/experiment-design.html 



Experimental design considerations 

u Statistics 
Ä Correct statistics 

ð  Look at distributions in the data 

u Hypothesis generation 
Ä Care of over zealous data mining 
Ä Consider repeating the experiment in a different 

cohort, different place, etc. 

Inspired by http://norvig.com/experiment-design.html 



Let’s look at some experiments 

u These are all published in good journals 
u Looking at: 

Ä Patient metadata 
Ä Population demographics 

u Please note that: 
Ä Any errors are not deliberate 
Ä Can have serious implications for technique used 



Study 1 
u Liver failure from plasma 
u Metabolome measured with GC-MS & LC-MS 

Lawton, K.A. et al. (2008) Pharmacogenomics 9, 383-397 



Study 2 
u 27 acute lymphoblastic leukemia 
u 11 acute myeloid leukemia 
u Affymetrix arrays with 6,817 probes 

Golub et al. (1999) Science 286, 531-537 

Childhood 
Adult 

Control group? 



Study 3 

Navaglia et al. (2009) Clin Chem Lab Med  47, 713-723 

u SELDI for pancreatic cancer 



Kenny L.C. et al. (2005) Metabolomics 1, 227-234  

u Pre-eclampsia: Pregnancy-induced hypertension  
u Metabolomics: GC-MS of serum Measuring BP? 

Study 4 

Markers found did 
not correlate with BP 



Brindle, J.T. et al. (2002) Nature Medicine 8, 1439-1444 

u Cardiovascular disease – severity of disease 
u Metabolomics: NMR of serum 

Study 5 

Gender Bias 

NMR signal → lipids important. 
But statins used for TVD group 

 
Kirschenlohr, H.L. et al. (2006)  

Nature Medicine 12, 705-710 



Study 6 

u Controls are needed: 
Ä Age, gender, BMI etc. matched 
Ä Same number as test (n=50) 

u But what about storage: 
Ä Some samples could be 20 years old 

ð  -20 °C versus -80 °C – will these have changed? 

Ä Consistent protocol used for sample collection? 

Clinician with 
valuable samples 



Study 7 

u Phase I 
Ä Typically use healthy males 

u Disease (Alzheimer's disease) 
Ä Most will be elderly 
Ä Usually have comorbidities 
Ä May also be under weight 

Drugs and drug trails 
for Alzheimer’s 



Study 8 

u What do you consider a healthy control? 
u Different for different diseases: 

Ä Asthma 
ð People who have never smoked 

Ä COPD 
ð Disease due to smoking 
ð Current versus ex-smoker 

COPD Healthy Asthma 
Age 65.7 (6.7) 55.3 (7.1) 46.1 (14.4) 
Gender - % Male 67% 47% 49% 
% predicted FEV1 53.7 (16.3) 102.4 (12.1) 91.5 (22.1) 
% predicted FVC 89.7 (17.6) 113.3 (14.6) 106.0 (14.4) 
Smokers –  
   current/ex/never 12/27/0 10/0/22 0/0/35 

ICS 64% 0% 71% 

Xu, Y. et al. (2014) Metabolomics 10, 375-385 



Study 9 

u What sort of Urine sample 
Ä Overnight (fasted) 
Ä 24 h collection 
Ä Post-prandial 

u Study design 
Ä Cross-over 

Nutritional study 
High protein Low Carb 

v. Low protein High Carb 

Patients 

Randomisation Treatment B 

Treatment A 

Treatment B 

Treatment A 

Period 1 Period 2 

Wash out 
Period 



Study 10 

u Control considerations: 
Ä Tissue from a healthy age, gender matched 

individual 
Ä Tissue from the other lung 
Ä Tissue adjacent to the tumour 

u But: 
Ä Which is best? 
Ä What about ethics 

Chemical imaging;  
e.g. lung tumours 


