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We	  aim	  to	  tell	  the	  best	  truth	  we	  can.	  

•  Re-‐visit	  graphing	  data	  
– Error	  bars	  (and	  the	  art	  of	  “preIy”	  data)	  
– Look	  at	  your	  raw	  data	  

•  Mul.ple	  hypothesis	  tes.ng	  
– Go	  beyond	  the	  two-‐tailed	  t-‐test	  

•  Avoid	  the	  lies	  
– Plan	  your	  analysis	  before	  you	  plan	  your	  
experiments	  

– TX	  sharpshooter	  fallacy	  



These	  x-‐y	  pairs	  have	  the	  same	  mean,	  
variance,	  and	  correla.on	  

Visualizing	  Data	  

Anscombe’s	  quartet	  

X	  mean	  =	  9.00	  
X	  stdev	  =	  3.32	  
	  
Y	  mean	  =	  7.50	  
Y	  stdev	  =	  2.03	  
	  
R	  =	  0.82	  	  
(Pearson	  correla.on)	  
	  



These	  x-‐y	  pairs	  have	  the	  same	  mean,	  
variance,	  and	  correla.on	  

Visualizing	  Data	  
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There	  is	  a	  difference	  between	  SD	  and	  SEM!	  

© 2010-11, Anne Segonds-Pichon. 
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Visualizing	  Data	  

The SD quantifies the scatter of the data. The SEM quantifies how far the sample  
mean is from the true population mean. 



SD or SEM ? 

•  If the scatter is caused by biological 
variability, it is important to show the 
variation.  
–  Report the SD rather than the SEM.  

•  Better, show a graph of all data points, or perhaps report 
the largest and smallest value  there is no reason to only 
report the mean and SD. 

•  If you are using an in vitro system with no 
biological variability, the scatter can only 
result from experimental imprecision (no 
biological meaning).  
–  Report the SEM since the SD is less useful here.  

•  Instead, report the SEM to give your readers a sense of 
how well you have determined the mean. 

© 2010-11, Anne Segonds-Pichon. 



That	  ‘rule	  of	  thumb’	  isn’t	  so	  handy...	  
Visualizing	  Data	  

Error	  Bar	  Type	   Overlapping	   Not	  overlapping	  

Standard	  Error	  of	  
Mean	  

Not	  significantly	  
different	  (p	  <	  0.05)	  

No	  conclusion	  

Standard	  Devia.on	   No	  conclusion	   No	  conclusion	  

95%	  Confidence	  
Interval	  

No	  conclusion	   p	  <	  0.05	  
*If	  no	  mul.ple	  
comparisons	  



It	  is	  really	  important	  to	  look	  at	  your	  data.	  
Visualizing	  Data	  

MTLn3-‐GFP	

Not	  S.mulated	 +EGF	

MTLn3-‐Mena-‐Inv	

Not	  S.mulated	 +EGF	

F-‐Ac.n	  
(Phalloidin)	

PI(3,4)P2	
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It	  is	  really	  important	  to	  look	  at	  your	  data.	  
Visualizing	  Data	  

m	  =	  4	  experiments	  
n	  =	  5	  cells	  /	  experiment	  
	  
Data	  shown	  as	  mean	  +/-‐	  	  SEM	  
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It	  is	  really	  important	  to	  look	  at	  your	  data.	  
Visualizing	  Data	  

m	  =	  4	  experiments	  
n	  =	  5	  cells	  /	  experiment	  
	  
Data	  shown	  as	  mean	  +/-‐	  	  SD	  
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It	  is	  really	  important	  to	  look	  at	  your	  data.	  
Visualizing	  Data	  

m	  =	  4	  experiments	  
n	  =	  5	  cells	  /	  experiment	  
	  
Data	  shown	  as	  mean	  +/-‐	  	  95%	  CI	  
	  
*	  p	  <	  0.05,	  two-‐tailed	  t-‐test	  

*	  	  



It	  is	  really	  important	  to	  look	  at	  your	  data.	  
Visualizing	  Data	  
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All	  on	  one	  day!	  



“The	  circumstances	  of	  brewing	  work,	  with	  its	  variable	  materials	  and	  
suscep.bility	  to	  temperature	  change	  and	  necessarily	  short	  series	  of	  
experiments,	  are	  all	  such	  as	  to	  show	  up	  most	  rapidly	  the	  limita.ons	  of	  
large	  sample	  theory	  and	  emphasize	  the	  necessity	  for	  a	  correct	  method	  
of	  trea.ng	  small	  samples.	  It	  was	  thus	  no	  accident,	  but	  the	  
circumstances	  of	  his	  work,	  that	  directed	  ‘Student’s’	  aIen.on	  to	  this	  
problem”	  (McMullen	  1939,	  pp.	  205–206).	  

William	  Sealy	  Gosset	  
	  

aka	  “Student”	  
	  

Guinness	  Brewery,	  
Dublin,	  Ireland	  

	  
“The	  probable	  error	  	  

of	  a	  mean”	  
Biometrika,	  1908	  

Mul.ple	  Comparisons	  



Mul.ple	  Comparisons	  



Let’s	  revisit	  some	  of	  the	  t-‐test	  assump.ons:	  
Mul.ple	  Comparisons	  
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How	  many	  comparisons	  did	  	  

you	  make	  in	  Mod1?	  

Mul.ple	  Comparisons	  



	  	   UD3	   CD3P	   D5+UD3	   D5+CD3P	   D5+CD3B	  

D5	   0.85	   0.71	   2.14E-‐10	   1.75E-‐13	   6.38E-‐09	  

UD3	   	  	   0.80	   1.73E-‐08	   8.95E-‐14	   5.09E-‐09	  

CD3P	   	  	   	  	   0.0009	   1.62E-‐08	   8.20E-‐09	  

D5+UD3	   	  	   	  	   	  	   3.78E-‐08	   9.01E-‐07	  

D5+CD3P	  	  	   	  	   	  	   	  	   0.009	  

How	  do	  we	  make	  these	  conclusions	  more	  
reliable?	  



Number	  of	  pairwise	  comparisons	  =	  m	  =	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  =	  (6*5)/2	  =	  15	  	  	  
N*(N-‐1)	  

2	  

A	  conserva.ve	  approach:	  the	  Bonferroni	  
correc.on	  

αcorrected=	  α/m	  	  


