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Call	
  to	
  arms	
  
What	
  are	
  the	
  translatable	
  deliverables	
  that	
  we	
  
have	
  to	
  show	
  for	
  all	
  of	
  the	
  recent	
  microbiome	
  
work?	
  
	
  



Where	
  is	
  there	
  poten8al?	
  

•  Manipulate	
  the	
  
microbiome	
  (really	
  
hard)	
  

•  DiagnosQcs	
  

Dethlefsen	
  &	
  Relman	
  2011	
  PNAS	
  108:4554	
  



The	
  microbiome	
  is	
  a	
  poten8al	
  
reservoir	
  for	
  biomarkers	
  

•  Reservoir	
  
–  ~102-­‐103	
  species	
  per	
  subject	
  
–  ~102-­‐103	
  bacterial	
  genes	
  per	
  human	
  gene	
  
– Growing	
  evidence	
  that	
  microbiome	
  is	
  involved	
  in	
  
health	
  and	
  disease	
  

•  ApplicaQons	
  
– Non-­‐invasive	
  diagnoses	
  
– Assess	
  risk	
  
–  Predict	
  outcomes	
  



Making	
  predic8ons	
  using	
  the	
  
microbiome	
  

•  Experimental	
  predicQons	
  
•  Whole	
  community	
  analysis	
  

– Beta	
  diversity	
  
– Community	
  typing	
  

•  PopulaQon-­‐level	
  analysis	
  
– H1:	
  Individual	
  populaQons	
  cause	
  disease	
  
– H2:	
  Mixed	
  and	
  varied	
  populaQons	
  cause	
  disease	
  



Single	
  bug:	
  The	
  mechanism	
  of	
  
disease	
  

hAp://en.wikipedia.org	
  



Simple	
  model	
  of	
  the	
  genome	
  

aa	
   AA	
  
Aa	
  
aA	
  

hAp://vintageprintable.swivelchairmedia.com/botanical/	
  

white	
   pink	
   red	
  

HunQngton’s	
  



Polygenic	
  trait	
  /	
  polymicrobial	
  
infec8on(?)	
  

aabb	
   AABB	
  

AAbb	
  
AaBb	
  
AabB	
  
aABb	
  
aAbB	
  
aaBB	
  

Aabb	
  
aAbb	
  
aaBb	
  
aabB	
  

AABb	
  
AAbB	
  
aABB	
  
AaBB	
  

small	
   medium	
   large	
  

Two	
  iden8cal	
  contribu8ng	
  genes	
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Three	
  iden8cal	
  contribu8ng	
  genes	
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Many	
  different	
  
genotypes	
  can	
  give	
  rise	
  
to	
  the	
  same	
  phenotype	
  

e.g.	
  Skin	
  and	
  eye	
  color	
  



Complex	
  traits	
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Figure 12. Living histogram of 175 male college students (Blakeslee 1914). 

College (now the University of Connecticut). It looks bimodal 
too, with modal heights at 5' 8" and 5' 1"-but these students 
were all men! The explanation is not bad parameters, a bad 
model, or bad data: "Each of the 175 students shown ... was 
measured in his stocking feet and placed in the rank to which 
his height most nearly corresponded" (Blakeslee 1914). What 
could explain this? 

The distribution of bin counts in a histogram is a multinomial 
random variable with cell probabilities determined from the un- 
derlying distribution. There is more variability in the bins that 
have the larger counts than in the bins that have smaller counts. 
A density that is the sum of two normal densities with nearly 
equal standard deviations and means that are almost two stan- 
dard deviations apart is mound-shaped with a relatively flat top. 
In the case of an equal mixture of two normal densities with 
parameters matching the NHANES data, only six bins (64" to 
69") hold the middle 53% of the heights and their relative fre- 
quencies are quite similar: 0.085, 0.092, 0.093, 0.092, 0.088, and 
0.083. With this relatively constant central region, small number 
of bins, and high variability in their counts, it will not be unusual 
for samples to give two nonadjacent bins that appear taller than 
the others. 

The destruction of smoothness by sampling is well known. 
Murphy (1964) constructed 12 histograms for samples of 50 
random normal deviates. All but about four have enough irreg- 
ularity to be reasonably called bimodal. We generated a number 
of simulated histograms of heights ourselves; very few had a 
clear unimodal appearance. The literature establishes that using 
the multimodality of a histogram to infer multimodality of the 
underlying distribution is unreliable unless the sample size is 
very large. Both false positive and false negative errors occur 
frequently. 

3.6 Selection Bias 

Although the living histogram of heights is often used as an 
example of a bimodal situation, we have seen only two actual 
photographs that purport to show this bimodality. One can only 
wonder how many instructors got their students out on the foot- 

ball field and found themselves with nothing interesting to pho- 
tograph. 

4. SUMMARY 
A mixture of two normal densities will not be bimodal unless 

there is a very large difference between their means, typically 
larger than the sum of their standard deviations. If male and 
female heights are even approximately normally distributed with 
means and standard deviations close to those reported by the 
NHANES survey, the difference between the means of male 
and female heights is not enough to produce bimodality. Yet 
photographs of living histograms do show bimodality. 

We have discussed several reasons why a histogram of male 
and female heights may have a bimodal appearance even though, 
using reasonable estimates of the parameters, theory says the 
underlying distribution is mound-shaped. For example, the ten- 
dency of students to favor certain values when self-reporting 
their height may contribute to the phenomenon. And when tak- 
ing small random samples from a mound-shaped distribution, it 
is common to get a histogram that looks bimodal. 

So what's an instructor to do if he or she decides tojettison this 
compelling example? We haven't been able to find an equally 
appealing classroom demonstration of bimodality as the mixture 
of two populations. 

We ran some simulations to see what conditions would be 
likely to give consistent representations of true bimodality in a 
classroom experiment. With equal standard deviations and sam- 
ple sizes of 25 or more per group, a separation in the means of 
about three standard deviations usually produces good results 
when using around 15-20 intervals. Occasionally the histogram 
is too irregular to be clearly identified as bimodal, and in rare 
instances looks more unimodal than bimodal. Such cases are of 
course more rare for larger sample sizes than for small ones. 
Perhaps a reader will be able to provide an easy-to-implement 
classroom demonstration having approximately this degree of 
separation between the components. 

[Received May 2001. Revised August 2001.] 

228 Teacher's Corner 

Gene8cs	
  x	
  Environment	
  (Diet)	
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Many	
  different	
  bacteria	
  
can	
  give	
  rise	
  to	
  the	
  
same	
  phenotype	
  

e.g.	
  C.	
  difficile	
  
colonizaQon	
  resistance	
  
and	
  colorectal	
  cancer	
  



Case	
  studies	
  

•  Colorectal	
  cancer	
  
•  Clostridium	
  difficile	
  infecQon	
  
	
  



Colorectal	
  cancer	
  

•  One-­‐third	
  of	
  individuals	
  do	
  not	
  adhere	
  to	
  
screening	
  recommenda8ons	
  partly	
  because	
  
they’re	
  miserable	
  and	
  expensive	
  

•  Growing	
  use	
  of	
  non-­‐invasive	
  diagnos8cs	
  
(FOBT,	
  FIT,	
  ColoGuard);	
  but	
  limited	
  ability	
  to	
  
detect	
  adenomas	
  

hAps://github.com/SchlossLab/Baxter_glne007Modeling_2015	
  



Design	
  

•  Cohort	
  of	
  490	
  subjects	
  (172	
  normal,	
  198	
  
adenoma,	
  120	
  carcinoma)	
  with	
  paired	
  
colonoscopy	
  

•  Generated	
  16S	
  rRNA	
  gene	
  sequence	
  data	
  from	
  
V4	
  region	
  

•  Processed	
  with	
  mothur*	
  to	
  get	
  a	
  sequencing	
  
error	
  rate	
  of	
  0.02%	
  

•  Used	
  random	
  forest	
  machine	
  learning	
  
algorithm	
  

*	
  The	
  best	
  sojware	
  package	
  for	
  analyzing	
  16S	
  rRNA	
  gene	
  sequence	
  data	
  (www.mothur.org)	
  



The	
  Mul8target	
  Microbiota	
  Test:	
  
Microbiome	
  +	
  FIT	
  













Case	
  studies	
  

•  Colorectal	
  cancer	
  
•  Clostridium	
  difficile	
  infec8on	
  
	
  



Can	
  we	
  predict	
  who	
  will	
  get	
  C.	
  
difficile?	
  
•  We	
  can	
  predict	
  who	
  has	
  C.	
  difficile	
  based	
  on	
  
the	
  other	
  bacteria	
  in	
  their	
  stool	
  (see	
  obesity)	
  

•  Imagine	
  gekng	
  a	
  rectal	
  swab/stool	
  sample	
  of	
  
everyone	
  that	
  comes	
  into	
  the	
  hospital	
  and	
  
being	
  able	
  to	
  assess	
  the	
  paQent’s	
  risk	
  of	
  
gekng	
  C.	
  difficile	
  

•  Can	
  do	
  this	
  with	
  mice	
  

Schubert	
  et	
  al.	
  2015	
  mBio	
  6:e00974-­‐15	
  
hAps://github.com/SchlossLab/Schubert_AbxD01_mBio_2015	
  















Context	
  maRers…	
  

•  Have	
  shown	
  in	
  the	
  microbial	
  context,	
  but	
  also	
  
host	
  context	
  maAers	
  
– Sex,	
  age,	
  co-­‐morbidiQes	
  
– Host	
  gene	
  expression	
  
– Diet,	
  etc.	
  

•  Like	
  GWAS,	
  most	
  diseases	
  are	
  not	
  the	
  result	
  of	
  
single	
  gene/microbe	
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