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What is microbial profiling?
ÅHuman secretions contain a very large number 

of microbes

ïMany not able to be cultured in the laboratory

ÅHumans are borne sterile but die 90% microbial

ïMicrobial cells outnumber human cells by about 10 
to 1. Your body is mainly microbes.

ï100 times more DNA diversity in human microbes to 
human genes

ÅMicrobial fingerprint

ïLikely to be multivariate

ïNo single microbe is likely to be uniquely 
responsible for a fingerprint



Why is chemometrics useful?

ÅHuge capacity to detect microbes, can we 

use communities as a fingerprint
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Pattern Recognition has Wide 

Variety of Applications
ÅConnecting Experimental Data to Useful 

Information

ÅExploratory ïhypothesis 
ïIs there a possible link? Scientific hypotheses.
ÅAre there specific microbes in human axillary samples 

that are characteristic of individuals?

ïPredictive ïdiagnosis (medicine, forensic)
ÅFor example, can we determine the gender of a person 

from analysing their microbial profile?



Multivariate Chemical Signal

ÅDevelop pattern recognition methods to 

mine the large chemical datasets
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Human Microbial Profiling
ÅRemote village in Carinthia 

(Austria)

ÅCa 200 individuals

ÅEach person sampled once per 

fortnight over 5 fortnights ï

sweat samples
ïCa 1,000 GCMSs : huge job

ÅMicrobial samples from armpits 

taken twice for each individual 

ïca 400 samples, grouped into 

families

ÅQuestionnaires also.



Summary of samples collected 

from each individual

Saliva x2

Sweat x5

Urine x1

Microbiology x2

Blood x1
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Possible questions

ÅIs there an individual fingerprint?

ÅIs there a group fingerprint (e.g. males and 
females, but other groups can be 
studied)?

ÅIs there a relationship between microbial 
and chemical fingerprint?

ÅWhat microbes might be responsible for a 
fingerprint?



First steps : finding bands in 

DGGE gels
ÅWe will illustrate the results using DGGE 

(Denaturing Gradient Gel Electrophoresis) 

gels, although other approaches are also 

possible

ÅOver the last two or three years 

highthroughput screening has started to 

become more widespread in microbiology



Pickup regions of interested
ÅSometimes irregular lane shapes can happen, fully 

automated method is not practical. In-house software  
developed for interactive operation.



Bands Detection

ÅEdge Detection

ïCan fit irregular shaped bands well

ïHighly sensitive to the background

ÅSimulated Scan

ïLess sensitive to the background

ïLess accurate on irregular shaped bands



Bands Alignment

ÅAlign to known landmarks e.g. reference 

standards ïused in this work

ïThe most accurate way (external standard).

ïSometimes it is difficult to add known reference bands 

into samples, because they may overlap (internal 

standard).

Alternatives

ÅAlignment of bands without landmarks

ïDoes not require any known standards.

ïñAs isò alignment, may cause misalignment.

ÅEyeballing

ïRequires background knowledge and time consuming



Bands Quantification

ÅOnce the location of bands have been 

identified, the intensity reading of each 

band can be calculated 

ÅOften intensities are ñsemiòquantitative, 

that is there is some quantitative 

information but we do not expect precise 

linear relationships



Bands Detection
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Bands Detection
ÅProblem

ïVery hard to align, only the position of a band 

relative to a standard known.

ïBand table quite difficult to obtain, often need 

pairwise eyeballing
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Bands Detection
ÅProblem

ïFor statistically meaningful studies often need 

large datasets.

ïThis means many gels and many lanes

ï100 samples : pairwise comparison

Å100 x 99 / 2 = 4,950 comparisons

ÅIf 10 minutes per comparison ï895 hours ñvery 

boringò work or 20 weeks at 40 hours per week

ÅFor 400 samples (this study) = 332 weeks work or 

around 7 years (non-stop and tedious)



Bands Detection
ÅHence

ïIf we want lots of samples (as is often 

statistically necessary)

ïAnd we want a band table

ÅIt may take 7 years or more for a skilled employee 

to manually produce this table without error

ÅWill the employee want to take on this job?

ÅWill the project be funded for this long?

ÅWill science advance over the 7 years?

ÅCan we wait?



Bands Detection
ÅSolution

ïUse band table for small studies, 20 samples 

is feasible

ïFor large studies use automated similarity 

measures, based on ñfuzzyò approaches

ÅHow similar are two DGGE traces?

ÅHow many close bands do they have in common?

ÅCannot interpret exactly into specific microbes

ÅCan use

ïQualitative : look at the number of closely similar bands

ïQuantitative : look at the number and intensity of bands



Bands Detection
ÅThree methods

1. Band tables (for small datasets)

2. Qualitative (presence / absence) similarity measure

3. Quantitative (as above but with intensity measures)

ÅNote that a skilled microbiologist could do 

this by eye but the volume of data is often 

too much



Exploratory Data Analysis

Are there groupings in the data?

ÅVisualisation

ïStatistical approaches

ÅPrincipal Components Analysis

ÅPrincipal Co-ordinates Analysis

ïAlso called Multidimensional Scaling

ïNeural Networks

ÅSelf Organising maps

ïUnsupervised

ïSupervised



Principal Components Analysis  

ÅPCA can only be done on band tables
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Principal Components Analysis 

ÅPCA loadings see 
which variables 
(microbes) are most 
associated with each 
group ï
unfortunately need 
band tables
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Principal Co-ordinates Analysis

ÅPCO can be done on dissimilarity matrices

I samples

I samples

0

It is now possible to 
perform pattern 
recognition on the entire 
dataset by using 
similarity measures 
between lanes on 
aligned DGGE gels



Principal Co-ordinates Analysis

ÅPCO looks at (dis)similarity between 
samples but not why

ïEg can we group faces by gender, age, or 
even an individual over time

ïWe are not so interested in whether a person 
has a long noise or pointed ears, but to take an 
overview of their similarity

ïSo can we group samples by the microbial 
fingerprint ïnot necessarily saying which 
microbes are responsible for groupings.



Principal Co-ordinates Analysis

ÅMany similarity measures

ÅIn this presentation we use two

ïA qualitative measure : the Jaccard index

ïA quantitative measure : the cosine distance

ÅCombined with

ïA fuzzy distance to take into account that there 
are variabilities in positions of bands



Principal Co-ordinates Analysis
Quantitative Qualitative 

 
 

 
 

 

-0.1 -0.05 0 0.05 0.1

-0.1

-0.05

0

0.05

0.1

 

 

male

females

-0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08 0.1

-0.1

-0.05

0

0.05

0.1

0.15

 

 

male

females

-0.05 
0 

0.05 
0.1 

-0.1 
0 

0.1 

-0.15 

-0.1 

-0.05 

0 

0.05 

0.

  

  
-0.1 

-0.05 
0 

0.05 
0.1 

-0.1 
-0.05 

0 
0.05 

0.1 

-0.1 

-0.05 

0 

0.05 

  

  



Problems with PCA / PCO

ÅVery crowded if many samples

ÅProblems with graphical representation ï
symbols

ÅOften the top PCs are not the most 
interesting 

ÅLots of blank space

ÅDifficult to represent more than one 
characteristic at the same time



Self Organising Maps

ÅUse full space

ÅMany options for the 

graphics

ÅFamily D - bandtable

ï11 donors two times

ÅPlaces most similar 

samples near each other

ÅRepeat samples of individuals are close ï
suggests there is a individual fingerprint
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Self Organising Maps
ÅNeural networks

ÅStart with disordered samples and then 
gradually move to an ordered map 

ÅUse similarities ïcan colour in many ways
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Self Organising Maps

ÅTraining a SOM. Individual fingerprint, repeat 
samples from individuals quite similar



Self Organising Maps
ÅTraining a SOM : note that although gender 

may not seem so important, there are many 
factors ïso it may not be overwhelming



Self Organising Maps
ïCan repeat map to see if conclusions are similar

ïMany similar conclusions, e.g repeat samples of 
91, 93, 83, 86 very similar

ï86 close to 92, 93; 91 close to 84, 89

ïSome differences : stability of maps
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Visualisation
Å U MATRIX  : 

ïMore similar samples are close to each other

ï Some parts of the map contain more samples than others.

ï Low levels are where most samples lie, high levels are ñbordersò between 

groups of samples 
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