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Exper. design 

Databases: data + metadata 

Data 
collection 

Data analysis ‘slide’/‘pipeline’ 
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Capturing metadata is important! 
   Are you aware of all the factors? 

Michael Lynch (2007) The Origins of Genome Architecture. Sinauer Associates 

Exper. design 

Databases: data + metadata 

Interpretation 

Data 
collection 

Data analysis ‘slide’/‘pipeline’ 

Pre-processing 

Analysis + validation 

Visualisation 

Refine 
Synthesise 
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Univariate data 

u A single variable x is measured 
Dog x1 

Modern dog 9.7 

Golden Jackal 8.1 

Chinese wolf 13.5 

Indian wolf 11.5 

Indian Cuon 10.7 

Dingo 9.6 

Prehistoric dog 10.3 
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Question: Prehistoric dog 
unearthed in Thailand, 3500 BC. 

Is it descended from Golden 
Jackal or Wolf?  

Bivariate data 

u Two variables x1 and x2 are measured 
Dog x1 x2 

Modern dog 9.7 21.0 

Golden Jackal 8.1 16.7 

Chinese wolf 13.5 27.3 

Indian wolf 11.5 24.3 

Indian Cuon 10.7 23.5 

Dingo 9.6 22.6 

Prehistoric dog 10.3 22.1 8 9 10 11 12 13 14
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Trivariate data 

u Variables x1, x2 and x3 are measured 
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Dog x1 x2 x3 

MD 9.7 21.0 19.4 

GJ 8.1 16.7 18.3 

CW 13.5 27.3 16.8 

IW 11.5 24.3 24.5 

Cu 10.7 23.5 21.4 

Dn 9.6 22.6 21.1 

PD 10.3 22.1 19.1 

Multivariate data 

u Variables x1, x2 … xi, … xn are measured 
Dog x1 x2 x3 x4 x5 x6 

MD 9.7 21.0 19.4 7.7 32.0 36.5 

GJ 8.1 16.7 18.3 7.0 30.3 32.9 

CW 13.5 27.3 16.8 10.6 41.9 48.1 

IW 11.5 24.3 24.5 9.3 40.0 44.6 

Cu 10.7 23.5 21.4 8.5 28.8 37.6 

Dn 9.6 22.6 21.1 8.3 34.4 43.1 

PD 10.3 22.1 19.1 8.1 32.3 35.0 

Too many graphs: 
 
Combinations= 
       n!/[k!(n-k)!] 

Hexavariate: 
15  2-D graphs 
20  3-D graphs 
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Mega- & Multi-
variate data 

A sample resides somewhere in 2D or 3D space 
 
But if one collects 100 variables… 
Need to visualise 100 D space! 

underlying theme of multivariate analysis (MVA)  
is thus simplification or dimensionality reduction 

Data Floods 

www.cis.nctu.edu.tw 

Defence against 
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Chemometrics  

u There’s a huge  
chemometrics zoo 

u Shouldn’t necessarily drive research question 
Ä i.e. not maths for maths sake… 

u Used to address the research question 
Ä Let’s consider some that may be relevant 

Exploratory data analysis 

u What can we find out about these samples? 
u No prior knowledge required 
u Usually an unsupervised method 

Outlier 

♂ ♂ 
♂ 

♂ 
♂ 

♂ 

♀ ♀ 
♀ ♀ ♀ 

🤔 
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Classification of samples 

u Spectral characteristics of groups 
u Prediction of unseen samples into known 

groups 

♂ ♂ 
♂ 

♂ 
♂ 

♀ ♀ 
♀ ♀ ♀ 

unseens ♂ 
♀ ♂ 

🤔 

Differences in chemical or 
physical state between samples 
u Highlights spectral changes as function of 

group membership 
u Need to know which group each spectrum 

belongs to 
♂ ♂ 
♂ 

♂ 
♂ 

♀ ♀ 
♀ ♀ ♀ 

♂ 
♀ ♂ 

é caffeine é tryptophan 

Dunn, W.B. et al. (2015) Metabolomics 11, 9-26 

🤔 
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caffeine 

Trend analysis 
 
u Spectral changes as a function of dependent 

variable: time, concentration, disease state etc. 

♀ ♀ 
♀ ♀ ♀ ♀ 
☕ ☕

☕☕☕☕ 

☕ 

🤔 

Multivariate data 

u Variables x1, x2 … xi, … xn are measured 
Dog x1 x2 x3 x4 x5 x6 

MD 9.7 21.0 19.4 7.7 32.0 36.5 

GJ 8.1 16.7 18.3 7.0 30.3 32.9 

CW 13.5 27.3 16.8 10.6 41.9 48.1 

IW 11.5 24.3 24.5 9.3 40.0 44.6 

Cu 10.7 23.5 21.4 8.5 28.8 37.6 

Dn 9.6 22.6 21.1 8.3 34.4 43.1 

PD 10.3 22.1 19.1 8.1 32.3 35.0 

Question: Prehistoric dog 
unearthed in Thailand, 3500 BC. 

Is it descended from Golden 
Jackal or Wolf?  

Exploratory data analysis 
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Pretreatment / Preprocessing 

u Spectral window 
Ä Detector/sample carrier/unwanted peaks (CO2) 

u Normalisation 
Ä Per spectrum 

ð  (e.g.) vector normalisation 

u Scaling 
Ä Collection of spectra 

For skull data 
we used the  

raw data 

Uncovering correlations in data 

u Correlations between x variables are confusing. 
u Need to examine the structure within data sets, 

rather than using them blindly. 
u Finding such structure by hand can be 

extremely difficult, even in relatively simple 
cases. 

→ use projections  
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Who’s there? 

u Data → random 
mess? 

u On rotation of 
the data … 

Maximum variance 
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Projection of the data 

loadings (p) 
summarise variation in variables  

p1 
p2 

pi 

…
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t1 t2 ti 
… 

scores (t) 
summarise 
variation in 

samples 
 

uncorrelated 
orthogonal  

variables x1, x2, … xi, … …, xn 

variance: t1 ≥ t2 ≥ …  ≥ ti 

scores = loadings × data 
t1 = p1x1 + p2x2 + … + pixi + … + 

pnxn 
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Principal components analysis 

u Finds structure in such data sets. 
u An old method 

Ä Karl Pearson (1901) → Hotelling (1933) 
u Rotate to uncover maximum correlations 
u First axis placed along the most natural variation 
u Second axis orthogonal to this to find 2nd highest 

correlation, and so on 
u Plot axes → spot major underlying structures 

automatically 

PCA 

x1 

x2 

x3 

PC1 

tj1 

point j 

PC2 tj2 PC1 = 1st principal component 
   describes largest variance 
   goes through variable origin space 
   tj1 = score for point j = distance 
          from projection of that point 
          onto PC1 from origin 
PC2 = 2nd principal component 
   describes 2nd largest variance 
   goes through variable origin space 
   tj2 = score for point j 

PC1 

P
C

2 

Mean centre data (and maybe scale) 
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Who’s there? 

u Data → random 
mess? 

u On rotation of 
the data … 

u Uncovered 
where variance 
and correlations 
are 

Maximum variance 
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PC1 

PC2 

PC1 

PC2 

PCA on mandible data 
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Conclusion: 
Prehistoric dog 
most closely related 
to modern day dogs 
of Thailand 

96.5 % of total variance explained 
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USA airport data 

u Data from 5036 airports 
u For example 

Ä DURANGO, CO 
ð Airport information on 10 August, 2000 
ð Latitude: 37-12-11.442N (37.2031783) 
ð Longitude: 107-52-09.103W (-107.8691953) 
ð Elevation: 6684 ft. / 2037.3 m 

 
http://www.airnav.com/airport/00C 

3D plot of 5036 airports 
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PCA loadings 

u PC scores 
Ä t1 = -0.2311x1 + 0.9729x2 - 0.0001x3 
Ä t2 = 0.9729x1 + 0.2311x2 - 0.0001x3 
Ä t3 = 0.0001x1 + 0.0001x2 + 1.0000x3 

u % explained variance 
Ä t1 = 91.65% 
Ä t2 = 8.35% 
Ä t3 = 0% 

Longitude 

Latitude 

Elevation 
∴ PCA removes ‘noise’ 

PCA scores plot 
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European employment data, 1979 

u 26 European countries 
u 9 variables for each 

Ä agriculture, mining, manufacturing, power supplies, 
construction, service industries, finance, social and 
personal services,  
transport and communications 

u PC1 and PC2 account for 67.3% of total 
variance 

PCA 
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∴ PCA mines data 
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Summary of PCA 

u PCA transforms the original set of variables to a new 
set of uncorrelated variables called PCs. 

u PCA is a data reduction process. 
u Plot PC axes to find major underlying natural unbiased 

structures automatically 
u Removes ‘noise’ since after the first few PCs, the 

axes will be due to random noise in the data  
u Inspection of loading can help mine data 

Data handling 

Input data 

Objects 
going down 
in different 
rows 

X-var 
1 

Peak 
position 1 

X-var 
2 

Peak 
position 2 

X-var 
3 

Peak 
position 3 

Sample 1 

Sample 2… 

Wavenumber Conc 

1600 cm-1 0.1 

1599 cm-1 0.001 

1598 cm-1 1.2 

1597 cm-1 0.7 

… … 

601 cm-1 0.9 

600 cm-1 0.05 

IR or Raman profile 
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Unsupervised 
methods 

u Use X data only 
Ä X data = spectral data points or metabolite levels 
Ä  Inputs to some analysis method 

u Goal 
Ä Clusters result in simplification or dimensionality reduction 

u Most common methods 
Ä Principal components analysis (PCA) 
Ä Clustering methods 
Ä Kohonen neural networks 

SPECTRA

CLUSTERING HUMAN
INTERPRETATION

FEATURE
EXTRACTION

Objects 
going down 
in different 
rows 

X-var 
1 

Peak 
position 1 

X-var 
2 

Peak 
position 2 

X-var 
3 

Peak 
position 3 

Y-var 
1 

Lots of 
Metadata 

Y-var 
2 

Diseased 
or Healthy 
(Levels) 

Sample 1 Species 
Age 
M/F 
BMI 

sampling 
processing
etc, etc… 

0  
(control) 

Sample 2… 1 
(diseased) 

Data handling 

Input data Output data 

0
1
0
1
0
1
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Discrete variables
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Supervised 
learning 

u Use X and Y data 
Ä X data = spectral data points or metabolite levels as Inputs 
Ä Y data = Output(s) targets 

u Goal 
Ä associate the inputs with the targets 

u Most common methods 
Ä Discriminant analysis (DA) 
Ä Partial least squares (PLS) 

SPECTRA

OUTPUT

TARGET

COMPARISON

CALIBRATION
SYSTEM ERROR

Discriminant analysis 
u Uses uncorrelated 

inputs a priori 
information 

u Projection based on: 
Ä Minimises within group 

variance 
Ä Maximises between 

group variance 

u Statistical significance: 
χ2 confidence limits 

u Test by projection of 
‘unknown’ samples 
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Visualisation is important 

u Scores plots (PCA and DFA) should show 
Ä LV1 vs. LV2 
Ä LV1 vs. LV3 
Ä LV2 vs. LV3 

 

u 3-D plots could hide data 

Projections are ordered in  
decreasing importance 
 - PCA: variance 
 - DFA: group separation 

Visualisation shouldn’t hide data 

Weissgerber, T.L. et al. (2015) Beyond Bar and Line Graphs: Time for a New Data 
Presentation Paradigm. PLOS Biology. DOI: 10.1371/journal.pbio.1002128 
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Summary of DA 

u DA transforms the uncorrelated variables called 
PCs into DFs. 

u DA uses a priori information. 
u Minimises within group variance and 

Maximises between group variance 
[Fisher ratio] 

u Plot DF axes to display the best representation 
of the group separation  

Lots of DA variants 

u LDA 
u CVA or DFA 
u Partial least squares: PLS1 or PLS2 

Ä Usually for quantification [PLSR (R=regression)] 
Ä Can be used for discrimination [PLS-DA] 

ð PLS1 one target output (Y) → case-control 
ð PLS2 multiple Y targets  →  bacterial identification 

 different diseases etc. 
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Target Output (Y class) for PLS-DA 
u Usually binary encoded: 

A B C identity 

X 1 0 0 → A 

Y 0 1 0 → B 

Z 0 0.2 0.8 → C 

Known diseases 

N
ew

 s
am

pl
e 

Target Output for PLSR 
u Can be quantitative: 

Patient Grade      Diagnosis 

A 0 → No prostate cancer 

B 1 → Well differentiated cells  
     ∴ less aggressive 

C 3 → Moderately differentiated cells 

D 5 → Undifferentiated cells  
     ∴ fast growing + aggressive 

Level of disease; e.g., Gleason Grades 
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Many supervised methods 
u Discriminant analysis 

Ä Generalization of Fisher's linear discriminant 
u Partial Least Squares 

Ä Linear classifier 
Ä Non-linear versions exist kPLS (k=kernel) 

u Support Vector Machines 
Ä Powerful (non)linear classifiers – many kernels 
Ä But they are black box 

u Random Forests 
Ä Very popular decision tree structure 

Which is best? 
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Supervised methods are powerful… 
u But they do make mistakes! 
u Can you spot the difference? 

u Hence need for validation 

Deep learning 
Cautionary tale... 

Normal Skin Skin Cancer 

https://physicsworld.com/a/neural-networks-explained/ 
https://amp.thedailybeast.com/why-doctors-arent-afraid-of-better-more-efficient-ai-diagnosing-cancer  
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Validation: data resampling 

u Resampling methods 
Ä Training set and a Monitoring set 
Ä Select subsets from the training data, while 

keeping the training pairs together 
Ä Assess how well it did  

ð Be wary of p-values & use R2 and Q2 with caution! 

Goodacre R. et al. (2007) Metabolomics 3, 231-241 

Resampling approaches – I 

u Leave-one-out validation (LOO) 
Ä Single training pair (X-data and Y-data) left out 

and rest used for training 
Ä Repeat until all samples have been left out once 

u K-fold validation 
Ä Split data into slices: 

ð  one slice monitors the model 
ð  remainder used as the training set 
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Resampling approaches – II 

u Bootstrapping 
Ä ‘On average’ 36.8% samples were used for testing 

and 63.2% samples for training 
Ä Do many times (say 1000) 
Ä Do statistics on test data only 

u Permutation testing 
Ä Null distribution using lots of permutation tests 
Ä Use same data but answer (Y-data) is permuted 

Going beyond resampling 

u External validation 
Ä Do the experiment again with a different cohort 

u Biological understanding 
Ä Tools provide biological information 
Ä Biochemistry may reveal disease etiology 
Ä Orthogonal techniques empower analyses 

Goodacre R. et al. (2007) Metabolomics 3, 231-241 
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Always try and be objective 


