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To isolate single series and visualise their variance between 
samples, new 14 Da spaced vectors were created. 14 Da spaced 
pulse trains of gaussian peaks were run through the aligned 
spectra, extracting several 14 Da spaced signal series. The 
Gaussian peaks were introduced to compensate for minor 
inaccuracies in the measured data and are coupled to the 
instrument resolution. Apart from treshold cut-offs and 
minimal signal count, no considerations to the form of signal 
sets were introduced. The extracted total abundance values of 
different series in single samples were then used as new 
orthogonal basis vectors to describe the system. The series can 
be ranked by total abundance or largest variance amongst 
samples. Score plots were created, analogue to those from PCA. 
The new basis vectors now describe single series and their 
immediate effect on sample clustering, enabling easier 
interpretation of the clustering properties.
The introduction of chemical restrictions into the statistical 

analysis does restrict the data compaction and presuppose that 
the single constituents of compound classes have an identical 
impact on the samples. 

NOVEL: 14 DA SPACED PREDEFINED VECTORS[4]

 

PRINCIPAL COMPONENT ANALYSIS (PCA)

STATE OF THE ART: ESI-MS FINGERPRINTING IN COMBINATION WITH PCA
 
 

Fig 1. Pos. ESI-MS of 
a bio-oil showing 
the characterisitic 
14 Da spacings, 
reflecting compound 
class series. Typical 
mass signal distri-
bution range for 
positive MS: 70–350 
Da and for negative 
MS: 140-220 Da & 
300-440 Da. 

Fig 2. Line plot of the first PCA loadings vector.

Fig 3. Determination of main 
vectors in PCA

RESULTS

Fig 5a. Score plot showing the clustering of 
samples based on the two 14 Da candidate 
sequences presented in Fig 5b.

The Approach[1]       Traditionally, analyses of smaller molecules in complex mixtures are 
performed on time-consuming GC-FID /-MS or LC-MS instrumentation. Statistical 
evaluation procedures and models, such as principal component analysis (PCA) and partial 
least squares models (PLS), have now been extended to deal with complications of 
chromatography based instrument data and to include such molecular level analytics.
-Omics style fingerprint detection of large amounts of smaller molecules on ESI-MS which 

aims to identify the different polar species contributing to vital bulk properties was used to 
evaluate a sample set of bio-oils. Experimental design planned sample-sets and 
multivariate analysis supported evaluation, yielding a powerful strategy to evaluate process 
parameter effects within these extremly complex samples, also for low-resolution 
analysers.

The Sample Set & Experimental[2]       Postive ESI-MS analysis of a set of crude bio-oils derived from 
lignin rich residue fractions[3]  was performed on Agilent 1100 Series LC/MSD.  Samples were diluted in 
DCM and transfered from the autosampler directly to the analyser via PEEK tubing. Ca. 10 scans per 
analyte peak were averaged and the samples replicated five times. Total analysis time including rinsing 
per sample < 1 min.
The resulting spectra are seen to be dominated by series of signals with 14 Da spacings (Fig 1). These 

are indications of -CH2- chain additions to the base structure of compound classes. In addition, 2 Da 
spacings indicate the loss of H2 from a single to yield a double bond. 

PCA is a data compaction 
method which reduces the 
multidimensionality of large 
data sets to a set of orthogonal 
linear main vectors which can 
represent the original data set. 
Fig 3  shows how the first PC 
(red) and the second PC (blue), 
are aligned along maximal 
residual variance of the 
experimentl data set, replacing 
the old coordinate system.
PCA is frequently used to 

uncover hidden trends in 
complex data sets.
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A new model based decomposition of mass spectrometry data into homologous series has been 
developed.
The method provides fingerprinting and clustering perfomance similar to that of PCA.
Underlying loadings are immediately interpretable in terms of underlying chemical compounds.
The method can be used for any regular spaced interval which is believed to have significant impact 

within an experimental data set.
The method comprises a novel approach to the extraction of systematic compound specific 

information from large MS datasets.

PCA analysis      provided 
discrimination between samples & a 
good clustering of replicates was 
achieved.  82 %  of the variance given 
within the set is describable via the 
first principal component (PC). The 
loading line plot (Fig 2) shows the 
signal base influence for PC1. As in 
the original spectra, multiple 14 Da 
spaced series are visible. This 
indicates that a large degree of 
variation is associated with specific 
compound classes. However, several 
compound series can contribute to 
the same loading vector, or indeed 
single series may contribute to 
several different loading vectors, 
complicating interpretations.

Fig 5a shows the score plot of the two 14 Da sequence vectors 
with largest variance within the sample set analysed. The score 
vectors t1 and t2 are directly interpretable as the 14 Da candidate 
sequences as shown by the basis vectors u1  and u2  in Fig 5b. 
Clustering quality is similar to that of PCA. Complementary 
analysis strongly suggests the variation between samples to be 
related to the abundance of phenols (u1) and long-chained 
ketones (u2).

 Score plots show how described variance of the PCs affect the 
samples in the experimental space (Fig 5a). Samples clustering close 
are more related than those that plot apart. Loading plots (Fig 2, 
Fig 5b) show the descriptive input of the single PCs causing the 
clustering in the score plot. Loading plots are not always interpretable 
in an immediate chemical sense. This is due to the fact, that PCA is 
purely based on statistical analysis and does not relate to underlying 
chemical principles.

CONCLUSIONS

Fig 5b. The two major 14 Da sequences with 
largest variance within the sample-set.
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