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A method to estimate the octane number of motor gasoline by mass spectrometry (MS) has been studied, by first 
examining whether the octane number can be estimated from its mass spectrum (MS). The MS of 29 different regular 

gasolines and 32 premium gasolines, sampled in the market from spring to autumn, were measured. We studied whether 
it is possible to extract any available parameters for clearly distinguishing between regular and premium gasolines, by 
applying both feature-selection and pattern-recognition methods to MS. It was found that a clear distinction between 
regular and premium gasolines could be made using MS information. 
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 The motor gasoline marketed in Japan can be broadly 
classified into two types, regular and premium, which are 
claimed to have octane numbers of at least 89 and 96, 
respectively. Whether motor gasoline purchased in the 
market is regular or premium is basically determined by 
measuring its octane number using a research octane-
number assessing method' prescribed by the American 
Society for Testing and Materials (ASTM). Unfortu-
nately, since this method requires not only elaborate 
hardware, but also considerable skill, it cannot be readily 
employed by inexperienced personnel. 

  The various reported methods for octane-number 
estimation by applying regression analysis to data ob-
tained by instrumental analysis include methods to esti-
mate from proton NMR2-4 and gas chromatography5-' 
studies. There is also the method of infrared (IR) 
absorption spectrometry using the near-infrared absorp-
tion spectrum (15150 - 8230 cm ').g Furthermore, we 
earlier applied a pattern-recognition method to proton 
NMR data, thus demonstrating the ability to visually 
estimate the octane number in a two-dimensional pattern 
space and to identify any differences in the com-

position.9-" Moreover, we showed that IR data (3200 -
2800 cm') are available for estimating the octane 
number. 12 

 In this study we intended to readily and quickly 
determine whether a given sample of motor gasoline 
obtained in the market is regular or premium. An 
attempt was thus made to distinguish between the two 
types by analyzing the mass spectra (MS) of gasoline 
using a supervised learning pattern-recognition method, 
an unsupervised learning pattern-recognition method as

t To whom correspondence should be addressed.

well as other related methods. The encouraging results 

of the study are presented below.

Experimental

Samples 

 Twenty-nine samples of regular gasoline and 32 

premium gasoline were bought from service stations 
the market over the period from spring to autumn.

of 
in

Equipment and measurement conditions 
 The analytical conditions are given in Table 1. For 

the gas chromatograph-mass spectrometer (GC-MS) 
system, a GCMS-QP 1000 (Shimadzu, Kyoto, Japan) 
was used. MS were measured from 30 to 200 m/ z. 
For the column, a fused-silica capillary column (Chemi-
cal Inspection & Testing Institute, Tokyo, Japan) was 
used, the innerface of which was inactivated. Using this 
column, injected samples were sent into the mass spectro-
meter without separation. To introduce samples into

Table 1 Analytical conditions
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the GC-MS, a split mode of a split/ splitless inspection 
device SPL-G9 (Shimadzu, Kyoto, Japan) was used. 
The mass spectrum of a motor gasoline is shown in Fig. 1 
as an example. 

Interpretation of MS data 
 From the MS of each sample, nine fragment ions 

related to aromatic, naphthenic, olefinic and branched 

paraffinic compounds were extracted and the relative 
intensities of the fragment ions and ratios of two specific 

peaks were calculated. These values were used as 
parameters for a later analysis. 
 Table 2 gives the fragment ion's mass number as well as 

combinations of the fragment ion's mass numbers which 
were selected to analyze the octane number. The mass 
numbers and combinations of the chosen mass numbers 
are as listed in the footnote of Table 2. The arranged 
MS data for 61 kinds of motor gasoline are listed in 
Table 3.

Data analyses 

 The data interpreted as mentioned above were stan-

dardized against a mean of 0 and a variance of 1; the 

standardized data were then analyzed using a supervised 

learning pattern-recognition method, an unsupervised 

learning pattern-recognition method as well as other 
related methods. 

 For the supervised learning pattern-recognition method 

and related classifying methods, a discriminant analysis13

and the k-nearest neighbor method (kNN)14 were used. 
 For the unsupervised learning pattern-recognition 

method and related classifying methods, a principal-
component analysis15, and a minimal spanning tree 

(MST) method16,17 were applied. 
 The discriminant analysis used involved a step-wise 

discriminant analysis in the BMDP (Biomedical Com-
puter Programs-P) program package for multivariate 
analysis.18 According to this method, variates that are 
useful for discrimination are selected by partial 2 
statistics; a linear discriminant function based on 
minimizing Mahalanobis' generalized distance is 
calculated from these variates while also developing a 
linear discriminant function to maximize the correlation 
ratio (canonical discriminant analysis). 
  For all other methods, the pattern-recognition pro-

gram package ARTHUR was used. Before classifica-
tion, useful features for class discrimination were selected 
by utilizing the Fisher ratio.l9

Results and Discussion

Feature selection by SELECT method 
 Nine sets of MS data (Ml to M9) were subjected to 

feature selection by the SELECT method20'21 in order to 
select those parameters valid for classification. In this 
study the Fisher ratios were used to evaluate the 
discriminatory power of the features. What were 
eventually selected were five sets of MS data (M4, M1, 
M2, M8 and M9), indicating that the main compositional 
difference between regular and premium gasoline largely 
involves the content of aromatic compounds and the 
degree of branching. All analyses, except for the dis-
criminant analysis, were attempted by means of these 
parameters selected by the SELECT method.

Application of supervised learning pattern-recognition and 
related methods 
Application of discriminant analysis. A step-wise dis-
criminant analysis was applied to nine sets of MS data 
(Ml to M9). Four values (M4, Ml, M2 and M8) were 
selected by this analysis as being useful for discrimi-
nation. The results of a discriminant analysis using the 
minimization of Mahalanobis' generalized distance and a 
canonical discriminant analysis demonstrate that regular 
and premium gasolines can be 100% discriminated from 
each other on the basis of the MS. The canonical 
variate of each sample is plotted on the canonical variate 
axis in Fig. 2. The equation of the discriminant variate 
used in this analysis was

z= 0.08171 X Ml - 0.06461 X M2 - 0.09707 X M4 
  + 0.03816 X M8 + 0.48786. (1)

The value of the canonical correlation coefficient was 
0.964. 
 The center (0.175) between the mean of Group l's 

canonical variates (3.73) and that of Group 2 (-3.38) can

Fig. 1 Example of the MS spectrum of motor gasoline.

Table 2 Interpretation of the MS

M1- M3: information concerning the paraffin content and 

branching; M4 - M7: information concerning the aromatic 

compounds content; M8, M9: information concerning the 

naphthene, olefin content and branching.
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Table 3 MS data of each sample
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be used to distinguish between the two groups. 
Application of the kNNmethod. The kNN method was 
applied to MS data of gasoline sample. The distance 
scale used here is the Euclidean distance. Table 4 shows 
the results, up to 5NN, of the evaluation of the prediction 
accuracy of this method from MS data of gasoline 
samples by the leave-one-out procedure.

Application of unsupervised learning pattern-recognition 
and related methods 
Application of principal component analysis. Table 5 

gives the results of applying a principal-component 
analysis to the MS data of gasoline. Since the cumula-
tive proportion of the first and second principal 
components was 80.0%, the third principal component 
was disregarded. The principal component counts 

given to the samples are plotted on the first and second 
principal component axes in Fig. 3. Table 5 shows that 
the coefficient of the first principal component is for M4, 
M8 and M9 for positive values, and for M1 and M2 for 
negative values. It is thus seen that this axis represents 
the (aromatic and naphthenic compounds): (paraffin 
compounds) ratio. In Fig. 3, the premium gasolines are 
to the right of the regular gasolines. From this, the sign 
of this coefficient indicates that the greater is the content 
of aromatic and naphthenic compounds, the higher is the 
octane number. The coefficient of the second principal 
component is for M4 and M2 with a positive value and

for M1, M8 and M9 with a negative value. Both Ml 
and M2 are caused by paraffinic compounds, the 
intensity ratio of which shows the structure difference of 

paraffinic compounds. It is thus considered that any 
structural differences of the paraffinic compounds are 
canceled from this axis due to the inverse sign, as well as 
the almost identical absolute values of M 1 and M2. It is 
therefore found that the second principal component axis 
shows the (aromatic compounds): (naphthenic com-

pounds and branched paraffins) ratio. It further seems 
to be the case that regular and premium gasolines have 
their own respective rules regarding mixtures of aromatic 
and naphthenic as well as branched paraffinic com-

pounds. These apparent rules are indicated by the 
straight lines in the graph. 
Application of MST Figure 4 gives the results of a 
classification of gasolines by applying MST to the MS 
data. The greater length of the member between 
samples 11 and 20, 26 and 34, 24 and 35, 60 and 61 
indicates that the demarcation among four classes can be 

positioned here. Again, the Euclidean distance is used 
as the distance scale. 

  MST, unlike cluster analysis, involves the fusion of 
samples at different intervals between them. By ob-
serving the combination modes of the longest edge in 
regular or premium gasoline (except for samples, 24, 34, 
54 and 60) it can be seen that fusion takes place in the 
mode of the combination conforming to the mixture rule 

(represented by the straight line in Fig. 4) for aromatic, 
naphthenic and branched paraffinic compounds in both 
regular or premium gasolines, as stated above, with 
respect to the principal component analysis.

 This study has revealed that motor gasolines can be 

distinguished from each another, or classified according 

to the octane number, by applying a pattern-recognition 

method to their MS spectra. The results of principal 

content analyses and MST have suggested that a rule 
exists that is based on the mixture ratio of aromatic and 

naphthenic and branched paraffin compounds in regular 

or premium gasolines. 

 Applying this method would presumably make it 

possible not only to determine whether an unidentified 
sample is regular or premium gasoline, but also what 

specific kind of gasoline it is among regular or premium 

gasolines, i.e. which of the gasolines sampled for this 
study it resembles.

Fig. 2 Plotted canonical variates.

Table 4 kNN analysis of gasoline
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Fig. 3 Principal component counts of the plotted samples.

Fig. 4 MST results.
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