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This study was performed to develop analytical methods to better understand the properties and reactivity of petroleum,
which is a highly complex organic mixture, using high-resolution mass spectrometry and statistical analysis. Ten
crude oil samples were analyzed using negative-mode electrospray ionization Fourier transform ion cyclotron reso-
nance mass spectrometry (ESI FT-ICR MS). Clustering methods, including principle component analysis (PCA),
hierarchical clustering analysis (HCA), and k-means clustering, were used to comparatively interpret the spectra. All
the methods were consistent and showed that oxygen and sulfur-containing heteroatom species played important roles
in clustering samples or peaks. The oxygen-containing samples had higher acidity than the other samples, and the
clustering results were linked to properties of the crude oils. This study demonstrated that clustering methods pro-

vide a simple and effective way to interpret complex petroleomic data.
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Introduction

The world’s remaining oil deposits are becoming heavier be-
cause sweet oil is being rapidly depleted. The deposits of shale
oil, one form of heavy oil, are equivalent to the known resources
of total conventional oil (~2.4 trillion barrels).1 Despite their
abundance, it is very difficult to use heavy crude oils because of
their complexity and abundance of heavy heteroatoms. These
heavy components can cause difficulties in processing of crude
oils. Eventually, the ability to use heavy crude oils will become
very important. There is a demand to understand the chemical
compositions of heavy components to overcome processing
difficulties. Petroleomics has been used to study petroleum
composition. Heavy components of crude oil are studied using
negative-mode electrospray ionization Fourier transform ion
cyclotron resonance mass spectrometry (ESI FT-ICR MS) in
petroleomic studies.' FT-ICR MS was shown to be effective for
identifying the molecular composition of crude oils.”"

One of the most important goals of petroleomics is to predict
the reactivities and properties of crude oils based on molecular
information, which is obtained using high-resolution mass
spectroscopy. Interpretation of high-resolution mass spectra
can cause difficulties because of the large amounts of informa-
tion contained in each spectrum. Each high-resolution mass
spectrum of crude oil can routinely contain thousands of peaks.
To find a link between complex mass spectra and the reactivity
and properties of crude oil, it was necessary to develop and apply
statistical tools to handle large amounts of data. For example,
statistical analysis was successfully applied to find a correlation
between the atmospheric pressure photoionization (APPI) mass
spectra and the properties of 20 crude oils. In another study,
principle component analysis (PCA) and hierarchical cluster-
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ing analysis (HCA) were used to examine the overall distribu-
tions of peaks and samples and to determine the relationships
between samples based on selected groups of peaks. PCA and
HCA are regarded as clustering methods. Clustering is a process
of grouping peaks or samples based on their similarities. As no
prior knowledge about the data is required, clustering is known
as an unsupervised method. Although the two clustering me-
thods, PCA and HCA, were successfully used in previous
study,13 no systematic investigations to find the best method
for petroleomic studies have yet been reported.

In this study, various statistical clustering techniques, in-
cluding PCA, HCA, and k-means, were applied for compara-
tive analysis of the electrospray ionization (ESI) mass spectra
of 10 crude oil samples.

Experimental

Mass spectrometry. Ten oil samples with relatively high and
low sulfur content or TAN value were selected for this study.
Ten crude oil samples (labeled Crude01 — Crudel0) and their
bulk properties, including sulfur content and total acid number
(TAN), are listed in Table 1. The sulfur contents were obtained
by elemental analysis'*and TAN values were determined by the
commonly used titration method. 1 Samples were prepared by
dilution to 0.5 mg/mL in a 50:50 v/v solution of toluene/metha-
nol. The diluted samples were spiked with 4 ulL of 30% NH4OH
to ensure adequate ionization efficiency for negative-ion ESI.
The prepared samples were directly injected with a syringe
pump (Harvard, Holliston, MA, USA) at a flow rate of 70 pL/h
for ESI analysis. Analyses were performed usinga 15 T FT-ICR
mass spectrometer at the Korean Basic Science Institute (KBSI,
Ochang-eup, Korea). The Apex hybrid Qg-FT instrument was
equipped with a Bruker Apollo II dual source. Nitrogen was
used as the drying and nebulizing gas. The operating parameters
for ESI analysis were a drying gas temperature of 200 °C with
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Table 1
Crude01 Crude02 Crude03 Crude04 Crude05 Crude06 Crude07 Crude08 Crude09 Crudel0
Sulfur (%) 2.87 3.57 2.01 3.53 0.18 4.79 3.77 0.13 0.25 4.5
TAN (mg KOH/g) 0.29 0.45 0.18 0.47 0.79 0.27 0.3 0.58 3.15 3.5
Nitrogen (ppm) 1645 4019 4011 3123 3532 2136 1620 949 4405 -

™

Figure 1. (-) mode ESI spectrum of crude oil sample 3 and the expand-
ed view at 687 m/z region.
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a flow rate of 1.5 L/min and a spray voltage of 3000 - 4000 V;
the skimmer voltage was set to 13.0 V to minimize in-source
fragmentation. Ionized samples were stored in an argon-filled
collision cell for 1 s and transferred to the ICR cell with a 2 ms
time-of-flight window. Both sidekick and gated trapping app-
roaches were used. A sidekick voltage of 20 V was used to
initially trap the ions. After transferring the ions to the ICR trap,
the trap voltage was raised to 3 V and ramped down to 1.5 V for
detection. At least 100 scans were accumulated and averaged
to improve the signal-to-noise ratio of the resulting spectra. For
each spectrum, at least 2 x 10° data points were recorded. A
resolving power greater than 300,000 at ~400 m/z was rou-
tinely achieved for the obtained spectra. An example of mass
spectrum and its expanded view are displayed in Figure 1.

Mass spectra collected in this study were calibrated in two
steps. In the first step, an internal calibrant material (G2421A
electrospray “tuning mix” from Agilent, Santa Clara, CA, USA)
was used as a mass internal calibration standard. The internal
standard was added to the samples just before analysis. In the
second step, the samples were analyzed without the internal
calibrant to eliminate possible peak contributions from the cali-
brant material. The m/z scale of the resulting spectra was first
calibrated using an external calibrant material (G2421A electro-
spray “tuning mix” from Agilent) and second, using the exact
m/z numbers of major sample peaks obtained from the first
spectrum.

Approximately 3000 - 4000 peaks were found in the mass
spectra of each sample. Initially, the threshold for peak picking
was a signal-to-noise ratio higher than 4.5. An automated peak-
picking algorithm was later implemented for more reliable and
faster results. After peak picking, elemental formulae were cal-
culated and assigned based on m/z values. Peak assignments

were performed within an error range of 1 ppm. Normal con-
ditions for petroleum data (C.H;N,O,S;, ¢ unlimited, / unlimit-
ed,0 <n<50<0<10,0<s < 2)12 were used in these
calculations. Typically, more than 98% of the observed peaks
were successfully assigned with elemental formulae.

Statistical analysis. The 10 resulting peak lists with elemental
formulae assignments were merged into a single table for
statistical analysis. Detailed information on data preprocessing
can be found in the previous literature. B Briefly explained, each
sample was analyzed in triplicate for statistical significance.
Triplicate spectra were later combined into a single spectrum,
resulting in 10 mass spectra and an equal number of peak lists.
The relative abundance of individual peaks was normalized to
the summed relative abundance of each peak list. The resulting
peak lists with elemental formulae assignments were merged
into a single table for statistical analysis. Data merging was
performed based on assigned elemental formulae, which were
equivalent to theoretical mass values.

Two normalization methods (quantile and central tendency
normalization) were applied to remove systematic experimental
variation.'® Then, the peaks that best explained sample variance
were selected for further statistical analyses. Spectral interpre-
tation and statistical computations were performed with R ver-
sion 2.9.0."

PCA, HCA, and k-means clustering were applied to the pro-
cessed data. Detailed descriptions of the methods have been
reported previously.13 8 Briefly, principle component analysis
is used to reduce the dimensionality of data while retaining the
variation in the original data as much as possible. Principal
components (PCs) are generated by linear combination of the
original data set. The results of PCA are usually represented by
score and loading plots. In a score plot, the distribution of objects
is presented based on PCs, while a loading plot displays the
distribution of variables. Clustering can be done based on the
distributions of objects and variables in each plot.

In hierarchical clustering, a progressive combination of vari-
ables that are most similar is performed. The similarity is cal-
culated from the distance between all data points using distance
metrics. The results are usually plotted in a dendrogram repre-
senting the clusters and relations between them.

In k-means clustering, the number of clusters is first estimated
by the user. The results of the k-means algorithm can depend
on the initial clusters. Therefore, it is very important to choose
optimum values for the clusters. Often, another algorithm is
employed to find the optimum number (k). In k-means cluster-
ing analysis, the algorithm progressively moves each point to
each cluster to maximize the differences among clusters. It then
assigns each observation to clusters based on the mean of the
cluster. The cluster mean is then recomputed, and the process
begins again. The k-means clustering algorithm is one of the
simplest and fastest clustering algorithms.
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Results and Discussion

PCA of crude oil spectra. PCA was performed on 10 crude
oil spectra. The loading and score plots are shown in Figures
2a and b. Score and loading plots are typically used to display
the results of PCA. From the loading plot (Fig. 2a), it was clear
that samples could be divided into three groups: Groups I, II,
and II1. Group I was composed of crude05, crude08, crude(9,
and crude10 samples. The score plot from PCA of peaks in this
study is presented in Figure 2b. In this study, each class was
represented by showing only hetero atoms in the compounds.
For example, O and NO classes in the Figure 1 each represent
compounds with chemical formulae of C.H,O and C.H,NO. In
the figure, each quadrilateral represents the elemental composi-
tion of 10 crude oil samples, and they were color-coded accord-
ing to the class of compounds. For example, the O class is shown
in red, the OS class in black, the NO class in pink, the NS class
in green, and the NOS class in light blue. In Figure 1b, most of
the O class peaks were located in the A cluster. The B and C
clusters also had O class compounds. Sulfur-containing classes
(e.g., OS, NS, NOS) were mainly located in the B cluster. Com-
parison between loading and score plots helped to visualize
the relationships between the samples and the observed peaks.
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Figure 2. Score (a) and loading (b) plots are shown for PCA of 10 ESI
negative-mode spectra.
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Thus, it was clear that samples in Group I were abundant in O
class compounds, while Groups II and III were abundant in
sulfur-containing compounds.

Table 1 shows chemical properties of crude oils related to
classes of compounds and samples shown in Figure 1. The sam-
ples in Group I had TAN values larger than 0.5 (refer to Table 1),
while those in Groups II and III had TAN values lower than
0.5. In addition, samples in Groups II and I1I had higher sulfur
contents than those in Group I. The only exception was the
crudel0 sample-this sample was included in Group I despite
its very high sulfur content. The separation between Groups I1
and III was attributed to sulfur content. The crude01 and 03
samples in Group III had sulfur contents between 2 and 3. The
crude02, 04, 06, and 07 samples in Group II all had sulfur con-
tent higher than 3. Thus, it was clear that the TAN value and
sulfur content played important roles in grouping crude oil
spectra obtained using negative mode ESI.

In a previous study of positive and negative-mode atmos-
pheric pressure photo ionization spectra,13 sulfur and nitrogen
contents and TAN values were important in grouping samples.
In this study, nitrogen content was not important for grouping
samples. The crude01, 07, and 08 samples had the lowest nitro-
gen content. However, the three samples were scattered into
three groups in Figure 1a, and this was attributed to the ioni-
zation method used in this study. In general, negative-mode
ESI is not sensitive toward basic nitrogen compounds. Nitrogen
compounds are typically observed as NO, NS, or NSO classes
in negative-mode ESI. Thus, nitrogen compounds alone did
not differentiate samples into groups.

HCA of crude oil spectra. In this study, hierarchical cluster-
ing was performed on 10 crude oil negative-mode ESI spectra,
and results are shown as a heatmap and dendrogram in Figures
3a and b. The Spearman correlation coefficient was used as the
basis for HCA. The coefficient was calculated using the fol-
lowing equation

6xd’

R=1 oD 1)

where d” is the square of the difference between the ranks of
the two values and n is the number of variables. The coefficient
was used to calculate distance between variables. The distance
was used as a measure to determine similarities and differences
between variables and to determine which variables were group-
ed together.

The abscissa of the heatmap in Figure 3a represents 10 crude
oil samples. The clustering between crude oil samples was
accomplished by comparing similarities and differences in peak
distributions. The results are presented as a dendrogram located
at the top of the heatmap. In this analysis, the samples were
divided into three groups, and the grouping was identical to
that observed using PCA. In HCA, the peaks observed in the
samples were also grouped, as shown in the dendrogram of
Figure 3b. Chemical components of crude oil samples were se-
parated into two clusters. Closer examination of the elemental
formulae of the peaks showed that grouping occurred because
of the oxygen and nitrogen-containing compounds. This also
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agreed well with results obtained using PCA.

Gap statistic and A-means clustering. In £-means clustering,
the number of clusters is predetermined and specified by the
user. In this study, the number of clusters was determined using
the gap statistic,”’ which is commonly used to decide the num-
ber of groups for k~-means clustering. The screen plot obtained
using gap statistical analysis is shown in Figure 4a. The abscissa
of the graph is the number of clusters, and the ordinate indi-
cates the gap statistic value calculated using R. The gap curve
became nearly flat after four clusters. The large change in the
gap value occurred either between two and three or three and
four clusters. Thus, the data set of the 10 crude oils was best
represented with four clusters.

The results of k&~-means clustering are shown in Figures 4b
and c. Figure 4b shows the clustering of peaks, and Figure 4c
shows the clustering of samples. In Figure 4b, each of the four
rectangular boxes contains a group of peaks with a similar dis-
tribution among 10 crude oil samples. In the first cluster, the
peaks were attributed to sulfur-containing classes (OS and NS).
The third cluster was mainly composed of O class compounds.
It was clear that the peaks in each group had a similar distri-
bution among 10 crude oil samples. The second cluster and
fourth cluster were mainly composed of peaks in the NO and
NOS classes. Thus, the clustering pattern was very similar to
that obtained previously using PCA."

The clustering of samples is shown in Figure 4c. In the first
cluster, each of the black and red lines represents crude01 and
03 samples, respectively. The second cluster shows crude09 and
10 samples. The black, red, green, and blue lines in cluster 3
indicate crude02, 04, 06, and 07 samples, respectively. Cluster
4 represents crude05 and 08 samples. These results indicated
that the k-means clustering algorithm was more accurately cor-
related with the bulk properties of 10 crude oil samples com-
pared with PCA and HCA.

Conclusions

In this study, three clustering algorithms were successfully
applied to compare 10 crude oil spectra obtained using negative-
mode ESI. Oxygen and sulfur-containing peaks played impor-
tant roles in clustering the negative-mode ESI spectra. As a
result, the clustering of the data showed close correlations with
TAN values and sulfur content of crude oils. It is interesting to
note that the three different algorithms used in this study (PCA,
HCA and k-means clustering) produced very similar results.
Therefore, the choice of clustering method between the three
methods does not appear to be crucial. The consistency between
results obtained by different statistical methods shows credi-
bility of applying statistical methods for interpretation of high
resolution mass spectra of crude oil. However, our preliminary
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study showed the results obtained using another clustering tech-
nique were not consistent with those obtained using other me-
thods. Therefore, selecting and using an appropriate statistical
method can be important. Further study is being planned to ex-
plain why SOM analysis showed different result and provide
guide line for the selection of appropriate statistical method.
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