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Abstract  

RATIONALE: Volatile and semi-volatile organic compounds (S/VOCs) are important 

atmospheric pollutants affecting both human and environmental health. They are directly 

measured as an unresolved mixture using membrane introduction mass spectrometry 

(MIMS). We apply chemometric techniques to discriminate, classify, and apportion air 

samples from a variety of sources.  

METHODS: Full scan mass spectra of lab constructed air samples were obtained using a 

polydimethylsiloxane membrane interface and an electron ionization ion trap mass 

spectrometer. Normalized full scan spectra were analyzed using Principal Component 

Analysis (PCA), cluster analysis, and k-nearest neighbours (kNN) for sample discrimination 

and classification.  Multivariate curve resolution was used to extract pure component 

contributions. Similar techniques were applied to VOC mixtures sampled from different 

woodsmoke emissions and from the headspace above aqueous hydrocarbon solutions.  

RESULTS: PCA successfully discriminated 32 constructed VOC mixtures from nearly 300 

air samples, with cluster analysis showing similar results. Further, kNN classification (k=1) 

correctly classified all but one test set sample, and MCR successfully identified the pure 

compounds used to construct the VOC mixtures. Real-world samples resulting from the 

combustion of different wood species and those associated with water contaminated with 

different commercial hydrocarbon products were similarly discriminated by PCA.  

CONCLUSIONS: Chemometric techniques have been evaluated using full scan MIMS 

spectra with a series of VOC mixtures of known composition containing known compounds, 

and successfully applied to samples with known sources, but unknown molecular 

composition. These techniques have application to source identification and apportionment in 

real-world environmental samples impacted by atmospheric pollutants. 
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Introduction 

 Volatile and semi-volatile organic compounds (S/VOCs) are important atmospheric 

pollutants affecting human1 and environmental health.2,3 Their impacts can be both direct 

(e.g., benzene is carcinogenic1,4) and indirect, acting as precursors in the formation of 

ground-level ozone5 as well as secondary organic aerosols.6 S/VOCs are present in outdoor 

and indoor air at trace levels, and have both biogenic (e.g., vegetation, forest fires) and 

anthropogenic (e.g., combustion processes, fugitive emissions) point and nonpoint sources.7 

Air samples are often influenced by S/VOCs from more than one source, and the composition 

of air samples can be dynamic as a result of mixing and dispersion. The chemical 

characterization of whole air samples using mass spectrometry provides a rich data set to 

which environmental forensic tools can be applied.8,9 Recent developments in field-portable 

mass spectrometers can provide this data with unprecedented temporal and spatial 

resolution.10 As industry and public agencies work to reduce VOC emissions3,11, 

chemometric approaches that identify and apportion sources can be used to better inform 

policy decisions and protect human health. 

 Membrane introduction mass spectrometry (MIMS) is a direct measurement 

technique that can be used to make continuous, online measurements of S/VOCs in air, water, 

and soil samples with little or no sample preparation.12 In a MIMS experiment, a semi-

permeable membrane is used as an interface between the bulk sample and the mass 

spectrometer.  Since no chromatographic separation is employed, analytes are entrained to the 

mass spectrometer as a suite for analysis. Full scan MIMS data contains the overlapping mass 

spectra of all permeating molecules. Targeted quantitative analysis can be achieved through 

the use of tandem mass spectrometry and/or selective ion monitoring, in conjunction with the 

use of a continuously infused, isotopically labelled internal standard.13 MIMS is well suited 

to mobile deployment14,15, and during field campaigns we have observed differences in the 

full scan MIMS data from distinct contamination sources.13 We have proposed that full scan 

MIMS data can be used to ‘fingerprint’ ambient air samples and, in combination with 

chemometric techniques, be used to identify, and apportion, sources of contamination.14 

Chemometrics uses multivariate statistical and mathematical techniques for the 

quantitative and qualitative analysis of chemical data sets containing many variables for 

pattern recognition, multivariate calibration, and multivariate curve resolution.16 Pattern 

recognition techniques such as Principal Component Analysis (PCA), soft-independent 

modelling of class analogy (SIMCA), k-nearest neighbours (kNN), and cluster analysis are 

used to discriminate and classify samples based on their overall chemical composition.17 

Each of these techniques employ different strategies. In PCA, new latent variables, called 

Principal Components (PCs), are calculated, which are linear combinations of the original 

variables. The PCs are orthogonal to one another, and describe the directions of most 

variance within the data. This allows the information in the dataset to be described by fewer 

variables , uncovering underlying patterns.17,18 kNN is a classification technique where the 

class of a new sample is assigned based on a ‘majority vote’ between the k-nearest samples 

(where k is an integer) of known source.17   Multivariate calibration methods, such as 

Principal Component Regression (PCR), and Partial Least Square Regression (PLS-R) use 

the response across many variables to predict sample properties, such as concentration. 

Multivariate curve resolution (MCR) focuses on resolving components (e.g., individual 

molecules or specific point sources and their contributions19) from samples containing 

mixtures.20 These chemometric methods have been used to analyze mixture data collected by 

mass spectrometry for a variety of applications.21–26  



 

This article is protected by copyright. All rights reserved. 

Since MIMS produces full scan spectra that are the superposition of spectra from 

individual compounds in a mixture, chemometric methods can, in principle, resolve both 

quantitative and qualitative problems. The use of chemometric methods to assist in the 

quantification of specific analytes (benzene, toluene, ethylbenzene, and xylenes (BTEX)) in 

combined standard solutions from electron ionization (EI) MIMS spectra has been discussed 

by Ohorodnik et al27 and Gardner et al.28 As the quantification of analytes in complex 

mixtures from full scan MIMS spectra is based on differences in the pattern and intensity of 

analyte peaks in the mass spectra, it follows that chemometric analysis should also be able to 

qualitatively discriminate between classes of samples. Ketola et al used PCA, mean pairwise 

difference, and k-nearest neighbours (kNN) classification to discriminate and classify cola 

samples from different manufactures based on full scan MIMS data.29  Ketola later used a 

Non-linear Asymmetric Error Function-based Least Mean Square algorithm combined with a 

reference library to identify individual compounds in the mixture.30  However, attempts to 

discriminate environmental samples have been limited. For example, Alberici et al applied 

PCA to the analysis of full scan MIMS spectra of the water soluble fraction of Brazilian 

commercial gasolines, with mixed results. While they were able to characterize variances 

between samples, they were unable to discriminate between types of gasoline.31 This may 

have been due to a higher degree of intra- versus inter-class variability.  

In this study, a series of constructed gas phase mixtures of known composition and 

concentrations was constructed from 10 individual VOCs. The compounds were chosen such 

that some contained known isobaric interferences when ionized by electron ionization (e.g., 

toluene, m-xylene, α-pinene), as well as compounds with relatively few isobars (e.g., 

naphthalene, biphenyl). We have undertaken a systematic study of nearly 300 lab constructed 

VOC mixtures to evaluate the ability of several chemometric techniques to discriminate and 

classify the samples, as well as apportion the individual compounds within the VOC 

mixtures. In addition, PCA was applied to full scan MIMS data from two real-world case 

studies (woodsmoke, headspace above hydrocarbon contaminated waters) of unknown 

chemical composition in order to discriminate the samples based on their source. These 

datasets were collected using mass spectrometers that have been field mobilized, allowing for 

geospatial and temporal S/VOC analysis. This work is an essential step towards developing 

tools that identify and apportion sources based on the information contained in full scan 

MIMS spectra collected from a moving vehicle. 

 

Experimental 

Membrane Introduction Mass Spectrometry 

Three datasets are described in this work: gaseous VOC mixtures constructed from 

permeation tubes using various combinations of individual compounds, VOCs sampled from 

the woodsmoke emissions produced by the combustion of wood from different tree species, 

and VOCs present in the headspace above aqueous hydrocarbon samples. Each sample was 

flowed over a capillary hollow fiber membrane interface design that has been described 

previously.32,33 A 10 cm long polydimethylsiloxane (PDMS) membrane (Silastic® brand; 

Dow Corning, Midland, MI, USA) with 0.47 mm outer radius and 0.26 mm inner radius was 

used in this study. The membrane interface was heated, and 1 mL/min of helium carrier gas 

(99.999% purity, Praxair, Mississauga, ON, Canada) was passed through the lumen of the 

membrane to transfer permeating molecules to the mass spectrometer. Three mass 

spectrometer systems were used for data collection. For the constructed VOC samples, a 

modified Griffin 400 EI (70 eV) cylindrical ion trap (CIT) mass spectrometer (FLIR, West 

Lafayette, IN, USA), with a base pressure of 5x10-5 Torr and ion trap temperature of 150 °C 
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was used. The maximum ionization time was set to 150 ms. Data for the woodsmoke VOC 

samples was collected using a modified GCQ (Thermo Fisher, Austin, TX, USA) quadrupole 

ion trap mass spectrometer, with a base pressure of 1-2x10-4 Torr. Both the Griffin 400 and 

GCQ systems were equipped with permeation chambers made in-house, described 

elsewhere.13,34 The VOCs in the headspace above aqueous hydrocarbon samples were 

collected using a Griffin 300 EI CIT mass spectrometer (FLIR), using the same instrumental 

settings as used for the Griffin 400 system. On the Griffin systems, the membrane interface 

was mounted inside an aluminum block and heated to 50°C, and full scan MIMS data was 

collected for mass-to-charge ratios (m/z) 50-250 at a frequency of approximately 10 Hz. For 

the GCQ, the membrane interface was housed in a temperature controlled oven and heated to 

70°C, and full scan MIMS data (m/z 50-250) was collected every 12 seconds.  

Data Handling 

 The overall workflow used to construct the three datasets used for this study is shown 

schematically in Figure 1A. Each dataset contained a variety of sources, each representative 

of one VOC mixture (e.g., benzene and toluene mixture, redcedar woodsmoke, headspace 

above aqueous solution containing diluted bitumen). For each source, a number of samples 

were collected, with each sample measured at least once with a MIMS system. For the 

constructed VOC mixtures and aqueous hydrocarbon headspace VOC experiments, samples 

were measurements of a single source at multiple concentrations, or replicate measurements 

of a single source at a given concentration. For the woodsmoke VOCs, a sample represented 

closely related measurements where the smoke from a single fire was measured multiple 

times in one experiment. Each experiment produced a chronogram of the total ion current as 

seen in Figure 1B. The average full scan MIMS spectrum for a sample was calculated by 

averaging a subset of mass spectra across the steady-state region of the signal in the 

chronogram shown in Figure 1B. For the woodsmoke VOCs, an average full scan MIMS 

spectrum was calculated for each individual fire by averaging the spectra obtained for each 

sampling event in the experiment. The average full scan MIMS spectra were then background 

subtracted to produce a final mass spectrum for analysis (example spectra for two sources 

given in Figure 1C). A dataset for analysis was generated by constructing a data matrix where 

each background subtracted average full scan MIMS spectrum (sample) was represented by a 

row, and the measured m/z values were the columns. Before chemometric analysis, each 

spectrum in the dataset was normalized to a unit vector in order to remove concentration 

effects as follows: 

�̂� =  
𝑥

√(𝑚
𝑧1⁄ )

2
+ (𝑚

𝑧2⁄ )
2

+ ⋯ + (𝑚
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where x is the full scan mass spectrum as a row vector ([m/z1 m/z2 … m/zn]), m/zi is the 

intensity of the ith m/z, and x̂ is the full scan mass spectrum as a vector of unit length. In order 

for the first PC to describe the direction of most variance in PCA, each column was mean-

centered to give each variable (m/z) a mean of zero.  Modifications from the workflow for 

specific datasets are described below, where necessary. 

For the constructed VOC mixtures dataset, an apparent mass shift was sometimes 

observed in the full scan MIMS spectra due to space charge effects in the small volume CIT 

of our Griffin 400 system.35,36 As this would have a marked effect on variance, any sample 

spectra with apparent mass shifting were excluded from further analysis.  For this dataset, a 

mass range of m/z 50-160 was used for the analysis because the high mass range did not 

contain measured signals (> 95 % of signal intensity was captured below m/z 160). For the 

woodsmoke VOC analysis, the emissions for each fire were sub-sampled 2-6 times. Between 
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5 and 20 full scan MIMS spectra were averaged in each sub-sample. The woodsmoke VOC 

data was originally collected for quantitative purposes, and the samples contained toluene-d8 

as a continuously infused internal standard (permeation tube at 50 °C).13 Spectra were 

normalized to the base peak of toluene-d8 (m/z 98). In order to remove the presence of the 

internal standard from the woodsmoke VOC full scan mass spectra, the averaged spectrum 

for clean outdoor air containing toluene-d8, obtained at the same time as the study, was 

subtracted from all woodsmoke spectra.  

 

Constructed VOC mixtures  

A series of 32 gaseous VOC mixtures was constructed using a DynaCalibrator™ gas 

dilution system (Model 340; VICI Metronics, Poulsbo, WA, USA) modified in-house to 

contain a second heated permeation chamber, and an in-house permeation chamber37 present 

on the MIMS system based on the Griffin 400 MS.  Certified emission rate permeation tubes 

(Kin-Tek, La Marque, TX, USA) were used for the following analytes:  benzene, toluene, m-

xylene, chlorobenzene, naphthalene, α-pinene, trichloroethylene, carbon tetrachloride, 

biphenyl, and toluene-d8. The emission rates at specific temperatures for each of the 

permeation tubes used are provided in Table S1 (information). Each of the 32 constructed 

VOC mixtures contained anywhere from one to six different compounds. Data for each 

mixture was collected at a variety of concentrations ranging from roughly 10 to 1000 part-

per-billion by volume (ppbv). The list of mixtures analyzed, the concentration ranges, relative 

analyte compositions, and the number of samples measured for each, are shown in Table 1. 

For each measured concentration, the MIMS signal was allowed to reach steady-state before 

dilution air flow was reduced to increase the concentration of the mixture. Some mixtures, 

such as benzene and toluene, had replicate samples measured across multiple days in order to 

determine if day-to-day instrumental variability would have an effect on the analysis. 

Hydrocarbon-scrubbed lab air generated with the DynaCalibrator™ was used as the 

background for these samples.  

VOCs in Woodsmoke Emissions 

Multiple small, wood fueled fires were ignited using a propane torch in a new tabletop 

grill. Each fire contained wood from one of three different tree species including Balsam fir 

(abies balsamea), Big leaf maple (acer macrophyllum), and Western redcedar (thuja 

plicata)). The smoke emissions from each fire were sampled multiple times by alternating 

between sampling clean outdoor air and woodsmoke emissions. Replicate fires for each wood 

species were sampled. Preliminary results from this dataset have been published elsewhere14, 

with the data being reprocessed for the purposes of this paper. 

VOCs in Headspace above aqueous hydrocarbons samples 

In an effort to simulate real-world contaminated samples with unknown composition 

and concentrations, the VOCs present in the headspace above hydrocarbon contaminated 

waters were measured. The hydrocarbon contaminated samples included a diluted oil sands 

process water (OSPW) from the Athabasca region, Alberta, Canada, an aged mixed gasoline 

for 2-stroke engine use (50:1), diluent (a commercial kerosene product used to reduce the 

viscosity of heavy oil), and diluted bitumen or ‘dilbit’ (sales product from heavy oil 

production from the Athabasca region, Alberta, Canada). The OSPW was gravimetrically 

diluted and used as is. The remaining solutions were diluted from saturated aqueous solutions 

prepared as follows.  Roughly 10 mL of two stroke engine mixed gasoline, diluent, and dilbit 

were added ~1 L of deionized water (Millipore Corp., Billerica, MA, USA) in amber glass 

bottles, and equilibrated over two weeks on a shaker table (Model SW23, Julabo, Seelbach, 
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Germany) at 25°C. The samples were transferred to 1-L separatory funnels and the aqueous 

fraction was collected in 250-mL amber bottles with Teflon-backed septa, minimizing the 

headspace. The dilbit solutions were filtered. Portions of the saturated aqueous solutions were 

diluted gravimetrically using deionized water into 40-mL glass vials. All samples were stored 

at 4oC until use.  
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The experimental apparatus for the recirculation experiments is shown in Figure 2. 

Two stainless steel three-way valves (Swagelok, Solon, OH, USA) were used to alternate 

between hydrocarbon scrubbed room air, and the recirculated headspace sample using a 

peristaltic pump (Masterflex L/S Economy Pump System with Easy-Load II Pump Head with 

Viton Pump Tubing, L/S 25, Cole-Parmer, Montreal, Canada). Headspace was recirculated in 

¼” fluorinated ethylene propylene tubing (Cole-Parmer).   Samples were prepared for 

headspace analysis by placing 100-200 mL of deionized water into a sealed reaction flask. 

Aliquots of aqueous samples were injected into the reaction flask through a Teflon-backed 

silicone septum. The overall dilution ratios from the saturated aqueous solutions to those 

sampled in the recirculation flask, and the number of samples collected for each hydrocarbon 

mixture, are summarized in Table S2 (supporting information). The MIMS signals were 

allowed to reach steady state, and then hydrocarbon-scrubbed room air was used to flush the 

sample from the membrane and return to baseline between samples. 

 

 

Sample Discrimination 

For each dataset, Principal Component Analysis (PCA) was applied to unit vector 

normalized and mean centered datasets. In addition, a hierarchical cluster analysis of the unit 

vector normalized constructed VOC mixtures dataset was undertaken using Euclidean 

distances between nearest neighbours. Data analysis was carried out using MATLAB 

(Mathworks, Natick, MA, USA) and the PLS_Toolbox (Eigenvector Research Inc., Manson, 

WA, USA). 

Sample Classification 

For the constructed VOC mixtures, k-nearest neighbour (kNN) was applied to the 

normalized data set for sample classification. To build a classification model, two thirds of 

the samples were used as a training set, and one third used as a test set for classification.  

Replicate measurements of an individual mixture at the same concentration were either in the 

training set, or the test set, but not both. For the analysis, the Euclidean distances between 

samples were used to determine the nearest neighbours. To determine the value of k used for 

the classification, cross validation (CV) of the training set was done by randomly dividing the 

dataset into 10 folds. During CV, each fold is classified using the other 9 folds as the training 

set. This process was completed for k values of 1, 3, and 5. MATLAB and the PLS_Toolbox 

were used for data analysis. 

Multivariate Curve Resolution  

Multivariate Curve Resolution (MCR) was applied to the constructed VOC mixtures 

dataset to calculate the pure component spectra of the compounds used to construct the 

samples.38–40 The data was unit vector normalized. The Scree plot and scores plots from the 

PCA analysis were used to estimate the number of components for the model.39,40  The purest 

component spectra in the dataset were used as initial estimates in the model, and the model 

was calculated using non-negativity constraints for both the spectra and component 

contributions. Data analysis was done using MATLAB and the PLS_Toolbox. 

 

https://www.coleparmer.ca/i/masterflex-fda-compliant-viton-precision-pump-tubing-l-s-25-25-ft/9641225?pubid=RK
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Results and Discussion 

Constructed VOC mixtures  

Analysis of the constructed VOC mixtures was used to systematically test our ability 

to discriminate and classify samples of known composition and concentration using PCA, 

cluster analysis, and kNN.  The sample mixtures were constructed to include compounds with 

relatively unique mass spectra (e.g., biphenyl, naphthalene) as well as those where significant 

isobaric interferences are known to exist (e.g., tropylium ion (C7H7
+) m/z 91, is a fragment 

ion of toluene, α-pinene, and m-xylene).41  Multivariate curve resolution (MCR) tested our 

ability to derive the pure component mass spectra and the contribution profiles of each 

components in the mixtures. A total of 298 samples in 32 mixtures containing anywhere from 

1 to 6 different VOCs chosen from a set of ten compounds (Table 1), were analyzed using the 

four techniques described above. It was possible to cluster, discriminate, and classify 

mixtures based on overall chemical composition, even in mixtures containing compounds 

with closely related mass spectra, and also to decompose the data set into pure component 

spectra and their contribution profiles to each mixture.  

PCA scores plots were constructed by projecting the data on the PCs explaining the 

most variance, with the corresponding PCA loadings plots giving a visual representation of 

the variables (m/z) contributing to each PC.18,17 In the PCA of the constructed VOC mixtures, 

the first two PCs account for 57% of the variance. The scores plot for PC 1 vs PC 2 (top left), 

loadings plot for PC 1 vs PC 2 (top right), and three example mass spectra for the mixtures 

containing benzene and trichloroethylene (left); benzene and naphthalene (centre); and 

benzene (right) are shown in Figure 3. The scores plot shows that samples are well clustered. 

Mixtures 8, 10, and 11 (Table 1) had replicate measurements collected across multiple days, 

and while there is some spread in the data points for mixture 11, overall day-to-day 

instrument variability did not impede sample clustering based upon chemical composition. 

From the loadings plot, the main signals contributing to dataset variance are at m/z 78 

(C6H6
+., benzene molecular ion), 92 (C7H8

+., toluene molecular ion), 91 (C7H7
+, tropylium 

ion), 112 (C6H5Cl+., chlorobenzene molecular ion), 77 (C6H5
+, deprotonated benzene), 128 

(C10H8
+., naphthalene molecular ion), and 154 (C12H10

+., biphenyl molecular ion).  As 

expected, samples with negative scores on PC 1 have a high abundance of compounds whose 

ions display negative loadings on PC 1. For example, the molecular ions for chlorobenzene 

and biphenyl have negative loadings on PC 1, and samples containing these compounds have 

negative scores on the same PC.  Examination of the Scree plot from the PCA of these 

mixtures indicates that 10 PCs account for 99.20 % of the variance in the data set. The scores 

plots for PCs 1-10 show significant structure within the data set. In contrast, the scores plot 

for PC 11 is much less structured, with many mixtures having samples with both negative and 

positive scores on PC 11 indicating that PC 11 mainly describes noise (Figures S1A-C, 

supporting information). As a result, the dimensionality of the data set can be reduced from 

111 dimensions (corresponding to m/z 50-160) to 10 dimensions (PCs) without losing 

information.   

As can be seen in Figure 3, many of the constructed mixtures (e.g., 2, 9, 10, 27, 30, 

and 21) are well separated in the PC 1 versus PC 2 scores plot. Some of the more challenging 

mixtures (e.g., 3, 14, 25, 32, 29, 26, 23, 18, and 22) are somewhat resolved on the PC 1 

versus PC 2 scores plot, but can be separated on other projections, such as PC 2 versus PC 3 

(data not shown). There are, however, some mixtures that are not as well differentiated. For 

example, while mixture 9 (benzene and naphthalene) is well resolved in the scores plot, 

mixtures 7 (benzene) and 13 (benzene and trichloroethylene) are not. The lower panels in 

Figure 3 illustrate the normalized full scan mass spectra for these mixtures. We ascribe the 

small peak at m/z 95 to the formation of a phenyl ion water adduct, [C6H6 – H + H2O]+, as 
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observed by us and others in small ion traps.42 As can be seen, the mass spectra for mixture 

13 and 7 are very similar, differing mainly by low intensity signals at m/z 130, 132, and 134 

due to the presence of trichloroethylene in mixture 13, which is present at a low abundance 

relative to benzene (see Table 1).  While mixture 9 also shares many spectral peaks with 

mixtures 7 and 13, it contains high intensity peaks at m/z 102 and 128 due to the presence of 

naphthalene.  The ion at m/z 128 has a negative loading on PC 1; hence, the presence of 

naphthalene in mixture 9 leads to the sample discrimination.   

Many of the overlapping mixtures in the scores plot shown in Figure 3 differ only by 

the presence of trichloroethylene and/or toluene-d8.  Discriminating these mixtures can be 

achieved with scores plots of PC 1 vs PC 6, and PC 2 vs PC 7, respectively (Figures S2A and 

S2B, supporting information). 

Heirarchical cluster analysis was used to group samples based on the Euclidean 

distances between samples. Initially, the distance between each pair of samples was 

calculated, and the two samples nearest one another were joined to make a cluster. The 

process of joining samples to clusters based on distance to nearest neighour was repeated 

until all the samples had been joined.17 The results of the cluster analysis is shown as a 

dendrogram in Figure S3 (supporting y information). Each ‘leaf’ along the bottom of the 

dendrogram represents a cluster containing a single sample, colour-coded based on the VOC 

mixture. The horizontal bars join clusters together, and the distance of the horizontal bar on 

the y-axis is the distance between the nearest neighbours in the two clusters. Twenty-nine of 

the 32 mixtures have all their samples joined into a single cluster before a sample from a 

second mixture joins the cluster. Mixtures 7, 11, and 13 show some degree of mixing. The 

results of the cluster analysis are in strong agreement with those from the PCA analysis. With 

the exception of mixtures 23 and 25, the mixtures that overlap in the cluster analysis also 

overlap in PCA. 

A kNN classification model was used to test sample classification based on full scan 

MIMS data. The classification model was built using 202 samples, with 96 samples acting as 

the test set. CV was done on the training set, and of the 202 training samples 0, 10, and 35 

were misclassified using k values of 1, 3, and 5, respectively. As a result a k of 1 was chosen 

for the classification. The results of the classification are shown in a confusion table in Table 

S3, supporting information). In the confusion table, the predicted mixtures of the samples in 

the test set are represented by the rows, the actual mixtures are represented by the columns, 

and the sum of each column is the number of samples tested for each mixture. If a sample is 

correctly classified it will be counted along the diagonal of the confusion matrix, while 

misclassified samples are counted off-diagonal. Table S3 (supporting information) shows that 

95 of the 96 samples were correctly classified.  

Finally, MCR was carried out to calculate the spectral information for the pure 

components that comprise mixtures, as well as the contributions of the pure components to 

each sample in the original dataset.38–40 In this analysis, non-negativity constraints were 

applied since neither the mass spectra, nor the relative abundances of each compound in the 

mixtures contained negative values.38,39  

Before calculating the model, the number of components in the dataset was estimaed. 

An examination of the PCA Scree plot and scores plots indicated that the dataset contained 

10 independent sources of variance (consistent with 10 individual compounds in the 

constructed mixtures). PCs 11-20 described small and similar amounts of variance (Figure 

S1A, supporting information), indicating these components may have described noise rather 

than chemical information, an observation also supported by the scores plots (Figures S1B-C, 
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supporting information). As a result, a 10 component MCR model was deemed most likely. 

For comparison purposes 9, 10, and 11 component MCR models were calculated. The 9 

component model resolved the pure full scan MIMS spectra for eight of the ten compounds, 

with the spectra for m-xylene and toluene-d8 overlapping as the 9th component (data not 

shown). The 11 component model resolved the pure full scan MIMS spectra for all ten 

compounds, but included an 11th component dominated by m/z 65 which was not 

representative of any individual compound (data not shown). For the 10 component model, 

each of the calculated components corresponded to the full scan MIMS spectrum of the 

individual compounds used to make up the mixtures. Example MCR results are shown in 

Figure 4. The MCR calculated mass spectrum for component 1 is shown in the bottom left 

panel, with an authentic full scan MIMS spectrum for pure toluene shown in the bottom right 

panel. Comparing the MCR spectrum with the full scan MIMS spectrum for toluene shows 

little difference between the two, with the calculated and measured spectrum almost perfectly 

matching, identifying component 1 as toluene. This was the case for all 10 of the components 

calculated by MCR, and example full scan MIMS data for each compound, alongside their 

corresponding MCR derived component, are shown in Figures S4-S12 (supporting 

information).   

The contributions of component 1 (toluene) to each of the 298 constructed VOC 

samples is shown in the MCR scores plot in the top panel of Figure 4. A high score indicates 

a high concentration of toluene present, and a low score indicates a low concentration of 

toluene. Mixture 29 in the the top righthand side of the scores plot represents the samples 

containing only toluene. Mixture 25, which also has a high score on component 1, is the 

mixture containing toluene, trichloroethylene, and carbon tetrachloride. Although this 

mixture contains three compounds, the signal intensities of the mass spectral peaks due to 

trichloroethylene and carbon tetrachloride are much smaller than those of the peaks due to 

toluene as shown in the example full scan MIMS spectrum (inset), resulting in a high score. 

All the mixtures with scores between 0.4 and 1 contain toluene as a component of the 

mixture. In principle, any mixture not containing toluene would be expected to have a score 

of zero. We do observe several mixtures with non-zero scores (typically less than 0.15) that 

do not contain any toluene. However, these samples did contain α-pinene and/or m-xylene, 

both of which exhibit some isobaric interference with toluene due to the presence of the 

tropyllium ion (and its fragments). Example full scan MIMS spectra of mixture 11 (toluene 

and benzene) and mixture 3 (α-pinene, biphenyl, and chlorobenzene) are shown for 

comparison as insets. The results of the MCR analysis show that it is possible to use full scan 

MIMS data to identify the sources contributing to each of the mixtures.  

 

VOCs in Woodsmoke Emissions 

The results of PCA on the woodsmoke dataset are shown in the top two panels of 

Figure 5, which also includes average full scan mass spectra for samples measured from the 

smoke of maple, balsam, and redcedar wood fires. As can be seen in the scores plot, 77 % of 

the variance in the data set is captured in the first two PCs, with subsequent PCs accounting 

for relatively little variance (Figure S13, supporting information). The balsam samples have 

negative PC 1 scores and can be readily distinguished from maple and redcedar, which have 

positive PC 1 scores. Maple and redcedar samples can then be differentiated based on the 

sign of their PC 2 scores (negative and positive, respectively). The mass spectra shown in 

Figure 4 represent the average spectra across all samples for each type of woodsmoke. The 

base peaks in the redcedar and maple spectra are both m/z 95, while the base peak in the 

balsam spectrum is m/z 77. Comparing the redcedar and maple spectra, redcedar has more 
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intense peaks present in the high mass range (m/z > 130). The loadings plot in Figure 4 

illustrates that m/z 95 contributes a positive loading to both PC 1 and PC 2 and is dominant in 

the discrimination of redcedar. The discrimination of maple appears to be largely due to m/z 

128 giving rise to positive PC 1 and negative PC 2 loadings.  The balsam sample appears to 

be discriminated by m/z 81, 109 and 124 in the loadings plot.  

Unlike the dataset involving lab-constructed samples (Figure 2), the chemical 

composition of S/VOC mixtures in the woodsmoke samples is unknown. However, tentative 

formulas for the ion m/z values in the loadings plot can be assigned based on the known 

hydrophobic properties of molecules that are expected to pre-concentrate in and permeate 

through PDMS. For example, we attribute m/z 128 to C10H8
+ (naphthalene molecular ion), 

and m/z 138 to a C10H18
+ compound. The results clearly demonstrate the use of PCA to 

discriminate samples of known source, but unknown chemical composition, based on full 

scan MIMS data. 

 

VOCs in Headspace above Aqueous Hydrocarbon Samples 

Our ability to discriminate the S/VOCs above a hydrocarbon contaminant spill in 

water was simulated in the lab by recirculating the headspace above aqueous solutions of 

several hydrocarbon samples as illustrated in Figure 2. The results of PCA scores and 

loadings for the hydrocarbon dataset are given in Figure 6, along with example mass spectra.  

The first two PCs represent 88% of the variance in the data set, with subsequent PCs 

accounting for little variance (Figure S14, supporting information). The data points for each 

type of hydrocarbon sample are clustered together, and the samples are well separated in the 

projection of PC 1 versus PC 2 scores plot allowing for the different types of contaminated 

waters to be differentiated. The separation of diluent and dilbit samples is of particular 

interest, as both samples have diluent as a constituent. 

Figure 6: Top left: Scores plot of PC1 vs PC 2 for the hydrocarbon dataset. Top right: 

Loadings plot for this same data set. Bottom left: Normalized full scan MIMS spectrum for a 

dilbit sample. Bottom centre: Normalized full scan MIMS spectrum for an engine oil sample. 

Bottom left: Normalized full scan MIMS spectrum for an oil sands process water sample. 

Mass range of spectra shown have been reduced to m/z 50-150 for ease of viewing. 

 

The loadings plot for this data set is shown in the top right of Figure 6. On PC 1 m/z 

78 (C6H6
+.) has the highest loading in the positive direction, and m/z 91 (C7H7

+) and 92 

(C7H8
+.) have the highest loadings in the negative directions. These m/z values are indicative 

of the presence of BTEX (e.g., m/z 91 being present in the EI mass spectrum of toluene, 

ethylbenzene, and xylenes, as well as other alkyl benzene compounds). The m/z variables, 

important in defining the direction of PC 2, are more difficult to tie to specific compounds or 

compound classes. In the positive direction m/z 51, a minor fragment ion of many aromatic 

species, is the most dominant, followed by m/z 55, 56, 59, 92, 89, and 95.  In the negative 

direction, m/z 81, 91, and 106 are the most important.  

Although the chemical compositions of these samples are unknown, the m/z in the 

loadings plot indicate that it is probably the different ratios of alkyl aromatics including the 

BTEX compounds that are resulting in the PCA separation, with the spread along PC 1 being 

dominated by potential differences in benzene and toluene ratios in the samples. This data 
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indicates that it is possible to use full scan MIMS data to differentiate between samples of 

different, but similar hydrocarbon sources. 

 

Conclusion 

This study indicates that the full scan mass spectral data collected by portable MIMS 

instruments can be effectively used for the discrimination and classification of complex VOC 

mixtures. A systematic chemometric study of lab-constructed VOC samples of known 

chemical composition and concentration demonstrates that samples can be discriminated 

using PCA and classified by kNN based on the chemical composition of the mixture. 

Furthermore, we demonstrate the use of MCR to resolve mixtures into molecular component 

contributions.  We have successfully applied a similar PCA approach to distinguish ‘real-

world’ sources of VOC mixtures of unknown chemical composition. Overall, these results 

show that qualitative analysis of whole sample full scan MIMS data for source identification 

can be achieved through the use of chemometric techniques. This work is an essential first 

step towards using full scan MIMS data for source discrimination and apportionment based 

on the composition of atmospheric pollutants affecting air quality at a local and regional 

level. In the future this approach will be applied to real-world data collected in the field with 

a mobile MIMS system for source apportionment of atmospheric VOCs.  
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Table 1: Concentration ranges, relative abundance of each compound in the mixture, and number of samples constructed for analysis 

Mixture 
Number 

Compounds in mixture Concentration ranges 
of mixture (ppbv) 

Relative analyte 
composition 

Number 
of samples 

1 α-pinene 12-121 100 4 
2 α-pinene, biphenyl 22-212 57:43 6 
3 α-pinene, biphenyl, chlorobenzene  30-289 42:32:26 6 
4 α-pinene, biphenyl, chlorobenzene, toluene 60-584 21:16:13:50 6 
5 α-pinene, biphenyl, chlorobenzene, toluene, toluene-d8,  m-xylene 99-968 13:9:8:31:23:16 6 
6 α-pinene, biphenyl, chlorobenzene, toluene, m-xylene 76-744 16:12:10:40:22 6 
7 Benzene 58-567 100 8 
8 Benzene, carbon tetrachloride, toluene, trichloroethylene 105-1032 55:10:28:7 26 
9 Benzene, naphthalene 79-768 74:26 4 
10 Benzene, naphthalene, toluene 109-1064 53:19:28 26 
11 Benzene, toluene 88-863 66:34 65 
12 Benzene, toluene, trichloroethylene 95-933 61:32:7 6 
13 Benzene, trichloroethylene 65-638 89:11 6 
14 Biphenyl 9-91 100 6 
15 Chlorobenzene 8-77 100 6 
16 Chlorobenzene, carbon tetrachloride 18-175 44:56 6 
17 Chlorobenzene, carbon tetrachloride, toluene, toluene-d8, trichloroethylene, m-xylene 95-925 8:11:32:24:8:17 5 
18 Chlorobenzene, carbon tetrachloride, toluene-d8, trichloroethylene, m-xylene 64-630 12:16:36:11:25 6 
19 Chlorobenzene, carbon tetrachloride, naphthalene 38-376 20:26:54 6 
20 Chlorobenzene, carbon tetrachloride, naphthalene, trichloroethylene 46-447 17:22:45:16 12 
21 Chlorobenzene, carbon tetrachloride, trichloroethylene 25-246 31:40:29 13 
22 Chlorobenzene, carbon tetrachloride, trichloroethylene, m-xylene 41-405 19:24:18:39 6 
23 Chlorobenzene, toluene, toluene-d8, m-xylene 77-756 10:30:39:21 3 
24 Carbon tetrachloride 10-98 100 6 
25 Carbon tetrachloride, toluene, trichloroethylene 47-464 21:64:15 7 
26 Carbon tetrachloride, trichloroethylene 17-169 58:42 6 
27 Naphthalene 21-201 100 6 
28 Naphthalene, toluene 39-496 40:60 7 
29 Toluene 30-295 100 9 
30 Toluene-d8 23-225 100 2 
31 Trichloroethylene 7-71 100 5 
32 m-Xylene 16-159 100 6 
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Figure 1: A) Schematic of the workflow to produce a data set for chemometric analysis. B) 

Chronogram of two VOC samples from different sources, 1 (green, contains toluene, m-xylene, and 

toluene-d8), and 2 (blue, contains m-xylene, and toluene-d8). The steady-state region of the 

chronogram for each sample is shown in green and blue. C) The average background subtracted full 

scan MIMS spectra across both steady-state regions. 

  



 

This article is protected by copyright. All rights reserved. 

 

Figure 2: Experimental apparatus for MIMS sampling the VOCs in the headspace of a 

recirculation flask. The two 3-way valves allow switching between sample and hydrocarbon-

scrubbed air for baseline and background correction. 
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Figure 3: Top left: Scores plot of PC1 vs PC 2 for the VOC mixtures constructed using 

permeation tube. Legends within the scores plot identify nearby colour-coded mixtures that 

are numbered based on the order they are presented in Table 1.  Top right: Loadings plot for 

this same data set. Bottom left: Normalized full scan MIMS spectrum for a mixture of 

benzene and trichloroethylene (mixture 13). Bottom center: Normalized full scan MIMS 

spectrum for a mixture of benzene and naphthalene (mixture 9). Bottom right: Normalized 

full scan MIMS spectrum benzene (mixture 7). 
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Figure 4: MCR analysis of the constructed VOC mixtures. Top: Scores for all the samples on 

Component 1, which represents the presence of toluene. Inset full scan MIMS spectra for 

mixtures 3, 11, and 25. Bottom left: MCR component 1. Bottom right: Full scan MIMS 

spectrum of toluene. 
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Figure 5: Top left: Scores plot of PC1 vs PC 2 for the woodsmoke dataset. Top right: 

Loadings plot for this same dataset. Bottom left: Average normalized full scan MIMS spectra 

for the maple smoke. Bottom center: Average normalized full scan MIMS spectrum for the 

balsam smoke. Bottom right: Average normalized full scan MIMS spectrum for the redcedar 

smoke. Mass range of spectra shown have been reduced to m/z 50-200 for ease of viewing. 
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