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Abstract 
We are developing a method for the real-time analysis of airborne microparticles based on laser 
ablation mass spectroscopy. Airborne particles enter an ion trap mass spectrometer through a 
differentially-pumped inlet, are detected by light scattered from two CW laser beams, and 
sampled by a 10 ns excimer laser pulse at 308 nm as they pass through the center of the ion trap 
electrodes. After the laser pulse, the stored ions are separated by conventional ion trap methods. 

In this work thousands of positive and negative ion spectra were collected for eighteen different 
species: six bacteria, six pollen, and six particulate samples. The data were then averaged and 
analyzed using the Multivariate Patch Algorithm (MPA), a variant of traditional multivariate 
analysis. The MPA correctly identified all of the positive ion spectra and 17 of the18 negative 
ion spectra. In addition, when the average positive and negative spectra were combined the MPA 
correctly identified all 18 species. Finally, the MPA is also able to identify the components of 
computer synthesized mixtures of the samples studied 



Introduction 
There is an increasing awareness that exposure of the general population to biological pathogens 
is becoming more likely, whether by overt or accidental releases. There are a number of very 
effective analytical techniques to identify pathogenic organisms [ 1-16]. These include DNA 
identification and immunoassay. However, for several reasons, these methods are not attractive 
for continuous monitoring of the environment for the presence of undesirable species. They are 
generally labor intensive and are batch processes with sample requirements of 10’ to lo6 cells 
with several minutes required for a determination, and species-specific reagents that must be 
refrigerated are required. One alternate approach is to employ conventional methods of chemical 
analysis to identify biomarkers that can be used to identify or classify the suspected pathogen. 
Various mass spectrometric methods are prominent in this effort, including pyrolysis and fast 
atom bombardment for fatty acid analysis, and matrix assisted laser desorptionhonization 
(MALDI) and electrospray mass spectrometric characterization of species-specific proteins. 
These methods are also in general batch processes. A hybrid approach to pathogen identification 
is to employ a less specific real-time analytical monitoring technique to detect substantial 
changes in the background concentration of environmental organisms and thus indicate that a 
more selective assay should be initiated. Early methods relied on excursions in total airborne 
particle concentration, sometimes with size selection, to trigger an analysis. More recently, 
instruments that measure the fluorescence intensity or fluorescence spectrum have been 
developed for enhanced discrimination of biological particles. The purpose of this paper is to 
describe experiments using laser ablation mass spectrometry of individual particles together with 
computer-based particle classification to detect airborne bacteria in real time. 

Multivariate Analysis 

The multivariate analysis presented in this work was performed using the Multivariate Patch 
Algorithm (MPA) developed at Sandia National Laboratories, which computes the 
concentrations of chemicals in a mixture by making reference to a library of premeasured spectral 
signatures or “knowns”. The MPA is a variant of multivariate analysis that was originally 
developed to minimize the residuals of organized pixel sets or “patches”. This process has been 
described in depth elsewhere [17,18], so only a brief description will be given here. The MPA is 
conceptually similar to aclassical least-squares fit, due to the fact that it chooses the 
concentrations of specified known spectra to minimize the residuals between the unknown 
mixture and the fitted solution. The patch algorithm extends this approach by minimizing the 
residuals on pixel sets, which collectively contain the most important features in a particular 
chemical spectrum. Mathematically, the patch algorithm computes the residuals between the 
mixture and a hypothetical solution for all pixels in a patch, then minimizes this residual, or a 
function of this residual for each patch. After the concentrations are estimated the algorithm then 
computes an uncertainty estimate derived from the first three terms of the Taylor series 
expansion of the rate of change of concentrqtion from the unknown mixture, the known chemical 
database and the mixture-known (cross product) uncertainty. The uncertainty estimates are not 
shown in the results presented here, as we do not have uncertainty estimates for the data used to 
produce the known and unknown spectra. 
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Methods 

Mass Spectroscopy 

The methods used to collect the data have been described in depth previously [19]. In brief, 
airborne particles pass through a collimating inlet system consisting of a capillary and two 
skimmers which separate differentially-pumped chambers before entering the vacuum chamber 
that houses the ion trap electrodes. The incoming particles are sensed as they pass through two 
continuous-wavelength laser beams prior to entering the vacuum chamber. A trigger pulse is 
generated which then fires an excimer laser at 308 nm, strilung the detected particles as they pass 
through the center of the ion trap electrodes and brealung each particle into a random distribution 
of ionic fragments. A mass spectrum of either positive or negative ions is acquired for each 
particle. 

In this work eighteen different samples were studied: six bacteria, six pollen, and six particulate 
samples. The species studied are listed in Table One. Both positive and negative ion data were 
collected for each species. A dataset for each species studied (either positive or negative) consists 
of hundreds of mass spectra, each spectrum being generated from a single microparticle. We 
obtained two complete datasets for each of the bacteria and particulates studied, but only one 
dataset for each of the pollens studied. Accordingly, we decided to evaluate two complete sets of 
results, the first set using the first dataset for each bacterium and particle and the second set using 
the second dataset for each bacterium and particle. Both sets of results use the same dataset for 
each pollen sample. 



Column headings: 
Set 1: The first dataset is split in halves, with the average of the first half being used as the 

Set 2: The second dataset is split in halves, with the average of the first half being used as the 
known and the average of the second half being used as the unknown. 

known and the average of the second half being used as the unknown. 

The criteria used to obtain the results in Table Two are given below. In these criteria the peak 
belonging the known spectrum which corresponds to the unknown being analyzed is referred to 
as the species peak. 

Criteria for evaluating MPA results 
A: all other peaks have a relative height < 0.15 of the height of the species peak. 
B: all other peaks have a relative height < 0.33. 
C: all other peaks have a relative height < 0.67. 
D: all other peaks have a relative height < 1.0. 
F: the species peak is not the highest positive peak. 



After examining both sets of results in Table Two we see that the majority of species are 
correctly identified. A grade of D or better represents a correct identification, while a grade of C 
or better represents a satisfactory identification. In the first set of results MPA correctly 
identifies all 18 negative ion spectra, all 18 positive ion spectra, and all 18 combined spectra. In 
the second set of results MPA correctly identifies 17 of 18 negative ion spectra, all 18 positive 
ion spectra, and all 18 combined spectra. The results obtained when the positive and negative 
spectra are combined are even better. Specific examples are both sets of combined spectra for 
Micro and the combined spectra for Urbanp from set 1. In the case of Micro, combining the 
negative ion result (D for set 1, F for set 2) and the positive ion result (A in both cases) yields a 
combined spectrum which is rated an A in both cases. Similarly, for the Urbanp soil sample the 
individual polarities rate a C (negative) and a B (positive), while the combined result rates an A. 

Examining Micro, the one negative ion case where the results were either unsatisfactory or 
wrong, we find that the major part of the interference is due to another bacterium. The 
interfering species and their peak heights relative to that of the Micro peak are listed in table 
Three. 

The MPA uses a combination of the specified known spectra to describe an unknown spectrum 
and then lists the concentration of each known used in producing the final result. Ideally, the 
spectrum from a single type of particle should contain 100% of the representative spectrum and 
0% of all the others. Since the single particle laser ablation mass spectra vary widely from 
particle to particle, however, even the averages over several hundred spectra differ slightly from 
another part of the set. Thus, even in the best cases the MPA usually determines that an average 
of spectra from one type of particle contains some concentration of the other particles in the 
library. The fact that MPA solutions are a linear combination of components is also why there 
are usually (if not always) negative peaks in a solution. 

If we examine the common features (the interference’s) in the MPA results further we find some 
interesting trends. For instance, in both sets of results the negative ion spectra show a number of 
common features between bacteria and soil samples (Figure 3A). In contrast, there is only one 
instance of a common feature between either a bacterium or particle and a pollen (Figure 3B). 
Even in the case of the set 2 result for Bsubt, though, the common feature with Dacglo is 
comparatively weak. In fact, even the individual pollens don’t seem to have features in common 
- rather, they share features with the bacteria and particulate samples. Another interesting note is 
the lack of common features between the positive spectra of the pollens and any other species 
(Figure 3, C&D). This simply emphasizes that the pollens are consistently among the best 
identified of the species studied. 



Conclusions 

We have shown that the MPA is able to identify single component unknowns for both ionic 
polarities, yielding satisfactory identifications in all but one case. Furthermore, MPA is able to 
identify the components of computer synthesized mixtures. In fact, MPA deals well not only 
with mixtures whose components are distinct, but also with mixtures whose component spectra 
are very similar (Figure 4). 

Additionally, the MPA analysis demonstrates that combining the positive and negative ion 
spectra yields notably improved results. As Set 1 shows, when both positive and negative ion 
spectra are combined the MPA can correctly distinguish each of the18 particle types from the 
others with a signal to noise ratio greater than 3, Le., no other particle appears to be present in the 
average at more than 33%. This leads us to conclude that the ability to collect all the ions (both 
positive and negative) produced by the laser ablation of a microparticle will lead to improved 
identification of its components. 

The MPA is only one member of a suite of analysis programs developed at Sandia and used to 
analyze the mass spectra studied here. Other approaches include using a Genetic Algorithm 
(GA) to train a population of Neural Nets to distinguish between mass spectra from bacteria and 
mass spectra from non-bacteria [20]. In the future we intend to add data on the size of 
microparticles to the database, transforming it from a 1-D t 0  a 2-D database. This will allow us 
to use a GA to optimize the patch used by the MPA, which should improve our results even 
further. Ultimately, combining improvements in the database and the analysis software will 
make it easier to do real-time analysis of airborne microparticles. 
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Figure Captions 

Figure 1: Typical MPA results for single component positive ion unknowns. 
A) Bacillus globigii spores. 
B) . Dactylis glomerata pollen. 
C )  NIST 8407 River Sediment particles 

Figure 3: MPA results for a computer synthesized mixture of the negative ion spectra of 
Azotobacter vinelandii, Ambrosia trifida, and NIST 1645 River Sediment. 
A) MPA Results 
B) Mixture Component Spectrum for Azotobacter vinelandii bacteria. 
C) Mixture Component Spectrum for Ambrosia trifida pollen. 
D) Mixture Component Spectrum for NIST 1645 River Sediment particles. 

Figure 3: 3D barplot of the common features (interferences) between species in MPA results. 
Each species is designated with an S, so the row labeled S1 corresponds to Avin, S2 to Bsubt, 
etc. Sl-S6 are bacteria, S7-Sl2 are pollens, and S13-Sl8 are particulate samples. 
A) Set 1 Negative ion results. This plot is rotated by 90 degrees to show the lack of common 

B) Set 2 Negative ion results. This plot is also rotated by 90 degrees. Set 2 contains the is only 
features between the pollen samples and all other samples. 

common feature between a pollen (Dactylis glornerata) and any other sample - the bacteria 
Bacillus subtil is. 

C) Set 1 Positive ion results. 
D) Set 2 Positive ion results. 

Figuke 4: MPA results for a computer synthesized mixture of the negative ion spectra of three 
NIST particulate samples: NIST 8407 River Sediment, NIST 2710 Montana Soil, and NIST 
Peruvian Soil. 
A) MPA Results 
B) Mixture Component-Spectrum for NIST 8407 River Sediment particles. 
C) Mixture Component Spectrum for NIST 2710 Montana Soil particles. 
D) Mixture Component Spectrum for NIST Peruvian Soil particles. 
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