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HIGH-THROUGHPUT ANALYSIS OF CONTRIVED COCAINE MIXTURES BY
DIRECT ANALYSIS IN REAL TIME/SINGLE QUADRUPOLE MASS

SPECTROMETRY AND POST ACQUISITION CHEMOMETRIC ANALYSIS

ANDREW BLAIR HORSLEY

ABSTRACT

Direct Analysis in Real Time (DART) ionization/mass spectrometry allows
for the high throughput analysis of a wide range of materials including but not
limited to: solids, liquids, powders, tablets, and plant materials. The ability to
detect cocaine was established in a reproducible manner with the use of a DART
ionization source (lonSense Inc., Saugus, MA) interfaced to a modified single
quadrupole mass spectrometer. Development of a methodology for the detection
of cocaine within contrived street quality drug mixtures involved the optimization
of the ionization source, sample introduction mechanism, ion guide, and mass
analysis parameters. An analytical method was created that utilized ionized
helium carrier gas heated to 300°C and an automated sample introduction
apparatus consisting of a Linear Rail Enclosure that holds consumable
QuickStrip™ sample cards. lonized molecules were then fragmented by
manipulation of voltage levels within the ion guide to gain more structural

information prior to detection by a single quadrupole mass spectrometer.
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Cocaine was detected by the modified DART/MS analytical platform and
gave two peaks within the mass spectrum at m/z 304 and 182. Optimization of in-
source fragmentation by manual adjustment of the skimmer focus voltage
allowed for the reproducible fragmentation of cocaine and the ability to increase
or decrease the amount of fragmentation seen between the two peaks detected
for cocaine. With the use of fragmentation, this analytical platform can be
classified as a Category A technique as defined by the Scientific Working Group
for the Analysis of Seized Drugs.

The robust detection of cocaine was demonstrated for reference samples
at concentrations as low as 10 ng/uL (50 ng) with high signal abundance greater
than ten times the signal to noise ratio. Furthermore, the detection of cocaine at
10 ng/uL was demonstrated for multi component mixtures of up to 14 additional
components containing common adulterants and diluents found within street
quality samples. In total, 25 common excipients were tested using the same
method parameters as optimized for cocaine analysis. Of these 25 excipients
tested, five were not detected in positive ion mode (one could be detected in
negative ion mode). Of the twenty excipients that could be detected by mass
spectrometry, two pairs of excipients (levamisole/tetramisole and
creatine/creatinine) could not be differentiated from each other. There were no
excipients tested that had equivalent m/z values as those of cocaine.
Experimentation into the effects of various excipients at multiple concentrations

on the abundance of the two cocaine peaks was performed. Regardless of
Vi



excipient amount (up to 10 times more concentrated than cocaine) and the
number of components (up to 15 total components) the ratio of abundance
between the m/z 304 to 182 peaks did not vary greater than 22% relative
standard deviation.

A match criteria protocol was developed for the ability of an analyst to
confirm the presence of cocaine within unknown forensic case samples that have
previously tested positive for the presumptive identification of cocaine. The
identification of cocaine was based on various factors such as the signal to noise
ratio at m/z 304 and 182, the ratio of abundance between those two peaks as
well as positive and negative controls. This match criteria protocol was utilized for
25 double blind mock forensic casework samples was performed. Determination
for the presence of cocaine within these unknown samples gave an analyst error
rate of 0%, with no false positives or false negatives predicted.

To further aid human interpretation and identification of compounds within
mixtures, the advanced chemometric software, Analyze 1Q, was utilized.
Development of predictive classification models using a combination of pre-
processing steps, principle component analysis and machine learning techniques
was achieved. Models were built using 381 unique samples for the purposes of
identifying the presence of cocaine within unknown samples. Of all methods
available within the Analyze 1Q software, the optimization of a model using
principle component analysis with support vector machine regression with a

radial basis function kernel yielded an initial error rate of 0% for 72 samples
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tested. Furthermore, of the samples tested against the model, 20 samples were
comprised of excipients that were not incorporated into the initial model
development process. The inclusion of these samples (10 spiked with cocaine,
10 absent of cocaine), shows that predictive modeling based software can
provide an accurate, robust, and evolving approach to the identification of
cocaine within sample compositions that have not previously been tested and
stored in a database of known reference samples. Predictive modeling has
advantages over current mass spectral libraries, which are limited to the
identification of pure compounds. To further test the abilities of predictive models,
optimized machine learning models were applied to 25 double blind mock
forensic casework samples. The predictive modeling error rate was identical to
the human interpretation rate for the double blind mock casework samples with a
0% error rate.

Using the DART/MS analytical platform, 25 mock forensic casework
samples along with positive and negative controls were analyzed and identified
for the presence of cocaine within 30 minutes. On the order of 15 to 30 times
faster than modern GC/MS and LC/MS methods, the ability to analyze and
identify samples faster would allow for an increase in samples being processed
on a daily basis and allow for the reduction of case backlogs that currently plague
controlled substances sections of forensic science laboratories throughout the

United States.
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1 INTRODUCTION
1.1 Cocaine

Cocaine, (methyl (1R,2R,3S,5S)-3-(benzoyloxy)-8-methyl-8-
azabicyclo[3.2.1] octane-2-carboxylate) in the United States is a Schedule II
narcotic as defined by the Single Convention on Narcotic Drugs of 1961 and

Comprehensive Drug Abuse Prevention and Control Act of 1970 (Figure 1)"2.

HyC — N

Figure 1. Molecular structure and physical form of cocaine. Image (right)
courtesy of the Drug Enforcement Agency.

Cocaine is obtained from the leaves of the native South American coca
plant (Erythroxylon coca and Erythroxylon novogranatense), and is an alkaloid
stimulant that acts on the central nervous system creating feelings of euphoria,
alertness, energy and competence®?. Due to its lipophilic and hydrophilic
pockets, it can easily cross the blood brain barrier and become biologically
active. Cocaine is considered to be one of the most addictive and dangerous

drugs and according to the 2012 National Forensic Laboratory Information



System report (NFLIS), the number of cocaine case reports has been decreasing

since 2006 (Figure 2)*°.
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Figure 2. National trend of cocaine and cannabis/THC drug cases from 2001
to 2012°. Figure courtesy of National Forensic Laboratory Information
System 2012 annual report.

Based on the NFLIS report, in 2012 an estimated 1.6 million drug reports
were identified by state and local forensic labs within the United States®. With
almost 17% of all cases, cocaine was the second most identified drug®. Within
national laboratories from the DEA’s System To Retrieve Information from Drug
Evidence Il (STRIDE) and the U.S Customs and Border Protection (CBP)
laboratories, cocaine was the most identified drug®. As shown in Figure 3,
cocaine has been on a steady decline regionally in the United States, where the
majority of drug cases were seen in the South, Northeast, Midwest, and West

(from highest to lowest).
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Figure 3. Regional trend of cocaine drug reports (per 100,000) people aged
15 or older from 2001 to 2012°. Figure courtesy of National Forensic
Laboratory Information System 2012 annual report.

1.1.1 Common Cocaine Adulterants and Diluents

Within illicit substances such as cocaine or heroin, there are additional
compounds known as excipients. Drug dealers frequently increase the bulk
amount of a drug to be sold by cutting the drug with excipients that may or may
not be biologically active. Adulterants are excipients that biologically mimic the
effect of the drug of abuse. Diluents are excipients that do not have any
associated biological effects. Common adulterants (i.e. xylazine, lidocaine, and
caffeine) and diluents (i.e. mannitol, inositol, and boric acid) can have adverse
effects on the cocaine user®®. One example, xylazine, has led to increased
injection rates, increased rates of skin lesions and an overdose rate above 20%
within the cocaine/heroin drug use community of Puerto Rico'®. Identification of

excipients can have probative value for source determination (number of



manufacturers and routes of production) and pubic health”. There are many
compounds that have been used as excipients in forensic cocaine samples’"°.

1.1.2 Detection Methods for Controlled Substances

Under guidelines from the Scientific Working Group for the Analysis of
Seized Drugs (SWGDRUG) analytical techniques are based on three tiers of
classification'®. Category A, B, and C are ranked from highest to lowest
maximum potential discriminating power for the analysis of controlled
substances. The categorization of a technique can be reduced if the mode of
operation diminishes its discriminating power'®. Additionally, SWGDRUG
recommends that labs follow certain minimum standards when determining the
identity of unknown casework samples. If a Category A technique is used then at
least one other technique from any category must be performed and corroborate
the results of the previous testing. If a Category A technique is not used at least

three other uncorrelated techniques, two of which must be from Category B,

need to be performed.



Table 1. Scientific Working Group for the Analysis of Seized Drugs
recommendations. Techniques in bold are for the detection of cocaine'’.

Category A Category B Category C
Infrared Spectroscopy | Capillary Electrophoresis Color Tests
Mass Spectrometry Gas Chromatography Immunoassay

Nuclear Magnetic

lon Mobility Fluorescence

Resonance Spectrometry Spectroscopy
Spectroscopy

Raman Spectroscopy Liquid Chromatography Melting Point

X-ray Diffractometry

Microcrystalline Tests

Ultraviolet Spectroscopy

Pharmaceutical
Identifiers

Thin-Layer
Chromatography

The standard analytical technique for the confirmatory identification of illicit

substances is gas chromatography/mass spectrometry (GC/MS)'®. Detection of

cocaine/excipient mixtures is possible using chromatographic separation of each

component prior to analysis by mass spectrometry. With GC/MS methods, the

separation of drug mixtures is on the scale of 15 to 45 minutes per sample'®.

Furthermore standard operating procedures state a solvent blank is required

before each sample to be tested, to eliminate any doubt introduced by column

carryover effects.

1.1.3 Increases in Case Backlogs

Using the most recent Census of Publicly Funded Forensic Crime

Laboratories, in 2009 there was an estimated 4.1 million requests for forensic

services from publicly funded crime labs?’. Of these requests, one third of them

were for controlled substances analysis. Furthermore, in 2009, crime labs

5



performed controlled substance analysis 82% of the time®°. Of the more than
1.19 million cases that were not completed at the end of 2009, approximately
137,000 (12%) cases were controlled substances requests®. Although controlled
substances examinations are not as time consuming as other forensic
examinations, they represent the major types of requests in forensic labs
(requested only 1% less than biological evidence requests)®°. By one research
estimate, using data from 2007, crime labs would need to hire at least 275
forensic examiners to eliminate the case backlog by processing only controlled
substance cases?'. Ultimately the need for more analysts, more instrumentation,
and faster techniques are continually being sought after within the forensic crime
laboratory. Even factors outside of the laboratory, such as Melendez-Diaz v.
Massachusetts, now require forensic analysts to be present for testimony,
leading to slower evidence processing and increases in the number of case
backlogs®?'.

Direct Analysis in Real Time is one option that allows for the needs of the
continuously evolving forensics laboratory. As shown in Figure 4, the ability to
analyze a large amount of samples is limited more by the ability of the analyst to
change sampling cards than by the speed of the DART instrumental platform. In
this example, 60 samples are analyzed by DART/MS in sixteen minutes by
analyzing five QuickStrip™ (Figure 5) cards in succession. According to
SWGDRUG guidelines, DART/MS can be considered a Category A technique, if

the mode of operation allows for fragmentation of the sample to produce mass

6



data in addition to the molecular ion. If the mode of operation produces only the

molecular ion DART/MS would then be considered a Category B technique.
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Figure 4. Total lon Chronogram of samples being analyzed by DART/MS
analysis. Each peak corresponds to a unique sample and they are
clustered in groups of twelve due to the nature of the twelve sample spots
on a QuickStrip™ card (Figure 5).

DART® Quick Strip™
3 2 3

Figure 5. DART QuickStrip™ card in metal holder.



1.2 Direct Analysis in Real Time

Direct analysis in real time (DART) is a versatile ambient ionization
technique. Invented in 2003, Cody et al. showed that an inherent advantage of
metastable ambient ionization of analytes no longer requires the use of
radioactive ionization sources®?. DART is a very robust and versatile technique
that has been shown to detect a wide variety of compounds including the

23-26

detection of drugs , cocaine in urine®’, drugs from thin layer

30,31

chromatography?®, chemical warfare agents®®, nerve agents®*', explosive

residues>?, bank dyes>?, pepper spray components®®, condom lubricants®*,

3538 pesticides on produce®’, and ignitable liquids®.

synthetic cannabinoids
The DART ionization source used in this study consists of a carrier gas
inlet, an atmospheric glow discharge region, a perforated grounded electrode, a
gas heater region, a perforated grid electrode and a ceramic end cap on the
atmospheric exit aperture (Figure 6). Through the formation of metastable
species by a glow discharge, several advantages over other corona/glow
discharge interfaces are realized. By preventing oxygen and other contaminants
in the discharge region, degradation of the electrode is minimized and more
easily maintained®2%4°. Additionally, a grounded counter electrode can be
utilized to remove ions from entering the gas heater region?***“°. The biasing of

the perforated grid electrodes reduces the formation of unwanted recombination

reactions from entering the ambient atmosphere*®*'. With positive or negative



values set for the grid electrode, the utilization of positive and negative ion
modes for detection by mass spectrometry can be accomplished***".

Gas Heater Insulator Cap
Needle Electrode

4 1

Gasln ° VT N Qp=n it ( Tube to
_}-> % Discharogv:ﬁ] Metastables i %a mple Spectrometer Inlet
C —y " egion
H L
(——
Grounded Electrode Grid Electrode

Figure 6. DART schematic of metastable formation by glow discharge.
Figure courtesy of lonSense Inc.

DART ionization occurs through a series of competing ionization
techniques. The first step occurs through Penning ionization in which a long lived
metastable (He*) interacts with water vapor in the air to form a protonated water
cluster and a hydroxyl radical’.

He* + H,O = H3;O" + OH" + He Equation 1

It should be stated that this reaction will occur with any analyte molecule in
the atmosphere that has an ionization energy lower than the internal energy of
the excited metastable*’. The long-lived helium metastable has an internal
energy of 19.8 eV, which is higher than the ionization energies of common
atmospheric gases and organic molecules*'. Proton transfer from the protonated
water cluster to the sample (S in equation 2) will occur if the molecule has a
higher proton affinity than the ionized water clusters*'. Soft ion formation through
proton transfer results in abundant intact molecular ions [M+H]", depending on

the carrier gas temperature.



H3;O" + S > [S+H]" + H,0 Equation 2

It should be stated that negative ion formation of electrophilic species
through hydride abstraction is possible through this ionization technique,
although testing under these conditions was not performed during this thesis?**°.
The heated sample region allows for the heating of the metastable species to
permit thermal desorption of molecules from the sample surface.

1.2.1 Sample Introduction to DART lonization Region

One of the significant advantages of any ambient ionization technique is
the wider variety of ways to analyze samples than common chromatographic
systems. With an ambient ionization source, the ability to introduce samples is
not limited to liquid or volatile samples through injection or headspace sampling
systems. Solid, liquid, and gas samples can all be analyzed with DART simply by
introducing the sample into the ionization region. Most sample introduction
systems interfaced to DART involve the sampling of molecules off of a substrate

27,30,35,42

such as TLC plates®®, cardstock paper?, glass capillaries , sorbent

25,33,37

fabric , metal wire mesh*®, or the physical sample itself such as, drywall**,

23,24,26,36,45 k46

tablets/pills , writing ink*®, condoms®*, and plant materials ***’. All of
these techniques allow for the direct analysis of a wide variety of samples without
the need for any separation, concentration, or chromatographic techniques. One
such set-up, a linear rail enclosure (LRE) developed by lonSense Inc. (Saugus,
MA), allows for high throughput analysis. This is accomplished by the use of a

computer-controlled holder that introduces the sample into the ionization region.
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Figure 7. Linear Rail Enclosure of QuickStrip™ for sample introduction into
the ionization region.

Specifically within the LRE is a removable sampling substrate that allows
for the rapid analysis of multiple samples. The QuickStrip™ (Saugus, MA)
consumable sampling device is a cardboard rectangle that sandwiches a sheet of
wire mesh. The wire mesh is composed of consecutive sampling regions
separated by empty gaps where the wire mesh has been removed. This allows
for the easy application of up to twelve samples within the designated sampling
regions on the card (Figure 5).

The linear rail slides horizontally into the sample ionization region directly
between the DART ionization source and MS inlet (Figure 8). Computer control
of the speed and position of the cardholder on the linear rail is possible through

premade automated programs based on desired method development
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parameters or in a free run mode involving the manipulation of speed and

location via human interaction with the computer interface.

] [
L3 4 | I
4
.  —

DART"

Direct Anaiysis in Real! Time

Figure 8. Linear Rail Enclosure attached between MS inlet (left of image)
and DART ionization source (right of image) with QuickStrip™ card in
holder.

1.3 DART Interface to Mass Spectrometer

Depending on the type of sample introduction and experimental
considerations, the ionization source can theoretically be positioned at most
angles (0 to 45 degrees) to the mass spectrometer inlet***®. [onization source

placements for angled injection of ions have been employed for analysis of liquid
12



samples in a 96-well plate*®. These DART set-ups attempt to increase the
sensitivity and reproducibility of the analysis, while decreasing the effects and
contribution of the sampling surface or matrix. The most common DART
ionization source placement to the mass spectrometer is directly in-line with the
mass spectrometer inlet (0O degrees off axis). By simple diffusion and pressure
from the carrier gas, ions are carried into the mass spectrometer for detection.

1.3.1 Interfaced lon Guide Optics to Mass Spectrometer

Prior to entrance into the mass spectrometer, there is a three stage
vacuum system with a capillary inlet and a stage zero ion guide for optimum

transfer of analytes into the mass selective detector (MSD)*.
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Figure 9. DART/single quadrupole MSD ion optics, where 1 is the heated
capillary of the mass spec inlet, 2 is the skimmer focus lens, 3 is the
skimmer focus, 4 is the quadrupole ion guide, and 5 is the ion guide exit
lens. Figure courtesy of lonSense Inc.

DART allows for ambient ionization of molecules and formation of
molecular ions similar to chemical ionization (ClI), atmospheric pressure chemical
ionization (APCI) and electrospray ionization (ESI) techniques. The ability to
induce fragmentation without use of an additional collision gas is possible with
the DART/MS platform utilized for this thesis. Fragmentation occurs by collisional
induced dissociation (CID) in a voltage dependent fashion. This occurs by
increasing the orifice and skimmer voltages of the ion optics in order to produce
more energetic collisions with gaseous molecules inducing greater fragmentation

(Figure 9, part 3)2°°9°1,
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1.4 Mass Spectrometry

Integral to every mass spectrometer is the mass analyzer. Molecules are
ionized prior to entrance into the mass analyzer in order to allow separation and
detection of analytes. Using either a combination of electrical and magnetic fields
or field free drift tubes, ions are separated based on their mass to charge ratio
(m/z). The ability to differentiate between two analytes with similar mass to
charge ratios is directly tied to the resolving power of the mass analyzer. There
are numerous types and configurations of mass spectrometers that have been
developed for the analysis of a wide range of substances. There is a wide range
in price for a new mass spectrometer based on the type and specifications of the
mass analyzer(s) within the mass spectrometer. Many mass spectrometers have
been developed and are currently used that have inherent limitations and
advantages. One of the simplest and most common mass analyzers in use today
is the quadrupole. For the purposes of drug detection and identification in many
routine analyses, a high-resolution mass spectrometer with exact mass
identification is not required. Nominal mass data provides sufficient mass
accuracy to confidently identify analytes routinely encountered in the controlled
substance section of a forensic laboratory.

1.4.1 Quadrupole Mass Analyzer

A quadrupole consists of four hyperbolic or cylindrical shaped rods. They
are mounted parallel in the z-axis and equally spaced apart creating a square in

the x- and y-axis, which allows for the flight of ions to pass through the center of
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the four rods along the z-axis. Opposing rods of the quadrupole are held at the
same DC and AC potentials. Based on Mathieu stability region, an ion’s
trajectory will be either stable or unstable through the quadrupole based on its
interaction with the AC/DC field. If an ion is stable (resonant) it will be guided
through the poles and if the ion is unstable (non-resonant) it will collide into one
of the poles and become neutral or be ejected between the poles and not reach
the detector. By scanning through the ratio of DC to AC component, the ability to
select specific m/z values allows for the separation of ions in a quadrupole. This
scanning speed is on the millisecond scale per m/z value and allows for scanning
hundreds of peaks in a few seconds. One way to increase the sensitivity of
detection is to limit the scan range from hundreds of peaks scanned to less than
ten. The decrease in peaks scanned increases the dwell time (time spent on a
specific AC/DC value relating to a certain m/z) and is commonly referred to as
Selective lon Monitoring (SIM).

Although the quadrupole mass analyzer doesn’t possess the highest
resolution possible it has several key advantages. As the least expensive mass
analyzer, most labs can afford to purchase and maintain instruments that contain
this mass analyzer. Quadrupole mass analyzers have high transmission/scan
speeds and are light weight and compact compared to time of flight and Fourier-
transform ion cyclotron resonance mass spectrometers®. However, several
disadvantages of quadrupole mass analyzers exist and should be mentioned. In

addition to low mass accuracy, the high mass cut-off for a quadrupole is limited
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to analytes of about m/z 2000. With these concessions, the quadrupole mass
selector is an inexpensive mass selector capable of fast ion separations required
of high-throughput platforms®?. DART ionization interfaced to a single quadrupole
mass spectrometer allows for faster analysis in comparison to chromatographic
based mass spectrometry techniques (GC/MS and LC/MS) currently employed.
1.5 Analyze 1Q Lab Software

Analyze IQ is an advanced chemometric software platform that allows for
the identification of unknown samples. Through a model building approach
unknown compounds can be qualitatively and quantitatively identified within
complex mixtures. Statistical interpretation of data is an area of forensic science
that is absent in many types of analysis. Error rates, correlation of variation, and
measures of uncertainty are necessary to aid in the contextual evaluation of
experimental results. The need for an expansive role of statistical interpretation
within forensic science was heavily discussed in the 2009 National Research
Council report on the state of forensic science in the United States'®. Discussed
as being currently lacking in scope and execution, statistical interpretation of data
aids investigators by reducing bias and remaining objective in their conclusion'®.
The Analyze 1Q platform allows for faster and easier interpretation of mass
spectral data than human interpretation when analyzing mixtures.

1.5.1 Creating a Model within Analyze 1Q

Analyze 1Q Lab software allows for the interpretation of complex

spectroscopy and spectrometry data using established chemometric techniques
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and machine learning techniques®°*°°. As shown in Figure 10, Analyze IQ Lab
uses spectra from references samples for predictive model development. The
pool of reference samples used to make a model is the most important factor in a
predictive model’s ability to correctly identify unknown spectra. A model should
be created using the most appropriate and widest scope of reference samples
possible. The inclusion of mixtures at a variety of concentrations that both
contain and omit the analyte(s) of interest is crucial to the successful creation of
a predictive model.

After a model is built, the user can apply different models to an unknown
spectrum. Once a model is selected and applied to an unknown sample, the
results are shown with a notification if the model identifies the unknown

compound or not.

18



Prepared Samples

Unknown Samples

DART Mass

Spectrometer

Spectra Database

) IJ T

.J‘_;,,(_,.__A, S IJ L - 1

J%) Model Building

©

a Spectrum Display Model Results Module

ko)

i

c |

5

8 , i ,

) Model Selection & Pre-Processing Model Library
Settings Information

________________ e ——— = — — —

Figure 10. Analyze 1Q Lab system architecture
operations of Analyze IQ are outlined in blue. Graphical user interface is
outlined in red.

1.5.2 Pre-Processing of Data within Analyze 1Q

. Background

Prior to selection of a chemometric or machine learning technique, the

user has the ability to pre-process the data. There are several available options

that can be performed such as local smoothing, applying an nth degree

derivative, normalization, standard normal variate, equal area scale, internal

standard normalization, and truncation/notching®*. Only two pre-processing

techniques were utilized in this thesis: first order derivative and normalization.
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Selection of a derivative for pre-processing computes a derivative of
degree k over the curve with a sliding window. A zero order derivative would
result in the local smoothing of the curve to remove small, high frequency
fluctuations, while a first order derivative, allows for the removal of baseline
effects®*°°. Normalization re-scales the data so that each spectrum’s lowest and
highest value is 0 and 1, respectively®*. This allows for reduced variances in
mass spectral abundances, which can occur commonly with DART ionization
platforms based on changes in gas flow rates and the ionization source to MS
inlet distance®’.

1.5.3 Principle Component Analysis

One of the biggest challenges in creating a predictive model is the
effective use of large data sets to create models. Large data sets require longer
computation times and can hinder the model’s ability to differentiate between
different sample sets. Through the use of a common chemometric technique,
principle component analysis (PCA) can transform a set of possibly correlated
variables into a set of uncorrelated (orthogonal) variables called principle
components (PCs)°"*%. In PCA, reduction of data occurs with minimal information
loss if enough principle components are utilized®®.

The first PC accounts for the greatest variation in the data set while the
second accounts for the second largest amount of variation, etc.’®. The user can
set the number of PCs, while the default value of Analyze IQ is set at 10 principle

components. An increase in the number of PC should retain more of the data and
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complexity thereby reducing the classification error rate of the model, but there
isn’t a linear correlation between the number of PCs and the classification error
rate®”®®. Prior to selection and evaluation of a machine learning technique, a user
can choose to apply principle component analysis on the reference data or
proceed without PCA.

1.5.4 Analyze 1Q Machine Learning Techniques

Within Analyze 1Q Lab, there are 4 types of machine learning techniques:
linear regression, support vector machine (SVM), k-nearest neighbor (k-NN), and
spectral attribute voting (SAV). In linear regression a multiple least squares linear
regression between the variables of the spectral dataset and the predictor
variable occurs®. When PCA is applied prior to linear regression, a multiple
linear regression between the scores identified by PCA and the predictor
variables is performed®®. This is more commonly referred to as principle
component regression (PCR). The predictor variable is a value chosen by
Analyze 1Q to represent if the target is present (1) or absent (-1)**.

Support vector machine is capable of representing non-linear relationships
by projecting data into high dimensional space that will separate data based on a
binary classification®~°°. One advantage of SVM’s and the most important
method design choice is the selection of a kernel parameter. There are four
different types of kernels that can be chosen within Analyze 1Q. This kernel will
define the structure of the high dimensional feature space where a maximal

margin will be found. The greater the distance of the margin the greater the
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ability for the model to separate between the binary classification (Figure 11)°®.
Two possibilities occur when a structure is created in the high dimensional
feature space; too rich a feature space would cause overfitting of the model and
allow for false negatives. Conversely, too poor a feature space would cause
underfitting and allow for false positives®®*°. To regulate over/underfitting SVMs
have a complexity factor (C), which determines the trade-off between choosing a
classifier that might overfit the data and the amount by which misclassified
samples are tolerated®® %%, This factor C can be represented as the tradeoff
between the radius of the high dimensional feature space versus the number of

data points accepted within the feature space (Figure 12).

True Positives

True Negatives

O \@\

Support Vectors <

Figure 11. A linear SVM showing the marginal hyperplane used to classify
positive (black) versus negative (white) samples where the Support Vectors
(shaded) are on the boundary of the margin®.
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Figure 12. Hyper sphere containing target data with support vectors on
boundary. The complexity factor C is represented by the radius of the
sphere R versus the number of data accepted within. If C is high, R
increases and the model might overfit the data and vice versa®.

Within Analyze 1Q there are 4 kernels: Linear, Polynomial, Radial Basis
Function (RBF), and Sigmoid, where a polynomial kernel of degree O is a linear
kernel®. Specific to each kernel there are additional parameters that can be
changed to further adjust the fit of the model to the data in the hopes of reducing
classification error rates. SVM’s allow for the analysis of high-dimensional data if

that data is based on a binary classification system.
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k-Nearest Neighbor (k-NN) is a learning algorithm that classifies an
unknown spectrum by referencing the k closest reference samples (nearest
neighbors) and returning a prediction. A value is assigned for each reference
sample based on its similarity to the unknown sample. The difference in intensity
at each spectral data point between the unknown and reference sample is
squared and summed to give this value. k-NN works best for cases when k is
odd, where the values of the reference samples (positive or negative for the
target analyte) are averaged and assigned to the unknown. For example, if k=7,
then the seven nearest neighbors would be compared to the unknown sample. If
five of the nearest neighbors were positive for the target analyte and two were
negative then the unknown sample would be classified as being positive for the
target. In Analyze IQ, the user can choose the value of k, where the default value
is three®.

Spectral Attribute Voting is a proprietary machine learning technique
developed by Analyze 1Q that takes into account both the spectral profile (peaks
and troughs) and locally correlated nature of spectra when generating a model®*.
As an ensemble method, theoretically it should perform better than individual
parameters in that errors arising from individual parameters should tend to cancel
out when used together®*®'. SAV has been shown to yield lower error rates than
established chemometric techniques and SVM’s®3. SAV cannot be used for

quantitative modeling, but works well for high dimensional data and requires no

optimization®*.

24



There are three ways within Analyze 1Q Lab that models can be
evaluated (Testing, Import Test File, and Cross-Validation). Testing uses the
entire data set to build the model and then tests the completed model against
each reference sample in turn®. This evaluation process is the fastest but is the
least robust and prone to higher error rates than the other evaluation methods.
Import test file is similar to Testing in that, the model is built with the entire
reference data set, but the completed model is then tested against each element
of a user imported test file. This test file can contain positive or negative
reference samples, which can be similar or distinct from the reference pool.

Cross validation is an evaluation method that works by dividing the entire
reference pool into x equal folds and then creating a model based on folds 2
through x (omitting fold 1) which is subsequently tested against fold 1. This is
repeated again (fold 1 and 3 through x create a model, and then test against fold
2) and again until all folds have been tested against®*®"®2. Completion of this
process is considered a “run” and the user can dictate how many runs to
perform. Multiple runs would divide the reference pool into different initial folds,
where the process of testing using all but one fold is then tested against the
withheld fold. Errors are assigned for each incorrect assignment of the reference
sample against the model, this is then averaged for each run and the average of
each run error is computed to yield the final error rate. Although computationally
intensive, this evaluation technique is the most robust technique and the best

when compared to other evaluation techniques®’.
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1.6 Aim of This Thesis

Based on the number of case backlogs, greater public awareness of
forensic science, and a large percentage of forensic casework, there is a need
for higher throughput analytical techniques for controlled substance analysis.
DART/MS provides an analytical platform for the identification of controlled
substances faster than current GC/MS techniques by analyzing samples in 30
seconds rather than 30 minutes. Additionally, the use of statistical interpretation
of data is advantageous within forensic science to reduce bias and aid in an
analyst’s interpretation of the results. Use of statistical software such as Analyze
IQ can provide an unambiguous interpretation of experimental data for future
forensic applications. The evaluation and efficacy of the DART/single quadruple
mass spectrometer was performed for the analysis of contrived cocaine samples.
Identification of cocaine within unknown samples was performed by both human
interpretation means, simulating that of a forensic analyst and by the use of
predictive computer modeling software.
2 EXPERIMENTAL
2.1 Materials

Chemicals used in this thesis were purchased from the following
manufactures: cocaine, phenacetin, acetaminophen, diltiazem HCI, and
phenobarbital were obtained from Cerilliant (Round Rock, Texas, USA).
Tetramisole HCL, xylazine, hydroxyzine, and atropine were obtained from MP

Biomedicals (Santa Ana, California, USA). Diphenhydramine HCI, acetylsalicylic
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acid, thiamine HCI, creatine, and inositol were purchased from Acros Organics
(part of Thermo Fisher, Waltham, Massachusetts, USA). Mannitol, boric acid,
caffeine, prilocaine and piracetam were purchased from Fischer Scientific, (part
of Thermo Fisher, Waltham, Massachusetts, USA). Acetaminophen and
creatinine were purchased from Sigma-Aldrich (St. Louis, Missouri, USA). For
use in the cocaine double blind study chemicals were purchased from previously
mentioned manufactures unless specified below. Phenacetin was purchased
from ChemCruz™ (Santa Cruz, California, USA) and benzocaine was purchased
from Chem Service Inc. (West Chester, Pennsylvania, USA).

The DART source was interfaced to a modified Agilent 5973 series single
quadrupole mass spectrometer. MSD Chemstation® software, version
E.02.02.1431, was used for mass spectrometer data collection and analysis.
Contec CONSTIX® SP-5 polyurethane swabs (Figure 14) along with the
QuickStrip™ cards (Figure 5) were utilized for sample introduction into the
ionization region. The DART ™ jonization source, Linear Rail Enclosure, and
QuickStrip™ cards utilized during this thesis were provided by lonSense
Incorporated (Saugus, MA).

2.2 DART Cocaine Analysis Methodology Development

The creation of an analytical method for the analysis of cocaine involved a
stepwise optimization of parameters that could be separated into four different
groups. These parameters as discussed below were optimized from left to right

as shown in Figure 13. This approach was taken so that the first parameter
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optimized had the greatest effect on the detection of cocaine and the second

parameter optimized had the second greatest effect, etc.

DART Sample . Mass
Source ‘ Introduction ‘ lon Guide ‘ Spectrometer

Figure 13. DART/MS block diagram.

2.2.1 DART Source Parameter Settings

All samples were tested utilizing the following DART source parameters.
An atmospheric glow discharge is created with a voltage set initially at -6000
volts. Once the discharge is formed the current increases to maintain the
discharge which subsequently decreases the voltage to approximately -1100
volts (personal communication, Doug Simmons). The grid voltage was set at 350
volts. Helium carrier gas was used during the analysis of samples, while nitrogen
gas was used as the carrier gas during standby mode operations.

2.2.2 Sample Introduction Considerations

Several sample substrates were tested to determine the most efficient
sample substrate carrier with the lowest background mass spectrum contribution.
Contec CONSTIX® swabs and QuickStrip™ cards were tested for this purpose.
For all samples, a computer guided linear rail (set between 0.8-1.0 mm/sec)
introduced the samples into the DART ionization region.

For all testing using Contec swabs, a swab holder shown in Figure 14 was

utilized to maintain the same horizontal and vertical spacing between each
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sample. The distance from the DART source to the MS inlet was approximately

15 mm or less.

Figure 14. Contec CONSTIX® SP-5 polyurethane swabs in holde.

For all testing using the QuickStrip™, the strip was placed in the open
metal holder of the Linear Rail Enclosure (LRE) as shown in Figure 7. A voltage
of 250 V was applied to the QuickStrip™. The distance between the DART

source and MS inlet was approximately 10 millimeters or less.
For either sampling substrate, 5 uL of the mixture to be analyzed was

pipetted onto the surface of the substrate and allowed to air dry before analysis.
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2.2.3 Optimization of the DART Carrier Gas Temperature

The optimal DART carrier gas heater temperature was determined by
analysis of 5 ulL of cocaine at 100 ng/uL spotted onto the QuickStrip™ at 100,
200 and 300°C, performed in triplicate. The linear rail speed was set at 1.0 mm/s.

2.2.4 Optimization of the DART Skimmer Voltage

The optimal skimmer focus voltage was determined by analysis of 5 uL of
cocaine at 100 ng/uL spotted onto QuickStrip™ cards, performed in triplicate.
The skimmer focus voltage was set at 12 V and increased to 54 V in steps of 6
volts.
2.3 lon Optics Parameters

The ion optics (Table 2) were held constant, while the skimmer focus was
adjusted to induce fragmentation (12 V for minimal fragmentation, 54 V for
greatest fragmentation). The capillary temperature was set at 150 °C, while the
R¢ of the quadrupole ion guide prior to the mass analyzer was held between 490

and 500 volts.
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Table 2. lon optic voltages between MS inlet and single quadrupole MSD.

Name Voltage (volts)
Capillary Inlet 79
Skimmer Focus Lens 60
Skimmer Focus® 12 or 54
Quadrupole lon Guide Offset 8
Quadrupole lon Guide Exit Lens 5
Quadrupole lon Guide Focus Lens -299
Mass Analyzer Entrance Lens -27

aSkimmer focus adjusted to induce more or less fragmentation of analytes.

2.4 Mass Spectrometer Method Parameters

With no solvent delay, the data was collected in raw scan mode from m/z
40 to 430, (1.24 scans/second) at a threshold of 0 counts and a sampling rate of
2% where x equaled 2. An absolute EM voltage was set at 1235 V with an MS
source and MS quadrupole temperature set at 150°C and 200°C, respectively.
2.5 Optimized Cocaine Parameters

The optimized parameters determined for the identification of cocaine in
excipients (ICE) method were as follows: DART source parameters as stated in
section 2.2.1 DART Source Parameter Settings, DART heater temperature set at
300°C using a QuickStrip™ placed in the LRE with an applied voltage of 250
volts to the strip. lon optic parameters were set at values given in Table 2, and
mass spectrometer parameters were set at values given in section 2.4 Mass

Spectrometer Method Parameters
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2.6 Cocaine Mass Spectral Peak Ratio Testing

Variability in the ratio of abundance between the molecular ion and a
fragment ion for cocaine was determined. A dilution series of 1:1, 1:2, 1:5, and
1:10 (cocaine : excipient) was created to determine the effects of increasing
concentration of excipient on the ion abundances at m/z 304 and 182.
Levamisole and procaine were used to model the extreme differences in the
amount of fragmentation seen in the excipients. Further testing was performed
with the addition of cocaine to increasingly complex excipient mixtures. Data
collected from section 2.8 Analysis of Multi-Component Cocaine Mixtures testing
was utilized for this purpose.
2.7 Cocaine Excipient Library Development

All of the excipients tested in this thesis were analyzed with the ICE
method and the skimmer focus set at 12 volts and 54 volts for minimal and
greatest fragmentation, respectively. Five microliters of an excipient at 100 ng/uL
was pipetted onto either a Contec CONSTIX® swab or QuickStrip™.
2.8 Analysis of Multi-Component Cocaine Mixtures

Multi-component mixtures spiked with cocaine were made in methanol so
that the final concentration of each component (including cocaine) was 10 ng/ulL.
Three, six, nine, twelve and fifteen component mixtures were made in increasing
complexity. The twelve component mixture contained the same analytes as the
fifteen component mixture, but with the removal of three excipients, as shown in

Table 3. The nine component mixture contained the same analytes as that of the
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twelve component mixture, but with the removal of three more excipients. This
process was continued for the six and three component mixtures. Each multi-
component mixture was analyzed using the ICE method.

Table 3. Multi-component cocaine mixtures®.

o o
w 2 o o E CEJGJ%
°5 ¢ 3 £ £ ¢ 2 2 s 2 E 5 8 5 £ §
285 8 E 8 8 § 8 2 ¥ E § g £ x & N
EQ_ONQNOO‘E_C_QNCEQ(UE
SE O 8 T § &4 2 0 & £ £ 2 & 38 2 7
Z 8 SR - £~ & 8 fF 2
a < 2
3 X X X
65 X X X X X X
9 X X X X X X X X X
12 X X X X X X X X X X X X
15 X X X X X X X X X X X X X X X

@Each component was at a final concentration of 10 ng/uL.

2.9 Analyze 1Q Cocaine ldentification Development

2.9.1 Creation and Analysis of Reference Samples

Models were built for the identification of cocaine using a DART/ single
quadrupole mass spectrometer collected in raw scan mode from m/z 40 to 430.
Analyze 1Q requires that each reference spectrum contain the same amount of
data points, therefore the mass spectrometer was set in raw scan mode during
the data collection process®. Three hundred eighty-one reference samples (120
positive, 261 negative) were collected using the ICE method. These mass
spectra were imported into a single comma separated value (.csv) file.
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2.9.2 Pre-Processing Techniques

Prior to the application of each machine learning technique, pre-
processing and PCA was carried out on the reference sample data. Two pre-
processing steps, a first derivative using the default values within Analyze I1Q
followed by normalization, were used in conjunction. A default value of 10 PCs
was used for all models.

2.9.3 Analyze 1Q Model Creation and Development

A predictive model was made using each machine learning technique at
default values for each parameter set within Analyze 1Q. Each model was
evaluated using a 5 run 10 fold cross-validation. The models were then tested
against seventy-two samples (49 positive, 23 negative) collected using the ICE
method. The model with the lowest testing error rate was selected for further
optimization of parameters within that machine learning technique. For the
SVM/RBF/Euclidean Distance method the complexity factor and kernel width
were adjusted in factors of 10 from the default values®°%°.
2.10 Cocaine Double Blind Study

A cocaine double blind study was performed for the evaluation of the
DART/single quadrupole instrumental platform and subsequent identification by
human interpretation and Analyze 1Q optimized predictive models. A double blind
methodology was used to eliminate confirmation bias on part of the analyst
running the samples and ensure the closest approximation to real world cocaine

samples that would be submitted to a forensic laboratory. Each sample (excipient
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and cocaine) was purchased or prepared at 1 mg/mL concentration prior to use
in the double blind study. The 24 excipients were divided randomly in half by two
students in the Boston University Biomedical Forensic Science Program. Five
mixtures each of a three, five, nine, fifteen, and twenty-one component mixtures
were created. Cocaine was spiked at random in sixteen of the twenty-five total
samples. The final concentration of cocaine within each spiked solution was
greater than 10 ng/uL. The identities of the twenty-five unknown mixtures were
revealed to the analyst only after instrumental detection, data analysis, and both
human and computer identification methods were completed.
3 RESULTS AND DISCUSSION
3.1 DART/Single Quadrupole Method Parameters for Cocaine

3.1.1 DART Carrier Gas Temperature Optimization

Cocaine was analyzed at a DART source heater temperature of 100, 200,
and 300°C, with the skimmer focus set at 12 volts. All other parameters were set
using the ICE method. The results from the EIC of m/z 304 show maximal peak
abundance at 300°C with best peak shape, separation and reproducibility

compared to the other heater temperatures (Figure 15).
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Figure 15. Extracted lon Chronogram at 304 m/z of cocaine at 100 ng/uL
analyzed with increasing DART heater temperatures.

3.1.2 Analysis of Cocaine by DART/Single Quadrupole MS

When measured using the ICE method, the mass spectrum of cocaine
was determined to have a difference in the number of peaks and ratio of peak
abundance depending on the amount of induced fragmentation. For a skimmer
focus of 12 volts, cocaine gave minimal fragmentation with only one abundant
peak from the molecular ion of cocaine at m/z 304. For a skimmer focus set to 54
volts, additional fragmentation occurred with two abundant peaks at m/z 304 and

182.
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Figure 16. Mass spectrum of cocaine at 100 ng/uL analyzed by DART/single
quadrupole MSD. Skimmer focus set to 12 volts.

4000 H CHy
3500 |
J
3000 I
2500

Abundance
N
o
o
o

1500
1000
500

l..L A A 1

0 50 100 150 200 2/50 300 350 400 450 500
m/z
Figure 17. Mass spectrum of cocaine at 100 ng/uL analyzed by DART/single
quadrupole MSD with in-source fragmentation. Skimmer focus set to 54
volts. Inset of cocaine in-source fragmentation mechanism by DART/single

quadrupole mass spectrometry®.
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Mass spectral detection of cocaine is possible through the molecular ion
and fragment peak of cocaine (at m/z 304 and 182) with the use of in-source
fragmentation (Figure 17). This fragment peak at m/z 182 is due to the loss of
benzoic acid (inset of Figure 17)%7%*. Minor peaks are also seen and could be
from additional fragmentation of cocaine (m/z 82) as these are common
fragments seen in a CID mass spectrum (analyzed by a DART/ion trap, data not
shown) and in an EI mass spectrum of cocaine (Figure 18). Other minor peaks
are likely from DART atmospheric contribution and other background

contaminants such as erucamide at m/z 338 (personal communication, Joseph

LaPointe).
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Figure 18. Electron impact mass spectrum of cocaine acquired from NIST
Library (Version 2.0, December 2005) with m/z on the x-axis.

3.1.3 DART Skimmer Voltage Optimization
Optimization of the skimmer voltage was determined by finding the voltage

that induced the maximum abundance of the cocaine fragment peak at m/z 182
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(Figure 17). A 100 ng/uL cocaine standard was analyzed with a DART heater
temperature of 300°C and a variable skimmer focus voltage in duplicate. The
skimmer focus voltage was increased in ten volt increments from 20 volts to 50
volts. The ion abundances from duplicate samples were averaged and
normalized to the average [M+H]" abundance of the eight samples tested. An
overlay of the average mass spectrum for each voltage is shown in Figure 19.
The data is presented +2 amu of the center mass (m/z 182 and 304) to enhance

the differences seen.
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Figure 19. In-source fragmentation of cocaine at different skimmer focus
voltages.

Further optimization of the skimmer focus voltage increased the
abundance of a fragment ion of cocaine (m/z 182) at a setting of 54 volts. At this
setting the ratio of abundance between the molecular ion and the fragment ion of
cocaine was close to a 1:1 ratio as previously shown in Figure 17.

Through the manipulation of ion optic voltages, specifically the skimmer
focus of the quadrupole ion guide, the ability to fragment in a reproducible

manner was established for cocaine. Similar to the electron voltage setting of an
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El mass spectrometer (usually 70 eV), the amount of fragmentation can be
changed in a voltage dependent fashion with this DART/MS platform.
3.2 Cocaine Excipient Library Analysis

As shown in Table 4, twenty-four common cocaine excipients were
analyzed using the ICE method on the DART/MS platform. Minor contributors
were defined as any peak that was quantitatively less than half that of the largest
peak detected for any given excipient. Of the 24 adulterants tested, no peaks
were detected for boric acid, inositol, mannitol, phenobarbital, and xylazine when

tested as individual components.
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Table 4. Common cocaine excipients tested by DART/ single quadrupole
mass spectrometry using in-source fragmentation

Compound Molecular Peaks Det('actedb
Weight (minor contributors)

Acetaminophen 151.06 152, 110
Acetylsalicylic acid 180.04 121
Atropine 289.17 290, (124, 96)
Benzocaine 165.08 (166), 138, 120, 94
Boric Acid 62.02 no peaks detected
Caffeine 194.08 195, 138
Creatine 131.07 (132), 114
Creatinine 113.06 114
Diltiazem 414.16 415, 178, (370, 312, 310, 223, 137, 72)
Diphenhydramine 255.16 (256), 167
Hydroxyzine 374.18 (375), 201, (203)
Inositol 180.06 no peaks detected
Levamisole 204.07 205, (178), (146)
Lidocaine 23417 235, 86
Mannitol 182.08 no peaks detected
Phenacetin 179.09 180, (138, 110)
Phenobarbital 232.08 no peaks detected (+) ion mode

231, 188 (-) ion mode
Piracetam 142.07 (143), 126, 98
Prilocaine 220.16 221, 86
Procaine 236.15 237, 164, 120, 100, (118, 152, 72)
Quinine 324.18 325, (136)
Tetramisole 204.07 205, (178), (146)
Thiamine 265.11 (265), 144, (154, 122, 81, 113)
Xylazine 220.10 no peaks detected

Monoisotopic mass
®Bold fragments are molecular ion peaks

Phenobarbital did not produce any positive ions but could be detected by

DART/MS in the negative ion mode. This was performed on a DART/LCQ Deca

using an ion trap in negative ion mode. Phenobarbital has also been shown to be
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detectable by GC/MS methods®>°. Xylazine has been previously detected using
EI/GC/MS and ESI/LC/MS (positive ion mode) methods. The inability to detect
xylazine could be due to the inability to ionize xylazine by DART. The inorganic
compounds tested and carbohydrates, such as inositol and mannitol, did not
produce any detectable ions by DART/MS and could be due to an inability to
readily ionize these analytes as well.

Only two pairs of compounds, creatine/creatinine and
levamisole/tetramisole could not be differentiated by mass spectrometry when
measured using the ICE method. A peak in the mass spectrum at m/z 114 was
observed for both creatine and creatinine. Creatine, at 18 mass units greater
than creatinine, can undergo an intramolecular condensation reaction with the
loss of H,0 and form creatinine (Figure 20)°""°. Creatine is thermally labile and
can undergo this reaction within the ionization region or mass spectrometer inlet
at a DART gas heater temperatures of 300°C’". Two additional adulterants,
levamisole and tetramisole, are enantiomers and cannot be separated solely by
mass spectrometry means. Separation would have to occur on a chiral GC

column or by other analytical means such as polarimetry.

CH,4 CH,4

(.I'JH3 0
H,N N\)J\
\H/ OH /_NH < / NH,
NH N
NH @) 0

Figure 20. Molecular structure of creatine (left) and creatinine imine
(middle) and amine (right) tautomers.
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Comparison of DART/MS fragmentation data to that of the National
Institute of Standards and Technology (NIST) mass spectral library (Version 2.0,
December 2005) showed high correlation between DART and EI fragmentation
data even though the mechanism of fragmentation differs (Table 5). This data
suggests that when energy is introduced into the system, molecules will fragment
in similar methodologies (such as breaking of the weakest bond and other
thermodynamic properties) regardless of how the energy was introduced (CID

versus El methodologies).
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Table 5. Comparison of DART/MS peaks to the NIST El peaks.

Compound

Peaks Detected
(minor contributors)?

NIST Library Peaks®

Acetaminophen
Acetylsalicylic acid
Atropine
Benzocaine
Boric Acid
Caffeine
Cocaine
Creatine
Creatinine
Diltiazem
Diphenhydramine
Hydroxyzine
Inositol
Levamisole
Lidocaine
Mannitol
Phenacetin
Piracetam
Phenobarbital
Prilocaine
Procaine
Tetramisole
Quinine
Thiamine
Xylazine

152, 110

121

290, (124, 96)

(166), 138, 120, 94

no peaks detected

195, 138

304, 182

(132), 114

114

415,178, (370,312,310,223,137,72)
(256), 167

(375), 203, 201

no peaks detected

205, 178, 146

235, 86

no peaks detected

180, (138, 110)

(143), 126, 98

no peaks detected

221, 86

237, 164, 120, 100, (118, 152, 72)
205, 178, 146

325, (136)

144, (265, 158, 154, 122, 81)
no peaks detected

109]151[43|80]108
120]13843|92|121
124 | 82 | 83|94[42
120]165(92|65|137
44162|44|61|43
194]10955|67|82
82|182/83|94|77
42|43|113|84|112
113|42|43|112|84
58(71|72|121]150
58|73]|165/42|45

201[165|203]|299|202

73|60]71/102]43
148|204(73|101]203
86/58|30|87|42
73|61]103|74/43
108|109|179|137|43
98|70|84/41(42

204|117[115|161|205

86(44|87|43|56
86/99]120|164|92
204(148|73[101|203
136]41|137]42|81

112[122|264|143[113
205/220|130[145|177

@Peaks listed in order of decreasing abundance. NIST Version 2.0 December,

2005

3.3 Multi-Component Cocaine Mixture Analysis

To determine the effects on the peak abundance of m/z 304 and 182

within mixtures, a series of multi-component excipient mixtures spiked with

cocaine were tested and analyzed by the ICE method with a skimmer focus of 54
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V to induce fragmentation as shown in Figure 21 through Figure 25. The final
concentration of each component (including cocaine) was 10 ng/uL. The three,
six, nine, twelve, and fifteen component mixtures were made in increasing
complexity, as shown in Table 3. The twelve-component mixture included the
same analytes as the fifteen component mixture, but with the removal of three
excipients. The nine component mixture contained the same analytes as that of
the twelve component mixture, but with the removal of three more excipients.
This process was continued for the six and three-component mixtures. Using a
stepwise addition of excipients allows for the ability to monitor ion suppression,
and appearance of additional peaks to be attributed to the added excipients.
Shown in Figure 21 through Figure 25 are the mass spectra from the multi-
component mixtures in increasing complexity (three, six, nine, twelve and fifteen
components) with identification of cocaine and excipients in the mass spectrum.
The ability to consistently detect both peaks attributed to cocaine (m/z 304 and
182) at abundances greater than 10x the signal to noise ratio was demonstrated

in every multi-component mixture tested.
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Figure 21. Induced fragmentation of a 3-component cocaine mixture. Each
component is at a final concentration of 10 ng/uL.
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Figure 22. Induced fragmentation of a 6-component cocaine mixture. Each
component is at a final concentration of 10 ng/uL.
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1: Cocaine 2: Tetramisole 3: Prilocaine

4: Benzocaine 5: Procaine 6: Lidocaine
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Figure 23. Induced fragmentation of a 9-component cocaine mixture. Each
component is at a final concentration of 10 ng/uL.
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Figure 24. Induced fragmentation of a 12-component cocaine mixture. Each
component is at a final concentration of 10 ng/uL.
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7: Caffeine 8: Diphenhydramine 9: Thiamine
10: Piracetam 11: Phenacetin 12: Acetaminophen
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Figure 25. Induced fragmentation of a 15-component cocaine mixture. Each
component is at a final concentration of 10 ng/uL. The asterisk refers to
atmospheric/background contribution of decamethylcyclopentasiloxane at
m/z 371 (personal communication, Joseph LaPointe).

Acetylsalicylic acid was not detected in the 15-component mixture.
However, a peak at m/z 121 was observed for pure acetylsalicylic acid by
DART/single quadrupole analysis using the ICE method (Table 4). The loss of
ion abundance below the analytical threshold for acetylsalicylic acid could be due

to ionization suppression by other excipients or the preferential ionization of other
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analytes in mixtures preventing acetylsalicylic acid from fragmenting into the ion
with a m/z of 121.

Experimentation to determine the effects of matrix composition and
concentration on the ratio of peak abundance between the molecular ion and
fragment of cocaine was performed. The changes measured in the ratio of m/z
304 to 182 for cocaine varied the greatest for dilute cocaine mixtures. Similar to
current toxicology methods for the identification of unknown compounds in
GC/MS applications, the use of parent to spectator ion ratios can be used for
identification purposes using unknown peaks. With the use of fragmentation the
DART/MS platform can be considered as a Category A technique based on
SWGDRUG guidelines, as opposed to the lesser Category B technique if only
molecular weight information was produced’®. One possible area of concern for
the detection of cocaine by fragmentation could occur if the presence of cocaine
is within a mixture including an excipient that exhibits preferential fragmentation
by DART/MS. This preferential fragmentation could lead to the reduced
abundance of either the molecular ion or fragment ion of cocaine. This
phenomenon was not observed with any of the mixtures tested.

3.4 Analysis of Peak Ratio Variability for Cocaine

Further analysis into the variability in the ratio of abundance between the
molecular ion and single fragment ion for cocaine was performed for two
scenarios. Scenario one involved the analysis of cocaine in the presence of a

single excipient mixture at increasingly greater concentrations compared to the
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same concentration of cocaine at 10 ng/uL. Scenario two involved the analysis of
cocaine in the presence of additional excipients where the concentration of each
component was at 10 ng/uL. For the single excipient mixtures, levamisole and
procaine were chosen to approximate the extreme differences in the amount of
fragmentation seen within all excipients tested. Levamisole shows minimal
fragmentation with a minor contributor compared to the molecular ion (Figure 26),
while procaine gave extensive fragmentation with several peaks in high
abundance and almost the complete loss of procaine’s molecular ion at m/z 237
(Figure 27). These two analytes were chosen to determine if fragmentation from
excipients could alter the ratio of m/z 304 to 182 through either ion suppression

or preferential fragmentation.

14000

12000
10000

8000

6000

Abundance

4000

2000
0 kil ) NP I | B R

75 125 175 225 275 325 375 425
m/z

Figure 26. Mass spectrum of procaine fragmentation at a skimmer focus of
54V and at 100 ng/uL.
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Figure 27. Mass spectrum of levamisole fragmentation at a skimmer focus
of 54V and at 100 ng/uL.

Single excipient mixture solutions of 1:1, 1:2, 1:5, and 1:10 concentrations
(cocaine: excipient) as well as three, six, nine, twelve, and fifteen component
mixtures were utilized to mimic the wide range of sample composition and
concentration in order to challenge the DART/MS platform. The ratio between the
molecular ion abundance and main fragment for cocaine was calculated as
follows: the abundance £0.5 m/z from the nominal mass peak was summed for
each replicate. The average was calculated across the triplicate samples and

then the ratio of abundance between m/z 304 to 182 was calculated (Figure 28).
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Values from this calculation are shown in Table 6 for all single excipient mixtures

multi-component mixtures and pure cocaine.

37 Pure Cocaine 100 ng/uL A Pure Cocaine 10 ng/uL
S ¢ Procaine Dilution Series ¥ | evamisole Dilution Series
N 2.5 1 © Multi-Component Mixtures ™ Blank QuickStrip
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Figure 28. Ratio of peak area abundance for cocaine peaks of reference
samples and unknown samples. For the procaine dilutions series, the order
from left to right: 1:1, 1:2, 1:5, and 1:10 dilution samples (cocaine to
procaine). For the levamisole dilutions series, the order from left to right:
1:1,1:2, 1:5, and 1:10 dilution samples (cocaine to levamisole). For the
multi-component mixtures, the order from left to right is the 3, 6, 9, 12, and
15-component samples.
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Table 6. Statistical measurements for ratio of peak area abundance
between cocaine m/z 304 and 182 peaks.

. Standard Relative
Sample Type Replicates Average Deviati Standard
eviation o
Deviation
. 1to 1 4 0.70 0.15 22
[?F?gl';‘ii]et]o 1t0 2 4 0.80 0.05 6
Mixtures 1t05 4 0.97 0.20 20
1to0 10 4 0.80 0.09 11
. 1to1 4 0.88 0.14 16
[[Ii‘\’/‘;ar:::;])ltg] 1t0 2 4 0.75 0.10 13
Mixtures 1t05 4 0.78 0.07 8
1to0 10 4 0.73 0.08 11
Cocaine Multi- 3 10 0.58 0.07 12
Component 6 10 0.70 0.09 13
Mixtures 9 10 0.64 0.07 11
(Number of 12 10 0.73 0.08 12
Components) 15 10 0.71 0.08 11
. 100 ng/uL 35 0.89 0.13 14
Pure Cocaine 4 ng%MML 27 1.28 0.29 23
Blank QuickStrip™ 49 0.79 1.00 127

For all samples with cocaine present, the ratio of peak area between m/z
304 and 182 was consistently within the range of 0.4 to 1.9. The greatest relative
standard deviation was for the 10 ng/uL pure cocaine data set at 23%. Stepwise
addition of more components or increasing concentration of excipient added to
cocaine mixtures did not drastically alter the abundance ratio between the
molecular ion and the fragment. Furthermore, the stepwise addition of additional
components did not exhibit any changes to the relative abundance of cocaine’s
peaks within the overall mass spectrum. Even within the most complex multi

component mixture, cocaine did not exhibit ion suppression or reduced
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fragmentation efficiency. The abundance at m/z 304 and 182 were greater than
the 10x S/N for all samples tested. As predicted, high variability was seen in
blank QuickStrip™ cards, which had inherently low or negligible mass
abundances at m/z 304 and 182. An average ratio of 0.79 was calculated
between m/z 304 to 182, with a RSD of 127%.
3.5 Cocaine Double Blind Study Analysis

A double blind study consisting of cocaine and all excipients tested, was
utilized for the evaluation of three different facets: the DART/MSD platform, the
ability to identify cocaine from DART mass spectrum data by human means and
the ability to identify cocaine from DART mass spectrum data by computer
modeling using Analyze 1Q. Twenty-five contrived street quality cocaine samples
containing a combination of excipients either spiked with or without cocaine were
created in ambiguity to the chemist testing the samples. The chemist analyzed
the samples via a batch analysis approach using ICE methodology on the
DART/single quadrupole platform. Positive and negative controls were run prior
to and after all unknown samples. Through the use of multiple QuickStrip(s)™ a
substrate blank sample was run in between each triplicate unknown sample as to

prevent carryover contamination from occurring.
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Figure 29. Total lon Chronogram of 25 unknown samples analyzed using
the ICE method for the identification of cocaine. All samples were analyzed
in triplicate with a substrate blank before and after sample analysis. The
first and last samples are positive controls consisting of a cocaine
standard at 100 ng/uL. The second and second to last samples are negative
controls consisting of pure methanol.
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Determination for the presence of cocaine by human means involved the
identification of the molecular ion at m/z 304 and the main fragment at m/z 182.
Using the EIC feature in Chemstation, the ability to select for only these two ions
reduced the time required to manually interpret every peak. Samples 3, 4, 5,7, 9,
11, 12, 13, 15, 16, 18, 20, 21, 22, 23, 24, 25, and both positive controls (cocaine

standard at 100 ng/ulL) all contained these two ions (Figure 30).
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Figure 30. Extracted lon Chronogram of m/z 304 (top) and 182 (bottom) for

the detection of cocaine from 25 unknown samples. Numbers shown are

for samples with abundances above the baseline noise for their respective
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ions. All samples analyzed in triplicate with a substrate blank before and
after sample analysis. The first and last samples are positive controls
consisting of a cocaine standard at 100 ng/uL.

Two mass spectra (Figure 31 and Figure 32) have been included to show
the ability of an EIC to simplify the identification of selected ions from a complex
spectrum or from a spectrum for which the ion of interest is of relatively low
abundance. Utilization of the full mass spectrum allows for the presumptive
identification of possible excipients as well, if further identification of excipients is
needed for additional probative information. Figure 31 shows the presence of m/z
304 and 182 in high abundance compared to the presumptive identification of
caffeine, piracetam, hydroxyzine, and either/both creatine and/or creatinine
(cannot distinguish between the two using the ICE method), in the unknown
sample #13. Whereas, Figure 32 has abundance below 3x S/N at m/z 304 and
182 so can be deemed negative for the presence of cocaine. It should be stated
that the presumptive identification of diltiazem, hydroxyzine,
levamisole/tetramisole, lidocaine, procaine, atropine, and quinine can be
determined by the presence of their respective fragments within unknown sample

#22 (see Table 4 for excipient DART fragment peaks).
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Figure 31. Sample 13 from cocaine double blind study. Example of
unknown sample positive for the presence of cocaine from the
identification of m/z 304 and 182 (shown with asterisks).
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Figure 32. Sample 22 from cocaine double blind study. Example of
unknown sample negative for cocaine due to lack of observable peaks at
m/z 304 and 182.
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Further testing for the presence of cocaine involved the peak area abundance
ratio testing for all unknown samples as outlined in 2.6 Cocaine Mass Spectral
Peak Ratio Testing. Using the same procedure with the raw data, the peak area
abundance was averaged across all replicates of the sample for both m/z 304
and 182. The ratio was then calculated for each unknown sample and plotted in
Figure 33. All statistics performed in Table 7 are based on triplicate
measurements of the respective samples. Numbers shown as bold are less than
ten times the average S/N abundance of the negative control samples (pre- and

post-run) at m/z 304 and 182, respectively.

60



L

wn -
Qo
o — —
2 Lz -
s & © ——
=4S =
5 $§ 5 —_
a <& O =
=
2 a 2 —
8 £ §
> =
e °© D
n m =2
. . [
A
— —
n
8 ]
= =2 —
3 E — .
s = e K=]
o T @« =
~ qc) =] (] %
& 5 =2 - )
= Q. o H <]
o E O - =
o o by o
o Q = = o
&L =
££% —— S
a = o —
< O e
n —o—
o 2
= —o—i
8)(/) —o—
o S a —o—
o — 2
S 5 - —o—
e 5 5 ——
T 2 (5]
[&] o [ —
S @ =
o s 2 —_— —
L C = —a—
> () |
o aJ DO -
] [ |
—_—
—a—
< o N ~ (=3

281 Z/w pue O Z/W UBDM}O Y ealy Mead JO oney

Figure 33. Ratio of peak area abundance for cocaine peaks of reference
samples and unknown samples. For the procaine dilutions series, the order
from left to right is the 1:1, 1:2, 1:5, and 1:10 dilution samples (amount
cocaine to procaine). For the levamisole dilutions series, the order from left
to right is the 1:1, 1:2, 1:5, and 1:10 dilution samples (amount cocaine to
levamisole). For the multi-component mixtures, the order from left to right
is the 3, 6, 9, 12, and 15 component samples. For the unknown samples, the
order from left to right is sample 1 through 25. For the positive control
(cocaine standard at 100 ng/uL the order from left to right is the pre-run
and post-run sample. For the negative control (methanol) the order from left
to right is the pre-run and post-run sample.
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Table 7. Statistical measurements for ratio of peak area abundance
between m/z 304 and 182 peaks for unknown mock case samples and
reference samples. Bold numbers are values less than 10x S/N (as defined
by the average abundance of the negative control peaks). All statistics
shown are based on triplicate measurement of sample.

Relative Average Average
Standard Standard Peak Area Peak Area

Sample Average Deviation  Deviation Abundance  Abundance

(%) (304) (182)
1 4.60 3.05 66 712 247
2 0.70 0.34 48 2235 3539
3 0.62 0.05 8 46834 76275
4 0.55 0.09 16 62996 116063
5 0.54 0.05 9 68810 127601
6 0.69 0.03 4 946 1379
7 0.58 0.01 2 59141 101320
8 0.65 0.04 6 2135 3310
9 0.49 0.03 6 70358 142717
10 0.96 0.06 7 1160 1214
11 0.54 0.10 18 72687 140657
12 0.56 0.08 15 87344 157520
13 0.61 0.03 5 85111 141338
14 0.76 0.09 12 1978 2543
15 0.52 0.03 6 67768 131710
16 0.58 0.05 9 43505 75539
17 0.83 0.70 85 268 542
18 0.62 0.03 5 55778 90103
19 1.60 1.34 84 389 233
20 0.58 0.05 9 50918 88843
21 0.60 0.05 8 39682 67166
22 0.34 0.31 91 106 444
23 0.60 0.11 18 47529 80409
24 0.51 0.04 8 59194 116480
25 0.50 0.08 16 28761 58878
(+) Control® 0.51 0.08 16 159342 310224
(+) Control®  0.48 0.04 8 166079 348407
(-) Control® 2.37 1.00 42 1152 564
(-) Control®  1.96 0.90 46 1409 852

@Cocaine standard at 100 ng/uL analyzed before analysis of unknown samples
PCocaine standard at 100 ng/uL analyzed after analysis of unknown samples
“Methanol analyzed before analysis of unknown samples

IMethanol analyzed after analysis of unknown samples
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A set of match criteria was developed for the confirmatory identification of
cocaine within contrived mixtures. As outlined in Figure 34, the use of a multi-
step approach based on peak m/z value, peak abundances, peak ratio, and use
of positive and negative controls gives the ability to identify cocaine in highly
complex and dilute mixtures. By using Chemstation software and exporting the
raw data into data processing software such as Excel, the ability to determine
which samples had the presence of cocaine greater than 10 ng/uL was shown to
be effective for twenty-five unknown samples. Identification for the presence of
cocaine was determined for 16 of the 25 samples (Sample 3, 4, 5,7, 9, 11, 12,
13, 15, 16, 18, 20, 21, 23, 24, and 25). All other samples were determined to be
negative for the presence of cocaine. Based on the analyst’s predictions a

success rate of 100% with no false positives or false negatives was determined.
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Does the mass spectrum have a peak at m/z 3047

YES ] NO

v

Does the mass spectrum have a peak at 1827

YES | NO

¥

Is the abundance of both peaks greater than 10x S/N?

YES A NO

4

Is the ratio of pea'k area abundance between m/z 304 to 182
within tolerance?

YES | NO

v

Did the positive control standard result as YES to all of the
previous questions?

YES | NO

¥

the previous questions?

Did the negative control standard result as a NO to at least one of

YES | NO

¥

The mixture is positive for the presence of cocaine.

A 4

The mixture is negative for the presence of cocaine.

Figure 34. Match criteria flow chart for the determination of cocaine within

unknown samples.

The greatest discriminating factor for the identification of cocaine was the

determination that both peak abundances (m/z 304 and 182) were greater than

ten times the defined signal-to-noise ratio. This measurement was found to be

more discriminating between positive and negative cocaine samples than the
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ratio of peak abundance between m/z 304 and 182 and the associated relative
standard deviation of the triplicate samples. Several samples (6, 8, 10, and 14)
were within the expected cocaine peak abundance ratio and had associated
relative standard deviations below 22.7% (the highest RSD seen of the known
reference samples under the 10 ng/uL cocaine conditions). But with the inclusion
of the 10x S/N threshold, all of these samples were found to have peak
abundances below the calculated noise threshold and deemed to be negative for
the presence of cocaine. The use of a 10x S/N threshold and calculation of a
cocaine peak abundance ratio within the expected range, allows for a high power
of discrimination for the identification of cocaine within an unknown sample.
3.6 Cocaine Identification Model Development with Analyze 1Q

3.6.1 Reference samples

Models were built for the identification of cocaine using DART/ single
quadrupole mass spectral data collected in raw scan from m/z 40 to 430. Analyze
IQ requires that each reference spectrum contain the same amount of data
points®*, therefore raw scan was used during the data collection process. 381
reference samples were used to build the model. These 381 samples contained
a broad scope of positive and negative cocaine samples in order to create a

robust model that would not overfit the data Table 8).
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Table 8. Reference samples for building cocaine identification models

using Analyze 1Q.

Positive for Cocaine

Negative for Cocaine

Sample Name?®® Replicates Sample Name®® Replicates
Cocaine 35 | Tetramisole 37
Cocaine (10 ng/ul) 27 | Prilocaine 40
3-Component Mixture® 14 | Caffeine 39
6-Component Mixture® 14 | Procaine 37
9-Component Mixture® 10 | Adulterant Mixture A 30
12-Component Mixture® 10 | Adulterant Mixture B¢ 29
15-Component Mixture® 10 | Blank QuickStrip™ 49
Total 120 | Total 261

For all samples the final concentration was 100 ng/uL unless otherwise stated.
®For all mixtures, each component was at a final concentration of 10 ng/uL.

°As shown in Table 3.
9As shown in Table 9.

Table 9. Adulterant mixtures in comparison to multi-component cocaine

mixtures as shown in Table 3.
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@Each component was at a final concentration of 10 ng/uL.

3.6.2 Evaluation of Machine Learning Techniques

In order to determine the best machine learning technique for predictive

classification modeling of cocaine in unknown samples, each machine learning

66



technique was evaluated at its default values set by Analyze IQ>. Prior to the
application of each machine learning technique, pre-processing and PCA were
applied to the reference pool to correct for variances and reduce the size of the
data.

Pre-processing of the data allows for the minimization of background
noise and fluctuations in intensityez. Two pre-processing techniques were used in
conjunction: a first order derivative followed by normalization. With these two pre-
processing techniques, model prediction rates are the lowest compared to either
pre-processing technique applied by itself or without any pre-processing
techniques applied®®°%%2, Furthermore, implementation of PCA is another useful
tool for the reduction of data while retaining as much complexity as possible. The
use of PCA has been shown to lower model error rates prior to selection of a
machine learning technique®”*. The default value of 10 PCs was used for all
models. A 5 run 10 fold cross-validation was utilized to evaluate all models.

After each model was built, they were tested against 72 samples. This
testing pool was comprised of samples included in the model building process
along with two sets of samples that contained excipients that were not
incorporated in the reference pool to build the model. One set was a mixture of
cocaine and creatine, creatinine, atropine, and xylazine, while another set was a
mixture of only the new excipients. Both mixtures had a final concentration of
each component at 10 ng/uL (Table 10). As shown in Table 11 each machine

learning technique was evaluated once using the cross-validation (Training Error
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Rate) technique and once with a set of reference samples, some of which were

outside the scope of the built model (Testing Error Rate).

Table 10. Samples for testing against Analyze 1Q built models.

Positive for Cocaine

Negative for Cocaine

Sample Name®® Replicates Sample Name®® Replicates
Cocaine 4 | Prilocaine 1
Cocaine at 10 ng/uL 10 | Adulterant Mixture A° 6
3-Component Mixture® 5 | Adulterant Mixture B® 4
5-Component Mixture® 10 | Adulterant Mixture C°® 10
6-Component Mixture® 5 | Blank QuickStrip™ 2
9-Component Mixture® 5

12-Component Mixture® 5

15-Component Mixture® 5

Total 49 | Total 23

For all samples the final concentration was 100 ng/uL unless otherwise stated.

®For all mixtures, each component was at a final concentration of 10 ng/uL.

°As shown in Table 3.
9As shown in Table 9.

°Four part mixture of creatine, creatinine, atropine, and xylazine.

Table 11. Model training and testing error rates for cocaine identification
machine learning techniques at default values.

Model Type® Training Error Rate® Testing Error Rate®

k-Nearest Neighbors
SVM/RBF/Euclidean Distance
SVM/RBF/Weighted Spectral Distance
SVM/Sigmoid

SVM/Weighted Spectral Linear
SVM/Linear

Spectral Attribute Voting

2.20% 6.94%
2.46% 0%
19.01% 27.78%
36.44% 47.22%
0.05% 6.94%
0% 2.78%
0.52% 5.55%

aPCA was applied on each model prior to the application of a machine learning

technique except for Spectral Attribute Voting.

®Model built with 120 (+) cocaine and 261 (-) cocaine samples.

“Model tested against 59 (+) cocaine samples and 23 (-) cocaine samples.
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3.6.3 Early Model Errors

Many of the originally developed models stemmed from an inadequate
reference pool for model development. Early models utilized only pure cocaine
and pure excipient samples at 100 ng/uL. When tested against simulated
mixtures, all of the models had error rates too high to be deemed acceptable
(above 50%). Two problems were identified with the model development
protocol. One problem with the predictive model was due to the lack of mixtures
in the reference pool. The model could not identify cocaine in multi-component
mixtures when it was built using only pure concentrations of cocaine. Another
problem was the concentration of the reference and test samples. The reference
samples were 10x more concentrated than the cocaine test samples, which
decreased the ability of the model to correctly identify when cocaine was present.
Arbitrarily setting the cutoff threshold too high was detrimental to finding dilute
samples containing cocaine. Only after introduction of mixtures and diluted
samples (equal in concentration to the simulated mixtures) to the reference pool,
did the models begin to yield error rates below 50%.

3.6.4 Optimization of Machine Learning Techniques

Upon evaluation, the Support Vector Machine (SVM) with a Radial Basis
Function (RBF) based on Euclidean distance yielded the lowest testing error rate
at default values. Further optimization of the SVM with RBF kernel was
performed. Within the RBF kernel is the complexity factor, C, and sigma value (o)

that represents the kernel width (1.5.4 Analyze |1Q Machine Learning
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Techniques). These parameters were adjusted until a minimum training error rate

was found (Table 12). Models 1, 4, 5, 7, and 9 were determined to have the

lowest training and testing error rates associated with them. All of these models

were able to successfully differentiate when cocaine was within mixtures of

excipients that were not incorporated within the reference pool for model

development.

Table 12. Model training and testing error rates for optimization of
SVM/RBF/Euclidean distance cocaine identification model.

Model Type® C Sigma Training Error Rate® Testing Error Rate®
Model 1 (Default) 1 0.01 2.46% 0%
Model 2 1 0.1 13.93% 23.61%
Model 3 1 1 28.90% 40.28%
Model 4 1 0.001 0.58% 2.78%
Model 5 5 0.001 0.52% 5.56%
Model 6 0.1 0.01 19.74% 48.61%
Model 7 10 0.01 1.99% 0%
Model 8 10 0.001 0.52% 6.94%
Model 9 100 0.001 1.99% 0%
Model 10° 10 0.001 0.52% 2.78%
Model 11 0.1 0.001 12.77% 48.61%
Model 12 0.5 0.001 1.52% 11.11%
Model 13 0.75 0.001 0.63% 2.78%
Model 14 1 0.0001 0.89% 13.89%

@ PCA was applied on each model prior to the application of SVM with RBF kernel using
Euclidean distance machine learning technique.
® Model built with 120 (+) cocaine and 261 (-) cocaine samples.

“ Model tested against 59 (+) cocaine samples and 23 (-) cocaine samples.
4 Model built with 20 PC’s as opposed to the default value of 10 PC’s.
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3.7 Evaluation of Cocaine Identification Model

Evaluation of the optimized Analyze IQ models for the purposes of
cocaine identification of unknown samples was performed with the 25 unknown
samples from the cocaine double blind study. Testing of the optimized PCA/SVM
regression with RBF kernel models using Euclidean distance, were applied to the
25 unknown double blind cocaine study samples.
Table 13. Evaluation of Analyze 1Q optimized models against unknown

samples from cocaine double blind study (including positive and negative
controls).

Model Type® C Sigma Error Rate False Positives False Negatives
Model 1 (Default) 1  0.01 24.14% 2 6
Model 2 1 0.1 48.28% 1 12
Model 3 1 1 62.07% 1 17
Model 4 1 0.001 13.79% 4 0
Model 5 5 0.001 14.94% 3 0
Model 6 0.1 0.01 41.38% 0 10
Model 7 10 0.01 22.99% 2 5
Model 8 10 0.001 16.09% 3 0
Model 9 100 0.001 22.99% 1 5
Model 10° 10 0.001 16.09% 4 0
Model 11 0.1 0.001 41.38% 0 10
Model 12 0.5 0.001 25.29% 1 7
Model 13 0.75 0.001 13.79% 4 0
Model 14 1 0.0001 9.20% 2 0
Spectral Attribute Voting 0% 0 0

@ PCA was applied on each model prior to the application of SVM with RBF kernel using
Euclidean distance machine learning technique.
® Model built with 20 PC’s as opposed to the default value of 10 PC’s.

Evaluation of optimized models resulted in the lowest error rate of 9.20%
error from an SVM with an RBF kernel of complexity value of 1 and a sigma

value of 0.0001 (Model 14). Four additional models (Models 11 through 14) were
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created to address the problem of underfitting in the original optimized models
(Models 1 through 10) as shown in Table 13. Although the issue of underfitting
was corrected in Models 11 and 12, the unwanted inclusion of false negatives
occurred, suggesting that with reduced C values, and overfitting of the model
occurred. Finally the decrease in sigma proved to decrease both types of errors
better than adjusting the value of C as shown with the lowest error rate in Model
14. Model 14 had all false positives suggesting underfitting was occurring within
this model as well.

Although the optimized models developed had a relatively low percent
error, the problem with underfitting within a forensic context is concerning. To
parallel the criminal law system with the United States, predictive models should
be developed that purposefully overfit rather than underfit the date to be in
concordance with the idea that a false positive is more detrimental then a false
negative. Through the application of the Spectral Attribute Voting ensemble
machine learning technique, a predictive model was created that correctly
identified the presence of cocaine within 25 unknown samples 100% of the time
with no false positives or false negatives.

4 CONCLUSIONS

The ability to detect cocaine in an accurate and robust manner for the
purposes of forensic controlled substances by Direct Analysis in Real Time/
single quadrupole mass spectrometry was demonstrated. Cocaine was identified

at concentrations as low as 10 ng/uL and in complex samples with many added
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excipients. The ability to determine the presence of cocaine can be accomplished
by the identification and interpretation of abundances for two peaks (m/z 304 and
182) relating to the structure of cocaine. Abundance values for the two peaks
relating to cocaine were shown to have a small variance for different
concentrations of pure cocaine (Figure 28 and Table 6). The development of a
match criteria flow chart was enabled by the statistical interpretation of mass
spectrometer data for the presence of cocaine Figure 34. This framework was
applied to 25 unknown mock casework samples for the presence of cocaine
within 24 possible excipients.

The development and optimization of a predicative classification model for
the detection of cocaine within unknown samples was evaluated. Several models
based on chemometric techniques were utilized to determine which model was
most effective at identifying cocaine within complex mixtures. A model based on
principle component analysis with support vector machine regression using a
radial basis function kernel with Euclidean distance was determined to be the
most effective modeling technique. Further optimization of this model resulted in
error rate of less than 10% against 25 contrived street quality cocaine samples
that were unknown to the analyst at the time of analysis. Further analysis showed
that all samples that were incorrectly predicted by this optimized model were
false positive identifications.

A model based on the proprietary machine learning method known as

Spectral Attribute Voting gave an initial error rate of 0.52% after a 5 run 10 fold
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cross validation. When the model was tested against 25 unknown contrived
street quality cocaine samples the model correctly predicted the presence or
absence of cocaine 100% of the time.

5 FUTURE DIRECTIONS

Increased efforts in the ability to fragment cocaine would aid in further
probative value similar to the amount and variance of fragmentation seen in
electron impact mass spectra of cocaine. Further development of the ion optics
could increase the voltage settings of the skimmer focus, which in turn would
allow for greater induced voltage imparted onto cocaine allowing for increased
fragmentation. Adjustments to the ion optics could have an upper limit, if
increasing the ion voltages hinders ions from being efficiently guided into the
mass spectrometer. This could result in decreased abundance of ions and
inherently lower the sensitivity of the DART/MS platform.

This analytical platform could easily be expanded to include other drugs of
abuse and forensic interest that are normally cut with excipients as well.
Common controlled substances such as amphetamines, ecstasy, heroin, and
cathinones (bath salts) are all instances of illicit substances that may be part of
complicated multi component mixtures. The ability to identify common drugs of
abuse within mixtures without the use of chromatography would further aid
forensic laboratories in faster screening and confirmatory techniques compared

to GC/MS and LC/MS analytical platforms.
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Additional software and modeling development using the Analyze 1Q
software could enable the rapid detection and identification of the excipients
present within cocaine samples as well. Although not routinely examined, the
ability to detect these compounds could have probative value for route
determination and public health awareness. The use of this software is not
limited to the scope of cocaine mixtures either. Application to other illicit
substances (heroin, ecstasy, and cathinones) would aid in faster identification of
the illicit components as well.

It should be stated that quantitative modeling was never developed or
tested during this thesis. Quantification would enable the identification of percent
purity for active compounds and excipients within the sample. Although this does
not commonly occur within forensic laboratories today, the inclusion of these
quantitative measurements could also be of further probative value. This type of
software in both of its forms would greatly aid forensic laboratories as another
means to corroborate the interpretive findings of forensic analysts that can be
scrutinized for their subjective nature and lends itself to a more statistical

interpretive approach.
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