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Abstract: This manuscript outlines a straight-forward procedure for generating a map of similarity
between spectra of a set. When applied to a reference set of spectra for Type | fentanyl analogs
(molecules differing from fentanyl by a single modification), the map illuminates clustering that
is applicable to automated structure assignment of unidentified molecules. An open-source
software implementation that generates mass spectral similarity mappings of unknowns against a
library of Type |1 fentanyl analog spectra is available at http:/github.com/asm3-
nist/FentanylClassifier.

Keywords: Drug Identification, Fentanyl, Hybrid Match Factors, k-means Clustering, Mass
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1 Introduction

Compound identification is a fundamental task in forensic chemistry. A common tool towards this
process is mass spectral library searching [1-4]. The mass spectrum of an analyte is compared to
a database of spectra for known compounds, returning a hit list of entries with similar spectra to
the analyte. Ideally, top hits will provide an analyst adequate information to correctly infer the
identity of an analyte. It is important to note that the eventual classification of the analyte is still a
human task - the burden of identification resides with the analyst.

This manuscript introduces a natural extension to traditional mass spectral library searching — mass
spectral similarity mapping. In addition to returning a hit list of database entries with similar
spectra to the analyte spectrum, the mass spectral similarity mapping procedure generates a map
of spectral similarity between the hit list spectra themselves. The map can then be scrutinized using
numerical techniques. The objective of this extension is to provide analysts with additional
information which can improve confidence in identifying analytes, and may eventually lead to
automated classification with quantifiable uncertainty.
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2 Materials and Methods
2.1 Mass Spectral Library Searching

Several descriptions of mass spectral library search procedures have been presented in the
literature [5-7]. Revisiting these with self-consistent notation is necessary for comprehensive
discussion of the extension presented in this manuscript. To this end, we discuss mass spectra,
match factors, and library searching in the context of unit mass resolution mass spectra obtained
with electron ionization (EI) mass spectrometry.

Mass spectra: Let m,, = {m;,m,, ..., m,;} and a,, = {a4, a,, ..., a,,} be ordered sets of n mass-to-
charge values and relative abundances, respectively, in mass spectrum x. Note that a measured
relative abundance corresponds to a recorded mass: a,, = f(m,.). Spectrum x is easily represented
as a vector a;, of length m,,. Where each element is defined by

] = {m ifi € m, )

0 otherwise,

forall 1 < i < mypper and my, < mypper. In (1), the square root of relative abundance recorded in
the spectrum are elements of the representative vector. Other methods of transforming relative
abundance when constructing representative vectors, including mass weighting, have been studied
with varied success [5,8,9].

Match Factors: Accurately characterizing the similarity between pairs of spectra is integral to any
library search procedure. A commonly employed class of numerical approximations to mass
spectral similarity are match factors. This class of approximations are extensions to traditional
cosine similarity between two non-zero vectors. A simple match factor (sMF) between spectra x;
and x, is defined by,

(S @, [i] - a,[i])°

SMF (x1,%2) = [Cy - (X az, [i1%) - (Zia;z[i]z) ' @

where we use the notation |--] to indicate rounding to the nearest integer. For historical reasons,
match factors computed using (2) are implemented such that the constant C; is 999. Simple match
factors approaching C;, suggesting that the spectra are very similar, are computed between spectra
of molecules that contain fragment-ions with the same mass-to-charge values. Ideally, this means
the spectra are replicate measurements of one molecule that can then be uniquely identified.
However, some isomers and structural analogs also result in spectra with simple match factors
approaching C;. A hybrid match factor (hMF) between spectra x; and x, requires the known or
estimated molecular mass difference between the compounds producing the spectra, DeltaMass
(A1), be provided. The hMF is defined by,
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hMF(xl, .XZ, Al,Z) = SMF(XI, h) = SMF (xl, hsl(xl, xZ, AI,Z)) ) (3)

where hsl is an algorithm that constructs a hybrid spectrum, h, by allowing peaks from x, to be
shifted by DeltaMass such that its simple match factor with x, is maximized. Hybrid Match Factors
approaching C; occur between spectra of compounds that contain fragment ions with identical
mass or that are shifted by the molecular mass difference between the compounds. These are
typically spectra of analog molecules with structural modifications that only appear in a single
fragmentation pathway — cognates — as well as spectra associated with the same molecules with
large simple match factors. More details about simple and hybrid match factors can be found in
[5-7,10].

Library Searching: Let l = {l;,l,, ..., Ly} be a library of M measured reference spectra. Each
reference spectrum [; can be described as a vector using (1) and its associated simple and hybrid
match factors with a representative vector of a query spectrum, g, can be computed using (2) and
(3), respectively. A Simple Search, or Hybrid Search, of g will return a hit list of the reference
spectra in order of decreasing associated match factors. Several manuscripts describing the general
effectiveness of library searching can be found in the literature [5,11-13] as can recent examples
of the Hybrid Search applied to electrospray ionization tandem mass spectra [14-20].

2.2 Mass Spectral Similarity Mapping:

Given a set of spectra, x = {x;, x5, ..., X, }, We can create a similarity map, R,, as an n X n matrix
of pair-wise similarity between all elements of x. Each element of R, is computed as

R[i,j]1 = f(xi:xj) ) 4)

where the function ¢ is a mass spectral similarity measure such as (2) or (3), or others as outlined
in literature [21,22]. The square matrix R, is populated by non-negative real entries. Analysis of
the map, particularly when using commonly employed numerical algorithms, may benefit from
the map being symmetric. We can generate the symmetric similarity map S, as follows

Sy = 5(Rx + R, (5)
where R is the transpose of R,.. Note that if R, is itself symmetric, R, = RT = §,.. A dissimilarity

map based on S, can then be constructed

— =50 (6)

where 1,, is an n X n all-ones matrix, and & is the maximum score of the employed similarity
measure. If the set x is constructed as follows,
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ifi =1
x[i] = { lzl if2<i<N, (7)
where q is a query spectrum and [; € [ are library spectra as described in Section 2.1, and N =
M + 1 where M is the number of reference spectra in the library, the mass spectral similarity map
R, will contain all the information that would be obtained in a traditional library search of g against
library 1. We refer to the process of constructing a set x as in (7), generating maps as in (4) through
(6) as augmented mass spectral library searching because the resulting maps, which we refer to
as a hit maps, contain the hit list results of a traditional mass spectral library as well as additional
relationships between the hit list spectra.

3 Application of Mass Spectral Similarity Mapping to Fentanyl Analogs

The number of incidents of opioid abuse is a growing concern [23]. The rise of fentanyl and related
analogs, synthetic opioids with fast onset and high therapeutic index (see [24,25] and references
therein), is a major contributor to this social problem. Forensic practitioners struggle to provide
confident identifications when encountering novel designer fentanyl analogs [26]. This section of
the manuscript describes how constructing a mass spectral similarity map of fentanyl analog
spectra, as described in sections 2.1 and 2.2, can be used to determine whether a query spectrum
is a fentanyl molecule, or an analog that differs from fentanyl by up to two modifications.

Reference Set: The molecular structure of fentanyl is shown in Figure 1.

Figure 1: Molecular structure of fentanyl with potential sites for modification (as defined by the DEA [25]) labeled.

Fentanyl analogs can be usefully classified by the type and location of the structural modifications
by which they differ from a fentanyl molecule. For example, a-methyl fentanyl contains a methyl
addition on the a position of modification site “b”. The defined modification sites and structural
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scaffold in Figure 1 are an interpretation derived from the definitions provided in [27]. We
introduce the notion of fentanyl analog type in this manuscript, indicating the number of structural
locations (modification sites) by which an analog differs from the molecule fentanyl. For example,
a-methyl fentanyl is considered a Type | fentanyl analog, as it differs from fentanyl at a single
modification site. Type Il analogs have modifications in two locations, and so forth for Types Il1-
V. If an analog has two modifications that exist on a single modification site, it would be
considered a Type | analog. The spectra and structure information for all Type I fentanyl analogs,
along with the spectrum for the molecule fentanyl, contained in the Scientific Working Group for
the Analysis of Seized Drugs (SWGDRUG) Mass Spectral Library version 3.3 [28] form the
reference set, or library, used in this investigation. The library totals 44 mass spectra, all unique
compounds (no replicates).

Mapping: Following the methods outlined in Section 2.2, a map of the Type I fentanyl reference
set can be generated. As we are primarily concerned with classification as a step toward
identification in this study, we exclusively employed hybrid similarity match factors to
approximate spectral similarity when generating maps. Multidimensional Scaling (MDS) is a
procedure for representing measurements of dissimilarity among pairs of objects as distances
between points in a low-dimensional space while preserving correlations from the original data as
best as possible [29-32]. While other techniques for looking at high dimensional data have been
employed in forensic applications [33-35], MDS has previously been successfully applied to
studying the quality of mass spectral libraries [36], motivating its application in this context. By
using MDS to project the Type | fentanyl analog dissimilarity matrices down to two dimensions,
we can easily visualize the space. We refer to this 2D projection as mass spectral similarity space.
Figure 2a illustrates the mass spectral similarity space of the Type | fentanyl analog reference set
using non-metric MDS as implemented in the MASS package in R [37,38], where the axes p and
q denote the two dimensions that result from this MDS analysis.
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Figure 2: (a) Mass spectral similarity space of the Type | fentanyl analog reference set visualized by non-metric
Multidimensional Scaling of dissimilarity matrices generated using hybrid similarity match factors and the methods outlined in
Section 2.2. Each point in the mass spectral similarity space represents a mass spectrum of a molecule and its coloring indicates
at which modification site it differs from fentanyl (labeled 13, in red). Groups 1-3 were discovered through k-means clustering of
the mass spectral similarity space data, with bold black dots indicating cluster centers and dotted outlines indicating the 50%
(inner) and 95% (outer) confidence ellipse around each center. (b) Spectra associated with points 13, 28 and 9 in spectral
similarity space.
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Spectral Related Index (SRI): Defined for the first time in this manuscript, the spectral
relatedness index (SRI) between any pair of mass spectra is given by

hMF (x;, x;
SRIxi_x], = #

max (0, dxi,x].) , (8)

where hMF (x;, x;) is the hybrid match factor between mass spectra x; and x;, AMF* is a constant
999, indicating the maximum computable hybrid match factor, and

\/(pxi - pxj)z + (qxi - ij)z (9)

C, ’

Ay, =1

where (py;, qx,) and (pxl., qxj) are the coordinates of the points representing mass spectra x; and x;,

respectively, in 2D mass spectral similarity space (Figure 2a) and C, is an algorithmic parameter
indicating the maximum distance of interest between points in mass spectra similarity space. In the
present implementation of the algorithm, C, is set to /8, the computed distance assuming that
coordinates differ by two units in both directions, beyond which the spectral related index is
unlikely to be informative. The optimal value of C, will depend on how well clusters separate in
similarity space and may vary greatly for different classes of compounds and spectra. The SRI
provides a useful and complimentary indicator when match factors alone are ambiguous.

Clustering: Visualizing the spectral similarity space of the Type | fentanyl analog reference set
discloses three distinct groups of mass spectra (see Figure 2a) which we refer to as Groups 1, 2,
and 3. The existence and nature of these groups was unanticipated prior to employing our mapping
and performing an MDS analysis of the results. Group 1 spectra generate high match factors
without shifted peaks. Group 2 spectra have a single major peak (the base peak) shifted by
precisely the mass difference between the analog and fentanyl. Group 3 spectra have three major
shifts by the mass difference between the analog and fentanyl. Some broad observations can be
made about the resulting groups: typically, spectra of Type | fentanyl analogs with a modification
on site a or b were in Group 1, spectra of analogs with a modification on site e were in Group 2,
and spectra of analogs with a modification on site d were in Group 3. While these observations
appear to be valid in a majority of compounds tested, an exception is a-methyl fentanyl which has
a modification on the a carbon of site b yet falls into Group 3. This unique example illustrates how
classes determined by structure, as categorized by the DEA [27], may not always be reflected in
the mass spectra; the common cleavage site of fentanyl analogs is the bond between the « and £
carbons and so any modification on the a carbon will result in a shifted fragment (see Figure 2b).
A recent investigation of fentanyl analogs using EI coupled with high-resolution mass
spectrometry has illuminated several fragmentation pathways [39]. Analogs in the reference set
with a modification on site ¢ were contained in either Group 2 or 3 depending on the modification.
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In particular, carfentanil is located just outside the 0.95 ellipse centered around Group 2, and 3-
methylfentanyl lands within Group 3, near the ellipse center.

Heuristics for automated structure proposal for a query mass spectrum: Given a mass spectral
similarity map constructed through augmented library searching (see Section 2.2) of a query mass
spectrum against the Type | fentanyl analog reference set, a preliminary set of tests with just the
hit list can be used to decide whether or not the query is a fentanyl, Type | or Type Il analog. A
flowchart summarizing these tests is provided as Figure 3.
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1. Are there any entries in the hit list .
no Unlikely that query mass

with match factor greater :han — spectrua Is a fentanyl or Typel
match factor cutoff (MFC)? or Il fentanyl analog.
An example MFC is 650.

1 yes

2. Does the library spectrum of — Likely that query mass spectrum
fentanyl have a match factor greater is a Type Il fentanyl analog.
than the MFC?
lyes
3. Does the entry for fentanyl L Likely that query mass spectrum
have a DeltaMass of 0? is a Type | fentanyl analog.
1yes
4. Does the library spectrum of yes ; Likely that query mass spectrum
fentanyl have a match factor greater is a fentanyl.

than the (a x MFC) and spectral
related index greater than spectral

relatedness cutoff (SRC)? no Query may be fentanyl but

ectra is of po ality.
An example a is 1.2 and an example spectta s otpoorquality

SRC is 0.85.

Figure 3: “Fentanyl Type” decision-making heuristic for determining the likely classification of an unidentified compound from
its electron ionization mass spectrum searched against the Type | fentanyl analog reference set. The example match factor cutoff
(650), a value (1.2), and spectral relatedness cutoff (0.85) were empirically determined for a small set of examples.

Once determined that a query is a Type | or Il fentanyl analog, assessment of spectral similarity
space can suggest a potential structure. If deemed a Type | analog, the probable site at which the
query differs from fentanyl is determined by the group in which the query spectrum lands as a
point in spectral similarity space. Specifically, the distance between the query point and each group
center point is computed using (9) where, for example, (py,, q,) are the coordinates of the query

point and (pxj, ij) are the coordinates of a group center point. If the query point to Group 1 center

point has the shortest distance, the query likely differs from fentanyl by a moiety on site a or b.
Similarly, if the shortest distance is measured to the Group 2 center point the query is likely a
fentanyl analog modified on site e, and the query is likely a fentanyl analog modified on site d if
the shortest distance measured is to the Group 3 center point. Additionally, if a spectrum within
the reference set is representative of the analyte, as determined by a large hMF and SRI with the
query spectrum and a DeltaMass value of zero, then the probable moiety by which the analyte
differs from fentanyl can be determined.

The probable sites of modification for a Type Il analog query are determined by the two group
centers with shortest distances to the query point in spectral similarity space. For example, if the
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shortest distances to the query point are from the center of groups 2 and 3, the query is likely
modified at sites d and e. As there are no Type Il analogs in the reference set, the determination of
the potential moieties by which the Type Il analog query differs from fentanyl is done indirectly.
Every Type Il fentanyl analog will be a cognate to exactly two Type | analogs. For example, the
Type 1I fentanyl analog “para-methyl-acetylfentanyl” is a cognate with “acetylfentanyl” and also
with “para-methylfentanyl” (See Figure 4). For a given Type Il fentanyl analog, we refer to the
pair of Type | analogs to which it differs from each by a single modification as composing cognates
of the Type Il analog. The potential composing cognates of a query are identified as the spectra
within the two previously identified modification groups with hybrid match factors greater than a
match factor cut-off (e.g. 850). If no such spectra are contained in the reference set, and thus the
groups, the fentanyl classifier cannot give more information than the probable sites of
modification.
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Figure 4: A visual demonstration of the "composing cognate™ concept. Acetyl fentanyl (b) and Para-methyl fentanyl (c) are Type |
fentanyl analogs, each differing from fentanyl (a) by a single modification that affects only a single fragmentation pathway; they
are cognates with fentanyl. Additionally, (b) and (c) are composing cognates of the Type Il fentanyl analog Para-methyl acetyl
fentanyl (d) as they are the only cognates that are Type | analogs. Note that the pairs (a) and (d) and the pairs (b) and (c) are not
cognates as the molecules differ by more than one modification.
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Performance Evaluation: A prototype implementation of the mapping and heuristic structure
proposing algorithms, together referred to as the NIST Fentanyl Classifier (NFC), is available at
http://github.com/asm3-nist/FentanylClassifier.

The NFC was assessed using replicate spectra of fentanyl itself, replicate spectra of the Type |
fentanyl analogs contained in the training library, spectra of Type | fentanyl analogs not
represented in the library, spectra of Type Il fentanyl analogs, and spectra of non-fentanyl
compounds. An example usage is shown as Figure 5. In general, the NFC correctly classified
compounds and proposed correct structures, or the structure of an isomer. Specific instances where
the classifier did not perform well are highlighted.

1. Replicates of Type | fentanyl analogs with modifications on site a and b were correctly
classified as Type | analogs, however, their modification sites were confused. This is to be
expected as most analogs with modifications on sites a or b both fall into Group 1 (see Figure
2a), where the modification occurs on a common neutral loss of fentanyl. Modifications that
occur on common neutral losses are impossible to distinguish by match factors.

2. Type I fentanyl analogs where the n-ethyl chain of site b was replaced by an n-methyl chain
demonstrated fragmentation that greatly differed from other fentanyl analogs. As a result, they
were incorrectly classified as non-fentanyls. It is worth noting, however, that these compounds
do not fit under the interpretation of the DEA guidance on fentanyl related compounds.

3. In Type Il fentanyl analogs, if the spectra of each composing cognate belonged to the same
cluster in spectral similarity space, the Fentanyl Classifier would “incorrectly” classify the
compound as a Type | fentanyl analog with a modification not represented within the library.
An example of this is g-hydroxythiofentanyl (Type 1) where g-hydroxyfentanyl (Type I) and
thiofentanyl (Type I) cluster in Group 1.

4. Of considered test cases, there were three examples where a compound that is not considered
a fentanyl analog by the DEA ruling was classified as a Type | or Il fentanyl analog. In all
three cases, the compounds were analogs of 4-ANPP and shared several features with fentanyl.
These structures and the Fentanyl Classifier proposed structures are shown in Figure 6.

It should be noted that additional scenarios that challenge the performance of the Fentanyl
Classifier may arise as the tool is continually tested with authentic samples from case work.
Specifically, it is unclear how robust this method will be to ion intensity variations as may be
encountered in real applications.

The methodology presented in this manuscript is only applicable to classification of Type | and
Type Il fentanyl analogs. Extension to Types I11-V fentanyl analogs is an ambitious task. Hybrid
match factors have clearly proven valuable in defining clusters and learning relationships between
spectra that differ by a single modification. Accordingly, a methodology for investigating Type Il
fentanyl analogs would require a reference with adequate coverage of composing Type Il fentanyl
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cognates. It is unclear a priori how many Type Il fentanyl analogs are necessary to observe distinct
groups (if any), and we are limited by the number of Type Il fentanyl analog spectra available.
One approach may be developing a new match factor capable of capturing similarity between
spectra from compounds that differ by two or more modifications, allowing us to leverage our
existing Type | fentanyl analog reference set.

Exploring the efficacy of other measures of spectral similarity to generate spectral maps would be
a natural extension to this work. For example, there are several recent manuscripts exploring
statistical approaches that assign likelihoods of correct identification [40,41]. Combining such
approaches with clustering methods presented here could provide a quantifiable uncertainty with
a proposal of possible or likely structure. Additionally, revisiting statistical procedures employed
by the Fentanyl Classifier with a focus on optimization would be a fruitful endeavour. At present,
the choice of MDS to two dimensions and k-means clustering was aided by the experience of the
authors, but it is possible that better classification can be attained using alternative methods of
dimension reduction, such as principal component analysis, or refined clustering schemes.
Considering higher dimensions with MDS and optimizing parameters is also future work of
interest.

The present implementation is not capable of distinguishing positional isomers when proposing
structures. Incorporating recent advancements in isomer identification [42] would strengthen the
capabilities of our methods and the incorporation of these ideas into the Fentanyl Classifier is on-
going work.
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Figure 5: An example usage of the methodology to propose structure of an experimental query spectrum. A query spectrum is
searched against the reference set. “Spectral similarity space” illustrating query and all reference spectra is generated. Based
on the hit list and spectral similarity space, Fentanyl Classifier determined that the query spectrum was a Type |l fentanyl
analog. One of the Type | composing cognates was not in the reference set and so only the modification site was indicated in the
proposed structure. A full implementation of the methodology is available at http://github.com/asm3-nist/FentanylClassifier.
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Figure 6: 4-ANPP analogs incorrectly classified as Type | or Il fentanyl analog.
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4 Conclusions

This manuscript described a method to generate mass spectral similarity hit maps from EI mass
spectra, and reported on the efficacy of this methodology when applied to a reference set of
fentanyl analogs. In particular, generating a hit map of Type I fentanyl analogs illuminated clusters
that can then be employed to classify spectra of designer fentanyl analogs. When a reference
spectrum of the query is contained in the reference set, the map can predict the compound structure
with reasonable accuracy. It was shown that the spectra of Type | fentanyl analogs fall into three
groups based on the number of shifted peaks necessary to generate a high hybrid match factor with
fentanyl. Extending the fentanyl classification methodology to (i) better distinguish positional
isomers, and (ii) to investigate Types I11-V fentanyl analogs, is ongoing work.
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