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ABSTRACT: While a significant body of work exists on the detection of commonly known trichothecene toxins, biological, 
environmental, and other transformational processes can generate many under-characterized and unknown modified 
trichothecenes. Lacking both analytical reference standards and associated mass spectral databases, identification of these 
modified compounds reflects both a challenge and a critical gap from forensic and public health perspectives. We report 
here the application of machine learning (ML) techniques towards identification of discriminative fragment ions from mass 
spectrometric data that can be exploited to detect evidence of type A and B trichothecenes. The goal of this work is to es-
tablish a new, complimentary method for the identification of unknown, though structurally similar trichothecenes by lev-
eraging objective ML techniques. Discriminative fragments derived from a series of gradient boosted machine learners are 
then used to develop ML-driven precursor ion scan (PIS) methods on a triple quadrupole mass spectrometer (QQQ) for 
screening of “unknown unknown” trichothecenes. Specifically, we apply the PIS method to a laboratory-synthesized 
trichothecene, a first step in demonstrating the power of alternative methods for screening that rely on machine learning-
driven mass spectrometric methods.

Trichothecenes are secondary metabolite toxins produced 
mainly by the Fusarium genus of fungi and are frequently 
found as contaminants in the food supply chain, affecting 
approximately 25% of the global food and feed crop out-
put.1,2,3 This broad class of compounds includes approxi-
mately 180 known analogs, many of which are toxic to both 
humans and animals.4,5,6 

These toxins are sesquiterpenes, containing a common tri-
cyclic 12,13-epoxytrichothec-9-ene moiety. They are di-
vided into four classes according to structure:  type A has an 
-OH, ester, or hydrogen at the C-8 position, type B has a C-8 
keto group, type C has a second epoxide group, and type D 
includes more complex, macrocyclic compounds. Types A 
and B are produced by Fusarium species, while type C and 
D are not.7 The figure in Table 1 shows the generalized 
structure of type A and B trichothecenes, while the table it-
self highlights the structural differences among the studied 
toxins.  

Though food and feed regulations restrict exposure to sev-
eral key trichothecenes, potential exposure to toxins that 
have been chemically modified by plant or animal metabolic 
processes remains an acute concern. Major metabolic path-
ways such as hydrolysis, hydroxylation, deepoxidation, and 
conjugation8 have the potential to produce a large number of 
compounds from a small number of secondary metabolites; 
and while many of these compounds have been character-
ized, it is reasonable to assume many more so-called “mod-
ified trichothecenes” exist that are under-characterized or al-
together unknown.  

Conventional analytical screening techniques routinely 
miss and underestimate the total toxin content in contami-
nated food due to a lack of metabolic knowledge and poor 
availability of analytical standards of modified trichothe-
cenes. Developing new and alternative analytical chemistry 
workflows that screen for trichothecene presence is therefore 

urgently needed for forensic analysis of biological and agri-
cultural samples. 

Comparison of mass spectral data of unknowns to those in 
databases is the most common approach for correlating 
structural relatives of known compounds. This method is 
only applicable to “known unknowns” for which database 
data of the related compounds are available. Several alterna-
tive but complementary strategies have been developed to 
identify “unknown unknown” toxins using untargeted ap-
proaches. The retrospective analysis of high-resolution mass 
spectrometry (HRMS) data has been used most fre-
quently.9,10 Another nontargeted strategy has involved data 
independent MS/MS analysis for screening and quantitation 
of secondary metabolites in green tea11 and cruciferous veg-
etables.12 

A final example is the use of precursor ion scans on triple 
quadrupole mass spectrometers (QQQ). Fragment ions com-
mon to compounds sharing structural features are scanned 
for in Q3 of the mass spectrometer, then Q1 is interrogated 
for the precursor ions producing those fragments. By screen-
ing for fragment ions claimed to be specific to type A 
trichothecenes, several toxin analogs not previously de-
scribed from an F. sporotrichioides strain were reported.7  

The work cited above is to our knowledge the only publi-
cation focusing on the direct determination of MS features 
common to a subset of trichothecenes. In this and related lit-
erature, however, features deemed discriminative are gener-
ally determined subjectively. These diagnostic fragment 
ions are frequently those most easily discerned by eye from 
retrospective data analysis. Meanwhile, low intensity ions 
that are potentially statistically relevant are not discussed, 
likely due to the difficulty of manually extracting meaning-
ful, low intensity features from complex datasets.  

Broadly speaking, methods like multivariate statistical 
analysis and other techniques common to machine learning 
(ML) make possible the objective analysis of complex, large 



LLNL-JRNL-858297 

data sets. They can be used to identify predictors (i.e., meas-
ured variables) statistically relevant for discrimination and 
allow for classification of unknown compounds based on 
training data from known chemicals. Much of this work, 
however, has largely been directed towards metabolomics 
and related fields.13,14,15 

The work reported herein focusses on supervised statisti-
cal analysis of LC-MS/MS data from a panel of commer-
cially available type A and type B trichothecenes. Mass 
spectral features differentiating the two toxin classes are 
identified from ML learners trained on high-resolution accu-
rate mass data and are used to direct a new detection strategy 
for modified trichothecenes. In the current research’s con-
text, the goal of applying machine learning is not to generate 
and apply a classifier to unknown data as is often done. Nor 
is it the intent to provide a more sensitive detection method 
as compared to orbitrap and other high-resolution MS tech-
niques. Instead, it is to identify fragments important for 
trichothecene classification and develop a broadly imple-
mentable MS method leveraging those discriminatory pre-
dictors, which can more specifically target unknown 
trichothecenes and compliment other MS-based techniques. 
Limitations of the current strategy and opportunities for fu-
ture study are also discussed. 

EXPERIMENTAL SECTION 
Chemicals. T-2, HT-2, DAS, 3-AcDON, DON, 15-AcDON, 15-AcS, 
NEO, T-2-4OH, T-2-3OH, and NIV were received as powders from 
Cayman Chemical (Ann Arbor, MI, USA). FX was also received from 
Cayman but as a 1 mg/mL solution in dichloromethane. Additional 
samples of T-2, HT-2, and DAS were purchased from Toronto Re-
search Chemicals as powdered material. DEDON and DON-3G were 
obtained from Sigma-Aldrich (St. Louis, MO, USA) as 50 µg/mL so-
lutions in acetonitrile. When possible, toxins were prepared as 1 
mg/mL stock solutions in LC-MS-grade acetonitrile (Optima™ 
grade, Fisher Scientific). Tri-ACDON was synthesized in house, and 
details can be found in Supporting Information. 
Sample Preparation. For LC-HRMS analysis, stock solutions were 
diluted with 50% (v/v) acetonitrile/Milli-Q water to a concentra-
tion of 100 µg/mL, then further diluted with 50% (v/v) acetoni-
trile/Milli-Q water to 10 µg/mL working stocks. Working solutions 
were diluted to 500 ng/mL in 2:1:1 water:acetonitrile:methanol 
for analysis.  
HRMS Analysis. MS acquisition was performed on a Thermo Sci-
entific Q Exactive HF-X mass spectrometer operated using heated 
electrospray ionization in positive mode. The MS was used with 
high resolution accurate mass to ≤3 ppm. A 3 min MS experiment 
was composed of a full MS spectrum (m/z 100–1500) at a resolving 
power setting of 240,000 (full width at half maximum (FWHM) at 
m/z 200) followed by MS/MS acquisition (minimum m/z 50) at re-
solving power of 45,000 (FWHM at m/z 200). Final collision ener-
gies for data used for subsequent machine learning were chosen so 
1% to 10% of the parent ion remained. In most cases, the toxins’ 
[M+NH4]+ adduct provided the best signal-to-noise for the direct 
infusion runs. [M+H]+ data of 3-AcDON, DON, DEDON, and NIV 
were used, however, which was deemed acceptable since MS/MS 
fragmentation of ammonium and hydrogen adducts were observed 
to be highly similar. Data were exported to a .csv using Thermo’s 
Xcaliber Qual Browser software by averaging over 20 consecutive 
acquisition time points and using the ‘Export to Excel’ function. No 
other processing of the data was performed apart from seven-point 
Gaussian smoothing prior to export. Data for statistical analysis 
were generated via infusion in triplicate, resulting in 42 MS spec-
tra. A table of collision energies and adducts is given as Table SI1 
in Supporting Information. 

Precursor Ion Scans. Precursor ion scan experiments were con-
ducted using a Thermo Scientific Altis triple quadrupole MS. In 
these experiments, specific fragments are scanned in the Q3 of a 
triple quadrupole, and Q1 is interrogated for the precursor ion con-
nected to those fragments. Mobile phases used were A = water/5 
mM ammonium formate/0.1% formic acid and B = methanol/5 mM 
ammonium formate/0.1% formic acid. The solvent gradient was 
12 min long using a one-minute initial hold at 0% B, a 0% to 50% 
B linear gradient over 2.25 minutes, a 50% to 65% linear gradient 
over 2.75 min, a 65% to 100% linear gradient over 1 min, a 2 min 
hold at 100% B, followed by reequilibration for 3 min at 0% B. 3 µL 
of the 500 ng/mL samples were injected into the LC-MS/MS for 
analysis.  
Multivariate Statistical Analysis. The machine learning methods 
used in this work were adapted from those applied to several stud-
ies we have previously published.16,17,18 HRMS data were imported 
and processed by machine learning code using the R programming 
language.19 LC-HRMS data were binned into 0.05 amu bins. Each 
mass spectrum was then normalized to its base (i.e., most intense) 
peak (base peak normalized to intensity = 100). Packages used in 
the analyses were caret,20 corrplot,21 MASS,22 doMC,23 Boruta,24 re-
shape, gplots, RColorBrewer, and dplyr. Data preprocessing, reduc-
tion and filtering, and generation of data plots were performed us-
ing algorithms native to R and the above packages. 
Variable reduction was performed using the Boruta algorithm. This 
supervised feature selection method removes irrelevant predic-
tors. The remaining predictors were reordered in descending var-
iable importance. Classification models were developed using the 
gradient boosted trees (GBM) algorithm.25 We continue to use this 
method, as it – along with other feature selection algorithms - is 
generally recognized to be robust against overfitting, which 
plagues limited data sets.26 See further discussion below. 

RESULTS AND DISCUSSION 
All Relevant Feature Selection. Preprocessing of the LC-

HRMS data was performed as described in the Methods sec-
tion above. Data were binned to small m/z ranges to align the 
spectra. Boruta analysis, a random forest-based feature se-
lection algorithm, was then applied to identify those predic-
tors not relevant for classification of trichothecenes. This 
process serves to reduce the dimensionality of the data by 
discarding non-discriminative predictors while retaining all 
potentially relevant predictors. This and related procedures 
are commonly used when analyzing “high dimension, low 
sample size” (HDLSS) datasets common in chemistry. Note 
the algorithm has no adjustable parameters,. 

Results from training the Boruta algorithm (at a p-value of 
0.01) to discriminate between type A and type B trichothe-
cenes showed a 99.3% reduction in the set of 9187 predictors 
(i.e., MS/MS data bins), resulting in only 67 relevant predic-
tors. This removal of statistically irrelevant predictors re-
duces the potential of model overfit, avoids introducing un-
necessary noise, and allows for more tractable interpretation 
of results.. 

Classification Model Optimization. After conducting 
Boruta dimensional reduction, a gradient boosted tree clas-
sification model was optimized on the remaining 67 predic-
tors to discriminate between type A and type B trichothe-
cenes. The tunable GBM parameters of minimum terminal 
node size and interaction depth were observed to have little 
effect on model performance and were set to one (see Figure 
S1 in Supporting Information). Shrinkage, however, im-
pacted cross validated accuracy and was set at s = 0.005 as a 
compromise between good generalization and having too 
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slow a learning rate. With these parameters optimized, the 
optimum number of boosting iterations was determined to 
be 24. This number comes from ~1.5 times the number of 
trees at which the standard deviation of CV accuracy went 

to zero at s = 0.005. Standard deviation was calculated using 
results of 100 individual models for a given number of trees.  
 

Table 1. (Top) Generalized structure for type A and type B trichothecenes. Moieties for R1 through R5 and their relation to 
specific toxins are given in the table below. R5 represents a moiety at the C-8 position of the base trichothecene structure. 
(Bottom table) Summary of the trichothecene panel investigated in this study. Refer to the generalized toxin above the table 
to derive the structure of a specific trichothecene. Note type B trichothecenes all have a ketone group at the R5 position.  
“OAc” and “Oisoval” refer to acetyl and isovaleryl (3-methylbutanoate) groups, respectively.  

 

Trichothecene Type R1 R2 R3 R4 R5 

T-2 toxin (T-2) A OH OAc OAc H Oisoval 
HT-2 toxin (HT-2) A OH OH OAc H Oisoval 
Diacetoxyscirpenol (DAS) A OH OAc OAc H H 

T-2 tetraol (T-2-4OH) A OH OH OH H OH 

T-2 triol (T-2-3OH) A OH OH OH H Oisoval 
Neosolaniol (NEO) A OH OAc OAc H OH 

15-Acetoxyscirpenol (15-AcS) A OH OH OAc H H 

Deoxynivalenol (DON) B OH H OH OH =O 

3-Acetyldeoxynivalenol (3-AcDON) B OAc H OH OH =O 

15-Acetyldeoxynivalenol (15-AcDON) B OH H OAc OH =O 

Fusarenon-X (FX) B OH OAc OH OH =O 

Nivalenol (NIV) B OH OH OH OH =O 
Deepoxydeoxynivalenol * (DEDON) B OH H OH OH =O 

DON 3-glucoside ** (DON-3G) B OGlu H OH OH =O 

* A deoxynivalenol (DON) metabolite where the epoxy moiety has been cleaved to give an ethene group; ** A DON metabolite where a 
glucoside group (“OGlu”) has condensed with the hydroxyl moiety at the R1 position.

A type A/B classification model was trained using these 
optimized values. Cross-validated accuracies of the train-
ing set showed these training data could be classified accu-
rately for all MS spectra/samples considered (accuracy and 
kappa both equaled 1.0). We refer to this model as the “op-
timized model.”  

Gradient boosted trees are attractive algorithms because 
they offer a natural way of quantifying the relative influ-
ence of each feature on the final model. This influence is 
most frequently parameterized through “variable im-
portance” (VI). The variable importance of predictors re-
vealed this optimized type A/B model only required a sin-
gle fragment ion to discriminate between the two toxin 
types, m/zbin 165.1. That is, the VI of m/zbin 165.1 was 
shown to be 100; no other predictors were needed to dif-
ferentiate between type A and type B toxins. 

Discriminative Fragment Ions. Upon examination of 
the raw MS data, the corresponding fragment ion accurate 
mass was found to be m/z 165.0908 (±1.5 ppm). No other 
significant exact masses fell in this 0.05 m/z range in any 
of the HRMS data. Considering probable formulae for this 
exact mass, this fragment most likely corresponds to 
[C10H12O2 + H]+. Considering shared structural features of 
type B trichothecenes, this fragment likely includes the R4 
and R5 groups and the cyclohexene ring of the toxins.  

Examination of the normalized binned data (see Figure 
1) for m/z 165.1 reveals the predictor strongly indicates a 
type B trichothecene, with only trace normalized signals 
(<1.0) for type A toxins. This plot also suggests why the 
classification model only requires a single predictor to dis-
criminate between the two toxin types.  

O

O

R5 R4

R3

R1
R2
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The plotted m/zbin 165.1 data in Figure 1 also provide the 
first suggestion that manual curation of data is unlikely to 
identify statistically significant discriminative fragment 
ions from MS/MS data. Firstly, the nonzero normalized in-
tensity for type A toxins may cause m/zbin 165.1 to be prem-
aturely ruled out through manual data analysis. Secondly, 
the normalized responses of m/zbin 165.1 for type B toxins 
span a significant range of values: from 0.8 for NIV to 20.5 
for DEDON. This variability may also lead the analyst to 
exclude m/zbin 165.1 as important. Figure 1, however, vis-
ualizes the potential predictive power of this fragment, 
which the classification model objectively found highly 
statistically significant. 

 

Figure 1. Normalized intensities of the top three ions (m/zbin 
165.1, 137.05, and 128.95) discriminative for type B toxins. 
Fragment m/zbin 165.1, the most important predictor, was the 
only fragment needed by the optimized model to differentiate 
type A from type B toxins. Fragments m/zbin 137.05 and 
128.95 were the derived from the modified model (see fur-
ther discussion in the text). Values are normalized intensity 
averages over triplicate spectra; standard deviation of meas-
urement not shown to reduce visual clutter. Sums of the three 
ions’ responses are given vertically above the bars.  

Still, additional ions would be useful to help minimize 
false positives in identification/classification, akin to quan-
tification by MS techniques, which relies on “qualifier” 
ions in additional to the principal “quantifier” ion. We en-
visioned an approach to identify such “ML qualifying” 
ions by modifying the optimized classification model by 
increasing greatly the number of trees, in a sense forcing 
an overfit. This intentionally non-optimal learner identified 
additional fragments – again quantified through variable 
importance – potentially diagnostic for classification. 1500 
trees were chosen for this overfitted model, and we refer to 
this model as the “modified model.”  

Normalized responses for the top three predictors (as-
sessed through their variable importance in the modified 
model, VI) are given in Figure 1. These discriminative 
fragment ions, in addition to m/zbin 165.1 (VI = 83.2, the 
optimized model also determined this to be the most im-
portant variable), were 137.05 (VI = 7.0) and 128.95 (VI = 
2.20). All three m/zbin were strongly indicative of type B 

trichothecenes and shows m/zbin 137.05 and 128.95 are 
both good discriminative “ML qualifier” ions.   

All the ions considered so far have been exclusively in-
dicative of type B trichothecenes. It seems understandable, 
then, that only a single fragment be needed for a classifier 
aimed at two classes. For example, if the relative intensity 
of a fragment associated with type B toxins is low, then it 
might be assumed the toxin is of type A. This logic does 
not, however, extend easily to analyses aimed at screening. 
Real, complex samples will contain many compounds at 
various concentrations, and methods for identifying the 
presence of a toxin will require screening multiple frag-
ment ions. Ideally, a useful screening method will also ex-
plicitly incorporate type A-specific fragments as well.   

Returning to the modified model’s VI metrics, the fourth 
most important variable was found to correlate with type 
A toxins. Normalized responses for m/zbin 217.15 (VI = 
1.55) are shown in Figure 2. Note while the relative re-
sponses are relatively low (< 2.5%), this fragment ion dis-
plays good discriminative ability. There exists, however, 
significant signal for the type B DEDON. HRMS data re-
vealed the accurate masses of the fragments were the same 
for all compounds: m/z 217.1124 with no other competing 
peaks in this bin. This mass corresponds to [C14H16O2 + 
H]+ at 217.1123 (mass error = 0.2 ppm). Though the accu-
rate mass is the same for DEDON and type A toxins, 
screening for other type B-specific fragments would help 
bolster a putative trichothecene identification and toxin 
class assignment. 

Using the modified model, three additional, type A 
“qualifier” fragment ions were identified, m/zbin 105.05, 
169.1, and 215.1.  Responses are shown in Figure 3. All 
three “qualifier” ions are more intense than the “best” pre-
dictor, m/zbin 217.15, from Figure 2; but their discrimina-
tive importance is not as large, particularly considering the 
poor overall response from 15-AcS and the positive, often 
intense responses for type B toxins.  

Firstly, fragment m/zbin 215.1 was found to be diagnostic 
for most type A toxins and was often the base peak of the 
MS data. Notable exceptions were the two scripenol-based 
toxins, DAS and 15-AcS. The work of Gonzáles-Jartín7 
also demonstrated this fragment is indicative of type A 
trichothecenes, but the present data suggest scripenol-
based toxins would go undetected if only m/z 215.1 was 
used as a screening fragment. The same is true for the two 
other diagnostic ions Gonzáles-Jartín, et al. suggested:  m/z 
245.1172 and 197.0961. All three ions are not present in 
DAS and 15-AcS data. This fact is likely related to the hy-
drogen atom at the R5 position of these two compounds. 
The other five compounds all have an OH in that position 
either natively (NEO and T2-4-OH) or from losing an iso-
valeryl group during MS/MS fragmentation (T-2, HT-2, 
and T2-3-OH). These differences are expected to signifi-
cantly alter the fragmentation chemistry of DAS and 15-
AcS relative to the other five type A trichothecenes, as a 
R5 hydroxyl can be liberated through a loss of water, which 
is not possible for either DAS or 15-AcS. The dissimilar 
fragmentation of these two compounds emphasizes the 



LLNL-JRNL-858297 

importance of both identifying and employing a panel of 
diagnostic fragments using larger toxin panels. 

 

Figure 2. Normalized responses of predictive fragment ion 
m/zbin 217.15, which correlates well with type A trichothe-
cenes. DEDON is an exception, but it can be confirmed using 
type B-specific fragment ions. Intensities are averages of the 
triplicate MS data. 

Precursor Ion Scan-based screening of Trichothe-
cenes. Using the diagnostic fragment ions identified above, 
mixtures of known trichothecenes were investigated using 
precursor ion scans (PIS) on a QQQ-MS. The goal of these 
experiments was to investigate the extent to which the ML 
results can be used to drive the creation of practical, imple-
mentable MS-based screening techniques. A QQQ was 
employed for the ability of its PIS experiment to provide 
parent masses from targeted product ions when parent 
compounds are not a priori known.  

PIS methods were generated for each of the seven diag-
nostic fragments derived from the modified classification 
model summarized in Table 2. The table gives the exact 
masses for the fragments (from the HRMS data) in addition 
to the most probable empirical formulae. For discussion 
that follows, also refer to the PIS chromatograms shown in 
Figures SI2 and SI3 of Supporting Information. Results 
from applying these methods to separate type A and type 
B mixtures suggest the methods display good potential for 
screening for trichothecenes in general. For the type A 
method, the top three ions (the preferred m/z 217.1 and two 
qualifiers, m/z 105.1 and 169.1) show signals for all seven 
type A toxins. Only DAS and 15-AcS lacked visible signal 
for m/z 215.1, consistent with the HRMS data shown in 
Figure 3.  

In general, detectable signal, though low compared to 
those from type A toxins, was observed for some type B 
toxins using the type A method. For example, there is a 
significant peak at 4.20 min in the m/z 217.1 PIS data (Fig-
ure SI2.B1). This feature belongs to FX. Note from Table 
2 the targeted high resolution fragment for this screen is 
m/z 217.1224, or [C14H16O2 + H]+. Cross-referencing the 
HRMS data shows response for FX at m/z 217.0865, 

however, corresponding to [C13H12O3 + H]+ (mass error = 
0.5). The use of a nominal mass instrument would there-
fore result in a false positive type A identification if only 
m/zbin 217.1 were targeted.  
Table 2. Trichothecene type-specific fragment ion exact 
masses determined from raw HRMS data and their corre-
sponding molecular formulae, theoretical m/z, and mass 
error. 

Type Meas. m/z Fragment ion 
empirical for-

mula 

Theor. 
m/z 

Mass 
error 
(ppm) 

A 

217.1224* [C14H16O2 + H]+ 217.1223 0.5 
105.0700 [C8H8 + H]+ 105.0699 1.0  
169.1010 [C13H12 + H]+ 169.1012 -1.2 
215.1066 [C14H14O2 + H]+ 215.1067 -0.5 

B 
165.0911* [C10H12O2 + H]+ 165.0910 0.6 
137.0598 [C8H8O2 + H]+ 137.0597 0.7 
128.9536 --** -- -- 

* “Preferred” screening fragment ion; other ions are referred to 
as “ML qualifier” ions.  ** No empirical formula assignment 
could be made using carbon, hydrogen, oxygen, nitrogen, so-
dium, and potassium. 

 
Figure 3. Normalized binned intensities for qualifying frag-
ment ions indicative of type A trichothecenes (m/zbin 105.05, 
169.1, and 215.1) from the modified classification model. Val-
ues are averages over the triplicate spectra; standard devia-
tion of measurement not shown to reduce clutter. 

This cross-class issue worsens considering the inher-
ently excellent sensitivity of QQQ instrumentation, in-
creasing the likelihood of false positive identifications. As 
a prime example, HRMS data for m/zbin 105.1 show all 14 
toxins studied generate the fragment. These data also show 
the fragment has the same exact mass across all trichothe-
cenes: m/z 105.0700 ([C8H8 + H]+). This is not the only 
time this issue is observed. The HRMS data, for example, 
also show positive, cross-class detection of m/z 215.1066 
for many type B trichothecenes.  
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The rate of false positive identification appears to 
worsen when considering the type B PIS method (see Fig-
ure SI3). First, while detection of all four type B toxins was 
positive (DEDON, NIV, and DON-3G were not present in 
the test mix), responses like those of DON (3.73-3.74 min) 
are quite low. This issue is compounded by the fact the use 
of the nominal mass QQQ negates the diagnostic power of 
m/z 128.9536, detecting responses for all 11 toxins studied 
using the PIS methods.  

A Global Approach to Unknown Trichothecene 
Screening. All seven diagnostic fragments were used in 
combination to develop a master trichothecene screening 
panel. This capability is envisioned as a first step of a 
workflow seeking to identify trichothecene toxins with 
subsequent analyses being performed as necessary to fur-
ther elucidate unknown trichothecene structures (e.g., full-
scan and/or targeted HRMS acquisition).  

Here we demonstrate this idea on a laboratory-synthe-
sized trichothecene, 3,7,15-triacetyldeoxynivalenol (tri-
AcDON), which serves to mimic an undiscovered or emer-
gent type B toxin (Scheme 1 and further information in 
Supporting Information). A crude, unpurified reaction 
mixture of tri-AcDON (5 µg/mL of crude mixture in LC-
grade water) was analyzed using the seven-fragment PIS 
screening method on a LC-QQQ (see details on the method 
in the Methods section above). LC-QQQ chromatograms 
acquired using the PIS screen are given in Figure 4. 
Scheme 1. General synthetic approach for generating 
tri-AcDON.  Synthesis details are given in Supporting 
Information. 

 
The total ion chromatogram of the tri-AcDON reaction 

mixture (Figure 4a) shows a complex reaction mixture with 
many chromatographic features.  An extracted ion chroma-
togram (XIC) of the expected [M+H]+ of m/z 423.1650 
shows the product is clearly visible at 5.55 min (Figure 4b), 
demonstrating successful synthesis of the fully acetylated 
type B trichothecene, tri-AcDON. 

PIS data using the seven diagnostic fragments follow in 
Figure 4c-i. These chromatograms show strong, interfer-
ence free signals at the 5.55 min retention time associated 
with tri-AcDON. Fragments m/zbin 129.1 and 165.1 show 
weaker response, but this behavior is consistent with that 
of its parent compound 15-AcDon, which displayed simi-
lar weak intensities compared to the third type B fragment, 
m/zbin 137.1 (see Figure 1).  

Note in the PIS chromatograms in Figure 4c-i a second 
peak at a retention time of 5.28 min. This peak clearly ap-
pears for five of the seven PIS scans, suggesting strongly 
this compound is a second trichothecene related to 15-Ac-
DON. The most likely candidate was a diacetylated rela-
tive ([M+H]+ = m/z 381.1544) since the reaction mixture 

was analyzed as a crude material (i.e., unpurified). An XIC 
for the parent ion (Figure 4j) shows a clear peak at 5.28 
min, consistent with a diacetylated trichothecene analogue. 
A smaller peak appears at 5.55 min, which was determined 
to be an in-source fragment of tri-AcDON. 

The success of identifying clear PIS responses for both 
the intended tri-AcDON and the reaction diacetylated re-
action byproduct, demonstrates the potential power of a 
ML-driven mass spectrometric screening method. Particu-
larly notable is the performance of the method applying a 
low-resolution QQQ instrument to a crude reaction mix-
ture containing byproducts, excess reagents, and other con-
founding impurities. At first blush, it may appear problem-
atic that clear PIS peaks were observed for type A-specific 
fragments, despite tri-AcDON and its byproduct being 
both type B toxins. The data in Figure 4, however, show 
this initial study has provided is a method that can help 
identify novel trichothecenes warranting further study, for 
example, by transferring LC-QQQ PIS retention time to a 
time-of-flight or orbitrap instrument targeting the parent 
ion mass from the PIS data. The power of the method can 
only be increased by using a high-resolution instrument, 
which filters out MS interferants by targeting specific 
masses and leveraging diagnostic fragment mass defects.  

CONCLUSIONS 
This work details the application of machine learning 

methods towards the creation of ML-driven mass spectro-
metric methods that can be applied towards identifying 
spectrometric evidence of “unknown unknown” trichothe-
cene mycotoxins.  

Diagnostic fragments were discovered that could statis-
tically differentiate between type A and type B trichothe-
cenes. For an optimized classifier, it was found that only a 
single fragment (m/z 165.0908, [C10H12O2 + H]+) was 
needed for classification. To identify additional ions that 
could be used as “ML qualifying” ions, overfitted, “modi-
fied” models were employed. An additional six ions were 
identified from these efforts that were then used to develop 
a PIS screening method on a triple quadrupole mass spec-
trometer. Using an unpurified, laboratory-synthesized 
trichothecene, tri-AcDON, it was shown that the PIS 
screen could be used to reveal evidence of trichothecenes, 
including an unexpected, diacetylated reaction byproduct. 

The data collected for this study emphasize the benefits 
of statistical analysis of large complex data sets, as the re-
sponse of the most important predictive ions were found to 
be relatively low response (e.g., m/zbin 165.1 vis-à-vis 
m/zbin 137.05 for type B, or m/zbin 217.15 vis-à-vis m/zbin 
215.1 for type A). This fact would further suggest objective 
data analysis should be preferred over manual data cura-
tion, as important fragments would almost certainly be 
missed with the latter. 

The extent to which the developed ML-driven fragment 
screen is more broadly applicable depends on the specifics 
of the compounds used to train and extract fragments from 
the ML model. We do believe, however, establishing the 
model using 14 diverse trichothecenes makes it one of the 
most objective, applicable screening tools yet developed 
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for this toxin class. Developing a model based on larger 
classes of trichothecenes is expected to only further aid in 
classification reliability and accuracy. 

Future work seeks to expand the robustness and forensic 
practicality of this model by firstly developing a learner 
aware of out-of-class MS data. This could involve includ-
ing mass spectral data from other sources such as 1) other 
toxin classes, 2) other plant metabolites, 3) or randomly 
chosen MS data sampled from high quality HRMS librar-
ies. This would certainly change the model itself but would 
not invalidate the screening capability developed herein. If 
the model used here were actually used to automatedly 
identify and classify MS data of unknown unknown 
trichothecenes, then a refined model trained on a large li-
brary of non-trichothecene spectra would be critical to in-
creasing model performance, applicability, and accuracy.  

The robustness of the current models can be further en-
hanced by acquiring HRMS training data over a range of 
collision energies thereby creating a classification model 
independent of this experimental parameter. We foresee 
this approach will greatly increase the applicability of the 
learner across a diverse set of MS instrumentation. The ca-
pability developed here can be further extended by digital 

and web-based mass spectrometric tools, like Global Nat-
ural Product Social (GNPS) molecular networking, which 
seeks to assist in identification and discovery of novel and 
previously uncharacterized molecules, including chemi-
cals of concern.27,28 

The quality of MS data can also be enhanced by trans-
lating the current QQQ-based PIS methods to HRMS in-
strumentation. Specifically, we envision using pseudo pre-
cursor ion scans, which exploit high resolution mass spec-
trometers. The ultra-narrow m/z windows possible with 
this technique can greatly suppress signals that confound 
the nominal mass PIS data.  

The present work serves as an initial effort highlighting 
the power of applying machine learning to alternative 
methods for MS identification of unknown or under-char-
acterized toxins. Work is on-going to assess the influence 
of out-of-class MS data on model generation and fragment 
identification, the impact of open-source MS interpretation 
tools, and the application of high-resolution mass spec-
trometry towards enhanced identification of trichothecenes 
of concern to forensic, law enforcement, and public health 
communities..
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Figure 4. QQQ scans for a crude laboratory-synthesized trichothecene mixture of diacetyl-15-AcDON. (a) Total ion chromatogram of 
mixture; (b) extracted ion chromatogram (XIC) for [M+H]+ of diacetyl-15-AcDON (m/z = 423.2); (c-f) Type A discriminative fragment 
PIS data for m/z = 217.1, 105.1, 169.1, and 215.1, respectively (in grey); (g-i) Type B discriminative fragment PIS data for m/z = 
165.1, 137.1, and 129.0, respectively (in yellow); and (j) XIC for [M+H]+ m/z = 381.2. Retention times are indicated for the two com-
pounds of interest to the intended diacetyl-15-AcDON target. 
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