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1 Abstract

2 There is a growing need for understanding the exposome chemical space. Non-target

3 analysis is, generally, used for the analysis of the thousand of known and unknown

4 chemicals in environmentally and biologically relevant samples. However, algorithm

5 limitations arise with regard to flexibility and suitability for the processing of such
1
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data. Hence, the modular open-access and open-source jHRMS toolbox was devel-
oped, providing both a user-interface and the freedom to modify and add workflows as
required. The default implemented algorithms have been developed for high-resolution
mass spectrometry data and can handle MS1 and various data-dependent and data-
independent analysis data types both in profile and centroided formats. Moreover, the
identification algorithm provides extensive match quality reporting. Besides the data
processing workflow, the toolbox comes with built in post processing (i.e., visualiza-
tion) for individual steps of the workflow and statistical analysis. Finally, the results
are reported step-by-step, parameters can be saved, and it is operating system agnostic.
To showcase the potential of the JHRMS toolbox, two datasets from different origins
environmental and biological were analyzed and reported. For the environmental case
study the trends of some pharmaceuticals in river waters were evaluated. While for
the biological samples it was possible to differentiate between liver and brain tissues

based on the extracted information.

Introduction

There is a growing importance of understanding chemicals (i.e., anthropogenic and naturally
produced) in environmental and biological samples, which can be referred to as the expo-
some chemical space.*™ Depending on the method used to analyze such samples, a different
subspace (i.e., region) of the exposome chemical space is covered.## The method used are
impacted by various aspects including: sample preparation, experimental analysis setup, and
data processing, implying that the remainder of the exposome space is excluded that can
contain highly exposome relevant or toxic chemical.*** Hence, variety in analysis methods
is required to (un)cover as much as possible of the exposome chemical space, including the

data processing side of the workflow.

To obtain as much information as possible on the thousands of chemicals that may be
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present in samples (e.g., biological or environmental), non-target analysis (NTA) utilizing
liquid or gas chromatography (LC or GC) coupled with a high-resolution mass spectrome-
ter (HRMS) is a commonly used technique.**** Here data-dependent analysis (DDA) and
data-independent analysis (DIA) are often used to obtain the related MS2 information (i.e.,
fragments) for LC-HRMS.® DDA data generally has less overlap and cleaner MS2 spectra
but does not analyze all MS1 signals, as only ions of interest are further fragmented. On the
other hand, DIA aims to analyze and fragment all MS1 signals, obtaining generally complex
MS2 spectra that can come from overlapping compounds and could obscure low intensity
compounds. Through data processing the information is generally extracted by performing
feature detection, componentization where information from unique chemical constituents
is grouped (i.e., parent, isotopologue, adduct, and (in-source) fragment ions), and identi-
fication.” Besides the measurement parameters that influence the covered chemical space,
adequate data processing techniques that can handle the complex data and do not further
limit the detectable chemical space are required.”# For example, the algorithms should not
be compound class specific as it is generally unknown what the sample is comprised of with

NTA experiments.

It is extremely difficult to objectively compare the available algorithms, as the ground
truth is almost impossible to obtain for most NTA data.™ For example, feature detection
algorithms are often compared by investigating the overlap of detected peaks regardless of
the peak quality or true positive peaks.* 1% While a feature detected by multiple algorithms
may be more likely to be true, it is still not certain that the signal is truly coming from a
chemical or the background. Moreover, this is often only the first step in the full workflow
that can influence outcomes further in the workflow."* Therefore, increased flexibility and
freedom in data processing workflows and algorithms is needed to extract as much relevant
information of the subspace as possible. This is similar to varying the measuring methods

of NTA approaches to cover a larger region of the exposome chemical space.*
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To process LC/GC-HRMS data, a variety of tools have been developed including CAM-
ERA Y DSFP,*® FOR-IDENT,™ GNPS,?” InSpectra,#! MS-Dial,*? MZmine,*? OpenMS,*4
Patroon,*”% Phenomenal,*" SIRIUS,*® TidyMass,?? and XCMS.® However, the majority
have been developed with the focus on metabolomics applications. 17202225534 The difficulty
here is that in NTA a broad range of chemical classes can be found besides metabolites.
On the other hand, commercial software generally limits the user with the options provided
by the program and can only process vendor specific data formats.®! Moreover, the closed
source code makes it difficult to understand what happens with the data in case there is, for
example, loss of information (i.e., reduced subspace). This leaves only a few options non-
vendor, open-source, and open-access software options: InSpectra,* MS-Dial,*? MZmine,*

patRoon,*” and OpenMS.%*

One of the data processing limitations in these software packages is the heavy focus on
DDA B2 Where only a part of the MS1 information is further fragmented in MS2. Often
focusing on either known precursor masses of interest or intense peaks. Meanwhile, for
NTA, DIA is a valuable approach as this focuses more on the unknown compounds. Here
all MS1 signals are further fragmented to obtain fragmentation information. While the self-
adjusting feature detection algorithm (SAFD)“¥ and CompCreate for componentization are
implemented in InSpectra, this platform lacks visualization options, a front-end, and the
possibility to process highly confidential data as it needs to be uploaded. Meanwhile, SAFD
and CompCreate enable the possibility to perform feature detection on both centroided and
profile data and componentization on various MS1 and MS2 data types, of which the latter

is specifically valuable with DIA data types.

In this paper we introduce and showcase the jHRMS toolbox with its functionalities

and capabilities. The implemented algorithms have generally been optimized and tested for
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small molecules (i.e., <1000 Da), providing a broad general application range. The tool-
box provides numerous NTA HRMS data processing workflows for a variety of data types,
including MS1 only data, DDA, parallel reaction monitoring (PRM), DIA, sequential win-
dowed acquisition of all theoretical fragment (SWATH), and multi-collision analysis. The
jHRMS toolbox is designed to be highly modular with the ease-of-use through a graphical
user interface, while maintaining the complete freedom to add processing workflows and
functionalities. To enable this, the toolbox is fully open-access, open-source, and functional
on windows, MacOS, and Linux systems. It has been written in the programming language
Julia, which is known for the balance between ease of use for data processing and its similar
computing performance of low-level languages like C, making it highly suitable for processing
HRMS data. Additionally, the toolbox comes with numerous post-processing visualization

options and built-in trend and statistical analysis.

Experimental Section

To showcase the jJHRMS toolbox, two datasets have been used acquired on different instru-
ments, in different labs covering both environmental and biological matrices. One dataset
comprises of surface water samples measured on an Orbitrap instrument in centroided mode=*
while the other dataset dealt with two biological matrices measured on a ZenoTOF in profile
model. Brief details on the datasets are provided below as the aim of the paper is to showcase
the jJHRMS toolbox without going too much in depth of what is found in the data. These
two different data sets have specifically been chosen to show the compatibility of the toolbox
with different types of measured data and applications’ purposes. Furthermore, this section
contains the processing details and parameters used for showcasing the toolbox capabilities

and the code availability of the jHRMS toolbox.
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Centroided Dataset

The centroided dataset is comprised of surface water samples coming from different rivers
collected at 4 week intervals.®* This data has been made publicly available and can be
obtained from the MassIVE repository: https://massive.ucsd.edu/ProteoSAFe/data
set.jsp?accession=MSV000087190. In brief, the collected samples were extracted using
solid phase extraction and analyzed with DDA LC-HRMS with a reversed phase column
selectivity.®* For the mobile phase a mixture of water with 0.1% formic acid (A) and methanol
(B) was used. The gradient started with 90/10 A/B for 2 minutes, 0/100 at 15 minutes,
0/100 at 20 minutes, 90/10 from 21 to 30 minutes, using a flow rate of 0.2 mL/min. As for
the DDA MS part, the samples measured with positive electrospray ionization were used.
Here a scan range of 60-900 m/z, a MSI1 resolution of 120,000 at 200 m/z, a maximum
injection time of 70 ms, and an automatic gain control target of 1.0 x 106. For the top 5
data dependent analysis scans a resolution of 30,000 at 200 m/z, maximum injection time of
70 ms, 1.0 Da isolation window, and 30 (N)CE were used. For further details on instrumental
settings and sample preparation see the citation.®* For the showcase of workflow I, only the
measurements acquired in positive mode of the 4 most frequently measured locations were
used, which were location 1 to 4. Location 1 came from south west Luxembourg, location
2 and 3 from the middle, and location 4 from the east of Luxembourg. Each location was

sampled 10 to 11 times in a time span of April 2019 till September 2020.

Profile Dataset

The profile dataset is comprised of liver and brain tissue samples of the salmonid species
Chinook (Oncorhynchus tshawytscha). This data has been made publicly available and can

be obtained from the Metabolomics Workbench repository: ST004904.

Fish husbandry and euthanasia were performed in accordance with the Standard Guide

for Conducting Acute Toxicity Tests on Test Materials with Fishes, Macroinvertebrates, and
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Amphibians 1 (ASTM, 2014). These methods were approved by Oregon State University
Institutional Animal Care and Use Committee (IACUC-2022-0260). Fish were housed in
the Aquatic Animal Health Laboratory (AAHL) at Oregon State University (OSU). Fish
were acclimated to AAHL holding conditions in 100 L constant flow-through tanks contain-
ing ambient well water (16°C) and constant oxygen supply. Fish were fed a commercial
salmonid feed at a daily rate of 1% body weight daily during acclimation until the average
weight of approximately 3.5 g was achieved as a target experimental weight, including the
un-fed control group. Each tank included five fish replicates and each condition was repeated
to collect three biological replicates. Fish were sacrificed using MS-222 (Tricaine mesylate
powder) + 50 g/L bicarbonate. In this study, the measurements from the fed and un-fed

fish were used. The un-fed fish were no longer fed 24 hour prior to the euthanasia.

Fish liver and brain tissues were dissected, weighed, and flash frozen in aluminum foil
packets using liquid nitrogen and stored at - 80°C. Liver and brain tissue samples (10 mg)
were aliquoted in 2 mL screw cap vials prefilled with 40 uL. volume of 1.4 mm ceramic beads.
Chilled methanol:water, 80:20, was added to the vials (300 pL). Samples were spiked prior
extraction with a mixture of isotope labeled metabolites (Mix 2 QReSS Kit, Cambridge Iso-
tope Labs, Tewksbury, MA) to account for extraction variability among samples. Samples
were extracted in a Precellys homogenizer (3x15s; 5,500 rpm). Homogenized tissue (200
uL) was transferred to a clean Eppendorf vial. Samples were centrifuged at 10,000g for 3
min at 4°C. Samples were stored overnight at - 24°C to allow for precipitation of remaining
proteins. Samples were centrifuged again at 13,000g for 15 min at 4°C. Supernatant (150
uL) was recovered in LCMS glass vials with 300 uL insert, spiked with a mixture of isotope
labeled metabolites (Mix 1 QReSS Kit, Cambridge Isotope Labs) and stored at 4°C before
analysis. Mix 1 internal standard mixture was used to check for injection accuracy and

platform performance due to the large number of samples and extended batch run time.
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Non-targeted UPLC-HRMS/MS analyses were performed using a previously published
method with minor modifications. Briefly, data-dependent acquisition in the positive ion
mode was conducted on a Sciex ZenoTOF 7600 mass spectrometer (AB SCIEX, Concord,
Canada) coupled to an ultra-high performance liquid chromatography system (Sciex Ex-
ion.LC AD). Chromatographic separation was performed on an Inertsil Phenyl-3 column (2.1
x 150 mm, Intersil Ph-3 column, GL Sciences, Torrance, CA) held at 40°C. A gradient with
two mobile phases was used: (A) water (LC-MS grade) with 0.1% v/v formic acid; (B)
methanol (LC-MS grade) with 0.1% v/v formic acid, using a flow rate of 0.3 mL/min. The
injection volume was 2 pul. Samples were analyzed in a fully randomized batch. The ion
spray voltage was set at 4,500 V and the source temperature was 500°C. Period cycle time
was 641 ms; accumulation time 80 ms; m/z scan range 50 - 1200 Da. The collision energy was

set at 35 V with a collision energy spread setting of 15 V, and a declustering potential of 80 V.

The mass calibration was automatically performed every 10 injections using a positive
calibration solution (AB SCIEX) via a calibration delivery system (CDS). Quality control
was assured by (i) randomization of the sequence, (ii) injection of QC pool samples at the
beginning and the end of the sequence and between each 10 actual samples, (iii) procedure
blank analysis, and (iv) checking the peak shape and the intensity of spiked extraction in-
ternal standards (Mix 2 QReSS Kit) and the internal standard added prior to injection (Mix
1 QReSS Kit).

Showcase Workflows Settings

Workflow 1

The centroided data (i.e. river water samples measured via Orbitrap) was processed ac-
cording to the steps shown in figure [I The data was first screened for potential suspects,

which were obtained from the publication of the dataset.®* This list comprised of 816 phar-
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maceutical compounds from which the InChIKeys were used to setup a suspect list through
the jJHRMS toolbox (Section . This generated suspect list contained the positive and
negative merged spectra, when found in the database, for each of the 816 compounds. The
merged part entails that, if a compound has multiple spectra for an ionization mode, the MS2
information will be combined into a single entry. With this suspect list, suspect screening
from the Universal Library Search Algorithm (ULSA) was performed with a mass tolerance
of 0.05 Da, a minimum precursor intensity of 1000 counts, a retention width of 0.05 min-
utes, and a maximum isotopic tree depth of 5. These parameters were selected based on
previously processed data sets with suspect screening.®?*% Details on the algorithm can be
found in section Subsequently, the suspect presence across samples was obtained by
performing suspect screening alignment (Section [S1.6). Here, based on a set of criteria, the
best matches for each suspect are obtained across all the samples. The set criteria where a
minimum precursor intensity of 10,000 counts and a minimum of 1 detected fragment. For
this case, due to the lack of a retention time and a unknown/non-optimized match factor

tolerance, the retention time tolerance and minimum match factor criteria were disregarded.

On the other hand, to investigate and validate the suspect cases found during the suspect
screening part, a full identification workflow was executed. Therefore, feature detection
(Section was first performed on the centroided dataset, using 10,000 iterations, a
maximum peak width of 100 scans, a resolution of 50,000, a minimum mass peak width of
0.01 m/z, a correlation threshold of 0.8, a minimum intensity of 100 counts, an increasing
signal threshold of 5%, a signal to background ratio of 2, a minimum peak width of 3 seconds,
and the m/z peak width was estimated using the best guess method (i.e., based on the m/z
and resolution). These parameters have been selected based on optimal parameters used
with previously processed data sets. 13435057 Additionally, an in-depth explanation of the
parameters can be found in the supporting information (Section . As for the peak

width estimation, generally, the random forest model would be the best option to use for
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the peak width. However, this model has only been trained on time of flight data, making it
unsuitable for orbitrap data. After feature detection, CompCreate (Section was used
to perform componentization with a mass window percentage of 0.75%, a retention window
percentage of 0.5%, a correlation threshold of 0.8, and a minimum MS2 intensity of 50
counts. Finally, identification was performed through ULSA (Section |S1.4)) with an external
database comprised of MassBank EU % MassBank of North America,?? and the NITS20
database.® For this step, the used settings were to only use positive mode ESI spectra from
the database and the scoring was performed with equal weights (i.e., a weight of 1 for each

of the 7 scoring parameters).

Workflow |

Samples

Instrumental
analysis

816 InChiKeys

Suspect list

Suspect screening

Alignment

.
Case ofinterest
-----------

Feature detection

Componentization

Identification

Figure 1: Overview of workflow I and the processing steps taken.

Workflow 11

The second workflow was used for the profile dataset (i.e. biological tissues measured via a
ZenoTOF instrument). Here a combination of feature detection (i.e., SAFD), componentiza-
tion (i.e., CompCreate), alignment, clean-up, and hierarchical clustering analysis was used to
show the difference between liver and brain tissues from the Chinook fish (Figure [2)). First,
feature detection with SAFD (Section was performed on the liver, brain, and blank

samples, using 10000 iterations, 100 scans maximum peak width in the time domain, 20000

10
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resolution, 0.02 minimum m/z window, 0.8 correlation threshold, 150 minimum intensity,
5% signal increment threshold, signal to background ratio of 2, and 1 second of minimum
peak width in the time domain. 138338657 Second, CompCreate (Section was performed,
using a 0.8 correlation threshold, 0.5 retention window percentage, 0.8 mass window per-
centage, and 50 minimum intensity. Next, both the feature and component lists were aligned
using the same principle (Section . In other words the liver and brain files were aligned
separately with their corresponding blank files, using a m/z tolerance of 0.005 Da and a time
tolerance of 0.1 minutes. This allowed to use the blank filtering functions (Section |S1.7)) to
filter the matrix specific blank features from the liver and brain samples, respectively. For
this, the mean blank signal was used with a signal to blank ratio of 5. Then, based on the
blank filtering information, the individual feature and component lists were filtered. These
filtered lists were then used for the second alignment where the liver and brain samples were
combined, using again a m/z tolerance of 0.005 Da and a time tolerance of 0.1 minutes. This
resulted in a aligned feature file and a aligned component file of all the samples (i.e., liver

and brain). Finally, hierarchical cluster analysis was performed on the two aligned lists.

Workflow II Samples
- Instrumental = Fish liver tissue
- EQENEH = Fish brain tissue

Feature detection Componentization

Alignment

Alignment filtering

Filtered feature Filtered
files component files

Alignment

HCA aligned HCA aligned
features components

Figure 2: Overview of workflow IT and the processing steps taken.

11

https://doi.org/10.26434/chemrxiv-2024-b713v-v2 ORCID: https://orcid.org/0000-0003-1940-9415 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2024-b713v-v2
https://orcid.org/0000-0003-1940-9415
https://creativecommons.org/licenses/by/4.0/

248

249

251

252

253

254

256

257

258

259

260

261

262

264

265

266

267

268

269

270

271

Calculations and Code Availability

The jHRMS toolbox has been developed and tested on a personal computer with 12 CPUs
and 32 GB of RAM, using Windows 10. The jHRMS toolbox was developed with the Julia
programming language (v1.6). The source code, installation manual, and basics on how to
use the toolbox is available at: https://bitbucket.org/Denice_van_Herwerden/jhrms
toolbox.jl/src/main/. This package contains the functions related to the graphical user
interface, visualization options, and statistical analysis. Whereas the function related to the

processing of the ‘raw’ data can be found in the description of their respective functions (SI

Individual Algorithm Descriptions]).

Results and discussion

Modular Workflows

One of the main advantages of the jJHRMS toolbox is the combination of the modular im-
plementation of the workflow steps and full access to all the implemented algorithms. The
latter will be further discussed after the advantages of the implemented algorithms. Figure
shows the currently implemented algorithms in the modular workflow. It should be noted
that various types of data can be analyzed, including MS1, DDA, PRM, DIA, SWATH, and

multi-collision analysis. These data types can also be combined during the alignment.

As a basis, the workflow contains both the generally used suspect screening and iden-
tification workflows. In addition to this, when working on larger data sets, it is possible
to perform alignment on the features, components, or suspects. The most straight forward
option that this enables is the possibility to perform trend and statistical analysis. However,

with the combination of the alignment clean-up functions, this allows for even more flexible

12
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workflows. For example, if there is a dataset with 2 different sample types that each have
their own method blanks, feature detection followed by alignment of the feature files for each
of the sample type could be performed. The alignment clean-up then enables to filter the
features from the method blanks for each sample type. From this point, it is possible to
filter the individual feature list based on the aligned file and only maintain the features that
belong to each sample type. From this, filtered feature lists are obtained that provide the
possibility to continue with componentization using these reduced lists. Throughout this
process the changes are tracked and deleted features can be restored. Overall, this means
that the setup of the toolbox allows to only process information of interest further down
the pipeline. This functionality already provides 15+ workflows excluding all the alignment

clean-up options.

The workflow also shows a future option for the use of predictive models in between
the aligned components and trend and statistical analysis. As more models are developed
that use spectral information for the prediction of, for example, toxicity and ionization
efficiencies. ™4 Additional functions that predict these values prior to trend analysis can be
implemented. The overall workflow and collection of functions can expand over time. The

current overview of the specific functions and their names in the toolbox can be found in

Figure [S1]
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Figure 3: Overview of the JHRMS toolbox modular workflow. In blue are the algorithms and
functions related to the HRMS data processing steps, in purple is the overview of the post-
processing visualization where the purple ribbons refer to the post-processing visualization,
and in green the possible predictive models and the trend and statistical analysis.

21 Data Processing Algorithms

22 As mentioned above there are several algorithms from simple data import to feature detec-
203 tion and identification are incorporated into the toolbox. The algorithms relevant to the two
204 discussed workflows are described below. In depth details on the data processing algorithms
s can be found in the supporting information section [ST}

296

207 The implemented feature detection algorithm SAFD (Section has the main advan-
x5 tage that it can perform feature detection on both profile and centroided data.33 Where the
200 former, even though computationally more expensive, can avoid false peaks introduced by
300 centroiding or other steps and work directly with the raw MS1 data. If preferred, the profile

s data can also be centroided using the SAFD package and then perform feature detection. As
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for the componentization step, CompCreate (Section is implemented, which is able to
componentize both DDA and DIA data, including PRM, SWATH, and multi-collision anal-
ysis. Moreover, the algorithm reports all grouped information (i.e., (in-source) fragments,
isotopes, and adducts) in the output, providing full traceability of grouped MS1 features
instead of removing this information from the feature list. Moreover, CompCreate uses the

1% and cumulative neutral loss model for

parameter free naive Bayes isotope detection mode
fragment deconvolution.? Since a wide variety of data types can be analyzed with these

algorithms, consistent outputs can be obtained for further analysis.

The library search algorithm implemented in the jHRMS toolbox is ULSA (Section.9
This algorithm provides extensive reporting on the match quality (Section . In total,
there are 7 parameters that are used to provide a final score, for which the weights of each
quality reporting parameter can be set. The algorithm can be used with either the provided
database, containing MassBank EU,®® MassBank of North America,*” and GNPS,Y or a
local database in a specified format. Finally, the implemented suspect screening algorithm
allows for screening of MS/MS spectra. Initially it screens for the precursor ion and
records all instances the precursor ion were found, including which fragments from the ref-
erence spectrum were matched and a matching score. Additionally, a suspect list with MS2

information can be easily constructed with InChIKeys or SMILES from the internal database.

Visualization and Trend analysis

The visualization capabilities of the jJHRMS toolbox are another unique feature and will also
be extensively showcased in workflow I and II. At almost every point of the workflow the
data can be visualized and inspected, ranging from the more standard raw data visualization
to post-processing extracted data (i.e., features, components, identifications, suspects, and

alignments). The detected features can be visualized on a heatmap of the chromatogram
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with which the user can interact and pull up the corresponding plots of the MS1 and MS2
scans. On the other hand, the raw data from the time and mass domains behind specific
features or components can be plotted, allowing the user to inspect the quality of extracted
information. Additionally, suspect screening and identification matches can also be visual-
ized to perform post-processing quality control, showing both the matching performance in
the time and mass domain. More advanced features are the possibility to plot the Kendrick
masses for feature lists and aligned files and the possibility to plot the alignment of features,

components, and suspects.

As for the trend and statistical analysis, multiple supervised and un-supervised methods
have been implemented together with their visualization that can be used on the aligned
data. The implemented unsupervised methods are k-means, singular value decomposition
(SVD), principal component analysis (PCA), and hierarchical clustering analysis (HCA).
These methods can be used for exploratory analysis of the data and unsupervised ‘clus-
tering’. While for the supervised methods, partial least squares regressor (PLSR), partial
least square discriminant analysis (PLS-DA), and linear discriminant analysis (LDA) have
been implemented. These supervised methods require a list of values corresponding to each
file/column from the aligned data, enabling the analysis of correlating features to a certain

underlying trend.

Technical advantages

Calling the jHRMS toolbox in Julia loads all related packages and makes all the functions
accessible in the command line. This also provides the user with the option to use the
graphical user interface and/or the command line. Since the JHRMS toolbox is fully open-
source and open-access, the toolbox can be tailored to the users’ needs. This could include
developing new algorithms as part of a full workflow, implementing other algorithms of

interest, and adding visualization features. These changes can then also be provided to
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other users in a team, enabling them to use more advanced and tailored features through the
user interface. The Julia programming language also allows calling functions and packages
written in other programming languages, including Python, C/C++, and R. This enables
the user to implement algorithms written in other languages into the jJHRMS toolbox. Also,
the toolbox is operating system agnostic, thus can be used on Windows, macOS, and Linux
operating systems. The toolbox has also an option to save and load methods, allowing
the user to keep track of which dataset has been processed with what settings.Finally, the
JHRMS toolbox provides extensive and step-by-step reporting at each point of the workflow.
Results are generated for every processing step and saved in .csv files. When processing of
a workflow is interrupted, the toolbox picks up the workflow where it left off the next time
it is started. This also enables the user to investigate the data at each step and backtrack
information of cases of interest. Moreover, this allows the user to easily get results and use

them with other algorithms both inside and outside the jHRMS toolbox.

Showcase Workflow 1

For the first workflow, suspect screening of 816 pharmaceuticals was performed followed by
filtering and alignment of the results. From the 816 pharmaceuticals, 280 chemicals were
found in the database comprised of MassBank EU, MassBank of North America, and NIST20.
For these 280 chemicals the merged suspect entries were obtained using the jHRMS toolbox.
From this suspect screening list, 181 unique compounds were found during screening of the
river samples with an intensity above 10000 counts and at least 1 detected fragment. Figure
shows the intensity trend of these compound across the samples. Overall, a higher frequency
of detection of the pharmaceuticals was found in 2019 compared to 2020. The latter trend
was also found in the results of the study by Singh et. al., for which the data was originally
measured.”* In that study, the compounds were confirmed at level 1 and 2a, according to
the Schymanski scheme,* and in silico fragmentation was used to obtain spectra for the

compounds that were missing from the MassBank of North America database.
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Figure 4: The intensity of the aligned suspect screening results, showing the suspect number
on the y-axis,the samples on the x-axis, and the intensity on the z-axis.

380 Alternatively, the match factor between the suspect entry with the best matching can-
1 didate signal can be visualized similarly. Even though no match factor filter was applied
;2 during trend analysis for the suspect screening, the occurrence frequency of likely suspects
33 is still higher in 2019 compared to 2020. Some compounds are frequently found with high
;s confidence for all locations and months while other are less frequent or have an overall less
;s confident candidate. In this case the lower match factors do not completely correlate with
s being a more likely match, since the spectra of all database candidates for a give InChlKey
;7 were merged for setting up the suspect screening entries. This means that, for cases where
;s many spectra where found with a variety of unique fragments, the match factor is inherently

389 lower.
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Figure 5: The match factor of the aligned suspect screening results, showing the suspect
number on the y-axis, the samples on the x-axis, and the match factor on the z-axis.
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To highlight the post-processing capabilities of the toolbox, one of the suspects was
further investigated. For this aspirin (BSYNRYMUTXBXSQ-UHFFFAOYSA-N) was chosen
and detected in 39 samples with match factors varying between 0.2 and 0.57 with 0.25 being
the median and the number of fragments matched between 1 and 4 with a median of 1
fragment. Figure [6] shows the matched aspirin suspect information from the sample take in
April 2019. Overall, a match at 1.67 minutes was found where two isotopes were detected
and three fragments were matched with the suspect entry, making this indeed a likely match.
On the other hand, aspirin was not found in three of the 42 samples. Figure |S3| shows that
for the measurement from May 2020 indeed no signal was found around 1.67 minutes for the

precursor mass of aspirin.
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Figure 6: Visualized suspect screening result of the suspect aspirin at 1.67 minutes with
an precursor m/z of 181.04. A) shows the MS1 signal with the detected precursor peak,
B) shows the MS2 spectrum with the library reference signals in purple and the detected
fragments colored and highlighted with downward arrows, and C) shows the XIC in the time
domain of the precursor ion.

To complement the suspect screening, a full identification workflow using feature detec-
tion and componentization was also performed. It is known that depending on the workflow
used different compounds can be detected.”! Hence, the use of both suspect screening and
identification workflows can complement each other. Using the sample from April 2019, the
identification entry for aspirin was evaluated (Figure . It can be seen that the same pre-

cursor peak was detected but no fragments were matched with the library entry. Looking at
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ws the component, the fragment of 167.004 Da was componentized to the aspirin precursor ion.
w7 However, the mass tolerance based on the precursor peak width (i.e., 0.0334/2 = 0.0167 Da)
w8 was too small to match this fragment with the library entry (i.e, 167.034 - 167.004 ; 0.0167
w0 m/z). Overall, this showed the post-processing capabilities of the toolbox with regard to

a0 the suspect screening and identification, which are two workflows that can complement each

a1 other in NTA.
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Figure 7: Visualized component identification of the component at 1.67 minutes with a
precursor m/z of 181.04, matching the information of the aspirin suspect found previously.
A) shows the MS1 signal with the detected precursor peak, B) shows the MS2 spectrum
with the library reference signals in purple, and C) shows the XIC in the time domain of
the precursor ion.

a12 Finally, the study by Singh et. al. reported a few frequently detected chemicals. One of
a3 those chemicals was the antihypertensive drugs sotalol (ZBMZVLHSJCTVON-UHFFFAOYSA-
se N ), for which a overall higher concentration was found in 2019 compared to 2020. Even
a5 though no quantification has been performed with the showcase, an overall higher intensity

ais for sotalol in 2019 was found via our retrospective analysis of the data and can be seen in

a7 figure [§
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Figure 8: Intensity trend for the screened suspect sotalol for four different river sample
locations obtained in 2019 and 2020.

a5 Showcase Workflow 11

a0 For the second workflow, feature detection and componentization were performed on fish
w20 samples coming from brain and liver tissues. Alignment and blank filtering have been per-
o1 formed on both the feature lists and components, which were finally clustered to investigate
22 the potential of separating the two tissues (Figure . First the brain and liver samples with
23 their corresponding blanks were aligned separately. Figure [9] shows the aligned features for
24 the brain samples. Here, the similarities and differences between the tissue sample features
w5 can be seen. Additionally, there are a few frequently occurring features found in both of the

w6 tissues and the blank samples, which are not likely to contain relevant information.
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Figure 9: The aligned feature list of the brain samples and blanks, showing the feature
number on the y-axis and the samples on the x-axis.
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Figure 10| shows the remaining sample features after using a filter with a signal to median
blank ratio of 5. It can be seen that frequently occurring blank features are removed (i.e.,
set to 0 intensity) from the samples. Overall, reducing the total number of aligned features
from 19,557 to 8,812 in the samples. The visualized filtered and unfiltered aligned feature
list for the liver samples can be found in the SI (Figure [S4] and [SF)), showing similar results.
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Figure 10: The filtered aligned feature list of the brain samples and blanks, showing the
feature number on the y-axis and the samples on the x-axis. For the filtering a median blank
intensity with a signal to blank ratio of 5 was used.

Subsequently, the individual feature lists of the brain and liver (Figure|S4|and samples
were reduced based on the blank filtering performed above, obtaining only the tissue features
of interest. These filtered feature lists from the brain and liver samples where then aligned
with each other and hierarchical clustering was performed. Figure [11] shows that based on

the features it is possible to cluster or differentiate between liver and brain tissue samples.

Both similarities and difference between the samples can clearly be seen in these plots.

Log(intensity)

Figure 11: Aligned feature list of the individually blank filtered brain and liver samples,
showing the feature number on the y-axis and the samples on the x-axis.
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Finally, the same steps were taken for the component files of the brain and liver samples.
The component alignment and filtering for the samples can be found in the SI (Figure
, , and , showing a similar trend in information removal as the brain samples
above. Overall, after clustering of the aligned liver and brain tissue samples, again a clear
separation between the two groups can be found. It can also be seen that a lower number of
unique components can be found compared to the number of unique features, which would
be expected as features from the same compound are grouped together. An advantage of this
is that compounds contribute equally to the clustering. Not all compounds have an equal
number of features present in the feature list (e.g., in-source fragments, isotopes, adducts,
and precursor ion), meaning that there can be an unequal contribution between compounds
to the result of the clustering. This was not an issue during the showcasing of this dataset,
but may need special attention, depending on the type and origin of the investigated data.
Overall, these plots have shown that it is possible to differentiate between the two tissues,

showing that the algorithms were able to extract important chemical information from the

data.

Log(intensity)

Figure 12: Aligned component list of the individually blank filtered brain and liver samples,
showing the feature number on the y-axis and the samples on the x-axis. For the filtering a
median blank intensity with a signal to blank ratio of 5 was used.

Conclusions

The jJHRMS toolbox is an open-source and open-access modular toolbox that, on one hand,

provides an user interface for NTA HRMS data processing algorithms and, on the other hand,
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allows full freedom to modify and add workflows. The first environmental dataset that was
processed with the jJHRMS toolbox, showed similar trends in the data as the original study
by Singh et. al.®* and the extensive visualization and reporting by the toolbox. Meanwhile
the second workflow showcased that the algorithms are able to extract important informa-
tion that can differentiate between biological tissues. Additionally, the toolbox comes with
built-in statistical analysis and visualization (i.e., post-processing) at almost every point in
the workflow. The specific algorithms that are implemented at the time of publication are:
SAFD for the feature detection of both profile and centroided data, CompCreate for the
componentization of both DDA and DIA measurements, ULSA that provides extensive re-
porting of match sore and quality, and suspect screening from ULSA that also screens MS2
information for fragments. Moreover, the toolbox runs on all operating systems, allows for
saving parameters for specific methods, and reports algorithms results for each step in the
workflow in .csv files. The latter allows for easy transfer to and from other platforms to,

for example, use the feature detection results from another algorithms and proceed with the

workflow in the jHRMS toolbox.

As for the implemented algorithms themselves, further improvements can still be made.
For example, the component alignment algorithms currently uses the MS1 precursor infor-
mation to align features across multiple samples while the fragment information also contains
crucial knowledge on which features are the same. However, this requires further research
on how much information is required to confidently group components from different sam-
ples. Meanwhile work is being done to extend and test the algorithms for GC-HRMS data
processing. Finally, the predictive models that can use components (i.e., cumulative neutral
losses) need to be implemented to use their predicted information during trend analysis (e.g.,

toxicity) or even alignment (e.g., retention indices).

For transfer of results between the jJHRMS toolbox and algorithms from other platforms,
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application programming interfaces (APIs) might be needed to make the input/output com-
patible. Namely, information can be formatted or named differently or even missing. How-
ever, this does not mean that the algorithms are not compatible. Currently, such APIs have
not yet been developed and will expand as the need for it arises. Finally, the algorithms
implemented in the jJHRMS toolbox can be expanded over time as interest for certain func-
tionalities or algorithms arises. Luckily, these algorithms are not limited by the programming

language used as packages from other programming languages can be called through Julia.
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