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Abstract

Non-targeted and suspect screening analysis using liquid chromatography coupled to high-resolution
mass spectrometry (LC-HRMS) holds great promise to comprehensively characterize complex chemical
mixtures. Data preprocessing is a crucial part of the process, however, some limitations are observed:
(i) peak-picking and feature extraction might be incomplete, especially for low abundant compounds,
and (ii) limited reproducibility has been observed between laboratories and software for detected
features and their relative quantification. We first conducted a critical review of existing solutions that
could improve the reproducibility of preprocessing for LC-HRMS. Solutions include providing
repositories and reporting guidelines, open and modular processing workflows, public benchmark
datasets, tools to optimize the data preprocessing and to filter out false positive detections. We then
propose harmonized quality assurance/quality control guidelines that would allow to assess the
sensitivity of feature detection, reproducibility, integration accuracy, precision, accuracy, and

consistency of data preprocessing for human biomonitoring, food and environmental communities.

Keywords
High-resolution mass spectrometry, exposomics, metabolomics, non-targeted analysis, suspect
screening analysis, data preprocessing, contaminants of emerging concern, chemical exposome,

harmonised QA/QC.
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Abbreviations

NIEHS: National Institute of Environmental Health Sciences

SSA: suspect screening analysis

NTA: non-targeted analysis

GC-HRMS: gas chromatography coupled to high-resolution mass spectrometry
LC-HRMS: liquid chromatography coupled to high-resolution mass spectrometry
CEC: contaminants of emerging concern

QA: quality assurance

QC: quality control

DoE: design of experiment

CV: coefficient of variation

ROI: region of interest

CNN: convolutional neural network

m/z: mass - to -charge ratio
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1. Introduction

Chemical pollution linked to novel entities is one of the nine planetary boundaries and is known to
affect ecosystems and human health. According to a recent inventory, there are more than 350,000
chemicals registered for production and use, with 120,000 of them having substantial gaps in the
chemical identity information®. Consequently, even though large and historical EU and US initiatives
have been implemented to help map human and environmental exposures to chemicals, such as the
European Human Biomonitoring Initiative-HBMA4EU? or the National Institute of Environmental and
Health Sciences initiatives -NIEHS, the number of substances (based on priority lists) for which human
biomonitoring or toxicological data are reported in the literature remains limited. Moreover, for most
of these chemicals, the knowledge of their environmental fate and exposure of animals and humans
through food and environment are not well characterized. Toxicity data, especially below acute toxicity

levels are also lacking, preventing an efficient risk assessment?.

The potential association between chemical exposure and adverse effects on environmental and
human/animal health is difficult to study because of the lack of knowledge on chemical exposures,
which can be partly explained by the limitations of current monitoring methods. The conventional
approach in monitoring methods is based on targeted quantitative measurements of selected
contaminant/matrix combinations, using internal standard corrections and calibration curves. These
methods are robust, accurate, precise, sensitive and reliable and will provide concentrations for the
contaminants of interest. However they do not offer a comprehensive overview of the exposure, as
they are limited to a subset of chemicals, often from the same chemical class®. Conversely, SSA (suspect
screening analysis) and NTA (non-targeted analysis) using gas or liquid chromatography coupled to
high resolution mass spectrometry (GC-HRMS or LC-HRMS) offer great promise to characterize the
global exposure and identify chemicals of emerging concern (CECs) >6. SSA/NTA studies are qualitative
and aim at determining contaminant detection frequency in a population, and/or at quantifying these

contaminants in a relative way to compare different populations and/or at following the detection and
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relative quantification of particular compounds over time. This review will focus primarily on SSA/NTA

studies using LC-HRMS.

SSA/NTA workflows typically include study design, sampling and sample preparation (extraction and
concentration of the compounds of interest) followed by separation via LC, HRMS analysis, and finally
data preprocessing followed by identification steps. The data preprocessing step aims at obtaining a
list of detected signals (features) characterized by several pieces of information (e.g., at least by their
my/z, intensity and/or area, and retention time). Depending on the samples investigated, thousands to
tens thousands of features can be detected in a single analysis. They can then be aligned and grouped
across batches and analyses. After the preprocessing step, in SSA, features of interest are annotated
using a list of expected (“suspected”) substances, while prioritization strategies (e.g., multivariate
analysis) followed by identification steps are commonly used for NTA”®, Although promising, the
development and implementation of workflows for SSA/NTA are still affected by several analytical and
informatics challenges. The large diversity in physicochemical properties hampers the use of only one
analytical set-up to detect all the compounds of interest, whereas the wide dynamic range of
concentrations in the sample prevents the detection of low abundant contaminants due to analytical
interferences®. Furthermore, there are currently no universal solutions available to comprehensively
preprocess the data generated with SSA/NTA. Finally, the annotation step is extremely time-
consuming, and often remains incomplete®. This is in part due to the lack of standard compounds,
which impacts the LC-HRMS libraries information available on molecules (MS/MS, retention time,
logD) and consequently undermines the level of confidence in the annotation. Additionally, xenobiotics
are usually detected at low level, and it can be difficult to acquire MS/MS data for those compounds,

decreasing the body of proofs available for annotation.

Regarding the data preprocessing step, feature integration is dependent on the quality of feature
detection, meaning unoptimized feature detection can lead to false positives (type | error, or noise

being reported as a real feature) and/or more concerning false negatives (type Il errors, or real peak
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being missed) which can then compromise the exposure assessment®. Overall, the main limitations
observed during the preprocessing step include the fact that: (i) peak-picking and features extraction
might be incomplete, especially for low abundant compounds detection!®!!, In that case, it is often
difficult to distinguish actual signals from noise in complex samples with variable noisy backgrounds,
especially if the chromatographic peak does not have a Gaussian shape'2. Moreover, default data
preprocessing parameter settings, often optimized for metabolomic application, can lead to significant
false positive or false negative rates for exogenous chemicals present at trace levels 01 (ii)
reproducibility issues have been observed between laboratories and software for detected features

and their relative quantification®?.

To harmonize the processes across laboratories and ensure that SSA/NTA can provide a list of
confidently detected and integrated features, standardized data preprocessing quality
assurance/quality control procedures (QA/QC) similar to the ones used for validation and monitoring
of analytical methods for target screening are missing. QA aims to define all the activities and processes
to ensure that all quality requirements will be fulfilled. QC describes the individual measures used to
detect non-conformities regarding method performance®®. We suggest that these QA/QC procedures
could be applied in SSA and NTA to validate the efficiency, completeness and reproducibility of data

preprocessing methods.

To address the current limitations related to data preprocessing, we first performed a literature review
of existing solutions that aim to improve the reproducibility of data preprocessing and accurate
detection of all true peaks in LC-HRMS data. Then, within the European Partnership for the Assessment
of Risks from Chemicals (PARC), we propose harmonized QA/QC procedures for data preprocessing
relevant for human biomonitoring (HBM), food and environment communities to ensure robust and
reproducible detection of CECs. In this review, we focus on the data preprocessing step of SSA/NTS
workflows using LC-HRMS, while other separation methods, e.g., gas chromatography was out of the

scope of this study. Aspects linked to analytical reproducibility (sample preparation, correction across
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batches) are already established®®® and will not be discussed in this paper. Furthermore,
normalization, that aims to eliminate unwanted experimental and biological variation, might bring
additional variabilities to the data. This step, further discussed in Misra et al.Y?  and Cuevas-

Delgado et al.'8, was not considered part of the data preprocessing.

2. Raw data pre-processing steps and challenges

Multiple software and tools have been developed for preprocessing LC-HRMS data. The most used
open-source data preprocessing software include XCMS?*®, MS-DIAL?®, MZmine?!, OpenMS?, ..., while
vendor software includes Compound Discoverer (ThermoFisher), MarkerView (ABSciex), MassHunter
Profinder (Agilent), Metaboscape (Bruker) and Progenesis QI (Waters). A comprehensive overview of
available data preprocessing software can be found in reviews from Misra et al.?®, Renner et al.%?,
Spicer et al.?%, Stanstrup et al.® and Hollender et al.. Although the detailed algorithms are different,
the peak-picking or feature extraction strategy is generally based on the same principles: raw data are
first centroided and noise is removed with a simple constant threshold, an adjustable region of interest
(ROI)?®, or a more variable and complex intensity threshold. Then, extracted ion chromatograms (EIC)
are generated and a peak-picking algorithm is used to identify features®’. Features are grouped across
the measurement sequence and retention time alignment is performed (Figure 1). At this stage, gap
filling can be performed to recover peaks that were not integrated in all analyses to minimize the

number of missing values. Gap filling is discussed further in Miiller et al. 2 and Armitage et al®.
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Figure 1 : Data preprocessing steps for one feature of interest. Raw mass spectrometry profile pattern
is first centroided and noise is removed. For the same feature, a collection of centroided MS spectra
across retention time is obtained. Extracted ion chromatograms are generated. Chromatograms are

grouped across the measurement sequence and retention time alignment is performed.

Parameters for centroiding (smoothing algorithms), peak-picking (m/z error, estimated
chromatographic peak width, signal thresholds), retention time correction (alignment gap penalties)
and grouping algorithms (m/z, retention time deviation and minimum number of detections) are
critical. Multiple studies, particularly in the field of metabolomics, have shown that using different
parameters for data preprocessing can lead to three major issues®’: (i) lack of reproducibility and
substantial differences in the list of all detected and integrated features?’, (ii) suboptimal detection of
low abundant features, even those with a Gaussian chromatographic peak'®* and (iii) reporting of
some features as multiple artifactual features (peak splitting) or merging of two features into one
because of poor peak shape linked to low abundance or chemical properties3! with algorithms
struggling to locate the local intensity minima32. Examples illustrating common peak-picking issues are

shown in Figure 2.



215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

A al

wrbmaons g o

Figure 2 : Example of common peak-picking errors: (A) Artifactual splitting of a peak into multiple
features, (B) merging of two peaks into one feature, (C) integration of noise, and (D) missing peak. The
first two issues are generally related to selecting an inadequately low (A) or high (B) peak width value
during the preprocessing step, whereas the last two issues are generally attributable to selecting an

inappropriately low (C) or high (D) noise threshold.

Since data may be acquired in either centroid or profile mode, centroiding is generally only necessary
in the data preprocessing workflow for the latter case. Additionally, centroiding may be performed
after data acquisition on-the-fly by unpublished vendor algorithms with no accessible parameters. To
the best of our knowledge, very few studies evaluating the impact of centroiding on data preprocessing

have been reported?3.

Multiple studies have highlighted significant differences in feature detection, with as low as 10%

2734 and up to three times more detected features depending on the

overlapping features
preprocessing software used3?3>37, A recent study from Guo et al. demonstrates variability between

five different preprocessing software regarding the true positive rate (number of true positive features

detected related to the total number of true positive features)®. It is important to acknowledge the

10
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complexity of comparing detected features across different software, given that each preprocessing
software employs distinct algorithms that may not be implemented in the same sequence. Step by
step comparisons are consequently difficult to interpret. Hohrenk et al.?’ demonstrated that this
phenomenon is not only necessarily related to low abundant features, as they also observe only ~10%
overlap between the MZmine, XCMS Online and enviMass preprocessing of wastewater treated
samples for the top 100 most abundant features. Integration is also affected, and Coble et al. have

noted an absolute bias of up to 22% compared to manual integration with the vendor software®.

Variability was also observed in the detection of spiked or standard compounds, with recall rate of
suspect ranging from 64 to 88%?’. Li et al. have noted in their measurements and data evaluation of a
mixture of 1,100 compounds that the recall rate ranged from 85 to 95%, but the relative error in
integration ranged from 64 to 99%. El Abiead et al. have shown that a minimal change in the XCMS
centWave maximum peak width parameters led to an increase in the proportion of missed spiked
compounds from 6 to 93%!*. This phenomenon was also noticed by Chaker et al., who observed that
the lack of optimization of data preprocessing software such as XCMS can lead to a false negative rate

of up to 80% for chemicals spiked at low levels in blood™.

Differences have also been observed in statistically significant potential biomarkers. For instance,
Baran reprocessed five untargeted metabolomics datasets from public repositories, and although the
study was not aimed to be exhaustive, the author could detect 50 biologically relevant omissions in
each dataset®. Chen et al. compared three preprocessing software and showed that altogether 14
markers were reported as statistically different, but only two were detected by all software?’. Another
study independently performed on the same cancer proteomics dataset reported 17 biomarkers,
where only two were shared between the software approaches®!. Li et al. and Horenk et al. also
mentioned the difficulty in matching detected features across samples and/or different processing

software due to failure in m/z and retention alighment?”42,

11
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To summarize, it appears difficult to be comprehensive in terms of feature detection. Even with
carefully optimized parameters, some compounds that provide reliable signals (including the isotope
profiles) will be missed (i.e. false negatives) by the algorithms. For a number of software tools,
extensively decreasing the thresholds in an attempt to increase the number of low abundant ions
detected will increase the number of reported false positive features*. It could lead to excessively long
preprocessing times (days to weeks), especiallyfor large scale application (> 1000 samples), where
users will be technically limited by their computers (amount of RAM, hard disk space, numbers of CPU
cores), their cloud based solutions (disk quotas) or the programming of the software, i.e., possibility of
task parallelism #*. Thus, it is necessary to (i) ensure that data preprocessing is well adapted to the
scientific question and (ii) minimize discrepancies between data processing tools (i.e. via robust
intercomparability using similar datasets or the same dataset processed with different tools or with
different parameters within the same tool). Moreover, beyond data preprocessing using
computational algorithms, differences are also observed in features classification performed by mass
spectrometry experts (true peak or false peak issued from background contamination or electronic
noise)®. It is therefore important to define QA/QC criteria that ensure that the data preprocessing step

will provide the most accurate and reproducible results possible.

3. Initiatives for reproducible data preprocessing

Considering all the different possible analytical set-up and data preprocessing tools, it seems extremely
difficult to propose a harmonized procedure and parametrization for data preprocessing®. However,
to minimize computational irreproducibility between data processing pipelines and maximize the
detection of real peaks, multiple initiatives are proposed: guidelines for the reporting of the data
preprocessing parameters, online repositories to provide access to the data, reproducible

computational workflows and provision of benchmarking datasets.

3.1.Guidelines for data preprocessing reporting

12
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The first guidelines for NTA data reporting were published in 2007 by the metabolomics community?®.
However, Considine et al. reviewed 17 studies published between 2008 and 2014 and concluded that
the guidelines were not followed, as the description of the data processing parameters was too vague,
making it impossible or very difficult to replicate the data preprocessing workflow*”. In 2019, in
collaboration with the mQACC consortium, the MERIT project detailed best practice guidelines,
method performance standards, and minimal reporting standards for the acquisition, processing and
statistical analysis to encourage usage of metabolomics analysis in the regulatory toxicology context?®,
The 2023 OECD guidelines (number 390) were published with the aim to provide a clear and consistent
framework for reporting each element of an omics study intended for use in regulatory toxicology,
from study design through to data analysis. However, the OECD guidelines only define the workflow
parameters/steps that need to be described. There is no mention of QA/QC for data preprocessing. In
2022, the mQACC consortium?3 published a paper with the aim to encourage the reporting of QA/QC
procedures (i.e., description of the criteria used to define acceptable performances and data used to
demonstrate, that the results are indeed acceptable). A framework is provided for consistent reporting
of QA/QC sample information and quality metrics. These guidelines were designed for metabolomics
studies and are not detailed enough for the regulatory context. There are no defined metrics, and the
provided template is organized following the type of QA/QC rather than checked metrics. In parallel,
the NTA Study Reporting Tool was developed by the Benchmarking and Publications for Non-Targeted-
Analysis (BP4ANTA) working group®. This tool aims to help reviewers to evaluate work submitted for
publication by providing a score to assess the quality of NTA study reporting. More recently, the
Norman study groups has also published guidance for reporting of SSA/NTA data preprocessing

parameters®.

These five documents aim at ensuring that all critical elements of a study are reported. In particular
for data preprocessing, the software and its source, and the peak-picking parameters (m/z tolerances,

intensity thresholds, signal-to-noise ratio, noise filtering settings) are required. MERIT,
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OECD,mQACC,BP4NTA and the Norman study group provide guidelines in terms of QA/QC reporting.

Nonetheless, they do not explicitly cover QA/QC metrics for data preprocessing.

3.2. Data repositories

Like guidelines, data repositories aim to ensure data reproducibility and re-use. Repositories such as
the Metabolomics Workbench®, Metabolights®® and GNPS integrated within MassIVE>? aim to
standardize data submission and disseminate public MS data, ensuring data reproducibility and re-use.
However, in contrast to the proteomics field*3, where metadata for more than 30,000 datasets are
accessible on ProteomeXchange®®, only 3998 datasets were available on MetabolomeXchange®. In
2019, the NORMAN Association established the partially public Digital Sample Freezing Platform®® to
provide the first repository tailored for environmental mass spectral data. It currently contains 60
public datasets®’. The discrepancies in the availability of public datasets in the different domains might
be explained by the challenging and time-consuming process associated with publication of a small
molecule dataset. In addition, the divergent commitments of the communities on standardization and
reproducibility of research and open science are a strong push factor for the development, operation

and use of common repositories.

3.3. Processing Workflow

Open source processing workflows, allowing the data processing from preprocessing to statistical
analysis and data annotation, have been developed to increase reproducibility and reduce the
influence of manual intervention on the final results®®>°. Modular workflows, where new tools can be
implemented as modules, facilitate usage by the analyst, increases reproducibility and favors data

sharing®!.

Platforms gathering all the tools necessary for data processing have been implemented for
Metabolomics. Examples include Workflow4Metabolomics®®, MetaboAnalyst®!, MZmine?, the
metaRbolomics Toolbox?®> and RforMassSpectrometry®2. For environmental studies, patRoon® was

released for comprehensive NTA data processing of environmental samples. Although having these

14
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different approaches is a great way forward, not all software tools are compatible with the same
platform and choices have to be made. Software interoperability should be improved (e.g.,

modularization), where possible, to widen user access to different approaches.

3.4.Benchmark datasets

Benchmark datasets are useful to evaluate the efficiency of data preprocessing and quality of peak-
picking®®>. Benchmark datasets can also be used to compare algorithms and better understand the
key parameters®®®’. Few benchmark datasets have been published to date for exposomic, food and
environmental sciences. One example is the dataset published by Schulze et al. comprising 4 water
samples analyzed by 21 laboratories on a wide range of instruments and with different analysis
conditions (column, gradients, acquisition mode...)%. Another dataset is a collection of 255,000
extracted ion chromatograms, manually classified as being a peak or not, to improve, for example,
peak picking or gap filling algorithms*. Existing open data repositories can also be a source of
benchmark datasets. For instance, the data preprocessing evaluation tool mzRAPP was assessed using
datasets downloaded from Metabolights'!. Although very useful to develop, improve and evaluate
data preprocessing algorithms, benchmark datasets are not necessarily representative of the nature

of the specific study data, so data preprocessing parameters cannot be optimized.

4. Existing tools to minimize true and false negative peak-picking results

To detect a maximum of true features without introducing too much noise, two types of strategies
have been investigated to date: optimization of the data preprocessing parameters and filtering of the
data after preprocessing. Examples of tools that can be used to finely tune the data preprocessing
parameters and minimize true and false negatives are listed in Table 1. In parallel, preprocessing

software using alternative methods for peak-picking have been explored.
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Table 1 - List of tools that can be used to finely tune the LC-HRMS data preprocessing parameters and to minimize true and false negatives peak picking. N/A
= not applicable, DoE = design of experiment, QC = quality control, ROl = region of interest, %CV = coefficient of variation, CNN = convolutional neural

network.
Name Authors Method Criteria Comments Data preproces-su'.\g
software compatibility
Tools to optimize data preprocessing
N/A Eliasson et al.®® Iterative DoE based on dilution Reliability index metrics: evaluate repeatability of Any
of pooled QC samples peaks using correlation between diluted compounds
and integrated peak area
N/A Zheng et al.”® Iterative DoE based on dilution Reliability index metrics: evaluate repeatability of Use a Plackett Burman Any
of pooled QC samples peaks using correlation between diluted compounds design for screening and
and integrated peak area central composite design
for optimization
N/A Kiefer et al.”* Iterative DoE based on spiked Settings are optimized until a defined percentage of Low abundant isotopes of Any
Chaker et al.1° compounds target spiked compounds are detected. internal standards can be
Dom et al.”? used to cover low abundant
Hu et al.”® peaks
N/A Manier et al.”* Iterative DoE Coefficient of variation (%CV) on replicates Any

measurements of samples

XMSanalyzer Uppal et al.” Merge features from best sets Coefficient of variation (%CV) on replicates measures For redundant features, apLCMS?® and XCMS?®®
of data preprocessing of samples. Features merge of multiple data best results (highest %CV)
parameters preprocessing results are kept
FFRGD Juetal.’® Merge features from best sets Fuses features and removes redundancy based on A graph is defined to cover | XCMS?'?, Sieve
of data preprocessing graph density the features generated (ThermoFisher),
parameters from different software, in MZmine?!
which nodes and edges
represent the features and
their similarity relationships
N/A Brodsky et al.”’ DoE Z-transformed Pearson correlation coefficient Any
between intensity profiles of sample replicates
IPO Libiseller et al.”® Iterative DoE Peak-picking score based on reliability of a peak. Reliable peak belongs to an | centWave XCMS*?

Retention time correction score depending on
deviation to the mean of all peaks after correction.
Grouping score based on classification of peaks as
reliable or not

isotopologue (13C)
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MetaboAnalystR

Pang et al.f!

Iterative DoE on ROI (region of
interest) of raw data enriched
for real peaks

Quality score based on the 3 scores of IPO taking into
account peaks with low-abundant isotopes, Gaussian
shape of the peaks and coefficient of variation
between areas of the same compounds

Reliable peak belongs to an
isotopologue (13C)

MetaboAnalystR®!

SLAW Delabriere et al.”? | Iterative DoE based on ROI Siso = similar to IPO peak-picking score Use surface models to OpenMS?2, MZmine??,
(region of interest) of raw data Sinteg = based on detection in other sample and %CV select the best parameters XCMS??
containing the most abundant Salign = retention time deviation across samples
features
mzRAPP El Abiead et al.}t DoE Completeness and accuracy of integration evaluated High-quality of benchmark Any
from a benchmark dataset of compounds for which all | dataset ensured by
peaks have been manually integrated comparing manually
integrated isotopologue
ratios to theoretical ones
Autotuner McLean et al.& Direct determination of best Parameters are derived from shape of chromatograms | Take a sample of peaks centWave XCMS* and
parameters in a single step, from data using slicing Mzmine??
using raw data windows
Paramounter Guo et al.®! Direct determination of best Define universal parameters based on raw data (mass Any, but automated
parameters in ROls tolerance, peak heights, peak width, instrument shift) conversion of
parameters only for
XCMS??, MS-Dial?,
Mzmine??
EVA Guo et al.?? CNN Recognition of false positive metabolic features with Training on 25 000 XCMS??, MS-Dial?,
poor EIC peak shape manually recognized EIC OpenMS?2, MZmine?!
peaks and output true or
false values.
False positive peak filtering
N/A Want et al.?3 %CV across QCs Filter out features with %CV <30% Any
N/A Schiffman et al.3* | Adaptative filtering Filters based on blank samples, % of missing values, Determine the filtering Any
ICC (inter class correlation coefficient) thresholds and evaluate the
effectiveness of the
filtering based on the
training set (900 features
evaluated as high or low
quality)
rFPF Juetal® Entropy index and %CV across 1. Peaks must be reproducible in 80% of the samples. Sieve (Thermofisher)

QCs

2. An entropy index is used to recognize real peaks.
%CV on the rest should be <30%

and XCMS?®?
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MS-CleanR Fraisier-Vannier Adaptative filtering Filtering based on blank samples, unusual and relative | Filters are user tunable MS-DIAL?®
et al .8 Mass Defect, relative standard deviation among
sample class
CPC Pirtilla et al.8” Comprehensive Peak Determine peak area, signal to noise ratio, FWHM, User based filters settings XCMS?®?
Characterization after extraction | width at base and 5,10% on the peak parameters
in raw data from XCMS tables
NeatMS Gloaguen et al.®® Deep learning-based peak filter Classify peaks in 3 quality peak classes: high, Requires a training set Any
tool (CNN) acceptable, poor quality/noise which can be defined by
the user
N/A Kantz et al.®° Deep neural network Classify peaks as true or false signals Training sets contain 1 304 MZmine?!
manually classified LC
peaks
N/A Kantz et al.®° Multiple logistic regression Classify peaks as true or false signals using 6 peak Distinguish true from false MZmine?!
model shape attributes associated in 59 peak group factors signals
MetaClean Chetnik et al.*® Combination of Machine Classify peaks as pass or fail Performed after initial XCMS??
learning (AdaBoost algorithm) filtering based on %CV
and 22 peak quality metrics (<30%).
EVA Guo et al.?? CNN Classify peaks as true or false. Model was trained on XCMS?®, MS-Dial?°,

25,000 manually
recognized EIC peaks

OpenMS?2, MZmine??
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4.1.Tools to optimize data preprocessing

Although the algorithms vary, the most important parameters for peak-picking are m/z errors on
different mass spectra of the same feature, chromatographic peak width (for instance, full width at
half maximum (FWHM), minimum/maximum peak width) and signal thresholds®?. For retention time,
alignment gap penalties applied to the alignment score have to be defined. The gap penalty allows
evaluating the deviation from the diagonal of the similarity matrices. Finally, maximum m/z and
retention time deviations, and the minimum number of samples in which a peak should be detected,
must be established®.. Altogether, about 10 to 15 parameters must be defined, making the data

processing cumbersome for less experienced users.

Numerous tools are available to help with the selection of the best parameters and to easily optimize
the data preprocessing step. These have primarily been developed for high throughput metabolomics
applications, where reliable detection of the most abundant high-quality peaks is favored. Most of
these tools apply a Design of Experiment (DoE) approach, where one or multiple outputs reflecting the
quality of peak-picking are measured and parameters are adjusted depending on the results. Eliasson
et al.*®? first introduced the concept for metabolomics data preprocessing using diluted pooled urine
samples. They proposed to measure the correlation between diluted compounds and integrated peak
area, assuming peak linearity. This method was improved by Zhang and al., who developed a Plackett
Burman design for fast parameters screening and a central composite design for optimization. This
reduces the time needed to determine the best parameter values’®. Others suggested monitoring the
coefficient of variation (%CV) on ten replicates to reflect data variability, assuming that an improved
peak integration and lower missing rate correlates with a lower %CV’*7>. The optimization of settings
until a defined percentage model of target spiked compounds are detected is quite common in the

environmental field®7173,

XMSanalyzer and FFRGD go further by merging the results of different software. For redundant

features, the best results are kept’>’®. Brodsky et al. determine the average Pearson correlation
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coefficient between intensity profiles of sample replicates and apply a Z-transformation to obtain a
normal distribution. The algorithm is run multiple times, and the best combination is chosen based on
the Zcorr score’”. IPO uses stable 13C isotopic peaks to calculate a peak-picking score by the ratio of
reliable peaks to the total number of peaks minus the number of low abundant peaks. An iterative DoE
process is performed until the optimal processing parameters allowing the best peak-picking score are
determined’®. IPO has been shown to work well for abundant features with good LC-MS
performance®’. However, it might provide unrealistic parameter settings for low abundant peak
detection or for data with lower LC-MS quality!®8!. MetaboAnalystR uses a strategy similar to IPO with
few modifications: instead of using the full dataset, regions of interest enriched for real peaks are
selected. The score includes parameters to consider the Gaussian shape of the peak, as well as the
retention time correction score and grouping score®’. SLAW also selects regions with the most
abundant features and uses a score with two terms. The first term is similar to the IPO score, while the
second term considers the reproducible integration across QCs files’. Finally, with mzRAPP, users have
to manually integrate a benchmark dataset of known compounds and manual isotopologue area ratios
are compared to experimental ones to ensure high quality of the benchmark dataset. Recovery and
accuracy of integration using isotopologues are calculated after preprocessing and are used to evaluate
the performance of the data preprocessing procedure!. These methods optimize the parameters in
an undirected way and are data-driven, rather than relying on parameters derived from analytical

chemistry domain experience®..

Other optimization algorithms directly determine the best parameters using the raw data. Autotuner,
for instance, derives parameters by sampling a set of peaks (slicing windows) and by assessing the
shapes of the extracted ion chromatogram?®. Paramounter®! also defines universal parameters based
on raw data (mass tolerance, peak heights, peak width and instrument shift). These universal
parameters can then be converted to be used in XCMS, MS-DIAL and MZmine. However, even though
based on direct determination of the best parameters, AutoTuner has been shown to be biased

towards high quality abundant features®. Moreover, if detected, the integration of low abundant
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features is not as reproducible as shown by Chaker et al. (fewer than 20% of serum spiked compounds

have a CV<20%)™°.

Finally, machine learning algorithms are emerging. For example, EVA uses CNN (convolutional neural
network) for peak quality evaluation. The model was trained on 25,000 manually annotated peaks
(false and true). This allows the software to recognize false positive metabolic features with poor EIC
peak shape®. The software is compatible with four different software (XCMS, MS-DIAL, OpenMS and

MZmine).

All these optimization algorithms are interesting approaches to choose the best parameters for data
preprocessing. However, they also need to be considered with care as some of these optimization
strategies have been shown to discard low abundant and rare peaks, which are critical when

performing environment, food safety and human biomonitoring analysis®+%2,

4.2. False positive peak filtering

After data preprocessing, features can be filtered to remove the maximum number of false positive
peaks and only keep the real features. Common strategies to evaluate the quality of a peak and decide
for filtering are based on repeatability metrics, blank subtraction, peak metrics, mass defect and

machine learning.

Repeatability metrics include %CV® on spiked and/or on all detected compounds, interclass
correlation coefficient (ICC)®*, entropy index which allows to evaluate noise®® and percentage of
missing values calculated on repeated injections of the same sample, like pooled QCs. For instance,
Schiffman et al. manually evaluated 900 features as high or low quality, tested multiple filters and
compared the results in terms of high- and low-quality features filtered out®*. They concluded that a

data-adaptive filtering outperforms methods based on non-specific thresholds.

Blank subtraction, included for instance in the tool MS-CleanR®, will evaluate background ions and

feature height ratio in samples vs QC.
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Peak metrics are used for instance by the tool CPC, which calculates peak characteristics (peak area,
signal-to-noise ratios, FWHM, width at base, 5% and 10%) and filters out features with no characteristic
peak signatures in the second derivative®”. MS-CleanR®® also incorporates mass defects (unusual and

relative mass defect calculation).

Machine learning aims to classify detected peaks as true or false based on a training set of manually
classified peaks (binary classification). Image recognition algorithms, including deep learning®, deep
neural network® and CNN82 have been used. Other strategies based on boosting have been suggested.
For instance, MetaClean combines machine learning using the AdaBoost algorithm and 22 peak quality
metrics®. A simpler multiple logistic model, including six peak shape attributes associated with 59 peak
group factors, has been shown to provide reasonable results, although it did not perform as well as an

image-based deep neural network on the same sample set®.

4.3.New data preprocessing strategies

New types of algorithms are currently emerging to provide an alternative to the peak-picking
approaches described above. For instance, Li et al. developed the algorithm Asari which aligns samples
before peak detection using a composite mass track (LC-MS data points with the same consensus m/z
value spanning the full retention time across all analysis). In commonly used software such as XCMS
and MZmine for instance, peaks are aligned after the peak detection, which will cause a small variation
of reported m/z values in each sample and the algorithms will have to ensure that correct peaks are
grouped. By aligning before peak detection, a decrease in computational time and improvement in
reproducibility was demonstrated, as there was no need to align elution peaks between samples and

mass resolution was the only parameter requiring tuning*2.

The software HERMES foregoes classical peak detection by considering a vast array of possible
molecular formulas and adducts, detecting information-rich signals independently of chromatographic
peak shape®. IDSL.IPA uses the isotopologues *2C/*3C in a similar way to the optimization tool IPO to

define and isolate peaks of organic compounds®*.

22



464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

Other approaches get rid of the centroiding step and directly work on raw data acquired in profile
mode. Examples include machine learning algorithms using pattern recognition such as artificial neural

959 or CNN to define peak integration

networks (ANN) and deep neural networks to recognize features
and product separation region (peakOnly, PeakBot)?”*8. These approaches, however, depend on the
quality of the training set. The SAFD algorithm also works directly on profile raw data. A three-
dimensional Gaussian distribution is fitted onto the profile data. This allows to consider all the
measured points within one feature at the expense of computational time and difficulties in integrating
irregular peak shapes®. Another approach uses a Bayesian probabilistic peak detection algorithm that
weighs the data according to the probability of being affected by a chromatographic peak or noise'®.
Additionally, retention time alignment is also investigated to allow to correct for non-monotonic shifts.

Examples include DeepRTAlign%, that combines a pseudo warping function and a deep learning-based

model and Alignstein!??, that uses a feature matching method.

5. Suggestion of harmonized QA/QC procedures for data preprocessing

5.1.Overview of current QA/QC approaches

QA/QC would complement all the previously described actions and certify that the data preprocessing
of SSA/NTA meets some defined quality criteria. This will ensure the best possible detection of all true

features and minimize false positives.

QA/QC has successfully been implemented for all analytical and instrumental drifts aspects for SSA and
NTA%, Multiple papers discussed implementing and adopting common QA/QC practices. Still, to the
best of our knowledge, no set of provisions has actually been proposed and defined to assess
specifically the performance of data preprocessing®°%1%, Knolhoff et al. have experimented with QC
practices to test the whole workflow, from sample analysis to data processing, using QC pooled
samples spiked at low, medium and high level'%. Satisfactory results were obtained with identification

rates of 70% and a precision ranging from 30 to 50% for all spiked compounds in all QCs.

5.2.Harmonized QA/QC procedures
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Here, building on the Knolhoff et al. initiative, we propose a set of QA/QC criteria that could be used
to evaluate the quality of data processing of SSA/NTA analysis and more particularly: (i) sensitivity of
feature detection, (ii) reproducibility, (iii) integration accuracy, (iv) mass and retention time accuracy
(after realignment and calibration), and (v) consistency. All the parameters, criteria and provisions are

described in Table 2.

At this stage, it is important to mention that the quality of the analytical design (inclusion of blank and
quality control samples along the sequence, randomization of the samples in batches), and process
(performance, stability, repeatability) needs to be thoroughly checked as it will impact the data quality
in general and thus affect the data preprocessing. This is the only way to distinguish issues related to

either analytical or data preprocessing errors.

QA/QC for data preprocessing should be evaluated on representative samples, e.g., pooled QC
samples spiked with a set of known compounds relevant to the study at two concentration levels (high
and low) injected multiple times, one after the other and across multiple batches. These types of QCs
and blanks are usually included in large-scale non-targeted studies of human specimens'®,
environmental® and food samples to monitor analytical performance and consistency of the
instrument and thus will not require additional analysis. At this stage, standardized reference materials
could also be used to support data preprocessing intercomparison between various studies from

different laboratories.

Ideally, the data preprocessing should not include any gap filling or imputation (it will improve the
detection frequency), grouping of the degenerate features, i.e., adducts, fragment ions (it will impact
the integration results) or normalization of the data (it will affect the integration results of the

compounds).
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Table 2 — Proposed harmonized QA/QC criteria to evaluate performances of data preprocessing for qualitative and quantitative SSA/NTA analysis. For each
parameter, criteria, provision, base for thresholds/tolerances, actions to be taken if failed criteria and useful tools are described.

suspect screening strategy

in high level spiked QCs

Type of
Parameters SSA/NTA Criteria Provision Base for thresholds/tolerance Actions if failed criteria Possible Tools
study
Compare the number of detected .
Sensitivity of False negative spiked compounds between manual Proportion of compounds detected
¥ Qualitative '°8 P poung in low level spiked QCs, Optimize peak-picking Skylinel%, mzRAPP,
feature - detection rate accurate processing and . 107
. Quantitative . . . . Proportion of compounds detected | parameters Scannotation

detection (Spiked compounds) automatized preprocessing using a

Reproducibility

Qualitative
Quantitative

False negative
detection rate
(Spiked compounds)

Compare the false negative rate
detection across repeated samples

Proportion of compounds detected
in low level spiked QCs across
samples.

Proportion of compounds detected
in high level spiked QCs across
samples.

Optimize peak-picking
parameters

Skylinel%, mzRAPP!,
Scannotation?’

Quantitative

Reproducibility of
integration across all
repeated samples
analysis

(All features)

Calculate the coefficient of variation
on integrated areas for all
compounds after data preprocessing

Coefficient of variation values
(%CV)

Optimize peak-picking
parameters

MetaboanalystR®?

Quantitative

Proximity to curated
integration
(Spiked compounds)

Compare curated integration of
isotope ratios to automatized
preprocessing integration

Correlation between curated and
automatized preprocessing
integration

Optimize peak-picking
parameters

mzRAPP!

Calculate all the area ratios high vs.

(Spiked compounds)

Relative deviation on retention
time within reasonable limits

Integration low level spiked compounds
accuracy Relative quantification (Area at level 2 — Area in the Spiked compounds should be
o L . . Check the full data 61
Quantitative | accuracy procedural blank)/(Area at level 1 - highlighted as differential (p- reprocessing workflow MetaboanalystR
(Spiked compounds) Area in the procedural blank) value<0.01 and log2FC>2) prep &
and apply univariate statistics and
plot a volcano plot
Deviation in m/z<5 ppm or less
Recalibration and time depending on instrument and
Precision/ Qualitative . . Calculate the standard deviation in concentration of the spiked Check recalibration, grouping . 107
. alignment quality . . . Scannotation
accuracy Quantitative mass and retention time analytes. and realignment parameters
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Identification with the
annotation workflow Run the suspect screening workflow
using with (1) a suspect list containing
1) asuspect list only the standard compounds and .
containing (2) the suspect list that will be used Proportion of compounds
. Qualitative I . annotated in low level spiked QCs Check the full data Scannotation!®’, patRoon®3,
Consistency o only the to answer the scientific questions . . . 120
Quantitative Proportion of compounds preprocessing workflow MS-Dial
standard and compare the rate of annotated - .
. annotated in high level spiked QCs
compounds spiked compounds vs. detected
2) the complete | spiked compounds after data
suspect list preprocessing
(Spiked compounds)
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5.2.1. Sensitivity of feature detection
The sensitivity of feature detection parameter aims to evaluate the rate of false negative and false
positive detected compounds. These parameters can be evaluated by monitoring the percentage of
recovered spiked compounds compared to manually curated data. Beforehand, it is necessary to check
for the absence or at least a much lower detection (e.g., ratio 1:10) of the spiked compounds in
procedural blanks to avoid affecting detection frequency. A suspect screening strategy can then be
used to compare the number of detected spiked compounds between manual accurate and
automatized preprocessing.

5.2.2. Reproducibility
The reproducibility parameter evaluates the variability linked to data preprocessing of repeated
analysis of the same sample (i.e.; repeated injections of the same QC preparation) within a defined
time period (one or multiple batches). It aims to compare i) the false negative rate of detection of
spiked compounds across repeated samples and ii) the integration of all features across all repeated
analysis of the same sample. To evaluate this last point, following the metabolomics guidelines®®, we
suggest to keep only the compounds with a detection rate higher than 70% in all quality control
samples.

5.2.3. Integration accuracy
The integration accuracy aims to evaluate (i) the proximity to manual integration results on the set of
spiked compounds and (ii) the reproducibility and accuracy of integration on all features across all QC

runs. Integration accuracy can be evaluated, as suggested by El Abiead et al.!

, on spiked compounds
with the isotopic ratio for low abundant isotopologue (LAIT) and most abundant isotopologue (MAIT)
using the third isotopologue for halogenated compounds and the second for all the other compounds.
Manually curated integration can then be compared to automatized data preprocessing integration.
In parallel, the relative quantification accuracy will be evaluated by comparing the spiked compounds

areas at least at two concentration levels. The ratios ((Area at level 2 — Area in the procedural blank)/

(Area at level 1 — Area in the procedural blank)) are unlikely to be accurate, but they should be
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highlighted as differential by univariate statistical analysis. Representation as volcano plots (results of
the statistical test, e.g., p-value vs. logarithm in base 2 of fold change) could be used for easy
visualization.
5.2.4. Precision / accuracy

Precision and accuracy of mass and retention time on spiked compounds must be checked to ensure
proper data recalibration and time alignment. Mass and retention time deviations will heavily depend
on the analytical configuration used for instance, the type of HRMS (QTOF vs. Orbitrap), the abundance
of compounds, column stationary phase or flow rate (nano, micro, standard). For regulatory purposes,
we advocate strict guidelines concerning mass deviation and define a strict limit of less than 5 ppm.
Modern mass spectrometers generally significantly undercut this limit. To determine the retention
time deviation limits, reference data should be collected on standard compounds over a minimum
span of 10 days or column run time of 200 samples!®. Retention time drifts should also be
continuously monitored, using a set of internal standards spanning the whole elution window and/or
routine measurement of a set of unlabeled compounds and/or reference matrices also spanning the

whole elution window.

5.2.5. Consistency
The consistency parameter will evaluate (i) the ability to identify the compounds with the subsequent
annotation workflow using a suspect list containing only the standards and ii) the ability to identify the
compounds with the subsequent annotation workflow using the most relevant suspect list to answer
the scientific question. Thus, the proportion of correct identifications among spiked compounds after
running the annotation workflow will be compared to the detected spiked compounds after data
preprocessing.

5.3.Tools for QA/QC automatic evaluation
Algorithms have been developed to investigate data quality and could be used to support and help
monitoring the various parameters defined earlier. In addition to vendor software, Skyline!®, for

instance, is an open-source software allowing targeted extraction of compounds that could be used
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for rapid manual integration of spiked compounds. mzRAPP!! has been designed to support routine
assessment of the detection and integration of non-target features. It calculates metrics such as
benchmark recovery and isotopic ratio accuracy based on the most abundant isotopologue (MAIT) and
the lowest abundant isotopologue (LAIT). It might be sometimes difficult to see a consistent isotopic

7 compares experimental isotopic ratios to

pattern for low level contaminants. Scannotation®
theoretical ones. In addition, Scannotation provides a confidence index based on multiple parameters
(retention times, mass accuracy and isotopic ratios) and a detection frequency of each feature in the
dataset and could be used to evaluate consistency. MetaboanalystR®! offers multiple statistical tools
and can be used for instance to calculate coefficients of variation on peak integration. MetaboanalystR
also provides univariate analysis that could be used to evaluate the semi-quantification accuracy.

Finally, multiple annotation software could be used to ensure that correctly preprocessed spiked

compounds are also identified. Examples of tools include patRoon® and MS-Dial®®.

6. Conclusion

Non-targeted LC-HRMS environmental, food and human biomonitoring data preprocessing suffers
from type | errors (false positive detection), type Il errors (false negative detection) and poor
reproducibility, depending on the preprocessing software, preprocessing parameters and user
experience. Currently, there is no ideal tool capable of preprocessing the data in a non-linear way and
allowing the peak-picking of a diverse array of chromatographic peaks. Solutions have been proposed
to mitigate these issues: (i) repositories, (ii) guidelines for reporting data preprocessing, (ii)
implementation of semi-automated preprocessing workflows, (iii) provision of benchmark datasets,
and (iv) development of tools to minimize true and false negative peak-picking (optimization of data
preprocessing parameters and filtering of false positive features). To add to these ongoing initiatives,
we propose a set of harmonized QA/QC procedures to ensure optimal detection of all true features
and minimize false positives. This QA/QC set checks for sensitivity of feature detection, reproducibility,

integration accuracy, precision/accuracy and consistency. We recommend these criteria to be carefully
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checked before further investigating the results. We did not provide any thresholds in this review, as
the decision of what is acceptable depends on the study design and objectives, the instrument and the
preprocessing tool, as well as the compromise the user is ready to accept between preprocessing time
and detection of compounds of interest. Further collaborative studies will be needed to determine
thresholds and tolerances for these QA/QCs.

In any case, the results of QA/QC should be reported in the SSA/NTA data preprocessing workflow, as
a table for instance, to ensure transparency and ease of data reusability of any published study.
Interpretable criteria will also help to communicate confidence of data in the regulatory context. We
envision that these QA/QC set will evolve with time to incorporate the last technology advancements,
for instance ion mobility measurements and derived collision cross section (CCS) that are started to be
evaluated for application in the regulatory context, and for which reporting guides are already
available!®®1%° We hope that these QA/QC approaches will help to develop a new generation of tools
and benchmark datasets aiming to assess efficiently the quality of SSA and NTA data preprocessing.
Providing high quality preprocessed datasets with robust feature annotation is a mandatory step to
provide proper training datasets for the next-generation machine learning tools that will help to

automate the processing of complex HRMS datasets in the near future.
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Highlights

e Preprocessing of raw data from suspect screening and non-targeted analysis by liquid
chromatography coupled to high resolution mass spectrometry (SSA/NTA LC-HRMS) is
affected by reproducibility and incomplete peak peaking

e Optimization tools and guidelines were developed to improve SSA/NTA LC-HRMS
data preprocessing

e Quality assurance/Quality control provisions for SSA/NTS LC-HRMS data

preprocessing are proposed to assess performance of preprocessing
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