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Abstract

Feature detection plays a crucial role in non-target screening (NTS), requiring careful selection of algorithm parameters to
minimize false positive (FP) features. In this study, a stochastic approach was employed to optimize the parameter settings
of feature detection algorithms used in processing high-resolution mass spectrometry data. This approach was demonstrated
using four open-source algorithms (OpenMS, SAFD, XCMS, and KPIC2) within the patRoon software platform for process-
ing extracts from drinking water samples spiked with 46 per- and polyfluoroalkyl substances (PFAS). The designed method
is based on a stochastic strategy involving random sampling from variable space and the use of Pearson correlation to assess
the impact of each parameter on the number of detected suspect analytes. Using our approach, the optimized parameters
led to improvement in the algorithm performance by increasing suspect hits in case of SAFD and XCMS, and reducing the
total number of detected features (i.e., minimizing FP) for OpenMS. These improvements were further validated on three
different drinking water samples as test dataset. The optimized parameters resulted in a lower false discovery rate (FDR%)
compared to the default parameters, effectively increasing the detection of true positive features. This work also highlights
the necessity of algorithm parameter optimization prior to starting the NTS to reduce the complexity of such datasets.

Keywords Non-target screening - Open-source algorithm - Feature detection - Parameter optimization

Introduction

An immense number of chemicals are produced globally
and the inevitable release of synthetic chemicals to the envi-
ronment increases the likelihood for negative impacts on
human health and ecosystems [1, 2]. Conventional monitor-
ing methods (target analysis) only cover a small part of the
chemicals in use, which is a major impediment to evaluat-
ing chemical exposure and risks. Nowadays, suspect and
non-target screening (NTS) employing high-resolution mass
spectrometry (HRMS) are increasingly being used to assess
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the presence of a wider range of compounds in the environ-
ment [3]. The HRMS instruments, coupled with liquid and
gas chromatography, allow for the untargeted detection of
thousands of compounds that are compatible with the extrac-
tion, separation, and ionization methods involved [4-6].

In recent years, NTS of chemicals in the environment
using HRMS has grown rapidly in the research community
[7-12]. NTS is a bottom-up approach and considers all sig-
nals detected in full-scan HRMS without prior information
[13]. However, applying NTS requires an automated pro-
cess for screening all the experimental data since it is time-
consuming to go through the data manually. Automation
may give the illusion of reproducibility across users and data
analysis workflows. However in reality, current approaches,
each with different strengths and weaknesses, have been
shown to deliver different results on identical datasets due to
differences in underlying algorithms and parameter selection
therein [14]. Harmonization is therefore required to enable
comparison between different studies.

A typical NTS data processing workflow consists of
several steps (Fig. 1). Firstly, so-called features need to be
extracted from the HRMS data. A feature is defined as a
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Fig.1 Scheme of a typical non-target screening (NTS) workflow.
From left to right: (1) data acquisition and data pretreatment; (2)
chromatographic peak detection; (3) feature alignment-and-grouping
process, where features across samples are corrected for chromatog-

collection of data that holds a unique combination of a mass-
to-charge ratio (m/z), peak area intensity, and retention time
[15-17]. The next step is the alignment-and-grouping of the
features in the samples and sample replicates where correc-
tion for chromatographical differences and the combining of
features across replicate samples that are considered equiva-
lent are performed respectively. Then the feature groups are
filtered by subtraction of blank peaks and noise. Finally, the
last step is annotation to elucidate chemical identities where
formulas and chemical structures are generated based on
the collected data [5, 16—18]. Suspect screening can be per-
formed to reduce the complexity and difficulty of NTS using
a suspect list that holds the exact masses of known chemicals
to screen against collected features for similarity.

NTS can be performed using various closed- and open-
source software tools. Closed-source commercial software
tools use concealed algorithms and can implement the full
NTS workflow for example DataAnalysis (Bruker), UNIFI
(Waters), and Compound Discover (Thermo). Closed source
software is normally applicable only to a vendor-specific
data format, resulting in difficulties in data sharing and
reproducibility. In contrast, many open-source software
tools enable data sharing and implementation of reproduc-
ible workflows. Examples of such open-source software are
OpenMS [19], XCMS [20], KPIC2 [21], SAFD [22], and
MZmine [23], many of which are implemented in the open-
source platform patRoon for environmental mass spectrom-
etry—based NTS [16]. However, these algorithms, independ-
ent from their source, must be optimized for a given analysis
to maximize the true positive rate while maintaining low rate
of false positives [24, 25]. Employing differing algorithms or
using the same algorithm with different settings may gener-
ate different results for the same data [26-30].

Feature detection is a crucial step in the NTS workflow
and can increase uncertainty due to the generation of numer-
ous false positive (FP) features, which arise from noise,
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raphy shifts and are combined across samples that are considered as
equivalent respectively; (4) rule-based filtering and prioritization of
feature groups; (5) formula generation and compound annotation of
the filtered feature groups

artifacts, or mathematical effects rather than from actual
chemicals [30]. The purpose of the feature detection step is
to identify all signals caused by true features, while avoid-
ing the detection of false features (e.g., noise and/or back-
ground signal), which is the common challenge for feature
detection algorithms [12]. These algorithms often employ
complex approaches using characteristic defined shape prop-
erties, such as smoothed second-derivatives, local maxima
and minima, or wavelet models [23, 28, 31]. They typically
considered both the time and mass domains, assuming a
Gaussian-like distribution, and use both centroided and
profile data.

However, the capabilities of existing algorithms are lim-
ited when it comes to identifying features with low inten-
sity, non-Gaussian peak shapes, or those with poor baseline
resolution [27, 32]. Additionally, most available algorithms
require users to fine-tune a number of nonintuitive or “black
box” input parameters, which limits their use to experts and
can have unpredictable consequences for data quality [17,
32, 33]. Proper optimization of these algorithms is essen-
tial to achieve optimal performance in each step of peak
detection and to reduce the detection rate of FP features,
particularly when applied to complex environmental sam-
ples in NTS.

This study aims to design and evaluate an optimization
method for feature detection algorithm parameters, which
can be also applied to feature alignment-and-grouping algo-
rithm. This work was performed with patRoon, an R-based
open-source software platform for performing NTS work-
flows [16, 17]. Four different open-source algorithms:
OpenMS [19], XCMS [20], KPIC2 [21], and SAFD [22],
available within the patRoon platform, were used to evaluate
the designed method and compare the optimized and default
parameters for the outcome of each algorithm. A closed-
source algorithm (DataAnalysis, Bruker Daltonics) was
included as a comparison with the open-source algorithms.
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Our approach is applied to drinking water samples spiked
a total of 46 per- and polyfluoroalkyl substances (PFAS) in
order to optimize the feature finding and feature alignment-
and-grouping algorithms. While our strategy focuses on
maximizing the detection of the true-positive features (sus-
pect hits) through optimizing the algorithm performance, it
also considers the need to balance this with the minimization
of false positives to avoid introducing extra complexities to
the NTS workflow.

Method and material
Chemicals and standards

Native of 46 PFAS standards (Table S1) were purchased
from Wellington Laboratories (Campro Scientific, The
Netherlands), with the exception of N-deuteriomethylper-
fluoro-1-n-octanesulfonamidoacetic acid-d3 (N-MeFOSAA-
d3,>99%) and N-ethylperfluoro-1-n-octanesulfonami-
doacetic acid-d5 (N-EtFOSAA-d5,>99%) which were
purchased from Chiron (Trondheim, Norway); trifluoro-
acetic acid (TFA,>99%) and perfluoropropanoic acid
(PFPrA, >97%) were purchased from Sigma-Aldrich, The
Netherlands; perfluoroethane sulfonic acid (PFEtS, >98%)
was purchased for Kanto Chemical, Japan; and N-methylper-
fluorobutanesulfonamide (MeFBSA, > 97%) was purchased
from Apollo Scientific. Milli-Q water was used throughout
the experiments. LC—MS grade methanol and acetonitrile
were acquired from Biosolve Chimie (Valkenswaard, The
Netherlands). Ammonium acetate (>99%) and glacial ace-
tic acid (>99%) were both purchased from Sigma-Aldrich,
and ammonia solution (25%, analytical reagent grade) was
acquired from Fisher.

Sample preparation

Triplicate drinking water samples from Amsterdam (The
Netherlands) were collected in 1-L HDPE bottles. The
water samples were extracted then spiked with PFAS stand-
ards, and employed as the training dataset. Three different
drinking water samples spiked with PFAS standard before
extraction were extracted on different days to generate the
test dataset.

The drinking water samples were extracted using solid
phase extraction (SPE) as described elsewhere [34]. Briefly,
the pH of all samples was adjusted to pH =4 using acetic
acid, then SPE was performed using Waters Oasis® WAX
SPE cartridges (3 mL, 60 mg, 30 pm). The SPE cartridges
were preconditioned by passing a series of 3 mL 0.1%
ammonium hydroxide in methanol, 3 mL of methanol, and
then 3 mL of Milli-Q water. After loading the samples,

the cartridges were washed with 3 mL ammonium acetate
buffer solution (pH=4). The cartridges were dried under
high-purity nitrogen flow for 15 min. Next, the cartridges
were eluted using 3 mL of 0.1% ammonium hydroxide in
methanol. During elution, the extracts were filtered using
FilterBio® polypropylene (13 mm, 0.22 pm) syringe filters.
The extracts were evaporated under a gentle stream of high-
purity nitrogen to 75 pL, and then 175 uL of 0.05% acetic
acid in water was added. The extracts were spiked with PFAS
standards (5 pL, 0.2 ng/uL; in case of training set), then vor-
texed and centrifuged (5 min, 4000 RPM), after which they
were transferred to LC vials for instrumental analysis.

Milli-Q water was extracted together with drinking water
samples in triplicate as extraction blank.

Sample analysis

All samples including blanks were analyzed by liquid chro-
matography (LC) coupled with HRMS. Aliquots of 10 pL
were injected into Acquity UPLC CSH C18 column (130 A,
2.1x 150 mm, 1.7 pm). The mobile phase flow rate was set
to 0.2 mL/min and the column temperature was set to 50 °C.
The mobile phase consisted of 0.05% acetic acid in water
(A) and 0.05% acetic acid in acetonitrile (B), and gradient
elution was as described in Sadia et al. [35]. For HRMS,
a MaXis 4 G high-resolution g-TOF-HRMS (Bruker, Lei-
derdorp, The Netherlands) with resolving power of 50,000
at m/z 300, and equipped with an ion-booster electrospray
ionization (IB-ESI) source was employed. The mass spec-
tra were recorded in negative mode with a mass range of
50-1500 m/z and a sampling rate of 5 Hz. To guarantee the
required mass accuracy, internal mass calibration was car-
ried out automatically for each analysis by infusing a 50 uM
sodium acetate solution in a water—methanol mixture (1:1,
v:v), with a loop injection of 20 pL at the beginning of the
analysis (0.1-0.5 min).

Studied algorithms

To assess our optimization approach, we employed five
different algorithms, four of which are open-source and
open-access. The used algorithms consisted of the SAFD,
XCMS, OpenMS, KPIC2, and the DataAnalysis by Bruker.
These algorithms represent a wide variety of feature detec-
tion strategies as well as underlying assumptions as briefly
described below. Additionally, all algorithms were inter-
faced via patRoon.

SAFD

SAFD, an open-source algorithm, is a self-adjusting algo-
rithm due to the fact that most of the parameters used in this
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algorithm are only the first guess and they get adjusted for
each feature [31]. SAFD fits a pseudo-3D Gaussian function
to the top 50% of the feature. This was also the only tested/
investigated algorithm that is able to perform feature detec-
tion of both centroided and profile data via Cent2Prof algo-
rithm [22], which predicts the mass peak width using the
height, retention factor, and the m/z values. SAFD does not
distinguish between potential adducts, isotopes, and/or in-
source fragments and thus detects them as separate features.

XCMS

XCMS [20] is an open-source algorithm, which combines
the regions of interest (ROI) detection in the mass domain
and the centWave algorithm (CWA) for feature detection in
the time domain [36, 37]. This combination has been one of
the most commonly used approaches for the feature detec-
tion of LC-HRMS data [37, 38].

OpenMS

OpenMS [19] is an open-source software platform for pro-
cessing of LC-HRMS data. OpenMS includes different algo-
rithms for each step that takes place during NTS assays. One
of such steps is feature detection, where a combination of
feature detection and isotope detection is used for a robust
and reliable feature detection. This algorithm first gener-
ates m/z traces based on the observed/measured mass error.
Then these traces are fit with the FeatureFinderMetabo algo-
rithm for the detection of the chromatographic peaks in the
time domain. During the last step, only the features that fit
the expected isotopic distribution are recorded as true fea-
tures, while the others are considered as noise [39, 40]. The
OpenMS algorithm has an isotope filtering step incorporated
in its feature detection procedure, which is not included in
other algorithms.

KPIC2

KPIC2 [21] is another open-source/access algorithm per-
forming feature detection on centroided data. The feature
detection method is based on pure ion chromatogram (PIC),
by extracting the “pure ions” from the background noise,
through tracking ions scan to scan and connecting data points
with similar m/z values. This algorithm, similarly to the pre-
vious ones, generates RIO m/z traces in the mass domain and
uses CWA to detect the features in the time domain. The main
differentiating part of this algorithm is the use of k-means
clustering to generate the ROIs rather than using the mass
tolerances set by the user (e.g., XCMS and OpenMS).

Bruker DataAnalysis

Bruker DataAnalysis 4.4 (Bruker Daltonics) is a proprietary
algorithm present in the Bruker software suite [41]. It can be
used within the patRoon platform if the proprietary software
is already installed and activated on the computer of interest.
Bruker DataAnalysis uses the “Find Molecular Features”
(FMF) algorithm for feature detection. This algorithm also
operates using extracted ion chromatograms via centroided
data. However, due to the nature of closed-source software,
a detailed overview of how the algorithm operates cannot be
provided. While automatic parameter control via patRoon
for this algorithm is not feasible, manual adjustments can be
made for each run individually using DataAnalysis.

Experimental design and optimization
Parameter optimization
For the parameter optimization (Fig. 2, Table S2), we

employed a stochastic strategy where, for each parameter,
a range was defined based on a combination of extending

Feature detection algorithm I

|

Parameter 1

Set a value range for each
parameter

Parameter 2

}

Parameter 3

N Run the algorithm (n) times with different parameter
combinations and record the suspect hits

1

Select narrow range
value

Yes Correlation test between No

| the parameter value and the me——] Selecting the average value

suspect hit

of initial selected range

Fig.2 A schematic diagram of the optimization design used for optimizing feature detection algorithms
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the range of the default parameter and expert judgment.
This ensured that the chosen ranges were both data-driven
and informed by practical experience. Next, we randomly
sampled a set of values from this range for each parameter
and used these values for an iteration of feature detection
followed by performing suspect screening (“Suspect screen-
ing” section). This process was repeated between 150 and
500 times depending on the algorithms’ computational
intensity. In the next step, we evaluated the relationship
between the number of detected suspects (which correspond
to the true feature) vs each parameter. The parameters that
showed a significant positive or negative linear correlation
(i.e., r>10.5l and p < 0.05) with the number of detected sus-
pect analytes were considered for further optimization. For
example, a parameter with an r value of — 0.6 indicated that
a decrease in the parameter results in higher suspect hit rate
and thus is a parameter to be optimized.

For the parameters that did not show any correlation
with the number of suspect hits, the middle of the range
was considered as the optimized value (Fig. 2). However,
we acknowledge that this approach may overlook potential
non-linear relationships. Non-linear optimization methods
could be explored in future work to better account for such
relationships.

It should be noted that this approach follows a Bayesian
principal with an uninformative prior, implying that all
values in the parameter space have the same probability
of being the optimized value [42]. After the first sampling
step, the prior probability distribution is updated based on
observed correlation results. Specifically, parameters with
strong correlations (either positive or negative) with the
number of suspect hits help in identifying a narrower range
of parameter values that are more likely to be optimal.
This updated probability distribution, which now gives
higher weights to these narrowed ranges, guides the sub-
sequent sampling steps. This approach has the advantage
of not having any initial assumptions while it suffers from
the fact the optimization process may be computationally
expensive. A list of parameters used for optimization for
each algorithm is reported in Table S2 and the R script for
parameter optimization found in the SI.

To compare our strategy with another existing algo-
rithm for parameter optimization, we used the Isotopo-
logue Parameter Optimization (IPO) algorithm [43], inte-
grated within patRoon. The IPO automatically performs an
evaluation of the sets of parameter values for an algorithm
and selects the most optimized value by using natural, sta-
ble 13C isotopic peaks to calculate a peak picking score.
A detailed overview of this method and the results can
be seen in SI. It should be noted that IPO did not gener-
ate reasonable parameters. This limitation may stem from
IPO’s dependence on specific sample characteristics; it

was originally designed for metabolomic samples rather
than environmental samples. Consequently, its results were
not considered in our analysis.

Evaluation of algorithm performance

We tested two strategies to evaluate the algorithm optimiza-
tion: false discovery rate (FDR) and suspect screening. These
approaches were selected to accurately assess the quality of
our optimization approach by defining the true positive feature
using different methods. The FDR was employed to measure
the effectiveness of the optimization procedure on structur-
ally unknown features, while the suspect screening was used
to evaluate the effectiveness of the optimization procedure on
the known features that were previously spiked in the samples.

False discovery rate (FDR) The FDR defines the number
of cases wrongly identified as a true feature. The main dif-
ference between false positive rate (FPR) and FDR is the
fact that for FPR the number of true negatives is necessary,
which is not possible for HRMS data to extract without
manual inspection of each feature. For the FDR, we used
the equation below where FP is the number of false positives
and TP is the number of true positives.

FDRY% = FP / (FP + TP)

For the TPs, we made the assumption that features
detected by multiple algorithms are more likely to be true
peaks. Consequently, the features detected by only one algo-
rithm were assumed FPs [32, 44]. This approach, overly sim-
plistic method for defining the TPs and FPs and avoiding
manual investigating of all data, has been used in various
studies due to lack of alternatives [32, 44].

Suspect screening To assess the effectiveness of our opti-
mization strategy, we compared the number of detected
suspects using default and optimized algorithm parameter
settings. A suspect list of the 46 spiked PFAS standards was
generated to screen for the TP features. This list included
chemical identifiers (SMILES and InChiKeys), molecular
formula, monoisotopic mass, adduct, the expected retention
time, and at least one fragment for each suspect (Table S1).

For screening, the generated data at the MS1 level was
screened against our suspect list using a m/z and retention
tolerance of 5 mDa and 0.2 min, respectively. To confirm the
detected suspect analytes, their MS2 signals were checked for
the presence of potential fragments associated with our suspect
analytes. The presence of at least one fragment was required to
confirm the presence of a suspect analyte in our sample. This
approach has been demonstrated as a robust strategy for sus-
pect screening in complex environmental samples [9, 45, 46].
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Alignment algorithm optimization

The OpenMS feature alignment algorithm [47] was selected
for features alignment-and-grouping, due to its high perfor-
mance. After optimizing the feature detection algorithms,
the parameters of the alignment algorithm (Table S3) were
subsequently optimized using the same approach described
in the “Parameter optimization” section and Fig. 2, with 350
simulation runs.

All computations were performed on an 8-core, 16-thread
CPU (Intel® Core™ i7 10700) based PC with 32 GB of
RAM, running Microsoft® Windows® 10 Education (64-
bit). RStudio® 2021.09.0 Build 351 was used to run patRoon
2.0.1 on this PC. Julia 1.7.2. was installed to be able to run
SAFD.

In the context of this study, the term “number of features”
refers to the number of all generated features derived from
the analysis of both the water and blank samples. The concept
of “feature groups” represents the number of feature group
sets resulting from the alignment and grouping of features
across all samples. The “filtered feature groups” referred to
the feature group sets obtained after applying filtering cri-
teria, as outlined in Table S4. The “suspect hits” referred to
the number of suspects that were confirmed by exact mass,
retention time, and the presence of a single fragment ion.

Results and discussion

We performed feature detection on three drinking water
extracts spiked with 46 PFAS standards as a training set,
using five different algorithms. Parameter optimization
(Table S5) was feasible for all open-source algorithms
(SAFD, XCMS, OpenMS, KPIC2), while it was not pos-
sible for the remaining closed-source algorithm (Bruker
DataAnalysis) due to its proprietary nature. We employed
a combination of FDR and suspect screening to evaluate

the applicability of our optimization approach. The training
set was used for the parameter optimization, while the test
set was employed for the final evaluation of the optimized
parameters’ applicability to different samples.

Feature detection algorithm parameters
optimization

Under default parameter settings, the KPIC2 algorithm
detected the largest number of features with around 150 k
features, followed by XCMS and OpenMS with 19 k fea-
tures each (Table 1). SAFD detected the smallest number
of detected features, around 4 k. The filtering step led to
a substantial reduction (average of 97%) in the number of
feature groups for the optimized and default parameter set-
tings. This reduction indicates that many detected features
may have been noise or signals removed during blank sub-
traction (approximately 8% of feature groups were removed
by blank subtraction).

For both the optimized and default parameters, detection
rates of suspect analytes ranged from 14 positive hits for the
Bruker software to 35 for OpenMS. After filtering, the detec-
tion ranged from 6 positive hits for Bruker to 31 for OpenMS
(Table 1), representing a loss of 10% for suspect hit features for
all algorithms except Bruker, which experienced a 57% loss.
This loss was due to applied filtering criteria (Table S4) such as
intensity threshold and blank subtraction. After optimization,
OpenMS showed a substantial reduction of —59% in features,
from 18 to 7 K (Table 1). This optimization might have led to
optimizing the filtering process and decreased in the detection
of noise compared to the default settings, leading to a decline
in both feature groups (— 54%) and suspect hits (—9%).

Variations between default and optimized settings for
XCMS and OpenMS were mainly caused by the signal-
to-noise ratio (SNR) setting, while the other parameters
had minimal influence on this variation (Figure S2, S3).
Increasing SNR from 3 to 6 for OpenMS decreased features

Table 1 The number of features, feature groups, filtered groups, and suspect hits and the execution time for the studied algorithms using the

default and optimized parameters

SAFD OpenMS XCMS3 KIPAC2 Bruker
DataAnal-
ysis
Default Optimized Default Optimized Default Optimized Default  Default
(compared to (compared to (compared to
default%) default%) default%)
Features 4391 17,218 (292%) 18,314 7465 (—59%) 19,652 21,859 (11%) 151,108 17,781
Before filtering Feature groups 1917 9417 (391%) 9097 4140 (—54%) 10,131 12,519 (24%) 112,652 10,174
Suspect hits 11 22 (100%) 35 32 (—=9%) 34 34 (0%) 30 14
After filtering Feature groups 152 191 (26%) 169 116 (—=31%) 321 277 (- 14%) 277 181
Suspect hits 11 20 (82%) 31 28 (—10%) 28 32 (14%) 26 6
Execution time (min) 22.8 91.8 (303%) 1.7 0.9 (-47%) 1.23 1.005 (- 18%) 154.8 2.2
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by — 59%, while decreasing SNR from 10 to 6 for XCMS
increased features by + 11%, and that substantially influenced
the number of feature groups (Table 1). SNR as a widely used
technique in pre-preparation of the data file for the feature
detection mainly removes the noise that potentially comes
from instrument fluctuations [12]. However, SNR is fast and
easy to perform, but it is unstable (very sensitive) and ignores
the peak shape. Similarly, Dietrich et al. found that the inten-
sity threshold and SNR are the parameters that significantly
influence obtaining the false positive features [48].

During the initial optimization test for SAFD, only the
SNR parameters showed a correlation (Figure S1). There
was no difference between the default and the optimized set-
ting for this parameter at the end of optimization. The rise in
suspect hits and detected features in SAFD (Table 1, Fig. 4)
was attributed to the increase in the number of iterations
(maxNumblter) (i.e., the number of performing all the steps
in the algorithm for feature detection) from 1000 to 5000.
This increases the TP features (e.g., suspect hits), but it gen-
erates more FP features (e.g., noise) that majority filtered by
the filtering step (Table 1). Consequently, this resulted in
longer execution time for feature detection, as indicated in
Table 1. The increased iterations led to a higher number of
detected features, subsequently elevating both TP features
(e.g., suspect hits) and FP features.

The optimization approach did not sufficiently improve
KIPC2 parameter settings due to a lack of correlation
between parameter values and suspect hits (Figure S4).
Bruker DataAnalysis, tested alongside open-source algo-
rithms, was not possible to programmatically change due
to the closed-source nature of the Bruker algorithm. Bruker
DataAnalysis yielded the lowest suspect hits (6) among all
algorithms tested after filtering (Table 1). This unexpected
performance was particularly surprising given the expecta-
tion of good performance with data generated from Bruker
instruments, which were used in this study. Moreover, Data-
Analysis is an older software, and the newer Bruker software
“MetaboScape” might offer improved performance. How-
ever, the use of default parameters resulted in suboptimal
performance, emphasizing the need for manual optimization
if feasible before its application. Hemmer et al. observed
that the closed-source algorithm had been shown to generate
a low number of true positive features as compared to the
open-source algorithm [49].

OpenMS and XCMS demonstrated rapid execution,
approximately 1 min, due to their use of mass traces for
feature detection [20, 50, 51]. Conversely, KPIC2, employ-
ing k-means clustering for m/z value to find similarity, took
154.8 min, hindered by its incomplete use of ion intensity
information [21]. This resulted in more low-intensity peaks
and false positives, extending execution time. SAFD, using
profile data, required 91 min, longer than OpenMS and
XCMS, as it uses all data points in features, demanding more

computational resources. Additionally, the HRMS data pro-
vided as centroid version and the need to convert centroided
data to profile data increased execution time.

Evaluation of algorithm performance
False discovery rate (FDR)

FDR calculations were based on both feature groups and
filtered feature groups, employing three scenarios to define
TP: first, the overlapping features between four algorithms
(Fig. 3), second, the overlapping features between three
algorithms (see Venn diagram Figure S9, S11 in the SI),
and third, the overlapping features between two algorithms
(see Venn diagram Figure S10, S12 in the SI).

After applying the filtering step in the case of optimized
and default parameters, a decrease in the FDR was observed
for all algorithms across all scenarios, except SAFD in the
case of default parameters (Table 2). This reduction indi-
cates the presence of a large number of FP feature groups
generated from noise that was partially filtered out using the
filtering criteria (Table S4).

In an ideal scenario, the algorithm’s performance should
yield an FDR of 0%. However, this is not realistic for feature
detection algorithms (Table 2), attributed to the high num-
ber of noise generated (FP) features. In the first and second
scenarios, the optimized parameter settings led to an average
12% decrease in FDR% for all algorithms, except SAFD.
This reduction in FDR% can be attributed to a decrease in
the FP or increase in TP detection achieved through opti-
mized parameter settings, this aligning with our approach
of optimizing algorithms’ parameters to maximize suspect
hits as TP features.

Conversely, in the case of SAFD, an increase in FDR%
was observed after parameter settings optimization. This
increase can be linked to a higher number of iterations,
resulting in an increase in feature groups from 1917 with
default parameters to 9417 with optimized parameters. This
increase in iterations led to a higher count of FP, and this
increased the chance of detecting both true peak and lesser
quality peak (false peak) and getting a higher FDR after
optimization.

In the third scenario, a different pattern was observed,
with a high variation of FDR% ranging from 12 to 99%
across all algorithms. While most cases showed a reduction
in FDR% using optimized parameter settings, few cases get
an increase in FDR%. This variation can be attributed to the
TP assumption, wherein the overlap of two algorithms may
not encompass all the TP features, and potentially leading to
biased conclusions using the FDR approach.

To validate our TP assumption, we randomly sampled
features from feature groups and filtered feature groups from
both overlapped and non-overlapped regions. The sample
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Fig.3 Venn diagram showing overlapping feature groups generated by the studied algorithms (OpenMS, SAFD, KPIC, and XCMS) using the
default (DF) and optimized (OP) parameter settings. KPIC was not optimized so only default parameter was used in both cases

size was chosen to be more representative, at 10-20% of the
overlapped region, to be 100 features for unfiltered feature
groups and 10 features for filtered feature groups. Under the
first scenario, our TP assumption held true, with all sampled
overlapped filtered and non-filtered feature groups confirmed
as true peaks (only 4 features out of 100 confirmed as noise),
validating our initial hypothesis. Non-overlapped feature
groups were identified as noise signals in feature groups,
while filtered feature groups showed true peaks for an aver-
age of 50% sampled feature groups (Table S7).

In the second scenario, an average of 1% of sampled
feature groups were confirmed as noise in the overlapped
region in the filtered and non-filtered feature groups. The
non-overlapped region in feature groups revealed an aver-
age of 4% sampled feature groups, while the filtered feature
groups showed more true peaks in the non-overlapped region
(Table S7). However, the third scenario yielded different
results, with more noise signals detected in the overlapped
region and a higher number of true peaks in the non-over-
lapped region compared to other scenarios. This discrepancy
may explain the variation of FDR% (Table 2).

It is important to note that these scenarios do not confirm
that all non-overlapped features were noise, as observed in
the manual inspection of the sampling set in filtered feature
groups, where true peaks were observed in all scenarios
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(refer to Table S7). Rather, it suggests that overlapped fea-
ture groups are more likely to be true peaks, as confirmed
using the first and second scenarios. By increasing the num-
ber of overlapped algorithms, there is a greater chance of
capturing more TP within this overlapped region. Employing
optimized parameter settings for all algorithms increased the
overlapped regains, representing an increase in TP features,
as shown in case of first and second scenarios, except in
one case (Venn diagrams in Fig. 3 and the SI). On the other
hand, using the consensus of data from multiple algorithms
is considered a useful approach to priorities the overlapped
features as a true feature to be subsequently used in the NTS.

Suspect screening

The parameter optimization consistently improved the detec-
tion frequencies of the suspect analytes across all algorithms,
except for OpenMS (Fig. 4, Table 1). The algorithm which
is the most impacted by the optimization was SAFD with
doubling the number of the suspect hits after optimization.

Through an examination of frequent detection patterns
for individual PFAS in the suspect list (Fig. 4), notewor-
thy observations arise. It can be seen that certain features
were detected inconsistently across triplicate samples (e.g.,
FOSA), while others were exclusively detected using the
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Table 2 False discovery rate (FDR) calculated from feature groups and filtered feature groups using default (DF) and optimized (OP) parameter settings for studied algorithms, applying three

scenarios of defining the true-positive (overlapped of 4 algorithms, overlapped of 3 algorithms, and overlapped of 2 algorithms)

Feature group Filtered feature group

Scenario to define the true-positive

SAFD KPIC2

XCMS

OpenMS

XCMS SAFD KPIC2

OpenMS

(0) DF OP DF (0)34 DF

DF

OP DF (0)3 DF (0) DF

DF

52%  82% 80% 63% 1%  T9%
46%

66%

67% 92% 8% 59% 85%  99%

91%

Overlapping of 4 algorithms (scenario 1)

74%

63%  53%

78%

9%  46%  12%  99%

90%

KPIC2/SAFD/XCMS

Overlapping of 3 algorithms (scenario 2)

69%  77%

59%

82%  99% 63%  48%

44%

60%

88%

KPIC2/OpenMS/SAFD

62%

29%  68%  10%

38%

97%

38%  10%  19%

67%

KPIC2/OpenMS/XCMS
OpenMS/SAFD/XCMS

OpenMS/XCMS
OpenMS/SAFD
OpenMS/KPIC2
XCMS/SAFD
XCMS/KPIC2
SAFD/KPIC2

81% 78% 60%  68%
63% -

47%

64%

91% 87% 53% 83%
65% -

62%

90%

66%

18%
43%

30%

77%

29%

61%
87%

Overlapping of 2 algorithms (scenario 3)

65%

54%

59%

79%

37%

53%

22%

20%

94%

12%

21%

60% 48% 41% -

75%

75%  35% 67%

88%

39%

33%

47%

94%

45%

28%

35%  67%

40%

38%  99%

19%

default algorithm and not in the optimized version (e.g.,
3,6-OPFHpA, FBSA). On the contrary, several suspects
showed detectability across all algorithms employed (e.g.,
PFEESA, PFBS, 4_2FTS), whereas other suspects were
not detected across all algorithms (e.g., 4_2FTS, 8_2FTS,
ADONA), or were not detected by any algorithms (e.g.,
4_2FTA, 8_2FTA, PF40PeA).

To explain the lack of congruences in feature detection
between different algorithms and between default and opti-
mized parameter settings, further manual investigations
of the peak shape and intensity signals using proprietary
software (DataAnalysis) were performed. In some cases,
low peak intensity (1 x 10%), almost near to the noise sig-
nal, which made it challenging for the algorithm to dis-
tinguish between the signal and background instrumental
noise, resulting in non-detection by the studied algorithm
(e.g., 4_2FTA, PF40PeA, PFPrA, TFA). In other cases, the
features were with low intensity (10%) and detected by the
employed algorithm. Still, features were filtered out in the
filtering step (e.g., 3.6-OPFHpA, N-EtFOSA, PFBA), due
to filtering criteria (Table S4).

Conversely, two suspects (6_2FTA, 8_2FTA) were not
detected despite their high intensities (10*) and well-defined
Gaussian shapes. This lack of detection could be attributed
to the uniquely narrow peaks exhibited by these suspects
(as shown in Fig. 5). The narrow peaks provide fewer data
points for the algorithms to extract from the mass domain,
making it more challenging for the algorithms to identify
them as proper chromatographic peaks after extracting the
m/z values from the raw data (see the peak chromatogram
in Fig. 5).

By using both evaluation steps (FDR and suspect screen-
ing) for feature detection algorithms, it can be shown that
the use of optimized parameters improves the performance
of the algorithms. This improvement is evidenced by either
an increase in TPs features, as demonstrated by the increased
suspect hits in the suspect screening, or a reduction in FPs
features, as indicated by a decrease in the FDR%.

While Fig. 4 suggests that default and optimized param-
eters often yield similar results, it was clear in a specific
scenario where parameter optimization significantly impacts
the results. For instance, the optimization led to a doubling
of the suspect hits for the SAFD algorithm, illustrating a
clear benefit. Additionally, the reduction in FDR% in most
scenarios with optimized parameters (Table 2) indicates that
optimization helps in reducing the number of FPs, particu-
larly in complex datasets where noise can generate numerous
false detections. For instance, the optimization led to 24%
reduction in FDR% for OpenMS. The optimized parameters
help filter out such noise, leading to a more accurate identi-
fication of true features.

It is important to note that the default algorithm param-
eters in patRoon were changed to suit the data generated for
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Detection Frequencies
Optimized:Default

OpenMS  SAFD XCMS OpenMS  SAFD XCMS
11CI-PF30UDS 11CI-PF30UDS B8] 0 88
3,6-OPFHpA 3,6-OPFHpA 0 0 0
4_2FTA 4_2FTA 0 0 0
4 2FTS{ & 42FTS{ 33 0 SIS
6_2FTA 6_2FTA 1 0 0 0
6_2FTS 6_2FTS 355 3:0 3:3
6_2diPAP 6_2diPAP 0 0 0
8 2FTA 8_2FTA 0 0 0
8_2FTS 8_2FTS 4 558 0 8:8
9CI-PF30NS{  3:3 9CI-PF30ONS{  3:3 3:0 33 |
ADONA ADONA - 3:3 0 3:3 ) ) .
FBSA FBSA B0 B High detection using
FHxXSA FHXSA 0 3:0 default parameter
FOSA FOSA 3:0 820
L-N-EtFOSAA L-N-EtFOSAA{ 3 0 33
L-N-MeFOSAA L-N-MeFOSAA 1 S5 0 S5 .
L-PFHXS LPFHXS 4 3:3 3.3 33 | Equal detection between default
L-PFOS L-PFOS 54 3:0 54 and optimized parameter
N-EtFOSA N-EtFOSA 4 0 0 0
N-EtFOSE N-EtFOSE{ 0 0o | 0 | ) ) .
N-MeFOSA N-MeFOSA {08 0 3:0 High detection using
N-MeFOSE N-MeFOSE 0 0 0 optimized parameter
PF40PeA PF40PeA 0 0 0
PFSOHXA b h i PFSOHXA 0 4 3:3
PreA MO 30 0 PFBA{ 0 0 0
PFBS 3:3 3:3 B55) PFBS 4 8o} BiS) 3:3
PFDA{  3:3 0 33 | PFDA{  3:3 0 SIS
PFDS 353 | 3:0 | 553 PFDS 553 3:0 3:3
PFDOA{ 33 0 33 PFDoA{  3:3 0 3:3
PFECHS SHs) 0 3:3 PFECHS SH3) 0 8:8
PFEESA 3:3 3:3 810 PFEESA B0, B:0) Bis
PFEtS 355 3:3 3:3 PFEtS 3:3 355 3:0
PFHPA{  3:3 3:3 33 | PFHPA{  3:3 3:3 3:3 |
PFHPS 3:3ﬂ__3i3‘Pﬁ3:37 PFHpS{  3:3 3:0 3:3
PFHxA{  3:3 i [ 5 PFHxA{  3:3 3:9; SHY |
PFNA EHS 0 SH PFNA 4 S5 0 SHS
PFNS 3:3] 3:0 B8] PFNS A S5 3:0 8:3)
PFOA 329! 3:0 5 PFOA 4 S5) 3:0 3:5
PFPeA{ 3:3 3:3 [osEy PFPeA{ 3:3 553 33 |
PFPeS 3:3] 3:8) 3:8) PFPeS 515} S5 823
PFPrA 0 PFPrA 4 0 0 0
PFPrS 3:3 325, §350) PFPrS 3:3 553 i8:5)
PFDA{ 0 0 | 0 | PFTeDA - 0 0 0
PFTrDA 853 0 5:8) PFTrDA 4 0 0 0
PFUdA SH 3:0 538 PFUdA SR 3:0 3:3
TFA 0 0 TFA { 0 0 0

Before Filtering

After Filtering

Fig.4 The frequent detection for each individual suspect in the triplicate samples (training set) using optimized and default parameter settings
for each algorithm (OpenMS, SAFD, and XCMS), before and after applying the filtering step in the NTS

our instrument (patRoon developed in our institute). This
pre-optimization may contribute to the smaller observed
differences between default and optimized settings in some
cases. Additionally, the inherent robustness of some algo-
rithms to parameter changes or the nature of the dataset
itself may also play a role. For example, certain PFAS com-
pounds with low peak intensity or narrow peaks may still
pose detection challenges, even with optimized parameters.

Alignment and grouping algorithm optimization

Applying the same optimization approach used for feature
detection to the alignment-and-grouping algorithm revealed
no significant correlation between the parameter values
(Table S3) and suspect hits in this context.

For feature alignment-and-grouping, only the max-
GroupRT parameter demonstrated a moderate correla-
tion (R=0.62) with suspect hits when using features
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generated from OpenMS, SAFD, and XCMS (Figure S5,
S6, S7). However, no correlation was observed when
using features generated via KPIC2 (Figure S8). The
maxGroupMZ parameter showed no correlation with
suspect hits across all feature detection algorithms. The
correlation plots displayed a scattered pattern (see the
correlation plot in the Supplementary Information), indi-
cating that the algorithm tends to yield artifact inconsist-
ent results, regardless of the input data. The dataset in
our case was limited to three samples of a drinking water
matrix measured in the same batch, resulting in minimal
variation due to retention time drift and matrix effects.
Consequently, the algorithm demonstrated sufficient per-
formance regardless of parameter changes. In scenarios
involving larger sample batches and more complex matri-
ces, such as wastewater, optimization might prove crucial,
potentially revealing differences between default and opti-
mized settings.
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Fig.5 Peak chromatogram extracted using DataAnalysis software for selected suspect chemicals, including different scenarios of detection by

the studied algorithms

Applicability of the optimization approach

Using both optimized and default settings of the stud-
ied algorithms on the test dataset produced comparable
results to those on the training dataset (Fig. 6, Table S6).
This improvement in feature detection was evident, either
through an increase in the number of suspect hits in the case
of SAFD and XCMS, or by a reduction in the number of
feature groups, mainly FP features, for OpenMS (Table S6).
These findings indicate that our optimization approach suc-
cessfully enhanced feature detection on the test set by opti-
mizing algorithm parameters using the training set, showing
promise for future research in this area.

In the context of NTS, achieving optimal performance in
feature detection requires a careful balance between maxi-
mizing the number of detected features and minimizing the
FDR% (increasing the TPs and decreasing the FP). Although
it may seem intuitive that an algorithm yielding a higher
number of TPs with a low FDR% would perform better. It is
important to note that the efficacy of feature detection can
be dependent on the sample characteristics, such as matrix
composition and targeted chemical classes (Rafiei and Sleno,
2015).

The selection of algorithms should be guided by the spe-
cific application’s requirements and user needs, whether
it necessitates an inclusive approach, as demonstrated by
KPIC2 with a high number features and consequently a high
number of FP features, or a more selective approach, as dem-
onstrated by SAFD, which generates fewer features of higher
quality but risks missing some TP features.

Thus, it is recommended to perform parameter optimiza-
tion early in the NTS workflow regardless of the chosen
algorithm, preferably using a sample spiked with the target
group of chemicals to fine-tune algorithm parameters. This
optimization approach aims to maximize the detection of
TP features (e.g., suspect hits). In our study, focusing on
drinking water samples and targeting PFAS as the chemi-
cal class, we used a PFAS list for parameter optimization.
While this strategy does not guarantee the detection of all
TP peaks or the elimination of all FP, it effectively mitigates
FP by enhancing TP peak detection, thereby reducing the
complexity of NTS analysis.

However, there are several limitations to our method
that should be considered. Firstly, the current optimization
approach does not account for parameter interactions, which
can significantly impact the performance of feature detection
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Detection frequencies for the test dataset
Optimized:Default
OpenMS  SAFD XCMS OpenMS  SAFD XCMS
11CI-PF30UDS A 3:3 3:0 | B:5) 11CI-PF30UDS 3:3 | 3:0 B8]
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4_2FTA 0 0 0 4_2FTA 0 0 0
4_2FTS 3:3 2:2 3:3 4_2FTS 3:3 2:2 525
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8 2FTA - 0 0 0 8 2FTA 0 0
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9CI-PF30ONS A 3:3 3:0 3:3 9CI-PF30NS 3:0 1828}
ADONA - SH 553 ADONA - S5 553
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FHxSA 2 3:3 FHXSA 82 3:3
FOSA 2:0 B2 FOSA 2:0 B2
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L-PFOS{ 0 0 1:1 L-PFOS{ 0 0 1:1 efault parameter
N-EtFOSA 0 0 0 N-EtFOSA 0 0 0
N-EtFOSE - 0 0 0 N-EtFOSE - 0 0 0
N-MeFOSA 4 0 0 0 N-MeFOSA 4 0 0 0 Equal detection between default
N-MeFOSE - 0 0 0 N-MeFOSE - 0 0 0 imi
PF40PeA - 2:2 1:0 PF40PeA - il 1:0 1:1 and optimized parameter
PFSOHXA A Y 1:1 3 PFSOHXA Y 1:1 EHY
PFBA 3:3 3:3 PFBA 0 * 0 High detection using
PFBS 2 2:2 2:2 PFBS 0 il 0 imi
PFDA|  3:3 2:0 5t PFDA|  3:3 2:0 B0 optimized parameter
PFDS 3:5) 3:0 323} PFDS A 135S 3:0 3:3
PFDOA - lgil 1:0 1:1 PFDOA ilgil 1:0 1:1
PFECHS - 3:3 3:0 3:3 PFECHS - 3:3 3:0 3:3
PFEESA - 3:3 SHY 3:3 PFEESA 3:3 3:3 3:3
PFEtS 0 o PFEtS 0 1:1 2:0
PFHPA 3:2 1:1 3:3 PFHPA 4 82 1:1 828}
PFHpS 4 3:3 3:0 S5 PFHpS 4 3:3 3:0 Bik
PFHXA 4 2:2 g PFHXA 4 2:2 1:1 22
PFNA A EHY 2:0 828} PFNA 855 2:0 8:8)
PFNS EHY 3:0 1828} PFNS EHS 3:0 828}
PFOA 2:0 1828} PFOA 2:0 15:8)
PFPeA 2 2 PFPeA g
PFPeS 3:3 8:) 558} PFPeS 4 88 828} 1828}
PFPrA 4 0 0 PFPrA 4 0 0 0
PFPrS SHY 3:3 g PFPrS 58 Y SEY
PFTeDA 2:2 :0 2:2 PFTeDA - 2:2 :0 22
PFTrDA 2:2 :0 2:2 PFTrDA 4 2:2 :0 2:2
PFUdA 3:3 3:0 3:2 PFUdA 3:3 3:0 3:2
TFA 1:1 TFA 0 1:0 0
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Fig.6 The frequent detection for each suspect in the three drinking water samples (test dataset) using optimized and default parameter for each

algorithm (OpenMS, SAFD, and XCMS)

algorithms. Future work could expand the optimization strat-
egy to consider these interactions, potentially through multi-
factorial experimental designs or advanced stochastic opti-
mization methods. Additionally, the computational intensity
of the optimization approach could be a limiting factor in
some applications, as the process may require substantial
computational resources, particularly for complex or large
datasets.

Furthermore, the efficacy of the method may be depend-
ent on specific sample characteristics, such as matrix com-
position and the nature of the targeted chemical classes. This
dependency can affect the generalizability of the optimiza-
tion results to different sample types or analytical contexts.
As aresult, it is essential to validate the optimization process
with various sample matrices to ensure its robustness and
applicability across different scenarios.

By addressing these limitations and refining the optimi-
zation process, we can further improve the reliability and
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accuracy of feature detection in NTS. Despite these limita-
tions, our approach offers advantages over using the default
parameters. The proposed method improved the performance
of feature detection algorithms, which can lead to increase
the detection of TP features, and is going to be integrated in
the future version of patRoon. By addressing the computa-
tional and interaction-based limitations in future work, our
approach has the potential to become even more robust and
widely applicable.

Conclusion

Feature detection algorithms require careful selection of
algorithm parameters due to the importance of reliable data
for the subsequent steps in the NTS. However, selecting
appropriate algorithm parameters is complex, and manual
fine-tuning can lead to unpredictable data quality outcomes.
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Fig.7 A schematic diagram for the future application of the optimization approach

To address this challenge, we developed a novel optimization
method within the patRoon platform to automate the fine-
tuning of parameter settings of feature detection algorithms.

Our study demonstrates that using our approach for
parameter optimization enhances the performance of feature
detection algorithms. This optimization results in improved
detection frequencies of suspect analytes and reductions in
FDR%. Despite variations in outcomes observed with dif-
ferent algorithms, optimizing parameters reduces the risk of
losing true peaks from the original data.

To apply this optimization strategy with other algo-
rithms, one should define parameter ranges, perform random
sampling and iterations, evaluate performance, optimize
parameters based on significant correlations, and validate
the results (Fig. 7). We plan to integrate our optimization
approach into future versions of patRoon to facilitate its
application and improve feature detection performance.
Employing multiple feature detection workflows can signifi-
cantly enhance TP detection, as overlapping features identi-
fied by different algorithms are more likely to be TPs. This
approach leverages the strengths of each algorithm, reduc-
ing the likelihood of missing true features due to algorithm-
specific biases or limitations. As observed in our work, the
overlapping regions between different algorithms serve as
valuable indicators TP features and this could be used for
the prioritization step in the NTS.

However, ranking the performance of the algorithms
may not be meaningful, as each algorithm operates differ-
ently and requires optimization adopted to specific research
objectives, sample matrices, and instrument configurations.
Therefore, algorithm selection should align closely with the
unique requirements of the application.

Our study underscores the importance of early parameter
optimization in the NTS workflow to maximize the detec-
tion of true positive features, simplifying subsequent analy-
ses and reducing complexity. By optimizing algorithms to
maximize suspect hits as TP features in samples spiked with
chemical structurally similarly of the interested chemical
classes, this approach would increase the detection of TP
features. Future research can explore more refined methods

for increasing TPs and reducing the FP features to further
enhance the accuracy of NTS analyses.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00216-024-05425-3.

Author contribution Mohammad Sadia: writing—original draft,
visualization, validation, methodology, investigation, formal analysis.
Youssef Boudguiyer: methodology, investigation, formal analysis. Rick
Helmus: writing—review and editing, conceptualization, software.
Marianne Seijo: writing—review and editing visualization. Antonia
Praetorius: writing—review and editing, conceptualization, supervi-
sion. Saer Samanipour: writing—review and editing, methodology,
project administration.

Funding This project has received funding from the European Union’s
Horizon 2020 research and innovation programme under the Marie
Sktodowska-Curie grant agreement no. 860665 (ITN PERFORCE23).

Declarations

Conflict of interest The authors declare that there is no conflict of in-
terest regarding the publication of this paper. Saer Samanipour is a
guest editor of ABC but was not involved in the peer review of this

paper.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Llanos EJ, Leal W, Luu DH, Jost J, Stadler PF, Restrepo G. Explo-
ration of the chemical space and its three historical regimes. Proc
Natl Acad Sci. 2019;116:12660-5. https://doi.org/10.1073/pnas.
1816039116.

2. Muir DCG, Getzinger GJ, McBride M, Ferguson PL. How many
chemicals in commerce have been analyzed in environmental

@ Springer


https://doi.org/10.1007/s00216-024-05425-3
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1073/pnas.1816039116
https://doi.org/10.1073/pnas.1816039116

6046

M. Sadia et al.

10.

AQs

media? A 50 year bibliometric analysis. Environ Sci Technol.
2023;57:9119-29. https://doi.org/10.1021/acs.est.2c09353.
Hulleman T, Turkina V, O’Brien JW, Chojnacka A, Thomas KV,
Samanipour S Critical assessment of covered chemical space with
LC-HRMS non-targeted analysis. 2023.

Hernandez F, Sancho JV, Ibafiez M, Abad E, Portolés T, Mat-
tioli L. Current use of high-resolution mass spectrometry in the
environmental sciences. Anal Bioanal Chem. 2012;403:1251-64.
https://doi.org/10.1007/s00216-012-5844-7.

Hollender J, Schymanski EL, Singer HP, Ferguson PL. Nontarget
screening with high resolution mass spectrometry in the envi-
ronment: ready to go? Environ Sci Technol. 2017;51:11505-12.
https://doi.org/10.1021/acs.est.7b02184.

Schymanski EL, Singer HP, Slobodnik J, Ipolyi IM, Oswald P,
Krauss M, Schulze T, Haglund P, Letzel T, Grosse S, Thomaidis
NS, Bletsou A, Zwiener C, Ibafiez M, Portolés T, de Boer R,
Reid MJ, Onghena M, Kunkel U, Schulz W, Guillon A, Noyon
N, Leroy G, Bados P, Bogialli S, Stipanicev D, Rostkowski P,
Hollender J. Non-target screening with high-resolution mass
spectrometry: critical review using a collaborative trial on water
analysis. Anal Bioanal Chem. 2015;407:6237-55. https://doi.org/
10.1007/s00216-015-8681-7.

Hollender J, van Bavel B, Dulio V, Farmen E, Furtmann K,
Koschorreck J, Kunkel U, Krauss M, Munthe J, Schlabach M,
Slobodnik J, Stroomberg G, Ternes T, Thomaidis NS, Togola A,
Tornero V. High resolution mass spectrometry-based non-target
screening can support regulatory environmental monitoring and
chemicals management. Environ Sci Eur. 2019;31:42. https://doi.
org/10.1186/s12302-019-0225-x.

Mohammed Taha H, Aalizadeh R, Alygizakis N, Antignac
J-P, Arp HPH, Bade R, Baker N, Belova L, Bijlsma L, Bolton
EE, Brack W, Celma A, Chen W-L, Cheng T, Chirsir P, Cirka
L, D’Agostino LA, Djoumbou Feunang Y, Dulio V, Fischer S,
Gago-Ferrero P, Galani A, Geueke B, Gtowacka N, Gliige J, Groh
K, Grosse S, Haglund P, Hakkinen PJ, Hale SE, Hernandez F,
Janssen EM-L, Jonkers T, Kiefer K, Kirchner M, Koschorreck J,
Krauss M, Krier J, Lamoree MH, Letzel M, Letzel T, Li Q, Little
J, Liu Y, Lunderberg DM, Martin JW, McEachran AD, McLean
JA, Meier C, Meijer J, Menger F, Merino C, Muncke J, Muschket
M, Neumann M, Neveu V, Ng K, Oberacher H, O’Brien J, Oswald
P, Oswaldova M, Picache JA, Postigo C, Ramirez N, Reemtsma
T, Renaud J, Rostkowski P, Riidel H, Salek RM, Samanipour S,
Scheringer M, Schliebner I, Schulz W, Schulze T, Sengl M, Shoe-
maker BA, Sims K, Singer H, Singh RR, Sumarah M, Thiessen
PA, Thomas KV, Torres S, Trier X, van Wezel AP, Vermeulen
RCH, Vlaanderen JJ, von der Ohe PC, Wang Z, Williams AlJ,
Willighagen EL, Wishart DS, Zhang J, Thomaidis NS, Hollen-
der J, Slobodnik J, Schymanski EL. The NORMAN Suspect List
Exchange (NORMAN-SLE): facilitating European and worldwide
collaboration on suspect screening in high resolution mass spec-
trometry. Environ Sci Eur. 2022;34:104. https://doi.org/10.1186/
$12302-022-00680-6.

Pourchet M, Debrauwer L, Klanova J, Price EJ, Covaci A, Cabal-
lero-Casero N, Oberacher H, Lamoree M, Damont A, Fenaille
F, Vlaanderen J, Meijer J, Krauss M, Sarigiannis D, Barouki R,
Le Bizec B, Antignac J-P. Suspect and non-targeted screening of
chemicals of emerging concern for human biomonitoring, envi-
ronmental health studies and support to risk assessment: from
promises to challenges and harmonisation issues. Environ Int.
2020;139:105545. https://doi.org/10.1016/j.envint.2020.105545.
Rousis NI, Li Z, Bade R, McLachlan MS, Mueller JF, O’Brien JW,
Samanipour S, Tscharke BJ, Thomaidis NS, Thomas KV. Socioec-
onomic status and public health in Australia: a wastewater-based
study. Environ Int. 2022;167:107436. https://doi.org/10.1016/j.
envint.2022.107436.

pringer

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Samanipour S, Martin JW, Lamoree MH, Reid MJ, Thomas KV.
Letter to the Editor: Optimism for nontarget analysis in environ-
mental chemistry. Environ Sci Technol. 2019;53:5529-30. https://
doi.org/10.1021/acs.est.9b01476.

Schulze B, Jeon Y, Kaserzon S, Heffernan AL, Dewapriya P,
O’Brien J, Gomez Ramos MJ, Ghorbani Gorji S, Mueller JF,
Thomas KV, Samanipour S. An assessment of quality assurance/
quality control efforts in high resolution mass spectrometry non-
target workflows for analysis of environmental samples. TrAC,
Trends Anal Chem. 2020;133:116063. https://doi.org/10.1016/j.
trac.2020.116063.

Moschet C, Piazzoli A, Singer H, Hollender J. Alleviating the
reference standard dilemma using a systematic exact mass suspect
screening approach with liquid chromatography-high resolution
mass spectrometry. Anal Chem. 2013;85:10312-20. https://doi.
org/10.1021/ac4021598.

Schulze B, Heffernan AL, Samanipour S, Gomez Ramos MJ, Veal
C, Thomas KV, Kaserzon SL. Is nontarget analysis ready for regu-
latory application? Influence of peak-picking algorithms on data
analysis. Anal Chem. 2023;95:18361-9. https://doi.org/10.1021/
acs.analchem.3c03003.

Niirenberg G, Schulz M, Kunkel U, Ternes TA. Development and
validation of a generic nontarget method based on liquid chro-
matography — high resolution mass spectrometry analysis for the
evaluation of different wastewater treatment options. J Chroma-
togr A. 2015;1426:77-90. https://doi.org/10.1016/j.chroma.2015.
11.014.

Helmus R, van de Velde B, Brunner AM, ter Laak TL, van Wezel
AP, Schymanski EL. patRoon 2.0: improved non-target analysis
workflows including automated transformation product screening.
J Open Source Soft. 2022;7:4029. https://doi.org/10.21105/joss.
04029.

Helmus R, ter Laak TL, van Wezel AP, de Voogt P, Schymanski
EL. patRoon: open source software platform for environmental
mass spectrometry based non-target screening. J Cheminformat-
ics. 2021;13:1. https://doi.org/10.1186/s13321-020-00477-w.
Bader T, Schulz W, Kiimmerer K, Winzenbacher R. General strat-
egies to increase the repeatability in non-target screening by liquid
chromatography-high resolution mass spectrometry. Anal Chim
Acta. 2016;935:173-86. https://doi.org/10.1016/j.aca.2016.06.
030.

Rost HL, Sachsenberg T, Aiche S, Bielow C, Weisser H, Aicheler
F, Andreotti S, Ehrlich H-C, Gutenbrunner P, Kenar E, Liang X,
Nahnsen S, Nilse L, Pfeuffer J, Rosenberger G, Rurik M, Schmitt
U, Veit J, Walzer M, Wojnar D, Wolski WE, Schilling O, Choud-
hary JS, Malmstrom L, Aebersold R, Reinert K, Kohlbacher O.
OpenMS: a flexible open-source software platform for mass spec-
trometry data analysis. Nat Methods. 2016;13:741-8. https://doi.
org/10.1038/nmeth.3959.

Benton HP, Wong DM, Trauger SA, Siuzdak G. XCMS2: process-
ing tandem mass spectrometry data for metabolite identification
and structural characterization. Anal Chem. 2008;80:6382-9.
https://doi.org/10.1021/ac800795f.

JiH, Zeng F, Xu Y, Lu H, Zhang Z. KPIC2: an effective frame-
work for mass spectrometry-based metabolomics using pure ion
chromatograms. Anal Chem. 2017;89:7631-40. https://doi.org/
10.1021/acs.analchem.7b01547.

Samanipour S, Choi P, O’Brien JW, Pirok BWJ, Reid MJ, Thomas
KV. From centroided to profile mode: machine learning for pre-
diction of peak width in HRMS data. Anal Chem. 2021;93:16562—
70. https://doi.org/10.1021/acs.analchem.1c03755.

Pluskal T, Castillo S, Villar-Briones A, Ores$i¢ M. MZmine 2:
Modular framework for processing, visualizing, and analyzing
mass spectrometry-based molecular profile data. BMC Bioinfor-
matics. 2010;11:395. https://doi.org/10.1186/1471-2105-11-395.


https://doi.org/10.1021/acs.est.2c09353
https://doi.org/10.1007/s00216-012-5844-7
https://doi.org/10.1021/acs.est.7b02184
https://doi.org/10.1007/s00216-015-8681-7
https://doi.org/10.1007/s00216-015-8681-7
https://doi.org/10.1186/s12302-019-0225-x
https://doi.org/10.1186/s12302-019-0225-x
https://doi.org/10.1186/s12302-022-00680-6
https://doi.org/10.1186/s12302-022-00680-6
https://doi.org/10.1016/j.envint.2020.105545
https://doi.org/10.1016/j.envint.2022.107436
https://doi.org/10.1016/j.envint.2022.107436
https://doi.org/10.1021/acs.est.9b01476
https://doi.org/10.1021/acs.est.9b01476
https://doi.org/10.1016/j.trac.2020.116063
https://doi.org/10.1016/j.trac.2020.116063
https://doi.org/10.1021/ac4021598
https://doi.org/10.1021/ac4021598
https://doi.org/10.1021/acs.analchem.3c03003
https://doi.org/10.1021/acs.analchem.3c03003
https://doi.org/10.1016/j.chroma.2015.11.014
https://doi.org/10.1016/j.chroma.2015.11.014
https://doi.org/10.21105/joss.04029
https://doi.org/10.21105/joss.04029
https://doi.org/10.1186/s13321-020-00477-w
https://doi.org/10.1016/j.aca.2016.06.030
https://doi.org/10.1016/j.aca.2016.06.030
https://doi.org/10.1038/nmeth.3959
https://doi.org/10.1038/nmeth.3959
https://doi.org/10.1021/ac800795f
https://doi.org/10.1021/acs.analchem.7b01547
https://doi.org/10.1021/acs.analchem.7b01547
https://doi.org/10.1021/acs.analchem.1c03755
https://doi.org/10.1186/1471-2105-11-395

A stochastic approach for parameter optimization of feature detection algorithms for non-target...

6047

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Ju R, Liu X, Zheng F, Zhao X, Lu X, Zeng Z, Lin X, Xu G.
Removal of false positive features to generate authentic peak table
for high-resolution mass spectrometry-based metabolomics study.
Anal Chim Acta. 2019;1067:79-87. https://doi.org/10.1016/j.aca.
2019.04.011.

Katajamaa M, Oresi¢ M. Data processing for mass spectrometry-
based metabolomics. J Chromatogr A. 2007;1158:318-28. https://
doi.org/10.1016/j.chroma.2007.04.021.

Lange E, Tautenhahn R, Neumann S, Gropl C. Critical assessment
of alignment procedures for LC-MS proteomics and metabolomics
measurements. BMC Bioinformatics. 2008;9:375. https://doi.org/
10.1186/1471-2105-9-375.

Myers OD, Sumner SJ, Li S, Barnes S, Du X. Detailed investiga-
tion and comparison of the XCMS and MZmine 2 chromatogram
construction and chromatographic peak detection methods for pre-
processing mass spectrometry metabolomics data. Anal Chem.
2017;89:8689-95. https://doi.org/10.1021/acs.analchem.7b01069.
Myers OD, Sumner SJ, Li S, Barnes S, Du X. One step forward
for reducing false positive and false negative compound identifica-
tions from mass spectrometry metabolomics data: new algorithms
for constructing extracted ion chromatograms and detecting chro-
matographic peaks. Anal Chem. 2017;89:8696—703. https://doi.
org/10.1021/acs.analchem.7b00947.

Hao L, Wang J, Page D, Asthana S, Zetterberg H, Carlsson
C, Okonkwo OC, Li L. Comparative evaluation of MS-based
metabolomics software and its application to preclinical Alz-
heimer’s disease. Sci Rep. 2018;8:1-10. https://doi.org/10.1038/
$41598-018-27031-x.

Hohrenk LL, Itzel F, Baetz N, Tuerk J, Vosough M, Schmidt TC.
Comparison of software tools for liquid chromatography—high-
resolution mass spectrometry data processing in nontarget screen-
ing of environmental samples. Anal Chem. 2020;92:1898-907.
https://doi.org/10.1021/acs.analchem.9b04095.

Samanipour S, O’Brien JW, Reid MJ, Thomas KV. Self adjusting
algorithm for the nontargeted feature detection of high resolution
mass spectrometry coupled with liquid chromatography profile
data. Anal Chem. 2019;91:10800-7. https://doi.org/10.1021/acs.
analchem.9b02422.

Rafiei A, Sleno L. Comparison of peak-picking workflows for
untargeted liquid chromatography/high-resolution mass spectrom-
etry metabolomics data analysis. Rapid Commun Mass Spectrom.
2015;29:119-27. https://doi.org/10.1002/rcm.7094.

Wang X-C, Ma X-L, Liu J-N, Zhang Y, Zhang J-N, Ma M-H, Ma
F-L, Yu Y-J, She Y. A comparison of feature extraction capa-
bilities of advanced UHPLC-HRMS data analysis tools in plant
metabolomics. Anal Chim Acta. 2023;1254:341127. https://doi.
org/10.1016/j.aca.2023.341127.

Sadia M, Nollen I, Helmus R, ter Laak TL, Béen F, Praetorius
A, van Wezel AP. Occurrence, fate, and related health risks of
PFAS in raw and produced drinking water. Environ Sci Technol.
2023;57:3062-74. https://doi.org/10.1021/acs.est.2c06015.
Sadia M, Kunz M, ter Laak T, De Jonge M, Schriks M, van Wezel
AP. Forever legacies? Profiling historical PFAS contamination
and current influence on groundwater used for drinking water. Sci
Total Environ. 2023;890:164420. https://doi.org/10.1016/j.scito
tenv.2023.164420.

Mahieu NG, Genenbacher JL, Patti GJ. A roadmap for the
XCMS family of software solutions in metabolomics. Curr Opin
Chem Biol. 2016;30:87-93. https://doi.org/10.1016/j.cbpa.2015.
11.009.

Tautenhahn R, Bottcher C, Neumann S. Highly sensitive fea-
ture detection for high resolution LC/MS. BMC Bioinformatics.
2008;9:504. https://doi.org/10.1186/1471-2105-9-504.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Domingo-Almenara X, Siuzdak G. Metabolomics data processing
using XCMS. In: Li S, editor. Computational methods and data
analysis for metabolomics. US, New York, NY: Springer; 2020.
p. 11-24.

Kenar E, Franken H, Forcisi S, Woérmann K, Hiring H-U,
Lehmann R, Schmitt-Kopplin P, Zell A, Kohlbacher O. Auto-
mated label-free quantification of metabolites from liquid chro-
matography—mass spectrometry data *. Mol Cell Proteomics.
2014;13:348-59. https://doi.org/10.1074/mcp.M113.031278.
Weisser H, Nahnsen S, Grossmann J, Nilse L, Quandt A, Brauer
H, Sturm M, Kenar E, Kohlbacher O, Aebersold R, Malmstrom L.
An automated pipeline for high-throughput label-free quantitative
proteomics. J Proteome Res. 2013;12:1628-44. https://doi.org/10.
1021/pr300992u.

Bruker. Bruker DataAnalysis: Bruker Daltonics Inc. and Affiliates
(“BDAL”). https://www.bruker.com/. Accessed 28 Jun 2022. 2016.
Gelman A, Carlin JB, Stern HS, Rubin DB. Bayesian data analy-
sis. New York: Chapman and Hall/CRC; 1995.

Libiseller G, Dvorzak M, Kleb U, Gander E, Eisenberg T, Madeo
F, Neumann S, Trausinger G, Sinner F, Pieber T, Magnes C.
IPO: a tool for automated optimization of XCMS parameters.
BMC Bioinformatics. 2015;16:118. https://doi.org/10.1186/
$12859-015-0562-8.

Krauss M, Hug C, Bloch R, Schulze T, Brack W. Prioritising
site-specific micropollutants in surface water from LC-HRMS
non-target screening data using a rarity score. Environ Sci Eur.
2019;31:45. https://doi.org/10.1186/s12302-019-0231-z.
Dubocq F, Kédrrman A, Gustavsson J, Wang T. Comprehensive
chemical characterization of indoor dust by target, suspect screen-
ing and nontarget analysis using LC-HRMS and GC-HRMS. Envi-
ron Pollut. 2021;276:116701. https://doi.org/10.1016/j.envpol.
2021.116701.

Gonzalez-Gaya B, Lopez-Herguedas N, Bilbao D, Mijangos L,
Iker AM, Etxebarria N, Irazola M, Prieto A, Olivares M, Zuloaga
O. Suspect and non-target screening: the last frontier in environ-
mental analysis. Anal Methods. 2021;13:1876-904. https://doi.
org/10.1039/D1AY00111F.

Lange E, Gropl C, Schulz-Trieglaff O, Leinenbach A, Huber
C, Reinert K. A geometric approach for the alignment of liq-
uid chromatography—mass spectrometry data. Bioinformatics.
2007;23:1273-81. https://doi.org/10.1093/bioinformatics/btm209.
Dietrich C, Wick A, Ternes TA. Open-source feature detection
for non-target LC—MS analytics. Rapid Commun Mass Spectrom.
2022;36:€9206. https://doi.org/10.1002/rcm.9206.

Hemmer S, Manier SK, Fischmann S, Westphal F, Wagmann L,
Meyer MR. Comparison of three untargeted data processing work-
flows for evaluating LC-HRMS metabolomics data. Metabolites.
2020;10:378. https://doi.org/10.3390/metabo10090378.

Smith CA, Want EJ, O’Maille G, Abagyan R, Siuzdak G. XCMS:
processing mass spectrometry data for metabolite profiling using
nonlinear peak alignment, matching, and identification. Anal
Chem. 2006;78:779-87. https://doi.org/10.1021/ac051437y.
Sturm M, Bertsch A, Gropl C, Hildebrandt A, Hussong R, Lange
E, Pfeifer N, Schulz-Trieglaff O, Zerck A, Reinert K, Kohlbacher
0. OpenMS — an open-source software framework for mass spec-
trometry. BMC Bioinformatics. 2008;9:163. https://doi.org/10.
1186/1471-2105-9-163.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1016/j.aca.2019.04.011
https://doi.org/10.1016/j.aca.2019.04.011
https://doi.org/10.1016/j.chroma.2007.04.021
https://doi.org/10.1016/j.chroma.2007.04.021
https://doi.org/10.1186/1471-2105-9-375
https://doi.org/10.1186/1471-2105-9-375
https://doi.org/10.1021/acs.analchem.7b01069
https://doi.org/10.1021/acs.analchem.7b00947
https://doi.org/10.1021/acs.analchem.7b00947
https://doi.org/10.1038/s41598-018-27031-x
https://doi.org/10.1038/s41598-018-27031-x
https://doi.org/10.1021/acs.analchem.9b04095
https://doi.org/10.1021/acs.analchem.9b02422
https://doi.org/10.1021/acs.analchem.9b02422
https://doi.org/10.1002/rcm.7094
https://doi.org/10.1016/j.aca.2023.341127
https://doi.org/10.1016/j.aca.2023.341127
https://doi.org/10.1021/acs.est.2c06015
https://doi.org/10.1016/j.scitotenv.2023.164420
https://doi.org/10.1016/j.scitotenv.2023.164420
https://doi.org/10.1016/j.cbpa.2015.11.009
https://doi.org/10.1016/j.cbpa.2015.11.009
https://doi.org/10.1186/1471-2105-9-504
https://doi.org/10.1074/mcp.M113.031278
https://doi.org/10.1021/pr300992u
https://doi.org/10.1021/pr300992u
https://www.bruker.com/
https://doi.org/10.1186/s12859-015-0562-8
https://doi.org/10.1186/s12859-015-0562-8
https://doi.org/10.1186/s12302-019-0231-z
https://doi.org/10.1016/j.envpol.2021.116701
https://doi.org/10.1016/j.envpol.2021.116701
https://doi.org/10.1039/D1AY00111F
https://doi.org/10.1039/D1AY00111F
https://doi.org/10.1093/bioinformatics/btm209
https://doi.org/10.1002/rcm.9206
https://doi.org/10.3390/metabo10090378
https://doi.org/10.1021/ac051437y
https://doi.org/10.1186/1471-2105-9-163
https://doi.org/10.1186/1471-2105-9-163

	A stochastic approach for parameter optimization of feature detection algorithms for non-target screening in mass spectrometry
	Abstract
	Introduction
	Method and material
	Chemicals and standards
	Sample preparation
	Sample analysis
	Studied algorithms
	SAFD
	XCMS
	OpenMS
	KPIC2
	Bruker DataAnalysis

	Experimental design and optimization
	Parameter optimization
	Evaluation of algorithm performance
	Alignment algorithm optimization


	Results and discussion
	Feature detection algorithm parameters optimization
	Evaluation of algorithm performance
	False discovery rate (FDR)
	Suspect screening

	Alignment and grouping algorithm optimization
	Applicability of the optimization approach

	Conclusion
	References


