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ABSTRACT: Mass spectrometry-based untargeted metabolomics
analyzes complex biological matrices containing thousands of
individual features. Linearity is a key analytical parameter in
quantitative mass spectrometry, reflecting proportionality between
signal intensity and analyte concentration within a defined range. In
untargeted metabolomics, linearity cannot be directly assessed due
to the absence of reference concentrations. Instead, the range in
which features exhibit approximately linear dilution-dependent
behavior (ALB) can be evaluated as a practical proxy. Feature
selection based on this response enables the early removal of noise
and unreliable features, thereby reducing the risk of false-positive
findings and improving analytical robustness, while the reduced
number of retained features lowers the multiple-testing burden in
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downstream statistical analyses. We present MSlineaR, an open-source R-based software tool implementing a six-step process to
assess dilution-dependent response behavior in metabolomic data sets. MSlineaR evaluates dilution curves to identify nonclassical
response patterns, detect outliers, and iteratively trim boundary regions to remove plateau effects. It then reassesses the remaining
data to retain features exhibiting ALB. Importantly, it defines boundaries of the approximately linear range (ALR) and applies them
for data curation, enabling exclusion of unreliable signals while preserving robust features. Application to three independent data sets
demonstrated a ~10% improvement in the number of features classified as exhibiting ALB compared to classical linear regression-
based approaches. MSlineaR was complementary to relative standard deviation (RSD) filtering, improved median RSD values and

enhanced the robustness of statistical modeling.

B INTRODUCTION

Mass spectrometry-based untargeted metabolomics involves the
analysis of complex biological matrices, often containing
thousands of individual features. Early curation of data sets to
retain highly robust features reduces the risk of false-positive
findings. Additionally, reducing the total number of statistical
tests lessens the multiple-testing burden, thereby potentially
improving the likelihood of detecting true biological differences.
It also increases the probability that results are reproducible.
Therefore, untargeted metabolomics workflows commonly
incorporate data curation steps aimed at removing low-quality
molecular features that lack analytical reliability or biological
relevance.' ™

The use of matrix-specific quality control samples (QC) to
assess technical reproducibility and curate data sets is now
standard” and focuses on the removal of contaminants detected
in blank samples, low-abundant features, or those with poor
analytical precision. Data quality is often assessed using the
relative standard deviation (RSD) of QCs and/or the
dispersion-ratio (D-ratio) parameter.1 However, these metrics
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primarily reflect technical reproducibility at a fixed concen-
tration and may underestimate overall signal variability as they
cannot capture potential heteroscedasticity across the concen-
tration range. In addition to the previously described data
curation metrics, the use of a dilution series of QC samples has
been proposed as a valuable strategy to assess linearity and the
linear range of detected molecular features.”* ™

Linearity is a key analytical parameter in quantitative mass
spectrometry, reflecting the proportionality between signal
intensity and analyte concentration within a defined range.” In
targeted analysis, linearity is assessed using calibration curves
and is essential for accurate absolute quantification. By contrast,
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Figure 1. Process diagram of MSlineaR, describing all six functions used for filtering the data according to their dilution-dependent response behavior.

true concentration-signal proportionality is difficult to establish
in untargeted analysis due to the absence of known analyte
identities and concentrations. Instead, the relationship between
signal intensity and dilution factor can act as a proxy to identify
features that exhibit reproducible, dilution-dependent behavior
suitable for downstream statistical analysis. Accordingly, the
terms “linearity” and “linear range” are reserved for targeted
analysis in this manuscript. For untargeted analysis, features are
instead described in terms of their dilution-dependent signal
behavior, which may approximate a linear response within a

restricted range. The terms “approximately linear dilution-
dependent behavior” (ALB) and “approximately linear range”
(ALR) are therefore used to reflect model-based approximations
of signal behavior, rather than calibration-defined analytical
linearity. Within this context, a feature is defined as a specific
RT-m/z pair that can be consistently measured across dilution
points. For each dilution point i (i = 1, ..., n) of a sample, this
measurement yields a corresponding signal (S;), collectively
forming a dilution curve. This approach is still not widely
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adopted in the untargeted metabolomics community,” partly
due to limited availability of robust postprocessing tools.

In recent years, feature-based assessment of dilution-depend-
ent behavior and filtering of unreliable features have been
automated using bioinformatic tools.”* !> However, to the best
of our knowledge, available tools primarily rely on the coefficient
of determination (R*) and/or slope across the full dilution range
and often do not explicitly account for missing values or outliers.
Additionally, the ability to determine the bounds of dilution-
dependency and identify samples that lie outside these bounds
may improve the robustness of the statistical results by reducing
false positives and thereby enhancing experimental reproduci-
bility.

To address these challenges, MSlineaR was developed to
automatically and objectively assess dilution-dependent behav-
ior and define ranges of ALB per feature in untargeted
metabolomic data sets. It enables data set curation by retaining
analytically reliable features for statistical analysis. Using a
feature-by-feature approach, MSlineaR applies a six-step process
to assess dilution-dependent behavior and identify “non-
classical” dilution curve shapes in QC dilution series. It uses
three curve fitting models to determine data structure and
removes outliers. Nonresponsive regions (e.g, plateaus) at the
beginning and end of concentration ranges are identified to
define a consistent response range. A graphical function
visualizes sample distribution across the responsive and
nonresponsive regions. Finally, features are flagged or excluded
when the acquired biological samples lie outside the defined
range. To the best of our knowledge, no other tool exists that can
automatically handle the observed range of different dilution
series shapes, including negative slopes, outliers, and missing
values, while establishing dilution-dependency and ranges of
ALB. This integrated solution enhances data reliability in
untargeted metabolomics and can also support targeted
workflows, with the possibility of incorporating quantitative
metrics.

B EXPERIMENTAL SECTION

Feature Filtering Based on Approximately Linear
Dilution-Dependent Behavior Using MSlineaR

The source code of MSlineaR is available on GitHub (https://github.
com/bih-metabolomics/MSlineaR).

Data sets were analyzed with a Windows 10 X 64 build 19045 PC
(Intel(R) Core(TM) i7—9700 CPU @ 3.00 GHz, 16 GB RAM) using
seven cores for parallelization.

The algorithm performs six steps, outlined in Figure 1, to produce a
data set containing only features exhibiting dilution-dependent
behavior that can be approximated by a linear model, with most
samples falling within the corresponding ALR.

MSlineaR requires two data tables (MetaData and FeatureData) as
input (templates in Tables S-1 and S-2). The FeatureData table
contains information about detected mass spectrometry features,
including unique feature names, unique sample names, batch
information, and peak areas or intensities. The MetaData table includes
information about injection order, unique sample names, sample type,
statistical class, and batch information. In addition, dilution factors of
the serially diluted samples are provided and normalized to the highest
dilution (lowest concentration = 1). For targeted approaches, the
expected concentration of the standards can be provided in an
additional column. Identical sample names and batches must be used
for both data tables. All mandatory and optional parameters are
described in detail in Table S-3.

The functions are described below in the order in which they are
applied to a single dilution series. For the full mathematical formulation,
see Table S-4. The code itself can be executed in parallel. Missing values

are retained as missing. After each step, the number of dilution points is
checked against the parameter min_feature, which describes the
minimum number of consecutive signals required per dilution curve
for the curve to be considered reliable. Curves with a lower number of
dilution points are excluded.

(i) First, data are log—log-transformed to stabilize variance and
approximate normality of residuals.

(ii) Next, the lower limit for the range of ALB is calculated as the
median of the blank samples multiplied by the parameter
signal_blank_ratio (default = S). All dilution points below this
threshold are removed. This also allows detection and exclusion
of potential contaminants.

(iii) Based on previous observations, we assume that the curve of a
biological feature in a dilution series will follow a linear,
quadratic or logistic dependency. Therefore, each of the three
models is fitted to the dilution series. Model performance is
evaluated using the root-mean-square error (RMSE) calculated
on the full data set. The model with the lowest RMSE is selected
as the best representation of the dilution distribution. Outliers of
the selected model are identified using standardized residuals
(default Irl > 2), which account for residual variance and
leverage, providing a scale-independent measure of deviation.

(iv) Metabolites near the upper or lower limits of their detection
range may show unusual feature detection behavior due to
saturation, ion suppression, or matrix interference and should
not be considered within the range of ALB."® Plateau-affected
regions from dilution curves are removed using an iterative
trimming procedure based on local slope and boundary
constraints. First, local slopes are computed between adjacent
points by dividing the difference in signal intensity by the
difference in dilution factor. These slopes capture local changes
in signal response along the dilution series.

To distinguish true signal progression from plateau regions, a
reference slope is estimated from a subset of points around the
midintensity range (corresponding approximately to the half-
maximal signal region), where the response is expected to be
stable and least affected by saturation or noise."*

Plateau regions are identified where local slopes fall
substantially below a user-defined fraction of the reference
slope (default & = 0.5). These regions typically occur at the low-
intensity end (noise-dominated) or high-intensity end (satu-
ration).

Boundary constraints ensure that the retained subset
represents a physically meaningful response range. The retained
range spans a monotonic segment across the observed signal
range, preventing inclusion of nonmonotonic edge regions and
ensuring that the trimmed curve reflects the central dynamic
range. Points at the boundaries of the current range are removed
if they violate either the slope-based plateau criterion or the
boundary constraints. After each iteration, local slopes at the
extremes and the reference slope are compared on the reduced
data set. This process continues until no further points are
removed, resulting in convergence to a stable set of dilution
points.

This combined approach allows MSlineaR to robustly
exclude saturation-induced flattening at high concentrations
and noise-driven instability at low concentrations, while
preserving the central response region suitable for downstream
evaluation.

(v) After reducing the potential range of ALB, a second round of
outlier detection is performed using the same method as
previously described.

(vi) Finally, MSlineaR assesses the range of ALB of the curve by
fitting a linear regression model through the remaining dilution
points and calculating studentized residuals and Cook’s
distance. All dilution points with studentized residuals below a
user-defined threshold (default = 3) and Cook’s distance below
4/(n — p — 1), where n is the number of observations and p is
the number of model parameters, are assigned to the range of
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ALB. R% Spearman correlation, absolute and relative deviation
and the slope are calculated for the ALB of all remaining features
(Table S-5).

Only curves with sufficient consecutive dilution points (>min_fea-
ture) and an R* greater than or equal to a user-defined threshold
(default = 0.9) are flagged as having an ALR.

MSlineaR includes an additional function (MS_filterSamples) for
filtering biological sample data based on the upper and lower limits of
the range of ALB. Features are retained if at least a user-defined
proportion of samples fall within this range (default = 70% per group).
The output consists of three data tables, showing information (1) for
each dilution curve, (2) for each signal of the dilution curves and (3) for
all injected samples. In addition, there is a graphical output to show the
dilution curves and linear proportion for all samples and QCs and
diagnostic plots for residual behavior and Q-Q plots.

Data Sets

Three data sets were used to demonstrate different aspects of MSlineaR
performance. All data sets are liquid chromatography—mass spectrom-
etry based and full details can be found in Supporting Information
(Texts S-1, S-2, S-3). Data set 1 (DS1) was used to assess the sensitivity
and specificity of MSlineaR. It is based on a previously validated
method"® and consists of a targeted analysis of 33 tryptophan
metabolites in 101 charcoal-stripped EDTA plasma samples measured
as both a dilution series (10 dilution points) and as a pooled QC every
sixth sample. A medium range dilution from the standard curve was
analyzed every 10th sample as a second QC check, interspersed with
biological samples (data from the biological samples were not used for
this study). A second batch was run a day later with the same setup
(Table S-6). Data set 2 (DS2) is a method validation data set originally
designed to test the robustness of different published untargeted
methods'®™'® and was used to evaluate MSlineaR on a complex matrix
and to assess its ability to identify true negatives. The test samples
consisted of a commercial human plasma sample (GTX73265,
GeneTex) extracted using four different solvent compositions (method
1 “MeOH3”: plasma to methanol ratio 1:3; method 2 “MeOH1.5”:
plasma to methanol ratio 1:1.5; method 3 “MeOH9”: plasma to
methanol ratio 1:9; method 4 “MeOH_EtOH3”: plasma to
methanol:ethanol mixture (1:1) in a final ratio of 1:3). After protein
precipitation, the supernatants were collected and fully dried. Prior to
analysis, samples were reconstituted in 50 yL of water containing
IROA-C internal standards (TruQuant Yeast Extract Semitargeted
QC Workflow Kit, IROA Technologies). Five replicates of each
extraction method were randomly analyzed in each batch (Table S-7).
It is important to note that the final injection concentration of MeOH9
samples was approximately 8-fold lower, and MeOH1.5 2-fold lower,
than for the other extraction methods. Nine QCs per batch were
prepared using the same method as for MeOH3 samples. A dilution
series consisting of 9 dilution points was prepared with ratios of 0.05,
0.10, 0.25, 0.50, 0.75, 1, 1.5, 2, 3 to the QC concentration (Table S-8).
Three identical analytical batches were analyzed, each with its own
dilution series. In a subsequent validation study to assess the usefulness
of MSlineaR at very low concentrations, the resuspended QC sample
was further diluted 1:3 in the resuspension solvent and a second “pre-
diluted” 9-point dilution curve was prepared and analyzed as described
above.

The last data set (DS3) was used to illustrate the application of
MSlineaR on real-world data. DS3 is derived from a longitudinal field
study conducted on horses from three different locations over an 18-
month period. Over the study period, venous blood samples were
collected every two months. The study aimed to identify metabolomic
biomarkers associated with the development of a specific condition
(unpublished data, Bonhomme et al,, in preparation). Fourteen horses
were initially included (n = 7 precondition cases, n = 7 matched
controls). However, two horses (one case and one control) originating
from a third location were excluded from statistical analysis due to too
few samples from that site. All samples were collected in EDTA tubes
under field conditions, then processed and analyzed using LC-MS.
Samples collected during the 0—2, 2—4, 4—6, and 6—8-month intervals
preceding the onset of the condition, and at matched intervals for the

controls, were analyzed. These intervals reflect the regular bimonthly
sampling visits rather than precise time points relative to the event.
Aliquots of all samples were combined to create a pooled QC which was
run every 10th sample (Table S-9). A dilution series of the pooled QC
was prepared and IROA-">C internal standards were added in equal
amounts as described for DS2.

Data Preprocessing without MSlineaR

DS1 was exported into Skyline (v.19.1—64 bit) to identify and quantify
peak intensity and area. Data were manually checked to ensure the
correct peaks were selected (Text S-1). After internal standard
normalization, a cubic spline drift correction using the R notame
package® (version 0.3.2) was applied per metabolite and to all sample
types, with the pooled QC samples as references for fitting the splines."
Standards of increasing concentration were background subtracted and
used to construct calibration curves for each metabolite using a
weighted linear regression model. Compounds with an R* > 0.96 and at
least five dilution points were defined as linear. Concentration values
less than or equal to zero were treated as missing values.

For DS2 and DS3, the acquired data were first converted to .mzML
format using MSConvertGUI (https:/ /proteowizard.sourceforge.io/ ).
Subsequent data processing was carried out using ClusterFinder
(version 4.2.67, IROA Technologies, USA) and with R (version 4.2.0)
in the RStudio environment (version 2023.6.2.561).

Peak detection, retention time correction, alignment and isotope and
adduct annotation were conducted using XCMS (version 4.6.4) and
CAMERA (version 1.64.0) packagesm_ ” for DS2 or XCMS Online
(https://xcmsonline.scripps.edu, version 3.7.1)***° for DS3. All
parameters used in XCMS and XCMS Online can be found in Texts
S-2 and S-3.

Features were filtered out if they were below a signal-to-noise ratio of
3:1 compared to the median of blank samples or if they were not
detectable in all batches and in at least 80% of samples. Features were
excluded where fewer than five pooled QC measurements for that
feature were present. Data normalization for DS3 was performed usin,
probabilistic quotient normalization (pqn) with the R package pmp”
(version 1.20.0). Due to the extreme differences in preanalytical
concentrations in DS2, we have omitted a postanalytical normalization
step. The notame package® (version 0.3.2) was used to correct
analytical intrabatch drift deviations using QC samples as a reference
for the cubic spline method.'”*° To correct for interbatch deviations, a
groupwise median normalization strategy was used. Technical and
biological variabilities were assessed per feature over the pooled QCs by
calculating the RSD and D-ratio, respectively. All features were
removed if they showed technical variability above 20% (RSDq¢ >
20%) or a D-ratio’ above 40%. These filters were applied to ensure that
only reproducible features with biological relevance were retained.
Metabolite annotation was performed using Compound Discoverer
software (Thermo Fisher, 3.3 SP2) and ClusterFinder (version 4.2.67,
IROA Technologies, USA).

Filtering Using MSlineaR

For all data sets, MSlineaR was applied before data normalization. DS1
was filtered by MSlineaR with parameters set as follows: signal -
blank_ratio = 1 (background subtraction and signal-to-noise filtering
were applied beforehand), min_feature = S, min_R2 = 0.96. For DS2 the
parameters were set as signal_blank_ratio = 3, min_feature = 5 and
min_R2 = 0.9 and a threshold of 70% was used per sample group to
classify the samples as within ALR or outside. For DS3, the same
parameters as for DS2 were used.

Statistical Analysis/Evaluation of MSlineaR

All statistical analyses were performed with R (version 4.2.0) in the
RStudio environment (version 2023.6.2.561). To evaluate the
performance of MSlineaR, we compared processing pipelines with
and without MSlineaR integration using RSD, R?, number of detected
IROA features and principal component analysis (PCA). Prior to PCA,
the data were glog-transformed to address heteroscedasticity and
skewed distributions.”” To avoid the influence of missing value
imputation, PCA was done solely on features present in all batches and
in all samples.
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model, while the green line shows the regression after applying MSlineaR. Gray points indicate concentrations that were removed due to a low signal-

to-noise ratio, and red points represent outliers as identified by MSlineaR.

To assess within-group variation, the sum of the squared differences
from the group-mean was calculated and compared between data sets
analyzed with and without MSlineaR. Between-group variation was
calculated as the sum of the group-mean differences compared to the
overall mean.

Correct classification was validated by manual inspection of the log—
log-plotted graphs of all concentration curves. The curves were checked
for visible outliers, shape, and the number of dilution points that were
within the ALR.

For DS1, weighted linear regression (y = ) + f, X x + € with

weight for each dilution point i w, = %), representing our standard
Xi

laboratory workflow, was used for comparative evaluation of non-
transformed, untrimmed data and data processed using the MSlineaR
trimming workflow. R* and linear range as well as the concentration
measurement accuracy from the medium range QC samples were
compared.

For DS2, data were log—log-transformed and fitted using a
nonweighted linear regression. For this comparison the R* and ALR
were used.

For DS3, to evaluate the impact on downstream statistics,
metabolomic differences between the two classes were assessed using
a Mann—Whitney U test of all annotated features. FDR-adjusted g-
values <0.1 were considered significant.

B RESULTS AND DISCUSSION

We benchmarked MSlineaR against both automatic (current
method) and manual assessments of dilution-dependent
response behavior, using targeted and untargeted data sets.

We started by exploring the dilution curve outputs from real-
world data sets. The challenge of using dilution curves to assess
dilution-dependent response behavior is as follows: in log—log
scale, biological features in a dilution series are expected to
follow an S-shaped curve (Figure 2A). In reality, a wide range of
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Figure 4. (A) Flowchart for processing an untargeted data set (DS2) with MSlineaR on the left side and without MSlineaR on the right side. The
number of features and the median RSD value are shown after each step. (B) RSD improvement after each processing step without (blue) and with

MSlineaR (red).

shapes can be observed, the most common of which are
displayed in Figure 2B—G. Bioinformatic tools must identify,
classify, and filter so that only robust features are kept (Figure
2A-D) and other shapes are flagged for exclusion (Figure 2E—
G). Outliers and missing values (Figure 2B and C) are
particularly challenging. If not excluded, they will negatively
influence the linear regression calculation,”® which subsequently
can lead to the complete exclusion of the feature. Quadratic or
parabolic shapes represent a second challenge. Once the signal
reaches saturation, counterintuitively, the detected intensity can
decrease. In the worst case, this can lead to a full parabolic shape
(Figure 2F). However, in most cases, a “partial” parabolic shape

is observed.

Sensitivity and Accuracy Testing: MSlineaR Correctly
Classified 100% of the Compounds in a Targeted Data Set
(DS1)

Using DSI1, our first evaluation was an assessment of the
sensitivity and specificity of MSlineaR, i.e,, its ability to correctly
identify peaks that should be linear. DSI is a targeted data set
consisting of a mixture of 33 commercial standards prepared and
analyzed as a concentration curve of 10 concentration levels.
This was repeated in a second batch yielding 66 concentration
curves in total.

For 32 compounds (97%), MSlineaR identified a linear range
in both batches. One compound, formylanthranilate, was
excluded in both batches, because fewer than five concentration
levels were detected. Manual inspection of all concentration
curves confirmed the correct classification by MSlineaR for all
compounds.
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Figure S. (A) Scatterplot of features from a single batch (batch B3) from data set DS2. The plot is divided into four quadrants based on an RSD
threshold of 20% and an R? threshold of 0.9 (red dashed lines). The number of features in each quadrant is detailed in the numbered circle. Each
quadrant reflects a level of data quality: quadrant 1 represents the highest-quality features, while quadrant 4 includes the lowest-quality features.
Quadrant 3 denotes features that would pass RSD . filtering, but which should be excluded based on their poor linear behavior. (B) Examples of peak
behavior from each quadrant. The linear fit of the dilution curve is shown on the right, and the measured intensities of the pooled QC samples on the
left. (C) Frequency histogram displaying the distribution of RSD o values from the filtered data set with (green) and without (lilac) MSlineaR filtering.
(D-E) PCA score plots of all three batches without (D) and with (E) MSlineaR filtering. Plots are produced to the same scale. The variance explained
by PCl increases with use of MSlineaR and MSlineaR produces a tighter clustering of sample groupings. Analytical batches are indicated by shape, and
extraction method by color. (F) Percentage change in intragroup variation without and with MSlineaR filtering, colored according to extraction
methods. (G) Overall intergroup variation difference. (H) Percentage classification accuracy of MSlineaR based on 142 IROA standards.

Next, the R* and linear range were compared between
MSlineaR and our former lab protocol.

With both methods, we observed equivalent R* and an equal
linear range for 54 (84%) concentration curves. The linear
ranges of 10 (16%) concentration curves were trimmed by
MSlineaR, resulting in improved overall modeling of the data
(two examples shown in Figure 3B and C). This is supported by
an increase in R* observed in 8 (13%) concentration curves.
‘When our former lab protocol was applied to the same data, 5 of
the 8 concentration curves yielded an R* below 0.96 and would
typically have been discarded. Using MSlineaR, we were able to
recover four concentration curves (highlighted as red dots in
Figure 3A). The median R* of the truncated curves increased
from 0.92 to 0.98 with MSlineaR. In Table S-10 we show that

regardless of which R? cutoff we choose, MSlineaR retained
more metabolites than the established standard method.

We detected a change in the mean accuracy for all features
where the concentration curve was truncated. For eight out of
the ten modified concentration curves, the mean accuracy
improved by an average of 6.8% with MSlineaR. For two
features, the previous method yielded slightly better results, with
an average difference of 1%.

Using this data set, we demonstrate that MSlineaR was able to
“rescue” 13% of features which would otherwise have been
rejected. Fitrianto et al.”® have demonstrated that outliers and
unusual curve behavior have a significant influence on the R* and
can lead to inaccurate assessments of the true correlation
between signal intensity and concentration. MSlineaR reduces
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these occurrences by applying an automated and objective
outlier detection method, followed by truncation of features to
consider only the trimmed linear range. These features
distinguish MSlineaR from other tools.”*™"*

An additional advantage of determining the ALR for each
feature is that it can provide an analogue of the targeted
analytical methods of analyzing each standard at low, medium
and high concentrations to assess behavior, especially when
comparing dilution curves over multiple batches.

Specificity Testing: Untargeted Data Set DS2

Next, a technical data set (DS2) was used as an example of an
untargeted data set. This was both to evaluate MSlineaR’s
performance on a more complex data set and to assess its ability
to correctly identify true negatives. The samples are technical
replicates from a commercial human plasma sample and were
extracted with four different methods. In total, XCMS detected
22,767 features, of which ~18,000 features were detected across
all three batches. After preprocessing, the final data set consisted
of 8,899 features consistently detected across all three batches
(Figure 4A and B).

Evaluation of Approximately Linear Behavior as a
Complementary Quality Control Metric

Filtering based on relative standard deviation (RSD) of pooled
quality control samples is one of the most common methods
employed to curate poorly reproducible peaks. The next step
aimed to demonstrate the complementarity of MSlineaR
filtering with this approach. The median RSD of QC samples
(RSDg) of every feature from one representative batch (B3) is
plotted against the R? calculated from MSlineaR in Figure SA.
The plot was subdivided into four quadrants based on a parallel
evaluation of both the RSD¢ and the R? of the dilution curve
using thresholds of 20% and 0.9, respectively. A total of 55%
(4,856 features) of the features (quadrants 1 and 3, Figure SB
top and bottom left) showed acceptable QC technical
reproducibility with RSDq less than or equal to 20%. Among
these, approximately half (2,363) also had an R of greater than
or equal to 0.9, indicating a strong linear model fit across the
evaluated dilution range and reproducibility. The remaining half
(quadrant 3) showed low consistency with ALB across the
dilution range, raising concerns about their suitability for
quantitative statistics. This is precisely the type of feature that
MSlineaR is designed to identify and remove from downstream
analyses. The 1,170 features in quadrant 2 (Figure SB top right)
would typically be excluded due to high RSD¢ despite showing
good linear model fit (i.e., R* > 0.9). Identifying this subgroup
allows for further investigation into the causes of poor
reproducibility, such as chemical variability, intrabatch drift,
suboptimal dilution coeflicients, or the presence of outliers
among the QC samples.

MSlineaR Improves General Filter Strategy

To better understand the effects of MSlineaR and its
complementary effect on RSD filtering, the data set was
processed three times, using standard RSD filtering (RSDc <
20%) alone, MSlineaR alone, or both filtering approaches
combined (Figure 4A). Filtering the data solely on technical and
biological variance reduced the data set to 7,268 features (40%).
Applying MSlineaR alone as a filter step retained 4,322 features
(24%), while combining both filtering approaches yielded 3,942
features (22%). This suggests that nearly 50% of technically
reproducible features do not show an adequate fit to an
approximately linear model across the dilution range and are

therefore suboptimal candidates for quantitative statistical
analysis. Conversely, not all features showing good ALB
demonstrate good technical reproducibility, highlighting the
complementary nature of the two filtering steps. The majority of
features (~50%) were removed during the”curve trimming” step
due to an insufficient number of remaining data points after
truncation. Additionally, 885 features were excluded by
MSlineaR because the sample intensities fell outside the
appropriate measured ALR, i.e., 70% of all sample groups were
outside this range (one example in Figure S-1), leading to a final
filtered data set of 3,057 retained features across all three
batches. The original unfiltered data set had a median RSD ¢ of
24.6%. Standard processing and filtering steps improved this by
70% to a median RSDq¢ of 7.2%. Applying MSlineaR as an
additional filtering step further improved the data quality,
reducing the median RSD ¢ by 26% to a final median RSD ¢ of
5.3% (Figure 4B). The frequency histogram in Figure SC
demonstrates that applying MSlineaR increased the proportion
of features with low RSD values (between 0 and 5), compared to
the data set processed without MSlineaR.

Using MSlineaR Improves Group Separation and Removes
False Positives

To assess the overall impact of MSlineaR on data interpretation,
the additional effects of MSlineaR on standard processing were
examined by using principal component analysis (PCA) on
features present in all three batches and in all samples. Using
RSD filtering alone, the final data set consisted of 3,204 features,
whereas after filtering and applying MSlineaR, 1,388 features
remained. After applying MSlineaR, the variation explained by
the first two principal components increased by ~6.7% (Figure
SD and E). Prior to MSlineaR, the major source of separation
was associated with extraction method MeOH9, which is
considerably more dilute than the other methods applied.
MSlineaR further enhanced this effect. In addition, MSlineaR
also allowed the visualization of the small variation due to the
addition of ethanol to the sample extraction mix (MeOH_E-
tOH3). MeOHL.S extracts clustered more closely with the
MeOH3 and the QC after applying MSlineaR, which is
chemically plausible since their only difference lies in the
plasma-to-solvent ratio used.

To understand why the behavior of MeOH1.5 samples altered
after employing MSlineaR, we examined the 10 strongest
contributing features to principal component 2 prior to
MSlineaR (4 examples are shown in Figure S-2). All of them
exhibited a distinct separation for MeOH1.S, but no consistent
dilution-dependent response behavior. This indicates that,
without MSlineaR, the PCA-based interpretation of group
differences would be driven by inconsistent dilution-dependent
signals, potentially leading to misleading and scientifically
unreliable conclusions. This suggests that good separation
with PCA may be highly misleading in terms of the robustness of
results. Interestingly, most of these features displayed a dilution-
dependent response with a negative slope, which could imply
that they are contaminants from the extraction process, solvents,
or signals affected by ion-suppression effects.

To further evaluate the data structure, we calculated
intragroup and intergroup variation, as well as the median
RSD (Figure SF and G, Figure S-3). For all groups, the
intragroup variation decreased and the intergroup variation
increased following MSlineaR filtering, demonstrating MSlin-
eaR’s potential to enhance biological interpretation. Interest-
ingly, use of MSlineaR also reduced the median RSD of the
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Figure 6. Principal component analysis (PCA) of untargeted metabolomics data from Data set 3 without (A) and with MSlineaR filtering (B), colored
according to the different locations. (C) shows two examples of features excluded by MSlineaR: the top panel shows a feature with inconsistent
dilution-dependent behavior, while the bottom panel shows a feature where most biological samples fall within the saturation range. (D) shows two
examples of features that reached statistical significance (FDR-adjusted g-value < 0.1) subsequent to application of MSlineaR. The dilution curve is
displayed at the right side of each panel: pooled QC samples (red circles) and biological samples (triangles, colored according to location) are
displayed on the left side with additional boxplots of biological sample intensities overlaid on the plot for better visualization.

samples in all groups except MeOH9. The RSD is influenced by
the absolute value of the mean; ie., for a given standard
deviation, the RSD will increase as the mean intensity decreases.
Since MeOH9 represents the most diluted samples, removal of
noise and high-intensity inconsistent dilution-dependent
contaminants by MSlineaR led to a lower average signal
intensity, which likely explains the increase in median RSD.

IROA Standards Used as Negative and Positive Controls

To measure the sensitivity and specificity of MSlineaR in an
untargeted data set, we required a ground truth. Therefore, each
batch was spiked with IROA Internal Standard (IROA-IS),
adding uniform concentrations of the U—'"3C-labeled com-
pounds to each sample.

For the plasma samples, 275 pairs of '>C and U="C-IS could
be found in the dilution curves in at least one batch, of which 210
pairs were consistently found in all three batches. The U-"*C-
IS, being constant in concentration, are expected to have a
uniform signal, whereas the '>C-features are expected to show
ALB. MSlineaR accurately identified all U—"*C-IS as non-
dilution-dependent.

We conducted an additional validation experiment to assess
the performance of MSlineaR under highly dilute conditions. In
approximately 25% of dilution curves under the most dilute
conditions, U—'C-labeled standards exhibited an unexpected
response characterized by an apparent signal increase upon
further dilution (Figure S-4). The underlying mechanism
remains unclear but may reflect moderate ion enhancement
effects caused by changes in matrix composition at extremely
low concentrations. Notably, this behavior was only observed
under highly dilute conditions and was absent in dilution series
generated using standard operating concentrations. This
phenomenon may be particularly relevant for applications
involving highly dilute matrices, such as water quality analysis.

Where necessary, additional filtering based on local gradient
strength could be applied to exclude such features.

Among the "*C features, 142 (52%) passed all standard
quality filters without using MSlineaR but 112 (79%) were
classified as exhibiting ALB with MSlineaR. Two researchers
manually analyzed all 142 *C-features by visual inspection of
their dilution curves across the three batches to determine
MSlineaR’s accuracy of classification (Figure SH). In total, two
features (1.4%) from the '>C-isotopes were classified differently
by MSlineaR compared to manual classification. Overall, when
considering both U-"C and 12C-isotopes, we achieved a
classification accuracy of 99.9%. This results in a total of 30
(21%) '*C-features, which were excluded following MSlineaR-
based filtering, either because they did not show ALB across the
dilution range or because this behavior was limited to a single
batch. All '*C-features are displayed in Figure S-5.

R? was used as the primary filtering metric. Additional metrics
for assessing dilution-dependent behavior were subsequently
implemented in the software package and benchmarked against
R% The "*C-IROA isotopes were used as true positives in this
test and the proportion of correctly retained compounds was
calculated for each metric. In this comparison, R? retained the
highest percentage of true positives. Approximately 97% of the
retained isotopes additionally exhibited monotonic behavior
within the trimmed range. Only 11 curves with high R* values
were not classified as monotonic due to local deviations within
the dilution pattern. Two representative examples are shown in
Text S-4, illustrating that these curves nevertheless exhibited
clear dilution-dependent signal behavior and were therefore
retained when using R? as the primary filtering metric. Assessing
false positives in this benchmarking context is more challenging,
yet potentially less relevant for untargeted methods where
results normally require independent validation.
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To determine batch-to-batch variability, the number of
features exhibiting ALB included in either (i) all batches, (ii)
two batches, or (iii) one batch was determined for the IROA
standards (Figure S-6). Of the 275 possible '*C-features present,
126 were found to show ALB with an RSD below 20% in at least
one batch. Among them, 94.5% were detected in at least two
batches, and 5.5% in only one batch. Four main reasons were
identified to explain the variability in feature retention across
batches (Figure S-7): (1) there are fewer than five dilution
points in a batch, (2) the noise/contamination level was
different between batches (Figure S-7A), resulting in more
stringent filtering, (3) the feature shows ALB in one batch but
this is not reproduced across all batches due to either (i) R* close
to our cutoff points or (ii) too few retained points, e.g,, due to
reaching saturation or (iii) some causes remain unclear (Figure
S-7B), and (4) the feature ionizes well and has a steep slope,
leading to saturation of the detector at relatively low
concentrations. Where the samples are also at saturation level,
data are not reliable for statistical analysis (Figure S-7C).

Benchmarking Using a Standard Linear Algorithm Protocol

The unprocessed data set (22,767 features) was further
evaluated by comparing the results of fitting a linear regression
model to the untrimmed and the trimmed data.

Both approaches agreed on the ALB classification of
approximately 94% (21,314) of features, with 52% classified as
exhibiting ALB. For 46% of the features, both methods reported
the same R? values and identified comparable ranges of ALB.
However, MSlineaR shortened the range of ALB for 11% of the
features (2,364), resulting in an average R* of 0.97 compared to
0.93 for the standard model. In total, 1,453 (6%) dilution series
were classified differently by MSlineaR throughout all three
batches. Among them, 7% (111 features) were classified as
exhibiting ALB by the conventional approach but inconsistent
with ALB by MSlineaR. The vast majority of this discordance
was due to insufficient dilution points remaining after MSlineaR
truncated unstable ends of the curve. In contrast, 29% (421
features) were discarded by the standard method but were
retained by MSlineaR, illustrating its ability to recover valid
features that would otherwise be lost.

Using MSlineaR on a Biological Untargeted Data Set: DS3

Finally, to demonstrate the application of MSlineaR in a real-
world biological data set, we used a subset of unpublished data
from a longitudinal study involving horses sampled across
different locations. In this test case, we assessed the impact of
MSlineaR on the detection of metabolomic differences between
groups of horses sampled from two different locations. Using
conventional quality-based filtering alone, the data set was
reduced from 10,900 to 2,717 features (25%). Applying
MSlineaR as an additional filtering step further reduced the
data set to 1,846 retained features (17%) showing consistent
ALB (871 features removed). Principal component analysis
(Figure 6A and B) showed improved clustering structure and
increased variance explained by PC1 and PC2 following
MSlineaR filtering. Intragroup variance was reduced by 1%
and 5% per group, while intergroup variance increased by ~65%,
indicating improved data structure after removal of signals
outside of the range of ALB.

Using Compound Discoverer, 139 out of 2,717 features
(5.1%) in the data set without MSlineaR could be annotated,
compared to 118 out of 1,846 features (6.4%) with MSlineaR,
indicating a slightly higher percentage identification rate. To
evaluate the impact on downstream statistics, metabolomic

differences between the two classes were assessed using a
Mann—Whitney U test of all annotated features. A total of 39%
of annotated features without MSlineaR had FDR-adjusted g-
values below 0.1, compared to 44% with MSlineaR. Figure 6C
illustrates two features that showed apparent group separation
but were excluded by MSlineaR: one due to inconsistent
dilution-dependent behavior (F2189), and the other (F4413)
displays ALB but the majority of the sample values were beyond
the range of ALB (saturation). Conversely, Figure 6D shows two
features that previously did not survive false discovery rate
testing (FDR-adjusted q > 0.1), but improved accuracy in
filtering with MSlineaR. Together with a reduction in the overall
number of statistical tests this resulted in lower g-values meeting
the threshold for statistical significance.

Based on three data sets, we have demonstrated that
MSlineaR enhances data quality and reproducibility, resulting
in more robust and reliable outcomes. The benchmark data sets
comprised between 66 and ~60,000 dilution curves and were
processed within S to 40 min on a standard desktop PC.

We have chosen to use linear modeling primarily because
nonlinear modeling requires more extensive and complex
validation. For simplicity, R* was adopted as our main filtering
metric and MSlineaR was benchmarked on this metric, although
the software has since been developed to include other filtering
parameters that can be used for more comprehensive data
filtering. Although a high R* alone does not guarantee linearity, a
low R* suggests that a linear model does not fully explain the
variation in the data. This metric is thus employed to measure
how precisely a linear model describes the curated dilution
range, ie., after removal of nonlinear regions (e.g., plateau
effects, negative gradients, and outliers), and provides a first-pass
filter.

Compared to higher-order polynomial or nonlinear models,
linear models facilitate the calculation of uncertainty and
goodness of fit”” and require fewer data points.”® They also
simplify calculation of key parameters including limit of
detection and quantification boundaries. In theory, a linear
calibration model is also more reproducible, enabling better
comparison of results across different instruments or labo-
ratories.

By contrast, many existing calibration models rely on
polynomial equations. While these may extend the working
range and will typically have a better fit than linear models, there
is a high risk of overfitting the model and such models cannot
distinguish between signals within the range of ALB and those
already in saturation or noise. Thus, they typically require more
validation to prove accuracy and robustness.”" Future develop-
ments will explore the integration of polynomial models,
provided this can be achieved without compromising reprodu-
cibility or quantitative reliability.

MSlineaR effectively removes unreliable and nonrobust
features from the data set, and it complements other existing
filtering methods. We demonstrated that following a conven-
tional/standard RSD-based filter, about 30% of the remaining
features still lacked consistency with ALB across the dilution
range, resulting in a large number of statistically unreliable
features. Applying MSlineaR as an additional filtering step
resulted in the reduction of noninformative and biologically
irrelevant features, indicating that the two filtering methods are
complementary.

Although this was not evaluated in the present study,
MSlineaR also offers potential for optimizing sample dilution
strategies. A dilution series of pooled QCs can be analyzed (with
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replicates) and then processed with MSlineaR to identify the
maximum number of reliably measurable signals and thereby
establish the optimal dilution prior to running the real samples.
A modified approach can also be used to objectively compare
different methods or instrument performances based on the
number of features detected in the linear range. Combining such
an approach with adduct, isotope and modification identi-
fication software is predicted to enable a realistic estimate of the
number of unique metabolites quantifiable for any individual
method or instrument.

Although we demonstrate only plasma as a sample matrix
here, other matrices can be used if the samples are at a
comparable overall concentration level when chemically
analyzed, if necessary, using preacquisition dilution to achieve
this.>> This approach helps to avoid or compensate for ion
suppression effects between samples arising from concentration
differences. We would recommend a pilot run incorporating
different dilutions of the pooled QC to determine the optimal
concentration range to use for all samples, including the pooled
QGCs.

Cross-checking the graphical output allows identification of
cases where features were rejected for not showing ALB across
the dilution range because their steep slopes did not meet the
required data-point threshold before they reached saturation. In
such cases, MSlineaR can highlight the need for additional
sample dilution or a different method to ensure reliable
quantification of certain features. The graphical output can
also be used to flag systematic issues, such as anomalies with a
single dilution sample. Any challenges presented by this can be
mitigated by ensuring biological results are robustly validated
and internal standards are evaluated for unexpected dilution-
dependent behavior as part of the standard pipeline.

In the present study, MSlineaR was applied in a stringent
manner, which may result in the exclusion of a small number of
real metabolites. However, this conservative approach ensures
retention of only high-quality, quantitative features, likely to
result in improved experimental reproducibility. User-defined
parameters allow relaxation of stringency for individual
experimental needs, albeit with a higher risk of false positive
results.

How to Implement MSlineaR

Pooled QC and Number of Dilution Points. In
conventional studies, dilution curves are typically generated
from a range of concentrations of a pooled QC sample, with the
highest concentration set at three times that of the undiluted
pooled QC (Table S-8 ). We make an initial assumption that no
sample is likely to have a concentration of over three times the
mean value and thus deal with these cases by defining the ALR
below this subjective cutoff line. This applies equally to signals
within the ALR and those outside it.

MSlineaR requires a user-defined minimum number of data
points to assess dilution-dependency. In our studies, we used at
least five dilution points, which is in accordance with the ICH
and USP guidelines®”** and the minimum we recommend.
More dilution points decrease the probability of features being
excluded due to not reaching the threshold for minimum
number of linear data points. Nine data points are a typical
starting point in our workflows. The optimal number, spacing of
points, and maximum concentration will ultimately be depend-
ent on the dynamic range of the specific matrix under analysis.
Accordingly, the recommended dilution strategy should be

considered context-specific and may need to be adapted for
different experimental systems.

Sample Design. Experimental design is key to the success of
any metabolomics experiment, and the success of MSlineaR is
reliant on appropriate selection of concentration or dilution
ranges for the initial dilution curve. This can only be determined
empirically or based on the experience of working with a
particular matrix. Ideally, the dilution curves would be analyzed
throughout the run in both random order and spacing, but the
reality of working with the higher concentrations necessitates
keeping the dilution curves separate from the samples while still
running in the same sequence. Typically, they are analyzed just
once at the beginning of a sequence, but for more robust
analysis, analyzing them at the beginning, middle and end of the
sequence allows the intrabatch measurement drift to be
measured. Analytical factors, including carryover, column
equilibration and total batch length, become important
considerations in such studies. In general, we tend to evaluate
degradation over the batch length and attempt to solve this issue
by restricting batches to a defined number of samples or analysis
times based on objective measured evidence of intrabatch drift
for a given method and matrix.

It is matrix-dependent, but at least two QC injections should
be analyzed after the highest 3-fold concentrated pooled QC to
evaluate potential carryover effects and equilibrate the instru-
ment for the real samples. Where specific matrices or
methodologies require more than one QC to account for
carryover, adjusting the dilutions and washing solvents to reduce
the initial carryover is preferable to more stabilization samples
where possible.

Implementing into Preprocessing Pipeline. We have
thus far only tested MSlineaR prior to major data correction
processes. Using it prior to any drift correction enables it to
assess ALB more reliably based on the true detector perform-
ance limitations. Additionally, there is a subsequent reduction in
computational cost and processing time due to a smaller data set.
Further exploration and validation are required to see how it
performs postcorrection when strong drift and batch effects are
present.

Choice of Metrics for Consistent Dilution-Dependent
Response. Different metrics reflect complementary aspects of
the dilution response and have inherent limitations.>> For
example, Spearman’s p is sensitive to local violations of
monotonicity and may decrease substantially due to a single
deviating point, even if the overall trend is well behaved. In
contrast, such isolated deviations typically have a limited impact
on R?, which reflects the overall consistency of the signal.

To provide a balanced and robust assessment, we therefore
use R* as the suggested initial metric. R* cutoff values for filtering
are selected by the user. These are best selected after examining
the distribution of the R? values across the data set; R? of 0.99 is
conventional but can be too strict to use in complex matrices. In
particular, we have observed matrix enhancement at particularly
low dilution levels (Figure S-4) which may justify relaxing R?
values if working across a wide dynamic range. Based on our
evaluation, R? of at least 0.9 maintained a good balance between
retaining robust genuine signals and removing most noise peaks.

In addition, we have complemented this metric with
additional measures such as Spearman’s p, slope, and residual-
based measures. Importantly, these metrics are implemented
within a flexible framework, allowing users to adjust the
stringency of filtering depending on the data set and analytical
objective.
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While graphical diagnostics such as residual and Q—Q plots
are provided, manual inspection of every peak is not required,
ensuring scalability to large untargeted data sets.

For targeted analyses, where absolute quantification is
required, we apply stricter criteria, including assessment of
proportionality (slope) and deviation from the fitted line,
consistent with CLSI EP06 recommendations.”

B CONCLUSION AND OUTLOOK

In this paper, we introduce MSlineaR, an easy-to-use R software
tool that improves statistical robustness and quality assurance in
data analysis. It filters out features that show poor consistency
with ALB across the dilution range, including noise, at an early
stage in the data cleanup. It reduces the risk of false positive
statistical findings, “rescues” features with outliers or restricted
ranges of ALB and reduces computational demands for
downstream analysis while improving the percentage of
statistically relevant features. It can be integrated into an existing
preprocessing pipeline or be used as a standalone approach. It
can be used to improve data set robustness and reproducibility,
support the selection of appropriate dilution levels, and facilitate
objective comparison of different methods or instruments in
untargeted data analysis.
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