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Cancer Institute, Žlutý Kopec 7, Brno 60200
bInternational Clinical Research Center, St. A

53, Brno 65691, Czech Republic. E-mail: pv
cRECETOX, Faculty of Science, Masaryk U

Czech Republic
dBabak Myeloma Group, Department of

Masaryk University, Kamenice 3, Brno 6250
eDepartment of Histology and Embryology,

Kamenice 3, Brno 62500, Czech Republic
fDepartment of Internal Medicine, Hemato
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MALDI MS analysis of liquid biopsy combined with ML enables non-invasive disease screening and

monitoring. Here we present an open-source R-based workflow covering all steps from raw data

preprocessing to predictive model evaluation. The pipeline is fully customizable and transparent, with

validation performed on clinical plasma samples from hemato-oncological patients. This workflow

enhances data reproducibility, enables a straightforward end-to-end workflow for liquid biopsy

biotyping, and provides a foundation for integrating MALDI MS into routine clinical workflows.
Laser desorption ionization mass spectrometry (LDI MS) was
developed over half a century ago. The introduction of matrices
based on organic acids that absorb laser wavelengths enabled
the expansion of matrix-assisted laser desorption/ionization
(MALDI MS) applications to various elds, e.g., identication,
structural analysis, and monitoring of biochemical processes in
vivo and in vitro.MALDI MS analytical technique has progressed
remarkably, and its clinical applications are expanding rapidly.
In clinical practice, MALDI MS applications can be broadly
divided into several key areas, including the search for new
diagnostic biomarkers at the level of metabolites, peptides, and
proteins, and the introduction of new bioanalytical methods
into clinical laboratories.1,2MALDIMS is currently being used in
clinical laboratories on a routine basis as an automated
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platform for identication and classication of microorganisms
(MALDI Biotyper® Library, BRUKER Daltonics), among other
applications.3 MALDI MS proling is a high-performance tech-
nology that compares the specic spectral ngerprint (protein,
peptide, and metabolites) obtained from biological materials,
such as liquid biopsies or cell cultures. This approach is both
time- and cost-effective.4–7

The integration of MALDI MS with machine learning (ML)
prediction models represents a highly advanced technique,
enabling the analysis of complex biological samples including
the liquid biopsies (e.g., blood plasma/serum, urine, and cere-
brospinal uid), and generating a comprehensive, patient-
specic spectral ngerprint (patient ID).8–11 Furthermore, it
allows for the detection of spectral patterns and their alter-
ations, which may serve as important markers for disease
screening, progression monitoring, and treatment response
prediction.12–14 The efficacy of this analytical approach has been
substantiated by a number of recent scientic studies.4,15–17

A major limitation to the advancement of this methodology
is the heterogeneity of data formats generated by MALDI mass
spectrometers.18 The lack of standardized data structures leads
to incompatibility between soware solutions, forcing users to
acquire and manage multiple soware platforms. This not only
increases analytical complexity and costs but also limits effi-
ciency. Notably, even instruments from the same manufacturer
may produce data that are not interoperable across product
lines, further complicating comprehensive data integration.
This represents a signicant barrier to implementing MALDI
MS proling in routine clinical practice. Therefore, efforts are
underway to develop and optimize tools that would enable the
processing and evaluation of mass spectra from commonly used
formats without the constraints of product licenses.
Anal. Methods, 2025, 17, 9909–9914 | 9909
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Although more computationally efficient languages exist,
e.g., Python, the R programming language is a popular choice
among researchers.19 R is appreciated for its user-friendly
interface and the extensive availability of supporting libraries.
These libraries allow researchers to focus on the scripts them-
selves rather than having to create complex libraries de novo.20

The core functionality is provided by the MALDIquant library.
In combination with the MALDIquantForeign, and MALDIrppa
libraries, it enables the import of raw mass spectra, their pro-
cessing, and export for subsequent statistical analysis.21 These
libraries facilitate processing standard MALDI MS formats,
including mzML, XML, ASCII, CSV, Bruker daltonics ex les,
and the imaging data format (imzML). Many R libraries have
been developed for multivariate statistical analysis (ropls, den-
dextend), data visualization (ggplot2), and ML modelling
(caret).22,23 Therefore, R is preferred over Python in the context
of MS. A wide range of open-source soware tools e.g. Mass++,
MZmine 2, mMass 3, OpenMS, and XCMS has been developed
to facilitate the visualization, preprocessing, and analysis of MS
data.24–28 While these platforms offer a variety of advanced
functionalities, they oen lack the exibility required for fully
customizable workows. In particular, they typically do not
support integration of user-dened code or allow ne-tuning of
preprocessing parameters and statistical functions. This can
limit their applicability in research contexts that demand high
adaptability or the incorporation of novel analytical strategies.
The creation of a graphical user interface in Shiny (R), Python,
or developing new libraries would limit the ability to modify
functions and set their parameters. For these reasons, devel-
oping an R-based workow as a script with comprehensive
documentation appears to be a viable solution for all types of
users. In addition, the user-modiable workow, accompanied
by detailed descriptions, allows for easy parameter adjustment
and the integration of new applications by the user. The
objective of this technical note is to present an open-source
workow implemented in R for end-to-end MALDI-MS anal-
ysis of complex human plasma samples, to demonstrate its
application in a real liquid biopsy dataset (multiple myeloma
versus healthy controls), and to provide a reproducible guide for
the research community.
Experimental section

The systematic workow presented herein is also suitable for
new users of R. It allows incorporation of a text commentary
into a script, thus facilitating comprehension of the sequence of
steps involved and enabling modication as required. The
workow is divided into several parts for the sake of clarity: (1)
mass spectra pre-processing, alignment, feature selection, and
descriptive statistics, (2) unsupervised ML methods, primarily
Principal Component Analysis (PCA), and (3) supervised ML
algorithms, including partial least-squares-discriminant anal-
ysis (PLS-DA), Support Vector Machine (SVM), Decision Tree
(DT), Random Forests (RF), and Articial Neural Networks
(ANN).29
9910 | Anal. Methods, 2025, 17, 9909–9914
MALDI MS

Plasma samples from 20 healthy donors and 20 MM (collected
at diagnosis) were obtained at the University Hospital Brno. All
patients signed informed consent forms approved by the ethics
committee of the hospital following the Declaration of Helsinki.
All plasma samples were handled as previously described and
samples were stored at −80 °C.30 Extraction of proteins and
peptides was performed as described previously.4 Briey, 25 mL
of plasma sample was precipitated with 50 mL of ACN in a two-
step protocol. In the rst phase, lipids, salts, and metabolites
were removed, while large proteins (e.g. Albumin) were removed
in the second step (acid hydrolysis).31 The resulting protein
extracts were stored at −20 °C and subsequently subjected to
MALDI MS analysis. Extracts were mixed 1 : 1 (v/v) ratio with
MALDI matrix (20 mg mL−1 sinapic acid in 50% acetonitrile,
2.5% triuoroacetic acid) and 2 mL spotted in ve replicates on
a MALDI target plate. In total 200 mass spectra were recorded
on MALDI-7090™ TOF–TOF mass spectrometer (Shimadzu,
Japan) equipped with a 2 kHz ultra-fast solid-state UV laser (Nd-
YAG: 355 nm). Mass spectra were acquired in linear positive
mode (2–20 kDa; pulse extraction 12.5 kDa; 1 kHz, 100 mm).
Each spectrum was averaged from 5 proles of 1000 shots and
externally calibrated with ProMix1 (2.8–17 kDa). All raw data
were exported into a commonly used mzML le format for use
in R for further analysis. A detailed description of the sample
preparation and instrumentation has been provided in our
previous publications.4,16,32
Code

The workow for MALDI MS data analysis employs R open-
source libraries and the integration of custom scripts. MALDI-
quant and MALDIrppa libraries are incorporated into mass
spectra processing. Furthermore, ropls, dendextend, and caret
libraries are incorporated for multivariate statistical modeling
andML. The pipeline is designed to process the commonly used
mzML format natively supported by commercial soware. The
code can be readily adapted to integrate future experimental
setups and the utilization of e.g., TXT and CSV les across the
scientic community. The source code and tutorial workow
are available on GitHub (https://github.com/pantuja/Workow-
for-Liquid-Biopsy-Biotyping-Analysis-Using-Combined-MALDI-
MS-and-Machine-Learning-Approach-/) and Zenodo (https://
doi.org/10.5281/zenodo.14561887).
Data processing workow

The mass spectra processing involves several steps: smoothing
using a Savitzky–Golay lter with a half-window size parameter,
baseline correction using the statistics-sensitive non-linear
iterative peak-clipping (SNIP) method, intensity calibration
(
P

Xi = 1, where Xi denotes intensities of corresponding peaks
in mass spectra), transformation, spectra alignment to address
non-systematic shis in technical replicates acquired across
varying time points, mass range trimming, conversion of tech-
nical replicates of each sample into an average mass spectrum,
and peak detection utilizing the MAD noise estimation
This journal is © The Royal Society of Chemistry 2025
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algorithm with a signal-to-noise ratio and a half-window size
parameters. To eliminate inter-sample variability within
a single group, the feature matrix is constructed only from the
signals detected in at least 15% of the total mass spectra. The
presence of signals exclusively detected within individual mass
spectra or samples may be attributable to the specic treatment
undergone, dietary settings, insufficient sample extraction, or
contamination of the MALDI target. The feature matrix was
employed for subsequent multivariate statistical analysis and
the development of selected ML prediction models. The user
can easily modify the parameters or use alternative algorithms
outlined in the MALDIquant library manual.
Fig. 2 Box plot showing average shift size of individual spectra
compared to the reference spectrum using mass spectra alignment
and warping (A). PCA score plot illustrating sample clustering based on
unsupervised spectral data analysis (B). Diagnostic evaluation of
supervised OPLS-DA model, including CV metrics and clustering
performance. pR2Y and pQ2 represent p-value for these parameters,
ort (number of orthogonal components). (C). Optimized OPLS-DA
score plot showing segregation of healthy donors (HD) and multiple
myeloma patients (MM) (D).
Results and discussion

The workow is illustrated graphically in Fig. 1. The unwanted
distortions caused by the event of measurement, namely oscil-
lations in the m/z values, are eliminated by mass spectra
alignment and/or warping to avoid signal readings outside their
maxima. To evaluate the effectiveness of alignment and warp-
ing, the average shi of each spectrum relative to a reference
spectrum was calculated (Fig. 2A). The spectrum with the
highest mean correlation was chosen as the reference, ensuring
it was the most representative of the overall dataset and
reducing the inuence of outliers or random variation. Prior to
the training of ML models, exploratory multivariate data anal-
ysis was performed to assess potential group-wise differences in
the data structure. For this purpose, PCA, PLS-DA, and
Orthogonal PLS-DA (OPLS-DA) were employed. The 2D or 3D
PCA visualization shows the grouping potential of the data
without prior knowledge of the diagnostic group (Fig. 2B).

The PLS-DA and OPLS-DA (for two clinical groups), a super-
vised extension of PCA, is designed to improve the interpret-
ability of complex data by separating predictive and non-
predictive variations while incorporating clinical groups (class
information). This method is optimized according to the R2Y (a
measure of goodness-of-t of the model), Q2Y (model validity,
i.e., how well the model predicts new data based on cross-
Fig. 1 Illustration of the workflow for liquid biopsy analysis using
MALDI MS and machine learning (ML). This approach includes patient
material collection (1) and (2), sample preparation (3), mass spectra
acquisition (4) and pre-processing (5), training and optimization of ML
algorithms (6), outputs from the ML predictive model and the final
classification of samples (7).

This journal is © The Royal Society of Chemistry 2025
validation), and RMSEE (root mean square error of estimation
giving the average estimation error) parameters (Fig. 2C).
Parameters are detailed explained in ropls library article.33

Optimized OPLS-DA with 2 orthogonal components is shown in
Fig. 2D, which demonstrates the method's capacity to cluster
data according to clinical groups. The user can easily apply the
PLS-DA method instead and get the same parameters as for
OPLS-DA given in Fig. 2C and D. Consequently, supervised ML
algorithms have been incorporated into this workow to predict
clinical groups based on the MS data: PLS-DA, SVM, DT, RF, and
ANN. The construction, training, and testing of ML predictive
models are contingent upon the number of samples in the
study. When the sample size is limited, the data are not divided
into a training and test set. Instead, the data are trained as
a single batch and tested using 10× repeated 5-fold cross-
validation (CV) or leave-one-out CV. If the number of samples
is sufficiently high, the data are divided into two distinct sets:
a training set comprising 70% of the total data and a test set
comprising the remaining 30%. The ML predictive models are
trained using the caret library, and their performance is evalu-
ated using standard classication performance metrics,
including accuracy, sensitivity, specicity, F1 and F2 score, and
area under the curve (AUC).34 These parameters are compared
for training and test data, as well as for CV in the small dataset
(Fig. 3A). Evaluation of the models was based on their overall
accuracy in predicting the outcome (Fig. 3B).

Overtting is a common issue in ML, especially when the
number of predictors greatly exceeds the number of samples.
This is particularly true in data generated in MS.35,36 In such
cases, a model may perform well on training data but fail to
Anal. Methods, 2025, 17, 9909–9914 | 9911
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Fig. 3 Outputs from ML models: classification performance metrics
(A). Comparative accuracy of ML prediction models (B). Accuracy and
AUC for randomized class labels (C). Box plots showing the relative
intensity of 3 selected signals with the highest discriminatory power
between patients with HD and MM. Peaks are labelled according to
their m/z and ordered according to their importance in the ANN
model. Outliers are visualized as red dots (D).
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generalize to new, external data, as it learns noise instead of
true patterns.36,37 To detect overtting and assess model
generalization, techniques such as feature reduction, hyper-
parameter optimization, and permutation testing are oen
used. To test for overtting of the ML predictionmodel, variable
reduction was applied using the non-parametric Wilcoxon rank-
sum test. Test was applied separately to each m/z variable, and
a ranking score was assigned to quantify the extent of intensity
differences between the two groups. Variables were then
ordered according to their ranking scores and selected for
model retraining. In this case, models retrained with the top 5
and 10 features achieved 94.7% and 98.1% accuracy, respec-
tively, indicating that the original model was not over-tted.
Additionally, permutation testing (100 iterations with random-
ized class labels) conrmed this, as classication accuracy and
AUC values dropped to chance levels (50% and 0.5), supporting
the conclusion that the model captured real differences
between groups (Fig. 3C). Therefore, eliminating the inuence
of noise on the predictive power of the model. The number of
iterations can be easily modied as the more complex dataset is
examined. The variable importance for the ANN model was
calculated using the absolute connection weights between the
input and hidden layers, reecting the relative contribution of
each predictor to the network's output. Box plot for the most
discriminative variables and the p-value calculated using Wilc-
oxon test was presented in Fig. 3D. The presented workow
herein can be easily modied and applied for the analysis of
various data generated from MALDI MS analysis. In a recent
study published by our research group, we applied a modied
workow for MALDI MS analysis of peripheral blood plasma
samples of hemato-oncological diseases. The combination of
PLS-DA ML predictive model and MALDI MS proling enabled
discrimination between MM and plasma cell leukaemia, two
closely related monoclonal gammopathies, achieving an accu-
racy of 71.5% under 10× repeated 5-fold CV.4 A subsequent
study comprising 172 patient samples (peripheral blood
9912 | Anal. Methods, 2025, 17, 9909–9914
plasma) successfully differentiated between patients with
primary extramedullary disease (EMD) and MM patients. The
PLS-DA model demonstrated high sensitivity (86.4%), accuracy
(78.4%), and specicity (72.4%) in predicting primary EMD.16

We also collected a multidimensional dataset combining
MALDI MS and clinical data to distinguish between early
relapse MM patients (within 6 months) and patients who
relapse aer 6 months (accuracy for PLS-DA: 74.1%).32 The
transfer of this type of analysis to clinical practice was intro-
duced. Wolrab et al. developed a reproducible, robust, and high
throughput lipidomic proling approach combining MS and
ML for the detection of pancreatic ductal adenocarcinoma in
human serum.38 It allows screening of at least 2000 samples per
month on one MS system. Nowadays, this method has a USA
patent, and it is under clinical trials.
Conclusions

The development and implementation of programming tools
have signicantly facilitated the handling and interpretation of
MALDI MS data. We present an R-based, fully scriptable work-
ow for MALDI MS data processing and ML analysis tailored to
liquid biopsy proling. The pipeline enables robust spectral
preprocessing, feature selection, and classication modelling
with demonstrated applicability to haematological diseases. Its
open-source nature ensures transparency, adaptability, and
reproducibility, supporting broader use in translational
research. This tool represents a step toward standardizing
MALDI MS proling for potential clinical integration.
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