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Infrared molecular fingerprinting of human blood samples provides a powerful, minimally invasive approach
for disease detection and health monitoring. However, ethical and legal constraints often limit the sharing of
real patient data collected from clinical studies. In this work, we present a synthetic dataset of blood-based
infrared molecular fingerprints, generated using multivariate Gaussian models fitted on real measurements
from a large case-control study targeting various cancer types. The synthetic dataset retains the statistical
and physical properties of real molecular fingerprints, enabling the development and validation of analytical
methodologies without compromising patient privacy. We demonstrate that the provided artificial dataset
can serve as a proxy for real data in methodological research, facilitating reproducibility and collaboration in
biomedical spectroscopy. This approach offers a practical solution for overcoming ethical barriers in clinical

rsc.li/methods

Background & summary

Advancements in spectroscopic techniques have opened new
frontiers in minimally-invasive disease diagnostics and
personalized health monitoring."™ Among these, infrared
molecular fingerprinting of blood-based samples has demon-
strated significant potential for detecting and characterizing
various pathological conditions, including cancer and meta-
bolic disorders.>’” However, the full utility of such datasets is
often hindered by strict ethical and legal restrictions that
prevent their open sharing, thereby limiting collaborative
research and methodological development.

To address this challenge, we generate synthetic blood-based
infrared molecular fingerprints that retain the essential statis-
tical and physical properties of real patient data. Synthetic
datasets are constructed using multivariate Gaussian (MVG)
models fit on real-world measurements from a cross-sectional
study investigating various cancer types. By capturing and
reproducing key spectral patterns in an artificial yet statistically
valid manner, the synthetic cohorts provide a valuable resource
for researchers aiming to develop and refine analytical tech-
niques without direct access to sensitive patient data.

This paper presents the methodology used to generate the
synthetic dataset, evaluates its fidelity to real-world spectral
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data sharing in spectroscopic biomarker research.

fingerprints, and discusses its potential applications in
biomedical research. Importantly, the resulting synthetic
cohorts are made publicly available through a dedicated open-
access repository, enabling immediate and unrestricted use by
the research community."® This approach facilitates ethical data
sharing, reproducibility, and innovation in the field of
biomedical spectroscopy. Our findings support the broader
adoption of synthetic datasets as a viable solution for over-
coming ethical barriers while advancing the study of blood-
based molecular diagnostics.

Methods

Infrared fingerprinting of human blood plasma

Blood samples utilized in this work were collected in the
framework of the multi-center Lasers4Life clinical study. This
study was conducted in the Munich area and is registered (ID
DRKS00013217) at the German Clinical Trials Register (DRKS).
The study was reviewed and approved by “Ethikkommission bei
der LMU Miinchen” (EK 20170820—Nr.: 17-532), and was con-
ducted according to Good Clinical Practice (ICH-GCP), the
principles of the Declaration of Helsinki, and all applicable
legislations and regulations. Informed consent was obtained
from all participants before blood collection. Blood plasma
samples of study participants were obtained following previ-
ously established sample handling procedures.” Before
measuring the samples using a commercially available FTIR
device (MIRA-Analyzer, CLADE GmbH), the obtained blood
samples were split into a training set and a test set. The
measurements were carried out in a fully randomized manner
over 19 weeks. After a 10-week gap, introduced to account for
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potential drifts in spectrometer performance and ensure robust
testing, the test set was measured in randomized order over 2
weeks. The infrared molecular fingerprints collected span the
spectral range of 930-3051 cm ', capturing characteristic
absorption bands for proteins, carbohydrates, and lipids. Once
all measurements were obtained, outliers were detected using
the Local Outlier Factor method from the scikit-learn library in
Python 1.6.1, separately for the training and the test set. This
ensured that erroneous or incomplete measurements were
removed before analysis.

Case-control designs

The health status of individuals in the study is categorized into
either therapy-naive patients with lung, prostate, bladder, or
breast cancer or non-symptomatic reference individuals. Based
on these classifications and available demographic informa-
tion, case-control designs were constructed to ensure mean-
ingful comparisons. To reduce potential confounding effects,
statistical matching was performed using propensity scores,
aligning cases with their closest control counterparts based on
age and sex. Specifically, we performed optimal pair matching
using the Mahalanobis distance within propensity score cali-
pers,” implemented in R version 4.4.1. Following this proce-
dure, the resulting matched cohorts comprise a total of 2079
individuals, with 1650 assigned to training sets and 429 to test
sets. Detailed information on cohort demographics and sample
sizes is provided in Table S1 in SI A. Using these well-balanced
cohorts, we fitted statistical models capable of generating new
synthetic infrared spectra that capture the key statistical and
spectral properties of the original datasets.

Multivariate Gaussian modeling

Assuming that absorbance values at each wavenumber are
approximately Gaussian distributed, synthetic infrared spectra
can be generated by sampling from an MVG fitted to measured
spectra. The MVG defines the probability density function

Glxlu, ) = Wep( -y ). @

(2m)

where ueRY represents the mean spectrum, and Ze RV*¥ is the
covariance matrix capturing spectral correlations. Both the
mean vectors and covariance matrices are provided for each
dataset split described in the next section. This modeling
approach builds on prior work that applied MVG distributions
to generate synthetic FTIR spectroscopy datasets for purposes
such as sample size planning and method development.”*** In
addition to blood plasma spectra, we fitted MVG models to
spectra from quality-control serum samples consisting of
pooled human serum.® The dataset included 1048 quality-
control samples in the training set and 131 in the test set.

Synthetic data records

Using our approach, we generated synthetic spectra for
matched cohorts of healthy and diseased individuals across
four cancer types: lung cancer (luca), breast cancer (brca),
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bladder cancer (blca), and prostate cancer (prca). For lung
cancer, additional stratification was performed by disease stage,
resulting in subcohorts for stages I through IV. Due to limited
data for early-stage lung cancer, we also include an MVG fit for
a combined cohort representing stages I and II.

As previously described, each (sub-)cohort was divided into
training and test sets before sample measurement. Within each
set, samples were further grouped by disease status (healthy or
diseased) and sex (male or female). A schematic overview of the
full data simulation pipeline is shown in Fig. 1A, while detailed
data splits for each (sub-)cohort are presented in Fig. 1B. Every
data split highlighted in orange in Fig. 1B corresponds to
a fitted MVG model—characterized by a mean spectrum and
covariance matrix—available in our GitHub repository.*®

These MVG models, defined by eqn (1), enable users to
sample synthetic spectra conditioned on sex (male or female),
disease status (healthy or diseased), and, for lung cancer,
disease stage (I-IV). Additionally, we provide a reference cohort
composed solely of healthy individuals, stratified by sex, from
which MVG models for healthy male and female spectra were
derived.

In the following section, we validate this simulation
approach with use cases motivated by real-world applications
such as disease diagnostics.

Technical validation

To validate our simulation approach, we simulated cohorts of
equal size to the real data. We compared effect sizes (Cohen's d)
by analyzing both the full spectra and selected peak ratios, in
line with prior work.> We also evaluated the performance of
a logistic regression classifier with L2 regularization (C = 10) on
both datasets, using ROC curves for comparison. Results for the
lung cancer cohort, stratified by disease status and sex (fourth
row in Fig. 1), are summarized in Fig. 2.

Fig. 2a1 shows 10 representative spectra alongside a PCA
scatter plot, illustrating the visual similarity between real and
simulated data. As seen in Fig. 2a2, the effect size between real
and simulated datasets is close to zero across all wavenumbers.
Similarly, Fig. 2a3 compares the means per wavenumber, which
shows that there is no significant difference between real and
simulated data. Fig. 2a4 and a5 demonstrate that effect sizes
with respect to disease label and sex in the simulated data
closely mirror those in the real data.

Similarly, Fig. 2b1 shows that the distribution of peak ratios
in the simulated data closely matches that of the real data.
Fig. 2b2-b5 provide a corresponding effect size and ttest
analysis on these peak ratios, analogous to panel A. Which peak
ratios were assigned to which index is shown in Table S2 in SI B.
Effect sizes for all MVG cohorts are provided in Fig. S1,S2 in SIC
and D.

In terms of classification performance, the ROC curves in
Fig. 2C and D show comparable results for sex prediction on all
healthy individuals and disease prediction on the lung cancer
cohort across real and simulated data, as well as between the
training and independent test sets. The results also reveal
a lower AUC for classification in the test set compared to the
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Fig. 1

(A) Diagram illustrating how the simulated datasets are obtained. (I) Blood plasma samples of study participants are measured via FTIR, and

measurements are stored in a database. (Il) The real dataset is split into subsets based on disease status and/or sex according to figure. (lll) The
mean and covariance matrix are calculated for each subset. (IV) Simulated spectra are sampled according to egn (1). (V) The quality of simulated
datasets is verified by comparing the ROC curves, differential fingerprints, and effect sizes to real data. (B) Dataset splits visualized. Orange
colored boxes indicate that the mean and covariance matrix are available for sampling new spectra using an MVG.

training set, indicating a domain shift. A complete summary of
AUC scores across all dataset splits using logistic regression is
provided in Table S3 in SI E.

All data underwent the following preprocessing steps,
consistent with established methods:***

(1) Truncation I: spectra were truncated to the range of 1000-
3000 cm ! to standardize measurements, excluding regions
without peaks.

(2) L2 normalization: each spectrum was normalized by its
L2 norm:

norm

b .
= — with

]

Il =

(3) Truncation II: absorbance values and wavenumbers
between 1800-2800 cm ™~ were removed. This “silent region” is

This journal is © The Royal Society of Chemistry 2026

dominated by water absorbance and contains no molecular
information.

For training logistic regression models, we applied standard
scaling to the preprocessed data. The ROC curves on the
training set were calculated using repeated cross-validation
with 10 splits and 5 repetitions, while for evaluating the test
set, the entire training set was used. This setup, along with the
preprocessing pipeline and classification model, follows
established practices in blood-based FTIR spectroscopy tasks.®

All technical validation experiments were conducted using
Python 3.10.16 with NumPy 2.2.4 and scikit-learn 1.6.1.

Usage notes
Applications

The synthetic dataset introduced here is designed to support
methodological research in blood-based infrared molecular
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Fig. 2 Comparison between real data and simulated data. (A) Basic analysis on the spectra, including (1) 10 spectra of real data and 10 spectra of
simulated data with the outlier removed, PCA scatter plot of all spectra, (2) effect size between real and simulated data, (3) t-test p-values between real
and simulated data, (4) effect size between the lung cancer label for real and simulated data, (5) effect size between the sexes for real and simulated data.
(B) Basic analysis on the peak ratios, including (1) Boxplot for each peak ratio for real and simulated data, (2) effect size between real and simulated data, t-
test p-values between real and simulated data, (4) effect size between the lung cancer label for real and simulated data, (5) effect size between the sexes
for real and simulated data. (C) ROC curve for predicting sex with the logistic regression classifier described above on all healthy individuals on the test
set, as well as within the training set for both real and simulated data. (D) ROC curves for predicting the disease with the logistic regression classifier
described above on the lung cancer cohort on the test set, as well as within the training set, for both real and simulated data.
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fingerprinting under controlled and reproducible conditions. In
particular, it enables the development, benchmarking, and
validation of statistical, machine-learning, and signal-
processing methods for FTIR spectra, without requiring
access to sensitive clinical data.

One class of applications is the evaluation of new inference
and measurement methodologies. For example, Schroder
et al.”* used an early version of the dataset to develop and vali-
date Bayesian autocorrelation spectroscopy, with the MVG
models serving as priors for reconstructing infrared spectra
from noisy measurements. This controlled setting enabled
systematic assessment of reconstruction accuracy, uncertainty
quantification, and sampling efficiency. More broadly, statisti-
cally well-characterized synthetic spectra provide a reproducible
basis for benchmarking analytical pipelines, particularly when
real-world datasets are inaccessible, restricted, or limited in
size.

Another class of applications is enabled by the explicit
availability of the underlying MVG parameters. Because both
the mean vectors and covariance matrices are provided, users
are not limited to sampling fixed synthetic cohorts; rather, they
can directly manipulate the statistical structure of the data. This
enables systematic analyses of how changes in variability affect
downstream results. For example, increased or reduced vari-
ability may reflect higher or lower measurement noise, respec-
tively, with reduced noise potentially arising from improved
instrumentation and a higher signal-to-noise ratio. More
generally, tuning variability provides a way to probe different
medical settings, including precision diagnostics. In such
settings, one could assess how disease-classification perfor-
mance benefits from the reduced biological variability expected
in more precisely defined patient populations. In addition,
informed manipulation of the covariance matrix has been
shown to support domain adaptation approaches.*

Limitations

While simulations based on MVG fits provide highly interpret-
able approximations of data distributions, they come with
important limitations. Most notably, MVG-based sampling does
not support accurate modeling of individual-level variability. As
a result, the generated spectra do not account for personal
covariates such as age or BMI. Additionally, because the
underlying dataset originates from a case-control study, it does
not support longitudinal simulations or temporal analyses.
Finally, MVG models assume linear relationships among
features; any non-linear dependencies across wavenumbers
present in real measurements may be lost in the fitted
distributions.

Prospects

Although the synthetic datasets presented in this work are
derived from cancer-specific cohorts, the underlying method-
ology is not inherently limited to oncological applications. In
principle, the MVG modeling framework can be applied to any
condition for which appropriately designed and statistically
matched cohorts of infrared molecular fingerprints are
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available, including metabolic and cardiovascular diseases. The
key requirement is that the measured spectra exhibit suffi-
ciently stable statistical structure for their distributions to be
reasonably approximated by an MVG model. This assumption
should be empirically validated for each new application, for
example, by assessing distributional properties, covariance
structure, and downstream task performance, such as effect
sizes or classification metrics, in comparison with real data.
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