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Abstract

Human blood plasma is a rich molecular reservoir, containing diverse proteins, lipids,
nucleic acids, and metabolites that reflect the body’s health state. This biochemical
complexity makes plasma an ideal target for molecular profiling, offering the possi-
bility to develop minimally invasive diagnostics tools targeting a variety of systemic
physiological conditions. Fourier transform infrared (FTIR) absorption spectroscopy
is a particularly promising analytical tool due to its capacity to capture molecularly
diverse information in a fast, cost-effective, and label-free measurement. By analyzing
the vibrational signatures across different chemical bonds within a complex sample
when interacting with infrared (IR) light, FTIR spectroscopy reveals a so-called ‘IR
molecular fingerprint’ – a single snapshot measurement that characterizes the sample’s
overall biochemical makeup in its native liquid state. When combined with machine
learning (ML), IR fingerprinting holds excellent promise as a high-throughput blood-
based in vitro diagnostic tool. Although successful results have been reported for
various health-related applications, the approach has yet to be adopted in clinical di-
agnostic practice. This publication-based thesis comprises four complementary studies
that collectively address key challenges and opportunities for establishing blood-based
IR fingerprinting as a robust platform for clinical diagnostics.

A critical barrier to adoption has been the lack of large-scale studies validating the
approach in clinically relevant contexts. The first article in this thesis addresses this
gap by evaluating the feasibility of IR fingerprinting within a diverse, population-based
cohort, involving the analysis of 5184 plasma samples from 3169 individuals. Develop-
ing a multi-task classification framework, we demonstrate that a single IR fingerprint
can reliably identify multiple co-occurring physiological states. Moreover, we show
that IR fingerprinting has the capacity to predict the onset of metabolic disorders
years before their clinical manifestation, providing actionable medical insights and
facilitating timely pharmacological/lifestyle interventions. This article underscores
the potential of IR fingerprinting as a single-measurement, multi-phenotype screening
platform, marking a significant advancement in the field.

Another challenge facing the IR fingerprinting domain is the widespread misinter-
pretation of spectral data when analyzing complex samples like blood plasma, where
each spectral feature stems from the superposition of signals from diverse organic
molecules. The second article in this thesis addresses the complexities of analyzing
IR spectral data. Supported by new and available experimental evidence, we pro-
vide methodological and best-practice guidelines to improve data analysis practices.
Rather than overemphasizing the interpretation of single spectral peaks and features,
we highlight the value of ML and multivariate analysis to decode the complex molec-
ular information in IR fingerprints. Overall, this perspective article aims to improve
the broader understanding of the limitations and the feasible, fruitful applications of
IR fingerprinting.
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Abstract

In the third article, we develop and employ an in silico model to systematically
explore the factors affecting the performance of IR molecular fingerprinting in clinical
applications. These factors include the technical measurement noise, biological vari-
ability, chemical complexity of the studied sample, and cohort sizes used for model
training – all of which critically impact the predictive accuracy in clinical settings.
Our developed model enables the simulation of realistic IR spectra that model diverse
experimental conditions, offering a tool to investigate the potential and limitations
of IR fingerprinting under controlled conditions. This tool can guide experimental
efforts and resource allocation, ultimately aiming to improve the diagnostic precision
and clinical utility of IR fingerprinting.

The final article in this thesis tackles a key challenge in combining molecular pro-
filing technologies with ML: out-of-distribution (OOD) measurements. Traditional
supervised ML algorithms assume that the train and test data follow similar distribu-
tions. In practice, it is unlikely that any given training set is fully representative of the
true data domain, and OOD data are inevitable. OOD data can arise from biological
factors (e.g., varying age or ethnic groups) or (pre)analytical factors (e.g., changes
in sample handling procedures or measurement devices). Such distributional shifts
compromise a model’s capacity to generalize to measurement events encountered in
practical applications. To address this, we develop a new method: Contextual Out-of-
Distribution Integration (CODI). CODI is an approach that generates synthetic data
which integrate unrepresented sources of variation into a given molecular fingerprint
dataset. By augmenting a dataset with OOD variance, CODI enables an ML model
to better generalize to samples beyond the original training data. We evaluate CODI
across multiple IR fingerprinting applications, involving three longitudinal clinical
studies and a case-control study for detecting four common cancers (lung, prostate,
bladder, and breast). We practically demonstrate CODI as a tool to improve model
generalization and predictive accuracy, marking a significant step toward reliable ML
diagnostics in practical real-world conditions.

This thesis presents a roadmap – from practical demonstrations of IR-based multi-
phenotyping to algorithmic developments – that advances the basic research founda-
tion for using IR fingerprinting across diverse clinical diagnostic settings.
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Zusammenfassung

Das menschliche Blutplasma ist ein reichhaltiges molekulares Reservoir, das ver-
schiedene Proteine, Lipide, Nukleinsäuren und Metaboliten enthält, welche den
Gesundheitszustand des Körpers widerspiegeln. Diese biochemische Komplexität
macht das Plasma zu einem idealen Ziel zur Erstellung von Molekülprofilen. Zu-
dem bietet es die Möglichkeit, minimal-invasive Diagnostikverfahren zu entwickeln,
die auf eine Vielzahl verschiedener physiologischer Zustände abzielen. Die Fourier-
Transformations-Infrarot-Absorptionsspektroskopie (FTIR) ist ein besonders vielver-
sprechendes Analysewerkzeug, da sie in der Lage ist, vielfältige molekulare Informatio-
nen in einer schnellen, kostengünstigen und markierungsfreien Messung zu erfassen.
Durch die Analyse der Schwingungssignaturen verschiedener chemischer Bindungen
in einer komplexen Probe bei der Wechselwirkung mit einer Infrarot (IR)-Lichtquelle
zeigt die FTIR-Spektroskopie einen sogenannten „molekularen IR-Fingerprint“ –
eine einzelne Momentaufnahme, welche die gesamte biochemische Zusammensetzung
der Probe in ihrem nativen, flüssigen Zustand charakterisiert. In Verbindung mit
maschinellem Lernen (ML) ist das IR-Fingerprinting ein vielversprechendes Verfahren
für die blutbasierte In-vitro-Diagnostik im Hochdurchsatz. Obwohl erfolgreiche Ergeb-
nisse für verschiedene gesundheitsbezogene Anwendungen berichtet wurden, wird
dieser Ansatz noch nicht in der Diagnostik praktiziert. Diese publikationsbasierte
Dissertation umfasst vier komplementäre Studien, die sich gemeinsam mit den wichtig-
sten Herausforderungen und Möglichkeiten für die Etablierung des blutbasierten IR-
Fingerprintings als robuste Plattform für die klinische Diagnostik befassen.

Ein kritisches Hindernis für die Einführung war das Fehlen von groß angelegten
Studien, die den Ansatz in klinisch relevanten Kontexten validieren. Der er-
ste Artikel dieser Dissertation adressiert diese Lücke, indem die Machbarkeit des
IR-Fingerprintings innerhalb einer diversen, bevölkerungsbasierten Kohorte bew-
ertet wird, welche die Analyse von 5184 Plasma-Proben von 3169 Individuen um-
fasst. Durch die Entwicklung eines Multi-Task-Klassifikationssystems demonstrieren
wir, dass ein einzelner IR-Fingerprint mehrere gleichzeitig auftretende physiologis-
che Zustände zuverlässig identifizieren kann. Darüber hinaus zeigen wir, dass IR-
Fingerprinting die Fähigkeit besitzt, den Beginn von Stoffwechselstörungen Jahre
vor deren klinischer Manifestation vorherzusagen, was zu verwertbaren medizinische
Erkenntnisse führt und rechtzeitige pharmakologische sowie lebensstilbezogene Inter-
ventionen erleichtert. Dieser Artikel unterstreicht das Potenzial von IR-Fingerprinting
als Einzelmessungs-, Multi-Phänotyp-Screening-Plattform und stellt einen bedeuten-
den Fortschritt in diesem Bereich dar.

Eine weitere Herausforderung für den Bereich des IR-Fingerprintings ist die weit
verbreitete Fehlinterpretation von Spektraldaten bei der Analyse komplexer Proben
wie Blutplasma, bei denen jedes spektrale Merkmal aus der Überlagerung von Sig-
nalen verschiedener organischer Moleküle entsteht. Der zweite Artikel dieser Disser-
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Zusammenfassung

tation befasst sich mit der Komplexität der Analyse von IR-Spektraldaten. Gestützt
auf neue und verfügbare experimentelle Belege bieten wir methodologische und Best-
Practice-Richtlinien zur Verbesserung der Datenauswertung. Anstatt die Interpreta-
tion einzelner spektraler Peaks und Merkmale überzubetonen, heben wir den Wert
von maschinellem Lernen (ML) und multivariater Analyse hervor, um die komplexen
molekularen Informationen in IR-Fingerprints zu entschlüsseln. Insgesamt zielt dieser
Perspektivartikel darauf ab, das breitere Verständnis der Einschränkungen sowie der
machbaren und fruchtbaren Anwendungen von IR-Fingerprinting zu verbessern.

Im dritten Artikel entwickeln und nutzen wir ein in silico-Modell, um systematisch
die Faktoren zu untersuchen, welche die Leistungsfähigkeit des IR-Fingerprintings
in klinischen Anwendungen beeinflussen. Zu diesen Faktoren gehören das technis-
che Messrauschen, die biologische Variabilität, die chemische Komplexität der un-
tersuchten Probe sowie die für das Modelltraining verwendeten Kohortengrößen –
allesamt Faktoren, welche die prädiktive Genauigkeit in klinischen Kontext entschei-
dend beeinflussen. Unser entwickeltes Modell ermöglicht die Simulation realistis-
cher IR-Spektren, die unterschiedliche experimentelle Bedingungen abbilden, und bi-
etet ein Werkzeug zur Untersuchung des Potenzials und der Einschränkungen des
IR-Fingerprintings unter kontrollierten Bedingungen. Dieses Werkzeug kann experi-
mentelle Bemühungen und die Ressourcenallokation lenken, um letztendlich die diag-
nostische Präzision und den klinischen Nutzen des IR-Fingerprintings zu verbessern.

Der letzte Artikel dieser Dissertation behandelt eine zentrale Herausforderung bei
der Kombination von molekularen Profilierungstechnologien mit maschinellem Ler-
nen (ML): Out-of-Distribution (OOD) Messungen. Traditionelle überwachte ML-
Algorithmen setzen voraus, dass die Trainings- und Testdaten ähnlichen Verteilun-
gen folgen. In der Praxis ist es unwahrscheinlich, dass ein gegebenes Trainingsset
die wahre Daten-Domäne vollständig repräsentiert, und OOD-Daten sind unvermei-
dlich. OOD-Daten können durch biologische Faktoren (z.B. unterschiedliche Alters-
oder ethnische Gruppen) oder (prä)analytische Faktoren (z.B. Änderungen in der
Probenverarbeitung oder an Messgeräten) entstehen. Solche Verteilungsunterschiede
beeinträchtigen die Fähigkeit eines Modells, auf Messereignisse, die in praktischen
Anwendungen auftreten, zu generalisieren. Um dem entgegenzuwirken, entwickeln
wir eine neue Methode: Contextual Out-of-Distribution Integration (CODI). CODI
ist ein Ansatz, der synthetische Daten erzeugt, welche nicht repräsentierte Variation-
squellen in einen gegebenen molekularen Fingerprint-Datensatz integrieren. Durch die
Erweiterung eines Datensatzes mit OOD-Varianz ermöglicht CODI einem ML-Modell,
besser auf Proben zu generalisieren, die über die ursprünglichen Trainingsdaten
hinausgehen. Wir evaluieren CODI in mehreren IR-Fingerprinting-Anwendungen,
darunter drei longitudinale klinische Studien und eine Fall-Kontroll-Studie zur Erken-
nung von vier häufigen Krebsarten (Lunge, Prostata, Blase und Brust). In mehreren
Anwendungen zeigen wir, dass CODI die Modellgeneralisierung und die Vorhersage-
genauigkeit verbessert und somit einen bedeutenden Schritt hin zu einer zuverlässigen
ML-Diagnostiken unter realen Bedingungen darstellt.

Diese Dissertation stellt eine Roadmap vor – von praktischen Demonstrationen
der IR-basierten Multi-Phänotypisierung bis hin zu algorithmischen Entwicklungen –
welche die grundlegende Forschungsbasis für die Nutzung des IR-Fingerprintings in
vielfältigen klinischen diagnostischen Bereichen vorantreibt.
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1 Introduction

1.1 Cell-free blood as a diagnostic reservoir

Living organisms are composed of complex networks of interacting organic molecules [1,
2]. These molecules – including diverse proteins, lipids, nucleic acids, and metabolites
– provide a snapshot of an organism’s function at a point in time [3]. In the context
of human health, analyzing these biochemical constituents provides a powerful means
to quantitatively examine the molecular makeup of body compartments and identify
deviations linked to disease and dysfunction. Among the diverse tissues available,
blood is a particularly valuable analysis target. It serves as the primary medium for
transporting oxygen, nutrients, hormones, and metabolic byproducts, and as it circu-
lates throughout the body, its interactions with various organs and tissues allow it to
reflect the body’s functional state [4, 5]. Its accessibility through minimally invasive
sampling further makes it a strategic starting point for developing diagnostic tools to
investigate human physiology at the molecular level.

The presence of cells in whole blood can overshadow the detection of other molecu-
lar components (e.g., proteins, lipids, and metabolites), which are often indicators of
underlying physiological conditions [4]. Therefore, blood plasma, the cell- and platelet-
free fraction that constitutes ∼ 54% of blood volume, along with blood serum, pro-
duced by removing clotting factors from plasma, are the preferred mediums for clinical
analysis and biodiagnostic research [6, 7].

The value of cell-free blood stems from the diverse molecular landscape it contains,
which can reflect physiological changes and indicate various health disorders. For
instance, protein biomarkers such as C-reactive protein (CRP) and serum amyloid
A (SAA) are significantly elevated in lung cancer patients compared to healthy in-
dividuals, indicating an underlying inflammatory response [8]. Metabolites, such as
glucose and lactate, signal the onset of type-2 diabetes [9]. Lipid profiles serve as
early risk indicators for cardiovascular disease [10]. Shortly, the capacity to capture
multiple physiological conditions from a single analysis medium/sample underscores
the potential of blood-based molecular diagnostics [3, 11, 12].

In medical practice, the diagnostic potential of blood components has long been
utilized in clinical chemistry laboratories through targeted assays that quantify the
concentrations of select analytes [13, 14]. For example, a comprehensive metabolic
panel includes a set of fourteen blood tests measuring analytes such as albumin, crea-
tinine, potassium, and glucose [14]. Another commonly employed test is the lipidomic
panel, which includes high-density lipoprotein (HDL) cholesterol, low-density lipopro-
tein (LDL) cholesterol, very low-density lipoprotein (VLDL) cholesterol, and triglyc-
erides [14]. Clinical laboratory tests are employed in multiple medical contexts, in-
cluding in-patient diagnosis, predicting disease progression, and monitoring treatment
response [13, 15]. As a result, they are currently the most frequently performed medi-
cal activity that precedes more expensive downstream patient care [15, 16]. Neverthe-
less, these assays rely on several measurement instruments and require labor-intensive
procedures from trained specialists, leading to extended turnaround times and a sig-
nificant cost burden on healthcare [4, 13–15]. Furthermore, biomarkers were developed
in candidate approaches – requiring decades of research to link any given analyte to
a physiological state.
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1 Introduction

Shotgun approaches that probe the human phenotype by simultaneously analyzing
an ensemble of molecules, requiring no a priori information, thus carry the potential
to forge the future of blood-based clinical testing. Untargeted mass spectrometry
(MS) and nuclear magnetic resonance (NMR) spectroscopy are two highly promising
technologies on the forefront to fulfill this role [3, 9, 11, 12, 17]. The recent advances
in profiling the ‘proteome,’ ‘lipidome,’ and ‘metabolome’ through MS and NMR have
spawned a multi-omics revolution in biomedical research. Broadly, multi-omics have
demonstrated their potential in screening for multiple diseases, disease subtyping, risk
stratification, and biomarker discovery [3, 9, 17, 18]. Still, concerns relating to low
measurement throughput, run-to-run and between-lab variability, and involved exper-
imental handling have hindered their applications in the diagnostic clinical setting,
beyond niche applications [9, 19–21].

Taken together, there is an extensive unmet need to develop and validate new ap-
proaches for comprehensively profiling the molecular composition of cell-free blood in
a high-throughput, reproducible manner. Such approaches could enable more efficient
and cost-effective clinical diagnostics.

1.2 Infrared molecular fingerprinting

The interaction of light with matter has long been recognized as a powerful means of
probing the physical and chemical properties of diverse materials without necessarily
requiring direct contact. Whether analyzing gases, liquids, or solids, photons can pro-
vide information about the spatial structure, molecular concentrations, and dynamics
(e.g., motion) of the material under study. These characteristics make optical-based
techniques appealing in a broad range of domains – including biomedical applications,
where non- or minimally-invasive methods are highly desirable.

One of the main strengths of photon-based techniques stems from the broad range
of energies available across the electromagnetic spectrum (Figure 1.1). From high-
energy gamma rays and X-rays to lower-energy infrared (IR) and radio waves, each
spectral region interacts with matter in distinct ways. For example, X-ray radiation
can penetrate thick or dense materials, enabling imaging of internal structures – an
approach exploited in classical clinical X-ray imaging for bones and, more recently,
phase-contrast imaging for soft tissues [22]. Ultraviolet (UV) spectroscopy is fre-
quently used to quantify nucleic acid content and study protein folding [23, 24]. The
different energies of X-ray and UV photons give rise to different phenomena – X-rays
often ionize core electrons or induce scattering, whereas UV light typically excites
valence electrons to higher energy levels.

In contrast, IR light is lower in energy than X-ray or UV light and is therefore less
likely to induce chemical modifications in a sample. IR spectroscopy directly probes
molecular vibrational modes, which correspond to quantized oscillations of atoms
within a molecule around their equilibrium positions (Figure 1.1) [25, 26]. These
oscillations include non-destructive modes of bond deformations, such as stretching
(changes in bond length) and bending (changes in bond angle), that occur at char-
acteristic frequencies [25]. When broadband IR radiation interacts with a sample,
certain photons are absorbed, corresponding to the energy required to excite these vi-
brational modes and the presence of the bond in the sample. This excitation, known
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Figure 1.1: Overview of the electromagnetic spectrum focusing on the IR region. Molecules
can be modeled as atoms bonded by springs (e.g., a water molecule, as shown). When inter-
acting with an IR light source, these chemical bonds can undergo vibrational motions. Ab-
sorption occurs when the energy of an IR photon matches the transition between a molecule’s
ground and excited vibrational states. This absorption provides information about the chem-
ical structure of the molecule. In the mid-IR region (400-4000 cm−1), bending and stretching
vibrations are prominent. This region is particularly valuable for analyzing biological sam-
ples, as it can provide molecular ‘fingerprints’ of functional groups within proteins, lipids,
carbohydrates, and other organic molecules.

as a vibrational transition, requires a change in the molecular dipole moment. As
a result, bonds or functional groups with significant dipole variations exhibit strong,
characteristic absorption bands. For instance, complex molecules like proteins strongly
absorb in multiple regions of the mid-IR (Figure 1.2 A), while nonpolar molecules like
oxygen and nitrogen (lacking a dipole moment) are largely IR-inactive.

The mid-IR region (roughly 400-4000 cm−1, but more predominately between 950-
1800 cm−1 and 2800-3000 cm−1) is particularly valuable for analyzing biological matri-
ces, as it captures the vibrational modes of many covalent bonds in organic molecules
[25, 26]. Proteins, lipoproteins, nucleic acids, and diverse metabolites exhibit distinct
absorbance signatures within the mid-IR (Figure 1.2 A-C), enabling their identifica-
tion from the recorded spectrum, depending on the analysis context. The intensity of
absorbance at each wavenumber is proportional to the concentration of the functional
group within the sample [25, 26]. In the analysis of complex mixtures such as plasma,
the combined spectral response of all molecular constituents is recorded in the IR spec-
trum, providing a comprehensive molecular overview of the sample (Figure 1.2 D).
This enables the simultaneous quantitative assessment of various molecules in a single
measurement, capturing both the overall concentrations of functional groups and the
variability between a set of analyzed samples.
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Figure 1.2: IR spectra of plasma molecular components. (A-C) IR absorption spectra of
selected proteins, lipid particles, and metabolites, illustrating their characteristic peaks and
unique molecular structures. IR spectra of individual components were normalized to their
highest peak. (D) Composite nature of blood plasma IR spectra, representing the superpo-
sition of multiple molecular signatures within the plasma matrix. Plasma IR spectra were
measured from healthy individuals, and are depicted without normalization. Inset depicts
a close-up of the spectra in a selected region. Absorption peaks correspond to molecular
vibrational modes: ν – stretching; δ – bending; s – symmetric; as – asymmetric.
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Broadly speaking, IR spectroscopy refers to any technique in which IR light is used
to measure the absorption or emission properties of a sample. In a biologically focused
context, IR fingerprinting refers to a more application-focused approach, wherein the
IR spectrum of a biological specimen is recorded, and its overall unique absorption
pattern – the “fingerprint” – is analyzed in relation to phenotypes of interest (Fig-
ure 1.3) [27–29]. Thus, rather than studying the chemical structure of a given sample,
IR fingerprinting is applied to a collection of samples to identify patterns that differ-
entiate classes (e.g., healthy vs. diseased) or correlate with quantitative parameters
of interest (e.g., glucose content).

One of the most compelling advantages of IR fingerprinting is its minimal sam-
ple preparation requirements and label-free nature of measurement [26, 30]. Unlike
techniques that require fluorescent tagging [31], radioactive labeling [32], or sample
purification [33], IR spectra are recorded in a molecule-agnostic manner. Furthermore,
samples can be measured in their native state – e.g., no requirement of chemical mod-
ifications or drying of liquid samples. In blood plasma analysis, for instance, the
primary preparatory step involves isolating plasma from whole blood – a straight-
forward and widely established procedure. IR spectra can be recorded in relatively
short timeframes, with widely available spectrometers yielding measurements on the
scale of a few minutes, significantly reducing the risk of sample degradation over the
course of a measurement [25, 27]. Moreover, small amounts of sample are typically
needed to record a reliable IR spectrum (∼ 50 µl of plasma is sufficient [27]). These at-
tributes enable the acquisition of reproducible data while supporting high-throughput
workflows.

Fourier transform infrared (FTIR) spectrometers are widely regarded as the gold
standard for IR spectroscopy [29, 30, 34–37]. Based on decades of advancements and
refinements, modern commercial FTIR instruments can capture high-resolution broad-
band IR spectra, can be integrated with microfluidic systems for (semi-)automated
sample delivery, and are combined with software to process and easily extract mea-
surements (Materials and Methods). FTIR-based fingerprinting has been employed
in various proof-of-principle applications in medical contexts, including the detec-
tion of multiple cancer types from plasma and serum [38, 39], acute chest pain from
serum [40], metabolic conditions from plasma [27], glycosylation patterns in multi-
ple plasma proteins [41], viral infections from blood serum [42], and diabetes from
urine [43]. Beyond biofluid fingerprinting, FTIR has also been employed in spatially-
resolved tissue analysis in histopathologic examinations [44].

Despite its merits, IR fingerprinting is not without limitations. When analyzing
complex samples, such as plasma, one major challenge stems from the overlap of
absorption peaks arising from numerous molecular constituents [25, 28, 45, 46]. For
instance, the IR spectra of different proteins share many of their vibrational responses,
making it virtually impossible to reliably link an observed signal to a single protein
(Figure 1.2 A). This challenge is particularly pronounced in realistic medical screen-
ing applications, where the concentrations of several molecular species are changing
between different classes of samples, complicating the identification of the molecular
origins of observed spectral patterns. Furthermore, FTIR-based fingerprinting has a
relatively modest capacity to detect the signals of low-abundance molecules compared
to more targeted methods, or without additional sample preparation (e.g., enrichment
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techniques). When biomarkers of interest are present at very low concentrations (e.g.,
circulating plasma DNA, RNA, CRP, CA-125, mannose, or PSA), their vibrational
signatures are too weak to be detectable, being overshadowed by both the technical
noise of the measurement (with a detection limit ∼ 0.01 mg/ml [28, 34, 47]) and the
molecular variability of more abundant substances.

Despite the mentioned challenges, the merits of IR molecular fingerprinting remain
highly compelling. The approach offers an unparalleled capacity for providing high-
throughput, cost-effective, and label-free biochemical “snapshots” of patient samples.
With ongoing research advancements and efforts toward integration and acceptance,
IR fingerprinting has the potential to complement or even replace current diagnostic
practices in the near future.

1.3 The role of machine learning and data quality

The wealth of molecular information captured through IR fingerprinting offers tremen-
dous potential for a multitude of applications in medical diagnostics and beyond.
However, realizing this potential is inherently tied to the ability to collect high-quality
datasets and extract meaningful insights from them – i.e., correlating information from
a set of spectra to a physiological characteristic. In the context of blood-based in vitro
diagnostics, a challenge lies in analyzing spectra derived from samples that share a
broadly similar molecular composition. Unlike applications that analyze a set of dif-
ferent materials or identify clear contaminants in relatively homogeneous samples,
blood-based spectra exhibit largely similar shapes and characteristics (Figure 1.2 D).
Thus, the task is often not to identify visually-obvious differences, such as the emer-
gence of new peaks, but to detect more subtle changes superimposed on a largely
consistent baseline. These subtle changes are further masked by sources of data errors
– e.g., noise in data annotations – as well as variations that should not correlate with
the characteristic of interest – e.g., intrinsic biological variability and (pre-)analytical
inconsistencies. In other terms, we are often operating in a low signal-to-noise ratio
environment.

Practically, a broadband IR spectrum is a vector of continuous numbers (x ∈ Rm),
with each dimension representing the total IR absorbance at a particular wavenum-
ber. The number of dimensions in this vector can range from several hundred to few
thousand features, depending on the spectral resolution and the analyzed spectral
range. This translates to a matrix spanning a multidimensional space when multiple
samples (n) are analyzed (X ∈ Rn×m). Within this dataset, the signal of interest –
often a combination of several features linked to a specific outcome – constitutes only
a small fraction of the total variability.

Machine learning (ML), and more specifically multivariate analysis, plays a pivotal
role in this context. Given a spectral dataset, ML algorithms can learn feature weights,
accounting for all feature dependencies, to identify subtle signals linked to annotated
outcomes. These outcomes, derived from participant characteristics, can take various
forms, including:

• Binary: one of two exclusive classes (e.g., case or control group);
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Figure 1.3: Overview of blood-based IR fingerprinting workflow. (A) Clinical studies are
designed as case-control (comparing two groups), population-based (capturing heterogeneity
across a population), longitudinal (monitoring changes over time), or mixed designs (e.g.,
longitudinal population-based). (B) Whole blood is collected and participants are compre-
hensively characterized through questionnaires, clinical chemistry, and medical assessments.
(C) Blood is processed into serum or plasma, aliquoted into smaller volumes, and stored for
long-term use. (D) FTIR spectroscopy enables high-throughput molecular probing of serum
or plasma. (E) Predictive analytics correlate the IR spectral measurements with participant
characteristics, extracting meaningful patterns. (F) A snapshot of diagnostic insights is pro-
vided through this workflow, revealing the potential of IR fingerprinting to quantify biomarker
concentrations and detect phenotypic conditions from a single measurement.
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• Multi-class: one of three or more mutually exclusive classes (e.g., type-1 dia-
betes vs type-2 diabetes vs no diabetes);

• Multi-label: two or more non-exclusive classes (e.g., co-occurring conditions);

• Continuous: real-valued outcomes (e.g., molecular concentration); or

• Ordinal: ranked outcomes (e.g., disease stage).

As the target is often to map a given spectrum to one of the above label formats,
supervised classification or regression algorithms are of instrumental use. During the
training phase, the algorithm is exposed to a set of spectra together with the known
associated outcomes. The algorithm’s objective is to learn patterns within the given
training set that correlate to the outcome of interest. The success of this learning
is judged by the capacity of the trained model to make predictions on new, unseen
samples. This generalization capacity – which can be judged by several performance
metrics (Materials and methods) – is the vital aspect on which to assess the success
of the whole IR fingerprinting workflow and the diagnostic potential it possesses.

Past studies have shown that ML can effectively decode the informational content
of spectral data to predict a variety of phenotypic outcomes using different learn-
ing algorithms (e.g., support vector machines, ridge regression, logistic regression,
random forest, discriminant analysis, and neural networks) [27, 38, 42, 48–51]. The
process of selecting and tuning the learning algorithms is an important aspect that
should be done with care. However, established methodologies offer clear guidance in
this area [52, 53]. Other critical and more time-consuming considerations lie in the
broader aspects of the IR fingerprinting workflow (Figure 1.3), such as the technicali-
ties of study design, data collection, and validation strategies. Ensuring robust model
performance requires careful attention to potential biases, sources of variability in the
data, and rigorous validation to avoid overly optimistic assessments of performance.
In this context, adopting a data-centric approach to ML, which prioritizes the qual-
ity, representativeness, and integrity of the dataset, can be the decisive factor in the
success or failure of the whole workflow.

For one, supervised learning relies on high-quality annotations (i.e., labels) that
accurately represent the phenomena of interest, serving as the ground truth essential
for model training and validation. However, label noise – manifesting as misclassi-
fied samples (e.g., diseased individuals labeled as healthy) or unreliable quantitative
measurements (e.g., assays with high error margins) – can undermine this process.
The reliability of these labels varies depending on the measured outcome and the
assessment method employed. For instance, study participants often complete ques-
tionnaires at the time of blood donation, providing self-reported health information.
However, self-reported health data are notoriously prone to inaccuracies. Consider
the diagnosis of diabetes: in the Southern German adult population (aged 55 and
above), approximately 40% are in a (pre)diabetic state [54]. Yet, half of these cases
remain undiagnosed when relying solely on self-reported data [54]. This discrepancy
results in a significant source of label noise, where a large portion of individuals self-
reporting as healthy may in fact be in a (pre)diabetic state. Even clinically established
diagnostic assays, such as an oral glucose tolerance test (OGTT), are not immune to
discrepancies. OGTT results are influenced by physiological variances, sometimes
leading to inconsistent diagnoses depending on the timing and conditions of adminis-
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tration [55, 56]. Consequently, the diagnostic accuracy of any newly developed model
is inherently constrained by the reliability of the ground truth on which it is assessed.
Ensuring that annotations are as accurate and reliable as possible is therefore a critical
step prior to model training.

Another challenge stems from the presence of potential confounding factors that
bias the training data. Confounders are variables that correlate with the outcome of
interest but are not causally related [57]. Consider a case-control study designed to
distinguish a specific cancer from healthy controls. If the cancer patients are system-
atically older than the healthy control individuals, the model may inadvertently learn
to associate molecular signals related to age rather than those specific to cancer. Such
confounding effects are not confined to biological variables but also extend to analyti-
cal aspects of data collection. For example, suppose the measurements of case samples
are conducted sequentially, followed by those of control samples. In this instance, the
predictive algorithm may learn to distinguish samples based on their time of mea-
surement, or measurement batch. Similarly, site-specific confounders can occur when
samples are collected from different locations and operators, leading ML algorithms
to detect variations associated with the collection site instead of the disease-induced
variations [58]. These confounders can significantly undermine the model’s capac-
ity to accurately identify the true relationship between the spectral input and the
physiological condition being studied. It is therefore essential to implement practical
measures that ensure comparability between the studied groups, such as matching
cases to controls based on relevant characteristics (e.g., age, gender, body mass in-
dex, and comorbidities). Furthermore, randomizing the order of measurements and
ensuring that samples are collected under standardized procedures are necessary to
mitigate the impact of confounding factors.

The representativeness of the collected training dataset is another critical consid-
eration. Supervised ML models operate under the assumption that the training and
test data are independent and identically distributed (i.i.d.) [59]. To ensure adequate
model generalization, the training dataset must therefore adequately reflect the statis-
tical distribution of data encountered in real-world applications. This requirement is
particularly challenging in the domain of multi-molecular fingerprinting, where numer-
ous factors can influence the measurements obtained. These factors can be linked to
biochemical changes in the sample or technical variations in data acquisition, among
them:

• Biological variability: variances observed at a within-person level (e.g., re-
cycling, turnover, rhythmic diurnal/annual oscillations), between-person level
(e.g., genetics, lifestyle factors, environmental exposures), or population-level
variances (e.g., ethnicity, genetic background) [1, 49, 60–62];

• Pathophysiological variability: variances arising from the stages or severity
of health conditions, the presence of comorbidities, or subclinical states that
may alter the biochemical profile [60, 62];

• Preanalytical variability: variances introduced during sample handling, such
as differences in the site of needle puncture for blood collection, variations in
the tube filling volumes, delays in sample processing (e.g., time at room tem-
perature), or inconsistencies in centrifugation protocols or tube types used to
prepare plasma or serum [60, 63, 64]; and
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• Analytical variability: technical variances related to data acquisition, includ-
ing wear and tear of spectrometer components, component replacements, inter-
spectrometer differences, or external operating conditions (e.g., temperature or
humidity during analysis) [65, 66].

Each of these factors can impact the data, introducing systematic drifts, or variations
of a more random nature. For accurate assessments of diagnostic capacity and to
achieve robust generalization, it is essential that the collected training dataset captures
a wide range of potential data variances and measurement conditions that may be
encountered in practice.

Finally, a critical perspective is needed when devising the approach of testing mod-
els on unseen data – to estimate their predictive performance under model deployment
settings. In biodiagnostic applications, where collecting large amounts of biological
specimens and data points is difficult, a cross-validation (CV) procedure is commonly
applied to estimate true (external) predictive performance. Briefly, in CV, the avail-
able dataset is typically shuffled and split into a training set (e.g., ∼ 90% of the data)
and a test set (the remaining portion). This procedure is then repeated, holding-out
a different portion of the data for testing in each iteration. Compared to performing
a single random train-test split of a limited dataset, CV offers a more robust perfor-
mance estimate as it allows the model to be both trained and tested on a larger sample
pool and provides a level of confidence in the measured predictive efficacy. However, if
confounding factors are present in the data, e.g., caused by measurement batch effects,
a CV with a random shuffle may produce overly optimistic performance estimates that
fail to translate to true external test settings [67]. Similarly, if the dataset used for CV
does not adequately capture the range of real-world variability, the developed model
may struggle with out-of-distribution (OOD) data when deployed in practice [68].

A more rigorous approach to evaluating diagnostic capacity requires testing pro-
cedures that explicitly address realistic sources of data variability. For example, to
evaluate the model’s robustness to measurement instrument drift, test samples should
be collected and measured at a later time point than the training set, ensuring that any
temporal or operational changes are reflected. If the trained model generalizes well to
these temporally shifted measurements, it indicates resilience to (pre)analytical drift
on the time scale that was examined. Even more ideally, these temporally shifted test
samples should be collected from independent clinical studies. This offers a more strin-
gent setting to assess the model’s capacity to also generalize across diverse populations
and data collection environments [69, 70]. However, obtaining external, independent
validation samples is often impractical as it is resource-intensive and requires access to
multiple clinical studies targeting the same phenotypic outcomes. Nevertheless, care-
fully designed validation strategies – tailored to mimic realistic application settings
– offer a more robust assessment of generalization capacity than traditional random
train-test splits, which may not capture the potential decline in predictive capacity in
actual clinical deployment.

Ultimately, predictive ML and multivariate analysis play an important role in the
domain of IR fingerprinting. They provide a means to transform a difficult-to-interpret
spectral measurement into an actionable health outcome. However, their effective
application requires careful attention to study design, data collection, and model
validation strategies.
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1.4 Challenges of clinical translation

As societies face aging populations and a rising prevalence of chronic conditions, the
demand for high-throughput screening tools is increasing. Newly developed tools
should prioritize simplicity, automation, and affordability to increase their likelihood
of widespread adoption in clinical practice. While IR spectroscopy is not a new
technology – FTIR spectrometers have been commercially available since the late
1960s [26] and the potential for biomedical applications was recognized early on [71]
– recent years have seen advancements in its methodologies and applications. Innova-
tions such as tunable quantum cascade lasers (QCLs) [72], field-resolved spectroscopy
(FRS) [34, 73], improved FTIR spectral resolution and measurement reproducibil-
ity [26, 30], and the integration of ML for data analysis have expanded the scope of
potential applications [26, 74]. These developments have contributed to a growing
interest in employing IR fingerprinting for biomedical research, producing a wealth of
evidence supporting its utility in health diagnostics [27, 38, 41, 44, 49, 75–83]. De-
spite this progress, the transition from research to practice still faces barriers, and IR
spectroscopy has yet to be translated to the clinical setting [74, 84–86].

In 2004, Jackson offered a critique on the slow adoption of optical fingerprinting in
clinical settings [87]. In one part, he noted:

“. . . we must ask ourselves why we have failed to demonstrate clinical util-
ity. The answer may be simple but unpleasant: perhaps biological optical
spectroscopy is not advancing. . . . Much of the research being presented
orally and in the literature may best be summarised as ‘more of the same’
with little truly new information being presented. . . . [A]t times much cur-
rent work seems merely derivative. . . . In short, at this point a lack of
imagination would seem to be a major problem.”

While his words are over two decades old, as I reflect on them, the sentiment still
resonates with the current state of the IR fingerprinting research domain.

Byrne et al. [84] and Cameron et al. [74] have addressed similar themes in their
perspectives. Both emphasize the value of screening body fluids as they represent
an achievable target. Both cite technical challenges associated with pre-analytical
standardization and its implications for clinical adoption. Indeed, the quality of an
IR spectrum from a blood-derived sample can be significantly affected by sample
collection methods (e.g., tube types, filling volumes, mixing procedures), subsequent
sample handling (e.g., deep-frozen storage temperatures and durations, number of
freeze-thaw cycles, aliquoting procedures, time at room temperature), and even intra-
and inter-operator differences. While pre-analytical standardization is an essential
prerequisite for clinical adoption, these challenges are not unique to IR fingerprinting.
They are inherent to biofluid analytics already established in clinical settings and affect
other molecular profiling technologies, including nuclear magnetic resonance (NMR),
mass spectrometry (MS), and genetic sequencing methods [88–90]. As such, standard
operating procedures (SOPs) for IR fingerprinting can and have been developed [49,
91], analogous to those used in other technologies, to yield reproducible data.

Another recurrent reason often cited as a barrier to clinical adoption is the need
for large-scale clinical studies [74, 84, 85, 87]. Most previous proof-of-concept studies
relied on relatively small patient cohorts (often below 100 individuals) to demonstrate
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clinical utility. The use of small cohorts brings into question the reliability of the
results and their capacity to generalize to larger populations in practical implementa-
tion [74, 84, 85]. Especially with the growing use of ML in the domain, the statistical
power of such studies becomes even more uncertain, as ML algorithms often require
large sample sets to train the model and validate its diagnostic capacity on unseen,
held-out data with high confidence [92, 93]. Beyond pure sample size counts, the
adequate representativeness of training data is essential to avoid biases that can com-
promise diagnostic performance. Limited heterogeneity in training datasets – whether
due to unrepresentative demographics, phenotypic stages, dynamic human physiolo-
gies (e.g., rhythmic oscillations, aging), sample collection technicalities (e.g., inevitable
SOP deviations), or technical measurement drifts (e.g., different spectrometers) – can
lead to overestimation of diagnostic efficacy and reduced generalizability to real-world
settings when more heterogeneous data is encountered [50, 59, 94–96]. Addressing
these challenges will require considerable resource and time investments to enroll sub-
jects representative of a potential patient population, perform multi-centric sample
collections, and account for inter-laboratory and inter-spectrometer variations.

Overall, the clinical translation of IR fingerprinting requires advancement on mul-
tiple fronts. Beyond the need for standardization and large-scale studies, closer col-
laboration with clinicians is crucial to ensure that research efforts target clinically
meaningful questions. Once proof-of-concept is established, the path to clinical adop-
tion involves commercialization and obtaining regulatory approvals, both of which
pose added challenges [74]. Nevertheless, recurring themes in the literature over the
years that address the challenges of clinical adoption [74, 84–87] suggest that the
field remains largely stagnant. Jackson’s earlier observation, quoted above, still res-
onates powerfully here: the field has struggled to turn its early promise into real-world
impact. Breaking this pattern will require prioritizing investments in large-scale, rep-
resentative clinical studies that address relevant clinical questions and generate robust,
generalizable findings.

1.5 Objectives and structure of thesis

The work presented in this thesis is unified by a central research objective: To evalu-
ate the feasibility of IR molecular fingerprinting as a robust blood-based in
vitro analytical tool for high-throughput phenotype screening and analysis.

To address this objective, four complementary studies are presented, each guided
by the following primary research questions (RQs):

RQ #1: Can IR fingerprinting, combined with ML, reliably detect and predict com-
plex physiological conditions within a large, naturally heterogeneous pa-
tient population?

RQ #2: What are the key considerations and best practices for interpreting IR
spectra of molecularly complex samples, particularly those derived from
blood-based media and their molecular components?

RQ #3: How do technical measurement, biological, and experimental study de-
sign factors affect the diagnostic capacity of IR fingerprinting, and what
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approaches can be adopted to refine them for improved diagnostic perfor-
mance?

RQ #4: What strategies can address the challenges of standardization, out-of-
distribution data, and generalization in ML modeling to improve model
transfer across naturally variable molecular fingerprint datasets?

These RQs, tackled in the included studies, address key areas of basic and transla-
tional research, aiming to identify opportunities and challenges, validate methods, and
inform future applications and efforts of establishing IR fingerprinting in biomedical
diagnostics. However, they do not cover the broader aspects of real-world deployment,
such as regulatory approvals or commercialization.

The subsequent chapters provide the methodological background (Chapter 2),
summarize each study’s objectives and findings (Chapter 3), and conclude with
final remarks and future directions (Chapter 4). The four RQs are investigated in
publications included in the appendices: RQ #1 – Appendix A; RQ #2 – Appendix
B; RQ #3 – Appendix C; RQ #4 – Appendix D.
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2.1 Clinical study design and cohorts

One of the first considerations in establishing an IR fingerprinting medical application
is selecting an appropriate clinical study design (Figure 1.3). At the heart of this
design lies a central question: which specific problem is being addressed, and
what considerations are required to enable its evaluation? In this thesis, four
independent clinical studies involving the collection of human blood samples were
used to address different research questions (RQs #1–4 in Section 1.5). Collectively,
these studies enabled an assessment of the feasibility and technical robustness of IR
fingerprinting for probing human health, while also facilitating the development of
new data analysis tools to improve diagnostic capacities.

Blood samples and corresponding medical data from the following clinical studies
were utilized in the publications presented in this thesis:

1. KORA study [27, 28, 50];

2. Lasers4Life-Cancer study [28, 47, 50];

3. Lasers4Life-LG study [50]; and

4. BioPersMed study [50].

The KORA (Cooperative Health Research in the Region of Augsburg) study
was performed within the framework of a project established by Helmholtz Zentrum
München and was designed as a research platform open to external project part-
ners [97]. KORA is a population-based cohort in Southern Germany, comprising
an age- and gender-stratified sample of adult participants randomly drawn from the
resident registration offices within the study area. The study features a longitudinal
setup, with several rounds of blood donations and medical characterizations over time.
The first baseline characterization (KORA-S4) took place in 1999-2001, followed by
KORA-F4 in 2006-2008 and KORA-FF4 in 2013-2014.

Upon successful project application, the analyses presented in this thesis were con-
ducted in collaboration with Helmholtz Zentrum München, using retrospectively col-
lected samples from the KORA cohort. Specifically, we obtained medical exami-
nation data and blood plasma samples from KORA-F4 (n = 3044) and KORA-
FF4 (n = 2140), among which n = 2015 individuals participated in both. Being
population-based, the KORA study captures a realistic degree of biological variability
across a wide range of adult individuals, as well as reflecting a realistic estimate of the
prevalence of physiological conditions in the population. The KORA study enabled
us to conduct the largest study to date examining IR fingerprinting as a modality to
probe human health, covering common health aberrations and their potential com-
binations. Moreover, the longitudinal design supported investigations into predicting
the future onset of health aberrations [27] and assessing the stability of individual IR
fingerprints over a 6.5 year follow-up period [50].

The Lasers4Life-Cancer clinical study was established by Ludwig-Maximilians-
Universität München to prospectively collect samples for the detection of four common
cancer phenotypes: lung, prostate, bladder, and breast cancers [38]. The study was
set up as a case-control design to evaluate disease-specific biochemical differences that
can be captured by IR fingerprinting. The study is multi-centric, enrolling individuals
diagnosed with one of the four malignant carcinomas, benign pathologies affecting
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the same organs, or non-symptomatic healthy controls. Individuals with suspicion of
having one of the four listed cancers were enrolled in the study. Thus, all cancer cases
were enrolled prior to any cancer treatment or therapy (i.e., therapy naïve) at the
time of blood collection. This design feature eliminated the possibility of capturing
the signal of treatment, as a confounder, rather than the presence of the disease in
the case-control setup. Blood plasma and serum were collected from all participants
satisfying the inclusion criteria.

Within this thesis, samples from the Lasers4Life-Cancer study were utilized in sev-
eral analyses [28, 47, 50]. Samples from individuals with lung cancer (n = 536),
prostate cancer (n = 449), bladder cancer (n = 205), and breast cancer (n = 163)
were utilized [50]. Samples from healthy individuals pair-matched to each cancer case
individual – based on age, gender, and body mass index – of the same corresponding
sample sizes were included as appropriate controls. The study enabled the evalua-
tion of IR fingerprinting as a modality to detect several common cancers [50]. The
study also facilitated the development of a data simulation tool that enabled deeper
investigations into the limiting factors hindering the diagnostic capacity of IR fin-
gerprinting [47], as well as a new method of training ML models in a manner that
increases their likelihood of generalizing to realistic data collection settings [50].

The Lasers4Life-LG (LG: longitudinal) study was established by Ludwig Maxim-
ilians Universität München [49]. The study cohort comprised of 31 nominally healthy
individuals, initially sampled up to 13 times over a 7-week period, with an additional
follow-up after 6 months as detailed in a previous publication [49]. Since this initial
publication, the same individuals were invited to participate in two additional sam-
pling sessions at 3.5 and 4.5 years post their initial involvement. In both the latter
two samplings, 8 individuals participated. In total, 335 whole blood samples were
collected within the framework of the study. Both blood plasma and serum were
processed from all samples.

Within this thesis, samples from all participants and all visits spanning the 4.5
follow-up period were considered. This setup enabled the investigation of the stability
of person-specific molecular signatures obtained through IR fingerprinting and devel-
oping methods that further enhance the stability of the IR fingerprinting approach
over multi-year periods [50].

The BioPersMed (Biomarkers of Personalised Medicine) study was established
by the Medical University of Graz, Austria [98]. The study focused on enrolling
asymptomatic individuals from the regional communities at risk for cardiovascular or
metabolic disease to evaluate the predictive value of various traditional and novel
biomarkers and observe disease courses starting in the preclinical, asymptomatic
phase. The study incorporated a longitudinal setup, wherein repetitive blood do-
nations and examinations of participants were conducted in 2-year intervals.

Upon successful project application, we collaborated with the Medical University
of Graz. Within this thesis, we utilized blood plasma samples and medical data from
a subset of 44 nominally healthy individuals out of 1022 participants. A total of 44
individuals participated in five visits, each separated by 2 years, spanning up to 8
years from the baseline visit to the last follow-up considered. BioPersMed served as
an additional independent cohort to examine the long-term stability of person-specific
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IR fingerprints, demonstrating this stability over 8 years, the most extended follow-up
time interval investigated to date [50].

2.2 Definitions of clinical phenotypes

As discussed in Section 1.3, the annotations associated with each IR spectrum pro-
vide detailed characterizations of study participants (e.g., age, gender, height, weight,
etc.) as well as the ground truth basis for assessing diagnostic efficacy for conditions
of interest. Such participant characterizations (i.e., the ‘metadata’) are collected in
various forms, depending on the nature of the variables collected and the targets of
the clinical study. General characteristics of study participants are relatively easy to
collect reliably. All participants are asked to complete a standardized questionnaire at
the time of their blood draw, providing information such as their age, gender, smoking
status, and current medications. Additionally, it is relatively easy to get all partici-
pants to undergo simple physical measurements to determine characteristics such as
their height, weight, and waist circumference. The more challenging data to obtain in
a reliable manner is the deeper clinical characterizations – e.g., confirmed diagnoses,
disease staging, and biomarker profiles. Within the scope of this thesis, samples from
four independent clinical studies were utilized (Section 2.1), each targeting different
outcomes.

The KORA study provided comprehensive medical phenotypic outcomes of the
individuals derived from medical records, diagnostic tests, and laboratory biochem-
istry [97]. For the investigations presented in this thesis utilizing KORA samples [27,
28, 50], several outcomes were considered and were defined as follows:

• Dyslipidemia was defined based on abnormally elevated levels of non-HDL choles-
terol with the commonly used cut-off point at 4.1 mmol/l [99, 100].

• Hypertension was defined based on a blood pressure test with a reading ≥ 140
and/or 90 mmHg or by known use of antihypertensive medication.

• Prediabetic and type-2 diabetic states were determined by an oral glucose toler-
ance test (OGTT) or a validated self-report. Self-reported diabetes was confirmed
by contacting the responsible physicians, reviewing medical charts, or by taking
self-reported glucose-lowering medications. An OGTT was performed on individ-
uals with no prior diagnosis of diabetes, and the diabetic state was determined
according to the 1999 WHO criteria [101]. Prediabetes included individuals with
impaired fasting glucose, impaired glucose tolerance, or both.

• Metabolic syndrome (MetS) was defined according to the harmonized criteria pro-
posed by the International Diabetes Federation (IDF) and American Heart As-
sociation/National Heart, Lung, and Blood Institute (AHA/NHLBI) [102]. MetS
was present if ≥3 of the following 5 criteria were satisfied: (1) waist circumference
≥94 cm for males, ≥80 cm for females; (2) systolic blood pressure ≥130 mmHg or
diastolic blood pressure ≥85 mmHg or treatment with anihypertensive medica-
tion; (3) fasting serum glucose ≥100 mg/dl or intake of antidiabetic medication;
(4) serum HDL cholesterol <40 mg/dl for males, <50 mg/dl for females, or drug
treatment for reduced HDL (fibrates); and (5) fasting serum triglycerides ≥150
mg/dl or drug treatment for elevated triglycerides (fibrates).
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• Blood glucose levels were determined using a hexokinase method from serum.

• HbA1c was determined using a reverse-phase cation-exchange High-Pressure Liq-
uid Chromatography (HPLC) analysis.

• Total cholesterol, HDL cholesterol, and LDL cholesterol were determined using
enzymatic, colorimetric routines (CHOD-PAP) from serum.

• Triglycerides were determined using an enzymatic, colorimetric routine (GPO-
PAP) from serum.

• Creatinine was determined using a modified kinetic Jaffe reaction from serum.

• Hematologic parameters (leukocytes, erythrocytes, hematocrit, platelets) were
determined by impedance measurements from EDTA.

• Albumin was determined using immunonephelometry from serum.

The Lasers4Life-Cancer study enrolled individuals that were at suspicion of hav-
ing one of the four common cancers, comparable control participants with benign
conditions affecting the same organs, and non-symptomatic references. The pheno-
type groups were defined based on the following:

• Presence of malignancies (cancer cases): Individuals diagnosed with lung, prostate,
bladder, or breast cancer – clinically diagnosed using medical imaging methods
such as X-ray and MRI, and pathologically confirmed through immunohistochem-
ical tissue biopsy – and who had not received any cancer-related therapies within
the past two years, were included in the analysis.

• Presence of benign conditions (control individuals): Individuals diagnosed with
chronic obstructive pulmonary disease (COPD) or pulmonary hamartoma for lung
cancer, and benign prostate hyperplasia (BPH) for prostate cancer – clinically
defined based on self-reporting and corroborated by reviewing medical records.

• Non-symptomatic references (control individuals): Individuals not diagnosed with
malignancies or benign conditions, as defined above.

For the remaining two longitudinal clinical studies – BioPersMed and Lasers4Life-
LG – no clinical endpoints were utilized. For the investigations presented in this thesis
utilizing samples from these two studies [50], the task was to examine the stability of
person-specific measurements over time rather than investigating medical endpoints.

2.3 Fourier transform infrared spectroscopy

As discussed in Section 1.2, Fourier transform infrared (FTIR) spectrometers are the
most widely commercialized and utilized instruments for IR spectroscopy. In this
thesis, FTIR spectroscopy serves as the primary measurement modality. To provide
additional context, a brief overview of the fundamental principles underlying FTIR
spectrometers is discussed below (Figure 2.1).

Every spectrometer system includes four core components: (1) a light source; (2)
an interferometer to modulate the light into an interference pattern; (3) a detector to
record light intensity; and (4) an external or embedded computer for signal processing.
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Figure 2.1: Schematic of a basic FTIR setup featuring a Michelson interferometer.

The process begins with the generation of broadband IR radiation. In the mid-IR,
the most common light source is a Globar – a silicon carbide rod [26]. The Globar
is heated to high temperatures (∼ 1300 K), continuously emitting a broad spectrum
of IR wavelengths. The IR radiation is then directed into an interferometric setup,
typically a Michelson interferometer, which is at the heart of the FTIR technique [26].
In this setup, the incoming IR beam is split into two paths: one path is reflected
off a stationary mirror while the other off a (motorized) movable mirror, and then
recombined. The controlled motion of the motorized mirror modulates the optical
path difference between the split beams, creating an interference pattern in the com-
bined beam that encodes wavelength information. This enables the wavelengths to be
resolved at a later stage.

After leaving the interferometer, the recombined beam reaches and interacts with
the sample. In transmission FTIR, the sample is injected into a flow-through sample
cell, or cuvette, with windows made from an IR-transparent material. Calcium fluo-
ride (CaF2) is a commonly used and appropriate material for the cell when analyzing
aqueous samples – albeit it is slightly soluble in water and will need replacement af-
ter prolonged use. The pathlength for the sample cell – the distance over which the
IR beam passes through the sample – must be carefully chosen. Longer pathlengths
increase the amount of sample that interacts with the light, which can improve the
molecular detection sensitivity. However, strongly absorbing samples, such as those
containing water, require shorter pathlengths to avoid complete absorption of the IR
signal. For aqueous samples like blood plasma or serum, which are made of approxi-
mately 92% water, very small pathlengths (below 10 µm) are required to ensure mea-
surable transmission given the intensity of light in FTIR spectrometers [34, 103, 104].

Within the interactions of IR radiation with the sample, wavelengths corresponding
to the vibrational modes of molecular bonds in the sample are absorbed, while unab-
sorbed wavelengths pass through and are recorded by a detector. IR detectors can be
thermal detectors or photodetectors [25, 26]. Thermal detectors respond to changes in
temperature of an absorbing element, while photodetectors rely on a semiconductor
whose electrical properties change in response to incoming IR photons. Both types
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of detectors convert the transmitted IR signal into an electrical output, known as an
interferogram. The interferogram is a time-domain measurement that represents the
signal intensity as a function of the changing optical path difference introduced by the
movable mirror. To convert the interferogram into a more usable measurement, a fast
Fourier transform (FFT) is applied to yield the IR spectrum – a plot of absorbance (or
transmittance) as a function of wavenumber (the reciprocal of wavelength, measured
in cm−1). The measured absorbance at each wavenumber is proportional to the total
concentration of the molecular components that react to the corresponding energy
level.

When analyzing aqueous samples, and the signal of interest is not water, another
water reference spectrum can be recorded immediately before or after the sample
of interest is measured. The spectrum of water can then be subtracted from the
corresponding measured spectrum of the sample. In automated systems, the reference
water measurement can be automatically recorded whenever any sample is measured,
directly producing the water-subtracted sample spectrum.

Additional automation steps within the measurement setup can be taken to enable
high-throughput analysis and more reproducible measurements. Most widely used
experimental spectrometer systems require the sample to be manually injected into
the sample cell. While low cost, this procedure requires more manual labor and can
introduce added sources of measurement variability – e.g., inter- and intra-operator
variation. Automated spectrometers can be equipped with microfluidic sample deliv-
ery systems, which feature a robotic arm designed for handling batch measurements.
The operator places a set of tubes on a rack (e.g., 60 tubes). The robotic arm pro-
cesses the sample rack, sequentially injecting the sample contents into the sample cell
system. Cleaning procedures can also be automatized, where solutions pass through
the system between sample measurements to eliminate residual contamination and
cross-contamination in the measurement cell. These automated features facilitate
more reproducible measurements and support large-scale analytical workflows.

Within this thesis, all FTIR spectra were measured in native liquid phase using
a commercially available spectrometer with automated microfluidic sample handling
(MIRA Analyzer, Clade.io). The system features a flow-through transmission cell
made of CaF2 and a pathlength of approximately 8 µm. Microfluidic sample delivery,
sample exchange, and cleaning procedures are automatized, based on previously es-
tablished workflows. The IR spectra were acquired with a resolution of 4 cm−1. On
average, one measurement within a batch lasts 3.5 minutes, including the time taken
for sample injection and cleaning procedures in between samples.

2.4 Machine learning and computational frameworks

As described in Section 1.3, ML and multivariate methods play an important role in
the domain of IR fingerprinting. They enable the transformation of the information-
rich absorption spectra into meaningful characteristics that can be linked to phe-
notypic outcomes. In this section, a general overview of ML techniques, evaluation
metrics, validation methods, and computational frameworks is provided. More de-
tailed descriptions of the specific methods used in each study are provided within the
respective publications included in the appendix.
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For context on data representation, the IR measurement output from the spec-
trometer consists of wavenumber-absorption value pairs. The wavenumber axis can
be treated as implicit, allowing the IR spectrum of a single sample to be represented
as a vector x:

x =
[
x1, x2, . . . , xm

]
∈ Rm,

where m corresponds to the number of discrete absorption values (features) across the
available wavenumber range. When analyzing a collection of n samples, the data can
be represented as a matrix X:

X =




−x1−
−x2−

...
−xn−


 ∈ Rn×m.

Each sample xi is associated with one or more outputs of interest, denoted by yi.
These outputs are typically scalar values. However, in the case of multi-label outputs,
it is represented as a vector yi. The outputs investigated within this thesis can be
categorized as follows:

• yi ∈ R: a continuous value;

• yi ∈ {0, 1}: a binary value;

• yi ∈ {1, 2, . . . , k}: a multi-class value, where one out of k classes is selected;

• yi ∈ {0, 1}k: multi-label values, represented as a vector of binary values where
each element corresponds to one of k classes.

For a set of samples X, the output is represented as a vector y, or as a matrix Y in
the case of multi-label outputs.

In supervised learning, the objective is to learn a mapping from an individual spec-
trum to the corresponding outcome f : xi → yi, or f : xi → yi in the case of a
multi-label output. This mapping is derived from a training dataset of input-output
pairs. After training, the learned model f is evaluated on unseen data to estimate its
predictive performance and assess how well it generalizes to samples where the out-
comes are unknown. For each input xi, the model generates a prediction ŷi = f(xi).

This map can be derived through several different learning algorithms. Among the
diverse learning algorithms, linear regression is one of the simpler methods of deriv-
ing the map to predict a continuous output. Linear regression has been employed
in several analyses presented in this thesis [27, 28], albeit with a modification over
‘vanilla’ linear regression – regularization. IR spectral data contain noise that should
not correlate to the true signal of interest, the spectral features observe a high de-
gree of multicollinearity, are relatively high-dimensional (hundreds or thousands of
features), and the sample size n in biological applications is typically small relative
to the number of features m. These challenges often cause the learning procedure to
overfit the training dataset or fail to properly learn the map. Regularization addresses
this by introducing a penalty term that controls the complexity of the model, effec-
tively balancing a trade-off between the model’s complexity and its fit to the training
data [105]. In other terms, regularization helps the model utilize information from the
most relevant features while reducing the influence of noise and redundant information
that can cause model instability.
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In addition to linear regression, logistic regression has also been employed in various
analyses presented in this thesis [27, 47, 50]. Logistic regression extends linear regres-
sion to predict binary outcomes by modeling the probability that a given input belongs
to one of two classes. It uses the logistic function to ensure that predicted probabilities
remain within the [0, 1] interval. Similar to linear regression, logistic regression can
be regularized to reduce the complexity of the model and combat overfitting.

Linear and logistic regressions are relatively simple learning algorithms compared
to neural networks, ensemble methods (e.g., random forest), or kernel-based methods.
However, in the context of deriving relationships between IR spectra and phenotypic
outcomes, linear and logistic regression had consistently proven to be effective and ap-
propriate, as the relationships observed in the data were predominantly linear. When
more complex, non-linear methods (e.g., kernel-based approaches or ensembles) were
employed, they typically approximated linear solutions without offering additional
insights or significant improvements in predictive performance. As a result, simpler
learning algorithms were preferred within the investigations performed in this thesis.
Nevertheless, it should be noted that neural networks have found a potential fruit-
ful application in the analysis of data from IR-based micro-spectroscopy – where the
spectrally-derived chemical information is captured across the spatial distribution of a
tissue, resulting in hyperspectral image data that benefit from the capacity of neural
networks to model non-linear relationships [51, 106].

While logistic regression was initially developed to model binary outcomes, exten-
sions of logistic regression to model multi-class outputs are possible. One common
extension is multinomial logistic regression [107], which generalizes the binary frame-
work to handle multiple categories by modeling the probability of each class relative
to a baseline category. This is achieved through separate sets of coefficients for each
non-baseline class, allowing the model to capture class-specific relationships between
the predictors and outcomes. Multinomial logistic regression is well-suited for prob-
lems where the outcome is categorical with no inherent order among the classes. In
one of the studies presented in this thesis [50], multinomial logistic regression was
effectively applied to investigate multi-class outcomes.

Further extension of binary classifiers to multi-label outputs can be achieved by
creating several binary classifiers, each tasked with predicting the presence or ab-
sence of a specific label. This approach, often referred to as problem transformation,
includes methods like binary relevance, which treats each label independently, and
more sophisticated techniques like classifier chains. Classifier chains model dependen-
cies between labels by training a sequence of binary classifiers, where the predictions
of previous classifiers are included as additional features for subsequent ones [108].
This approach accounts for correlations between labels, improving predictive perfor-
mance compared to treating each label independently. Classifier chaining has been
successfully employed in one of the studies presented in this thesis [27].

Model testing and the calculation of prediction error metrics are critical aspects of
the predictive workflow. As discussed in Section 1.3, error metrics must be computed
on fully unseen samples – those not used during model training and not involved
in model selection or hyperparameter tuning – to ensure an unbiased estimate of
the model’s performance. Ideally, these test samples should account for domain-
specific variances, such as time-aware data splits in cases where data exhibit temporal
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shifts (e.g., based on sample collection time or measurement time) or, if possible, use
external datasets (e.g., samples from independent clinical studies). Furthermore, if
the task is to examine the diagnostic performance of a phenotype detection model on
an unseen participant population, care must be taken to ensure that the test data
does not include individuals overlapping with the training data. This consideration
is relevant when multiple measurements from the same individual are present in the
dataset – e.g., due to sample re-measurements or multiple sample collections from
the same individuals. These strategies aim to better reflect the model’s capacity
to generalize to measurements collected under real-world deployment settings. In
all studies included in this thesis, all phenotype classification models were tested
exclusively on individuals not used for training. Furthermore, the model selection
process, including the tuning of the learning models (namely the strength of the
regularization parameter), was always performed using internal data validation splits.
This process involved splitting the training set into cross-validation folds to tune a
learning model, then retraining a new model on the entire available training split of
the data using the tuning parameters that performed best on the internal validation
splits. Finally, the trained model was tested on held-out test sets. Temporal test splits
were also considered in the classification models when possible to ensure robustness
to potential measurement drifts [27, 50].

The prediction error metrics used to quantify a model’s performance on unseen
samples depend on the nature of the prediction task. Across the investigations in
this thesis, a range of metrics have been applied. For binary outputs, the receiver
operating characteristic (ROC) curve and the area under the curve (AUC) were heavily
utilized [27, 47, 50]. These metrics allowed for the examination of both sensitivity and
specificity, with the AUC serving as a single summarizing value to assess the model’s
overall discriminative capacity. For multi-class outputs, accuracy was the primary
evaluation metric, noting that the class distributions in these investigations were well-
balanced [50]. For multi-label outputs, several metrics were employed to capture
the complexity of predictions, including the exact match ratio, Hamming score, and
Hamming loss [27]. For continuous outputs, regression metrics such as the coefficient
of determination (R2) and root mean squared error (RMSE) were used [27, 28].

All data analyses in the studies presented in this thesis were performed in a Python
environment (version 3.8.8). The open-source Scikit-learn package (version 0.24.1)
was used for several implementations of the above-discussed concepts.

Beyond the predictive modeling, the two tools developed within this thesis have
been demonstrated to aid the analysis of spectral data. The first is an in silico spec-
tral simulation tool, which allows for the generation of simulated IR spectra tailored to
different experimental designs [47]. This tool is accessible through a dedicated repos-
itory (https://github.com/tarek-eissa/in-silico-spectral-generator). The
second tool, CODI (contextual out-of-distribution integration), is a general-purpose
framework designed to take a seed training dataset and augment it with additional
data variance [50]. CODI has demonstrated that this method of training improves the
generalization capacity of predictive models when the initial seed training dataset is
limited in size and representativeness. CODI is available both as a standalone repos-
itory (https://github.com/tarek-eissa/codi) and as a Python package (pycodi).
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Descriptions of these two tools, their use cases, and theoretical background can be
found in the associated publications and GitHub repositories [47, 50].

2.5 Ethics statements

All samples collected within the framework of the four clinical studies (Section 2.1)
utilized in this thesis adhere to the relevant ethical regulations.

The Lasers4Life-LG study was approved by the Ethics Committee of the Ludwig-
Maximilian-University (LMU) of Munich under research study protocol #17-532. The
BioPersMed study was approved by the Ethics Committee of the Medical University of
Graz, Austria (EC Nr. 24-224 ex 11/12; project application number 4008_22). The
KORA-F4 and KORA-FF4 study methods were approved by the ethics committee
of the Bavarian Chamber of Physicians, Munich (EC No. 06068). The Lasers4Life-
Cancer study was approved by the Ethics Committee of the LMU of Munich under
research study protocols #17-141 and #17-182, and is registered at the German Clin-
ical Trials Register (ID DRKS00013217). All analyzed participants enrolled in the
four above-listed studies provided written informed consent.
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3.1 Plasma infrared fingerprinting with machine learning en-
ables single-measurement multi-phenotype health screening

Authors:
Tarek Eissa, Cristina Leonardo, Kosmas V. Kepesidis, Frank Fleischmann, Birgit
Linkohr, Daniel Meyer, Viola Zoka, Marinus Huber, Liudmila Voronina, Lothar Richter,
Annette Peters, and Mihaela Žigman.

Published:
Cell Reports Medicine, Volume 5, Issue 7, July 2024.

Full text version:
Enclosed as Appendix A.

Preface:
This publication was guided by the following research question (RQ #1):

Can IR fingerprinting, combined with ML, reliably detect and predict complex
physiological conditions within a large, naturally heterogeneous patient population?

Prior to this work, several proof-of-concept studies had demonstrated the potential of
IR fingerprinting for health diagnostics. However, these studies were typically limited
in sample size (often fewer than 100 individuals), focused on a single condition versus
a narrow control group, and were conducted over short timeframes without account-
ing for real-world technical variabilities. While valuable for initial validation, such
controlled setups do not reflect the complexities of practical applications. Human
populations are inherently diverse – marked by physiological variability, co-occurring
health conditions, and broad age ranges. Moreover, real-world studies must contend
with unavoidable variations in sample handling, as samples are collected and measured
over multiple years. Motivated by these gaps and the promise of IR fingerprinting, we
conducted the largest study of its kind within a population-based cohort, analyzing
thousands of plasma samples collected across multiple years. Our goal was to deter-
mine whether IR fingerprinting could move beyond isolated demonstrations and serve
as a robust, scalable tool for broad screening of common health conditions.

Summary:
Minimally invasive diagnostic tools have long been desirable for efficiently identify-
ing health risks and chronic conditions across diverse human populations. Although
laboratory clinical chemistry panels are widely used for this purpose, they require
separate assays for each biomarker, making them time- and resource-intensive and
limiting their utility to the targeted biomarkers. Biofluid-based IR fingerprinting has
emerged as a promising alternative, offering a single-measurement approach capable of
providing health-related insights. Previous proof-of-concept studies examining IR fin-
gerprinting were generally limited by small sample sizes, were performed in controlled
case-control study setups, and did not account for the complexity of real-world popu-
lations, where multimorbid conditions are especially common among older adults. In
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this study, we analyzed 5184 blood plasma samples collected from 3169 individuals
within the population-based Cooperative Health Research in the Region of Augsburg
(KORA) longitudinal cohort – a phenotypically diverse potential patient population.
This represents the largest cohort profiled with IR fingerprinting to date. Our goal was
to evaluate the capacity of this approach to comprehensively detect several medically
relevant human health phenotypes, with a particular focus on metabolic disorders and
associated risk factors. Our methodology involved capturing molecular information
provided by FTIR spectroscopy, combined with ML analyses – including binary, mul-
tilabel, and regression models – to translate IR fingerprints into actionable medical
insights. The study design included samples collected and measured years apart, en-
suring robust model predictions despite variations in sample handling, sample storage
times, and measurement intervals.

Our results demonstrate that IR molecular fingerprints provide a robust foundation
for simultaneous health screening. Using a multilabel classification model designed to
differentiate between dyslipidemia, hypertension, prediabetes, type 2 diabetes, healthy
states (i.e., the absence of these conditions), and their potential combinations, we
found that the approach can effectively characterize several multimorbid states. Im-
pressive individual binary classification efficacies were observed across all conditions,
with ROC-AUC values of 0.76 for prediabetes, 0.94 for type 2 diabetes, 0.77 for
hypertension, 0.97 for dyslipidemia, and 0.90 for identifying healthy individuals. Ad-
ditionally, we discovered that IR fingerprints can predict the future onset of metabolic
syndrome (MetS), a progressive condition marked by multiple metabolic risk factors,
with an ROC-AUC of 0.77, forecasting its occurrence approximately 6.5 years prior
to clinical diagnosis. Moreover, we demonstrated that IR fingerprints encode anthro-
pometric parameters such as gender, BMI, and age, yielding an ROC-AUC of 0.96 for
gender classification and R2 values of 0.43 and 0.58 for BMI and age estimation, re-
spectively. Strong correlations (R2 ≥ 0.91) were observed between IR spectral features
and key clinical analytes such as triglycerides, HDL cholesterol, LDL cholesterol, and
glucose, underscoring the physiological and diagnostic significance of this approach.

Overall, this study establishes IR fingerprinting as a minimally invasive diagnostic
tool for tackling complex multimorbidities in adult populations. The capacity to de-
tect multiple chronic conditions, forecast their onset, and link spectral data to known
biomarkers position the approach as a feasible alternative to traditional diagnostics.
Its affordability, speed (∼ 3.5 min per measurement), and lack of pre-analytical sample
preparation make the approach particularly appealing for widespread use. Notably,
the power to identify preclinical states like prediabetes and pre-MetS underscores its
potential for early intervention and preventing or delaying severe diseases (e.g., car-
diovascular conditions). While further external validation across diverse populations
can bring the approach closer to application, our study provides a strong foundation
for integrating IR fingerprinting into routine diagnostic practices.

Highlight:
This publication was chosen to be featured on the journal issue’s front cover.
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Cover art by Sama Aljarhi (www.samaalj.com).
Copied with permission (Appendix E).

Contributions:
I formulated the main outline of the manuscript. I designed and performed all
data analyses, visualizations, and interpretations. Mihaela Žigman and I wrote the
manuscript, with all authors contributing to revising. Mihaela Žigman and I are
corresponding authors.
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3.2 The perils of molecular interpretations from vibrational
spectra of complex samples

Authors:
Tarek Eissa, Liudmila Voronina, Marinus Huber, Frank Fleischmann, and Mihaela
Žigman.

Published:
Angewandte Chemie Int. Ed., Volume 63, Issue 50, November 2024.

Full text version:
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Preface:
This publication was guided by the following research question (RQ #2):

What are the key considerations and best practices for interpreting IR spectra of
molecularly complex samples, particularly those derived from blood-based media and

their molecular components?

Within our research group, we often found ourselves repeatedly facing the same
dilemma: colleagues, referees, and fellow spectroscopists would ask for a straightfor-
ward mapping between the IR signals we observe and their precise molecular origins.
Yet each time, we realized that this question – though natural – was often misguided,
as it demands oversimplifications that neither reflect the intricacies of complex biolog-
ical matrices nor the real strengths of IR fingerprinting. Our collective drive to clarify
these recurring misunderstandings led us to bring together the insights and expertise
of the authors listed above. We wrote this Scientific Perspective article with the goal
to clarify common misconceptions in the field and offer a more rigorous and pragmatic
framework for IR spectral analysis.

Summary:
We have demonstrated that IR fingerprinting exhibits remarkable efficacy in charac-
terizing the holistic biochemical makeup of complex samples in a single measurement,
enabling innovative applications in biomedicine. This already marks a significant
advancement beyond the traditional uses of IR spectroscopy, which were primarily
limited to analyzing the structure of individual organic compounds or identifying
contaminant chemicals in purified substances. Despite this advancement, significant
challenges persist in interpreting IR spectra of complex multi-molecular mixtures,
such as blood derivatives. Unfortunately, overlapping absorption peaks and interfer-
ences between molecular components often hinder the attribution of spectral signals to
specific molecules or even broad molecular classes (e.g., carbohydrates, lipids, or pro-
teins). Thus, while IR spectroscopy excels in identifying chemical functional groups
and can sensitively capture physiological states, its capacity for molecular identifi-
cation is limited when analyzing complex biological specimens. Nevertheless, there
remains a pervasive desire to link spectral signals to specific molecular substances
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in clinical applications, and misinterpretations of IR spectra are widespread across
peer-reviewed literature.

In this perspective, we critically address the challenges of analyzing multi-molecular
spectra, offering evidence-based guidelines and best practices to improve the broader
understanding and application of IR spectroscopy in complex systems. We demon-
strate that IR spectral regions commonly attributed to specific molecular classes, such
as lipids or carbohydrates, are often dominated by signals from abundant proteins like
human serum albumin (HSA). Computational reconstructions further reveal that spec-
tral signals frequently arise from combinations of multiple, functionally-independent
molecules, further hindering the capacity to attribute observed signals to specific
biomarkers. Another common misconception in the field is the tendency to link mea-
sured spectral signals to low-abundance molecules (e.g., DNA or RNA) despite their
concentrations typically being far below the detection limits of current IR technology.
Moreover, we demonstrate how chemical modifications that molecules undergo in their
life-cycle (e.g., formation of covalent bonds) and common measurement preprocess-
ing steps (e.g., normalization) can distort spectral signals and compromise molecular
interpretations.

Overall, our findings underscore the need for rigorous methodological approaches
and caution in assigning spectral features to molecular substances. To enhance the in-
terpretability of IR spectra, we recommend integrating orthogonal techniques like mass
spectrometry or nuclear magnetic resonance (NMR) spectroscopy or reducing sample
complexity through chemical fractionation. Multivariate statistical approaches, such
as ridge regression, can also effectively decode the dependencies between spectral fea-
tures and prove highly effective in extracting relevant molecular information, even
when individual spectral features are heavily overshadowed. By addressing these lim-
itations, we aim to improve the reliability and applicability of IR fingerprinting in
biomedical applications, positioning it as a high-throughput diagnostic or screening
tool rather than a molecularly-specific method.

Highlight:
The publication is also available in German (10.1002/ange.202411596).

Contributions:
I significantly contributed to formulating the outline of the manuscript. I designed
and performed the majority of the formal analysis and data visualizations. I wrote
the larger portion of the manuscript, with all authors contributing to writing and
revising.
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3.3 Limits and prospects of molecular fingerprinting for
phenotyping biological systems revealed through in silico
modeling

Authors:
Tarek Eissa, Kosmas V. Kepesidis, Mihaela Zigman, and Marinus Huber.

Published:
Analytical Chemistry, Volume 95, Issue 16, April 2023.

Full text version:
Enclosed as Appendix C.

Preface:
This publication was guided by the following research question (RQ #3):

How do technical measurement, biological, and experimental study design factors
affect the diagnostic capacity of IR fingerprinting, and what approaches can be

adopted to refine them for improved diagnostic performance?
In our ongoing efforts to employ IR fingerprinting as a practical diagnostic tool, we
found ourselves returning to a fundamental question: what truly restricts the method’s
diagnostic performance and how severe are those limitations? We already recognized
that the biological variability between different individuals was a major hindrance, but
to what extent? And could improvements in spectrometer instrumentation make a
meaningful difference, or is the technology already approaching its theoretical limits?
To address these questions, we turned to computational simulations, developing an in
silico model to systematically understand the impact of the key factors that limit the
technology’s diagnostic potential.

Summary:
The strengths – and limitations – of IR fingerprinting have become apparent by now.
The technique yields a wealth of molecular information, which can nicely be uncovered
through ML and multivariate analysis to enable high-throughput health diagnostics.
However, the interplay between factors like the biological variability of the analyzed
cohort of samples, technical noise inherent to the IR measurement, biochemical com-
plexity of the analyzed specimens, and cohort sizes used to train ML models can
all collectively impact the diagnostic potential of the approach. These factors can be
addressed through controlled experimental designs, improved instrumentation, and fo-
cused applications in carefully planned studies. Yet, collecting large, physical datasets
to investigate the impact of these parameters presents a limitation, as it requires a
large amount of time and resources.

In this study, we developed an in silico model capable of simulating realistic IR
molecular fingerprints under controlled conditions, providing a systematic means to
explore the effects of biological variability, sample chemical complexity, and measure-
ment noise. Using our in silico model, we targeted the application of detecting lung
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and prostate cancers through IR fingerprinting as an experimental paradigm. The
model revealed that inter-individual biological variability is a dominant factor limiting
the cancer classification performance, with even slight reductions leading to substan-
tial classification improvements. For instance, reducing the biological variability from
an inter-person to an intra-person level, as observed in longitudinal self-referencing
scenarios, increased the binary classification efficiency of detecting lung cancer from
an ROC-AUC of 0.88 to 0.98. This provided the first quantitative evidence demon-
strating the potential IR fingerprinting in personalized, longitudinal health-monitoring
settings to improve diagnostic capacity. Reducing technical measurement noise had
a secondary yet significant impact, demonstrating that advancements in IR spectro-
scopic technology can further improve classification efficiency, especially under condi-
tions of high biological variability. Our study also examined the hindering impact of
the molecular complexity of cell-free blood, demonstrating that chemically fractionat-
ing the samples could mitigate some of the limitations posed by analyzing biological
matrices.

This study underscores the utility of computational modeling in advancing molec-
ular fingerprinting for health diagnostics. The developed model provides a platform
to simulate experimental conditions and guide study designs without requiring large-
scale physical sampling to model diverse experimental settings.

Additional material:
https://www.github.com/tarek-eissa/in-silico-spectral-generator

Contributions:
I implemented the idea, performed the research, data analyses and visualizations with
assistance from Marinus Huber. Marinus Huber and I wrote the manuscript, with all
authors contributing to revising.
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3.4 CODI: Enhancing machine learning-based molecular
profiling through contextual out-of-distribution integration

Authors:
Tarek Eissa, Marinus Huber, Barbara Obermayer-Pietsch, Birgit Linkohr, Annette
Peters, Frank Fleischmann, and Mihaela Žigman.

Published:
PNAS Nexus, Volume 3, Issue 10, October 2024.

Full text version:
Enclosed as Appendix D.

Preface:
This publication was guided by the following research question (RQ #4):

What strategies can address the challenges of standardization, out-of-distribution
data, and generalization in ML modeling to improve model transfer across naturally

variable molecular fingerprint datasets?

Scientific progress is often driven by unexpected findings, and this study is no excep-
tion. It is well known that data noise, variability, and distributional shifts hinder the
performance of supervised ML models. This is why considerable effort goes into stan-
dardizing data – through both careful experimental design and computational methods
aimed at minimizing variability. Here, we took a different, somewhat counterintuitive
approach: what if, instead of further refining standardization techniques, we delib-
erately introduced more variation into a given training dataset using external data
sources? To our surprise, this strategy worked far better than we anticipated. Even
more exciting, we are now seeing that this strategy extends beyond IR fingerprint-
ing, showing promise for other molecular fingerprinting techniques. This unexpected
success highlights a broader potential for improving ML generalization in molecular
fingerprinting applications, and we hope it inspires further exploration of this strategy.

Summary:
Our assessments thus far reveal the significant potential of combining IR fingerprint-
ing with ML analysis to advance health diagnostics. However, as with essentially any
ML-driven analyses, success fundamentally depends on the quality and representa-
tiveness of the training data. Specifically, supervised ML algorithms typically operate
under the assumption that the train and test data are independent and identically
distributed (i.i.d). Yet, this assumption is frequently violated in real-world applica-
tions. Out-of-distribution (OOD) measurements are almost inevitable and can stem
from biological factors such as variability across age or ethnic groups, as well as an-
alytical factors like sample handling inconsistencies or measurement device operating
conditions. These distributional shifts hinder a trained model’s capacity to generalize
to certain measurement events encountered in practice. This challenge is particularly
pronounced in molecular profiling applications, where collecting biological specimens
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and representative experimental datasets is highly resource-intensive. In this study,
we develop a new method: Contextual Out-of-Distribution Integration (CODI). The
concept of CODI is to incorporate information about possible OOD variations into
a given seed training dataset. This procedure augments the training dataset with
an arbitrarily large number of simulated samples that better capture the true data
distribution. By modeling and integrating diverse sources of data variability, CODI
increases the likelihood that a trained ML model generalizes to samples beyond the
seed training data, minimizing the need for extensive experimental data collection.

To assess CODI’s efficacy, we applied the newly developed framework to IR molec-
ular fingerprints obtained from three independent longitudinal clinical studies with
follow-up periods of up to eight years, as well as a cancer case-control study detect-
ing four common cancers (lung, prostate, bladder, and breast). By incorporating
sources of variability such as biological variations, sampling handling operators, sam-
ple freezer-storage effects, and instances of measurement device maintenance, the
framework enriched training datasets with realistic distribution shifts. In longitu-
dinal molecular monitoring, CODI improved the accuracy of identifying individuals
from their molecular profiles over multi-year follow-ups, achieving up to a 50% im-
provement in classification accuracy compared to models trained on unrepresentative
experimental data. Similarly, across different cancer diagnostic settings, CODI im-
proved the capacity of ML generalization, enabling a classifier to maintain its accu-
racy when applied to measurements collected years after the training measurements.
In another proof-of-concept application, CODI enabled the training of a classifier on
plasma-based fingerprints, which was successfully applied to serum-based fingerprints,
demonstrating the approach’s potential for domain adaptation despite considerable
distributional shifts between train and test data.

Overall, the method developed and validated in this study showcases CODI as a
framework to address generalization and model transfer challenges in molecular profil-
ing applications. These findings highlight the importance of utilizing domain-specific
knowledge to simulate realistic data distributions. Importantly, the concept of CODI
is highly extensible, enabling the same approach (and code implementation) to be
applied to a variety of data modalities beyond IR fingerprinting.

Additional material:
https://www.github.com/tarek-eissa/codi

Contributions:
I conceived the project, designed and performed the research, implemented the idea,
and analyzed the data with assistance from Marinus Huber and Mihaela Žigman. I
formulated the outline of the manuscript. Mihaela Žigman and I wrote the manuscript,
with all authors contributing to revising. Mihaela Žigman and I are corresponding
authors.
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This thesis has explored four interrelated research questions, each advancing IR finger-
printing as a diagnostic tool. We have demonstrated that (1) IR fingerprinting com-
bined with ML can robustly detect and predict complex physiological conditions in
large, diverse populations; (2) accurate interpretation of IR spectra in biological sam-
ples requires a rigorous methodological framework to avoid common misconceptions;
(3) computational modeling offers crucial insights into factors influencing diagnostic
performance – revealing strategies to mitigate biological variability, technical noise,
and sample complexity; and (4) integrating simulated variability through the CODI
framework improves model generalization, enabling reliable ML-driven diagnostics
across diverse datasets and real-world conditions. Collectively, these findings estab-
lish that a single, molecule-agnostic measurement can encode extensive biochemical
information relevant to multiple physiological states. Beyond establishing feasibility,
this work provides a well-defined technological paradigm for how IR fingerprinting can
enable efficient, high-throughput phenotype screening and diagnostics. By validating
our approach across several large-scale clinical studies and addressing key methodolog-
ical challenges, this work brings IR fingerprinting closer to clinical implementation.
The evidence presented suggests that this technology is no longer just a promising ex-
ploratory concept but a viable diagnostic technological platform ready for prospective
testing in clinical settings.

A critical step in implementing this technology is determining which clinical appli-
cations would benefit most from its capacities. We revealed that IR fingerprinting is
effective for both acute, high-mortality diseases, such as lung cancer, as well as phys-
iologically milder chronic conditions (e.g., type-2 diabetes, hypertension, and dyslipi-
demia) that often precede severe health complications. In oncology, IR fingerprinting
could serve as a rapid and minimally invasive pre-screening tool for triaging, thus
reducing the need for costly and painful tissue biopsies that involve time-consuming
histopathological analyses. Meanwhile, the ability of IR spectroscopic profiling to de-
tect multiple metabolic risk factors in a single measurement suggests a fruitful role in
routine health checkups, enabling early intervention before the onset of severe disease
(e.g., cardiovascular complications). This dual capacity – supporting both specialized
diagnostics and general preventive screening – positions IR fingerprinting as a valuable
addition to modern molecular healthcare.

To sustain the momentum established in this work, future research must address
further technical and logistical challenges. The collection of larger and more repre-
sentative experimental datasets will be needed to ensure that any application of this
technology is accurate and reliable across different patient populations and clinical set-
tings. Equally important is the development of computational strategies that can help
mitigate and handle challenges of real-world variability in measurements and clinical
conditions. Techniques like CODI, developed in this thesis, provide a pathway toward
addressing the challenges of data variability, helping to maintain the predictive efficacy
of trained ML models across diverse, practical ‘measurement events.’ Ultimately, it is
becoming increasingly apparent that realizing the vision of IR fingerprinting as a new
platform technology for human health profiling requires collaborative efforts beyond
the scope of any single discipline. Bringing together expertise in chemistry, physics,
bioinformatics, systems biology, and molecular medicine will certainly be the key to
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refining analytical physicochemical methods and pushing the technology beyond the
basic research setting.

Looking ahead, I believe that a particularly promising direction for IR fingerprint-
ing is its application in resource-limited healthcare settings. The ability to rapidly
and affordably screen for multiple health conditions with a single measurement could
profoundly impact regions where access to medical diagnostics remains limited. By of-
fering a scalable solution for preventive healthcare and stratifying at-risk populations
for developing certain diseases, this technology and framework have the potential to
improve health equity and contribute to more data-driven, proactive medical care on
a global scale. Future efforts should focus on translating these findings into prac-
tical deployment strategies for various healthcare infrastructures, ensuring that this
promising diagnostic approach reaches the populations that need it most.
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SUMMARY

Infrared spectroscopy is a powerful technique for probing the molecular profiles of complex biofluids, of-
fering a promising avenue for high-throughput in vitro diagnostics. While several studies showcased its po-
tential in detecting health conditions, a large-scale analysis of a naturally heterogeneous potential patient
population has not been attempted. Using a population-based cohort, here we analyze 5,184 blood plasma
samples from 3,169 individuals using Fourier transform infrared (FTIR) spectroscopy. Applying a multi-task
classification to distinguish between dyslipidemia, hypertension, prediabetes, type 2 diabetes, and healthy
states, we find that the approach can accurately single out healthy individuals and characterize chronic
multimorbid states. We further identify the capacity to forecast the development of metabolic syndrome
years in advance of onset. Dataset-independent testing confirms the robustness of infrared signatures
against variations in sample handling, storage time, and measurement regimes. This study provides the
framework that establishes infrared molecular fingerprinting as an efficient modality for populational health
diagnostics.

INTRODUCTION

The pursuit of molecular gateways that describe the composition

of chemically complex media in a minimally invasive, cost-effec-

tive, andhigh-throughputmanner is a long-standing challenge.1,2

As physiological phenotypes often manifest in the molecular

profiles of systemic biofluids (e.g., blood), gateways to quantita-

tively profile their compositions are invaluable for detecting and

characterizing changing health states.3,4

As minimally invasive screening and risk assessment tools,

blood-based laboratory test panels are often employed in clin-

ical diagnostics.5,6 Despite their foundational role in modern

medicine, the process of measuring several biomarkers can

be time-consuming and resource-intensive.7 Furthermore, bio-

markers were developed in candidate approaches—requiring

decades of research to link any given molecule to a physiolog-

ical state.

‘‘Shotgun’’ approaches that simultaneouslyprobeanensemble

of molecules, requiring no a priori information, thus carry the

potential to forge the future of efficient clinical testing.8–10 Untar-

getedmass spectrometry andnuclearmagnetic resonance spec-

troscopy are two highly promising technologies that may fulfill

this role. Still, concerns relating to lowmeasurement throughput,

run-to-run andbetween-lab variability, and involvedexperimental

handling have hindered their applications in high-throughput

health diagnostics beyond clinical studies.8–11

Infrared (IR) spectroscopy is a powerful top-down approach

that enables the label-free profiling of a given sample by interro-

gatingmolecular fragments (i.e., functional groups) andmeasuring

their resonant vibrational response to IR excitation.12–14 This

technique can employ various light sources, including globars,15

few-cycle laser-based excitation,16,17 and discrete wavelength

sources such as quantum cascade lasers.18,19 In broadband IR

absorption spectroscopy, absorption occurs when the IR source

emits frequencies that alignwith the vibrational frequencyof amo-

lecular fragment.When analyzing complex samples, the presence

of similar chemical bonds and functional groups in different bio-

molecules leads to overlapping spectral response signals that

Cell Reports Medicine 5, 101625, July 16, 2024 ª 2024 The Authors. Published by Elsevier Inc. 1
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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hinder the identification of individual constituents. The measured

IR absorption spectrum is characteristic of a sample’s overall

molecular composition, representing a superposition of the re-

sponses of all fragments. The corresponding IR absorption spec-

trum is thus referred to as amolecular fingerprint—simultaneously

integrating the entire set of omes across biomolecules (e.g., pro-

teins, lipids, and metabolites).20 When analyzing systemic bio-

fluids, suchasplasma,physiological phenotypesmaybeencoded

within the molecular fingerprints as spectral patterns, and ma-

chine learning algorithms can be trained to detect them—linking

IR fingerprints to multiple phenotypes (Figure 1).

Applications of IR fingerprinting to address medical problems

have been previously examined, including numerous studies

applying different approaches of IR spectroscopy for in vitro clin-

ical diagnostics.20–35 However, the concept of biofluid IR finger-

printing for medical health diagnostics or screening has not been

evaluated in a large-scale naturally variable population, nor has
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Figure 1. Proposed IR molecular finger-

printing strategy to aid clinical phenotyping

and decision-making

(A) Blood samples are drawn, and blood plasma is

prepared from individuals with unknown health

states, or phenotypes.

(B) Collected plasma samples are measured using

an automated FTIR spectrometer.

(C) Preprocessed absorption spectra of liquid

blood plasma are captured. The inset depicts

a close-up of the spectra in a truncated spectral

region.

(D) Machine learning methods are applied to

decode the measured spectra into numerical vec-

tors, modeling diverse biological outcomes.

(E) Health reports are generated from a framework

established on the measured IR spectra and ma-

chine learning models, which quantify unknown

health-related properties of each individual to

describe their physiology.

the approach been introduced into the

canon of healthcare practices.36,37 To

test its capacity—as an in vitro phenotype

medical diagnostic tool—large-scale clin-

ical studies involving deeply parametrized

individuals whose physiology reflects a

diverse patient population are required.

Moreover, covariates potentially affecting

IR fingerprints (e.g., anthropometric pa-

rameters or comorbidities) are yet to be

established. Furthermore, trained pheno-

type detection models must be robustly

validated in ways that closely align with

real-world scenarios. Hindered by the

scale of efforts required, progress toward

incorporating IR-based phenotyping in

medical diagnostic routines has been

limited.38

To assess whether an alliance between

IR fingerprinting and machine learning

could fuel a single-measurement multi-phenotype medical

diagnostics platform, we applied Fourier transform IR (FTIR)

spectroscopy to profile blood plasma in a large phenotyped

cohort. Experimentally, we measured 5,184 samples from 3,169

individuals within the population-based Cooperative Health

Research in theRegionofAugsburg (KORA) longitudinal cohort,39

representing a potential patient population. Profiling the largest

population with IR fingerprinting to our knowledge, our study

aimed to examine the capacity of the approach to comprehen-

sively detect several medically relevant human health pheno-

types. With an age range of 32–88 years and the corresponding

frequent occurrence of multimorbidity in the older age groups,

we focused on the capacity to simultaneously detect a set of

commonly occurring phenotypes—dyslipidemia, hypertension,

prediabetes, type 2 diabetes, interrelated conditions of the

metabolic syndrome (MetS), and healthy states. We employed

different methods of validating how such a parallel, multilabel

2 Cell Reports Medicine 5, 101625, July 16, 2024
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phenotype classification model performed to examine the utility

of the proposed approach. Furthermore, we examined the corre-

lations between clinical laboratory test analytes and the informa-

tional content of IR spectra, facilitating their broader interpret-

ability in a known clinical context. Our results provide a strategy

to enable a robust and efficient multi-phenotyping platform.

RESULTS

Study characteristics for testing IR fingerprinting in
populational screening
To test the performance of IR fingerprinting, we analyzed the

KORA population-based longitudinal cohort.39 The study cohort

comprised a random sample from the general adult population,

aged 32 to 88 years, in Southern Germany (STAR Methods;

Table S1). Our analysis included samples from two time points

within the cohort: KORA-F4, sample set #1 (conducted between

2006 and 2008) and KORA-FF4, sample set #2 (conducted be-

tween 2013 and 2014), both of which are follow-ups of the

KORA-S4 study (conducted between 1999 and 2001). The first

sample set (KORA-F4) included 3,044 participants, while the

second (KORA-FF4) included 2,140 participants. In total, 5,184

blood plasma samples from 3,169 unique individuals were

considered. Among these, 2,015 individuals participated in

both sample sets. Extensive medical examinations were per-

formed on the participants using standardized protocols (STAR

Methods). FTIR spectroscopy in transmission mode was per-

formed on all 5,184 samples in two independent measurement

campaigns—one for each sample set—where the measurement

times were separated by an average of 2.7 years. The two sam-

ple sets were thus collected at different times, freezer-stored for

varying periods, and measured independently—all on a multi-

year scale (STAR Methods).

Combining IR spectroscopy of human blood plasma with ma-

chine learning analysis, we put forward a rapid approach for

describing several characteristics of human health at a popula-

tional level (Figure 1). Our study aimed to investigate the potential

of IR molecular fingerprints to simultaneously detect commonly

occurring chronic conditions and non-communicable diseases

(NCDs) through a single, cost-efficient sample measurement.

As proof of concept, we focused on conditions that were

highly prevalent in multimorbid individuals (Figure 2A). Dyslipi-

demia was the most frequently occurring condition among the

population, accounting for a total of 49% of the first sample

set and 42% of the second sample set. Hypertension was the

second most commonly occurring condition, observed in 38%

of the individuals in the first sample set and 39% of the individ-

uals in the second. Prediabetic and type 2 diabetic individuals

accounted for 28% of the first sample set and 33% of the sec-

ond when combined. Corresponding to these terms, we defined

an additional category of individuals as ‘‘healthy’’—encompass-

ing individuals negative for each of the four aforementioned

phenotypes. Across the 5 phenotypes, we observed that the

investigated conditions did not occur randomly in individuals

but in certain natural combinations, such that 12 different co-

occurrence patterns existedwith varying prevalence (Figure 2A).

The healthy group was found to be the largest sub-category of

individuals in both sample sets.

IR fingerprinting enables simultaneous detection of
multiple phenotypes
The capacity to capture and distinguish if a single phenotype or

any combination of phenotypes existed in an individual would be

essential for health screening and monitoring.40,41 To evaluate

whether IR molecular fingerprinting has any capacity herein,

we first examined the study cohort in a cross-sectional fashion.

Specifically, we tested whether the approach was sensitive and

robust enough to simultaneously detect the presence of dyslipi-

demia, hypertension, prediabetes, and type 2 diabetes and the

absence of these conditions (the healthy group).

We developed amultilabel machine learning classifier capable

of simultaneously detecting and distinguishing between the con-

ditions of interest, with the output being a five-dimensional vec-

tor describing the phenotypic state of each individual (Figure 2B).

The classifier incorporated a procedure in which the task was

broken down into five binary classifications linked through a

chain of decisions (STAR Methods). This allowed the multilabel

classifier to consider correlations between the outcomes, lead-

ing to improved detection performance, as well as consider

mutual exclusivities (e.g., diabetic individuals cannot be predia-

betic and an individual with any chronic condition cannot be in

the healthy group).

The inclusion of two sample sets from the examined study

population allowed us to test how the classification performed

with several validation methods (STAR Methods; Figure S1).

First, we applied a 10-fold cross-validation, independently, on

each of the two sample sets. This resulted in two classification

performance estimates (one for the sample set #1 and another

one for the sample set #2), whereby the two sample sets were

collected as well as measured years apart. Yet, since a signifi-

cant portion of individuals were sampled at both time points,

and their samples contributed to both sample sets, the cross-

validated metrics are not truly independent of each other in the

initial examination here. To overcome this and ensure a robust

evaluation unbiased by any possible overlap of the involved

individuals, we applied a further validation strategy to examine

how the classification performed when tested on samples from

entirely different individuals. Specifically, the classifier was

repeatedly trained on a portion of individuals from sample set

#1 and tested on a held-out portion of independent individuals

from sample set #2 (STARMethods). This strategy was designed

to test the classification’s generalizability over sample storage

time, measurement time, as well as across different individuals.

The complex multi-output nature of this classification, which

encompasses the occurrence of 12 clinically feasible phenotype

combinations (Figure 2A), requires a more thoughtful evaluation

as predictions may be partially correct. We therefore considered

three established metrics that measure multilabel prediction ef-

ficacy in different ways: the exact match ratio, Hamming score,

and Hamming loss (metric definitions further explained in

STAR Methods).42–45 Briefly, the exact match ratio rewards pre-

dictions that accurately identify the physiological state of a sam-

ple across all possible outcomes—scoring each 5-dimensional

prediction with either a 0 or 1. The metric is strict as it treats

partially correct predictions as wholly incorrect. In contrast, the

Hamming score considers partially correct predictions as having

value. For a given sample, it is defined as the proportion of
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correctly predicted positive outcomes to the total number of pre-

dicted/actually positive outcomes for the sample. The Hamming

loss is defined as the proportion of incorrectly predicted labels

across all samples and the 5 labels. All three metrics range

from 0 to 1, where higher values for the exact match ratio and

Hamming score indicate better predictive performance, while a

lower Hamming loss indicates better performance. To provide

a consistent interpretation, we calculate 1 � Hamming loss,

where higher values also signify better predictive performance.

Unlike binary predictions, where a threshold of 0.50 is often

assumed to gauge classifiersmaking randompredictions, a con-

textually relevant point of comparison formultilabel classification

is more complex and dependent on the definition of the evalua-

tion metric (details on chance predictions in STAR Methods).

Applying the multilabel classification, we found that the

approach was capable of predicting all the exact phenotypic

outcomes of the probed individuals with exact match ratios of

0.58 and 0.55 when independently cross-validated on each of

the two sample sets (Figure 2C, light/dark blue bars). Impor-

tantly, the performance of the classification was stable between

sample set #1 and #2, with differences falling within the standard

deviation of the validation splits. When the classification was

A B C

D

ESample set #1, ntotal= 2953

n=881

n=651

n=319

n=270

n=172

n=145

n=138

n=123
n=107
n=75
n=41
n=31

Dyslipidemia

Hypertension

Prediabetes

Type-2 diabetes
Healthy

Sample set #2, ntotal= 2055

n=625

n=382

n=210

n=168

n=142
n=108
n=101
n=93
n=74
n=73
n=41
n=38

Dyslipidemia

Hypertension

Prediabetes

Type-2 diabetes

Infrared molecular fingerprint

[x1 x2 ... xm y1 y2 y3 y4]

[x1 x2 ... xm y1 y2 y3]

[x1 x2 ... xm y1 y2]

[x1 x2 ... xm y1]

[x1 x2 ... xm]

y3

y4

y5

y2

y1

Input

Output

Input

Output

Input

Output

Input

Output

Input

Output

Dyslipidemia classifier

Hypertension classifier

Type-2 diabetes classifier

Prediabetes classifier

Healthy classifier

Chained logistic
regression ensemble

[x1 x2 ... xm]

Dyslipidemia
Hypertension

Type-2 diabetes
Prediabetes

Healthy

[y1 y2 y3 y4 y5]

1.0

0.8

0.6

0.4

0.2

0.0

S
en

si
tiv

ity

Specificity
1.0 0.8 0.6 0.4 0.2 0.0

Dyslipidemia
Hypertension

Type-2 diabetes
Healthy

Prediabetes
0.80 (±0.03)

0.95 (±0.02)
0.93 (±0.02)

0.73 (±0.04)
0.78 (±0.03)

0.94 (±0.02)
0.91 (±0.02)

0.73 (±0.04)
0.77 (±0.02)

0.94 (±0.01)
0.90 (±0.01)

0.76 (±0.04)

Sample set #1 Sample set #2 Independent testing
0.99 (±0.00) 0.97 (±0.00)0.98 (±0.00)

D
iff

er
en

ce
[a

.u
.]

Sample set #1
Sample set #2

Dyslipidemia2

0

1

‒1

‒2

1e‒3

D
iff

er
en

ce
[a

.u
.]

Sample set #1
Sample set #2

Hypertension2

0

1

‒1

‒2

1e‒3

D
iff

er
en

ce
 [a

.u
.]

Sample set #1
Sample set #2

Prediabetes2

0

1

‒1

‒2

1e‒3

D
iff

er
en

ce
 [a

.u
.]

Sample set #1
Sample set #2

Type-2 diabetes2

0

1

‒1

‒2

1e‒3

D
iff

er
en

ce
[a

.u
.]

Sample set #1
Sample set #2

Healthy2

0

1

‒1

‒2

1e‒3

1000 1200 1400 1600 1800 2800 3000
Wavenumber [cm-1]

Exact match ratio Hamming score 1 - Hamming loss

Sample set #1
Sample set #2
Independent testing

1.0

0.8

0.6

0.4

0.2

0.0

0.58 0.55 0.51
±0.03 ±0.04 ±0.02

0.71 0.67 0.62
±0.03 ±0.03 ±0.03

0.86 0.85 0.82
±0.01 ±0.01 ±0.01

Healthy

Figure 2. Detection of highly prevalent and co-occurring phenotypes using IR molecular fingerprints

(A) Distributions of all possible combinations of the investigated phenotypes in sample set #1 (upper panel) and sample set #2 (lower panel), encompassing the

study cohort. Due to unknown/missing values in the medical records relevant to the listed phenotypes, 91 samples (out of 3,044) were excluded from sample set

#1 and 85 samples (out of 2,140) were excluded from sample set #2. Individuals with listed phenotypes are highlighted in black, with each row representing a

group of combined phenotypes and its height scaled by the number of individuals in that group.

(B) Model architecture of a multilabel classifier trained to describe the phenotypic state of each input IR spectrum, giving out a five-dimensional vector. A chained

binary classification modeling method was applied where each model classifies one outcome against all others using the depicted classification order.

(C) Multilabel classification performance estimates for models trained to simultaneously predict all outcomes of a given IR fingerprint. Classification performance

was estimated on unseen test samples by independently cross-validating on each sample set (sample set #1 in dark blue bar and sample set #2 in light blue bar).

For independent testing (gray bar), classification performance was estimated by training on a portion of sample set #1 and testing the trained classifier on entirely

independent individuals from sample set #2. This provides an estimate of classification generalization across measurements performed years apart, encom-

passing different training-test individuals. The white dashed lines are a reference that depicts estimates for random chance multilabel predictions for each

classification metric (STAR Methods).

(D) Receiver operating characteristic (ROC) curves for binary classifications modeling each listed outcome against the remaining of the population. For each

classification, the mean cross-validated ROC curves of the test sets are depicted and the area under the curve is listed below, along with its standard deviation.

(E) Difference between the mean IR fingerprints of samples positive and negative for each phenotype on each sample set (sample set #1 in dark blue and sample

set #2 in light blue). Gray-shaded areas depict the standard deviation of IR fingerprints negative for each corresponding phenotype.
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repeatedly tested on the sample-set-independent measure-

ments, we observed an exact match ratio of 0.51, which signifi-

cantly exceeds a chancemodel (Figure 2C, gray bars). The Ham-

ming loss ranged between 0.82 and 0.86 across the three

validation methods—revealing that, in the worst case, only

18% of the individual phenotypes were misclassified across all

the test samples. In light of the simplicity and cost-effectiveness

of the single-measurement IR fingerprinting method, combined

with the medical challenge to assess several phenotypes simul-

taneously, it was surprising to find such high multilabel predic-

tion rates across the three metrics and validation methods.

This underscores that the approach is not only sensitive to the di-

versity of phenotypes but also specific to medical aberrations

and their combinations.

This investigation also revealed that the classification perfor-

mance estimates derived through cross-validation were fairly

consistent with how the classifier performed when tested on da-

taset-independent samples—a validation approach that more

closely mirrors practical applications. However, it is important

to highlight that a minor drop in predictive efficacy was

observed. This drop underscores the importance of validating

how such classifications perform when tested on samples that

were collected andmeasured by different operators at consider-

ably different time points from the training dataset. Such data-

set-independent validation helps prevent the potential of overes-

timating how a classification would perform in more realistic

applications. Despite this drop, it was surprising to observe

that the phenotypes were encoded in IR molecular fingerprints

to an extent that enabled their robust detection, even though var-

iations between the sample sets and measurement conditions

had significant effects on the spectra (Figure S2).

Phenotype-dependent detection capacity
Since the multilabel classification was built on a series of binary

classifiers, where the predictions were driven exclusively by the

information encoded in an input IR spectrum, we further exam-

ined the diagnostic capacity of each individual phenotype-spe-

cific classifier (Figure 2D). This analysis provides a quantitative

assessment of the degree to which each individual phenotype

was detectable by the IR spectra in a case-control setting—

where the control class here combined the set of the remaining

four phenotypes (i.e., one-vs-rest analysis). To assess predictive

performance, we computed the receiver operating characteristic

(ROC) curves of each binary classification, following the same

validation procedure as previously described in the multilabel

analysis. To combine the measures of sensitivity and specificity,

we calculated the area under the ROC curve (AUC) as a summa-

rizing metric of performance.

The AUCs ranged from 0.76 for prediabetes to 0.97 for dyslipi-

demia when independently tested, which shows that all 5 pheno-

types were detectable with a high degree of confidence (Fig-

ure 2D). The highest prediction efficacies were observed for

type 2 diabetes and dyslipidemia, underscoring the approach’s

potential for these conditions. Intriguingly, the classifier detect-

ing whether an individual was healthy achieved an AUC of 0.90

when employing the sample set-independent testing method.

This revealed that the IR-based approach was capable of both

predicting each phenotype individually and providing a metric

of an overall healthy physiology. Importantly, the classification

performance remained stable across the three testing methods

for all the investigated phenotypes in this binary classification

setting.

To further assess the efficacy of detecting each individual

phenotype, we repeated the aforementioned analysis but

removed the chain mechanism such that each phenotype was

classified with an independent binary classifier (Figure S3).

Without the chain, all classifications perform comparably well

(Figure 2D vs. Figure S3). This similarity in predictive efficacy

was expected for the binary classifications, as all predictions—

whether chained or not—relied exclusively on information in

the IR spectra. Hence, the classifiers did not require information

about the predictions of previous classifiers as they were able to

leverage all the information encoded in the IR spectrum. The only

noticeable (albeit minor) drop in prediction efficacy was

observed for prediabetes detection. This likely arose from the

fact that prediabetes is an intermediate condition, and the con-

trol class included both type 2 diabetic and normal glucose

tolerant (NGT) individuals. Therefore, we found that a single

(linear) classifier struggled to single out the intermediate predia-

betic cases, compared to combining multiple linear classifiers

that have the capacity to single out NGT and type 2 diabetic in-

dividuals as well.

Phenotype-specific IR spectral signatures
Investigating the capacity to detect medically relevant pheno-

types—both individually and simultaneously—raised the ques-

tion of whether the molecular signature of individuals positive

for a phenotype was characteristically distinct from those nega-

tive for it. To examine this, we calculated the difference between

the mean IR molecular fingerprint of individuals positive for a

phenotype and that of the remaining individuals’ combined set

of fingerprints encompassing the four remaining phenotypes

(Figure 2E).

Differences in the molecular IR signatures of individuals

bearing dyslipidemia, hypertension, and diabetic states showed

very characteristic profiles with clear distinctions between one

another. The signature of prediabetic individuals was revealed

to share a very similar shape to that of individuals bearing type

2 diabetes—with only smaller variations in the magnitude of

the differences. The latter finding is both promising and reassur-

ing, given that prediabetes is an intermediate condition at a high

risk of progressing into type 2 diabetes. Moreover, it was very re-

assuring to observe that the region with the most significant dif-

ferences in the IR fingerprints of type 2 diabetic cases and con-

trols was 1,000–1,180 cm�1, with the peaks aligning with known

spectral signatures of glucose.46 When the fingerprints of the

healthy individuals were compared to all the other individuals

in the population, the differences revealed a shape that is similar

to the inverse differences of all the other conditions studied—

thereby supporting the aforementioned results. Crucially, the

signatures of all phenotypes remained stable between the two

sample sets, given the heavy overlap between the two curves

depicted for each phenotype. Summarizing, these comparisons

of spectral differences further corroborate the distinctive proper-

ties and reproducibility of the plasma-based IR fingerprinting

approach.
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Comparing the predictive value of IR fingerprints to
clinical analytes
To examine the predictive value of IR molecular fingerprints in

relation to standard clinical analytes, we repeated the multilabel

classification but in a modified fashion. Rather than using IR fin-

gerprints, we used a set of 12 commonly measured analytes

from blood-based clinical chemistry and hematology analysis

as the input features to make predictions (Figure S4). These an-

alytes are widely used in blood cell counts, along with metabolo-

mic and lipidomic panels.

Using the 12 clinical analytes as exclusive predictors of the

studied phenotypes, this multilabel classification gained a slight

advantage over the classification based only on IR fingerprints—

with an exact match ratio of 0.57 and Hamming score of 0.70,

compared to the previously mentioned exact match ratio of

0.51 and Hamming score of 0.68 (Figure 2C vs. Figure S4A).

As the panels of clinical analytes included fasting glucose, he-

moglobin A1c (HbA1c), low-density lipoprotein (LDL) choles-

terol, high-density lipoprotein (HDL) cholesterol, and triglycer-

ides, it was not surprising that an improvement in predictive

capacity was observed when predicting type 2 diabetes and

dyslipidemia as such clinical parameters are often used to clini-

cally diagnose these conditions (Figure 2D vs. Figure S4B). For

the condition that is not closely defined by such analytes, hyper-

tension, the IR-based model outperformed the clinical-based

model.

The involved costs of instrumentation and reagents, alongwith

turnaround times, are a limiting factor for blood-based clinical

laboratory testing. In contrast, the IR-based approach offers a

reagent-free, one-shot measurement of bulk plasma, providing

a comprehensive view of the sample’s cross-molecular profile.

This provides an efficient means of predicting the presence of

health conditions, requiring minimal sample preparation, small

sample volume, and short measurement time. A further highlight

is that the IR-based approach is not limited to health conditions

closely defined by conventional clinical laboratory parameters.

IR fingerprints are sensitive to anthropometric
parameters
Gender, age, and body mass index (BMI) are risk factors for

NCDs and chronic conditions.47,48 Should plasma-based IR fin-

gerprints encode the contributions of such anthropometric pa-

rameters, their effects on the IR fingerprints would potentially

influence the predictions of models trained to detect clinical

phenotypes.

To investigate the extent of their contributions, we first

examined the capacity to predict the gender, age, and BMI of

the sampled individuals using their IR molecular fingerprints

(Figures S5A–S5C). Classifying gender was highly successful,

achieving an AUC of 0.96. Estimating age with multivariate

regression modeling was possible with an R2 value of 0.58 and

a root-mean-square error (RMSE) of 8.39 years. BMI was esti-

mated with an R2 value of 0.43 and an RMSE of 3.66 kg/m2.

These results demonstrate the unambiguous impact of gender,

age, andBMI on blood-based IRmolecular fingerprints, affecting

any future diagnostic applications.

To further investigate their contributions independently of any

possible health deviation, we performed the same analysis, but

only on the healthy subset of individuals (Figures S5D–S5F). In

this setting, classifying gender remained stable, with an AUC of

0.96. The efficacies of estimating age and BMI, however, were

reduced to R2 values of 0.52 and 0.37, respectively. Given that

it was more challenging to estimate age and BMI in the healthy

subset, this analysis suggested that NCDs or chronic conditions

had an influence on the models estimating these anthropometric

parameters. This supported the notion that the signals of aging

and increased BMI are reflected in declining health states.

Prompted by these results, we further examined the capacity

to detect each phenotype in a case-control setting—but classi-

fying on samples of similar anthropometric distributions, rather

than considering the populational distribution as previously.

For each phenotype, we pair-matched a case individual to a con-

trol individual of similar gender, age, and BMI to minimize their

possible contributions (Table S2). Using independent classifica-

tion models, the AUCs ranged from 0.60 for prediabetes to 0.97

for dyslipidemia (Figure S6)—newly revealing that the contribu-

tion of these anthropometric parameters was higher for pheno-

types with weaker disease signals.

Overall, we identified anthropometric parameters that signifi-

cantly influence IR molecular fingerprints and, thereby, affect

the phenotype classificationmodels. These findings shall directly

inform any future IR fingerprinting medical case evaluations as

well as case-control clinical study designs.

IR fingerprints uncover shared pathophysiologies of
MetS
MetS isacomplexprogressive conditioncharacterizedbyamani-

festation of interconnected metabolic abnormalities involving

visceral obesity, hyperglycemia, raised blood pressure, raised tri-

glycerides, and lowered HDL cholesterol (Figure 3A). Although its

definition andpathogenesis are controversial,49,50MetS identifies

individuals with shared pathophysiology—ones who are at risk of

developing further health conditions, such as atherosclerotic car-

diovascular disease, type 2diabetes,51 cerebrovascular events,52

liver cancer,53 andcolorectal cancers.54Robust yet unsophistica-

ted methods of identifying individuals with MetS would not only

facilitate a better understanding of its pathophysiology but also

enable efficient methods of stratifying populations into different

levels of risk. This approach could further facilitate individualized

pharmacologic and/or lifestyle interventions.55,56

Following the harmonized criteria of the International Diabetes

Federation and the American Heart Association/National Heart,

Lung, and Blood Institute,57 MetS is present when at least three

out of five aforementioned metabolic risk factors are present. As

an early sign ofMetS, one or two risk factors qualify as pre-MetS,

a precursor condition thatmay represent the critical intermediate

transition phase.58,59 Breaking down the number of risk factors

we observed in our two sample sets, we found that most individ-

uals were at a pre-MetS stage (Figure 3B). At the pre-MetS

stage, visceral obesity was the most prevalent risk factor, fol-

lowed by hypertension and hyperglycemia (Table S3).

Employing the IR fingerprinting approach, we first systemati-

cally evaluated the extent to which we can single out individuals

with varying numbers of metabolic risk factors from those with

none (Figure 3C). We found that the classification efficacy

increased when the number of metabolic risk factors increased
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within the group. Intriguingly, the approach had the capacity to

single out pre-MetS cases with a high efficacy—achieving an

AUC near 0.75 when identifying individuals with one risk factor

and an AUC near 0.90 when identifying individuals with two con-

current risk factors. This observation underscored the classi-

fier’s ability to stratify individuals depending on their metabolic

burden.

We further discovered the high capacity of identifying individ-

uals with MetS, achieving an AUC near 0.90 (Figure 3D). This

further highlighted the high efficacy of identifying those at a

greater risk of developingmore serious health conditions, as pre-

viously mentioned.

IR fingerprints forecast the development of MetS
In contrast to detecting the presence of MetS and metabolic risk

factors, the longitudinal aspect in our dataset enabled us to also

assess the capacity of forecasting the possible future develop-

ment of MetS (Figure 3E). Within the study population, a subpop-

ulation of 2,015 individuals participated in both baseline (sample

set #1) and follow-up (sample set #2) samplings. Of these individ-

uals, 1,387 did not have MetS at baseline, and among them, 233

developed MetS during the 6.5-year follow-up period. We con-

structed a predictive model that aimed to identify the individuals

who transitioned fromnot havingMetS at baseline but developed

it in the follow-up sampling. As the control group, we used the

1,154 individuals who remained free of MetS throughout both

samplings. Classifier training and testing were performed exclu-

sively on the IR spectra of the baseline sampling (via 10-fold

cross-validation). The binary outcomes, which denote whether

each individual developedMetSduring the follow-up,weredeter-

mined by reviewing medical records from the follow-up. We

found that the baseline measurements could effectively forecast
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Figure 3. Detecting shared pathophysiologies through the metabolic syndrome

(A) Metabolic syndrome (MetS) was defined according to the harmonized criteria of the International Diabetes Federation (IDF) and American Heart Association/

National Heart, Lung, and Blood Institute (AHA/NHLBI)—requiring individuals to have at least three of the five listed metabolic risk factors.

(B) Proportion of samples with different numbers of concurrent risk factors. The pure sample counts are listed on each corresponding bar. Samples with unknown

values for any of the risk factors were excluded. Distributions of sample set #1 (dark blue bars) and sample set #2 (light blue bars) are depicted separately. See

also Table S3 for a breakdown of risk factor prevalence.

(C) Binary classifiers were trained on the IRmolecular fingerprints to distinguish individuals with one, two, three, and so on risk factors from those with none of the

risk factors. Classifier validation was carried out as previously described—by cross-validating on sample set #1, cross-validating on sample set #2, and

repeatedly training on a portion of sample set #1, testing on independent individuals from sample set #2. The mean area under the ROC curve is depicted for

classifying each group, with the error bars showing the standard deviation of the AUCs across the validation sets.

(D) Binary classifiers were trained on the IR molecular fingerprints of the two population-based sample sets to distinguish those with MetS (i.e., having at least

three risk factors) and those without MetS (i.e., having two or fewer risk factors). ROC curves are depicted on unseen test samples where classifier validation was

carried out as previously described. The mean AUC is listed for each validation type, along with the standard deviation across the validation sets.

(E) Binary classification to forecast the future onset of MetS using IR molecular fingerprints. The classifier was trained on individuals from two groups: those who

did not have MetS at baseline and developed it by the follow-up (n = 233), and those who did not have MetS at baseline and remained without it by the follow-up

(n = 1,154). Classifier training and testing (via a 10-fold cross-validation) was performed exclusively onmeasurements from the baseline visit (sample set #1), while

the medical records of the follow-up were examined to set the outcomes that describe whether the syndrome was developed (within an average of 6.5 follow-up

years). The mean test AUC is listed along with its standard deviation.
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the future onset of MetS within the 6.5-year follow-up period,

achieving an impressive AUC of 0.77 (Figure 3E). This AUC

is comparable to a previously reported proteomics-based

approach using 11 serum proteins, albeit over a 10-year follow-

up period.60

Altogether, these results further highlighted the IR finger-

printing modality in screening scenarios as an efficient means

of early detection to reduce the risk of developing further health

conditions.

Interpreting IR spectral features through clinical
analytes
To facilitate the medical utility of the approach, the nature of IR

molecular fingerprintsmust be described in the context of known

substances—e.g., clinical chemistry analytes. Since different

biomolecules are composed of different atoms and chemical

bonds, the concentrations of distinct molecular groups may

correlate to different spectral regions at varying degrees. We

therefore investigated how each spectral feature correlated

with the concentrations of 12 commonly measured clinical lab

analytes (Figure 4A).

Triglycerides and LDL cholesterol heavily overlapped in the

regions of highest correlation with absorbance—with the re-

gions of 1,725–1,750 cm�1 (C=O stretching modes of fatty

acids61) and 2,800–2,975 cm�1 (CH2 and CH3 stretching modes

of lipid61) reflecting the highest levels of positive correlations.

Triglycerides also observed high levels of correlation with absor-

bance in the region of 1,100–1,275 cm�1 (C–O and C–O–C

stretching of carbohydrates61). As LDL is the main source of

cholesterol build-up, the total cholesterol also showed a very

similar trend in correlation across the spectral range. HDL

cholesterol, on the other hand, revealed a relatively weak corre-

lation pattern compared to the aforementioned parameters. The

remaining analytes revealed different patterns from that of the

lipid profile. As HbA1c is a glycosylated form of hemoglobin

localized within erythrocytes, it was reassuring to find that

HbA1c and glucose concentrations correlated to similar wave-

numbers. It was also expected to find that the measures of he-

matocrit (representing the volume of erythrocytes) and the num-

ber of erythrocytes had very similar patterns. Albumin, the most

abundant protein in blood plasma, showed its strongest correla-

tions at the so-called amide-I and -II bands, generally specific to

proteins (between 1,550 and 1,700 cm�1).62 The remaining pa-

rameters observed relatively weak correlations across the spec-

tral range.

These analyses were performed on the plasma IR finger-

prints to broadly interpret the information encoded in the spec-

tral positions by relating them to the concentrations of known

clinical lab analytes. Although univariate analyses provide

some insights by examining individual spectral features, they

do not capture the full scope of molecular information in the

IR fingerprints. Plasma, a highly complex biofluid, contains

numerous molecular constituents that produce overlapping

absorbance signals across different spectral features, poten-

tially obscuring one another. To comprehensively understand

the relationships between these clinical analyte concentrations

and the information embedded in the IR fingerprints, it is

crucial to consider the dependencies among spectral features.

In the following subsection, we employ multivariate analyses to

further examine relations between the clinical lab analytes and

plasma IR fingerprints.

Information is shared between clinical analytes and IR
fingerprints
To further investigate the extent to which the studied clinical an-

alytes were encoded within the IR fingerprints, we applied multi-

variate regression analysis to quantify their individual concentra-

tions using the plasma IR spectra (Figure 4B). Unlike univariate

analysis, the interactions and dependencies among all spectral

features are considered here, potentially capturing relations

that may be obscured by molecular absorbance overlap.

We found that analytes relating to the lipid profile and glucose

level were most accurately estimated, all with R2 values R 0.91

(Figure 4B). Surprisingly, the concentration of HDL cholesterol

was estimated with a high efficacy despite its relatively weak

correlations with individual spectral features as depicted in Fig-

ure 4A. This highlighted that, despite the molecular overshadow-

ing effect that likely concealed its molecular contributions at

individual spectral features, theHDL cholesterol content had suf-

ficient contributions that were distributed across several spectral

features—thereby enabling the analyte to be accurately esti-

mated when spectral dependencies were considered.

Albumin, creatinine, and HbA1c revealed relatively weaker yet

still significantly strong associations with the informational con-

tent encoded in the fingerprints. For albumin, the relatively

weaker R2 value of 0.58 sparked intriguing considerations—

particularly due to its high abundance and its integral role in

shaping the IR spectrum of blood plasma.63 This prompted us

to re-perform the analysis depicted in Figure 4B, but on non-

normalized spectra (Figure S7B). Without the normalization, no

statistically significant change was observed in the concentra-

tion prediction efficacy—neither for albumin nor for any other an-

alyte. Although it was previously reported that IR spectroscopy

using quantum cascade lasers has the means to quantify albu-

min,64 our FTIR evaluations of plasma show differences here.

This may be attributed to the fact that, in our setting, the clinical

chemistry laboratory albumin concentrations were measured in

serum (Methods), which may have contributed noise to the

task of quantifying albumin from the plasma-based IR spectra.

In addition, in this molecularly complex milieu, however, the

presence of numerous coexisting plasma molecules might

conceivably eclipse the distinctive spectral contributions of albu-

min—especially given that several other highly abundant pro-

teins overlap in their regions of absorbance.63

As nearly half of the blood volume ismade of erythrocytes, and

as they serve as a reservoir of factors secreted in plasma, it was

not surprising to find that their numbers could be estimated, to

an extent, using IR molecular fingerprints of plasma. The param-

eters that were least reflected in the IR molecular fingerprints

related to other types of blood cell counts—platelets and leuko-

cytes. This indicated that neither their intracellular molecules nor

their metabolic products strongly contribute to the extracellular

composition of plasma and that the approach is not capable of

specifically addressing their impacts on the chemistry of plasma

(without any cellular enrichment and more dedicated analysis—

e.g., immune cell profiling).
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In some instances, ratios between clinical analytes are utilized

in medical diagnostics. For instance, ratios of triglycerides, LDL

cholesterol, and total cholesterol to HDL cholesterol are often

used for cardiovascular disease (CVD) risk assessments and

have proven to be superior risk markers over individual analyte

concentrations.65 Since the IR molecular fingerprints are

capable of estimating the concentrations of different parameters

simultaneously, they are also informative to estimate ratios be-

tween them. To assess this, we calculated the ratios of triglycer-

ides, LDL cholesterol, and total cholesterol to HDL cholesterol

and studied the capacity to estimate their values (Figure S8).

Thereby, we revealed that all three ratios were well estimated,

each with an R2 value near 0.92. This highlighted the potential

of applying the approach to CVD risk assessments.

Altogether, it was evident that several distinct molecules and

molecular groups correlate to the informational content of IR
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Figure 4. Classical clinical analytes reflected in IR molecular fingerprints

(A) Pearson correlation coefficient (red curves) between the concentrations of each clinical analyte and the absorbance at each wavenumber between 1,000 and

3,000 cm�1 for preprocessed spectra. The mean absorbance spectrum of all measured IR spectra (5,184 samples) is depicted in gray on each panel as a visual

reference for the shape of the spectrum.

(B) Performance of quantitatively predicting clinical analytes using the preprocessed IR spectra of the measured population. Regression algorithms were trained

for each parameter to capture the relations between the clinically measured values and the multivariate spectral features. The predicted values follow from the

test sets of 10-fold cross-validations. Each point represents a measurement. The mean coefficient of determination (R2) and the root-mean-square error (RMSE)

are listed for each parameter, along with their standard deviations across the test splits. The diagonal (dashed red line) is a visual reference for a perfect fit.

This same investigation was carried out on non-normalized spectra (Figure S7), where the univariate correlations (A) expectedly showed shifts in correlation

trends while the efficacy of quantifying the concentration of each analyte (B) remained relatively unchanged.
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fingerprints to a high degree despite the high complexity of

blood plasma. IR fingerprint-based phenotype classification

models can thus be linked to several relevant clinical lab param-

eters, providing a level of interpreting IR-based classifications in

a known clinical context. Moreover, IR fingerprints present a

viable alternative to traditional clinical laboratory methods for

directly quantifying key clinical analytes, such as cholesterol

and glucose levels, in routine clinical lab analysis. This provides

an efficient, reagent-free means of simultaneously quantifying

several analytes in a one-shot measurement.

DISCUSSION

The value of high-throughput molecular profiling is highest when

molecular alterations have the capacity to define several medical

phenotypes. The framework for IR fingerprinting to possibly fuel

medical screening targeting the diversity of common conditions

and their combinations within a naturally variable population has

not been provided before.37,38,66 It was yet to be comprehen-

sively proven whether IR fingerprinting could facilitate the

robustness required for population-wide screening or whether

it carries any capacity to capture the reality of complexmultimor-

bid prevalence.

Combining IR spectroscopy with machine learning, our study

demonstrated that IR molecular fingerprints (1) have the capac-

ity to simultaneously detect and distinguish between common

health phenotypes, providing a basis for multi-task phenotype

detection; (2) can detect health-to-disease intermediate medi-

cal phenotypes (e.g., prediabetes and (pre-)MetS) that are of

great value to screen and stratify populations for risk of devel-

oping further health conditions and intervene timely; (3) can fore-

cast the future onset of clinically relevant health disorders,

showcasing the approach’s potential as an early detection

approach; (4) strongly correlate to the concentrations of several

clinical chemistry analytes; (5) reflect the physiological contribu-

tions of anthropometric parameters (gender, age, and BMI); and

(6) are robust to variations in sample handling, storage time, and

measurement regime differences on a multi-year scale. The

approach is powerful for high-throughput population-scale

screening. Specifically, for describing common, chronic health

state phenotypes with a single cost-effective measurement

that requires no preanalytical sample preparation or a priorimo-

lecular knowledge.

Health is multidimensional and individually heterogeneous,

and parametrizing it is non-trivial. As complex clinical traits

may be effectively probed systemically,67 system-level cross-

molecular IR fingerprints provide a new in vitro diagnostic advan-

tage here. The impact of the presented paradigm, beyond clinical

study scenarios, is manyfold. Especially as, in any adult popula-

tion, the majority of individuals with identified health aberrations

will likely havemultiple coexisting conditions, and various shared

disease mechanisms can ideally be targeted via lifestyle or phar-

macological interventions.40,55,68 Thus, screening avenues to

efficiently discern between different multimorbid states are

essential. Multimorbid states have been initially thought of as a

collection of independent ailments and are still often measured

separately. Given the direct coupling betweenmany phenotypes

(e.g., metabolic abnormalities and cardiovascular conditions),

informing measures on multimorbidity could advance therapeu-

tic strategies and help assess and stratify risk levels. Importantly,

the classifier detecting healthy individuals provided a very high

prediction capacity (AUC of 0.90 when independently tested).

This demonstrates that the approach is well suited to single

out individuals in their healthspan (the period of life free from

disease).

Beyond the phenotypes investigated here, the approach can

serve as a platform that can be extended to screen and stratify

for a variety of other health conditions. It may also be suitable

for conditions of either unknown molecular origins or ones

without knowledge of the underlying multi-molecular changes.

To better understand and capture sub-clinical, intermediate phe-

notypes, we showcased how IR fingerprinting could facilitate the

isolation of actionable at-risk phenotypes. Specifically, reporting

on prediabetes could present an intervention that may prevent or

delay the onset of type 2 diabetes that would, in turn, reduce the

incidence of atherosclerotic CVD, kidney disease, vascular de-

mentia, and Alzheimer’s disease.69–72 Although methods for

diagnosing prediabetes and type 2 diabetes are available,73,74

tools to identify individuals at risk for type 2 diabetes that could

guide interventions are still lacking.75 The second example is the

capacity of IR fingerprinting to detect pre-MetS, a precondition

and risk factor that may contribute to the evolution of further dis-

eases. Thus, the presented framework is valuable for dynamic

risk predictions across a variety of phenotypes as well as to cap-

ture combined conditions and potentially forecast their future

onset—especially given its minimally invasive nature, ease of

measurement, and low cost of the approach.

Previous clinical spectroscopy studies typically relied on rather

small patient cohorts, hindering the potential of developing IR-

based diagnostic models that adeptly generalize to larger popu-

lations.38 Involving two datasets, from samples collected at two

different times as well as experimentally measured years apart,

we not only cross-validated the outcomes of each sample set

separately but also further validated the robustness of our find-

ings in a more realistic validation setting. Specifically, we were

capable of training a classifier on samples from individuals

collected at a point in time and testing this classifier on a different

group of individuals that weremeasured years apart. Such a vali-

dation approach limited the potential to overestimate the clinical

efficacy of our developed detection models. Additionally, the

analyzed study paradigm reduced the possibility of patient selec-

tion bias since the individuals assessedwere fromanaturally het-

erogeneous population-based study involving a variety of poten-

tial conditions and health states—thus reflecting a realistic

demographic distribution and true disease prevalence.

Limitations of the study
Critically seen, the generalizations of our machine learning appli-

cations may be limited to the studied population—where many

individuals likely share similar genetic backgrounds and life-

styles.39 To investigate the extent of this limitation, the models

must be further tested on independent sets of ethnically diverse

individuals. Secondly, the presented metrics of model validation

considered the ground truth to be the health characterizations

determined using existing clinical evaluations and may have

been limited by the efficiency of the clinical analytical procedures
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performed. For instance, diagnosing prediabetes and type 2 dia-

betes relied on an oral glucose tolerance test. Although

commonly applied, this diagnostic approach is influenced by a

multitude of physiological fluctuations.74,76 Finally, some of our

analyses treated two time-separated samplings of partially over-

lapping individuals as two cross-sectional sample sets. This may

partially explain the agreement between the cross-validations

performed on the two sample sets. Additional testing on cohorts

from fully independent clinical studies would provide an even

more definitive verification of our findings.

Conclusions
The human body is a dynamic and complex system—with a

multitude of ongoing biochemical processes driven by genetics,

individual lifestyles, and aging.77 The role of IR fingerprints to

predict future disease onset and regression will need to be

further assessed in additional longitudinal analyses that will be

important to even more accurately capture and model (sub)clin-

ical phenotypes, especially in light of the heterogeneity of per-

son-specific healthspans. The concept of within-person stability

of IR fingerprints has been revealed,78 and we also demon-

strated the underlying concept that time-tracking of IR finger-

prints enhances phenotype detection.79 However, it still remains

to be proven whether decades-long health state trajectories can

be decoded with IR fingerprinting.

Altogether, this study sets a framework with analytical validity

and clinical utility that could reduce and streamline clinical oper-

ations, improve sample turnarounds, accelerate time to treat-

ment for a variety of medical conditions, and risk stratify popula-

tions. We identify the value of IR fingerprinting when combined

with machine learning as a multi-phenotyping modality able to

fuel medical screening at very affordable costs and demon-

strated potential to complement health checkups. If further

developed and independently validated, the approach has the

potential to provide actionable information to support and

empower reliable clinical decisions while conserving resources.
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STAR+METHODS

KEY RESOURCES TABLE

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Mihaela �Zigman

(mihaela.zigman@mpq.mpg.de).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d The data of this study are available upon request by means of a project agreement from KORA (https://helmholtz-muenchen.

managed-otrs.com/external). Requests should be sent to kora.passt@helmholtz-muenchen.de and are subject to approval by

the KORA Board.

d This study does not report original code. Details on the software and algorithms used in this study are listed in the key resources

table and STAR Methods.

d Any additional information required to reanalyze the data reported in this study is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Study design and sample collection
The KORA study is a population-based cohort in Southern Germany.39 It served as the basis for analysis in this work. The study

comprised of an age- and gender-stratified sample of participants randomly drawn from the resident registration offices within

the study area. The KORA S4 baseline was conducted in 1999–2001 (n = 4261) and was followed up in 2006–2008 (n = 3080) and

2013–2014 (n = 2279) –- named KORA F4 and KORA FF4, respectively.85 Medical examination data and blood plasma samples

from the available subset of the KORA F4 (n = 3044) and FF4 samplings (n = 2140) were included in this work and were denoted

by sample set #1 and sample set #2, respectively. Within these sample sets, some individuals participated in only one sample dona-

tion, while others participated in both. Across both sample sets, 2015 individuals participated in both donations, while 1154 individ-

uals participated in only one donation. This results in a total of 5184 blood plasma donations from 3169 unique individuals. Data

collection methods and standardized sample collections have been described in detail elsewhere.39,85–87 Table S1 provides an over-

view of the cohort distributions. The KORA F4 and FF4 studymethodswere approved by the ethics committee of the Bavarian Cham-

ber of Physicians, Munich (EC No. 06068).

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human blood plasma of KORA cohort Helmholtz Biobank https://helmholtz-munich.de/en/epi/cohort/kora

Pooled human blood serum BioWest, Nuaille, France Cat# S4200-100; Lot# S1559454200

Deposited data

Medical examination records of KORA cohort KORA study, Holle et al.39 https://helmholtz-muenchen.managed-otrs.com/external

FTIR measurements of KORA cohort This study https://helmholtz-muenchen.managed-otrs.com/external

Software and algorithms

Python (version 3.8.8) Python Software Foundation https://python.org

NumPy (version 1.21.2) Harris et al.80 https://numpy.org

Pandas (version 1.2.4) McKinney81 https://pandas.pydata.org

SciPy (version 1.6.2) Virtanen et al.82 https://scipy.org

Scikit-learn (version 0.24.1) Pedregosa et al.83 https://scikit-learn.org

Matplotlib (version 3.5.1) Hunter84 https://matplotlib.org

Other

MIRA Analyzer (MA6) mid-infrared analyzer Clade GmbH, Germany https://clade.io
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Phenotype definitions, biochemical and hematological analysis
Individuals were identified as dyslipidemic based on abnormally elevated levels of non-HDL cholesterol with the commonly used cut-

off point at 4.1 mmol/L.88,89 Hypertension was defined based on a blood pressure test with a reading R 140 and/or 90 mmHg or by

known use of antihypertensive medication.90 The diabetic state was determined by an oral glucose tolerance test (OGTT) or a vali-

dated self-report.85,87 Self-reported diabetes was confirmed by contacting the responsible physicians, medical chart reviews, or by

taking self-reported glucose-lowering medications.85 For individuals with no prior diagnosis of diabetes, an OGTT test was per-

formed and the diabetic state was determined according to the 1999 WHO diagnostic criteria.87,91 Prediabetes included individuals

with impaired fasting glucose, impaired glucose tolerance, or both. As previously applied to the KORA F4 and FF4 samples,92 meta-

bolic syndrome was defined according to the harmonized criteria proposed by the International Diabetes Federation (IDF) and Amer-

ican Heart Association/National Heart, Lung, and Blood Institute (AHA/NHLBI) in 2009.57 Metabolic syndrome was present ifR 3 of

the following 5 criteria were satisfied: (1) waist circumferenceR 94 cm for males,R 80 cm for females; (2) systolic blood pressureR

130 mmHg or diastolic blood pressure R 85 mmHg or treatment with anihypertensive medication; (3) fasting serum glucose R

100 mg/dL or intake of antidiabetic medication; (4) serum HDL cholesterol < 40 mg/dL for males, < 50 mg/dL for females, or drug

treatment for reduced HDL (fibrates); and (5) fasting serum triglycerides R 150 mg/dL or drug treatment for elevated triglycerides

(fibrates). Blood samples were collected from the cubital vein without stasis of all participants and immediately measured for the

biochemical analysis using standardized protocols described elsewhere.93–95 Blood glucose levels were determined using a hexo-

kinase method from serum.93,94 HbA1c was determined using a reverse-phase cation-exchange High-Pressure Liquid Chromatog-

raphy (HPLC) analysis.93 Total cholesterol, HDL cholesterol, and LDL cholesterol were determined using enzymatic, colorimetric

routines (CHOD-PAP) from serum.93,94 Triglycerides were determined using an enzymatic, colorimetric routine (GPO-PAP) from

serum.93,94 Creatinine was determined using a modified kinetic Jaffe reaction from serum. Hematological parameters (leukocytes,

erythrocytes, hematocrit, platelets) were determined by impedance measurements from EDTA.93,94 Albumin was determined using

immunonephelometry from serum.95

Exclusion of samples
Due to missing values in the medical examination records, some samples were excluded from analysis whenever the missing values

were relevant to the investigated question. The sample sizes used for each investigated question wasmentioned in each correspond-

ing figure.

METHOD DETAILS

Sample preparation and FTIR measurements
The plasma samples were stored at�80�C until analysis in this work. The samples were handled in a randomized and blinded fashion

where the person performing the measurement had no access to either sample identifiers or associated medical records. In advance

of the FTIR measurements, one aliquot per plasma sample was thawed and again centrifuged for 10 min at 2000 g. The supernatant

was distributed into 50 mL measurement tubes and refrozen at �80�C. Thus, all FTIR measurements were performed upon two

freeze-thaw cycles. Measurements were performed in the liquid phase using a commercially available automated spectrometer

(MIRA Analyzer, Clade.io) with a flow-through transmission cuvette made of calcium fluoride (CaF2) with a path length of approxi-

mately 8 mm. The spectra were acquired with a resolution of 4 cm-1 in a spectral range between 950 cm�1 and 3050 cm�1. A water

reference spectrum was recorded after each sample measurement to reconstruct the IR absorption spectra. To track experimental

errors over extended time,96 a measurement of quality control serum (QC, pooled human serum, BioWest, Nuaille, France) was per-

formed after every five plasma measurements. Each measurement sequence contained up to 40 samples, including the plasma and

QC samples. After each measurement sequence, the spectrometer was carefully cleaned and re-qualified according to the manu-

facturer’s recommendations. Measurements of sample set #1 were performed over the span of 3 months. Measurements of sample

set #2were performed approximately 2.7 years prior to themeasurements of sample set #1 and also spanned over 3months. As CaF2
is slightly soluble in water, the volume and path length of the measurement cuvette increases over time. Due to wearing off, different

transmission cuvettes were used between measurements of the first and second sample sets. The spectra of the QCs were used to

evaluate themeasurement error. In our previous study, involving the same experimental procedures, we found that themeasurement

error was small when compared to the inter-person biological variability of IR spectra of serum.78

Measurement preprocessing
Preprocessing of the IR spectra was performed as in our previous study.21 If the liquid sample contains less water than the reference

(pure water), negative absorption occurs. This was corrected by a previously described approach where a scaled water absorption

spectrum was added to each sample spectrum using a coefficient optimized such that the first derivative of the signal between 2000

and 2300 cm�1 is minimal.21,78,97 Subsequently, all spectra were truncated to 1000–3000 cm�1 and the region between 1800 and

2800 cm�1 was removed since, in plasma, it observes no significant and biologically relevant absorbance. Each measured spectrum

was then treated as a vector and normalized using the L2 norm, unless otherwise mentioned in the figure legend. The normalization

helps to correct for measurement noise and spectral differences that can arise from changes in the total molecular concentration in
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the samples (e.g., owing to variations in sample collection, storage/handling, and processing) as described in previous work.78,98

Figure S2 depicts the effect normalization had on the comparability between different groups of samples.

QUANTIFICATION AND STATISTICAL ANALYSIS

Classification analysis
An L2-regularized logistic regression algorithm was used for the classification analysis. To enable multilabel predictions, where an

input can be assigned to multiple labels (i.e., phenotypes), a chaining method was employed.42,99 The strategy consisted of fitting

one logistic regression classifier per modeled label. The architecture and label order of the classification chain was depicted in Fig-

ure 2B. When training, each classifier was fit on a training set of IR spectra, in addition to the true labels of the investigated pheno-

types. The first classifier in the chain had no additional information other than the input IR spectra and the true labels relevant to its

prediction (dyslipidemia). Subsequent classifiers had additional access to the true labels from all preceding phenotypes when

training. When making predictions, only the input IR spectra were used and the predictions of each preceding classifier got passed

on to all other classifiers comingwithin the chain since all the true labels are hidden from the classifier chain. Naturally, the order of the

classification had an effect on the predictive performance of themultilabel classification. To investigate its effects and select a model

with the optimal classification order, an exhaustive grid search was carried out on all possible permutations of ordering the 5 labels to

examine the predictive performance of each multilabel classification variant. The grid search was only carried out on measurements

from sample set #1 where each label order was tested in a 10-fold cross-validation. A large number of label arrangements were found

to lead to similar predictive efficacies (Table S4). It was reassuring to observe that the top performing models followed analytically

comparable label arrangements – e.g., the classifier detecting whether an individual was healthy remained toward the end of the

chain. From the total of 120 possible label arrangements, the order which maximized the exact match ratio was selected since

this investigation on sample set #1 showed that consistent results would be achievable using different arrangements. The commonly

used metrics of exact match ratio, Hamming score, and Hamming loss were used as measures of overall multilabel performance

(further explained below).43–45,100 Based on the probabilities given by the classifiers, a threshold of 0.5 was selected to identify

each positive class prediction from a negative class prediction. Furthermore, the ROC curve was examined for each logistic regres-

sion within the chain to observe how each binary classification performed across all possible prediction thresholds. Classifier vali-

dation is described in the following section.

Validation of multilabel and binary classifications
All reportedmetrics of classification performance were validated on unseen test samples (Figure S1). Relevant to the results depicted

in Figures 2C, 2D, 3C and 3D, three types of validations were performed: (1) a 10-fold cross-validation on sample set #1; (2) another

10-fold cross-validation on sample set #2; and (3) a sample set-independent validation. For the sample set-independent validation,

our aim was to investigate how the classifications performed when tested on samples measured years apart and on entirely different

individuals from the training samples. Since a large portion of individuals overlapped between the two sample sets utilized in our

study, we could not directly train on sample set #1 and test on sample set #2. Instead, we held-out approximately 10% of the indi-

viduals that overlapped between the two sample sets to be used for classifier testing. We then trained the classifier on sample set #1,

using individuals not included in the held-out set. The trained classifier was then tested on the held-out portion of individuals from

sample set #2. This procedure was then repeated 10 times, holding-out a different 10% of test individuals in each iteration. This al-

lowed us to retain a large number of samples for both classifier training and testing while not violating the goal of training and testing

on fully different individuals from the two samples sets. Classification performance metrics (the exact match ratio, Hamming score,

Hamming loss, and ROC curves) were averaged across all test splits of the data and reported along with their standard deviations.

Multilabel classification metrics
In multilabel classifications, unlike binary or multiclass classifications, one input may be simultaneously associated with multiple out-

puts/labels. Interpreting the efficacy of such predictions is more complex as predictions may be entirely correct, partially correct to

varying degrees, or entirely incorrect. Therefore, several metrics that judge the prediction efficacy differently should be used to judge

the multilabel prediction. In this study, three established metrics were used: Exact match ratio,42,45 Hamming score,43–45 and Ham-

ming loss.42,43,45 Descriptions of each metric are provided below. An illustrative example of interpreting each metric is provided in

Table S5.

The exact match ratio is a strict metric that treats partially correct predictions as entirely incorrect. Given a sample xi, the prediction

is scored with a 1 only if the prediction by i exactly matches the true label vector yi associated with the sample. Otherwise, the pre-

diction is scoredwith a 0. This evaluation was performed for every sample and averaged to provide the proportion of exactly matched

predictions. Its values range from 0 to 1, where higher values indicate better prediction efficacy. The metric is expressed as the

following where I is the indicator function:

Exact Match Ratio =
1

nsamples

Xnsamples

i = 1

Iðyi = by iÞ
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The Hamming score, also known as the Jaccard similarity coefficient, considers partially correct predictions to different degrees.

Given a sample, it is defined as the proportion of predicted positive labels matching the true labels to the total number of possible

positive (predicted and actual) labels for that sample. A predicted positive label here implies the existence of a certain label/condition

(e.g., a phenotype is observed for a given sample). Themetric does not reward amodel correctly predicting that a label does not apply

to a given sample (true negative), while it penalizes false positive predictions. The metric is therefore more strict than simply calcu-

lating the fraction of predicted labels that match the true labels. Its values range from 0 to 1, where higher values indicate better

prediction efficacy, and is expressed as the following:

Hamming Score =
1

nsamples

Xnsamples

i = 1

jyiXby ij
jyiWby ij

The Hamming loss is defined as the fraction of incorrectly predicted labels across all instances and labels. It considers each class

individually and counts the number of times the model’s predictions differ from the actual labels. Its values range from 0 to 1, where

lower values indicate better prediction efficacy (i.e., lower label misclassification rate). To keep a consistent interpretation between

the three metrics, where higher values indicate better predictive efficacy, we calculated 1 - Hamming loss as follows:

1 � Hamming loss = 1 � 1

nsamples � nlabels

Xnsamples

i = 1

Xnlabels
j = 1

I
�
yi;j s byi;j

�

In the multilabel analysis applied in our study, we considered five labels. These labels can occur in any of 12 different clinically

feasible combinations, each with varying prevalence (Figure 2A). We performed a stochastic procedure to establish a benchmark

for comparing the prediction value in relation to random chance. For each of the 12 unique label combinations, we randomly sampled

1000000 5-dimensional vectors that describe the labels of the samples observed in our dataset. These sampled label vectors thus

preserve the clinically feasible label combinations that may occur and the prevalence of each label combination in the population (i.e.,

the sampling preserves the distribution of the labels). The same sampling procedure was then repeated but with a shuffling proced-

ure, thus breaking the correspondence between the two sets of 100000 5-dimensional vectors. We then computed the three metrics

described above on the two sets of 100000 5-dimensional vectors. This procedure resulted in a stochastic estimate of the three eval-

uationmetrics for a classifier making clinically feasible predictions that follow the true label distributions but was unable to learn when

to make which prediction. These estimates served as a benchmark to assess the multilabel model’s predictive efficacy and were

depicted by dashed lines in Figure 2C.

Regression analysis
An L2-regularized linear regression algorithm (ridge regression) was used for the regression analysis. IR spectra from both sample

sets were combined together and used as the model inputs. Predictive performance was estimated by the root mean squared error

(RMSE) and coefficient of determination (R2) in 10-fold cross-validations. The metrics of evaluations were calculated on the test sets,

averaged across the 10 cross-validation splits, and reported along with their standard deviation. The predicted values from the test

splits were further plotted and compared to the clinically determined ones (Figure 4B).

Feature selection analysis
No explicit feature selection algorithm was applied prior to the classification and regression analysis. Instead, our approach relied on

the relatively large sample sizes and the established ability of multivariate predictive analysis to discern optimal weights through L2

(ridge) regularization,101 alongside comprehensive testing of predictive efficacy on unseen test samples.

Analysis software
Data analysis was performed using Python (version 3.8.8). The open-source Scikit-learn package (version 0.24.1) was used for its

implementations of the logistic regression and linear regression algorithms.83
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Sample set #1 Sample set #2 Combined
(3044 samples) (2140 samples) (5184 samples)

Male proportion, % 48.23 48.79 48.46
Age, mean (± SD), years 56.19 (±13.24) 60.19 (±12.30) 57.84 (±13.01)
Body mass index, mean (± SD), kg/m2 27.62 (±4.81) 27.77 (±4.92) 27.68 (±4.85)
Total cholesterol, mean (± SD), mmol/l 5.58 (±1.02) 5.58 (±1.01) 5.58 (±1.02)
LDL cholesterol, mean (± SD), mmol/l 3.51 (±0.90) 3.48 (±0.90) 3.50 (±0.90)
HDL cholesterol, mean (± SD), mmol/l 1.45 (±0.37) 1.69 (±0.48) 1.55 (±0.44)
Triglycerides, mean (± SD), mmol/l 1.42 (±0.97) 1.38 (±0.81) 1.40 (±0.90)
Hematocrit, mean (± SD), l/l 0.41 (±0.03) 0.41 (±0.03) 0.41 (±0.03)
Erythrocytes, mean (± SD), /pl 4.53 (±0.42) 4.60 (±0.43) 4.56 (±0.42)
Leukocytes, mean (± SD), /nl 5.98 (±1.88) 5.98 (±1.66) 5.98 (±1.79)
Platelets, mean (± SD), /nl 253.99 (±62.29) 229.52 (±55.84) 243.89 (±60.91)
HbA1c, mean (± SD), mmol/mol 37.21 (±6.80) 37.05 (±6.99) 37.14 (±6.88)
Fasting glucose, mean (± SD), mmol/l 5.46 (±1.08) 5.69 (±1.19) 5.55 (±1.13)
Albumin, mean (± SD), g/l 44.57 (±3.38) 42.54 (±3.17) 43.73 (±3.44)
Creatinine, mean (± SD), µmol/l 80.45 (±21.58) 80.57 (±20.67) 80.50 (±21.21)

Supplementary Table S1. Description of study cohort, related to STAR Methods. Two time-separated samplings of a longitudinal population-
based cohort were considered.
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Longitudinally sampled study population
A

Independent testing

* using samples from the remaining
individuals not used for training

Split 4
Split 5

Split 7
Split 6

Split 8
Split 9
Split 10

Split 1

Split 3
Split 2

Train & Test*

First sampling Second sampling

D

Average of 6.5 years 
between sampling dates

 
Average of 2.7 years

 between measurement dates

Cross-validation on second sampling

Split 4
Split 5

Split 7
Split 6

Split 8
Split 9
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Split 1

Split 3
Split 2

Train & Test

CB
Cross-validation on first sampling
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Split 1

Split 3
Split 2

Train & Test

Supplementary Figure S1. Model validation procedure, related to STAR Methods. (A) Studied population consisting of naturally occurring
heterogeneity between individuals that was sampled at two time points, thus longitudinal. (B) On the first sample set of the two, 10-fold cross-
validation was performed to obtain metrics of model performance in 10 train and test splits of the samples. Each split was trained on approximately
90% of the samples and tested on approximately 10% of the remaining samples. (C) On the second sample set, the same cross-validation procedure
was performed – independently of the first. (D) In 10 splits, model training was performed on 90% of the first sample set, leaving out a different
set of individuals in each iteration. Model testing was then performed on the individuals from the second sample set who were not included in the
training data from the first sample set for each data split. The model was thus tested on a dataset of independent samples and individuals.
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Supplementary Figure S2. Effects of variations in sample and measurement conditions on IR molecular fingerprints, related to STAR Methods.
(A–B) Difference between the mean measurement of the first sample set and the mean measurement of the second on (A) non-normalized spectra
and (B) normalized spectra. Gray-shaded areas depict the standard deviation of the IR fingerprints. (C–D) Principal component analysis was
applied on the combined set of spectra from the two sample sets on (C) non-normalized spectra and (D) normalized spectra, color-coding the
measurements from each sample set. (E) Binary classifications were carried out to determine to which sample set a measurement belonged to.
Both sample sets were combined into one dataset, and the classifier was trained to assign each measurement into one sample set to determine
whether there exists differences between the IR spectra of the sample sets. Two ROC curves of the classifications are depicted – one when
applied to normalized spectra and one when applied to non-normalized spectra. The ROC curves are depicted on test samples as determined
via cross-validation. Both classifiers were capable of perfectly determining to which sample set each measurement belonged to – revealing that
measurement variations existed between the sample sets (even on normalized spectra), despite the overlapping cloud appearance depicted in (D).
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Supplementary Figure S3. Receiver operating characteristic (ROC) curves for binary classifications modeling each listed outcome against
all other outcomes (one-versus-rest) without the classifier chaining, related to Figure 2. For each classification, the mean cross-validated ROC
curve of the test sets is depicted and the area under the curve is listed below, along with its standard deviation. Model validation was carried out
as described in the main text. Compared to the ROC curves depicted in Figure 2D in the main text, the binary classification analysis here was
performed with independent binary classifiers that do not utilize the chain mechanism.
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Supplementary Figure S4. Capacity of clinical analytes to predict common phenotypes, related to Figure 2. Twelve clinical analytes (total
cholesterol, LDL cholesterol, HDL cholesterol, triglycerides, hematocrit, erythrocytes, leukocytes, platelets, HbA1c, fasting glucose, albumin,
and creatinine) were used to compare the performance of simultaneously detecting the phenotypes of interest with the performance of using the
IR molecular fingerprints as exclusive predictors (shown in Figure 2 in the main text). (A–B) Test predictive performance of a model using the
clinical analytes as the exclusive predictors. Model validation was carried out as described in the main text.
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Supplementary Figure S5. Prediction of anthropometric parameters using IR molecular fingerprints, related to Figure 2. (A) Test ROC curves for
distinguishing males from females. Classification performance was estimated by repeatedly training on 90% of the first sample set and testing on
the second sample set in 10 iterations, ensuring no overlap between the longitudinally sampled individuals. (B–C) Prediction error of regression
models trained to estimate (B) age and (C) body mass index (BMI) of the sampled individuals, combining samples from both sets. The predicted
values follow from the test sets of models fit on training sets in a 10-fold cross-validation where each point represents a measurement. (D–F) Same
procedure, but applied on the healthy subset of the population to reduce the contribution of the health phenotypes on the anthropometric parameter
predictions.
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Sample set #1 Sample set #2

Controls Cases Controls Cases

Dyslipidemia n 1298 1298 856 856
Male proportion, % 50.8 50.4 51.6 51.8
Age, mean (± SD), years 56.3 (±13.3) 57.8 (±12.1) 60.7 (±11.5) 60.6 (±11.3)
Body mass index, mean (± SD), kg/m2 27.5 (±4.8) 28.2 (±4.5) 28.4 (±4.8) 28.6 (±4.7)

Hypertension n 757 757 551 551
Male proportion, % 50.5 50.5 49.7 49.7
Age, mean (± SD), years 59.4 (±11.3) 61.1 (±11.4) 63.1 (±10.6) 64.6 (±10.4)
Body mass index, mean (± SD), kg/m2 28.0 (±4.1) 28.5 (±4.2) 27.9 (±4.3) 28.5 (±4.4)

Prediabetes n 492 492 375 375
Male proportion, % 52.8 52.8 57.1 57.1
Age, mean (± SD), years 63.1 (±11.0) 63.2 (±11.0) 65.1 (±11.1) 65.2 (±11.0)
Body mass index, mean (± SD), kg/m2 29.7 (±4.7) 29.7 (±4.8) 29.6 (±4.8) 29.6 (±4.8)

Type-2 diabetes n 335 335 295 295
Male proportion, % 59.4 59.4 60.0 60.0
Age, mean (± SD), years 66.9 (±9.3) 67.1 (±9.3) 69.2 (±9.9) 69.4 (±10.1)
Body mass index, mean (± SD), kg/m2 31.1 (±5.0) 31.2 (±5.1) 30.9 (±5.2) 31.1 (±5.3)

Healthy n 715 715 526 526
Male proportion, % 45.5 45.5 43.9 43.9
Age, mean (± SD), years 51.0 (±11.2) 49.3 (±11.4) 56.1 (±10.5) 54.5 (±10.8)
Body mass index, mean (± SD), kg/m2 26.2 (±3.9) 25.8 (±4.0) 26.5 (±3.9) 26.0 (±4.1)

Supplementary Table S2. Description of cohorts used in case-control matched classifications, related to Figure 2 and Figure S6. Matching was
performed based on gender, age, and body mass index of the sampled individuals in a pair-wise fashion.
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Supplementary Figure S6. Phenotype detection in gender, age, and body mass index matched cohorts using IR molecular fingerprints, related to
Figure 2 and Table S2. (A–E) Difference between the mean spectral measurement of cases and controls for each condition in the first sample set
(dark blue) and second sample set (light blue). The “healthy” category includes individuals having none of the other listed conditions. (F) ROC
curves for the binary classifications detecting each phenotype. The mean cross-validated ROC curve of the test sets is depicted and the area under
the curve is listed, along with its standard deviation, for each binary classification.
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Sample set #1 (baseline)

No. of risk factors Sample count Visceral obesity Hypertriglyceridemia Low HDL cholesterol Hypertension Hyperglycemia

0 547 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

1 709 473 (66.7%) 30 (4.2%) 40 (5.6%) 105 (14.8%) 61 (8.6%)

2 659 555 (84.2%) 146 (22.2%) 169 (25.6%) 264 (40.1%) 184 (27.9%)

3 548 504 (92.0%) 318 (58.0%) 238 (43.4%) 296 (54.0%) 288 (52.6%)

4 365 347 (95.1%) 333 (91.2%) 278 (76.2%) 214 (58.6%) 288 (78.9%)

5 163 163 (100.0%) 163 (100.0%) 163 (100.0%) 163 (100.0%) 163 (100.0%)

Sample set #2 (follow-up)

No. of risk factors Sample count Visceral obesity Hypertriglyceridemia Low HDL cholesterol Hypertension Hyperglycemia

0 291 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

1 562 434 (77.2%) 14 (2.5%) 7 (1.2%) 39 (6.9%) 68 (12.1%)

2 488 432 (88.5%) 107 (21.9%) 50 (10.2%) 130 (26.6%) 257 (52.7%)

3 375 361 (96.3%) 215 (57.3%) 135 (36.0%) 172 (45.9%) 242 (64.5%)

4 290 278 (95.9%) 281 (96.9%) 216 (74.5%) 121 (41.7%) 264 (91.0%)

5 97 97 (100.0%) 97 (100.0%) 97 (100.0%) 97 (100.0%) 97 (100.0%)

Supplementary Table S3. Breakdown of metabolic risk factors for pre-MetS and MetS investigations, related to Figure 3. Each row represents a
group of individuals with varying numbers of concurrent risk factors. The sample counts and percentages are listed according to the distribution of
risk factors observed in each group. Distributions of the first and second sample sets are listed separately. Samples with unknown values for any of
the risk factors were excluded.
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Supplementary Figure S7. Classical clinical analytes reflected in non-normalized IR molecular fingerprints, related to Figure 4. (A) Pearson
correlation coefficient (red curves) between the concentrations of each clinical analyte and the absorbance at each wavenumber between 1000 and
3000 cm−1 for non-normalized spectra. The mean absorbance spectrum of all measured IR spectra (n = 5184) is overlaid in gray on each panel as
a visual reference for the shape of the spectrum. (B) Performance of quantitatively predicting clinical analytes using the non-normalized IR spectra
of the measured population. Regression algorithms were trained for each parameter to capture the relations between the clinically-measured
values and the multivariate spectral features. The predicted values follow from the test sets of 10-fold cross-validations. Each point represents a
measurement. The mean coefficient of determination (R2) and the root mean squared error (RMSE) are listed for each parameter, along with their
standard deviations across the test splits. The diagonal (dashed red line) is a visual reference for a perfect fit.

10/14

Appendix A

79



0 4 8 12 16
Clinically measured value

0

4

8

12

16

FT
IR

 p
re

di
ct

ed
 v

al
ue

R2 = 0.93 (±0.05)
RMSE = 0.26 (±0.08)

Triglycerides : HDL cholesterol 

0 2 4 6 8
Clinically measured value

0

2

4

6

8

FT
IR

 p
re

di
ct

ed
 v

al
ue

R2 = 0.92 (±0.01)
RMSE = 0.26 (±0.02)

LDL cholesterol : HDL cholesterol 

0 4 8 12
Clinically measured value

0

4

8

12
FT

IR
 p

re
di

ct
ed

 v
al

ue

R2 = 0.92 (±0.01)
RMSE = 0.33 (±0.03)

Total cholesterol : HDL cholesterol A B C

Supplementary Figure S8. Performance of quantitatively predicting cholesterol ratios using IR molecular fingerprints, related to Figure 4. Ratios
were calculated by dividing the clinically measured mmol/l concentrations of triglycerides by HDL cholesterol (A), LDL cholesterol by HDL
cholesterol (B), and total cholesterol by HDL cholesterol (C). Regression algorithms were trained for each ratio to capture the relations between
the calculated values and the multivariate spectral features. Predicted values follow from test sets of models fit on training sets in a 10-fold
cross-validation. Each point represents a measurement. Model performance was measured by the mean coefficient of determination (R2) and the
root mean squared error (RMSE) and is listed for each parameter, along the standard deviation, across the test sets of the cross-validation. The
diagonal (dashed red line) represents a visual reference for a perfect fit.
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Supplementary Table S4. Predictive performance of multilabel classification using different label arrangements for optimal model selection,
related to STAR Methods. To select an optimal classification order, several permutations were tested to observe their influence on the overall
predictive efficacy. For each listed order, model performance was estimated by cross-validating on only sample set #1 to avoid introducing model
selection bias by leaking information from sample set #2 (which was used for the independent testing). The mean and standard deviation of the
calculated exact match ratio, Hamming score, and Hamming loss is listed for each of the possible 120 ordering of the 5 binary classifiers in the
chain. The last entry in the table lists the performance of a non-chained model where each of the 5 phenotypes was detected with an independent
binary classifier. Abbreviations: T2D – type-2 diabetes; PD – prediabetes.

# Label order Exact match ratio Hamming score 1 - Hamming loss

1 Dyslipidemia → Hypertension → T2D → PD → Healthy 0.58 (±0.03) 0.71 (±0.03) 0.86 (±0.01)
2 Hypertension → T2D → Dyslipidemia → PD → Healthy 0.58 (±0.03) 0.71 (±0.03) 0.86 (±0.01)
3 Hypertension → Dyslipidemia → T2D → PD → Healthy 0.57 (±0.03) 0.71 (±0.03) 0.86 (±0.01)
4 PD → Hypertension → T2D → Dyslipidemia → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
5 Dyslipidemia → Hypertension → PD → T2D → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
6 T2D → Hypertension → Dyslipidemia → PD → Healthy 0.57 (±0.03) 0.71 (±0.03) 0.86 (±0.01)
7 PD → Hypertension → Dyslipidemia → T2D → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
8 Dyslipidemia → PD → Hypertension → T2D → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
9 Hypertension → PD → T2D → Dyslipidemia → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
10 Hypertension → PD → Dyslipidemia → T2D → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
11 Hypertension → Dyslipidemia → PD → T2D → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
12 PD → Dyslipidemia → Hypertension → T2D → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
13 Dyslipidemia → Hypertension → Healthy → PD → T2D 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
14 PD → T2D → Hypertension → Dyslipidemia → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
15 Dyslipidemia → T2D → Hypertension → PD → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
16 T2D → Dyslipidemia → Hypertension → PD → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
17 Hypertension → T2D → PD → Dyslipidemia → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
18 Dyslipidemia → Hypertension → PD → Healthy → T2D 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
19 Hypertension → Dyslipidemia → Healthy → PD → T2D 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
20 PD → Hypertension → Dyslipidemia → Healthy → T2D 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
21 T2D → Hypertension → PD → Dyslipidemia → Healthy 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
22 Dyslipidemia → PD → Hypertension → Healthy → T2D 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
23 Dyslipidemia → PD → T2D → Hypertension → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
24 PD → T2D → Dyslipidemia → Hypertension → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
25 Hypertension → PD → Dyslipidemia → Healthy → T2D 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
26 Hypertension → Dyslipidemia → PD → Healthy → T2D 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
27 PD → Dyslipidemia → Hypertension → Healthy → T2D 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
28 PD → Dyslipidemia → T2D → Hypertension → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
29 Dyslipidemia → Hypertension → T2D → Healthy → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
30 Dyslipidemia → Hypertension → Healthy → T2D → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
31 PD → Hypertension → T2D → Healthy → Dyslipidemia 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
32 T2D → PD → Hypertension → Dyslipidemia → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
33 Hypertension → T2D → Dyslipidemia → Healthy → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
34 Hypertension → PD → T2D → Healthy → Dyslipidemia 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
35 Hypertension → Dyslipidemia → T2D → Healthy → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
36 PD → T2D → Hypertension → Healthy → Dyslipidemia 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
37 Dyslipidemia → T2D → PD → Hypertension → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
38 T2D → Dyslipidemia → PD → Hypertension → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
39 Hypertension → Dyslipidemia → Healthy → T2D → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
40 T2D → Hypertension → Dyslipidemia → Healthy → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
41 Hypertension → T2D → PD → Healthy → Dyslipidemia 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
42 T2D → PD → Dyslipidemia → Hypertension → Healthy 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
43 T2D → Hypertension → PD → Healthy → Dyslipidemia 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
44 Dyslipidemia → T2D → Hypertension → Healthy → PD 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
45 T2D → Dyslipidemia → Hypertension → Healthy → PD 0.57 (±0.03) 0.70 (±0.03) 0.86 (±0.01)
46 T2D → PD → Hypertension → Healthy → Dyslipidemia 0.57 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
47 PD → Hypertension → Healthy → Dyslipidemia → T2D 0.56 (±0.04) 0.69 (±0.03) 0.85 (±0.01)
48 Dyslipidemia → PD → T2D → Healthy → Hypertension 0.56 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
49 PD → Hypertension → Healthy → T2D → Dyslipidemia 0.56 (±0.03) 0.69 (±0.03) 0.85 (±0.01)
50 PD → T2D → Dyslipidemia → Healthy → Hypertension 0.56 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
51 Hypertension → PD → Healthy → Dyslipidemia → T2D 0.56 (±0.03) 0.69 (±0.03) 0.85 (±0.01)
52 PD → Dyslipidemia → T2D → Healthy → Hypertension 0.56 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
53 Hypertension → PD → Healthy → T2D → Dyslipidemia 0.56 (±0.03) 0.69 (±0.03) 0.85 (±0.01)
54 Dyslipidemia → PD → Healthy → Hypertension → T2D 0.56 (±0.03) 0.70 (±0.02) 0.86 (±0.01)
55 PD → Dyslipidemia → Healthy → Hypertension → T2D 0.56 (±0.03) 0.70 (±0.02) 0.86 (±0.01)
56 Dyslipidemia → PD → Healthy → T2D → Hypertension 0.56 (±0.03) 0.70 (±0.02) 0.86 (±0.01)
57 PD → Dyslipidemia → Healthy → T2D → Hypertension 0.56 (±0.03) 0.70 (±0.02) 0.86 (±0.01)
58 Dyslipidemia → T2D → PD → Healthy → Hypertension 0.56 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
59 T2D → Dyslipidemia → PD → Healthy → Hypertension 0.56 (±0.04) 0.70 (±0.03) 0.86 (±0.01)
60 T2D → PD → Dyslipidemia → Healthy → Hypertension 0.56 (±0.04) 0.70 (±0.03) 0.86 (±0.01)

Continued on next page.
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Supplementary Table S4. Continued from previous page.

# Label order Exact match ratio Hamming score 1 - Hamming loss

61 Hypertension → T2D → Healthy → Dyslipidemia → PD 0.56 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
62 Hypertension → Healthy → PD → Dyslipidemia → T2D 0.56 (±0.03) 0.69 (±0.03) 0.85 (±0.01)
63 Hypertension → T2D → Healthy → PD → Dyslipidemia 0.56 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
64 T2D → Hypertension → Healthy → Dyslipidemia → PD 0.56 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
65 Hypertension → Healthy → PD → T2D → Dyslipidemia 0.56 (±0.03) 0.69 (±0.03) 0.85 (±0.01)
66 Dyslipidemia → Healthy → Hypertension → PD → T2D 0.56 (±0.03) 0.69 (±0.02) 0.85 (±0.01)
67 T2D → Hypertension → Healthy → PD → Dyslipidemia 0.56 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
68 Hypertension → Healthy → Dyslipidemia → PD → T2D 0.56 (±0.03) 0.69 (±0.03) 0.85 (±0.01)
69 Dyslipidemia → Healthy → PD → Hypertension → T2D 0.55 (±0.03) 0.69 (±0.02) 0.85 (±0.01)
70 Dyslipidemia → Healthy → PD → T2D → Hypertension 0.55 (±0.03) 0.69 (±0.02) 0.85 (±0.01)
71 Hypertension → Healthy → Dyslipidemia → T2D → PD 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
72 Dyslipidemia → Healthy → Hypertension → T2D → PD 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
73 Dyslipidemia → Healthy → T2D → Hypertension → PD 0.55 (±0.03) 0.69 (±0.02) 0.86 (±0.01)
74 Hypertension → Healthy → T2D → Dyslipidemia → PD 0.55 (±0.03) 0.68 (±0.03) 0.86 (±0.01)
75 Hypertension → Healthy → T2D → PD → Dyslipidemia 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
76 Dyslipidemia → Healthy → T2D → PD → Hypertension 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
77 Dyslipidemia → T2D → Healthy → Hypertension → PD 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
78 T2D → Dyslipidemia → Healthy → Hypertension → PD 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
79 Dyslipidemia → T2D → Healthy → PD → Hypertension 0.55 (±0.04) 0.69 (±0.03) 0.86 (±0.01)
80 T2D → Dyslipidemia → Healthy → PD → Hypertension 0.55 (±0.03) 0.69 (±0.03) 0.86 (±0.01)
81 PD → T2D → Healthy → Hypertension → Dyslipidemia 0.54 (±0.03) 0.67 (±0.02) 0.85 (±0.01)
82 PD → T2D → Healthy → Dyslipidemia → Hypertension 0.54 (±0.03) 0.67 (±0.02) 0.85 (±0.01)
83 T2D → PD → Healthy → Hypertension → Dyslipidemia 0.53 (±0.03) 0.67 (±0.02) 0.85 (±0.01)
84 T2D → PD → Healthy → Dyslipidemia → Hypertension 0.53 (±0.03) 0.67 (±0.02) 0.85 (±0.01)
85 PD → Healthy → Dyslipidemia → Hypertension → T2D 0.53 (±0.03) 0.67 (±0.02) 0.84 (±0.01)
86 PD → Healthy → Dyslipidemia → T2D → Hypertension 0.53 (±0.03) 0.67 (±0.02) 0.84 (±0.01)
87 PD → Healthy → Hypertension → Dyslipidemia → T2D 0.53 (±0.03) 0.67 (±0.02) 0.84 (±0.01)
88 PD → Healthy → T2D → Dyslipidemia → Hypertension 0.53 (±0.03) 0.67 (±0.02) 0.84 (±0.01)
89 PD → Healthy → T2D → Hypertension → Dyslipidemia 0.53 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
90 PD → Healthy → Hypertension → T2D → Dyslipidemia 0.53 (±0.03) 0.66 (±0.02) 0.84 (±0.01)
91 Healthy → Dyslipidemia → Hypertension → PD → T2D 0.53 (±0.03) 0.66 (±0.02) 0.84 (±0.01)
92 Healthy → PD → Dyslipidemia → Hypertension → T2D 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
93 Healthy → Hypertension → PD → Dyslipidemia → T2D 0.52 (±0.03) 0.66 (±0.02) 0.84 (±0.01)
94 Healthy → PD → Dyslipidemia → T2D → Hypertension 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
95 Healthy → Dyslipidemia → PD → T2D → Hypertension 0.52 (±0.03) 0.66 (±0.02) 0.84 (±0.01)
96 Healthy → Dyslipidemia → PD → Hypertension → T2D 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
97 Healthy → PD → Hypertension → Dyslipidemia → T2D 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
98 Healthy → Hypertension → PD → T2D → Dyslipidemia 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
99 Healthy → PD → T2D → Dyslipidemia → Hypertension 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
100 Healthy → Hypertension → Dyslipidemia → PD → T2D 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
101 Healthy → PD → T2D → Hypertension → Dyslipidemia 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
102 T2D → Healthy → Dyslipidemia → Hypertension → PD 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
103 Healthy → PD → Hypertension → T2D → Dyslipidemia 0.52 (±0.02) 0.66 (±0.02) 0.84 (±0.01)
104 Healthy → Dyslipidemia → Hypertension → T2D → PD 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
105 Healthy → Dyslipidemia → T2D → Hypertension → PD 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
106 T2D → Healthy → PD → Dyslipidemia → Hypertension 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
107 T2D → Healthy → PD → Hypertension → Dyslipidemia 0.52 (±0.03) 0.66 (±0.03) 0.85 (±0.01)
108 T2D → Healthy → Dyslipidemia → PD → Hypertension 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
109 T2D → Healthy → Hypertension → Dyslipidemia → PD 0.52 (±0.03) 0.66 (±0.03) 0.85 (±0.01)
110 Healthy → T2D → Dyslipidemia → Hypertension → PD 0.52 (±0.02) 0.66 (±0.02) 0.85 (±0.01)
111 Healthy → Dyslipidemia → T2D → PD → Hypertension 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
112 Healthy → Hypertension → Dyslipidemia → T2D → PD 0.52 (±0.02) 0.66 (±0.02) 0.85 (±0.01)
113 T2D → Healthy → Hypertension → PD → Dyslipidemia 0.52 (±0.03) 0.66 (±0.03) 0.85 (±0.01)
114 Healthy → T2D → PD → Dyslipidemia → Hypertension 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
115 Healthy → T2D → Dyslipidemia → PD → Hypertension 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
116 Healthy → Hypertension → T2D → Dyslipidemia → PD 0.52 (±0.02) 0.66 (±0.02) 0.85 (±0.01)
117 Healthy → Hypertension → T2D → PD → Dyslipidemia 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
118 Healthy → T2D → PD → Hypertension → Dyslipidemia 0.52 (±0.02) 0.66 (±0.02) 0.85 (±0.01)
119 Healthy → T2D → Hypertension → Dyslipidemia → PD 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)
120 Healthy → T2D → Hypertension → PD → Dyslipidemia 0.52 (±0.03) 0.66 (±0.02) 0.85 (±0.01)

121 Non-chained model (label order not applicable) 0.50 (±0.02) 0.64 (±0.02) 0.86 (±0.01)
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Input True label (yi) Model output (ŷi) Exact match ratio Hamming score 1 - Hamming loss

x1
[

1 0 0 0 0
] [

0 1 0 0 0
]

0.00 0/2 = 0.00 3/5 = 0.60

x2
[

1 0 0 0 0
] [

1 1 0 0 0
]

0.00 1/2 = 0.50 4/5 = 0.80

x3
[

1 1 0 0 0
] [

1 0 1 0 0
]

0.00 1/3 = 0.33 3/5 = 0.60

x4
[

1 1 0 0 0
] [

1 1 1 0 0
]

0.00 2/3 = 0.67 4/5 = 0.80

x5
[

1 1 1 0 0
] [

1 1 1 1 0
]

0.00 3/4 = 0.75 4/5 = 0.80

x6
[

1 1 1 1 0
] [

1 1 1 1 0
]

1.00 4/4 = 1.00 5/5 = 1.00

Average 0.17 0.54 0.77

Supplementary Table S5. Example of evaluating multilabel classification metrics, related to STAR Methods. The exact match ratio, Hamming
score, and Hamming loss metrics were computed and provided as examples to demonstrate the accuracy assessment between predictions and
true labels. xi represents an input sample, yi is a five-dimensional vector of the true labels for the sample, and ŷi is the vector of predicted labels.
Erroneous label predictions are highlighted in red.
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Analytical Chemistry

The Perils of Molecular Interpretations from Vibrational Spectra of
Complex Samples

Tarek Eissa, Liudmila Voronina, Marinus Huber, Frank Fleischmann, and Mihaela Žigman*

Abstract: Vibrational spectroscopy is a widely used
technique for chemical characterizations across various
analytical sciences. Its applications are increasingly
extending to the analysis of complex samples such as
biofluids, providing high-throughput molecular profiling.
While powerful, the technique suffers from an inherent
limitation: The overlap of absorption information across
different spectral domains hinders the capacity to
identify individual molecular substances contributing to
measured signals. Despite the awareness of this chal-
lenge, the difficulty of analyzing multi-molecular spectra
is often underestimated, leading to unsubstantiated
molecular interpretations. Here, we examine the preva-
lent overreliance on spectral band assignment and
illuminate the pitfalls of correlating spectral signals to
discrete molecular entities or physiological states with-
out rigorous validation. Focusing on blood-based infra-
red spectroscopy, we provide examples illustrating how
peak overlap among different substances, relative sub-
stance concentrations, and preprocessing steps can lead
to erroneous interpretations. We advocate for a view-
point shift towards a more careful understanding of
complex spectra, which shall lead to either accepting
their fingerprinting nature and leveraging machine
learning analysis – or involving additional measurement
modalities for robust molecular interpretations. Aiming
to help translate and improve analytical practices within
the field, we highlight the limitations of molecular
interpretations and feature their viable applications.

Introduction

Infrared (IR) spectroscopy has traditionally been taught as a
powerful modality for analyzing the structure of individual
organic compounds, identifying simple chemicals, or for use
in industrial quality control and process monitoring
procedures.[1–5] More recently, its applications have ex-
panded to the quantitative analysis of complex multi-
molecular mixtures, including innovative applications in
biomedical spectroscopy and photonics.[1,2,6–14] This expan-
sion is partly attributed to advancements in instrumentation
– such as improved spectral resolution, a broader availability
of Fourier transform IR (FTIR) spectrometers, and, lately,
laser-based spectroscopic methods.[1,2,15–19] Additionally,
progress in computational methods and molecular biology
have further driven IR spectroscopy to become a prominent
tool for high-throughput probing of biological
specimens.[1,2,8,20]

IR spectroscopy probes the composition of a given
mixture by simultaneously measuring the resonant vibra-
tional response of present molecular structures when excited
by IR radiation. The principal advantage of the method is its
ability to deliver information on a wide variety of molecular
constituents within a sample in a label-free one-shot
measurement, requiring no prior knowledge and minimal
sample preparation. When analyzing single substances or
mixtures of few organic molecules, it is generally possible to
distinguish between spectroscopic signatures of different
molecular functional groups, rely on well-defined spectral
band patterns, and thus identify specific substances with
high confidence.[1,3,4] The former cannot be performed when
analyzing spectra of more complex multi-molecular samples,
such as biofluids, cellular components, or other biological
media. The overlap in absorption peaks or interference
between different molecular components hinders the ca-
pacity to link spectral signals of different functional groups
to specific substances or even molecular classes (e.g.,
carbohydrates, lipids, or proteins). Thus, while IR spectro-
scopy is highly specific to identifying functional groups,
performing peak interpretations can be challenging, and the
method generally suffers from low molecular specificity
when analyzing complex mixtures to profile biological
systems.[21–25]

Nevertheless, the desire to link spectral signals to
specific substances in a clinical scenario is omnipresent, and
misinterpretations of complex spectra remain widespread
across peer-reviewed literature. In our experience, the
question about the underlying molecular origin of spectral
signals often arises in the scientific discourse. This is usually

[*] T. Eissa, L. Voronina, M. Huber, F. Fleischmann, M. Žigman
Ludwig-Maximilians-Universität München (LMU), Chair of Exper-
imental Physics - Laser Physics, Garching, Germany
E-mail: mihaela.zigman@mpq.mpg.de

T. Eissa, M. Huber, F. Fleischmann, M. Žigman
Max Planck Institute of Quantum Optics (MPQ), Laboratory for
Attosecond Physics, Garching, Germany

T. Eissa
Technical University of Munich (TUM), School of Computation,
Information and Technology, Garching, Germany

© 2024 The Authors. Angewandte Chemie International Edition
published by Wiley-VCH GmbH. This is an open access article under
the terms of the Creative Commons Attribution License, which
permits use, distribution and reproduction in any medium, provided
the original work is properly cited.

Angewandte
ChemieScientific Perspective
www.angewandte.org

How to cite: Angew. Chem. Int. Ed. 2024, 63, e202411596
doi.org/10.1002/anie.202411596

Angew. Chem. Int. Ed. 2024, 63, e202411596 (1 of 15) © 2024 The Authors. Angewandte Chemie International Edition published by Wiley-VCH GmbH

Appendix B

85



not the right question or viewpoint, as its answers typically
depend on oversimplified assumptions. This situation under-
scores a broader issue: The classical teaching of IR
spectroscopy, which serves well for simple matrices, does
not directly extend to the analysis of molecularly complex
biological media. While many experts in the field are aware
and share this same perspective, there is still a pressing need
for a broader viewpoint shift in how spectral data is
interpreted and presented, moving towards a framework
that accommodates the complexity of biological systems.

In this Scientific Perspective, we critically examine the
limitations inherent to analyzing complex spectra – a topic
that, in our opinion, needs to be more directly and
comprehensively addressed in scientific literature. We focus
on IR spectroscopy of human blood derivatives – native
serum and plasma. We highlight examples from previous

studies where molecular interpretations range from reaching
reasonable and most likely correct conclusions to ones that
are highly speculative and questionable. Using data from
several case-control and health diagnostics scenarios we
have considered previously, we demonstrate (i) how molec-
ular interpretations can be misled by the overlap of
spectrally similar yet biologically very different molecular
substances; (ii) how measurement preprocessing can affect
data interpretations; and (iii) how linking low-abundant
substances, e.g., DNA/RNA, or protein biomarkers such as
cancer antigen 125 (CA125) or prostate-specific antigen
(PSA), to spectral signals is compromised by measurement
sensitivity and background variability. Our analyses and
conclusions are based on different case examples of mole-
cules found in cell-free human blood – proteins, lipid
particles, nucleic acids, and water-soluble metabolites (Sup-
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porting Information Table S1) – for which we measured IR
spectra. We further utilize spectra from several thousand
blood serum and plasma samples experimentally acquired in
our laboratory over the last decade.

Ultimately, we urge users and professionals in the field
of biomedical IR spectroscopy to accept the approach’s
fingerprinting nature, which inherently lacks sufficient
molecular specificity. Importantly, this property does not
prevent IR spectra from being specific to an individual or a
physiological state. To fully capture the informational
content of IR molecular fingerprints, appropriate machine
learning approaches can be used.[1,7,24,26–28] In contexts where
molecular interpretation of experimental IR spectroscopic
signatures is deemed necessary, orthogonal molecular-
specific approaches should be involved, or the sample should
be prepared in a way that reduces its molecular
complexity.[10,29–33] While we focus on IR spectroscopy of
liquid blood derivatives, the principles we discuss generally
apply to vibrational spectroscopy of diverse biological
samples (e.g., cerebrospinal fluid or interstitial fluid).[34] We
aim to help and guide the establishment of vibrational

spectroscopy as a reliable biomedical tool while acknowl-
edging its limitations. We believe that the proposed
approach shall foster broader acceptance of the technolog-
ical strengths inherent to the technique and support bridging
the gap to bring the technology closer to clinical applica-
tions.

Misleading Assignments of Spectral Regions to Molecular
Classes

The desire to systematically interpret the information
encoded in complex spectra has led to categorizing the mid-
IR into distinct regions associated with specific molecular
classes. This resulted in the emergence of depictions within
scientific literature that typically define discrete spectral
regions responsible for protein, lipid, carbohydrate, and
nucleic acid absorption.[35–40] We provide one example of
such a representation in Figure 1A. While the majority of
absorption signals of these molecular classes are indeed
present within the defined spectral regions, several impor-

Figure 1. Misleading molecular assignments of spectral regions. (A) Descriptive labeling of the mid-IR commonly assumed in scientific literature to
link different molecular classes to discrete spectral regions. A typical spectrum of human blood serum is shown in black. (B-G) Comparison
between the absorption of various blood serum components recorded separately and scaled by their typical concentrations in healthy individuals
(Supporting Information Table S1). Gray arrows indicate the counterclockwise sequence of the panels. HSA - Human serum albumin; HDL - High-
density lipoprotein; LDL - Low-density lipoprotein; VLDL - Very-low-density lipoprotein; ATP - Adenosine triphosphate; IgA - Immunoglobulin A; A1AG -
Alpha-1-acid glycoprotein.
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tant issues render this approach oversimplified and can
encourage a perspective that overlooks complexities in peak
interpretations.

First, there is the straightforward yet important consid-
eration of the relative concentrations of different molecular
classes in cell-free human venous blood. The most prom-
inent absorption bands of any single protein are the amide-I
and -II bands, located between 1500–1700 cm–1.[2,41] Proteins,
however, have other weaker absorption bands that cover all
the “fingerprint” region that spans 960–1500 cm–1, as well as
the 2800–3000 cm–1 range.[2] On the other hand, the IR
absorption of glucose – the most abundant dissolved
carbohydrate in blood plasma – is indeed strongest in the
region 960–1200 cm–1, and the absorption bands of lipids do
appear in the regions labeled in Figure 1A. The total
absorption of any molecular class, however, is a sum of the
products of concentrations of each constituent and their
absorption spectrum. The high concentrations of many
proteins make their absorption the strongest in any of the
regions mentioned above. To demonstrate this, we compare
the absorption of the single most abundant protein in cell-
free blood – human serum albumin (HSA) – to the
absorption of lipid particles (Figure 1B) and glucose (Fig-
ure 1C). Evidently, the absorption of HSA alone is at least
as significant in these regions as any of the other molecules
in the so-called “lipid” and “carbohydrate” regions, or even
more dominant.

The considerations mentioned above are not limited to
the abundance of proteins. For instance, some water-soluble
metabolites contribute to the absorption between 960–
1150 cm–1, making the “carbohydrate” label of this spectral
region also questionable. As an example, we show that the
IR absorption of glucose in its typical concentration is
comparable to that of adenosine-triphosphate (ATP), a
molecule that does not belong to the carbohydrate class
(Figure 1D). As for the “nucleic acid” region highlighted in
Figure 1A, it should be emphasized that the IR absorption
of DNA and RNA — the primary nucleic acids – cannot be
attributed to any vibrational response of cell-free blood.
These substances are present in concentrations far below the
detection limits of the current technology – a point that we
further address and discuss later in the text.

Importantly, dividing the spectral regions into the four
categories (proteins, carbohydrates, lipids, and nucleotides)
does not reflect the actual composition of cell-free blood.
Lipids, for instance, are not water-soluble and are present in
blood plasma as part of lipoprotein particles – mostly HDL,
LDL, and VLDL – in which triacylglycerols, cholesterol,
and phospholipids are found in various proportions.[42,43]

Furthermore, lipid particles contain a high percentage of
proteins, up to 33% in the case of HDL.[43] As a result, the
experimental IR absorption spectra of HDL, LDL, and
VLDL contain a clear protein spectral signature, in addition
to the absorption bands in the lipid region (Supplementary
Figure S1). Thus, while strong lipid absorption signals can
appear within the highlighted regions shown in Figure 1A,
their absorbance should not be confined to such a restricted
range, as an ensemble of diverse molecules compose each
lipid particle.

Carbohydrates are primarily present in cell-free blood
not as separate molecules but as glycans – bound to proteins
in the process of their post-translational modification.[44]

Due to the chemical similarity of free carbohydrates (e.g.,
glucose) and glycans, attributing a spectral change to an
alteration in the former or the latter is challenging without
additional analysis. To illustrate this, we compare the
absorption of two glycosylated proteins in their typical
concentrations to that of glucose (Figure 1E). It is evident
that the most prominent absorption peak of glucose overlaps
with the spectral band present in the glycoprotein vibra-
tional spectra.

The examples discussed so far may suggest that one can
confidently attribute spectral contributions of proteins, given
their high concentrations. We challenge this assumption in
Figure 1F, which shows the amide-I spectral region that is
typically used to describe changes in the protein secondary
structure.[2,22,41,45–49] We depict the IR absorption of alpha-1-
acid glycoprotein (A1AG), one of the twelve most abundant
proteins in blood plasma, compared to the absorption of
urea and ATP. It is evident that both metabolites exhibit
absorption peaks that could be mistaken for a change in the
protein’s secondary structure. This purely spectroscopic
consideration leads to more general biomedical concerns
about using protein secondary structure change as a
biomarker, as discussed previously.[21,22]

It is also important to acknowledge that there exists a
spectral region that can be quite confidently correlated with
a specific molecular class – the peak centered around
1742 cm–1 (Figure 1G). The total absorbance in this region is
predominantly due to the presence of lipid particles. There-
fore, it would be reasonable to infer a lipid-centric contribu-
tion when a strong signal is observed there, while consider-
ing the overall molecular composition of lipid particles as
discussed above.

Given these considerations, we advocate for caution
when using descriptive labels for discrete regions of the IR
spectrum, even when only intended as a foundational guide.
Such labels may lead researchers to misinterpret the spectral
signals they observe, which often requires a more critical
perspective and experimentation with additional molecular
techniques.

Spectral Similarity of Different Substances

Having demonstrated the limitations of attributing spectral
regions to molecular classes, we now take a more quantita-
tive approach to illustrate the potential for overlap among
the spectra of individual organic substances (Figure 2). We
calculated the hit quality index (HQI)[50] between pairs of
various substances to assess the IR absorption similarity of
different components found in cell-free blood. These include
the spectra of lipid particles, proteins, and water-soluble
metabolites. Given two spectra, represented as one-dimen-
sional vectors u and v of absorption values, the HQI
measures the squared cosine of the angle between the two
vectors [Eq. 1].
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HQI ¼
ðu � vÞ2

u � uð Þ v � vð Þ
(1)

HQI values closer to one indicate higher collinearity
and, therefore, more similar spectral profiles.

The spectra of all investigated individual proteins were
found to be very similar to one another (Figure 2). This
stands to reason, as proteins have a large molecular
structure made of amino acids that share similar functional
groups (namely, the amide bonds). Yet, this analysis clearly
demonstrates that linking any spectral signal to a single
protein “biomarker” is likely to be flawed, as variations in
the concentration of nearly any protein could produce
comparable spectral signals.

Lipid particles are very complex, comprising a mix of
cholesterol, triglycerides, phospholipids, and proteins. This
leads to a broad range of vibrational modes. Notably, the
spectra of LDL and VLDL showed considerable similarity
to one another (Figure 2, see also Figure S1). However,
HDL, being enriched with apolipoprotein A1, reflected a
spectral profile more closely aligned with that of single
proteins than either LDL or VLDL did.

Comparatively, metabolites are smaller and more diverse
in terms of their chemical structures and functional groups.
This diversity leads to more unique vibrational modes for
each metabolite and narrow peaks, resulting in more distinct
IR spectra (Figure 2). Nevertheless, some metabolite spectra

share similarities to protein spectra. For example, urea – as
we previously mentioned, and was highlighted by Ollesch
et al.[51] – and, naturally, amino acids, such as glutamine,
share these similarities. Furthermore, some metabolite pairs,
such as glycine and alanine or lactic acid and beta-
hydroxybutyric acid (BHB), can share similar spectral
profiles with one another. Therefore, caution should be
taken even when linking spectral signals to smaller mole-
cules. Out of all the substances investigated, glucose was
found to generally have the most unique spectral profile,
which likely explains the high efficacy of quantifying its
concentrations from IR spectra of blood plasma, serum, and
whole blood.[14,52–55]

Ambiguity of Signals in Complex Mixtures

While the spectra of individual organic substances can be
very similar, the problem of overlapping signals becomes
much more prominent when considering the plethora of
substances in biological samples. Take a health phenotyping
scenario as an example. The typical study reveals how some
spectral features significantly differ between two (or more)
phenotypes of interest. In many instances, a discussion
ensues that relies on peak positions to decipher the bonds
and chemical nature of the underlying molecules responsible
for such spectral differences.[45,47,48,56–64] Here, we illustrate
how the signal of one substance can be almost perfectly
replicated by a combination of only a few other substances
(Figure 3) – deeming such speculative assignments unpro-
ven.

We modeled the spectra of different proteins and lipid
particles as a linear combination of other substances [Eq. 2].

y �
Xm

i¼1

xi � ci (2)

y represents the target spectrum to be reproduced at a
given concentration, xi are spectra of other substances, and
ci represents their respective concentrations. The concen-
trations ci were determined by a computational optimization
that minimizes the reconstruction error. To keep it simple,
we limited the number of substances used to reconstruct the
target to four (m ¼ 4).

We found that the IR spectra of all the proteins and lipid
particles we considered could indeed be reproduced to a
high degree, while only using relatively few substances
(Figure 3, Supplementary Figure S2). Interestingly, the me-
tabolite spectra were heavily utilized in reconstructing the
target to capture the smaller peaks apparent within the
larger molecular structures. This analysis demonstrates,
albeit with an extreme example, that observing an IR
spectral signal that resembles an individual substance may
indeed be caused by a mix of other possibly fully
independent molecules that may not even contribute to the
same signaling pathways nor be mechanistically intercon-
nected.

To provide a parallel demonstration of a more realistic
application, we reconsidered one of our previous works.[29]

Figure 2. Similarity among IR spectra of organic substances present in
blood. Color intensity represents the level of similarity between pairs of
IR absorption spectra (960–3000 cm� ) of single substances. Brighter
colors indicate higher spectral overlap. VLDL - Very low-density lip-
oprotein; LDL - Low-density lipoprotein; HDL - High-density lipoprotein; TF
- Transferrin; HP - Haptoglobin; A1AT - Alpha-1-antitrypsin; A1ACT -
Alpha-1-antichymotrypsin; IgG - Immunoglobulin G; IgA - Immunoglobulin
A; A2 M - Alpha-2-macroglobulin; HSA - Human serum albumin; IgM -
Immunoglobulin M; A1AG - Alpha-1-acid glycoprotein; BHB - Beta-
hydroxybutyric acid; ATP - Adenosine triphosphate.
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This study investigated a case-control biomedical diagnostic
application to detect spectral differences due to lung cancer
with FTIR spectroscopy of blood serum. Mass spectrometry-
based proteomics profiling of the same sample set helped
identify the differences in protein concentrations between
cases and controls (Figure 4A). In the prior work, we found
that the differences between the spectra of case and control
individuals observed in bulk serum spectra could be largely
reproduced from a reduced molecular model that relied on
three proteins (Figure 4B, upper panel). These proteins
(HSA, HP, and A1AG) were identified as the ones that
changed the most in absolute concentration between the
case and control individuals, as measured by proteomics.

Now, we demonstrate that this very previously described
lung cancer IR signal can be derived when other combina-
tions of three individual proteins are considered (Figure 4B,

remaining panels). Interestingly, in one of the four examples
we present, the lung cancer signal could be largely replicated

Figure 3. Ambiguity of individual substances in complex mixtures.
Spectra of individual substances (black) of larger molecular structures
were reconstructed by combining the spectra of other substances
(red). The linear combinations were determined by scaling each
component with the listed concentrations to yield a reproduced
spectrum of the target at 10 g/l. Supplementary Figure S2 depicts the
same analysis on an expanded set of proteins and lipid particles. A1AT
- Alpha-1-antitrypsin; HSA - Human serum albumin; IgG - Immunoglobu-
lin G; A1ACT - Alpha-1-antichymotrypsin; IgA - Immunoglobulin A; HP -
Haptoglobin; A1AG - Alpha-1-acid glycoprotein; HDL - High-density
lipoprotein; LDL - Low-density lipoprotein; ATP - Adenosine triphosphate;
VLDL - Very-low-density lipoprotein.

Figure 4. Replicating lung cancer-induced spectral deviations with
different proteins. (A) Blood serum was collected from case and
reference control individuals to investigate spectral changes due to
presence of lung cancer. Two measurements were performed on the
same sample sets: Bulk serum IR absorption spectroscopy and
proteomics-based profiling, as described in detail previously.[29] (B)
Black curves depict the difference in the mean IR measurements
between case and control individuals. Blue curve (upper panel) depicts
a reproduced signal based on the three proteins that changed the most
between case and control individuals, as determined through proteo-
mics. Remaining curves (red) reproduce the same signal with other
combinations of three proteins that were determined computationally
(i.e., without direct evidence linking this protein combination to the
true signal). Bar graphs depict the concentration changes in the
modeled proteins that yielded the blue and red curves. HSA - Human
serum albumin; HP - Haptoglobin; A1AG - Alpha-1-acid glycoprotein; TF -
Transferrin; IgG - Immunoglobulin G; A2 M - Alpha-2-macroglobulin;
A1AT - Alpha-1-antitrypsin; A1ACT - Alpha-1-antichymotrypsin; IgG -
Immunoglobulin G.
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with changes in concentrations of A1AT, A1ACT, and IgG
– three proteins that were not even relevant in the
proteomics-based model. This further showcases that with-
out supplementing the IR approach with yet further
analytical methods capable of molecular identification (e.g.,
various -omics approaches), conclusions on which molecules
contribute to discriminative signals can very likely lead to
inaccurate conclusions.

Signals ofLow Abundant Molecules

In some cases apparent in scientific literature, molecules of
a very low concentration are linked to specific wavenumbers
and suggested to be responsible for observed signals in the
analyzed specimens.[45,46,61,62,64–70] Typical examples are circu-
lating cell-free RNA/DNA and known biomarkers such as
CA125, mannose, or PSA. Using cell-free DNA and RNA
as case examples, here we demonstrate that such substances
are so far below the detection limit that the measurement
variability certainly conceals their expected contribution to
the possibly detectable IR spectral signals (Figure 5).

The median concentrations of circulating DNA and
RNA have been reported to range between 6.8–10 ng/ml in
cell-free blood.[71–73] Highest individual concentrations can

reach near 100 ng/ml. At their median concentrations, these
substances are around three orders of magnitude below the
detection limit of a typical IR spectrometer (Figure 5).[19,74]

Even if their concentrations were 1000 times higher than the
median, they would remain well below the threshold
necessary to reliably link their contributions to spectral
signals, especially given the between-person biological
variability of cell-free blood.

Accordingly, when analyzing cell-free blood, any ob-
served changes in IR absorption cannot be attributed to
variations in circulating DNA/RNA concentrations. It is
important to note that DNA/RNA in tissues such as the
liver, spleen, or heart can reach rather high concentrations
that may shape IR spectra. Therefore, the conclusions drawn
from this analysis should not be generalized to other
biological specimens.

Chemical Modifications of Molecules

Some attempts to interpret changes between two groups of
vibrational signatures rely on the spectra of cell-free blood
components recorded in isolation from their environment or
on tables of characteristic vibrational modes.[56,57,59,60,67,75] This
approach overlooks the interactions between various blood
components, such as extracellular molecular transport by
effective diffusion or assembly into higher-order complexes
that modulate and regulate their dispersal (e.g., via proteins
or encapsulation of molecules in extracellular vesicles).[42,76]

This very study also suffers from this limitation to some
degree: The formation of non-covalent macro-molecular
complexes may lead to shifts in vibrational frequencies that
are overlooked when merely aggregating the contributions
of individual components. However, a much larger change
in the IR spectroscopic signatures of molecules, especially
small ones, can be caused by the formation of additional
covalent bonds. Here, we consider two examples of the
many modifications that molecules undergo in their life
cycle (Figure 6).

Protein glycosylation is a complex post-translational
modification that is sensitive to changes in the health status
of individuals.[77] For instance, altered sialylation has been
reported in multiple cancers and liver diseases.[77] The IR
absorption spectrum of N-Acetylneuraminic acid – the most
common sialic acid – is depicted in Figure 6A. The sharp
peak at 1730 cm–1 has been previously assigned to the
� COOH vibration of sialic acid and used to monitor the
degree of protein sialylation.[78–80] We then compared the IR
absorption spectrum of bovine fetuin with its desialylated
form, asialofetuin. The difference between their spectra
clearly lacks the sharp peak at 1730 cm� 1 that is apparent in
free sialic acid (Figure 6A). Instead, the peak at 1035 cm� 1

may be used to characterize the presence of sialic acid. In a
complex mixture, however, this peak would at least partially
be masked by the variability of other glycans and thus not
detected.

The region of the IR spectrum that is often referred to
as “carbohydrate” is also sometimes labeled as “fingerprint”
– because it is sensitive to the overall changes in the

Figure 5. Contributions of cell-free nucleic acids relative to IR detection
limits. Black curve depicts the IR absorbance of a typical human serum
sample. Gray curve depicts the standard deviation of serum spectra
across different individuals. Brown curve depicts the detection noise of
the IR measurement, determined by calculating the standard deviation
of repeated measurements of a technical replicate (pure water).
Dashed curves depict the IR absorbance spectra of RNA (green) and
DNA (blue) at 100x their median concentrations in cell-free blood,
while solid lines represent their absorbance at their typical median
concentrations. Y-axis is plotted on a logarithmic scale.
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molecular structure. Although the absorption pattern there
can be used to confirm the presence of a specific molecule,[1]

the change in this pattern due to a chemical modification of
the molecule is challenging to predict without quantum
chemical calculations. To illustrate this, we compared the IR
absorption spectra of substituted glycans: D-glucosamine-
6O-sulphate and D-glucosamine-6O-phosphate (Figure 6B).
The difference in their functional groups causes a shift in the
characteristic asymmetric stretching band from 1186 cm� 1 to
1222 cm� 1, as expected. However, in addition to that, there
was a significant shift of all the bands below 1200 cm� 1. It is
crucial to note that all these changes were caused by one
chemical modification, with no changes in the carbohydrate
content.

The presented examples serve as a reminder that vibra-
tional spectra of molecular structures, especially small ones,
are highly sensitive to their surroundings and chemical
modifications. This is especially true for the “fingerprint”
region of the IR spectrum, but not limited to it. It is also
important to acknowledge that post-translational modifica-
tions, such as sulphation, phosphorylation, methylation,
glycosylation, etc., contribute not only their specific IR
signatures directly, but might also affect other spectral
regions by changing the 3D structure of the whole macro-
molecule.

Effects of Measurement Preprocessing

To further compound the issue, molecular interpretation in
spectral datasets is often performed without considering the
preprocessing steps performed prior to data analysis.
Common preprocessing steps include vector/peak normal-
ization, baseline correction, offset correction, and smoothing
– as comprehensively described in prior work.[28,81,82] While
such data manipulations can help reduce noise and make
datasets more comparable, some preprocessing steps can
lead to artifacts in the analysis, including correlations in the
noise structures of the data.[28] These artifacts can result in
false peaks that range from being very apparent in the data
to being subtle and hard to detect. Here, we considered
vector normalization (L2) as an example of a widely applied
method to improve measurement reproducibility[13,28,81,83] and
demonstrate how it can mislead peak interpretations.

Consider a case-control scenario in which only the
concentration of one molecule changes between two groups
of samples. To model such a situation computationally, we
spiked (added) the spectrum of HSA to a typical spectrum
of blood serum. We then calculated the difference between
the unspiked and spiked spectra (Figure 7A). We performed
this analysis both with and without the normalization step,Figure 6. Impact of chemical modifications on IR spectra. (A) Absorp-

tion spectrum of free sialic acid (N-acetylneuraminic acid, red)
compared to the absorption differences obtained by subtracting the IR
spectrum of asialofetuin (the desialylated form of fetuin) from that of
fetuin (black). (B) Absorption spectra of D-glucosamine-6-O-sulphate
(blue) and D-glucosamine-6-O-phosphate (green).

Figure 7. Effect of vector normalization on spectral interpretations. (A)
Human serum albumin (HSA) was spiked to a typical blood serum
spectrum. The curves depict the difference between the unspiked and
spiked spectra, with and without vector normalization. (B) Same
investigation, but spiking the spectrum of glucose instead of HSA.
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applied prior to subtraction. Very evidently, the resulting
signal becomes hard to interpret when normalization was
used, and associating this signal to the change in the HSA
concentration would be nearly impossible. Although the
negative absorbance near the amide-I and -II regions was
somewhat preserved in the normalized depiction, artifacts of
positive “absorbance” were introduced across the remaining
regions of the spectrum.

We then repeated the above analysis, but computation-
ally spiking in the glucose spectrum instead (Figure 7B). The
shape of the signal in the region between 960–1200 cm� 1 was
mostly preserved between the normalized and non-normal-
ized depictions. However, artifacts of positive absorbance
now appeared near the amide-I and -II regions – despite the
absence of any significant absorbance in the spectrum of
glucose in this region. Such an artifact could easily mislead
one to think that there was a difference in protein content
between the two groups of spectra. In reality, only the
glucose concentration was altered.

Generally, applying measurement preprocessing steps
may be necessary, particularly also to Raman
spectroscopy.[84] Therefore, we do not suggest to eliminate
these steps. Rather, in conjunction with Morais et al.,[28] we
advocate for their cautious use, considering their potential
impact on the data analysis. In some instances, this impact
could make peak interpretations simply unfeasible.

Univariate and Multivariate Spectral Analysis

The task of analyzing complex vibrational spectra neces-
sitates robust statistical methods that can effectively uncover
subtle yet critical spectral information often masked by
overlapping signals. For instance, the power of multivariate
statistical methods has long been recognized in spectral data
analysis, including in foundational work of FTIR
spectroscopy.[85] Several studies offer constructive tutorials
and guidelines on selecting appropriate data analysis
methods for spectral data.[1,7,24,26–28,86] Here, we do not go
through an extensive description of the technicalities of data
analysis methods. Instead, we focus on their capacity to
capture information on molecular substances from spectral
datasets. First, we demonstrate how simple univariate
analysis can be insightful, and then we point out its
limitations, which necessitate the application of more
advanced multivariate methods (Figure 8).

As an example, we revisited one of our previous
studies.[14] There, blood plasma from a large population-
based cohort was profiled with FTIR spectroscopy (Fig-
ure 8A). Laboratory clinical chemistry analyses were per-
formed on the same blood samples to quantify the concen-
trations of triglycerides (TG), LDL cholesterol (LDL� C),
and HDL cholesterol (HDL� C) (Figure 8A,B). This allowed
us to correlate the information content of the plasma IR
spectra with the clinically determined concentrations of
these lipid-centric analytes.

First, we calculated the Pearson correlation coefficient
(r) between the concentrations of the three analytes and the
IR absorbance observed in bulk plasma at each univariate

spectral feature (Figure 8C). As a reference, we compared
this correlation spectrum with that of the individual sub-
stance spectrum relevant to each analyte. Given that TG
constitutes 50% of VLDL dry mass,[43] we compared the
correlation of TG with that of the VLDL spectrum.

For TG and LDL� C, we found a high level of agreement
between the univariate correlation spectrum and that of the
individual lipid particles (Figure 8C). In particular, the
narrow region between 1745–1750 cm� 1 revealed a strong
correlation between bulk plasma absorbance and the
concentrations of the two substances. Specifically for TG,
the peak at 1748 cm–1 aligned with that of the VLDL
reference spectrum and at a very high correlation (r ¼ 0:92).
This suggested that spectral signals relating to TG at this
peak were largely not masked by the presence of any other
substances. Surprisingly, however, the region of 2800–
3000 cm� 1 revealed a lower correlation level compared to
the aforementioned region of 1745–1750 cm� 1 for both TG
and LDL� C. Given that the spectra of the pure substances
have peaks with the strongest intensity between 2800–
3000 cm� 1, this suggested that the contributions of VLDL
and LDL were overshadowed by other substances that also
contribute spectral signals within that region, e.g., proteins,
in line with Figure 1B,G.

In contrast, HDL� C revealed relatively weak correla-
tions across the whole spectral range (Figure 8C). At the
amide bands, for instance, no significant correlation strength
was observed. This suggested that the plethora of other
proteins in cell-free blood masked the signals resulting from
HDL. Similarly, in the regions between 1745–1750 cm� 1 and
2800–3000 cm� 1, no strong correlation was observed. This
suggested that the signal of HDL� C was, again, over-
shadowed by the presence of other substances – namely, TG
and LDL� C – which together have a much higher concen-
tration than HDL� C (Figure 8B). Altogether, this analysis
demonstrated that the HDL� C concentration had no single
distinctive spectral feature that could be reliably linked to its
concentration, unlike TG and LDL� C.

Compared to the prior analyses that relied on a
relatively simple univariate approach, multivariate analysis
is capable of considering the interactions among features.
Such an aspect provides a more granular view of the
information contained within the complex spectra as subtle
dependencies between the absorption peaks can be captured
– ones that would be otherwise obscured in a univariate
context. To put this into practice, we trained a ridge
regression model to quantify the clinically determined
concentrations of the three lipid analytes given an input
plasma spectrum (Figure 8D). When all the features in the
spectral range were considered, a very high quantification
efficacy was observed for all three analytes, with R2 values
ranging from 0.90 to 0.97. Notably, even HDL� C was well
quantified despite its lack of single distinctive features. This
analysis highlights the power of multivariate algorithms to
extract comprehensive insight from the information-rich IR
spectra.

It is also crucial to recognize that the information across
several spectral features is highly co-dependent. As pre-
viously discussed, individual substances can have many
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peaks across a wide range of frequencies. To illustrate the
magnitude of this point, we performed the above regression
analysis again, but paradoxically, using only the spectral
range between 1000–1700 cm� 1 – i.e., the range that had
minimal univariate correlation to the lipid analytes. Surpris-
ingly, the quantification efficacy for TG, LDL� C, and
HDL� C remained nearly unchanged (Figure 8E). This
further demonstrates the magnitude of the multi-colinearity

present within the spectral features and highlights that
linking biological substances to specific spectral bands is
highly questionable – especially when multivariate analysis
methods are employed.

As demonstrated above, considering a large number of
spectral features provides a more accurate overview of the
breadth of molecular information in the IR spectra. To
further examine this, we quantitatively determined the

Figure 8. Unraveling the informational content of complex spectra with univariate and multivariate statistical analysis. (A) Blood samples were
collected from a large, population-based cohort for FTIR spectroscopy and clinical laboratory analysis to determine lipid analyte concentrations. (B)
Distributions of lipid analyte concentrations in the population. (C) Absorbance spectra of single lipid particles (darker colors, upper panels) and
the correlation between plasma absorption to the concentrations of the three lipid analytes (brighter colors, lower panels). (D) Multivariate
regression models were trained to quantify the concentrations of each lipid analyte given an input spectrum of plasma. Each point represents the
model’s prediction for a plasma sample against the clinical measurement. A 10-fold cross-validation was applied. Only the predictions of the test
sets of the cross-validation splits are depicted. (E) Same multivariate regression analysis, but using a truncated spectral range as input to the
model here. (F) Dependency between the number of spectral features given to the regression model and the quantification efficiency of each lipid
analyte. A forward feature selection algorithm was applied to determine the optimal spectral features at each point. All correlation and regression
analyses were applied on non-normalized spectra.
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number of spectral features that were required to effectively
quantify the concentrations of the lipid analytes. We
examined the quantification efficacy for each studied
analyte, considering a varying amount of spectral features
given to the regression model (Figure 8F). These features
were iteratively selected by a forward selection algorithm to
determine the most optimal input features at each point. For
TG, utilizing only one distinctive feature (1748 cm� 1) had
already resulted in a high quantification efficacy. Including
just one more feature resulted in a nearly saturated
quantification efficacy, revealing that the signal of TG can
be adequately isolated using only two spectral features.
Comparatively, for LDL� C and HDL� C, utilizing one or
two spectral features proved to be insufficient. Specifically
for HDL� C, nearly 64 different spectral features were
required to reach the full potential of correlating its signal to
the plasma spectra. Given that most substances in blood
likely do not have such a distinctive feature as TG does,
utilizing a low number of features or, e.g., considering
spectral ratios, is therefore unlikely to provide a comprehen-
sive view of the spectral informational content.

To summarize, when relating an IR absorption spectrum
of a bulk mixture to certain components of interest:
1. univariate analysis (or use of a limited selection of peaks)

is only appropriate when the signal of the substance is
very strong and not masked by other compounds;

2. multivariate analysis may be capable of capturing
information about a substance that is heavily over-
shadowed by the contributions of other compounds;

3. spectral features are highly co-dependent, which allows
for analyzing the signature of substances in spectral
regions where they do not have prominent peaks; and

4. to harness the power of multivariate analysis, a substan-
tial amount of spectral features are needed to discern
complex feature inter-dependencies (beyond spectral
ratios).

Navigating the Pitfalls of Spectral Interpretations

The question of how to most effectively analyze vibrational
spectra of complex biological samples has no straightforward
answer. Each analytical task is unique, targets different
biological phenomena, is specific to different medical
scenarios, and faces different requirements and challenges.
Generally, we as a community would like to have a realistic
overview of the molecules and their combinations we are
profiling when analyzing complex biological matrices.
Equally important is raising awareness about what we
cannot possibly observe as it is beyond the technical
limitations of the current technology and analytical setting.
Furthermore, we would like to develop robust analytical
workflows that accurately model alterations in a studied
system (e.g., characteristics of the human phenotype).
Below, we discuss how to approach these tasks.

First, to produce a more realistic view of the composition
of the IR spectrum from cell-free blood, we decomposed it
into the contributions of its primary molecular classes:
metabolites, proteins, and lipid particles (Figure 9A). It is

evident that proteins dominate the absolute absorption
signals across the spectral range, considering that lipid
particles also contain a proportion of proteins. When
examining the relative contributions of each molecular class,
their influence on absorption signals significantly varies
across the spectral range (Figure 9B). These representations
should not imply that one molecular class provides more
information over another. For example, glucose, a metabo-
lite, can be reliably determined in blood plasma, serum, and
whole blood using IR spectroscopy as previously
mentioned.[14,52–55] Rather, these representations further
underscore the notion that the IR spectrum should not be
overly simplified into discrete regions exclusively linked to
specific molecular classes. Each substance and each molec-
ular class contributes to the composite nature of the overall
IR spectrum, which offers a holistic view of the molecular
landscape within the sample.

When confronted with changes in the IR absorption
spectrum of a biological sample, researchers may be tempted
to seek simple, intuitive explanations. However, as demon-
strated in our examples, such approaches should be avoided
unless robustly validated. Machine learning and multivariate

Figure 9. Composite makeup of a typical infrared spectrum of venous
blood serum. (A) Stacked representation of the primary molecular
classes found in cell-free blood. Individual component spectra of each
substance were scaled according to their typical concentrations in
healthy adults (Supporting Information Table S1) and combined to
estimate the cumulative spectral contributions. Molecular classes were
stacked in sequence, with metabolites at the base, followed by lipid
particles, and proteins on top. Black curve represents the contribution
of their total sum, approximating the spectrum of blood serum.
Supplementary Figure S3 compares the approximated spectrum with a
true serum spectrum. (B) Relative absorption contribution of each
molecular class, illustrating the proportions of total absorption across
the spectral range. ATP - Adenosine triphosphate; BHB - Beta-
hydroxybutyric acid; HSA - Human serum albumin; IgG - Immunoglobulin
G; IgA - Immunoglobulin A; IgM - Immunoglobulin M; A1AG - Alpha-1-
acid glycoprotein; A1AT - Alpha-1-antitrypsin; A1ACT - Alpha-1-antichymo-
trypsin; HP - Haptoglobin; TF - Transferrin; A2 M - Alpha-2-macroglobulin.
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statistical methods are instrumental in scenarios where the
molecular components are numerous and the relationships
between them are complex. Nevertheless, it is crucial that
these statistical models are trained on reproducible, high-
quality, well-characterized datasets and that the results are
reasonable within the biological context of the study. This
typically requires large datasets that accurately reflect
demographic distributions, include appropriate control
reference samples, and involve diverse pathophysiological
strata (e.g., comorbidities or stages of a disease). Further-
more, biological systems are inherently dynamic, and thus,
statistical models should be regularly updated with new
data. Adapting and learning from new inputs will help
improve the statistical models’ accuracy and relevance. This
is especially important in clinical, medical settings, where
training data must mirror realistic data variations caused by
inherent biological variabilities (e.g., lifestyle changes and
aging), sample collection variations, differences in sample
storage regimes, measurement device maintenance, and
other technical variations typically encountered in
practice.[87] Furthermore, independent external validation of
developed models on samples from different clinical studies
is essential to more robustly determine whether results are
reproducible.

If molecular interpretations of changes in the IR
absorption spectrum are necessary, we suggest involving
complementary analytical techniques. Techniques such as
mass spectrometry, nuclear magnetic resonance (NMR)-
based omics, and clinical chemistry provide orthogonal
information that aids in this process.[14,29,88,89] Another fruitful
avenue is to reduce the molecular complexity via chemical
fractionation – e.g., liquid chromatography,[30] protein
precipitation[29] or ultrafiltration.[10,31–33] IR measurements
can then be performed on the individual fractions, which are
less complex in terms of their molecular makeup and might
be easier to interpret. These strategies offer independent
confirmation of molecular identities and concentrations,
enabling further verification of the findings. Furthermore,
the results should be compared to other biomarker research
efforts, and the molecular-specific mechanistic and pathway
information that the medical community sometimes requires
should be provided. Once the molecular mechanisms are
provided and validated, the IR approach can be used in its
high-throughput mode – without the involvement of orthog-
onal measurement approaches.

Generally, the conceptional suggestions presented here
can be broadly applied to IR spectroscopic examinations of
other complex biological systems beyond blood plasma.
Extensions to model paradigms such as yeast, bacterial,
algal, and mammalian cells, as well as animal, human, and
plant tissues can be envisioned. However, it is important to
consider that the IR spectral signatures of different model
paradigms can significantly vary due to their distinct
molecular makeup (e.g., the content of proteins vs. carbohy-
drates is different between animal and plant models[90]) and
there may be instances where the assignment of spectral
regions to specific molecular entities is feasible. For
instance, certain wavenumbers in cellular spectra can be
qualitatively linked to nucleic acid content,[91] or sialic acid

content may be identified at specific wavenumbers in spectra
of extracellular polymeric substances.[79] Nevertheless, spec-
tral molecular assignments must be performed cautiously
and, ideally, supplemented with additional experimentation,
as previously discussed.

Transparency and the critical evaluation of the reported
results are also essential aspects. Documentation of all
analytical steps and assumptions for interpretations should
be clearly communicated in peer-reviewed works. For
instance, it is crucial to detail the data preprocessing steps
and their impact on the observed spectral signals. The
spectroscopic technique’s dynamic range and sensitivity
limits must always be considered and recognized, especially
when dealing with low-abundant substances. Another rarely
discussed aspect revolves around the sample collection
methodology (e.g., if a variety of sample collection tubes
were used within the same study). For instance, blood
plasma collection tubes, as opposed to serum, use ethyl-
enediaminetetraacetic acid (EDTA) or other anticoagulants
within the blood draw tubes. EDTA typically has a high
enough concentration that it contributes to absorption
signals of bulk plasma spectra to a significant extent
(Supplementary Figure S4). Changes in the blood draw and
sample processing workflows or the use of samples from
different clinical studies and clinical centers could therefore
lead to noticeable variations in the signals when studying
certain biological phenomena, potentially confounding the
results.

Finally, the value of multidisciplinary research must be
recognized. A purely chemical, spectroscopic perspective is
no longer sufficient on its own. It must be complemented by
expertise in biological/medical sciences, computational anal-
yses, and physical interpretations. Encouraging collabora-
tion across these disciplines integrates knowledge from
different perspectives. Collaborative efforts can drive inno-
vative solutions to the challenges of interpreting complex
spectra and lead to the development of new analysis
techniques.

Conclusion

In this perspective, we highlighted the critical yet often
overlooked intricacies of analyzing vibrational spectral data,
particularly IR spectroscopy of cell-free blood. The meth-
od’s capacity to provide molecular fingerprints is unmatched
in its simplicity, speed, and molecular breadth – making it a
prime candidate for inclusion in high-throughput diagnostic
workflows. To bring the technology further, and to mitigate
it to practical use in possible medical diagnostics, its
limitations, however, must always be recognized.

Our illustrative case studies utilized thousands of blood-
based spectra in addition to spectra of predominant proteins,
major lipid particles, and key metabolites. These single-
component spectra together make up the primary compo-
nents of cell-free blood. Yet, we acknowledge that this is not
an exhaustive list of all blood constituents and that our
approach did not consider inter-molecular interactions.[92]

Nonetheless, by expanding the scope of substances analyzed
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and considering the interactions between these molecular
components, isolating the signal of specific molecules in
complex mixtures becomes even more challenging, as our
analysis demonstrates.

Moving forward, we advocate caution when performing
IR spectral interpretations to avoid speculative conclusions
that could undermine the applicability as well as accept-
ability of research, particularly in clinical settings. Instead,
the high-throughput fingerprinting nature of the approach
should be accepted. By embracing both its capabilities and
limitations, we can more effectively establish robust spectro-
scopic analytical workflows.
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Material and Methods
Blood sample collection and processing

All blood samples utilized in this work were considered in our previous work [1–3], where details on the clinical
studies, sample collection, and sample processing were provided.

Details relating to lung cancer and proteomic analysis (Fig. 4) were provided in Voronina et al. [2] Lung cancer
detection was a part of a multi-institutional study on lung, breast, bladder, and prostate cancers with corresponding
benign pathologies in the same organs as well as non-symptomatic subjects [1]. Participants provided written
informed consent for the study under research study protocol #17-141 and broad consent under research study
protocol #17-182, both of which were approved by the Ethics Committee of the Ludwig-Maximillian-University
(LMU) of Munich. The study complies with all relevant ethical regulations and was conducted according to Good
Clinical Practice (ICH-GCP) and the principles of the Declaration of Helsinki. The clinical trial is registered (ID
DRKS00013217) at the German Clinical Trails Register (DRKS).

Details relating to the lipid parameter analysis (Fig. 8) were provided in Eissa et al. [3] Blood samples were
collected as a part of the Cooperative Health Research in the Region of Augsburg (KORA) study [4] – which
comprised of an age- and sex-stratified sample of participants randomly drawn from the resident registration offices
within Sourther Germany. The KORA study methods were approved by the ethics committee of the Bavarian
Chamber of Physicians, Munich (EC No. 06068).

Chemicals, reagents, and measurements of infrared absorption spectra

Proteins and lipid particles of the highest available purity were purchased from Sigma Aldrich GmbH (Taufkirchen,
Germany). They were diluted in deionized water to concentrations of 1-5 mg/mL, and their IR absorption spectra
were measured. If the presence of additional salts was detected, the buffer was exchanged to deionized water using
Amicon Ultra centrifugal filters with 10 kDa cutoff, purchased from Sigma Aldrich GmbH (Taufkirchen, Germany).
The concentration of the proteins in the resulting solution was then measured using a Nanodrop One UV-Vis
spectrophotometer (Thermo Fischer Scientific GmbH, Dreieich, Germany), and the UV absorption of the solution
before buffer exchange was used for device calibration.

To assess how the pH of the solution and the resulting protein protonation state affected the IR spectra of the
proteins, we recorded the absorption spectra of several model proteins in PBS buffer (pH 7.4). We then subtracted
the IR spectrum of the buffer from that of the protein in a buffer in order to obtain the IR signature of a pure
protein in a controlled protonation state. When comparing these spectra with the ones recorded in pure water, we
did not observe any significant differences in the ratios of the primary absorption bands, their shapes, or intensities.
Based on experiences across a variety of our experimentation, we consider that the details of the IR spectra of the
proteins related to the pH would not affect any of our conclusions.

The water-soluble metabolites were purchased from Sigma Aldrich GmbH (Taufkirchen, Germany), diluted in
deionized water, and their IR absorption was measured. The same procedure was followed for glycans, purchased
from Dextra Laboratories (Reading, UK).

Pure DNA from calf thyme and RNA from bakers yeast were purchased from Sigma Aldrich GmbH (Taufkirchen,
Germany) and dissolved in deionized water. Their concentration and purity (A260/280 ratio >1.9) were assessed
using a Nanodrop One UV-Vis spectrophotometer with the built-in methods for double-stranded DNA and single-
stranded RNA. Based on NanoDrop results, the concentrations were adjusted to 1 mg/mL for the FTIR measurement.
The obtained spectra were scaled down to the concentrations shown in Fig. 5, as those are below the detection limit.

Measurements of liquid biofluids and single components were all performed in a hydrated, fluid state using an
automated FTIR device MIRA-Analyzer (Clade GmbH, Esslingen, Germany) with a flow-through transmission
cuvette (CaF2 with 8 µm path length). The spectra were acquired with a resolution of 4 cm−1 and an averaging
time of 45 s. Prior to every sample, a water reference spectrum was measured to reconstruct the IR absorption
spectra. The spectra were obtained in the range 930-3050 cm−1 and truncated to 960-3000 cm−1.

Preprocessing of all absorption spectra was performed as follows. To account for the water substituted by the
molecular constituents in the sample compared to the pure water reference, a water absorption spectrum was added
to the sample spectrum with a coefficient optimized such that the first derivative of the signal in the region of
1850-2150 cm−1 was minimized, similar to our prior work [1–3,5]. Subsequently, the minimum of the absorption
in this region was subtracted from the spectrum (“offset correction”) [2]. Vector normalization was applied to the
spectra in the analysis relevant to lung cancer (Fig. 4), as performed in the prior work [2]. Vector normalization (L2)
was also applied in part of the analysis related to the normalization analysis (Fig. 7), as described in the figure
legend.
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Mathematical optimizations and statistical analyses

All mathematical and statistical analysis was performed in a Python environment (version 3.8.8) using custom
scripts.

To reproduce a spectral signal given a set of substances (Figs. 3, 4, S2), the “minimize” function from the SciPy
Python package (version 1.6.2) was used [6]. The objective function calculated the mean squared error between the
target signal to be reproduced and the input set of spectra [Eq. 2].

For the regression analysis to quantify the concentrations of lipid analytes (Fig. 8), a linear regression algorithm
with a ridge penalty was used. A cross-validation was performed on the available spectra to quantify the concentrations
of the analytes which were determined from clinical chemistry analysis [3]. Mean R2 values of the test predictions
were reported, and all test set prediction errors were depicted (Fig. 8D,E). The Scikit-learn Python package (version
0.24.1) was used for its implementations of the ridge regression algorithm [7].

S2

Appendix B

102



Table S1. Individual molecular substances considered in this work, consisting of ten proteins, three lipid particles, and nine metabolites, along
with their typical concentrations in healthy adults.

Substance Abbreviation Concentration [g/l] [a] Molecular class

Human serum albumin HSA 42.65 Protein
Immunoglobulin G IgG 9.55 Protein
Immunoglobulin A IgA 3.36 Protein
Alpha-2-macroglobulin A2M 3.20 Protein
Transferrin TF 2.66 Protein
Haptoglobin HP 1.74 Protein
Immunoglobulin M IgM 1.71 Protein
Alpha-1-antitrypsin A1AT 1.49 Protein
Alpha-1-acid glycoprotein A1AG 1.03 Protein
Alpha-1-antichymotrypsin A1ACT 0.55 Protein
Low-density lipoprotein LDL 3.11 Lipid particle
Very low-density lipoprotein VLDL 2.40 Lipid particle
High-density lipoprotein HDL 2.00 Lipid particle
Adenosine triphosphate ATP 1.52 Metabolite
D-Glucose Glucose 0.90 Metabolite
Urea Urea 0.24 Metabolite
Lactic acid Lactic acid 0.09 Metabolite
Glutamine Glutamine 0.07 Metabolite
Lysine Lysine 0.05 Metabolite
Alanine Alanine 0.04 Metabolite
Beta-hydroxybutyric acid BHB 0.04 Metabolite
Glycine Glycine 0.03 Metabolite

[a] Typical concentrations were estimated from existing literature for proteins [8–13] and metabolites [14]. Concentrations of lipid particles were
estimated from the studied KORA population-based cohort (Fig. 8B) [3,4]. Specifically, HDL and LDL particle concentrations were estimated
from HDL and LDL cholesterol levels – assuming that HDL and LDL particles are respectively made of 30% and 45% cholesterol and cholesteryl
ester [15]. VLDL particle concentrations were estimated from triglyceride concentrations – assuming that triglycerides make up 50% of VLDL
particles [15].
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Figure S1. FTIR absorption spectra of the individual molecular substances. All substances are depicted at a concentration of 5 g/l.
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Figure S3. Comparing an experimental blood serum spectrum with a model constructed from individual component spectra. The modeled
spectrum (black) was generated through the addition of individual component spectra of different metabolites, proteins, and lipid particles,
each scaled to their typical concentrations in healthy adults (Table S1). The experimental spectrum (yellow) represents the mean spectrum of
bulk serum from a nominally healthy adult cohort.
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Figure S4. Difference between absorption spectra of blood plasma and serum. Both plasma and serum were processed from the same
whole blood samples for different individuals. The black curve depicts the difference between plasma and serum spectra, processed from
the same whole blood sample, and subsequently averaged across the different individuals. The red curve depicts the spectrum of EDTA-4K
(Ethylenediaminetetraacetic acid tetrapotassium salt), the anticoagulant used for plasma collection. EDTA-4K was measured in a NaCl
background and its spectrum was scaled to align the peak near 1400 cm−1.
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ABSTRACT: Molecular fingerprinting via vibrational spectroscopy characterizes
the chemical composition of molecularly complex media which enables the
classification of phenotypes associated with biological systems. However, the
interplay between factors such as biological variability, measurement noise,
chemical complexity, and cohort size makes it challenging to investigate their
impact on how the classification performs. Considering these factors, we developed
an in silico model which generates realistic, but configurable, molecular
fingerprints. Using experimental blood-based infrared spectra from two cancer-
detection applications, we validated the model and subsequently adjusted model
parameters to simulate diverse experimental settings, thereby yielding insights into
the framework of molecular fingerprinting. Intriguingly, the model revealed
substantial improvements in classifying clinically relevant phenotypes when the
biological variability was reduced from a between-person to a within-person level
and when the chemical complexity of the spectra was reduced. These findings
quantitively demonstrate the potential benefits of personalized molecular
fingerprinting and biochemical fractionation for applications in health diagnostics.

Vibrational spectroscopy by means of Raman or infrared
techniques is a powerful analytical platform capable of

characterizing molecular samples at any state of matter in a label-
free manner.1,2 Since essentially every molecule exhibits a
unique vibrational spectrum, spectroscopic approaches are able
to quantify individual molecular contributions in complex
matrices.3 Although determining changes in the nature and
quantity of individual molecular species is challenged by
overlapping spectral bands, the vibrational spectrum still reflects
the overall molecular composition of a given sample and is
therefore referred to as its “molecular fingerprint”. Statistical or
machine learning methods can identify spectral patterns specific
to molecular phenotypes and consequently classify samples.

Molecular fingerprinting by vibrational spectroscopy has been
increasingly applied to biomedical problems.4 The approach has
been used to classify bacteria and cell (sub)types,5,6 distinguish
between benign and malignant tissues,1,2 and identify diseases
based on fingerprint spectra of biofluids.2,7

Although successfully applied, the prospects and fundamental
limitations of vibrational fingerprinting for certain applications,
such as for clinically relevant questions, remain largely
unexplored.2,8 The challenge is that a variety of technical and
data acquisition aspects impact the measured spectra and thus
can affect the classification accuracy.9−11 At the same time, every
living system exhibits an inherent level of biological
variability,10,12,13 further challenging the unambiguous identi-
fication of different molecular states. While previous work has
examined the variations caused by technical, data acquisition,

and biological aspects on recorded spectra,10,11,14 disentangling
their individual contribution on the classification accuracy
remains experimentally challenging. This often requires large-
scale studies involving different measurement instruments,
different laboratories, and different protocols for sample
handling, which may be difficult to realize due to resource
limitations.15

In silico investigations performed via computer simulations are
particularly powerful in this respect as they can address problems
that are practically or experimentally challenging.16,17 By
creating computational models capable of mimicking the
behavior of biological systems, considering various sources of
noise or heterogeneity, one can rapidly gain insights into the
underlying mechanisms that define the behavior of a system
under differing simulated conditions.18

To investigate the fundamental capacity of vibrational
fingerprinting, we propose an in silico approach that generates
artificial infrared spectra (Figure 1). Our approach is based on
modeling the molecular composition of a given biological
system in a defined molecular state and transforming this
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composition into a measurable quantity�the resulting infrared
spectrum. With this model, analytical sources of variation can be
considered to obtain realistic spectra that have comparable
properties to experimental observations. Not only does this
allow for the generation of simulated “measurement events” in
any number, but also enables the precise control of crucial
parameters that may impact the recorded spectra. Our model
provides foundational insights into the factors affecting the
underlying measurement approach�molecular fingerprinting
of complex biological systems�and carries the capacity to guide

future experiments without the need for exhaustive sample
collections and measurements.

The model is described and tested on a previously published
application�infrared fingerprinting of blood sera to detect lung
and prostate cancer.7 Our descriptions are kept as general as
possible to facilitate their transferability to other fingerprinting
techniques and applications. Furthermore, we provide a toolbox
(written in Python),19 including the generated data, to allow for
convenient applications of the proposed model. Although
applied here to infrared spectra, the model can be applied to

Figure 1. Overview of the in silico model and its application to infrared fingerprinting for disease detection. (A) Blood samples are collected from case
and control individuals, and (B) blood-based samples are measured with an infrared spectrometer. Machine learning algorithms are applied to the
spectral data set, and a value of classification accuracy is retrieved. (C) Same problem can be investigated with an in silico model using either a bottom-
up approach based on single component spectra or a descriptive approach based on measured infrared fingerprints of blood-based samples. (D) Within
the frame of the model, the influence of simulated experimental conditions is investigated to gain insight into the effects different simulated conditions
have on the predictive capacity of machine learning models. Based on these findings, (A) initial study design or (B) measurement mode can be adapted
to improve the performance of the envisioned application.
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other molecular fingerprinting approaches, such as Raman20 or
nuclear magnetic resonance21 spectroscopy.

Altogether, we obtain excellent agreement between the results
of experimental and simulated data. By systematically adjusting
all model parameters, we explored the potentials and limitations
of molecular fingerprinting and thus contribute to accelerating
its real-world applications.

■ METHODS
In Silico Model. In essence, the problems tackled by

molecular pattern recognition using machine learning are often
very related. Depending on the application, by detecting changes
in qualitative or quantitative aspects, a distinction between two
or more molecular states is desired. In practice, this distinction is
only possible to a certain extent due to the inherent biological or
sample variability as well as measurement-specific errors.
Additionally, often a limited amount of data is available to
robustly validate conclusions drawn by analyzing differences
between the studied states. Therefore, it can be difficult to make
conclusive statements about the potential and limitations of the
method in question or to isolate the molecular signal of interest.
Even in a scenario where the signal is already known (e.g., the
spectrum of a specific molecule), the expected accuracy of
distinguishing between different states often requires numerous
measurements due to the multiple sources of variation. To
facilitate the investigation of these points, the in silico model
should be able to generate spectra which meet the following
requirements:

• Reflect the biological or sample variability of a given
sample pool.

• Incorporate differences between different molecular
states (e.g., cases and controls).

• Consider characteristics of the physical measurement,
namely the noise introduced by the measurement device.

We describe two approaches to generate the artificial spectra.
In a so-called bottom-up approach, the contribution of
individual molecular species in a given sample is considered.
Although intuitive, this approach cannot be implemented in the
case of infrared spectroscopy of highly complex samples as we
discuss below. Instead, it provides the motivation and basis for
implementing another so-called descriptive approach which
follows a similar mathematical formulation. Although the model
can be applied to study different samples types with varying
chemical complexities and to several molecular fingerprinting
techniques, infrared molecular fingerprints of blood serum will
serve as the guiding principle for assembling the model.
Bottom-Up Approach. It has been shown that by breaking

down a molecularly complex sample into its individual
components, the corresponding infrared spectrum can be
reasonably well approximated with a linear combination of
individual component spectra of the most abundant molecular
species.22 Thereby, each molecular spectrum xi is scaled to its
respective concentration ci with ∑i = 1

M ci · xi.
This idea can be also utilized to create spectra of a given

population. The normal concentration ranges for the most
abundant blood components in healthy individuals�which in
total make up more than 99% of the molecular mass�can be
obtained from the literature.23,24 Using these facts, the
concentration parameter ci could be replaced with a random
variable c(μi, σi) that models the distribution of each component
for a healthy cohort. Thereby, a set of spectra that model the

molecularly complex samples could be simulated where each
spectrum is modeled as a statistical outcome Y with:

Y xc( , )
i

M

i i i
1

= ·
= (1)

We term this model formulation as the bottom-up approach.
It is important to note that the bottom-up approach contains

several simplifications and assumptions. Specifically, it is
assumed that the concentrations of individual molecules or
molecular classes are independent, which is not the case. In
reality, biological networks are interconnected, and molecular
changes within living organisms are occurring in a correlated
fashion.25 In cases where these correlations are well known,
introducing dependencies between the corresponding random
variables would, in principle, account for this behavior.

The assumption that an infrared spectrum of a complex
sample can be described by a linear combination of individual
component spectra scaled to their concentrations can be
regarded as sufficiently fulfilled. Although molecular spectra
are influenced by inter-molecular interactions26,27 and environ-
mental conditions (e.g., temperature and pH-value), several
studies suggest that complex blood spectra can be described by
linear superposition of individual single component spectra. For
infrared spectroscopy, it is known that the strength of a
molecular spectrum scales linearly with concentration over
many orders of magnitude.3,28 Furthermore, it has been shown
that the concentration of several different molecules in blood
can be determined by linear regression.29−32 Moreover, it was
shown that a linear combination of the spectra of the most
abundant molecular species can be used to describe
experimentally observed differences in the spectra of blood
serum from a healthy cohort and from patients with lung
cancer.22

While the bottom-up approach is straightforward to envision,
access to the associated molecular spectra is essential for creating
the model. This is a crucial limitation since, to our knowledge,
there exists no consistent database with infrared spectra of the
majority of molecules contained in complex biological systems.
While previous work suggests that 12 selected protein spectra
can model the shape of blood serum spectra,22 our results show
that significantly more are required to represent the molecular
complexity and biological variability adequately. Taken
together, from the current perspective, it is unlikely that the
bottom-up can be implemented when studying a complex
blood-based matrix. In principle, however, it can be used to
simulate the spectra of simpler systems, such as for
pharmaceutical samples that can be described as a mixture of a
few well-known substances.33

Descriptive Approach. To mitigate the limited access to
individual component infrared spectra, we introduce an
alternative descriptive approach. Here, we use a set of m
experimentally derived spectra si that describe the samples of a
particular biological matrix (e.g., blood serum of healthy
individuals). By utilizing a random variable β(μi, σi) assuming
a Gaussian distribution, the spectrum of a measured biological
matrix can now be expressed as another statistical outcome Y
with:

Y s( , )
i

m

i i i
1

= ·
= (2)
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Thereby, the mathematical structure of the formulation is
similar to the bottom-up approach, but utilizing a different set of
calibration vectors to realize the model.

One difference between the two model formulations is that we
cannot rely on the literature to obtain the concentration ranges
for individual molecules and construct a realistic behavior for the
biological variability. Therefore, a calibration procedure is
required to adjust the statistical variables and select the
experimentally derived spectra such that the resulting spectra
reflect the biological variability of the measured samples. In
addition, we must validate that assuming a Gaussian distribution
creates spectral cohorts that adequately match experimentally
measured cohorts.

To calibrate the biological variability, we use a set of
experimentally measured blood serum spectra bi and calculate
the expected value and variance of the descriptive approach:

Y s s s( , ) (0, )
i

m

i i i
i

m

i i
i

m

i i
1 1 1

= · = · + ·
= = = (3)

Y sE( )
i

m

i i
1

= ·
= (4)

Y sVar( )
i

m

i i
1

2 2= ·
= (5)

Under the condition that the expected value E(Y) should
correspond to the mean of the experimentally measured spectra
b̅, we can replace the sum of the scaled vectors ∑i=1

m μi · si in eqs 3
and 4 by b̅. Additionally, by comparing the variance of eq 5 to the
sample variance b b( )

m i
m

i
1

1
2

= , we set i m
1= and si = bi −

b̅. With this, the expected value and variance of the generated
spectra become equal to the experimentally determined values.

Since the considered number of measured spectra m may be
smaller than the number of different molecular species M within
the sample, this alternative representation may not be able to
reproduce the complete molecular complexity. However,
considering that we can often use hundreds of measurements
for modeling, this approach should be able to capture variations
related to a similar number of molecular species and thus
asymptotically approximate most of the biological variability.
Incorporating Measurement Errors. In addition to

modeling the biological properties, it is important to factor in
the contributions of noise introduced by the measurement
device to assess its influence on the application of interest.

When using a commercial Fourier-transform infrared (FTIR)
spectrometer, the dominant noise type inherent to the spectral
measurement itself is additive white noise. Such noise can be
added to a modeled spectrum as a vector ϵ:

Y b b b
m

0,
1

( )
i

m

i
1

= + · +
=

i
k
jjjj

i
k
jjjj

y
{
zzzz

y
{
zzzz

(6)

To determine a realistic estimate for ϵ, we repeatedly
measured water samples with the FTIR device used for the
blood sera measurements and calculated the standard deviation
observed across the spectral features (Figure S1 in the
Supporting Information). The measurement noise coefficient
ϵ was thus calibrated to be a random Gaussian vector with a
mean 0 and a spectrally dependent standard deviation.

Other sources of error in infrared spectroscopy which result
from baseline drift3 or sample delivery and preparation10,14 can

also be considered by introducing multiplicative noise and drift
vectors in the model.28 When transferring this model to Raman-
based fingerprinting applications, it may be necessary to
consider further, partly nonlinear noise sources34 to obtain
realistic results. As we show below, for the application of the
model presented in this work, it is sufficient to consider only
additive white noise to obtain realistic results.
Incorporating Differences between Molecular States.

Changes in the physiology of an organism, e.g., due to the onset
of a disease, may change the molecular composition of the
analyzed sample. Thus, we can choose a new set of
experimentally measured spectra bi* that characterize the new
molecular state Y* and use that as a basis for calibration. As later
shown, for certain applications, the discriminant features can be
largely explained by a single vector d. By utilizing an additional
Gaussian variable δ(μd, σd) which scales the introduced vector d
and accounts for its variability, a modeled spectrum of an
alternative class can be reduced to:

Y Y d( , )d d* = + · (7)

With this modeling platform, an arbitrary number of samples
can be generated for different molecular states, resulting in a
generated cohort that reflects the statistical properties of the
measured sample pool b1, ..., bm and modeled measurement
noise ϵ(0, σHd2O). The statistical quantities β and ϵ can then be
scaled by additional factors to simulate different levels of
variability for these coefficients in a created cohort of n
measurements. In our application, the molecular outcome Y
represents an artificial measurement of a control sample and Y*
represents an artificial measurement of a cancer case sample.
Unless explicitly stated otherwise, the descriptive approach is
used where independent experimental measurements of cases
and controls form the basis of biological variability calibrations.
Experimental FTIR Spectra and Machine Learning

Analysis. The experimental FTIR spectra used in this study
largely overlap with spectra obtained from a previous study that
involved the detection of lung and prostate cancer from blood
serum.7 Newly measured blood sera samples from different
individuals were included in this study to increase the sample
size and thus improve the statistical robustness of the results. All
participants provided written informed consent for the study
under research study protocol #17-141 and under research study
protocol #17-182, both of which were approved by the Ethics
Committee of the Ludwig-Maximillian-University (LMU) of
Munich. Our study complies with all relevant ethical regulations
and was conducted according to Good Clinical Practice (ICH-
GCP) and the principles of the Declaration of Helsinki. The
clinical trial is registered (ID DRKS00013217) at the German
Clinical Trials Register (DRKS).

In total, we considered spectra from 523 lung cancer patients,
411 prostate cancer patients, and nonsymptomatic references
pair-matched to each individual from each cancer entity. A
detailed breakdown of the cohorts is provided in Table S1 in the
Supporting Information. Information regarding the study
design, statistical matching, sample collection, sample handling,
FTIR measurements, and spectral preprocessing is detailed in
the previous study.7 Machine learning analysis performed on the
experimental and simulated data is detailed in Section 4 in the
Supporting Information. In essence, an L2-regularized logistic
regression was used as a classification algorithm. Classifications
were assessed using the receiver operating characteristic (ROC)
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curve, and the area under the curve (AUC) was used as a
summary metric of predictive performance.

■ RESULTS
By applying our simulation model to a clinically relevant
scenario, we studied the potential and limitations of detecting
lung and prostate cancer in binary case−control settings. Using
experimentally measured FTIR spectra, we validated that
comparable results were obtained between artificially generated
cohorts and experimental cohorts. Next, we investigated how
classification performance was influenced by varying model
parameters that control the cohort size, measurement noise,
biologically variability, and molecular complexity. Our findings
from the lung cancer application are provided within the main
text and figures. Figures relating to the prostate cancer conveyed
consistent results with the lung cancer application and are thus
provided in Sections 6−9 in the Supporting Information.
Validation of Simulated Data. After performing the

calibration procedure described in the methods, we validated
that the simulation model was able to create cohorts that
effectively captured the intrinsic properties of experimental
cohorts for our lung cancer case study (Figure 2A−D). We
simulated 10 data sets of case and control samples with the same
sample counts as our experimental cohorts. Each simulated
cohort was created with a different set of generated random
numbers (i.e., a different random seed), thereby, minimizing the
effects of random perturbations. Across the 10 created data sets,
we calculated the difference between the mean spectrum of case
and control samples and their standard deviations across the
spectrum. The resulting statistical properties were then averaged
for the 10 simulated data sets and compared to the same
properties of the experimental cohort.

In this comparison, we observed a high degree of agreement in
the statistical features of the spectra between simulated and
experimental data (Figure 2A−C). The differential fingerprint
retained its structure in simulation (Figure 2A), and the standard
deviations around the mean spectrum were well modeled for
case and control samples (Figure 2B,C). Since our simulated
cohorts were calibrated to follow the experimental cohort, it was
unsurprising to find such a high degree of similarity in these
properties.

Relating to our aim of studying the influence of noise factors
on predictive modeling, we compared the classification
performance of detecting cancer cases from controls for both

experimental and simulated data (Figure 2D). An L2-regularized
logistic regression classifier was used for the predictive modeling
to help ensure classifier robustness against noise (Sections 4 and
11 in the Supporting Information for more details). For the
experimental data, model performance was estimated in a 10-
times repeated 10-fold cross-validation�totaling 100 folds. For
the simulated data sets, a 10-fold cross-validation was carried out
on each of the 10 simulated data sets�thereby, also totaling 100
folds. With this pipeline, we estimated mean ROC-AUCs of 0.88
and 0.87 for the lung cancer classification with the experimental
data and the simulated data, respectively (Figure 2D, blue and
cyan curves). The ROC-AUC values that we observed fall within
the standard deviation across the cross-validation folds,
validating that the degree of class separation was well modeled
for our simulated data following the descriptive calibration
procedure.

As an additional validation, we compared the predictive
performance of a model trained exclusively on simulated data
and tested on experimental data. To ensure that no experimental
data used for testing contributed to the model training, we split
the experimental data into 10 folds. For each fold, we held out an
experimental test set, fit a predictive model on simulated samples
calibrated on the remaining experimental samples, and tested
the predictive model on the held-out set. As previously
described, we created simulated data sets of the same cohort
sizes as our experimental data and repeated the simulation 10
times, resulting in a total of 100 ROC-AUC estimates. With this
approach, we still achieved a similar performance to what we
expected from the experimental data estimates, with a mean
ROC-AUC of 0.85 (Figure 2D, gray curve). When the machine
learning model was trained on even larger sets of simulated data
with n = 100,000 of balanced cases and controls, the
experimentally obtained ROC-AUC values can be fully
recovered (Figure S6 in the Supporting Information). Taken
together, these results suggest that the proposed descriptive
modeling approach is able to capture all relevant properties and
features for the classification of the studied system.

We repeated the above numerical experiment but with a more
simplistic model for generating the cancer cohort. Instead of
modeling cases based on experimental measurements, we
introduced a single discriminant feature vector d to describe
them (eq 7 based on the experimentally obtained differential
fingerprints depicted in Figure 2A). Surprisingly, the model was
still able to reproduce the experimental results to a large extent

Figure 2. Validation of the model calibration procedure for the lung cancer detection case study. Spectral cohorts of individuals were simulated to
model the properties of measured experimental cohorts using the same sample sizes (n = 523 cases vs 523 controls). (A) Differential fingerprint,
defined as the difference between the mean of the case and control spectral features, for the experimental cohort (black) and the simulated cohorts
(gray) as averaged across 10 simulation repetitions. (B, C) Standard deviation of the control spectral features (B) and case spectral features (C) for the
experimental cohort (blue) and simulated cohorts (cyan) as averaged across 10 simulation repetitions. (D) ROC curve for binary case−control
classifications when training and testing on experimental samples (blue), training and testing on simulated samples (cyan), and training on simulated
samples and testing on experimental samples (gray). The AUCs are listed in the figure legend along with their standard deviations across the cross-
validation splits. Figure S2 in the Supporting Information shows consistent results with the prostate cancer application.

Analytical Chemistry pubs.acs.org/ac Article

https://doi.org/10.1021/acs.analchem.2c04711
Anal. Chem. 2023, 95, 6523−6532

6527

Appendix C

114



(Figure S8 in the Supporting Information). Although the
approach based on modeling the case measurements using
experimental case spectra (Figure 2A−D) better captured the
properties of the spectra, the more simplistic approach indicated
that most of the relevant changes between the case and control
state could be explained by a single vector.
Influence of Cohort Size. The simulation approach allows

for generating artificial cohorts in arbitrary counts, which
enabled us to carry out an investigation on the influence of
cohort size on predictive performance. We used the previously
calibrated parameters of the simulation model and tested out
different cohort sizes (Figure 3). For each cohort size tested, 100

artificial cohorts were generated and the ROC-AUC was again
determined in 10-fold cross-validation on each cohort size. In

addition, a similar investigation was carried out using the
experimental observations, where samples were randomly
selected in 100 different iterations, selecting a different set of
measurements in each iteration for each cohort size, and cross-
validated upon (10-fold).

We observed a similar dependence between the cohort size
and the performance of detecting lung cancer for simulated and
experimental data (Figure 3). This investigation revealed that
increasing the size of the simulated data sets beyond the number
of experimentally available data (n = 1046) only marginally
improved the classification performance and reduced the
relative standard deviation as the plateau of asymptotic
performance was reached. It was apparent, however, that the
classification performance significantly suffered when smaller
cohorts were used (e.g., n ≤ 200) compared to using larger
cohorts (e.g., with n ≥ 1000). Moreover, the standard deviation
became intolerably large with smaller sample sizes, making it
difficult to construct conclusive estimates when only limited
cohort sizes are available.

This result showed that the cohort sizes used were sufficiently
large, which is reflected by the well-known fact that the
predictive performance of a machine learning classifier reaches a
plateau above a certain cohort size.35,36 Furthermore, it served as
an additional validation that the simulation model was able to
reproduce the results obtained from experimental observations.
Influence of Biological Variability and Measurement

Noise. After demonstrating that the calibration procedure
generated artificial cohorts that captured the properties of our
experimental results, we examined the potential effects of
measurement noise and biological variability on the perform-
ance of detecting lung cancer (Figure 4). When describing the
simulation model, we considered the random coefficients β and
ϵ, modeling the biological variability and measurement noise in
levels similar to that of the experimental observations. The
standard deviations of these two coefficients are tunable, thus
enabling the scaling of these levels noise factors seen within the

Figure 3. Effect of cohort size on lung cancer detection. Spectral
cohorts consisting of balanced cases and controls were simulated at
changing sample counts. The cross-validated ROC-AUC is plotted
against the cohort size for the simulated samples (cyan). For
comparison, sets of experimental samples were randomly selected
and cross-validated upon to model the effects of changing cohort sizes
with experimental observations (blue). The solid curves depict the
average scores along with their standard deviations in the shaded
region. Figure S3 in the Supporting Information shows consistent
results with the prostate cancer application.

Figure 4. Effect of biological variability and measurement noise on lung cancer detection. (A) Classification performance was measured by the mean
cross-validated ROC-AUC on multiple spectral cohorts simulated at changing levels of biological variability and measurement noise. The black “x”
marks the point of calibration where the simulated cohorts model the experimental levels of between-person biological variability and measurement
noise. The red “x” marks an estimate for reduced biological variability in a longitudinal, self-referencing, scenario as estimated from previous work.14

(B) Slice of (A) when the measurement noise factor is held constant at the calibrated level and the biological variability factor is changing. (C) Slice of
(A) when the biological variability factor is held constant at the calibrated level and the measurement noise factor is changing. Figure S4 in the
Supporting Information shows consistent results with the prostate cancer application.

Analytical Chemistry pubs.acs.org/ac Article

https://doi.org/10.1021/acs.analchem.2c04711
Anal. Chem. 2023, 95, 6523−6532

6528

Appendix C

115



spectra and thereby simulating different experimental con-
ditions. We generated artificial cohorts considering varying
levels of these noise factors and examined their effects on
classification performance. For each level of measurement noise
and biological variability considered, we simulated 10 cohorts
and cross-validated (10-fold) on each simulated cohort�
averaging the ROC-AUC scores across the 100 total test data
splits.

Overall, we found that the dominating source of noise, which
masked away the signal separating the classes, was the level of
biological variability (Figure 4A). With no added biological
variability, the binary classifiers were able to distinguish the clear
signal of the diseases, achieving near-perfect to perfect ROC-
AUCs within the explored levels of measurement noise. With
increasing levels of biological noise, the disease signals were
increasingly masked away, leading to sharp declines in ROC-
AUCs down to the plateau of observing random chance models.
Our point of calibration fell within a region where minor changes
to the biological variability have significant effects on the
performance of distinguishing cases from controls (Figure 4B).

Previously, it was found that the level of within-person
biological variability in molecular fingerprints over a period of 6
months was near a factor of 2 less, on average, than the level of
between-person variability of individuals in groups.14 This
allowed us to estimate the potential classification performance of
detecting cancer in a personalized, longitudinal health-
monitoring scenario. By tuning our random coefficient β to
model the level of within-person variability (i.e., β × 0.5), we
estimated that such a classification would yield a ROC-AUC of
0.98 for lung cancer detection (Figure 4A,B).

Compared to the effect of biological variability, varying the
level of measurement noise was found to have a substantially
smaller effect on the classification performance (Figure 4A,C).
Eliminating the modeled measurement noise (i.e., ϵ × 0) yielded
an estimated ROC-AUC of 0.92. Nevertheless, varying both the
biological variability and measurement noise simultaneously
revealed that the effect of the measurement noise on the
retrieved ROC-AUC also depended on the level of biological
variability. For instance, when the level of biological variability
was highest, reducing the measurement noise resulted in
substantial classification performance gains (in terms of
ΔROC-AUC). However, when the biological variability was
lowest, measurement noise had little effect on the retrieved
ROC-AUC�with the classification performing with perfect
efficiency. Thus, advances in spectroscopic methods which
result in further reductions of measurement noise may be
particularly promising for problems with low classification
efficiencies (e.g., due to weak disease signatures).
Influence of Molecular Complexity.Within the proposed

simulation model, the biological variability of the molecularly
complex blood-based spectra was modeled according to two
aspects: the total strength of biological variability, determined by
the statistical variable β, and the structure of the underlying
biological variability as determined by the set of m unique and
independent calibration vectors bi of a given sample pool. Each
vector represents the absorbance spectrum combining all
molecular constituents in a given molecular sample, combining
all their respective concentrations. As previously described,
changing the number of independent vectors considered when
creating an artificial sample would mathematically correspond to
changing the number of unique molecular species creating the
full blood-serum spectrum.

To model this, we kept the mean measurement b̅ for each
sample pool constant and randomly selected m different
experimental calibration vectors bi to create artificial cohorts
at varying values of m (Figure 5A−C). Since b̅ is held constant,

we assume that altering the molecular complexity has no direct
effect on the disease signal, but in fact, increasing complexity
serves to mask it away. To note as well, the case and control
cohort spectra are each based on a separate set of vectors, and
thus, the entire set of case and control spectra is based on 2 × m
independent vectors.

In the first numerical experiment, we kept the relative strength
of biological variability at the same level as previously calibrated,

utilizing the random coefficient ( )0,
m

1 . The measurement

Figure 5. Influence of molecular complexity on lung cancer detection.
(A) Multiple spectral cohorts were simulated at changing levels of m
(i.e., the number of calibration vectors defining each molecular state)
and changing levels of biological variability (β). Cohorts were created
with the same cohort size as the experimental measurements and cross-
validated upon to estimate the ROC-AUC as a measure of prediction
performance. (B) Multiple data sets were simulated at changing levels
of m and changing cohort sizes (n) to investigate the effects of the
sample size on the trends observed in (A) at the highest level of
biological variability investigated. (C) Number of calibration vectors m
required to achieve a ROC-AUC ≥ 0.99 at the cohort sizes investigated
in (B). Figure S5 in the Supporting Information shows consistent
results with the prostate cancer application.
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noise coefficient ϵ was also kept at the calibrated level when
creating the simulated samples. Cohorts for lung cancer were
created with the same sample sizes as our experimental
measurements. This process was repeated 100 times, each
with a different set of m randomly selected experimental
measurements, and cross-validated (10-fold) on each simulated
data set. We observed that when the molecular complexity was
modeled with m ≤ 20 independent biological calibration vectors
for each sample pool, perfect class separation can be achieved
with ROC-AUCs of 1.0 (Figure 5A, cyan curve). Increasing the
molecular complexity of the spectra past this, using calibration
vectors that did not contribute to the cancer disease signal,
added a level of molecular complexity that reduced the
prediction confidence of the classification models.

This observation prompted the question of whether there
might be a more general relationship between molecular
complexity, biological variability, and the ability of infrared
fingerprinting to distinguish between two classes. Therefore, we
repeated the previous experiment, but with larger levels of
variability for β, representing the strength of the biological
variability. We found that perfect separation was possible for m
≤ 20, irrespective of the level of biological variability in our
explored domain (Figure 5A, gray and black curves). From a
mathematical point of view, this suggests that at such a
threshold, the underlying system of equations to be solved is
over-determined and thus has a unique solution that a predictive
model is able to find.

Further investigations revealed that the threshold value for m,
for which perfect separation is still possible, can be increased
with increasing cohort size but only at an exponentially
decreasing rate (Figure 5B,C). In other words, more individual
components could be detected at a higher level of sensitivity by
measuring exponentially more samples. However, this threshold
certainly depends on the correlation of the calibration vectors,
the spectral bandwidth, and resolution, and can vary depending
on the application.

We would like to note that the threshold values obtained here
can only be transferable under idealistic conditions. In particular,
the application of interest must not be tainted by any
measurement noise, and the signal of interest, as well as all
other molecules, must be of similar concentration. Nevertheless,
these results clearly reflect that the capacity of infrared molecular
fingerprinting of complex samples can be drastically increased�
if the number of components of the analyzed matrix in which the
spectral marker is embedded is significantly reduced below 100.

■ DISCUSSION
Capturing biological phenotypes through molecular finger-
printing forms the basis for many innovative applications, such
as disease detection. Nevertheless, the full potential and
limitations of these approaches are not fully understood due
to the complex interplay of measurement noise, biological
variability, and the actual distinctive molecular pattern.

To investigate these effects, we systematically adjusted the
parameters of our validated in silico model. We found that
improved classification was achievable by decreasing the levels
of biological variability and measurement noise. Reducing
measurement noise promises to improve classification efficiency
by a few percentage points (in terms of ROC-AUC scores) and
can potentially be exploited with next-generation infrared
spectrometers.37 A greater advantage came from reducing
biological variability, which is more challenging to realize as it is
inherent to any biological setting�from a single gene38 to an

organismal level.12,13 A possible strategy here is populational
stratification, or grouping individuals into defined strata (e.g., by
age, body mass index, and lifestyle factors), to reduce the
biological variability within each stratum. Although widely
established in genomics,39 it needs to be carefully controlled to
not lead to spurious associations. Furthermore, the concept of
longitudinal self-referencing could be incorporated in finger-
printing for disease diagnostics and health monitoring.40 The
within-person biological variability of blood-based infrared
fingerprints is near a factor of 2 lower than the between-person
variability when monitored over a span of 6 months.14 Using our
model, we estimated that this would improve the ROC-AUC
from 0.88 for group comparison to 0.98 for longitudinal self-
referencing when detecting lung cancer.

Further investigations showed that identifying spectral
patterns using infrared molecular fingerprinting may be
fundamentally limited by the molecular complexity of the
analyzed samples. By reducing the number of different
molecular species considered for generating the cohorts, perfect
class separation was achievable when less than 20 unique spectra
were used for each sample pool�regardless of the level of
biological variability. By increasing the cohort size, near-perfect
separation could be achieved even with increasing molecular
complexity�albeit, this requires exponentially larger cohort
sizes. This indicated that infrared fingerprinting of complex
biological samples (e.g., blood-based media) is only able to
unambiguously determine a certain number of independent
variables, or molecular species, within complex samples. The
actual number of detectable independent variables certainly
depends on measurement properties such as the spectral
bandwidth, spectral range, and the type of sample under
investigation. Such questions can be investigated with the
presented model but would exceed the scope of this study.
Considering our applications using blood-serum, we found that
reducing the chemical sample complexity (e.g., via chromatog-
raphy) could be a viable option to improve the classification
performance.

Critically seen, we initially developed our approach to
calculate realistic fingerprint spectra of blood serum by
considering the individual spectral contributions of the majority
of molecular species contained therein. Since this requires
information on individual molecular concentrations in blood for
different groups of the human population and also the use of a
large number of individual component spectra, with the majority
unavailable, we could not realize this approach. Instead, we
chose a descriptive approach that relies on measured spectra of
the molecularly complex samples from observational studies. We
have, however, shown that both approaches follow a similar
mathematical formulation. To assess whether they have similar
explanatory power, a direct comparison is necessary and which is
already ongoing. At the same time, we believe that the bottom-
up approach can facilitate the analysis of simpler systems, such as
pharmaceutical samples,33 to investigate the effects of factors
like molecular mixing and variance of molecular concentrations
introduced through manufacturing.

A disadvantage of the descriptive approach is that the best
agreement with experimental results is only achieved when
healthy and diseased sample pools were calibrated separately.
Choosing a simplified approach that describes the occurrence of
a disease by a single discriminant vector, but otherwise only
considers the biological variability of the healthy cohort, reduces
the agreement with the experimental results (Figure S8 in the
Supporting Information). Nevertheless, this approach has its
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advantages. It is well suited for exploratory analysis of any
fingerprinting settings and could help estimate to what extent a
change in a certain molecule (e.g., a studied biomarker) would
be detectable by fingerprinting. For such investigations, one
would only need to record the spectra of the target molecule
independently and then use the calibrated data from this work to
generate simulated spectra with and without contributions from
the target spectra.

In general, the core idea of the proposed in silico model can be
transferred to other molecular fingerprinting techniques, such as
Raman spectroscopy20 or nuclear magnetic resonance spectros-
copy,21 and to other applications involving multiclass classi-
fications. Furthermore, the model can be applied to study the
proper applications of machine learning algorithms�from
investigating the effects of noise on hyperparameter tuning
(Section 11 in the Supporting Information) to how different
classification algorithms perform under different simulated
conditions. To facilitate the use of the model, we provide a
Python toolbox alongside executable scripts to reproduce and
extend the results of this study (Sections 2 and 3 in the
Supporting Information).

■ CONCLUSIONS
In this study, we describe an in silico approach capable of
modeling molecular fingerprints of complex biological systems.
We calibrated our model using experimentally measured
infrared spectra of blood sera and applied it to the detection
of lung and prostate cancer. Excellent agreement between the
statistical properties and classification results of simulated and
experimental data was achieved for both applications. The
validity of the approach was further supported by the finding that
machine learning models trained on simulated data and tested
on experimentally measured data delivered comparable results.
We demonstrated that the newly developed model enables
investigations of the potential and limitations of the molecular
fingerprinting framework and that it can serve as a platform for
exposing opportunities to advance molecular fingerprinting
applications.
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1  Description of experimental cohort 

Table S1 provides sample size, age, sex, and body mass index (BMI) descriptions of the experimental lung and prostate cancer 

cohorts. These cohorts were used for both - calibrating the biological variability of the simulated samples and for validating the 

statistical properties of the simulated cohorts. Details about the study design, sample collection and handling, and measurements of 

the samples are described in a previously published work.1  

Lung cancer cohort Prostate cancer cohort 

Cases Controls Cases Controls 

n 523 523 411 411 

% male 54% 54% 100% 100% 

Age (mean ± SD) 67.2 ± 9.7 years 64.2 ± 10.4 years 65.2 ± 9.1 years 59.2 ± 15.9 years 

BMI (mean ± SD) 25.7 ± 4.9 kg/m2 26.4 ± 5.0 kg/m2 27.1 ± 4.0 kg/m2 26.7 ± 4.9 kg/m2 

Table S1: Description of the experimental lung cancer and prostate cancer cohorts. For each entity, cancer cases were pair-

matched to non-symptomatic controls based on sex, age, and BMI. 

2  Analysis code 

To facilitate the use of the model, the Python code used for generating the artificial spectra is deposited in a GitHub repository.2 

There, we further provide Python scripts (on the Jupyter Notebook framework) to perform and reproduce all simulations shown in 

the results of the main text of the article. 

3  Data access 

Making use of the proposed model, we provide a dataset of generated lung and prostate cancer cohorts of FTIR spectra which model 

the data used within this work (n = 100000 for each cancer entity) in a GitHub repository.2 The dataset was created using our exper-

imental blood serum measurements for each cancer entity and the matched non-symptomatic controls. The artificial cohorts were 

created by following the described procedure for calibrating the biological variability using experimental measurements and the 

measurement noise using repeated water measurements. The water measurements (n = 400) used for calibrating the measurement

noise are also deposited, along with the generated artificial cohorts. This data can serve as an input for generating additional 

artificial cohorts for in silico investigations, as well as be employed as a basis for gaining insights when limited numbers of 

serum-based measurements are at hand. 

4  Machine learning analysis 

Classification performance was evaluated by calculating the area under the receiver operating characteristic curve (ROC-AUC) of 

trained L2-penalized logistic regressions. To estimate the ROC-AUC score on unseen test samples, the data was first split according 

to a 10-fold stratified cross-validation. On the training splits of each fold, an exhaustive grid search was carried out using an inner 3-

fold stratified cross-validation to determine an optimal value for the cost parameter C of the logistic regression3 – the value which 

maximizes the ROC-AUC estimated on the inner validation sets. Once an optimal value was determined, the logistic regression was 

re-fit on all samples of a given training split and tested on the corresponding outer set of testing samples to provide an unbiased 

estimate of performance on unseen data. The outer 10-fold cross-validation was repeated for some problems and was mentioned in 

the corresponding section of the results. The ROC-AUC scores across all folds were averaged and reported along with their standard 

deviation. When investigating the effect of the cost parameter C (Section 11 in the Supporting Information), the inner cross-validation 

and grid search steps were skipped and the results with all C values were shown. Data standardization – done by subtracting the mean 

and dividing by the standard deviation of each spectral feature – was applied as a preprocessing step before training and testing the 

logistic regression models. All mean and standard deviation values were calculated from the training splits and applied to their cor-

responding testing splits. The logistic regression, cross-validation, and grid search algorithms were used as implemented in the Scikit-

Learn open-source Python package (version 0.24.1).4 
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5  Modeled FTIR measurement noise 

To determine a realistic estimate for the measurement noise of the FTIR measurement device, a total of 400 water samples were 

repeatedly measured with the FTIR spectrometer. The standard deviation between the performed measurements across the spectral 

features was subsequently calculated. Fig. S1A depicts water measurements performed on the FTIR spectrometer. These measure-

ments were used to calibrate the additive measurement noise introduced into the model (illustrated in Fig. S1B). 

Figure S1: Calibration of the measurement noise using repeated water FTIR measurements. 

(A) Water reference absorbance spectra (n = 400) with the mean of all water measurements subtracted. (B) A set of random

vectors generated based on the standard deviation of the repeated water measurements across the wavenumbers on an arbi-

trary y-axis. The vectors in (B) illustrate the calibrated measurement noise coefficient 𝛜 in the simulation model and were

scaled by a factor of 9.15 to account for the L2 vector normalization in the preprocessing of the sera measurements.

6  Validation of simulated data for the prostate cancer application 

Fig. S2 supplements Fig. 2 in the main text which validated the model calibration procedure. Here, the validation was applied to the 

prostate cancer case study. 

Figure S2: Validation of the model calibration procedure for the prostate cancer case study. 

Spectral cohorts of individuals were simulated to model the properties of measured experimental cohorts using the same 

sample sizes (n = 411 cases vs. 411 controls). (A) The differential fingerprint, defined as the difference between the mean 

of case and control spectral features, for the experimental cohort (black) and the simulated cohorts (gray) as averaged across 

10 simulation repetitions. (B-C) The standard deviation of the control spectral features (B) and case spectral features (C) for 

the experimental cohort (blue) and simulated cohorts (cyan) as averaged across 10 simulation repetitions. (D) The ROC 

curve for binary case-control classifications when training and testing on experimental samples (blue), training and testing 

on simulated samples (cyan), and training on simulated samples and testing on experimental samples (gray). The AUCs are 

listed in the figure legend along with their standard deviations across the cross-validation splits. 
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7  Influence of cohort size for the prostate cancer application 

Fig. S3 supplements Fig. 3 in the main text which investigated the effect of the cohort size on classifier performance for experimental 

and simulated cohorts. Here, the validation was applied to the prostate cancer case study. 

Figure S3: Effect of cohort size on prostate cancer detection. 

Spectral cohorts consisting of balanced case and control samples were simulated at changing sample counts. The cross-

validated ROC-AUC is plotted against the cohort size for the simulated samples (cyan). For comparison, sets of experimental 

samples were randomly selected and cross-validated upon to model the effects of changing cohort sizes with the experimental 

observations (blue). The solid curves depict the averaged scores along with their standard deviations in the shaded region. 

8  Influence of biological variability and measurement noise for the prostate cancer application 

Fig. S4 supplements Fig. 4 in the main text which investigated the effects of measurement noise and biological variability on classifier 

performance. Here, the validation was applied to the prostate cancer case study. 

Figure S4: Effect of biological variability and measurement noise on prostate cancer detection. 

(A) Classification performance was measured by the mean cross-validated ROC-AUC on multiple spectral cohorts simulated

at changing levels of biological variability and measurement noise. The black “x” marks the point of calibration where the

simulated cohorts model the experimental levels of between-person biological variability and measurement noise. The red

“x” marks an estimate for reduced biological variability in a longitudinal, self-referencing, scenario as estimated from pre-

vious work.5 (B) Depicts a slice of (A) when the measurement noise factor is held constant at the calibrated level and the

biological variability factor is changing. (C) Depicts a slice of (A) when the biological variability factor is held constant at

the calibrated level and the measurement noise factor is changing.
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9  Influence of molecular complexity for the prostate cancer application 

Fig. S5 supplements Fig. 5 in the main text which investigated the effect of chemical molecular complexity on classifier performance. 

Here, the validation was applied to the prostate cancer case study. 

Figure S5: Influence of molecular complexity on prostate cancer detection. 

(A) Multiple spectral cohorts were simulated at changing levels of m (i.e., the number of calibration vectors defining each

molecular state) and changing levels of biological variability (β). Cohorts were created with the same cohort size as the

experimental measurements and cross-validated upon to estimate the ROC-AUC as a measure of prediction performance.

(B) Multiple datasets were simulated at changing levels of m and changing cohort sizes (n) to investigate the effects of the

sample size on the trends observed in (A) at the highest level of biological variability investigated. (C) The number of

calibration vectors m required to achieve a ROC-AUC ≥ 0.99 at the cohort sizes investigated in (B).
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10  Simulating larger cohorts for model validation 

Fig. S6 supplements Fig. 2D in the main text and S2D. Here, larger simulated cohorts were created to validate a model trained on 

simulated data and tested on experimental data. In comparison to Fig. 2D and S2D, the ROC-AUC values could be fully recovered

using the larger sample sizes for both the lung (Fig. S6A) and prostate cancer (Fig. S6B) applications.

Figure S6: Receiver operating characteristic curves for binary classifications when trained on n = 100000 simulated samples 

of balanced classes and tested on unseen sets of experimental samples in a cross-validation (in gray). The blue curve 

depicts the result when cross-validating on the experimental samples. The areas under the curves and their standard

deviations are listed in the figure legends for the lung cancer (A) and prostate cancer (B) applications. 
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11  Influence of noise on predictive model tuning 

Regularization plays a pivotal role in the predictive modeling of ill-posed problems such as the classifications explored within this 

study. Techniques of regularization help predictive models mitigate the effects of multicollinearity and noise present in the training 

data.6,7 By introducing an L2 penalty, a supervised machine learning model works to solve the following generalized optimization 

problem, given a set of instance-label pairs (𝒙𝑖 , 𝑦𝑖):

min
𝒘

 
1

2
𝒘𝑇 𝒘 + 𝐶 ∑ ξ(𝒘; 𝒙𝑖 , 𝑦𝑖)

𝑁

𝑖=1

where ξ(𝒘; 𝒙𝑖 , 𝑦𝑖) is a defined error, or loss, function used in a predictive model. In other words, the optimization works to find the 
weight vector 𝒘 that minimizes the error between predicted outcomes and the known outcomes. To avoid a solution where 𝒘  becomes 

unduly large in magnitude, overfitting to peculiarities in the training data, the L2 penalty term is introduced and the extent of its 

involvements is controlled by the free parameter 𝐶 > 0. The closer the value of 𝐶 is to 0, the sparser the solution – where the entries 

of 𝒘 are closer to 0. The optimal value for 𝐶 can be determined by cross-validating to find the value which strikes the balance between 

allowing the model to learn the best possible value for 𝒘 and not overfit. 

We used our simulation model to investigate the effects of regularization on the performance of detecting lung and prostate cancer 

using L2-regularized logistic regression models at varying measurement noise and biological variability levels (Fig. S7A-D). We 

simulated artificial cohorts at increments of increasing measurement noise, holding the biological variability at the calibrated level, 

and subsequently cross-validated on each simulated dataset with different values for the parameter 𝐶. A similar evaluation was re-

peated to examine the effect of increasing biological variability while keeping the measurement noise at the calibrated level. 

We found that with heavy classifier regularization (e.g., 𝐶 = 2−12), the classification performance on unseen data samples was 

relatively robust to increasing levels of measurement noise (Fig. S7A and C). Such heavily regularized models, however, did not 

provide optimal classification performance at the explored levels of measurement noise and led to “underfit” models that failed to 

capture the complexity of the problem. With little-to-no measurement noise, classifiers with weaker regularization strengths (e.g., 

𝐶 = 212) consistently outperformed in testing performance. Since such weakly regularized models are very susceptible to overfitting, 

increasing measurement noise quickly led to the loss of generalization and the classifier under-performed on the testing sets while 

perfectly separating the training samples. 

Comparatively, the optimal regularization parameter was less sensitive to varying levels of biological variability (Fig. S7B and D). 

The optimal regularization strength (𝐶 = 26), remained optimal in the explored biological variability domain. Moreover, for this type 

of noise, all explored values for 𝐶 suffered in a similar way from increasing noise. This revealed that the optimal penalty does not

depend on the biological variability and thus the effects of increased biological variability cannot be mitigated by tuning a better 
classifier.

Figure S7: Influence of measurement noise and biological variability on classifier regularization. 

Binary classifiers, with changing regularization strengths (parameter 𝐶), were fit to detect cancer on spectral cohorts simu-

lated at different levels of measurement noise (first row) and biological variability (second row). (A-B) Depict the effect on 

detecting lung cancer while (C-D) depict the effect on detecting prostate cancer. Performance, as measured by the ROC-

AUC, was estimated by cross-validating and averaging the score on each cohort created. 
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12  Simplified in silico model using a single vector to model case measurements 

Fig. S8 repeats the validation of the numerical simulation shown in Fig. 2 in the main text and supporting Fig. S2, but by introducing 

a single discriminant feature vector 𝒅 to describe the case measurements and only considering the biological variability of the non-

symptomatic references to calibrate the model (equation 7 in the main text). 

Figure S8: Validation of the calibration procedure for the model variant that uses a single discriminant vector to distinguish 

between cases and controls. In this investigation, the biological variability was calibrated based on the control measurements 

for each cancer cohort. (A-B) The differential fingerprint, defined as the difference between the mean of the case and control 

spectral features, for the experimental cohort and the simulated cohorts as averaged across 10 simulation repetitions. This 

differential fingerprint was introduced to each simulated case measurement to model the difference between the classes using 

a single vector for the lung (A) and prostate (B) cancer applications. (C-D) The standard deviation of the control spectral 

features for the experimental cohort and simulated cohorts as averaged across 10 simulation repetitions for both lung cancer 

(C) and prostate cancer (D) applications. (E-F) The standard deviation of the case spectral features for the experimental

cohort and simulated cohorts was averaged across 10 simulation repetitions for both lung cancer (E) and prostate cancer (F)

applications. For the simulated case measurements (E-F), the biological variability was scaled to minimize the squared error

between the simulated standard deviation spectrum and the experimentally derived one. (G-H) The receiver operating char-

acteristic curves (ROCs) for binary case-control classifications of lung cancer (G) and prostate cancer (H) when training and

testing on experimental samples (blue), training and testing on simulated samples (cyan), and training on simulated samples

and testing on experimental samples (gray). The areas under the curves are listed in the figure legends along with their

standard deviations across the cross-validation splits.
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Abstract
Molecular analytics increasingly utilize machine learning (ML) for predictive modeling based on data acquired through molecular 
profiling technologies. However, developing robust models that accurately capture physiological phenotypes is challenged by the 
dynamics inherent to biological systems, variability stemming from analytical procedures, and the resource-intensive nature of 
obtaining sufficiently representative datasets. Here, we propose and evaluate a new method: Contextual Out-of-Distribution 
Integration (CODI). Based on experimental observations, CODI generates synthetic data that integrate unrepresented sources of 
variation encountered in real-world applications into a given molecular fingerprint dataset. By augmenting a dataset with out-of- 
distribution variance, CODI enables an ML model to better generalize to samples beyond the seed training data, reducing the need for 
extensive experimental data collection. Using three independent longitudinal clinical studies and a case–control study, we 
demonstrate CODI’s application to several classification tasks involving vibrational spectroscopy of human blood. We showcase our 
approach’s ability to enable personalized fingerprinting for multiyear longitudinal molecular monitoring and enhance the robustness 
of trained ML models for improved disease detection. Our comparative analyses reveal that incorporating CODI into the classification 
workflow consistently leads to increased robustness against data variability and improved predictive accuracy.

Keywords: data augmentation, molecular analytics, machine learning, variability modeling, out-of-distribution
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promised. Here, we introduce Contextual Out-of-Distribution Integration (CODI), a versatile framework that enhances traditional 
classifier training methodologies. The concept of CODI is to incorporate information about possible out-of-distribution variations 
into a given training dataset, augmenting it with simulated samples that better capture the true data distribution. This allows the 
classification to achieve improved predictive performance on samples beyond the original training distribution.
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Introduction
Technological advances in molecular analytics increasingly en
able the probing of biological systems. Distinguishing between 
physiologically relevant states from quantitative molecular fin
gerprints presents a new opportunity for in vitro phenotyping. 
Extensive efforts are thus dedicated to developing standardized 
procedures involving streamlined biological sampling, post- 

collection handling, and sensitive quantitative measurements. 
Nevertheless, empirical datasets are susceptible to diverse sour

ces of variability, both analytical and inherently biological (1–9). 

Obtaining a dataset that reflects a realistic data distribution is 

often resource-intensive, costly, and, in some cases, impossible. 

This applies especially in the context of clinical studies, covering 

all pathophysiological strata, studying rare disease, or 
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longitudinally probing the same system over time. Exploratory 
studies are thus often limited in size and scope, making it challen
ging for a given “training” set to be representative of the true un
seen “test” domain. Consequently, when applying a developed 
machine learning (ML) model to independently collected and ex
perimentally measured samples, the model may fail to achieve 
the expected efficacy (8, 10–15).

While traditional approaches often rely on standardizing ex
perimental workflows and creating computer-aided processing 
techniques to reduce unwanted empirical noise (7, 16–20), com
plete noise removal is likely unattainable. Failure to account for 
noise and distributional shifts may obscure the true biological 
patterns of interest, misleading an ML algorithm into utilizing in
formation that is unlikely to be reproduced. This failure is due to 
violating the assumption underlying (supervised) ML algorithms 
that the training and testing data are independent and identically 
distributed (i.i.d.) (11, 13, 21–23). To decode the information con
tained within a dataset, accounting for analytical and biological 
variability is critical to handle data domain shifts and ensure suc
cessful model generalization.

The concept of out-of-distribution (OOD) generalization has 
very recently garnered attention in ML research to address the 

shortcomings of i.i.d. assumptions (22, 24, 25). This paradigm shift 
acknowledges the unpredictability of unseen data, prompting ex
ploration into methods that better accommodate distributional 
shifts to generalize beyond the training set. OOD generalization 
has been extensively explored in computer vision and natural lan
guage processing tasks (24–27). However, there is a critical lack in 
the development of OOD generalization techniques in molecular 
analytics involving vibrational spectroscopy, NMR spectroscopy, 
and mass spectrometry, as well as in clinical chemistry analytics.

To address these challenges, here we develop and empirically 
test a hybrid experimental and computational modeling strategy. 
We explore OOD generalization in the context of molecular ana
lytics and propose to recognize the variations arising from analyt
ical paradigms as integral components of real-world observations 
(Fig. 1).  We introduce Contextual Out-of-Distribution Integration 
(CODI), a strategy that paradoxically embraces measurement 
variability and the inherent complexities of biological systems, 
transforming them into valuable properties that can be utilized. 
CODI first involves experimental data to evaluate their distribu
tional characteristics. Following the characterization, we deliber
ately introduce these distributional characteristics into a studied, 
independent, dataset through the in silico generation of synthetic 

Fig. 1. Overview of problem context and CODI’s methodology. Given a biological, medical, or molecular system of interest, we are presented with a task of 
classifying distinct groups of samples. However, variations stemming from several biological and (pre)analytical aspects in the empirical workflow may 
impact captured measurements in different ways. CODI leverages independently characterized sources of variability and incorporates them into a 
labeled training set of experimental observations. This process generates simulated samples with a more representative data distribution. Training an 
ML classifier on simulated samples enables it to learn a decision boundary that separates classes of samples in a more informed manner, increasing the 
likelihood of generalizing to unseen test samples. This approach enables sample characterizations that are more robust to variations in the empirical 
workflow.
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data. These synthetic data mimic the system(s) of interest while 
expanding the distribution of the original training set to incorpor
ate information about sources of variance that were crucially 
OOD and missing.

To establish the concept and evaluate it in a realistic setting, we 
apply our method on experimental infrared (IR) spectroscopic 
data to aid in vitro blood-based diagnostics. The advantage here 
lies in cross-molecular fingerprinting, where quantitative analyt
ical measurements capture the breadth of changes in the molecu
lar landscape of complex samples as indicators of systemic health 
and disease. We test our method in the framework of three inde
pendent longitudinal clinical studies spanning up to an 8-year 
follow-up period (28–30), as well as a case–control study to detect 
four common cancers (31). Our results demonstrate that integrat
ing CODI into the classification pipeline enables the creation of 
more representative datasets, arbitrarily large in size, that em
power ML algorithms to more effectively capture reproducible sig
nals in biological datasets. Ultimately, we showcase how the 
proposed framework leads to significantly improved classification 
output on unseen, independently measured test samples, ensur
ing robust predictions despite shifts in data distribution.

Results
Characterizing empirically observed variability
We previously introduced an in silico model that generates 1D 
spectra of complex biological samples, focusing on IR absorption 
spectra (32). Our initial work explored the impact of varying levels 
of between-person biological variability on classification effi
ciency in simulated case–control conditions. Building on this 
foundation, we extend the model beyond the theoretical frame
work. We generate data simulating longitudinal and/or case–con
trol settings, accounting for diverse sources of possible variability 
that we experimentally characterize. To assess its practical appli
cations, we explore the capacity of the modeling framework to 
computationally generate larger training sets that are more ro
bust to biological and analytical variabilities.

CODI is a relatively simple statistical procedure that relies on 
characterizing data distribution patterns (Fig. 1). In a generalized 
form, we capture the differences between sets of experimental ob
servations (ui − vj), henceforth called calibration measurements. 
These calibration measurements can be adjusted based on differ
ent pools of available measurements that reflect diverse sources 
of data variability. For instance, quality control samples can be re
peatedly measured under varying laboratory conditions, resulting 
in a measurement set {ui ∣ i = 1, . . . , m}. By setting vj = u̅, the cali
bration set would consist of mean-centered observations that re
flect the deviations of each control measurement. Alternatively, 
rather than mean-centering the observations, ui and vj can re
present measurements of paired samples collected, processed, 
or measured under different scenarios. For instance, ui and vj 

can be measurements of two samples processed by different oper
ators from the same mother tube or measurements of the same 
sample on different experimental instruments. These sources of 
variability can be adjusted to different analytical settings, de
pending on the expected sources of deviation.

After the characterization of measurement deviations, these 
differences (ui − vj) are scaled by a random variable that assumes 
a Gaussian distribution and then combined over the entire vari
ability calibration set. This aggregation may then be added onto 
an independent experimental training seed measurement xk to 
create a new simulated measurement that is now modeled as a 
statistical outcome. Such a simulation approach can be 

repeatedly applied to generate a cohort of simulated measure
ments in arbitrary size. The generated cohort, as a whole, would 
reflect the variability properties observed between ui and vj onto 
xk. If the set of calibration measurements would reflect a source 
of variability that was unobserved in a given training set of meas
urements {xk ∣ k = 1, . . . , n}, a new level of variability would be in
troduced onto the training set of measurements. This strategy 
allows for the creation of realistic synthetic data without needing 
to fine tune free parameters controlling the data generation. 
Further detailed descriptions are in the Materials and methods 
and Supplementary Information.

In our example applications of CODI, we introduced several dis
tinct sets of calibration measurements to model different sources 
of variability that may be observed in IR spectral measurements of 
blood-based media (Fig. 2a). Within these calibration measure
ments are characteristics of empirical variability stemming from 
inherent biological factors, variations in sample collection and 
handling, as well as instrument-specific measurement noise and 
drifts (Supplementary Information).

When addressing biological variability, the calibration measure
ments ui, vj are selected to be experimental measurements of the 
same individual over time, capturing a level of within-person bio
logical variability (Fig. 2a, upper left), as defined previously (30). 
Alternatively, opting to set the calibration measurements to be of 
different individuals would yield a level of between-person bio
logical variability, as demonstrated previously (32).

Further variations that stem from different clinical sample col
lection sites, clinical study protocols, and sample handling proce
dures may be effectively represented by selecting calibration 
measurements characteristic of samples derived from different 
clinical studies (Fig. 2a, upper right). The same concept can be ex
tended to model realistic variations that arise from experimental 
procedures like sample storage temperature and duration, ali
quoting procedures, and measurement device drifts. For example, 
quality control (QC) samples, may be subjected to diverse hand
ling and storage conditions. Performing measurements of QCs 
under different operating conditions for the measurement device, 
including instances of recalibration, routine maintenance, or 
changes in the surrounding environment would enable the QC 
measurement dataset to mimic potential variations in both la
boratory procedures and instrumental drifts (Fig. 2a, lower left). 
Further, independent, measurements of technical replicates (e.g. 
pure water) performed over extended periods can facilitate a 
clearer distinction between instrumental device noise and labora
tory variations (Fig. 2a, lower right).

The overarching goal of characterizing diverse sources of vari
ability is to realistically simulate the data distribution that may be 
encountered in the empirical workflow. It is crucial to recognize 
that this can be achieved through the utilization of measurements 
that are independent of the original training set and unrelated to 
the specific questions posed by it (i.e. class-invariant). Therefore, 
the characterized source of variability can be repeatedly used 
across a diversity of classification tasks. When extending the con
cept to other molecular systems or measurement modalities, 
similar calibration sets may be adapted to characterize the varia
tions relevant to the studied conditions.

Introducing experimental variability in silico
As an illustrative example, we applied the CODI framework to five 
experimental spectra of blood plasma to generate a larger set of 
simulated measurements that reflect an increased level of vari
ance (Fig. 2b). The five original spectra may be considered to be 
a training set, with each measurement representing a labeled 
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class (Fig. 2b, left). Using the five measurements as a seed input, 
CODI enabled the generation of a larger and more representative 
training set of measurements (Fig. 2b, right).

Principal component analysis (PCA) applied to the original and si
mulated measurements reveals that each source of measurement 

variability affected the spatial distribution of the seed data differ
ently across the first two components (Fig. 2c). In other words, each 
set of calibration measurements—modeling different variability 
properties—affected linearly independent data features. Once all 
four sources of measurement variability were incorporated into 

a

b

c

d

Fig. 2. Applying CODI to introduce measurement variability onto illustrative experimental IR spectra. a) Four distinct sources of possible variability 
were characterized from calibration sets of experimental observations. The curves depict how each measurement differs from its expected mean. b) 
By applying CODI, the four sources of variability were introduced to five illustrative experimental blood-based spectra (left panel) to generate a larger 
set of simulated spectra (right panel). c) Principal component analysis (PCA) on the five illustrative experimental spectra (left panel), on a larger 
simulated set of spectra that introduced only one out of the four characterized sources of variability (middle panel), and on a simulated set of spectra 
that introduced all four sources of variability to the five illustrative experimental spectra (right panel). d) Comparison of the standard deviation across 
the spectral range for each characterized source of variability and the standard deviation of simulated measurements, resulting in an overall 
increased standard deviation.
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the original seed data (Fig. 2c, right), the simulated measurements 
occupied a larger cloud of data points, while still maintaining their 
distinct cluster centroids.

Similarly, examining the measurement standard deviation 
shows that the simulated measurements had a higher standard 
deviation than each individual source of empirical variability 
(Fig. 2d). While it may seem counter-intuitive that a simulated da
taset with increased variance could offer added value compared 
to the existing experimental observations, this variance contains 
valuable, usable information. The principle relies on the assump
tion that the simulated measurements include OOD measure
ment events that are likely to occur when presented with 
additional experimental observations.

So far, we have shown how CODI can introduce additional sour
ces of variability into an existing dataset to enrich its information 
content. The value of the method for real-world applications is ex
amined in the following sections.

Application to longitudinal study settings
In longitudinal clinical studies that involve the collection of bio
logical specimens tainted by attrition and loss-to-follow-up over 
time, great efforts are required to gather sufficiently large data
sets. Typically, individuals participate in an initial baseline sam
ple collection, followed by extended waiting periods for 
subsequent collections from the same individuals. In situations 
where only few samples are initially available per individual, the 

challenge arises in extrapolating meaningful insights to later col
lected and measured follow-ups—owing to the dynamic nature of 
the empirical procedure as previously described. To examine 
whether our proposed approach offers added value when severely 
limited samples are available for analysis, we first employ CODI in 
the context of longitudinal analyses (Fig. 3).

We utilized samples from three independent clinical studies 
that followed individuals over multiyear periods (Fig. 3a). The 
Lasers4Life-LG study cohort (30) comprised of 31 individuals 
that repeatedly donated blood samples at irregular follow-up in
tervals. The study commenced with a 7-week baseline monitoring 
period, during which 288 samples were collected through re
peated donations. The initial baseline donation period was fol
lowed by three additional donations, spanning up to 4.5 years, 
during which one sampling point was considered per individual. 
In the BioPersMed study (28), a subcohort of 44 individuals repeat
edly participated over an 8-year follow-up period, with a 2-year 
interval between each donation. In the KORA study (29, 33), a sub
cohort of 2015 individuals participated in two donations, sepa
rated by a 6.5-year follow-up interval. Blood plasma was 
processed from all samples and measured via absorption IR spec
troscopy (Materials and methods).

Empowering long-term molecular profiling
The concept of identifying individuals from a given population 
based on different biofluids has been demonstrated with IR 

a b c

d e

Fig. 3. CODI enhances personalized fingerprinting through more accurate long-term molecular profiling. a) Setup of three independent longitudinal 
clinical studies in which same individuals repeatedly participated in venous blood sampling over time. Experimental IR spectroscopic measurements 
were performed on blood plasma and utilized in this analysis. b) Individual identification efficacy utilizing only a single baseline IR measurement per 
individual across the three study cohorts. Bars depict the classification accuracy using experimental (“Exp.”) baseline measurements for training and 
using simulated (“Sim.”) measurements generated by CODI derived through a baseline IR measurement per individual as a seed input. Classifier testing 
was performed on the same experimental follow-up measurements of each individual for both training approaches. c) Dependence of identification 
accuracy on number of individuals in the populations (i.e. number of classes). Individuals were randomly selected, at varying population sizes, and CODI 
was applied using a single baseline IR measurement per individual as a seed input. Classifier testing was performed on experimental follow-up 
measurements of each individual included in the training set. d) Dependence between the identification accuracy and the follow-up time axis on 
applications involving the Lasers4Life-LG and BioPersMed cohorts. e) Modeling an increasing number of experimental baseline measurements per 
individual as a training seed. Bars depict the identification accuracy using simulated training sets and experimental training sets. Model testing was 
conducted on the same experimental follow-ups beyond the first 6 baseline measurements per individual. The lower panel illustrates the difference 
between accuracy derived from the experimental and simulated training sets.
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spectroscopy, NMR, and mass spectrometry as fingerprinting mo
dalities (30, 34–36). We previously demonstrated that plasma- and 
serum-based IR fingerprints can identify individuals over a 6-month 
follow-up period (30). This application inherently relies on the sta
bility of measurements over a study period, often requiring the com
parison of measurements acquired at different times despite 
inevitable experimental drifts (37). In previous works (30, 34–36), 
several measurements from the same individual were required to 
adequately train a multiclass classifier to distinguish between dif
ferent individuals over a given follow-up period (typically 8–42 
samples).

We set out to test the possible value of CODI for enhancing lon
gitudinal studies, using the individual identification task as a 
readout metric. To test the limits of the framework, here we con
sidered a scenario with severely limited training data—relying 
only upon a single experimental observation per class for training, 
i.e. one measurement per individual (Fig. 3b). We utilized the first 
baseline measurement of each individual to train a multiclass 
classifier to identify individuals from their follow-up measure
ments. We then compared this prediction efficiency to a classifier 
trained on a simulated set of measurements generated through 
CODI that used the experimental baselines as initial seed data. 
Within the CODI framework, we modeled the four previously de
scribed sources of variability (Fig. 2a), which were characterized 
from data sources independent of the experimental seed data 
and follow-up test data (Supplementary Information). This step 
was crucial to ensure that no leakage from the test data occurred 
when introducing the variance to the training seed. Through 
CODI, we generated 1,000 simulated measurements per individ
ual that were then used to train the classifier.

This investigation revealed that the classifier trained on simu
lated measurements had a remarkably improved prediction cap
acity over the classifier trained directly on experimental 
measurements (Fig. 3b). Across the three cohorts, the individual 
identification accuracy improved from 0.53 to 0.82, from 0.26 to 
0.76, and from 0.03 to 0.52. This demonstrated that the informed 
incorporation of data variance was indeed capable of enabling 
better generalization to unseen test samples.

To examine which sources of data variability aided the most in 
boosting the classification efficiency, we re-performed the above 
analysis, but systematically eliminated one of the four sources 
of variability we incorporated in the CODI framework (Fig. S1). 
We found that the within-person biological variability over time 
and measurement variability of the same quality control samples 
over the course of measurements were the most critical contribu
tors to the success of the classification. Including the variability 
stemming from technical replicates and clinical sampling had 
minimal impact on the classification, compared to the two afore
mentioned sources of variability. This highlighted the importance 
of incorporating information on the data distribution that was 
truly missing from the original experimental training set—not 
just the incorporation of (random) added variance.

For the above classification task, it is crucial to recognize that 
the population size varied between the cohorts. The decreased ac
curacy observed in the KORA cohort (involving 2015 individuals) is 
thus not directly comparable to that of the Lasers4Life-LG cohort 
(involving only 31 individuals). This is due to the fact that the more 
individuals exist in a dataset, the more likely it is that their finger
prints will overlap with one another—making the task of identify
ing individuals more challenging. Despite this, it was very 
surprising and encouraging to observe that nearly half of 2015 in
dividuals can be identified from IR molecular fingerprints when 
combined with the proposed modeling approach—and requiring 

only the venous blood sampling of a single baseline sample per 
individual.

Observing that the identification accuracy decreased with an 
increasing population size prompted us to further investigate 
this dependency (Fig. 3c). We first trained a classifier on simulated 
measurements utilizing the first experimental baseline measure
ments of only 2 individuals and, as previously, tested on their 
follow-ups. This procedure was repeated several times, using 2 
other randomly selected individuals. We then performed the 
same procedure, but on 4, 8, 16, and so on individuals. This ana
lysis revealed that the identification accuracy, depending on the 
population size, follows a nearly perfect logarithmic trend. This 
intriguing finding draws from information theory and may be ex
plored further to quantify the informational content of diverse 
molecular fingerprints. Remarkably, these results were reprodu
cible on three independent cohorts, revealing that a similar iden
tification accuracy can be achieved when the datasets involve 
similar population sizes.

In the above application, follow-up measurements of all indi
viduals were pooled together and the accuracy of identification 
was averaged, independent of the follow-up time axis. This 
prompted the question of whether the individual identification 
accuracy was dependent on the time interval between follow-up 
measurements and the baseline (Fig. 3d). In other words, is it 
more difficult to identify an individual 8 years after their baseline 
sample was assessed than from a 2-year follow-up? To investigate 
this, we grouped the follow-up measurements by their time differ
ences to the baseline and examined whether any temporal trend 
was observed in the identification accuracy (Fig. 3d). This analysis 
was only possible on the Lasers4Life-LG and BioPersMed cohorts, 
since the available KORA cohort only involved one follow-up. 
Here, we revealed that the identification accuracy did not depend 
on how far off the follow-up was from the baseline. Very surpris
ingly, the accuracy remained relatively stable even over an 8-year 
follow-up period (Fig. 3d). Although it is crucial to recognize that 
the number of test samples in the later follow-up years was lim
ited (Fig. 3a), this is the very first experimental result over such 
long-lived fingerprint stability.

Altogether, the above investigations were made possible by 
CODI. which enabled applications that were previously unfeasible 
with limited experimental observations.

Personalized multibaseline modeling
In the above quest of examining the value of the CODI framework, 
we relied on a single baseline measurement per individual. We 
then questioned to what extent can the classification be made 
more robust when more training instances per class are available. 
Specifically, considering that a single baseline measurement may 
be an outlier, we examined the dependence between the number 
of training instances per individual and the identification accur
acy (Fig. 3e). For this analysis to be properly investigated, individ
uals would have to be repeatedly sampled in a given baseline 
monitoring period. Among the three clinical studies, only the 
Lasers4Life-LG study facilitated such a setup (30).

We utilized data from up to the first 6 baseline measurements 
per individual from the Lasers4Life-LG cohort to be used as an 
experimental seed for training. Then, we simulated a training 
set that consisted of 1,000 measurements per baseline and 
investigated how the identification accuracy depended on how 
many experimental baselines were modeled per individual. 
Classifier testing was performed on the remaining follow-ups 
that were beyond the first 6 baselines of each individual. This in
vestigation revealed that the identification accuracy following the 

6 | PNAS Nexus, 2024, Vol. 3, No. 10

D
ow

nloaded from
 https://academ

ic.oup.com
/pnasnexus/article/3/10/pgae449/7823116 by guest on 30 O

ctober 2024
Appendix D

134



simulation-based approach could indeed be improved when more 
than one baseline measurement was modeled per individual 
(Fig. 3e, blue bars). When using only one baseline measurement, 
an accuracy near 0.85 was achieved. Surprisingly, including only 
one additional baseline already led to an improvement of a nearly 
perfect prediction efficiency, achieving an accuracy of 0.96.

As a comparable benchmark, we again examined the depend
ence between the identification accuracy and the number of base
lines modeled per individual, but now training the classifier 
directly on experimental measurements (Fig. 3e, black bars). 
The classifier was first trained on one experimental baseline per 
individual, then again on two, and up to 6 baselines of each indi
vidual. Testing was performed as previously—on the remaining 
follow-ups beyond the first 6 training baselines per individual. 
Here, it was again revealed that the simulation-based approach 
had a significant advantage over the experimental approach— 
but only when few observations per class were available (≤3 base
lines per individual). Once ≥4 experimental baselines per individual 
were available for training, the experimental approach had also 
achieved a near perfect prediction efficiency and thus no advantage 
was seen by applying CODI. This underscored the impact of our pro
posed modeling paradigm in contexts with only limited experimen
tal datasets. Once sufficiently large experimental datasets are 
available, the simulation-based training approach may not provide 
an advantage over training directly on experimental data.

Altogether, these findings show that the CODI framework 
can enable the establishment of a more reliable “baseline” per 
individual—one that is more resilient to analytical and biological 
variations and can more robustly enable ML generalization. We 
further demonstrate that IR molecular fingerprints are highly sta
ble and individual-specific. Previously, this was only demonstrated 
on the time frame of 6 months (30). In the current study, we extend 
these findings to a medically relevant time frame of 8 years. These 
results form the foundation for future applications of blood-based 
IR fingerprinting as a modality of personalized monitoring of hu
man health over time, potentially requiring a small number of 
samples to establish a reliable baseline per individual.

Comparison to domain-agnostic augmentation 
schemes
The CODI framework inherently relies on a priori information on 
potential sources of measurement variability. In contrast, 
domain-agnostic augmentation methods employ generic trans
formations on input seed data to simulate new observations 
(e.g. introducing random additive or multiplicative noise). By 
eliminating the need for a priori information, domain-agnostic 
augmentation strategies are practically easier to implement 
than CODI. To examine whether our approach yielded an advan
tage over other augmentation methods, we re-performed the 
above analysis by applying several methods of augmenting the 
spectral measurements (Fig. S2). We found that the CODI strategy 
of generating training sets significantly outperformed all other 
methods of domain-agnostic augmentation that randomly ma
nipulated the spectra. This underscored the value of incorporat
ing contextual a priori information into the data augmentation 
process to enable the classification to generalize beyond the ori
ginal training set.

Impact of increased variance on classification 
efficacy
As the basis of CODI is to introduce variance to a given dataset, this 
approach also carries the concern that the simulated variance may 

significantly exceed what is typically expected from the domain of 
possible empirical observations. An excessive amount of variance 
may obscure the underlying discriminative signals of interest, lead
ing the classification to perform poorly on unseen test data. To in
vestigate the extent of this concern, we systematically increased 
the variance introduced by CODI and examined its effects on the 
classification task of longitudinally identifying individuals 
(Fig. S3). We found that excessive variance resulted in a worsened 
classification efficacy, particularly when few samples were gener
ated. Generating larger datasets, however, mitigated these risks 
and made the classification more robust to the excessive variance. 
This emphasized the need to generate a large number of simulated 
samples with our proposed approach. This finding is consistent 
with the known principle that a higher ratio of features to sample 
size increases the likelihood that an ML model will fit to noise rather 
than the targeted underlying patterns (38).

Cross-specimen generalization
Molecular profiling applications involve the use of diverse sample 
specimens—e.g. serum or plasma as cell-free products of system
ic blood (Fig. 4a). Selecting an appropriate specimen is typically 
made in a study design phase, considering factors like ease of col
lection and biological relevance (39, 40). However, limitations may 
arise from a preemptive selection as insights gained from one spe
cimen may not generalize when transferred to another. For in
stance, assume a dataset of plasma spectra is available. Later, 
the need arises to classify and compare unlabeled spectra that ori
ginate from serum samples. This prompted an intriguing ques
tion: how well would a classifier trained on plasma spectra 
perform when tested on serum spectra? The straightforward an
swer is that the classification is likely to fail, due to underlying mo
lecular differences between the specimens (41). Effective 
classification necessitates the inclusion of training instances 
from different specimens, each with sufficient representation to 
capture class-specific distributions—a highly resource-intensive 
process. As proof-of-principle, here we demonstrate the potential 
versatility of the CODI framework to enable such a domain adap
tation application, while minimizing the need for extensive bio
logical dataset collection.

The IR spectra of plasma and serum share many characteris
tics, due to their relatively similar molecular profiles (Fig. 4b). 
The main spectral variations stem from the plasma preparation 
process, which involves the use of ethylenediaminetetraacetic 
acid (EDTA), as demonstrated in previous work (42). To achieve 
effective classification flexibility between specimens, their differ
ences must be well-characterized. This can be achieved by calcu
lating differences between experimental plasma and serum 
measurements of the same collected blood sample (Fig. 4c). 
With CODI, we incorporated such characterized differences into 
an independent experimental dataset of plasma spectra to gener
ate simulated spectra that resemble a mixture between the speci
mens (Fig. 4d).

Next, we revisited the task of identifying individuals from a giv
en population as a metric to estimate the capacity of cross- 
specimen generalization. We performed this investigation in the 
Lasers4Life-LG cohort (Fig. 4e), where both serum and plasma 
were available from the same individuals at all blood donations. 
The dataset was split into a training set, consisting of 4–12 dona
tions per individual, and a test set, consisting of the remaining 
follow-up donations. As a benchmark, we first examined the effi
cacy of training two classifiers—one trained on experimental plas
ma spectra and one trained on simulated plasma spectra, testing 
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both on plasma spectra (Fig. 4f, left panel). This investigation 
confirmed the earlier discovery—in that, with sufficiently large 
experimental training sets, both experimental- and simulation- 
based classifiers perform similarly.

We then applied the same classification procedure, but testing 
on the serum measurements (Fig. 4f, right panel). For this ana
lysis, we employed CODI to generate a training set of plasma/se
rum mixtures. In order to eliminate the risk of test data leakage, 
the differences between plasma and serum samples were charac
terized from blood samples of an independent cohort of individu
als (Supplementary Information). A substantial drop in prediction 
efficiency was observed for the classifier trained on experimental 
plasma spectra, achieving an accuracy of 0.34. Remarkably, the 
classifier trained on simulated mixture spectra nearly fully recov
ered the initial classification efficiency—achieving an accuracy of 
0.89. This unexpected finding demonstrated that CODI enabled 
the creation of a dataset that can even be robust to variations in 
biological specimen characteristics.

Altogether, this proof-of-principle analysis further demon
strated the potential of CODI to overcome analytical limitations, 
enabling a classification transfer despite significant measurement 
deviations. For one, there is no need to re-collect a large number of 
specimens when deviations occur in the sample collection 

procedure. One can leverage a limited set of measurements that 
characterize differences between specimens, collected in a 
class-independent fashion. CODI may then extend ML applications 
to different specimen variations. Nevertheless, here we only dem
onstrated such potential on serum and plasma. If the specimens 
widely vary in their molecular composition and reflection of physi
ology (e.g. blood-based vs. urine- or saliva-based media), this ap
proach may not perform as effectively as demonstrated here. A 
promising avenue for future exploration may involve adapting a 
classifier trained on EDTA plasma for use with citrate samples (43).

Generalization to independently acquired datasets
A crucial aspect in determining how well a medical diagnostic as
say is likely to perform is to test it on unseen samples. In biodiag
nostic applications, a cross-validation procedure is commonly 
applied to get an estimate of true (external) classification perform
ance. However, if a bias exists in the collected dataset, e.g. con
founding information caused by measurement “batch effects,” 
the estimated performance may not be reproduced when the clas
sifier is truly externally validated (44). To test this in a relevant 
medical application, we considered our previous work (31)—in 
which four cancer entities were classified against nonsymptomatic 
cancer-free controls. In contrast to our prior work which employed 

a b

c d

e f

Fig. 4. CODI enables classification flexibility across biological specimen variants. a) Plasma and serum were collected as cell-free products of whole venous 
blood. b) Experimental spectra were measured from several plasma and serum samples of the same individuals. c) Differences between spectra of plasma 
and serum, processed from the same whole blood sample, were calculated to reveal the characteristic variations between the specimens. d) CODI enabled 
the creation of simulated spectra of plasma/serum mixtures by utilizing the characteristic variations between the specimens as a calibration set. e) Setup of 
Lasers4Life-LG cohort in which the same individuals repeatedly participated in venous blood sampling over time. Donations were split into a training set and 
a test set, with blood plasma and serum processed from all donations. f) Individual identification accuracy utilizing the Lasers4Life-LG cohort as a basis for 
training and testing. Left panel depicts the accuracy of classifiers trained on experimental plasma fingerprints and simulated plasma fingerprints—testing 
both classifiers on experimental plasma fingerprints. Right panel depicts the accuracy of a classifier trained on experimental plasma fingerprints and 
simulated fingerprints of plasma/serum mixtures—testing both classifiers on experimental serum fingerprints.
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cross-validations (31), here the samples were initially split into a 
training and a test set, then measured independently (Fig. 5a, left 
panel).

As a benchmark, we first investigated the performance of clas
sifying each cancer entity, relying on a cross-validation procedure 
(Fig. 5b, gray curves/bars). The cross-validation was performed 

exclusively on the training set of experimental samples and the 
receiver operating characteristics (ROC) curve of the validation 
splits was examined for each cancer entity. Next, we trained a 
classifier on the training set of experimental samples, testing it 
on the test set of experimental samples (Fig. 5b, black curves/ 
bars). This investigation revealed that the classification efficiency 

a

b

c

Fig. 5. CODI recovers lost classification efficacy on independently measured case–control test sets. a) Setup of eight binary classifications, spanning 
diverse health conditions, in two independent clinical studies. IR spectroscopy of blood plasma was performed on all samples. Training and test sample 
sets were measured independently under different measurement device conditions—including a gap in measurement time, measurement device 
maintenance, and component replacements. b) Cancer detection was investigated under three different setups of estimating classification efficiency. For 
the simulation-based training, CODI was employed to introduce measurement variability into the training set measurements. All ROC curves are 
depicted for the validation/test splits of the data (upper panel), along with the estimated AUCs (lower panel). c) Classification efficiency when training a 
classifier on experimental observations and applying CODI to train a classifier on simulated data utilizing varying training sample counts as a basis for 
training. Classifier testing was performed exclusively on held-out experimental test sets.
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across the four cancer entities decreased when tested on the later- 
measured samples. This validated the prior notion that cross- 
validation estimates may not be entirely reproduced with a 
train-test split classification setup.

Next, we questioned whether CODI can aid in such a scenario. 
In principle, by introducing class-invariant empirical variability 
into a training set of measurements, we can practically make 
the learning task more difficult for the classifier. Potentially, this 
would enable the classifier to appropriately weigh features that 
are more robust to measurement artifacts, making it rely on infor
mation that is likely to be reproduced in unseen data.

To test this, we employed CODI to introduce added variance to 
the training set of measurements (Supplementary Information). 
Among these were added levels of between-person biological vari
ability, calculated from independent cohorts of individuals, as 
well as variability from quality control samples—none of which in
volved the clinical samples from the test sets. Across the four 
cancer entities, we revealed that an improvement in prediction ef
ficiency was indeed observed when testing the classifiers on the 
held-out test sets (Fig. 5b, blue curves/bars). The most impressive 
improvement was for the lung cancer application, where the area 
under the ROC curve (AUC) was nearly fully recovered and was 
comparable to the prior cross-validation estimate. For the remain
ing cancer entities, the CODI framework still provided an advan
tage, though not to the same extent as lung cancer. This may be 
partly attributed to the occurrence of measurement artifacts in 
the training set that happened to correlate with the outcome of 
interest, leading to an overly optimistic AUC estimate during cross- 
validation. It may also be partially due to the generally smaller sam
ple sizes used for testing the classifier, and the randomly selected 
test samples included cases and controls that were more difficult 
to distinguish than those in the training set (e.g. due to inherent 
physiological variations that interfere with the cancer signals).

Nevertheless, compared to directly training on experimen
tal observations, including CODI consistently led to improved 
classification output on independently measured test samples.

Influence of experimental training cohort size
To further examine under which conditions CODI facilitates a 
more robust classification, we repeated the above case–control in
vestigations but varied the number of experimental observations 
utilized for training (Fig. 5c). In addition to the previous cancer ap
plications, here we also examined case–control applications in
volving IR fingerprints from the KORA cohort (33)—focusing on 
detecting common health physiologies (Fig. 5a, right). Given the 
longitudinal design of the KORA cohort, we randomly selected 
50% of the measurements from the first sample donation for the 
training set. The second sample donation, measured independ
ently 2.7 years after the first (Supplementary Information), served 
as the test set, including only samples from individuals not in
cluded in the training set.

We then randomly selected samples from the training sets at 
varying cohort sizes to train several classifiers on each subset of se
lected samples (Fig. 5c). First, we trained directly on the experimen
tal observations, always testing on the held-out test sets (Fig. 5c, 
black curves). Unsurprisingly, the smaller the training set was, 
the worse the classifier performed on the experimental test sets. 
We then employed CODI to generate simulated datasets that uti
lized the experimental observations at each sample count as seed 
input (Fig. 5c, blue curves). Here, it was revealed the classification 
with CODI almost consistently outperformed the experimental 
modeling approach across the varying sample counts available as 
a basis for training. Notably, for the detection of dyslipidemia and 

type-2 diabetes, two conditions with strong molecular deviations 
reflected in IR fingerprints, CODI provided the largest advance 
when smaller training sample counts were available.

For the detection of prediabetes and hypertension, no clear ad
vantage was observed by incorporating CODI into the classification 
workflow. This could either stem from the experimental training 
data already closely resembling the test data distribution, or be
cause the variability introduced by CODI failed to effectively cap
ture the distribution shifts present in the test data. While no 
advantage was observed for these two conditions, including CODI 
did not have an adverse impact on the classification. This observa
tion suggested that integrating CODI into the classification pipeline 
may be an effective standard practice as it either enhances predic
tion performance or, at minimum, does not impair it.

Altogether, our findings show exciting promise for the pro
posed CODI framework. The value of the method has been dem
onstrated in the context of several biomedically relevant 
applications, where the method achieved improved ML classifica
tion output for several practical applications.

Computational efficiency
The computations behind CODI follow a straightforward proced
ure. Essentially, its practical implementation involves generating 
random numbers, matrix multiplication, and matrix addition. 
This allows the strategy to efficiently scale when generating large 
datasets, depending on the size of the seed input and variability 
calibration datasets (Fig. S4). The typical runtime to generate a da
taset ranges from milliseconds to a few seconds on standard hard
ware—see Supplementary section “Computational Efficiency.”

Discussion
Multimolecular profiling and computational modeling offer 
promising avenues to advance our understanding of biological 
systems. In this study, we introduced CODI, a framework designed 
to enrich collected datasets to facilitate robust analytics for prob
ing molecular systems. Across several experimental settings, we 
rigorously tried and tested the framework to demonstrate its val
idity. We examined how different analytical and biological varia
tions influenced IR molecular fingerprints and revealed the 
framework’s advantage in overcoming the limitations of unrepre
sentative observational datasets.

Effectively, the datasets generated through CODI enable an ML 
algorithm to better capture latent information present in a stud
ied dataset, guiding it to distinguish which features are most rele
vant and reproducible. Such a strategy is particularly valuable 
when collecting large, representative datasets presents a limita
tion. This is exemplified in the context of studying pathophysio
logical phenomena through molecular profiling (e.g. omics 
studies). In such instances, biological experimentation or medical 
studies demand substantial involvement, including the probing of 
a significant number of subjects, considerable time for phenotypic 
evolution, and the added constraints of intricate sample collec
tion and handling (1, 2, 4, 9, 45–47). Another layer of complexity 
comes from the fact that biological variations at an organismal 
level are inherent—due to the dynamics of biological systems 
and human physiologies (e.g. recycling, turnover, rhythmic oscil
lations, aging) (1, 48–52). These challenges are further com
pounded by the often involved quantitative measurement 
procedures. Factors like the wear and tear of measurement device 
components, routine maintenance, and sensitivity to environ
mental conditions all may lead to “batch effects” that are often 
specific to analytical approaches (3, 5, 7, 20, 53, 54). Ultimately, 
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these challenges hinder the generalization of insights to unseen, 
later collected and measured samples.

The OOD generalization problem is well-known in ML research, 
and the development of methods to address it is likely to receive 
increasing attention (22, 24, 25). Previous works have proposed 
several strategies to address domain shifts between source and 
target data. Some strategies include developing regularizers for 
learning domain-invariant data representations (55–58), training 
a collection of models that infer different patterns of the data 
(59), engineering proxy features that are robust to distributional 
shifts (60, 61), and employing augmentation techniques through 
synthetic sample creation (26, 62). Typically, the developed strat
egies are focused on applications related to image analysis and 
natural language processing tasks. For instance, data augmenta
tion in image analysis often involves manipulating training in
stances through geometric modifications (e.g. rotation, skewing, 
cropping), color adjustments, and noise introductions, which 
can facilitate generalization to practical variances (26). Data aug
mentation has also been applied to measurements of biological 
signals from electroencephalography (EEG), electromyography 
(EMG), Raman, and near-IR spectra (63–70). While existing aug
mentation methods often involve random noise introductions, 
signal warping, and decomposition of available datasets, CODI ex
tends the concept by taking advantage of additional calibration 
measurements to augment a dataset with actual empirical vari
ance. CODI thus offers a tangential augmentation strategy to 
model domain shifts, which is especially valuable for molecular 
fingerprinting applications—where inferring potential measure
ment variances without empirical observations is challenging. 
Further research that builds upon OOD concepts can greatly bene
fit molecular fingerprinting methods, given the difficulties associ
ated with obtaining sufficiently representative datasets.

In our investigations, we addressed the topic of barely super
vised learning (71)—where the set of labeled training samples is 
limited to very few observations per class. Given the experimental 
constraints of populational sampling over year-long time-frames, 
we examined whether the number of sequential samplings of the 
same individual over time could be minimized with CODI. With 
the example of IR fingerprinting, we surprisingly identified that 
only a single baseline measurement is sufficient to follow-up 
and identify an individual in a population at a later time point. 
Although the identification of the same individual in a heteroge
neous population is only a distant approximation to identifying 
physiologically relevant deviations, it presents a foundation for 
the concept of longitudinal probing. Our generic framework can 
be quickly adopted to possibly spare unnecessary samplings and 
inform future prospective studies.

Further applications of CODI to IR spectroscopic fingerprinting 
showcased its versatility and potential impact in aiding model 
generalization. We observed a remarkable level of comparability 
across experimental data collected over almost a decade, under
lining the method’s ability to improve classification efficacy on in
dependently measured test sets. The adaptability of the 
framework extended to a proof-of-principle application that in
volved training a classifier on one sample medium (plasma) and 
applying it to another (serum). This application demonstrated 
the potential of CODI to streamline cross-specimen dataset ana
lyses in various biological and biomedical applications. Such a 
strategy may be particularly valuable when gathering data sets 
from retrospective studies or online repositories to help ensure 
specimen comparability to another envisioned application—i.e. 
domain adaptation applications (72, 73). Another promising use 
of CODI would be to harmonize data obtained from different 

measurement devices (e.g. several spectrometers made by the 
same or different manufacturers), potentially improving ML mod
el transferability between them (5).

It is imperative to emphasize that our proposed method shall 
not be positioned as a replacement for improving study designs, 
better standardization of classical analytical procedures, and 
computational data preprocessing steps. Such aspects remain es
sential when establishing a molecular profiling platform to help 
satisfy i.i.d. assumptions between train-test datasets. In addition 
to efforts aimed at ensuring train-test dataset comparability, the 
motivation of our method is to work around the instances when 
the assumption is violated due to inevitable sources of error and 
variability that cannot be eliminated.

An inherent limitation of the proposed method is its reliance on 
a priori knowledge about the sources of possible empirical varia
tions. This presents a challenge as gathering such information 
may require extensive experimental evaluations of biological 
and analytical variations. Furthermore, the characterized sources 
of variability must adequately represent the true possible do
main of empirical variability for any successful application. 
Therefore, continuous refinement through more controlled ex
periments to include several, independent, sources of variance 
holds potential to further enhance the utility of the framework. 
Nevertheless, once the domain of possible variance is success
fully characterized for a given molecular system and analytical 
procedure, the same characterizations may be repeatedly uti
lized in diverse applications.

While our practical investigations focused on blood-based IR 
spectroscopy to aid in vitro diagnostics, applications of CODI are 
not limited to this context. The principle and mathematical foun
dation of CODI are sufficiently generic to be translated to examin
ing diverse biological systems, medical problems, measurement 
modalities, and ML tasks. Applications involving NMR spectros
copy, mass spectrometry, and Raman spectroscopy serve as direct 
extensions that can be explored with the same approach and code 
implementation. Additionally, CODI holds potential for applica
tions related to cell typing and the integration of single-cell multi
modal omics data—given the inherent challenges associated with 
obtaining accurate measurements of cell type populations at 
scale, where out-of-distribution measurement events are preva
lent (74, 75). Altogether, the presented framework establishes a 
foundation for future explorations to enhance the robustness of 
molecular analytics while conserving the resources required to 
gather representative datasets.

Materials and methods
Additional details on implementing CODI, our applications, data
sets, experimental procedures, and ML analyses are provided in 
the Supplementary Information.

In brief, the simulation model behind CODI is designed for exten
sibility, such that it can be applied in various applications and for 
different measurement modalities. The modeling framework in
volves utilizing seed observations {si ∣ i = 1, . . . , m} that are repre
sentative of properties intrinsic to a phenomenon of interest. For 
instance, a seed observation might represent the mean observation 
of a class of samples (e.g. healthy control), while another corre
sponds to a different class (e.g. disease sample). Variability is intro
duced to the seed observations si through the addition of random 
functions f1, f2, . . . , fm, simulating a measurement as a statistical 
variable Y in the following generalized form:

Y = si + f1 + f2 + . . . + fm.
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Repeatedly applying the above model would generate a cohort of si
mulated measurements, in arbitrary size, centered around si and 
incorporating the variations introduced by f1, f2, . . . , fm.

The functions f1, f2, . . . , fm can be characterized by ab initio cal
culations or bottom-up models that each represent a source of ex
pected data variance. However, the former is often specialized 
and problem-specific. An alternative descriptive approach that re
lies on collecting datasets of calibration measurements which in
corporate the levels of expected variance can be easily applied to a 
variety of problems. For instance, quality control samples can be 
subjected to different freezer-storage durations, number of 
freeze/thaw cycles, and aliquoting of samples by different opera
tors. The quality control samples can then be repeatedly meas
ured under different measurement device conditions. The 
variance observed in this calibration dataset would be reflective 
of potential sources of variance in handling and measuring sam
ples from the original dataset modeling a certain phenomenon 
(e.g. biofluids of cases and controls). This variance can then be in
troduced by defining the function f1. Other potential sources of 
data variance, such as biological variability, can be modeled by us
ing additional calibration datasets reflective of the variability 
sources.

When employing CODI, it is crucial to ensure that the intro
duced variability is derived from samples independent of the 
test samples to prevent data leakage. Across our applications, sev
eral sources of variability were modeled. For the variability calcu
lated from QC (commercially purchased pooled human serum) 
and technical replicate (water) samples, there is no risk of data 
leakage as these samples are independent of all clinical study 
samples. The remaining sources of variability were derived from 
measurements of clinical study samples. To eliminate the risk 
of data leakage when investigating a classification task in one of 
the clinical studies, any additional variance missing from the ex
perimental training set was modeled from the other, entirely inde
pendent clinical studies. Thus, the test sets were completely 
held-out when simulating data and training classifiers.

Four independent study cohorts were utilized in this study: 
Lasers4Life-LG (30), BioPersMed (28), KORA (29, 33), and 
Lasers4Life-Cancer (31). Lasers4Life-LG involved the collection of 
blood serum and plasma from 31 healthy individuals initially 
sampled up to 13 times over a 7-week period, with an additional 
follow-up after 6 months as detailed in a previous publication 
(30). Since this initial publication, the same individuals were in
vited to participate in two additional sample donations at 3.5 
and 4.5 years post their initial involvement. The Lasers4Life-LG 
study was approved by the Ethics Committee of the Ludwig- 
Maximillian-University (LMU) of Munich and all participants pro
vided written informed consent (research study protocol #17-532). 
BioPersMed is an ongoing population-based cohort performed at 
the Medical University Graz, Austria (28). Repetitive examinations 
of participants were conducted in 2-year intervals. In the current 
study, we utilized blood plasma samples and medical data from a 
subset of 44 healthy individuals (out of 1,022 participants). The 
BioPersMed study was approved by the Ethics Committee of the 
Medical University of Graz, Austria (EC Nr. 24-224 ex 11/12; project 
application number 4008_22). KORA is a population-based cohort 
in Southern Germany (29). The cohort comprised of an age- and 
gender-stratified sample of participants randomly drawn from 
the resident registration offices within the study area. In the 
current study, we utilized blood plasma samples and medical 
data from the second and third visits (named KORA-F4 and 
KORA-FF4, respectively). The available KORA-F4 data consisted 
of 3,044 samples, while the KORA-FF4 data consisted of 2,140 

samples. A subset of 2015 individuals participated in both sam
plings, while 1,154 individuals participated in only one of the sam
plings. The KORA-F4 and KORA-FF4 study methods were 
approved by the ethics committee of the Bavarian Chamber of 
Physicians, Munich (EC No. 06068). Lasers4Life-Cancer is a case– 
control study cohort involving several cancer entities where 
both serum and plasma are collected (31). The samples utilized 
in this study largely overlapped with samples from our previous 
study (31)—although the measurement procedures differed 
(Supplementary Information). Since the original publication, 
blood plasma and serum samples from different individuals 
were collected and included in this study. Case samples were col
lected prior to cancer-related treatment. Nonsymptomatic controls 
were pair-matched to cancer cases by age, gender, and body mass 
index. All participants in the Lasers4Life-Cancer study provided 
written informed consent for the study under research study proto
col #17-141 and under research study protocol #17-182, both of 
which were approved by the Ethics Committee of the LMU of 
Munich. The clinical trial is registered at the German Clinical 
Trials Register (ID DRKS00013217).

Experimental measurements were performed on a Fourier 
transform IR (FTIR) spectrometer, with liquid samples injected 
into a flow cell and spectra recorded in transmission mode as in 
previous studies (30, 31, 33). The spectrometer underwent routine 
maintenance, with components replaced as needed throughout 
all measurements (Supplementary Information).

Multiclass classifications were performed using a nearest 
neighbor algorithm for applications involving a single training in
stance per class. For multiclass applications involving more than 
more training instance per class, a linear discriminant analysis 
(LDA) algorithm was applied. PCA was applied prior to multiclass 
classifications (Fig. S5 for details on the effects of PCA). Binary 
classifications were performed using a logistic regression with a 
ridge penalty. All classification metrics were reported on held-out 
test experimental samples. Additional details are provided in the 
Supplementary Information.
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1 EXTENDED METHODS
SIMULATION MODEL

In the following subsections, we provide a general framework of the simulation model behind CODI to facilitate its extensibility to
other applications and molecular fingerprinting modalities. Technical details on our specific applications of the model are provided
later in the text.

Generalized representation
CODI relies on introducing information about possible sources of variations (biological, technical, etc.) that may arise in an
analytical setting to an existing set of experimental observations {xxxi | i = 1, . . . ,n} where each xxxi is a numerical vector. In a
generalized form, the sources of variability can be denoted as functions f1, f2, . . . , fm, each representing a model for distinct
aspects of variation. These functions are assumed to be random vectors in the same space as the experimental observations, and
taking a probability distribution centered around 0.

From the set of experimental observations xxxi, we can extract another set of experimentally-derived seed observations
{sssi | i = 1, . . . ,m} that model intrinsic properties of a sub-group in the original set of data – e.g., different classes. With these, a
resulting simulated measurement can be modeled as a statistical variable YYY , using the following generalized form:

YYY = sssi + f1 + f2 + . . .+ fm (1)

Repeatedly applying the above model would therefore generate a cohort of simulated measurements, in arbitrary size, centered
around sssi and incorporating variations introduced by f1, f2, . . . , fm.

Setting the seed measurements
Defining the experimentally-derived seed measurements sssi depends on the available input dataset of experimental measurements xxxi
and the type of measurement event we wish to simulate.

In a straightforward implementation, we can set sssi = xxxi. This formulation would allow us to introduce a level of variability to
each measurement-specific observation. Repeatedly applying the model for each xxxi would create several sets of measurements,
where each set is centered around each experimental observation. In an alternative definition, we can set sssi = x̄xx. This would allow
us to introduce a level of variability to the mean measurement of the experimental set xxxi, thereby, creating a cohort of measurements
centered around their expected value.

If all measurements in xxxi reflect a certain group or class of samples (e.g., healthy individuals), the simulated cohort as a
whole would reflect a measurement distribution of that class of samples. Trivially, when the dataset xxxi is switched to involve
measurements representative of a different class (e.g., disease cases), the simulated cohort would reflect a distribution centered
around the alternative outcome.

Introduction of variability modeling functions
The variations introduced by the functions f1, f2, . . . , fm may be characterized by ab initio calculations or bottom-up models that
each represent a source of expected data variance. However, the former is highly specialized and problem-specific. An alternative
descriptive approach that relies on collecting datasets of calibration measurements which incorporate the levels of expected variance
can be easily applied to a variety of problems.

Suppose an independent calibration dataset {uuui | i = 1, . . . , l} is available that reflects a given source of measurement variability,
where each uuui is a numerical vector in the same dimensions as the experimental seeds xxxi. Here, f1 can take the following form:

f1 =
l

∑
i

β
(

0,
1√

l

)
· (uuui − ūuu) (2)

where β
(

0, 1√
l

)
represents one random number drawn from a Gaussian distribution with mean 0 and standard deviation 1√

l
. By

scaling each mean-centered calibration measurement with β and aggregating over all l measurements, the random function f1 would
have the same variance as the dataset {uuui | i = 1, . . . , l}. The formal and empirical proof for this was described in our previous study
where f1 generated a level of measurement variance that is observed between different individuals [1]. If the variance source in
question does not follow a Gaussian distribution, the random variable β may assume a more appropriate probability distribution, or
methods of transforming features to normality may be employed.

Alternative to the representation in Eq. 2 that utilizes mean-centered observations, the function f1 can calculate the differences
between pairs of observations:

f1 =
l

∑
i, j

β
(

0,
1√

l

)
· (uuui − vvv j) (3)

For instance, in our applications of CODI, we calculated the differences between pairs of serum and plasma spectra that were
processed from the same whole blood sample. This representation is thus more appropriate when the calibration measurements are
derived from sources that share a common origin.

Additional functions f2, f3, . . . , fm may be modeled similar to Eqs. 2 and 3, by utilizing different calibration datasets that
reflect other sources of measurement variability. In our example applications of the model in this study, the utilized calibration
datasets reflected levels of within- or between-person biological variability, along with several sources of analytical variability.

Descriptions on the model variants applied in our applications of the model, along with of how the calibration datasets were
defined, is detailed in following sections of the text.
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Simulating case-control measurements
For analysis that involved simulating measurements of cases and controls in our applications (e.g., detection of cancer), the input
dataset took the following form, where the superscript denotes a case or control:

DDD =
{

xxx(+1)
1 , xxx(−1)

2 , xxx(−1)
3 , . . . , xxx(+1)

n

}
(4)

Two model definitions were applied based on Eq. 1, once by setting sssi = x̄xx(+1) and once by setting sssi = x̄xx(−1). This results in the
following model formulations:

YYY (+1) = x̄xx(+1)+ f1 + f2 + . . .+ fm

YYY (−1) = x̄xx(−1)+ f1 + f2 + . . .+ fm (5)

Both model variants were then repeatedly applied to generate a dataset containing case and control measurements for each disease
detection application separately.

Simulating longitudinally-captured measurements
For an application that involved simulating longitudinal measurements of the same individuals, the input dataset took the following
form:

DDD =
{

xxx(a)0 , xxx(a)1 , xxx(a)2 , xxx(b)0 , ... , xxx(z)0 , xxx(z)1

}
(6)

where the superscript denotes different individuals and the subscript denotes their visit number.
For each individual, we may then utilize their baseline measurement (visit 0) to simulate a set of measurements centered around

that baseline in the following form:

YYY (a) = xxx(a)0 + f1 + f2 + . . .+ fm

YYY (b) = xxx(b)0 + f1 + f2 + . . .+ fm

...

YYY (z) = xxx(z)0 + f1 + f2 + . . .+ fm (7)

Rather than only using the baseline measurements, the same concept can be extended to incorporate additional measurements
obtained during subsequent visits for each individual. The process can therefore generate an arbitrary number of measurements for
each individual – whether based on a single baseline measurement or more.

Simulating between-person biological variability
To model variations in measurements between different individuals, the calibration dataset uuui should include experimentally obtained
measurements of different individuals. Ideally, all measurements captured for different individuals should be performed in a similar
experimental workflow, following the same analytical protocol. This helps ensure that the variance of the calibration dataset is
driven primarily by the biological differences between different individuals, excluding the contributions of other sources of data
variance. Here, f1 may be set to model the between-person biological variability and would be defined in the same way described in
Eq. 2.

Simulating within-person biological variability
To model variations in measurements of the same individual over time, the calibration dataset uuui should include several experimentally
obtained measurements per individual. Similar to the longitudinal dataset definition provided in Eq. 6, we can formulate another
calibration dataset of l entries that model within-person deviations in the following form:

DDD =
{

uuua
0 − ūuua, uuua

1 − ūuua, uuua
2 − ūuua, ... , uuuz

0 − ūuuz, uuuz
1 − ūuuz}

(8)

In other terms, the calibration vectors are mean-centered per individual across their longitudinal visits and the whole set of
individual-specific deviations are pooled into one dataset.

Utilizing the dataset defined in Eq. 8, the function f1 can be set to model within-person biological variability and would be
defined similarly to Eq. 2 with the following form:

f1 = ∑
dddεDDD

β
(

0,
1√

l

)
·ddd

(9)

With this, the function f1 thus models the within-person variability as observed across multiple individuals.
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Simulating analytical variability
To model variations that may arise from a given analytical procedure, additional experimental measurements that are subjected to
experimental variations introduced during the analytical procedure can be utilized. This includes variations that may arise from
sample preparation, environmental factors, and instrumental errors. In general, describing the reproducibility of collected data can
be achieved by conducting multiple measurements of replicates. Specifically defining how to handle and measure the replicates is
dependent on the analytical workflow applied and the measurement technique.

Measurements of replicates can be performed on samples with a high level of technical reproducibility (e.g., water samples) or
on quality control samples that exhibit stability in chemical composition similar to that of the intended application (e.g., blood-based
samples pooled from thousands of individuals). With blood-based quality control samples, for instance, variations could further
include freezer-storage durations, number of freeze/thaw cycles, aliquoting of samples by different operators, varied experimental
laboratory room temperature, and sample storage in tubes from different manufacturers.

Technicalities specific to the measurement device may also be intentionally varied when performing measurements – e.g., filter
changes, software versions, and cuvette lifetimes. The replicate samples may also be performed across multiple measurement
devices, and environmental conditions, including temperature and humidity, to further enrich a calibration dataset.

The variations that arise from the repeated replicate measurements would then be modeled in the same fashion described in Eq.
2. f2, for instance, may encompass all the sources of measurement variability that are reflected in a blood-based quality control
sample, while, f3 may encompass the sources of measurement variability that are reflected in water measurements.

Modeling such factors, in a way that best mimics what may be encountered in application, makes a given training dataset more
resilient to molecular changes or measurement device operating conditions that may arise from an analytical workflow.

Defining which variability functions to include
Successful applications of the CODI framework relies on the careful selection of appropriate sources of variability f1, f2, . . . , fm.
This selection depends on the application of interest and what sources of measurement variability are expected to be observed. For
instance, if the envisioned application is to model case-control measurements, it is more critical to include a level of between-person
biological variability than to include a level of within-person biological variability. Conversely, if the goal is to simulate how an
individual-specific measurement varies over time, including a level of within-person biological variability is necessary. Sources of
analytical errors may be independent of the envisioned application of an analytical procedure (e.g., measurement device drifts, or
sample storage variations). Therefore, such variability functions may be included, regardless of the application setting.

In a model validation phase, where experimental test samples are available, it must be ensured that the calibration datasets
utilized do not include any of the test samples. This avoids leaking any information or statistical properties of the test samples into
the training samples.

In our applications, the variations between quality control samples, between different studies, and between technical replicate
measurements were always included in the model. The within-person biological variability was only included for longitudinal
applications, while the between-person biological variability was included for case-control applications. The variations between
plasma and serum were only included when transferring a model trained on plasma measurements to its application on serum
measurements. Descriptions of what calibration measurements were utilized for each application are provided in the following
sections of the text.

CLINICAL STUDIES

Lasers4Life-LG study
The Lasers4Life-LG study cohort comprised of 31 nominally healthy individuals, initially sampled up to 13 times over a 7-week
period, with an additional follow-up after 6 months as detailed in a previous publication [2]. Since this initial publication, the same
individuals were invited to participate in two additional sampling sessions at 3.5 and 4.5 years post their initial involvement. In both
the latter two samplings, 8 individuals participated. Blood plasma and serum were collected from all participants throughout the
study.

BioPersMed study
The BioPersMed study is an ongoing population-based cohort at the Medical University Graz, Austria [3]. Repetitive examinations
of participants were conducted in 2-year intervals. In the current study, we utilized blood plasma samples and medical data from a
subset of 44 nominally healthy individuals out of 1022 participants. All 44 individuals participated in the baseline sampling, and
follow-up visits ranged up to 8 years. Further detailed description of the study design was previously published [3].

KORA study
The KORA study is a population-based cohort in Southern Germany [4]. The study comprised of an age- and gender-stratified
sample of participants randomly drawn from the resident registration offices within the study area. In the current study, we utilized
blood plasma samples and medical data from the second and third participant visits (named KORA-F4 and KORA-FF4, respectively).
The available KORA-F4 data consisted of 3044 samples, while the KORA-FF4 data consisted of 2140 samples. A subset of 2015
individuals participated in both samplings, while 1154 individuals participated in only one of the samplings. The samplings were
separated by an average of 6.5 follow-up years. Data collection methods and standardized sample collections have been described
in detail elsewhere [4–7].
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Lasers4Life-Cancer study
Samples utilized for the cancer analysis were derived from the case-control Lasers4Life-Cancer study. The samples utilized in
this study largely overlap with samples utilized in our previous study that involved the detection of four common cancer entities
(lung, prostate, bladder, and breast) [8]. Newly collected blood plasma and serum samples from different individuals were included
to increase the sample size and thus improve the statistical robustness of the results. Case samples were collected prior to any
cancer-related treatment (i.e., therapy-naive). Non-symptomatic individuals were used as controls. For each cancer entity, controls
were pair-matched to the cancer cases by age, gender, and body mass index (BMI).

EXPERIMENTAL PROCEDURES

Infrared spectroscopy was performed on liquid samples using a Fourier transform IR (FTIR) spectrometer (MIRA Analyzer, CLADE
GmbH, Esslingen, Germany). After a sample was injected into a flow cell (window material calcium fluoride) with approx. 8 µm of
optical pathlength, the IR spectrum of the sample was recorded in transmission mode and subsequently a reference spectrum of the
transport medium (i.e., calcium fluoride saturated water) was recorded. The spectra were acquired with a resolution of 4 cm−1 in a
spectral range between 950 cm−1 and 3050 cm−1. The raw data provided by the MIRA Analyzer is the absorption spectrum of the
sample subtracted by the reference spectrum. Preprocessing of the resulting IR spectra was performed as described previously [8].

The instrument was maintained by the manufacturer on a yearly basis. The components that were replaced during the yearly
or routine user maintenance with potential effect on the IR spectra are the following: light source (after three years); desiccant
cartridges (yearly, or when necessary); flow cell when the optical path length exceeded the limit (typically after several thousands of
samples), 2 µm flow cell pre-filter (typically after 200-300 samples).

Sample handling
All clinical samples involved were stored at -80°C after being processed to serum or plasma. The transport to the measurement
laboratory was performed on dry ice, and further storage was at -80°C. Original samples (0.3 to 1.0 mL) were thawed at 4°C, and
centrifuged for 10 min at 2000 g. The supernatant was aliquoted into the measurement tubes (50 - 100 µL per tube) and refrozen
until measured.

Purchased pooled human serum was used as quality control (QC) samples. 3 liters (100 mL flasks, BioWest, Nuaillé, France)
were ordered and stored in original flasks at -80°C. Prior to use, these were thawed at 4°C, filtered through a 0.45 µm filter, and
aliquoted to 50-100 µL aliquots that were kept at -80°C until use. Each sample measurement batch started and ended with a QC
serum measurement. In addition, a QC sample was measured after every 5 clinical samples. A measurement batch consisted of 25
to 40 samples. Although the same lot of the QC serum was used, slight variability between the flasks were measured, possibly due
to the difference in storage duration and technical handling.

To evaluate the technical variability of the FTIR spectrometer, pure water samples were measured. Although not measured daily,
several hundreds of water measurements were performed over the years. Due to the pre-processing of measurement data by the
FTIR device (i.e., subtraction of the reference spectrum), the resulting deviations reflect the technical noise of the measurement
procedure.

Measurements of clinical samples
Samples of the Lasers4Life-LG study were measured in a fully randomized order over all visits but separately for serum and
plasma (single flow cell). BioPersMed study samples were measured in a fully randomized order (single flow cell). KORA-F4 and
KORA-FF4 study samples were measured in two campaigns separated by an average of 2.7 years between the measurement dates
of each sampling. Three flow cells were used throughout both measurement campaigns (KORA-F4: single flow cell; KORA-FF4:
two flow cells).

For the Lasers4Life-Cancer study, the whole study was split into a training and a test sample set prior to any measurements.
Within these sets, the measurement order was fully randomized. The samples of the training set were measured with three flow
cells. A gap of four weeks occurred prior to measuring the test set samples. Within the gap, fully independent measurements were
routinely performed. Measurements of the test set were performed on another, fourth, flow cell to simulate potential measurement
drifts.

All samples were measured in small batches of 25-40 samples plus QC serum as described above. After each measurement
batch, the device was cleaned according to the manufacturer’s recommendations. A performance qualification test of the instrument
was performed daily before the first sample batch or after the clearance of technical issues.

SIMULATION AND CLASSIFICATION ANALYSIS

Individual identification in longitudinal monitoring
Simulated datasets of longitudinal measurements were generated using the model formulation presented in Eq. 7. For the analyses
illustrated in Fig. 3B–D, the baseline measurement of each individual served as the initial seed input. In the analysis depicted in Fig.
3E, the model formulation in Eq. 7 was iteratively applied, utilizing up to the first 6 baselines per individual as seed inputs.

Four variability functions were employed to introduce variability to each seed input: (1) within-person biological variability; (2)
clinical sampling variability; (3) quality control variability; and (4) technical replicate variability. The within-person variability was
always modeled by only using data of two of the three utilized longitudinal cohorts (depicted in Fig. 3A). When the individual
identification classification was investigated in one of the three cohorts, the within-person variability was characterized from the
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two other cohorts. Since the within-person biological variability relied on utilizing follow-up measurements (Eq. 9), this step
ensured that no information was leaked to the training sets from the test sets (the follow-ups). For each experimental baseline, 1000
simulated measurements were generated to ensure a sufficiently large sample size, reaching a plateau of classification performance
(Supplementary Fig. S3).

Before classification, a data standardization step (mean is 0, standard deviation is 1) and principal component analysis (PCA)
were applied. For the data standardization, the mean and standard deviation were calculated only from the training sets to standardize
both the training and test sets. PCA was applied to the training sets – keeping components that explain 99.99% of the total variance.
The loading vectors from PCA were then applied to both the training sets and test sets before training – see Supplementary Fig. S5
for details on the effects of PCA. After the preprocessing prior to classification, a linear discriminant analysis (LDA) algorithm was
used for multi-class classifications when more than one observation per class was available for training. When only one instance per
class was available in the training set, a K-nearest neighbor (KNN) algorithm was for classifications (with k = 1). Classifier testing
was always performed on held-out samples from follow-ups that were not used to create training datasets. Confidence intervals
(CIs) were constructed by bootstrap resampling of the test data, following the approach applied in previous work [9]. The [2.5,
97.5] percentile boundaries were chosen to construct a 95% CI interval of the classification accuracy.

Generalization between plasma and serum specimens
For the application that involved creating simulated spectra of plasma and serum mixtures (Fig. 4), a similar simulation and
classification workflow was applied as described in the prior section. However, in addition to the four previously described sources
of variability, an additional function was introduced to model deviations between serum and plasma measurements (Eq. 3). The
calibration datasets used to characterize the differences between IR spectral measurements of blood plasma and serum (depicted in
Fig. 4C) were calculated from the Lasers4Life-Cancer study, where plasma and serum were were collected at the same sampling
occasion. The individual identification application was then applied to the Lasers4Life-LG cohort (Fig. 4F) – an independent cohort
that involved different individuals than the Lasers4Life-Cancer cohort.

Classifier testing on independent test sets
An L2-regularized logistic regression algorithm was used for the binary (case-control) classification analysis. Data was initially
split into a training and test set (Fig. 5A). Three different setups of evaluating the classification efficiency were performed. First, a
10-times repeated 10-fold stratified cross-validation was carried out on the training set of samples. Classification efficiency was
evaluated on the validation splits of the cross-validation by calculating the area under the receiver operating characteristic curve
(AUC). The AUC was averaged across the validation splits and reported along with its standard deviation. In the second setup, the
classifier was trained directly on the experimental data. The AUC was then calculated from the unseen, initially held out, test set. In
the third setup, classifier training was performed on a simulated set of samples – based on the training set as seed data. The AUC
was again calculated from the unseen, initially held out, experimental test set.

When creating the simulated datasets, four variability functions were employed to introduce variability to each seed input: (1)
between-person biological variability; (2) clinical sampling variability; (3) quality control variability; and (4) technical replicate
variability. The data sources for calculating the level of between-person variability involved the training set of samples, as well
as samples from the other independent studies – i.e., samples from all utilized clinical studies, outside of the test set. The model
formulation in Eq. 5 was applied, where the mean measurement of cases and controls served as seed measurements for each binary
classification task. For each task, 100000 samples were generated per class.

ANALYSIS SOFTWARE AND CODE AVAILABILITY

Analyses in this study were performed using custom scripts written in Python (v.3.8.8). The open-source packages NumPy (v.1.21.2),
scikit-learn (v.0.24.1), and matplotlib (v.3.5.1) were used. An implementation of CODI is available as a Python package. Please
refer to the following GitHub repository for details on its usage: https://github.com/tarek-eissa/codi.
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2 CHOOSING THE VARIABILITY FUNCTIONS
The sources of variability that we utilized in our applications of CODI were characterized by sets of calibration measurements that
reflect a level of data variance. As previously described, within these calibration measurements were characteristics of empirical
variability stemming from inherent biological factors, variations in sample collection and handling, as well as instrument-specific
measurement noise and drifts. Specifically, in our longitudinal analyses, we characterized four main sources of variability: (1)
within-person biological variability, (2) clinical sampling variability, (3) quality control variability, and (4) technical replicate
variability. Here, we examined how each of these sources of variability contributed to the success of the classification.

Fig. S1 depicts an analysis where the classification task was to identify an individual given one baseline measurement per
individual/class – testing the classification on follow-up measurements. Similar to the analysis depicted in Fig. 3A–B in the main
text, this analysis was also carried out on the three independent longitudinal cohorts. The CODI framework was employed to
generate simulated training data based on all four sources of variability (Fig. S1, blue bars). We then systematically removed one of
the variability sources considered in the simulation model (keeping the other three) to examine whether the classification accuracy
was affected (Fig. S1, remaining bars). We found that with the absence of either the within-person biological variability or the
quality control variability, the classification accuracy significantly suffered. Specifically for the application on the samples from
KORA clinical study, a very significant drop in the prediction accuracy was observed when the simulation model did not include
the variability stemming from the quality control samples. Interestingly, the KORA samples — the baseline measurements and
follow-ups – were measured at very different times, years apart (see section “Measurements of clinical samples” above). Given that
the quality control measurement include information about potential measurement drifts that may be observed when performing
measurements at very different times, this highlighted the importance of the informed inclusion of variance that is characteristic of
what may be observed in realistic applications. On the other hand, the variability introduced by the clinical sampling and technical
replicate calibration measurements had minimal impact on the classification accuracy – revealing that, for our specific use-cases,
these variability sources are not crucial to account for in the modeling process. Nevertheless, no significant loss in the classification
accuracy was observed when all four sources of variability were included in the simulation model. Thus, we included all four
sources in our analyses.
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Figure S1. Impact of the modeled variability sources on the classification accuracy in longitudinal molecular monitoring. Each bar illustrates the
classification accuracy achieved by simulating data through CODI with different combinations of the variability sources included.
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3 COMPARATIVE ANALYSIS OF CODI TO DOMAIN-AGNOSTIC AUGMENTATION TECHNIQUES
The CODI framework inherently relies on a priori information on possible sources sample/measurement variability. In contrast,
domain-agnostic augmentation methods employ generic transformations (e.g., additive or multiplicative noise) on the input data
to simulate new measurements, eliminating the need for a priori information. Here, we provide a comparative analysis between
CODI and other domain-agnostic methods of generating simulated training sets. Specifically, for spectral datasets, domain-agnostic
augmentation methods often include the introduction of additive white noise, random scaling of intensities by multiplicative factors,
linear slope variations, and vertical offset shifts [10, 11] (Fig. S2A).

In Fig. S2B, several domain-agnostic augmentation methods were employed to generate simulated training data for the
classification task of identifying individuals based on a single baseline measurement per class (similar to Fig. 3B in the main text).
As benchmarks, we include the performance of classifiers trained directly on the experimental data and data generated through
CODI. Each augmentation strategy, including CODI, was applied to the same seed experimental training set, generating 1000
measurements per class, and tested on the same follow-up experimental set. Unlike CODI, domain-agnostic augmentation methods
require the tuning of parameters that control the extent to which they affect the seed input. Across the three longitudinal cohorts this
investigation was carried out, we found that the data generated through CODI had a clear advantage over all other methods.

While the domain-agnostic augmentation techniques are simpler to implement and do not require a priori knowledge, overall
they yielded minimal-to-no improvement in the classification accuracy when compared to training directly on the experimental data.
Unlike the domain-agnostic augmentation methods, CODI’s targeted integration of unrepresented variations allowed for generating
more representative simulated data that enhanced the classifier’s ability to generalize beyond the original experimental training set.
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Parameters for domain-agnostic augmentation schemes: 
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Figure S2. Comparison of CODI to domain-agnostic augmentation schemes. (A) Given an input seed experimental spectrum (upper left panel),
several methods were employed to generate spectra with added variance. These methods include CODI (bottom left panel), as well as other domain-
agnostic augmentation schemes. White noise (upper middle panel) was introduced by repeatedly generating a random Gaussian vector and adding it
to the input seed. Multiplicative noise (lower middle panel) was introduced by repeatedly scaling the input seed with random scaling factors. Intensity
shifts (upper right panel) were introduced to the input seed by vertically shifting the intensity with random factors. Slope shifts (lower right panel) were
introduced by repeatedly manipulating the linear slope of the input seed. (B) The individual identification classification task was investigated across
three study cohorts. The baseline measurement of each individual in the cohort served as the training seed measurements. Classifiers were trained
on the experimental data (black bars), data generated through CODI (blue bars), and data generated through the domain-agnostic augmentation
schemes (remaining bars). For each domain-agnostic augmentation scheme, several parameters controlling the data generation were examined, as
listed in the legend to the right.
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4 EFFECTS OF INTRODUCING AN EXCESSIVE AMOUNT OF VARIANCE
As the basis of CODI is to introduce variance to a given dataset, this approach carries certain risks. A key concern is that the
simulated variance might significantly exceed what is typically expected from the domain of possible empirical observations. When
training a classifier, this excessive variance increases the potential of obscuring the underlying signals of interest, resulting in poor
performance on unseen data.

To investigate the extent of this risk, we increased the level of variance introduced by CODI and simultaneously adjusted the
number of generated samples (Fig. S3). We revisited the classification task of identifying individuals based on a single experimental
baseline measurement per individual involving our three longitudinal clinical studies, similar to Fig. 3B in the main text. We
modeled the same four sources of variability as in the main text – biological, clinical, quality control, and technical replicate
variability – and adjusted the factors by which the standard deviation of these sources were multiplied. Classifier training was
performed on the simulated data and testing was performed on the held-out experimental follow-ups.

Without added variance (variability intensity = 0), the CODI procedure generates data that are exact replicates of the experimental
seeds which resulted in the same classification efficacy as training directly on experimental data (Fig. S3). When the variance
matched what was observed in calibration datasets (variability intensity = 1), the classification efficacy reached its maximum
potential with our approach. When the variance increased beyond what was present in the calibration datasets, the classification
efficacy progressively worsened. This decline was particularly pronounced when fewer simulated data were generated, which
caused the classifier to perform even worse than what can be achieved by directly training on the (unrepresentative) experimental
training seed. However, once a sufficiently large amount of samples were generated per class, the classification performed well
despite the increased variability. These results align with the well-known principle that noisier datasets require larger sample sizes
to effectively capture underlying signals. Therefore, when employing CODI, we recommend generating larger datasets to minimize
the risks associated with introducing excessive variance.
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Figure S3. Effects of introducing increasing variance to the training seed. Simulated datasets were generated by CODI at varying intensities of
variance and different numbers of generated samples. The x-axis depicts the scalars used to multiply the standard deviation of the random Gaussian
variable (β in Eqs. 2 and 3) to model an increasing level of variability. The y-axis depicts the classification accuracy for the task of longitudinally
identifying individuals in a population, testing on unseen experimental samples.
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5 COMPUTATIONAL EFFICIENCY
The computational efficiency of CODI is based on three primary operations: random number generation, matrix multiplication, and
matrix addition. These operations are highly optimized in modern computational libraries, which enables a fast data generation
procedure. The expected runtime of the data generation is influenced by three key parameters: (1) the number of training seed
observations; (2) the size of the variability calibration dataset; and (3) the number of simulated samples to be generated.

In Fig. S4, we varied these three parameters and report the runtime of our implementation of CODI in Python (see section
“Analysis software” above). The seed, calibration, and simulated sample measurements all exist in a R519 space – i.e., each sample
measurement is a vector with 519 discrete features. We repeated this analysis 20 times for each combination of parameters and
calculated the average runtime. The analysis was conducted on a Dell XPS laptop with an Intel(R) Core(TM) i9-11900H CPU and
32 GB of RAM. The results indicate that, for any reasonable application, the runtime of the data generation can be expected to be
within a few seconds on standard hardware.
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Figure S4. Computational runtime of the CODI data generation procedure. The color scale indicates the amount of time taken to retrieve the
simulated measurements, varying the number of input and output samples.
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6 EFFECTS OF PRINCIPAL COMPONENT ANALYSIS ON CLASSIFICATION EFFICIENCY
As detailed in the “Simulation and classification analysis” section of our Extended Methods, PCA was applied prior to passing the
data to the multi-class classification algorithm. To investigate PCA’s impact on these classification tasks, we eliminated PCA and
re-performed the analyses we investigated in the main text (Fig. S5). Specifically, we evaluated the multi-class classifications aimed
to longitudinally identify individuals from a given population with limited experimental data (Fig. 3B in the main text) and transfer
classifications between serum and plasma samples (Fig. 4F in the main text).

Overall, the PCA step helped improve the predictive accuracy across several of our classification problems, for both experimental
and simulated training sets. Importantly, the overall trend remained consistent, with simulated training sets achieving higher accuracy
compared to the experimental sets, regardless of the PCA application. The motivation behind CODI is to aid the downstream
classifier in optimizing feature coefficients to capture underlying discriminative signals while being informed of variance that was
missing from the experimental training seed. Thus, this analysis demonstrates that CODI effectively achieves this optimization,
whether in the PCA projection or in the original format of the data.
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Figure S5. Impact of PCA removal on the multi-class classification tasks. (A) Analysis relevant to Fig. 3, in which the individual identification accuracy
was examined in three longitudinal study cohorts. of PCA on experimental and simulated multi-class classifications. (B) Analysis relevant to Fig. 4, in
which the classification accuracy was examined when training on plasma samples and testing on both plasma and serum samples. Accuracy is
compared with PCA (black/dark blue bars) and without PCA (gray/light blue bars) for both experimental and simulated training sets.
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