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Abstract

One-dimensional proton Nuclear Magnetic Resonance (1H NMR) spectroscopy is broadly
adopted in chemical sciences for structure characterization due to its rapid acquisition and
experimental simplicity. While significant technical progress has enabled high-throughput
data collection, the utility of these datasets is currently limited by a much slower process
of manual spectral analysis. The reliance on expert annotation is not only labor-intensive
but introduces variability that can compromise the reproducibility of quantitative results.
These issues are further complicated by physical constraints such as spectral overlap,
solvent interference, and signal distortions, which often obscure critical molecular infor-
mation.

This doctoral thesis investigates the encoding of molecular information in NMR signals
and develops efficient, uncertainty-aware algorithms for automated interpretation. The
central contribution is MuSe Net, a supervised probabilistic deep learning framework
designed for automated signal detection and splitting pattern classification. By treating
multiplet analysis as a one-dimensional segmentation task, MuSe Net provides point-level
predictions that include both class labels and confidence scores. This uncertainty metric
plays a critical role in the analysis, as it assists in the identification of overlapping and
composite signals where spectral patterns deviate from first-order multiplet classes. To
support the training of our model, a computationally efficient strategy was developed
to generate realistic synthetic spectra based on specific multiplet phenotypes, bypassing
the need for large-scale experimental spectra acquisition or complex quantum-mechanical
simulations.

The research further addresses the integration and correlation of information across
varying experimental conditions, specifically within the framework of fragment-based
drug discovery with photo-Chemically Induced Dynamic Nuclear Polarization (photo-
CIDNP) 1H NMR. A dedicated computational pipeline was implemented to automati-
cally detect hyperpolarized signals and evaluate signal attenuation between ligand-only
and ligand–protein spectra. By employing a Bayesian assignment algorithm, estimated
quenching values are mapped onto the molecular structure to identify potential binders.
To ensure robustness, a specific processing protocol was developed to enforce a consistent
absorptive character across spectra, utilizing symmetric peak shapes in the magnitude
spectrum to improve automated detection.

Realized in partnership with Bruker Switzerland AG and NexMR AG, the algorithms
presented in this work aim at bridging the gap between signal processing theory and
analytical practice. This research provides a formalized alternative to manual annota-
tion, accelerating NMR workflows and increasing the accessibility of high-quality spectral
analysis in both academic and industrial settings.
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Chapter 1

Introduction

Nuclear spin is the intrinsic quantum property underlying Nuclear Magnetic Resonance
(NMR) spectroscopy. It gives rise to a magnetic dipole moment, which renders the nucleus
responsive to an external magnetic field. The magnetic moment of the proton was first
measured in 1933 by Stern [1]. Shortly thereafter, Isidor Rabi [2] demonstrated that nuclei
placed in a strong static magnetic field undergo resonant transitions when exposed to a
transverse oscillating field at a characteristic frequency determined by the local magnetic
environment, establishing the fundamental principle of magnetic resonance. By 1945,
two independent groups, Purcell and Pound [3], and Bloch, Hansen and Packard [4],
had detected radio-frequency signals emitted by nuclear spins in bulk matter, effectively
realizing the first experimental implementations of NMR spectroscopy. Two decades
later, Richard Ernst [5] revolutionized the field by introducing Fourier transform NMR
(FT-NMR), replacing slow continuous-wave excitation with short radio-frequency pulses
to dramatically enhance both the sensitivity and resolution of the resulting spectra.

A one-dimensional NMR spectrum consists of resonance signals distributed along the
frequency axis, ranging from isolated lines, singlets, to pairs of lines, doublets, and more
complex groups of peaks collectively termed multiplets. The position of a multiplet along
the frequency scale, the chemical shift, its integrated intensity, the internal splitting pat-
tern due to spin-spin coupling jointly encode structural information about the relative
abundance of nuclei, their local electronic environments, and the connectivity arrange-
ment within the molecule.

Since the first experiments, the NMR field has developed rapidly and extensively,
leading to a proliferation of methodologies and pulse sequence designs of increasing com-
plexity and sophistication. Contemporary NMR experiments are capable of generating
not only one-dimensional absorption spectra, but also multidimensional datasets in which
correlations between nuclear spins encode detailed structural and dynamical information
about the molecule under investigation [6].

Despite these advances, one-dimensional 1H NMR spectroscopy remains one of the
most widely employed NMR modalities. Its experimental implementation is compar-
atively simple, requires minimal specialized preparation beyond standard sample han-
dling procedures, and permits rapid data acquisition. These characteristics render one-
dimensional 1H NMR a practical and broadly accessible method for the routine character-
ization of organic, inorganic, and biomolecular systems across diverse areas of scientific re-
search. Within analytical and organic chemistry, one-dimensional 1H NMR spectroscopy
is routinely employed in the elucidation of newly isolated natural and synthetic reaction
products [7], where spectral features provide constraints on molecular connectivity and
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CHAPTER 1. INTRODUCTION 2

functional group composition. Beyond connectivity analysis, 1H NMR enables the in-
vestigation of conformational equilibria through the sensitivity of scalar couplings and
chemical shifts to molecular geometry. Furthermore, the technique permits the character-
ization of kinetic processes and dynamic exchange phenomena on timescales comparable
to the NMR frequency differences, as manifested in line broadening, coalescence behavior,
and temperature-dependent spectral changes. Owing to its quantitative nature, where
under appropriately controlled acquisition conditions, signal integrals are proportional to
molar concentration, NMR enables direct mixture analysis. This property is widely ap-
plied in metabolomics [8], where complex biofluids such as serum, plasma, and urine are
profiled to quantify metabolites. Such analyses support biomarker discovery and disease
classification, and facilitate the investigation of metabolic dynamics and pathway com-
partmentation within systems-level biochemical studies [9]. NMR spectroscopy plays also
a significant role in ligand-based drug discovery, where it provides direct information on
the nature and strength of molecular interactions and enables the identification of weak-
binding ligands [10, 11, 12, 13]. In clinical and biomedical contexts, magnetic resonance
techniques are employed for diagnostic purposes, including the detection and monitoring
of pathological conditions such as tumors, hematomas, and multiple sclerosis [14]. NMR
further contributes to materials science, for example in the study of lithium-ion batteries,
where it provides insight into ion transport, electrode structure, and degradation mecha-
nisms [15]. In environmental research, NMR is applied to the characterization of organic
matter in soils, natural waters, and atmospheric samples, enabling the investigation of
pollution effects and ecosystem changes [16, 17]. Additional applications include food
science and agriculture, where NMR is used for authenticity assessment and adulteration
testing, quality control of food products and beverages [18], and the analysis of plant
tissues, soil components, and complex biomolecular mixtures relevant to crop [19] and
nutritional studies [20].

The analytical potential of one-dimensional 1H NMR spectroscopy is, however, limited
by the typically time-consuming and labor-intensive nature of its data analysis. Conven-
tional workflows involve multiple sequential steps, which are often performed manually
or semi-manually and require comprehensive domain expertise. After data acquisition
and Fourier transformation, the resulting complex spectrum is subjected to a series of
pre-processing operations designed to correct phase and baseline distortions [21]. In con-
ventional practice, once an acceptable phase correction has been achieved, the imaginary
component is typically discarded, and subsequent analysis is performed exclusively on
the real part of the spectrum, which is more readily interpretable in terms of absorp-
tive line shapes. The initial step of spectral analysis consists in the identification and
localization of individual resonance signals, commonly referred to as peak picking. This
procedure is typically accompanied by the estimation of relevant peak characteristics,
including amplitude, linewidth, and line shape parameters, which are subsequently used
for quantitative analysis and structural interpretation. Identified resonances are subse-
quently grouped into multiplets and interpreted as signals arising from the same nucleus
or from sets of magnetically equivalent nuclei. This procedure enables the analysis of
splitting patterns and the determination of scalar spin–spin coupling constants, which
encode information on through-bond connectivity. Quantitative information is obtained
by integrating the signal intensity over the corresponding spectral regions, and estimating
the relative abundances of the contributing nuclei, thereby permitting the inference of the
underlying spin system. By combining information on spin connectivity with constraints
derived from chemical shifts and local electronic environments, it becomes possible to
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assign nuclei to their corresponding resonances and to formulate a structural proposal
for the molecule under investigation. In practice, this process of structure elucidation
often yields multiple plausible candidates. Discrimination among them typically requires
additional NMR experiments, such as 13C or two-dimensional correlation spectra, as well
as comparison of the experimental data with spectra simulated from candidate structures
(structure verification).

In addition to its labor-intensive character, one-dimensional 1H NMR data analysis is
further complicated by the presence of signals that do not originate from the compound of
interest. These include experimental artefacts, spurious resonances, and residual solvent
signals, all of which may confound spectral interpretation and bias quantitative estimates
derived from signal integration. Intense solvent resonances are particularly problematic,
as they may induce baseline distortions that hinder reliable pre-processing across the
entire spectral range. Moreover, their shoulders and tails can mask nearby low-intensity
signals, thereby obscuring relevant structural information. Similar difficulties arise in the
presence of broad resonances generated by exchangeable nuclei, such as protons undergo-
ing chemical exchange with solvent protons or deuterons on the NMR timescale. These
exchange processes lead to line broadening and reduced spectral resolution, further com-
plicating peak identification and quantitative analysis. Moreover, resonances arising from
different nuclei may occur at very similar chemical shifts, leading to overlapping multi-
plets, i.e., superpositions of individual spectral components. Such overlap hampers the
reliable analysis of splitting patterns and complicates the accurate determination of scalar
spin–spin coupling constants. In addition, the quantitative estimation of relative abun-
dances through signal integration becomes less reliable when spectral regions cannot be
unambiguously attributed to a single group of equivalent spins. Consequently, in com-
plex spectra the expert interpretation may not be univocal, leading to alternative, yet
internally consistent, structural hypotheses, and the analysis can remain inconclusive.
Even in cases where the spectrum is comparatively clear, manually annotated data often
lack uniformity. Small variations in peak localization or in the definition of integration
boundaries introduce intrinsic variability, which may propagate and become amplified in
subsequent quantitative or comparative analyses.

The development of reliable automated procedures for the extraction of structural and
quantitative information from one-dimensional 1H NMR spectra has long represented a
central objective in the evolution of the field. The motivation is both practical and
methodological. By formalizing and systematizing the interpretative process, automation
would provide several advantages. It would enable rapid and effective analysis, thereby
substantially reducing the time required for spectral interpretation, an aspect of particular
relevance in high-throughput settings. It could also reduce the need to employ more
resource-intensive experimental techniques when the essential structural information is
already contained in one-dimensional data. Standardized computational workflows would
promote annotation consistency across laboratories and enhance the reproducibility of
results within the scientific community. The availability of reliable automated tools would
further lower the barrier to entry for non-specialists, facilitating the adoption of NMR
spectroscopy in applied research contexts where user-independent and scalable analysis
is required.

Early efforts toward automation relied primarily on rule-based algorithms designed
to emulate manual inspection procedures. These approaches exploited local regularities
of resonance signals, including the identification of local extrema, the analysis of spectral
derivatives, the application of intensity or noise thresholds, and the use of geometric or
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symmetry properties characteristic of resonance line shapes [22, 23]. In order to improve
robustness in the presence of noise and to reduce spurious detections, several methods op-
erated on transformed representations of the spectrum. Examples include wavelet-based
decompositions [22], non-negative matrix factorization [24], singular value decomposi-
tion [25], and maximum-entropy processing [26, 23, 27, 28]. These techniques aimed
to enhance signal-to-noise separation or to provide compact representations that facili-
tate peak detection under non-ideal experimental conditions. A complementary research
direction addressed the problem of individual peak deconvolution through explicit para-
metric modeling of spectral line shapes. In this framework, resonances were represented
as Lorentzian, Gaussian, or Voigt profiles, and their parameters were estimated either
directly from the spectrum with the support of the derivative information [29, 30], or
modeling the spectrum as a convolution of a peak-shape function with a sparse distri-
bution of sources modeled as delta functions [31]. For multiplet deconvolution, clusters
of resonances were modeled as superpositions of parametric line shapes whose relative
frequency offsets and intensities encode scalar coupling constants [32, 33]. The analysis
of multiplets has concentrated primarily on the structural organization of signal splitting.
Golotvin and Chertkov [34] formulated multiplet interpretation as a pattern-recognition
problem, in which extracted spectral features were used to classify resonance patterns.
Hoye and co-workers [35, 36] instead proposed a hierarchical decomposition framework
governed by scalar coupling relationships, subsequently refined through the incorpora-
tion of symmetry relations and amplitude constraints [37, 38]. A further line of work
approached multiplet identification as a spectrum-wide organization task, clustering in-
dividually detected peaks into multiplet groups rather than treating resonances as purely
local entities [39].

These traditional parametric and rule-based approaches, although effective in many
practically relevant scenarios and still integrated into expert-driven workflows, critically
depend on the specification of numerous analysis parameters. These include noise and
intensity thresholds for peak detection, assumptions regarding line-shape models, and
prior estimates of multiplet boundaries, peak counts, and coupling constants. Their per-
formance is therefore closely tied to user-defined settings and to the validity of underlying
modeling assumptions. In recent years, the emergence of artificial intelligence has pro-
foundly changed the prevailing algorithmic paradigm, shifting attention from explicitly
modeled representations toward data-driven methodologies. Across diverse domains, ma-
chine learning techniques have demonstrated broad applicability, ranging from regression
and object detection to speech recognition and advanced natural language processing, in-
cluding the development of autonomous agent-based systems. In chemistry, a particularly
prominent milestone was the development of the AlphaFold system [40], which predicts
three-dimensional protein structures directly from amino acid sequences with accuracy
approaching experimental resolution. This transformation toward learning-based infer-
ence has also influenced the field of NMR spectroscopy [41, 42, 43, 44], where data-driven
approaches are increasingly applied across the entire analysis pipeline: from signal re-
construction and denoising, to spectral interpretation, and ultimately to fully automated
structure verification and elucidation.

Concerning NMR signal analysis, several deep learning approaches have been proposed
for automated peak detection in two-dimensional spectra. These methods either operate
on cropped spectral patches, or analyze the two frequency axes separately through convo-
lutional or residual architectures designed to capture local spectral features [45, 46, 47].
More recent physics-informed architectures leverage the specific point spread function of
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the sampling schedule to map experimental data directly to peak probability distribu-
tions [48]. While many of these networks were developed primarily for multidimensional
protein NMR, a distinct line of work emerged in the context of our collaboration with
Bruker Switzerland AG, a major spectrometer manufacturer, focusing on one-dimensional
NMR of small molecules. In this study [49], peak detection and parameter estimation
were formulated as a joint classification–regression problem, enabling the resolution of
overlapping resonances in complex spectra. The resulting method demonstrated suffi-
cient robustness and practical utility to be integrated into Bruker’s commercial analysis
software TopSpin, where it is available as part of the standard processing toolchain.

The analysis of splitting patterns is generally considered a more robust source of
structural information than chemical shifts alone, as scalar coupling constants exhibit
comparatively limited variability across experimental conditions [6]. Compared to peak
detection and general spectral processing, fewer studies have addressed the automated
extraction of multiplicities and coupling constants. Much of the existing work consid-
ers the inverse problem, namely the prediction of coupling constants from molecular
structure. In such approaches, scalar couplings are estimated from structural descriptors
encoding bond characteristics, electronic properties, and geometric parameters relevant
to through-bond interactions [50, 51]. However, in many practically relevant applications
the primary goal is to extract splitting-pattern information directly from experimental
spectra in order to reconstruct an unknown molecular structure.

The first part of the present doctoral work is devoted to the development of robust
and reliable methods for the automatic identification and characterization of multiplet
splitting patterns from one-dimensional 1H NMR spectra of small molecules, without
relying on prior knowledge of the underlying molecular structure. This research was
conducted within a collaborative project between the ZHAW School of Engineering and
Bruker AG, supported by funding from Innosuisse, the Swiss Innovation Agency. We
formulate the multiplet classification task as a one-dimensional segmentation problem
defined over the full spectral axis, and develop a deep neural network that assigns to each
spectral point a label corresponding to its splitting pattern class [52]. The architecture
is composed of two main blocks. In the first, convolutional layers extract multi-scale
features that capture local spectral characteristics. In the second, these features are in-
tegrated along the frequency axis through dense and long short-term memory (LSTM)
layers, enabling the modeling of long-range dependencies and contextual correlations [53,
54, 55, 56, 57]. To train the proposed model, we introduce a pragmatic strategy for the
generation of realistic synthetic spectral samples. Instead of performing computationally
demanding quantum-mechanical simulations of spin-system Hamiltonians, spectra are
constructed through random sampling of relevant spectral features, including peak posi-
tions, linewidths, intensities, and coupling patterns. This approach substantially reduces
computational cost while retaining sufficient variability and realism for effective training
in the context of splitting-pattern recognition.

When a resonance arises from a nucleus, or from a set of equivalent nuclei, coupled to
multiple non-equivalent partners, the associated splitting tree becomes increasingly com-
plex. Depending on the relative magnitudes of the coupling constants, certain components
may be partially resolved or effectively indistinguishable, complicating the recognition of
the underlying pattern. This variability must be explicitly accounted for in the con-
struction of synthetic training data for deep learning models. To address this issue, we
introduce, for each splitting class considered in our framework, a corresponding multiplet
phenotype. This concept constrains the admissible combinations of couplings and rela-
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tive intensities during signal generation, thereby imposing regularization on the synthetic
data. The resulting procedure promotes intra-class consistency while preserving clear
inter-class boundaries, facilitating stable and discriminative learning.

A further essential requirement in scientific research and development is the asso-
ciation of predictive outputs with a quantitative measure of confidence [58, 59]. Such
uncertainty estimates enhance the trustworthiness of artificial intelligence–based clas-
sifications by indicating which predictions can be regarded as reliable and which re-
quire additional validation. In the present context, resonances exhibiting high predictive
uncertainty may be assigned to a general multiplet class, which encompasses overlap-
ping signals and higher-order patterns that cannot be unambiguously resolved within
the adopted taxonomy. Moreover, uncertainty quantification provides insight into the
learning process itself. Highly uncertain examples identify regions of the data space that
are difficult for the model, thereby guiding the refinement of the training distribution
and the representation of spectral features. Developed in close collaboration with the
team at Bruker Switzerland AG, our framework evolved through continuous confronta-
tion with application-driven requirements. The industrial partnership actively informed
methodological choices, ensuring that the algorithm met practical expectations in terms of
robustness to varying experimental conditions, increasing sample complexity, low signal-
to-noise ratios, and common spectral distortions or artefacts.

The demand for automation becomes even more compelling in high-throughput ap-
plication domains. Fragment-based drug discovery with 1H NMR constitutes a paradig-
matic example, in which large libraries of small molecules are screened for weak and strong
binding interactions with a target protein, and where rapid, reproducible, automated and
quantitatively grounded analysis becomes a methodological requirement. The 1H NMR
techniques most commonly employed in fragment screening include saturation transfer
difference (STD) experiments [60], waterLOGSY [61], and T1ρ-based methods [62]. More
recently, the PEARLScreen experiments [13], based on transverse relaxation effects, has
been introduced to enhance contrast in binding identification.

Low intrinsic sensitivity remains a fundamental limitation of NMR spectroscopy, of-
ten requiring high sample concentrations and extended acquisition times, a constraint
that becomes particularly critical in the context of fragment screening. To overcome
this limitation, several hyperpolarization strategies have been developed, including dy-
namic nuclear polarization (DNP) [63], parahydrogen-induced polarization (PHIP) [64],
signal amplification by reversible exchange (SABRE) [65], and photochemically induced
dynamic nuclear polarization (photo-CIDNP) [66, 67]. While exhibiting lower signal en-
hancements compared to other hyperpolarization methods, photo-CIDNP NMR offers
several advantageous features. Its operational complexity is comparatively low, as polar-
ization is triggered simply by illuminating the sample within the NMR probe. Moreover,
the experiment can be performed in aqueous solution at room temperature, without
chemical modification of the protein, and is compatible with low micromolar concentra-
tions of both ligand and protein (down to 5 µM of ligand and 2 µM of target). The
experiment requires only a few seconds, as sufficient signal-to-noise ratio can often be
achieved within a single scan. Upon binding to a protein, the hyperpolarised signals
are selectively quenched, enabling the identification of ligand–protein interactions and
the estimation of binding affinities [12]. Notably, the quenching effect is proton-specific,
providing site-resolved information that can be exploited to infer the binding epitope of
the ligand.

NexMR AG, a spin-off from ETH Zürich, is a leading industrial actor in the application
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of photo-CIDNP technology to drug discovery. Within an Innosuisse-funded collabora-
tive project, we developed an automated analysis framework tailored to 1H photo-CIDNP
NMR spectra for the detection of ligand–protein binding and the estimation of binding
strength. This task introduces additional complexity compared to the work described
previously. Whereas the earlier part of this thesis focused on extracting intramolecu-
lar information from individual spectra, fragment screening requires the identification of
intermolecular interactions. Methodologically, this shift is reflected in the need to cor-
relate information across multiple spectra rather than analyzing a single experiment in
isolation. The standard experimental setup comprises four spectra: a conventional 1H
NMR spectrum and a photo-CIDNP spectrum of the ligand alone, together with the cor-
responding pair acquired in the presence of the protein. Additional transverse relaxation
experiments may further complement this dataset.

The proposed algorithm combines rule-based procedures with deep learning compo-
nents to identify and localize hyperpolarised signals and to compare their amplitudes
between ligand-only and ligand–protein spectra. From this comparison, a quenching mea-
sure is derived, proportional to the binding strength, such that larger signal attenuation
corresponds to stronger interaction. Photo-CIDNP spectra exhibit distinctive features.
Hyperpolarised signals can appear with both positive and negative (emissive) ampli-
tudes, and strong resonances originating from auxiliary compounds required for sample
preparation may introduce substantial baseline distortions. These distortions complicate
global phase correction across the full spectral range, even under manual supervision.
To mitigate these issues, we propose the use of the magnitude spectrum in place of
the conventional real (absorptive) component. Although magnitude-mode processing is
uncommon in high-resolution NMR spectroscopy, magnitude images are routinely em-
ployed in MRI [68]. We provide a systematic analysis of the modifications introduced
by magnitude computation relative to the real spectrum and establish a dedicated pre-
processing protocol aimed at obtaining symmetric peaks in magnitude mode, addressing
previously reported asymmetry effects [69]. Within this framework, MuSe Net is em-
ployed to aggregate the automatically detected hyperpolarised peaks and to filter them
according to their predicted multiplet class and associated uncertainty, thereby enabling
reliable downstream quenching analysis despite the non-Gaussian noise characteristics
of magnitude spectra. Hit prediction is performed without requiring prior knowledge of
the molecular structure of the ligand. However, to map proton-specific quenching values
onto the corresponding atomic sites, we developed a Bayesian assignment algorithm [70]
adapted to the constraints of the present screening framework. Starting from the two-
dimensional molecular structure of the ligand, chemical shifts are predicted using a graph
neural network [71]. These predicted shifts are then probabilistically matched to the ex-
perimentally observed resonances, accounting for the fact that not all protons necessarily
give rise to hyperpolarised signals and that certain detected peaks may originate from
artefacts or unrelated species. The complete pipeline was implemented and evaluated on
real experimental photo-CIDNP screening datasets comprising compounds from the part-
ner company’s fragment library. The method is computationally efficient and compatible
with the high-throughput nature of photo-CIDNP screening, being able to automatically
process approximately 2500 spectra in less than ten minutes while retrieving the relevant
binding candidates. This performance demonstrates the framework’s robustness and its
immediate utility within operational screening environments.

The present thesis is organized as follows. Chapter 2 provides a systematic descrip-
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tion of the characteristic features of one–dimensional 1H NMR spectra, with particular
emphasis on those observables that enable the extraction of structural information at the
molecular level. In addition, it presents the essential elements of the quantum–mechanical
formalism underlying liquid–state 1H NMR experiments, restricted to the concepts and
approximations required for the subsequent methodological developments. Chapter 3
outlines the principal stages of NMR data analysis that are most frequently required in
practical applications, spanning the workflow from signal acquisition and spectral process-
ing to spin–system identification and, ultimately, molecular structure elucidation. Both
established automated methodologies and recent data–driven approaches based on deep
learning are critically reviewed, with explicit attention to their underlying assumptions,
domains of applicability, and inherent limitations. Chapters 4 and 5 are devoted to
the classification of resonances according to their splitting patterns. Chapter 4 formu-
lates multiplet classification as a segmentation problem and presents the implementation
of a prototype convolutional neural network designed to address this task. Chapter 5
introduces the probabilistic deep learning framework MuSe Net and provides a compre-
hensive evaluation of its performance, including a detailed analysis of predictive accuracy,
calibration behaviour, robustness across heterogeneous spectral conditions, and its un-
certainty quantification properties. Chapter 6 outlines the theoretical foundations of
nuclear spin hyperpolarization, with particular emphasis on the photo–CIDNP effect in
NMR spectroscopy, and discusses its application to fragment–based screening experi-
ments. Chapter 7 presents the automated algorithm developed for ligand–protein bind-
ing detection and reports its performance on real experimental datasets. The chapter
further details how the method can be integrated into the annotation workflow, spec-
ifying the operational steps, decision criteria, and practical constraints that govern its
effective deployment. Finally, Chapter 8 discusses the contributions of this work and
situates the obtained results within the landscape of existing methodologies and scientific
applications, while outlining open challenges and concrete directions for future research.



Chapter 2

Observing the spectra

A one-dimensional NMR spectrum is a representation in which the detected signal in-
tensity, corresponding to net absorption or emission, is plotted along the vertical axis
as a function of frequency on the horizontal axis. The underlying signal arises from nu-
clear magnetization evolving in an external magnetic field and is detected as an induced
electromagnetic signal. Spectral features appear at specific resonance frequencies deter-
mined by the interaction between nuclear magnetic moments and the field. The nuclear
magnetic moment µ is proportional to the nuclear spin angular momentum Î through the
gyromagnetic ratio γ, such that

µ = γ Î. (2.1)

For nuclei with a positive gyromagnetic ratio (γ > 0), the magnetic moment and the spin
angular momentum are therefore oriented in the same direction (spin polarization [72]).
The presence of a non-zero nuclear spin, and hence of a magnetic moment, is the fun-
damental property that enables NMR detection. Accordingly, in the context of NMR
spectroscopy, the term spin is customarily used as a shorthand to denote the nuclei of
the molecule under investigation that possess a non-zero spin quantum number.

Nuclear spin angular momenta are randomly oriented. In the presence of large ex-
ternal magnetic field, for example when placing the sample inside the NMR magnet, the
spin angular momentum vectors execute a rapid, nearly constant-angle precessional mo-
tion about the field direction with a characteristic angular frequency called the Larmor
frequency:

ω0 = −γB0. (2.2)

However, weak and fluctuating magnetic fields originating from the thermal environment
progressively perturb this idealized motion. The fast precession, occurring on a timescale
set by ω−1

0 and typically of order nanoseconds, is thus accompanied by a much slower
stochastic reorientation of the spins driven by molecular motions, a process that may
extend over timescales of seconds. This slow thermal dynamics is weakly biased toward
spin orientations in which the magnetic moment is aligned parallel to the external field.
As a consequence, the spin system relaxes toward a stationary, anisotropic distribution of
populations known as thermal equilibrium, giving rise to a small net magnetization along
the field direction, termed longitudinal magnetization. The approach to this equilibrium
state is characterized by the time constant T1, referred to as the longitudinal or spin–
lattice relaxation time.

In the simplest NMR experiment [72], a radiofrequency (r.f.) pulse generated by the
r.f. synthesizer and delivered to the sample through the r.f. coil perturbs the thermal

9
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equilibrium of the spin system. For example, a π/2 pulse applied about the x axis rotates
the equilibrium spin polarization into the transverse plane, producing a magnetization
oriented along the −y direction. When the r.f. field is switched off, this transverse
magnetization undergoes free precession in the xy plane at the Larmor frequency:

My = −Meqcos(ω0t)exp{−t/T2},
Mx = Meqsin(ω0t)exp{−t/T2}. (2.3)

The resulting time-dependent magnetic flux induces the NMR signal in the detection
coil of the probe, which is transmitted to the quadrature receiver and recorded as a
complex-valued signal.

The free induction decay (FID) denotes the NMR signal acquired in the time do-
main after application of a radiofrequency pulse. It is conveniently described as a linear
superposition of elementary signal contributions,

s(t) =
∑︂

l

sl(t), sl(t) = al exp[(iωl − λl)t] , (2.4)

where each term sl(t) corresponds to a single spectral component. In the most general
case, the components differ in their angular frequencies ωl, their exponential decay con-
stants λl, and their complex amplitudes al. This representation is valid for the NMR
signal generated by an arbitrary pulse sequence. The resonance frequencies ωl and relax-
ation rates λl are determined exclusively by the spin dynamics during signal acquisition,
whereas the amplitudes al encode the state of the spin system at the onset of detection.
Writing the complex amplitude in polar form,

al = |al| exp(iϕl) , (2.5)

the modulus |al| defines the intensity of the corresponding signal component, while the
argument ϕl specifies its phase.

The transformation from the time domain to the frequency domain is achieved by
application of Fourier transform [73]. The Fourier transform decomposes the compos-
ite time-domain signal into its individual frequency components, thereby rendering the
spectral content in a form that is directly interpretable as resonance lines at well-defined
frequencies. Crucially, this mathematical operation does not increase the theoretical in-
formation content of the signal, but merely reorganizes the information already present
in the FID into a representation that is more accessible for chemical interpretation and
quantitative analysis.

The mathematical definition of the Fourier Transform is the following

S(ω) =
∫︂ ∞

0
s(t) exp{−iωt} dt, (2.6)

Substituting the decomposition of the FID given in Eq. 2.4 into this definition yields

S(ω) =
∑︂

l

Sl(ω), Sl(ω) = al · 1
λl + i(ω − ωl)

≡ al L(ω;ωl, λl) (2.7)

where ωl is the resonance frequency of the l-th peak and λl is its decay rate, which governs
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Figure 2.1: Real (absorptive, top) and imaginary (dispersive, bottom) parts of the com-
plex Lorentzian lineshape as a function of angular frequency ω. The resonance is centered
at ω0, indicated by the vertical line.

the linewidth. Each peak has the lineshape of the complex Lorentzian (see Fig. 2.1)

L(ω;ωl, λl) = A(ω;ωl, λl) + iD(ω;ωl, λl)

A(ω;ωl, λl) = Re{L(ω;ωl, λl)} = λl

λ2
l + (ω − ωl)2 (2.8)

D(ω;ωl, λl) = Im{L(ω;ωl, λl)} = − ω − ωl

λ2
l + (ω − ωl)2

The real part A(ω;ωl, λl) corresponds to the absorptive Lorentzian component, centered
at ωl with half-width at half-maximum equal to λl, while the imaginary part D(ω;ωl, λl)
represents the dispersive contribution.

When the amplitudes al of all signal components are purely real, the real part of
the spectrum, ℜ{S(ω)}, contains only absorptive Lorentzian lineshapes, while the imag-
inary part, ℑ{S(ω)} consists exclusively of dispersive Lorentzians. Since absorptive lines
provide superior spectral resolution, NMR spectra are typically displayed using the real
component alone. In the general case, however, the amplitudes al are complex. Both
the real and imaginary parts of the spectrum then become linear combinations of ab-
sorptive and dispersive contributions. This mixing distorts the ideal Lorentzian profile
and leads to asymmetric peak shapes; the spectrum is said to be out of phase. Several
procedures have been developed to correct such phase distortions, and these methods will
be discussed in the following chapter.

2.1 Resonances characterization
The signal features in the spectrum appear either as isolated peaks, commonly referred
to as singlets, or they are split into clusters of closely spaced peaks, commonly referred
to as multiplets. Each resonance in the spectrum originates from a magnetic nucleus
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or from a functional group within the molecule [21]. The characteristic parameters of
these resonances, namely their chemical shift, splitting pattern, and integrated intensity,
are determined by the local molecular environment and the connectivity between nuclei.
Taken together, these spectral features provide a reproducible and molecule-specific sig-
nature, allowing one-dimensional NMR spectra to serve as a structural fingerprint of the
compound under investigation.

The absolute frequency at which an NMR signal is observed depends on both the nu-
clear isotope under investigation and the strength of the applied magnetic field. Different
nuclei (e.g. 1H, 13C, 15N, 19F, and 31P etc.) possess distinct magnetic properties, resulting
in characteristic resonance frequencies even under identical field conditions. In addition,
for a given nucleus, the resonance frequency scales linearly with the applied magnetic
field strength, such that changes in field intensity lead to proportional changes in ob-
served frequencies. As a consequence, absolute resonance frequencies are not intrinsic
spectral coordinates, motivating the use of normalized representations when comparing
spectra acquired under different experimental conditions.

The position of a spectral peak is specified by measuring its frequency offset relative
to a reference signal and normalizing this offset by the reference frequency. Because this
definition involves the ratio of two frequencies, the dependence on the applied magnetic
field cancels. The resulting quantity is called the chemical shift, defined as:

δ = (ν − νref )
νref

× 106 ppm, (2.9)

where ν is the absolute frequency of the observed peak, νref is the absolute frequency of
the reference signal, and the chemical shift δ is expressed in parts per million (ppm). The
most commonly adopted reference for chemical shift measurements is tetramethylsilane
(TMS). In one-dimensional 1H NMR spectra, the TMS singlet is conventionally placed at
the origin of the frequency axis. Under this convention, signals located to the right of the
reference are assigned negative chemical shift values, while those located to the left are
assigned positive values. From a physical viewpoint, the chemical shift reflects the extent
to which the local magnetic field experienced by a nucleus differs from the externally
applied field as a result of its electronic environment. In 1H NMR spectroscopy, this
modification arises from the response of surrounding electrons to the applied magnetic
field, which induces secondary magnetic fields at the position of the nucleus. When the
electronic environment reduces the effective magnetic field at the nucleus, the resonance
frequency decreases, resulting in a smaller chemical shift value. This effect is referred to
as shielding. Conversely, when the electronic environment enhances the effective magnetic
field at the nucleus, the resonance frequency increases, leading to a larger chemical shift
value; this is termed deshielding. Because the electronic environment depends on the local
molecular structure, these shielding and deshielding effects are not arbitrary but follow
systematic trends across different chemical environments. As a consequence, protons
associated with different functional groups tend to resonate in distinct regions of the
chemical shift scale. The positions of peaks in a one-dimensional 1H NMR spectrum
therefore provide qualitative information about molecular structure, allowing spectral
features to be associated with broad classes of chemical environments.

As introduced above, spectral features may appear either as isolated peaks or as
groups of peaks: isolated peaks arise from nuclei that do not exhibit observable coupling
to other magnetic nuclei, whereas multiplets originate from nuclei that are coupled to
one or more neighboring magnetic nuclei (see Figure 2.2).
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Figure 2.2: Effect of scalar coupling on NMR signals. (a) Two uncoupled nuclei produce
single resonance peaks at frequencies ω1 and ω2. (b) Scalar coupling (J12) splits each
resonance into a doublet separated by the coupling constant.

Scalar, or J , coupling between nuclear spins is mediated through chemical bonds
and therefore provides information on the relative proximity and connectivity of nuclei
within a molecular framework. The strength of this interaction is independent of the
applied magnetic field and is conventionally expressed in hertz. Because scalar coupling
is transmitted through chemical bonds, its magnitude generally decreases as the number
of intervening bonds increases; accordingly, a superscript notation is used to indicate the
coupling order, with nJ denoting a coupling mediated across n chemical bonds.

Within a limited number of chemical bonds, hydrogen nuclei can exhibit observable
scalar coupling to one another. In routine 1H NMR spectroscopy, such couplings are
therefore dominated by proton–proton interactions. Although protons may in principle
couple to carbon nuclei, the most abundant carbon isotope, 12C, has zero nuclear spin and
does not give rise to coupling splittings. As a result, proton–carbon coupling is generally
not observed in standard 1H spectra, except for weak satellite peaks arising from the low
natural abundance of the spin-active isotope 13C. These carbon satellites appear as pairs
of weak lines symmetrically displaced about the central resonance and exhibit the same
splitting pattern as the main proton signal, reflecting coupling to the low-abundance 13C
isotope. Scalar couplings between hydrogen nuclei and isotopes with spin greater than
1
2 are usually not observed. These nuclei interact with electric field gradients that are
modulated by molecular rotation, causing large magnetic moment fluctuations and very
fast spin–lattice relaxation, which effectively averages out the corresponding J-couplings.

The nuclear isotopes most frequently targeted in liquid-state NMR experiments, in-
cluding 1H, 13C, 15N, 19F, and 31P, possess a nuclear spin quantum number of 1

2 . There-
fore, in the remainder of this thesis, only the case of spin-1

2 nuclei will be considered.
When two spin-1

2 nuclei are coupled, the resonance associated with each nucleus is split
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symmetrically about its chemical shift position into two components, giving rise to a
doublet.

If a nucleus is coupled to more than one neighboring spin, the observed resonance
undergoes successive splittings, and the resulting multiplet pattern reflects the combined
effect of the individual couplings (see Figure 2.3). These patterns can be constructed
conceptually by applying each coupling interaction in turn, with each additional coupled
nucleus introducing a further level of splitting. For example, coupling of a spin-1

2 nucleus
to two distinct spin-1

2 neighbors, with coupling constants J1 and J2, produces a four-line
multiplet, commonly referred to as a doublet of doublets, in which each pair of lines is
separated by its respective coupling constant. More complex multiplets arise analogously
when additional couplings are present, with their overall structure encoding information
about the local bonding environment of the observed nucleus.

Figure 2.3: Splitting patterns arising from scalar coupling in NMR spectroscopy. (a)
A two-spin system produces a doublet with splitting J12. (b) In a three-spin system,
additional couplings (J13) lead to further splitting, resulting in a more complex multi-
plet pattern. The splitting tree illustrates how individual spin states contribute to the
observed spectral lines.

A signal originated by a nuclei coupled to n spin-1
2 nuclei gives rise, in general, to a

multiplet consisting of up to 2n spectral lines symmetrically distributed about the central
frequency δ. In practice, the number of resolved lines may be reduced due to degeneracies
that arise when two or more coupling constants are equal, or when specific relationships
exist among them. Nevertheless, the total number of underlying intensity contributions
always remains equal to 2n, regardless of whether individual lines are resolved or super-
imposed.

This can be illustrated by returning to the case of a resonance coupled to n = 2 spin-1
2

nuclei. When the two coupling constants are distinct, the signal is split into four lines of
equal intensity, forming a doublet of doublets. If the two coupling constants are identical,
the two central lines coincide, resulting in a three-peak multiplet with relative intensities
1:2:1, commonly referred to as a triplet. Although the number of observable peaks is
reduced from four to three, the total number of components remains four, reflecting the
underlying coupling to two spin-1

2 nuclei.



CHAPTER 2. OBSERVING THE SPECTRA 15

Each of the 2n intensity components that constitute a first-order multiplet corresponds
to a distinct frequency offset relative to the central chemical shift δ, obtained by com-
bining the individual coupling constants with appropriate signs. In particular, the most
downfield and upfield components arise when all coupling contributions add construc-
tively or destructively, respectively, such that the outermost line positions are shifted by
±1

2(J1 +J2 + · · ·+Jn) from δ. As a consequence, the total frequency span of the multiplet
is equal to the sum of the individual coupling constants.

For generality, any multiplet resulting from coupling to n spin-1
2 nuclei may be re-

garded as arising from the successive splitting of a single resonance into n doublets,
independent of whether the coupled nuclei are chemically or magnetically equivalent.
When equivalence is present, degeneracies occur and the resulting patterns are conven-
tionally described using simplified nomenclature, such as triplets, quartets, or higher-
order multiplets, corresponding to coincident splittings with identical coupling constants
(see Figure 2.4).
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Figure 2.4: Common 1H NMR splitting patterns arising from scalar (spin–spin) coupling.
The multiplicities shown include singlet (s), doublet (d), triplet (t), quartet (q), quintet
(qt), sextet (sx), septet (sp), and higher-order patterns such as doublet of doublets (dd),
doublet of triplets (dt), triplet of doublets (td), and triplet of triplets (tt). The relative
peak intensities follow Pascal’s triangle rule.

In addition to chemical shift, splitting pattern, and coupling constants, the peak
integral constitutes another important descriptor of NMR resonances. The integral of
a resonance or multiplet is proportional to the number of nuclei contributing to the
signal and is independent of both the splitting pattern and the linewidth. Linewidth is
commonly quantified as the full width at half maximum (FWHM) of the peak and reflects
the frequency range over which the signal intensity is distributed. For a fixed integral,
an increase in the number of split components or an increase in linewidth leads to a
redistribution of intensity over a larger number of frequency points, resulting in reduced
peak heights.

Structural symmetry within a molecule reduces both the number of observable res-
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Figure 2.5: Comparison between chemical and magnetic equivalence. In panel A, the
mirror plane (grey line) renders nuclei HA and H′

A chemically equivalent, with identical
chemical shifts; equality of the couplings JAB and JA′B further implies magnetic equiva-
lence. In panel B, HA and H′

A (as well as HB and H′
B) remain chemically equivalent, but

the unequal couplings JAB ̸= JA′B break magnetic equivalence.

onances and the complexity of their splitting patterns. Atoms, or identical functional
groups, that experience the same chemical environment are said to be chemically equiva-
lent (see Figure 2.5). This verifies when the spins are of the same isotopic species and it
exists a molecular symmetry operation that exchanges the two spin. When the spins are
chemically equivalent and they also share identical coupling relationships with all other
magnetic nuclei in the molecule, they are said to be magnetically equivalent. Chemically
equivalent nuclei or functional groups share the same chemical shift. However, the con-
verse is not generally true. Spins that share the same chemical shift are not necessarily
chemically equivalent: identical resonance frequencies may arise accidentally and need not
reflect any underlying molecular symmetry. Finally, the couplings between magnetically
equivalent nuclei are not observed in the NMR experiment.

2.2 First- and Second-Order 1H NMR Spectra
On the basis of chemical and magnetic equivalence, 1H NMR spectra are commonly di-
vided into first-order and second-order regimes. First-order spectral behavior is observed
when two conditions are simultaneously met. The first is that the frequency separation
between coupled resonances is sufficiently large compared to the corresponding scalar
coupling constants, such that ∆ν/J ≫ 1 when expressed in consistent frequency units;
this condition defines the weak-coupling regime. The second is that the nuclei involved in
each coupling group are magnetically equivalent. Under these conditions, multiplet struc-
tures follow the empirical n+ 1 rule, with relative peak intensities well approximated by
binomial coefficients (e.g., 1:1 for a doublet, 1:2:1 for a triplet, and 1:3:3:1 for a quartet).
Moreover, both the chemical shift and the coupling constant can be determined directly
from the spectrum, with the chemical shift given by the center of the multiplet and the
coupling constant by the spacing between adjacent lines.

When one or both of these conditions are not fulfilled, the system departs from the
weak-coupling regime and enters the strong-coupling regime, in which the frequency sep-
aration between coupled resonances becomes comparable to the coupling constant. Spec-
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tra in this regime are classified as second-order and exhibit departures from first-order
behavior, including an increased number of lines, non-binomial and asymmetric inten-
sity distributions, and shifts in line positions. As a result, chemical shifts and coupling
constants can no longer be extracted by straightforward inspection, and spectral inter-
pretation becomes correspondingly more involved. In practice, spectra acquired at high
magnetic field strengths are more likely to satisfy the weak-coupling condition, whereas
low-field measurements, such as those performed on benchtop spectrometers, which are
generally more affordable, more frequently exhibit strong-coupling effects due to reduced
frequency dispersion.

2.3 Pople Nomenclature of Spin Systems
The set of mutually coupled nuclear spins within a single molecule is referred to as a
molecular spin system. Such systems are conventionally denoted using letters of the al-
phabet, chosen to reflect relative chemical shift separations; this convention is formally
known as Pople nomenclature [74]. Spins with widely separated chemical shifts are as-
signed letters that are distant in the alphabet, a convention that typically corresponds
to weak coupling. Conversely, spins with similar chemical shifts are denoted by adjacent
letters; for example, the notation AB indicates a strongly coupled two-spin system.

Magnetically equivalent spins are indicated by a numerical subscript, whereas spins
that are chemically equivalent but magnetically inequivalent are distinguished by primes.
As an illustration, the six protons in benzene are magnetically equivalent and are therefore
denoted A6. In ethyl chloride, the five protons form two groups of magnetically equivalent
spins, comprising three and two protons, respectively. Since their chemical shift difference
is usually sufficient to ensure weak coupling, the corresponding spin system is denoted
A3X2. A common example of chemically equivalent but magnetically inequivalent spins
is provided by the AA′XX′ spin system of a X−CH2−CH2−Y fragment, where each
methylene group contains two nonequivalent protons coupled to each other and to the
neighboring group.

2.4 Quantum Mechanical Description of 1D 1H NMR
Spectra

In a fully general formulation [72], the physical state of a macroscopic sample investi-
gated in a 1H NMR experiment may be represented by a single many-body wavefunction
|ψfull(t)⟩. This state vector contains, in principle, complete information about the system,
including the spatial coordinates and momenta of all nuclei and electrons, as well as their
associated spin degrees of freedom. Its time evolution is governed by the time-dependent
Schrödinger equation,

iℏ
∂

∂t
|ψfull(t)⟩ = Ĥfull|ψfull(t)⟩, (2.10)

where Ĥfull denotes the exact Hamiltonian of the interacting many-particle system. Al-
though formally complete, this equation is of no practical use for NMR, as it cannot be
solved for any realistic system.

A pronounced separation of timescales exists between electronic and nuclear degrees
of freedom. Electronic motions evolve on timescales that are several orders of magnitude
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shorter than those associated with nuclear spin dynamics. As a consequence, nuclear
spins effectively experience only time-averaged magnetic and electric fields generated by
the electrons, and the back-action of the nuclear spins on the electronic degrees of freedom
can be neglected.

This separation of timescales permits a substantial reduction of the quantum-mechanical
description, in which only the nuclear spin degrees of freedom are retained explicitly. The
resulting approximate dynamics are described by

d

dt
|ψspin⟩(t) = − i

ℏ
Ĥspin |ψspin⟩(t), (2.11)

where |ψspin⟩ denotes the quantum state of the nuclear spins and Ĥspin is the nuclear spin
Hamiltonian. This Hamiltonian contains only terms that depend on the orientations of
the nuclear spin angular momenta, while the influence of electronic and molecular degrees
of freedom enters implicitly through effective, time-averaged interactions.

The assumption underlying this reduction is commonly referred to as the spin Hamil-
tonian hypothesis. Under ordinary experimental conditions, the hierarchy of timescales
on which it rests is well satisfied, rendering the nuclear spin Hamiltonian a robust and
widely applicable framework for the theoretical description of NMR.

In the following, the Hamiltonian operator Ĥ is understood to denote the nuclear spin
Hamiltonian, and the quantum states |ψ⟩ are taken to represent nuclear spin states only.

For a nucleus j in an external electromagnetic environment, the interaction Hamilto-
nian Ĥj can, in principle, be decomposed into electric and magnetic contributions,

Ĥj = Ĥelec
j + Ĥmag

j , (2.12)

reflecting the presence of an electric charge and a magnetic dipole moment associated
with the nuclear spin.

For nuclei with spin quantum number I = 1
2 , all electric multipole moments beyond

the monopole vanish. The monopole term corresponds to the total nuclear charge and
does not give rise to any orientation-dependent interaction with external electric fields; as
such, it has no direct influence on NMR observables. Consequently, for spin-1

2 nuclei the
electric contribution Ĥelec

j can be neglected, and the nuclear spin Hamiltonian is entirely
determined by magnetic interactions.

In contrast, nuclei with spin I > 1
2 possess a non-vanishing electric quadrupole mo-

ment, which couples to the local electric field gradient at the nuclear site. This quadrupo-
lar interaction constitutes an additional term in the nuclear spin Hamiltonian and strongly
influences the corresponding NMR spectra. Nuclei with I > 1

2 are therefore commonly
referred to as quadrupolar nuclei.

The interactions experienced by a nucleus may be classified as either external, arising
from the experimental apparatus, or internal, originating from the surrounding molecu-
lar environment. For spin-1

2 nuclei, both classes of interactions are magnetic in nature.
A characteristic and experimentally crucial feature of NMR is that the externally ap-
plied magnetic interactions are typically much stronger than the internal interactions.
As a consequence, nuclear spins couple more strongly to the fields generated by the spec-
trometer than to those arising from their local molecular environment. This hierarchy of
interactions is what governs both the sensitivity and the interpretability of NMR spectra.

Modern NMR spectrometers can supply several types of external magnetic field. The
dominant contribution is a strong, highly homogeneous static field B0, generated by
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a superconducting solenoid. In addition, an oscillating radiofrequency field BRF(t) is
produced by the radiofrequency coil in the probe; under standard operating conditions,
this field is designed to be spatially homogeneous over the sample volume. Spectrometers
equipped with gradient hardware may further generate a magnetic field Bgrad(r, t), which
is much weaker than B0, depends explicitly on the spatial coordinate r, and may be varied
in a controlled manner in time. Such gradient fields are produced by dedicated gradient
coils and are essential for spatial encoding and coherence selection.

The internal nuclear spin Hamiltonian arises from interactions within the sample and,
in diamagnetic systems, contains several distinct contributions. Chemical shift interac-
tions describe the indirect coupling of the nuclear spins to the external magnetic field
mediated by the surrounding electrons. Quadrupolar couplings account for the interac-
tion of nuclei with spin I > 1

2 and a non-vanishing electric quadrupole moment with
local electric field gradients. Direct dipole–dipole couplings represent the through-space
magnetic interaction between nuclear magnetic moments. Scalar, or J-couplings describe
indirect magnetic interactions between nuclear spins transmitted via the electronic struc-
ture. Finally, spin–rotation interactions arise from magnetic fields generated by rotational
motion of the molecules and couple to the nuclear magnetic moments. Together, these
internal interactions determine the fine structure of NMR spectra and encode detailed
information about molecular structure and dynamics.

The internal Hamiltonian can be simplified by means of two standard procedures. The
first is the secular approximation, which allows the internal Hamiltonian to be replaced
by a simplified form that is block diagonal. This approximation exploits the fact that the
total Hamiltonian may be written as the sum of an external and an internal contribution,

Ĥ = Ĥext + Ĥint, (2.13)
with the external interaction typically much stronger than the internal one. Both opera-
tors are assumed to be Hermitian.

One may therefore express Ĥint in the eigenbasis of Ĥext, defined by
Ĥext|n⟩ = an|n⟩. (2.14)

In this representation, the matrix elements of the internal Hamiltonian are hmn = ⟨m|Ĥint|n⟩.
The secular approximation consists in neglecting those off-diagonal elements for which

|hmn| ≪ |am − an|, (2.15)
since such terms generate rapidly oscillating contributions that average to zero on the
timescale of the spin dynamics. As a result, only matrix elements connecting degenerate
or nearly degenerate eigenstates of Ĥext are retained, yielding a block diagonal effective
Hamiltonian.

The second simplification procedure is motional averaging. When molecules undergo
rapid motion, the internal interaction terms become explicitly time dependent and fluc-
tuate on the timescale of the nuclear spin dynamics. If the molecular motion is suf-
ficiently fast, the time-dependent internal Hamiltonian Ĥint(t) may be replaced by its
time-averaged form, denoted Ĥint. In this approximation, those components of Ĥint(t)
whose time average vanishes are discarded, as their contributions average to zero over
the relevant timescale.

The use of a motionally averaged spin Hamiltonian is generally well justified in gases
and liquids, where molecular reorientation is rapid, and becomes invalid only when molec-
ular motion is sufficiently slow for the time dependence of the interactions to be resolved
by the nuclear spins.
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2.4.1 Spin Hamiltonian of 1D 1H NMR
In the absence of an applied radiofrequency field, the spin dynamics of a set of weakly
coupled nuclei in an isotropic liquid are governed by a Hamiltonian consisting of the
static external magnetic field contribution Ĥstatic together with the chemical shift Ĥcs

and scalar (J-)coupling interactions ĤJ:

Ĥ = Ĥstatic + Ĥcs + ĤJ. (2.16)

In this expression, intermolecular dipole–dipole and spin rotation interactions do not
contribute appreciably. Short-range interactions are averaged to zero by the rapid trans-
lational motion of the molecules, while long-range interactions, although not strictly
eliminated by isotropic averaging, are typically several orders of magnitude weaker than
the retained terms and can be neglected in most practical situations.

It is standard practice to introduce a coordinate system in which the static magnetic
field is aligned with the z-axis, thereby defining the laboratory reference frame. In this
frame, the interaction of a nuclear spin j with the static longitudinal field B0 is described
by the Hamiltonian

Ĥstatic
j = −γjB0Îjz, (2.17)

where γj is the gyromagnetic ratio of the nucleus, Îjz is its spin angular momentum, and
ω0

j ≡ −γjB0 denotes its Larmor angular frequency. This term is known as the nuclear
Zeeman interaction and constitutes the dominant contribution to the spin Hamiltonian
in high-field NMR.

The chemical shift arises from an indirect interaction between the nuclear spins and
the applied magnetic field mediated by the molecular electrons. The external field B0
induces circulating currents in the electronic cloud, which in turn generate a secondary
magnetic field Binduced. As a result, nucleus j experiences a local field

Bloc,j = B0 + Binduced,j. (2.18)

The induced field is typically of order 10−6 − 10−5B0, sufficiently small compared to
the applied field yet large enough to produce measurable shifts in the nuclear precession
frequencies. In general, the chemical shift is a second-rank tensor represented by a 3 × 3
matrix δj. In isotropic liquids, rapid molecular tumbling averages out its anisotropic
components, so that only the isotropic contribution is observed:

Binduced,j = δj · B0 = δiso,jB0. (2.19)

The chemical shift correlates strongly with electronegativity: electronegative substituents
such as O, F, or Cl withdraw electron density from neighbouring atoms, thereby increasing
the local magnetic field at nearby nuclei and leading to larger values of δ. More generally,
the chemical shift is primarily determined by the intramolecular electronic structure, but
it also contains a non-negligible intermolecular contribution. As a result, the observed
chemical shift depends to some extent on the surrounding environment, giving rise, for
example, to small but measurable variations between different solvents. The dominant
contribution to the chemical shift typically arises from low-lying electronic excited states.
Since heavier atoms possess a denser manifold of such states than lighter ones, they exhibit
a substantially wider chemical shift range. Accordingly, the chemical shift dispersion for
1H is usually limited to approximately 10 ppm, whereas for 13C it extends to about
200 ppm.
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Scalar (J-)coupling constitutes a direct spectroscopic signature of chemical bonding.
Two nuclear spins exhibit an observable J-coupling only when they are connected through
a limited number of chemical bonds, including, in some cases, hydrogen bonds. In its
most general form, the coupling between spins j and k is described by

Ĥfull
J,jk = 2πJjkÎj · Îk, (2.20)

where Jjk is the J-coupling tensor, represented by a real 3×3 matrix, and Î is the nuclear
spin angular momentum.

In an isotropic liquid, rapid molecular tumbling averages the tensorial interaction to
its scalar component. Under the additional assumption of weak coupling, the interaction
reduces to

ĤJ,jk = 2πJjk Îjz Îkz. (2.21)
Collecting the static Zeeman, chemical shift, and scalar coupling contributions, the

spin Hamiltonian in the absence of radiofrequency fields may be written as

Ĥ0 =
∑︂

j

ω0
j Îjz +

∑︂
j<k

2πJjk Îjz Îkz, (2.22)

where the sums run over all magnetically inequivalent spins that are not subject to rapid
dynamical averaging. The isotropic chemical shift frequency is defined as

ω0
j = −γjB0

(︂
1 + δiso,j

)︂
. (2.23)

2.4.2 Energy states
An ensemble of weakly coupled spin-1

2 nuclei possesses 2N stationary states, which are
given by the direct products of the Zeeman eigenstates of the individual spins. These
single-spin Zeeman eigenstates are defined as the eigenstates of the z-component of the
nuclear angular momentum operator, Îz, which is taken to be aligned with the direction
of the static magnetic field B0.

For a spin-1
2 nucleus, the Zeeman eigenstates are

|α⟩ = |12 , +1
2⟩, → Îz|α⟩ = +1

2 |α⟩,

|β⟩ = |12 , −1
2⟩, → Îz|β⟩ = −1

2 |β⟩,
(2.24)

where the kets |I,m⟩ denote simultaneous eigenstates of Î
2 and Îz.

More generally, for a nucleus with spin quantum number I, the operator Îz has 2I+ 1
eigenvalues

m ∈ {−I,−I + 1, . . . , I − 1, I}, (2.25)
which label the allowed Zeeman states of the individual spin.

Accordingly, the states of an N -spin system may be written as product states of the
single-spin Zeeman eigenstates,

|r⟩ = |m1,m2, . . . ,mN⟩, → Îjz|r⟩ = mj|r⟩, (2.26)

expressing that each product state |r⟩ is a simultaneous eigenstate of the z-component
angular momentum operators of all individual spins j. Moreover, these product states are
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eigenstates of the weakly coupled spin Hamiltonian (Equation 2.22), with corresponding
energy eigenvalues:

ωr =
∑︂

j

ω0
jmj +

∑︂
j<k

2πJjkmjmk. (2.27)

In general, the state of a coupled spin system does not coincide with a single energy
eigenstate. Instead, arbitrary spin states are described as superpositions of the energy
eigenstates, defined in the usual way:

|ψ⟩ =
2N∑︂
r=1

cr|r⟩, (2.28)

where cr are normalized complex numbers ∑︁2N

r=1 |cr| = 1.
In nuclear magnetic resonance theory, the density operator provides a complete de-

scription of the quantum state of an ensemble of spin systems. It is defined as

ρ̂ = |ψ⟩⟨ψ| , (2.29)

where |ψ⟩ denotes the quantum state of an individual spin system, and the overbar
indicates an ensemble average over all members of the ensemble [75].

When expressed in the eigenbasis of the spin Hamiltonian, the density operator ρ̂
takes a matrix representation whose diagonal elements correspond to the populations of
the spin energy levels. These populations are real and non-negative, lie in the interval
[0, 1], and are normalized such that their sum equals unity.

The population distribution among the Zeeman energy levels determines the longitu-
dinal net magnetization, which can be expressed in terms of the expectation value of the
z-component of the spin angular momentum operator:

Mz ∼ ⟨Îz⟩ = Tr{ρ̂Îz}. (2.30)

The off-diagonal elements of the density operator are referred to as coherences. These
may be classified according to the change in the total z-component of the spin angular
momentum,

Mr =
∑︂

j

mj, (2.31)

between the two states they connect. A coherence between states |r1⟩ and |r2⟩ is said to
be of order n if

∆M = Mr1 −Mr2 = n. (2.32)

In particular, second-order coherences correspond to ∆M = ±2.
Only first-order coherences contribute to the transverse magnetization Mx. Moreover,

in conventional NMR detection schemes, only single-quantum coherences with ∆M = −1
are observable in the spectrometer. Each such (−1)-quantum coherence is associated with
a single spectral transition and therefore gives rise to an individual resonance line in the
observed spectrum.

2.4.3 Simple NMR experiment in quantum framework
In this section, the quantum-mechanical description underlying a simple pulsed NMR
experiment is briefly and qualitatively outlined. A comprehensive and formal treatment
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is beyond the scope of the present thesis and can be found in standard textbooks on
NMR spectroscopy (see Ref. [21, 72]).

If the quantum state of the spin ensemble is specified at a given time, its subsequent
temporal evolution can be determined by propagating each individual spin state according
to the Schrödinger equation:

d

dt
|ψ⟩(t) = − i

ℏ
Ĥ(t)|ψ⟩(t). (2.33)

At the beginning of the experiment, a spin system that has remained undisturbed for a
sufficiently long time while interacting with its molecular environment is expected to be in
thermal equilibrium with that environment. According to quantum statistical mechanics,
a system in thermal equilibrium at temperature T exhibits the following properties:

1. all coherences between the energy eigenstates vanish:

ρeq
rs = 0, r ̸= s, (2.34)

2. the populations of the energy levels follow the Boltzmann distribution:

ρeq
rr =

exp{− ℏωr

kBT
}∑︁

s exp{− ℏωs

kBT
}
, (2.35)

where ωr and ωs are the transition frequencies associated with states r and s re-
spectively, kB is the Boltzmann constant, and T is the temperature.

Because the energy separation between Zeeman eigenstates is several orders of magni-
tude smaller than the thermal energy, the resulting equilibrium population difference is
extremely small, allowing the density operator to be approximated as

ρ̂eq ≃ 1
2N

(︂
1̂ − BÎz

)︂
, (2.36)

where B = ℏγB0
kBT

, and 1̂ is the identity operator.
The spin precession at thermal equilibrium is expressed in the quantum framework

by the effect of a rotation operator acting on the spin states for a time interval τ :

R̂z(ϕ) = exp{−iϕÎz}, where ϕ = ω0τ, (2.37)

where ω0 is the Larmor precession frequency and τ is the duration of the time interval
over which the rotation is applied.

In the presence of radio-frequency pulses the spin Hamiltonian becomes time depen-
dent, complicating the equations of motion. This difficulty can be addressed by trans-
forming to a reference frame rotating about the z-axis at a frequency equal to that of
the resonant component of the radio-frequency pulse; in this frame, and under suitable
approximations, the Hamiltonian becomes effectively time independent and the radio-
frequency field appears static.

This transformation can be applied to spin states, the Hamiltonian, and the density
operator by means of the unitary operator R̂z(−Φ), where Φ(t) = ωreft + ϕref , with ωref
being the reference frequency of the rotating frame and ϕref a constant phase offset:

|ψ̃⟩ = R̂z(−Φ)|ψ⟩; ˜̂H = R̂z(−Φ)ĤR̂z(Φ); ˜̂ρ = R̂z(−Φ)ρ̂R̂z(Φ). (2.38)
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The precession of the spins in the rotating frame will be characterized by the frequency
Ω0 = ω0 − ωref .

Consider the application of a strong, short radio-frequency pulse, with a flip angle
βp = ωnutτp, where the nutation frequency ωnut is proportional to the amplitude of the
radio-frequency field and τp denotes the pulse duration. The pulse is assumed to be
sufficiently brief that resonance offsets and scalar couplings do not induce any significant
evolution during its action. Under these conditions, the spin dynamics during the pulse
are dominated exclusively by the radio-frequency interaction:

Ĥp ≃ ωnut
(︂
Îx cosϕp + Îy sinϕp

)︂
, (2.39)

where ϕp is the phase of the radio-frequency pulse, which determines the axis in the
transverse plane about which the spin rotation is applied. The net effect of the pulse is
then propagated by the rotation operator

R̂(ϕp, βp) = exp
(︂
−iĤpτp

)︂
. (2.40)

Once the radio-frequency pulse is switched off, the spin system undergoes free evo-
lution governed by the internal Hamiltonian. This evolution is described by the free
evolution operator, or propagator,

Û(τ) = exp
(︂
−iĤ0τ

)︂
, (2.41)

where the static Hamiltonian is given by

Ĥ0 =
∑︂

j

Ω0
j Îjz +

∑︂
j<k

2πJjk Îjz Îkz. (2.42)

During free evolution, the coherences acquire a time-dependent phase and thus rotate
in the complex plane at a rate determined by the energy separation of the states they
connect. In general, the equation of motion for a coherence between states r and s can
be written as

ρrs(τ) ≃ ρrs(0) exp[−i(Ωr − Ωs)τ ] , (2.43)

where Ωr − Ωs defines the characteristic precession frequency of the coherence. The
frequencies of the observed spectral peaks correspond to the precession frequencies of the
(−1)-quantum coherences in the rotating frame, while the complex amplitude of each
peak is determined by the magnitude of the associated coherence at the onset of the
detection period.



Chapter 3

Interpreting the spectra
From manual annotation to automatic analysis

The analysis of one-dimensional 1H Nuclear Magnetic Resonance (NMR) data con-
sists of a sequence of signal processing and interpretation steps that transform raw time-
domain measurements into chemically meaningful information. Although the overall
workflow is well established in routine NMR practice, individual implementations vary
substantially across software packages and applications, and no single standardised pro-
cedure exists that is universally adopted across experimental contexts.

For the purpose of reviewing automated and data-driven approaches to NMR analysis,
it is therefore useful to delineate a representative sequence of processing and analysis steps
and to identify the points at which algorithmic choices directly support the extraction of
spectral information. At a high level, the workflow can be divided into three conceptually
distinct stages:

1. time-domain signal processing,

2. frequency-domain spectral correction,

3. signal identification and interpretation.

While the present doctoral work is mainly concerned with the analysis stage in which
spectral features are detected, characterised, and related to underlying molecular proper-
ties, the quality and reliability of the resulting information are strongly influenced by ear-
lier preprocessing and correction steps. These operations determine whether resonances
are clearly defined, well separated from background contributions, and consistently rep-
resented, thereby affecting the effectiveness of both manual inspection and algorithmic
analysis. Accordingly, the following subsection outlines the essential processing operations
required to produce spectral representations that preserve the observable characteristics
of resonances relevant for downstream analysis.

3.1 Time-domain signal processing
Prior to Fourier transformation, the discrete time-domain signal is often extended by
appending additional zero-valued points, a procedure known as zero filling. This oper-
ation entails no modification of the measured data and therefore does not increase the
true spectral resolution. Nevertheless, by increasing the number of sampled points in the

26
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frequency domain, zero filling yields smoother and more clearly defined spectral lines,
which is beneficial for visualization and subsequent data analysis.

The acquisition of a free induction decay inevitably includes noise in addition to the
coherent signal. This noise arises most notably from thermal fluctuations in the receiver
coil and electronic noise in the radio-frequency hardware. In the time domain, these
contributions are well approximated by a zero-mean Gaussian random process. Noise is
subsequently transformed into the frequency domain by Fourier transformation. Owing
to the linearity of this operation, the statistical properties of the noise are preserved. The
noise amplitude in the frequency domain is determined by both the time-domain noise
level and the acquisition duration. Reducing the acquisition time lowers the amount of
noise accumulated during signal acquisition. However, if the acquisition is truncated too
early, significant portions of the free induction decay are lost, leading to signal distortion
in the frequency domain. The acquisition time must therefore be chosen to balance noise
reduction with accurate representation of the NMR signal.

Furthermore, the initial portion of the free induction decay carries most of the coherent
signal, whereas later points are increasingly dominated by noise. To improve the signal-
to-noise ratio, it is common practice to apply a decaying weighting function in the time
domain, for example

w(t) = exp(−RLB t) , (3.1)
where RLB controls the decay rate.

Exponential weighting accelerates the apparent decay of the free induction decay and
consequently broadens spectral lines in the frequency domain. Because line broadening
reduces peak height, overly aggressive weighting can degrade the signal-to-noise ratio
despite suppressing late-time noise. The decay parameter must therefore be selected
to balance noise attenuation against spectral resolution and signal intensity. It can be
shown that the signal-to-noise ratio is maximized when the additional line broadening
introduced by the weighting function matches the intrinsic linewidth of the unweighted
spectrum; this choice corresponds to a matched filter.

Alternatively, exponential weighting can be combined with a Gaussian function to
enhance spectral resolution. Gaussian weighting reduces the long tails characteristic
of Lorentzian line shapes and effectively transforms them into approximately Gaussian
profiles, whose faster decay improves peak separation and suppresses long-range signal
overlap. In practice, this transformation is often incomplete, resulting in spectral lines
that are well described by a Voigt profile, reflecting the combined Lorentzian and Gaussian
contributions.

3.2 Frequency-domain spectral correction
After Fourier transformation, the spectrum is represented in the frequency domain as
a complex-valued signal. Owing to the lack of a fixed phase alignment between the
receiver channels and the RF pulse reference frame, an arbitrary and generally unknown
phase offset is introduced during signal detection. As a result, neither the real nor the
imaginary component of the spectrum corresponds to a pure absorption or dispersion
lineshape; instead, each contains a phase-dependent admixture of both contributions:

S(Ω) = S0[A(Ω) + iD(Ω)]eiϕ =
= S0[A(Ω) cosϕ−D(Ω) sinϕ]+
+ i S0[A(Ω) sinϕ+D(Ω) cosϕ]

(3.2)
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Phase distortions are commonly decomposed into two components, referred to as
zero-order and first-order phase errors, such that the total phase shift can be expressed
as

ϕ(Ω) = ϕ0 + ϕ1 Ω. (3.3)

Phase correction may be performed manually by adjusting these parameters to obtain
spectra in which resonances in the real channel exhibit predominantly absorptive line-
shapes. Alternatively, automatic approaches have been developed, such as the ACME
algorithm [76], which determines optimal phase parameters by minimising a cost func-
tion that combines the entropy of the first derivative of the real spectrum with a penalty
term for negative intensities. More recently, data-driven methods based on deep learning
have also been introduced, including the apbk routine implemented in Bruker TopSpin
software.

This routine simultaneously corrects baseline distortions. Baseline correction aims
to remove slowly varying background contributions arising from instrumental drift, dig-
itization artefacts, or residual solvent signals, which manifest as low-frequency distor-
tions in the spectrum. An inaccurate baseline can obscure weak resonances and bias
intensity-based measurements, rendering baseline correction a critical preprocessing step
for automated analysis pipelines.

3.3 Spectral analysis
Once a corrected frequency-domain spectrum is obtained, the analysis transitions from
spectral processing to interpretation, in which the information encoded in spectral reso-
nances is mapped onto underlying physical and chemical properties of the system.

The interpretation workflow typically begins with the identification and localization
of individual resonance signals, followed by their grouping into multiplets arising from the
same nucleus or from sets of magnetically equivalent nuclei. Each multiplet is character-
ized in terms of its position, intensity, and internal splitting structure, enabling estimation
of the number of contributing protons and analysis of scalar coupling patterns. When
the molecular formula is known, these features provide the basis for assigning resonance
groups to specific atomic sites.

In practice, spectral interpretation must also account for signals that do not originate
from the compound of interest. Chemical shifts depend on the solvent environment,
and commonly used deuterated solvents are not isotopically pure, giving rise to residual
solvent resonances. Additional signals may arise from trace amounts of water or other
impurities present in the sample. A robust analysis must therefore distinguish resonances
associated with the target molecule from those due to solvent, water, or experimental
artefacts.

Beyond individual assignments, the distribution of resonances across the chemical shift
axis provides structural constraints, as characteristic functional groups populate specific
spectral regions. This information can be combined to propose candidate molecular
structures in a process of structure elucidation. These candidates may subsequently be
evaluated through structure verification, by predicting the corresponding NMR spectrum
and comparing it with the experimental data. Together, these steps define the overar-
ching workflow of spectral interpretation, which is elaborated in detail in the following
subsections.
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3.3.1 Peak picking
The analytical step aimed at extracting a discrete representation of a spectrum in terms
of individual resonance positions is commonly referred to as peak picking. Traditional
peak picking methods typically rely on the identification of local extrema, analysis of
spectral derivatives, application of noise or intensity thresholds, and exploitation of ge-
ometric or symmetry properties of resonance lines [22]. To limit spurious detections,
several algorithms operate on transformed representations of the spectrum prior to peak
picking. WavPeak [77] applies a wavelet transform to enhance signal features across mul-
tiple scales. Non-negative matrix factorization [24] approximates the spectrum as a sum
of separable one-dimensional components, while the PICKY algorithm [25] uses singular
value decomposition to extract orthogonal spectral contributions. In its simplest form,
peak picking produces a list of peak frequencies, but in most applications it is desir-
able to also estimate additional peak attributes such as amplitude, linewidth, and line
shape. This typically requires modeling the spectrum as a superposition of parametric
components, for example Lorentzian, Gaussian, or Voigt profiles, and therefore entails an
implicit deconvolution of the measured signal. In a Bayesian framework [30] the spectrum
can be modeled as a mixture of Gaussian peaks, and infer peak parameters via stochastic
sampling.

Recovering an exact deconvolution of an NMR spectrum is, however, an ill-posed
problem. Multiple distinct combinations of peak parameters can reproduce the observed
data within a comparable residual error, implying that the solution is not unique. In par-
ticular, minimizing the discrepancy between the reconstructed and experimental spectra
alone can lead to pathological solutions in which an excessive number of peaks is intro-
duced to account for noise, baseline imperfections, or minor spectral distortions. Such
solutions are mathematically admissible but lack physical or practical relevance.

Selecting a meaningful deconvolution therefore requires additional criteria beyond
residual minimization. This is commonly achieved by incorporating prior assumptions or
constraints on the solution, for example limiting the number of components, restricting
parameter ranges, or penalizing excessive model complexity. These forms of regularization
guide the deconvolution towards solutions that balance fidelity to the data with robustness
and interpretability, yielding peak lists that are suitable for subsequent spectral analysis.

The CRAFT (Complete Reduction to Amplitude-Frequency Table) procedure is a
representative example of a traditional fitting method that operates directly on FID data.
In contrast, a broad class of alternative techniques exploits the autoregressive behavior
of the FID signal, including Hankel matrix–based approaches, filter diagonalization, and
fast Padé transform methods. In these methods, each new point in the FID is expressed
as a linear combination of a set of preceding points. A different strategy works entirely
in the frequency domain, such as the Global Spectral Deconvolution (GSD) [29] method
proposed by Cobas and co-workers, which performs deconvolution by using the spectrum
together with its first- and second-order derivatives for peak detection and line-shape
fitting.

A recent example of probabilistic peak picking is UniDecNMR [31], which is based on
a Bayesian deconvolution framework originally developed for mass spectrometry data, a
problem sharing several characteristics with NMR spectral analysis. In this approach,
the measured intensity spectrum is modeled as the convolution of a peak shape function
with a sparse array of sources, represented as delta functions over the spectral frequency
grid. The deconvolution removes the explicit line shape contribution, yielding a source
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distribution that directly encodes peak positions and intensities. In practice, the method
relies on an accurate, user-defined specification of the line shape parameters, typically
estimated from an isolated resonance prior to analysis, and of the amplitude threshold.

Deep learning approaches, by contrast, aim to reduce or eliminate manual parameter
tuning by learning peak representations directly from data and producing predictions in
an end-to-end fashion. A representative example is NMRNet [45], which casts peak de-
tection as a binary classification problem on localized two-dimensional spectral patches
analyzed by a convolutional neural network. In contrast, DEEP picker [46] adopts a
feature-extraction strategy based on one-dimensional convolutions applied along each
spectral axis, enabling the prediction not only of peak positions but also of amplitudes
and line shapes, and supporting spectra of arbitrary dimensionality. More recently, deep
residual networks have been integrated into fully automated pipelines, most notably
within the ARTINA framework [47], where a two-stage neural architecture combines
coarse peak localization with regression-based refinement. Trained on large collections of
experimentally acquired multidimensional protein NMR spectra, ARTINA demonstrates
robust, end-to-end peak detection without user intervention and is supported by publicly
available benchmark datasets.

Recently MR-Ai [48], a physics-informed framework, leverage the specific point spread
function (PSF) of the sampling schedule to map experimental data directly to peak prob-
ability distributions. This approach is implemented by training a deep neural network,
inspired by the WaveNet architecture [78], to recognize the global interference patterns
and aliasing artifacts inherent in non-uniform sampling (NUS) schedules. The model
transforms traditional intensity-based signals into a statistical "Peak Probability Presen-
tation" (P 3), effectively converting the peak detection task into a probability mapping
that can resolve highly overlapped resonances.

mldcon in Bruker Topspin While most deep learning approaches have focused on
multidimensional protein NMR, neural methods have also been proposed for one-dimensional
spectra of small molecules. An hybrid architecture [49] for the deconvolution of proton
NMR spectra was developed within an Innosuisse-funded collaboration with Bruker, a
leading manufacturer of NMR spectrometers and associated analysis software. This work
was carried out within the same collaborative framework in which the multiplet classifica-
tion algorithm described in the following chapters was developed. The study reformulated
peak detection and parameter estimation as a joint classification–regression task aimed
at disentangling overlapping resonances in complex spectra. A translation-invariant neu-
ral network was trained on large libraries of synthetically generated spectra with known
ground-truth peak parameters, thereby avoiding the need for manual annotation of ex-
perimental data. The model assigns local spectral regions to baseline, narrow, or broad
resonances while simultaneously predicting amplitudes and linewidths, using a labeling
strategy that accounts for signal-to-noise variations. When evaluated on experimental
spectra of small molecules, the approach demonstrated robust performance in crowded
regions, across large intensity disparities, and in the presence of partially overlapping
peaks, while maintaining a low false-positive rate. Owing to this level of reliability and
practical applicability, the algorithm has subsequently been incorporated into the com-
mercial Bruker analysis software TopSpin, under the command mldcon.
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3.3.2 Splitting pattern detection
Beyond the identification of resonance positions and intensities, a central step in the inter-
pretation of one–dimensional 1H NMR spectra is the analysis of splitting patterns arising
from scalar spin–spin couplings. These patterns encode quantitative information on the
number, type, and relative arrangement of magnetically coupled nuclei, and their accurate
interpretation enables the estimation of scalar coupling constants. In the interpretation
of one–dimensional 1H NMR spectra, information derived from the analysis of coupling–
induced splitting patterns is often more robust than that obtained from chemical shift
values alone. Chemical shifts are strongly influenced by local electronic environments
and cannot, in general, be predicted with high precision from first principles, nor reli-
ably transferred across nominally similar structural motifs. By contrast, scalar coupling
patterns obey well–defined spin–interaction rules and exhibit comparatively limited vari-
ability. As a consequence, when structural inferences drawn from chemical shifts and
from splitting patterns are inconsistent, coupling–based analysis is commonly regarded
as the more reliable source of information [6]. From a practical standpoint, splitting pat-
tern analysis consists in identifying sets of equally spaced resonances within a multiplet
and across related multiplets, from which scalar coupling constants can be quantitatively
extracted. Importantly, scalar couplings are reciprocal: if a given multiplet exhibits a
splitting corresponding to a coupling with another resonance, the same coupling con-
stant must manifest as an equivalent spacing in the partner multiplet. The consistent
occurrence of identical peak separations across coupled peak sets therefore provides a
self–consistency criterion that can be exploited to validate and refine the extraction of
coupling constants.

In experimental spectra, however, the direct extraction of coupling parameters is often
hindered by peak overlap, limited spectral resolution, relaxation–induced line broaden-
ing, and noise, which distort or partially mask the ideal multiplet structures predicted
by first–order theory. As a result, splitting pattern analysis has motivated the develop-
ment of specialized algorithms that move beyond isolated peak detection and instead aim
to identify, model, or decompose multiplets as structured entities from which coupling
constants can be inferred in a robust and reproducible manner.

Similar to what occurred in the development of automated peak picking, early at-
tempts at retrieving multiplet splitting patterns and scalar coupling constants from one-
dimensional NMR spectra relied on explicit signal models and handcrafted heuristics.
These approaches reflected both the limited computational resources available at the time
and a strong dependence on analytical descriptions of resonance line shapes and coupling
topologies. Initial methods exploited local regularities of resonance patterns, such as
symmetry relations within multiplets, to infer coupling structures and peak groupings, as
exemplified by the work of Boentges et al. (1989) [23]. In parallel, information–theoretic
formulations based on maximum entropy principles were introduced to regularize ill-posed
inverse problems arising in spectral reconstruction and deconvolution. Studies by Delsuc
and Levy (1988) [26], and later by Seddon et al. (1996) [27] and Stoven et al. (1997) [28],
demonstrated that entropy-based constraints can stabilize the estimation of peak posi-
tions and amplitudes in the presence of noise and overlap, albeit at the cost of nontrivial
parameter tuning and sensitivity to prior assumptions.

A complementary line of research focused on explicit multiplet deconvolution, treating
each resonance as a superposition of parametric line shapes whose relative positions and
intensities encode scalar coupling information. An iterative deconvolution approach for
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extracting J-coupling values was introduced by Jeannerat and Bodenhausen (1999) [32].
This procedure operates by applying a sequence of equidistant delta functions across
the spectral data. The precise coupling constant is determined by systematically adjust-
ing the intervals between these functions until the resulting spectral profile is optimally
simplified. However, a significant limitation of this methodology is the concurrent am-
plification of noise and spurious artifacts along the axis of deconvolution. This signal
degradation becomes distinctly more problematic when attempting to resolve very nar-
row splittings. Consequently, to minimize these detrimental effects, the algorithm must
be strictly confined to a carefully isolated spectral window that exclusively encompasses
the multiplet of interest. Pattern-recognition strategies were explored by Golotvin and
Chertkov (1997) [34]. Their algorithm relied extensively on the accurate definition of
an initial theoretical model for the resonance at hand. This approach remained tightly
coupled to handcrafted descriptors and exhibited limited robustness to deviations from
idealized line shapes.

A particularly influential contribution was the recursive splitting-tree algorithm in-
troduced by Hoye and co-workers [35, 36], which formalized multiplet interpretation as
a hierarchical decomposition governed by scalar couplings. To function effectively, this
procedure fundamentally relied on the multiplet exhibiting the symmetrical peak distribu-
tions and characteristic intensity ratios inherent to strictly first-order spectra. Moreover,
the algorithm required explicit prior inputs from the user: the total number and specific
frequencies of the constituent peaks, along with the quantity of active scalar couplings.
Subsequent extensions of he Hoye algorithm incorporated additional symmetry relations
and amplitude constraints [37, 38], improving performance robustness on real experi-
mental spectra but also leading to suboptimal estimate of the J-coupling in complex
cases. Nevertheless, these algorithms were intrinsically local: they operated on isolated
resonances and assumed prior knowledge ofmultiplicity.

To overcome the resonance-by-resonance limitation, Griffiths [39] proposed a global
aggregation strategy in which individual peaks are first detected and subsequently clus-
tered into multiplets across the entire spectrum. Although this represented a conceptual
step toward full automation of multiplet identification, the procedure still relied on ac-
curate, externally provided peak positions, rendering the pipeline sensitive to upstream
errors in peak picking and phase correction.

Despite these limitations, classical model-based methodologies remain in active use,
particularly within expert-driven workflows and commercial software [33]. However, their
reliance on explicit assumptions about spectral structure, noise statistics, and resonance
multiplicity has motivated a progressive shift toward data-driven approaches. In this con-
text, recent deep learning applications have largely focused on the prediction of chemical
shifts and scalar coupling constants from molecular structure, using supervised machine–
learning models trained on quantum–chemical reference datasets. Graph–based neu-
ral networks and kernel regression approaches have demonstrated high accuracy in this
forward–prediction setting, but they presuppose prior knowledge of the molecular struc-
ture and do not analyze experimental NMR spectra [50, 51]. On the other hand, the in-
verse problem of extracting coupling parameters directly from one–dimensional 1H NMR
spectra remains comparatively less explored in the literature, despite its central impor-
tance in spectral analysis.
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3.3.3 Going from the spectrum to the molecule
A first step in extracting structural information from a 1H NMR spectrum is the as-
signment of each resonance to a group of magnetically equivalent protons. This assign-
ment is inferred from the signal’s position along the chemical shift axis together with
its splitting pattern and scalar coupling constants, which collectively constrain its local
environment and spin connectivity. Several commercial software packages have imple-
mented automated assignment algorithms that formalize this reasoning computationally.
These systems combine rule based spectral interpretation with database matching and
statistical scoring schemes to assist or partially automate the mapping between observed
resonances and candidate proton environments. In more recent implementations, this
workflow is augmented by machine learning models, in particular deep neural networks
trained to predict chemical shifts from molecular structure, which provide prior estimates
that can be integrated into the assignment procedure. Cordova et al. [70] combined a
Bayesian probabilistic framework with deep learning derived chemical shift predictions,
using the latter to define informative priors over expected resonance positions for distinct
covalent environments. Within this formulation, experimental shifts are integrated with
the learned priors through Bayesian inference to yield statistically weighted assignments,
thereby coupling data driven prediction with principled uncertainty quantification.

Recently, NMRformer [79] was introduced as a transformer based framework for peak
assignment and metabolite identification in one dimensional 1H NMR spectra of complex
mixtures. Validated on multiple cellular and biofluid datasets, the method achieved peak
assignment accuracies above 88% and metabolite identification accuracies above 80%,
demonstrating robust performance across diverse sample types.

For structurally simple compounds, the molecular structure can in some cases be
inferred directly from the 1H NMR spectrum in combination with the molecular for-
mula. The relative integrals of resolved resonance groups provide access to the number
of contributing protons, while their chemical shifts constrain the associated functional
environments. Characteristic splittings and recurring coupling patterns further allow the
identification of adjacent proton groups, enabling the progressive assembly of local struc-
tural motifs into larger substructures. By iterating this reasoning, one may arrive at
one or a small set of plausible candidate structures, a process commonly referred to as
structure elucidation.

As molecular complexity increases, however, this approach rapidly loses reliability.
Spectral overlap becomes prevalent, integrals deviate from idealized integer ratios, and
individual resonance patterns are no longer unambiguously assignable. In such cases, the
combined analysis of 1H and 13C spectra together with correlation experiments such as
DEPT, COSY, HSQC, HMQC, and HMBC enables the reconstruction of the underly-
ing molecular connectivity. Beyond this multidimensional strategy, recent work [80] has
demonstrated that molecular structure can also be inferred directly from routine one di-
mensional 1H and or 13C spectra using end to end learning architectures. Spectral features
are extracted via a convolutional neural network and processed by a transformer model
that assembles molecular fragments into coherent graph structures, yielding exact struc-
ture predictions in 69.6% of cases within the first 15 ranked candidates and reducing the
effective search space by up to eleven orders of magnitude. In a complementary formula-
tion, DeepSPInN [81] casts structure elucidation from infrared and 13C NMR spectra as
a Markov decision process solved through deep reinforcement learning with Monte Carlo
tree search, enabling systematic exploration of chemical space without reliance on spec-
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tral libraries or manually encoded heuristics. However, even when a consistent structure
is obtained, independent verification remains advisable, for instance through comparison
with spectra predicted from candidate structures.



Chapter 4

Learning signal phenotypes

4.1 Multiplet splitting pattern as a segmentation prob-
lem

Following spectral acquisition, the subsequent analysis aims at extracting structural in-
formation from the observed resonances. As introduced in the previous chapter, peak
identification can be formulated as a supervised pointwise binary classification task [46,
49]. In this setting, each sampled point of the spectrum is assigned a label: 1 for a
peak, indicating the presence of a genuine NMR signal, and 0 for non-peak regions, cor-
responding to baseline fluctuations or experimental artefacts. However, spectral analysis
often requires a deeper level of interpretation beyond simple peak detection. In par-
ticular, individual resonances rarely appear as isolated lines in 1H NMR: through-bond
spin–spin interactions give rise to characteristic splitting patterns, or multiplets, whose
internal structure encodes information on the number, identity, and coupling strengths
of neighboring nuclei. Correctly resolving and grouping these correlated spectral compo-
nents is therefore essential for an accurate interpretation of NMR spectra and cannot be
addressed by peak detection alone.

In this context, the classification task can be extended from the detection of individ-
ual spectral points to the identification of entire multiplets, with each splitting pattern
(e.g., singlet, doublet, triplet) assigned a distinct integer label. The absence of a signal
can remain labeled as 0. We therefore developed a deep learning algorithm that outputs,
for each sampled spectral point, a prediction of the corresponding splitting class. In
this formulation, the spectral axis is effectively partitioned into contiguous regions cor-
responding either to baseline or to resonances associated with distinct multiplet types.
From a machine-learning perspective, this corresponds to a one-dimensional semantic seg-
mentation task [82], analogous to the assignment of class labels to pixels for the purpose
of recognizing and localizing objects in an image.

Obtaining a fully segmented spectral range provides an effective and scalable auto-
matic annotation strategy, which serves multiple purposes:

Classification: The segmentation explicitly separates baseline regions from resonant sig-
nals, while simultaneously assigning each detected resonance to a specific splitting
class.

Localization: By assigning labels at the level of individual spectral points, the method
yields precise estimates of both the chemical shift position and the spectral extent

35
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of each resonance or multiplet, facilitating accurate signal boundary determination.

Quantitative analysis: The resulting segmented representation provides a structured
input for downstream quantitative tasks, including signal integration, estimation of
coupling constants from multiplet structure, and subsequent stages of automated
spectral interpretation.

4.1.1 Network architecture
To process one-dimensional spectra, we employed a Convolutional Neural Network (CNN).
The proposed architecture [52, 49, 83] is organized into two key computational stages (see
Figure 4.1 and Table 4.1): the initial feature extractor block processes the input data
into meaningful discriminative representations, while the subsequent feature correlation
block analyzes relationships between the extracted features, identifying and quantifying
interdependencies. The feature extractor block processes the input spectrum through an
inception module [84] containing four parallel 1D convolutional layers with progressively
larger kernel sizes (ranging from 4 to 256 points). All convolutional layers were followed
by Exponential Linear Unit (ELU) activation functions to introduce nonlinearity into
the feature transformations. This multi-scale architecture enables the network to capture
features across different spectral ranges, which is particularly important for NMR data
where resonances exhibit varying widths. Specifically, signal patterns (e.g., singlets vs
multiplets) span different numbers of spectral points depending on their splitting pat-
terns and physical parameters (e.g., coupling constants and linewidths). The extracted
features are concatenated and fed into the correlation block. First, a time-distributed
fully connected layer processes the features, followed by a bidirectional Long Short-Term
Memory (LSTM) layer. The bidirectional architecture enables information flow in both
spectral directions through the network’s recurrent modules. This design proved crucial
for our application, as it ensures that predictions for each spectral point incorporate con-
textual features from both upfield and downfield regions while maintaining classification
invariance to multiplet positions along the frequency axis.

The subsequent architecture comprises four time-distributed dense layers with pro-
gressively decreasing dimensionality (from 512 nodes to the number of output classes),
each employing Rectified Linear Unit (ReLU) activation. The network culminates in a
softmax output layer that generates, for each spectral point, a probability distribution
across all possible multiplet classes.

During the training phase, the network processed input spectral samples (x) along
with their corresponding point-wise labels (y). All 1,225,606 trainable parameters (θ)
were optimized at each epoch through backpropagation to minimize the Focal loss [85]
objective function. Focal loss is a modification of the cross-entropy loss designed to
mitigate class imbalance by down-weighting well-classified examples and concentrating
learning on hard, misclassified ones. In the multiclass setting, the modulating factor
is applied to the cross-entropy term corresponding to the true class only. For a single
spectral point with an integer label y ∈ {0, . . . , K − 1} and a corresponding predicted
probability py, the multiclass focal loss is defined as

L(y,p) = −(1 − py)γfl log(py), (4.1)

where γfl ≥ 0 is the focusing parameter. The loss reduces to the standard cross-entropy
for γfl = 0.
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Figure 4.1: Diagram of the basic architecture.

For γfl > 0, the loss progressively suppresses the contribution of easy examples with
p̂y ≈ 1, while preserving a large gradient for hard or misclassified samples with p̂y ≈ 0. A
commonly used value is γfl = 2, which provides a practical balance between stability and
selective emphasis. This property is particularly advantageous in the present segmen-
tation task, where the dataset is inherently imbalanced: baseline points constitute the
majority of spectral samples, and their discrimination from signal regions is substantially
easier than the finer-grained classification among different multiplet splitting classes. By
reducing the dominance of easily classified baseline regions, focal loss encourages the net-
work to allocate greater capacity to resolving spectrally informative but underrepresented
classes.

At the end of the training phase, the network had learned a complex mapping func-
tion Φθ(x) that transforms input spectra into multiplet classifications. For prediction, the
model outputs a probability distribution over all possible classes via the softmax func-
tion, with the final label prediction ŷ determined by selecting the class with maximum
probability: ŷ = argmaxl [Softmax(fθ(x))l], where l ∈ {0, . . . , K − 1} indexes the output
classes.

Table 4.1: Network architecture. The table reports the output dimensions for each layer,
where SB is the batch size, SI is the input size, that is the number of points in the spectral
segments, and the third component is the channel size.

Layer Output
Inception-like module (SB, SI , 64)
Time-distributed fully connected (SB, SI , 64)
Bi-directional LSTM (SB, SI , 256)
Time-distributed fully connected (SB, SI , 512)
Time-distributed fully connected (SB, SI , 512)
Time-distributed fully connected (SB, SI , 64)
Time-distributed fully connected (SB, SI , 8)
Softmax output (SB, SI , 8)
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4.2 Training set
Deep learning algorithms require large amounts of training data to avoid overfitting and
achieve strong generalization performance. In recent years, the focus of both researchers
and practitioners has gradually shifted from architectural innovations to improving the
quality and quantity of training data [86]. In addition to quantity, the data must also be
information-rich, meaning it should exhibit a high degree of diversity in its feature space.
This is because deep models are inherently better at interpolating within the distribution
of the training data than extrapolating beyond it. As a result, accurate and meaningful
predictions can only be achieved when the model is trained on a sufficiently large and
diverse dataset.

However, collecting a real-world 1H NMR spectral dataset that meets these require-
ments is a demanding task. Assembling a database of sufficient size to train a deep
neural network, while simultaneously ensuring adequate coverage of experimental vari-
ability, would require a substantial and sustained effort. In particular, such a dataset
should effectively sample the chemical space of small molecules, encompassing the rele-
vant classes of spin systems, and should span a wide range of experimental conditions,
including temperature, pH, solvent composition, and signal-to-noise ratios. Achieving
this level of diversity would necessitate extensive and repeated use of high-field NMR
spectrometers, making the acquisition process resource-intensive, both economically and
in terms of human effort. Moreover, manual annotation of such a dataset would be ex-
tremely demanding and heavily reliant on expert knowledge. Human labelling also intro-
duces variability: different experts may define label ranges inconsistently, and in complex
spectral patterns such as fast chemical exchange, severe peak overlap, or the presence
of experimental artefacts, the interpretation of spectral features may legitimately differ
across experts, potentially undermining the learning process.

In contrast, generating synthetic spectra in silico offers a scalable and customizable
alternative. It enables the creation of virtually unlimited training examples and allows for
precise tailoring of the dataset to the specific needs of the application. Additionally, the
synthetic generation process is coupled with fast, automated, and consistent labelling,
replacing months of manual expert work with just a few hours of computation, and
ensuring label uniformity across the dataset.

4.2.1 Synthetic data generation
We developed an algorithm to generate synthetic 1H NMR spectral segments for training
our deep learning models, based on random sampling of relevant spectral features. This
approach does not rely on a quantum-mechanical simulation of the spin system Hamil-
tonian of the molecular sample. While such physically grounded simulations can offer
high fidelity in modeling magnetic interactions and signal behavior, they come with sig-
nificant computational costs. In particular, simulating the full spin dynamics of complex
or large spin systems often becomes prohibitively time-consuming and resource-intensive.
Instead, we opted for a pragmatic and efficient strategy, aiming to faithfully reproduce
the phenotypical characteristics of resonances as they appear in real 1H NMR spectra.
By focusing on the observable patterns, such as peak positions, splitting structures, and
lineshapes, rather than the underlying quantum mechanics, our method enables the rapid
generation of diverse and realistic spectral segments suitable for training deep learning
models at scale. Each segment was randomly assigned a number of multiplets, with their
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positions, splitting patterns, and coupling constants drawn from randomized distributions
(see Table 4.2).

Table 4.2: Parameter definitions used for synthetic spectrum generation. Exp(λ) refers to
the Exponential distribution function and B(α, β) refers to the Beta distribution function.

Parameter Definition / Range
Spectral width (ppm) 1 ppm
Number of points 2048
Spectrometer frequency 400 MHz
sino sampled in the range 101/2 to 105/2

Number of features 4 + int(Exp(λ = 1.0))
Atom count integer in [1, 10]
Chemical shift uniform over the full spectral range
Lineshape parameter ls random in [0, 1]
Gyromagnetic factor γ 0.5 + 16.5 · B(α = 2, β = 20)
Scalar coupling J1 uniform in [0, 20] Hz
Scalar coupling J2 uniform in [0, J1]
Scalar coupling J3 uniform in [0, J2]
Scalar coupling J4 uniform in [0, J3]
Mixing weight w uniform in [0.45, 0.55]
Zero-order phase ϕ0 uniform in [−6, 6]

First-order phase ϕ1 uniform in
[︄
− 2

ppm_range ,
2

ppm_range

]︄
Left baseline offset bl uniform in [−2 noise, 2 noise]
Right baseline offset br uniform in [−2 noise, 2 noise]

According to NMR theory, peak shapes ideally follow a Lorentzian profile [21]. The
intrinsic NMR signal generated by nuclear spin precession has a Lorentzian line shape,
reflecting the exponential decay of transverse magnetization governed by the T2 relax-
ation time and homogeneous broadening mechanisms. In real experimental conditions,
however, deviations from ideality lead to peaks adopting a shape closer to a Voigt pro-
file, defined as the convolution of a Lorentzian and a Gaussian component. A Gaussian
contribution arises from inhomogeneous broadening effects, such as static magnetic field
inhomogeneities and local magnetic susceptibility variations within the sample. In addi-
tion, the application of Gaussian apodization functions during signal processing further
enhances the Gaussian character of the observed line shape. This effect can be efficiently
modeled using the Pseudo-Voigt approximation [87]:

V (ω − ω0; γw) ≡ (1 − ls)L(ω − ω0; γw) + lsG(ω − ω0; σg), (4.2)

where ω0 denotes the peak position, L the Lorentzian profile characterized by its Half
Width at Half Maximum (HWHM) γw, and G represents the Gaussian profile with vari-
ance σg. To ensure comparability, both lineshapes were generated with matching HWHM,
enforcing γw ≡ σg

√︂
2 log (2). The linewidth parameter γw was drawn from a distribution

with support between 0.5 and 8 Hz., while the lineshape parameter ls was varied between
0 (pure Lorentzian) and 1 (pure Gaussian), allowing us to span a realistic range of peak
shapes observed in experimental spectra. Linewidths and intensities were also randomly
varied within experimentally reasonable ranges.
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To simulate second-order effects, we included the rooftop effect, deviating from the
ideal Pascal triangle amplitude ratios. The rooftop distortion arises from the coupling
strength J between interacting nuclear spins in the strong coupling regime. Various
configurations for the resonance of a spin influenced by two distinct coupling constants
are illustrated in Figure 4.2. In this example, the distortion may be associated with

Figure 4.2: All possible rooftop configurations for a doublet of doublets with J1 > J2.
Panels (a, e) and (b, f) illustrate the case in which the rooftop effect is applied to only one
coupling (respectively J1 and J2). The remaining panels show the full set of configurations
obtained when the rooftop effect is applied to both couplings.

either one of the coupling constants individually or with both simultaneously but inde-
pendently. According to the quantum-mechanical framework of NMR, such distortions
typically manifest symmetrically in the signals of both coupled nuclei, producing what is
known as a rooftoping couple. In contrast, within our synthetic training set, we applied
this effect in a simplified manner by altering the peak intensities of each generated mul-
tiplet independently. Operationally, this simplified rooftop distortion was implemented
by redistributing the relative intensities of the individual lines within an m-component
multiplet according to a single mixing parameter w, constrained to the narrow interval
w ∈ [0.45, 0.55]. Specifically, the ideal Pascal-triangle amplitude ratios were replaced by
binomially weighted coefficients of the form

Ak =
(︄
m− 1
k

)︄
wk (1 − w)m−1−k, k = 0, . . . ,m− 1, (4.3)

which are normalized by construction. Restricting w to values close to 1/2 ensures that
the resulting intensity patterns represent mild, near-symmetric deviations from the ideal
first-order case, consistent with weak-to-moderate second-order rooftop distortions. This
parametrization preserves the total signal intensity while introducing controlled asym-
metry in the multiplet line strengths, providing a pragmatic approximation of rooftop
effects without explicitly modeling the strong-coupling spin Hamiltonian.

Our method was tailored for 1H NMR spectra that had already undergone phase and
baseline correction. However, in order to improve robustness and promote generaliza-
tion, we deliberately introduced mild phase and baseline distortions to mimic residual
imperfections commonly encountered in experimental data. A frequency-dependent phase
distortion was applied according to

∆ϕ(ω) = ϕ0 + ϕ1ω, (4.4)
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Table 4.3: Comparison between prototype network labels and the corresponding MuSe
Net multiplet encodings.

Prototype network MuSe Net
Numerical label Symbol Description Numerical label Symbol Description

0 – No signal 0 – No signal
1 s Singlet 1 s Singlet
2 d Doublet 2 d Doublet
3 t Triplet 3 t Triplet
4 q Quartet 4 q Quartet
5 quint Quintet 5 quint Quintet
6 s Sextet 6 dd Doublet of Doublets
7 p Septet 7 dt Doublet of Triplets

8 td Triplet of Doublets
9 tt Triplet of Triplets
10 ddd Doublet of Doublets

of Doublets
11 dddd Doublet of Doublets

of Doublets of
Doublets

with the parameters constrained to |ϕ0| ≤ 6 rad and |ϕ1| ≤ 2 rad. Baseline distortions
were introduced by defining two parameters, bl and br, whose absolute values were re-
stricted to be smaller than twice the noise level. The resulting baseline contribution was
modeled as

∆b(x) = br x+ bl (1 − x), (4.5)

where x is a linear coordinate increasing monotonically from 0 at the left boundary
of the spectrum to 1 at the right boundary. This construction yields a weakly sloped
baseline that preserves the overall spectral structure while accounting for realistic residual
distortions. Additionally, we added Gaussian noise to cover a range of signal-to-noise
ratios ranging between ∼ 3 to ∼ 300.

Using this synthetic generation strategy, we created two training sets of 100′000 spec-
tral segments each, corresponding to two stages in the development of our deep learning
framework. In the first stage [52], we produced segments containing 1024 points with a
spectral resolution of 5 points per Hertz. We focused on multiplets characterized by a
single coupling constant. The splitting patterns in each spectrum were randomly selected
from singlets, doublets, triplets, quartets, quintets, sextets, and septets. In the second
stage [83], we included eleven distinct splitting patterns featuring up to four coupling
constants, selected to reflect those most frequently encountered in experimental spectra1

(see Table 4.3): singlets, doublets, triplets, quartets, quintets, doublets of doublets, dou-
blets of triplets, triplets of doublets, triplets of triplets, doublets of doublets of doublets,
and doublets of doublets of doublets of doublets. After generating the multiplets, we
labeled the spectra by assigning each point the class value corresponding to its multiplet.
The set of multiplet labels is defined as a subset of the natural numbers, C ⊂ N. Baseline
points, those not belonging to any signal, were assigned the label 0. Table 4.3 provides
the mapping between numerical labels and multiplet classes for both training sets.

1Based on internal statistics at partner company Bruker Switzerland.
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Figure 4.3: Display of different peak resolution regimes for a doublet occurring in the
synthetic dataset used in the prototype version of the algorithm. The spectra illustrate
increasing values of the dimensionless ratio J

2γw
, highlighting the transition from unre-

solved to well-resolved multiplet structures as the scalar coupling becomes large compared
to the homogeneous linewidth.

4.2.2 Regularization mechanisms
Randomly sampling all spectral parameters ensures that the network encounters a wide
range of cases during training, thus enhancing its ability to generalize. Nonetheless, to
prevent illogical or inconsistent examples, we implemented several regularization mech-
anisms. Firstly, when the generation process led to overlapping multiplets within a seg-
ment, the segment was discarded. The same rule applied if more than 20% of a multiplet’s
signal area extended beyond the defined spectral range. Additionally, we regularized the
features characterizing different resonance patterns. During synthetic generation, cer-
tain combinations of coupling constants, peak widths, and intensities caused neighboring
peaks to merge, forming broader and distorted signals. As a result, the number of visible
peaks might differ from the expected count for a given multiplet class. In one-coupling
resonances, if the ratio between the coupling constant and the peak width J/2γw is
small the peaks tend to merge together into a single peak. In resonances with multiple
couplings, specific ratios between coupling constants could make one multiplet resemble
another. These cases risk confusing the classification algorithm. To address this, we
defined a clear multiplet phenotype for each class and included only multiplets with all
peaks clearly visible. We adopted two different and specific regularization strategies for
the two versions of the training set. In the first version, to ensure that all peaks can be
distinguished while representing different levels of peak resolution, we varied the ratio of
the distance between consecutive peaks in a multiplet, which for the resonance patterns
considered corresponds to the coupling constant J , and the Full Width at Half Maximum
(FWHM) of the peaks 2γw, between 0.5 and 18 (see Figure 4.3).

On the other hand, for signals with multiple couplings, we also developed a relabeling
algorithm to correct multiplet labels when the resulting signal phenotype mimicked a
different class (see Figure 4.4).

This relabeling involved peak picking on synthetic spectra after shrinking the linewidth
according to the signal-to-noise ratio [49], enhancing the recognition of closely spaced
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Figure 4.4: Relabeling algorithm for a doublet of triplets with nearly equal coupling
constants J1 ∼ J2. The 6 peaks of the doublet of triplets appear in the spectrum (lines
in various colours), but their combined signal forms a multiplet (black line) resembling
a quartet. As a result, the multiplet is added to the training set with its label changed
from doublet of triplets to quartet.

peaks. The linewidth reduction was implemented through a smooth, sigmoid-shaped
scaling function of the signal-to-noise ratio SNR. Specifically, the linewidth of each peak
is multiplied by the factor

f(SNR) = 1 − fmin

1 + exp
(︂

SNR−SNRc

s

)︂ + fmin, (4.6)

with fmin = 0.8, SNRc = 30, and s = 5, so that higher SNR values result in narrower
peaks, with f(SNR) ∈ [fmin, 1) ensuring the linewidth is always reduced by at most a
factor of fmin (see Figure 4.5). For low signal-to-noise ratios, the scaling factor remains
close to unity, resulting in negligible linewidth modification, whereas for high signal-to-
noise ratios it asymptotically approaches fmin. This continuous parametrization avoids
abrupt changes in linewidth and selectively enhances spectral resolution in regions where
the signal quality supports reliable peak discrimination. The number of detected peaks
was then compared to the expected count. If a mismatch was found, we evaluated whether
the signal better matched another known multiplet phenotype. If so, we updated the
label; if not, meaning the phenotype matched no known class, the segment was excluded
from the training set.

We applied this automatic strategy to generate an additional 10′000 synthetic samples,
used to validate our frameworks.

4.3 Testing set
A critical step in the evaluation process involves assessing the model’s robustness and its
ability to retain predictive accuracy when confronted with real-world experimental vari-
ability, as opposed to the synthetic examples encountered during training. To perform
this assessment, after the training phase, we tested the generalization performance of our
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Figure 4.5: Illustration of linewidth shrinking applied to two NMR spectral segments
with different signal-to-noise ratios (SNR). Each panel shows a simulated spectrum con-
taining a singlet (0 ppm), a triplet of triplets (−0.15 ppm), and a quartet (0.20 ppm),
with Lorentzian linewidths of 1.5 Hz. The original noisy spectrum is shown in black and
the line-shrunk version in orange.
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classification model on a dataset consisting of experimental 1H NMR spectra obtained
from small molecules. We define small molecules as organic compounds with molecular
weights of 1000 daltons or less. This class of compounds is highly relevant in the phar-
maceutical industry [88], with approximately 90% of approved therapeutic drugs falling
into this category and exhibiting an average molecular weight of about 500 daltons. One-
dimensional 1H NMR spectroscopy serves as a powerful tool in the characterization and
discovery of such compounds, offering a fast and accessible means of structural analy-
sis. In contrast, the one-dimensional spectra of larger molecules such as proteins are
characterized by significant peak overlap, and thus two-dimensional NMR techniques are
typically employed for their analysis. The first prototypical implementation was eval-
uated on a set of ten experimental spectra (see Table 4.4), while the full probabilistic
framework, MuSe Net, was subsequently tested on an expanded set of 48 experimental
spectra (see Table 4.5). Both datasets were annotated by expert spectroscopists at the
partner company Bruker Switzerland AG, who labelled only the peak positions within
each multiplet, without delineating the multiplet boundaries.

Table 4.4: Experimental test set. Details of the 10 experimental spectra used to evaluate
the point-estimate model [52].

Compound Solvent Base frequency (MHz) Points PPM range
Quinine Acetone 400 65536 −3.84-16.19
Eburnamonina CDCl3 500 65536 −1.50-14.50
Geraniol CDCl3 400 32768 −4.10-16.45
Camphor CDCl3 400 32768 −4.10-16.45
3-Ethyltoluol DMSO 400 32768 −4.10-16.45
Cumol DMSO 400 32768 −4.10-16.45
L-lactic acid DMSO 400 32768 −4.10-16.45
Naringenin DMSO 400 32768 −4.10-16.45
Cinchocaine DMSO 600 32768 −4.19-16.44
Quinine MeOD 400 32768 −4.10-16.45

Table 4.5: Composition of experimental test set used to assess the performance of the
probabilistic deep learning framework MuSe Net [83].

Spectrum ID Solvent Base frequency (MHz) PPM range
1 DMSO 400 −2.01845, 16.00363
2 - 400 −3.49682, 16.49668
3 - 400 −3.49682, 16.49668
4 DMSO 500 −1.50134, 16.47960
5 DMSO 400 −4.10060, 16.45142
6 - 500 −1.49799, 14.49785
7 CHCl3 400 −4.10034, 16.45116
8 DMSO 400 −3.82134, 16.17216
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9 DMSO 800 −3.80299, 16.15380
10 DMSO 800 −3.80299, 16.15380
11 DMSO 400 −3.82134, 16.17216
12 DMSO 400 −3.82134, 16.17216
13 DMSO 800 −3.80299, 16.15380
14 DMSO 400 −4.10085, 16.45168
15 DMSO 400 −4.16632, 16.51715
16 - 600 −1.22950, 10.81841
17 - 600 −1.30918, 10.70344
18 - 600 −1.21183, 10.80079
19 - 600 −5.30835, 14.71936
20 - 400 −3.49682, 16.49668
21 DMSO 500 −4.09589, 16.44671
22 - 500 −4.09589, 16.44671
23 - 500 −4.09589, 16.44671
24 DMSO 400 −3.83777, 16.18777
25 DMSO 400 −3.83777, 16.18777
26 DMSO 400 −3.83777, 16.18777
27 DMSO 400 −3.83777, 16.18777
28 DMSO 400 −3.83777, 16.18777
29 DMSO 400 −3.82109, 16.17191
30 DMSO 400 −3.82109, 16.17191
31 DMSO 400 −3.82109, 16.17191
32 DMSO 400 −4.10060, 16.45142
33 DMSO 400 −4.10060, 16.45142
34 DMSO 400 −4.10060, 16.45142
35 CHCl3 400 −4.10034, 16.45116
36 CHCl3 400 −2.03029, 15.99180
37 DMSO 400 −2.01954, 16.00255
38 - 400 −2.01789, 16.00420
39 DMSO 400 −2.01813, 16.00396
40 CHCl3 400 −2.02039, 16.00170
41 - 400 −3.00981, 13.00982
42 - 400 −3.00981, 13.00982
43 DMSO 600 −3.83761, 16.18843
44 DMSO 500 −1.50151, 16.47943
45 DMSO 500 −1.50125, 16.47969
46 DMSO 500 −1.50140, 16.47954
47 DMSO 500 −1.50102, 16.47992
48 - 500 −7.45280, 12.54200

4.4 Evaluation metrics for classification
Since the network generates predictions on a point-by-point basis, the most straightfor-
ward method for evaluating its performance is to assess whether each point in the spectra
is correctly classified into the corresponding multiplet class. We refer to this as the point-
wise approach. However, an important consideration is the evaluation of predictions not
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merely at the level of individual points, but with respect to the entire multiplet structure.
We refer to this second strategy as the object-wise approach. Refer to Figure 4.6 for a
visual representation of these evaluation strategies.

(a)

(b)

Figure 4.6: Evaluation metrics for classification. (a) Point-wise statistics: True Positives
(TP), False Positives (FP), True Negatives (TN), and False Negatives (FN) definition for
a given multiplet class based on the confusion matrix entries. (b) Object-wise statistics:
Intersection Over Union(IOU) definition in a 1D framework.

4.4.1 Point-wise approach
A common approach to evaluate performance in the multi-class classification task of
distinguishing among different types of multiplet splitting patterns [89] is to compute a
confusion matrix. This matrix, a square contingency table C, compares the predicted and
actual classes. The columns of the matrix represent the predicted classes, while the rows
represent the actual classes. Each element Cij corresponds to the number of instances
belonging to class i that are predicted as class j.

From the confusion matrix, four key performance indicators can be derived: True Pos-
itives (TP), False Positives (FP), False Negatives (FN), and True Negatives (TN). These
indicators characterize the model’s classification errors and highlight common sources of
confusion. The calculation of these indicators for each multiplet class c is illustrated
below. We consider {xi}N

i=1 as the input data (N spectral points), and f θ(x) as the logits
produced by the algorithm. The Softmax probabilities are defined as pθ(y|x) = σ(f θ(x)),
with the predicted labels ŷθ = argmaxl(pθ(y|x)), where y represents the ground truth
labels. For each multiplet class c, the indicators are computed as:
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TP(c) =
N∑︂

i=1
δ(ŷθ,i = c) δ(yi = c) (4.7)

FP(c) =
N∑︂

i=1

∑︂
k ̸=c

δ(ŷθ,i = c) δ(yi = k) (4.8)

FN(c) =
N∑︂

i=1

∑︂
k ̸=c

δ(ŷθ,i = k) δ(yi = c) (4.9)

TN(c) = N − (TP(c) + FP(c) + FN(c)) (4.10)

where the delta function is defined as δ(t) = 1 when t = 0 and δ(t) = 0 otherwise.
For each multiplet class, the following standard metrics can be calculated [90, 91]:

Accuracy(c) = TP(c) + TN(c)
N

(4.11)

Precision(c) = TP(c)
TP(c) + FP(c) (4.12)

Recall(c) = TP(c)
TP(c) + FN(c) (4.13)

F1 score(c) = 2 · P(c) · R(c)
P(c) + R(c) (4.14)

An effective classifier should aim to maximize both precision and recall, reducing
false positives and false negatives. The F1 score is particularly valuable as it provides
a balanced measure, combining both precision and recall into a single metric, making it
especially useful when the costs of false positives and false negatives are not equivalent.

4.4.2 Object-wise approach
The Intersection Over Union (IOU) metric quantifies the overlap between the predicted
and actual labels, and can be effectively employed to evaluate the alignment between the
predicted signal regions and the ground truth signal regions [92]. For each class c, the
IOU is computed as:

IoU(c) =
∑︁N

i=1 δ(ŷθ,i = c) · δ(yi = c)∑︁N
i=1 [δ(ŷθ,i = c) + δ(yi = c) − δ(ŷθ,i = c) · δ(yi = c)]

(4.15)

mIoU = 1
|C|

∑︂
c∈C

IoU(c) (4.16)

where C denotes the set of all multiplet classes considered in the framework. The
IOU(c) for each class c represents the ratio of the intersection of predicted and true
labels to the union of these labels, providing a measure of the prediction’s accuracy for
that class. The mean IOU (mIOU) is then calculated as the average IOU across all
classes in the set C.

Another approach to assess the model’s performance in correctly locating signal re-
gions is computing the precision-recall curve [89]. This method was originally developed
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in the context of object detection in images but can be adapted to the one-dimensional
case of spectral range segmentation. A label prediction Lab was defined as the connected
set of points marked with a given label l, i.e., Lab ≡ {i ∈ spectrum points | ŷi = l}, and
surrounded either by baseline points or points marked with other labels. The confidence
of each label prediction was defined as the average of the softmax outputs of the points
belonging to that label prediction:

Confidence(Lab) = 1
npoints

∑︂
i∈Lab

Softmaxi(l). (4.17)

All predicted labels, except for the baseline label, were ranked by their confidence in
decreasing order. For each prediction, the IOU was computed. For each prediction in the
ranked list, it was considered a true positive if its IOU was above a threshold t, typically
set to 0.50 or 0.75. Otherwise, it was considered a false positive. The precision-recall
curve was then computed by evaluating precision as a function of increasing recall (see
Figure 4.7). Precision was measured as the ratio of true positives encountered so far to
all predictions encountered so far, while recall was measured as the ratio of true positives
encountered so far to the total number of predictions.

Figure 4.7: (A) Confusion matrix of the performance of the prototype network on syn-
thetic spectra. The labels for the multiplet classes are given according to Table 4.3. (B)
Object-wise approach: Precision-recall curves for each multiplet class (baseline class ex-
cluded) at threshold 75%.

The Area Under the Curve (AUC) of the precision-recall curve, also known as Average
Precision (AP), was computed with an interpolation procedure over the points n of the
curve:

AP =
∑︂

n

(Rn+1 −Rn)Pinterp(Rn+1) (4.18)

with

Pinterp(Rn+1) = max
R̃≥Rn+1

P (R̃), (4.19)

where P and R denote the precision and recall values, respectively.
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Achieving strong object-wise statistics not only ensures that a large fraction of spec-
tral points are correctly classified, as evidenced by the point-wise statistics, but also
prevents fragmented predictions. Fragmented predictions arise when different sets of
spectral points within the same signal region are classified into different multiplet classes.
This issue is common with algorithms that produce point-by-point outputs. When mul-
tiple class predictions exist within a signal region, each connected set is considered an
individual label prediction with limited intersection with the ground truth region, which
negatively impacts performance.

4.5 Evaluation of the Segmentation Framework
To assess the classification capability of our classification model, we evaluated it on
a set of 10′000 synthetic spectrum segments that were generated independently of the
training set. This ensured that the evaluation was not biased by any overlap with the
data used during model training. The detailed performance of the classifier across all
multiplet classes is summarized in the confusion matrix shown in Figure 4.7. Each row
of the matrix was normalized with respect to the total number of true instances for the
corresponding class, enabling a straightforward interpretation of the prediction accuracy
within each ground truth category.

As seen from the matrix, the model achieves remarkably high classification accuracy,
with true positive rates (diagonal elements) consistently exceeding 99% for all multiplet
classes. This indicates that the model is highly reliable in correctly identifying the spectral
class of each input segment.

The few misclassifications that do occur are primarily associated with the baseline
class. Although these errors are rare, they generally fall into two categories: baseline
points being incorrectly labeled as signal, and signal points being misclassified as base-
line. Upon closer inspection of these cases, we found that the mislabeling typically occurs
at the transition regions the boundaries between signal and baseline. Here, slight mis-
alignments between the predicted and true labels often amounting to a shift of just a few
points can account for the discrepancies. Such minor deviations are expected, consid-
ering the finite resolution and inherent smoothness of spectral transitions. Importantly,
these small positioning mismatches do not result in a significant semantic error, such as
misinterpreting pure noise as actual signal, and therefore have negligible practical impact
on the downstream analysis.

From the confusion matrix, we measured accuracy, precision, recall, and F1 score.
The results for each multiplet class, along with the average across all classes, are reported
in Table 4.6. Accuracy is consistently above 99%, and the other classification metrics,
precision, recall, and F1 score, do not fall below 98.5%. Moreover, precision and recall
values exhibit minimal divergence across multiplet classes, with an average difference of
just 0.21%. This indicates that the model successfully minimizes both false positives and
false negatives. The balance between these two error types is further illustrated by the
precision-recall curves (see Figure 4.7). An ideal classifier would maintain a precision of
1.0 across all recall values, and our model closely approaches this optimal behavior.

Table 4.6 also reports the model’s object-wise performance in terms of Average Pre-
cision (AP), which corresponds to the area under the precision-recall curve, evaluated
at two Intersection over Union (IoU) thresholds: 50% (AP50) and 75% (AP75). These
thresholds determine the minimum overlap required for a predicted label to be considered
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Table 4.6: Point-wise approach: Accuracy, precision, recall, and F1 score are reported for
each multiplet class, with the final row showing the average across all classes. Object-
wise approach: The Average Precision (AP), i.e., the area under the precision-recall curve,
is reported at 50% and 75% thresholds for each multiplet class (excluding the baseline
class). The final row presents the mean Average Precision (mAP).

Accuracy ↑ Precision ↑ Recall ↑ F1 ↑ AP50 ↑ AP75 ↑

class 0 99.8% 99.9% 99.9% 99.9% — —
class 1 99.9% 98.6% 98.5% 98.6% 100% 98.9%
class 2 99.9% 99.0% 98.8% 98.9% 100% 99.5%
class 3 99.9% 99.0% 99.3% 99.1% 100% 99.5%
class 4 99.9% 99.3% 99.4% 99.3% 100% 99.8%
class 5 99.9% 99.6% 99.1% 99.4% 99.8% 99.4%
class 6 99.9% 99.1% 99.5% 99.3% 100% 99.5%
class 7 100% 99.7% 99.6% 99.7% 99.8% 99.7%
average 99.9% 99.3% 99.3% 99.3% 100% 99.5%

a true positive. As expected, increasing the IoU threshold increases the likelihood of a
prediction being classified as a false positive, thereby reducing the AP values. Neverthe-
less, our model demonstrates remarkable robustness: the mean Average Precision (mAP)
drops by only 0.47% when moving from AP50 to AP75. At AP50, all classes nearly reach
perfect scores (≥ 99.8%), and even at AP75, the mAP remains at an impressive 99.5%.

Among the signal classes, singlets (class 1) exhibit the most noticeable decrease in AP
when raising the IoU threshold. This suggests that the localization precision for singlets
is more sensitive to stricter spatial criteria, likely due to their narrower signal width
compared to more complex multiplets. Nonetheless, the overall object-wise performance
remains excellent, confirming that the model is effective at both fine-grained classification
and precise segmentation of multiplet regions in synthetic spectra.

Training a deep neural network on synthetic data introduces a critical challenge: en-
suring that the model generalizes reliably to real-world experimental data. Typically,
supervised learning models operate under the assumption that the input samples in the
training set are drawn from the same underlying probability distribution as the samples
encountered during testing. This assumption can be expressed as Ptrain(y|x) = Ptest(y|x),
where x represents the input feature vector, and y is the corresponding label vector. How-
ever, when applying these models to experimental spectra, the distribution of the test
data may differ significantly from that of the synthetic training data, leading to a dis-
crepancy: Ptrain(y|x) ̸= Ptest(y|x). This deviation, known as a distribution shift [93], can
adversely affect the model’s performance and lead to a reduction in prediction accuracy.

Recent advancements in deep learning have demonstrated that it is possible to achieve
good results on experimental NMR data even when the models are trained on synthetic
datasets. Notable applications include spectral denoising [94], spectral reconstruction of
Non-Uniformly Sampled (NUS) datasets [95, 96], peak picking, and spectral deconvo-
lution [46, 49]. These studies show that, despite the challenges posed by distribution
shifts, neural networks can be trained on synthetic data and still generalize effectively to
real-world experimental spectra.

To assess the generalization capabilities of our classification model, we tested it on a
set of experimental 1H NMR spectra from 10 small molecules—organic compounds with a



CHAPTER 4. LEARNING SIGNAL PHENOTYPES 52

molecular weight of 1000 daltons or less. Each spectrum contains either 32′768 or 65′536
data points (see Table S3 for more details). The model’s predictions were displayed
by associating each multiplet class with a different color and shading the corresponding
regions of the spectrum with the predicted class color (see Figure 4.8).

Figure 4.8: Color coded prediction of 1H NMR Spectra: (top) segment of a synthetic
spectrum; (bottom) segment of an experimental spectrum from the testing set of 10
small molecules.

The experimental testing set was annotated by NMR experts, who labeled each peak
with key features: position in ppm, amplitude, line width, line shape, and the multiplet
class it belongs to. This annotation served as the ground truth for evaluating the model’s
classification accuracy.

For a quantitative assessment of the model’s performance on the experimental data,
we created a confusion matrix (see Figure 4.9). Each annotated peak was checked to
see if its position fell within a spectral region labeled with the correct multiplet class.



CHAPTER 4. LEARNING SIGNAL PHENOTYPES 53

The model performed well, accurately classifying all doublets, sextets, and septets in the
testing set. The true positive rates for the remaining classes were consistently above 80%,
showing that the model can generalize effectively despite the distribution shift between
synthetic and experimental data.

Figure 4.9: Confusion matrix of the performance on the 10 1H NMR spectra of the testing
set. Note that the baseline class appears as a predicted class (column) but not as a target
class (row), since the annotations provided by Bruker Switzerland AG label only the peak
positions of multiplets, leaving the baseline regions without ground truth labels.



Chapter 5

Identifying multiplet splitting patterns

5.1 Uncertainty quantification and Out Of Distribu-
tion detection

In all quantitative sciences, it is essential that results are accompanied by uncertainty esti-
mates, as they provide critical information about the reliability of the findings. However,
standard deep neural networks (DNNs) typically struggle to offer meaningful measures
of predictive uncertainty. A key reason for this limitation lies in the behavior of the
Softmax activation function, which tends to produce probability outputs that are overly
confident—even when the model’s prediction is incorrect [97]. This issue becomes partic-
ularly evident when the network is presented with inputs that deviate from the training
distribution. In our task of detecting and classifying multiplets, these deviating inputs
typically include previously unseen splitting patterns or overlapping multiplets. In such
cases, the model may assign a high probability to an erroneous class, giving a false im-
pression of confidence. This overconfidence undermines the trustworthiness of the model,
casting doubt even on predictions that happen to be correct.

To ensure that deep learning systems yield reliable and interpretable results, espe-
cially in scientific contexts, it is crucial that they incorporate mechanisms for uncertainty
estimation. Ideally, a well-designed model should not only recognize when it is uncer-
tain, but should also express this uncertainty in a meaningful way—that is, by failing
gracefully. Furthermore, for a model to be considered calibrated, its predicted confidence
levels should correspond closely to the actual likelihood of correctness: predictions with
high confidence should be correct more often than those with low confidence.

Machine learning algorithms are subject to various sources of uncertainty, which can
generally be categorized into two main types: aleatoric uncertainty and epistemic uncer-
tainty. Aleatoric uncertainty is associated with the inherent stochastic variability between
the inputs and outputs of the model, making it irreducible. This type of uncertainty is
particularly prominent in regions of the feature space where there is significant class over-
lap, meaning that different classes share similar features and therefore cannot be easily
distinguished. On the other hand, epistemic uncertainty arises from the model’s limited
knowledge about the optimal predictive function. This uncertainty can be reduced or
even eliminated as more training data is provided, ultimately approaching zero in the
limit of infinite data.

In the context of machine learning, uncertainty estimation can be extremely valuable,
especially when the model encounters data that it has not been trained on. Specifically,

54
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epistemic uncertainty tends to increase when the algorithm is exposed to inputs whose
features deviate from those seen during training. These instances are typically considered
Out Of Distribution (OOD) data, as they lie outside the feature space of the training
set. Uncertainty estimation allows the model to recognize when it encounters such OOD
samples, which can then be flagged for additional analysis or sent to a human expert
for further review. This capability is referred to as Out Of Distribution detection (OOD
detection). In this framework, the classes represented in the training set are referred to
as In Distribution (ID) classes, while everything that deviates from this known space is
labeled as Out Of Distribution (OOD).

In our multiplet classification algorithm, the main sources of OOD instances were over-
lapping multiplets and multiplets exhibiting second-order splitting patterns [98], neither
of which were included in the training set. By incorporating uncertainty quantification
and OOD detection, we were able to enhance our classification system by introducing a
general multiplet class to account for these OOD multiplets, ensuring that the algorithm
could handle such cases more effectively.

To obtain a reliable uncertainty estimate, a fundamental shift in the framework was
required. Specifically, we transitioned from a Point-Estimate algorithm, which produces
a single deterministic output for each input, to a Probabilistic approach capable of gener-
ating a predictive posterior distribution over the possible outputs. In this new framework,
both the prediction and its associated uncertainty are derived from the first two moments
of the distribution—the mean and the variance. This allows for a more nuanced under-
standing of the model’s predictions, as it captures not only the expected output but also
the uncertainty surrounding it.

The Bayesian approach provides the theoretical foundation for this type of uncertainty-
aware machine learning. In this framework, a prior distribution on the model parameters
is updated based on the observed data to infer a posterior distribution over the possible
outcomes. This approach, known for its robustness in uncertainty estimation, underpins
the most widely used models for such tasks, Bayesian Neural Networks (BNNs). BNNs
treat the model parameters as random variables and, through Bayesian inference, pro-
vide a full distribution over possible predictions rather than a single point estimate [99].
Despite their principled nature, the practical application of BNNs is often limited by the
analytically intractable nature of their posterior distributions.

To address this challenge, several inference techniques have been developed, including
Markov Chain Monte Carlo (MCMC) methods and Variational Inference [100, 99]. These
methods approximate the posterior distribution, making BNNs more computationally
feasible. However, the performance of BNNs is still highly dependent on the choice of the
prior distribution, which introduces another layer of complexity. In addition to traditional
BNNs, alternative approaches have been proposed to approximate the predictive posterior
distribution more efficiently. These methods often aim to reduce computational overhead
while maintaining a more straightforward implementation, making them appealing for
practical applications where computational resources are limited.

For our automatic multiplet classification task, we evaluated three state-of-the-art
deep learning frameworks for uncertainty quantification: Spectral Normalized Gaussian
Process (SNGP) [101, 102], Monte Carlo Dropout (MCD) [103], and Deep Ensembles
(ENS) [104]. Each of these approaches offers a unique method for incorporating un-
certainty into the model’s predictions. SNGP, in particular, stands out by providing
both the classification of splitting patterns and a corresponding covariance matrix, which
quantifies the uncertainty in the predictions. On the other hand, MCD and ENS esti-
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mate uncertainty by aggregating the outputs of multiple instances of the network model.
Specifically, MCD achieves this by applying dropout at both training and inference stages,
while ENS creates an ensemble of independently trained models, where uncertainty is
captured through the variation in predictions across the ensemble.

All three algorithms were integrated into our system by starting with the base archi-
tecture discussed in Section 4.1.1. In the following paragraphs we illustrate the implemen-
tation of these uncertainty quantification methods which involved minimal modifications
to the original model.

5.1.1 Spectral Normalized Gaussian Process
Spectral,normalized Gaussian Process (SNGP) [101, 102] is a recently proposed determin-
istic deep learning framework designed to provide reliable uncertainty estimates using a
single network, thereby eliminating the computational and architectural complexity typ-
ically associated with Bayesian methods. Rather than relying on multiple models to
capture predictive variability, SNGP introduces structural modifications to the network
that enable it to quantify uncertainty in a principled and efficient manner.

The central idea underlying SNGP is the notion that a robust and trustworthy deep
learning model should possess the ability to infer whether a test input x belongs to the
in,domain data distribution p(x ∈ ID). This capability hinges on the model’s sensitivity
to the distance between the test input x and the training samples in the input space. Cru-
cially, this notion of distance must be preserved throughout the feature representations
learned by the hidden layers and must be interpretable by the output layer to support
effective uncertainty estimation. Mathematically, the hidden mapping h must satisfy a
bi,Lipschitz condition to be distance,preserving, bounded by constants L1 and L2:

L1d(x1, x2) ≤ d(h(x1), h(x2)) ≤ L2d(x1, x2) (5.1)

To enforce this behavior, SNGP employs spectral normalization on the weights of the
hidden dense layers. This regularization technique ensures Lipschitz continuity, thereby
preserving relative distances in the feature space. It does so by normalizing the weight
matrix Wl at each layer using its estimated spectral norm λ̂ via the following update rule:

Wl = cWl

λ̂
if c < λ̂ (5.2)

where c is a bounding hyperparameter. At the output level, the standard dense layer is
replaced by a Gaussian process (GP), which models the predictive distribution over the
output classes. The GP is constructed with a prior multivariate normal distribution whose
covariance depends explicitly on the feature distances, capturing the local geometry of
the learned representations. To maintain scalability, SNGP approximates this GP prior
using Random Fourier Features Φ.

During inference, the model computes the posterior distribution of the GP given the
training data. This yields both the maximum a posteriori (MAP) estimate for classifi-
cation and a full covariance matrix encoding predictive uncertainty. Specifically, using a
Laplace approximation, the posterior precision matrix (inverse covariance) for class k is
efficiently updated during training as:

Σ̂,1
k = I +

N∑︂
i=1

p̂i,k(1, p̂i,k)ΦiΦ⊤
i (5.3)
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To make the uncertainty estimation tractable in practice, the diagonal elements of the
covariance matrix are extracted and used to quantify the model’s confidence in its pre-
dictions.

Crucially, the specific kind of uncertainty extracted by SNGP is an input distance,aware
uncertainty. Because the GP output layer utilizes a radial basis function kernel, the pos-
terior predictive variance for a given input is directly characterized by its spatial distance
from the training data in the hidden representation space. As a test example moves
further away from the observed training manifold, this predictive variance monotonically
increases. Consequently, for highly uncertain out,of,domain inputs, the model natively
backs off to a discrete uniform, or maximum entropy, predictive distribution. This ex-
plicit reflection of spatial uncertainty makes SNGP especially valuable in safety,critical
applications or scenarios with significant distributional shift.

5.1.2 Monte Carlo Dropout
Monte Carlo Dropout (MCD), introduced by Gal and Ghahramani [103], established a
theoretical link between standard deep neural networks with dropout and probabilistic
deep Gaussian processes. Specifically, they demonstrated that applying dropout before
every weight layer in a neural network enables an efficient approximation of a deep Gaus-
sian process, thereby transforming a traditionally deterministic model into a stochastic
one capable of modeling predictive uncertainty. This equivalence, combined with the min-
imal computational overhead required to implement dropout, has made MCD a widely
adopted and effective method for uncertainty estimation in a variety of classification tasks,
including applications in dermatology [105], image recognition [106], and data-efficient
learning [107].

In our implementation, we integrated dropout layers with a dropout probability of p =
0.5 before each hidden dense layer in the network architecture. Importantly, we configured
the dropout to remain active during both training and inference phases, contrary to its
traditional use where dropout is disabled at test time. This enables the model to produce
a distribution over outputs by randomly dropping a subset of neurons during each forward
pass, effectively turning a single neural network into an ensemble of subnetworks sampled
from the approximate posterior.

During inference, we performed M = 100 stochastic forward passes through the net-
work to obtain an empirical approximation of the predictive distribution pθm(ŷ|x), where
θm denotes the randomly perturbed parameters in the m-th realization of the network, x
is the input sample, and ŷ the output label. The final classification prediction was then
computed as the mean over all sampled predictive distributions:

p̄(ŷ|x) := Ep(θ|D)[pθ(ŷ|x)] = 1
M

M∑︂
m=1

pθm(ŷ|x), (5.4)

where p(θ|D) represents the (approximate) posterior distribution over the model param-
eters given the training dataset D = {xtrain, ytrain}.

To quantify the model’s predictive uncertainty, we decomposed the total predictive
uncertainty (PU) into two complementary components: aleatoric uncertainty (AU), which
captures the intrinsic noise in the data, and epistemic uncertainty (EU), which reflects
uncertainty in the model parameters due to limited data. The total predictive uncertainty
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was computed as the normalized entropy of the mean predictive distribution:

PU ≡ H1 := H[p̄(ŷ|x)] = − 1
log |C|

∑︂
c∈C

p̄(ŷ = c|x) log p̄(ŷ = c|x), (5.5)

where C denotes the set of target classes considered in our classification task.
To isolate the aleatoric component, we computed the expected entropy of the indi-

vidual stochastic forward passes:

AU ≡ H2 := Ep(θ|D)[H[pθ(ŷ|x)]]

= − 1
M log |C|

M∑︂
m=1

∑︂
c∈C

pθm(ŷ = c|x) log pθm(ŷ = c|x), (5.6)

This quantity captures the variability in predictions due to class overlap and label ambi-
guity inherent in the input data.

The epistemic uncertainty, finally, was estimated as the mutual information (MI)
between predictions and model parameters:

EU = PU − AU ⇐⇒ MI := H1 −H2, (5.7)

which measures the reduction in uncertainty about the output gained from knowing the
specific parameters of the model. In practice, high epistemic uncertainty is indicative of
inputs lying far from the training distribution or in regions with sparse training data,
thus providing a valuable signal for out-of-distribution detection and model calibration.

5.1.3 Deep Ensembles
A deep ensemble [104] is a collection of independently trained deep neural networks whose
predictions are aggregated to enhance both predictive performance and robustness. This
approach has consistently shown superior results compared to single-network models,
with its effectiveness supported by both theoretical insights and empirical success across
a wide range of tasks [108].

In our framework, we constructed an ensemble by training Ms = 10 instances of the
primary network architecture. Each instance was initialized independently using weights
sampled from a shared prior distribution p(θ), ensuring diversity across the ensemble
members. During inference, all Ms networks were evaluated on the same test set, and
their predictive outputs were collected.

The final classification result was obtained by averaging the predictive distributions
across the ensemble:

p̄(ŷ|x) := 1
Ms

Ms∑︂
m=1

pθm(ŷ|x), (5.8)

where θm denotes the parameter set of the m-th network in the ensemble.
To quantify the model’s epistemic uncertainty, we followed the same procedure used

for Monte Carlo Dropout (see Equations 5.4–5.7). Specifically, we computed the normal-
ized entropy of the average predictive distribution to obtain the total predictive uncer-
tainty, estimated the expected entropy of the individual ensemble members for aleatoric
uncertainty, and derived the epistemic uncertainty from their difference via the mutual
information:

EU = H1 −H2. (5.9)
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This method benefits from the inherent diversity of the independently trained net-
works, which captures the variability in the learned representations and provides a reliable
estimate of epistemic uncertainty, particularly in regions far from the training distribu-
tion.

5.1.4 Calibration
To ensure that the predictive probabilities produced by our deep learning model are
not only accurate but also properly reflect the true likelihood of being correct, we con-
ducted a thorough evaluation of model calibration. Calibration assesses the degree to
which a model’s predicted confidence aligns with actual observed accuracy. To this end,
we utilized reliability diagrams, which plot the model’s accuracy against its confidence
scores—ideally, a perfectly calibrated model should yield points lying on the diagonal,
where confidence matches accuracy. For post-hoc calibration, we adopted temperature
scaling [97], a simple yet effective method that adjusts the model’s softmax outputs to
better reflect calibrated probabilities (see Figure 5.1).

Figure 5.1: Reliability diagram of the MuSe Net framework using deep ensembles on the
synthetic validation set, shown before (green) and after (orange) applying temperature
scaling for calibration.

In the case of ensemble-based uncertainty estimation methods such as Monte Carlo
Dropout and Deep Ensembles, we first aggregated the outputs from multiple stochastic
forward passes or ensemble members, respectively. Calibration was then applied to the
resulting predictive distributions to improve reliability [109].

To quantitatively assess calibration quality, we computed multiple metrics, including
Negative Log-Likelihood (NLL), Brier Score (BS), and the class-wise Expected Calibra-
tion Error (cwECE) [110], which together provide a comprehensive evaluation of both
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confidence calibration and class-specific reliability:

NLL = −
N∑︂

i=1
yi log (pθ, i) (5.10)

BS = 1
N

N∑︂
i=i

(yi − pθ, i)2 (5.11)
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where B(c)
m is the set of spectral points belonging to the multiplet class c in the m−bin.

The Negative Log-Likelihood (NLL) serves as a principled measure for evaluating
probabilistic predictions, particularly in classification tasks. It is minimized when the
predicted probabilities align perfectly with the true conditional distribution p̂(y|x) [111],
effectively rewarding models that assign high confidence to correct predictions and pe-
nalizing those that are both incorrect and overconfident. Due to its logarithmic form,
NLL is especially sensitive to confidently wrong predictions, making it a rigorous test of
calibration quality.

The Brier Score (BS) provides an alternative perspective by measuring the mean
squared error between the predicted probabilities and the actual outcomes. Unlike NLL,
the Brier Score applies a quadratic penalty, which is bounded and symmetric, thus offering
a more interpretable assessment of the distance between predicted and true probabilities.
It is particularly useful when the goal is to understand average deviations in confidence,
regardless of whether the model is over- or under-confident.

Finally, to summarize the results from the reliability diagram in a single scalar
quantity, we report the Expected Calibration Error (ECE) and its class-wise extension,
cwECE. ECE provides a global view of miscalibration by averaging the absolute difference
between confidence and accuracy across M confidence bins:

ECE =
M∑︂

m=1

|Bm|
n

|acc(Bm) − conf(Bm)| (5.16)

where Bm is the set of samples in bin m, n is the total number of samples, and acc(Bm)
and conf(Bm) are the accuracy and mean confidence within that bin. cwECE extends
this by averaging the calibration error over individual classes [110]:

cwECE = 1
K

K∑︂
k=1

M∑︂
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|Bk
m|
nk

⃓⃓⃓
acck(Bk
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m)
⃓⃓⃓

(5.17)

where K is the number of classes and nk is the number of samples belonging to class
k. This distinction is especially important in multiclass or imbalanced settings, where
certain classes may be significantly more miscalibrated than others. The use of cwECE
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in our analysis thus enables a more fine-grained understanding of the model’s calibration
behavior across the full set of predicted categories.

5.2 MuSe Net results

5.2.1 Model evaluation and calibration
To obtain high-quality multiplet segmentation with reliable and well-characterised predic-
tive uncertainty, we conducted a comprehensive and systematic evaluation of three prob-
abilistic deep learning strategies: spectral normalised Gaussian processes (SNGP), Monte
Carlo dropout (MCD), and deep ensembles (ENS). These methods were selected for their
complementary theoretical foundations and widespread applicability in uncertainty-aware
modelling. Each model architecture was trained independently on the same dataset, en-
suring that performance differences could be attributed solely to the uncertainty quan-
tification approach rather than confounding factors such as data composition or pre-
processing. To facilitate a robust and unbiased comparison under controlled conditions,
we constructed a large, hold-out benchmark set comprising 10′000 synthetic samples,
which were generated in a separate run using the same automated procedure employed
for the training set. This design preserved statistical independence while maintaining
strict distributional consistency, thereby allowing us to evaluate generalisation and cal-
ibration under i.i.d. conditions that mirror the training regime but exclude any data
leakage.

Our validation framework was designed with dual emphasis: to measure not only the
raw classification accuracy of the predicted multiplet segments, but also the fidelity and
interpretability of the model’s associated confidence scores. This is especially critical in
scientific and analytical applications where downstream decision-making often hinges on
the quality of probabilistic output, such as threshold-based inference, active learning,
or uncertainty-aware hypothesis testing. For evaluating classification performance, we
employed three complementary metrics: balanced accuracy, which mitigates the effect
of class imbalance by averaging recall across all categories; the F1 score, which captures
the harmonic mean of precision and recall and penalizes both false positives and false
negatives; and the mean Intersection over Union (mIOU), which assesses the degree of
overlap between predicted and ground-truth regions, thus quantifying structural fidelity
beyond pointwise correctness. These metrics jointly provide a comprehensive picture
of segmentation accuracy, capturing both fine-grained labelling behaviour and broader
region-level consistency.

However, predictive performance alone is not sufficient in contexts where uncertainty
quantification is essential. We therefore evaluated the calibration of predicted probabili-
ties to assess how well the model’s confidence estimates reflect actual empirical correct-
ness. Ideally, a well-calibrated model should produce predictive distributions such that,
for any given confidence level (e.g., 90%), the observed accuracy for predictions made at
that level is also approximately 90%. To diagnose and quantify calibration, we utilised
both graphical and scalar methods. Reliability diagrams provided a visual summary of
calibration behaviour by plotting empirical accuracy against predicted confidence across
binned intervals, where perfect calibration corresponds to alignment with the identity
line.

Recognising the tendency of deep neural networks to produce overconfident outputs,
we applied a post-hoc recalibration technique known as temperature scaling [97] to all
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three methods. This approach introduces a scalar temperature parameter that rescales
the logit outputs prior to the softmax transformation, with the temperature optimised
to minimise NLL on a held-out calibration set. Notably, temperature scaling preserves
the relative ranking of class logits, and hence does not affect the final class predictions,
only the sharpness of the predicted probability distribution. It is widely regarded as a
simple yet effective method for correcting calibration errors without modifying the model
architecture or training procedure. An illustrative example of its impact on prediction
confidence and reliability is shown in Figure 5.1.

Following calibration, we compared the overall performance of the three approaches,
considering both segmentation accuracy and uncertainty quality. As summarised in Ta-
ble 5.1, the deep ensemble (ENS) method demonstrated the most favourable trade-off,
achieving consistently high classification accuracy while maintaining well-calibrated con-
fidence estimates across all metrics. This finding aligns with existing literature that iden-
tifies deep ensembles as one of the most effective and robust strategies for uncertainty
quantification in neural networks [101, 102]. Although Monte Carlo dropout (MCD)
achieved comparable results in terms of predictive performance, it required approximately
ten times more forward passes at inference time, resulting in significantly higher com-
putational overhead and reduced scalability. In contrast, the deep ensemble approach
provided comparable or better accuracy with substantially lower runtime complexity per
unit prediction.

Based on these observations, we adopted a deep ensemble of 10 independently trained,
identically structured neural networks as the uncertainty estimation backbone of the
MuSe Net framework. Each model in the ensemble was initialised and trained inde-
pendently, allowing the ensemble to capture a diverse set of learned representations and
thereby better approximate the posterior distribution over model predictions. Averaging
predictions across ensemble members enhanced overall accuracy and robustness, while
the variability among outputs enabled meaningful estimation of predictive uncertainty.
This design supports a principled Monte Carlo approximation of the posterior predictive
distribution and integrates seamlessly into downstream uncertainty-aware applications.

Finally, quantitative analysis conducted on the synthetic validation data confirmed
the effectiveness of our model selection. As shown in Figure 5.2, MuSe Net achieved
high segmentation performance across all multiplet splitting patterns represented in the
training set, with both false positives and false negatives minimised to near-optimal
levels. These results underscore the framework’s ability to generalise effectively across
a range of chemically relevant signal structures and validate the suitability of our deep
ensemble approach for uncertainty-aware NMR signal interpretation. Taken together, this
extended validation effort, spanning model comparison, probabilistic calibration, post-
hoc recalibration, and rigorous quantitative benchmarking, supports the deployment of
a deep ensemble configuration as a reliable and well-calibrated backbone for multiplet
segmentation within the MuSe Net framework.

5.2.2 Generalisation on experimental spectra
To determine the extent to which MuSe Net can be reliably and routinely integrated into
real-world NMR analysis pipelines, we evaluated its performance on an experimental test
set comprising 48 1H NMR spectra of small organic molecules. Robust generalisation to
unseen, real-world data is a central benchmark for the practical utility of any deep learn-
ing system. In this context, training on synthetic data—while highly beneficial in terms
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Table 5.1: Comparison of models in terms of classification performance and calibration.
Acc refers to balanced accuracy, F1 to the F1 score, mIOU to the mean class-wise inter-
section over union, NLL to negative log likelihood, BS to the Brier score, and cwECE to
the class-wise expected calibration error.

Model Acc ↑ F1 ↑ mIOU ↑ NLL ↓ BS ↓ cwECE ↓

SNGP 97.5% 95.6% 91.7% 0.099 2.4 · 10−3 7.7 · 10−3

MCD 98.8% 98.0% 96.1% 0.028 1.2 · 10−3 7.3 · 10−3

ENS 99.0% 98.2% 96.4% 0.026 1.1 · 10−3 4.9 · 10−4

Figure 5.2: Evaluation metrics for point-by-point MuSe Net classification on the synthetic
validation set (top panel), along with the ground truth distribution of spectral points
among multiplet classes (bottom panel). Here, s stands for singlets, d for doublets, t
for triplets, q for quartets, 5 for quintets, dd for doublets of doublets, dt for doublets of
triplets, td for triplets of doublets, tt for triplets of triplets, ddd for doublets of doublets
of doublets, and dddd for doublets of doublets of doublets of doublets. Scores are given
in percentage.
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of data availability, controlled variability, and ground-truth annotation—inevitably intro-
duces a distributional gap between synthetic and experimental domains. Despite the in-
clusion of various realistic perturbations in our synthetic training set, such as small phase
and baseline distortions, varying levels of noise, rooftop effects, and diverse lineshapes, we
expect that the resulting distribution of synthetic features, denoted by Psynt(xsynt), differs
from the corresponding distribution observed in real experimental spectra, denoted by
Pexp(xexp). This discrepancy, commonly referred to as covariate shift [112], can degrade
model performance if not accounted for or empirically evaluated.

Figure 5.3 presents the classification performance of MuSe Net across the experimen-
tal dataset, summarised using recall as the primary evaluation metric. Excluding the
classes dt (doublet of triplets) and ddd (doublet of doublet of doublets), MuSe Net con-
sistently achieves recall rates above 83%, reaching up to 100% for q (quartet) patterns.
Upon visual inspection of the misclassified cases, most dt errors appear to arise from
difficulty in resolving the component peaks, which frequently merge due to insufficient
resolution or overlapping coupling constants (see bottom row of Figure 5.4). Notably,
even in such ambiguous scenarios, MuSe Net often detects at least one of the correct
splittings, typically the doublet, indicating a partial but meaningful recognition of the
signal’s multiplet structure.

Multiplets with a higher number of coupling constants naturally exhibit greater struc-
tural complexity, making them harder to classify reliably. In particular, certain parameter
combinations—such as similar coupling constants or broadened lines—can cause distinct
multiplet types to appear visually similar, leading to confusion between phenotypically
adjacent classes. As discussed previously, this phenomenon is reflected in cases where,
for example, a ddd with one dominant coupling constant is misclassified as two overlap-
ping dd patterns. Similarly, a ddd consisting of four merged central peaks flanked by
two additional peaks may be mistaken for a td (triplet of doublets), highlighting the
limitations of static phenotype boundaries in the presence of significant peak overlap (see
Figure 5.5, bottom row). Despite these challenges, MuSe Net demonstrated consider-
able robustness in classifying diverse manifestations of the ddd class, as evidenced by
successful predictions in more structurally resolved examples (top row of Figure 5.5).

Regarding the dddd class (doublet of doublet of doublets of doublets), the experimental
dataset contained only a single annotated example. MuSe Net produced a partially
fragmented prediction: one subset of the signal was correctly labelled as dddd, while
another was misclassified as ddd. While not fully accurate, this outcome still suggests
sensitivity to the underlying structure. Nonetheless, drawing general conclusions from a
single observation is premature. We therefore recommend expanding future evaluations
to include more examples of this rare but chemically relevant class, enabling more robust
statistical analysis of model performance on complex splitting patterns.

Finally, we note that the relatively lower precision observed for the s (singlet) class
likely arises from both structural and statistical factors. From a structural standpoint,
singlets represent the fundamental building blocks of all multiplet types, and ambiguous
or simplified peaks in other patterns may resemble isolated singlets. As such, misclassi-
fications involving the singlet class are expected to occur more frequently than for more
distinct phenotypes. On the statistical side, singlets are sparsely represented in the an-
notated experimental set, with each instance contributing only a single labelled point.
In contrast, multiplets from all other classes contribute multiple labelled points, since
all spectral points lying between the outermost peaks of a multiplet are included in the
annotation. This leads to an imbalance where singlets false positives accumulate more
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rapidly than true positives, artificially lowering the computed precision.
Ultimately, these results establish that MuSe Net generalises effectively from synthetic

to real-world NMR spectra, delivering high recall across most multiplet categories. By
retaining robust performance in the presence of covariate shift and structural ambiguity,
it proves to be a highly viable tool for the automated analysis of complex 1H NMR
spectra.

Figure 5.3: Evaluation metrics for point-by-point MuSe Net classification on the experi-
mental test set (top panel), together with the ground truth distribution of spectral points
across multiplet classes (bottom panel). he classes include: s for singlets, d doublets, t
triplets, q quartets, 5 quintets, dd doublets of doublets, dt doublets of triplets, td triplets
of doublets, tt triplets of triplets, and ddd doublets of doublets of doublets. The dddd
class is not reported because only one such multiplet was present in the experimental test
set. Scores are reported in percentages. The number of spectral points per class reflects
the signal’s span over the spectral range. Signal regions are annotated between the outer
peaks of the multiplet: for singlets, only a single spectral point is labelled.

5.2.3 Prediction uncertainty
Incorporating uncertainty quantification into our deep learning framework for multiplet
segmentation, MuSe Net, provides a principled way to assess the trustworthiness of model
predictions and gain insight into what the model has actually learned. This approach
not only enables users to interpret classification outputs more critically but also offers a
mechanism to identify and analyse failure modes in the prediction process. Specifically,
we employed two complementary uncertainty measures: the mutual information (MI),
which reflects epistemic uncertainty (i.e., uncertainty due to limited knowledge or insuf-
ficient training data), and the expected entropy of the individual model predictions (H2),
which captures aleatoric uncertainty (i.e., irreducible noise or class ambiguity inherent to
the data). The joint use of these two measures allows for a more nuanced understand-
ing of prediction reliability, as their relative magnitudes and distributions can highlight
whether misclassifications stem from data ambiguity or from gaps in the model’s learned
representation.

We began our analysis on the synthetic validation set, which was constructed using
the same automated data generation pipeline as the training set. Because these synthetic



CHAPTER 5. IDENTIFYING MULTIPLET SPLITTING PATTERNS 66

Figure 5.4: MuSe Net predictions on selected doublets of triplets from the experimental
test set. Top row: the algorithm successfully classified challenging cases such as dou-
blets of triplets appearing on the shoulder of larger peaks (a), exhibiting non-standard
phenotypes (b), or affected by distortions (c, d). Bottom row: errors typically occurred
in instances where the multiplet peaks overlapped significantly, making clear peak sepa-
ration and identification difficult.

samples are drawn from a distribution that matches the training distribution, we expect
the dominant source of uncertainty to be aleatoric rather than epistemic. That is, pre-
diction errors in this context are most likely due to overlapping class features or visually
similar multiplet structures being mapped to the same region in the feature space, rather
than to model ignorance. To test this hypothesis, we compared the distributions of MI
and H2 across correctly and incorrectly classified samples using boxplots (see Figure 5.6
and Figure 5.7). As expected, both metrics exhibit higher values for incorrect classifi-
cations, reflecting increased model uncertainty when the prediction is wrong. However,
we observed that H2 increases significantly more than MI in these cases, suggesting
that incorrect predictions in the synthetic domain are primarily driven by high aleatoric
uncertainty. This makes expected entropy a useful diagnostic tool: high values of H2
serve as a strong indicator of likely misclassification. Since the model was trained and
validated on data generated from the same distribution, epistemic uncertainty remains
low, reinforcing the conclusion that prediction errors are not due to model unfamiliarity
but rather to intrinsic ambiguities between multiplet classes.

An exception to this trend was observed in the case of dddd (doublet of doublet of
doublets of doublets) patterns. For this class, incorrect predictions showed a simultaneous
rise in both H2 and MI, implying that misclassification arises not only from class overlap
but also from insufficient representation or understanding of this complex class in the
training data. This observation points to a higher epistemic component in the model’s
uncertainty for dddd, potentially due to the limited number of such patterns in the
training set or their higher structural variability.

We repeated this uncertainty analysis on the experimental test set to examine model
behaviour under real-world conditions (see Figure 5.6 and Figure 5.8). In contrast to the
synthetic data, both epistemic (MI) and aleatoric (H2) uncertainty levels were elevated
across the board, even for correctly classified multiplets. This suggests that real-world
spectral data introduces a broader range of variability, such as phase distortions, un-
expected baseline shifts, or unmodeled interactions, that the model has not encountered
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Figure 5.5: MuSe Net predictions on a selection of doublets of doublets of doublets (ddd)
from the experimental test set. Top row: the algorithm successfully recognized ddd
patterns across a range of cases featuring different combinations of coupling constants
and line widths, resulting in varied peak configurations that all correspond to the same
underlying splitting. Bottom row: misclassifications included two adjacent ddd mis-
taken for dddd (e), a ddd located near two additional peaks also misidentified as dddd
(f), a ddd with one dominant coupling constant interpreted as two dd (g), and a ddd
with four central merging peaks flanked by side peaks incorrectly classified as a td (h).

during training. Most notably, on misclassified experimental samples, MI increased more
substantially than H2, indicating that discrepancies between the experimental and syn-
thetic domains are now a major source of prediction failure. This shift in the dominant
uncertainty source from aleatoric to epistemic highlights a distributional mismatch and
reflects the limitations of training exclusively on synthetic data.

In such cases, mutual information becomes especially valuable, as it can guide the
NMR practitioner in identifying spectral regions or multiplet types where the model ex-
presses genuine uncertainty about its own knowledge. By flagging predictions with high
MI, the model can point the user toward instances that may benefit from additional ver-
ification or targeted refinement, such as reprocessing the spectrum, checking annotation
consistency, or augmenting the training set with similar real-world examples. Overall, this
uncertainty-aware framework not only enhances the transparency and interpretability of
MuSe Net’s predictions but also supports more informed and resilient decision-making in
practical NMR analysis workflows.

5.2.4 Out Of Distribution detection
Out-of-distribution (OOD) detection in the context of multiplet segmentation can be
naturally formulated as a binary classification task layered atop the primary segmentation
objective. The goal is to discriminate between in-distribution (ID) and OOD inputs by
leveraging the uncertainty estimates produced by the model—specifically, by identifying
instances for which the predictions may be unreliable due to insufficient familiarity with
the input features. In our implementation, this distinction is operationalised through a
decision threshold θOOD applied to the mutual information MI(x). Predictions associated
with low uncertainty, that is when MI(x) < θOOD, are retained as reliable ensemble
outputs. Conversely, predictions for which MI(x) > θOOD are flagged as uncertain, and
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Figure 5.6: Mutual information and expected entropy of the individual models within
the ensemble for correct and incorrect classifications on the synthetic validation set (A)
and the experimental test set (B).

the corresponding inputs are conservatively labelled as generic, non-specific multiplets.
This thresholding mechanism provides a straightforward yet effective means of filtering
potentially unreliable predictions and enhancing model robustness under domain shift.

The quality of this OOD detection strategy fundamentally depends on the separabil-
ity between ID and OOD samples in the model’s learned feature space, and on the extent
to which this separation is reflected in the model’s uncertainty estimates. In ideal condi-
tions, where the features of OOD inputs diverge meaningfully from those of the training
distribution, mutual information provides a reliable proxy for this divergence. To empir-
ically assess this, we analysed the distribution of MI values for ID and OOD multiplets,
visualising their spread and degree of overlap (see Figure 5.9). As anticipated, MuSe Net
produces noticeably higher uncertainty scores in response to OOD inputs, confirming the
model’s ability to recognise when it encounters unfamiliar or atypical spectral patterns.

Ideally, the uncertainty distributions associated with ID and OOD inputs, denoted
by PID(MI) and POOD(MI), respectively,would be entirely disjoint, enabling perfect dis-
crimination via an optimally chosen threshold θOOD. However, in real-world applications,
the two distributions often exhibit partial overlap, meaning that intermediate values of
mutual information may be observed for both ID and OOD samples. The degree of this
overlap directly impacts the difficulty of setting a reliable threshold: the more the dis-
tributions coincide, the greater the risk of false positives (misclassifying ID samples as
OOD) or false negatives (failing to detect true OOD samples). In contrast, a larger sepa-
ration between the two distributions makes threshold selection more robust and improves
the reliability of OOD detection.

To quantify the similarity between PID(MI) and POOD(MI), we employed the Weitz-
man overlapping coefficient, a statistical metric introduced in [113] that measures the
extent of distributional overlap. This scalar quantity offers a concise and interpretable
summary of the detection landscape: a lower overlap coefficient corresponds to greater
separability between ID and OOD uncertainty profiles and, therefore, to more reliable
uncertainty-based filtering. Overall, our results demonstrate that mutual information
serves as an effective indicator of distributional shift in the multiplet classification set-
ting and highlight MuSe Net’s capacity to self-diagnose when confronted with unfamiliar
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Figure 5.7: Mutual information and expected entropy of individual ensemble members for
correctly and incorrectly classified samples, analyzed per class, on the synthetic validation
set.

signal configurations.

5.2.5 Performance as a function of signal to noise ratio
A variety of factors can compromise the signal-to-noise ratio (SNR) in 1D 1H NMR spec-
troscopy. Signal quality is often degraded by inadequate metabolite concentrations, poor
solvent suppression, spectral distortions, and the presence of impurities. Additionally,
line broadening, typically driven by chemical exchange events, sample inhomogeneity,
or magnetic field irregularities, can severely diminish the SNR. At the same time, while
ultra-high field systems remain the gold standard, accessible and compact benchtop spec-
trometers are gaining widespread adoption. This convenience, however, inherently limits
sensitivity. Consequently, it is vital that automated NMR analytical algorithms perform
reliably even when processing low-SNR spectra.

To assess the resilience of the MuSe Net framework under these suboptimal conditions,
we systematically injected progressive amounts of white noise into our experimental test
data and re-evaluated the model. As illustrated in Figure 5.10, which maps classification
accuracy against the average multiplet SNR (omitting water signals), the predictive per-
formance remained remarkably stable even at severely degraded noise levels. Notably, in
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Figure 5.8: Mutual information and expected entropy of the ensemble’s individual models
for correctly and incorrectly classified instances, evaluated per class on the experimental
test set.

several instances, introducing uncorrelated noise actually yielded a significant improve-
ment in classification accuracy. We hypothesize that this seemingly paradoxical outcome
occurs because minor additions of white noise obscure deceptive artifacts and spurious
correlations generated during data acquisition and processing, thereby streamlining the
algorithm’s pattern recognition process.

To evaluate uncertainty quantification, Figures 5.11 and 5.12 show the distributions
of the expected entropy (H2) and mutual information (MI) for both in-distribution (ID)
and out-of-distribution (OOD) multiplets relative to the average SNR. Because the me-
dian values remained largely stable as the noise escalated, we can conclude that MuSe
Net provides highly consistent uncertainty metrics regardless of signal quality. We did
observe, however, an overall decrease in uncertainty metrics (both H2 and MI) for certain
spectra where the average SNR < 10. This drop in uncertainty is entirely logical: as over-
whelming noise masks substantial signal areas, these regions effectively mimic baseline
characteristics. Since the algorithm is highly proficient at identifying these multiplet-free
baseline regions, it confidently evaluates these noise-saturated sections with low uncer-
tainty estimates.
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Figure 5.9: Out-of-distribution detection for the spectrum of Diethyl carbonate in DMSO
(A), 2-phenylethanol in DMSO (B), Diaceton-D-galactopyranose in CDCl3 (C), and
2,3:5,6-Di-o-isopropylidene-α-D-mannofuranose in DMSO (D). Left panel: mutual infor-
mation distributions for in-distribution (ID) and out-of-distribution (OOD) samples using
Weitzman’s measure. Right panel: empirical cumulative distribution function (ECDF)
of mutual information for ID samples, and one minus the ECDF for OOD samples, indi-
cating the optimal threshold.

5.2.6 MuSe Net predictions
To illustrate the classification performance achieved by our method, we present a qualita-
tive analysis of 1H NMR spectra from compounds that vary in both structural complexity
and experimental conditions. This selection showcases MuSe Net’s flexibility across a
range of real-world use cases.

We begin with the 1H NMR spectrum of diethyl carbonate (see Figure 5.13). The
sample was diluted in dimethyl sulfoxide (DMSO), and the spectrum was acquired at 400
MHz and processed to a spectral resolution of 0.22 Hz, yielding a high signal-to-noise
ratio (SNR) of approximately 6 × 104. MuSe Net successfully detected and classified
all the principal proton resonances. Notably, carbon satellites—minor signals caused by
scalar coupling between 1H nuclei and neighbouring 13C nuclei—as well as the well-known
five-peak DMSO resonance at 2.50 ppm, were both identified correctly and assigned to
the general multiplet class m. Crucially, the DMSO resonance was not misclassified
as a quintet, despite its five-peak appearance. This is because its intensity ratio of
1 : 2 : 3 : 2 : 1 differs from the expected Pascal’s triangle distribution 1 : 4 : 6 : 4 : 1 of
a true quintet, which arises in the case of four equivalent couplings. This demonstrates
that MuSe Net effectively internalises multiplet phenotypes by simultaneously considering
peak count and relative intensities, even for resonances resulting from a single coupling
interaction, rather than relying on simplified pattern-matching heuristics.

MuSe Net also performs reliably in spectra of more structurally complex compounds
with numerous chemically distinct hydrogen environments. For example, in Figure 5.14,
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Figure 5.10: Classification accuracy as a function of signal-to-noise ratio for 6 1H NMR
spectra from the experimental test set. Point color indicates the proportion of peaks
above the noise threshold.

we show the model’s predictions for the 1H NMR spectrum of 2-phenylethanol dissolved
in DMSO. This spectrum was acquired at 400 MHz and processed to a resolution of
0.24 Hz, with an SNR of approximately 6 × 103. MuSe Net correctly identified and
classified all signal regions, including more challenging splitting patterns such as the
triplet of doublets around 3.6 ppm. Furthermore, the model showed strong precision in
resolving multiplet boundaries, accurately distinguishing noise from signal, and correctly
segmenting overlapping but distinct neighbouring resonances. This ability is exemplified
in inset box d of Figure 5.14, where two closely spaced multiplets are delineated with
high fidelity.

Finally, we evaluated MuSe Net on the spectrum of diacetone-D-galactose dissolved
in deuterated chloroform (CDCl3), displayed in Figure 5.15. The spectrum was recorded
at 400 MHz and processed to a resolution of 0.22 Hz, with an SNR of roughly 7 × 103.
Once again, the model achieved highly accurate segmentation and classification. In par-
ticular, the residual solvent peak for CDCl3 at 7.26 ppm (see inset a of Figure 5.15) was
predominantly classified as a singlet but also partially assigned to the general multiplet
class. This hybrid classification likely reflects increased uncertainty in the model’s pre-
diction, consistent with the slightly lower SNR and the fact that such residual signals
often exhibit irregularities due to contamination or instrumental artefacts. Indeed, MuSe
Net appears to capture this variability: signal regions with ambiguous morphology or
low SNR, typical of impurities, residues, or acquisition artefacts, are frequently tagged
as general multiplets with correspondingly elevated uncertainty scores (see inset d of
Figure 5.15).

Altogether, these examples demonstrate MuSe Net’s robustness across a spectrum of
use cases, including high-SNR spectra with sharp peaks, chemically complex molecules
with multiple coupling patterns, and lower-SNR regions prone to artefacts. The model not
only classifies multiplets accurately but also expresses calibrated confidence that reflects
the underlying quality and ambiguity of each signal region.
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Figure 5.11: Expected entropy distribution of individual models on ID and OOD multi-
plets as a function of signal-to-noise ratio for 6 1H NMR spectra from the experimental
test set.

5.3 From multiplet classification to structure verifi-
cation

As an illustrative example of the use of MuSe Net predictions beyond the task of multiplet
classification, we describe a procedure for structure verification applied to the spectrum of
diethyl carbonate shown in Fig. 5.13. In this setting MuSe Net provides prior information
on the spin system, which is subsequently employed within a Bayesian spectral fitting
framework [114] developed in the context of the Innosuisse collaboration with Bruker
Switzerland AG.

The Bayesian algorithm requires as input the number and type of spins present in the
molecule together with estimates of their chemical shifts and spin–spin coupling constants.
Optionally, an estimate of the linewidth can also be supplied in order to further constrain
the fitting procedure. To connect the MuSe Net output with the Bayesian model we
implemented a simple pipeline that converts the predicted segmentation of the spectrum
into suitable prior distributions.

First, from the MuSe Net segmentation we determine the spectral ranges correspond-
ing to each multiplet by grouping consecutive spectral points assigned the same class
label. The chemical shift of each multiplet is then estimated as the midpoint of the
corresponding spectral interval. Signals not associated with the main molecule are subse-
quently removed through a set of filtering rules. Residual solvent resonances are identified
by comparing their chemical shifts with tabulated reference values and are therefore ex-
cluded from the analysis. Carbon satellite signals are removed by applying combined
constraints on both their relative amplitudes and their characteristic positions with re-
spect to the parent peak.

In the present example the underlying spin system is particularly simple. Due to
molecular symmetry the proton spin system of diethyl carbonate reduces to an A2X3
configuration. The relative spin abundances are estimated by integrating the spectral
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Figure 5.12: Mutual information distribution on ID and OOD multiplets plotted against
signal-to-noise ratio for 6 1H NMR spectra from the experimental test set.

intensity within each multiplet range obtained from the MuSe Net segmentation. The
spin–spin coupling constants are determined from the positions of the individual peaks
within each multiplet, which are extracted using the mldcon peak detection algorithm
and interpreted according to the predicted splitting pattern. MuSe Net does not provide
explicit information on which resonances are mutually coupled. However, it is often pos-
sible to infer plausible coupling relationships by identifying identical coupling constants
appearing in different multiplets. This strategy allows a consistent assignment of cou-
plings in simple spin systems such as the present case. Nevertheless, this approach relies
on heuristic inference and remains feasible only when the spectrum is sufficiently sparse.
More systematic strategies would be required in the presence of strongly overlapping
multiplets or more complex spin topologies. Finally, an estimate of the linewidth is also
obtained from the mldcon procedure.

As shown in Table 5.2 and in the reconstructed spectrum (Fig. 5.16), the priors
derived from the MuSe Net predictions provide sufficiently accurate initial conditions for
the Bayesian fitting algorithm. The resulting spectral reconstruction is consistent with
the expected structure of the molecule, demonstrating that MuSe Net outputs can be
effectively integrated into automated workflows for structure verification.
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Figure 5.13: MuSe Net classification performance on the 1H NMR spectrum of diethyl
carbonate in DMSO: top panel shows the spectrum (black curve) with predicted multiplet
classes (shaded regions), where s indicates singlets, t triplets, q quartets, and m general
multiplets; middle panel displays mutual information as a continuous colour gradient,
with darker tones representing higher uncertainty. Inset boxes a, b, and c show, respec-
tively, the quartet at 4.1 ppm with its carbon satellites, the five-peak DMSO resonance
at 2.5 ppm, and the triplet at 1.2 ppm with its carbon satellites.

Chemical shift (ppm / Hz) Width (Hz) J-coupling (Hz)

Prior CH2 : 4.10/1639
CH3 : 1.20/480

CH2 : 0.68
CH3 : 0.73

CH2 : 7.13
CH3 : 7.15

Posterior CH2 : 4.10/1640
CH3 : 1.20/480

CH2 : 0.60
CH3 : 0.68

CH2 : 7.11
CH3 : 7.11

Table 5.2: Prior and posterior estimates of the spectral parameters used in the Bayesian
spectral fitting procedure. The prior values are extracted automatically from the MuSe
Net multiplet segmentation together with peak positions and linewidth estimates ob-
tained from the mldcon peak detection algorithm. The posterior values correspond to
the parameter estimates obtained after the Bayesian fitting algorithm has been applied
to the experimental spectrum.



CHAPTER 5. IDENTIFYING MULTIPLET SPLITTING PATTERNS 76

Figure 5.14: MuSe Net classification performance on the 1H NMR spectrum of 2-
phenylethanol in DMSO: top panel shows the spectrum (black curve) with predicted
multiplet classes (shaded regions), where s indicates singlets, t triplets, td triplet of dou-
blets, and m general multiplet; middle panel displays mutual information as a continuous
colour gradient, with darker tones representing higher uncertainty. Inset boxes a, b, c,
and d highlight a second-order quartet and triplet at 7.16 and 7.25 ppm, a triplet at
5.02 ppm, a triplet of doublets at 3.58 ppm, and a triplet, singlet, and five-peak DMSO
resonance at 2.70, 2.55, and 2.50 ppm, respectively.
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Figure 5.15: MuSe Net classification performance on the 1H NMR spectrum of diacetone-
D-galactose in CDCl3. Top panel: the spectrum (black curve) with predicted multiplet
classes (shaded regions), where s indicates singlets, d doublets, dd doublets of doublets,
and m general multiplet. Middle panel: mutual information shown as a continuous colour
gradient, with darker tones indicating higher uncertainty. Inset boxes a, b, c, and d show:
(a) the residual CDCl3 peak at 7.26 ppm, (b) a doublet at 6 ppm, (c) three doublets of
doublets and two overlapping multiplets around 4 ppm, and (d) three singlets with small
artefact peaks around 2 ppm.
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Figure 5.16: Comparison between the experimental spectrum (blue) and the recon-
structed spectrum obtained through the Bayesian fitting algorithm (orange). The priors
used for the reconstruction are automatically extracted from the MuSe Net multiplet seg-
mentation together with peak positions and linewidth estimates provided by the mldcon
peak detection algorithm.



Chapter 6

Improving sensitivity: photo-CIDNP
NMR

6.1 Intrinsic Sensitivity Limitations of NMR
Nuclear magnetic resonance (NMR) spectroscopy derives its distinctive analytical power
from the exceptionally long transverse relaxation times (T2) over which nuclear spins can
sustain coherent, observable magnetization following excitation. In liquid-state NMR,
transverse spin coherence can persist for even a few seconds, enabling spectral resolu-
tion on the order of hertz or better. This high frequency resolution allows not only
the extraction of detailed spectral fingerprints but also access to slow dynamical pro-
cesses, including translational and rotational diffusion, conformational rearrangements,
and chemical or physical transformations occurring on relatively long time scales.

These favorable relaxation properties originate primarily from the weak interaction
between nuclear spins and their molecular environment. The magnetic dipole moments of
nuclei with nonzero spin are intrinsically small, several orders of magnitude smaller than
that of the electron, and consequently couple only weakly to fluctuating local magnetic
fields arising from molecular motion. As a result, both longitudinal (T1) and transverse
(T2) relaxation processes proceed slowly, thereby preserving signal coherence and enabling
high-resolution spectroscopy.

However, the same weak spin–field interaction that underpins the strengths of NMR
also constitutes its principal limitation. Because nuclear magnetic moments interact only
weakly with both static and oscillating magnetic fields, the signals generated in NMR ex-
periments are inherently weak. In contrast to spectroscopic techniques probing electronic,
vibrational, or rotational transitions, such as ultraviolet–visible, infrared, Raman, or mi-
crowave spectroscopy, NMR involves transitions between nuclear spin states separated
by extremely small energy gaps. The associated radiofrequency absorption or emission
is therefore detected with orders of magnitude lower sensitivity than higher-energy spec-
troscopic modalities.

At the microscopic level, the origin of this limitation can be understood by considering
an ensemble of nuclei with nonzero spin placed in a static magnetic field. The applied
field induces a partial alignment of nuclear spins, giving rise to a net nuclear magneti-
zation. Yet, because the Zeeman interaction energy is small compared to the thermal
energy at ambient temperature, the magnetic field competes only weakly with thermal
randomization. Consequently, the orientational preference of nuclear spins is minimal.

79
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This effect is quantitatively described by the nuclear spin polarization [115]. For an
ensemble of isolated spin-1

2 nuclei, the two eigenvalues of the z−component of the spin
operator Îz are mz = ±1/2. The ground state mz = 1/2 will be denoted by |α > and
the higher energy state mz = −1/2 will be denoted by |β >, while the populations of the
two states will be respectively p|α> and p|β>. The sum of the populations is normalized
to unity p|α> + p|β> = 1. The net polarization defined as the difference in population
between the two Zeeman states:

P = p|α> − p|β> = 1 − 2p|β>. (6.1)

Once thermal equilibrium has been reached the relative populations of the two energy
levels follow the Boltzmann distribution:

p|α>

p|β>

= e−ℏγB0/kBT , (6.2)

where γ is the gyromagnetic ratio of the nucleus, B0 is the strength of the applied static
magnetic field, kB is the Boltzmann constant, and T is the absolute temperature. With
this, the net polarization becomes:

P = tanh
(︄
ℏγB0

2kBT

)︄
. (6.3)

Under thermal equilibrium conditions, the polarization depends on the strength of the
applied magnetic field, the temperature, and the gyromagnetic ratio of the nucleus. At
room temperature in the magnetic fields of modern high-resolution NMR spectrometers,
the thermal polarization of proton spins is typically on the order of 10−4 to 10−5, and
even lower for nuclei with smaller gyromagnetic ratios.

Since the observable NMR signal intensity is directly proportional to this net spin
polarization, the small population imbalance imposed by thermal equilibrium constitutes
a fundamental sensitivity bottleneck.

Within the constraints of thermal equilibrium, numerous strategies have been devel-
oped to improve the signal-to-noise ratio (SNR) in magnetic resonance experiments. A
major conceptual advance was the introduction of pulsed Fourier-transform NMR, which
exploits the multiplex advantage to enable more efficient signal averaging. Further im-
provements have been achieved through technological developments in radiofrequency
detection, including the design of more efficient inductive probes, detector miniaturiza-
tion, and systematic noise reduction by means of cryogenic cooling of probes and signal
preamplifiers. These approaches act primarily on the detection side of the experiment,
enhancing sensitivity by reducing electronic noise rather than by increasing the intrinsic
nuclear magnetization.

In parallel, general strategies aimed at increasing the equilibrium spin polarization
itself have also been pursued. Because thermal polarization scales inversely with temper-
ature and linearly with magnetic field strength, both sample cooling and stronger static
magnetic fields increase the net equilibrium magnetization. The benefit to detection is
even more pronounced, as the signal-to-noise ratio scales superlinearly with field strength
(approximately as B3/2

0 to B2
0), owing to the additional dependence of the induced signal

on the nuclear precession frequency. In practice, however, these approaches are subject
to significant limitations. Substantial sample cooling is not always compatible with the
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system under investigation or the desired experimental conditions, while the develop-
ment of NMR magnets with ever-increasing field strength follows a slow, technologically
demanding, and economically costly trajectory.

As a result, although these technological and methodological advances have played a
crucial role in extending the applicability of NMR spectroscopy, further progress along
these lines is expected to be incremental. Achieving substantial additional sensitivity
gains therefore calls for fundamentally different approaches that circumvent the limita-
tions imposed by thermal equilibrium polarization.

6.2 Defining Hyperpolarization
In Chapter 2, it was noted that spin polarization, defined by an imbalance in the pop-
ulations of nuclear spin energy levels, produces a net longitudinal magnetization in an
external magnetic field, which constitutes the source of the detectable NMR signal upon
radiofrequency excitation [75, 72].

From a mathematical perspective, a spin system is said to be polarised when the den-
sity operator ρ describing its quantum state is anisotropic, meaning that it is not invariant
under rotations of the reference coordinate frame. The magnitude of the polarization is
therefore determined by the extent of this anisotropy. For an ensemble of isolated spin-1

2
nuclei, the density operator can be conveniently expanded as follows:

ρ =
1∑︂

λ=0

λ∑︂
µ=−λ

ρλµ Tλµ, (6.4)

where Tλµ denote irreducible spherical tensor operators, and ρλµ are the corresponding
expansion coefficients. The rank-0 coefficient represents the isotropic part of the density
operator, while the rank-1 coefficients are directly related to the longitudinal polarization
and therefore to the net magnetization along the direction of the external magnetic field.

Polarization can be quantified through a spin order parameter defined in terms of the
von Neumann entropy of the spin system. Such parameter measures the deviation of the
system from a maximally disordered state: it vanishes when the entropy is maximal and
approaches unity as the system tends toward a pure quantum state:

SO = Smax
vN − SvN

Smax
vN

, (6.5)

where the von Neumann entropy SvN is given by

SvN = −Tr{ρ ln ρ}, (6.6)

with ρ denoting the density operator. The maximum entropy,

Smax
vN = lnNH, (6.7)

corresponds to a completely mixed state with equal populations of the NH quantum states
and no coherences.

The von Neumann entropy can be used to formulate a general criterion for hyperpo-
larization. For a spin system in thermal equilibrium with an environment at temperature
T , the von Neumann entropy is given by

Seq
vN(T ) = −Tr{ρeq(T ) ln ρeq(T )}, (6.8)
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where ρeq(T ) denotes the thermal equilibrium density operator.
On this basis, a system is defined as hyperpolarised if its von Neumann entropy

satisfies
SvN < Seq

vN(T ), (6.9)

where T is the temperature of the surrounding environment.
This entropy-based criterion defines hyperpolarization independently of explicit pop-

ulation differences or the presence of a net magnetic moment along a specific spatial
direction.

While the entropy-based criterion provides a general and formally rigorous definition
of hyperpolarization, a more qualitative and operational definition can be given by con-
sidering the practical motivation underlying spin hyperpolarization techniques. These
approaches are primarily driven by the substantial signal enhancements they can provide
in nuclear magnetic resonance experiments, particularly in situations where sensitivity is
a limiting factor.

Accordingly, for an ensemble of isolated spin-1
2 nuclei, a hyperpolarised nuclear spin

system can be defined operationally as a system prepared out of thermal equilibrium such
that the resulting NMR signal intensity exceeds that obtained under thermal conditions.
This requirement can be expressed by the condition |phyp| > |ptherm|.

The magnitude of enhancement required for effective application depends on the spe-
cific experimental context. Nevertheless, a commonly adopted operational criterion is
that the increase in polarization, |phyp| − ptherm, exceeds the thermal equilibrium polar-
ization ptherm, with ptherm > 0. Under this condition, hyperpolarization results in at least
a twofold enhancement of the NMR signal intensity relative to thermal equilibrium.

6.3 Hyperpolarization techniques
Several hyperpolarization strategies have been developed, including dynamic nuclear po-
larization (DNP) [63], parahydrogen-induced polarization (PHIP) [64], signal amplifica-
tion by reversible exchange (SABRE) [65], and photochemically induced dynamic nu-
clear polarization (photo-CIDNP) [66, 67]. Dynamic nuclear polarization transfers high
electron spin polarization from unpaired electrons to the target nuclei via microwave ir-
radiation. The primary advantages of this approach include exceptionally high signal
enhancements, often exceeding 10,000-fold. It is also a very general technique applicable
to a vast array of molecules without requiring specific functional groups. However, DNP
requires highly specialized equipment operating at ultra-low temperatures.

Parahydrogen-induced polarization is able to provide very high signal enhancements
while being operationally much simpler and cheaper than DNP, bypassing the need for
extreme cryogenic temperatures. On the other hand, since, it relies on the incorporation
of parahydrogen into a target molecule via a catalytic hydrogenation reaction, PHIP
requires a permanent chemical modification of the target molecule.

Signal amplification by reversible exchange represents an of parahydrogen-based hy-
perpolarization. It utilizes an organometallic catalyst that transiently and reversibly
binds both parahydrogen and the target molecule. Similar to PHIP, SABRE is fast, cost-
effective, and operates directly in the liquid state. The main limitations revolve around
its heavy dependence on the chemical structure of the target. Additionally, the presence
of the required metal catalyst in the final solution can complicate biological applications.
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Photochemically induced dynamic nuclear polarization relies on the generation of
transient radical pairs upon laser illumination of a photosensitizer dye. While exhibiting
lower signal enhancements compared to other hyperpolarization methods, photo-CIDNP
NMR offers several advantageous features. Its operational complexity is comparatively
low, as polarization is triggered simply by illuminating the sample within the cryoprobe.
Moreover, the experiment can be performed in aqueous solution at room temperature,
without chemical modification of the protein, and is compatible with low micromolar
concentrations of both ligand and protein (down to 5 µM of ligand and 2 µM of tar-
get). The experiment requires only a few seconds, as sufficient signal-to-noise ratio can
often be achieved within a single scan. Its primary limitations are its modest absolute
enhancement factors compared to other methods and its strict specificity, as it generally
requires specific aromatic side chains (such as tryptophan or tyrosine). Projections sug-
gest that approximately 25–30% of biologically significant small molecules are amenable
to this technique. Consequently, this inherent specificity enforces a structural bias when
compiling fragment screening libraries. Despite this restriction, recent evaluations of
optimal chemical spaces for fragment-based screening demonstrate that a high degree
of functional group variation can effectively offset a narrow range of core scaffolds [11].
Importantly, it has been established that introducing such functional variety merely mod-
ulates the photo-CIDNP signal without extinguishing the underlying hyperpolarization
activity. In the following sections we will illustrate the quantum mechanical basis of the
photo-CIDNP effect.

6.4 Quantum Mechanical Description of Photo-CIDNP
effect

Radical pairs are the fundamental intermediates responsible for the chemically induced
dynamic nuclear polarization (CIDNP) effect observed in NMR spectroscopy. A radical
pair consists of two radicals, molecular species each possessing an unpaired electron,
making them inherently paramagnetic, that are generated simultaneously and remain
in close spatial proximity in solution. The unpaired electrons of the two radicals are
quantum-mechanically correlated, meaning their spins are coupled in either a singlet or
triplet spin state. This correlation has profound consequences for how these species evolve
and recombine during chemical reactions.

When NMR spectroscopy is applied to monitor free radical reactions in solution, the
resulting spectra can exhibit non-Boltzmann nuclear spin populations, leading either to
opposite-sign components within a scalar-coupled multiplet, where some lines appear
in absorption and others in emission (multiplet effect), or to uniform enhancement or
inversion of an entire resonance (net effect). These enhancements arise because the
nuclear spin state of magnetic nuclei can modulate the electronic spin dynamics of the
radical pair through hyperfine interactions. In essence, the spin state of a nucleus can
influence whether the radical pair reacts via the singlet or triplet pathway, thereby altering
chemical yields and spin polarization.

The first observations of anomalously strong emissive NMR signals were reported by
Bargon et al. [116] during their investigation of the thermally induced decomposition of
dibenzoyl peroxide (DBPO) in solution. Nearly simultaneously, Ward and Lawler inde-
pendently documented the same striking phenomenon [117]. Initially termed chemically
induced dynamic nuclear polarization (CIDNP), this effect was first interpreted through



CHAPTER 6. IMPROVING SENSITIVITY: PHOTO-CIDNP NMR 84

theories invoking the Overhauser mechanism and dynamic nuclear polarization, which
emphasized cross-relaxation between electron and nuclear spins.

However, these early models failed to account for the magnitude of signal enhance-
ments, often orders of magnitude beyond thermal equilibrium, and the coexistence of
absorption and emission phases within the same nuclear resonance multiplet. Only sub-
sequent theoretical frameworks based on the Radical Pair Mechanism (RPM), developed
by Closs [118] and Kaptein [119], successfully explained these observations.

In the radical pair model, correlated radical pairs generated during the reaction
undergo singlet-triplet intersystem crossing driven by hyperfine interactions and exter-
nal magnetic fields. This interplay between nuclear and electronic spins leads to non-
Boltzmann nuclear spin populations that manifest as net emission or enhanced absorption
in the recombination or escape products. This breakthrough not only rationalized the
characteristic phase patterns (Absorption/Emission rules) but also established CIDNP
as a premier tool for probing radical reaction mechanisms, spin dynamics, and radical
lifetimes in real time, offering deep insights into transient reactive intermediates, electron
transfer processes, and detailed kinetic information often inaccessible by conventional
NMR or optical spectroscopy.

6.4.1 Radical Pair Mechanism
Radical species emerge as correlated pairs when generated from non-radical precursors,
typically in the singlet spin state characteristic of thermal reactions, or in the triplet
state prevalent during photochemical excitations, and they recombine in pairs to yield
non-radical products in the singlet configuration. This phenomenon appears to contradict
the fundamental rule of spin conservation in elementary reactions, which dictates that
triplet reactants can only produce triplet products, while singlet reactants yield singlet
products. However, the formation of products exhibiting a spin multiplicity different
from that of the initial reactants clearly demonstrates that intersystem crossing occurred
within the reaction pathway. The radical pair mechanism provides one of the simplest
explanations for this process, involving just three key elements: the initial reactants,
a single intermediate (the radical pair) that experiences intersystem crossing, and the
resulting products.

The radical pair mechanism is enabled by two key interactions: Zeeman interactions,
characterized by the g-factors of the radicals, and hyperfine couplings, characterized by
coupling constants a. The hyperfine interactions couple nuclear spins to the radical
electrons, making the intersystem crossing (isc) rate strongly dependent on the specific
nuclear spin configurations present in radicals R1 and R2. Certain nuclear spin states ac-
celerate isc significantly (fast configurations), while others retard it (slow configurations).

If we consider radical pairs generated via the triplet channel, those containing fast isc
nuclear spins preferentially convert to the singlet state, and the corresponding nuclear
spins will be overrepresented in singlet pairs and underrepresented in the triplet pairs.
Conversely, slow isc spins remain predominantly represented in the triplet pairs. This
process constitutes effectively a nuclear spin sorting between the singlet and triplet states.

These nuclear spin population imbalances are preserved when radical pairs recombine
into observable products, manifesting as dramatic NMR signal enhancements. Specif-
ically, for any NMR transition connecting two nuclear spin states, overpopulation of
the lower-energy spin state produces enhanced absorption, while overpopulation of the
higher-energy spin state generates emission (negative amplitude signal).
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Figure 6.1: Comparison between the standard 1H NMR spectrum and the corresponding
photo-CIDNP NMR spectrum for one of the small molecules in the screening dataset
(see Section 7.2.1). The upper panel shows the full spectral region, while the lower panel
displays a magnified view (inset) of a selected region of the same spectrum to highlight
the differences between dark and illuminated conditions.

Crucially, no actual nuclear spin flips occur during this mechanism, only selective
sorting between states. This sorting is bidirectional: regardless of direction (diagonal
routes: triplet → singlet or singlet → triplet), fast isc spins always enrich the product
formed from the opposite state. Vertical routes (same-multiplicity: singlet → singlet or
triplet → triplet) produce exactly opposite polarizations with respect to diagonal routes.

Overall, the radical pair mechanism responsible for CIDNP relies on three essential
conditions: (i) the formation of radical pairs with a dominant electron spin multiplicity,
(ii) nuclear-spin–dependent intersystem crossing between spin states, and (iii) unequal
reaction rates for the competing recombination pathways.
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6.4.2 The Spin Hamiltonian of a Radical Pair

The spin dynamics of a radical pair are described by the spin Hamiltonian Ĥ, which can
be decomposed into three contributions,

Ĥ = Ĥz + Ĥhf + ĤJ , (6.10)

where Ĥz represents the Zeeman interaction of the unpaired electrons with the external
magnetic field, Ĥhf describes the hyperfine interactions between the electron and nuclear
spins, and ĤJ accounts for the exchange interaction between the two unpaired electrons.
In solution, the radical pair undergoes rapid rotational diffusion and translational motion,
such that the associated spin interactions can be treated as fully isotropic and therefore
independent of spatial orientation or molecular alignment.

The magnitude of the Zeeman interaction between the electronic spins and the applied
magnetic field B0 is given by:

Ĥz = (g1Ŝ1z + g2Ŝ2z)B0
µB

ℏ
, (6.11)

where gi is the isotropic g-factor of radical Ri, Ŝiz is the z-component of the electron spin
operator on radical Ri, and µB is the Bohr magneton.

The CIDNP effect arises from hyperfine interactions between the spin angular mo-
menta of the unpaired electrons (Ŝ) and the nuclei (Î) within each radical:

Ĥhf =
∑︂

i

aiÎi · Ŝ1 +
∑︂

j

aj Îj · Ŝ2 (6.12)

where ai and aj are the isotropic hyperfine coupling constants between nucleus i in radical
R1 and nucleus j in radical R2 due to the Fermi contact interaction.

Depending on the overlap of the orbital wavefunctions, the two unpaired electrons in
the spin-correlated radical pair may also experience an exchange interaction, described
by the Hamiltonian term:

ĤJ = −J(r)
(︃1

2 + Ŝ1 · Ĥ2

)︃
. (6.13)

The distance dependent J(r) function characterizes the strength of the interaction: it is
generally assumed to decay exponentially and to be negligible beyond 1nm.

When the radicals of a pair are in close contact, the exchange interaction dominates
the spin Hamiltonian and renders the two unpaired electrons indistinguishable. In this
regime, product spin states such as |αβ⟩ are inadmissible because they do not possess a
definite symmetry under particle exchange and therefore violate the Pauli principle (see
Appendix). The appropriate eigenstates are instead the singlet and triplet states, which
diagonalize the Hamiltonian and have well-defined fermionic symmetry, antisymmetric
for the singlet state and symmetric for the triplet state:

|S⟩ = 1√
2

(|α1β2⟩ − |β1α2⟩) (6.14)

|T−⟩ = |β1β2⟩; |T0⟩ = 1√
2

(|α1β2⟩ + |β1α2⟩); |T+⟩ = |α1α2⟩ (6.15)

(6.16)
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Using the singlet and triplet spin states as a basis for the two-electron spin manifold,
the Hamiltonian can be expressed in matrix form, with all matrix elements given in
angular frequency units, as

Ĥ =

|T+⟩ |S⟩ |T0⟩ |T−⟩

⟨T+|
⟨S|
⟨T0|
⟨T−|

⎛⎜⎜⎜⎝
ωav − J(r) 0 0 0

0 J(r) ωST0 0
0 ωST0 −J(r) 0
0 0 0 −ωav − J(r)

⎞⎟⎟⎟⎠ (6.17)

where ωav = 1/2(ω1 +ω2) and ωST0 = 1/2(ω1 −ω2), and ω1 and ω2 are defined as function
of the nuclei magnetic quantum numbers m:

ω1 = g1B0
µB

ℏ
+
∑︂

i

aimi, (6.18)

ω2 = g2B0
µB

ℏ
+
∑︂

j

aimj (6.19)

During the diffusive separation of the radical pair, the electronic spin state evolves
coherently and may be conveniently represented within the reduced two-level subspace
spanned by the singlet |S⟩ and the central triplet |T0⟩ states. Accordingly, at any given
time the spin wavefunction can be written as a linear superposition of |S⟩ and |T0⟩:

|X⟩(t) = cS(t)|S⟩ + cT0(t)|T0⟩, (6.20)

which enables the possibility of intersystem crossing. Suppose that a radical pair is ini-
tially generated, for example, in the |T0⟩ spin state and subsequently undergoes diffusive
separation. During this interval, the electronic spin state evolves under the influence of
the spin Hamiltonian. If, at the time of reencounter, the singlet coefficient cS differs from
zero, the spin wavefunction contains a finite singlet contribution. Upon reencounter, the
exchange interaction becomes effective again and enforces projection of the spin state
onto the eigenstates of the coupled radical pair. Consequently, within an ensemble of
radical pairs, a nonzero fraction will recombine via the singlet channel, indicating that
intersystem crossing has occurred during the diffusive evolution.

Such spin-state conversion is facilitated by the distance-dependent structure of the
spin energy levels: for sufficiently large electron–electron separations, the singlet |S⟩
and central triplet |T0⟩ states become degenerate, enabling efficient coherent mixing. In
contrast, at a characteristic separation a level crossing may occur between |S⟩ and one
of the outer triplet components, |T−⟩ or |T+⟩, depending on the sign of the exchange
interaction.

In the presence of a strong external magnetic field, however, the Zeeman interaction
lifts the degeneracy of the triplet manifold, shifting the T+ and T− states far away in
energy from the singlet. For fields typically exceeding ∼ 0.1 T, this energy separation is
sufficiently large that intersystem crossing involving |T+⟩ or |T−⟩ is effectively suppressed.
Assuming a sufficiently large spatial separation between the two unpaired electrons, co-
herent spin-state interconversion is therefore restricted to the {|S⟩, |T0⟩} subspace. This
singlet–triplet mixing between |S⟩ and |T0⟩ provides the dominant microscopic pathway
for intersystem crossing and underlies the generation of CIDNP in spin-correlated radical
pairs under high-field conditions. At low magnetic field the crossing by |S⟩ ↔ |T±1⟩
becomes possible.
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Figure 6.2: Geometric configuration showing two parallel circular trajectories at z = ±1
and the corresponding vectors connecting the planes.

6.4.3 Vector model
The intersystem crossing mechanism between the singlet S and the T0 triplet sublevel
can be explained in a straightforward and intuitive manner with a vector representation
(Fig. 6.2).In these diagrams, the electron spin associated with each radical is depicted as
a vector arrow. While such a construction is formally appropriate for two distinguishable,
non interacting electron spins, it does not strictly respect the Pauli principle when applied
to the correlated singlet and T0 states. Nevertheless, despite this conceptual inconsistency,
the vector model captures the essential physics and yields correct qualitative conclusions.

In the singlet state the total magnetic moment vanishes, which is represented by two
antiparallel spin vectors of equal magnitude. By contrast, the T0 state is characterized by
a finite magnetic moment whose projection along the external field (z axis) is zero, this
condition is reflected by the relative orientation of the two vectors shown on the right
hand side of Fig. 6.2.

If the two radicals do not interact, their electron spins evolve independently in time
precessing at different angular frequencies ω1 and ω2 (see Eqs. 6.18 and 6.19), unless
the radicals are strictly identical, both in their chemical structure and in the complete
configuration of their coupled nuclear spins. Consequently, when the radical pair is ini-
tially created in the singlet state, the two spin vectors progressively lose their antiparallel
alignment. This dephasing will eventually lead to the formation of the T0 state, then
continued evolution will drive the system back towards the singlet configuration, and
the process repeats. The interconversion between S and T0 therefore corresponds to a
coherent oscillatory dynamics originating from the difference in electron spin precession
frequencies of the two non interacting radicals.

In the high-field regime, where electron and nuclear spin states are separable, the
|S⟩ ↔ |T0⟩ interconversion is described by a well-defined angular frequency ωST0 , which
characterizes the coherent oscillatory mixing between the two spin states and can be
expressed explicitly as follows:

ωST0 = 1
2(ω1 − ω2) = 1

2

(︃
(g1 − g2)B0

µB

ℏ
+
∑︂

i

aimi −
∑︂

j

ajmj

)︃
. (6.21)
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6.4.4 Kaptein’s rule

Figure 6.3: From [120]. Radical pairs form with the spin multiplicity inherited from their
precursors: 1(R•

1R
•
2) from singlet precursors or 3(R•

1R
•
2) from triplet precursors. Singlet

pairs recombine to form singlet products, whereas triplet pairs usually dissociate into
uncorrelated free radicals. Intersystem crossing (isc), driven by g values differences ∆g
and hyperfine coupling constants a, couples the singlet and triplet manifolds, enabling
diagonal pathways such as triplet precursors yielding singlet products. We define a pa-
rameter µ for the entry channels (+1 for triplet, −1 for singlet) and a parameter ϵ for the
exit channels (with reversed assignments). Their product µ · ϵ = +1 identifies diagonal
pathways, while µ · ϵ = −1 marks vertical pathways.

It is possible to derive simple qualitative rules [121] that relate the sign of the observed
nuclear polarizations (positive for absorption and negative for ) to the underlying reaction
mechanism and to the magnetic parameters of the radical pairs. The first step is consid-
ering that, as already mentioned when describing the diagram in Fig. 6.3, there are two
possible pathways from radical pair generation to recombination: vertical or diagonal.
This situation can be characterized by introducing a parameter µ for the entry channel,
with µ = +1 denoting a triplet precursor and µ = −1 a singlet precursor, together with
a parameter ϵ for the exit channel. The latter takes the value ϵ = +1 when product
formation proceeds from singlet radical pairs and ϵ = −1 when it originates from triplet
radical pairs, including cases in which the observed product is formed via intermediate
free radicals. The product µ ϵ is then equal to +1 for pathways that follow a diagonal
connection in the scheme, and to −1 for pathways corresponding to vertical transitions.

To set the connection between the magnetic parameters and the sign of the signal
amplitudes it is convenient to switch to a rotating frame coordinate system with the
average frequency:

ωav = 1
2(ω1 + ω2) = 1

2

(︃
(g1 + g2)B0

µB

ℏ
+
∑︂

i

aimi +
∑︂

j

ajmj

)︃
. (6.22)

If we consider a radical pair with only one observed nucleus of spin 1/2, generated in a
triplet state, we see that In this system, the angular frequencies of the radicals depend
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solely on the ∆g = g1 − g2 and on the nuclear spin state: the Zeeman and hyperfine
contributions reinforce each other for nuclear spin state α but partially cancel for state
β. As a consequence, singlet-products are enriched in α sstate and depleted in β state,
resulting in an enhanced absorptive NMR signal. An emissive signal is obtained if the
sign of either ∆g or the hyperfine coupling constant ai is inverted, but not if both are
inverted simultaneously.

These observations can be formalized in the Kaptein’s rule for the phase Γi of a
CIDNP net effect:

Γ(i) = µ× ϵ× sign(∆g) × sign(ai). (6.23)
Similar argument can be used to derive the Kaptein’s rule for a CIDNP multiplet

effect Γij of two observed nuclei i and j:

Γij = µ× ϵ× sign(ai) × sign(aj) × σij × sign(Jij), (6.24)

where σij is +1 when two nuclei are contained in the same radical and −1 when they are
not, and Jij is the coupling constant between the nuclei. Γij is +1 when the sequence is
emission/absorption (A/E) and −1 when the sequence is absorption/emission (A/E).

Figure 6.4: Using the vector model (projection on the xy plane), this diagram illustrates
the spin evolution of a triplet-born radical pair with one spin-1

2 nucleus (radical 1). The
relative signs of the ∆g and hyperfine coupling determine whether Zeeman and hyperfine
contributions add or cancel, thereby fixing the CIDNP phase in accordance with Kaptein’s
rule.

6.5 Photo-CIDNP for Fragment Screening
Fragment-based drug discovery (FBDD) relies on the detection of weak binders, typically
small molecules below 300 Da with affinities in the µM to mM range, against a protein
target. While NMR is a reference method for this purpose, its inherent low sensitivity de-
mands high sample concentrations and long acquisition times. Photo-chemically induced
dynamic nuclear polarization (photo-CIDNP) addresses this limitation by enhancing the
ligand signal by one to two orders of magnitude, enabling detection at low micromolar
concentrations in a single-scan experiment of a few seconds duration [11, 12].

To enable the detection of ligand signals using photo-CIDNP NMR, the ligand must
participate in a photoinduced radical-pair process. This is typically achieved by introduc-
ing a photosensitizer (PS), a molecular light absorber that is able to modify the course
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Figure 6.5: Using the vector model (projection onto the xy plane), this diagram illustrates
the simplest case of a triplet-born radical pair containing two spin-1

2 nuclei (A and X) in
the same radical, both with positive hyperfine couplings and singlet product formation.
Setting ∆g = 0 simplifies the analysis and yields an E/A multiplet, with emission of the
low-field and absorption of the high-field component of each doublet, assuming aA > aX .

of a photochemical reaction. Upon absorption of a photon, the photosensitizer is pro-
moted to an electronically excited singlet state and, subsequently undergoes intersystem
crossing to a longer-lived triplet state. From this excited configuration, it can engage in
transient electron- or energy-transfer interactions with a nearby ligand (L), resulting in
the formation of a radical pair with initially correlated electron spins:

PS + L ↔ L∗ + PS∗, (6.25)

where the asterisk indicates the hyperpolarised states. These spin correlations provide
the necessary starting condition for spin-selective reaction and recombination pathways,
ultimately leading to the generation of non-Boltzmann nuclear spin populations and to
the enhanced NMR signal intensities characteristic of photo-CIDNP experiments.

When these radical pairs are generated in the presence of an external magnetic field,
their spin-selective recombination pathways are influenced by the nuclear spin configura-
tion. Although the chemical identity of the recombination products is indistinguishable
from that of the initial reactants, the associated nuclear spin populations are redistributed
in a manner that deviates from thermal (Boltzmann) equilibrium.

Eq. 6.25 describes a second-order reaction between the photosensitizer and the lig-
and, since the reaction rate depends on the concentration of both reactants and can be
described by the kinetic law rate = k[PS][L]. However, because the concentration of
the ligand is typically kept in large excess compared to that of the photosensitizer, the
reaction can be treated as pseudo-first-order with respect to the photosensitizer concen-
tration:

L
kcidnp−−−⇀↽−−−

R1
L∗, (6.26)

where kcidnp is the rate associated with radical pair formation within the photo-CIDNP
process, and R1 rate associated with the back relaxation of the hyperpolarised ligand to
thermal equilibrium.

When considering the presence of a protein (P ) which constitutes the binding partner
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of the ligand, the reaction equation becomes:

PL
koff−−⇀↽−−
kon

L
kcidnp−−−⇀↽−−−
R1,L∗

L∗ kon−−⇀↽−−
koff

PL∗ R1,P L∗
−−−−→ PL. (6.27)

A fraction of ligand molecules will bind with the protein forming the intermolecular
protein-ligand complex (PL). Therefore, there will be less free ligands available to pro-
duce radical pairs with the photosensitizer. Moreover, the relaxation rate of the bound
hyperpolarised ligand is higher with respect to the relaxation rate of the free hyperpo-
larised ligand (R1,P L∗ > R1,L∗). This increase is specific to non-equilibrium polarization.
For nuclear spin systems at thermal equilibrium, longitudinal relaxation is governed by
the spectral density function J(ω), whose value at the relevant Larmor frequencies de-
creases with increasing rotational correlation time, that is with slower molecular tumbling.
The expression for the spectral density function is the following [122]:

J(ω) = 2
5

S2τc

1 + (τcω)2 + 2
5

(1 − S)2
(︂

τcτe

τc+τe

)︂
1 +

(︂
τcτe

τc+τe
ω
)︂2 (6.28)

where τc and τe are respectively the rotational and internal correlation times and S is the
order parameter describing the amplitude of internal motions.

By contrast, in non-Boltzmann spin states generated by hyperpolarization, an ad-
ditional contribution to selective longitudinal relaxation arises from the autorelaxation
term of the bound hyperpolarised ligand. This contribution is proportional to the zero-
frequency spectral density J(0), which scales linearly with τc, and thus increases with
increasing tumbling time. This qualitative difference underlies the enhanced sensitivity
of hyperpolarised NMR experiments to binding-induced changes in molecular dynamics.

In fragment-based drug discovery (FBDD), the weak binding affinity of fragment
ligands results in dissociation rates koff that are significantly higher than the rate at
which the ligand relaxes from the hyperpolarised state back to thermal equilibrium in
the bound form R1,P L∗ :

koff >> R1,P L∗ . (6.29)

NMR-based fragment screening typically targets weak to moderate affinity ligands.
Binding affinity describes the strength of the interaction between a biomolecule, such as
a protein or nucleic acid, and a ligand or binding partner. This interaction strength is
most commonly quantified by the equilibrium dissociation constant KD, which provides
a consistent basis for evaluating and comparing bimolecular binding interactions. A
reversible binding reaction can be represented in the kinetic form

P + L
kon−−⇀↽−−
koff

PL, (6.30)

where kon and koff are the association and dissociation rate constants, respectively. At
equilibrium, the forward and reverse rates are equal:

kon[P ][L] = koff[PL], (6.31)

and the equilibrium dissociation constant can be defined as

KD = [P ][L]
[PL] = koff

kon
. (6.32)
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Typical dissociation constants values range from the high µM to low mM range for
weak to moderate affinity ligands. Therefore, assuming typical on-rates kon on the order
of the diffusion limit (109 M−1s−1), and dissociation constants KD in the mM to µM
range typical of FBDD fragments, the corresponding off-rates koff are in the range of
103 to 106 s−1, corresponding to residency times of µs to ms. Since typical longitudinal
relaxation times are in the range of s to high ms, the condition koff ≫ R1,P L∗ is well
satisfied in most cases. Therefore, in this case the equation reduces to:

PL
koff−−⇀↽−−
kon

L
kcidnp−−−⇀↽−−−
R1,eff

L∗, (6.33)

where R1,eff = pR1,L∗ +(1−p)R1,P L∗ is the effective relaxation rate of the hyperpolarised
ligand, which takes into account the contribution from both the free and bound forms, and
p = L

L+P L
is the fraction of free ligand molecules. The exchange equilibrium PL∗ ⇌ L∗

is reached on a timescale much shorter than that of photo-CIDNP polarization and is
therefore assumed to hold at all times. From Eq. 6.33, we can write the equation for the
time evolution of the hyperpolarised ligand due to photo-CIDNP effect:

dL∗

dt
= kcidnpL−R1,effL

∗. (6.34)

Since typical photo-CIDNP signal enhancements of approximately 20 − 50-fold cor-
respond to ligand polarizations in the range of 0.8 − 2.0 %, the resulting hyperpolarised
ligand population (L∗) represents only a small fraction of the total ligand pool. Under
these conditions, the concentration of thermally polarised ligand L can be treated as
effectively constant over the timescale of the experiment. With this assumption, the time
evolution of the hyperpolarised ligand population can be solved analytically, yielding:

L∗(t) = kcidnp

kcidnp +R1,eff

L0(1 − e−(kcidnp+R1,eff )t), (6.35)

where L0 = Lt=0 = L+ L∗ correspond to the initial concentration of the free ligand.
Two limiting regimes can be distinguished for the time evolution of the hyperpolarised

ligand concentration. At short times, a Taylor expansion of the solution yields

L∗(t) t→0−−→ kcidnpL0 t− kcidnp(kcidnp +R1,eff)L0

2 t2 + . . . , (6.36)

indicating an initial linear build-up governed by the photo-CIDNP rate, followed by
curvature arising from relaxation processes. In the long-time limit, that is for time larger
than 1/(kcidnp +R1,eff ),the system approaches a stationary state,

L∗(t) t→∞−−−→ kcidnp

kcidnp +R1,eff
L0, (6.37)

which reflects the balance between continuous polarization transfer and effective longitu-
dinal relaxation.

The simultaneous reduction of the free ligand concentration and the increase of the
effective longitudinal relaxation rate upon binding result in an attenuation of the photo-
CIDNP hyperpolarised signal in the presence of a protein (see Figure 6.6).

Experimentally, this manifests as a decrease in the corresponding NMR peak integrals.
Binding events can therefore be detected by introducing a normalized polarization ratio
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(PR), defined to lie between 0 and 1, where values close to unity indicate the absence
of interaction and values approaching zero correspond to complete binding of the ligand
population:

Polarization Ratio = ΓP L

ΓL

. (6.38)

The peak integrals ΓL and ΓP L are obtained from experiments recorded in the absence
and presence of protein, respectively. In the short-time regime, as follows from the Taylor
expansion of the polarization build-up, L∗(t) t→0−−→ kcidnpL0 t + O(t2), relaxation effects
are negligible and the photo-CIDNP signal is proportional to the concentration of free
ligand. The polarization ratio therefore depends only on the free ligand concentration in
the presence and absence of protein. Since this concentration is governed by the binding
equilibrium, the polarization ratio can be expressed in terms of the dissociation constant
KD and the total ligand and protein concentrations, Ltot and Ptot.

For the equilibrium reaction P + L ⇌ PL, the dissociation constant is defined as

KD = [P][L]
[PL] = (Ltot − PL) (Ptot − PL)

PL
, (6.39)

where in the last term we used the mass conservation Ltot = L+PL and Ptot = P +PL.
Defining the polarization ratio as the normalized bound fraction x = PL/Ltot yields

KD = (Ptot − x)(Ltot − x)
x

, (6.40)

which leads to the quadratic equation

Ltotx
2 − (Ptot + Ltot +KD)x+ PtotLtot = 0. (6.41)

Solving for x provides an explicit expression for the polarization ratio as a function of
the dissociation constant,

PR =
Ltot + Ptot +KD +

√︂
(Ptot + Ltot +KD)2 − 4PtotLtot

2Ltot
, (6.42)

which can be used to extract KD from experimental photo-CIDNP data.
At longer times, relaxation effects become increasingly important and further reduce

the polarization ratio, thereby enhancing the contrast between experiments performed
with and without protein. In practical photo-CIDNP screening experiments, sufficient
signal-to-noise at low micromolar concentrations typically requires illumination times of
several hundred milliseconds. The measurements presented in this work were therefore
carried out in the steady-state regime, which is reached for times exceeding (R1,eff +
kcidnp)−1 and typically lies in the 1–2 s range.
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Figure 6.6: Comparison between the photo-CIDNP 1H NMR spectra of the ligand in
isolation and in the presence of the protein of interest for one of the small molecules in
the screening dataset (see Section 7.2.1). The upper panel shows the full spectral region,
while the lower panel displays a magnified view (inset) highlighting the variations in signal
intensity between the ligand-only and ligand+protein conditions. A clear quenching of
the CIDNP-enhanced signals is observed in the presence of the protein, indicating ligand
binding.



Chapter 7

Detecting ligand-protein binding

7.1 The pipeline
We developed an analytical pipeline combining deep learning and rule-based approaches
to automatically screen relevant binding candidates using 1H NMR spectra. The pipeline
operates through sequential steps, correlating information across different spectral modal-
ities to characterize and assign the observed signals.

7.1.1 The input data
The framework is designed to process two inputs: spectral data and molecular structure
representations. To determine the binding interaction between a ligand and a protein
using photo-CIDNP NMR spectroscopy, it is necessary to acquire at least four spectra
under different experimental conditions. First, photo-CIDNP spectra (hereafter referred
to as the light spectrum, since the sample is illuminated) of the ligand in isolation and of
the ligand in the presence of the protein of interest must be recorded. In typical fragment
screening experiments the protein concentration is kept sufficiently low that the protein
resonances contribute negligibly to the 1H spectrum. As a consequence, ligand signals can
generally be analysed without the need for dedicated suppression of protein resonances.
In addition, to identify photo-CIDNP-active signals, spectra obtained in the absence of
illumination, i.e. standard 1H NMR spectra (hereafter referred to as the dark spectrum),
must also be acquired. By comparing the amplitudes of corresponding resonances in
the light and dark spectra, hyperpolarised signals can be systematically identified. This
amplitude-based detection enables a direct comparison between ligand-only spectra and
spectra acquired in the presence of the protein, thereby providing a consistent criterion
for assessing photo-CIDNP enhancements and their modulation upon ligand–protein in-
teraction. As a result, the minimal dataset required for analysis comprises four spectra:
dark and light spectra for the free ligand, and dark and light spectra for the ligand in
the presence of the protein.

Further experimental flexibility can be introduced by varying the T2 relaxation delays
in order to monitor the evolution of signal intensities (see Fig. 7.1). Extended relaxation
delays increase the sensitivity to binding by enhancing the contrast between the ligand-
only spectrum and the spectrum recorded in the presence of the protein, that is the signal
quenching upon binding is larger. However, longer delays also lead to a reduction in
overall signal-to-noise ratio, making it necessary to find a suitable compromise between

96
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sensitivity to the binding effect and spectral quality. In this context, the developed
framework has been designed to accommodate multiple spectra recorded under a range of
relaxation delays, automatically evaluating the relative noise levels and signal intensities
to determine the most favorable acquisition parameters for downstream quantification of
binding interactions.

One of the key strengths of photo-CIDNP NMR spectroscopy is its ability to provide
atom-level information on binding strength, enabling the generation of an epitope map of
the ligand. Automating this part of the analysis requires assigning each hydrogen atom
in the molecule to its corresponding NMR signal, which in turn requires knowing the
structure of the ligand. This structural information is supplied to the framework as an
SD file in the V2000 molfile format. Each record includes a header and a counts line
indicating the total number of atoms and bonds, followed by an atom block listing all
atoms with their 2D Cartesian coordinates, element types, and optional properties such
as charge or isotope information. A bond block then specifies molecular connectivity,
including bonded atoms, bond orders, and stereochemical annotations.

Figure 7.1: Comparison between the standard 1H NMR spectrum and three photo-CIDNP
spectra acquired with increasing T2 delays for the same ligand. The top panel shows the
full spectral region, while the bottom panel displays an inset highlighting a selected
portion of the spectrum.

7.1.2 Spectral pre-processing
The spectral data require preprocessing prior to automated analysis for quantifying
ligand-protein interactions. The spectral files, provided in Bruker format1, are read to

1At present, this is the only file format supported by the algorithm. Future versions of the software
are planned to include support for additional file formats.
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extract a dictionary containing both acquisition and processing parameters, as well as
the raw free induction decay (FID) signal. The first preprocessing step involves correct-
ing for the digital filter. While Bruker spectrometers apply digital filtering to suppress
high-frequency noise and prevent aliasing, the filtering process introduces a group delay
at the start of the Free Induction Decay (FID). This delay causes severe first-order phase
distortions, making its correction or removal essential for accurate downstream analysis.
Subsequently, the number of data points is doubled via zero-filling, a procedure that
enhances the digital resolution in the frequency domain without altering the intrinsic
spectral information. To further improve the signal-to-noise ratio prior to Fourier trans-
formation, the FID is multiplied by a decaying exponential function, a line-broadening
technique, with a time constant chosen to be inversely proportional to the spectral width.

The correct identification of signals produced by the same ligand atom across different
spectra (recorded at different T2 relaxation delays and for the ligand alone or in the
presence of a protein) is crucial for an accurate quantification of binding strength. In this
respect, it is fundamental to apply the same phase correction to all spectra of a ligand–
protein pair. The phase correction can be optimised automatically. Since the distinctive
trait of an unphased spectrum is the presence of peaks with a dispersive lineshape in the
real spectrum, the algorithms for automatic phasing minimise the occurrence of signals
with negative amplitudes. However, this approach cannot be applied to photo-CIDNP
NMR data, since hyperpolarisation can lead to absorption-mode peaks with negative
amplitudes.

We can nevertheless exploit two additional properties of correctly phased NMR spec-
tra. Compared with the initial Fourier-transformed data, a properly phased spectrum
exhibits spectral features that are smoother and structurally simpler. In general, the sim-
plest representation of a signal corresponds to a form in which its information entropy
is minimized; this motivates the use of a Shannon-type entropy measure as an objective
criterion for phase optimization [76].

Moreover, for a correctly phased spectrum, the real part should contain only absorption-
mode contributions, while the imaginary part should contain only dispersion-mode con-
tributions [123]. Owing to the odd parity of the dispersion lineshape with respect to the
resonance frequency, the integral of the imaginary part vanishes when evaluated over a
spectral window that is symmetric about the resonance. In contrast, an unphased spec-
trum corresponds to a mixture of absorption and dispersion components in both the real
and imaginary channels. This situation can be illustrated explicitly as

Spectrum with phase distortion ϕ(Ω) :
S(Ω) = S0

(︂
cosϕA(Ω) − sinϕD(Ω)

)︂
+ iS0

(︂
cosϕD(Ω) + sinϕA(Ω)

)︂
,∫︂

ppm range
ImS(Ω) dΩ =

∫︂
ppm range

S0
(︂
cosϕD(Ω) + sinϕA(Ω)

)︂
dΩ ̸= 0,

Phase-corrected spectrum:

S(Ω) = S0
(︂
A(Ω) + iD(Ω)

)︂
,∫︂

ppm range
ImS(Ω) dΩ =

∫︂
ppm range

S0D(Ω) dΩ = 0.

(7.1)

It is important to emphasize that neither of these conditions imposes any constraint
on the sign of the spectral peaks; in particular, both absorptive and emissive signals are
compatible with the above criteria.
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On this basis, the automatic phase correction procedure proposed here builds upon
the numerical strategy originally introduced by Ernst [123] and the ACME approach [76].
The optimal phase parameters are obtained by minimizing a cost function with respect
to the zero- and first-order phase angles ϕ0 and ϕ1, composed of two contributions: (i) a
Shannon entropy term computed from the first derivative of the real part of the spectrum,
and (ii) a term enforcing the vanishing integral of the imaginary component. The phased
real and imaginary parts are obtained as

S(ϕ0, ϕ1) = S̃ ei(ϕ0+ϕ1k), (7.2)

where S̃ is the complex spectrum and k is the point index. The objective function is then
defined as

min
ϕ0, ϕ1

E = −
∑︂

i

hi ln hi + P,

hi = |R(1)
i |∑︁

j|R
(1)
j |

,

P = γ

⃓⃓⃓⃓
⃓⃓∑︂

j

Ij

⃓⃓⃓⃓
⃓⃓ ,

(7.3)

whereR(1)
i denotes the first derivative of the real partRi = Re[Si(ϕ0, ϕ1)], Ij = Im[Sj(ϕ0, ϕ1)]

denotes the imaginary component, and γ is a weighting factor.
However, in some cases, finding the optimal phase correction automatically is chal-

lenging. When the buffer used for sample preparation introduces predominant signals,
phase optimisation algorithms tend to phase these dominant resonances correctly while
leaving the weak CIDNP signals poorly phased. Furthermore, the strong buffer peaks can
introduce baseline distortions that additionally complicate automatic phase correction.
In such cases, the algorithm allows manual phase correction. Phase distortions in one-
dimensional NMR spectra arise from several experimental factors that contribute differ-
ently to zero- and first-order phase errors [76]. Zero-order phase misadjustments originate
primarily from a mismatch between the reference phase and the phase of the receiver de-
tection chain. In contrast, first-order phase errors are associated with time delays between
radiofrequency excitation and signal acquisition, as well as with frequency-dependent ef-
fects such as variations in the effective flip angle across the spectral bandwidth and phase
shifts introduced by analog or digital filtering used to suppress out-of-band noise. Since
both zero- and first-order phase distortions are determined by fixed properties of the
experimental setup and acquisition protocol, they remain largely constant across spec-
tra recorded under identical conditions. Consequently, an optimal phase correction can
be obtained by manually phasing a single representative spectrum. The resulting phase
parameters may then be consistently applied to all spectra acquired within the same
screening project, provided that acquisition and processing settings are unchanged.

An alternative strategy to mitigate phasing-related issues is the use of magnitude
spectrum (see Figure 7.2). Magnitude spectra, constructed by taking the modulus of the
complex Fourier-transformed NMR signal, are inherently insensitive to phase errors:

SM(Ω) =
√︂
Re(S(Ω))2 + Im(S(Ω))2 (7.4)
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Figure 7.2: Comparison between the real (phase-sensitive) and magnitude representations
of a 1H NMR spectrum for one of the samples in the screening dataset (see Section 7.2.1).
This representation removes phase distortions that may affect the real spectrum and
facilitates robust downstream spectral analysis.

In contrast to conventionally phased absorption spectra, where imperfect zero-order
or first-order phasing can lead to distorted line shapes, asymmetric peaks, or biased inte-
grals, magnitude spectra eliminate the need for explicit phase correction. As a result, all
resonances appear strictly positive and retain approximately symmetric line shapes, inde-
pendent of residual acquisition or processing imperfections. This property is particularly
advantageous in automated processing pipelines and high-throughput analyses, where
manual phasing is impractical or inconsistent. Moreover, in pattern-recognition applica-
tions [69], such as machine-learning-based spectral classification or database matching,
phase invariance ensures uniform treatment of signals and prevents sign inversions or
phase-dependent distortions, thereby enabling more robust extraction of spectral features
based on peak intensities, integrals, or statistical descriptors.

The use of the magnitude spectrum introduces a non-linearity in the signal represen-
tation, which modifies the statistical properties of the noise [68]. While the noise in the
real part of the spectrum is Gaussian distributed with standard deviation σ, the magni-
tude operation leads to a Rician distribution of the noise in the magnitude spectrum. In
this case, the distribution depends on the ratio M̄/σ, where M denotes the amplitude in
the magnitude spectrum and σ the standard deviation of the Gaussian noise in the real
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channel.
The discrepancy between Gaussian and Rician statistics is particularly pronounced

at low signal-to-noise ratios, especially for A/σ ≤ 1, where A is the signal amplitude
in the real spectrum. In this regime, the magnitude operation introduces a positive
bias and a clear deviation from Gaussian behaviour. However, already at A/σ = 3, the
Rician distribution closely approximates a Gaussian distribution, and the bias becomes
comparatively small.

In baseline regions, where no true signal is present (A = 0), the Rician distribution
reduces to a Rayleigh distribution. In this case, the mean noise level in the magnitude
spectrum is related to the Gaussian standard deviation in the real channel according to

noiseM = σGaussian

√︃
2 − π

2 . (7.5)

This transformation also introduces a positive bias in the amplitude of the magnitude
signal, which becomes particularly relevant at very low signal-to-noise ratios. Even in the
absence of a true signal, the magnitude operation yields a strictly positive expectation
value due to the underlying Rayleigh statistics of the noise. As a consequence, weak
signals may appear artificially enhanced.

A simple post-processing correction can be applied to partially compensate for this
bias. Assuming a Gaussian noise level σ in the real channel, a commonly used approxi-
mation for the bias-corrected magnitude amplitude Â is

Â =

⎧⎨⎩
√
M2 − σ2, M > σ,

0, M ≤ σ,
(7.6)

where M denotes the measured magnitude signal. This correction reduces the positive
bias introduced by the magnitude operation and provides a more accurate estimate of
the underlying true signal amplitude, particularly in the low signal-to-noise regime.

Finally, it is important to note that the linewidth of peaks increases in the magnitude
spectrum as a consequence of the non-linear transformation. Even in the absence of noise,
the magnitude operation modifies the analytical form of the lineshape. For a Lorentzian
signal in the real spectrum, the corresponding magnitude lineshape exhibits a broader
full width at half maximum (FWHM). This broadening can be computed analytically:
for an ideal Lorentzian lineshape, the FWHM in the magnitude spectrum is increased by
a factor of

√
3 compared to the original Lorentzian in the real part. This effect should

be taken into account when comparing linewidths or when defining integration windows
and peak-picking criteria in the magnitude domain.

Following baseline correction, the dark spectra are aligned to their corresponding
light spectra. This alignment step is essential to ensure that signals originating from
the same nuclear sites are consistently matched across different experimental conditions.
Illumination of the sample, which is required to induce the CIDNP effect, results in a
modest temperature increase that causes small but systematic shifts of resonance fre-
quencies relative to standard NMR spectra. These variations are routinely corrected
using linear temperature coefficients (∆δ/∆T ), which model how the dynamic averaging
of the molecule’s conformations and solvent interactions change with thermal energy [124,
125]. To compensate for these shifts, spectral alignment is carried out by computing the
cross-correlation between the dark and light spectra over a range of relative lags:

(f ⋆ g)[τ ] =
∑︂

k

f [k] g[k + τ ], (7.7)
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where f and g denote the dark and light spectra respectively and τ is the lag index. The
lag that maximizes the cross-correlation,

τ ∗ = arg max
τ

(f ⋆ g)[τ ], (7.8)

is selected, and the dark spectrum is subsequently shifted along the frequency axis to
achieve optimal alignment.

7.1.3 Peak picking
After pre-processing, the algorithm proceeds with the identification and characterization
of spectral signals that are hyperpolarised by the photo-CIDNP effect, hereafter referred
to as photo-active signals. This is achieved by detecting both positive and negative
peaks in the dark and light spectra, a step that is naturally omitted when processing
absolute magnitude spectra. Automated peak picking was performed using the nmrglue
Python package [126] to identify signals exceeding an absolute intensity threshold set to
six times the baseline noise level. To ensure robust signal selection and exclude baseline
artefacts, the candidate peaks were subsequently filtered by their topographic prominence,
a measure of a peak’s relative height from its local baseline, with a minimum requirement
set to three times the noise level. Detected peaks are subsequently matched using the
Hungarian assignment algorithm [127].

Peak matching is formulated as a bipartite assignment problem. Let {Pd
i }Nd

i=1 and
{P l

j}
Nl
j=1 denote the sets of peaks identified in the dark and light spectra, respectively.

Each peak P is characterized by its central frequency ω and by a linewidth-defined interval
I = [ω−, ω+], referred to as the peak range. The optimal assignment π minimizes the
total cost

min
π

∑︂
i

Ci,π(i), (7.9)

with pairwise costs defined as

Cij = 1
2

(︄
1 − IoU(Id

i , I l
j) +

|ωd
i − ωl

j|
maxk,l|ωd

k − ωl
l|

)︄
. (7.10)

where IoU(Id
i , I l

j) denotes the Intersection over Union of the corresponding peak
ranges. Peaks are not required to be matched, since the photo-CIDNP effect may render
visible signals that are absent in the dark spectrum. Moreover, some detected peaks
may not originate from the ligand but instead arise from the solvent, sample matrix, or
experimental artefacts.

Following peak matching, photo-activity is determined by comparing peak amplitudes
in the dark and light spectra. For a matched pair of peaks, the i-th peak is classified as
photo-active if

|Al
i| ≥ 2.5 |Ad

i |, (7.11)

where Al
i and Ad

i denote the peak amplitudes in the light and dark spectra, respectively.
A peak detected in the light spectrum that is not matched to any dark peak is classified
as photo-active if

|Al
j| ≥ 3 σ, (7.12)

where σ denotes the estimated noise level of the spectrum.
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The candidate photo-active peaks are subsequently assembled into multiplets using
MuSe Net [52, 83], a probabilistic deep learning framework for the automatic classifica-
tion of splitting patterns (read Chapter 4 and 5). MuSe Net was originally developed
for standard 1H NMR spectra, which exclusively contain signals of positive intensity.
Nevertheless, the model could be successfully applied to photo-CIDNP spectra, which,
owing to hyperfine coupling and g-factor effects, comprise both positive and negative in-
tensity signals. The only adaptation required was to account for the presence of negative
peaks. In practice, this was accomplished by inverting the sign of negative peaks, either
by taking the absolute value of the real part of the spectrum or by using the magnitude
spectrum. Since the output of MuSe Net is a segmentation of the spectral range, the
resulting mask can be directly applied to the original spectrum, allowing the locations of
spectral features to be recovered irrespective of their sign.

This application highlights the robustness and generalization capacity of MuSe Net
beyond its initial design scope. Furthermore, MuSe Net predictions serve not only to
assemble individual hyperpolarised peaks into multiplets, but also to suppress false pos-
itives. Specifically, only those picked peaks that lie within a region predicted by MuSe
Net are retained.

7.1.4 Bayesian signal assignment
We aim to assign the hyperpolarised signals to their corresponding hydrogen atoms. This
step is crucial because the measured signal quenching is not uniform across all spectral
peaks; rather, it depends on the binding strength, which varies according to the atom’s
position within the binding pocket. By identifying which atom gives rise to each signal
and how its intensity changes upon binding, we can infer the binding strength at that
site, ultimately obtaining an epitope map of the ligand.

To achieve automatic assignment, we developed a matching algorithm formulated
within a Bayesian framework. A similar approach has been successfully applied in the
context of solid-state NMR [70], demonstrating the robustness of this methodology for
complex spectral assignments. The algorithm matches two sets of chemical shifts: the
experimental shifts measured from the photo-CIDNP spectra and the predicted shifts
derived from the ligand structure. The predicted chemical shifts are annotated with
the label of the hydrogen atom responsible for each signal. Once a correspondence be-
tween predicted and experimental shifts is established, the label of the predicted shift is
transferred to the matched experimental one, thus completing the assignment.

The prediction of chemical shifts is performed by implementing a Graph Neural Net-
work [128, 71], which takes as input a sparsified graph representation of the bidimensional
structure of the ligand and outputs, for each hydrogen atom, the expected chemical shift
for the 1H NMR spectrum. The details of the network implementation will be presented
in the next section. In the remainder of the present section, we will describe the Bayesian
assignment algorithm under the assumption that the predicted chemical shifts and their
corresponding hydrogen labels are already available.

The goal is to construct a bidirectional partial assignment between the hydrogen atoms
of the ligand and the experimentally observed hyperpolarised signals. Let H denote the
set of non-equivalent hydrogen atoms in the ligand molecule, with cardinality N = |H|,
and let S denote the set of experimentally measured chemical shifts, with cardinality
M = |S|. The objective is to establish a correspondence between a subset of H and a
subset of S.
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The assignment is partial in the sense that not all hydrogen atoms or experimental
signals are necessarily involved, and bidirectional in the sense that each selected hydrogen
atom is associated with at most one experimental chemical shift, and each experimental
shift is associated with at most one hydrogen atom.

This formulation is motivated by two main considerations. First, not all hydrogen
atoms in the ligand give rise to detectable hyperpolarised signals: depending on the ex-
perimental conditions and on their position within the binding pocket, some nuclei may
not exhibit measurable signal enhancement and should therefore remain unassigned. Sec-
ond, some experimentally observed chemical shifts may originate from artefacts or from
spurious hyperpolarised signals introduced during sample preparation or data acquisi-
tion. Such signals do not correspond to any ligand atom and should therefore be left
unassigned.

By explicitly allowing for unassigned atoms and unassigned experimental signals, the
Bayesian formulation avoids enforcing incorrect correspondences and provides a physically
meaningful mapping between the ligand structure and the experimental observations,
which is essential for a reliable interpretation of signal quenching and for the estimation
of binding strength.

From the set of chemical shift predictions, associated uncertainties, and hydrogen
labels {yi, σi, li} provided by the graph neural network, we model the probability of
observing an experimental chemical shift y arising from hydrogen atom li as a Gaussian
distribution centered at the predicted shift ŷi and with standard deviation σi, which
reflects the prediction uncertainty:

pi(y) = 1√
2πσi

exp
[︄
−(y − ŷi)2

2σ2
i

]︄
. (7.13)

To account for experimentally observed signals that do not correspond to any hydrogen
atom in the ligand, we introduce an explicit null-assignment. The probability of observing
a chemical shift that is not associated with any predicted hydrogen is defined as a constant
penalty,

pnone = exp(−λ), (7.14)

where λ = 9/2 is chosen to correspond to a 3σ threshold of the Gaussian model. With
this choice, assigning a signal to the null hypothesis carries the same likelihood cost as
assigning it to a predicted shift lying three standard deviations away from the observation.

On the basis of the above definitions, a score matrix is constructed to represent the
likelihood associated with each potential pairing between predicted and experimental
chemical shifts. Rows and columns whose entries do not exceed the null-assignment
probability pnone are discarded, as they indicate predicted nuclei or experimental signals
for which assignment is less probable than non-assignment.

Given the vector of experimentally observed chemical shifts y = {yj}, the probability
that an observed shift yj originates from hydrogen atom i, or from no hydrogen atom
(i = none), is obtained by normalizing the corresponding likelihoods:

p(yj | i) = pi(yj)∑︁
k pk(yj) + pnone

. (7.15)

An assignment a is defined as a vector specifying the correspondence between hy-
drogen nuclei in the molecule and the experimentally observed chemical shifts. For each
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hydrogen nucleus i, the entry ai = j indicates that nucleus i is assigned to the experimen-
tal shift yj, while ai = none denotes that nucleus i is not associated with any observed
signal.

Given an assignment a, the likelihood of observing the full vector of experimental
chemical shifts y is expressed as the product of the individual assignment probabilities,

p(y | a) =
∏︂

i

p(yai
| i), (7.16)

where p(yai
| i) is defined by the probabilistic model introduced above.

Application of Bayes’ theorem yields the posterior probability of an assignment a
given the observed vector of chemical shifts y:

p(a|y) = p(y|a)p(a)
p(y) = p(y|a)p(a)∑︁

a′ p(y|a′)p(a′) (7.17)

where p(a) is a prior distribution over assignments, which we assume to be uniform
for all valid assignments. An assignment is considered valid if it satisfies the bidirectional
partial assignment constraints outlined above; otherwise, its prior probability is set to
zero. To guide the assignment it is possible to include additional physical-chemical knowl-
edge into the prior distribution. In the present case we know that with photo-CIDNP
NMR hydrogens attached to heteroatoms (e.g., OH, NH, SH) do not show any hyperpo-
larization. Therefore, we set the prior probability of assigning any experimental shift to
such hydrogens to zero.

The posterior distribution p(a | y) is defined over the space of assignments between n
labels, corresponding to individual nuclei or groups of chemically equivalent nuclei, and m
experimentally observed spectral signals. No assumption is made on the relative values of
n and m. Under the bidirectional partial assignment constraints introduced above, each
label can be assigned to at most one signal, while up to m signals may remain unassigned.
The total number of valid assignments consistent with these constraints is given by

min(n,m)∑︂
k=0

(︄
n

k

)︄(︄
m

k

)︄
k!, (7.18)

where k denotes the number of assigned label–signal pairs,
(︂

n
k

)︂
selects which k labels are

assigned,
(︂

m
k

)︂
selects which k signals receive an assignment, and k! counts the number of

bijections between the two chosen sets. The remaining n−k labels and m−k signals are
left unassigned. This quantity increases combinatorially with n and m, making exhaustive
enumeration of all assignments rapidly intractable for realistic spectra. For typical photo-
CIDNP fragment screening spectra, n and m are on the order of 5 to 20, yielding a number
of valid assignments on the order of 104 to 1010.

To control this combinatorial growth while preserving the Bayesian formulation, global
assignment generation is preceded by a pruning step. Only atom–shift pairings with suffi-
ciently large posterior probability are retained. Specifically, for each nucleus, a candidate
shift is kept only if its assignment probability exceeds a fraction 1/pcutoff of the most
probable shift for that nucleus. Since only predicted and experimental shifts that are
spectrally close to one another have non-negligible assignment probability, this pruning
naturally divides the global assignment problem across the full spectrum into a set of
local subproblems, each involving only a small group of predicted and experimental shifts
that are in close spectral proximity. In practice, each such local subproblem contains well
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below ten signals, typically between two and five, making exhaustive enumeration within
each subset computationally feasible.

The cutoff factor pcutoff is treated as a tunable parameter and was found empirically
to perform best when set to 1000 for the large majority of cases considered in this work.

Eq. (7.17) assigns a unique probability to each possible assignment of the measured
chemical shift vector y to the set of atomic environments. This probability provides
the appropriate probabilistic metric for comparing different global assignments. A more
concise and interpretable quantity is the marginal probability that atom i is associated
with shift j. This quantity is obtained by summing over all assignments a that contain
the specific pairing ai = j:

p(ai = j | y) =
∑︁

a δai,jp(a | y)∑︁
a p(a | y) . (7.19)

7.1.5 Chemical shift prediction with Graph Neural Network
The aim is to predict proton chemical shifts in order to obtain a set of reference values
against which the experimentally observed signals can be matched, thereby enabling
automated signal assignment. The Larmor frequency of a nucleus in NMR spectroscopy
is determined by its surrounding electronic environment. Within a molecule, the local
magnetic field experienced by each nucleus differs from the externally applied field: in
some regions it is enhanced, while in others it is reduced due to the circulation of electrons.
The precession frequency of each nucleus is therefore proportional to the locally modified
magnetic field generated by the valence and bonding electrons. As a result, the Larmor
frequency varies from one atomic site to another, depending on both the position of
the nucleus within the molecular structure and the details of the electronic distribution.
Therefore, any reliable prediction of chemical shifts must be grounded in an accurate
representation of the molecular structure, since the arrangement of atoms and the nature
of their bonding directly determine the electronic environment surrounding each nucleus.

Molecular structural information can be expressed in a natural and intuitive way
through a graph-based representation, where atoms correspond to nodes and bonds to
edges. This approach effectively preserves the intrinsic connectivity and topology of
the molecule, providing a flexible and informative framework for describing its internal
relationships. Graph neural networks have already demonstrated strong performance in
accurately predicting a wide range of molecular and chemical properties. [129]

We represent each molecule as an undirected graph G = (V,E), where V and E denote
the set of nodes and the set of edges, respectively. The molecular structure is embedded
into a sparse representation where only heavy atoms (see Tab.7.1) are represented as
nodes in the network. Hydrogen atoms are treated implicitly and incorporated into the
node features of their adjacent heavy atom. This simplification significantly reduces the
size of the graph, lowering computational costs and memory requirements, while still
capturing the necessary information, as hydrogen atoms bonded to the same heavy atom
are symmetric within the molecular topology. On the other hand, edges are included only
between nodes that correspond to atoms directly connected by a chemical bond.

Each node and edge in the molecular graph is associated with a corresponding feature
vector (see Tab.7.1) that encodes relevant chemical information. The node feature vector
vi ∈ V describes the properties of the i-th heavy atom, encompassing its atom type,
formal charge, degree, hybridisation state, implicit valence, and the number of attached
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hydrogen atoms. It also includes stereochemical and electronic characteristics, such as
chirality, electron-donating or -accepting behaviour, aromaticity, and ring membership,
as well as the number of rings to which the atom belongs for each ring size. Similarly,
the edge feature vector ei,j ∈ E encodes the properties of the chemical bond connecting
the i-th and j-th heavy atoms. These features capture the bond type, stereochemistry,
conjugation, and whether the bond is part of a ring structure.

Table 7.1: Node and Edge Features for Sparse Molecular Graph Representation

Category Feature Type Dim Values

Node Features Atom Type 33 H, Li, B, C, N, O, F, Na,
Mg, Al, Si, P, S, Cl, K, Ti,
Zn, Ge, As, Se, Br, Pd, Ag,
Sn, Sb, Te, I, Hg, Tl, Pb,
Bi, Ga, Pt

Formal Charge 6 1, 2, 3, -1, -2, -3
Atom Degree 8 1, 2, 3, 4, 5, 6, 7, 8
Hybridization 5 SP, SP2, SP3, SP3D,

SP3D2
Total Hydrogens 4 1, 2, 3, 4
Total Valence 8 1, 2, 3, 4, 5, 6, 7, 8
Donor/Acceptor 2 donor, acceptor
Chirality 2 CW, CCW
Ring Sizes 6 3, 4, 5, 6, 7, 8
Aromaticity/Ring 2 is_aromatic, is_in_ring
Total 76

Edge Features Bond Type 5 single, double, triple, aro-
matic, dative

Stereochemistry 2 cis, trans
Ring/Conjugation 2 in_ring, is_conjugated
Total 9

The nodes corresponding to heavy atoms bonded to hydrogen nuclei are annotated
with the chemical shifts of the adjacent protons; these nodes constitute only a subset of the
total set of nodes in the molecular graph. The label set can be defined as Y = {yi | vi ∈ Va}
where Va ⊂ V represents the subset of nodes for which chemical shift annotations are
available.

We implemented a message-passing neural network based on a path-augmented graph
transformer architecture [71, 130, 131], designed to operate on molecular graphs and to
perform node-level regression by learning context-aware atomic representations. The mes-
sage passing function proceeds iteratively, progressively refining each node’s embedding
by aggregating and updating information obtained from neighboring nodes in the graph.
Each input node vector vi ∈ V is mapped into M distinct node representations through
a set of embedding functions ϕm, yielding the embeddings h(0),1

i , . . . ,h(0),M
i , as follows:

h(0),m
i = ϕm(vi), m = 1, . . . ,M, (7.20)

where each ϕm is parametrized as a single linear layer followed by a ReLU activation.
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At the l-th message-passing step, the node embeddings are updated via a self-attention
mechanism that assigns learned attention coefficients to neighboring nodes. This mech-
anism allows the model to weight contributions from different neighbors and to capture
complementary relational patterns within the embedding space. The unnormalized at-
tention scores are computed as

s
(l),m
i,j = ψ(l)

(︂
h(l−1),m

i ,h(l−1),m
j , ei,j

)︂
, for (i, j) ∈ E, (7.21)

α
(l),m
i,j =

exp
(︂
s

(l),m
i,j

)︂
∑︁

k∈N (i) exp
(︂
s

(l),m
i,k

)︂ , (7.22)

where ψ(l) is a feedforward neural network parametrized as a sequence of linear transfor-
mations applied to the source node, destination node, and edge features, followed by a
ReLU activation and a final linear projection to a scalar.

At the l-th message-passing step, the node embedding is obtained by combining a
transformed version of the previous-layer embedding with an attention-weighted aggre-
gation of neighboring node and edge features, together with a residual contribution from
the initial embedding. The update rule is given by

h(l),m
i = ReLU

⎛⎝h(0),m
i + W(l)

n h(l−1),m
i +

∑︂
j∈N (i)

α
(l),m
i,j

(︂
M(l)

d h(l−1),m
j + M(l)

e ei,j

)︂⎞⎠ , (7.23)

where α(l),m
i,j denotes the attention coefficient associated with edge (i, j), and W(l)

n , M(l)
d ,

and M(l)
e are trainable linear transformations. The explicit addition of the initial embed-

ding h(0),m
i introduces a residual connection that propagates low-level node information

to all subsequent layers, stabilizing training and enabling deeper message passing while
mitigating over-smoothing.

After L successive message-passing steps, the node embeddings have been iteratively
refined to incorporate information from increasingly larger graph neighborhoods. The
final node representation is then obtained by aggregating the M head-specific embeddings
through averaging, yielding

h(L)
i = 1

M

M∑︂
m=1

h(L),m
i . (7.24)

The predicted chemical shift associated with the i-th node is obtained via a node-level
readout function rn, implemented as a feedforward neural network that maps the learned
node representation to a scalar output. The node-level readout incorporates also a graph-
level embedding g that produces a compact, permutation-invariant representation of the
molecular graph, so that the model can complement local atomic information with global
structural context. The node- and graph-level readout operations are defined as

ŷi = rn

(︂
h(L)

i ,vi,g
)︂
, (7.25)

g = rg

(︂{︂
(h(L)

i ,vi) | vi ∈ V
}︂)︂
, (7.26)

where ŷi denotes the predicted output for node i, h(L)
i denotes the final hidden represen-

tation of node i after L message-passing layers, vi represents the original node features,
and g is the graph-level context embedding.

The training datasetD = {(Gt, Yt)}N
t=1 is constructed from the NMRShiftDB2 database [132,

133] by processing N molecular entries with the RDKit Python library [134]. For each
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molecule, the corresponding molecular graph Gt = (Vt, Et) is generated by extracting
node- and edge-level features in the required graph representation and pairing them with
the associated chemical shift labels Yt. To reduce the influence of potentially incorrect
or inconsistent chemical shift assignments present in the database, we aggregated all
available reference chemical shifts corresponding to each hydrogen nucleus and used their
median value as the target label in the analysis.

The loss function which is optimized during training is defined as

J = 1∑︁N
t=1|V a

t |

N∑︂
t=1

L
(︂
Yt, Ŷt

)︂
, (7.27)

L
(︂
Yt, Ŷt

)︂
=

∑︂
i : vi∈V a

t

|yi − ŷi| , (7.28)

where V a
t ⊆ Vt denotes the subset of NMR-active nodes corresponding to hydrogen nuclei

in graph Gt, yi and ŷi are the reference and predicted chemical shifts associated with node
i, respectively, and L computes the total node-wise absolute deviation over the ground
truth values.

7.1.6 Binding strength estimates
At this stage of the automatic processing algorithm, the hyperpolarised signals have been
detected and assigned to the specific ligand atoms responsible for their generation. This
assignment is first performed on the ligand-only spectrum and subsequently transferred
to the spectrum acquired in the presence of the protein, using the multiplet ranges pre-
dicted by MuSe Net. Establishing a consistent atom–signal correspondence across the two
experimental conditions enables a direct, signal-wise comparison of spectral amplitudes.

Differences in signal amplitude reflect changes in the local magnetic environment
experienced by the ligand nuclei, which may arise upon interaction with the protein.
In particular, ligand binding can alter the efficiency of radical pair formation and spin
dynamics underlying the hyperpolarization mechanism, thereby reducing the observed
signal intensities. These amplitude variations form the basis for identifying binding-
related effects and for selecting ligand atoms that are most strongly involved in the
interaction.

To quantify this effect, we compute the binding contrast [135] that characterizes the
amplitude differences between the two spectra:

Cbind = 1 − ΓL+P

ΓL

, (7.29)

where Γ denotes the integral of a specific signal in the NMR spectrum, reflecting the
overall intensity of that resonance. The ratio ΓL+P

ΓL
expresses the relative change in the

integrated signal intensity between the ligand in the presence of the protein, ΓL+P , and
the ligand-only spectrum, ΓL. By construction, Cbind = 0 indicates no binding, as the
signal intensity is unaffected by the presence of the protein, while Cbind = 1 corresponds
to complete quenching of the hyperpolarised signal, indicating strong binding. In this
formulation, Cbind serves as a signal-wise descriptor that quantifies the extent to which the
spectral amplitude is quenched upon ligand–protein complex formation, providing insight
into how strongly each atom of the ligand interacts with the surrounding environment
within the protein’s binding pocket.
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For effective application of photo-CIDNP in fragment screening, it is essential to
maximize the binding contrast between ligand signals. Introducing a relaxation delay
in the experimental pulse sequence enhances this contrast by exploiting differences in
relaxation behavior between bound and unbound ligand states.

Within this framework, it is possible to define a quantitative measure, referred to as
the ligand score [13], which is proportional to the contribution of the protein to the overall
relaxation process. This quantity reflects how the presence of the protein modulates the
relaxation behavior of the ligand. In particular, the transverse relaxation rate R2 of the
small molecule in the presence of the protein can be expressed as

R2,+P = pfreeR2,free + pboundR2,bound, (7.30)

where pfree and pbound denote the fractional populations of the ligand in the free and bound
states, respectively, defined as the fraction of ligand molecules occupying each state at
equilibrium, and R2,free and R2,bound are the corresponding transverse relaxation rates in
each state. Under the assumption of a large excess of ligand relative to the protein, such
that pfree ≈ 1, the effective transverse relaxation rate in the presence of protein, denoted
by R2,+P , can be approximated as

R2,+P ≈ R2,free + pboundR2,bound = R2,free +R′
2,bound. (7.31)

The effect of T2 relaxation on the observed peak intensity can, in general, be expressed
by

I(t) = I0e
−R2t, (7.32)

where I0 denotes the peak intensity measured in the absence of a relaxation delay, and
I(t) represents the peak intensity measured after a delay time t. The corresponding
normalized peak intensity as a function of time can thus be expressed as

I(t)
I0

= e−R2t. (7.33)

The ratio of normalized peak intensities acquired at two distinct delay times, t1 and
t2 (e.g. 10 ms and 200 ms), can be related through the following expression:

It2

It1

= e−R2t2

e−R2t1
= e−R2∆t. (7.34)

Finally, the ligand score Q is defined as

Q = It2,+P

It1,+P

It1,free

It2,free

= e−R2,+P ∆t

e−R2,free∆t
= e−(R2,free+R′

2,bound)∆t

e−R2,free∆t
= e−R′

2,bound∆t. (7.35)

To have a measure that is 0 for no ligand-protein interaction and 1 for perfect binding,
we can consider the Qbind:

Qbind = 1 −Q = 1 − ΓL+P

Γ∗
L+P

Γ∗
L

ΓL

, (7.36)

where the asterisk denotes the integral of the corresponding signal measured in the refer-
ence spectrum. In practice, the reference condition is chosen as the experiment acquired
without any relaxation delay.
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An additional advantage of Qbind over Cbind is that the internal normalization in-
herent in its definition reduces sensitivity to small concentration mismatches between
the ligand-only and ligand–protein measurements. This normalization also mitigates the
influence of noise, making Qbind generally more robust to experimental variability and
signal fluctuations.

To classify a ligand–protein pair as a successful binding event (hit), both Cbind and
Qbind are subsequently binarized using an empirically defined threshold:

Cbind, Qbind ≥ 0.2 → Hit,
Cbind, Qbind < 0.2 → No Hit.

Although increasing the relaxation delay enhances binding-induced contrast, it simul-
taneously reduces the overall signal-to-noise ratio SN = I

σnoise
as a result of relaxation-

driven signal decay. Determining the optimal experimental protocol for fragment screen-
ing therefore necessitates quantifying the signal-to-noise ratio and selecting the experi-
mental condition that jointly optimizes contrast and signal-to-noise performance. To this
end, the proposed analysis pipeline performs this optimization automatically and suggests
to the user the experimental protocol that best balances these competing effects.

7.2 Automatic fragment screening

7.2.1 Dataset for Statistical Evaluation
An accurate quantification of signal quenching, which constitutes the experimental sig-
nature of ligand–protein binding, depends critically on the reliable identification and
characterization of hyperpolarised signals in the photo-CIDNP spectrum. Consequently,
the primary objective in developing an algorithm for the automatic annotation of NMR
signals and the subsequent classification of small molecules as binders or non-binders was
the establishment of an optimized and reproducible protocol for hyperpolarised signal
detection. This protocol was systematically evaluated on a dataset comprising paired
conventional NMR and photo-CIDNP spectra of 96 small molecules from the NexMR
AG library, thereby enabling a systematic assessment of the intrinsic characteristics of
the dataset, including signal-to-noise variability, line-shape distortions, and inter-sample
spectral heterogeneity. In the following, we will refer to this dataset as the CIDNP
dataset. For each sample, the following experiments were recorded: a standard 1H NMR
experiment (dark spectrum), and a single-scan 1H NMR experiment acquired after 2 s of
continuous irradiation [11] (light spectrum). The spectrometer ran at 600MHz and the
photo-CIDNP experiments were performed using continuous light irradiation provided by
a 1.5 W laser operating at a wavelength of 520 nm. All photo–CIDNP measurements in
the CIDNP dataset were performed under standardized buffer conditions. The samples
were prepared in 20 mM sodium phosphate buffer containing 50 mM NaCl at pH 7.4.
In all experiments, 10% (v/v) D2O was added to provide a field–frequency lock signal.
Fluorescein was employed as the photosensitizer at a concentration of 10 µM. For oxygen
removal, the samples further contained 3 mM deuterated glucose,together with 200 nM
glucose oxidase and 200 nM catalase. This enzymatic oxygen scavenging system ensures
efficient depletion of dissolved oxygen, which is required to preserve the efficiency and
reproducibility of the photo–CIDNP effect.

A distinctive feature of this dataset concerns the preparation of the ligand stock solu-
tions. The compounds were dissolved at 100 mM concentration in non–deuterated DMSO.
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Upon dilution into the NMR sample, this resulted in a comparatively intense residual
DMSO resonance. Together with the resonances originating from the buffer components,
the residual DMSO gives rise to characteristic signals at well–defined chemical shifts in
the NMR spectra. Although these signals are not influenced by the photo–CIDNP effect,
i.e. their amplitudes do not increase in the light spectrum relative to the corresponding
dark spectrum, they represent systematic spectral contributions that must be explicitly
handled by the algorithm.

In practice, these solvent and buffer resonances can be substantially more intense than
the hyperpolarised signals of interest. As a consequence, they may partially mask or dis-
tort weak CIDNP–enhanced resonances located on their shoulders, thereby complicating
reliable detection and quantitative assessment of small hyperpolarised peaks.

Following the characterization of the CIDNP dataset and the validation of the hyper-
polarised signal detection protocol, the statistical evaluation of the automated ligand–
protein binding detection workflow was carried out on an independent screening dataset.
This second dataset comprised small molecules tested against an undisclosed biomolecular
target provided by NexMR AG. In contrast to the CIDNP dataset, which was primar-
ily used to establish and calibrate the signal detection procedure, the screening dataset
served to assess the performance of the complete pipeline under realistic fragment screen-
ing conditions. The dataset consists of 1H NMR measurements acquired under multiple
experimental conditions for each fragment, both in the absence and in the presence of
the target protein. Besides the dark and light spectra acquired in the same way as for
the CIDNP dataset, a CIDNP-PEARLScreen pulse sequence was acquired with 200ms,
and 800ms relaxation delays [13]. This makes up for a total of 8 NMR traces for each
fragment–target pair.

For the screening dataset, samples were prepared in 25 mM Tris buffer at pH 7.5,
containing 300 mM NaCl, 1 mM TCEP, 0.1% glycerol, and 10% D2O, and comprised
30 µM of the compound under investigation together with 15 µM fluorescein, 100 nM
glucose oxidase, 100 nM catalase, and 2 mM deuterated glucose.

The reduced ligand concentration has a substantial impact on the NMR signal, pri-
marily through a decrease in the signal–to–noise ratio. This reduction renders the anal-
ysis considerably more challenging, as all stages of the pipeline, from peak detection
to intensity quantification, must operate under conditions of diminished spectral con-
trast. In particular, the reliable identification of weak hyperpolarised signals and the
precise estimation of binding–induced quenching become increasingly sensitive to noise
fluctuations. Moreover, the intense resonances originating from the buffer components
induced pronounced baseline distortions, which substantially complicated global phasing
of the spectra. As a consequence, a dedicated pre–processing strategy was required to
achieve reliable phase correction and to recover symmetric, pure absorption peak line-
shapes, thereby preventing systematic distortions from propagating to subsequent peak
detection and quantification steps.

7.2.2 Identification of an Optimal Preprocessing Strategy
As a preliminary validation study, the proposed phase-correction algorithm was applied
to the CIDNP dataset. A visual inspection of the corrected spectra indicates that phase
distortions were consistently and substantially attenuated across the dataset. In par-
ticular, improvements were observed even in challenging scenarios in which the molecu-
lar resonances of interest exhibited much lower amplitudes than the matrix signals, as
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Figure 7.3: Comparison between the ACME algorithm for phase correction and the opti-
mised phase correction procedure proposed in this work for photo-CIDNP data. Shown
are five representative signal regions illustrating the improvement obtained with the pro-
posed approach, in particular with respect to enhanced lineshape symmetry and the
reduction of residual dispersion contributions compared to the ACME-corrected spectra.

well as in cases involving negative (emissive) peaks. In these situations, conventional
phase-correction procedures often yield residual dispersive components or asymmetric
line shapes, whereas the proposed method produced spectra with improved absorptive
character.

In Fig. 7.3 a representative comparison between the standard ACME phase-correction
algorithm [76] and the optimised procedure proposed in this work is shown for several
signals from the CIDNP dataset.

Despite the implementation of the correction algorithm, the screening dataset exhib-
ited persistent residual distortions, most likely related to strong baseline distortions intro-
duced by the buffer signals and the reduced signal–to–noise ratio inherent to the screening
conditions. Although a formal causal analysis was not performed, these remaining dis-
persive components introduce systematic errors during hyperpolarised signal selection
by shifting the apparent peak maxima and biasing positional detection. More critically,
residual phase errors can generate artificial negative lobes; because photo–CIDNP spec-
tra intrinsically contain emissive signals, the automated routine may misclassify such
artefacts as genuine hyperpolarised peaks.

A single–point calibration strategy, in which one representative spectrum was man-
ually phased and the resulting parameters were applied uniformly to the full library,
proved insufficient and led to inconsistent results across samples. In practice, reliable
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screening requires strict phase coherence between ligand–only and ligand–protein spec-
tra, since even small phase differences propagate into systematic variations in peak shape
and amplitude, thereby compromising intensity–based binding metrics.

To reduce these effects, magnitude–mode processing was adopted, thereby removing
the phase degree of freedom and yielding strictly positive line shapes for all spectra.
Although this transformation modifies the analytical line shape, leading to broader peaks,
and changes the noise statistics from Gaussian to Rician, which reduces to Rayleigh noise
in the absence of signal, it provides a more stable and reproducible basis for automated
peak detection.

Empirically, the procedure that yielded the most symmetric peaks consisted of first
phasing the complex spectrum using manually optimized phase parameters. This step
was required in order to perform an effective baseline correction on both the real and
imaginary components prior to magnitude computation (see Figure 7.4). At first sight,
this may appear counterintuitive, since magnitude processing was introduced precisely to
avoid phase sensitivity. However, phase correction is necessary to enable proper baseline
correction; if baseline distortions are not removed beforehand, they propagate through
the nonlinear magnitude transformation and manifest as asymmetric peak shapes. This
asymmetry has been previously noted by De B. Harrington et al. [69], who anyhow advo-
cated the use of magnitude spectra for pattern recognition purposes. In particular, it is
essential to apply baseline correction independently to both the real and imaginary com-
ponents of the complex spectrum. This represents a departure from standard processing
workflows, in which the imaginary part is typically discarded after phasing, and therefore
not processed at all.
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Figure 7.4: Comparison between two magnitude-mode representations of the same 1H
NMR spectrum from the screening dataset. The blue trace corresponds to the magnitude
spectrum obtained directly from the Fourier-transformed data, while the orange trace
shows the result obtained after applying baseline correction prior to the magnitude com-
putation. The comparison illustrates how baseline correction reduces distortions in the
magnitude spectrum and results in peaks with a more symmetric lineshape.

7.2.3 Hyperpolarised signal detection
For each molecular fragment included in the present study, photo-CIDNP active res-
onances had previously been examined by experienced NMR spectroscopists from the
partner company NexMR AG. These hyperpolarised peaks were systematically identified
in the light spectra through visual inspection and comparison with the corresponding
dark reference spectra, taking into account intensity enhancements, emissive behaviour,
and possible peak displacements. Where feasible, the resonances were assigned to specific
nuclei on the basis of the known molecular structure. The resulting annotations, includ-
ing peak positions and assignment metadata, were curated and stored in the NexMR
internal database. In the present work, these expert-produced annotations were used
as a standard reference to assess the performance of the proposed automatic detection
algorithm.

As described in the previous section, the automatic identification of hyperpolarised
signals proceeds in two sequential stages. First, individual peaks are detected by a peak-
picking procedure based on local maxima criteria, line-shape consistency, and a heuristic
comparison of signal intensities between the dark and light spectra. In a second step,
the detected peaks are grouped into multiplets by means of MuSe Net, which performs a
data-driven clustering of resonances according to learned spectral patterns.

After the initial peak-picking stage, a non-negligible number of spurious detections
is observed. These false detections predominantly correspond to small-amplitude noise
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fluctuations that satisfy the local maxima criterion but do not represent genuine reso-
nances. The subsequent MuSe Net–based clustering step exhibits increased robustness
with respect to such noise-induced artefacts. In practice, this second stage acts not only
as a multiplet reconstruction module but also as a filtering mechanism that removes a
substantial fraction of the spurious peak predictions generated in the first stage. This
effect was verified quantitatively (see Table 7.2).

For each fragment, the set of automatically selected peaks was compared with the
corresponding expert reference assignments. On this basis, individual detections were
classified as true positives (TP), false positives (FP), false negatives (FN), and true
negatives (TN). The true negative peaks in this context are all the peaks that have been
picked but not selected as hyperpolarised through comparison of dark and light spectra.
From these counts, dataset-level detection statistics were computed, including balanced
accuracy, precision, recall, and the F1 score thereby providing a quantitative assessment
of the algorithm’s performance relative to expert annotations.

Before applying MuSe Net, the algorithm tends to substantially overselect hyperpo-
larised peaks. Although this strategy ensures that virtually all CIDNP-active signals
are captured, it also leads to a considerable number of false-positive detections. Visual
inspection shows that many of these spurious selections correspond to noise artefacts. In
several cases, they are located on the shoulders or tails of intense resonances, where small
fluctuations can appear artificially enhanced relative to the dark spectrum.

The detection accuracy remains high(see Table 7.2). This value is predominantly
driven by the large number of true negatives, which exceed the other confusion matrix
entries by approximately one order of magnitude. The high accuracy value reflects the
strong performance of the automatic procedure in correctly matching peaks between dark
and light spectra and in reliably identifying the small subset of hyperpolarised signals
within a vast majority of unaffected resonances.

After introducing MuSe Net clustering, the selection becomes more stringent and
better aligned with expert annotation (see Figure 7.5).
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Figure 7.5: Illustration of the automated peak picking procedure applied to three photo-
CIDNP 1H NMR spectra from the screening dataset. These examples illustrate the ability
of the procedure to discriminate hyperpolarized signals from the non-hyperpolarized sig-
nals in the spectra. In particular, Insets b and d demonstrate robust detection under
reduced signal-to-noise conditions, whereas Inset c shows successful identification of a
hyperpolarized signal located on the shoulder of a strong buffer peak.

The clustering step effectively suppresses these artefactual detections while retaining
the majority of genuinely hyperpolarised signals. This is quantified by the increase of
32.5% in precision and of 19.5% in F1 score. The filtering operated by MuSe Net in-
evitably leads to a decrease in recall; however, the overall balance between sensitivity
and selectivity is substantially improved, supporting the robustness of the method for
automated photo-CIDNP screening applications.

To further assess the robustness of the automatic algorithm, we evaluated its per-
formance under more challenging screening conditions. In the screening dataset, the
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Table 7.2: Comparison of the performance of hyperpolarised signal detection on the
CIDNP dataset, evaluated before and after MuSe Net clustering. Reported metrics quan-
tify the impact of the clustering stage on sensitivity to CIDNP-active peaks and on the
control of false-positive detections.

Dataset Accuracy Precision Recall F1-score
Before MuSe Net 0.979 0.413 1.000 0.584
After MuSe Net 0.908 0.739 0.824 0.779

ligand concentration is three times lower than in the CIDNP dataset, leading to a re-
duced signal-to-noise ratio. In addition, the signal-to-noise ratio decreases further with
increasing transverse relaxation delay. This setting therefore provides a stringent test of
the algorithm in conditions closer to realistic fragment screening scenarios.

We specifically investigated whether using the magnitude spectrum instead of the real
part could improve detection performance. The improvement is clearly quantifiable across
all evaluated metrics and for all tested relaxation delays (see Table 7.3). For T2 = 0,ms,
200,ms, and 800,ms, the magnitude spectrum consistently outperforms the real spectrum
in terms of accuracy, recall, precision, and F1-score. In particular, the gain in precision
is substantial, indicating a marked reduction in false-positive detections, while recall
remains comparatively high even at longer relaxation delays.

A key factor contributing to this improvement is the more symmetric lineshape in
the magnitude spectrum, which reduces artefactual detections arising from suboptimal
phasing. In the real spectrum, imperfect phase correction can distort peak shapes and
artificially enhance shoulders or tails, thereby promoting spurious peak selections. The
magnitude representation mitigates these effects, leading to a more stable and reliable
identification of genuinely hyperpolarised signals.

Notably, for the case without relaxation delay, the recall obtained using the magnitude
spectrum is even higher than that achieved on the CIDNP dataset, despite the lower
ligand concentration. At the same time, the precision remains comparable, demonstrating
that the method maintains strong discriminative power even under reduced signal-to-noise
conditions. Overall, these results confirm the advantage of using the magnitude spectrum
over the real part for automated hyperpolarised signal detection.

7.2.4 Mapping binding effects onto the ligand structure
Signal assignment was performed automatically using a Bayesian matching algorithm
(sec. 7.1.4) that links experimentally observed resonances to the corresponding nuclei in
the ligand structure. The experimental inputs are the chemical shifts extracted through
the hyperpolarised signal selection procedure described above, while the reference values
are the chemical shifts predicted from the molecular structure.

The prediction performance of the graph neural network (sec. 7.1.5) for chemical
shift estimation was assessed on the NMRShiftDB2 [132, 133] dataset, which contains
approximately 54 000 entries, using a ten-fold cross-validation protocol. The dataset was
randomly partitioned into ten mutually exclusive subsets of approximately equal size. At
each iteration, one subset was held out as the test set, while the remaining nine subsets
were used for training. This process was repeated such that each subset served once as
the test set, and the resulting performance metrics were averaged over all folds to obtain
a robust estimate of predictive accuracy.
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Table 7.3: Comparison of the performance of hyperpolarised signal detection on the
screening dataset between real and magnitude spectral representations, evaluated at three
transverse relaxation delays (T2 = 0, 200, and 800,ms). The metrics (accuracy, recall,
precision, and F1-score) quantify the relative sensitivity to CIDNP-active peaks and the
robustness against false-positive detections as a function of spectral representation and
relaxation delay.

Method Accuracy Recall Precision F1
T2 = 0 ms

Real spectrum 0.842 0.726 0.242 0.363
Magnitude spectrum 0.904 0.874 0.673 0.761

T2 = 200 ms
Real spectrum 0.804 0.649 0.240 0.350
Magnitude spectrum 0.842 0.741 0.682 0.710

T2 = 800 ms
Real spectrum 0.754 0.538 0.262 0.352
Magnitude spectrum 0.831 0.711 0.678 0.694

Predictive performance on the test data was quantified using two standard error mea-
sures, namely the mean absolute error (MAE) and the root mean square error (RMSE).
Both metrics were computed on a per-nucleus basis over the set of NMR-active (hydrogen)
nuclei |V a

t | of molecule t in the test set:

MAE = 1∑︁N
t=1|V a

t |

N∑︂
t=1

∑︂
i : vt,i∈V a

t

|yt,i − ŷt,i| , (7.37)
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(yt,i − ŷt,i)2, (7.38)

where yi and ŷi are respectively the label and the predicted chemical shift for nucleus i.
Beyond cross-validation on NMRShiftDB2, the trained graph neural network was

additionally evaluated on the fragment-screening dataset of photo-CIDNP 1H spectra.
The SD files containing the two-dimensional molecular structures of the ligands were
processed using RDKit [134] in order to extract a sparse molecular graph representation.
In this representation, atoms correspond to nodes and covalent bonds to edges, with
associated atom- and bond-level features derived from the structural information encoded
in the SD files. In Fig. 7.6, several representative ligands from the fragment-screening
dataset are shown together with their corresponding graph representations.
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Table 7.4: Predictive performance of different models for 1H chemical shift estimation.
Errors are reported in ppm. HOSE: Hierarchical Organisation of Spherical Environments;
GCN: Graph Convolutional Network; FCG: Fully Connected Graph network; SGNN:
Scalable Graph Neural Network. The performance values for HOSE and GCN were
taken from [136], those for FCG and SGNN (NMRShiftDB2) from [71]. A dash indicates
that the corresponding metric was not reported.

Model MAE RMSE
HOSE 0.33 –
GCN 0.28 –
FCG 0.22 –
SGNN (NMRShiftDB2) 0.22 0.49
SGNN (ours - NexMR AG) 0.18 0.34

Figure 7.6: Examples of ligand molecules from the screening dataset together with their
corresponding molecular graph representations used as input to the graph neural network.

This external evaluation assesses the model’s ability to generalise to molecular frag-
ments not present in the training dataset. Because the graph neural network operates on
atom- and bond-level descriptors of the molecular graph, predictions are based on local
chemical environments rather than on memorisation of specific structures. Performance
on previously unseen fragments therefore provides an empirical test of the transferability
of the learned structure–shift relationships. When applying the graph neural network
trained on NMRShiftDB2 to the fragment-screening dataset without further fine-tuning,
the predictive accuracy remained high and, in fact, surpassed that of previously reported
algorithms evaluated under comparable conditions (see Table 7.4). The improvement
over earlier approaches suggests that the combination of graph-based message passing
and data-driven parameter optimisation provides a more expressive model of local chem-
ical environments than fragment-based or shallower graph methods.

Accurate chemical shift prediction with limited error is a critical prerequisite for re-
liable signal assignment. Since the Bayesian matching procedure relies directly on the
agreement between experimental and predicted shifts, prediction inaccuracies propagate
into the assignment likelihood and can increase ambiguity or lead to incorrect mappings.

For each ligand, the algorithm produces two output files (see Fig. 7.7). The first
contains the set of all tested global assignments together with their associated posterior
probabilities. The second reports the marginal probabilities for individual nucleus–signal
correspondences, obtained by summing over all compatible global configurations. This
dual output enables both a ranking of complete assignment hypotheses and a local as-
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Figure 7.7: (a) All possible assignments with their posterior probability and (b) marginal
probabilities for nucleus-signal correspondences.

sessment of confidence at the level of individual nuclei.
The assignments, together with their respective probabilities, are reported in the out-

put file and are organised according to the corresponding local assignments. These local
assignments serve as the building blocks for constructing the space of possible global
assignments. By combining assignments defined on subgroups of contiguous signals, the
algorithm assembles consistent global solutions. This subdivision into subproblems re-
duces the combinatorial complexity of the overall matching procedure. In favourable
cases, the assignment is unambiguous, namely when a single experimental shift is com-
patible with exactly one predicted shift within the admissible tolerance. This is the case
of hydrogens H16/H17, H19, and H21 in the example (see Fig. 7.7). In other instances,
an experimental shift may be compatible with multiple predicted shifts (and conversely, a
predicted shift may correspond to several experimental candidates), as in the case of hy-
drogen H13/H14 and H15 which are competing for the same experimental shift. In such
ambiguous situations, the algorithm evaluates all consistent combinations and reports
the most probable global matchings together with their associated probabilities.

To quantitatively assess the performance of the automatic assignment algorithm, a
subset of the full fragment-screening dataset was selected for evaluation. Specifically,
we restricted the analysis to 50 molecules for which a complete and univocal expert
assignment was available, ensuring a well-defined reference for comparison.

Assignment performance was evaluated using a ranking-based criterion derived from
the marginal posterior probabilities. For each experimental signal, the algorithm provides
a ranked list of candidate nucleus assignments together with their marginal probabilities.
We computed the proportion of cases in which the expert reference assignment was con-
tained within the n most probable marginal candidates, with n ∈ {1, 2, 3}.

Formally, let A(n)
i denote the set of the n highest-ranked candidate assignments for

experimental signal i, ordered by decreasing marginal probability, and let aref
i denote the

corresponding reference assignment. The top-n accuracy is then defined as

Accn = 1
M

M∑︂
i=1

1
(︂
aref

i ∈ A(n)
i

)︂
, (7.39)

where M denotes the total number of evaluated signals and 1(·) is the characteristic
function.

Top-1 accuracy reflects fully correct marginal identification, while top-2 and top-3
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accuracies quantify whether the correct assignment is retained among the most probable
alternatives in ambiguous cases.

Figure 7.8: The top-n accuracy performance of the automatic assignment algorithm, with
n = 1, 2 3.

The ranking of assignments according to their posterior probability (see Figure 7.8)
shows that the correct solution is identified as the most probable in 67% of cases. When
extending the evaluation to the top two ranked assignments, the success rate increases to
76%, and reaches 77% when considering the top three. This indicates that the correct as-
signment is typically found among the highest-probability candidate solutions, supporting
the reliability of the probabilistic scoring framework.

It should be noted that the current assignment framework exploits only the distance
between predicted and experimentally observed chemical shifts. Performance could be
further improved by incorporating additional information about the resonances, such as
their multiplicity, which would provide complementary constraints and reduce ambiguity
in cases where multiple candidate assignments yield similar shift distances.

From an application perspective, the atom assignment step plays a central role in
translating the spectral observations into structural insight. Once each experimental
signal has been assigned to a specific nucleus, the corresponding Cbind and Qbind values
can be mapped directly onto the ligand structure. Rather than characterizing binding
as a single global quantity, this yields a spatially resolved picture of the binding profile,
highlighting which parts of the molecule are most strongly affected upon interaction with
the protein and which remain largely unperturbed.

7.2.5 Binding candidates selection
The method developed in this work quantifies ligand–protein interaction through the two
scalar observables introduced in the previous sections, Cbind and Qbind. These quantities
are derived by comparing the photo–CIDNP enhancements observed in spectra of the
ligand alone with those recorded in the presence of the target protein.
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Cbind and Qbind are computed for each signal location detected by MuSe-Net. The
signal quenching (i.e., the reduction in signal intensity upon binding) is estimated either
considering the individual peak intensities or the multiplet integral. These two strategies
constitute alternative estimators of the same physical effect: the peak–height approach
emphasizes local amplitude variations, whereas the integral–based approach captures the
cumulative enhancement distributed across the entire multiplet envelope, with all peaks
within a multiplet sharing the same integral–estimated value. The algorithm outputs a
file reporting Cbind and Qbind for each hyperpolarized peak. In the case of intensity-based
measures, individual peak contributions can be aggregated into per-multiplet measures
either by averaging over the multiplet or by selecting the peak with the highest signal-to-
noise ratio. Finally, we select the signal displaying the largest signal quenching: its Cbind
and Qbind are then used for classifying the molecule as a successful binder.

The observable Cbind is evaluated for all relaxation delays T2. In contrast, when mea-
suring Qbind, the signal ratio is computed using the zero–delay experiment as reference,
and therefore the Qbind is only estimated for experiments with T2 > 0 delays.

The quantities Cbind and Qbind are defined operationally and should be interpreted as
empirical screening scores that reflect relative irradiation–induced enhancements. They
are not direct estimates of thermodynamic binding constants. Their numerical values
depend on experimental parameters such as irradiation time, ligand and protein con-
centration, and relaxation delay. Although multiple relaxation delays are considered,
comparisons are performed only within experiments acquired under identical delay con-
ditions, thereby ensuring internal consistency across samples.

Binding assessment is implemented by thresholding the scalar scores. Two indepen-
dent classifications can be obtained: one based on Cbind and one based on Qbind. Since
both observables aim to capture the same physical phenomenon, consistency between the
two classifications is expected under ideal conditions. In practice, discrepancies are not
uncommon, even under manual annotation. For example, Cbind may be reduced in ex-
periments without transverse relaxation delay T2 = 0, whereas Qbind measured at longer
delays can suffer from reduced signal–to–noise ratios, which limits quantitative accuracy.
For this reason, the two criteria are evaluated separately rather than combined into a
single joint decision rule.

For Cbind, a molecule is classified as a Hit if its binding contrast exceeds a threshold
θC , and as No Hit otherwise. Independently, for Qbind, a molecule is classified as a Hit if
its binding quenching score exceeds a threshold θQ, and as No Hit otherwise.

In addition to these outcome classes, a third category is defined to capture spectra
in which no hyperpolarised signals are detected. Such cases may arise from experimental
issues (e.g. sample preparation errors or insufficient ligand concentration) or from signal
levels below the detection threshold. These samples are assigned to a no CIDNP class
prior to the evaluation of binding scores. Introducing this category prevents confusion
of technical failure with true absence of binding and improves interpretability of the
screening results.

Under this formulation, the pipeline functions as a three–class classifier, distinguishing
between: (i) absence of detectable CIDNP signal (no CIDNP), (ii) measurable enhance-
ment consistent with binding (Hit), and (iii) measurable but sub–threshold enhancement
(No Hit). Running the complete workflow, including hyperpolarised peak detection, peak
assignment, and calculation of the binding measure, on the screening dataset required
8.79 minutes.Ultimately, this automated framework acts as a highly efficient prioritiza-
tion filter to enable downstream hit-validation. By making the first critical selection,
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the algorithm yields a manageable list of candidate fragments that can subsequently un-
dergo visual inspection to confirm the algorithmic hits. From there, the pipeline allows
researchers to confidently subject these selected fragments to orthogonal validation. Test-
ing them in secondary, independent assays definitively proves that the observed binding
is a genuine molecular interaction, rather than a false positive driven by other phenomena
such as fragment aggregation.

The automated fragment classification was benchmarked against the Cbind and Qbind
annotations provided manually by expert spectroscopists at NexMR AG. Only molecules
with unambiguous annotations were included in the evaluation (see Table 7.5).

Table 7.5: Annotation statistics of the fragment screening dataset. Rows correspond
to the binding criterion, and columns report the number of molecules classified as No
CIDNP, HIT, and NO HIT, respectively, using a threshold of θ = 0.2.

Criterion No CIDNP HIT NO HIT
Cbind 60 37 179
Qbind 60 43 173
Cbind & Qbind 60 17 153

For each measure configuration, a decision threshold on the corresponding binding
score was optimised. Classification performance was evaluated using a 3 × 3 confusion
matrix reflecting the three classes introduced above (No CIDNP, Hit, No Hit). From
this confusion matrix, the performance metrics described in Chapter 4 were computed,
including precision, recall, and the F1 score for the Hit class. The optimal measurement
type and threshold were selected by maximising the F1 score of the Hit class.

Both for Cbind and Qbind, the automatic measuring procedure that showed the high-
est agreement with the manual annotations was based on peak intensity measurements,
selecting the highest peak within each multiplet.

For Cbind, the optimal configuration employed the pulse sequence without T2 delay
and a decision threshold of 0.24. For Qbind, the optimal configuration corresponded to
the pulse sequence with the longest T2 delay and a threshold of 0.2.

At the optimal threshold, the algorithm retrieves 86.1% of annotated hits using Cbind
and 88.2% using Qbind (see Table 7.6). The recall increases to 91.7% when the Cbind
threshold is set to 0.2, the value used during manual annotation. The precision, however,
is suboptimal, particularly for Cbind screening at threshold 0.2, as the algorithm tends to
overselect potential binder candidates. Although an ideal classifier would achieve both
high precision and high recall, fragment screening prioritises sensitivity over specificity:
it is preferable to retain a larger set of candidates and ensure that no true binders are
discarded, provided that the selected molecules undergo further validation. In the present
dataset, the automatic procedure reduced the number of molecules requiring further
validation by 82% for both Qbind and Cbind at threshold 0.24, and by 75% for Cbind
at threshold 0.2. Combined with the substantial reduction in annotation time, from
several days of manual photo-CIDNP analysis to less than 10 minutes of computation,
the approach represents a significant acceleration of the fragment screening pipeline.

The high recall and moderate precision suggest that the algorithm systematically
overestimates binding scores relative to the manually retrieved values. This tendency
can be further quantified by evaluating Cbind and Qbind as continuous quantities rather
than binary classifications, treating binding assessment as a regression problem. This for-
mulation is conceptually more demanding: whereas classification only requires a correct
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Table 7.6: Comparison of the Cbind and Qbind models for fragment screening. Reported
values include hit-detection metrics (precision, recall, and F1-score for the Hit class),
global classification metrics (balanced accuracy and macro-averaged F1-score), and re-
gression metrics (RMSE and MAE).

Model θ RecallHit PrecisionHit F1Hit Bal. Acc. F1Macro RMSE MAE
Cbind 0.24 0.861 0.596 0.705 0.811 0.804 0.167 0.084
Cbind 0.20 0.917 0.493 0.641 0.806 0.772 0.167 0.084
Qbind 0.20 0.882 0.588 0.706 0.847 0.751 0.165 0.102

decision relative to a chosen threshold, regression penalises deviations across the entire
dynamic range of the binding scores, so that both systematic bias and variance directly
affect the reported mean absolute error (MAE) and root mean square error (RMSE).
The observed errors are on the order of 10%, with a notable fraction of cases in which
the manual annotation is zero while the algorithm predicts a positive value. The agree-
ment between automatic and manual annotations is inherently limited by the sequential
nature of the pipeline: as Cbind and Qbind are the result of multiple chained process-
ing steps, inaccuracies introduced at each stage accumulate and propagate to the final
binding score estimates. Additionally, certain cases may be handled differently by the
automatic procedure compared to manual annotation; in particular, molecules annotated
as non-binders (i.e., with a reference value of zero) may not be treated equivalently by
the two approaches, potentially contributing to the observed errors. A more detailed
quantitative analysis of these error sources is left for future work.



Chapter 8

Discussion

The main objective of the present doctoral project was to advance the automation of
one-dimensional NMR data interpretation. Standard one-dimensional 1H NMR experi-
ments are characterized by comparatively low operational complexity and short acqui-
sition times. In contrast to multidimensional pulse sequences, whose acquisition may
take several hours or even days depending on resolution and sensitivity requirements, a
conventional one-dimensional spectrum can typically be recorded within minutes. This
substantial difference in measurement time translates directly into low experimental costs
and high throughput. Consequently, one-dimensional 1H NMR remains the method of
choice in numerous applications spanning organic, inorganic, and biomolecular chemistry.

However, the reduced experimental burden is accompanied by intrinsic informational
constraints. Multidimensional experiments encode correlations between nuclei along ad-
ditional frequency axes. In particular, two-dimensional spectra display cross-peaks at
coordinates defined by two independent frequencies, thereby directly revealing couplings
between specific pairs of spins and significantly simplifying structural analysis [47]. In
a one-dimensional experiment, the same relational information is not explicitly sepa-
rated along an additional dimension. Instead, it must be inferred indirectly through the
joint analysis of chemical shifts and resonance multiplicities. The identification of cou-
pling partners therefore relies on the correct interpretation of splitting patterns and their
quantitative parameters.

The absence of an additional frequency dimension also limits the ability to resolve
spectral overlap. In two-dimensional spectra, dispersion along orthogonal axes frequently
separates signals that would coincide in a one-dimensional projection. By contrast, in
one-dimensional spectra, overlapping resonances may obscure accurate determination of
chemical shifts, multiplicity patterns, scalar coupling constants, and relative intensities.

Considering the challenges and constraints imposed by the intrinsic nature of one-
dimensional NMR data, yet recognizing its considerable scientific value, the present work
aimed to investigate how molecular information can be systematically and reliably ex-
tracted from one-dimensional NMR spectra in the absence of prior structural knowledge.
In this context, we pursued the task of identifying which features of the spectral signal
can be systematically exploited, which limitations arise from the intrinsic configuration
of one-dimensional NMR data, and which computational procedures can support the for-
mulation of automated analysis methods. The goal was to develop algorithms capable
of mimicking, in a formalized and reproducible manner, the operation that an expert
spectroscopist typically performs during the manual annotation of NMR spectra.

These scientific questions formed the basis of the research activities carried out in
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collaboration with Bruker Switzerland AG. We recognized the central role of multiplet
splitting pattern analysis in determining the spin system of the molecule under investi-
gation and proposed to formalize this task as a one-dimensional segmentation problem
along the spectral axis [52, 83]. Within this framework, we developed MuSe Net, a super-
vised probabilistic deep learning architecture designed to classify multiplets in 1H NMR
spectra according to their splitting patterns. The model produces predictions at the
level of individual spectral points, assigning to each position a label corresponding to the
most probable multiplet class together with an associated confidence score that reflects
the uncertainty of the classification. The uncertainty score provided by the model was
also intended to assist in the identification of overlapping and composite signals, where
the observed spectral patterns deviate from the standard multiplet classes expected for
isolated spin systems and the classification task becomes intrinsically less well defined.

To train the model, a strategy was introduced for generating realistic synthetic spec-
tra in a computationally efficient manner, avoiding the need for full simulations based
on explicit molecular structures. The procedure relies on a consistent definition of the
multiplet phenotype associated with each class, enabling the controlled generation of
representative spectral patterns suitable for supervised training.

Eventually, another aspect of automation was addressed, namely the integration and
correlation of information obtained from spectra recorded under different experimental
conditions, including variations in the experimental setup and pulse sequences. This
problem was investigated in the context of photo-CIDNP NMR fragment-based drug
discovery within a research collaboration with NexMR AG.

A dedicated computational pipeline was implemented to automatically detect hyper-
polarised signals and evaluate the attenuation of signal intensity between ligand-only
and ligand–protein spectra, with the aim of identifying potential binders. The estimated
quenching values were mapped onto the molecular structure of the ligand through the
implementation of a Bayesian assignment algorithm. To enforce a consistent absorptive
character of the signals across the spectra under comparison, a specific processing proto-
col was therefore prescribed to obtain symmetric peak shapes in the magnitude spectrum,
thereby improving the robustness of automated peak detection.

8.1 Multiplet Segmentation as a Gateway to Multi-
ple Spectral Descriptors

Multiplet analysis and classification with respect to their splitting patterns play a cen-
tral role in reconstructing the spin system of the molecule under investigation. Indeed,
the identification of multiplet regions provides access to several key spectral descriptors,
including chemical shifts, scalar coupling constants, and signal integrals. Once the spec-
tral interval corresponding to a multiplet has been localized, the chemical shift can be
estimated as the midpoint of the identified range. Information on spin–spin couplings,
which reflect the connectivity structure of the spin system, can then be inferred from the
multiplicity and the relative positions of the individual peaks within the multiplet.

In this perspective, multiplicity and splitting patterns can also provide useful con-
straints for downstream spectral processing steps. In particular, they can guide peak
picking and peak deconvolution procedures by imposing an upper bound on the number
of expected peaks within a multiplet region. This information can help prevent overpick-
ing caused by noise artefacts that may pass conventional amplitude thresholds, as well
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as overfitting during deconvolution procedures. Furthermore, the integral of the signal
associated with the multiplet provides an estimate of the abundance of the corresponding
proton.

These different quantities can, in principle, be inferred starting from a single ma-
chine learning task, namely the semantic segmentation of the one-dimensional spectrum,
which simultaneously provides the localisation of multiplet regions and their classification
according to multiplicity. This is the strategy adopted in the MuSe Net framework.

Most traditional approaches reported in the literature do not provide the localization
of the multiplet region itself and instead assume that it is already known. Deconvolution-
based methods [32, 33], pattern-recognition approaches [34], and techniques based on
inverting the splitting tree of the multiplet [35, 36, 37, 38] are all designed to operate on
a predefined multiplet window. In other words, they require that the spectral interval
containing the multiplet has already been identified before the analysis can be applied.

An attempt to extend the analysis to the entire spectrum was proposed by Grif-
fiths et al. [39], who introduced a method to identify multiplets directly from a list of
accurately detected peaks. In this approach, multiplets are recognized by exploiting po-
sitional symmetries among peaks. However, the method relies on the availability of a
reliable peak table, which must be carefully curated to remove residual solvent signals
and other artefacts. Consequently, even though the procedure is applied at the level of
the full spectrum, it still depends on a prior localization step through peak detection.

Additional information about the signal must generally be provided. In the context of
pattern-recognition approaches, the initial theoretical model must be carefully selected
so that it adequately reproduces the experimental signal, particularly with respect to
the assumed line shape. In methods based on the inversion of the splitting tree, the re-
quirements are even more restrictive: besides the localization of the multiplet region, the
positions of the visible peaks must be supplied, together with an estimate of the number
of spins coupled to the nucleus under consideration. This information is necessary in or-
der to define an upper bound on the number of peaks that may constitute the multiplet,
including components that may not be directly observable due to symmetry or overlap.
Moreover, these methods typically require a preliminary normalization of peak intensities
before the analysis can be performed. As a consequence, they are not able to account
for distortions such as the roof effect, where the relative intensities of the multiplet com-
ponents deviate from the ideal symmetric pattern expected under first-order conditions.
Finally, all these methods rely on recursive optimization procedures. In deconvolution-
based approaches, the spectrum is progressively simplified through iterative fitting of line
components. Pattern-recognition methods operate by optimizing the agreement between
the experimental signal and a predefined theoretical pattern. Similarly, techniques based
on the inversion of the splitting tree or on peak clustering identify multiplet structures
by iteratively searching for symmetry relations among detected peaks. Consequently,
the procedure must be executed repeatedly for each multiplet region and subsequently
applied to all multiplets present in the spectrum. This iterative optimization, due to the
non-convex nature of the problem, may lead the algorithm to converge to suboptimal
solutions.

In contrast, MuSe Net performs detection and classification of signals across the entire
spectrum simultaneously, without requiring the user to predefine the spectral regions
containing individual multiplets. The localization of these regions is instead produced as
part of the model output. The method operates directly on spectra with an arbitrary
number of data points and requires only a single forward pass to obtain a classification
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of the splitting patterns included in the training set. For uncertainty quantification, the
inference procedure is repeated ten times, corresponding to the evaluation of each network
within the ensemble. The variability among the predictions produced by the ensemble
members is then used to estimate the classification uncertainty and to identify spectral
regions where the signal is likely to correspond to overlapping or composite multiplets.
Furthermore, the framework is able to handle several deviations from ideal first-order
multiplet behaviour. In particular, MuSe Net can correctly classify signals affected by
the roof effect without requiring additional procedures aimed at enforcing symmetry in
the amplitudes of the multiplet components. This capability is illustrated, for example,
by the correct prediction of doublet of doublets in Figure 5.15, as well as by additional
examples involving dt and ddd patterns (see top row of Figures 5.4 and 5.5). The method
also shows robustness in the presence of large variations in signal intensity, moderate
baseline distortions, and small phase imperfections. An example of its ability to operate
over a large dynamic range arises in the application of MuSe Net within the photo-CIDNP
analysis pipeline, where hyperpolarised signals can in some cases be significantly weaker
than the signals originating from compounds present in the sample preparation matrix.

The multiplet classification task can also be formulated within an object-detection
framework, where multiplets are identified as bounding regions along the spectral axis.
In this setting, localization is treated as a regression task involving two quantities: the
position of the box centre (anchor) and its width, which together define the spectral
interval associated with the multiplet [137, 138]. In addition to the localization step,
each detected box is assigned a multiplicity label through a classification module. Con-
sequently, the object-detection formulation decomposes the problem into three explicit
tasks, two regression tasks for localization and one classification task for multiplicity,
whereas the segmentation approach encodes the same information implicitly through the
assignment of class labels along the spectral axis. One limitation occasionally observed
in the segmentation framework is the appearance of fragmented predictions within a mul-
tiplet region. This effect is generally avoided in the box-based formulation, where the
multiplet is represented by a single contiguous detection window. In practice, however,
fragmentation tends to occur primarily for challenging resonances (see bottom row of Fig-
ures 5.4 and 5.5), which are also characterized by higher predictive uncertainty. In such
cases, mild post-processing through filtering or region-merging procedures is typically
sufficient to recover a consistent multiplet localization.

8.2 Representing Multiplet Phenotypes for Super-
vised Learning

Deep learning models are often described as data-driven methods, as they acquire the
ability to perform a given task by extracting relevant statistical regularities from the
training data. This contrasts with rule-based or model-based approaches, in which the
algorithmic behavior is explicitly determined through predefined analytical rules or phys-
ical models. In data-driven methods, the instructions required to perform the task are
not explicitly encoded in analytical rules, but are instead implicitly embedded in the
examples presented during training, from which the model learns the relevant feature
representations and decision boundaries. Consequently, the composition of the training
dataset plays a decisive role in determining whether a deep learning approach can be
successfully deployed in practical applications.
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In the case of MuSe Net, this requirement translates into the need to construct a
training dataset that provides an adequate representation of the spectral features, namely
the multiplet structures observed in 1H NMR spectra. Since the model must infer the rules
that distinguish different splitting patterns directly from the examples provided during
training, the dataset must contain sufficiently diverse and representative instances of each
multiplet class. Only under this condition can the network learn decision boundaries that
are both expressive and internally consistent, avoiding contradictory cues that could arise
from poorly defined or insufficiently represented spectral patterns. Careful design of the
training data is therefore essential to ensure that the model captures the characteristic
features of the multiplet phenotypes and generalizes reliably to experimental spectra.

Defining what constitutes an adequate representation of the relevant spectral features
is not straightforward. A natural starting point would be to assemble a very large dataset
containing thousands of annotated examples. In practice, however, the construction of
sufficiently large labeled datasets of experimental spectra is extremely challenging. The
volume of annotated data typically required to train deep neural networks would imply
the acquisition and expert annotation of a very large number of spectra, a process that
is both time-consuming and costly. In addition, manual annotation is inherently subject
to variability between experts, which may introduce inconsistencies in the labels and
ultimately affect the reliability of the learning process.

To overcome these limitations, an automated procedure was implemented to generate
synthetic spectral segments containing multiplets belonging to the eleven classes selected
as the most frequently encountered in 1H NMR spectra. Rather than relying on a full
physical simulation of the spectrum starting from an explicit molecular structure, the
procedure generates the signals by randomly sampling the relevant multiplet parameters
within predefined ranges. This strategy considerably reduces the computational cost
while still producing representative spectral patterns. An automatic labeling procedure
was applied to each generated sample, enabling the production of a large and consistently
annotated training dataset suitable for supervised learning.

To ensure an information-rich training set, the relevant multiplet parameters were
sampled across extended ranges of values, generating spectra that exhibit a broad va-
riety of peak spacings, coupling constants, linewidths, and amplitudes. The sampling
intervals were deliberately chosen to extend somewhat beyond the values most frequently
encountered in experimental spectra. This choice reflects the well-known tendency of
deep learning models to interpolate reliably within the domain represented in the train-
ing data while performing less robustly when extrapolation is required. By covering a
sufficiently wide region of the parameter space, the training procedure therefore facilitates
the construction of expressive and stable decision boundaries for the classification task.

Distinguishing among splitting patterns in 1H NMR spectra can be particularly chal-
lenging because all resonances ultimately consist of combinations of individual peaks
and may therefore exhibit similar local features. To improve the internal coherence of
the dataset and reduce ambiguities between classes, a regularization procedure was in-
troduced during data generation. This procedure includes the exclusion of overlapping
multiplets and a relabeling step applied when particular combinations of J-couplings pro-
duce peak configurations that resemble those of a different multiplet class, for example
when symmetry or near-degenerate couplings effectively hide some peaks in the pattern.
These measures help ensure that each class corresponds to a well-defined spectral multi-
plet phenotype.

Several factors contribute to the observed class imbalance. First, the baseline class
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naturally dominates the dataset, since even in experimental spectra the regions containing
signals occupy only a small fraction of the total frequency axis, while most spectral points
correspond to baseline. This predominance of baseline points proved beneficial for the
learning process, enabling the network to reliably distinguish noise from genuine signal
and to identify the boundaries of signal regions with high accuracy. In addition, multiplet
classes containing a larger number of peaks and coupling constants tend to extend over
wider spectral intervals and therefore contribute a greater number of labeled points when
a point-wise representation is adopted. At the same time, these complex multiplets are
more likely to undergo relabeling into simpler coupling classes when particular combina-
tions of J-couplings cause some peaks to merge or become effectively indistinguishable.
Furthermore, because of their larger spectral extent, they also have a higher probability
of being discarded during dataset generation, either because they produce overlapping
peaks or because the multiplet does not fit entirely within the spectral window of the
generated segment.

Despite this imbalance, the model achieved consistently high performance across all
multiplet classes in synthetic spectra (see Figures 4.7 and 5.2, Table 4.6 and 5.1), in-
dicating that the moderate disparity in class frequencies did not significantly affect the
overall classification accuracy. Nevertheless, the unequal distribution of labeled points
among classes should be taken into account during dataset construction and model imple-
mentation. If necessary, the representation of underrepresented classes can be increased
by generating additional patterns, while overly frequent classes may be moderated by
selectively reducing their occurrence in the training set. In addition, constraints can be
introduced during the sampling of coupling constants to ensure that the J values remain
sufficiently separated, thereby preventing the collapse of peaks in the splitting tree, which
could otherwise transform multiplets characterized by multiple J-couplings into patterns
resembling simpler one-coupling multiplets.

The resulting framework showed robust performance on experimental spectra (see Fig-
ures 4.9 and 5.3) acquired across a variety of application domains, including metabolomics,
drug discovery, and materials science contexts such as lithium-ion battery research. The
model generalized well to spectra originating from molecules of different structural com-
plexity and recorded under varying acquisition conditions, maintaining accurate predic-
tions even at relatively low signal-to-noise ratios. In some cases, the introduction of a
small amount of additional white noise slightly improved the predictions (see Fig. 5.10),
suggesting that weak noise may help suppress spurious correlations introduced by signal
suppression procedures or other processing artefacts.

A limitation was observed primarily for more complex multiplet classes such as dt
and ddd (see bottom row of Figures 5.4 and 5.5), where the experimentally observed
phenotype occasionally resembled that of simpler splitting patterns. In these cases, the
expert annotation was informed by knowledge of the molecular structure, information
that was not available to the network, which relied exclusively on the spectral features
present in the signal. For the dddd class, a more extensive statistical assessment on real
experimental spectra would be necessary to reliably evaluate the model performance.

It is also noteworthy that, when applied to photo-CIDNP spectra without retraining,
MuSe Net continued to provide meaningful predictions despite the presence of domain
shifts relative to the training data. In particular, emissive peaks were largely ignored by
the model, while correct classifications were still obtained when magnitude-mode spectra
were used as input. This behaviour is not trivial, since the magnitude transformation
modifies the statistical distribution of the noise and alters the peak shape. The fact
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that the model remains effective under these conditions indicates a substantial degree of
robustness with respect to variations in spectral representation and acquisition conditions.

8.3 Probabilistic Deep Learning for Multiplet Seg-
mentation

The architecture of MuSe Net was designed to capture both local spectral features and
their correlations along the frequency axis. At a first stage, the convolutional layers
perform a form of local pattern inspection of the spectrum, extracting features at different
length scales through the application of convolutional kernels of varying sizes. This
operation allows the network to detect elementary spectral motifs, such as peak shapes
and local peak configurations, while maintaining robustness to small variations in position
and intensity.

The features extracted by the convolutional blocks are subsequently processed by
a Long Short-Term Memory (LSTM) layer, which models the sequential dependencies
along the spectral axis. This component enables the network to capture correlations
between neighboring spectral regions, which are essential for recognizing multiplet struc-
tures whose defining characteristics arise from the relative arrangement of peaks rather
than from isolated local features.

Finally, fully connected layers map the extracted representations into a higher-level
feature space in which the classes become more separable, facilitating the final classifi-
cation step. The combination of convolutional, recurrent, and dense layers has proven
particularly effective for the analysis of one-dimensional signals and sequential data, where
it allows the model to first extract local features and subsequently integrate them across
the sequence to capture global structural patterns [53, 54, 55, 56, 57].

In recent years, Transformer architectures [139] have significantly influenced the field
of deep learning, enabling models capable of processing long sequences and ultimately
paving the way for large language models. A defining feature of Transformers is their
ability to process input sequences in parallel and to directly model correlations between
elements that may be far apart within the sequence through self-attention mechanisms.
This represents an advantage compared to CNN–LSTM architectures, where information
propagation follows the sequential structure of the model. At the same time, convolutional
and recurrent architectures possess strong inductive biases that are particularly suitable
for signal-processing tasks. Convolutional neural networks naturally capture translation
invariance and local spatial patterns, while LSTM layers model sequential dependencies
along the input signal. Although recurrent networks may suffer from vanishing gradients
when modeling long sequences, Transformer architectures come with different trade-offs.
In particular, self-attention introduces quadratic time and memory complexity, O(N2),
with respect to the sequence length N , whereas CNN–LSTM models scale linearly, O(N).
Moreover, Transformers typically require larger datasets to learn spatial and sequential
relationships that CNNs and LSTMs encode through architectural inductive biases. As a
consequence, both training and inference may become computationally demanding unless
substantial GPU parallelization is available. These considerations become particularly
relevant when uncertainty quantification is required [140]. Approaches such as Monte
Carlo dropout or deep ensembles rely on multiple forward passes during inference. In
this setting, the computational demands of Transformer architectures can become con-
siderable, whereas CNN–LSTM models remain more practical in many applications [141].



CHAPTER 8. DISCUSSION 133

MuSe Net provides a concrete example of this, as its deep ensemble implementation is able
to produce multiplet segmentation over an entire spectrum together with an associated
confidence score in under one minute.

The ability to quantify uncertainty is in fact a crucial aspect of deploying deep learn-
ing models in scientific applications. While modern deep neural networks often achieve
high accuracy, their probabilistic outputs do not necessarily provide reliable estimates of
confidence. In a multiclass classification setting, for example, the softmax probabilities
frequently assign a very high score to the predicted class even when the prediction is
incorrect. In other words, the model may appear highly confident in decisions that are in
fact wrong. From a statistical perspective, this behavior reflects the well-known issue of
poorly calibrated predictive probabilities in deep learning models. Informally, one may
say that neural networks tend to behave as if they were unable to admit their ignorance.

Such overconfident errors represent a critical limitation in applications where reliable
decision-making is required. This problem has been widely discussed in contexts such
as autonomous driving and medical diagnosis, where incorrect but confident predictions
may lead to severe consequences. Although the consequences in scientific data analysis
are typically less life-threatening than in safety-critical applications, the same principle
applies: predictions should ideally be accompanied by an estimate of their reliability.
In quantitative scientific workflows, the ability of a classification algorithm to provide
meaningful confidence estimates constitutes an essential methodological requirement.

Despite the increasing tendency within the scientific community to adopt models that
operate largely as opaque predictive systems [58, 59] calls for careful epistemiological
reflection, developing strategies for uncertainty quantification is not only a matter of
methodological rigor, but also of practical utility. Beyond increasing the trustworthiness
of the predictions, uncertainty estimation can provide insight into the internal behavior of
the model. By examining which predictions are associated with high or low uncertainty,
it becomes possible to identify which spectral features are well captured by the learned
representation and which configurations remain difficult for the network.

In the case of MuSe Net, the analysis of uncertainty also provided useful information
about the origin of prediction errors. For synthetic spectra (see Figure 5.6), the dominant
contribution was found to arise from aleatoric uncertainty, which reflects the intrinsic
stochastic variability in the relationship between inputs and outputs and is therefore
irreducible. In experimental spectra, by contrast, the main source of uncertainty was
epistemic, which is associated with limited knowledge about the optimal predictive model
and may be reduced by providing additional training data.

Uncertainty estimation also proved valuable for identifying resonances exhibiting spec-
tral configurations that deviate from those represented in the training data. These include
multiplets with convoluted splitting patterns not included among the training classes, as
well as overlapping resonances, both of which can be regarded as out-of-distribution
(OOD) signals. Once identified through elevated uncertainty scores, these challenging
cases can be subjected to additional analysis or referred to expert inspection, thereby
allowing the algorithm to effectively signal situations in which its prediction should not
be trusted.

The effectiveness of OOD detection depends on how strongly the distance between
in-distribution (ID) and OOD samples in feature space is reflected in the uncertainty
estimates. In practice, adjusting the uncertainty threshold can improve the discrimination
between reliable and unreliable predictions. However, in rare cases similar uncertainty
values were observed for both ID and OOD multiplets, which limits the effectiveness of
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the detection. No clear regularities were identified that could attribute this behavior to
specific experimental conditions, and further investigation would be required to better
understand these occurrences.

8.4 From Multiplet Classification to Structure Veri-
fication

MuSe Net provides a spectral segmentation that enables the retrieval of key spectral pa-
rameters. The chemical shift can be estimated from the central position of the segmented
multiplet region, the proton number from the integral of the region, and the J–coupling
constants by combining the predicted splitting pattern with the positions of the resolved
peaks. Peak positions can be extracted using mldcon. These parameters can then serve
as input for spectral simulation algorithms that fit the experimental spectrum and verify
the corresponding spin system. As a proof of concept, we demonstrated this procedure on
a simple molecule with a single spin system A2X3, where the extracted parameters were
used as priors in a Bayesian fitting framework [114]. The reconstruction of the experi-
mental spectrum from these parameters was highly satisfactory (Fig. 5.16), illustrating
the feasibility of the approach.

This example, however, also highlights a fundamental limitation. The parameters
obtained from MuSe Net do not specify the topology of the spin–spin coupling network,
that is, which nuclei are mutually coupled. A tentative inference may be attempted when
similar coupling constants appear in different multiplets, suggesting a possible connection
between the corresponding spins. In the simple example considered here the solution was
trivial because only two signals were coupled. For more complex molecules, however, this
inference becomes considerably more difficult and the number of possible candidate spin
systems grows rapidly.

An interesting continuation of this work would therefore consist in bridging this gap
by automatically proposing plausible spin-system topologies for the interpretation of a
given 1H NMR spectrum. Such a task could be addressed using deep learning methods
trained on data that encode the relationship between spectral parameters and molecular
structure. One possible strategy is to exploit open-source NMR databases that provide
chemical shifts, multiplicities, and proton counts [132, 142], while sampling additional
parameters such as linewidth, lineshape, noise level, phase, and baseline distortions in
the same fashion as in the MuSe Net training procedure. Alternatively, spin systems can
be simulated directly and subsequently distorted to produce realistic spectra.

An example of this latter strategy is the MolDeTr framework [138], which employs
a transformer-based architecture adapted for one-dimensional NMR signals. In this ap-
proach a convolutional backbone first extracts local spectral features, while transformer
layers model long-range dependencies across the spectrum, enabling the identification of
related multiplet patterns and chemical shifts. Chemical prior information, such as typical
ranges of coupling constants and chemical shifts, is incorporated to guide the prediction
process. The model is trained using a set-based bipartite matching loss similar to that
employed in Detection Transformers, which enforces a one-to-one correspondence between
predicted and true spectral features and avoids the need for heuristic post-processing. The
resulting model directly outputs a structured representation of the spectrum, including
the location of multiplet regions together with estimates of chemical shifts, coupling con-
stants, and integrals. The coupling topology is still inferred as a post-processing step by
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matching similar coupling constants across multiplets.
Future work should extend this framework to more complex molecules containing

multiple interacting spin systems and should incorporate a more explicit quantification
of predictive uncertainty. Finally, it is worth noting that analogous interpretation proce-
dures, based on the characterization of spectral features through their position, integrals,
and patterns, are widely employed in other spectroscopic techniques. Examples include
mass spectrometry, where true peptide fragment peaks must be distinguished from chem-
ical noise, Raman and infrared spectroscopy, where characteristic fingerprint bands are
identified, and X-ray photoelectron spectroscopy, where peak positions and areas are used
to determine oxidation states and elemental compositions. In this context, deep learning
architectures similar to MuSe Net and MolDeTr, which excel at extracting molecular in-
formation from complex spectral data—possess significant potential for adaptation across
these diverse spectroscopic domains.

8.5 Correlating Information Across Spectra for Bind-
ing Detection

An additional challenge arises when information must be extracted from multiple spectra
acquired under different experimental conditions and the corresponding spectral features
must be correlated to detect meaningful changes. This situation occurs, for example, in
fragment-based drug discovery experiments monitored by NMR spectroscopy [143]. In
this context, the interaction between a small molecule ligand and a target protein can be
inferred by comparing spectra recorded in the absence and in the presence of the protein.
Successful binding typically manifests as a reduction in the intensity of ligand resonances
when the protein is added.

The computational pipeline developed in this work was specifically designed for photo-
CIDNP NMR spectra, a technique that has recently been proposed as an effective method
for detecting ligand–protein interactions in aqueous solutions at low concentrations and
at room temperature [11, 12]. Photo-CIDNP exploits a light-induced hyperpolarization
effect that strongly enhances the NMR signal of specific nuclei. As a consequence, a single
scan is often sufficient to achieve a signal-to-noise ratio adequate for detection. This char-
acteristic makes photo-CIDNP particularly attractive for high-throughput applications,
as it allows rapid acquisition of spectra across large ligand libraries.

In typical fragment-screening experiments, a single protein target is tested against
several hundred ligands in order to identify a limited number of potential binding can-
didates. Under these conditions, the availability of fast and reliable analysis procedures
becomes essential in order to match the high experimental throughput enabled by the
technique.

Several open-source and commercial platforms are available to assist researchers in the
annotation and analysis of spectra acquired for fragment-based screening using commonly
employed NMR techniques, such as 1H, 19F, STD, WaterLOGSY, T1ρ, and T2 relaxation
experiments. In widely used commercial environments such as TopSpin [144], the analy-
sis workflow remains largely centered on an interactive graphical user interface. In this
setting, hit identification typically relies on manual inspection of the spectra, followed
by annotation with a binary status indicating binding or no binding. Other platforms
provide a higher degree of automation. For example, MNova [145] offers tools to manage
the analysis workflow from raw spectral data to automated hit suggestions. Neverthe-
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less, final validation still relies on user inspection through an interactive interface. In
this case, peak picking is performed using Global Spectral Deconvolution [29], and bind-
ing is assessed by comparing the integrated signal intensities within predefined spectral
regions across the different spectra. Among freely available tools, CcpNmr AnalysisS-
creen [146] provides an integrated environment for fragment-screening workflows. The
software allows users to load and organize spectra together with relevant metadata, per-
form semi-automatic quality control procedures to identify and discard spectra affected
by phasing problems, solvent artefacts, or missing signals, and optimize ligand mixtures.
In addition, the platform allows the construction of customizable analysis pipelines tai-
lored to the most common NMR techniques employed in fragment-based drug discovery,
and provides dedicated tools for hit analysis and verification. Alongside these ligand-
observed 1D techniques, automated platforms such as MUNIN [147] and the PICASSO
web server [148] facilitate the analysis of protein-observed 2D spectra by systematically
identifying the chemical shift perturbations that occur upon ligand binding.

To the best of our knowledge, the pipeline developed in this work represents the first
automated workflow specifically tailored to the analysis of 1H photo-CIDNP spectra. One
of the central processing challenges in these datasets is the difficulty of obtaining reliable
phase correction. In particular, strong signals arising from matrix compounds can intro-
duce baseline distortions that make optimal phasing difficult or even impossible. In some
existing analysis frameworks, such as CcpNmr AnalysisScreen [146], spectra for which
satisfactory phase correction cannot be achieved are typically discarded during the qual-
ity control stage. To address this limitation, our pipeline operates on magnitude-mode
spectra (see next section), which enforce an absorptive signal character across the spectra
and allow reliable downstream analysis even when conventional phasing procedures fail.

A further challenge in photo-CIDNP experiments is the need to correlate information
across several spectra acquired under different experimental conditions. In addition to
ligand-only and ligand–protein spectra, measurements may include several relaxation
delays as well as standard NMR spectra used to identify the hyperpolarised resonances.
These hyperpolarised signals serve as probes for ligand–protein interaction and must
therefore be tracked consistently across all experimental conditions. To perform this
matching step, the pipeline employs the Hungarian matching algorithm, which allows
flexible pairing of peaks across spectra. This approach avoids the limitations of fixed
integration regions, which may lead to unreliable results when peak positions shift due
to experimental factors such as temperature changes induced by sample illumination,
protein addition, or buffer variations.

The pipeline is fully automated and produces results at multiple levels of analysis.
At the peak level, it reports peak positions, amplitudes, photo-CIDNP enhancement,
and the corresponding quenching upon protein addition. At the signal level, quenching
measures are computed and tentative assignments are suggested. Finally, at the molecular
level, ligands are classified as hit or no hit through different scoring modalities, including
Cbind and Qbind, which can be evaluated either on peak amplitudes or on integrated
signal intensities. The detailed peak-level output also allows the results to be exported
and used in further, more specialized analyses. For example, it is possible to study an
effective combination of Cbind and Qbind in a single, more sensitive score.

The development and validation of the pipeline were carried out exclusively on ex-
perimental spectra rather than on simulated datasets. This choice made it possible to
directly investigate the specific characteristics of photo-CIDNP data and to optimize the
pipeline so that it remains robust in the presence of typical experimental distortions.
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For hit identification, selecting the signal exhibiting the largest quenching as repre-
sentative of the entire molecule proved to be the most effective strategy. A situation in
which one signal exhibits strong quenching while others show weaker effects is consistent
with the structural interpretation that the corresponding atom, or group of magnetically
equivalent atoms, lies closer to the protein binding site. Averaging the quenching val-
ues across signals, as proposed in previous approaches [145], would tend to suppress this
information and may lead to the loss of potential hit candidates.

When the binding threshold is set to 0.2, the pipeline recovers 91.7% of the annotated
hits using Cbind and 88.2% using Qbind (see Table 7.6). Although the recall is excellent,
the precision remains limited, indicating that the fully automated procedure tends to
overselect potential hits. In the context of fragment screening, however, this outcome can
still be considered advantageous. The algorithm ensures that no relevant hit candidates
are missed, while ligands classified as non-hits can be safely discarded. Subsequent visual
inspection can then be limited to a reduced subset of the original screening library, thereby
accelerating the overall analysis workflow.

Beyond hit detection, the quenching measures computed at the signal level can be pro-
jected onto the ligand structure to obtain a qualitative indication of the binding epitope.
A more quantitative characterization of the interaction would require independent mea-
surements of binding affinities. The structural projection is obtained through a Bayesian
assignment procedure that matches predicted chemical shifts, generated by a graph neu-
ral network trained on the NMRShiftDB dataset, with the experimental shifts measured
in the photo-CIDNP spectra. A similar Bayesian matching strategy has previously been
applied in the context of solid-state NMR [70].

In contrast to the one-to-one matching scheme used in that work, where each pre-
dicted shift is assigned to exactly one experimental signal, the present application re-
quires a more flexible formulation. Only the hyperpolarised peaks are relevant for the
binding analysis, and therefore both predicted and experimental shifts must be allowed
to remain unmatched. Not all atoms in the molecule are sensitive to the CIDNP effect,
and some experimental peaks may correspond to artefacts or signals unrelated to the
ligand of interest. This bidirectional matching framework reduces the number of exper-
imental peaks that must be considered, typically fewer than five hyperpolarised signals
are observed in a spectrum, often only one or two, thereby reducing the computational
cost of exploring the assignment space. At the same time, the problem becomes more
challenging because the assignment relies primarily on the proximity between predicted
and measured chemical shifts.

The difference between predicted and experimental shifts arises from two main sources:
the intrinsic prediction error of the graph neural network and systematic shifts caused by
temperature changes during sample illumination. The latter effect is partially corrected
through a spectral alignment preprocessing step, although small residual shifts may re-
main in difficult cases. Nevertheless, the assignment performance (Figure 7.8) shows
that in approximately 70% of the cases the most probable assignment corresponds to the
correct one, a result consistent with the performance reported for analogous Bayesian
assignment methods in one-dimensional 13C solid-state NMR [70]. An improvement of
the assignment algorithm can be achieved by including in the matching prior additional
information on the multiplicity and coupling of the signals.
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8.6 Magnitude Spectrum as a Strategy for Phase-
Independent Analysis

Phasing a photo-CIDNP spectrum is a non-trivial task. The difficulty arises first from
the simultaneous presence of absorptive (positive) and emissive (negative) resonances.
Several widely used automatic phase correction methods rely on assumptions that are
violated under these conditions. For instance, the ACME algorithm [76] incorporates a
penalisation for negative peaks in the objective function in order to favour absorptive line
shapes. While this assumption is appropriate for conventional liquid-state NMR spectra,
it is not valid for photo-CIDNP data, where negative peaks are physically meaningful
and correspond to emissive hyperpolarised signals. Consequently, enforcing positivity
may lead to systematic phase distortions.

In this context the appropriate phasing criterion is not the suppression of negative
peaks but rather the recovery of symmetric line shapes for all resonances and the suppres-
sion of dispersion patterns. To address this issue we implemented a cost function that
simultaneously minimises the spectral entropy of the real part and enforces a vanishing
integral of the imaginary component. This procedure yielded improved phasing perfor-
mance compared with existing automatic approaches on the CIDNP dataset (Fig. 7.3),
which consists of ligand-only spectra acquired at relatively high concentrations.

However, in fragment-based screening experiments the ligand concentration is signif-
icantly lower and the protein target is present in the sample. Under these conditions
it was not possible to produce satisfactory phase correction even with phase parameters
retrieved manually. This limitation represents a critical issue for automated analysis be-
cause the screening strategy relies on correctly correlating signals across multiple spectra.
If different spectra are affected by residual phase distortions, the apparent peak posi-
tions, amplitudes, and line shapes may vary in a way that hampers the signal quenching
detection. Ideally, all spectra would exhibit symmetric peaks with identical phase char-
acteristics. Since this condition could not be guaranteed in practice, we adopted an
alternative strategy and performed the analysis in magnitude mode in order to remove
the phase degree of freedom. By construction, the magnitude spectrum is invariant with
respect to such phase distortions, thereby providing a representation that is more stable
for automated peak detection and cross-spectrum comparison.

The use of magnitude spectra for pattern recognition tasks in NMR spectra has pre-
viously been advocated by de B. Harrington and Wang [69]. In their work the magnitude
representation was shown to be advantageous for predictive modelling, despite the ap-
pearance of asymmetric peak shapes.

We observed that part of this asymmetry originates from baseline distortions that
become amplified by the non-linear magnitude transformation. To mitigate this effect
we propose a processing protocol in which the real and imaginary components of the
spectrum are independently baseline corrected before computing the magnitude spectrum.
This additional step reduces distortions and produces more symmetric peak profiles (see
Figure 7.4).

The usage of the magnitude spectrum is not standard practice in solution NMR.
The reasons for the limited use of magnitude spectra in solution NMR are linked to the
non-linearity introduced by the modulus operation that combines the real and imaginary
components of the spectrum. This transformation modifies several spectral properties,
including peak shape and noise statistics. In particular, the Gaussian noise distribution of
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the complex spectrum becomes Rician in the magnitude representation. This effect must
be taken into account when estimating the noise level, which is essential for detecting
hyperpolarised signals.

Related considerations are well known in magnetic resonance imaging (MRI) [68],
where magnitude images are routinely employed both for qualitative structural assessment
(for instance in T1- and T2-weighted imaging) and in quantitative relaxometry mapping.
Although the signal statistics differ from those of complex data, magnitude representa-
tions remain widely used because of their robustness to phase variations.

In the context of the present work, magnitude-mode processing improved the detection
of hyperpolarised signals across all transverse relaxation delays acquired in the screen-
ing experiments, including conditions in which the overall signal-to-noise ratio decreases
(Table 7.3). The benefit is particularly evident in the precision of the detection, with
a substantial reduction of spurious peaks. These artefacts often originate from negative
lobes produced by residual phase distortions in the absorptive representation. The mag-
nitude transformation suppresses such dispersion-like patterns and produces symmetric
peak shapes, thereby stabilising the peak detection procedure.

Following hyperpolarised signal detection, the algorithm identifies potential binding
events by evaluating the quenching of ligand resonances upon addition of the target
protein. This step relies on comparing peak amplitudes between the ligand-only and
ligand–protein spectra. When performing this comparison in magnitude mode it is nec-
essary to consider the line-shape modifications introduced by the modulus operation.
The non-linear combination of the real and imaginary components results in increased
linewidth and broader spectral tails.

Despite these distortions, the screening results indicate that amplitude ratios com-
puted from magnitude spectra remain informative for the classification task. In par-
ticular, the hit/no-hit screening analysis (Table 7.6) successfully recovered all relevant
binding candidates when peak amplitudes were evaluated in magnitude mode. At the
same time, the regression metrics associated with the Cbind and Qbind estimators exhibit
non-negligible RMSE and MAE values. These discrepancies may arise from biases in
amplitude estimation introduced by the magnitude transformation or from inaccuracies
accumulated in earlier stages of the analysis pipeline.

A preliminary visual inspection suggests that the amplitude ratios themselves remain
relatively robust with respect to the magnitude transformation, particularly because the
hyperpolarised peaks in these experiments do not substantially overlap. Nevertheless,
a more systematic investigation would be required to fully characterise the quantitative
behaviour of magnitude-mode amplitudes in fragment-based drug discovery applications.
Such an assessment would clarify the limits of this representation while further evalu-
ating its principal advantage in the present context, namely the possibility of bypassing
the challenging phase-correction problem encountered in photo-CIDNP screening exper-
iments.

8.7 Toward Quantitative Binding Characterization
The development of the automatic deep learning based pipeline for fragment screening
with 1H NMR spectra served multiple purposes. In light of the recent introduction of
photo-CIDNP NMR in drug discovery applications [11, 12], the design of such a pipeline
provided an opportunity to better understand the structure of the data, the preprocess-
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ing steps required, the potential pitfalls of the analysis, and the regularities that can be
exploited for automated detection. At the same time, the implementation of the work-
flow clarifies which artefacts may arise in practice and how they propagate through the
analysis. The resulting framework can be naturally integrated into a graphical interface
in which automatic predictions are complemented by interactive tools, allowing the user
to inspect and, if necessary, manually refine the output. In this way the system can as-
sist the scientist in routine fragment screening while preserving the possibility of expert
intervention.

At present, the binding detection stage is highly robust and reliably filters out ligands
that do not exhibit detectable interaction with the target. The quantitative estimation
of signal quenching, however, still requires further refinement. A crucial aspect of this
improvement process is the identification of the origin of the observed inaccuracies. These
may arise either from the accumulation of small errors introduced at earlier stages of the
pipeline or from potential biases in amplitude estimation associated with the magnitude
spectrum representation. Understanding the relative importance of these effects will al-
low the design of targeted corrections. In addition, as already discussed in the context of
multiplet segmentation, the predictions should be accompanied by explicit uncertainty
estimates in order to support decision making in the screening process. Such informa-
tion would enable a reliable ranking of candidate binders, thereby restricting manual
inspection to a smaller subset of highly promising molecules.

The insights obtained from the sequential pipeline naturally motivate the develop-
ment of an end-to-end deep learning framework capable of addressing the task in a more
integrated manner. In the current pipeline each processing stage receives a specific in-
put, produces an intermediate output, and passes information to the next step. As a
consequence, errors introduced in earlier stages may accumulate and propagate through
the workflow. In contrast, an end-to-end architecture could jointly process all relevant
inputs and infer the final prediction directly from the raw or minimally processed spectral
data. The knowledge gained from the analysis of the individual steps can be incorpo-
rated into the design of the training data and the model architecture, thereby combining
interpretability with improved predictive performance.

The training dataset for such a model could be generated synthetically by simulating
spectra that reproduce realistic signal patterns of small molecules. The photo-CIDNP
effect and ligand binding could be represented by selectively enhancing or attenuating
the corresponding resonances. A particularly appealing research direction would be the
development of a multi-modal architecture capable of learning simultaneously from one-
dimensional NMR spectra and from molecular graph representations of the ligands. In
such a framework the quenching measured in the spectrum could be mapped to the
individual hydrogen atoms of the molecule, enabling a more detailed interpretation of
the binding process.

A further extension towards quantitative analysis would involve the integration of
spectra acquired at multiple ligand concentrations, as in titration experiments (see Fig-
ure 8.1). By measuring atom-wise signal quenching as a function of ligand concentration
it becomes possible to extract the CIDNP dissociation constant (CIDNP-KD) through
appropriate fitting procedures [12]. Incorporating this information into the automated
framework would therefore extend the methodology from qualitative screening towards
quantitative characterization of binding affinity.

Another promising direction concerns the analysis of ligand mixtures. In this strat-
egy multiple fragments are screened simultaneously in the presence of the target pro-
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tein, reducing both the consumption of protein and the number of NMR experiments
required. Moreover, mixture experiments naturally enable competition assays between
ligands. The main challenge of this approach lies in the increased spectral congestion,
which complicates the automatic interpretation, particularly in 1H NMR where scalar
couplings produce multiplet structures. An additional difficulty is the assignment of de-
tected resonances to the corresponding ligands based on reference spectra. This task
becomes considerably simpler in the case of 19F NMR [149], where each ligand typically
contributes a single singlet because only one fluorine atom, or a magnetically equivalent
group of fluorine atoms, is present. Under these conditions the analysis could potentially
be addressed using a framework similar to the one developed in this work.

Finally, an additional challenge is represented by low magnetic field regime. Benchtop
NMR spectrometers are becoming increasingly attractive due to their accessibility and
reduced operational requirements. In photo-CIDNP experiments this regime is particu-
larly interesting because the enhancement effect is inversely proportional to the magnetic
field strength, leading to stronger signal amplification. This advantage is counterbal-
anced by the reduction in spectral resolution and the increased degree of peak overlap,
which complicate spectral interpretation. Developing automated analysis tools capable
of operating reliably under these conditions therefore represents an important direction
for future research.

Figure 8.1: Photo-CIDNP spectra of ligand in the presence of the PGK1 protein (top)
and of the ligand alone (bottom), recorded at different ligand concentrations.
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Conclusions

During the doctoral research presented in this thesis, we developed deep learning–based
algorithms aimed at automating the interpretation of 1H NMR spectra. Despite the
maturity and widespread use of NMR spectroscopy in chemistry and structural biology,
several stages of spectral analysis still rely on time–consuming manual annotation per-
formed by trained experts, which does not scale well with the high throughput at which
spectra can now be acquired.

Two complementary aspects of 1H NMR data analysis were considered. The first con-
cerns the characterization of the internal splitting pattern of resonances, which reflects
scalar spin–spin couplings and provides information about the connectivity of the underly-
ing spin system. The second concerns the comparison of spectra recorded under different
experimental conditions in order to detect spectral changes associated with molecular
interactions. In particular, the work focused on the identification of signal quenching
effects in photo-CIDNP experiments used for ligand–protein binding detection.

Firstly we investigated the automatic classification of multiplet structures in 1H NMR
spectra. We formulated the problem as a segmentation task on one-dimensional spectral
signals and explored convolutional neural networks as suitable models for this purpose.
The resulting prototype architecture demonstrated that deep learning can capture the
characteristic patterns produced by scalar couplings directly from spectral data, without
relying on explicit parametric models of the lineshape. Building on this idea, a prob-
abilistic deep learning framework, MuSe Net, was subsequently developed in order to
improve both predictive accuracy and interpretability. In addition to predicting the most
likely splitting class, the model provides a probability distribution over possible patterns,
enabling a principled quantification of predictive uncertainty. This information can be
exploited in downstream analysis pipelines, for instance by providing prior information
to Bayesian spectral fitting procedures.

While these results demonstrate the potential of deep learning for multiplet classi-
fication, several challenges remain. The current models operate primarily on spectral
phenotypes and therefore do not fully exploit global information about the spin system.
One promising direction is the integration of MuSe Net predictions with physics–based
spectral fitting procedures. In particular, the probabilistic output of the model could
be incorporated as informative priors within Bayesian spectral fitting frameworks, com-
bining the pattern recognition capabilities of neural networks with the interpretability of
physical spectral models. A complementary direction concerns the development of models
that explicitly incorporate molecular structure information. This could be achieved by
generating synthetic spectra consistent with the molecular structure and coupling topol-
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ogy, allowing the model to learn spectral patterns under physically plausible constraints
and enabling a more global and chemically consistent interpretation of the spin system.

The second part of our work addressed the automation of ligand–protein interaction
detection using 1H photo-CIDNP NMR data. Photo-CIDNP experiments exploit hyper-
polarization mechanisms to enhance specific resonances and are therefore employed in
fragment-based screening experiments. The interpretation of these spectra, however, is
complicated by experimental artefacts and by the need to compare signals across mul-
tiple experimental conditions. To address these challenges, we developed an automated
analysis pipeline specifically tailored to photo-CIDNP datasets. The workflow combines
spectral preprocessing, automatic peak detection, signal tracking across experiments, and
the evaluation of signal quenching upon ligand binding. The resulting system enables the
automatic identification of candidate binding fragments and the filtering of inactive com-
pounds in large screening datasets. Validation on a real fragment screening campaign
showed that the pipeline can reliably detect binding events while substantially reducing
the manual effort required for spectral inspection, thereby supporting the prioritization
of fragments for further experimental investigation.

For photo-CIDNP analysis, an important direction for future work concerns the quan-
titative estimation of binding strength. The present pipeline focuses primarily on the reli-
able identification of binding events, while the quantification of signal quenching remains
affected by systematic uncertainties arising from spectral distortions and experimental
variability. Understanding the origin of these biases and developing appropriate correc-
tion strategies will be necessary in order to enable reliable ranking of ligand candidates
based on NMR data alone. In addition, the integration of explicit uncertainty estimates
in the prediction pipeline would provide valuable information for guiding experimental
decision making.

Several methodological extensions can also be envisaged. One promising direction con-
cerns the analysis of ligand mixtures, both with 1H and 19F isotopes, which would enable
competition experiments and significantly increase the throughput of fragment screening
campaigns. Another important challenge is the development of algorithms capable of
operating reliably in low-field NMR regimes, such as those encountered with benchtop
spectrometers. In these conditions the reduced spectral resolution leads to stronger peak
overlap, making automated interpretation substantially more difficult. Addressing these
challenges will likely require the combination of improved signal processing techniques
with learning methods capable of exploiting prior structural information.

The research presented here was carried out in the context of two industrial collabo-
rations supported by Innosuisse. The partners were Bruker AG, a leading manufacturer
of scientific instrumentation and a major producer of high–resolution NMR spectrome-
ters, and NexMR AG, an ETH Zurich spin–off developing photo-CIDNP NMR methods
for fragment-based drug discovery. These collaborations provided access to experimen-
tal datasets and domain expertise and ensured that the methodological developments
addressed practical challenges encountered in real spectroscopic workflows.

The approaches developed in our work show that data–driven models can be integrated
with established NMR knowledge in order to assist the interpretation of complex spectra
and the identification of ligand–protein interactions in fragment screening experiments.
Complementary to traditional processing procedures, the proposed methods provide a
framework in which learning-based models and spectroscopic reasoning can operate jointly
within automated analysis pipelines to support decision making in chemical research.
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