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ABSTRACT

The growing application of multivariate spectroscopic methods in process
monitoring has created a critical need for robust signal unmixing techniques to resolve
complex, overlapping datasets. This dissertation investigates the applicability and
limitations of several signal unmixing frameworks for multicomponent optical
spectroscopic process monitoring. The first project examines the comparative
performance of Multivariate Curve Resolutiditernating Least Squares (MGRLS)
and Nonnegative Matrix Factorizan using Multiplicative Update (NM#MU) on
simulated excitatioiremission matrices (EEMs) under varying conditions of overlap and
noise levels. The second project evaluates the limits of tensorization in combination with
PARAFAC decomposition for resolwgncomponents from simulated emission decay
matrices (EDMSs), identifying noise thresholds and structural constraints beyond which
the tensor model fails to deliver interpretable results. The third project applies
constrained matrix factorization methods;luding semiNMF and convexNMF, to
Fouriertransformed EDMs collected during the photodegradation of Rose Bengal, a
system known to involve excitestate reactions and overlapping emissive species. Each
approach is benchmarked using simulated or expetahdatasets, allowing for
systematic evaluation of unmixing performance in realistic conditions. Collectively, the
findings provide practical guidelines on the selection and application of signal unmixing
methods for PAT, with a focus on model interpréityh resolution performance, and

robustness under challenging conditions. Across all three projects, findings highlight both

Xvii



algorithmic strengths and contextual limitations, offering practical guidance for selecting

appropriate signal unmixing techniques in multivariate spectroscopic monitoring.
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Chapter 1

INTRODUCTION

1.1 Motivation

Chemical processes routineyncountered in pharmaceutical research,
manufacturing, food processing, and environmental monitoring industpieslly
involve multiple chemical components and are often very comfigegrating
multichannelspectroscopic monitoring within the Process Analytical TechnalBgy)
framework representssagnificantshift in manufacturing process control and quality
assurance. This integration aligns with regulatory guidance from the FDA and IGH (Q8
Q12), supporting a systemapibarmaceutical developmeartd manufacturing
approactt The PAT framework emphasizes building quality into products through a deep
understanding and control of manufacturing processes rather than relying solely on end
product testingRegulatory agencies encouraggngmultichannel broadbanaptical
spectroscopic technigueshich have increased significantly in process monitoring
applicationgdue to their ability to provide rich, multidimensional information about
systems under investigation. However, these techniques also present substantial
challenges inmalyzing the resulting multivariate data, as overlapping signals from
multiple chemical components makeltallengingto identify and quantify individual

species' spectral characteristics accurai@yaddress this issue, signal unmixing



methods have been developed to separate overlapping spectral signals and isolate the
contributions of each component, enabling precise analysis of codualX Such
multi-componenthighly overlapped signals acalledcomplex data in this dissertation.
Despite their effectiveness in extracting pure component spectra and identifying
corresponding response profiles, the robustness of these meathddsularly under
conditions of high noise, instrumental variability, and complex sample maneceain
underexplored. For instance, in pharmaceutical manufacturingtimeaimonitoring of
chemical reactions is critical for ensuring product quality, in environmental monitoring,
robust signal unmixing is essential for accurately analyzing complex pollutsiuires.
This research aims &valuae therobustnessf signal unmixing methods for multivariate
optical spectroscopic process monitoring data

Accurate monitoring of these processes is crucial for understanding reaction
mechanisms, ensuring quality control, and optimizing operations. Optical spepiessco
have emerged as a-¢m method for reaction monitoring because they profadg cost
effective, and nomlestructive measurements. Moregwgrectroscopic techniques offer a
high-dimensionaliew of complex systems that jptentiallyfar more informative than
singlevariable measurements by capturing data across multiple variables such as
wavdengths, frequenciesnd time. Aswasnoted earlier, such muldtomponent, highly
overlapped signals (referred to in this dissertation as complex data) pose significant
challenges for analysis. Traditional univariate methods, which focus on a single variable
at a time and lack the selectivity resolve overlapping signals, struggle with these

challengesin reatworld measurements, overlapping signals and instrumental nalse m



it difficult to disentangl e s p Mgltivariae and
unmixingtechniquessuch as selinodeling curve resolution (SMCR)ave been
developed to overcome these isstigamixing methods excel aesolvingoverlapping
spectral features, extracting pw@mponent spectra, and identifying corresponding
response profiles depending on the broadband multichannel spectroscopic measurement
technique.

However, evemultivariate unmixing methodsre not without limitationg?
While broadband multichannel spectroscopic measurements can offer idsegpeinto
reaction pathways and facilitate réghe process adjustmentdoreover the utility of
various unmixing methods data dependenfor exampleSMCR methods are
inherently nordeterministic, sensitive to initial guesses, and affected by low signal
noise ratiosThe wide range aiinmixingalgorithms developed in different scientific
domains poses a challenge for effective selection and applicAsdhe use othe
unmixing methodsncreasesit becomes essential to systematically evaluate the
robustness of signal unmixing methods to provide clear and definitive guidance for their
optimal application.

This dissertation aims to systematically evaluate the robustness of signal

unmixing methods for multivariate optical spectroscopic process monitoring data. To

achieve this overarching goal, the research is organized around three interrelated projects.

Thefirst project involves a direct comparison of two widely uS&ICR methodsMCR-
ALS andNMF-MU, applied to fluorescence datasets of varying complexity to assess

theirrobustnesand reliability. The second project examities feasibility ofan

de



alternative approach that employs tensorization, wiafsformsbilinear datgdata in
matrix format usually used in SMCRjto multidimensiona(tensor)formatsto enable
threeway analysis methods suchRarallel Factor Analysi@ARAFAC). This strategy
is designed to overcontke inherent limitations of SMCR methodsymely, their non
deterministic nature. The third projeanhploysconvex NMF, a variant of standard NMF,
to resolve signals that are not effectively separated by conventional NMF texsfoiqu
dynamicFT-EDM datato accommodate nonnegatigkements in the data due to the
presence of excited state spedesh the tensorization arebnvex NMF projects are
validated usingnultivariate frequencylomain fluorescenceata collected oRose
Bengal (RB) photodegradation prooesas a model systemroviding insights under
realistic experimental conditions. This dissertation seeks to answer key research
guestions: How do MCRLS and NMFMU compare in handling complerultivariate
data? How do noise lelgeoverlap impact the outcometbiese SMCR metho@<£an
tensorization approaches effectively mitigate the limitatiorts@8MCR method® Does
SemiConvexNMF provide better signal resolution @ases oéxcited stateeactions
reflected in negative elementsmultivariate frequencglomain fluorescence

measuremenis$-ourier transform emission decay mati{{EDM)?

1.2 Chemical Data Science
Chemical Data Sciend€DS) providesmathematical and statistical methdds
extractmeaningful information fronanalytical measuremenrft§ These methodsnable

researchers to interpret complex chemical digaving valuable insights from



experiments and observatiofifiese methods are particularly valuable in spectroscopic
monitoring, where complex, higiimensional data require advanced techniques for
interpretation and analysiShere are subdisciplines under the umbrella of modern CDS,
such as chemometriégndchemoinformatic§ The origins of chemometricahich can
be seen as a precursor to Co&, be traced to the 196@sartingwith the increasedse
of computersn the scientific community.° The field began to take shape during the
1960s and early 1970s, with foundational contributions from scientists such as
Malinowski, 11! Jurst?13and Massart* The term "chemometrics" was coined by Wold
in 1971 for a grant applicatiomvold, in collaboration with Kowalski, founded the
International Chemometrics Society in 19740ver time, chemometrics has become
indispensable in spectroscopic applications, enabling the resolution of overlapping
signals and the extraction of pure component spectra from complex mixtures.
Additionally, chemometrics applications span from experimental dg$igattern
recognition!’ classification'® multivariate calibratiort® signal processing and extraction
to machinelearning?®

CDSfinds application across various fields, transforming data interpretation and
enhancing scientific research and industrial processes. The pharmaceutical industry
utilizes chemical data science for drug development, quality control, and formdtatfon.
These methods aid in analyzing complex datasets from analytical instruments, optimizing
drug formulations, and ensuring the consistency of pharmaceutical prétifdes.
environmental science, chemical data science is used to analyz@ter, and soil

quality data?’ Techniquesuch a$?CA help in identifying sources of pollution and



understanding environmental patteffi€&hemical data science models are employed to
predictenvironmental pollutants' impact anthnage and remediate contaminated $ites.
The food and beverage industry uses chemical data science for quality control, product
development, and authenticati#ffiTechniques such as PLS regression and PCA help in
assessing the quality of food products, optimizing processing conditions, and detecting
adulteration or fraud" 33 Chemical data science also plays a role in sensory analysis,
where it helps in correlating sensory properties with chemical composifiéhis
biotechnology and genomiahemical data science is used to analyze-digiensional

data from genomi¢¥ proteomics® and metabolomic® studies. Techniques like
clustering and classification are employed to identify biomaf{e¥sunderstand

biological processes, and develop personalized medicine appréa€iesnical data
science aids imtegratingvarious-omics data to provide a comprehensive view of
biological systems. Forensic science applies chemometrics to analyze evidence from
crime scene&! Techniquesuch a®CA and clustering compare and match samples,
such as drugs or explosives, to known referefe®Chemical data science improves the
interpretation of complex forensic data and provides statistical support for court evidence.
It has evolved into a vital tool in various scientific and industrial fieMISR-ALS and
tensor decomposition are significant for spectroscopic monitaidgg data resolution
andreattime process control. This dissertation addresses challenges in unmixing
spectroscopic signals somplexchemical system®nabling better analysis and
interpretation of data. CDS hashancedlatadriven decisiormaking, deepening our

understanding of chemical processes and improving product quality. As technology



advances, chemical data science balkeyin addressing complex problems and

fostering innovation across fields.

1.3 Spectroscopic Process Monitoring

Spectroscopic monitoring can provide r&ale, nondestructive measurements
that enable immediate adjustments and enhance process understandsesuch as
reaction mechanisnfé chemical synthest§ and materials manufacturifgProcess
monitoring is vital for ensuring product quality, optimizing operations, and complying
with industrial regulatory standards. Spectroscopic techniques are critical analytical
methods in modern process monitoring, offering-mosasive, reatime, and highly
sensitive and selective approaches for analyzing chemical and physical processes. These
methods leverage the interaction between electromagnetic radiation and matter to provide
detailed information, enabling insights into process dynamics, mlapeoperties, and
reaction mechanisms. Despite these advantages, spectroscopic monitoring faces
challenges, particularly in analyzing complex systems. The complexity of spectroscopic
data, often characterized by overlapping signals, necessitates addatecadalysis
techniques. This is where CDS plays a pivotal role. CDS provides the mathematical and
statistical tools that help to extract meaningful information from spectroscopic
measurements, transforming raw data into actionable insights. TechnighesssSMCR
and tensor decomposition are essential for resolving complex spectral data and enabling

reattime process control.



1.4 Classification of Process Monitoring Approaches

Process monitoring strategies can be classified according to their timing in
relation to the production process and the requirements for sample handling. Each
method presents unique benefits and drawbacks, making them appropriate for different
applicationsbased on the necessary speed, accuracy, and integration with production
processes.

Off-line monitoring involves traditional laboratory analysis of extracted samples.
While this method provides high precision and accuracy through advanced analytical
techniques, making it suitable for detailed characterization and validation, it als® incur
significant delays between sampling and results, as samples must be transported to a lab
and analyzed with specialized equipment. Such delays hinder its usefulness in dynamic
process control, where retine adjustments are critical for maintaining prodguality
and optimizing operations.

At-line monitoring enhances process control by enabling analysis near the
production line using dedicated instruments. This approach reduces analysis time
compared to offine methods, allowing for faster feedback on process adjustments.
Nevertheless, ittdl necessitates manual intervention and sample handling, which can
create bottlenecks and limit scalability for large operations. Despite these challenges, at
line monitoring is commonly utilized in industries where a balance of accuracy and speed
is esential, such as food processing and environmental monitoring.

On-line monitoring utilizes automated systems to continuously divert process

streams to analyzers, offering neaattime analysis. This method is more responsive



than offline and atline techniques, allowing for quicker detection of process deviations
and facilitating timely adjustments. However, transport delays must still be considered, as
the diverted process streams need to be moved to the analydare @mnitoring is

particularly beneficial in industries where réimhe data can substantially improve

process efficiency and product quality.

In-line monitoring stands as the most advanced approach, involving seamless
integration of analytical probes or sensors into the process stream. This method allows for
true realtime measurement without sample extraction, minimizing delays and providing
immediate feedback for process controllifre monitoring is especially valuable in
applications demanding precise control over dynamic processes, such as pharmaceutical
manufacturing and chemical production. By eliminating sample handliigein
monitoring mitigates risks of contamination and human error, enabling continuous, non

destructive analysis.

1.5 Spectral Monitoring and Process Analytical Technology

Optical gpectroscopic techniques play a pivotal role in modern process
monitoring, offering reatime, nondestructive, and highly sensitive methods for
analyzing chemical and physical proces§gectroscopic techniques span a wide range
of the electromagnetic spectrum, each offering unique capabilities for process monitoring
based on their wavelength or wavenumber range. At the lower end of the
spectrumjnfrared (IR) spectroscopy#0004 0 0  @nobed fyndamental molecular

vibrations, providing detailed strucadninformation. Moving to higher



wavelengthsnearinfrared spectroscopy (NIR$J80-2500 nm) examines overtones and
combination vibrations, enabling nalestructive analysis of powders and turbid
media.Raman spectroscopy, which typically operates in the visible telRegion
(e.g.,532 nm, 785 nm, or 1064 nm laser excitation), leverages inelastic light scattering to
providevibrationalinformation, particularly for aqueous systems and molecular structure
analysis. In the ultraviolet and visible regions (B2 nm),UV-Visible (UV-Vis)
spectroscopgxamines electronic transitions, making it invaluable for quantitative
analysis and reaction kinetics studies. Findllygrescence spectroscopy, which typically
operates in the visible region, measures emission from electronically exteites!,
offering exceptional sensitivity for trace component analysis. While all these techniques
have their unique applicationidy/-Vis andfluorescence spectroscopye particularly
central to this dissertation due to their relevance to the sttBgahotodegradatioand
their widespread use in retine process monitoring.

UV-Visible spectroscop{190-800 nn) examines electronic transitions in
molecules, following the fundamental Bdeambert law relationship where absorbance
(A) equals the product of mol ar absorptivi
concentration (c). This direct relationship betwelesoabance and concentration makes
UV-Vis spectroscopy particularly valuable for quantitative analysis in process shtams.
The technique primarily probes electronic
transfer transitions, providing specific information about conjugated systems and metal
complexes? Instrumentation for process UVis spectroscopy combines complementary

light sources to span the required spectral ramgection systems typically employ
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photodiode arrays (PDAs) or chargeupled devices (CCDs), which offer high
sensitivity and rapid data acquisition across multiple wavelengthgerium lamps
provide intense emission across the UV region {4@@ nm), while tungstehalogen
sources cover the visible and ndarranges (35@500 nm). Modern systems employ
duakllamp designs with automated source switching for seamless speveegeReat
time monitoring applications include concentration determination in chemical processes,
color analyss in dye production, and reaction kinetics studfes.

Fluorescence spectroscopy measures emissiondirggtet electronically excited
states offering exceptional sensitivity for process monitoring applications. The

technique's fundamentatqpertes ncl ude quantum yield (0),

W

efficiency as the ratio of emitted to abso

which characterizes the average time molecules spend in the excited Ehatse
parameters provide complementary information about molecular environment and
dynamics, enabling sophisticated process monitoring capabilities.

Process fluorescence instrumentation has evolved significantly with technological
advances in light sources and detectors. Xenon arc lamps remain common excitation
sources for their broad spectral output, while LED sources offer improved stability and
longevity for targeted applications. Pulsed laser sources enabledsulyed
measurements, revealing dynamics on nanosecond to picosecond timescales. Detection
systems typically employ photomultiplier tubes for high sensitivity, though avalanche
photodiodegAPDSs) provide superior timing resolution for lifetime measurements.

Hybrid detectors combining PMT sensitivity with sefithte detector stability have found
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increasing application in demanding process environmedditionally, multichannel
detectors, which enable simultaneous measurement across multiple wavelengths, and
advanceaptical configurations are critical for enhancing the versatility and efficiency of
spectroscopic monitoring in industrial settings

The extraordinary sensitivity of fluorescence detection, often reaching picomolar
concentrations, makes it invaluable for monitoring trace components in process 8treams.
Applicationsincluding, from bioprocess monitorint,of protein expressi¢ito
environmental analysis of organic pollutart&Reattime fluorescence monitoring
enables immediate detection of process deviations, particularly valuable in fermentation
processes where rapid response can prevent batd Tiss technique's nedestructive
nature amenabilityof measurement® multivariate analysis and capability for
continuous monitoring align perfectly with modern process analytical technology
requirements.

Spectroscopic techniques play a pivotal rol@ AT by providing reakime, non
destructive measurements that enable continuous monitoring and immediate feedback.
For example, UWis spectroscopy can track reaction kingtttand quantify product
concentrations in real tinféwhile fluorescence spectroscopy offligh sensitivity for
detecting trace components and monitoring dynamic proc&ssa@hese capabilities
allow manufacturers to identify deviations early, optimize process parameters, and ensure
consistent product quality. By integrating spectroscopic data with advanced analytical
tools, PAT transforms raw measurements into actionablghtssienabling proactive

process control and reducing the risk of costly batch failures.
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The implementation anhultichannekpectroscopic PAT solutions requires
sophisticated data analysis strategies to convert spectral information into actionable
process knowledg€hemometric methods form the foundation of this analysis, with
Principal Component Analysis (PCA) providing dimensional reducti@omplex
spectral datasets. Partial Least Squares (PLS) regression enables quantitative prediction
of critical quality attributes from spectral measurements, while Self Modeling Curve
Resolution (SMCR) techniques separate overlappiegtsgd contributions in complex
mixtures®*

The evolution of spectroscopic process monitoring continues to accelerate, driven
by technological advances and increasing demands for process understanding and
control. Instrument miniaturization represents a significant trend, with micro
spectrometers abling deployment in previously inaccessible process locations.

Data processing and analysis capabilities continue to evolve rapidly, particularly
in the application of machine learning to spectroscopic process moniobegp
learning algorithms demonstrate remarkable capability in extracting subtle patterns from
complex spectral datas@fs®’ enabling more sophisticated process control strategies.
While traditional chemometric methods remain foundational for spectroscopic data
analysis, the increasing complexity of modern process monitoring demands more
advanced tools. Machine learning and deep learning algorithms offer distinct advantages,
including the ability to handle higdimensional and multidimensional data, model-non
linear relationships, anansfer their trained understanding to related taBksse

capabilities make them particubavaluable for reatime process control and the analysis
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of complex systems, where traditional methods may struggle. By integrating these
advanced algorithms with established chemometric approaches, manufacturers can
achieve greater process understanding, improved predictive accuracy, and enhanced
decisionmaking capabilitiesTransfer learning techniques facilitate the deployment of
calibration models across multiple process lines or facilities, reducing implementation
costs and improving reliabilif? These advances in data analysis capabilities transform
the vast quantities of spectral data generated in modern manufacturing into actionable
process intelligence. These emerging applications demonstrate the continuing evolution
of spectroscopic processomitoring from a quality control tool to an integral component

of intelligent manufacturing systems.

1.6 Dissertation Overview

This dissertation is organized into six chapters that togatsess theobushess
of signal unmixing in multivariate optical spectroscopic process monitdatey Chapter
1 introduces the study by outlining the motivation behind the research, providing an
overview ofchemicaldatascience, discussing the principles of spectroscopic process
monitoring, and classifying various process monitoring approaches. It also examines the
integration of spectral monitoring within tipeocessanalyticaltechnology famework

Chapter 2 details the methodologies employed in this work. It begins with a
description of multidimensional photoluminescence measurercewtsing both
excitatiori emission matrices and timand frequencyesolved emission decay

matrice® and explains the bilinear modeling of spectroscopic data. The chapter then
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delves into multivariate mixture analysis via SMCR, presenting three key approaches:
MCR-ALS, NMF-MU, and Convex NMF. It also discusses the limitations inherent in
bilinear matrix analysis, such as rdeterministic behavior and rotational or intensity
ambguities It introducedensorization methods as strategies to overcome these
challenge®f bilinear SMCR methodsI'he section concludes with an overview of the
software tools used throughout the study.

Chapter 3 presents a detailed comparative evaluation of SMCR methods,
focusing on MCRALS and NMFMU. This chapter usdtuorescence datasets of varying
complexity to assegberobustnessf these widely used signal unmixing techniques

Chapter 4 focuses on evaluating tensorization approache as an alternative to
traditional SMCR. By converting bilinear dgtaatrix) into multidimensional formats
(tensor)and employing threwvay analysis methods such as PARAFAC, this chapter
assessethe robustness of the tensorization approachtamévaluation is supported by
both simulated datasets and experimental measurements derived from broadband, time
resolved UV Vis spectroscopic data obtained during Rose Bengal (RB) photodegradation
experimentsthereby validating the effectiveness of tensorization in enhancing signal
resolution.

Chapter 5 examines tlieasibility of Convex NM a variant designed to resolve
signals that conventional NMF cannot effectively sepaératg&ing multichannel
frequencydomain fluorescence measurements of RB photodegradation as the model

systemA sample with excited state species present will have nonnegative elements in the
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components of FEDM. While traditional NMF cannot accommodate nuggative
elements during unmixing, conv®&MF can potentially handle them.

Chapter 6, the Conclusion, synthesizes the findings from the previous chapters
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Chapter 2
METHODS

This chapter was adapted from the publications below. Further permissions related
to the material excerpted should be directed to the designated journal. Reprinted (adapted)

with permission from the following publication.

Suskil, C.V.; Murray, M.J.Sanap, D.B; Neal, S.L. Photoluminescence Probes in
DataEnabled Sensing. Annu. Rev. Anal. Chem. 2023, 16:18.25.

2.1 Multidimensional photoluminescence measurements

Photoluminescence (PL) occurs when materials emit light after absorbing energy
in the form of photons. This process begins with photon absorption, which excites electrons
in the material to higher energy states. As these electrons relax back to lowgleredsy
the excess energy is released as light in the form of fluorescence and/or phosphorescence.
These nordestructive, contactless measurements, when conducted with various variables
such as wavelength, frequency, and time, produce multivariatehddteain be analyzed
using multivariate data analysis techniques, potentially providing dynamic insight into the
system.
Steadystate photoluminescence spectroscopy measures the intensity of emitted light at

multiple wavelengths while exciting the material with a continuous light source. While this
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straightforward method requires minimal sample preparation, it fundamentally lacks
selectivity in processes involving multiple chemical components. In such systems,
overlapping signals and cumulative contributions, governed by-IBeaberts law,
complicate data analysis and interpretation

Multidimensional photoluminescence measurements (MPMs) are particularly
valuable for process monitoring because they enable the resolution of overlapping spectral
signals from multiple chemical species, providing detailed insights into complex chemical
sydems MPMs offer improved selectivity by distributing emission data across various
domains. These domains may encompass excitation and emission wavelengths, time, or
temperature. The enhanced selectivity of MPMs, along with their capacity to produce data
appropriate for multivariate analysis, allows for the differentiation of overlapping spectral
features and supports the investigation of intricate interactions within chemical processes.
This combination of heightened selectivity and the ability to condudtivariate analysis

renders MPMs especially for monitoring processes.

2.1.1 Excitation Emission Matrix
The excitatioremission matrix (EEM) is a foundational technique in

multidimensional photoluminescence measurements (MPMs). It records fluorescence
intensity as a function of both excitation (Ex) and emission (Em) wavelengths, producing
a detailed spectrdingerprint of the sample. Constructing an EEM involves collecting
fluorescence emission spectra sequentially at different excitation wavelengths. These
spectra are then compiled into a thddmensional dataset, mapping fluorescence intensity
across extation and emission domainshe EEM provides a comprehensive spectral

fingerprint thatwhen coupled with advanced chemometric analysis, can facilitate the

18



deconvolution of overlapping signals, a critical step in-tisa process monitoring of
systems with multiple fluorophores and complex reaction pathways.

Originally conceptualized in 1961 by Gregorio Weber, the BEMso referred to
as the total luminescence spectéuimas become a critical tool in fluorescence
spectroscop§® Each element of the EEMA, represented a® , corresponds to the
fluorescence intensity at a specific pair of excitation and emission wavelengths.
Mathematically,as shown irEquation2.1, an EEM can be represented as a combination
of excitationspecific terms (column factors), and emissiospecific terms (row factors),
f, with the number of contributing components denotedl,asith measurement noisé
This mathematical framework provides the foundation for advanced signal unmixing

methods essential in process monitoring applications.

The superiority of EEM over traditional fluorescence methods becomes particularly
evident in complex systems where multiple fluorophores contribute overlapping signals.
While single excitation or emission spectra suffice for simple systems, they prove
inadequate for process monitoring applications where multiple chemical species coexist
and evolve simultaneously. EEM data provides a multidimensional fluorescence profile
that enables the resolution of these overlapping spectral contributions through ratdtivar

analysis techniques.
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The application of EEM in process monitoring is particularly powerful when
combined with chemometric methods. These approaches enable the simultaneous
guantification of multiple fluorophores and the tracking of their evolution during chemical
processes, evem ithe presence of interfering substandasphotocatalytic degradation
processes, EEM coupled with chemometrics has demonstrated sophisticated monitoring
capabilities. Khalilian et altilized Ag, S, N-doped TiQ as a photocatalyst to degrade
Rhodamine B dye, optimizing parameters including pH and reaction time. Their
implementation of MCRALS and PARAFAC analysis revealed distinct spectral
signatures of degradation intermediates, allowing for precise kinetidimyobf the
photocatalytic process at optimized conditi6hin water treatment applications, EEM
fluorescence spectroscopy has demonstratédiy in monitoring advanced oxidation
processes (AOPs) in complex matrices. Ben Abdelmelek et al. investigated hydroxyl
radicatmediated degradation of pharmaceutical and personal care products in reverse
osmosis retentate, where high concentrations of efflolgranic matter present analytical
challenges. Their research established that changes in specific EEM regions, particularly
those associated with protdike fluoresence, correlated with contaminant removal
efficiency, demonstrating EEM's capability for réi@he process monitoring in complex
water treatment systems.In pharmaceutical monitoring, de Faria e Silva and Ryder
developed a sophisticated polarized EEM approach for analyzing artibogly
conjugates. Their method achieved remarkable precision, with 6% relative error of
prediction for drugto-antibody ratio irpurified products and 11% for unpurified alkylation

intermediates. The technique simultaneously monitored protein aggregation through
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Rayleigh scatter measurements, correlating with hydrodynamic radius (Rh) measurements
with R2 = 0.992 Sciscenko et al. demonstrated EEM's capability in tracking the
degradation of fluoroquinolone antibiotics (ofloxacin, enrofloxacin, and sarafloxacin)
through various oxidation processes includin®#h and photeFenton reactions. Their
five-component PARAFAC model distinguished between parent compounds and
transformation products, enabling simultaneous monitoring of degradation kinetics across
different pH conditions (2.8, 5.0, and 7.0). The resultsvgloa strong correlation with
HPLC measurements atakicity assessments using Escherichia €bli.

This dissertation utilized simulated, synthesized, and experimental multicomponent
excitationremission matrices (EEMsjletailed in Chapte3, to systematically evaluate the
performance of two leading MGRLS and NMF for signal unmixing under varying
spectrabverlapsand noise conditions. Simulated EEMs were generated using fluorescence
spectra of commonly used dyes (see Figure xx) to mimic challenges-imagdlprocess
monitoring, such as overlapping spectral features and measurement noise, providing a
controlled environment for algorithm assessment. Synthesized EEMs, constructed from
standard solutions of polycyclic aromatic hydrocarbons (PAHS) in cyclohexane,
incorporated more complex spectral profiles, bridging the gap between simulated and real
world data to test the algorithms' ability to resolve overlapping signals. Experimental
EEMs, obtained from threeomponent mixtures with varying spectral overlaps,
represented realistic process monitoring conditions and contextualized the findings from
simulaed and synthesized datasets, demonstrating the practical applicability cAMER

and NMFMU for reattime tracking of chemical systemBhe insights derived from this
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analysis facilitate the identification of the most suitable algorithm for specific scenarios
and enable a comparative evaluation of both methods when applied to intricate
multicomponent reactions or process monitoring applications.

These applications demonstrate EEM's versatility in resolving complex chemical
processes across various fields. The technique's ability to simultaneously track multiple
fluorescent specieboth spectral and evolution characteristit®m pharmaceutical
compounds to environmental pollutants, wideilitating detailed kinetic and mechanistic
insights, establishes it as a powerful tool for mod®kit implementations. The integration
of advanced chemometric methods further enhances its capability farmmeaprocess

monitoring and control.

2.1.2 Time and FrequencyResolvedEmission Decay Matrix

Emission Decay Matrix (EDM) measurements represent another powerful
technique in MPMs, providinga dynamic resolution that complements spectral
information. The temporal resolution provided by EDM allows for the differentiation of
chemicalcomponents with overlapping spectral features, making it particularly valuable
for monitoring dynamic processes in real tifike key advantage of EDM lies in its ability
to differentiate chemical components through their temporal characteristics, even when
their emission features overlafue tothe broad bandwidthin chemicalsamples This
temporal discrimination arises frommolecules' distinct excited state relaxation rates
influenced by their structural differences, molecular environments, and inteutzole

interactions.
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Dynamic photoluminescence measurements can be performed usingayso
time-domain and frequenegomain methods. The tirglomain method, also known as
pulse fluorometry, employs short light pulses for excitation, ideally with pulse widths
significantly shorter than the sampde's
dependent intensity O follows an exponential decayr growth described by) O
) 0Q 7 , where) represents the initial intensity & T, andz is the fluorescence
lifetime. The decay time can be determined either from the slopel » versusQ or
from the time at which intensity decreasepA®of its initial value.

When analyzing the intensity decay omalticomponensampleacross emission
wavelengths, it ieneficialto organize the data in a matrix format frcessibility to
multivariate analysisEach row in atime-resolvedemission decay matrix (TR-EDM)
represents the decay observed at a particular wavelength, while each column corresponds
to the emission spectrum recorded at distinct time delays following excitation. Notably, the
TR-EDM for a mixture is composed of the summed contributimosn individual
component matrices, along with additional terms accounting for detector dark signals and
noise. The TREDMs of individual components are constructed as the outer products of

their respective emission spectra and intensity decay propgesented in Equati@®
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where, Ag; is intensity contribution of  mixture componendf a samplg A is the
measuremernhatrix of the sample an#l is measurement noise, colusuif] are emission
spectrum of+ components and the columns’idirepresent corresponding time domain
emissiondecag.

Unmixing signals fromTR-EDM presents significant challenges due to several
inherent complexities in the datsimilar to EEM dataelatedchallengesFirst, spectral
and temporal overlapmongchemicalcomponentsnakes it difficult to distinguish their
contributions. Fluorophores often exhibit broad and overlapping emission spectra, and their
decay profiles can consist of multiple exponential components, leading to ambiguities in
assigning decay lifetimes. Secomthenomena such as energy transfer, repbsatr and
scattering effects further distort the observed decay signals, complicating the separation of
pure spectral and temporal components. Additionally, many systems exhibit non
exponential or multexponential decay behavior, which further complisdtes analysis.

Evenwell-establishednethods like SMCR may struggle to unmix highly complex
samples that include multiple components with overlapping spectral and decay features
due to the inherent limitations of bilinear modelswakbe discussed in Sectidh4. One
strategy to address these limitations is tensorization of bilinear data. Tensorization
transforms the data into a highgimensional structure, enabling thweay analysis
techniques such as PARAFAC. Unlike bilin&aslviICR methods, PARAFAC provides a
uni que solution wunder certain conditions

unambiguous resolution of spectral and temporal compqgrasttsled in Sectio.5. This
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advantage makes tensorization particularly powerful for analyzing complex systems with
significant spectral overlap and noise.

In this dissertationa systematia@approach was used generatesimulated EDMs
that assistedvaluate the limits of tensorization methpglsch adevel ofoverlap, number
of components, and noise levétgatcan be toleratetly the algorithm Thedatamodels
emission profiles agaussian function@mimicking emission peaksnd decay profiles as
exponential functions, systematically varied to control the number of components, degree
of spectral overlap, and noise levels. These simulated data sets memoballenges
encountered in realorld process monitoring applications, where overlapgnussion,
overlappingdecay profilesand measurement noise complicate data analysis. By analyzing
these simulated EDMs, the robustness and reliability of tensorization approastees
assessetbr resolving complex mixtures, as detailedSiection4.3.2

To validate the transition from bilinear to tensor analysis, experimental data
from broadband time-resolved U\visible spectroscopyas utilized, specifically
monitoring thephotodegradation of Rose Bengal (RB) in methanol. Rose Bengal is a
widely studied photosensitizer with applications in photodynamic theaapg model
environmental dye degradation, and photocatalysis. Its photodegradation involves complex
pat hways, i ncl udi mgdiated axidaltive processey, gviiahn ledditdD )
various photoproducts depending on solvent/environnMahitoring these processes in
real time provides insigh@boutthe kinetic mechanisms of RB degradatiatetailed in

Section4.3.1

25



The study by Rowe et al. employed timesolved emission dipole moment (TR
EDM) analysis of épropionyt2-dimethylaminenaphthalene (PRODAN) in various
isotropic solvents, combined with multivariate analysis, to decompose its emission spectral
characterists. Additionally, the study elucidated the photokinetic mechanisms underlying
PRODANsolvent interactions, enabling a more precise interpretation of -jadex
sensing in microheterogeneous systéhittle et al. utilized timeresolved fluorescence
spectroscopy tdlifferentiate tumor and normal tissue during surgery. The technique
achieved fluorescence lifetime recovery with Qfbps accuracy which matched with
published data. The study also showed that this method can determine fluorophore
concentrations by analym lifetime decays. These findings highlight the potential of TR
EDM for reattime tissue monitoring during surgical procedutds.the study by Saraswat
et al.utilized TimeResolved Fluorescence Spectroscopy (TRFS) and other complementary
techniques to investigate the binding interactions between a specific ionic liquid and human
serum albumin (HSA). The authors employed TRFS to determine the quenching
mechanismof fluorescence, whether it was static or dynamic, by analyzing the decay
profiles of the fluorescence emitted from HSA. The study demonstrated thatesoieed
fluorescence, could effectively distinguish between diffegpenching mechanisms and
provide insights into the binding dynamics of the ionic liquid with HSA.

The frequencydomainis other type of dynamic photoluminescence measurements
approachn which a sample is excited bgtensitymodulatedight. This method typically
utilizes sinusoidal modulation at frequencies around 100 MHz, chosen to match the

reciprocal of the anticipated fluorescence lifetime. The resulting emission maintains the
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modulation frequency but exhibits a phase delay relative to the excitation, quantified by
the phase shifi. The modulated excitation follow®O % p - AT OO, where
% represents average intensity, the modulation, and the angular frequency. The
corresponding emission responge® & p - AT ®O n incorporates both
phase shifn and demodulation factdr, related to the lifetime through A% 1 ¢and
i p Sz T

Frequencydomain decays are measured and calculated from the modulation ratio
and phase shift of the emission produced byntbeulated excitation light source. Based
on the transform derivative identity, there is a linear relationship between the frequency
domain decay and the Fourier transform of its derivalitaerefore, a single component
decay matrix, QQ which is collected at emission wavelength_ and modulation
frequency] , can be constructedequation 2.3.

Q_h .._h Q=R i _fma _h Q * 2.3

where..._h and— _h represent the amplitudes of the oscillating emission that-are in
phase and 90 degree aftphase with the modulated excitation, respectivelyfrt
represents the steagyate emission intensity at & _R s the ratio of the emission
modulation to the excitation modulation &#&_h is the emission phase shift relative to
the excitation collected at wavelengtland frequency .

When the fluorescence decay of a mixture of N fluorophores is monitored as a
function ofl emission wavelengths dimodulation frequencies, the emission decay at the

specified wavelengths can be arranged in &ard matrix: A. Since each decay profile is
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independent of the emission wavelength, the Fourier transformed errdesiay matrix
(FT-EDM) is susceptible to a variety of numerical analyses. TheEBWM of N
fluorophores is the sum of the products
therefore, the matri¥A measured in the frequendpmain can be written atescribed in

Equation
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Except for measurement errors and background noise, represented by thé\niiagrix
columns of the matri¥A are sums of the emissi@tecay matrices of the individul
componentsAg , and products of the emission spectra ofNHiziorophorespg , stored
on the columns of the matrfy, and the transpose of the frequedoynain decays of the

fluorophorespg in the matrix?.

When a series of matricés are collected with respect to time as the progress of
a reaction is monitored and concatenated into a simgle MA Jmatrix, A
A A 8 A , wherethe superposed brace indicates matrix concatenatioMasthe
number of matrices concatenatettie concatenated matrix captures the variety of
component responses during the reaction. In this weaktion progress Fourier transform
emissiondecay matrices (RPT-EDMs) were constructed to capture tbpectral and
kinetic changes produced duritige photodegradation of RB in various solvents. The

matrix Aformed from a series & can be factored into a product of the emission spectra,
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A, and concatenated frequerdgmain decaysef the individual components of the sample
mixture,A [ N 8 N

Thereds been a debate about ti me doma
measurementd.Advocates of time domain measurements point out that short signals, like
those on the nanosecond scale, have very broad Fourier transforms. This means frequency
domain methods only capture a small part of most deéda. example, a 100 ps decay
requires modulation frequencies above 1.5 GHz, which is too high for most photomultiplier
tubes. As a result, very fast decays are rarely fully measured in the frequency domain. On
the other hand, frequency domain advocategtsalinear relationship between decay and
photokinetics in firsorder systems makes high bandwidths less critical. They also
highlight how easy it is to remove the excitation function in the frequency domain. This is
because signals convoluted in thedidtomain become simple products in the frequency
domai n. However , wh eardeit@rmnanyin nkcronetertogermesus ar e n
media and complex fluidgme domain measurements have a clear edge. They capture the
full decay profile. Still, this advantage is balanced by the difficulty of suppressing the
excitation function in time&lomain dataTherefore, both time and frequency domain
measurements can be useful based on the type of systestigated

In this study, reaction progress during the photodegradation of Rose Bengal (RB)
was monitored using Fouriransformed emissiedecay matrices (FEDMs). These
multidimensional datasets were constructed by concatenating frequemamn
fluorescence measements acquired at multiple time points during continuous

photoirradiation. The resulting RPT-EDMs captured evolving spectral and decay

29



features associated with the transformation of RB and the formation of photoproducts. To
decompose these complex datasets into chemically meaningful components;Nbifvex
was applied. This method allowed the decay profiles to be represented as convex
combnations of observed data, thereby maintaining interpretability while accommodating
multiexponential decay behavior. The analysis yielded distinct spectral signatures for
unreacted RB and bleghifted photoproducts, enabling the temporal progression bf eac
species to be monitored without prior spectral references. This approach demonstrated the
utility of RP-FT-EDM construction combined with advanced matrix factorization in
resolving exciteestate dynamics and overlapping fluorescence signals in reaction
monitoring applications.

Rowe et. alutilized Fouriertransformed emissiedecay matrices (FEDMSs) to
find the photokinetic behavior of PRODAN and LAURDAN in DMPC vesicles to
understand how membrane phases affect their fluorescence. The data was collected at
temperatures near the gel phtasasition. The results showed that both probes emit at least
three spectral components, with intensities changing during thte-tquid-crystalline
phase transition. Combining FDM with multivariate analysis unmixes
multicomponents, maxirming the information extracted from the system. The study
demonstrated the use of #EDM in photokinetic analysiso resolve excited states and
their reactions to local environments, even when spectral overlap éeurscentstudy
investigatel the effects of simulated solar radiation on oleic @edped CdSe/ZnS
guantum dots (QDs)tilizing FT-EDM measurementsBy combining FFEDM with

multivariate data analysis, the researchers effectively monitored the photoluminescence
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(PL) of QDs, resolving distinct spectral and decay profiles of different subpopulations. The
analysis identified three PL components: photodarkened QDs, shwettemissions due
to photoionization; photobrightened QDs, sHoréd emissions from surfaqeassivation;
and photoripened QDs with weak, fgkifted, longlived emissions reflecting nanopatrticle
growth. The study demonstrates the utility of-EDM for process monitoring, enabling
detailed tracking of QD behavior and transformations under ligrdsaire®

Dynamic photoluminescence measurements, whether in the time or frequency
domain, are powerful tools for capturing the complex characteristics of processes under
study. More importantly, these multidimensional measurements make the data suitable for
multivariate analysis, which can help in process monitoring by extracting specific features.
However, multivariate analysis requires careful dagacific preprocessing, algorithm
selection, and analysis methodology to effectively separate and interpret thentrelev

chemical signals. The next section providegaik of mathematical structure of data.

2.2 Bilinear Model for Spectroscopic Data

Typically, spectroscopic measurements follow the Besnbert law. Therefore,
the datg’A) can be modeled as a linear combination of variables or conditions. As a result,
multidimensional data from a chemical system can often be expressed in a matrix format.
This structure facilitates the application of linear algdbased multivariate methodisr
analysis, provided that the data meets key assumptions, including consistent measurement
conditions, spectral alignmernd uniform dimensionality across the measuremdihts

data can be modeled as a bilinear model presented in EqR&tion
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where, A is measured data matrix of the sample #id measurement noise, column of
I are spectral features like absorption, excitation, emission, or others based on
measurement techniques foichemical components and the column&Aosépresentshe
correspondingcontribution to the measurement of a system, typically intensity or
concentration

A key challenge in solving the model presented in Equa&ihes in
determining the number of chemical componefi)scontributing to the measurement
data(’A) in a multicomponent system, as this information is typically unkn@kemical
rank (or pseudo rank), which represents the number of independent chemical components
contributing to measuredhta(’A). It is essential to differentiate this from mathematical
rank, a concept in linear algebra that refers tantiraber of linearly independent rows or
columns in a data matrixVhile the mathematical rank and chemical rank are not the
same. In practice, the chemical rank is usually much smaller than the dimensions of the
measured data (i.e., the number of rows and columns). This difference arises because the
mathematical ranill be artificially inflated by measurement err¢#. Accurately
estimating the chemical rank is therefore crucial for applying multivariate analysis
effectively and extracting meaningfulsights from spectroscopic data. There are several

methods available to estimate chemical rank in spectroscopic data. Commonly used
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approaches include estimation technigsiesh as the magnitude of singular values to
estimate variance contributed to the measurement of a component calculaiaddgr

value decomposition (SV},information content statisti®#and crosssalidation®

2.3 Multivariate Mixture Analysis via Selfmodeling curve resolution (SMCR)

As discussed in Sectidhl, multisensor technologies, such as multidimensional
photoluminescence measurementgescribed by Equation 2.8equently produce
mixed signals originating from multiple chemical components and varying experimental
conditions.Multivariate mixture analysisan be used by researchers to tackle this
challenge by decomposing mixed signals into physically meaningful components
belonging to the broader category of blind source separation techniques (BSS). BSS
techniques aim to disentangle mixed signals into features that retain physical and
chemical relevance. Among them, selbdeling curve reolution (SMCR) has emerged
as a widely used approach for resolving mixture analysis proliéarbsyond
spectroscopySMCR methods are specifically designed to analyze spectroscopic mixture
data (A), as described in Equati@b, by decomposing it into factors that represent
underlying spectral features. These factors include spectral prdfjlasd their
corresponding responsed) (without requiring prior knowledge apectral profile
shapesThis unique capability makes SMCR a powerful and flexible tool for interpreting
complex datasets, particularly in process monitoring and other applications where

understanding the underlying chemical and physical properties is critical.
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Multivariate Curve ResoluticAlternating Least Squares (MGRLS), aswill be
described in SectioR.3.], is a widely recognized method in chemical analysis and is
often considered the standard approach within-Belieling Curve Resolution (SMCR)
techniques. However, researchers continue to refine and develop SMCR variants to
enhance algorithmic performamdOne such advancement is the Positive Matrix
Factorization (PMF) algorithm, introduced by Paatero and Tapper, which applies the
alternating least squares approach to minimize weighted residuals within the factor
product model. This iterative process @nés nornegativity constraints at each step,
ensuring physically meaningful results. Later, Paatero and Tapper further refined this
approach by incorporating an approximate conjugate gradient method to accelerate
convergence during alternating regression.

A major milestone in factorization techniques was achieved when Lee and Seung
introduced NorNegative Matrix Factorization (NMFaswill be described in Section
2.3.2 initially designed for decomposing image datasets into meaningfehegetive
components. Unlike MCRALS, which relies on leastquares solutions, NMF employs a
multiplicative update, allowing for more flexible data decomposition. Over time, various
NMF variants have been proposed, modifying factor update rules, objective functions,
and constraints to improve its application across different datasets. The diverse range of
factorization methods available today suggests that no single approach universally
resolves all mixture data challenges.

Jiang and Ozaki classified SMCR methods into two distinct groups. The first

category, unique resolution methods, is founded on mathematical principles that, when
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aligned with the physical or chemical characteristics of the dataset, can accurately
reconstruct the true component features. These methods utilize local data properties, such
as selective response regions or zero concentration areas, through techikedoealli
rank analysis. Some notable examples of unique resolution methods include Evolving
Factor Analysis (EFA), Window Factor Analysis (WFA), Heuristic Evolving Latent
Projection (HELP), Subwindow Factor Analysis (SFA), and Parallel Vector Analysis
(PVA).

The second category, rational methods, incorporates general assumptions about
component profiles, such as Apagativity, unimodality, or inherent constraints within
the dataset. This category includes Orthogonal Projection Analysis (OPA), Multivariate
Curve ResolutiohAlternating Least Squares (MGARLS), Simpleto-Use Interactive
SeltModeling Mixture Analysis (SIMPLISMA), Iterative Target Transformation Factor
Analysis (ITTFA), Positive Matrix Factorization (PMF), and NWegative Matrix
Factorizaton (NMF) and it 6s -MMFandaonves NMFi These ng&thods
are often implemented using iterative algorithms that refine an initial estimate and
optimize a loss function to improve solution accuracy.

Most SMCR algorithms are iterative in nature and inherently-aeterministic.
They require initial guesses for factor estimation, which can greatly influence the final
solution will be discussed in the Secti@m.1 SMCR methods suffer from two major
limitations: rotational ambiguity and intensity ambiguity. Rotational ambiguity occurs
when multiple rotated versions of the factor matrices yield the same reconstructed data,

making the solution neanique. Intensity mbiguity, or scaling ambiguity, means that
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the factors can be arbitrarily scaled relative to each other without altering the overall
product, complicating the determination of absolute component intensities. These
ambiguitieswill be discussed in detail in Secti@¥.2 restrict the uniqueness and
interpretability of the solutions. Poor initial guesses may lead to slow convergence or
cause the algorithm to settle on a local minimum of the loss fun@laapter 3f this
dissertation presents a systematic comparison betweéiMS and NMFMU using
simulated, synthetic, and experimental fluorescence EEM datasets commonly
encountered in process monitoring applications. Secfidh%and2.3.2briefly describe

the mathematical foundations of MRS and NMF.

2.3.1 Multivariate Curve Resolution -Alternating Least Square

Spectroscopic process monitay datg as discussed in Secti@ril, can be
structured in a matrix format that follows a bilinear model, mathematically represented in
Equation2.6. The primary objective of MCRLS is toestimatehe two matricesy),
which captures the chemically meaningful spectral profiles of the observed components,
and’A which represents their corresponding evolution over the measurement process. In
MCR-ALS, the optimization process is governed by an objective function, defined
through a loss function that quantifies the accuracy of the resolved factor product, as

shownin Equation2.6.
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whereo iE denotes the matrix trace, is minimized through an iterative prddassg
each iteration(Q), the factors are estimated alternately using ordinary least squares

(OLS), adhering to the update rules outlined in Equat2ohand2.8.

n AA AA AA 2.7

A An AN An 2.8

The superscriptd) denotes the matrix pseudoinverse. The iterative process continues
until the factor estimates convergea predefined value or a maximum number of
iterations is reached. During the update, numeroussgegteific constraints can be
applied. In this dissertatioonly the nonnegativity constraint was enfor@gdsetting any

negative profile values to zero after each update step.

2.3.2 Nonnegative Matrix Factorization -Multiplicative Update

Both NMF~MU and MCRALS share the same aim: they factor spectroscopic
data,’A, into two physically meaningful matrices. For NNWU, these matrices are
denoted a§ andg , whereas for MCRALS they are represented gand’A,
represented in Equatidb. The loss function ialso similar ashown in Equatio2.9. A
key differencebetween MCRALS andNMF-MU is that NMFMU usesa multiplicative
update rule to minimize the same loss functather tharalternating least squares in

MCR-ALS. Generally, spectroscopic measurements are expected to phadlice
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measurementh, andnonnegative spectral signatures (adsorption, excitation, or emission
profiles) therefore nonnegativity is the desired property of any unmixing algorithm for
spectroscopic data. NMMU is inherently nonnegative makingahatural choice for

spectroscopic unmixing.

~
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The multiplicative update used in NMWU at each iteratiorQ, is represented in
Equation2.10and2.11 for estimated factor§ and& respectivelywherez denotes the

Hadamard product
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Equivalent to MCRALS, theiterative process continues until the factor estimates

convergeo a predefined value or a maximum number of iterations is reached.

2.3.3 SemiNonnegative Matrix Factorization

SemiNMF is a relaxed version of Nonnegative Matrix Factorization (NMF) that
allows the input data matri® and one of the factor matrices to contain negative values,
while maintaining nonnegativity in the second factor matrix. Specifically, in-Skvii,

the factor matrix (analogous t@) orn) is unconstrained and may include both positive
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and negative values, while the mattiXanalogous t& or A is constrained to be
nonnegative. This is particularly useful when the original data matrix contains negative
values, whiclcanoccur in spectroscopy.

The bilinear model for serNMF is identical in form to conventional NMF, as

shown in Equation 2.14
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However, the optimization is performed under the constgaint , while ¢ is
unconstrained. The objective is to minimize the Frobenius norm of the reconstruction

error, as given in Equation 2.15:

o . A ., 4

The update rules for sefNiIMF are derived to accommodate the partial nonnegativity
constraint. Whil& can be updated using the psetileerse or leassquares solutiorg,
is updated using multiplicative rules similar to those in standard NMF, with care taken to

preserve nonnegativity. The iterative updates for each tim&atep
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Here, and denote the positive and negative parts of a matrix
respectively, and represents the Hadamard (elerrerge) product. These rules ensure
that the nonnegativity af is preserved whilé can freely span the reahlued space,
making semiNMF suitable for decomposing data with mixgidn entries. As with other
matrix factorization techniques, the iterative process continues until a convergence
criterion based on the change in the objedtinmetion or factor matrices is met, or until a

maximum number of iterations is reached.

2.3.4 ConvexNonnegative Matrix Factorization

ConvexNMF is a variant of NMRhat imposes additional constraints on the
factor¢, equivalent toj or fj . The important thing to note is that the measureni&nt,
need not be nonnegative to employ convex NMF. The mathematical bilinear model for
convex NMF is shown in Equati¢hl6. Specifically, thefactor € must beconvex
combination®f the columns of the data matr#x i.e.,¢ Arj whererj is a non
negative weight matrix with columns summing to @gnean be negative or positive
based oA and the factog is strictly positive This constraint ensures that tlaetorsé
lie within the convex hull of the data points, making them interpretable as weighted

averages or centroids of thelumns of A
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The loss function for convex NMF is similar to that of M@IRS and NMFMU,
represented in Equatidhl?.

flighy o1 A &3° A & 017

In convex NMF, the function iteratively estimates factorwhereé  Afj , andé at each
iteration Qaccording to Equatiord18 and2.19, wherez denotes the Hadamard product
Similar to MCRALS and NMFMU, the iterative process continues until the factor

estimates converge to a predefined tolerance or until a maximum number of iterations is

reached.
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2.4 Limitations of Bilinear Matrix Analysis

Bilinear matrix analysis has been a cornerstone of chemometric modeling,
offering simplicity and interpretability for twwdimensional datasets. However, these

methods faceritical limitations that undermine their applicability for complex, multi
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component systems. Two key challenges aredstarministic algorithms and rotational

and intensity ambiguity, which are discussed in detail below.

2.4.1 Non-Deterministic Algorithms

Algorithms based onilinear models, such &MCR those discussed in Section
2.3, rely heavily on iterative optimization algorithms to decompose a data rsitri®
physically/chemically interpretableatrices (alternativelyr] and¢) andC
(alternativelye and¢). These algorithms are inherently rdeterministic, meaning that
their solutions depend on the initial guesg@en to an algorithmDifferent starting
conditions can lead to vastly different solutions, posing significant challenges in
achieving reliable and reproducible results. For instance, poor initialization may result in
suboptimal or physically meaningless solutions, even wiedata matri¥A has a
unique factorization. This sensitivity to initialization is exacerbated by the presence of
noise or measurement errors, which can disrupt the factorization process and reintroduce
ambiguity. Additionally, iterive algorithms often converge to local minima rather than
the global minimum, further complicating the interpretation of results. To mitigate these
issues, researchers typically employ multiple initializations and select the solution that
best fits the da or aligns with prior knowledge. However, this approach increases
computational cost and does not guarantee a unique or optimal solution. Thus; the non
deterministic nature of bilinear algorithms remains a fundamental limitation in their

application to omplex datasets.
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2.4.2 Rotational and Intensity Ambiguity

Rotational and intensity ambiguities are inherent challenges in bilinear matrix
decompositions, arising from the mathematical structure of the factorization. Rotational
ambiguity occurs because any decomposition governed by Equatip82, 2.5 and2.9
remains valid under a transformatignwherer is an invertible matrix. Specifically, the
factor matrices can be transformedjas 1 1 (similarly for factorsj and¢) andn
A R (similarly for factorsAand¢ ), resulting in a family of mathematically equivalent
solutions. This ambiguity makes it difficult to extract unique chemical profiles or
concentrations, as multiple sets of factor matrices may fit the data equally well. Even in
cases where rotational ambity is theoretically absent (e.g., when the data matrix has a
unique structure), the factorization may still fail due to noise.

Intensity ambiguity arises in case the scaling of one factor matrix is inversely
proportional to the scaling of the other. For example, scalifay fj andé ) by a constant
| and simultaneously scalinfg(or Aandé ) by leaves the overall decomposition
unchangedA | 4 | 1 . This ambiguity complicates the interpretation of results,
as the absolute scale of the profiles cannot be determined without additional constraints.
For instance, normalization constraints (e.g., fixing the normarf) or physical
constraints (e.g., known scaling from calibration data) can break this relationship and
reduce intensity ambiguity.

Efforts to mitigate these ambiguities have focused on introducing meaningful
constraints that reflect the physical, chemical, or biological properties of the system under

study. For example, nemegativity constraints ensure that all components represent
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physically plausible quantities, as negative concentrations or intensities laakorthl
interpretation. Unimodality constraints enforce a single peak shape, which is particularly
beneficial for chromatographic profiles where each component is expeazdibit a

distinct, unimodal behavior. Closure constraints, often applied in compositional data
analysis, assume that the sum of all components equals a known total, providing an
additional layer of structure to the solution space. While these consirapriove
interpretability, they require prior knowledge of the system, which may not always be
available. Analysts often face a traolé between maintaining mathematical generality

(to avoid overfitting) and incorporating systespecific constraints (tomprove
interpretability).

In addition to these constraints, trilinearity constraints have proven effective in
reducing rotational ambiguity, when multiple data sets are available. Trilinearity assumes
that the data can be represented as a sum cbramkensors, which imposes ague
structure on the factorization, discussed in Se@iénThis approach is especially
powerful in multiway data analysis, where additional dimensions (e.g., time, wavelength,
or sample number) provide more information to resolve ambiguities. Tools such as
Borgen plots and their generalizations have also beeziajeed to visualize the feasible
solution regions of bilinear models, shedding light on the extent of rotational and
intensity ambiguities. However, these methods are computationally expensive and

scenariespecific, limiting their broader utility.
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2.5 Tensorization methods to address bilinear model limitations

The mathematical foundation of tensors was laid in the 19th century by pioneers
such as Gauss, Kronecker, and Hilbert, who explored homogeneous polynomials
precursors to modern symmetric tens8&.Importantly, while matrices (2rdrder
tensors) capture only bilinear interactions, tensors generalize this concept to multiwvay
arrays, thereby enabling the analysis of more complex, hdjhmnsional relationships.
Bilinear modelsas depicted in Equatio@sl, 2.2, 2.5 and2.9, represent spectroscopic
data as a product of two matricemach corresponding to physical characteristics such as
the spectral profileand system evolutiollthough this formulation captures the
essential contributions of different chemical components, it suffers from inherent
ambiguitie® such as rotational and intensity ambiguitiescussed in Sectidh4 which
limit its ability to resolve overlapping signals in complex systesnSMCR methods
Tensor based factorization can address this challémgi@s dissertationtensors refer
specifically to 3way or cubic data, which allows for a richer representation of
interactions beyond what matrices can offractical applications of tensors emerged in
the mid20th century with the introduction of the Tucker Decomposition (TKD) by
Tucker in 1963, designed to analyze thwesy data array®’ This was followed in 1970
by the development of the Canonical Polyadic Decomposition (CPD), independently
introduced as CANDECOMP by Carroll and Chang and as PARAFAC by Harsfiffan.
These tensor methods represented a fundamental shift from matrices to multiway arrays,
providing unique solutions undeertainconditions without requiring orthogonality

constraintsas will be discussed in Secti@rb.2%°
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In reaction progress monitoring, tirnesolved spectroscopic measurements yield
multivariate datahatcoversboth spectral and temporal informatj@s described in
Section2.1.2 The measure@R-EDM can bemodeledby Equatior2.5. Although each
row of Ais a mixture of emission signals, the decay of a single chemical component
following excitation is well characterizedhen aremitteris notin microheterogeneous
media, polymers or complex solverity.an exponential function sucha®
) 0Q T ,where) represents the initial intensity @ 11, andz is the fluorescence
lifetime. Even thougl) O represents the decay of one component, the recorded EDM
comprises mixtures of these decays. A key feature of exponential functions is their shift
invariance: any timshifted segment is proportional to the original signal. This property
is exploited throgh Hankelizatiorto construct a tensor from TRDM measurements

stored as a matrixA.

2.5.1 Matrix to tensor transformation via Hankelization
In spectroscopic process monitoring, the experimental data are typically organized
in an) A Wmatrix i, where each row represents a recorded spectrum and each column
corresponds to a measurement along the process evolution. Conventionally, the data are
modeled bilinearly as
A Mt A 2.20
where’Acontains the normalized emission (spectral) profilespntains the decay

profiles of the+ signal components, arlaccounts for noise and measurement errors.
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This bilinear representation, however, suffers from ambiguities that deg&eministic
unmixing challengingTo over come these ambiguities, we
formulation. In this framework, the evol ut

chemical concentrations) is given by

o) A H 221
whereg; is the state vector at tinkgAis the evolution matriX;Hs the control vector, and
"I represents an external input. The corresponding measured spectrumgat pilse
then
"H AN A 2.22
with "Has a direct transmission term. Because the &tdi&pends on its past values, the
out put can be interpreted as the convolut:i
impulse responséor each measurement chanBgbr example, each wavelength), the

impulse response is defined through the Markov parameters:

C WA PH 2.23
where"His theE row of the matrixA Consequently, the spectral response at channel

is modeled as

" G @at 2.24
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with , being the length of the impulse response. It is essential to note that the convolution
is performed between the input perturbation and the impulse response, rather than
directly on the evolving state.

To exploit the shift invariance of the impulse response, we rearrange its samples into a

Hankel matrix for each channglThe Hankel matri¥ is constructed as follows
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Each row of the spectral data is then expresséd as {1
withiTbei ng the input vector. While a single ¢

matrix (due to perfect shift invariance), in practice the impulse response is a linear
combination of multiple exponentials, so the rank ofeflects thenumber of distinct
components.

A crucial step in our approach is the explicit factorization of the Hankel matrix.
The observability matrix fothe channelEs defined as in Equation 2.26
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and the reachability matrRehasRE "H '"A"™H 'A"H 8 A "H. Thus, the Hankel

matrix can be written &  "ERE This factorization illustrates hoiv encapsulates
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both the manner in which the state influences the measurement (observability) and the
effect of the input on the state (reachability).

By stacking the Hankel matrices from ptthannels, the bilinear datconverted
into a three wayH .(IntHisdeodor, thedinst knedmntains tten s o r
spectral (emission) information, the second mode comprises the sequential impulse
response samples, and the third mode captures the inherent shift invariance of the impulse
responses. This tensorization is pivotal as it sets the stage fijua @md deterministic
signal unmixing process.

Once the tensdil is formed, PARAFAds applied tqparallel factor analysis) to

decompose it into a sum #efrank1 tensors:

H "H ;T z " 2927

wherez denotes the outer product, and the factdrs , and’l represent the spectral,
observability, and reachability components associated witk thgignal, respectively. A
uniqueness condiibe x pr essed vi a &suesthaathisoddeconspositi@hi t i on
is unique (up to scaling and permutation) provided that the subspaces spanned by the

factors are sufficiently diverse.
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2.5.2 Tensor decompositions with unique factors like PARAFAC under Kruskal's
conditions

Once the tensdd is formed, PARAFAds applied(parallel factor analysis) to

decompose it into a sum #frank1 tensors:

H "Hth FA 228

wherez denotes the outer product, and the factdrs , and’l represent the spectral,
observability, and reachability components associated witk thgignal, respectively. A
uniqueness condiihie x pr essed vi a &sutesthaathisoddeconspositi@hi t i on
is unique (up to scaling and permutation) provided that the subspaces spanned by the

factors are sufficiently diverse.

An importantrequirement for the uniqueness of the PARAFAC decomposition is
that the factor matrices satisfy certain structural properties related to linear indepgndence
the Kruskal condition. Let the Kruskal rank (erdnk) of a matrix be the maximum
number of its columns that are linearly independent. Then, forthagalata, the
PARAFAC decomposition is unique (up to scaling and permutation) providegthat
Eo Er ¢U ¢, whereEy Eg, andEg denote the kanks of the matrice®, O, and
R, respectively, and is the number of componentsodeled by PARAFACIn other
words, to meet the Kruskal condition, the data must exhibit sufficient diversity in each
mode. Forreaction monitoring using spectroscopjplication, this implies that the
emission spectra (capturedA must be sufficiently distinct; thanetic informationin

the time evolution (reflected @) and the delay structure (containedRij must also be
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linearly independent. In practical terms, the sample and spectral diversity must be high
enough and the number of componentsw enough relative to the data dimensions to
satisfy this inequality.

In this framework, the unique decomposition provided by PARAFAC yields the
emission profiles directly iiA Once these emission signatures have been reliably
extracted, the decay profiles can be further resolved using SMCR methods as described in
Section2.3. This twastep strategyfirst obtaining a unique set of spectral profiles
through tensor decomposition, and then resolving the kinetic details via SAMd@Rsses
the inherent ambiguities of traditional bilinear methods.

In Chapter 4, the efficacy of this approach is demonstrated on both simulated
emission decay matrices and experimental data fromphtte®degradation of Rose
Bengal.The results illustrate that the tendm@sed method yields a robust and unique
unmixing of complex, overlapping signals, thereby significantly improving the resolution

of reaction progress monitoring data.
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Chapter 3

Comparison of MCR-ALS and NMF-MU on Simulated and Experimental
Excitation-Emission Matrices

This chapter was adapted from the submitted paper below. Further permissions

related to the material excerpted should be directed to the designated journal.

Sanap, D.B; Neal, S.L.Comparison of MCRALS and NMFMU on Simulated and

Experimental Excitatiofemission Matrices" Journal of Chemometyig624,Submitted.
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3.1 Abstract

SelModeling curve resolution (SMCR) is a versatile data analysis methodology
used in many scientific disciplines to isolate overlapping signals from multivariate mixture
data. Many SMCR algorithms have been developed by investigators from diverse
communiies. The number of options can make selecting and using SMCR algorithms
effectively a challenge. Previous studies have compared various algorithms using a variety
of simulated and experimental data types. In this report, two widely used algofithms
Multivariate Curve ResolutieAlternating Least Squares (MGRLS) and Nonnegative
Matrix Factorization with Multiplicative Update (NMMU) 1 are applied to simulated
fluorescence ExcitatieREmission Matrices (EEMs) constructed to feature systematically
varyingnumbers of fluorescent components, degrees of spectral overlap, and levels of two
types of noise. Multiple realizations of the noisy data matrices are analyzed to produce
results with statistical validity. The simulated data results are compared toofndata
synthesized from standard measurements and experimental mixture data for context.

Both algorithms compute factors alternatively that minimize the matrix residuals,
but their different factor updating strategies lead to different results for matrices comprised
of highly overlapped and/or noisy components, i.e. that exhibit rotationadjaiyb The
comparisons indicate that the longer MBRS step lengths not only lead to faster
convergence, but also often produce more accurate results because pure profiles often lie
on feasible region boundaries. The comparisons also show that the lamg@mstrained
MCR-ALS step lengths make its results more dependent on the factor update order when
the spectral profiles on the matrix columns and rows exhibit different levels of overlap.

The incremental, multiplicative NMMU updates produced more acate results in cases
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of highly overlapped matrix factors at higher noise levels, especially the kinds of low

frequency noise often observed in spectral measurements.

3.2 Introduction

Selfmodeling curve resolution (SMCR) methods are a class of data analysis
techniques that aim to resolve multivariate mixture measurements into factors that
capture physically meaningful features of constituent components without prior
knowledge of the anponents!3 These techniques are used in many fields to isolate
(unmix) overlapping signals in matefermatted data including chemisttyemote
sensing, recommender systeri$,and biomedical and materials hyperspectral image
processing.Because of this wide utility, many SMCR algorithms have been developed
by investigators in a number of scientific fields. This wealth of options can make
selecting and using SMCR algorithms effectively a challenge, particularly for
investigators who havanited data analysis experience, insufficient access to practical
and definitive guidance through collaborations with experts, or when a new data type
requires analysis.

Lawton and Sylvestre introduced SMCR in the 19785 heir goal was to
uncover pure electronic spectra and corresponding concentration profiles from UV
visible absorbance measurements of-t@mponent dye mixtures. Since the 1970s,
several authors have developed algorithms that extended SMCR beyond two
componentst? 3 Mathematically, SMCR is applicable to any matrix that is a sum of the
outer products of mixture component factors. In rare cases, matrices are comprised of
factor combinations that can be recovered unambiguously, but profile shapes and
overlaps usually immose rotational and/or intensity ambiguities that produce infinite

numbers of feasible factors whose product accurately reconstructs the data matrix,
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especially as the number of components increases and thetsigiogde ratio (SNR)
decrease¥

SMCR techniques are typically categorized by how they handle this ambiguity.
Jiang and Ozaki categorized SMCR technidtist use the physical or chemical
features of the data, such as the appearance/disappearance of compounds in separations,
to impose mathematical constraints on the SMCR soltfidhas unique resolution
methods, and techniques in which generic knowledge about component profiles, such as
non-negativity, unimodality or other data features, constrain SMCR solutions as rational
methodst22126 Rajko also categorized SMCR algorithms into two groiijis;that
scheme, SMCR refers specifically to methods that obtain the range of factor solutions, in
the spirit of Lawton and Sylvestreds origi
(MCR) methods use iteration and constraints to extract uniqueosslditom the feasible
regions without specifying them.

SMCR algorithms that use iterative methods to locate feasible matrix factors are
widely used. These algorithms typically apply constraints based on general, rather than
specific, features of the factors, such as nonnegativity or unimoéfadfythese,
multivariate curve resolution by alternating least squares (MC8)?? and its
variants®28 3 which use least squares regression iteratively applied to the row and
column spaces of a data matrix to find factors, is the benchmark and most widely used
SMCR algorithm in chemical analysis. Of the algorithms that implement the positive
matrix factorizéion (PMF) strategy outlined by Paatero and Tagpthe nornegative
matrix factorization by multiplicative update (NM¥U) algorithm introduced by Lee
and Seund? and its variant$? 26 which decompose data matrices into contetdvant,
nortnegative factors, are very widely used. Despite their similarities, the algorithms have

distinct mathematical formulations for updating matrix factors that can produce
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differences in execution, especially when severe component profile overlap and/or noise
lead to rotational ambiguity in matrix factors.

A number of studies comparing the execution of MEIES to NMF~MU and
other SMCR algorithms for a variety of data types have been regéfte@ften
investigators found that the performance of the two algorithms is similar, but there are
notable exceptions. Tauler ettabbserved significant differences between MBRS
and PMF in the analysis of aerosol source apportionment data, though the performances
of MCR-weighted alternating least squares (WALS) and PMF were similar. In the study
by Albuquerque & Popgfc ompar i ng NMF, MCR ALS, and MCR
of surface enhanced Raman-MUpedagmedsightypectr os
better than MCR ALS for |l ow noise data, bu
which performed best for data with high noisea recent stud§t comparing the
effectiveness of MCRALS to several algorithms, including NMWU, for the analysis of
electromyography (EMG) data collected from stroke survivors, investigators reported
superior repeatability and intsaubject consistency for MGRLS. Omidikia and
coworkers also recently compared the results of applying several algorithms, including
MCR-ALS, NMF-MU, and Bayesian nonnegative factor analysis (BNf?A9,
simulated environmental sample composition matrices (with and without rotational
ambiguities), environmental source apportionment data, and liquid chromatography
diode array detection (LOAD) data. The authors concluded that the important
differences in the results were produced by differences in algorithm response to rotational
ambiguity and noise. They also noted inter
trajectories within the feasible ranges of the simulated data with rotational ambiguity,

pointing out that some algorithms are more likely to converge on the feasible region
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boundary. They advocated more systematic investigation of algorithm convergence for
more complex cases, including multiple constraints.

This article describes the results of applying MEES and NMFMU algorithms
to simulated fluorescence excitatiemission matrices (EEMs) that exhibit
systematically varied numbers of fluorescent components, component spectral overlaps
and levels of twoypes of noise. Fluorescence measurements are standard tools in many
fields and the fluorescence EEM is a multivariate fluorescence format that provides a
fingerprint of complex samples that has found application in fields from biochemistry and
biophysicé®*4*to environmental chemistA?:** The matrix variations were selected to
increase the difficulty of mixture matrix resolution to explore differences in the
algorithmsdé execution. Multiple realizatio
provide statistical validity. The simulated da¢sults are compared to and contextualized
by analysis of synthetic (from laboratory standards) and experimental fluorescent mixture

matrices.
3.3 Methods

3.3.1 SMCR algorithms

SMCR techniques to unmix multivariate mixture data into their pure component
responses have been extensively reviewed elsewheTais brief overview specifies the
nomenclature and parameters used in the MCB and NMFMU investigation that
follows. The mathematical model that describes experimental data matrices resolvable by

SMCR algorithms is given bquation 1:

$ ARt A 31
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In this work,D is an EEM of a fluorescent mixture, the column$ cére the
excitation spectra of the pure mixture components, the coluntharef their
corresponding emission spectra, &kid a matrix of residuals not explained by the
productXY . The excitation spectra are assumed to be normalized to unit length and the
emission spectra are scaled to reflect the relative quantum yields and concentrations of
the components.

In the analysis of experimental data using SMCR algorithms, the determination of
the number of component, i.e., the number of columns §f andn, is the first step. A
number of statistical and informatitheory based approaches to the determination of
K,*8 %0 typically applied to the matrix factors computed using the singular value
decomposition (SVDJ! have been described. Since the number of components present in
the matrices analyzed in this study is known, this step is not required.
SMCR algorithms seek factor estimatésandr], (superposed carats (") indicate
estimates) that are combinations of orthogonal matrix fadtoasndQ (generated by
principal components analysis or the singular value decomposition). The estimates also
satisfy the measurement requirements, e.g-newativity, and form products that

estimate the original matrix within the limits of the measurement:error

$ |Hs5 wlt o 4 Bla 9 3.2

When the components contributingRamverlap, their signals are mixed in the
columns ofU andQ, so the factors{ U Tandfj “H] , cannot be determined
unambiguously because any invertible matrigroduces factor estimates that reproduce
D within the noise. The limited circumstances under which matrix factors can be

unambiguously recovered are briefly discussed in Section 5 of the Methods Addendum in
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the Suppl ement al I nformation (SI). AII SMC
ambiguityo because it is inherent in bilin
ambiguity can be reduced by constraifit$?>3including nonnegativity, closure, sparsity,

and known values. (See, for instance, Ref. 3 for a wider discussion of constraints.) While

it is beyond the scope of this work, it also is worth noting that trilinear data sets, i.e.,
composed of multiple bilar matrices that share row and column factors at different

scales, do not suffer from rotational ambiguity, and can be analyzed unequivocally even

when factor profiles are severely overlapped, though noise may undermine accurate

factor resolutiory?°4>°

In MCR-ALS and the original NMF algorithm (NMMU), the objective function is given

by the loss function for the resolved factor product shown in Equation 3:

€ s 4 4
flgl® oi $ 89 $ 89 3.3

where tr(A) the matrix trace, is minimi:

ordinary least squares at each iterattpaccording to Equations 4 and 5:
86 o, $998% " $9% 34
9% , $%858%80 ® $%84 35
where superscript + indicates the matrix pseudoinverse. Iterations continue until
the factors stabilize with the features imposed by the data and any constraints. Many

constraints have been used to shrink the solution space of MlSRbroblems and

increasehe probability of generating physically interpretable results. In this work, only
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the nonnegativity constraint was applied to the factors in MCR by setting all

negative profile values to zero after every update.

In the NMRMU algorithm, which uses a multiplicative update to minimize the same loss
function as MCRALS (Equation 3), each factor is updated using adjustments computed

from the loss function derivatives at each iteration, t, according to Equations/6 and

$94
85 N 84
7" T 808% 36
) 8%
90 P 902‘8%8@3 37

wherez denotes the Hadamard product, until the factor product approximates the
data matrix within the limits of the measurement etfdihe nonnegativity constraint is
inherent in NMFMU because the negative terms in the loss function derivatives are
subtracted to generate Equations 6 and 7. As both-C&Rand NMFMU alternatively
update excitation and emission factors, two scenariss.dri the first, the excitation
factor ) is updated first, via Equatich4 for MCR-ALS or EquatiorB.6 for NMF-MU,
followed by the emission facton), via Equatior8.5 or3.7; this option is labeled
"excitation first" (Ex1st). In the second, labeled "emission first" (Em1st), emission factor
A is updated first, followed by excitation factpr
In the interest of straightforward comparisons of the two algorithms, care was taken to use
comparable settings for both. Since the factorization of bilinear data matrices (Equation 2)
is inherently nordeterministic, algorithm performance depends on tit&l guesses for
the factors, in addition to the inherent problem features that define rotational and intensity

ambiguity. Initial guesses that are far from the solution may cause slow convergence or
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convergence on a local minimum of the loss function (Equatidh®3§/Initial guesses for

both column and row factors were constructed using random values drawn from the
standard normal distribution with small «féts of values close to zero. Random
initializations may increase the number of iterations required, but haweatue of being
feature agnostic. All algorithm comparisons are based on the averages of trials carried out
using the same fixed set of 300 random initial factors to mitigate variations in the initial
guess location on the objective function. Both alifpons were run with the convergence
criteria set to 0.001% change in the relative residuals of fi@seand noisy data, which

is one order of magnitude more stringent than the typical level in the example provided by
Jaumot et ai® The maximum number of iterations was set to 1000 to avoid non

convergence in the rare case of an infinite loop.

3.3.2 Data set construction: Simulated DateSets

Simulated EEMs were constructed from the fluorescence emission spectra of
widely used dyes (See Figure 1) obtained from online soet€&Ehe spectra of
tryptophan (A), coumarin 1 (B), riboflavin (C), Nile red (D) and cyanine 5 (E) were
selected because their maxima are nearly evenly spaced on the wavelength axis and their
bandwidths and shapes are similar, as Fig@&shows. Excitation spectra were
simulated by reflecting the emission spectra acremsag set at the centers of the Stokes
shifts of the dyes. Increasingly complex multicomponent systems were simulated using
every combination of two (100), three (10@ddour (25) profiles bthe excitation and
emission spectra, producing a total of 225 néiee simulated EEMs. These EEMs do
not represent realistic mixturdsut exhibit systematicallyarying degrees of spectral

overlap. Additional details regarding EEM simulation are provided in the SI.
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Figure3.1 A: Normalizedfluorescence excitation spectral profiles for simulated EEMs;
B: Normalized fluorescence emission spectral profiles for simulated EEMs; C:
Normalized fluorescence excitation spectral profiles for synthetic EEMs; D: Normalized
fluorescence emission spectpaofiles for synthetic EEMs.

Increasing levels of noise were added to each simulated EEMthsingcently
developed NoiseGen software packé&gehich simulates a variety of noise types and
allows systematic variation of several noise characterization parameters. The
methodology used in NoiseGen to generate noise is detailed elséWBENMSs were
simulated using two types of noise: shot noise (multiplicative noise with the
proportionality set to 0.5) and a composite model of spectral noise comprised of shot
noise, pink (flicker) noise (power law noise with spectral density slope sgthicotvn
noise (power law noise with spectral density slope set to 2), and random walk noise
(power law noise with spectral density slope set to 5). The level of noise added to each
matrix was set by choosing the noise relative standard devigiiorelaive standard

deviation (RSD) levels were used to simulate EEM noise: 0.1 RSD, 0.2 RSD, 0.5 RSD,
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1.0 RSD, 1.5 RSD and 2.0 RSD. Evaluatiothaf execution of both algorithnis two
update modes (see below) for each of the 225 simulated matrices at thirteen noise levels

(including none) brought the total number of evaluation tt@l3510000

3.3.3 Data set construction: Synthesized Data Sets

The synthesized EEM data sets wepastructed from the EEMs of standard
solutions of anthracene (F), 2y@nzanthracene (G), chrysene (H), 9difhethyl
anthracene (1), and perylene (J) in cyclohexane collected using the videofluorbimeter.
Excitation profiles between 235 nm and 550 nm in 5 nm intervals, emission profiles
between 348 nm and 600 nm in 4 nm intervals Esgeares1C and 1D, respectively), and
corresponding noise factors were extracted from the standard matrices using thassvD
described in the SI. As in the case of the simulated EEMs, synthetic EEMs were
constructed using every combination of two, three and four excitation and emission
spectral profiles, producing a total of 225 EEMs. Analyzing all 225 EEMs synthesized
with both algorithmsn two update modes (see belawging 300 random initializations

produced a total of 270000 evaluation trials.

3.3.4 Experimental Data Set Collection

EEMs of threecomponent mixture solutions, collected using the
videofluorometet? were analyzed using MGRLS and NMFMU to contextualize the
results of the simulated and synthetic EEMs analyses. The first mixture consisted of
fluorophores that have moderately overlapped spectra-dgpb@nylanthracene
(P& @ p 1 L), 2,3dibenzanthracenep® ¢ p 1 U), and 1,2,5,8libenzanthracene
(¢& w p 1 0)in cyclohexane. The spectra of the second mixture are significantly

overlapped in both dimensions, and therefore, are more challenging to resolve:
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benzolK]fluoranthenep@t w p 1 0 ), benzo[a]pyrene{& ¢ p 1 0 ), and perylene (

o® p p 1 0 ), also in cyclohexane.
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Figure3.2 Resolution heatmaps showing %A values for factorization-obthponent
EEMs as a function of resolution difficulty of the constituent factors. A: MKLIS
Exlstmode; B: NMFMU Ex1st mode; C: MCRALS Emilst mode; D: NMMU
Emlst mode. Heavy white grid lines define the boundary between EEMs with and
without rotational ambiguity. Factors printed in black are identifiable, i.e., generate
selective response windowbose in red are not.

3.3.5 Model assessment parameter
The mixture models resolved by ME&R.S and NMFMU were characterized by
%A, a composite parameter constructed using the data matrix variance explained by the
model, R, and accuracy (correlation coefficients) of the resolved factoiGatculation
of these statistics is detailed in the Sl. Fereomponent EEM, there age+correlation

coefficients,+ each for the excitation (column) and (row) factors, and the explained
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variance, totaling, + p resolution diagnostics. To simplify the comparison of these
values, theg + p assessment statistics are combined in a radar plot, which converts the
diagnostics for twg three and fourcomponenEEMsto pentagons, heptagons, and
nonagons, respectively. Theeaof the radar plot of each set of resolved factors is
reported as thb ‘A its the relative area compared to that of a perfectly resolved model,
which has the largest possible area for any EBM6OA value equal to 100% indicates
complete resolution of all factor profiles. An example of %A values for an EEM that is
resolved differently by the two algorithms is shown in Figure S1. Thedoumponent

mixture EEM exhibits severe overlap in both éxeitation (column) and emission (row)
space, as well as substantial shot and power law noise (RSD = 2.0), so this matrix cannot
be fully resolved by any SMCR algorithm. The large difference in %A in this case
reflects the impact Htonditioned matrices produced by severe overlap and/or noise can

have orpseudeinversematrices calculated durifngCR-ALS(See Equations 4 and 5).

3.3.6 Resolution Heatmaps

One way to organize the results (%A) for the large number of mixture EEMs
analyzed in this investigation is to use a graphical representation, i.e., a heatmap of the
%A values of the SMCR solutions of a set of matrices. Simulated EEMs that have the
same nmber of components and noise level are arranged by the factor overlap, forming a
set. Figure 2 shows the resolution heatmaps for the-freisgtwecomponent data set.
The %A resolution heatmaps are arranged so that the spectral overlap of the excitation
profiles increases from left to right and increases from bottom to top for emission
profiles. The actual difficulty of mixture matrix resolution depends on the matrix
rotational ambiguity, which is a function of factor profile overlap in both matrix

dimengons and increases with the number of components, factor profile similarity and
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level of measurement noise. Since factor resolution is a complex function of profile
properties in the row and column space, no parameter linked to either factor axis can sort
EEMs in order of resolution difficulty, especially for mixtures of three or more
components. Factor selectivity and profile shape similarity were used to interpret
heatmap results rather than order factors. A detailed description of these parameters and
their calculation are provided in Section3 5f the Methods Addenda in the SI.

A heatmap shows the %A resolution values for each EEM constructed using the
excitation factors along the map horizontal axis, and emission factors along the vertical
axis. Factor components that do not have selective presence windows are labeled in red.
(Selective presence windows are necessary, but not sufficient, conditions for factor
recovery according to the theory of déased uniquene$dSee Section 5 of the
Methods Addendum in the Sl for more discussion of selectivity and uniqueness.) Each
%A result appears in a colopded grid square: darker squares indicate higher %A
values. The heavy white grid lines in Figure 2 highlight the boyrtaletween EEMs
with and without rotational ambiguity, which appear at the lower left corner of the map.
To investigate the impact of differences in the emission and excitation profile overlaps on
algorithm resolution, heatmaps showing %A values forthe€EM n dupdat e exc
firstd (Ex1lst, top rows) and O6update emiss
modes for both algorithms were constructed. Mean difference heatmaps highlight any

contrast in the %A values for the two algorithms for the EEM=s set:

3b | bl b1 3.8

3b | b1 b1 3.9
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3.3.7 Software

The EEMs were analyzed using SMCR routines written btitieors on the
MATLAB platform (version 2022a, The MathWorks, Inc., Natick, MA). The routines
implement the MCRALS algorithm described by Tauler and de ff4and the NMF
MU algorithm described by Lee and SedRé Routines to calculate the profile overlap,
selectivity, similarity and resolution assessment parameters (%A) also were written by

the authors using established methods as detailed in the SI.

3.4 Results and Discussion

Resolution Heatmaps that depict the mean and standard error %A resolution values
of the SMCR solutions on the EEMs simulateith composite noise as a function of the
factor overlap, number of mixture components, and level of composite noise are provided
in Figures S2i S4 for MCRALS and S5 S7 for NMFMU. (As will be discussed below,
selected results of the analysis of EEMs containing shot noise are provided in Figures S19
and S20.) Heatmaps for MGRLS and NMFMU applied to the synthetic EEM data sets
as a function of the number of mixture components are showkigresS8 and S9,
respectively. As expected, the maps show declining resolution as the degree of spectral
profile overlap, number of components, and level of noise increase, regardless of update
order, as is indicated by lighter grid square colors. Differentéie results of the two
algorithms are presented in WA difference
to noisefree simulated, RSD 0.1 noise simulated, RSD 2.0 noise simw@atedynthetic
data sets irFiguresS107 S13. These data indicate that in EEMs impacted by rotational
ambiguity, the results depend on the wupdat e
versus Em1lst application of each algorithm, shown in Figuresi B, confirm that
MCR-ALS exhibis a greater dependence on update order thanMMRhough the scale

and regularity of the differences tend to decline as the number of number of components
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and | evel of noi se increase. C eArnLsSe gHixelnsttl oy |,
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focus of the following discussion.

3.4.1 Noisefree simulated data sets
The @%A resol ut i onFighie3shosvithe average he at map s
3b 0 (6excitation fi ¥B& 6 mo(déee mitsospi orno W)i ra:
mode, bottom row) values for the tweéhree and fourcomponent noiséree data sets.
The algorithms performed identically for most of tammponent EEMs expected to have
no rotational ambiguity (See Figure 3A and 3D). The exceptiorthveasonideal
resolutions for matrices constructed with excitation profd€ Bsing MCRALS in the
Emlst mode and NMMU in both. This factor has selective presence windows for both
components according to the distance calculations (See Table S1)ydnyt ssrongly
overlapped. The %A values averaged across all i@fhibonent EEMs show that MER
ALS generally performs better than NM#U for noisefree simulated EEMs. This is

consistent with the results reported by Omikidia
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et al.*? who observed that MGRLS tends to converge at the boundary of the

feasible region. However, the twand threecomponent difference heatmaps in Figures

3A and3B, respectively, indicate that in the Ex1st mode MAIES resolutions are

generally higher than NMMU for EEMs constructed using more overlapped excitation

factors, and NMAVIU resolutions are often better for EEMs exhibiting higher overlap in

the emissioriactors. This trend is less clear in the theeenponent set and is not

observed for the foscomponent set (Figures 3B and 3C). When the update order is

reversed (Eml1st mode), NMWAU generates larger %A values in the case of the most
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overlapped excitation combinations for the fta@mponent data set and MGR.S %A

values are somewhat larger for more overlapped emission factors (see Figure 3D). This
switch in the performance trend persists, but is less distinct in thecibmggonent dat

(see Figure 3E). MCRLS performs better than NMMU on fourcomponent data in

either update mode (see Figures 3C and 3F).

Part of the explanation for the difference in MBRS performance in the two update
modes is illustrated in Figure 4, which shows the evolution of factor profiles for a notable
example. The EEM formed by excitation profile combinatie€ And emission proé
combination GD is interesting because these profile combinations are the most severely
overlapped factor pairs in the simulated set. The fact that both combinations have one
factor that is not selective (see Tables S1 and S2 for parametes)\add that the
factors also exhibit significant shape similarity add to the resolution difficulty. Both
algorithms compute search directions that minimize the-sspsires objective function
(Equation 2), but the NVHMU algorithm computes a shorter stepgth, also called the
learning rate, that avoids negative elements in the solution. The larger step lengths
computed by MCRALS, which may produce iterates that have negative elements, move
toward the feasible region boundaries more quickly, so MCR solutions converge

more quickly than those of NMMU, as the model residuals in the third column of

Figure 4 show. (The number of iterations was stopped at 900 for the trial depicted in the
graph to avoid oscillations that develop in the objective fundtiolarge numbers of
iterations. Figure S14 shows the evolution of the solution after 1000 iterations. The %A
values for both algorithms are the same in Figure S14 and in Figure 4.) In th&AM&R
Ex1st case in Figure 4 row 1, the algorithm first stepstd the boundaries of the

solution feasible region in the excitation domain, producing higher resolution for the
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excitation profiles AC (Figure 4D), but limiting the resolution of the emission profiles

C-D (Figure 4E). In the Em1st case in Figure 4 row 3, the algorithm first
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Figure3.4 Comparison of MCRALS and NMFMU progress during factorization of the
(AC)ex- (CD)em EEM combination. A: Correlation coefficients (x) of Exlst MCR
ALS estimated output and input excitation profiles vs. iteration number; B: Correlation
coefficients (x)of Ex1st MCRALS estimated output and input emission profiles vs.
iteration number; C: Ex1st MGRLS progress log of root mean square model residuals
vs. iteration number; D: MCRALS estimated output( x ) and input-J excitation
spectra; E: MCRALS estimated output( x ) and input{) emission spectra;-& Ex1st
NMF-MU correlation coefficients(F & G), algorithm progress(H) and estimated spectra(l
& J); K-O: Em1st MCRALS correlation coefficients(K & L), algorithm progress(M) and
estimated spectra(8& O); P-T: Em1st NMFMU correlation coefficients(P & Q),
algorithm progress(R) and estimated spectra(S & T). The maximum iteration number of
this trial was 900.

steps toward the boundaries of the solution feasible region in the emission

domain, maximizing resolution for the emission profile® CFigure 40) and limiting
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the resolution of the excitation profiles@ (Figure 4N). The emission and excitation
profile estimates are more accurate in the Em1st case because the smaller excitation
profile overlap and similarity lead to lower ambiguity of the emission factors. (The
overlap and si miah & frantEguatiprs 51 anel 818 rae equal to
0.19 and 0.96 for AC versus 0.36 and 0.99 for[@). The lower excitation profile overlap
leads tob ! equal to 99.66 compared ito! equal to 97.63.

The root mean square (RMS) of model residuals at each iteration in column 3 of
Figure 4 show that MCRALS converges more quickly, and to lower values, than NMF
MU regardless of the update ord®n the other hand, the gradual model refinement of
NMF-MU, depicted in Figures 4F and 4G for Ex1st mode and Figures 4P and 4Q for
Emlst mode, produces nearly accurate estimates for both the excitation (Figures 4l and
4S) and emission profiles (Figures adl&T) in the Ex1st and Em1st modes, leading to
%A values equal to 99.85 and 99.86, respectively.

Note that both algorithms recovered the excitation profile of component #1 (A)
and the emission profile of component #2 (D) accurately. The selective presence and
absence windows in the component #1 emission (C) and excitation (A) profiles,
respectively, et abl i shed the uniqueness of the exci
second resolutiontheoréfa nd t he second -lhased miquefessRaj ko6 s
resolution theorerf? Similarly, selective presence and absence windows in the
component #2 excitation (C) and emission (D) profiles, respectively, establish the
unigueness of the emission profile (D).

Overall, these results show that M@RS provides better resolution of noifee or
high signalto-noise ratio data when updated first in the domain that exhibits higher
overlap, even in cases of rotational ambiguity. This reflects the fact that smafiler p

overlap and similarity reduce the ambiguity of factors in the dual domain. The more
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deliberate search of the NM¥#U algorithm produces results that are more robust with

respect to update order and can be more accurate tharAISRvhen there are some

constraints on the feasible region, as in EEM {BD), or high component profile

overlapor noise complicate factor pseudoinverse calculations. It is interesting that the

Em1st heatmaps in Figure 3 are not simple reflections of the Ex1st maps across an axis
through the minor(anf di agonal since the ExMyin vs Em]
Figures S15 S18 show virtually no update order dependence in the algorithm. This

distinction in the performance of MGRLS in the two domains likely reflects the data
specific nature of the algorithmsdé search
well as the asymmetry and variability in the size and shape of the feasible regions in the

emission and excitation domains.

3.4.2 High-noise simulated data sets

The highnoise simulated dataset consists of the 225, tthoee and four
component simulated EEMs adjusted by addition of composite noise scaled so that the
average relative standard deviation of the noise in each matrix is two, as described in the
Methads section. Heatmaps illustrating the differences in EEM resolution for the two
SMCR algorithms applied to these data sets are shown in Figure 5. The heatmaps
showing the resolution values for MER.S and NMFMU applied to these data sets are
provided in kgures S4 and Figure S7, respectively. Most of the resolution differences for
the twoe and threecomponent EEMs expected to have no rotational ambiguity, sitting
near the lower left corners of the heatmaps(see Figure 5A, 5B, 5D and 5E), were zero, in
spiteof the presence of noise. In the noisy EEMs, emission fac®iaB well as
excitation BC produced results indicative of some rotational ambiguity in the Ex1st

mode. These results, along with the small %A differences observed for some EEMs
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constructed with emission factorEEin Ex1st mode (Figure 5A) indicate that noise
distorted the limited selective presence windows present in these highly overlapped
profile combinations. The dependence of MBRS on the update order, i.e. better

performance on EEMs
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constructed with more overlapped excitation profiles in Ex1st mode and on EEMs
with more overlapped emission profiles in Em1st mode, persists for the high noise data,

but the pattern is less definitive than in the ndise case. Variability is expected i
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these patterns given the stochastic nature of the added noise. Similarly, bettéfBIMF
performance, or poorer MGRLS performance, on EEMs constructed with more
overlapped emission profiles in Ex1st and on EEMs constructed with more overlapped
excitationprofiles in Em1st is observed, but the resolution differences are typically
smaller than in the noigeee cases and only consistently observed in thectwmoponent
maps. However, NMMU %A values are consistently higher than those for MALFS

in the mosseverely overlapped EEMs, regardless of component number or update order,
reflecting the impact of noiseduced matrix condition number inflation on MRS
performance. The fact that MGRLS resolution of EEMs simulated with RSD 2.0 shot
noise only is comparable to and in many cases higher than that of IMWHor severely
overlapped EEMs, dsigures S19 and S20 illustrate, supports the conclusion that low
rank bilinear representations are susceptible to low frequency measurement errors, that
undermine théeastsquares calculation. Note also that the NMB multiplicative

update does not explicitly push the solution into the matrix row or column space,

consequently it may be able to exclude noise features that lie in the matrix factor spaces.

3.4.3 Data sets synthesized from standard EEMs

The term "synthesized EEM" refers to excitatemission matrices constructed
by multiplying excitation and emission profiles extracted from EEM measurements of
pure singlecomponent standards and adding them to noise constructed using the
corresponding @dual SVD components, as outlined in Section 2 of the Methods
Addenda in the SI. In contrast to the simulated data sets, which were designed to increase
EEM complexity in terms of factor profile overlap and noise levels systematically using
unimodal specal profiles and specified errors, the complexity of the synthetic series is

varied by using dissimilar factor profiles, including multimodal spectra, and errors
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computed from measured noise. The complexity of these factor combinations is reflected

in the fact that only four of the one hundred teamponent EEMs were constructed

without rotational ambiguity, and that fewer than half of the Ho@aponent EEMs and

none of the foucomponent

presence windows.
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As the mean %A resolution heatmaps in F
heatmap in Figure 6 show, there is some similarity in the performance ofALSRnd
NMF-MU on the synthesized data sets to that observed for the noisy simulated data:
average %A alues for both algorithms decrease as the number of components increases,
but there iIis much more variation in the %
The two component heatmaps (Figure 6A and 6D) show some evidence of thRAIMCR
dependenceroupdate order but there is little, if any, dependence on the update order in
the Ex1st and Em1st maps of theaBd 4component data sets (Figure 6B, 6C, 6E and
6F). In these cases, thMF-MU immunity to low frequency measurement error leads to
higher %A values for three and four factor combinations similar to those better resolved
by MCR-ALS in the noisdree data. These results illustrate the utility of the composite
noise model for snulating EEM measurements, as comparing the results in Figure S19G

T S19L to the heatmaps in Figures SBBC and 8G 8l shows.

3.4.4 Experimental Data Sets

The Experimental EEMs of threeomponent mixtures of polycyclic aromatic
hydrocarbons that have similar, moderate noise levels, but very different levels of
spectral overlap were analyzed to test the conclusions of the comparisons using simulated
and syntheti€EMs. The matrices are shown in Figure S21A and S21B. The two
algorithms are expected to resolve the mildly overlapped mixture equally well, but the
modest levels of noise with significant low frequency elements and the strong spectral
overlap is expeted to destabilize pseudoinverse calculations in MCR.

The component spectra of the first mixture, which is composed of micromolar
concentrations of 1,2,5@ibenzanthracene, 2[8nzanthracene, and 9;10

diphenylanthracene in cyclohexane, exhibit minimal overlap in both the excitation and
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emission domains. As expected, the performance of the two algorithms on this EEM was
virtually indistinguishable, irrespective of the algorithm update order (Ex1st or Em1st).
The %A values for MCFALS and NMFMU using the Ex1st update order are 98.278
and98.191, respectively, and 98.288 and 98.194, respectively, using the Em1st update

mode. The results of the analyses are illustrated in Figure S22.
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Figure3.7 SMCR resolution of overlapped experimental EEM (dotted lines indicate the
reference profiles). A: Ex1st MGRLS estimated excitation profile; B: Ex1st MRS
estimated emission profiles; C: %A Ragéots for Ex1st (cyan) and Em1st (yellow)
MCR-ALS solutions, constructed from R"2, % explained variance, X3, correlations
between input and output (estimated) excitation profiles, and Y1 to Y3, correlations
between input and output (estimated) emisgimfiles; D: Em1lst MCRALS estimated
excitation profiles; E: Em1st MGRLS estimated emission profiles; F through J:
corresponding plots for NMMU solutions.

The spectra of the second mixture, which contains nanomolar concentrations of
BkF, BaP, and perylene in cyclohexane, exhibit significant overlap and similarity in the
excitation and emission domains, especially in the spectra of BKF and BaP. As in the case
of the synthesized data set, the emission spectra are broader and more overlapped than
the excitation spectra, and here, the excitation profiles of BKF and BaP also are bimodal.
Consequently, neither algorithm can resolve the factors of all three contponen
completely, regardless of the update order. (The perylene spectrum is resolvable

according to dathased uniqueness.) The %A values for MEBIES are 74.486 and
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79.946 in the Ex1st and Em1st modes, respectively. The results illustrated in Figure 7
show that the principal difference in the solutions is in the estimates of the BKF spectra,
particularly its excitation spectra, indicated by the X1 coordinates in hea@ar plots

in Figures 7C and 7H. The MCGRLS profiles exhibit the profile instability produced

when lowrank data models capture ldvequency noise, leading to-tbnditioned
pseudoinverses. As expected, the NMB resolution is relatively independeott the

update order and less impacted by noise than MC& The NMFMU %A values for

the Ex1st and Em1st update modes are 90.182 and 90.530, respectively.

3.4.5 Conclusion

This paper described a systematic comparison of multivariate curve resolution by
alternating least squares (MOR.S) and nonnegative matrix factorization by
multiplicative update (NMAMU), two widely used SelModeling Curve Resolution
(SMCR) algorithms, jgplied to simulated multicomponent fluorescence excitation
emission matrices (EEMs) constructed using systematically varied numbers of
fluorescent components, component spectral overlaps and levels of two noise types. The
data were simulated with shot acmimposite noise analyzed in 300 realizations to
establish the statistical validity of the results. The simulated data results were compared
to and contextualized by analysis of synthetic (from laboratory standards) and
experimental fluorescent mixture mags. The algorithm comparison results were
summarized in resolution parameter heatmaps that depict theALSRind NMFMU
results as a function of the overlap of the mixture component spectral profiles. Difference
heatmaps summarize distinctions in refiolutrends for variations in the two algorithms.

As expected, the comparison results show that the algorithms exhibit identical

performance when applied to matrices with no rotational ambiguity at high signal to

79



noise ratio. As expected, the accuracy of both algorithms declines as the number of
mixture components, degree of spectral profile overlap and level of noise increases. A
longer step size causes M@R S to converge more quickly and move iterates to the
boundaries of feasible regions. This is a real advantage when spectra exhibit selective
presence and complete (i.e., all interferent) absence bandsAUSResolutions do

show a consistent dependence on the algorithm update order. For example, when the
profiles along the columns are more overlapped, updating column factors before row
factors produces more accurate results. The NMUFalgorithm shows no update order
dependence, but computes a shorter step length to avoid negative solution elements,
convergingmore slowly. The algorithm can find better factor profile estimates when the
feasible region is extended or in the presence of significantrEyuency noise.

Analysts can use these observations to decide which algorithm is more likely to provide

useful esults or to compare the results of applying both algorithms to complex data sets.
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Chapter 4

Assessing the Limits of TenseBased Signal Unmixingon Simulated Time-Resolved
Emissioni Decay Matrices

4.1 Abstract

An extensive evaluation of Hanklehsedslicing tensorization combined with
PARAFAC and constrained NMF has been conducted to atsessbustness of this
unmixing strategy fotime-resolved emissidrdecay matrices of varying complexity and
increasingnoise. Simulations spanning twand threecomponent mixtures with
controlled spectral and kinetic overlap reveal exact factor recovery nodefree
conditions, followed by a predictable, gradual loss of accuratacas profileoverlap
and noise increasEactorizatioru pdat e or der erobhstnessies i nf |l uenc
challenging regimes. Application to experimentaliWis data of Ros&engal
photodegradation in methanmmioduces spectra and kinetic profitdshe solvent, parent
dye, and two blushifted photoproducts. These findings define the practical operational
boundaries and offer guidance for deploying Haifleded tensor unmixing in retne

spectroscopic process monitoring.

4.2 Introduction

The realtime spectroscopic monitoring of chemical reactions or processes is
ubiquitous in modern process analytical technoldgy.Multichannel spectroscopies
such as UVVis and fluorescence are routinely employed in monitoring applications to

verify quality, optimize condition®® and characterize transient intermedi&fasowever,
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the spectra or decays recorded during such experiments are typically a mixture of signals
from multiple species, whose bands often overlap significantly, thereby obscuring both
compositional trends and kinetic details. This challenge has necessitated the development
of multivariate signal unmixing methods, which can numerically isolate indil/idu
component spectra along with their concentration or decay profiles directly from the
measurement array without the need for reference standards. Practical inb@liemsof
multivariate unmixing, such as multivariate curve resoluaternating least squares
(MCR-ALS) and the nomegative matrix factorization (NMF) algorithm proposed by

Lee and Seung, have become essential tools in analytical spectroscopis anadyscal
technology?®

Multivariate unmixing characterizes each dataset with a bilinear model; however,
this mathematical representation is inherently-nnigue. Consequently, entire families
of equally valid factorizations can emerge due to rotational and intensity ambiguities
rendering the final solution contingent upon initial estimates, noise levels, and user
imposed constraints. These limitations prompt an exploration of tensoré&dtien
conversion of bilinear measurements into mwilly arrays and analysis through higher
order decompositions, such as the PARAFAC m&¢¥¥ Tensor methods leverage
additional structural information present in muliy data and, under moderate
conditions!3can produce unique component estimatétus eliminating the
ambiguities that constrain bilinear approaches.

This chapter describes evaluation of the robustness of tensorization as an
alternative to traditional bilinear multivariate unmixing in spectroscopic reaction/process
monitoring, employing both controlled simulations of emission decay matrices, and
broadbad, timeresolved UV Vis measurements of Rose Bengal photodegradation as

illustrative case studies.

82



4.3 Materials & Methods
All time-resolved UV Vis absorbance matrices examined in this chapter were
collected by Dr Johanna L. Herman during her Ph.D. research at the University of
Delaware irProf. Sharon Neal's lal® The present author performed no primary data
acquisition; the role here is limited to-aealysis. Rose Bengal (2,4,8¢traiode
3Nj, 4Njeb6Nja6hjl orofl uorescein, O 9dgad%, Al dri c
methanol (Fisher Chemical) were used asiveck no acceptors, quenchers, or radical
traps were present in these experimehte results described in this chapter are re
analysed below with Hankel tensorization with, PARAFAC decomposition followed by,

and constrained NMF or PARAFAC followed by argion of spectral tranformation.

431 Ti me Re s oMis\Absdrptibh\bf Rose Bengal Degradatiomnder
Simulated Solar Irradiation

Time-resolved absorbance measurements were performed on sadiage
spectrophotometer (HP 8452A) covering 2800 nm with 1nm resolution. All spectra
were baselin€orrected against an air or methanol blank and acquirednmi0
pathlength quartz cuvéts (either opettop or septurtapped). To track reaction
progressthe cuvette was periodically transferred from the solar simulator to the

spectrometer sample compartment, and a full spectrum was recorded at each time point.

4.3.2 Simulated Time-Resolved Emission Decay Matrix Data

To assess robustnesstehsorization under controlled conditions, teeis of
simulatedTR-EDMs were generated twocomponent set that mimics a simple binary
system, and a thremomponent set thaépresents a moderately complex mixtitach
matrix models the wavelengty-time response of a multichannel spectrometer and is

constructed from independentipnstructecmission spectra and kinetic decays.
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The simulated data follow the notation of Sect?oh.2 Each noisdree
time-resolved emissidrdecay matrix (TREDM) is writtenas Equation 4.1 (cf. Equation

2.2).

whereg; is the colummormalised emission profile of tike chemical componend; is
its time-domain decay trace, ardis the number of components (23)r The design
strategy ensures that both spectral and kinetic overlap increase smoothlyhrectass
data sets

The spectrum ofamponenE E p8&3+ is described by a Gaussian band

Equationd.2, evaluated on an evenly spaced wavelength grid

U1l A- 7 4.2
Fixed bandwidths were adopted throughdut: 0.5 and 0.8 (arbitrary units) fer=2;
K =0.3, 0.5 and 0.7arbitrary units) for = 3. Peak centrest  were selectetb
progress smoothly across the wavelengib. &fter computation the spectrum is
normalizedto unit Euclidean norm
Thedecay profile of acomponentE, is modeled aftefirst-order exponential

Equationd.3 sampled on a uniform time grid andrmalizedanalogously,

Uo A7 4.3

4.3.3 Resolution difficulty parameters
For any set o€olumnnormalisedprofiles (emission or decayyiven bythe

matrix’E | Al 81 , overlapcan be measured using the complement of the

84



Gramian determinantlefined ag "H'H'EE) . For each componefitthe
varianceinflation factor(VIF) is obtained by regressing colur&onto the remaining

p columns.Denoting the corresponding coefficient of determinatiofivby the VIF of

E component is defined &) & pf p 'Y .High VIF values signal severe
multicollinearity and therefore more challenging factor recovery; they are used here only

as design parameters to ensure the simulated data spatoiedisiycult regimes.

4.3.4 Simulated Matrix Construction

For thetwo-component sefifteen peakcenter pairs and fifteen decaate pairs
were selected so that both) &nd 6 ) &crease smoothlyor thethreecomponent
set by screening 30000 random tripletsf bandcentes, fifteentripletswere retained
whose largest VIF increases smoothly while spanning the wavelengtikasis
simulatedtimel resolved emissidrdecay matrix (TREDM) was assembled by adding the
outer products of every normalized emission spectrum in the set with its matching
normalized decay curve (Equatigh2) and adding signadependenshotnoiseat four
relativestandardieviation(RSD)levels (.1, 0.5, 0.8 and1.0) using NoiseGen
software!®For each set, fifteen emission profil
decay rate pairs, pr odS8imulatiogofthesé&matricesa e fr ee
each of the four noise levels yielded a total of 900 data matrices, which is a total of 2250
matrices analyzed in this studyen independent noisealizationsvere generated at
each RSD level; performance metrics in Section 4.4 are the means over those ten
runs4.3.5TensorConstruction & Analysis

As Equation 4.2 specifies (witBection2.1.2), the rawtime-resolved spectral
matrix is denotedA (sizel x J), with each of its J columns representing a leihgth

spectum and each of the | rows representing a ledddimetic profile.As is detailed in
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Section2.5.1,at the ith wavelength, the first half of the rgector of lengthlis

rearranged into a2 x J/2blockin which each column is a row segment shifted by one
element The resulting blocks are then stacked along the third mode to form an

J/2x J/2x | Hankel tensor, for trilinear decomposititmthe matrix reachabilty,
observability and spectral profiles using PARAFEAatrix decay profiles can be
recovered fronD using NMF with the spectral profiles constrained to the PARAFAC

result.

4.3.5 Tensor Construction & Analysis

As Equation 4.2 specifies (withection2.1.2), the rawtime-resolved spectral
matrix is denotedA (sizel x J), with each of its J columns representing a leihgth
spectum and each of the | rows representing a ledddinetic profile.As is detailed in
Section2.5.1,at the ith wavelength, the first half of the rgector of lengthlis
rearranged into a2 x J/2blockin which each column is a row segment shifted by one
element The resulting blocks are then stacked along the third mode to form an
J/2x JI2x | Hankel tensor, for trilinear decomposititmthe matrix reachabilty,
observability and spectral profiles using PARAFA@atrix decay profiles can be
recoverd fromD using NMF with the spectral profiles constrained to the PARAFAC

result.

4.3.6 PerformanceHeatmap Construction

Resolution performance was quantified by projecting both true and recovered
component profiles into the (Secion2ddt ed SVD
Specifically,  [fAdherardeK §VDyPe nmj il B compukédThe true
and estimated emission spectijar{) are colummormalised (Fuation4.3) and then

mapped into the emission coordinate space)vialikewise, the true and estimated
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decay tracesH 'H are rownormalised (SectioB.1.2 and projected vig . For each
componentE, the minimal Euclidean distance between its true and recovered coordinates
are computeth both the spectral and kinetic subspaces. Summing thesemp@onent
minima yields the scalar error scpge |, referenced as distance sum h&eplotting

3 values on a 1% 15 grid indexed by the spectral and kinetic overlap indices
heatmaps thahdicatethe regions of high and low resolution accuracy across the

simulated design spaege generated

4.4 Results

PARAFAC unmixing proceeds by alternately updating each of the three factor
matrice® here corresponding to the emission spectra, the Hankelized row mode, and the
Hankelized column mode. Because any one of these three blocks can be updated first,
second, othird, there are six distinct update orders (labeled ABC, ACB, BAC, BCA,
CAB, and CBA In this implementation of the PARAFAC decomposition, the three
tensor modes are assigned as follows: Mode A corresponds to Hankel rows (time shift),
Mode B to Hankel calmns (frequency shift), and Mode C to the emission wavelength
domain factor C contains the emission spectfpdate orders CAB and CBA are
considered 'emissiefirst’ in this analysis, as they begin updates with factor C, which
contains the emission profiléds was reported in Chaptefor MCR AL S, t he sequ
in which subproblems are solved can subtly influence convergence and the final factor
esti mates under non ideal conditions, so I

update orderdn this chapter,
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Figure41lSu mmed di s & a nheatmamgsifotwo rc o mp cmaoisefree ,
,RSD=0.0simulated EDMs, plotted over a 15x15 grid of excitation spectral overlap

versus decay kinetic overlap. Panelsi(AF) correspond to ®Whe si x
ABC, ACB, BAC, BCA, CAB, and CBA used in the PARAFAQ constrained NMF

Il n the noi s e=000 Egred.l anti.2), all Sk Spdate orders
recover both two andhdcduraoy® c oymagassitieerertire ED Ms
15x 15 grid of spectral versus kinetic overlap. Even at the highest overlap levels, every
combination of update sequence converges to the exact component spectra and decay
profiles, confirming the theoretical uniqueness of the Hank@IRPARAFAC model

when data perfectly satisfy the trilinear assumption.
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At higher noise (RS> 0.50 and).80; Figure<l.5 4.8), the valid overlap region

contracts markedly. For two components, emis$iish orders CAB, CBA) still achieve

3  <0.10 for overlag 9 up to~0.70 at RSD= 0.50, but collapse t®

>0.20 at

d® > 0.50 by RSD=0.80. Threecomponent heatmaps show no update order sustaining

3  <0.15 beyond® & 0.60 at RSD=0.50, and no order yieldirg

< 0.30 outside

d® < 0.40 at RSD= 0.80. These results delineate the practical boundary where noise

begins to overwhelm trilinear structure.
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simulated EDMs, plotted over a 15x15 grid of excitation spectral overlap versus decay

kinetic overlap. Panels(A) F) correspond to t©OWBC, ACGBx f acto
BAC, BCA, CAB, and CBA used in the PARAFAG: constrained NMFEF
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FigureA7Su mmed di s & a nheatmagsiforwo rc o mpone=rf088, RSD
simulated EDMs, plotted over a 15x15 grid of excitation spectral overlap versus decay

kinetic overlap. Panels(A] F) correspond to tOWBC ACBx facto
BAC, BCA, CAB, and CBA used in the PARAFA® constrained NMF
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Figure48Su mme d di s & a nheatmapsifothreer c 0 mp o n e=r08 RSD
simulated EDMs, plotted over a 15x15 grid of excitation spectral overlap versus decay

kinetic overlap. Panels(A) F) correspond to t©OWBC, ACGBx f acto
BAC, BCA, CAB, and CBA used in the PARAFAG: constrained NMEF

In the worstcase noise scenaf@SD= 1.00; Figure<t.9 and4.10),
two-component mixtures are only marginally resolvable at very low oveiffap0(30),
with3  >0.25 elsewhere for all six update orders. Thoemponent systems fail
uniformly (& > 0.50 across nearly the entire grid), indicating complete breakdown of
tensorbased unmixing under extreme noise. Together, these findings define clear
operational limits and highlight emissidinst update ordersGJAB, CBA) as the most
robust strategy for Hankélased PARAFAC imeactioriprocesssnonitoringstudied

here
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Figure4.11 Panels AT present the raw timeesolved emissidrdecay matrices that form
the basis of all subsequent simulations. The panels are arrangedirave ( AY D, EYH,
| YL, MYP, th@¥xT4)gridi Rows (noise levelirom the first to the fifth row

the relative shehoise standard deviation (RSD) increases-stisp through 0 (AD), 0.1
(EiH), 0.5 (ii'L), 0.8 (Mi P) and 1.0 (@QT), illustrating progressively more severe
experimental conditions.Columns (mixture complexitg averlap) within each row:

first column (A, E, I, M, Q)i two-component, lowoverlap mixture; second column (B,

F, J, N, R)i two-component, higtoverlap mixture; third column (C, G, K, O, S}hree
component, lowoverlap mixture; fourth column (D, H, L, P, Tthreecomponent, high
overlapmixture.All panels share identical colour limits so that the increasing visual from
the top to the bottom rows reflects only the added noise, while the-edht

broadening of spectral and kinetic features reflects the growing difficulty imposed by
component overlap and mixture complexity.

Toexploret he abstract heat map metrics i n cc
EDMswere selectecdb n e f r o neft cofmexof Heamap referred as low overlap
EDMand one fr om t hefhdaimghrefasredeas High guverlapdEDM. e r

And their raw emissioidecay matrices acrossise levelsn Figure 4.11.

95



-
1

2compLO
2compHO
3compLO
3compHO

=1
w
|

o o
~ m
T T

2
™
T

2
s
I

Sunéof Estimate hginimum Distances
w tn
T T

0.2

o & .--_-".I-a——-i—_'l__—l___? | | | | |

L] 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.4 1
Moise RSD

Figure4.12 The sum of minimum coordinatei st agnce)y (s pl otted aga
shoboise standard deviation (RSD) efrdrapt vaon dt
higokherl ap cases. Bl ue and-comaongentofi mvmes uc e
low and high overlap EDMs respectivelyhile green and purple correspond to three

component mixturesf low and high overlap EDMs respectively

The sum of mini mumpcogrdisnat eidiecttameas
each recoveliesfdr ccno nmphoen@tindea | f a@tc@ovE® Py CcOorr e:
= 0, and | arger values indicate poorer unm
ma x i mu m nBDM<san tokerate hile still yielding chemically meaningful
profiles. In the lowoverlap caseblue) t h-eo mpwonent mi xture remai
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RSD a4 0.3 for K = 2 and RSD &4 0.2 for K =

overlap and noise on factor recovdnterestingly, for certain update orders in Figure
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4.12 (e.g., ABC and CAB), the minimum distance metric at RSD = 1.0 is slightly lower
than at RSD = 0.8, contrary to the expected trend of worsening resolution with increasing
noise. This normonotonic behavior may reflect random variation due to the kinite

number of replicates analyzed(fbr each RSD level in Figure 4.12). A more robust

trend might emerge with a larger number of replicates per noise condition, which would
help average out the variability in convergence and highlight systematic effacisef

and update order.
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Figure4.13 Resolved component profiles for the lawerlap synthetic slice across noise

|l evels (update order ABC). The 5 1T 4 grid
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emission (B, F, J, N, R)-2omponent decay (C, G, K, O, Sg8mponent emission (D, H,

L, P, T) 3component decay
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In Figure 4.13, slid lines are théensorization based profiestimates; dashed
lines are theeferencenputs. In panels AD (RSD 0) all recovered profiles overlap
perfectly with the references. By RSD 0.5 (pankilg the threecomponent emission
peaks begin to fuse and the corresponding decays diverge, whereas-toenppament
profiles remain nearly ut@anged. At RSD 0.8 and 1.0 (panelsWlonly the twe
component case retains recognizable features, demonstrating treatddap binaries
cantoleratmoi se up to RSDompoOn&ntwhmilxe urlesee ol |

0.5.

Table4.1 Signatto-noise ratios (SNR) and laak-fit (LOF) values for thdow-overlap,
2-component and-Bomponent analyzed in Figure 4.13. SNR values were calculated
using a SVD approximation of the EDM, and LOF was computed from the Frobenius
norm of the residual between the original and reconstructed matrices

RSD SNR (2-comp LOF SNR (3comp LOF
0 - - - -

0.1 25.54 3.96% 24.17 4.24%
0.5 547 18.15% 4.89 20.86%
0.8 3.46 28.21% 3.68 27.45%
1 3.03 31.85% 2.69 37.34%

The results presented in Figure 4.13, with corresponding LOF values summarized
in Table4.1, demonstrate that higher noise levels (higher RSD) lead to significantly
poorer model fits, as reflected by increased LOF. In bom@ 3component synthetic
datasets, LOF values remained below 5% at RSD = 0.1 but exceeded 30% at RSD = 1.0,
especially m the more complex-Bomponent case. This inverse relationship between
signal quality (SNR) and laetsf-fit confirms that decomposition performance is highly
sensitive to noise. In contrast, the experimentaliié dataset analyzed in Figure 4.14
exhibited an exceptionally high Sv¥lased SNR of 311.35, indicating minimal

measurement noise and suggesting that the good resolution achieved is not limited by
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signal quality. However, many reaforld spectroscopic applications involve lower SNR
conditions (e.g., in situ or trace analysis), and the results here imply that such datasets
may suffer from poor fits and unreliable component resolution. This remains an
important area for future investigation to determine how robust these-tearset
methods are when applied to experimentally acquired3bdiR data.

Following thesesimulated low and high overlap EDQNhe Hankel
PARAFAC + NMF wor kfl ow i sesovgdpyViVised t o broad
measurements of Rose Bengal photodegradation in methanol. This experimental dataset
(Figure 4.14evaluates whether the noise and overlap limits identified above hold under
real laboratory conditions and produces chemically interpretable spectra and kinetics for
the solvent, parent dye, and its photoprodultte fourcomponent resolution delivers a
chemically intuitive picturef the photodegradation process. The purple &rassigned
to the methanol solvent backgrodndemains essentially flat over the entire time course,
confirming its invariance. The orange spectrum of unreacted Beasgal decays
monotonically, disappearingpmpletely by the end of the experiment. Concurrently, the
yellow profile of the major photoproduct rises rapidly and then plateaus, while the blue
minor-product trace grows more slowly and steadily. Together, these trends
unambiguously reveal the sequahttonsumption of the parent dye and the formation of

two distinct photoproducts undgre experimental conditiongsed

99



Intensity (a.u.)
—
[

P _ ~ 4000

2000
500 400 i
0 Time (s)

300
Wavelength (nm) 200

Figure4.14 Mesh plot of the experimental UVis absorbance matrix for Rose Bengal in
methanol. The absorbance intensity (a.u.) is shown as a function of emission wavelength
(nm) and irradiation time (s). The data exhibit high sigoaloise ratio (SNR = 311.35),
indicating excellent measurement quality
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Figure4.15 Four component tensor based resolution of Rose Bengal photodegradation in
methanol. (Left Panel) Pure absorption spectra for all four comp@nsotgent

background (purple), unreacted Rose Bengal (orange), major photoproduct (yellow), and
minor photoproduct (blué) extracted by PARAFAC from the Hankelized emission

decay tensorB) Corresponding kinetic intensity profiles obtained by constrained NMF
with fixed spectral loadings, showing the temporal evolution of each species throughout
the photodegradation reaction.

Both recovered photoproduct spectra exhibit significant-bhifts relative to the
parent Ros@&engal absorption: the major product peBk® nm to the blue of the dye,
and the minor product is shifted even further. This spectral displacement, coupled with
the kinetic profiles showing solvent invariance (purple), complete Besgal
consumption (orange), rapid emergence of the-bhited major product (yellow), and
gradual buildup of the minor product (blue), provides a clear -seffsistent picturefo

sequential photoconversion pathways under these conditions.

4.5 Conclusion

I n systematically constructed simulatio
spanning the full range of emission and decay overlaps were perfectly resolved in the

noi se free case, as expected, and maintain
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( 0.1RSD). Beyond this threshold, recovery deteriorated first for the most overlapped
component pairs ar06RSD), delinbating bldargobuadarienfori se ( O
reliable factor extraction. The use of six alternative PARAFAC update orderséghowe
only minor order dependent wvariation, conf
workflow is far less susceptible to the rotational and scaling ambiguities that constrain
bilinear SMCR methods.
Application to experimental broadband U¥is emissioiidecay tensors of
RoseBengal photodegradation in methanol yielded four chemically interpretable
componendconstant solvent background, parent
photoproductd with expectecconsumption and production kinetics. The solvent
remained invariant, the original RoBengal signal decayed to zero, and the major and
mi nor products appeared in sequence, valid
Overall, Hankelization coupled with PARAFAC emerges as a powerful
alternative to traditional bilinear unmixing for dynamic spectroscopic process monitoring.
Quantitativelyt woomponent matrices weOeOr@5owhvene w
combined oved | ®p 0i. Tdextwd®ds 10 RSDm andOaccu
0.10 dupadt®. 70 even at O0.50 ®&SDD Ot . Fbed rael i0a b8
anddte&00atd 1.00 RSD. For #hmred w@mmdree rotrd,e
09) G O.o0g @Ga . 75 at 0.10 RSDJ Butd.teMatatl iC
RSO, < 0.40 at 0.80 RSD, and t hpe met>hdd 5f0a
everywhere). It delivers unique spectral a
spectra or anchoring constraints, and its performance degrades slowly with increasing
noise and overlap. These findings establish practical guidelines for dtsansesuggest
fruitful directions for future work, including the incorporation of regularizatmextend

its applicability to even higher noise regimes and more complex reaction net®&grks.
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plotting e@mch medivedptaiceredi de by side, on
chart their relative resilience. Mor eover,
P 0sap,>0. 20 for twap cO0mpBoOn é&doptrsotvbirdeees an

0 p &ional parameter that flags when tensor unmixing ceases to produce chemically

reliable factors. In practice, such a threshold could be monitored in real time to switch
automatically to alternative unmixing strategies or to trigger additional experimental

controls. This focus on a clear, quantitative breakdown criterion will guide future

algorithm selection and workflow automation in r&ale spectroscopic monitoring.
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Chapter 5

Assessing SerANMF and ConvexNMF for Reaction Monitoring of Rose Bengal
Photodegradation Using Multivariate FrequencyDomain Dynamic Fluorescence

This chapter was adapted from the manuscript below

Zhang,Y, Sanap, D.B ; N e aAssessifg SerriiM and ConvexNMF for
Reaction Monitoring of Rose Bengal Photodegradation Using Multivariate Frequency

Domain Dynamic Fluorescente2025 planned submission.

5.1 Abstract

This chapter examines the use of s&MF and conveX\NMF to analyze
frequencydomain fluorescence data collected during the photodegradation of Rose Bengal
(RB) under varied solvent and oxygenation conditions. Reaction progress erdssiyn
matrices (RFFT-EDMs) constructed from these measurements contain nonnegative
elements but also reflect excitsthte interactions that produce multiexponential decays
and spectral evolutianfeatures not weltaptured by standard NMF methods.

SemiNMF and convexXNMF were applied in both standard and transposed
orientations to evaluate their ability to resolve overlapping spectral and kinetic
components. In all conditions, two dominant spetiaareacted RB and a bhshifted

photoprodua were caosistently recovered. A third, weaker component, likely
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representing a minor photoproduct or excit¢égte intermediate, was most clearly resolved
using transposed seNiMF.

These results support the applicability of matrix factorization methods that can
accommodate negative elements in the data and align with theoretical expectations from
the photokinetic matrix framework. This analysis provides new insights into RB
photodegadation dynamics and demonstrates the value of flexible, unsupervised

decomposition techniques for complex fluorescence data.

5.2 Introduction

Initially introduced by Lee and Seung in 1999, nonnegative matrix factorization
(NMF) provides a partbased representation of multivariate data by unmixing an input
matrix into the product of two nonnegative matritg®Because many spectroscopic
measurements yield inherently nonnegative data, NMF has become widely used in
chemometrics and signal processtt® However, strict nonnegativity constraints are
not suitable for all data types, particularly those that may contain some negudtigd
elements. Numerous variants of NMF have been developed across disciplines to
accommodate the specific structural or gibgl characteristics of different data types,
such as sparsity, partial negativity, or conveXtyThis chapter evaluates whether semi
and convex\IMF can resolve chemically meaningful spectral and decay profiles in
dynamic, multichannel frequenaomain fluorescence data with overlapping
components and potentially negative elements.

The photodegradation of Rose Bengal (RB) was selected as a model system to
evaluate the performance of seRIF and convexXNMF under realistic experimental
conditions. RB exhibits multicomponent emission and decay behavior influenced by

solvent polarity, ®ygenation, and irradiation timé?! 11 Frequencydomain emissioin
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decay matrices (FEDMs) were collected during photodegradation and concatenated
into reaction progress FEDMs (RRFT-EDMs). These datasets may include negative
valued elements arising fropresence oéxcitedstate decagomponentmaking them
suitable for analysis using semand convexX\NMF.

A combination of reaction progress monitoring using multivariate frequency
domain fluorescence spectroscopy and multivariate signal unmixirigjzed to study
the photodegradation of Rose Bengal (RB) irsaturated and degassed wataturated
octanol, as well as in an aqueous solution. The primary objective is to assess the utility of
semiNMF and convexX\MF, algorithms for unmixing signatbat are not necessarily
nonnegative, for factorization of multivariate frequeigmain fluorescence matrices.
Because Fourier transform emissidecay matrix (FIEDM) measurements can be
decomposed into component spectra and frequdanyain decay pro#s without prior
knowledge of sample composition, it is possible to discern differences in photoproduct
formation pathways and rates. Although constrained NMF has successfully elucidated
critical aspects of RB photodegradation, the presence of an eg@tedeaction can lead
to negative elements in FHDMs that the approaches used in previous studies (e.g.,
constrained and unconstrained NNRJ) do not capture. To address this limitation, the
present study implements seMIMF and convex NMB two variants 6standard NMF
designed to accommodate negative elements in data and factor matriceSINgemi
specifically allows only selected factors to remain nonnegative (for example, emission
intensities), while convex NMF further imposes linear combination contdrtnat
enhance the interpretability of the resulting spectral components. The focus is on
evaluating the impact of incorporating negative elements in the factorization of reaction
progress FIEDMs and comparing the results of sediNF and convex NMF when

applied to the complex matrices acquired during RB photodegradation
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5.3 Experimental Methods

All multichannel frequencyglomain fluorescence data and-RP-EDM matrices
analyzed in this chapter were originally collected by Dr. Yinan Zhang during her Ph.D.
research in Dr. Sharon Neal 6s | aboratory a
author coducted no primary data acquisition; the current work is limited-smedysis
using alternative matrix factorization approach@3he current analysis focuses
exclusively on analyzing these datasets using-$évtit and convexXNMF, which differ

methodologically from the constrain®tMF approaches originally applied.

5.3.1 Chemicals andMaterials

The following chemicals are used as received: Rose Bengal (RB, 95% pure,
Aldrich Chem. Co.), Octanol (OctOH, 99% pure, Acros Organics), HPyi@de lab
water (HOH, Fisher Chemical), sodium hydrogen phosphate (Na2HPO4, Fisher
Scientific), and sodium dihydgen phosphate (NaHQs, Fisher Scientific).

5.3.2 Solution Preparation

The 0.01 M, pH 7.4 phosphate buffer (PB) was prepared by dilution of a
7.74:2.26 (v/v) mixture of 1.0 M sodium dihydrogen phosphate and 1.0 M sodium
hydrogen phosphate using HPLC grade water. Phosphate buffer saturated octanol
(PB/OctOH) was prepared byrmbining equal volumes of PB anebttanol in a large
Erlenmeyer flask, stirring vigorously foi @ hours, followed by at least 72 hours of
motionless equilibration, after which the organic phase was gently separated for use.
Stock RB solutions (100 mM) weprepared in aisaturated solvent and stored in the
dark at 4 °C. Stock solution purity was monitored by-UNs absorbance; stock

solutions were discarded when the absorbance of 1:25 dilutions fell below 10% of their



initial valwue. Working solutions, prepared

prepared by stock solution dilution.

Solutions were degassed in fluorescence cuvettes (FireflySci, Type 41FL)
equipped with a modified screw cap that supported two HBlg@ needles (Hamilton)
with beveled, curved ndwcoring tips that were inserted through a Teflon/silicone septum
and conneed to a nitrogen supply valve and vent, respectively. Solvents were degassed
for 30 to 60 minutes prior to each measurement and 15 to 30 minutes in between each

irradiation. The solutions were stirred using magnetic stirrers during degassing.

5.3.3 Solar Simulator

Simulated solar radiation is generated by a 300 W xenon arc lamp powered by an
ILC Technology PS30Q power supply, housed in an ILC Technology R400 lamp
housing with an integrated heatsink and fan. An 18 cm wiillest glass cylinder with a
collimating quartz lens at the light's entrance and a quartz window at the light's exit is

used as a cuiff filter in the IR wavelength range.

5.3.4 Multichannel Frequency-Domain Spectrofluorometer

The K2 fluorometer is a multifrequency, analog crosgelation frequency
domain (sometimes referred to as phiammlulation) lifetime spectrofluorometer. The
excitation source is a 270 nm lighinitting diode (LED), whose output is amplitude
modulated byan RF frequency synthesizer(Marconi, model 2022A) at approximately 20
equally or logarithmically spaced frequencies between 2 and 300 MHz depending on RB
decay time in the solvent. Fluorescence is captured at a 90° angle to the excitation in an
emission chnnel equipped with concave holographic grabaged compact
monochromator to separate emission bands between 200 and 800 nm. The bandpass

varies according to the slit employed. A s@ephotomultiplier tube (PMT type R928,
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Hamamatsu) combines the modulated fluorescence signal with ecorosktion
frequency signal provided by a second frequency synthesizer to the second dynode of the
PMT (Novatech, model 425A). A Uit data acquisition card is utilized to acquire and
process the heterodyned result. The decay measurements were collected across the
fluorophore spectrum at 5 nm intervals using the K2 analog frequency domain (AFD)
mode. Decay time data were acquired using polystyrene suspended in water and aqueous
erythrosinB (10 mmol) as the reference lifetime standards. The decay times of these
standards were assigned the widely accepted values of 0 and 0.090 ns, resp&ctively.
Steadystate fluorescence emission spectra were acquired using the statdy
emission mode of the K2 fluorometer, using the LED excitation at 270 nm, the emission
wavelength scanning step size set to 1 nm and the monochromator slits set to 2 mm. The
sanples were measured in a 10 mm path length quartz fluorescence cuvette (FireflySci,
Type 21FL with a PTFE stopper or Type 41FL with a screw cap equipped with a PTFE

faced silicone septum).

5.3.5 Data Acquisition

RB emission during photoirradiation was monitored using wavelergtiived
frequencydomain emissiomecay measurements using the K2 fluorometer described
above. At least 2.0 mL of RB in the target solvent was transferred to a 3.5 mL quartz
fluorescence wvette and positioned in the path of the solar simulator output beam in
order to initiate photoinduced reactions. The solar simulator was adjusted to deliver 41.5
mW/cm2 of radiation to each sample in the following intervals: 1 minute for PB solutions
and5 minutes for neat or wet octanol for five to six consecutive measurements. When

needed, the solutions were degassed prior to each irradiation before the emission



measurement. Experiments were typically performed in duplicate, but sometimes in

triplicate, to ensure reproducibility.

5.3.6 Data Analysis

When analyzing the kinetic changes of exciséate species, frequency domain
analysis relies on the linear relationship between the derivative of a frequency domain
decay and the photokinetic rates impacting exeitate moleculel'’ By using aseries
of data mining algorithms, the muttomponent matrixformatted measurements obtained
in reaction progress monitoring can be factored into the spectra and frequency domain

decays of the components, allowing a more thorough investigation.

5.3.6.1 FT-EDM Construction

Matrix-formatted frequencgomain emissiomiecay measurements reveal decays
and interactions of excitestate species. This study monitors the photodegradation of RB
as a function of wavelength and modulation frequency, as shokigure5.1. A
detailed mathematical description of-EDM construction is in Sectio2.1.2 When the
fluorescence decay of N fluorophores is monitored at | emission wavelengths across J
modulation frequencies, the emission decay can be arranged in an | x J matrix. A series of
these matrices, collected over time to monitor reaction progress)éatenated into a
single | x MAJ matrix, capturing the varie
reaction progress Fourier transform emisgiecay matrices (RPT-EDMs) were
constructed to capture spectral and kinetic changes during the phototiegratiRB in
various solvents. The matrix formed from a series can be factored into the emission
spectra and concatenated frequedoynain decays of individual components constructed
to capture the spectral and kinetic changes produced during the phattatemn of RB

in various solvents. The matriformed from a series & can be factored into a
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product of the emission spectfg,and concatenated frequerdymain decaysf the

individual components of the sample mixtuie, 7 1§ 8 R
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Figure5.1 Monitored RB photodegradation in degassed PB at increasing irradiation
times: A) top: emission spectra of RB photodegradation; bottom: modulation ratios and
phase shifts of RB photodegradation, B}yRFEDM constructed by concatenating-FT
EDMs collected irdegassed PB at increasing irradiation times.

5.3.6.2 Singular Value Decomposition

Estimating the number of numerically distinguishable spectral components
contributing to the matri¥, or its chemical or pseudank, N, is the initial step in
spectral unmixing. In this report, algorithms based on the singular value decomposition
(SVD) are used to estimatewithout prior knowledge of the target sample mixture

composition. The SVD partitions the concatenated m#iinto the fewest possible
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orthonormal basis vectors that describe the matrix content along the columns (spectra)
and rows (decays) and a diagonal matrix of singular values that reflect the variance
associated with each singular (basis) vector protfiEor experimental matrices, which
contain instrumental noise and other measurement errors, the number of singular values
calculated by the SVD corresponds to the formal rBhkyhich is the smaller matrix
dimension. However, onli of theR basis vectors are required to reconstruct thd=RP

EDM of anN-component mixture in the least squares sense; the remaining singular
vectors are uncorrelated to data. It is a secondary benefit that thetsigoge ratio

(SNR) of the reconstructed data matrix willdrghanced and the spectral components

will be reinforced by eliminating the variance associated withsignificant (noise)
components. In the work described below, the significance of each SVD component was
evaluated baseah the statistical significance of the variance associated with each
singular valué? the highfrequency content in each spectral/column singular véttor,

and the autocorrelation (smoothness) of each spectral/column singular'¥&d&ing

only the significant orthogonal basis vectors, the reconstructed concatenated matrix is

given by theEquation:

AR A 51

where superposed carets indicate reconstructed matrix estimates, superposed bars indicate
truncated matrices, the matrixis composed of thH significant orthonormal column

factors (spectral basis/singular vectorg)s composed of the significant orthonormal

row factors (concatenated decay basis/singular vectorsthe diagonal singular value

matrix truncated to exclude the insignificant singular valfjés,the estimate of the

sample component spectra constructed from the column factors and the colupame of
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estimates of theoncatenated frequencomain decays of the sample components
observed during the progress of the reaction under investigation.

Figure5.2 illustrates the features used to estimate the chemical rank of
concatenated FEDMs collected during the photodegradation of RB in degassed PB as a
representative example of the data analysis of the measurements collected in the other
solvents. The firstour singular vectors in the column and row domains, respectively, are
depicted inFigure5.2A andFigure5.2B. The singular values and the corresponding
reduced eigenvalues are showrrigure5.2C. The fstatistics calculated from the
reduced eigenvalues and thee$t critical level for the matrix size are showrFigure
5.2D. Figure5.2E shows the higffrequency content and autocorrelations of the first
fourteen spectral (column) singular vectors. The number of reduced eigenvalues above
the line through the noise eigenvalues (orangefagare5.2C), number of {statistic
values above the critical level (blue *Hngure5.2D), number of autocorrelation values
cl ose t o unFigurg5.2K) and aumigeeof higiréquency content values
cl oser t o ZFigurebd.2E] ftrrh a cnsensus that three significant fluorescent
components contribute to RB photodegradation in degassetitions Following a
similar approach, in this chapter, all the data sets were analyzed using three component

mode| as previously analyzed in Dr. Yinan Zhang's dissertation
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Figure5.2 Pseuderank estimation (SVD partition) of RB photodegradation-fRP

EDM) in degassed PB. A) The first four column (wavelength) singular vectors; three has

been determined as significant, B) The first four row (frequency) singular vectors; three

has beenetermined as significant, C) Log of singular values (blue *) and reduced

eigenvalues (orange O), Ditést of reduced eigenvalues (blue *) and critical frequency

(orange dash line), and E) Column (spectral) singular vector autocorrelations (orange O)
andhighf r equency content (blue &) for the fir:

5.3.6.3 Matrix factorization

The emission spectra and frequefimmain decays of the sample mixture can be
isolated from the RIFT-EDMs using matrix factorization. It can be challenging to
analyze the fluorescence of mixtures because fluorophore spectra and decay profiles are

often boad and highly overlapped. The combinatios@hiNMF and convexNMF.121
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wasused to identify individual component responses in the mixturE REDMs. These
algorithms seek physically feasible spectra and decay profiles that are consistent with the
set of emissiofecay matriceand are described in Sections 2.3.3 2134 Both

algorithms were run for a maximum of 50,000 iterations, with a convergence criterion set
at a relative residual tolerance of%% . For convexNMF, the emission profiles

obtained from serANMF were used to initialize the factorization, thereby guiding the

solution toward physically meaningful and consistent spectral estimates.

5.3.6.4 Photokinetic Matrix Description

The frequencydomain fluorescence decays captured in thdsREEDMs reflect
both the deactivation and interconversion of exesitade species. When excitsthte
reactions are present, such as energy transfer or reactive intermediate formation, these
dynanic interactions introduce structure into the decay that cannot be fully described by
independent monoexponential components. To formally describe these processes, the
concept of a photokinetic matrig, is introduced.

In its most general form, the emissifraquencydomain data matrixA, can be

modeled asn Equatiorb.2

A QR % 5.2
Where,fj is an 1xN matrix whose columns represent the emission spectra of each
fluorophorer is an N xN matrixnatrix of eigenvectors of the photokinetic matix
is a diagonal matrix related to the initial concentrations in the digsis 'Hagontains
the frequencydomain decay signatures of each kinetic mode (rows: modulation

frequencies; columns: fluorophore components).
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The matrix¢€ describes the excitestate dynamics as a system of coupled-trser

differential equationg&quation5.3

ula

whereo is the vector of instantaneous concentrations of the excited fluorophores. In the
absence of excitestate reactiong, is diagonal, and the components decay
independently. However, in the presence of interconversion (e.g., excimer formation,
triplet state reactions§, contains offdiagonal elements. These lead to multiexponential
decays and spectral features that evolve during the measurement sequence.

The photokinetic matrix can also be directly estimated from frequédoain
decay data by rearranging the relationship between the freqdepeyndent decay

response and the photophysical transit@se Equatiorb.4 or 5.5

€ 0 =Hﬁ o+l 3.5
wheren] is the matrix of frequenegiomain decay responsesjs a diagonal matrix of
modulation frequencies, and indicates the pseudoinverse.
This formalism underpins the choice of sedMF and convexNMF in this
study. Because real RPT-EDMs derived from RB photodegradation often include
overlapping and nemonoexponential decay contributions, standard NMF methods that
assume separable, nonagge signals are insufficient. In contrast, sédiMF allows

flexibility in the decay domain to accommodate oscillatory or negative elements that arise
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from coupled photophysical states, while conrdMF incorporates structural constraints

on the solution space that reflect linear mixing of observable decay signatures.

5.4 Results and Discussion

This chapter presents the resultapplyingseminonnegative matrix
factorization (semNMF) and convex nonnegative matrix factorization (CoRM&F) to
reaction progress emissiaiecay matrices (RPT-EDMs) constructed from frequency
domain fluorescence measurements under varying solvent and oxygenation conditions.
Each matrix was decomposed in both its origistdr{daryland transposegrientationto
evaluate the influence of constraint placement on component resolution. The primary aim
is to determinghe extent to whiclkshemically meaningful componentsinreacted RB,
blue-shifted photoproducts, and lemtensity species can be resolved using these
unsupervised methods, and how the results compare to those previously obtained using
constrained NME!®

Figure5.3 shows the concatenated /RFP-EDMs collected during
photoirradiation of RB in phosphate buffer (PB) and phosphate ks#farated bctanol
(PBOCctOH), under both asaturated and degassed conditions. These matrices summarize
changes in emission intensand decay behavior as a function of irradiation time.
Degassing noticeably reduces the rate of spectral change in PB, consistent with the role
of oxygen in promoting photodegradation. In contrast, the PBOctOH matrices show only
minor differences betweelirasaturated and degassed samples. In both solvents,
prolonged irradiation introduces overlapping emissions from photoproducts, distorting
apparent degradation kinetics when monitored at a single wavelength. These complexities
necessitate multivariate denposition to disentangle overlapping spectral and temporal

contributions.



In Figure 5.3, lte signaifto-noise ratio (SNR) for each RPT-EDM dataset was
estimated using a rariksingular value decomposition (SVD). For each matrix, the
Frobenius norm of the reconstructed signal was divided by the residualTiogm.
estimated SNRs were: 29.2 for-aaturated PBOctOH, 19.4 for degassed PBOctOH,
56.7 for airsaturated PB, and 16.4 for degassed PB.
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Figure5.3 RP-FT-EDMs of Rose Bengal photodegradation under varied solvent and
oxygenation conditions. (A) Aisaturated phosphate buffeasturated “bctanol
(PBOCctOH), (B) Degassed PBOctOH, (C) Amturated phosphate buffer (PB), (D)
Degassed PB. Each matrix was constructed by concatenating freglemain
emissiondecay measurements collected over increasing irradiation times.
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The decomposition methods used in this study differ fundamentally from the
constrained NMF approach described in earlier work by Zh&@pnstrained NMF
used known spectra to anchor the decomposition, whereas\démand convexNMF
recover components solely from the data structure. In-Bi#, the RPFT-EDM
matrix Ais factorizedso thate contains decay profiles addcontains emission spectra.
Only € is constrained to be nonnegative, allowing greater flexibility in fitting decay
behavior.In convexNMF, an additional structural constraint is introduced: the decay
matrix is restricted to lie within the convex hull of the data, suchéthafAfi. Here ¢

limitsthe solution space to linear combinations of measured decay profiieser

11€



Matrix orientation determines which domain is constrained. listdn@dardrientation,
emission profiles are constrainedbe nonAnegative in the transposed orientation,
constraits onthe decay domailimit solutions to multiexponentiald his switch can

affect how minor or overlapping components are resolved. Constraining one domain
often allows the other to evolve more freely, which may help the algorithm reach better
local minima in cases &fT-EDMs that havenegative elementsThis orientation

sensiive constraint placement is a key methodological difference émmstrained
NMF!°and a central focus of the following analysis.

In Figure5.4, representing aisaturated PBOctOHy threecomponent model was
used to resolve componentsingbothdecomposition methods. The unreacted RB peak
appeared at 585 nm, in line with prior reports. The photoproduct component was
identified at 580 nm in thstandardrientation for both methods, and shifted to 575 nm
(semiNMF) or 565 nm (conveNMF) when the matrix was transposed. The third
component showed variability across methods, with emission maxima ranging from 580
to 595 nm, suggesting it may represent aamphotoproduct or impurity. Transposed
semiNMF produced the clearest separatioroagncomponents, with more defined decay
profiles and improved temporal resolution. ConiMF yielded smoother but less
temporally resolved profiles, particularly in the third component, which was only weakly

expressed.

Table5.1Lack-of-fit (LOF) values for semNMF and convexNMF applied to four
experimental datasets in both normal and transposed orientations.

SemiNMF SemiNMF ConvexNMF ConvexNMF
Dataset

Normal Transposed Normal Transposed

Air-saturated PB 3.6 3.13 3.67 3.13

Air-saturated
) 2.21 2.43 2.21
PBOCtOH 2.22
Degassed PB 4.03 3.92 4.3 3.92
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Figure5.4 SemiNMF and convexX\NMF resolution of RFFT-EDM from airsaturated
PBOCctOH. (A) SemNMF (standard orientation), (B) ConwMF (standard
orientation), (C) SerANMF (transposed orientation), (D) ConvBWMF (transposed

orientation). Each panel shows resa\emission spectra (left) and concatenated decay

profiles (right).

In Figure5.5, derived from degassed PBOctOH data, major component

assignments remained consistent: RB at 585 nm and photoproduct at 5&@maarg

orientation). In the transposed configurations, blue shifts were again observed for the

photoprodua 575 nm for semNMF and 570 nm for conveXMF. The third

component was weakly recovered and difficult to interpret, particularly in cexivix

where decgstructures distorted The transposed setNiMF result again provided the
clearest temporal differentiation, suggesting that nonnegativity in the decay domain

improves the separation of overlapping signals even under low photoproduct yields.
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Figure5.5 SemiNMF and convexX\NMF resolution of RFFT-EDM from degassed
PBOCctOH. (A) SemNMF (standard orientation), (B) ConwMF (standard
orientation), (C) SerANMF (transposed orientation), (D) ConvBWMF (transposed
orientation). Each panel shows resolvedssion spectra (left) and concatenated decay
profiles (right).

In Figure5.6, the airsaturated PB dataset, which exhibits the most pronounced
spectral evolution, enabled clearer separation of the three components. The unreacted RB
was consistently located at 570 nm, while the photoproduct appeared between 565 and
570 nm dependingn the method and orientation. ConuékF in the transposed
configuration produced the strongest blue shift (555 nm) for the photoproduct, which
may reflect algorithmic exaggeration rather than a chemically distinct species. The third
component was mostearly resolved in transposed seRWIF, appearing at 590 nm with
a longer decay profile. loonstrained NME?®, a redshifted impurity at ~600 nm was
identified, and a similar component was recovered here with some variability in intensity

and spectral location.
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