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Abstract 
 

Industrial mammalian cell culture uses complex media, such as eRDF, to 

support cell growth and product formation as an integral part of the process; as a 

result the analysis of media variance/quality is of critical importance[1, 2]. 

Furthermore, there is a need to analyse the media in their prepared state. The use of 

fluorescence Excitation-Emission Matrix (EEM) spectroscopy as a potential tool for 

the rapid, in-situ, and routine quantitative and qualitative analysis of eRDF cell 

culture media was investigated.  The   presence of multiple chromophores in the 

sample leading to high absorbance values causes large Inner Filter Effects (IFE) 

introducing an intrinsic non-linearity into the EEM data. 

 The first step of this research was to use PARAFAC2 on an EEM dataset 

collected from eRDF solutions of different concentrations to model sample matrix 

and concentration effects on the emission of individual fluorophores. Using a 

classical standard addition (cSA) method coupled with NPLS, it was then shown that 

quantification of tryptophan (Trp), tyrosine (Tyr), pyridoxine (Py) and riboflavin 

(RF) in the eRDF media could be achieved by fluorescence analysis on these types of 

samples; prediction errors of less than 5 % were obtained. However, due to its 

complex photo-physics a prediction error of 10 % for folic acid (FA) was achieved. 

By using cSA, only samples with analyte concentrations larger than their initial 

concentrations in the Test sample (c0) could be quantified, thus a modified standard 

addition (mSA) [3] was required to be able to predict concentrations less than c0. 

This method was refined through the selection of (1) sub-sections of the full EEMs 

and (2) specific samples and analytes to use in the calibration step. This led to 

prediction errors of less than 5% to be achieved for Trp, Tyr, Py and RF with a 

method that allowed for prediction in any sample with analyte concentrations above 

or below c0. 

The use of fluorescence was also investigated for the monitoring of cell 

culture media change during storage. The PARAFAC analysis of these EEMs 

suggested that fluorescence could be used to monitor photo-degradation of samples 

exposed to light. In order to observe changes that were not due to light exposure, 

Surface Enhanced Raman Scattering (SERS) was used in combination with PCA 
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analysis and the results suggested that cysteine degradation could be monitored. The 

implementation of SERS (sample handling and preparation technique) was then 

optimized for application in quantitative analysis; in particular the importance of 

appropriate sample to colloid ratio was discussed. SERS was then shown to be a 

potential technique for the determination of FA concentration in eRDF solutions with 

an error of ~ 9 % using a cSA based method. 
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1.  Introduction 
 

 Biopharmaceuticals 1.1.

The term ‘biopharmaceutical’ appeared in the 1980s and was generally used 

to describe therapeutics produced by means of biotechnology based techniques. They 

are different from biologic products in that they are synthesised by genetically 

engineered, thus non-naturally occurring, biological systems [4]. In 2003 Gary Walsh 

described biopharmaceuticals as “protein or nucleic acid-based pharmaceuticals, 

used for therapeutic or in-vivo diagnostic purposes and produced by means other 

than direct extraction from a non-engineered biological source.” 

The majority of biopharmaceuticals can be broken down into three main 

categories:   

1. recombinant proteins,  

2. monoclonal antibodies,  

3. peptides 

More recently nucleic acids used in gene therapy [4, 5] have been added to 

this list. Biotechnology uses biological systems as manufacturing units for the 

production of biopharmaceuticals. Generally two pathways are used based on either 

genetic engineering (recombinant DNA technology) or hybridoma technology; the 

latter is specifically used for the production of monoclonal antibodies.  In 

recombinant DNA technology, cells from bacterial (E. coli [6]), yeast (S. cerevisae) 

[7],  mammalian [8] (CHO, BHK) or, less frequently, insect [9] or  plant [10] sources 

are genetically modified to produce specific products.  In the second case hybridoma 

cells are used. These two pathways will be explained in more detail in a subsequent 

section.  

Over the past decade there has been an increase in the number of new 

biopharmaceutical products on the market. They have been used in the treatment of a 

variety of diseases such as cancer, arthritis, diabetes, anaemia etc. [11, 12] 

Biopharmaceuticals still represent a small portion of the pharmaceutical market but 

are a significant part of new medicines in development. In April 2012, it was 

estimated that over 10,000 therapeutics, both pharmaceuticals and 



Introduction 

 

- 4 - 

 

biopharmaceuticals, were in research and development (R&D). Of these an estimated 

5,000 could be biopharmaceuticals. [13]   

The biopharmaceuticals market has been growing significantly for the past 5 

years and today the global market is estimated at more than $145 billion with an 

annual growth rate of over 15 %. The development of new products and new markets 

are supporting this growth. The bioprocesses continue to improve with better 

expression yield, host lines, cell engineering etc. [13]  Sensors and control equipment 

and technology are also becoming more available but much improvement is still 

needed in this area. 

 Currently one challenge faced by the biopharmaceutical sector is the 

identification, monitoring and control of the variability in materials and processes. 

This is required to determine process improvement opportunities such as increasing 

yields and decreasing impurities. To date this is attempted by off-line sampling 

throughout the process and post-mortem batch analysis in which the final product is 

analysed by conventional techniques. An alternative is a real-time multivariate 

process monitoring and control, which would provide a more efficient means of 

identifying/reducing variation, managing process risks and relating process 

information to critical quality attributes (CQAs) [12]. 

 

1.1.1. Recombinant DNA technology 
The first step of recombinant DNA technology is to understand the disease 

targeted on a molecular basis: i.e. identify and characterise a target site that can be 

modulated by a specific molecule, often a protein. The second step is then to try and 

reproduce this protein in order to treat the disease. DNA recombinant technology is 

based on acquiring the genetic code responsible for the production of this target 

protein.  Cells are transformed by inoculating them with a recombinant DNA 

molecule containing the gene for the target protein (Figure 1). The recombinant DNA 

introduced in the cell is then transcribed to RNA which in turn will translate into the 

protein (Figure 1). This is implemented on a large quantity of cells grown to produce 

the target protein.  
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Figure 1 Schematic showing the cell modification process. 

 

In some cases, the target proteins undergo post translational modifications 

within the cell such as glycosylation.[14, 15] This takes place in the Golgi apparatus 

where carbohydrate units can be attached to the proteins (Figure 2). Post-

translational modifications are of major importance as they can affect protein 

conformation, transit to the proper site, biological activity or bio stability. [16] 

Mammalian cells (eukaryotes), unlike their prokaryote counterparts, can host post 

translational modifications generating a growing interest in their use. These post-

translational modifications are highly dependent on the cell environment (cell culture 

medium [14], bioreactor and process [17]). 

The choice of the cell line is also of great importance; cell lines are chosen 

based on their ability to produce the specific target protein in an efficient and safe 
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manner.  They must have an optimal expression rate as the efficiency of the process 

is one of the priorities of industry. Here, two main factors are taken into account: the 

yield of product per host organism and the cost and time demand of the purification 

step. Cells with higher growth rate, typically prokaryotic, are preferred as they are 

cheaper; however they are not able to proceed to post-translational modifications, 

thus mammalian cells often are the only option. 

 

 
Figure 2 Protein production from transformed cell (e.g. mammalian cell culture) 

 

1.1.2. Hybridoma technology 
Hybridoma technology is used to produce monoclonal antibodies; these are 

antibodies of a single specificity which means they will bind to only one specific 

binding site (epitope) of a specific antigen. In the first step of their production, 

plasma cells (antibody-producing B lymphocytes) are extracted from the spleen of 

mice that have been administered with the targeted antigen. The B lymphocytes 

extracted are then sorted in order to only keep the ones specific to the target antigen. 

The selection is then grown, in order to obtain further quantities, and fused with 

modified (myeloma) cells; these are cancerous immune cells. The fusion leads to the 

formation of immortalized (hybridoma) cells that will produce the specific targeted 

anti-body. 

Figure 3 gives a visual summary of the different steps involved in hybridoma 

technology. The fusion of the two types of cells allows for the hybridoma cell to 

have both the ability to produce the specific antibody and the immortal characteristic 
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of the myeloma cells. The hybridoma cell can be cultured and can sustainably 

produce large quantities of the specific antibody. Monoclonal antibodies are 

produced either by injection of the hybridoma cells in the peritoneal cavity of mice, 

(which then acts as a fermentation recipient) or by classical animal cell culture. [18] 

Because the antibodies produced by hybridoma technology all come from one unique 

cloned mother cell, they are called monoclonal antibodies [4].  

 

 
Figure 3 Hybridoma technology workflow 

 

1.1.3. Production processes 
The mass production of monoclonal antibodies or recombinant proteins is 

based on large scale cell culture. There are two primary culture modes: continuous 

(perfusion) or batch mode. The bioreactor is also adapted to the type of cells and 

different types of cell culture include suspension and immobilised cultures (for 

adherent cells).  

In the case of suspended cells, large fermentation tanks are used. The broth is 

agitated by the action of an impeller or by air/gas spargings. Gas injection can also 

coexist with the use of an impeller in order to adjust the pH (e.g. by CO2 injection) or 

the O2 level. As mammalian cells are more fragile, the bioreactors are designed to 

limit strain on the cells. Roller bottles are a different type of bioreactor that can be 

used for adherent cells. These cells are attached to the wall of the bottle that are 

 
Mouse 
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disposed horizontally and filled with cell culture media. The bottles which are 

required in large quantities for mass production are then rolled consistently so that all 

cells interact with the medium. These reactors favour gas exchange in the medium by 

a constant agitation but can be expensive to run. Micro-carrier or micro-fibre 

bioreactors can also be used [19, 20].  

In cell culture, feeding of the cells is very important, and a variety of feeding 

strategies can be employed. In particular, four feeding conditions may be cited [20]: 

batch culture, repeated batch or ‘draw and fill culture’, fed-batch culture and 

perfused or continuous culture. These go from the closed system where the cells are 

introduced in a tank filled with medium and harvested after a specific time (batch 

culture) to continuous flow (continuous culture). Once, the cells have reached the 

required level of growth, the protein or monoclonal antibody is recovered via several 

purification steps. The downstream process is best described by Figure 4. This 

involves several chromatography steps (anion exchange, gel filtration etc.). Due to 

the time consumption and expensive running cost of these steps, it is preferable to 

keep them to a minimum.  
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Figure 4 Downstream process workflow chart showing the important elements of a typical 

bioprocess. Copyright Wiley-VCH Verlag GmbH & Co. KGaA. Reproduced with permission 

[5]. 
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1.1.4. Cell culture media 
The type and quality of cell culture media has very significant consequences 

on the efficiency of the production process and on the quality of the product. Cell 

culture media are complex mixtures containing the nutrient, growth factors and other 

products necessary for optimal cell growth and the promotion of the correct post-

translational modification. The culture of each specific cell type and production 

process is generally carefully optimised to use very specific cell culture formulations 

and feeding strategies. RDF1 is an example of a medium typically used for this 

purpose. eRDF is an enriched RDF medium where the amino acid concentrations are 

tripled, glutamine and pyruvate are doubled and insulin, transferrin, ethanolamine 

and selenite are added as supplements. [21] . Typically amino acid concentrations in 

eRDF go from 70 µM (alanine) to 7 mM (glutamine) and eRDF is used for the 

culture of hybridoma cells.  

Cell culture media typically consist of amino acids and/or peptides and/or 

proteins, vitamins, growth factors, enzyme, antibiotics, buffer and sources of energy 

such as glucose. Glucose acts as a source of energy but can also be of critical 

importance in the glycosylation processes taking place in some post-translational 

modifications.[14]  Glutamine is also widely used in hybridoma cell culture as it is 

an essential amino acid, source of energy, carbon and nitrogen, and is a base for 

other amino acid production. The importance of glutamine for the stimulation of cell 

growth and specific monoclonal antibody productivity in the case of hybridoma cell 

line V111 H-8 producing mouse immunoglobulin (IgG2a) was demonstrated [22]. 

Cell culture media are in constant evolution to produce higher yielding, better 

quality product, and more controlled cell growth. Serum free and protein free media 

were developed in order to limit the use of biologically sourced materials which can 

be the source of traceability and contamination issues; they are also ill-defined 

materials and can cause reproducibility issues. The use of different serum-free media 

for fermentor cultures of hybridoma cells was described by Merten and Litwin 

(1991). [21] Ill-defined materials are obtained from living sources and can contain 

undesirable viruses; additionally, the variability in their composition cannot be 

                                                
1 a 2:1:1 mixture of RPMI (Roswell Park Memorial Institute) 1640, DMEM (Dulbecco’s 

Modified Eagles Medium) and F12 (a Ham’s nutrient mixture medium), 
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controlled. To further the control of the composition of the cell culture media, serum-

free chemically defined (CD) media such as eRDF were developed [23]. 

Media must be adapted to the specific cell lines and their composition is of 

critical importance in many aspects of the bioprocess such as product titre or quality 

of the product [24, 25]. The comparative performances of RPMI, DMEM/F12 and 

eRDF for the production of IgG1 monoclonal antibodies in murine hybridomas was 

described in a 1993 study[23]. Raw material issues in a biopharmaceutical context 

were further discussed by Lubiniecki (1997) [2]. 

 

 

1.1.4.1. Importance of amino acids and vitamins in cell 

culture media 
Amino acids and vitamins have a critical role in the support of cell growth. 

Ducommun (2001) showed the influence of varying the concentration of amino acids 

and vitamins in six different media, on hybridoma growth and production of 

monoclonal antibodies. Understanding the cell metabolism is critical to the 

optimization of cell culture media. For example, amino acids utilization in E. coli 

culture [26] and optimisation of amino acids composition of CHO cultures [25] were 

described in the literature. In a different study on the intra-cellular effect of enhanced 

nutrient feeding on antibody titre, it was shown that the antibody titre could be 

increased 2.5 fold and reach 7.5 g/L through the enhancement of nutrient feeding 

[27]. 

In this thesis the focus is on the quantification of five analytes: tryptophan 

(Trp), tyrosine (Tyr), pyridoxine (Py), folic acid (FA) and riboflavin (RF) which 

were chosen because they display intrinsic fluorescence and because they are all key 

ingredients of most chemically defined media. This work focusses on the analysis of 

eRDF medium which is used for the culture of mammalian cells. The following 

discussion will then focus on the metabolic properties of these cells.  
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Figure 5 Structure of Trp (top) and Tyr (bottom) 

 

From a metabolic point of view, tryptophan is an essential amino acid present 

in most mammalian cell culture media. A recent study describing the optimization of 

media for CHO cell culture by metabolic flux analysis shows that Trp is an 

important, limiting component of cell culture media [25]. Tyrosine is a non-essential 

amino acid. Its importance in the translation process was shown in the culture of 

CHO for the production of humanized IgG1 antibody [27]. It is interesting to note 

that Tyr is present in eRDF in significant quantities (87 mg/L) while absent from a 

number of other chemically defined media (e.g. RPMI and DMEM/F12 [23]).  

Pyridoxine, folic acid and riboflavin (Figure 6) are three different B vitamins, 

B6, B9 and B2 respectively. It has been demonstrated that vitamin depletion can 

limit cell growth while vitamin supplements can improve cell growth and antibody 

production. [28] 

 

 
Figure 6 Structure of pyridoxine (a), folic acid (b) and riboflavin (c). 

 

Folic acid is part of the folate family which are used within the cell to give or 

inter change one-carbon unit such as methyl, formyl, methylene, methenyl or 

formimino groups [29]. The influence of other vitamins on growth rate and antibody 
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production was investigated [28] showing that in a medium where pyridoxine∙HCl 

concentration was doubled, high viable cell density could be maintained along the 

cultivation period leading to higher final antibody concentration.  

 

1.1.5. Process Analytical Technology (PAT) 
The Food and Drug Administration (FDA) defines Process Analytical 

Technology as “a system for designing, analysing, and controlling manufacturing 

through timely measurements (i.e., during processing) of critical quality and 

performance attributes of raw and in-process materials and processes with the goal of 

ensuring final product quality.”[30] The 2004 PAT initiative from the FDA aims 

toward the improvement of processes in terms of quality, safety, and efficiency. 

 

1.1.5.1. Need for PAT in biopharmaceutical 

manufacturing 
Real time on-line or at-line monitoring of the process are a key point to 

achieving early fault detection and maximizing the probability of obtaining good 

product quality at the end of the process [31]. Compared to small molecule 

pharmaceutical processes, biotechnological processes are much more complex and 

difficult to control. Product batch to batch variations regarding quality and yield are 

an important issue in biopharmaceutical production. A better control over the 

production process is needed to achieve more consistent results and a sustainable 

production process. For the control of the product quality, critical quality attributes 

(CQA) are identified. They are attributes that affect the efficiency of the product 

such as protein structure, protein folding and glycosylation pattern.  
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Figure 7 “The relationship of critical process parameters (CPPs) and critical quality attributes 

(CQAs) in a biopharmaceutical manufacturing process according to the PAT concept.”[32] 

Copyright John Wiley and Sons. Reproduced with permission. 

 

CQAs are generally defined during the clinical trial phase and target ranges 

are established to ensure a product of reproducible efficacy. These CQAs are then 

used to derive the critical process parameters (CPPs). These are a set of key ranges 

for various steps of the process that can in turn affect the CQAs. When a CPP goes 

out of range, this will directly affect a CQA and make the product unfit for use.  

Figure 7 shows how CPPs can be monitored and adjusted during the process to 

control and maintain optimum CQAs.[32] Numerous methods can be applied to the 

monitoring of bioprocesses based on the determination of relationships between 

measureable variables and CQAs or CPPs.  

 

The quality control of raw materials [2] is of major importance in 

biopharmaceutical production as it was shown that they can have significant impacts 

on the performance of the bioprocesse and quality of the final product.[23, 27, 28, 

33] However, significant lot to lot variation in the raw materials can arise even when 

they are prepared using the same process and the same manufacturer. Therefore 

methods to monitor the identity and quality of the media in its prepared state prior to 

use is of great necessity. Moreover as these media contain various photo-active 

compounds, they can be subject to undesirable or side reactions if the medium is 

exposed to light. An example of this phenomenon was discussed in 1994 by Edwards 
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et al. [34]. It was shown that upon irradiation NSO/2 myeloid cell line and 

teratocarcinoma F9 cells cultured in tryptophan and riboflavin enriched medium can 

produce toxic photo-products. The irradiated tryptophan and riboflavin enriched 

medium was demonstrated to be responsible for the cytotoxic effect observed.  

 

1.1.5.2. Methods of bioprocess analysis: state of the art 
The application of PAT for biopharmaceutical products has been extensively 

covered in the literature [1, 12, 31, 32, 35, 36]. Improvements in bioprocess 

monitoring have taken place over the past number of years. However, in operational 

practice, complete bioprocess control is still underdeveloped. Generally speaking, the 

in-situ monitoring of cell culture is based on routine physical sensors and electrodes 

to measure pH, temperature and gas concentrations as well as flow and stirring rate 

parameters. In addition, other important parameters are routinely quantified using 

time consuming off-line analyses. The analysis time and sample handling introduces 

lag between the time of the sampling and the time when enough information is 

available to make a decision and take action. This delay can have a profound impact 

on the process performance. 

The application of PAT, in a biopharmaceutical manufacturing context, may 

be challenging due to (1) the use of several complex raw materials (cell culture 

media, cell-line etc.) [2] that have undergone limited characterization and (2) the 

large number of process conditions that can affect the performance of the process. 

[31, 32, 35] Owing to the complexity of the processes, there is often no 

straightforward correlation between the sensors or probes output and the important 

variables of the bioprocess.  

The use of chemometrics (see section 1.4) is then necessary to interpret the 

spectra, chromatogram or any other uni- or multi-dimensional data available. The 

constant evolution of in-situ sensors and chemometrics methods allows for the 

development of a multitude of real-time, on-line and at-line monitoring techniques. 

For the development of a chemometrics model, the data collected in-situ throughout 

the course of the production period is generally correlated to the corresponding 

values obtained for important parameters of the bioprocess by an off-line procedure. 

The model built can then be used for the real-time prediction of the target parameters 

solely based on the in-situ measurements. If punctual off-line measurements are 
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pursued during this period, the values obtained can be used for a permanent 

improvement of the chemometric model.  

A variety of analytical techniques have been used: chromatographic and 

spectroscopic techniques, electronic nose, dielectric capacitance, etc. Examples of 

applications of these different techniques for monitoring of biopharmaceutical 

processes are given in Table 1. 

 
Table 1 Examples of PAT applications to biopharmaceutical manufacturing control 

Target variable Analytical tool Statistical tool Bioprocess Reference 
Metabolites 
(mevinolin, 
fumagillin) 

Reversed phase 
HPLC - 

Bacteria and 
fungi 

fermentation 
[37] 

Intra-cellular 
metabolite 

concentration 
(>25) 

High performance 
anion-exchange 
chromatography 

(on-line) 

- 
MDCK and 
BHK cell 

culture 
[38] 

metabolites 
glucose, glycerol, 

acetate and 
acetaldehyde 

electronic nose 
(on-line) 

Artificial neural 
networks (ANNs) 

Saccharomyces 
cerevisiae 

culture 
[39] 

Viable and non-
viable cell count 

Median cell 
diameter 

Dielectric 
capacitance 

(on-line) 
PCA, PLS CHO culture [40] 

Glucose and 
lactate 

NIR 
(on-line) PLS CHO culture [41] 

Ammonium, 
glucose, methyl 
oleate, biomass 

ATR-MIR 
(off-line) PLS 

Streptomyces 
clavuligerus 

culture 
[42] 

Product, 
phosphate and 

ammonium 
concentration 

NIR and MIR 
(on-line) 

PLS, genetic 
algorithms (GAs), 

interval PLS, 
spectral window 
selection (SWS)-
based calibration 

Fungal 
fermentation [43] 

Glutamine, 
glucose, lactate, 

ammonium, 
viable cell 

density, and total 
cell density 

Raman 
(in-line) PLS CHO culture [44] 

Yeast extract 
discrimination 

SERS 
2D fluorescence 

ROBPCA an d 
MROBPCA Raw material [45] 

Product yield 
2D fluorescence 
(of cell culture 

media) 

MROBPCA, 
NPLS-DA, NPLS CHO culture [33] 

Biomass 
Glycerol 

2D fluorescence 
(on-line) PLS Pichia pastoris 

cultures [46] 
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Spectroscopic methods are a popular tool for the monitoring of bioprocesses 

and raw materials. Spectroscopic techniques include near IR (NIR), mid IR (MIR), 

Raman, UV-Vis and fluorescence. They are potentially non-intrusive, non-

destructive, often rapid and relatively inexpensive techniques. In addition, the 

feasibility of developing probes for on-line and in-line analysis has been shown 

(Table 1, [37-41, 43, 46]). Moreover, spectroscopic analysis often allows for the 

simultaneous monitoring of several parameters taking advantage of all the 

information available in the data [33, 47]. The familiarisation of the analytical and 

chemical community with chemometrics methods plays an important role in the 

constant advances made in the domain of PAT and, in particular, their application to 

biopharmaceutical processes.  

The advantages and principles of 2D-fluorescence will be described in more 

detail in the following section. It can be pointed out that as well as the general 

advantages described for all spectroscopic techniques it displays a very high 

sensitivity allowing for the detection of analytes at a micro-molar level. The main 

drawback is the lack of selectivity due to the presence of broad bands. However, this 

issue can be overcome by the use of appropriate chemometrics coupled with careful 

experimental design. 

To complement the work that has already been carried out in the domain of 

cell culture media characterisation, this thesis describes the development of novel 

analytical methods based on spectroscopic techniques for biopharmaceutical 

manufacturing. These include the development of a quantitative method for the 

determination of specific components in cell culture media and the use of multi-

dimensional fluorescence for rapid quantitative monitoring of media degradation 

caused by light exposure. Finally, the potential of SERS as a new tool for the 

monitoring of chemical changes in cell culture media will also be discussed. 
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 Fluorescence 1.2.

Fluorescence is a well-established and well known technology used in 

various domains such as biology, sensor technology and imaging. Luminescence was 

first observed by Aristotle and Pliny the Younger reporting the phenomenon in a 

descriptive way. It was only in the 19th century that the first scientific and systematic 

reports were published. Stoke, Stern & Volmer, Jablonski, Lewis & Kasha and 

Föster, are only some of the famous scientists or groups of scientists that contributed 

to its development.  

As an analytical method fluorescence has many advantages: it is non-

destructive, non-invasive, very sensitive, and can be implemented on-line. Its 

sensitivity to the micro-environment of the fluorescent molecule can be a great 

advantage for qualitative analysis, but may be an obstacle that has to be overcome for 

quantitative analysis. This section will detail the principles and applications of 

fluorescence as an analytical tool. 

 

1.2.1. Basic principles of fluorescence 
Fluorescence is the phenomenon during which an electron in a molecule is 

excited by incident light to an excited electronic singlet state and returns to the 

ground singlet state by emission of a photon. Fluorescence is a rapid phenomenon 

with a typical lifetime (τ) (average time spent by the electron in the excited state) 

magnitude varying from 0.1 to 10 ns. In the singlet state the electron spin is opposite 

to the corresponding electron in the ground state; the transition from the excited state 

to the ground state is therefore allowed which explains why fluorescence lifetimes 

are much shorter than phosphorescence lifetimes (which result from the forbidden 

transition from a triplet state to the ground state) [48]. These phenomena are 

generally best described by a Jablonski diagram (Figure 8).  
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Figure 8 Jablonski diagram.[48] 

 

From the diagram it is evident that the photon emitted has a longer 

wavelength/lower energy than the absorbed photon. The wavelength difference 

between the excitation and emission maxima is called the Stoke’s shift. As an 

example, the fluorescence excitation and emission spectra of pyridoxine are shown in 

Figure 9. 

 

 
Figure 9 Steady state excitation (λem = 390nm) and emission (λem = 320nm) spectra of Pyridoxine 

at a 3 µM concentration and in pH 7 buffer (from this work).  
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The fluorescent properties of a molecule are closely related to its structure. 

However there is no definite rule to decide whether a molecule will fluoresce or not 

solely based on the analysis of its molecular structure. Two molecules presenting 

very similar structures such as isomers can display very different fluorescence 

behaviour.[49, 50] Several studies have been presented where the authors attempted 

to develop theoretical models capable of predicting fluorescent properties of 

molecules based on molecule properties such as Duchinsky rotation effect. [51] 

Later, in 2009, a theoretical prediction of native fluorescence of pharmaceutical 

molecules and pesticides was developed by Albert-Garcia et al. [52] Stepwise linear 

discriminant analysis (SLDA) was performed on a database of 100 compounds (50 

fluorescent and 50 non fluorescent). 170 fluorescence descriptors were considered 

and a discriminant function able to predict the fluorescent activity or inactivity of a 

molecule was generated. This work is very useful from an analytical point of view as 

it allows for a much more efficient definition of analytes that can be monitored using 

fluorescence.  

Fluorescence methods have been widely used for qualitative analysis 

purposes with the development of a wide range of probes and labels available for use 

in biology, sensor technology and imaging [53-55]; but also for quantitative purposes 

as, when the absorption of the sample is low enough, the fluorescence intensity of a 

simple fluorophore solution is generally linearly correlated to the fluorophore 

concentration. 

 

1.2.2. Fluorophores 
Fluorophores are molecules capable of absorption and re-emission of light 

and constitute a very diverse range of molecules from small molecules that can be 

synthesized with very precise properties (e.g. fluorescein, rhodamine b) to large 

molecules such as green fluorescent proteins (GFP). In many complex biogenic 

materials (e.g. petroleum oils, human tissue) there are a wide variety of different 

fluorophores present. 
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1.2.2.1. Characterisation 
Fluorophores are generally characterised by their absorption, emission 

spectra, quantum yield and lifetime.2 The emission spectrum of a substance is the 

measurement, over a range of wavelengths, of the fluorescence intensity emitted by a 

fluorophore as a response to excitation at a set excitation wavelength. The quantum 

yield is the number of emitted photons relative to the number of absorbed photons. 

The larger (closer to unity) the value of the quantum yield the brighter, more 

efficient, the fluorophore is [48]. The fluorescence lifetime is the time the molecule 

spends in the excited state. It is also the time available for the fluorophore to interact 

with its environment in the excited state (S1) before relaxing to the ground state (S0). 

The phenomenon observed using fluorescence are the phenomena occurring in the 

excited state as they are going to shape the emission profile of the fluorophore. The 

time a fluorophore spends in the excited state (τ)  is then of significant importance as 

it is going to influence what information can be obtained from the emission [48]. 

Beyond the simple emission spectra, fluorophores present several other 

measurable parameters that can be related to the fluorophore environment such as 

time resolved fluorescence and anisotropy or observable effects such as fluorescent 

resonance energy transfer (FRET). Generally fluorescence emission can be sensitive 

to pH, solvent polarity, temperature, viscosity, etc. Fluorescent probes can be 

designed and used as a base for the development of sensors able to detect specific 

analytes or monitor specific properties of the micro-environment of the fluorophores 

[56]. In this case molecules / probes are designed to have enhanced sensitivity of one 

of the observable parameters to specific events.  Some of these applications are listed 

in Figure 10.  

                                                
2

 The absorption (Aλ) of a substance represents the amount of light absorbed by the system at 
a set wavelength and is defined by 퐴 = log	( )where, I0 is the intensity of the incident light and It is 
the intensity of the light after passing through the sample. 
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Figure 10 Sample survey of the type of information that can be provided by fluorescent probes 

in various applications. Copyright John Wiley and Sons. Reproduced with permission from[57]. 

 

1.2.2.2. Fluorescence of some natural substances 
Some natural substances present intrinsic fluorescence; among these are 

amino acids (namely tryptophan (Trp), tyrosine (Tyr), and phenylalanine (Phe)), 

vitamins (e.g. pyridoxine (Py), folic acid (FA) or riboflavin (RF)) and cofactors 

[flavin adenine dinucleotide (FAD), reduced nicotinamide adenine dinucleotide 

(NADH) [58] and its phosphate derivative (NADPH)]. Table 23 gives some 

characteristics of the intrinsic fluorophores found in the eRDF cell culture media 

used in this research. 
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1.2.3. Environment/Matrix effects 
Fluorescence sensitivity to the environment can be utilised to develop 

sensors’ for environmental changes or be a serious issue when these environmental 

or matrix effects, interfere with the quantitative detection of analytes in a complex 

matrix. The nature of the micro environment surrounding a fluorescent probe can 

affect the quantum yield or lifetime of the probe. It is the result of the competition in 

the excited state, with de-excitation processes originating from the interaction of the 

fluorophore with other molecules such as electron-transfer, proton transfer, energy 

transfer, and excimer or exciplex formation. A variety of physical or chemical 

parameters influencing the micro-environment of a molecule can affect its 

fluorescence properties. Examples of these are pH [59, 60], temperature,  solvent 

polarity[61], ionic strength of the solution [62], presence of metal ions [63, 64].   

  

1.2.3.1. Influence of pH on fluorescence emission 
The pH dependence of a molecule is generally due to proton transfer leading 

to the presence of the photoactive molecule in different anionic, neutral or cationic 

forms (e.g. FA Figure 12). Proton transfer can occur in the ground state (S0) or 

excited state (S1) affecting the fluorescence response differently. The different ionic 

forms generally have different photo-physical behaviour (lifetime, quantum yield, 

absorption spectra, fluorescence quantum distribution…). In some cases the 

ionisation process can even lead to the formation of non-fluorescent species. 

Examples of pH dependency on the fluorescence behaviour of fluorophores are 

described in the literature [53, 65-68] . This pH dependency can be exploited and 

enhanced by designing new fluorescent probes in order to monitor pH in micro 

spaces such as within vesicles [69], in intra cellular space (imaging) [70] or as 

described by Baptista (2003) in lecithin liposomes [71]. 

In chemically defined cell culture media such as eRDF there are several 

components which are fluorescent (e.g. Trp, Tyr, Phe, Py, FA, and RF). Many of 

these species are pH sensitive. Riboflavin, folic acid, Trp and Tyr fluorescence 

behaviour depends upon the pH of their micro-environment.  
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Figure 11 Neutral form of riboflavin. The proton involved in the formation of the anionic and 

cationic forms is highlighted. 

 

Riboflavin [72] exists in three forms: cationic, neutral (Figure 11) and 

anionic. The cationic and anionic forms have low quantum yields (ΦF < 2×10-3) 

whereas between pH4 and pH7, RF exists in its neutral form and has a much higher 

quantum yield of 0.26. In [72] the pH dependent absorption and fluorescence 

behaviours were examined. Folic acid can exist in two (acid/base) forms (See Figure 

12).  

 

 
Figure 12 Folic acid (left) and base (right) forms 

 

Folic acid has a very low quantum yield (ΦF < 0.005 [73]) for both species 

(Figure 12). However, pH was shown to  affect the FA lifetime which differs 

between both forms; they were reported to be τacid = 7.0 ±0.4 ns and τbase = 3.5 ±0.4 

ns [73].  
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Figure 13 Neutral forms of tryptophan [+H3R1COO-, a)], and tyrosine [+H3N(R2OH)COO-, b)] 

 

Trp is an ampholyte, hence the neutral form of Trp (+H3R1COO-) exists in 

equilibrium with both, the acid (+H3NR1COOH) and base (H2NR1COO-) forms. 

Variations in quantum yield [59] and lifetime [74] in response to pH changes were 

reported. Generally three lifetimes are observed corresponding to the three species, τ+ 

= 1.2 ± 0.3 ns for the cationic form, τ = 3.0 ± 0.2 ns for the neutral form and,  τ- = 8.8 

± 0.2 ns,  for the anionic form [74]. A separate phenomenon appears at pH > 10.6 

with a sudden drop in lifetime and quantum yield. This was interpreted by White [59] 

as the result of quenching by the hydroxyl anion (OH-).  

Tyrosine fluorescence undergoes a similar behaviour in response to pH 

changes. At pH < 2.45 the cationic form is predominant (+H3N(R2OH)COOH)[59, 

75]. However, quenching at high pH values (> 10.07) is due to the ionization of the 

hydroxyl group of the phenol moiety to form tyrosinate, +H3N(R2O-)COOH [75].  It 

is also shown that Tyrosine displays no dependency on pH over the pH range from 4 

to 8.  
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1.2.3.2. Temperature effects on fluorescence emission 
In general, an increase in temperature decreases the quantum yield observed 

for a fluorophore. An increase in temperature promotes the non-radiative processes 

related to thermal agitation such as collision with solvent molecules, intermolecular 

vibration or rotation etc. [57] An example of the effect of temperature on the 

quantum yield of pyridoxine and pyridoxal was given by Chen,  1965 [76] (See 

Figure 14 ). 

 

 
Figure 14 Temperature dependence of the quantum yield of vitamin B6 compounds. Curves 

refer to pyridoxal, pyridoxamine, and pyridoxamine-5-phosphate. Reproduced from [76]. 

Reprinted with permission from AAAS. 
 

1.2.3.3. Inter- and Intra-molecular quenching of 

fluorescence emission 
Quenching occurs when the fluorophore interacts with another molecule 

present in the environment leading to a decrease in fluorescence quantum yield 

and/or lifetime. Fluorophores present in cell culture media can be affected by 

quenching which can generally occur as two types: static and dynamic quenching. 

Riboflavin is an example of a cell culture media component that can be affected by 

both static and dynamic quenching. The dynamic quenching of riboflavin 

fluorescence in various solvents (DMSO, water and methanol) was investigated [77]. 

Dynamic quenching is the result of non-radiative relaxation by internal conversion 

and intersystem crossing. It is caused by diffusional collision between the quencher 

(e.g. the solvent molecules) and the excited fluorophore (e.g. riboflavin).  Riboflavin 

can also be quenched by amino acids such as methionine and cysteine [77], in this 
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instance the quenching is static in nature. Static quenching is due to the association 

of the quencher to the fluorophore in the ground state; e.g. by the formation of an 

ionic pair between the riboflavin (RFoxH, Figure 11) and methionine (Met). 

 

1.2.3.4. Fluorescence resonance energy transfer (FRET) 
FRET occurs between a donor (D) molecule in an excited state and an 

acceptor (A) in the ground state. The donor molecule typically emits at shorter 

wavelengths that overlap with the absorption spectrum of the acceptor. FRET is a 

non-radiative process meaning that it occurs without the emission of a photon and is 

the result of long range dipole-dipole interactions between the donor and the 

acceptor. 

FRET is a complex phenomenon depending on several parameters. Generally, 

the rate of energy transfer (kET) can be expressed as a function of the donor lifetime 

(τD) and quantum yield (ФD) in the absence of acceptor, the distance between the 

donor and the acceptor (r), the spectral overlap between the emission spectrum of the 

donor and the absorption spectrum of an acceptor (J) and finally the orientation 

factor (κ). This expression is given in Equation 1. 

 

풌푬푻 	= 	
푸푫 × 휿

흉푫 × 풓ퟔ
× 푱 

Equation 1 

Energy transfer only occurs when the distance between the donor and the 

acceptor is short enough. The distance at which the rate efficiency of energy transfer 

is 50 % is called the Förster distance (10-60 Å) and depends on the spectral overlap, 

J. In practice FRET impacts the fluorescence spectra of a donor/acceptor mixture 

causing a deformation (sometimes blue shift) of the acceptor emission and a decrease 

in the donor’s excitation spectra. This can be used to measure distances between 

fluorophores that can be of interest for biological applications.[48] In particular, 

energy transfer from Tyr to Trp was investigated.[78] The fluorescence emission 

from a series of peptides Trp-(Pro)n-Tyr3 was observed for n= 0..5. By decreasing n 

the distance between Trp and Tyr decreased showing a growing energy transfer 

effect. The Förster distance for FRET between Tyr and Trp in aqueous solution was 

determined to be 14.0 Å and was used to calculate the distance between Tyr and Trp 

                                                
3 Pro stands for proline. 
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in the peptides from n= 0 to n=5: 7.3 to 17.7 Å. Figure 15 shows the spectral changes 

induced by FRET from Tyr to Trp in the various peptides for n=0,4 and 5. 

 

 
Figure 15 Emission spectra of the peptides Trp-(Pro)n-Tyr, n=0 .. 5 showing the extent of energy 

transfer from Tyr to Trp as a function of n. (a) Trp + Tyr solution, (b) n=5, (c) n=4, (g) n=0. 

Copyright John Wiley and Sons. Reproduced from [78] with permission. 

  

1.2.3.5. The Inner Filter Effect and fluorescence emission 
The inner filter effect [48, 57] (IFE) is a consequence of a strong light 

absorption (abs. ) by the sample (abs. >0.05 [48] or >0.1 [57]) and leads to a 

deviation from the classical linear behaviour of the fluorescence intensity with 

fluorophore concentration (Figure 16) and can be the cause of spectral shape 

distortions [79].  Thus IFE is a consequence of both the concentration and extinction 

coefficient of the chromophores present in the sample (including the fluorophore 

itself). Moreover, there are many sample types such as cell culture media in a 

biopharmaceuticals manufacturing context, that need to be analysed in their prepared 

form (without dilution). In these cases IFE can be a major issue. 
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Figure 16 Schematic sketch illustrating the principle of IFE (left) and the effect of IFE on 

measured fluorescence intensity for a quinine sulphate solution (right [48]). 

 

IFE occurs when either, part of the excitation light is absorbed before it is 

used by the fluorophore or, when part of the emitted light is absorbed (Figure 16). In 

both cases the fluorescence intensity observed is less than that what would be 

expected. By its nature, this effect is dependent on both the excitation and emission 

wavelengths. Different types of IFE can be observed. First, considering a pure 

fluorophore solution (free of other chromophores); excitation and emission IFE may 

occur. The source of excitation IFE is geometrical. Due to the usual right angle 

observation (Figure 17) of the fluorescence, only the fluorescence of the 

fluorophores emitting form the central part of the cuvette is observed.  
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Figure 17 Geometric arrangement for the observation of fluorescence: (A) conventional right-

angle, (B) front-face illumination. Copyright John Wiley and Sons. Reproduced with permission 

from [57] 

 

When the fluorophore concentration is high, a large part of the excitation 

light may be absorbed before the light reaches the centre of the cuvette. Emission 

IFE occurs when there is overlap between the absorption and emission spectra 

resulting in a distortion of the shape of the emission spectra being observed. Finally, 

the presence of other chromophores in the solution can be a source of IFE acting as 

filters in the excitation or emission beam paths. The simplest way to avoid IFE is to 

work on dilute samples. Alternatively, each data point of the fluorescence spectra can 

be approximately corrected for IFE using the following formula where OD is the 

optical density for the excitation or emission wavelength, Iobs is the fluorescence 

intensity observed and Icor is the fluorescence intensity obtained after correction.[48] 

퐼 = 퐼 × 10( ) 

Other IFE correction technique have been developed such as the use of more 

specific IFE correction factors accounting for the excitation and emission window 

parameters [80] or corrections based on empirical formulae [81]. A method was also 
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developed solely based on a fluorescence measurement where for each sample the 

fluorescence EEM of a corresponding dilute sample is also collected4 and used to 

correct each excitation/emission data point of the EEM for IFE[82]. However, these 

corrections require the collection of additional information such as UV-Vis spectra or 

diluted sample fluorescence EEM for each sample. This can be time consuming, may 

produce a source of error or may be impossible due to the reduced sensitivity of the 

absorbance measurement compared to fluorescence. Additionally, different 

instrumentation and further preparation steps are required which can be undesirable. 

Another way to overcome IFE is to use different geometrical set ups such as front-

face excitation (Figure 17) or reducing the excitation or emission path lengths [83]. 

Finally IFE can also be accounted for in the treatment of the data using 

chemometrics [84, 85]. 

 

1.2.4. Excitation-Emission Matrices (EEMs) 
Most modern fluorimeters are capable of performing multi-wavelength 

measurements. Two types of multi-dimensional fluorescence are common: excitation 

emission matrices (EEMs) and total synchronous fluorescence spectroscopy (TSFS). 

 

 
Figure 18 EEM landscape of a 17.7 g/L solution of eRDF obtained from Kyokuto 

pharmaceuticals (extracted from this research) 

 
                                                
4 Non necessarily in the linear range. 
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EEMs (Figure 18) are comprised of a series of emission spectra collected at 

different excitation wavelengths. Thus, each data point of the matrix represents the 

fluorescence intensity of the sample at a given pair of excitation/emission 

wavelengths. In Figure 18, the first and second order Rayleigh scattering are visible 

along the first and second diagonals. The long wavelength emission bands (~600 nm) 

are the result of 2nd order emission of the fluorophores arising from the emission just 

below 300 nm. EEM data, in the case of simple samples (not affected by large matrix 

or environmental effects), is an ideal candidate for data treatment using linear 

chemometric algorithms as it obeys the tri-linearity requirement. It means that when 

increasing the fluorophore concentration in a sample the shape of the excitation and 

emission profiles is not changed and the signal is only scaled proportionally to the 

concentration change [86]. The use of multi-way chemometric methods for the 

qualitative and quantitative analysis of EEM data is well established in 

environmental analysis [87-91], food science [92], and for quantitative determination 

of analytes (µg/mL) in various fluids such as urine [93] or plasma [94] and cell 

culture media [85]. 

 
Figure 19 TSFS landscape of 17.7 g/L eRDF obtained from Kyokuto pharmaceuticals (extracted 

from this research) 

 

TSFS measurements (Figure 19) are emission spectra collected successively 

at set emission/excitation wavelength increments (Δλ = 	 휆 −	휆 ) which are 

typically not tri-linear and thus are less widely used where a chemometric 
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interpretation of the data is required. They do however present the advantage of 

being free from Rayleigh scattering. 

Multi-way fluorescence is advantageous as it provides more analyte 

information. Furthermore when multi-dimensional data are used coupled with 

appropriate chemometric methods the correlation between variable (e.g. excitation 

wavelengths) can be used as a complement to the primary correlation between the 

emission spectra and the concentrations for example. This can lead to models that are 

potentially more stable and less affected by noise. The advantage of multi-variate 

analysis is further discussed in section 1.4.1. 

 

1.2.5. Fluorescence as a PAT tool for 

biopharmaceutical production 
As discussed in section 1.1.5, the good monitoring of a bioprocess is often the 

key to high quality product and reproducible process performances. The PAT 

initiative was introduced in 2004 by the FDA encouraging biopharmaceutical 

companies to adopt modern on-line or at-line bioprocess monitoring tools to analyse 

key parameters at all stages of the bioprocess. Analysis time is an important factor in 

the monitoring of bioprocesses; thus monitoring methods should be developed to 

reduce the analysis time allowing for rapid fault detection. Moreover, sampling and 

sample handling for off-line or at-line analysis can be a source of error and 

contamination of the sample but also of the bioreactor broth. Multi-dimensional 

fluorescence has the potential to provide a real-time or near-real-time, non-invasive 

monitoring technique requiring a minimum sample handling [31, 58].  

Several instruments are now on the market for in situ measurement 

incorporating optical fiber probes [31]. On-line monitoring sensors were developed 

for application in immobilized culture process of Chinese hamster ovary (CHO) cells 

[95] and for multi-dimensional fluorescence data collection on the culture broths: of 

recombinant E. coli BL21(DE3) expressing human basic fibroblast growth factor 

(hFGF-2) [96], of GS-CHO cell lines producing recombinant IgG4 monoclonal 

antibodies [58]. However, in situ monitoring of bioprocesses comes with various 

limitations. The quality of the measurement is often affected by interfering solid 

particles, gas bubbles, high cell density, the viscosity of the bulk, or accumulation of 

debris on the probe. In some cases agitation and aeration conditions can be taken into 
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account in the development of calibration models in order to try and overcome these 

issues [31]. 

Finally, fluorescence spectra are generally broad bands with poor resolution. 

The use of chemometrics to interpret multi-dimensional fluorescence data is 

necessary to determine significant bioprocess parameters. The intrinsic fluorescence 

of the cell culture samples was successfully correlated, through the use of 

chemometrics, to viable cell density and antibody titre [58, 97], biomass, glucose 

concentration and CO2 production rate [96]. Fluorescence was also employed for the 

monitoring of raw materials such as cell culture media. For example, tools for 

identification and quality monitoring of cell culture media were successfully 

developed [98]. It was also shown that a correlation between cell culture media 

quality of blend and bioprocess performances (product yield) could be established 

[33]. Where the intrinsic media fluorescence could not be used (immobilised cell 

culture process) it was shown that CHO cells could be transfected to express green 

fluorescent proteins (GFPs’) and that the monitoring of GFP fluorescence could be 

correlated to cell growth [95].  
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 Raman and Surface Enhanced Raman 1.3.

Scattering (SERS) 

Vibrational spectroscopic techniques attract a lot of interest as they have the 

potential to provide much more chemical and structural information than 

fluorescence or UV-Vis spectroscopy. In vibrational spectroscopy, the energy 

changes detected correspond to the energy required to cause motion of the atoms. 

Molecules can present different numbers of ‘vibrational degrees of freedom’ 

depending on the number of atoms that comprise the molecule. Generally a molecule 

composed of N atoms will have 3N-6 degrees of freedom except for linear molecules 

which have 3N-5 degrees of freedom. These vibrational degrees of freedom 

correspond to different possible vibration modes. The main spectroscopic techniques 

employed to detect vibrations in molecules are infrared (IR) or Raman spectroscopy. 

They are based on two phenomena occurring when light  interacts with matter [99]: 

 

1. Absorption: when the energy of the incident photon matches the 

energy gap between the ground state of a molecule and an excited 

state (IR) 

2. Scattering: when an incident light, not necessarily matching the 

energy gap between two molecular states, interacts with the matter 

and is scattered at an angle from the incident light beam (Raman) 

 

However, not all vibrations lead to bands in Raman or IR spectra; generally, 

Raman scattering occurs from vibrations causing a change in the polarisability of the 

electron cloud around the molecule. This differs from IR absorption spectroscopy 

where a change in molecular dipole allows for the absorption of a photon. In general 

symmetrical vibrations lead to intense Raman signal and asymmetric vibrations to 

intense IR absorption. For this reason IR and Raman spectra are often 

complementary even if the same vibrational mode can sometimes be the source of 

both IR and Raman responses.[99] 

An example of the consequence of dipole and polarization variation on 

Raman and IR spectra is shown Figure 20 in the case of carbon disulphide where the 
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symmetric bending and asymmetric stretching (δS and Vas) are observed in the IR 

spectrum and the Vs symmetric stretching is observed in the Raman spectrum.  

 

 
Figure 20 Dipole and polarisation changes in carbon disulphide, with resultant infrared and 

Raman spectra. Copyright John Wiley and Sons. Reproduced from [99] with permission. 

 

1.3.1. Principles of Raman spectroscopy 
In practice, Raman spectroscopy uses monochromatic radiation to irradiate a 

sample and then the scattered radiation is detected. As a result of interaction of the 

incident light with the matter, a very small fraction of the light scattered has a 

different energy from the incident beam. This is because the incident light interacts 

with the molecule to distort (polarise) the electron cloud around the nuclei forming a 

(short-lived) virtual excited state. When only distortion of the electron cloud is 

observed the changes in frequency/energy observed are very small. This scattering is 

called Rayleigh scattering. Raman is a phenomenon of inelastic scattering first 

observed experimentally by Sir Chandrasakara Venkata Raman in 1928 [100]. The 

majority of molecules are present in the lowest energy vibrational level but, due to 

thermal energy, some may also be present in an excited state; thus, two phenomena 

can then occur: 
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1. Stokes scattering, when a photon is absorbed from the ground 

vibrational state  (m) leading to the promotion of the molecule to a 

higher energy vibrational state (n, Figure 21) 

2. Anti-Stokes scattering, when a photon is absorbed from an excited 

vibrational state (n) and energy is transferred from the molecule to the 

photon leading to the relaxation of the molecule to the lowest 

vibrational level (m, Figure 21).  

 

 
Figure 21 Diagram of the Rayleigh and Raman (Stokes and anti-Stokes) scattering processes. 

 

Anti-Stokes (AS) scattering is typically less intense than Stokes scattering 

because its intensity is proportional to the population of the excited vibrational state 

(naturally low at ambient temperature). The Stokes and Anti-Stokes scattering are 

illustrated in Figure 21 which shows that the energy of the incident light can be much 

larger than the gap between vibrational states; the incident light frequency 

determines the level of the energy of the virtual states5. [99] 

 

Finally, Raman signals have inherently weak intensities as most of the 

photons scatter via Rayleigh scattering. The applicability of Raman technology is 

then largely limited by: 

1. Fluorescence interference that can totally obscure the Raman signal 

2. Concentration of the sample that must be large enough to be 

detectable 

                                                
5 Infrared spectroscopy involves direct excitation of the molecule from the lowest vibrational 

state (m) to an excited vibrational state (n) [99]. 
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3. Sensitivity of the detectors and intensity of the excitation sources 

available.  

 

1.3.2. Principles of SERS 
In 1977 Jeanmaire and Van Duyne [101] demonstrated that the intensity of a 

Raman scattering signal could be greatly enhanced by placing the Raman scatterer 

near a nano-roughened noble-metal surface. An example of a SERS spectrum is 

shown in Figure 22. Note that generally the  SERS spectra of solutions  are different 

to the classical Raman spectra of the same substance in its crystalline form with 

appearance and disappearance of bands as well as band shifts [102]. This is due to 

the interaction of the molecule with the substrate. 

 

 
Figure 22 SERS spectrum of a 17.7 g/L eRDF solution on silver colloid (extracted from this 

research).  

 

The reason for the enhancement observed is the presence of a localised 

surface plasmon resonance (LSPR) on silver, gold or copper nanoparticles or nano-

roughened surfaces. When this LSPR is excited by visible light, strong 

electromagnetic fields are generated at the surface of the metal that will intensify the 

magnitude of the induced dipole and the intensity of the inelastic scattering of 

molecules placed near the LSPR.[103] LSPR is a phenomenon inherent to metal 

nano-particles and it occurs when under the action of incident radiation, conduction 

electrons in a particle are displaced coherently with respect to the positively charged 

ionic core (Figure 23). [104] 
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Figure 23 Schematic of plasmon oscillation for a sphere, showing the displacement of the 

conduction electron charge cloud relative to the nuclei. "Reprinted with permission from (Kelly, 

K.L. et al., Journal of Physical Chemistry B, 2003. 107(3): p. 668-677.). Copyright (2012) 

American Chemical Society. [105] 

 

When the electron cloud is displaced relative to the nuclei, a restoring force 

arises from the coulombic attraction between electrons and nuclei that results in 

oscillation of the electron cloud relative to the nuclear framework. [105] This 

phenomenon is accompanied by the appearance of an absorption band in the 

electronic absorption spectrum of the nanoparticles. The position (λmax) and shape of 

the LSPR is determined by multiple parameters including the size, shape, 

composition and morphology of the nanoparticles, their polarisability, electron 

density, electron mass and charge distribution. The mechanisms responsible for 

SERS enhancement remain an active research topic. [106] To date, two 

complementary approaches have been postulated: electromagnetic enhancement and 

chemical enhancement.[107-111]  

 

1.3.2.1. Electromagnetic enhancement  
The electromagnetic enhancement relies on the generation of large 

electromagnetic fields at the surface of the nano-particle upon irradiation. 

Electromagnetic enhancement occurs when Raman-active molecules are confined 

within these induced electromagnetic fields leading to enhancement factors of greater 

than 10,000. As described above, the plasmon frequency depends on several 

characteristics of the metal particle such as the size. It can also be influenced by 

electrons other than the valence ones such as electrons in the d-orbitals. Higher order 

plasmon modes can then occur such as the quadrupole mode where half the electrons 
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move parallel to the applied field (and the other half anti-parallel). As a result, the 

prediction of the plasmon frequency is not easily calculable from the electronic 

structure of the metal nanoparticle. [105]  

Multiple theoretical models have been developed providing an insight into 

the electromagnetic enhancement generated by noble-metal electromagnetic fields 

including isolated spheres, isolated ellipsoids, interacting ellipsoids, randomly rough 

surfaces, grating etc. [103, 111] The simplest SERS substrate from a modelling point 

of view is the isolated sphere under electrostatic approximation of the incident 

electromagnetic field. This approximation is acceptable when the particle radius is 

much smaller than the incident beam wavelength. In this case the electric field can be 

considered to be uniform across the particle, and the electrostatic Rayleigh 

approximation is applicable. [103, 111] The field induced at the surface of the sphere 

is then proportional to the applied field as described in Equation 2 where Einduced and 

E0 are the induced and incident electric field respectively, ɛm (ω) is the metal 

dielectric constant (function of the frequency) and ɛ0 the permittivity of the ambient 

phase. 

푬풊풏풅풖풄풆풅ퟐ ∝ 	푬ퟎퟐ
휺풎(흎) − 휺ퟎ
휺풎(흎) + ퟐ휺ퟎ

ퟐ

 Equation 2 

This function is resonant and the magnitude of the electric field at the surface 

of the sphere becomes very large when the frequency of the incident light is such that 

ɛm (ω) = -2 ɛ0. [103, 111] 

 

Both, the incident and scattered light are enhanced in the induced 

electromagnetic field. However Raman scatter has a lower frequency than the 

incident light and thus the enhancement can be seen as the consequence of the 

product of the incident and Raman induced fields. Both fields can simultaneously be 

nearly resonant with the surface plasmon only for small frequency shifts. This 

explains why the intensity of SERS spectra decreases for larger frequency shifts. In 

order to undergo electromagnetic enhancements the Raman-active molecule needs to 

be in the induced electromagnetic field near the metal surface but not necessarily in 

contact with the surface, which is in contrast with chemical enhancement. However 

the intensity of the induced electromagnetic field decreases with the distance of the 

Raman-active molecule from the metal surface. For example this decrease is 
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described, for a single molecule at a distance d from a metal sphere of radius r, by the 

function G (Equation 3). 

푮 =
풓

풓+ 풅

ퟏퟐ
 Equation 3 

This function also suggests that long-range effects will be observed from 

large particles whereas small particles will lead to surface-effects. Using spacer 

layers of arachidic acid6 it was shown that best enhancement of phtalocyanine 

Raman spectrum was observed when the analyte was at less than 10 nm from the Ag 

island film surface [112]. 

  

1.3.2.2. Chemical enhancement  
The existence of another mode of SERS enhancement has been postulated in 

order to explain molecule specific enhancement, i.e. ‘chemical enhancement’ [113]. 

Electromagnetic enhancement should act equally on any Raman-active molecule 

present near the metal surface. However different enhancements of SERS intensity 

(by a factor of 200) were observed, for example, for CO and N2 under the same 

experimental conditions [103] suggesting the presence of a second type of 

enhancement.  

 
Figure 24 Typical energy diagram for a molecule absorbed on a metal surface. Possible charge-

transfer excitation are shown (a, b, and c). Adapted from [111]. 

 

Chemical enhancement relies on the creation of a charge-transfer state 

between the metal and the absorbate. This new state acts (Figure 24) as resonant 

                                                
6 CH3(CH2)17CH2COOH 
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intermediate state providing a pathway for resonant excitation and facilitating Raman 

transition and it is believed to contribute to an average enhancement factor of 100 

[103]. The highest occupied molecular orbital (HOMO) and lowest un-occupied 

molecular orbital (LUMO) of the absorbate molecule can be of either side (in energy) 

of the Fermi level of the surface metal (Figure 24). In this case, charge-transfer 

excitation can occur at half the energy (Figure 24, (b) and (c)) of the intrinsic 

excitation of the absorbate (Figure 24, (a)). Chemical enhancement is therefore site 

specific and analyte-dependent, furthermore for the phenomenon to occur the 

molecule must be directly adsorbed onto the metal surface. 

 

1.3.3. Pros and cons of SERS 
SERS spectra, like conventional Raman spectra provide much more 

information about molecular structure than other electronic spectroscopy techniques 

such as fluorescence. Moreover, in order to observe a SERS signal the Raman-active 

molecule must be on, or near the metal surface; this provides non-radiative pathways 

for the decay of electronic excited states, thus fluorescence interference is strongly 

quenched [103]. An example of SERS analysis of Rhodamine 6G (fluorescence 

quantum yield of 0.95) on silver electrodes and silver nanowires was described by 

Xu [114]. SERS can be a very useful technique for surface and analyte-surface 

interaction monitoring as changes in orientation of the analyte on the surface or 

changes in the surface itself can generate observable shifts in the SERS signal. Its 

sensitivity makes SERS an ideal technique for trace analyses in various types of 

samples. Analysis of aqueous samples (e.g. biological) is also made easier by the use 

of SERS as water exhibits very poor SERS activity. 

 

The main drawback of the SERS technique is the production of reproducible 

SERS substrates. Enhancement factors can fluctuate by up to an order of magnitude 

between batches of substrates produced under seemingly identical conditions. The 

reproducibility of the sampling technique can also be a major issue making the 

application of SERS for quantitative analysis rather challenging. Incubation time 

[45], uniformity of the colloid/sample mixture are some of the parameters that need 

to be perfectly controlled.[115] 
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1.3.4. Substrates used for SERS 
Because the intensity of a SERS signal depends on the excitation of the LSPR 

it is important to control the LSPR to maximise signal strength. As the characteristic 

of the substrate greatly influences the LSPR (size, shape, electron density and 

distribution etc.), the selection of the material as well as the size and shape of the 

substrate is of major importance in order to ensure that the incident laser light will 

efficiently excite the LSPR.  

SERS signal enhancement has been predicted and observed not only for the 

noble metals (Au, Ag, Cu, Rh, Ru) but also Li, Na, Cs, In, Pt, K, Al, Ga, Zn and Cd 

[103, 116].  So far Ag and Au have been the most popular platforms for SERS 

applications and it was shown that silver generally provides better (10 to 100-fold) 

enhancement factors when compared to gold [117, 118]. Moreover silver supports 

are generally preferred to gold as their range of LSPR covers a large frequency 

domain from the UV to the IR whereas gold particles tend to feature LSPR localised 

at longer wavelengths (red and IR) [118, 119].  

Multiple types of substrates have been developed and used to date such as: 

electrode roughened by oxidation-reduction cycle (ORC)[114], vapour-deposited 

metal island films[120], colloidal nanoparticles[45, 104, 105, 121],  surface-confined 

nanostructures [104] (e.g. those produced by lithography [122]),  nanowires and 

nanorods [123] or arrays of nanoparticles [114]. Enhancement factors may vary with 

the type of substrate used; for example electrodes roughened by ORC give 

reproducible enhancements with a ~106 factor whereas metal island films give 

smaller enhancement factors of ~104 to 105 and surface-confined nanostructures give 

higher enhancements (up to 108). 

 

Metal colloids can be prepared in many sizes (~10 to 100 nm) and shapes. 

Silver colloid prepared using citrate reduction according to the Lee and Meisel 

method7 is probably the simplest and most widely used [124]. The advantage of 

colloid nanoparticles is that they do not require sophisticated instrumentation for 

fabrication and are well suited to solution-phase SERS studies. They are usually 

formed in the presence of a template: surfactant or stabilizers. Stabilizers are 

                                                
7 A sodium citrate solution is brought to the boil and an AgNO3 is slowly added. 
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compounds that are capable of adsorbing onto the specific faces of nanoparticles 

blocking their growth in a specific direction. Sodium citrate is a stabiliser commonly 

used and simultaneously acts as a reductant of the metal ion, e.g. the Lee and Meisel 

method for the fabrication of silver colloid by reduction of AgNO3 using sodium 

citrate [124]. Various other methods have been proposed for the synthesis of silver 

colloid among which, borohydride-reduced silver colloid (BRSC)8, Citrate-stabilised 

BRSC silver colloid9, EDTA silver colloid10 can be cited[116]. Poly(vinyl alcohol) 

(PVA) can also be used as a stabilizer for silver or gold colloid synthesis using H2 or 

NaBH4 as the reductant[124].  

 

 
Figure 25 SEM images of silver (a) nanobars and (b) nanorice, as well as (c) normalised 

scattering spectra of nanobars with different lengths and (d) dependences of position of 

maximum LSPR on the axial ratio for particles of both types [104, 125]. 

 

                                                
8 An AgNO3 solution is added to an ice-cold NaBH4 solution 
9 An AgClO4 solution is added to an ice-cold NaBH4 and sodium citrate solution 
10 EDTA in water is added to a NaOH solution. The mixture is then brought to boil and 

added to an AgNO3 solution. 
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Figure 25 provides examples of nanorod- and nanorice- nanoparticles and 

shows, in particular, how the shape and size of the nanoparticle influences the LSPR. 

The LSPR of spherical Ag nanoparticles tends to be centred around 400 to 440 nm 

whereas Au nanoparticles can cover a range from 500 to 600 nm. The exact LSPR 

wavelength (λmax) is very dependent on the particle size i.e. as the nanoparticles get 

smaller λmax gets shorter. For example, it was estimated [121] that the LSPR could 

undergo a shift from 395 to 435 nm when the diameter of spherical nanoparticles 

varied from 20 to 80 nm. Additionally, for large nanoparticles the LSPR absorption 

band is split due to the appearance of the quadrupole mode and non-spherical 

nanoparticles present several LSPR peaks corresponding to varying geometric 

parameters of the particles. 

 

1.3.5. Role of aggregating agents 
It was observed that the strongest SERS signals were generally obtained once 

the nano-colloids had aggregated and it was postulated that this is due to the 

formation of ‘hot spots’. These are thought to be localised at the intersection between 

two adjacent nanoparticles [126]. Furthermore, the reproducibility of the SERS 

spectra and colloid sols is still an issue in SERS analysis. [127] Aggregating agents 

can then be added to the colloid in order to aggregate the different irregular colloid 

particles providing better and potentially more reproducible enhancement factors. 

The addition of an aggregating agent is an important parameter in SERS 

analysis and needs to be carefully considered. Excessive addition of an aggregating 

agent can lead to the rapid precipitation of the colloid out of solution causing 

irreproducibility. The nature of both the colloid and the aggregating agent has an 

influence on the enhancement and reproducibility of the signal and must be balanced 

to ensure good signal quality. A variety of aggregating agents have been used; they 

are generally inorganic salts such as NaCl, MgSO4, K2SO4, NaNO3, CaCl2, and 

KNO3. Every aggregating agent/ colloid (colloid obtained from different preparation 

techniques) combinations have different characteristics in terms of reproducibility 

and enhancement of the signal. The range of analytes that can be detected by SERS 

is limited by the relative binding affinity of the analyte and of the surface species 

[116] and in some cases the signal from the surface species (citrate ions, nitrate ions, 

etc.) can be responsible for anomalous bands in the SERS signal of the sample. 
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These anomalous bands differ for each colloid/aggregating agent couple; eight 

aggregating agents coupled with citrate-reduced and hydroxylamine-reduced silver 

colloids were investigated by Yaffe [127] showing large anomalies in particular for 

K2SO4 used with citrate-reduced colloid.  

 

1.3.6. SERS activity of important constituent of cell 

culture media  
SERS can be applied to analytes that can be confined within the 

electromagnetic fields of the metal surface through physisorption, chemisorption, or 

partitioning via self-assembled monolayers (SAMs) [128, 129]. For example amino 

acids can interact with the metal surface through their COO-/COOH and NH2/NH3
+ 

ends making them ideal for analysis by SERS. The electronic properties of the 

analyte is also of importance as surface enhanced resonance Raman scattering 

(SERRS) may occur, amplifying the intensity of the totally symmetric vibrational 

modes, when the wavelength of the excitation corresponds to the electronic 

absorption band. [103] 

Detection of a wide range of biomolecules using SERS has been 

demonstrated such as amino acids [130] including for example aromatic amino acids 

(Tyr, Trp, Phe) [131-135], arginine [135], cysteine [135], glutamin and hystidine 

[136], vitamins (Py, RF, FA, nicotinamide, niacin, thiamine, ascorbic acid ) [137-

140], DNA [141], proteins[142], enzymes [126], bacteria [143-145], etc. 

It is important to note that, SERS spectra can depend strongly on the pH of 

the environment [134, 146]. This is because pH can affect the protonation state of the 

analyte and hence the number and nature of the molecule binding sites to the metal 

surface. This can affect the binding properties and orientation of the molecule on the 

surface resulting in variation of the SERS spectra. An example of the influence of pH 

on the SERS spectrum of Trp adsorbed on Ag surface is shown in Figure 26. 
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Figure 26 Evolution of SERS spectra of 5mM Trp recorded at different pH with an Ag sol. The 

bottom trace is the Raman spectrum of 5mM Trp without Ag sol.Copyright John Wiley and 

Sons. Reproduced from [134] with permission. 

 

Additionally, pH can also induce aggregation of the colloid nanoparticles and 

this was shown to be particularly true in the case of electrostabilised particles such as 

citrate or NaBH4 reduced (and hence coated) silver nanoparticles [147]. 

 

1.3.7. Applications of SERS 
While SERS technology is still under development and is not yet widely used 

for industrial or routine analytical applications, potential uses have been 

demonstrated in multiple domains including detection of trace organic pollutants 

[148] and detection of illegal drugs in fish from aquaculture [149]. SERS techniques 

have also been applied to the analysis of more complex samples. For example SERS 

was combined with PCA and linear discriminant analysis (LDA) and applied to the 

analysis of biological samples such as plasma in a study aiming to discriminate 

between cancer (gastric) and normal blood plasma samples [150].  

The application of SERS in biopharmaceutical analysis has to date been 

limited. However two examples can be cited where SERS was used to detect 

melamine (2,4,6-triamino-1,3,5-triazine) in raw materials (urea, sucrose, arginine, 

histidine and a cell culture medium) used for the production of protein therapeutics in 

biopharmaceutical manufacturing. In this case a simple linear regression (between a 
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specific peak and the melamine concentration) was used. [151] SERS has also been 

used for screening of yeastolate (autolysis of yeast used as a raw material in the 

biopharmaceutical industry). In this case SERS was combined with chemometrics 

(i.e. ROBPCA) to achieve discrimination between different yeastolate sources and 

record degradation under low and room temperature conditions. [45]  

Additionally, some applications of in-situ SERS analysis have also been 

reported; for example the detection of polycyclic aromatic hydrocarbons in water 

[152] where Xerogel films with thermally reduced silver nitrate salts were used as 

SERS substrate [153].  
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 Chemometrics 1.4.

Chemometrics can be defined as ‘The art of extracting chemically relevant 

information from data produced in chemical experiments (…) Chemometrics, like 

other ‘metrics’, is heavily dependent on the use of different kinds of mathematical 

models (…). This task demands knowledge of statistics, numerical analysis, 

operation analysis, etc., and in all, applied mathematics.’[154]  

 

1.4.1. Why use multivariate data? 
The rapid development and adoption of analytical methods which generate 

multivariate data outputs has driven the chemometrics research area. Analytical 

methods such as spectroscopic (UV, IR, fluorescence, Raman, NMR…) and 

chromatographic (HPLC, LC, GC…) techniques or even a combination of these (e.g. 

LC-MS) generate data over a range of variables such as time, wavelengths, or 

wavenumber that are more informative when analysed using chemometrics. 

The observation of several variables simultaneously leads to more 

information than when looking at them individually. When the variables are 

considered independently, the correlation between variables cannot be taken into 

account. In contrast, the use of multivariate methods allows for the observation of 

variables simultaneously and the information given by the correlation between 

variables can be used in complement to the correlation between the variables and the 

observed quantity (pH, biological activity, concentration etc.). [155] This leads to 

several advantages which include: noise reduction, handling of interferents, outliers 

selection and exploratory aspects. The consideration of several measurements to 

describe the same chemical or physical phenomenon permits the detection of the part 

of the signal that is due to noise. In the same way, as long as calibration models are 

built with known amounts of the targeted products, the presence of signal due to 

interferents can be detected and handled. Finally, a multivariate model provides 

several types of outputs such as loadings, scores and residuals. Each of these can be 

interpreted and can provide a multitude of information on the quality of a sample 

(scores, residual), influence of specific variables (hotelling) or behaviour of specific 

samples (scores). [156] 
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1.4.2. Chemometrics methods: overview 
For the analysis of complex systems via spectroscopic methods one has a 

wide variety of potential chemometric methods available. The type of method to be 

employed depends first on the aim of the analysis: quantification or 

classification/variance analysis. For the quantification problem, the main questions to 

be asked are then generally: (1) how many analytes need to be quantified 

simultaneously? (2) Is there a possibility of the presence of interferents that need to 

be accounted for? (3) Is reference data (e.g. concentration or other useful parameters) 

available? [157]  

Chemometric methods can be classified in two sub-groups: supervised and 

unsupervised methods. Supervised methods are used where information about the 

samples from a training set (e.g. concentration) is available. They are generally 

regression methods capable of establishing a relationship between the data collected 

and a parameter that one wants ultimately be able to determine. These include among 

the most used: partial least square (PLS)[158] and directly derived from it N-way 

partial least square (NPLS)[159], principal component regression (PCR)[160], 

multiple linear regression (MLR) and artificial neural network (ANN)[161]. 

Supervised methods can also be used for classification purposes with tools such as 

the soft independent modelling of class analogies (PCA - SIMCA) method [47] or 

PARAFAC-SIMCA [88] and NPLS-DA [33].  

Unsupervised methods are used when little information is known about the 

samples. They are able to decompose the experimental measurement from each 

sample into individual components providing qualitative (e.g. spectral profile of 

individual component) and quantitative (e.g. relative intensity) information about the 

samples. These methods include PCA, the PARAFAC family (PARAFAC[162, 163], 

PARAFAC2[164, 165], PARALIND, etc.), the tucker family and techniques such as 

GRAAM[47, 166] or MCR-ALS [167]. The principles and applications of the 

method used in this research are described in chapter 3.  
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2.  Objectives 
 

Advances in the domain of monitoring and control of bioprocesses for the 

manufacturing of biopharmaceuticals are much needed. In particular, because of their 

complexity and variability, the monitoring of raw materials such as cell culture 

media is of major importance.  

In the Nanoscale Biophotonics Laboratory at NUI, Galway there has been 

extensive work done on the use of EEM, Raman, and SERS for biopharmaceutical 

applications. EEM was first used to analyse the variance in raw materials (e.g. 

yeastolate) and cell culture media (e.g. eRDF) [98], and secondly this variance was 

correlated with process parameters such as product yield [33]. In a similar manner, 

conventional Raman and SERS methods were also used and proved to be suitable for 

variance and quality monitoring [45, 47]. However, prior to this thesis neither the 

possibility of using EEM for quantitative work, nor the use of EEM or SERS for 

monitoring media degradation was assessed. 

This thesis aims to expand on the work already undertaken in the domain of 

cell culture media monitoring with the development of rapid and inexpensive 

quantitative methods for the determination of fluorescent amino acids (Trp, Tyr) and 

vitamins (pyridoxine, folic acid and riboflavin) in cell culture media. This was 

undertaken on the media in its prepared state (as used in the bioprocess). A standard 

addition approach was adopted and coupled (through the use of mSA) to NPLS 

modelling. As part of this study, an interpretation of the characteristics of the 

fluorescence observed will be detailed based on the use of PARAFAC and 

PARAFAC2 modelling of the EEM data.  

Since it was known that media degradation caused by light exposure was 

detrimental to cell viability [34], the potential of EEM and SERS for the analysis of 

media photo-degradation was also investigated.  
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3.  Chemometric methods: principles, 
implementation and applications 

 

In this section the definition and principles of the chemometrics techniques 

used throughout this body of work will be described. Firstly the nomenclature and 

nature of the different data used will be defined. Secondly PCA, PLS and their multi-

way derivatives (NPLS) as well as PARAFAC will be described. Finally, this section 

also includes a description of the different standard addition approaches that may be 

used in combination with NPLS to achieve quantitative determination of specific 

analytes in complex mixtures. 

 

 Data 3.1.

Chemical or spectroscopic data can come in different forms and the 

dimensionality of the data is one of the characteristics that must be considered before 

analysis. The dimensionality of the data can be described in terms of ‘order’ or 

‘way’.  

The simplest data can consist of only one number, a scalar, such as the 

absorbance of a sample collected at a single wavelength. In this case it is said that the 

experimental measurement is a zeroth-order tensor. The data obtained by collecting 

the response of a series of samples are organised into a dataset. In the case of zeroth-

order tensor samples the corresponding dataset will be a one-way set as shown in 

Table 2. Along the same principle, first, second and third or more order tensors 

respectively lead to two, three, four or more-way datasets.  

Each mode (direction) in a tensor obtained from the experimental 

measurement for one sample corresponds to a variable mode which can be 

wavelength, wavenumber, time, etc. The corresponding dataset is then built by 

stacking all the tensors for all the samples together and the direction in which this 

stacking is performed is the object mode shown in red in Table 2.  
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Table 2 Distinction between data order, data way, mode.[168] (Red arrows represent the object 

‘way’) 

Single sample data Sample data set Example 

 
 

 
Zeroth-order tensor 

 

 
One-way set 

 

Single wavelength 
absorbance 

 

 
 

First-order tensor 
 

 

 
Two-way set 

Raman, IR, UV-Vis 
spectra  

(Figure 28) 
 

 
 

 
Second-order tensor 

 

 
Three-way set 

EEM landscape 
(Figure 27) 

 

 

 
Third-order tensor 

 
Four-way set 

Kinetic-EEM 
[169] 

 

 

3.1.1. EEM data array 
An EEM data set is a three-way array (I × J × K) consisting of I EEM 

landscapes which are themselves J × K sized matrices. I is then the number of EEM 

collected or number of samples; this corresponds to the sample/object mode of the 3-

way array. The 2nd and 3rd modes are the excitation and emission modes respectively. 
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The excitation mode comprises of J variables corresponding to J excitation 

wavelengths and the 3rd mode comprises of K variables corresponding to K emission 

wavelengths (Figure 27). Each point of the ‘box’, xijk, is then the value of the 

fluorescence intensity of the ith sample at a specific excitation/emission pair (λj/ λk).  

 

 
Figure 27 Graphical depiction of a typical EEM data set 

 

3.1.2. Raman/SERS data array 
A Raman data set is a two-way array (I×J) constituted of I Raman spectra 

which are 1×J sized vectors containing the value of the Raman scattering intensity of 

the sample over a range of J wavenumbers (Figure 28). Here, each data point of the 

matrix, xij, is the value of the Raman intensity of the ith sample at the jth wavenumber. 

 

 
Figure 28 Graphical depiction of a typical Raman dataset 

 

3.1.3. Notations 
Throughout this document, 3-way elements (3-way array/3-way set/ 3rd order 

tensor) will be represented by upper case bold letters, e.g. X. This will be the case for 

datasets comprising of a series of EEMs stacked one on top of the other. Matrices 
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will be represented by upper case letters, e.g. X. Datasets comprising Raman data 

stacked one on top of the other and matrices formed by the concentrations of several 

analytes in several samples are two examples of such matrices. Vectors (e.g. 

concentrations for a single analyte) will be represented in bold lower case letters, e.g. 

x. Finally scalars such as single concentration will be represented by italic lower case 

letter, e.g. x. 

Additionally, ⊗ will refer to the outer product, IR to the (R×R) identity 

matrix and 1R to a (R×1) vector of ones.  

 

 Pre-processing of spectral data 3.2.

In many cases the raw data in the dataset used for chemometric modelling 

may not be ideal; for example the data may be noisy or the intensity may vary 

because of measurement error or there may be an underlying baseline signal, etc. 

Thus, there is sometimes a need to pre-process the data in order to facilitate the 

recovery of useful information and correlations from the data.  

 

Normalisation is typically used to eliminate instrument error causing random 

fluctuations in the overall intensity of a spectroscopic measurement for example. 

Different normalisation techniques can be used, however, unless indicated otherwise 

a 2-norm method will be used in this work. In a 2-norm method, the sum of the 

squared value of the data across all variables is set to one for each sample. This is 

done by dividing all the data points in each sample by the same coefficient (푤 )  

defined in Equation 4 [170].  In this work, normalisation was only used on two way 

data. 

 

푤 = 	 푥  Equation 4 

 

Baseline correction is often used in spectral data when the signal in some 

variable is only due to the background (e.g. fluorescence, scattering…). The 

Weighted Least Squares (WLS) baseline algorithm is capable of determining 

automatically which points are most likely due to baseline alone and thus allows for 
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the elimination of baseline without leading to the excessive presence of negative 

peaks. This is done by alternatively fitting a baseline to each sample and determining 

which points of the signal are above and below the fitted baseline. The points below 

are then considered as more significant for the baseline and the fitting is re-iterated 

taking this into account. 

 

Derivatives are another way to deal with baseline issues as they can be used 

to remove mild baseline effects. They can be seen as high-pass filters. Derivatives 

should only be used when variables are strongly correlated to each other, in other 

words when adjacent variables contain similar information (e.g. spectroscopic data, 

especially low resolution spectra).  

The first derivative removes (by subtraction) the part of the signal that is 

common to two consecutive points,  푥 = 푥 − 푥 . Because derivatives enhance 

the influence of the high-frequency part of the data (which is often due to noise) the 

Savitzky-Golay (SavGol) algorithm is used; this involves smoothing the data as it 

takes the derivative. The smoothing of the data involves the selection of a window 

size (filter width) and polynomial order. The higher these are the more pronounced 

the smoothing will be. The SavGol algorithm for smoothing essentially fits 

individual polynomials to the selected window around each data point in the 

spectrum. These polynomials are then used to smooth the data and this is done 

separately on each row. Typically the size of the window selected should be of the 

same magnitude or less than the width of a typical non-noise feature in the spectra. 

[171]  

 

3.2.1. EEM data pre-processing 
Centering and scaling were the only two types of pre-processing used prior to 

EEM data analysis. The implementation of centering and scaling extensively changes 

the spectral aspect of the data, making interpretation very challenging.  

  

3.2.1.1. Principles 
The most common pre-processing methods applied when (N)PLS is 

implemented, are centering and scaling. Centering across the sample mode allows for 

the elimination of offsets. During centering the averages are subtracted from the 
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columns of an array. [172] Scaling within variable modes can also be used. 

Appropriate scaling allows for the model to focus on more significant variables (e.g. 

specific wavelength). This is done by increasing their weight before the 

implementation of the regression. Scaling can be (1) based on prior knowledge of the 

system’s data or (more generally) (2) in the absence of a priori knowledge of the data 

generic scaling techniques can be used (e.g. variance and mean scaling). For example 

to scale data to the unit variance, each variable is divided by its standard deviation. 

[158] The combination of centering across the object/sample mode and scaling 

within the variable mode is called auto-scaling and is very commonly applied to 

concentration matrices.  

 

3.2.1.2. Implementation of centering and scaling 
Mathematically, centering X (I×J×K) across the first mode, for example, is 

performed using: 

 
풁(푰×푱푲) = 푷 푿(푰×푱푲) Equation 5 

 

Where Z (I×JK) is the unfolded transformed matrix and where P┴ is given by 

푃 = 푰 − (ퟏퟏ /퐼). This is best represented in Figure 29. If two-way data are dealt 

with, the same principle is applied but X (I×J) is used instead of X (I×JK). Centering 

across the other modes is performed in a similar way by rotating the dimensions. 

 

 
Figure 29 Centering across the first mode. Copyright John Wiley and Sons. Reproduced from 

[172] with permission. 

 

Scaling X (I×J×K) within the first mode is done by the mean of a diagonal 

weight matrix W (I×I) as follows: 

푍( × ) = 푊푋( × ) Equation 6 
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Where the elements of the diagonal of W are the multiplicative factors to apply to 

each variable in the first mode. This equation is illustrated in Figure 30. As 

previously, if two-way data are dealt with the same principle can be applied but X 

(I×J) is used instead of X (I×JK). 

 

 
Figure 30 Scaling within the first mode 

 

Scaling within more than one mode is not always possible. More generally, 

all combinations of pre-processing on the same set of data are not always suitable for 

use. This is particularly true in the case of 3-way data where incorrect centering or 

scaling can introduce artificial variations (increasing noise effects for example).  In 

practice, centering after scaling can destroy the properties given to the data by the 

original scaling. Scaling first and centering as a second step is then used and it was 

shown that scaling disturbs centering across the same mode [172]. In this work 

centering across the sample mode and scaling within the excitation and emission 

modes will only be considered for three-way data.  

 

 Principal component analysis (PCA) and 3.3.

unfolded-PCA (UPCA) 

PCA is most often used to assess the quality of samples in a dataset by 

enabling one to assess the quality and variance of complex spectral data. This in turn 

allows one to identify abnormal samples (i.e. outliers), check for measurement errors, 

discriminate between measurement and sample variance, etc. In the real world this 

can be used for the automatic screening of raw materials by spectroscopic methods 
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for example [33]. In this case two parameters are generally assessed: the Q residual 

(the part of the data that is not explained by the model) and Hotelling T2 distribution 

(which represents how a new measurement fits the normal operating condition). 

When the hoteling T2 is high it means that the sample is considered as moving out of 

normal conditions (Figure 31) within the model [170, 172].   

 
Figure 31 Graphical representation of Principal Component Analysis. Reproduced from [170] 

 

PCA can sometimes be used coupled with the soft independent modelling of 

class analogy method (SIMCA, [47]), as the main chemometric technique for the 

assessment of sample quality [47, 98] or be performed in preparation for another 

main multivariate analysis such as regression. The outliers that were detected by the 

PCA models are removed and excluded before further analysis. PCA can also be 

used as noise reduction by fitting the data with a PCA model and removing the 

residual from the original matrices to build a new data matrix with reduced noise 

[155, 173, 174]. 

 

3.3.1. Principles of PCA 
Principal component analysis (PCA) is a chemometric method used to 

analyse complex data [155]. The data are decomposed into principal components 

(PCs) which are orthogonal basis vectors (eigenvectors). The maximum variance in 

the data is captured by each subsequent component modelling the statistically 

significant variation (the structural part) in the data.  
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PCA can be implemented in different ways [172] but they are all 

mathematically based on singular value decompositions (SVD)11. New variables 

(linear combinations of the original variables) are generated. The orthogonal 

projections of the data on these new variables lead to the scores and they are chosen 

so that the distributions of the scores have the highest possible variance. In other 

words, the first PC corresponds to the direction in which the orthogonal projection of 

the observations (scores) has the largest variance, the second PC is orthogonal to the 

first one and corresponds to the second largest variance and so on. [155] When PCA 

is implemented, the emphasis is thus put on the variance of the PCs [172].  

 

3.3.2. Implementation of PCA 
In practice [172], the selection of the new variables can be formalised as 

follows. If X (J×I) contains J variable measurements performed on I samples, one 

can consider the vector 풕ퟏ = 푋풘ퟏ where t1 (I×1) is a vector containing the scores 

and w1 (J×1) contains the weights for the linear combination defining the new 

variable. Then, w1 is selected to maximize the variance of t1. Because, X, and hence 

t1, are considered to be centred, this corresponds to maximizing t1’t1 or	풘ퟏ′푋	′푋풘ퟏ. 

The solution of this problem is 풘ퟏ = 풗ퟏ where v1 is the first right singular vector of 

X. Then, 풕ퟏ = 푋풗ퟏ = 푠 풖ퟏwhere s1 is the first singular value and u1 is the first left 

singular vector.  

The next step is then to look for the second component, orthogonal to the first 

one (풘ퟏ풘ퟐ = 0). The second component is found as 풘ퟐ = 풗ퟐ and 풕ퟐ = 푠 풖ퟐ where 

v2, u2, and s2 are respectively the right and left second singular vectors and second 

singular value. The same procedure is repeated for the third, fourth and so on 

components. 

For a rank R matrix X, the PCA model can be noted 푋 = 푈 푆 푉′  where UR 

(I×R) contains the R first left singular vectors and UR’ UR = I, VR (J×R) contains the 

R first right singular vectors and VR’ VR = I. SR (R×R) is a diagonal matrix 

containing the R first singular values. The scores and loadings are often noted as T = 

                                                
11 SVD: For a matrix X(I×J) where J ≤ I, the SVD of X is X = USV’ where, U(I×J), S(J×J), 

V(J×J) , U’U = UU’= I, V’V = VV’ = I and S is diagonal containing the singular values in decreasing 
order. This can also be written, (1) U’X = SV’ and (2) XV = US.  
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URSR and P = VR. If xij is an element of X, then the PCA model of X can be 

described as: 

 

푋 = 푇푃′  or 	푥 = 	 ∑ 푡 푝 . 

 

The method described above is applicable to two-way data. When dealing 

with three-way data, UPCA can be used (as utilised in this body of work). UPCA is 

essentially the application of PCA to a two-way array data-set that has been 

generated by unfolding of the original 3-way dataset (e.g. EEM spectra, Figure 32). 

To unfold a three-way array X (I, J, K), the two-way instrumental response given by 

each sample is unfolded to form a vector xuk. In the case of EEM data, this is done by 

concatenating the vectors of the excitation spectra at all the emission wavelengths 

(Figure 32).  This is done for each sample. 

 

 
Figure 32 Unfolding 3-way EEM array schematic 

 

Other variations of PCA such as ROBPCA[175] exist but were not used in 

this work and hence will not be described in more detail. 

 

 Parallel factor analysis (PARAFAC) 3.4.

Another way to qualitatively analyse 3-way data is to use PARAFAC which 

provides a method to interpret variation in a dataset by resolving every component 

that varies independently across the samples. In fluorescence spectroscopy these 

component can sometimes be directly compared to chemical compounds 

(fluorophores) and are characterised by: (1) unique excitation and emission profiles, 

(2) their relative intensity in each sample. This is better illustrated in Figure 33. 
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Figure 33 Illustration of the PARAFAC decomposition of a virtual EEM in three individual 

components. Extracted from a video produced for The Chemometrics Group at Food 

Technology – KVL and available from [176] 

 

3.4.1. Principles of PARAFAC 
PARAFAC is a generalisation of PCA to higher dimension arrays [162, 163]. 

It decomposes a three-way array into a linear combination of rank one tensors (ar, br, 

cr) or outer product of vectors (Equation 7and Figure 34). Equation 7 and Equation 8 

give two alternative notations of the PARAFAC decomposition. In Equation 9, Dk is 

a diagonal matrix where the elements constituting the diagonal are the elements of 

the vector ck. A, B, and C are the matrices containing the R vectors ar, br, and cr.  

PARAFAC can only be applied to data that are trilinear or obey Cattell’s 

principle[86] which says that “ If the same factors are present in two samples under 

different conditions, then each factor in the first sample is expected to have the same 

pattern in the second sample but these patterns will be scaled depending on the 

conditions.” In the case of simple systems (absence of matrix effects), 

multidimensional fluorescence data can be a good candidate for PARAFAC as the 

shape of the emission and excitation spectra are retained throughout a range of 

emission and excitation wavelengths respectively; and the only response to a 

variation of the fluorophore concentration is an increase in intensity which can also 

be seen as a scaling of the constant excitation/emission pattern discussed above. Thus 

for low absorbance media (<0.05 [48]) fluorescence data obey Cattell’s principle and 

PARAFAC can be used and lead to interpretable results. 
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Figure 34 PARAFAC decomposition model for 2 components. 

 

푿 = 풂⊗ 풃	⨂	풄	
푹

풓 ퟏ

	 
Equation 7 

푥 = 푎 × 푏 × 푐
푹

풓 ퟏ

 
Equation 8 

푋 = 퐴퐷 퐵  Equation 9 

  

The main characteristic of PARAFAC is the uniqueness of the solution 

provided by the model (apart from permutation and scaling of each column). In 

particular the decomposition obtained is unique regarding rotations of the base of the 

loading vectors, unlike the case for PCA models [163]. This characteristic is very 

interesting in spectroscopy as it allows for a direct comparison of the loadings 

obtained to the spectra collected from pure analyte solutions making the 

interpretation of the loadings much more valuable. PARAFAC is a widely used 

technique for qualitative analysis but can also be used for quantitative problems [162, 

177] (as the scores in the absence of quenching are directly related to the 

fluorophores concentration). Its application is widespread in water analysis [88, 178, 

179]. 

 

3.4.2. Implementation of PARAFAC 
In practice, A, B, and C (matrices containing the R vectors ar, br, and 

cr for each factor)12, are found by minimizing the sum of squares of the 

residuals, eijk in Equation 10. 

풙풊풋풌 = ∑ 풂풊풓 × 풃풋풓 × 풄풌풓푹
풓 ퟏ + 풆풊풋풌  Equation 10 

 
                                                
12 A (I×R), B (J×R) and C (K×R). 
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An alternative least square (ALS) algorithm is used to build the model 

[163]. It can be written as a 5 steps process.  

0- Select the number of factors R 

1- Initialize B, and C 

2- Estimate A from X, B, and C by least square regression 

3- Estimate B likewise from X, A, and C 

4- Estimate C likewise from X, A, and B. 

5- Continue from 2 until convergence criterion is reached. 

Mathematically, steps 2, 3 and 4 are performed as follows.  If Z (R × JK) 13 is 

the matrix such that the rows of Z are defined by14	푍 = 풃풓 ⊗ 풄풓, and X (I × JK) 15 

is the matrix obtained by unfolding X, then the model becomes 푋 = 퐴푍	 and the least 

square condition is given by16	퐴 = 푋푍 (푍푍 ) . The initial values for B and C can 

be selected in different ways. For example, they can be randomly selected, or 

generated via singular value decomposition, or sometimes on the best fit from 10 

small runs can be used. The same techniques are used to build PARAFAC2 models.  

It is important to select appropriate initial values as this will not only affect 

the speed of the modelling process but also an unfortunate choice can lead to the 

model finding local minima and retrieve a biased output. For complicated models, 

where the interpretation of the results is not obvious, the reliability of the model can 

be validated using a split half method where the dataset is randomly separated into 

two different datasets and PARAFAC is run separately on the two halves. If the 

results of the two runs are consistent, then the model can be trusted. The stability of 

the model can also be assessed using the jack-knife method [180]. However, all these 

are purely mathematical, and overall the best way to fully validate a PARAFAC 

model is to check its chemical relevance: i.e. if the components are obviously 

meaningful from a chemical point of view then the model can be trusted. Ultimately 

a combination of both mathematical chemical or spectroscopic validation is ideal.  

 

  

                                                
13 Z (R × IK) for step 3 and  Z (R× IJ) for step 4 
14 	푍 = 풄풓⊗풂풓 for step 3 and	푍 = 풂풓 ⊗풃풓 
15 X (J × IK) for step 3 and X (K × IJ) for step 4. 
16 퐵 = 푋푍 (푍푍 )  for step 3, and 퐶 = 푋푍 (푍푍 )  for step 4. 
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3.4.3. PARAFAC2 
Sometimes PARAFAC can be too restrictive, in that it employs the same 

loading matrix A for all the samples which is not always a reasonable assumption. 

This is the case, for example, in chromatography when elution profiles are shifted 

across the time dimension [181]. Instead of using PARAFAC as described in 

Equation 9, PARAFAC2 proposes to use PARAFAC in an adjusted way as described 

by Equation 11. In this case, instead of having a unique matrix A containing the rank 

one tensors ar common for all samples as in PARAFAC, a matrix Ak is defined for 

each sample independently17.  However, in order to retain the property of solution 

uniqueness as in PARAFAC, some invariance on the loadings has to be imposed. 

The cross-product Ak
TAk must be constant over k.[165] 

 

푿풌 = 푨풌푫풌푩푻  18Equation 11 

 

Imposing that Ak
TAk must be constant over k is equivalent to considering an 

intermediate model where each loading is modelled as:  

퐴 = 푃 퐴																푘 = 1,2, … ,퐾 

Where, Pk (I×R) is an orthonormal matrix (i.e. 푃 푃 = 퐼 ) determining the 

specific manifestation of the profiles in the I-dimensional space for the kth 

experiment, and A (R×R) is the common feature of the profiles in an R-dimensional 

subspace. Then, PARAFAC2 lies in between the two extremes: from all Ak = A 

(PARAFAC case), to completely unconstrained Fk. The latter case would mean that 

no relation at all would be assumed between equivalent profiles in different samples, 

leading to uncertainty in the estimates.  

If Ak
TAk is not exactly constant over k (which will be the case most often in 

practice) PARAFAC2 will still give unique estimates of the solution; however, the 

data will not be fitted perfectly. In such a case PARAFAC2 can still be a reasonable 

model. The interpretability and sensibility of the parameters obtained vis-a-vis the a 

priori chemical or physical knowledge of the phenomenon observed will be a good 

way to determine if the use of PARAFAC2 is appropriate or not. [164] The algorithm 
                                                
17  k is the index of the kth sample. The combination of all Ak matrix gives a 3-way array A. 
18 Dk is a diagonal matrix where the elements constituting the diagonal are the elements of 

the vector ck. A, B, and C represent the matrices containing the R vectors ar,br,and cr (Figure 34).  
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developed by Kiers et al. to compute PARAFAC2 fitting, as for the conventional 

PARAFAC, allows for constraints on the parameter matrices and can handle missing 

data, as well as generalisation to sets of three- or higher-way data [164].  

 

3.4.4. The use of constraints in PARAFAC 

modelling 
When certain properties of the samples and/or measurement data are known, 

they can be used to constrain the model. This can sometimes help with the 

interpretation of and stability of the model [163]. Several types of constraint can be 

applied and must be selected before beginning the modelling process.  

The use of constraints in PARAFAC modelling can have a large effect on the 

nature of the solution generated. Thus, the use of appropriate constraints needs to be 

informed by chemical knowledge and they should be applied with caution as to not 

hinder the observation of important phenomena. It should be noted that the solution 

of a PARAFAC model under constraints will still be mathematically unique but 

specific and relative to the constraints used. Andersen et al. gives a detailed 

discussion on the application of constraints to PARAFAC models of fluorescence 

data [162] . 

The most widely used constraint, in particular when dealing with 

spectroscopic data, is the non-negativity constraint as for example emission and 

concentrations cannot be negative. This constraint can be applied to the loadings 

and/or scores and require [182]  that the loadings (or scores) of the factor selected be 

positive. It can allow for a better interpretability or realism of the model. In the same 

line of thought, a uni-modality constraint can also be used on the emission mode of 

fluorescence data for example if one knows that the fluorophore in question only has 

a single emission band that is relatively insensitive to small changes in its 

environment.  

More mathematical constraints are also available such as an orthogonality 

constraint [183] which requires the factors from one or several modes to be 

orthogonal. A zero-correlation constraint can also be used as a softer alternative to 

the orthogonality constraint [184]. However, orthogonality or zero-correlation 

constraints are not widely used as it makes the interpretation of the loading difficult. 

Thus, it will not be described here in more detail. More specific constraints can be 
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applied such as setting an interrelationship between loadings or fixing specific values 

to selected loadings [163].  

 

3.4.5. Applications of PARAFAC(2) 
PARAFAC and PARAFAC2 have been widely used in the past fifteen to 

twenty years in various domains, e.g. environmental [169, 185, 186], medical [187], 

food stuff [188, 189] etc. and have been applied to various data types (mainly 

chromatographic and spectroscopic) for qualitative and, less frequently, quantitative 

analysis [187, 190]. The use of methods from the PARAFAC family is very popular 

as these models can handle the presence of interfering effects in the samples. For 

example PARAFAC was used for the quantitative determination of benzatone 

(herbicide) in water in the presence of interfering agrochemical compounds [191].  

This is of great advantage for the analysis of complex mixtures such as biological or 

environmental samples where interferents may be present with or without the 

knowledge of the analyst. 

 

 Partial lest square (PLS) and N-way PLS 3.5.

(NPLS)  

The final step of many chemometric analyses is the generation of a 

correlation (or quantitative) model where one can relate spectral variance for instance 

to a specific variable of interest (e.g. concentration). In this research Partial Least 

Square (PLS), and its derivative for higher order data, N-way Partial Least Square 

(NPLS), were utilised for this purpose. In contrast to PCA and PARAFAC, PLS and 

NPLS are supervised methods. This means that their implementation is based on 

prior knowledge of certain parameters of the problem (e.g. concentrations in a 

training set of samples).  During the calibration step empirical data (e.g. the spectral 

data: X/X) and the prior knowledge (e.g. concentrations: y/Y) are used to build a 

model able to predict an unknown property (Y) from available measurements (X), 

via a mathematical transfer function [172].  

PLS is one of the methods available to answer the regression problem: 

modelling several dependent variables, response, Y, by means of a set of predictor 
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variables, X. Other methods are available such as PCR (Principal Component 

Regression) or MLR (Multi-Linear Regression) [158]. PLS makes a compromise 

between finding factors that capture the greatest variance in X (modelling X and Y) 

and finding factors that best correlates with the predictor [158] (X) to the dependent 

variables (Y). This approach generally leads to more informative results than with 

traditional regression approaches. PLS also has the advantage of being able to deal 

with ill-conditioned19 X-data. It can deal with noisy, correlated (collinear), and 

incomplete data tolerating a moderate amount of missing data [158].  

 

3.5.1. Principles of (N)PLS regression 
The principle of a PLS regression is to approximate X by a few (R), specific 

components and to regress Y on those R components. [172] These new components 

are new variables (X-scores, tR) referred to as latent variables (LVs). They are 

estimated as a linear combination of the original variables (xj) with the coefficient or 

weights wjr.  In practice, LV’s are good indicators of which spectral variables are 

responsible for the majority of the X/Y correlation. Thus the interpretation of the 

LVs can sometimes be used to extract chemical information about the system. 
Equation 12 gives the relationship between the X-scores matrix T (I×R) and X 

(I×J). To achieve this, PLS models X and Y (I×K) using a common scores matrix (or 

component), T according to Equation 13 and Equation 14. Here, I is the number of 

objects or samples, J is the number of X variables, and K is the number of Y-

variables or predicted properties/ activities. 

 
푻 = 푿푾 Equation 12 

푿 = 푻푷푻 + 푬푿 Equation 13 

풀 = 푻푸푻 + 푬풀 Equation 14 

 

In Equation 13, P is the J×R matrix of X-loadings and EX is the matrix of X-

residuals. In Equation 14, Q is the K×R matrix of Y-loadings and EY is the matrix of 

Y-residuals. The identity of each participant in these equations can be better 

illustrated in Figure 35. 

                                                
19 A matrix (F) is ill-conditioned when small changes in the matrix coefficients lead with 

large changes in the answer (x) when solving Fx = c, where c is a vector of constants. 
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Figure 35 Matrices involved in the resolution of the PLS problem. For example X may be the 

spectral data and Y the concentration data. 

 

3.5.2. Implementation of PLS models 
In practice, the different factors are determined by maximizing the covariance 

between T and y. In the case of K =1 this corresponds to  

퐦퐚퐱	풘[풄풐풗(풕,풚)|푿풘 = 풕	풂풏풅	‖풘‖ = ퟏ] Equation 15 

Equation 15 can be rewritten as  

퐦퐚퐱	풘[풚푻풕|푿풘 = 풕	풂풏풅	‖풘‖ = ퟏ] Equation 16 

Which also gives 

퐦퐚퐱	풘[풚푻푿풘	|	‖풘‖ = ퟏ] Equation 17 

Now, if z = XTy, Equation 17 is equivalent to  

퐦퐚퐱	풘[풛푻풘	|	‖풘‖ = ퟏ] Equation 18 

Finally, this expression is maximized if and only if 

풘 = 	
풛
‖풛‖ = 	

푿푻풚
‖푿푻풚‖ 

Equation 19 

 

In the case when K > 1, an iterative process is used. A column of Y, yk, is 

taken as an initial estimate of u1, 1st column of the score matrix of Y, U (I×R) (Note 

푌 = 푈푄 + 퐹 ). The first component is then determined by	푤 = 	 풖ퟏ
풖ퟏ

. t1, u1, and 
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q1 can then be calculated20. t1 is then compared to the one found in the previous 

iteration and the process is repeated until convergence is achieved.  

To find the next component, X is deflated by using the residual data, 퐸 =

푋 − 푡 푝 . The same problem (Equation 15) is then solved on	퐸 . To summarise, 

this process could be described in 7 steps: 

0- Centre X and Y and initialize u1 to a column of Y 

1- Determine w1 from X and u1 

2- Calculate t1 

3- Calculate q1 

4- Calculate u1 

5- Repeat from 1 until convergence  

6- X = X – t1p1
T and R = R+1 

7- Repeat from 1 until Y is best described. 

 

3.5.3. N-way Partial Least Square (NPLS) 
 NPLS [159] is a multi-way version of PLS and can be applied if the x block 

is of order higher than two (e.g. EEM dataset). The method to run NPLS on a 3-way 

array is described here. It is an extension of the 2-way method described above. The 

goal here is to decompose the 3-way array X (I×J×K) into a set of triads such that an 

element xijk of X is given by: 

풙풊풋풌 = 풕풊풘풋
푱풘풌

푲 Equation 20 

Where, wJ and wK are the two weight vectors in the second and third order. 

Similarly to the bi-dimensional problem, the tri-dimensional NPLS model can now 

be resolved by finding the vectors wJ and wK that satisfy 

max 	 푐표푣(풕,풚)|푚푖푛 푥 − 푡 푤 푤 	푎푛푑	‖푤 ‖ = ‖푤 ‖ = 1  

In a similar way to the bi-dimensional model, this can be re-written as:  

max 	 푧 푤 푤 	푎푛푑	‖푤 ‖ = ‖푤 ‖ = 1  

                                                
20 풕ퟏ = 푋풘ퟏ, 풒ퟏ = 	 풕ퟏ

풕ퟏ
, and 풖ퟏ = 푌풒ퟏ. 
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Where Z is the matrix 푧 = 풙풋풌 풚	(xjk is the vector formed by the column of 

X at the jth second order variable and kth third order variable). The solution is then 

obtained by the first set of normalized vectors from a SVD on Z. The case discussed 

above assumes that y was a first-order tensor. For higher orders this can be 

generalized in a 9 step procedure [159]: 

0- Centre X and Y and let u be a column of Y 

1- Calculate the matrix Z (using u instead of y) 

2- Determine wJ and wK using SVD 

3- Calculate t 

4- Calculate q, 풒 = 풕
풕

 

5- Calculate u, 풖 = 푌풒 

6- If convergence continue, otherwise return to step 1 

7- Calculate the regression coefficients, 풃 = (푇 푇) 푇 풖 

8- 푋 = 	 푋 − 푡 푤 (푤 )  and 푌 = 푌 − 푇풃풒  

9- R = R + 1 and continue from 1 until proper description of Y. 

 

An alternative method for applying PLS to high order data like EEMs is to 

use UPLS (Unfolded Partial Least Square). It consists of unfolding the data as 

described for UPCA (section 3.3.1, Figure 32) prior to application of the regular PLS 

regression. However, using UPLS, one loses the advantage of handling multi-

dimensional data and can lead to results potentially being more affected by noise21. 

The use of UPLS also has the risk of over fitting issues (too many LVs are used). 

These two issues were demonstrated on experimental and simulated EEM data. [159]   

 

3.5.4. Applications 
PLS and NPLS are very popular regression methods; they are widely used in 

various domains and applications. Recent work includes PLS applications in 

environmental analysis [192, 193], PAT [194] and for the determination of the 

enantiomer composition of phenylalanine [195]. These few examples illustrate the 

versatility of PLS methods in terms of domain, data types (UV-Vis, NIR, 

                                                
21 When multi-dimensional data are handled more information about the correlation between 

variable is present and thus the random part of the data due to noise can be discriminated more easily. 



Chemometric methods: principles, implementation and applications 

 

- 73 - 

 

electrochemical impedance, and NMR across these four studies) and the types of 

parameters that can be retrieved: concentrations, pH [192], API content, moisture, 

particle size [194], biological activities [193] etc. 

 

3.5.5. Design of the training sample set: standard 

addition methods 
For many analytical applications it is not feasible to avail of, or generate 

calibration sample sets where only a selected number of components vary in a 

controlled manner. Cell culture media are a case in point. However, when dealing 

with such complex samples, matrix effect are a serious issue and it is necessary to be 

able to observe the target analyte within its original sample matrix. In such cases one 

has to use standard addition methods to generate the calibration samples with known 

variation in composition. These methods are based on the spiking of a typical 

(standard matrix, e.g a ‘good’ cell culture media [98]) Test sample to generate a 

series of samples with various concentrations. 

This section aims to explain the issues associated with the application of 

NPLS modelling to such standard addition problems and the modification of the 

classical standard addition (or training) sample set design in order to obtain a method 

meeting real world application requirements. 

 

3.5.5.1. Univariate standard addition 
For a better understanding of the multivariate problem the principle of the 

classical univariate approach will be initially described. In the case of a univariate 

standard addition, the observed measurement is plotted against the added analyte 

concentration (Figure 36). The analyte concentration can then be read on the x axis 

intercept of the linear fitting of the data.  
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Figure 36 Schematic illustrating the principles of univariate standard addition 

 

However, as explained previously, in the case of complex samples, the 

measurements (e.g. fluorescence intensity) are affected by the sample matrix and do 

not correlate linearly with concentration. The use of NPLS (as it is able to add LVs to 

handle small deviation to tri-linearity) combined with a standard addition experiment 

is then necessary to achieve quantification of specific components in such complex 

samples and using multi-variate data. 
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3.5.5.2. Multivariate classical standard addition 
Figure 37 shows graphically the workflow required for the application of a 

cSA method to a multivariate NPLS model. 

 

 
Figure 37 The top half of this schematic describe the calibration step and the bottom half the 

prediction step of the combination of an NPLS chemometric model to a cSA experimental 

design (NPLS-cSA). 

 

The samples spiked with varying concentration of the target analyte are used 

to build the calibration dataset which is fitted against the absolute concentration of 

analyte in the various calibration samples. If the reference (Test) sample is spiked K 

times, the standard addition samples, or spiked samples, will be referred to as 

samples 1 to K. Figure 38 illustrates how the lower end of the calibration range 

obtained is limited by the initial concentration of analyte in the Test sample: c0.. The 

calibration model produced by a cSA experiment would then only allow for the 

prediction of analyte concentration as long as this concentration is higher than c0. 
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Figure 38 Calibration ranges for a generic analyte in the case of cSA and mSA in an example 

where the Test sample is spiked K times to double the initial anlyte concentration (c0) for cSA 

and to triple c0 for mSA.22 

 

3.5.5.3. Multivariate modified standard addition 
In order to obtain a calibration range centred in the reference concentration 

(c0) a modified Standard Addition (mSA), a method proposed by Lozano in 2009 [3], 

can be used. The reference concentration would be the one the biologists require; the 

method could then be used to quantitatively monitor variations from this values. The 

mSA method involves the subtraction of the EEM matrix of a reference sample that 

will be referred to as Test sample (Figure 39-a) from all the ‘raw’ (un-subtracted) 

standard addition EEMs (Figure 39-b) used to build the calibration model. The ‘raw’ 

EEMs of any new sample are then used for prediction.  

 

 
Figure 39  Example of a) Test sample/sample0, b) 'raw' EEM and c) TSSMs corresponding to 

eRDF samples spiked with 0.11, 0.64, and 1.06 μM of RF. 

 

However, this mSA method is limited to predict concentrations in samples 

with no unexpected23 large deviation from the Test sample matrix or the method will 

                                                
22 The case illustrated is the case used in this research. 
23 Not accounted for in the training sample set. 
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fail. The use of UPCA prior to prediction as a means of detecting samples unfit for 

analysis (e.g. outliers) is considered good practice. The Test Sample Subtracted 

Matrices are designated as the TSSMs (Figure 39-c) and in practice quantitation is 

implemented by an external calibration approach. In the calibration step a NPLS 

regression is performed on the TSSMs (X) and the added analyte concentrations 

(y/Y). Predictions of unknown samples are then carried out on the ‘raw’ EEMs. A 

workflow detailing the implementation of mSA is shown in Figure 40.  

 

 
Figure 40 The top half of this schematic describe the calibration step and the bottom half the 

prediction step of the combination of an NPLS chemometric model to a mSA experimental 

design (NPLS-mSA). 

 

Using this method (and if the initial c0 concentration is tripled after K 

spiking) the calibration range varies from 0 to 2 c0 centred about c0 (Figure 38). 

Additionally, using the mSA method, a priori knowledge of the nominal 

concentration (c0) of analytes in the Test sample is not required for the calibration 

step as it is performed on the residual data (i.e. the TSSMs) which arises primarily 

from the change in fluorescence and relates to the added concentrations. 

 

3.5.6. Samples and analytes to include in the study 
When implementing NPLS, two pieces of data need to be considered: the 

measurement data, X (e.g. EEM data) and the dependant variables, y/Y (e.g. 
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concentration). Furthermore, in a complex system the concentration variation of one 

fluorophore can impact the fluorescence of several others. Thus rather than 

implementing independent analyses for each analyte it can be beneficial to 

investigate the concentration variations of several analytes simultaneously. This is 

done at two levels by (1) including several analyte concentrations in the y element of 

the model leading to a matrix (Y) where each column is composed of the 

concentrations of one analyte in each sample or (2) including samples varying in 

composition of several analytes in the x element of the model. It should be noted that 

these two actions can be carried out simultaneously or independently. By this means, 

the amount and quality of the information available for use by the model during the 

calibration set can be varied and optimised to obtain better prediction results. 

This is especially important when mSA is coupled with NPLS (mSA-NPLS) 

as NPLS does not present the second order advantage. In this case the calibration is 

performed on a ‘clean’ signal and prediction is implemented on the ‘raw’ and much 

more complex signal where emission of several fluorophores may overlap the 

excitation and emission spectra of the target analyte. This would have consequences 

on the prediction quality if all the necessary fluorophores were not taken into account 

in the calibration step. As the prediction will be influenced by the presence of known 

and unknown fluorescent interferents, the models must then be built based on an 

understanding of the photo-physical interaction present; all fluorophores known to be 

contributing to the signal observed in the EEM region analysed should be considered 

in the calibration sets. A way to do this is to introduce the EEMs or TSSMs of the 

samples subsequently spiked with all these fluorophores in the calibration datasets 

(X). 

 

 Model selection and quality evaluation 3.6.

3.6.1. Evaluation of the models – basic principles 
The root mean square errors of calibration (RMSEC), cross-validation 

(RMSECV) and prediction (RMSEP) were used to assess the quality and robustness 

of a model. Associated with these are the relative errors of calibration (REC) and 

prediction (REP). The latter are calculated relatively to the average of the expected 

y-parameters over the samples used for calibration, validation, and prediction. For 
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the purpose of mSA-NPLS the root mean square and relative error of validation 

(RMSEV and REV) were also introduced. The details of the calculation leading to 

RMSEC, RMSEV, and RMSEP are given in Table 3.  

RMSEC represents the ability of the model to predict the analyte 

concentration or other parameters (pH, Tº …) as in y/Y using the dataset X used for 

calibration. RMSEP represents the ability of the model to predict the y-parameters in 

a new independent set of samples (not used for calibration).  

 

3.6.2. Cross validation 
Cross-validation is an internal sampling method. It consists of (1) leaving out 

a part of the data, (2) building the model without these data values, (3) use the model 

to predict the data values left out, (4) calculate the residual error. When all the values 

have been left out once, the sum of all the squared predicted errors (PRESS) can be 

used to determine the appropriate number of latent variables to be used. This number 

is found when the PRESS is minimal. Other parameters similar to PRESS can also be 

utilised. Here, RMSEC, RMSECV and RMSEP were used. [172] 

To calculate RMSECV, a number of cross-validation techniques have been 

developed over the years. The most common cross validation techniques are the 

leave one out cross-validation (LOOCV), υ-fold cross validation and Monte Carlo 

cross-validation (MCCV). LOOCV is performed by estimating N calibration 

models24, where each of the calibration samples is left out one at a time in turn. For 

each calibration model built, the left out sample then acts as an independent 

validation sample. This is done until all N samples are predicted. υ-fold cross 

validation (υ-fold CV) is performed by splitting the calibration dataset into υ disjoint 

groups. A group is left out at each iteration and acts as an independent validation 

sample set. In the cases of LOOCV and υ-fold CV, the RMSECV can then be 

calculated as for RMSEP (Table 3). In MMCV, the calibration dataset is randomly 

split between two new validation and calibration sets. The calibration set is used to 

build a calibration model that will be used to predict the y-parameters in the 

validation set. This is re-iterated a large number of times and the average of the 

errors for every iteration is calculated.  

                                                
24 N is the number of samples in the calibration dataset. 
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3.6.3. Prediction errors in the mSA-NPLS case 
The RMSEV, in the case where mSA is implemented, lies between the 

principles of RMSEC and RMSEP. For validation the ‘raw’ EEMs from the 

calibration dataset are used to calculate RMSEV which represents the ability of the 

model to predict the absolute analyte concentration in the samples 1-K within the 

calibration range (as determined by the concentration range of the added analyte). It 

is neither exactly RMSEP (as the EEMs used are not collected from an independent 

set of samples), nor RMSEC (as the EEM used are the ‘raw’ EEMs and not the 

TSSMs as in the calibration step). Details of RMSEV calculation are given Table 3. 

 Note also that in the mSA case, RMSEC represents the ability of the model 

to predict the added analyte concentration using the TSSMs exactly as in the 

calibration dataset and the RMSEP for the Test samples (RMSEPT) can be calculated 

as a final model assessment step.  The REC (Relative Error of Calibration) was not 

used here as a calibration sample set, for mSA in particular, can contain a large 

number of samples only spiked with complementary analytes and thus for those 

samples the values stored in y/Y are zero. Their presence, in large quantities, weights 

down the mean of expected concentrations leading to biased REC values.  

 
Table 3 Details of the relations giving Root mean square errors (RMSE) of calibration, 

validation, and prediction and related relative errors (RE) 

 RMSE(1,2,3,4) RE(1,2) 

Calibration 푅푀푆퐸퐶 = 	
∑ (푦 − 푦 )

푁  
푅퐸퐶 = 	

푅푀푆퐸퐶
∑ 푦
푁

 

Validation 푅푀푆퐸푉 = 	
∑ (푦 − 푦)

푁  푅퐸푉 = 	
푅푀푆퐸푉
∑ 푦
푁

 

Prediction 푅푀푆퐸푃 = 	
∑ (푦 − 푦)

푁  
푅퐸푃 = 	

푅푀푆퐸푃
∑ 푦
푁

 

(1) Σc, Σv, and Σp represent the sum on the samples corresponding to the calibration, validation, 
or prediction datasets. 

(2) Nc, Nv, and Np are number of sample in the calibration, validation and prediction datasets. 
(3) ypr is the concentration (experimental) used in the calibration step after pre-processing. It will 

be the absolute concentration in the case of cSA and the added concentration in the case of 
mSA 

(4) 푦 is the concentration predicted by the model. 
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3.6.4. Selection of the number of LVs 
The number of LVs is typically much smaller than the original number of 

variables25 and is always higher or equal to the number of analytes responsible for 

the variance of the system (depending on the number of analytes targeted (see section 

3.5.6). Generally RMSEC, RMSECV and when available, RMSEP, are used to 

determine the appropriate number of latent variables. They should preferably be 

minimal and of similar magnitude. When mSA-NPLS is implemented, RMSEC, 

RMSEV and RMSEP will be used.  

 

                                                
25 e.g. 2627 for a 37×71×54 EEM dataset where the third mode is the sample mode 
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4.  Materials and Methods 
 

 Development of quantification methods 4.1.

based on EEM analysis 

In this section the sample preparation for the different experiments including 

a photo-physical analysis and development of a quantification method using cSA and 

mSA based methods, will be described first. The data collection and handling will 

then be detailed. Finally, the method for the development of chemometric models 

leading to the best prediction capabilities will be discussed. 

 

4.1.1. Materials 
NaOH (97+ %), NaHCO3 (99.7+ %), L-Tyrosine (≥ 98%), L-Tryptophan (≥ 

98%), Pyridoxine, (-)-Riboflavin and Folic acid dehydrate (97 %), L-Phenylalanine26 

and Phenol Red27, were obtained from Sigma-Aldrich and used without further 

purification. pH 7 buffer (KH2PO4/Na2HPO4) with fungicide was obtained from 

Sigma-Aldrich (Fixanal®, Riedel-deHaën®) and prepared as instructed by dilution in 

milli-Q® water (18 MΩ•cm resistivity at 25 °C) water. 

  

                                                
26 Non animal source, cell culture tested 
27 Bioreagent powder, cell culture tested 
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Table 4 eRDF (Kyokuto pharmaceuticals) formulation composition provided by the 

manufacturer for a 17.7 g/L solution. 

INORGANIC 
SALTS mg/L μM   VITAMINS mg/L μM 

NaCl 6136 104991.19   Biotin 0.1 0.41 
KCl 372.8 5000.6   Choline bitartrate 55.7 219.94 

CaCl2(anhyd.) 82.13 740.04   Folic Acid 8.8 19.94 
MgS04 (anhyd.) 52.37 435.09   myo-Inositol 140.5 779.86 

Na2HP04 
(anhyd.) 484.1 3410.12   D-Ca Pantothenate 1.24 5.2 

FeSO4-7H2O 0.22 0.79   Niacineamide 1.5 12.28 
ZnS04 -7H2O 0.23 0.8   Pyridoxine HCI 1 4.86 
CuSO4-5H2O 0.00075 0   Pyridoxal HCI 0.5 2.46 

        Riboflavin 0.2 0.53 
AMINO ACIDS mg/L μM   Thiamine HCI 1.6 4.74 

L-Alanine 6.7 75.2   Vitamin B12 0.34 0.25 
L-Arginine - HCI 581.45 3337.83        

L-Asparagine - 
H2O 94.6 630.16   OTHER mg/L μM 

L-Aspartic Acid 40 300.53   Benzylpenicillin 
Potassium 100,000U   

L-Cystein HCI- 
H2O 105.4 600.23   Glutathione 

(reduced) 0.49 1.59 

L-Glutamic Acid 39.7 269.83   Glucose (anhyd.) 3423 18999.78 
L-Glutamine 998.6 6833.17   HEPES 3570 14981.12 

Glycine 42.8 570.13   Hypoxanthine Na 1 6.28 
L-Histidine HCI- 

H2O 75.47 360.02   linoleic acid 0.02 0.07 

L-
Hydroxyproline 31.5 240.22   Lipoic Acid 0.05 0.24 

L-Isoleucine 157.4 1199.97   Para-aminobenzoic 
Acid 0.51 3.72 

L-Leucine 165.3 1260.2   Phenol Red 5 14.11 
L-Lysine. HCI 197.3 1080.21   Putrescine 2HCI 0.04 0.32 
L-Methionine 49.2 329.74   Sodium Pyruvate 110 1000 

L-Phenylalanine 74.3 449.79   Streptomycin 100 171.95 
L-Proline 55.3 480.33   Thymidine 5.7 23.53 
L-Serine 85.1 809.78      

L-Threonine 110.8 930.15   ADDITIVES mg/L μM 
L-Tryptophan 18.4 90.09   Sodium Bicarbonate 1130 13450.78 

L-Tyrosine 87 480.16  
KYOKUTO "RD-1" 

supplement 1vial  
L-Valine 109 930.43     
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eRDF powder was obtained from Kyokuto pharmaceuticals, Japan. It is a 

complex chemical mixture comprising of over 30 compounds including inorganic 

salts, amino acids, vitamins and glucose. Table 4 gives the composition of a typical 

17.7 g/L eRDF solution. These values were provided by the manufacturer and are 

based on the formulation procedure and not the analysis of the finished product. The 

water used for the preparation of all samples was milli-Q® sterilised in an autoclave 

at 121ºC for 20 min. 

 

4.1.1.1. Validation of eRDF and yeastolate composition  
To check the composition of the eRDF solid used in this thesis, samples were 

sent to the Institute Kuhlmann, analytic-Zentrum Ludwigshafen28 for confirmatory 

analysis. For comparison aliquots of Yeastolate powder which is a non-chemically 

defined medium were also sent for analysis. This material is described in more detail 

in appendix 4-1. Trp and Tyr were quantified using an amino acid analyser (SOP AS 

02) and the vitamins were quantified using LC-FLD (Schweizer LMB 1544) for 

vitamin B2, LC-MS-MS (SOP VIT 33Q) for vitamin B6, and LC-MS-MS (SOP VIT 

20Q) for the folic acid. The analysis was performed in triplicate and the results are 

presented in Table 5. These methods are accredited according to ISO 17025. 

 
Table 5 Analysis results on powder samples. Determination of Trp, Tyr, Py, FA and RF using 

amino acids analyser, LC-FLD, LC-MS-MS.29 

Analyte 
eRDF content Yeastolate content 

Formulation values 
(mg/100g) 

Mean 
(mg/100g) 

RSD1 

(%) 
Mean 
(µM) 

Mean 
(mg/100g) 

RSD1 

(%) 
Trp 104.0 96.0 2.1 83.20 776.7 17.3 
Tyr 491.5 474.0 1.3 463.04 514.3 4.0 
RF 1.13 1.14 0.9 0.54 15.6 0.6 
FA 49.7 44.7 6.7 17.91 0.14 7.1 
Py 2.8 3.0 2.0 3.17 4.87 13.3 
1) Relative standard deviation (n = 3) 

 

In Table 5 large variations between the triplicate measurements are visible. 

For example, the relative deviation between the triplicate measurements of the Trp 

and Py concentration in the case of the non-chemically defined yeastolate medium 

                                                
28 http://www.institut-kuhlmann.de/IndexEn.html 
29 The specific results for each replicate is given in appendix 4-2 
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are 17.3 and 13.3 % respectively. Overall the results obtained for eRDF are more 

reproducible with an average relative deviation between triplicate measurements of 

less than 3 % (compared to 7.5 % for the Yeastolate). The major variations obtained, 

in particular in the case of Trp (Yeastolate) was explained by the laboratory staff as 

due to the presence of a peak overlapping  with the Trp peak and interfering with the 

reading.  

Additionally, in the case of eRDF these values deviate sometimes largely 

from the expected formulation values (Table 4) with up to 35 % deviation of the Py 

concentration in a typical 17.7 g/L eRDF sample between the formulation values and 

the result from chromatographic analysis.  

 

4.1.2. Sample preparation 
All samples were prepared under sterile conditions in a laminar flow hood 

carefully wiped down with isopropanol before use. This was done as, due to their 

nature, cell culture media samples are very sensitive to the presence of micro-

organisms which can be a source of compositional change or ultimately complete 

degradation of the sample. eRDF solutions at various concentrations were used. A 

generic description of the preparation of a 17.7 g/L solution is presented below.30  

It was prepared by weighting the appropriate amount of eRDF powder along 

with the appropriate amount of NaHCO3 in order to obtain 1.13 g/L NaHCO3 in the 

final volume. The solution was then made up to the final volume by addition of 

sterilised milli-Q® water.  Once all the powder was dissolved, the medium was 

sterilised by filtration using a 0.22 μM membrane and dispensed into sterile 

containers. Different eRDF solutions were prepared by adjusting the amount of 

eRDF powder and NaHCO3 to the concentration needed or by dilution (detailed in 

the appropriate section). 

After preparation all solutions were stored at -70ºC in order to limit further 

changes in the sample composition. The samples were taken out of the freezer and 

placed in a fridge (4ºC) overnight to thaw before use. 

                                                
30 17.7 g/L was the concentration recommended by the manufacturer for application in 

hybridoma cell culture.  
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 During analysis samples were handled in a laminar flow hood using 

sterilised pipette tips. Between successive measurements they were kept in a dark 

box on the bench. Between measurements separated by more than ~ 10 min they 

were kept in the fridge. Samples were always used within 24 hours after being 

removed from the freezer. 

 

4.1.2.1. Sample preparation method for photo-physical 

analysis  
The first dataset, designated as ppR, was collected in order to understand the 

photo-physics affecting the fluorescence of eRDF media. The dataset comprised the 

EEM of eRDF solutions with concentrations varying from 3.5 to 35 g/L (Table 6). 

Ten different concentrations were used leading to a 30 sample dataset (data were 

collected in triplicate).  

 
Table 6 ppR and ppRb datasets for the study of the fluorescence response of the matrix to 

increase in overall media concentration 

Sample # ppR 
eRDF (g/L) 

1 3.5 
2 7.0 
3 10.5 
4 14.0 
5 17.5 
6 21.0 
7 24.5 
8 28.0 
9 31.5 
10 35.0 

 

100 mL of NaHCO3 stock solution was prepared by introducing 0.2235 g of 

NaHCO3 in sterile milli-Q® water. The 10 samples were then prepared in 10 mL 

aliquots (sterile milli-Q® water) using the mass of eRDF and volume of NaHCO3 

stock solution listed in Table 7. Each sample was then dispensed in 1mL aliquots in 

sterile eppendorf vials and stored at -70 ºC.31 

 

                                                
31 The final pH of solution A, E and J was recorded and was constant around 7.6 (pHA =7.62, 

pHE = 7.63, and pHJ = 7.57).  
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Table 7 Summary of the sample preparation of samples from ppR: samples A to J. 

Sample Name Mass eRDF 
(g) 

V NaHCO3 
(mL) 

eRDF concentration 
(g/L) 

1 0.0348 0.99 3.5 
2 0.0705 2.00 7.1 
3 0.1054 3.00 10.5 
4 0.1405 4.00 15.1 
5 0.1748 5.00 17.5 
6 0.2109 6.00 21.1 
7 0.2451 7.00 24.5 
8 0.2808 8.00 28.1 
9 0.3083 9.00 30.8 
10 0.3504 10.00 35.0 

 

4.1.2.2. Sample preparation method for quantitative 

analysis 
To ascertain if it is feasible to quantify several of the eRDF constituants in 

the working 17.7 g/L eRDF solution, samples sets with varying target analyte 

concentration were generated. Two types of datasets were built depending whether 

the classical standard addition (cSA) or modified standard addition (mSA) was 

carried out (see description of the methods section 3.5.5). In both cases the typical 

17.7 g/L eRDF solution (preparation p. 86) taken as reference was designated as Test 

sample. cSA calibration sample sets were then prepared by spiking the Test sample 

ten times in order to double the analyte concentration given by formulation (Table 4) 

in the Test sample. The Test sample was designated as sample 0 and the samples 

obtained by successive spiking were designated as samples 1 to 10. A series of 

samples 0 - 10 was prepared and collected for each analyte independently (Trp, Tyr, 

Py, FA and RF). mSA calibration sample sets were prepared by spiking the Test 

sample (or sample 0) ten times in order to triple the initial analyte concentration 

(defined by formulation values) in the Test sample. One exception is to be noted: For 

the Trp spiked samples, only 8 samples were made (up to 8 μL of stock solution 

added) because of signal saturation.  
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A. Trp and Tyr quantification in eRDF (17.7 g/L) 

Stock solutions of the pure fluorophores were prepared according to the 

following: 

1. An 18.04 mM Trp stock solution (Sw) was prepared by dissolving 92.1 

mg of L-Tryptophan in sterilised milli-Q®  water and made up to a final 

volume of 25 mL.   

2. A 96.0 mM Tyr stock solution (Sy) was prepared by weighting 434.8 mg 

of L-Tyrosine dissolved in about 15 mL of water and 6.25 mL of ~ 1 M 

NaOH (final pH = 11.5).   

 

First, a cSA dataset was constructed for the determination of Trp and Tyr in 

eRDF in its prepared state (working concentration, 17.7 g/L) and is referred to as 

qRcSA_aa_w. The initial concentration of Trp and Tyr were successively doubled in 

a 10 step spiking, leading to 20 samples that were analysed in triplicate to form a 60 

EEMs dataset (qRcSA_aa_w). Table 8 gives the detail of absolute and added 

concentration in each sample. The 17.7 g/L eRDF solution was prepared as described 

in section 4.1.1 The Trp and Tyr stock solutions (Sw and Sy) were then used to 

individually prepare the samples described in Table 8. The details of the preparation 

of the individual samples (volume of eRDF and stock solution added) are given in 

Table 9 (appendix 4-3). 
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Table 8 Dataset qRcSA_aa_w for the determination of Trp and Tyr, concentrations in eRDF at 

working concentration using cSA 

Trp 

 Added Trp conc.a 
 (μM) 

Total Trp conc.a 
 (μM) 

Sample 0 0.00 90.10 
Sample 1 8.95 99.05 
Sample 2 17.89 107.99 
Sample 3 26.82 116.92 
Sample 4 35.75 125.85 
Sample 5 44.66 134.76 
Sample 6 53.57 143.67 
Sample 7 62.47 152.57 
Sample 8 71.35 161.45 
Sample 9 80.23 170.33 

Sample 10 89.10 179.20 

Tyr 

 Added Tyr conc.b 
 (μM) 

Total Tyr conc.b 
 (μM) 

Sample 0 0.00 480.20 
Sample 1 47.74 527.94 
Sample 2 95.42 575.62 
Sample 3 143.07 623.27 
Sample 4 190.66 670.86 
Sample 5 238.20 718.40 
Sample 6 285.70 765.90 
Sample 7 333.15 813.35 
Sample 8 380.56 860.76 
Sample 9 427.91 908.11 

Sample 10 475.22 955.42 
a) Tyr concentration is kept constant 
b) Trp concentration is kept constant 
 

Then, a mSA dataset was constructed for the determination of Trp and Tyr in 

eRDF at a working concentration (17.7 g/L) and is referred to as qRmSA_aa_w. The 

initial concentrations of Trp and Tyr were successively tripled32 in a 10 step spiking 

leading to 18 samples that were measured in triplicate to form a 60 EEMs dataset 

(qRmSA_aa_w).  Table 9 gives the details of absolute and added concentrations in 

each sample. 

                                                
32 Trp concentration was actually not tripled because in the experimental condition used 

addition of more than 8 μL (10 μL would double the concentration) to 1mL caused the saturation of 
the PMT detector leading to biased signal profiles. This was taken into account to determine the 
validation ranges to be used. 
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Table 9 Dataset qRmSA_aa_w for the determination of Trp and Tyr, concentrations in eRDF at 

working concentration using mSA 

Trp 

 Added Trp conc. a 
 (μM) 

Total Trp conc.a 
 (μM) 

Sample 0 0 90.1 
Sample 1 17.9 108.0 
Sample 2 35.8 125.9 
Sample 3 53.7 143.8 
Sample 4 71.5 161.6 
Sample 5 89.3 179.4 
Sample 6 107.1 197.2 
Sample 7 124.8 214.9 
Sample 8 142.5 232.6 

Tyr 

 Added Tyr conc.b 
 (μM) 

Total Tyr conc.b 
 (μM) 

Sample 0 0 480.2 
Sample 1 95.4 575.6 
Sample 2 190.6 670.8 
Sample 3 285.6 765.8 
Sample 4 380.4 860.6 
Sample 5 475.1 955.3 
Sample 6 569.5 1049.7 
Sample 7 663.8 1144.0 
Sample 8 757.9 1238.1 
Sample 9 851.7 1331.9 

Sample 10 945.4 1425.6 
a) Tyr concentration is kept constant 
b) Trp concentration is kept constant 

 

The 17.7 g/L eRDF was prepared as described in section 4.1.1 and 1 mL 

aliquots of that solution were successively spiked with 1 μL of Trp or Tyr stock 

solutions (Sw and Sy) to obtain the samples described in Table 9. This was repeated 3 

times for each analyte. Note that this is the only dataset set that was built by 

successive spiking of the same 1mL aliquot of the Test sample33 . In order to avoid 

systematic errors related to the order of the sample preparation or data collection 

which could interfere with quantitative analysis34, the independent preparation of 

                                                
33 For the other dataset each sample were made individually and distributed in several 1 mL 

aliquots for replicate measurements 
34 Correlation between fluorescence response variation due to only the preparation and data 

collection order and target analyte concentration could be used by NPLS during calibration leading to 
poor prediction on independent dataset. These variations could be due to degradation of the 
sample/stock solution during analysis (~1hour), loss of sample when inverting or opening and closing 
the cuvette (10 times). 
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each sample was preferred for the preparation of all the other samples. This could 

add extra variation between triplicate measurements; however, this variation would 

be random and would be less problematic during quantitative analysis. Additionally, 

using the new preparation method all samples were put in the freezer and thawed 

only once35.  

Finally, independent prediction datasets (qRmSA_aa_wp and 

qRcSA_aa_wp) were also built including samples spiked with Trp (sample 1 to 3, 

Table 9 for mSA and 1 to 5 for cSA), samples spiked with Tyr (sample 1 to 5, Table 

9) and samples spiked with both at concentrations equivalent to the ones present in 

sample 3. Table 10 gives a summary of this dataset. 

 
Table 10 mSA and cSA prediction datasets for the determination of Trp and Tyr in eRDF 

samples at working concentration. 

Sample # Total concentration (μM) Added concentration (μM) 
Trp Tyr Trp Tyr 

0 90.1 480.2 0 0 
1 108.1 480.2 18.0 0 
2 126.1 481.2 36.0 0 
3 144.2 480.2 54.1 0 
41 162.2 482.2 72.1 0 
51 180.2 481.2 90.1 0 
6 90.1 577.4 0 97.4 
7 90.1 673.7 0 193.7 
8 90.1 769.9 0 289.9 
9 90.1 866.2 0 386.2 
10 90.1 962.4 0 482.4 
11 144.2 769.9 54.1 289.9 

1) Was not used for mSA due to the limitation of the calibration range (Table 9). 

 

B. Py, FA, and RF quantification in eRDF (17.7 g/L) 

First stock solutions of Py, FA and RF were prepared as follows: 

1. An acidic 4.87 mM pyridoxine solution (Spy) was prepared by adding 20.6 

mg of pyridoxine and 125 μL of 1M HCl to a volumetric flask. The volume 

was then made up to 25 mL with sterilized milli-Q®  water. 

                                                
35 Effects of freezing and thawing on the eRDF solution (e.g. between the three series) was 

not investigated. 
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2. A 19.94 mM folic acid stock solution (Sfa) was prepared by addition of 

0.0476 g of folic acid and 111 μL of 2.06 M NaOH to a 5 mL volumetric 

flask and then made up to the mark with sterilised milli-Q®  water.  

3. A 0.54 mM riboflavin stock solution (Srf) was prepared by addition of 0.0204 

g of riboflavin and 550 μL of 2.06 M NaOH to a 100 mL volumetric flask 

and then made up to the mark using sterilised milli-Q®  water. 

 

First, datasets were prepared for the development of quantification models 

based on cSA methods. The initial concentration of Py, FA and RF were successively 

doubled in a 10 step spiking leading to 30 samples that were collected in triplicate to 

form a 90 EEMs dataset referred to as qRcSA_vit_w (Table 11). Then, a dataset was 

prepared for the development of quantification models based on mSA methods.  The 

initial concentration of Py, FA and RF were successively tripled in a 10 step spiking 

leading to 30 samples that were measured in triplicate to form a 90 EEMs dataset 

referred to as qRmSA_vit_w (Table 12). 

In both cases the 17.7 g/L eRDF solution was prepared as described in 

section 4.1.1. The same vitamin stock solutions (Spy, Sfa, and Srf) were used to 

individually prepare the samples described in Table 11 (qRcSA_vit_w) and Table 12 

(qRmSA_vit_w). The detail of the preparation of the individual samples is given in 

Table A-2 and Table A-4 (appendix 4-3). 
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Table 11 Dataset qRcSA_vit_w for the determination of Py, FA, and RF, concentrations in 

eRDF at working concentration using the cSA method 

  Added Py conc.1 
 (μM) 

Total Py conc.1 
 (μM) 

Py 

Sample 0 0.00 3.17 
Sample 1 0.49 3.66 
Sample 2 0.97 4.14 
Sample 3 1.46 4.63 
Sample 4 1.94 5.11 
Sample 5 2.43 5.60 
Sample 6 2.91 6.08 
Sample 7 3.40 6.57 
Sample 8 3.88 7.05 
Sample 9 4.37 7.54 

Sample 10 4.85 8.02 

  Added FA conc.2 
 (μM) 

Total FA conc.2 
 (μM) 

FA 

Sample 0 0.00 17.91 
Sample 1 1.99 19.90 
Sample 2 3.98 21.89 
Sample 3 5.97 23.88 
Sample 4 7.97 25.88 
Sample 5 9.96 27.87 
Sample 6 11.95 29.86 
Sample 7 13.94 31.85 
Sample 8 0.00 33.83 
Sample 9 1.99 35.82 

Sample 10 3.98 37.81 

  Added RF conc.3 
 (μM) 

Total RF conc.3 
 (μM) 

RF 

Sample 0 0.00 0.54 
Sample 1 0.05 0.59 
Sample 2 0.11 0.65 
Sample 3 0.16 0.70 
Sample 4 0.21 0.75 
Sample 5 0.27 0.81 
Sample 6 0.32 0.86 
Sample 7 0.37 0.91 
Sample 8 0.42 0.96 
Sample 9 0.48 1.02 

Sample 10 0.53 1.07 
1) FA and RF concentrations were kept constant (17.91 and 0.54 μM) 
2) Py and RF concentrations were kept constant (3.17 and 0.54 μM) 
3) Py and FA concentrations were kept constant (17.91 and  3.17 μM) 
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Table 12 Dataset qRmSA_vit_w for the determination of Py, FA, RF, concentrations in eRDF at 

working concentration using the mSA method 

  Added Py conc.1 
 (μM) 

Total Py conc.1 
 (μM) 

Py 

Sample 0 0.00 3.17 
Sample 1 0.97 4.14 
Sample 2 1.94 5.11 
Sample 3 2.91 6.08 
Sample 4 3.88 7.05 
Sample 5 4.86 8.02 
Sample 6 5.83 8.99 
Sample 7 6.79 9.96 
Sample 8 7.76 10.93 
Sample 9 8.73 11.90 

Sample 10 9.70 12.86 

  Added FA conc.2 
 (μM) 

Total FA conc.2 
 (μM) 

FA 

Sample 0  17.91 
Sample 1 3.98 21.89 
Sample 2 7.96 25.86 
Sample 3 11.93 29.83 
Sample 4 15.91 33.80 
Sample 5 19.88 37.77 
Sample 6 23.85 41.74 
Sample 7 27.82 45.71 
Sample 8 31.79 49.67 
Sample 9 35.76 53.63 

Sample 10 39.72 17.91 

  Added RF conc.3 
 (μM) 

Total RF conc.3 
 (μM) 

RF 

Sample 0  0.54 
Sample 1 0.11 0.65 
Sample 2 0.21 0.75 
Sample 3 0.32 0.86 
Sample 4 0.42 0.96 
Sample 5 0.53 1.07 
Sample 6 0.64 1.17 
Sample 7 0.74 1.28 
Sample 8 0.85 1.39 
Sample 9 0.95 1.49 

Sample 10 1.06 1.60 
1) FA and RF concentrations were kept constant (17.91 and 0.54 μM) 
2) Py and RF concentrations were kept constant (3.17 and 0.54 μM) 
3) Py and FA concentrations were kept constant (17.91 and  3.17 μM) 
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Finally, an independent prediction dataset (Table 13) was also collected 

including samples spiked with Py (sample 1 to 5,Table 12), FA (sample 1 to 5, Table 

12) and RF (sample 1 to 5, Table 12) along with samples simultaneously spiked with 

two vitamins (concentration equivalent to the one presented for sample 3, Table 12). 

Table 13 details Py, FA and RF concentration in each sample forming the prediction 

dataset. 

 
Table 13 cSA and mSA prediction dataset for the determination of Py, FA, and RF in eRDF 

samples at working concentration. 

Sample # Total concentration (μM) Added concentration (μM) 
Py FA RF Py FA RF 

1 4.14 17.91 0.54 0.97 0 0 
2 5.11 17.90 0.54 1.94 0 0 
3 6.08 17.90 0.54 2.91 0 0 
4 7.05 17.90 0.54 3.88 0 0 
5 8.02 17.89 0.54 4.86 0 0 
6 3.17 21.89 0.54 0 3.98 0 
7 3.17 25.86 0.54 0 7.96 0 
8* 3.17 29.83 0.54 0 11.93 0 
9 3.17 33.80 0.54 0 15.91 0 
10 3.17 37.77 0.54 0 19.88 0 
11 3.17 17.91 0.65 0 0 0.11 
12 3.17 17.90 0.75 0 0 0.21 
13 3.17 17.90 0.86 0 0 0.32 
14 3.17 17.90 0.96 0 0 0.42 
15 3.17 17.89 1.07 0 0 0.53 
16 6.08 29.81 0.54 2.91 11.93 0 
17 3.17 29.81 0.86 0 11.93 0.32 
18 6.08 17.89 0.86 2.91 0 0.32 
19 6.08 29.80 0.86 2.91 11.92 0.32 

* Missing in cSA prediction dataset 
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4.1.2.3. EEM measurement reproducibility experiment 
The reproducibility of the EEM measurements was then investigated based 

on the collection of EEMs from multiple eRDF samples (all at the working 

concentration of 17.7 g/L) (dataset Rep). EEMs were collected from 8 different 

cuvettes used for the EEM measurements described in this thesis, and from the 4 

wells of the fluorimeter sample holder36. This was done in triplicate and in a random 

order leading to 96 measurements. Aliquots of a 17.7 g/L eRDF sample prepared as 

described in section 4.1.2 were used for the data collection of all samples. 

 

4.1.3. Summary of experiments 
Table 14 gives a list of the different datasets used along with a brief 

description of their content. 

 
Table 14 Summary of all the sample and datasets generated for EEM based experiments in this 

thesis 

Dataset name Description Sample detail Size 

ppR eRDF conc. effect 10 samples, 3.5 to 35 g/L, 
collected in triplicate 30x37x71 

qRcSA_aa_w 
eRDF high 

concentration cSA 
(Trp, Tyr) 

17.7 g/L eRDF spiked 10 
times with Trp and 10 times 

with Tyr to double initial 
concentrations 

63x37x71 
33x37x71(pred) 

qRmSA_aa_w 
eRDF high 

concentration 
mSA (Trp, Tyr) 

17.7 g/L eRDF spiked 8 
times with Trp and 10 times 

with Tyr to triple initial 
concentrations 

60x37x71 
11x37x71(pred) 

qRcSA_vit_w 
eRDF high 

concentration cSA 
(Py, FA, RF) 

17.7 g/L eRDF spiked 10 
times with Py, FA and RF to 
double initial concentrations 

93x46x55 
18x46x55(pred) 

qRmSA_vit_w 
eRDF high 

concentration 
mSA (Py, FA, RF) 

17.7 g/L eRDF spiked 10 
times with Py, FA and RF to 

triple initial concentration 

96x46x65 
19x46x65(pred) 

Rep Repeatability 

4 wells, 8 cuvettes 
(randomly permuted) = 32 
combinations collected in 

triplicate 
on 17.7 g/L eRDF 

32x37x71 

 
                                                
36 e.g. For cuvette #1, the EEM of different aliquots of the same 17.7 g/L eRDF solution was 

measured 3 times in each well of the holder leading to 12 measurement. All 12 measurements were 
carried out in a random order. 
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4.1.4. Data collection and data handling 
All EEM spectra were collected on a Varian Cary eclipse spectrofluorometer. 

All measurements were performed at a fixed temperature of 25 ºC and at a known 

pH. Additionally, all samples were measured in triplicate, on three different aliquots 

of the same sample37. The data collection of all samples was performed in a random 

order to minimise the effect of instrumental error (e.g. Light source intensity 

variation) with the exception of qRmSA_aa_w. In these cases the spiking was done 

successively on the same sample and sample 0 to 10 for the 3 replicate series were 

collected in sequence, separately for the two analytes.  

The monochromator slits as well as the excitation and emission ranges were 

changed according to the analytes being targeted: amino acids with a strong 

fluorescence at short emission wavelength or vitamins, weak fluorophores at longer 

emission wavelengths (see Table 15). The data point intervals were kept at 5 nm on 

the excitation and emission direction unless specified otherwise. 4mm x 10 mm 

quartz cuvettes (Lightpath Optical Ltd., UK) were used. 

 
Table 15 Summary of excitation and emission range used along with monochromator slits and 

pathlength for each dataset detailed in Table 14 

Datasets 
Excitation 

range 
(nm) 

Emission 
range 
(nm) 

Monochromator 
slits  

(nm, ex./em.) 

Excitation/emission 
pathlength 

(mm) 
ppR 220 - 400 250 - 600 5/5 10/4 

qRcSA_aa_w 220 - 400 250 - 600 5/5 4/10 
qRmSA_aa_w 220 - 400 250 - 600 5/5 4/10 
qRcSA_vit_w 315 - 540 330 - 600 5/10 4/10 
qRmSA_vit_w 315 - 540 330 - 600 5/10 4/10 

Rep 220 - 400 250 - 600 5/5 4/10 
 

After collection, the EEM data were exported as .spc files and converted 

using an in-house written MatLab function to datasets containing sample names and 

axes values (excitation and emission wavelength ranges). All calculations were 

performed using PLS_Toolbox 4.0®, supplemented by in-house-written codes for 

MATLAB® (ver. 7.4).  All figures were generated using MATLAB® (ver. 7.4) or 

Origin ver. 7.0, OriginLab Corporation, Northampton, MA. 

                                                
37 Except for the dataset used for determination of Trp and Tyr based on an mSA method (see 

p. 95). 3 series of different samples were used. 
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Prior to analysis the first and second order Rayleigh scattering bands were 

removed from the EEM data by replacing them with missing values. This was done 

because the Rayleigh scatter is largely unrelated to the chemical properties of the 

sample and the scatter peaks do not behave linearly (or tri-linearly) which can bias 

the EEM data modelling. The advantages of using missing data in order to deal with 

Rayleigh scattering in the case of the application of a PARAFAC algorithm were 

described by Andersen [162].   

The amount of data removed on either side, along the emission direction, for 

each excitation wavelength centred on the 1st and 2nd order Rayleigh scattering was 

adapted to the type of EEM collected (amino acid or vitamin regions). In the amino 

acid region this was performed by removing 5 data points along the emission axis for 

every excitation wavelength centered on the first order Rayleigh band plus removing 

7 points centered on the 2nd order Rayleigh band. For the EEM collected in the 

vitamin region(s), 8 points on the emission axis for each excitation wavelength 

centered on the 1st order Rayleigh scattering were removed and 6 points for each 

excitation wavelength centered on the 2nd order Rayleigh scattering.   These also 

apply for Rayleigh scattering removal in the EEM collected for the degradation study 

(section 4.2.2.1) for the amino acid and the vitamin regions. 

Scattering band removal using interpolation also works well (see Figure 41-b) 

and the EEM spectra appear to be of good quality, however, in a complex system 

such as eRDF it is not entirely certain that the interpolation method may generate a 

non-real slope.  Therefore it was preferred to just eliminate these data points (Figure 

41-c), which was acceptable for the algorithms used.  

 

 
Figure 41 EEM plots of 17.5 g/L eRDF: (a) raw data, (b) after Rayleigh scattering being 

removed using interpolation, and (c) Rayleigh scattering replaced with missing data. 
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The eRDF solutions were significantly fluorescent and there was a signal 

over the majority of the EEM space.  Thus, there was no evidence of Raman 

scattering strong enough to affect the quality of the data analysis.  Consequently 

Raman scatter correction was not implemented. 

 

4.1.5. Chemometric method development 
The aim of this section was to develop a quantitative analysis method capable 

of determining the concentrations of several fluorophores (Trp, Tyr, Py, FA and RF) 

in eRDF solutions at working concentration.  

Cell culture media are complex mixtures which potentially contain multitudes 

of fluorophores and chromophores along with other components which can be a 

source of very significant matrix effects. The first step of this study was then to 

evaluate the photo-chemistry of eRDF solutions. This was achieved by the analysis 

of the concentration datasets (ppR) using PARAFAC and PARAFAC2 modelling. 

For the development of quantitative methods, the analytes were then divided 

into two groups: (1) the two amino acids and (2) the three vitamins. First, 

quantification via cSA based methods was investigated to evaluate the feasibility of 

quantifying these analytes in eRDF media using fluorescence. This was done by 

means of NPLS models implemented on the datasets qRcSA_aa_w and 

qRcSA_vit_w using the cSA approach (p. 75). In a second step, mSA methods (p. 

76) were used in order to obtain calibration ranges centred about the reference 

analyte concentrations in eRDF. For that purpose, NPLS models were built on 

datasets pRmSA_aa_w and qRmSA_vit_w. Models based on mSA methods 

(section 3.5.5.3) are more complex and more affected by matrix effects as the raw 

EEMs are used for prediction whereas ‘clean’ (TSSM) EEMs were used for 

calibration. For this reason, the optimum NPLS models were built based on (1) a 

thorough examination of the photo-physics of eRDF solutions, and (2) a systematic 

analysis of the various modelling parameters. These parameters comprised of the 

selection of the samples to be included in the X and Y variable elements of the 

models, the selection of a restricted EEM region and the selection of pre-processing 

that will lessen the influence of matrix effects. 

Finally the influence of the precise knowledge of c0, the initial concentration 

of analyte in the Test sample, on the selection process of the modelling parameters 
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was investigated. This was done by comparing the results obtained when the 

concentration from the analysis results (Table 5) and the formulation values (Table 

4) were used in the calculation of the prediction errors (Table 3).  

 

4.1.5.1. Chemometric models implemented 
A variety of second order calibration techniques are available, some of which 

are listed in Figure 42. Two multidimensional calibration algorithms were 

predominantly used for this study: the N-way Partial Least Square (NPLS) [159] and 

the PARAllel FACtor analysis (PARAFAC) [162, 163]. 

 
Figure 42 Comparison between several 2nd order calibration techniques[196] 

 

For qualitative analyses, PARAFAC and PARAFAC2 models were used 

because the uniqueness of their solutions facilitates the interpretation of the scores 

and loadings. PARAFAC2 was preferred to PARAFAC in cases where significant 

non-linearity was present in the EEM data that could not be handled by a simple 

PARAFAC model [86].  In particular, significant concentration induced spectral 

profile changes were observed. For example, a varying saddle in the Trp excitation 

profile was observed as eRDF concentration varied (see Figure 59) which resulted 

from IFE.  In this case PARAFAC2 was used because the method accommodates 

changes in the response profiles of one of the dimensions.  Here PARAFAC2 was 

implemented with the excitation mode set as the ‘changing’ mode.  PARAFAC and 

PARAFAC2 were run with stopping criterion of relative and absolute change in fit of 

1×10-6. Initialisation of the factor was done by selecting the best of 10 small runs38. 

                                                
38 PARAFAC is run 10 times with random initial factors over a limited number of iterations 

and the one leading to the best model is chosen. This is a standard option when using PARAFAC in 
the PLS_Toolbox 4.0®. 
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NPLS was then used for the development of quantitative methods. It was 

preferred to other regression methods as it is capable of dealing better with deviation 

to tri-linearity by adding extra latent variables[196]. U-PLS is also capable of dealing 

with small variations to linearity. However N-PLS is potentially less biased by noise 

and less prone to over fitting issues [159]. Ease of interpretation39 also motivated the 

selection of N-PLS over U-PLS.  

The issue of fluorescent contaminants and other factors that may adversely 

affect the implementation of these quantitative methods must also be addressed.  

Some media components can have a very large effect on EEM signals while others 

will have a comparatively minor effect or no effect at all [98].  However, 

implementation of residual bilinearisation40 was not investigated here. This is 

because, in the context of CD-media prepared under Good Manufacturing Practice 

(GMP) for large scale industrial processes one expects a high degree of 

reproducibility in formulation and thus reasonably reproducible EEM spectra.  Any 

significant deviations in the formulation process should be identified using U-PCA 

prior to the implementation of the quantitative analysis. In practice, these identified 

abnormal samples can then be rejected or sent for a more-comprehensive and time-

consuming detailed chromatographic analysis. Alternatively, if one has knowledge of 

intrinsic variability of a known fluorophore in the media, then this can be accounted 

for in the calibration dataset. 

The principles and characteristics of the classical and modified standard 

addition methods (cSA and mSA) combined with NPLS are detailed in section 3.5.5. 

Two main points can be reiterated here: 

1. cSA leads to calibration ranges limited in their lower end by the initial 

analyte concentration (c0) in the Test sample.  

2. mSA calibration step is implemented on the residual data (TSSM) and 

does not require a priori knowledge of the initial concentration,  

predictions are performed on the ‘raw’ samples and the calibration 

ranges generated are centred at c0 

                                                
39 Here interpretation is meant in terms of loadings. 
40 RBL combined with NPLS would give it the second order advantage and would allow for 

dealing with unknown interferant. 



Materials and Methods 

 

- 103 - 

 

They were both successively implemented for the determination of Trp, Tyr 

in one experiment and Py, FA and RF in a second, different experiment. In each case, 

the key factors in developing accurate mSA calibration models were to:   

1. determine the best sample sets,   

2. select an optimal spectral range 

3. choose the best data pre-processing (PreP) methods and number of 

LVs 

 

In the case of cSA, only the full EEM region and CalC3 (Table 16 and Table 

17) cases were investigated. This was done because cSA methods are intrinsically 

limited (calibration range) and less affected by matrix effects as the nature of the 

calibration and prediction datasets are identical (contrary to the mSA case).  

 

4.1.5.2. Selection of the samples to include the calibration 

step 

The importance of the information introduced in the X or Y variable elements 

of a NPLS model was discussed in the introduction. First, building models using 

subsets of qRmSA_aa_w or qRmSA_vit_w was investigated via the use of: (1) only 

samples spiked with a single analyte or (2) a selection of samples spiked alternatively 

with different analytes.  A second consideration in the use of NPLS was the 

simultaneous use of several analyte concentrations in the Y variables element of the 

model.  Eventually five different cases were selected for each (amino acid and 

vitamin) case. They are shown in Table 16 and Table 17.  
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Table 16 Description of the different calibration cases (AA-CalC) built based on the nature of 

the X (EEM) and Y (concentration) datasets used for calibration for the determination of Trp 

and Tyr 

Calibration 
cases 

X includes 
samples1-10 

spiked with … 

Number of 
samples in X 

Y includes 
added 

concentrations 
of … 

Number of 
column in Y 

AA-CalC1 Trp 8 x 3 Trp 1 
AA-CalC2 Tyr 10 x 3 Tyr 1 
AA-CalC3 Trp&Tyr 18 x 3 Trp&Tyr 2 
AA-CalC4 Trp&Tyr 18 x 3 Trp 1 
AA-CalC5 Trp&Tyr 18 x 3 Tyr 1 

 
Table 17 Description of the different calibration cases (V-CalC) built based on the nature of the 

X (EEM) and Y (concentration) datasets used for calibration for the determination of Py, FA, 

and RF 

Calibration 
cases 

X includes 
samples1-10 

spiked with … 

Number of 
samples in X 

Y includes 
added 

concentrations 
of … 

Number of 
column in Y 

V-CalC1 Py, FA 20 x 3 Py, FA 2 
V-CalC2 RF 10 x 3 RF 1 
V-CalC3 Py, FA, RF 30 x 3 Py, FA, RF 3 
V-CalC4 Py, FA, RF 30 x 3 Py, FA 2 
V-CalC5 Py, FA, RF 30 x 3 RF 1 

 

In the case of the vitamin determination, Py and FA were grouped together as 

their spectra overlap significantly and considering them separately would be a strong 

source of error, in particular when mSA is implemented. Moreover, the cases used 

are related to the sub-region of the EEM observed: when a part of the signal due to a 

specific analyte is completely absent from the EEM used, not all V-CalCs were 

investigated. The combinations used for the models built using the mSA method are 

shown in appendix 4-6. 

 

4.1.5.3. EEM sub-region (EER) selection 
For some analytes, not all regions of the EEM contain useful information. In 

addition, it will be demonstrated that different regions of the EEM are affected in 

different ways by the matrix of the sample and compositional changes. For this 

reason, the use of different sub-regions of both the amino acid and the vitamin EEMs 

were investigated. 
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In practice, EEMs were first collected over the excitation and emission ranges 

determined for amino acid and vitamin analyses and described in section 4.1.4. 

Subsequently, the quality of the models built using subsets of these EEMs was 

investigated. These subsets were selected in order to keep a maximum of 

information, minimise the amount of missing data generated by the Rayleigh 

scattering elimination and minimise the amount of spectral data which is heavily 

affected by IFE41. Nine regions were investigated for the determination of Trp and 

Tyr and seven regions for the determination of the three vitamins (further described 

in Table 19 and Table 18 as well as in appendices 4-4 and 4-5). 

 
Table 18 The different EEM regions (EER) used for the determination of Trp and Tyr  

Region # Excitation range (nm) Emission range (nm) 
1 220-275 285-325 
2 220-310 320-495 
3 220-290 305-495 
4 275-320 330-495 
5 240-290 305-495 

6 (full) 220-400 250-600 
7 220-310 285-495 
8 285-300 295-495 
9 285-300 310-495 

 
Table 19 The different EEM regions (EER) used for the determination of Py, FA and RF 

Region # Excitation range Emission range Target analyte 
1 315-385 400-600 Py, FA, RF 
2 410-475 485-600 RF 
3 315-475 485-600 RF 

4 (full) 315-540 330-650 Py, FA, RF 
5 315-410 330-485 Py, FA 
6 315-360 375-475 Py, FA 
7 315-475 400-600 Py, FA, RF 

 

4.1.5.4. Data pre-Processing 
Centering and scaling are the two pre-processing conditions considered here. 

All the pre-processing listed in Table 20 and Table 21 were systematically tested 

giving 8 different combinations of X and Y pre-processing. It is unusual to perform 

scaling within the excitation or emission wavelength mode of the EEM data; it was 

                                                
41 Inner filer effect, see section 1.2.3.5. 
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however attempted here in order to try and see if it could help overcome profile 

shape distortion due to IFE.  The influence of scaling on the regression results will be 

discussed in each case. 

 
Table 20 Pre-processing applied to X 

Pre-processing designation C1 C1S2 C1S3 C1S23 
Mode 1 (sample) Centering Centering Centering Centering 

Mode 2 (excitation) 0 Scaling 0 Scaling 
Mode 3 (emission) 0 0 Scaling Scaling 

 
Table 21 Pre-processing applied to y/Y 

Pre-processing designation C AS* 
Mode 1 (sample) Centering Centering 
Mode 2 (analyte) 0 Scaling 

*Auto-scaling: Applied in the case NPLS-2 and NPLS-3 were used only. 

 

Centering across the sample mode was always performed first. Scaling to a 

variance of one was then performed within the excitation and/or emission modes.  

 

4.1.5.5. Selection of the optimal modelling parameters 

(mSA) 
The appropriate number of LVs for the best models was chosen where both 

RMSEV and RMSEP reached a common minimum. Generally RMSEC were much 

smaller than prediction errors (RMSEV or RMSEP) as they result from the 

prediction implemented on the calibration samples. These are ‘clean’ samples (free 

of background information). For this reason RMSEC was not very useful for the 

determination of the number of LVs which relied mostly on finding minimal 

RMSEV or RMSEP values. In practice, RMSEV, and RMSEP42 were plotted against 

the number of LVs (for up to 15) for all 8 pre-processing combinations and the 

number of LVs and PreP were selected simultaneously in the same step (where the 

lowest errors were achieved). For the determination of optimal regions and CalCs: 

(1) the errors described above along with the RMSEPT; and (2) the allure of the 

calibration, validation and prediction plots of the predicted versus expected 

concentrations, were compared; in particular the distribution of the predicted values 

                                                
42 Also RMSEC but that did not give much information. 
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randomly about the regression line, and the prediction errors (RMSEV and RMSEP) 

were observed. 

 

4.1.5.6. Summary of quantitative method 
In the cSA case, the development of the quantitative method, first involved a 

calibration step where a calibration dataset (full raw EEM) was fitted against the 

absolute analyte concentration in the eRDF solution. Cross-validation (see section 

4.1.5.5) and prediction were then performed to determine the best number of LVs 

and pre-processing. 

In the case of mSA, the calibration step involved fitting of the TSSMs43 of the 

samples from the calibration dataset [determined by (a) a region, (b) a CalC 

combination and (c) a pre-processing combination] against the added analyte 

concentration in the eRDF solution. A validation step was then performed where the 

samples containing analytes at an absolute concentration in the calibration range 

were selected and raw EEMs used for prediction. Finally prediction was performed 

on the raw EEM of samples from independent datasets. In each EEM region and 

CalC combination case, the best model among the 8 PreP combinations and 15 LVs 

was selected based on RMSEV, and RMSEP. The optimal EEM region and CalC 

were then chosen based on error and allure of the expected versus predicted 

concentration plots. 

 

  

                                                
43 Test sample subtracted matrices (section 3.5.5.3) 
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 Degradation study 4.2.

The aim of this experiment was to assess the utility of 2D-fluorescence and 

SERS as rapid methods for monitoring changes in a CD medium (eRDF) in its 

prepared state and due to storage conditions. In particular the influence of light and 

temperature were analysed. The experiment involved using sample aliquots of the 

same eRDF batch placed in different storage conditions which were monitored over 

~ a 1 month period using both techniques. The data collected over the 1 month 

period was then analysed by a variety of chemometric methods to investigate spectral 

changes. The use of the quantitative models developed in chapter 8 was also 

investigated to try and quantify the chemical composition changes in terms of Trp, 

Tyr, Py, FA and RF concentrations. 

 

4.2.1. Materials and experimental settings 
4.2.1.1. eRDF preparation and storage 

250 mL of a 17.7 g/L eRDF solution was prepared under sterile conditions 

(as per section 4.1.2) with 4.4248 g eRDF powder and 0.2832g of NaHCO3. The 

solution was then dispensed in 1.25 mL aliquots in translucent polypropylene 

eppendorf tubes. 163 samples were prepared in this manner. They were numbered 1 

to 120 for the main samples, C1 to C5 for the control samples and S1 to S38 for the 

supplemental samples and placed in different storage conditions (Figure 43).44  

 
Table 22 Summary of the storage condition of the different samples. 

Condition Location Light Samples 
C Freezer (-70ºC) No C1 to C5 

RL Room Yes 4 to 30 + S1 to S10 
RD Room No 34 to 60 + S11 to S20 
FL Fridge Yes 64 to 90 + S21 to S29 
FD Fridge No 94 to 120 + S30 to S38 

 

 

 

                                                
44 The supplementary samples were placed in the different condition in order to be used for 

data collection in the case where one of the samples failed to be sterile and thus could not be used. 
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C1 to C5 were placed in a -70ºC freezer as control samples. Samples 1 to 3 

were kept in the dark in the fridge in order to be analysed shortly after preparation. 

Samples 4 to 120 and S1 to S38 were placed according to Table 22,  

1. in the light at room temperature ( Figure 43-a, condition RL) 

2. in the dark at room temperature ( Figure 43-a, condition RD) 

3. in the light at low temperature ( Figure 43-b, condition FL) 

4. in the dark at low temperature ( Figure 43-b, condition FD) 

 

 
Figure 43 Illustration of the experiemntal set-up for the samples stored under the four 

conditions: at room temperature (a)  in the dark (RD) and in the light (RL) and in the fridge (b). 

in the dark (FD) and in the light (FL). The light sources are shown in both conditions and 

sample were indirectly irradtiated. 

 

Samples in the dark were placed in a cardboard box covered with tin foil at 

all times. For the samples exposed to light, a similar light source was used inside and 

outside the fridge: a Phillips warm white 827 Genie stick energy saving bulb (420 

lumen) which was left on for 24 hours a day. The emission spectra of the bulb itself 

and of the light from the bulb transmitted through the polypropylene cap of the vial 

were collected using a fiber optic coupled miniature spectrometer (USB2000, Ocean 

Optics). The spectra (Figure 44) display emission bands across the whole visible 

range. The details of the experimental set-up used are given in appendix 4-7. 
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Figure 44 Emission spectra of the WW Philips energy saving bulb alone [dashed blue line, a)] 

and through the vial cap [solid line, a) and b)] 

 
The temperatures inside and outside the fridge were recorded (Figure 45) 

throughout the experiment and Figure 43 shows where the temperature probe and 

thermometer were placed. Room temperature was 16.4 ± 3.0 ºC (n = 21) and the 

fridge temperature 6.0 ± 1.5 ºC (n = 21). The temperature variation in the fridge is 

explained by the necessity to have a power lead to the lamp which prevented the door 

from sealing properly. 

 

 
Figure 45 Room (■) and fridge (♦) temperature variation during the 33 day experiment period. 

The solid lines show the average temperature for the room (16.4 ºC) and fridge (6.0 ºC) 

temperatures. 
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The four sample boxes were rotated (45º) throughout the storage period every 

time the temperature was recorded in order to prevent inequalities between sample 

vis-à-vis temperature and light exposure conditions.  

 

4.2.1.2. SERS colloid 
The colloid batches 7 and 8 (see section 4.3.1) were combined and used for 

the SERS measurements presented in this section. This batch was characterised by a 

full width half maximum (FWHM) and absorbance maximum of 86 nm and 404 nm 

respectively. Different aliquots of this same batch were used but the consistency of 

the data collected was found to be acceptable.  

 

4.2.2. Data collection 
Data were collected over 32 days (Day 0, 7, 11, 14, 18, 21, 25, 28, and 32) of 

storage. At every collection date, three samples were removed from each of the four 

storage conditions and temporarily placed in a box in a fridge (4ºC) in order to limit 

further changes in the samples during the data collection period (no more than 6 

hours). The EEM (age_fluo_aa and age_fluo_v) and SERS (age_sers) spectra of the 

12 samples were then collected in random order. After analysis, the samples analysed 

were stored in a freezer (-70 ºC)45. 

 

4.2.2.1. Fluorescence 
EEMs were collected for two different spectral regions: the amino acid and 

the vitamin regions. The amino acid region is larger, smaller monochromator slits (5 

nm for both excitation and emission) could be used due to the strong intensity of the 

signal and encompasses a shorter wavelength area than the vitamin region. For the 

amino acid region the following settings were used: λex = 220 to 400 nm, λem = 250 

to 600 nm, Δex = Δem = 5 nm, Excitation and emission monochromator slits = 5 nm. 

The dataset obtained will be referred to as age_fluo_aa. It is a (37 × 71 × 113) 3-way 

array. Each EEM is a 37 × 71 matrix and 113 sample46 EEMs were collected: 3 at 

                                                
45 Should there be a need to analyse these using another analytical technique. 
46 EEMs were collected on 114 samples, however for an unknown reason one of the files was 

corrupted. A new triplicate measurement was not collected in order to not take the risk to include 
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day 0, 27 for every condition over the 32 days and 3 controls (- 70 ºC). For the 

vitamin region the following settings were used: λex = 315 to 540 nm, λem = 330 to 

600 nm, Δex = Δem = 5 nm, Excitation monochromator slit = 5 nm, Emission 

monochromator slit = 10 nm. The dataset obtained will be referred as age_fluo_v.  It 

is a (46 × 55 × 114) 3-way array. Each EEM is a 37 × 71 matrix and 113 sample 

EEMs were collected: 3 at day 0, 27 for every condition over the 32 days and 3 

controls (- 70 ºC). 

For both amino acid and vitamin regions the PMT voltage in the Cary Eclipse 

spectrofluorometer was set at 600V and the temperature was fixed at 25ºC. 

 

4.2.2.2. SERS 
The colloid preparation and data collection are detailed in section 4.3.1. 5 μL 

of sample was first introduced in a well of the 96 well stainless steel plate and then 

95μL of silver colloid was added and mechanically mixed 5 times using a micro-

pipette. This sample to colloid ratio (5:95) was chosen to: (1) provide an excess of 

SERS sites so that the surfaces did not become saturated with analytes (see section 

10.1) and (2) generate a sufficiently high signal to noise ratio to ensure good quality 

spectra. Spectra were collected immediately after mixing. To avoid variations due to 

incubation time [45], attention was paid to maintaining the exact same steps for each 

measurement so that the spectra were collected after the same incubation time (~ 1 

min). Five spectra were collected for each sample; of these, the three best (mostly 

based on baseline) were averaged. The dataset obtained will be referred as age_sers.   

 

 

  

                                                                                                                                     
variance due to degradation of the sample during analysis time: ~1 day in fridge + time spent in 
instrument + light irradiation during analysis including UV. 
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 SERS measurements 4.3.

4.3.1. Materials 
eRDF (17.7 g/L) solutions prepared as described in section 4.1.2.1 were used 

for this study. The spiked samples used were identical to the ones described in 

section 4.1.2.2 to build dataset qRmSA_aa_w and qRmSA_vit_w. Stock solutions 

of Py, FA, RF (Spy, Sfa and Srf)47, Tyr and Trp (Sw1 and Sy1) 48 were used for the 

preparation of pure analyte solutions at the required concentrations. NaCl 

(SigmaUltra minimum 99.5 %), KCl (SigmaUltra minimum 99.0 %), NaHPO4.7H2O 

(98 + % ACS reagent), MgSO4 (SigmaUltra minimum 99.5 %) and MgCl2.6H2O 

(99 % ACS reagent) were obtained from Sigma-Aldrich and used as received. L-

Lysine hydrochloride, L-Valine and L-Serine were obtained from Fisher scientific 

and used as received. L-Glutamine (ReagentPlus® ≥ 99 %), L-Proline 

(ReagentPlus® ≥ 99 %), L-Cysteine hydrochloride monohydrate (reagent grade ≥ 

98 %), L-Threonine (reagent grade ≥ 98 %) were obtained from Sigma and used as 

received. Finally, L(+)-Arginine hydrochloride (reagent grade ≥ 98 %) was obtained 

from Acros and used as received. For the colloid preparation, AgNO3 (99.9999 % 

metal basis) and sodium citrate tribasic, (ACS reagent, ≥  99.0  %) were obtained 

from Sigma Aldrich and used as received. 

 

The different salt and amino acid solutions were prepared by dissolving the 

appropriate amount of product (powder) in milli-Q® water at room temperature to 

obtain the desired concentrations49.  

 

4.3.1.1. Colloid preparation 
Prior to preparation all glassware was thoroughly washed firstly with soap, 

rinsed with milli-Q® water, isopropanol, milli-Q® water and then soaked overnight 

in Aqua Regia before being rinsed again with milli-Q® water, until the pH of the 

rinsing water was neutral (pH paper). Aqua Regia was prepared as a 1:3 (v/v) 

mixture of concentrated HNO3 and HCl. If multiple batches of colloid were being 
                                                
47 Described in section 4.1.2 
48 Described in section 4.1.2 
49 In some cases (only for amino acids) an intermediate stock solution was used and the final 

concentration was obtained by dilution in milli-Q® water. 



Materials and Methods 

 

- 114 - 

 

prepared over a week, the glassware was only rinsed with milli-Q® water between 

batches.  

Silver colloid was then prepared using the Lee and Meisel method [124] 

consisting of the reduction of an AgNO3 solution by a 1% sodium citrate solution.  A 

silver nitrate solution was first prepared by dissolving 45 mg of AgNO3 in 250 mL of 

milli-Q® water and brought to the boil. When the temperature of the paraffin bath 

reached 135 ºC, 5mL of 1% sodium citrate (57 mg of sodium citrate in 5mL of milli-

Q®  water) was slowly (~ 1 drop every 4 sec) introduced to the boiling solution 

using a pressure equalised dropping funnel. The reflux was maintained for 1 hour 

and the system was protected from the light at all times using aluminium foil. Using 

this approach, reasonably reproducible colloid quality was achieved (see below). In 

practice, a colour change, from clear and colourless to opaque olive/grey, rapidly 

after the start of the citrate addition indicates a successful preparation (absorbance 

maximum around 404 nm and full width half maximum of the absorbance < 100 nm, 

see below). 

 

4.3.1.2. Colloid characterisation 
The quality of the colloid was assessed by means of UV-Vis absorption and 

Raman spectra respectively, looking for consistency of the surface plasmon peak50 

and absence of SERS active impurities. The surface plasmon band for silver particles 

is expected at around 400 nm [116]. However, a red shift may be observed with 

increasing particle size [104, 116]. For example a shift from 395 to 435 nm was 

estimated for diameters varying from 20 to 80 nm.[121] In the original method 

presented by Lee and Meisel [124] the absorbance maximum for citrate reduced 

silver colloid was 420 nm. For this work, six batches were ultimately used51. Their 

normalised UV-Vis and Raman spectra are shown Figure 46-a and Figure 47.  

 

                                                
50 Position (λmax) and full width half maximum of the absorption band. 
51 Overall 11 batches were prepared 
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Figure 46 Absorbance spectra of the 6 ‘normal’ batches (a) and the batches 2 to 11 of silver 

colloid (b). For clarity, batch 1 was not shown because the preparation failed and the plasmon 

peak was not comparable to the rest of the batches (longer wavelengths and much wider). 

 

On average, the absorbance maximum (λmax) position and full width half 

maximum (FWHM) obtained were 404 ± 2.5 nm and 85.7 ± 14.9 nm respectively 

(number of samples: n=6, Figure 46-a). Larmour et al. reported λmax and FWHM of 

410 and 102 nm for Ag colloid based on the same preparation process [116]. The 

λmax values obtained here suggest, based on Sukhov et al. estimations [121], that an 

average particle size of ~20 nm was obtained. 

Additionally, it was observed that if sodium citrate was introduced before the 

required temperature had been reached, much broader plasmon bands and a large red 

shift in λmax (batch 1, not shown) were observed. This indicated that the particle size 

distribution was wider (larger FWHM) and that the average particle size was larger 

(λmax red shift) than expected. Irregular drop-wise introduction of the citrate also had 

a broadening effect on the FWHM (batch 2, Figure 46-b). Finally, similar effects 

(broadening + red shifts) were observed on batches produced when the glassware had 

just been cleaned with Aqua Regia, despite a thorough rinse with milli-Q® water52 

before use (batch 3, 6 and 9 Figure 46-b). This could be due to the presence of active 

sites on the glass surface after washing with Aqua Regia which could promote 

particle growth and lead to larger and more irregular particles. 

 

                                                
52 pH of rinsing water was checked with pH paper until neutral. 
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Figure 47 Raman spectra of Ag colloid of the 6 batches used collected using a SuperMacropoint, 

8 cm- 1 resolution with a 785 nm excitation source (~70 mW laser) 

 

From the Raman spectra (Figure 47) of the different Ag colloid batches, there 

is no evidence of any SERS active impurities53. The only change observed between 

batches is in a varying baseline and can be attributed to small changes in the particle 

size distribution. 

 

4.3.2. Instrumentation and data collection 
All SERS spectra were collected using a RamanStation spectrometer with a 

785 nm excitation (AVALON Instruments Ltd, Belfast, NI, now PerkinElmer) on 

100 μL sample volume. A laser power of ~70 mW with an exposure time of 1×1 

second was used. A super macro point (large sample spot) was collected in the centre 

of the well. This involves the collection of 7 backgrounds followed by 7 spectra on 7 

spots54 of the sample, closely arranged in a six around one fashion (Figure 48). A 

resolution of 8 cm-1 was used over a range from 250 to 3311 cm-1. The software then 

automatically co-adds the 7 spectra to generate a single spectrum. 

 

  

                                                
53 SERS is very sensitive to environmental contamination. 
54 ~ 0.2 to 0.3 mm spots leading to a final sampling area of ~ 0.6 to 0.9 mm diameter. 
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Figure 48 Schematic of the arrangement of the 7 points collected during super macro point data 

collection with the Avalon RamanStation. Spots diameters are estimated to ~0.2 to 0.3 mm. 

 

The spectra were saved as .sp files, imported into MATLAB® (ver. 7.4) and 

stored in a dataset with sample information. All calculations were performed using 

PLS Toolbox 4.0®, supplemented by in-house-written codes for MATLAB® (ver. 

7.4). All figures were generated using MATLAB® (ver. 7.4). 

For the quantitative study, samples were measured at least 5 times (different 

aliquot of the same sample) and the collection was repeated where possible to avoid 

the presence of cosmic ray artefacts, which are occasional spikes that randomly occur 

during data collection when a charge-coupled device (CCD) is used [197]. When this 

was not possible, (due to time constraints during the data collection for example) the 

data points corresponding to the cosmics were replaced by missing values.  

Various experimental and sample handling parameters can influence the 

quality of the SERS spectra. The most significant, which are studied here, are 

1. Sample to colloid (SC) volume ratio 

2. Incubation time 

3. Use of an aggregating agent 
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5.  Reproducibility of EEM 
measurements 

 

The reproducibility of the EEM measurements method was determined by the 

analysis of multiple EMMs obtained from different aliquots of a same 17.7 g/L 

eRDF solution. A dataset (Rep p. 88) composed of EEM measurements of eRDF 

solutions obtained using 8 different cuvettes in the 4 different wells of the sample 

holder was analysed using UPCA55. First, as an example, the variability of the 

dataset (Rep) was compared to the variations recorded in the qRmSA_aa_w dataset 

(Table 9) then the source of the variations in the Rep dataset itself was evaluated. 

Note that the total relative variance of this dataset was 2.0 %56. This error, intrinsic to 

the measurement method will limit the prediction errors obtained but cannot be 

directly compared to REPs as REPs relate to concentrations and not intensity. Note 

also that observation of the normalised Rep data showed that the variations did not 

consist of a simple and uniform intensity variation over the whole EEM area. 

 

 
Figure 49 Scores plot of the UPCA model built on qRmSA_aa_w (table X) and scores (blue 

squares) predicted on the reproducibility (Rep) dataset. The scores for the calibration samples 

are shown: Tyr spiked samples (*) and Trp spiked samples (V) 

 

                                                
55 That is 32 combinations done in triplicate leading to a 96 sample set. 
56 This was calculated as the sum of the standard deviation at each pair of excitation/emission 

wavelengths across all the samples of the Rep dataset (after Rayleigh scattering removal) and relative 
to the sum of the mean intensity at all ex./em. pairs. 
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To understand the impact of the variability between triplicate measurements 

on the quantitative analysis57, the UPCA model used for the detection of outliers in 

Figure 78 (qRmSA_aa_w dataset) was used to model the EEM data from Rep. 

Figure 49 shows the scores predicted for the samples from the reproducibility dataset 

(Rep) when using the model built for the quality assessment of the Trp/Tyr spiked 

sample set for mSA application. In this plot it is clear that the variation between the 

Rep samples is much smaller than the variation between samples spiked with various 

amounts of Tyr or Trp. 

Then to understand the source of the variation previously observed, the 

reproducibility dataset itself (Rep) was fitted with a UPCA model using 3 

components and the score plots obtained are shown in Figure 50. It is clear on this 

figure that the main source of variation is the use of different cuvette. Only 27.2 % of 

the total variance in the dataset was modelled by the 3 component indicating that the 

remaining variance is due to random measurement errors (noise) that could not be 

modelled. 

                                                
57 Example taken of Trp and Tyr determination using a mSA approach, dataset 

qRmSA_aa_w  (Table 9) 
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Figure 50 UPCA score plots of Rep (p. 97, Rayleigh scattering was removed) fitting highlighting 

the groups (ellipse) of sample collected in the same cuvettes (a/c/e) and the same wells (b/d/f). 

The identification of the specific well and cuvette does not add to the understanding of the 

graphs thus for clarity they will not be detailed, just know that each symbol correspond to a 

unique cuvette (a/c/e) or well (b/d/f). 

 

In Figure 50 the ellipses show the different class groups determined by 

SIMCA analysis for the different cuvettes on the left and the different wells on the 

right. The good reproducibility of the spectra obtained from measurements in 

different wells is shown by the fact that these ellipses representing the well class 

groups (Figure 50) are overlapping. However more differences were found when 

different cuvettes were used (Figure 50). This could be due to irregularity on the 
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surface of the cuvette leading to various amount of Rayleigh scattering. It is possible 

that a part of the Rayleigh scattering was not completely removed from the data 

introducing variance. This can occur as it is necessary to find a compromise between 

(1) elimination of the Rayleigh signal and (2) conservation of a maximum of 

chemically relevant signal. UPCA analysis on the raw data (prior to Rayleigh 

scattering removal, Figure 51) showed clearly that each cuvette gave a unique 

response. 

 

 
Figure 51 UPCA score plots of Rep (p. 97, Rayleigh scattering was not removed) fitting. Ellipses 

show the measurements of the eRDF samples from each of the 8 different cuvettes. 

 
 

 



- 123 - 

 

6.   Photochemistry of eRDF solutions 
 

In this section the source of the fluorescence observed in eRDF solutions is 

discussed first followed by the properties of the fluorescence observed with regard to 

overall concentration variation. In order to obtain information about the fluorophores 

that have an independent58 behaviour towards concentration changes, PARAFAC 

and PARAFAC2 models were used to analyse the concentration dataset ppR. 

 

 Spectral analysis of eRDF EEM 6.1.

In a typical eRDF EEM landscape or contour map (Figure 52) a relatively 

complex topography indicates the presence of multiple fluorophores. 

 

 
 

Figure 52  EEM spectra of a 17.7g/L aqueous solution of eRDF plotted as:  (a) a landscape plot, 

and (b) a contour map showing the location of the characterised fluorophores. 

   

Comparing the EEM data with the fluorescence data collected from 

individual fluorophores, literature data and from knowledge of the formulation 

(Table 4) the main fluorophores were identified as being tyrosine (Tyr) and 

tryptophan (Trp), with weaker contributions at longer excitation and emission 

wavelengths from pyridoxine (Py), riboflavin (RF), and folic acid (FA) (Table 23, 

                                                
58 Here independence in terms of absolute response to concentration changes; this does not 

question the fact that the fluorophores interact and influence each other’s fluorescence. 
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Figure 53, and appendix 6-1).  All of these are specified components of this eRDF 

with concentrations varying from 0.53 to 480 µM (Table 5).   

 
Table 23:  Emission data for the fluorophores identified from the EEM data of eRDF solutions. 

[48, 73, 76, 77, 198, 199] 

Fluorophore 
λmax excitation λmax emission Imax 

(a.u.) 
Quantum 
yield(b) 

Extinction 
coefficient (c) 
(cm-1 mM-1) 

Obs. 
(nm) 

Lit. 
(nm) 

Obs. 
(nm) 

Lit. 
(nm) 

Tyrosine 
230  
and 
275 

275 310 305 561.8 – 
448.9 0.14 (i) 1.45 (275nm) 

Tryptophan 260 – 
285(a) 280 355 350 513.1 0.13(ii) 6.24 (279 nm) 

Pyridoxine 320 320, 330 390 390 36.79 0.11(iii) 8.78 (325 nm) 

Riboflavin 365 270, 370 
and 445 520 520 10.96 0.267(iv) 35.1 (265 nm) 

Folic acid 355 
~ 355 

(acid) / 375 
(base) 

445 
445 (acid) 

/ 455 
(base) 

10.26 <0.005(v) 31.3 (281 nm) 

(a) Band centred at 275 nm 
(b) i) ± 0.01 in H2O at 275 nm and 23ºC, ii) ± 0.01 in H2O at 280 nm and 23ºC, iii) ± 0.01 in 

0.05 M PPB  at 25ºC, iv) ±  0.01 in H20 at  pH=7, v) in aqueous solution at  pH =5.0 and 
pH=10. 

(c) Calculated at the maximum absorption wavelength in brackets from the absorption spectrum 
(Figure 54). 
 

In the eRDF spectra, Tyr emission appears as a pair of bands: one at 230/305 

nm (excitation/emission) and the other at 275/305 nm.  The second order 

fluorescence Tyr emission appears at the upper limit of the emission range of the 

EEMs collected (600 nm).  Trp emission appears in the 300–475 nm range, which is 

comprised of a broad peak at (285/355 nm) with a shoulder at (260/355 nm).  From 

the excitation spectrum of pure Trp (Figure 53) a single peak centred at 280 nm is 

expected, but in these complex solutions, inner-filter effects (IFE) distort the 

excitation band generating a saddle at 275 nm.  The effect is more obvious when one 

examines the spectral changes due to the total eRDF concentration variation on the 

model generated using PARAFAC2 (Figure 59). Phenylalanine (Phe) is also present,  

however it has a low quantum yield (Φ = 0.022) [200] and a small Stokes shift (20 

nm). Furthermore its emission (λex / λem of 260/280 nm) is largely overlapped by the 

Tyr emission which, although present at a similar concentration has a quantum yield 

6 times that of Phe and the small Stokes shift may indicate that Phe emission 
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partially overlaps with the Rayleigh scattering again hindering the observation of Phe 

emission. 

 
Figure 53  Excitation and emission spectra extracted from the normalised EEM’s of the pure 

fluorophores collected at 25ºC in pH7 buffer.  Tryptophan (□, 90 μM), tyrosine (◯, 480 μM) 

pyridoxine (△, 4.5 μM), riboflavin (▽, 0.5 μM) in water and folic acid (, 19.9 μM) in 1.13 g/L 

NaHCO3
59  

 

Pyridoxine emission appears at 325/395 nm and was, as expected, much 

weaker due to a combination of its low concentration (4.9 µM) and moderate 

fluorescence quantum yield of 0.11± 0.01 at pH = 7/25ºC. [76]  Pyridoxal (~2.5 µM) 

is also present but, it emits at a shorter wavelength (370 nm), and has a very low 

quantum yield (0.048 at 25ºC in buffer) and its emission was not observed and is 

likely to be obscured by the much stronger Trp emission.[76]  The very weak band at 

(375/520 nm) corresponds to riboflavin fluorescence (literature values give an 

emission at 520 nm for excitation at 270, 370 and 445 nm [77]) which is present at a 

concentration of 0.5 µM.[199]  The emission is visible because the fluorescence 

quantum yield in water at pH 7 is relatively high (0.27) compared to the other 

fluorophores.  The very weak folic acid fluorescence band appears 355/445 nm and 

280/445 nm. This agrees with experimental data (Figure 53 and appendix 6-1) and 

literature values.[73] 

However, these are not the only photoactive molecules in the medium; 

several chromophores60 were also identified including phenol red61. The absorption 

                                                
59 Rayleigh scattering was removed here by replacing the data by a linear approximation. 
60 that are not fluorescent or have very weak fluorescence 
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spectra of eRDF and the main fluorophores and chromophores identified are shown 

in Figure 54. 

 

 
Figure 54 Absorbance spectra of a 17.7 g/L eRDF solution (a) and pure Trp, Tyr, Py, FA , RF, 

phenylalanine , phenol red (b) in pH7 buffer at concentrations expected in a 17.7 g/L eRDF 

sample (see Table 4). A 4 mm path length was used for  the collection of these spectra. 

 

  

                                                                                                                                     
61 Phenol Red is used as a pH indicator. Its absorbance varies with pH; at pH ~7 the eRDF 

solution is orange. 
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 Effect of eRDF concentration on the 6.2.

fluorescence EEM 

In order to assess and identify some of the photo-physical phenomena that are 

responsible for the shape of the eRDF EEM landscape, the ppR (Table 6) dataset 

constructed from eRDF samples of various concentrations was analysed. First the 

data were holistically analysed and then PARAFAC and PARAFAC2 models were 

used to obtain specific information about the fluorophores responding independently 

to overall eRDF concentration variation.  

 

 
Figure 55 Mesh (top) and contour (bottom) plots of the EEM collected from 3.5 (left) and 35 g/L 

(right) eRDF solutions. 

 

Figure 55 shows the fluorescence EEM of eRDF solutions at low (3.5 g/L) 

and high (35 g/L) concentrations. It is clear in this figure that a tenfold increase in 
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concentration does not translate in the major (10 fold) increase in the amplitude of 

the signal that would be characteristic of a ‘simple’62 system. The impact of the 

matrix effects on the overall intensity of the EEM is shown in Figure 56 where the 

norm63 (square root of the sum of squares of all excitation/emission data points) of 

the EEM is plotted versus the eRDF concentration. In Figure 56, the presence of two 

linear ranges is evident at: 

1. < 3.5 g/L (actually 0 – 0.53 g/L see appendix 6-2), where matrix 

effects are minimised 

2. 10 – 35 g/L where the matrix effects are very strong and now control 

the emission intensity 

 

 
Figure 56 Norm of the EEM64 landscapes of eRDF sample in a concentration range from 3.5 to 

35 g/L (pH=7.6). 

 

Figure 57 also shows evidence of the non-linearity of the eRDF fluorescence 

and focusses in particular on the two bands associated with Trp and Tyr emission. 

For example, a drastic decrease of the Tyr band emission with increasing 

concentration is evident. This is due to an increasing matrix effect as the overall 

eRDF concentration increases. 
                                                
62 A system with no matrix effect 
63 Frobenius norm: The Frobenius norm of a matrix A is described by ‖퐴‖ = 	 푡푟( 퐴.퐴) 

where 푡푟(퐴) represents the trace of matrix A. 
64 Rayleigh scattering eliminated (linear approximation see Figure 53) 
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Figure 57 Excitation and emission spectra extracted from the EEM landscapes of 3.5 (dashed) 

and 35 g/L (solid)  eRDF samples for the Trp (280/ 355 nm, a) and Tyr (275/ 300 nm, b) 

fluorescent bands. 

 

The spectra generated in Figure 57 were extracted from the eRDF EEM using 

the λex/λem values previously obtained from the pure fluorophores (Figure 53). These 

extracted spectra are very different from the pure fluorophore spectra because of 

spectral overlap and matrix effects.65 From these, a change in the shape of the 

excitation profile of the Trp band with increasing concentration is evident. This is 

also visible in Figure 57-a with the appearance of a saddle with a minimum at 275 

nm in the Trp excitation profile at high eRDF concentration. This minimum 

corresponds to a local maximum of the absorbance of eRDF (274 nm) (Figure 54). A 

valid explanation for the changes affecting the fluorescence landscape with 

increasing concentration is inner filter effects (IFE). The loss of the second peak at a 

shorter (225 nm) wavelength could also be explained by IFE as the second 

absorbance maximum was observed at ~220 nm. From an instrumental point of view, 

the IFE problem could be overcome by the use of a different geometrical set-up 

(front face fluorescence) decreasing the excitation and emission path lengths. 

However, here the geometrical set-up was maintained as was previously studied for 

the prediction of cell-culture media performance and quality [33, 47] and IFE issues 

                                                
65 Trp and Tyr have an identical excitation maximum, thus the emission spectra are not well 

resolved and represent a mixture of Trp and Tyr. They do however have different emission maxima 
[360 (Trp) and 305 nm (Tyr)] allowing for the observation of well resolved excitation spectra of Trp 
and Tyr at these emission wavelengths. 
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were mathematically dealt with. This way a maximum of information can be 

retrieved from one simple measurement. No change in shape was observed for Tyr 

excitation and this is believed to be due to the fact that Tyr has a narrower excitation 

band thus IFE has a more uniform effect on the excitation band as a whole and major 

changes in shape are not visually evident.  

IFE takes into account the ‘filter’ effect due to the absorption of the excitation 

or emission light. Another effect to consider is radiative energy transfer (RET) where 

the chromophore absorbing the emitted light is a fluorophore itself which can re-emit 

the absorbed light at a longer wavelength (causing an additional increase in its 

fluorescence emission intensity). This can occur between Tyr and Trp as the 

emission spectrum of the Tyr overlaps with the excitation spectrum of Trp. It is also 

possible that FA or RF absorb the light emitted by Trp and re-emits it. However it is 

likely that RET from Trp to these two vitamins would not impact the fluorescence of 

eRDF solutions significantly because: (1) FA absorbance is much more important 

than the one displayed by RF over the 250 – 300 nm region thus the light emitted 

from the Trp will be preferentially absorbed by FA (Figure 54) and (2) FA is a 

fluorophore with a very poor efficiency (Φ < 0.005) limiting the impact of RET. 

Fluorescence resonance energy transfer (FRET, see section 1.2.3.4)66 can also 

potentially affect the fluorescence of complex systems. It could, for example, occur 

between Tyr and Trp [78] as the Tyr emission spectrum overlaps with the Trp 

absorption spectrum (see introduction, section 1.2.3.4). However, for this effect to 

occur the Trp and Tyr molecules must be at a very short distance from each other (< 

14 Å) meaning that they would have to be part of a common peptide. However, a 

large majority of the amino acids in eRDF are free in solution; thus FRET is not 

expected to influence the eRDF fluorescence significantly. 

 

 

  

                                                
66 Non-radiative phenomenon 
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6.2.1. Analysis of EEMs from various eRDF 

concentration samples (ppR) using PARAFAC and 

PARAFAC 2.  
As it is impossible to extract well resolved emission spectra from the EEM 

collected (Figure 57), PARAFAC [162, 163]  was used to model the eRDF 

concentration varying dataset (ppR) to enable a better assessment of the matrix 

effects and validation of peak assignments (Table 23).  For PARAFAC or 

PARAFAC2 to generate individual factors/components corresponding to different 

compounds these compounds must be present with varying relative concentrations in 

the different samples, i.e. the measured responses must not be collinear. In ppR 

which is simply composed of samples made by diluting a known concentration of a 

complex mixture, the relative concentrations of the analytes do not change and thus 

the system, in terms of analyte concentration, is collinear. However, since it was the 

fluorescence response (the EEM) that was measured, the situation is very different. 

This is because IFE affects each fluorophore in a unique manner causing that each 

fluorophore emission to behave differently as concentration varies. Thus the IFE 

mediated non-collinearity of ppR, and enabled the legitimate use of 

PARAFAC/PARAFAC2 to generate a unique component for the major fluorescent 

behaviours (loadings and scores plots are shown in Figure 58).  

First PARAFAC was used to model ppR (1) with no constraints and (2) with 

non-negativity constraints on the three modes (section 3.4.4). Table 24 gives the core 

consistency (CC)67 and variance explained (VE) for the PARAFAC models obtained. 

The core consistency above 3 components drops significantly while the variance 

explained is not greatly improved.  

  

                                                
67 Generally when the core consistency deviates largely from 100 % it is considered that less 

component should be chosen. The core consistency describes how well the PARAFAC loadings 
represent the variation in the data consistent with the assumption that the PARAFAC model can be 
seen as a constrained tucker 3 model. CC can be low when the model fits noise or when there is 
interaction between components which is the case in complex samples such as concentrated eRDF 
solutions. More details about CC and tucker 3 can be found at [162, 166, 201] 
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Table 24  Percentage variance explained and core consistency resulting from fitting the data 

using a PARAFAC model non-constrained with 1 to 5 components. 

# Components No constraint Non-negativity 
VE (%) CC (%) VE (%) CC (%) 

1 93.505 100 93.505 100 
2 98.649 100 98.596 98 
3 99.437 42 99.335 70 
4 99.704 <0 99.685 <0 
5 - - 99.809 <0 
6 - - 99.892 <0 

 

The loadings obtained for the models built with 3 components when non-

negativity constraint and no constraint were applied, are shown in Figure 58. The 

description of the corresponding excitation and emission maxima of the loadings are 

detailed in Table 25. 

 
Table 25 Details of the PARAFAC loadings on the excitation (left) and emission (right) modes, 

of the models built with 3 components on ppR. ‘sh.’ indicates shoulders 

Component # No-constraint (NC) Non-negativity (NN) 
Excitation Emission Excitation Emission 

1 285, 265 (sh.) 350 260, 290 (min 275) 355 
2 230, 275 305 230, 275 305, 350 (sh.) 
3 250, 290 (min 275), 325 365 250, 290 (sh.), 325 390, 515 
 

Both models highlight two first components showing similarities to Trp and 

Try emission respectively. In both cases, the models were unable to completely 

separate the Tyr from the Trp (and vice-versa). In the NN case the third component 

shows a resemblance to a combination of pyridoxine, riboflavin and Trp emission 

profile. In the NC case it is not possible to associate it to any specific fluorophore 

from the eRDF composition. However, it is possible that this component represents 

Trp emission when subject to strong IFE as it features a saddle in the excitation 

spectrum at 275 nm and an emission near 360 nm. The Trp fluorescence would then 

be represented by a combination of two types of Trp response where one (component 

1) would be subject to minimum IFE and the other one (component 3) subject to 

strong IFE. To try and resolve more components and effects, a 6-factor PARAFAC 

model was also fitted to ppR. The results are shown in appendix 6-3. 
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Figure 58 Excitation (a/c) and emission (b/d) loadings of the PARAFAC model fitted on ppR 

with 3 components when no constraints (a/b) and non-negativity constraints (c/d) were applied 

on the 3 modes. The first, second and third components are shown in blue, green and red 

respectively. 

 

In order to deal with the spectral changes in the excitation profile of the Trp, 

and provide a model that will be easier to interpret, the use of PARAFAC2 was 

proposed. 

 

6.2.2. PARAFAC2 fitted on the concentration 

dataset 
PARAFAC2 only required four components to adequately model the 

concentration dataset ppR; these components were more directly comparable to the 

emission characteristics of known fluorophores than for the components obtained 

with simple PARAFAC models.  
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Figure 59 a) Excitation and b) emission loadings obtained from the PARAFAC2 fitting of the 

ppR dataset with non-negativity constraint applied on the emission and sample modes 

 

When examining the excitation and emission loadings (see Figure 59 and 

Table 26) the first three components could easily be assigned to the Tyr, Trp, and Py 

fluorescence respectively, while the fourth component appeared to be a composite of 

RF and FA fluorescence.  This fourth component represents the combined 

fluorescence from RF and FA with emission maxima at 420 nm and 515 nm.  The 

corresponding excitation loading features maxima at 250, 355, and 370 nm which 

also correspond to a composite of the excitation spectra of FA and RF (Table 23, 

Figure 53).  FA and RF have much weaker fluorescence, with poor signal-to-noise 

ratios, leading to imprecision in the discrimination of emission maxima.  They may 

also display similar fluorescence behaviour in response to concentration variations, 

and this co-linearity in the EEM data from ppR made it impossible for PARAFAC2 

to resolve the individual components. In Figure 59 the peaks at 310 and 300 nm 

respectively for the third and fourth components could be artefacts due to the 

presence of missing values resulting from Rayleigh scattering removal. 

 
Table 26 Excitation and emission maxima for the four components extracted from the 

PARAFAC2 model which used NN on the emission and sample modes. 

Component # Excitation maxima (nm) Emission maxima (nm) ID 
1 275 (minimum in some cases) 355 Trp 
2 230, 275 305 Tyr 
3 290, 325 390 (310) Py 
4 250 , 355, 370 420, 515, 585 (300) FA/RF mixture 
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The excitation loadings (Figure 59) show, as expected, major changes in the 

Trp and Tyr profiles with a pronounced saddle visible in the Trp excitation loading.  

The saddle gets deeper with the growing IFE caused by the increasing eRDF 

concentration. The PARAFAC2 scores plot (Figure 60), shows the quantitative 

impact of the matrix effects on the fluorescence intensities of the four components.  

It is obvious that over this concentration range there is a very significant non-

linearity, particularly for the Tyr emission intensity (Figure 60) and the Trp 

excitation profile (Figure 59). IFE68 is particularly evident in Tyr and Trp 

fluorescence because of the significant spectral overlap of the media absorbance 

maximum with their fluorescence excitation and/or emission range.   

 

 
Figure 60 PARAFAC2 scores obtained from the PARAFAC2 fitting of the ppR dataset with 

non-negativity constraint on the emission and sample modes 

 

Finally, using PARAFAC2, more variance was explained with 4 components 

than with 6 components used in PARAFAC (see appendix 6-3). This further proves 

that the use of PARAFAC2 is a more attractive alternative to PARAFAC and is 

capable of dealing with spectral changes resulting from matrix effects during the 

analysis of these complex samples. Note that for validation the same dataset fitted 

here with PARAFAC2 (ppR) was also fitted using a multi curve resolution method 

combined to an alternative least square algorithm (MCR-ALS). The profiles obtained 

                                                
68 RET is discussed page 129. 
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are shown in appendix 6-5 and were in good agreement with the PARAFAC2 

loadings including for the fourth component which could not be further resolved with 

this technique. 

 

6.2.3. Analysis of the scores of the PARAFAC2 

model fitted on ppR 
Since IFE is such an important factor in fluorescence-EEM of these complex 

CD-media, it can be useful to try and develop a model for IFE in these types of 

samples. In this model, the fluorescence of Trp, Tyr and Py in a virtually identical69 

sample matrix was predicted by a series of approximations, the most significant of 

which was that RET or other fluorescence quenching were not included. The model 

ultimately led to predicted fluorescence profiles for the different analytes. The 

difference between the virtual PARAFAC2 scores calculated on these predicted 

fluorescence profiles and those obtained experimentally should then correspond to 

the part of the data that is affected by factors other than IFE. 

The first step was the determination of the general equation describing the 

fluorescence of each individual fluorophore when impacted with IFE due to the 

absorption of the medium. The quantum yield of a fluorophore is defined by 

Equation 21 and the absorbance of the medium is defined in Equation 22. 

Additionally, Lakowicz [48] gives Equation 23 for the correction of fluorescence 

spectra affected by IFE. Combining these equations leads to Equation 24 which gives 

the fluorescence intensity at a given instance (excitation wavelength, emission 

wavelength, eRDF concentration, analyte concentration) as a function of extinction 

coefficients and quantum yields. Equation 24 can then be translated into a 

relationship between known experimental data (Equation 25) obtaining the extinction 

coefficients from the absorbance spectra and the quantum yields from the pure 

fluorophore emission spectra. Ultimately, Equation 25 was used to predict the 

fluorescence profile of Trp, Tyr or Py, in eRDF media at varying concentrations.  

 

                                                
69 In terms of absorbance 
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푰풇풍풖풐(훌풆풙,훌풆풎) = 푰풂풃풔(훌풆풙) × 횽(훌풆풎) 70Equation 21 

푨 = 퐥퐨퐠	(
푰ퟎ

푰풕풓풂풏풔
) Equation 22 

푭풄풐풓 = 푭풐풃풔 × 풂풏풕풊풍풐품(
(푶푫풆풙 + 푶푫풆풎)

ퟐ ) 71Equation 23 

푰(흀풆풙,흀풆풎,풄풕, 풄풂풏) = 푰ퟎ휱(흀풆풎)ퟏퟎ 휺풕(흀풆풎)풍풄풕ퟏퟎ 휺풕(흀풆풙)풍풄풕(ퟏ − ퟏퟎ 휺풂풏(흀풆풙)풍풄풂풏) Equation 24 

 

where 

 퐼(휆 ,휆 , 푐 )  is the fluorescence intensity accounting for IFE 

 훷(휆 ) is the quantum yield 

 휀  is the extinction coefficient of the bulk (responsible for the total 

absorbance) 

 휀  is the extinction coefficient of the target analyte (responsible for 

the target analyte absorbance) 

 푐  is the analyte concentration in g/L and  

 푐  is the global eRDF concentration 
 

푰(흀풆풎,흀풆풙, 풄) = 푭풆풎,풂풏(흀풆풎) × ퟏퟎ ퟎ.ퟓ×푨풆푹푫푭(흀풆풎)×ퟐ.ퟓ× 풄
ퟏퟕ.ퟕ

× ퟏퟎ ퟎ.ퟓ×푨풆푹푫푭(흀풆풙)× 풄
ퟏퟕ.ퟕ × (ퟏ − ퟏퟎ ퟎ.ퟓ×푨풂풏(흀풆풙)× 풄

ퟏퟕ.ퟕ) 
Equation 25 

 

where 

 퐼(휆 ,휆 , 푐 ) is the fluorescence intensity accounting for IFE 

 퐹 , (휆 ) is the emission intensity of the pure analyte in water, pH 

7 (phosphate buffer) at 휆  

 퐴 (λ) is the absorbance of the eRDF medium at λ and 

 퐴 (휆 ) is the absorbance of the pure analyte in water, pH 7 

(phosphate buffer) at 휆  

  

                                                
70 For clarity the instrumental constant was left out of this equation 
71 This is an approximation, a more specific expression can be found in [80] 
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Figure 61 EEM landscapes predicted for Trp (a), Tyr (b), and Py (c) for a theoretical sample in 

the middle of the concentration range (15 g/L). 

 

The emission and absorbance spectra used for the predictions are shown in in 

appendix 6-6. Using this method, the fluorescence landscapes and scores of Trp, Tyr 

and Py in eRDF matrices at varying concentrations were predicted (Figure 62 and 

Figure 61). The predicted PARAFAC2 scores were calculated from the Frobenius 

norm (footnote 63, p. 128) of the individual predicted landscapes (Figure 61). 

 

 
Figure 62 Experimental (circled) PARAFAC 2 scores of component 1 (blue), 2 (green), and 3 

(red) and predicted scores (plain line) from factors associated to pure Trp (blue), Tyr (green), 

and Py (red). 

 

The Tyr and Py predicted scores fitted well the experimental PARAFAC2 

scores. This showed that the ‘IFE only’ approximation was appropriate to explain 

Tyr and Py fluorescence response to changes in eRDF concentration. However, in 
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the case of Trp deviations of the predicted values from the experimental values 

(Figure 62) were observed in two domains: 

1. At low concentration (< 10 g/L) where the predicted scores 

overestimate the fluorescence observed. That indicates that additional 

fluorescence quenching (e.g static quenching) may interfere with Trp 

fluorescence. 

2. At high concentration (> 10 g/L) where the predicted scores 

underestimate the fluorescence observed suggesting the presence of 

RET from Tyr to Trp that was not included in the ‘IFE only’ model.72 

The 4th PARAFAC2 component was not modelled as it was not well defined 

and was suspected to be the result of a composite of two fluorophores fluorescence. 

  

                                                
72 The effect of the quenching observed at low concentration would then be overpowered by 

the RET and would not be visible in Figure 62 (> 10 g/L). 
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 Conclusions 6.3.

Five major fluorophores were identified in the eRDF EEM: Trp, Tyr, Py, FA 

and RF. Notable differences were observed between EEM landscapes at low and 

high concentrations. The major change was in the shape of the Trp excitation spectra 

and is due to IFE. 

ppR was then fitted using PARAFAC and PARAFAC2. This allowed for a 

better understanding of the matrix effects. The consequences of the matrix effects are 

visible at two levels: (1) the non-linearity of the individual fluorophores intensity 

behaviour with concentration and (2) the change in shape of the excitation profile of 

the fluorophores, in particular Trp which displayed an increasing saddle centred at 

275 nm. The matrix effects were mainly explained by the presence of a high number 

of chromophores which is a source of IFE and the presence of radiative energy 

transfer between Tyr and Trp. 

The fluorescence profile of Trp, Tyr and Py were predicted based on a series 

of approximations only taking into account IFE. The predicted profiles for Tyr and 

Py matched the scores obtained experimentally. This suggested that the 

approximation assuming that IFE was the only source responsible for the matrix 

effect in eRDF fluorescence was appropriate in the case of Tyr and Py. However, it 

also showed that this approximation was not suitable in the case of Trp as at low 

concentration Trp emission may be affected by other undefined fluorescence 

quenching which is then overpowered at higher concentration by RET effect.  
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7.  Development of a quantitative 
analysis method for fluorescent amino 
acids and vitamins in eRDF media: 
use of cSA 

 

The aim of this chapter was to develop an EEM based method for the 

quantification of various analytes in eRDF solutions (17.7 g/L). The target analytes 

were the previously identified fluorophores Trp/Tyr and Py/FA/RF. This was 

achieved using first cSA and then mSA (chapter 6) based approaches (section 3.5.5). 

The cSA approach simply involved spiking a standard eRDF solution (Test sample) 

with known amounts of the test analytes to generate sample sets: qRcSA_aa_w (63 

samples) and qRcSA_vit_w (93 samples) when spiked with the amino acids and 

vitamins respectively (Table 8 and Table 10). The cSA method generated calibration 

ranges from c0 (concentration of analyte as intrinsic part of eRDF composition) to 2 

c0, as illustrated in Figure 63 and Figure 64. 

 

 
Figure 63 Concentration and calibration ranges of the samples used for the cSA based 

calibration method implemented for the determination of Trp and Tyr in eRDF solutions. 
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Figure 64 Concentration and calibration ranges of the samples used for the cSA based 

calibration method implemented for the determination of Py, FA and RF in eRDF solutions. 

 

NPLS was used to correlate the EEM of the spiked samples (X) to the vector 

containing the values of total analyte concentrations (y/Y). The total concentrations 

were calculated based on the initial concentration values (c0) for each analyte 

obtained by chromatography73 (Table 5). As a result of the experiment design (cSA) 

the calibration ranges were limited at the lower end by the amount of analyte 

originally present in the Test sample (section 4.1.2, Figure 38). Note that the datasets 

used for calibration only included the spiked samples74 and consisted of a 37 x 71 x 

60 dataset for the simultaneous determination of Trp and Tyr, and a 46 x 55 x 90 

dataset for the determination of Py, FA, and RF.  

 

  

                                                
73 Analysis performed by the Institute Kuhlmann, analytic-Zentrum Ludwigshafen (see 

section 4.1.1.1) 
74 Not the Test sample 

0 10 20 30 40

Pyridoxine
Py cal

Folic acid
FA cal

Riboflavin
RF cal

Concentration (μM)

Initial conc. Added conc. Calibration range



Development of a quantitative analysis method for fluorescent amino acids 

and vitamins in eRDF media: use of cSA 

 

- 143 - 

 

 Trp and Tyr determination using cSA 7.1.

7.1.1. Qualitative analysis of Trp and Tyr spiked 

samples (qRcSA_aa_w) 
First the influence of the analyte spiking on the overall fluorescence 

landscape was assessed. This was first performed by the observation of emission 

spectra extracted from the overall EEM.  

 

a)  b)  
Figure 65 Variation of fluorescence intensity at a) 280 nm (Trp maximum excitation 

wavelength) through the addition of Trp to double initial concentration, and b) 275 nm (Tyr 

maximum excitation wavelength) through the addition of Tyr to double initial concentration 

(dataset qRcSA_aa_w). The plots show the average of three replicates 

 

The change in the emission spectrum of eRDF as the solution is spiked with 

Trp and Tyr is shown Figure 65. The intensity increase of each of the analyte 

characteristic band upon addition of the same analyte is evident. A PARAFAC study 

on the dataset gives a better insight on the behaviour of the Tyr and Trp fluorescence 

when their concentration is varied. In general, using PARAFAC (or PARAFAC 2) to 

analyse the data prior to further use is an excellent way to characterise every sample. 

This provides general information about the fluorophores present in the solution 

(excitation and emission profiles) and specific information about the relative 

intensity of the fluorophores in each sample. In contrast to PARAFAC(2), other 

techniques such as UPCA, focus more on the variability of the samples to resolve 

each component and the loadings obtained cannot generally be directly compared to 

the excitation and emission profiles of individual fluorophores. Furthermore 
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PARAFAC(2) is capable of handling the presence of unexpected interferents; 

therefore it is possible to model the data prior to the removal of outliers and this may 

give critical information about the nature of their difference from the bulk of the 

samples. 

First a simple PARAFAC model was fitted to qRcSA_aa_w as it was 

possible that spiking with a single analyte (Trp/Tyr) would not have an impact on the 

excitation fluorescence profile of eRDF solutions as large as when the total eRDF 

concentration is varied (Figure 59); thus the use of PARAFAC2 would not be 

necessary. However a similar behaviour to the one observed in the concentration 

study dataset ppR (Figure 59) was observed (appendix 7-1). PARAFAC2 was then 

used as an alternative to PARAFAC allowing for spectral changes occurring in one 

of the directions (here namely the excitation mode). The qRcSA_aa_w data was then 

fitted using PARAFAC2 with 2 components and non-negativity on the two non-

changing modes: emission and sample modes (Figure 66) explaining 99.72 % of the 

variance in X75. 

 

                                                
75 Here only two components were necessary to fit the dataset as, in contrast to the case when 

the overall eRDF concentration varied, here variation is introduced only by Trp and Tyr spiking hence 
PARAFAC2 was only able to resolve these two components. This also means that the other 
fluorophores in the eRDF solution were not or little affected by the Trp and Tyr spiking and did not 
vary sufficiently during spiking to be resolved. 
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Figure 66 Excitation and emission profile (a and b) and scores plotted against the Trp and Tyr 

added concentration (c and d) of obtained from the fitting of qRcSA_aa_w using a 2 component 

PARAFAC2 model. Components 1(Trp) and 2 (Tyr) are shown in blue and green respectively. 

 

The PARAFAC2 model obtained showed emission loadings which are close 

to the expected emission spectra for Trp and Tyr. Note that the analysis of the 

residual across the samples did not reveal the presence of any outliers from a 

PARAFAC2 point of view. The excitation loadings show the appearance of 

increasing IFE with a saddle similar to the one observed when the overall eRDF 

(Figure 59) concentration was varied. Figure 67 shows that the saddle appears mainly 

as a consequence of the addition of Tyr to the medium. Tyr has a weaker extinction 

coefficient than Trp but is spiked is larger quantities at each step; as a result Tyr 

spiking impacts the excitation profile of the eRDF solutions more significantly than 

spiking with Trp (Figure 67). Moreover, Trp has a much wider absorption band than 
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Tyr, thus the impact of Trp absorbance on Tyr excitation profile is more uniform 

across the Tyr excitation range and does not impact the shape of the excitation 

profile significantly. 

 
Figure 67 PARAFAC2 excitation profile; separation of Trp spiked (black solid lines) and Tyr 

spiked (red dashed lines) samples 

 

Figure 66 – c and d show the impact of Trp and Tyr spiking on the overall 

EEM intensity. A relatively linear increase of the Trp and Tyr scores upon increase 

of their concentration was observed (RTrp
2 = 0.99, RTyr

2 = 0.97)76. This showed that 

the matrix effects introduced by varying the concentration of a limited number of 

components (Trp and Tyr) in this fixed sample matrix (17.7 g/L eRDF solution) did 

not introduce extensive non-linearity in the overall EEM intensity variation. This 

suggested that NPLS, coupled with appropriate pre-processing, may be suited for the 

quantification of Trp and Tyr. Additionally, the impact of IFE due to Trp and Tyr 

spiking was also visible on the scores plots (Figure 66 – c and d) showing a decrease 

in non-targeted analyte scores upon addition of the targeted analyte. This is an 

obstacle that had to be overcome during the development of the quantification 

method by considering Trp and Tyr quantification simultaneously for example. 

In a second step UPCA was used to acquire a better understanding of the 

variance of the dataset. UPCA is the most commonly used method for the detection 

of outliers prior to quantitative analysis and it was used here for that purpose. This is 

                                                
76 R2 for Tyr is less than the one for Trp; this is probably due to samples 8 and 9 that appear 

to deviate slightly from the linear fit may be because of sample preparation errors. 
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done by observing the hotelling versus residual plot. Residuals (Q) represent the 

variance of the data that is not explained by the model and the hotelling (T2) is a 

good indicator of how different a sample is from an average/typical sample of the 

group. The dataset qRcSA_aa_w was modelled by a 3 component UPCA model 

explaining 99.98 % of the variance in EEM data (X). The Q residual versus hotelling 

plot is shown in Figure 68 in which the samples outside the bottom left quadrant are 

considered as outliers. 

 

 
Figure 68 UPCA fitted on qRcSA_aa_w (Table 8), Hotelling (T2) versus Q residuals.  The 

sample corresponding to the Test samples (●), Trp (▼) and Tyr (*) spiking are shown. The blue 

dashed lines represent the 95 % confidence limit. 

 

Two samples were identified as outliers because their residuals exceeded the 

set threshold. They are the first replicate of sample 6 spiked with Trp and the third 

replicate of sample 10 also spiked with Trp (Table 8). These two samples could not 

be correlated to a particular event during the data collection that could explain their 

difference from the other samples. It is possible that they were affected by some form 

of unidentified measurement error leading to uncommonly large noise that would not 

be noticeable with the naked eye before UPCA analysis. The two samples detected as 

outliers were then removed from the dataset prior to analysis using NPLS.  

 



Development of a quantitative analysis method for fluorescent amino acids 

and vitamins in eRDF media: use of cSA 

 

- 148 - 

 

7.1.2. Quantitative analysis of amino acids using a 

cSA approach (qRcSA_aa_w) 
In this section, the development of a method for the quantitative 

determination of Trp and Tyr in 17.7 g/L eRDF media and based on the use of cSA is 

discussed. This was carried out by correlating the EEM data (X) of the qRcSA_aa_w 

dataset to the total concentrations of Trp and Tyr in each sample [in a two column 

matrix (Y)77]. For this study, the full EEM region (220-400 / 250-600 nm excitation 

/emission ranges) was used and the 8 different pre-processing combinations (4 on X 

and 2 on Y) described in Table 20 and Table 21 were investigated. The prediction 

errors (RMSEP/REP) were calculated based on the prediction of Trp and Tyr 

concentration in an independent dataset78 (qRcSA_aa_wp, Table 10). The details of 

all the models run are shown in appendix 7-2. 

 

 
Figure 69 Expected v. predicted concentration plots for the determination of Trp (a) and Tyr (b) 

respectively using a cSA approach using dataset qRcSA_aa_w. The calibration (●), validation (

▽) and prediction (▲) results are shown. The green line is the first diagonal. 

 
Table 27 Summary of best cSA prediction of Trp and Tyr 

Analyte PreP X PreP Y LVs RMSEC 
(μM) 

RMSECV 
(μM) 

RMSEP 
(μM) 

REP 
(%) 

Trp C1 AS 4 0.072 0.082 2.933 2.6 
Tyr C1 AS 4 0.092 0.106 19.947 3.3 

                                                
77 A column contains Trp concentration and the other Tyr concentrations 
78 The means of the concentration values for the prediction sample were 114.3 and 609.3 μM 

for the Trp and Tyr respectively. 
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Figure 69 shows the calibration, validation and prediction plots obtained for 

the models leading to the best quality of prediction and Table 27 gives a summary of 

the results and parameters (PreP and LVs) used to obtain the best results. Trp and 

Tyr could then be predicted with a prediction error as low as 2.6 and 3.3 % 

respectively. Overall, the best prediction capabilities were found for X centered on 

the object mode, Y auto-scaled (see section 3.2) and using 4 LVs. These criteria were 

used for both determination of Trp and Tyr. The pre-processing used here is rather 

common. Moreover, only 4 LVs were used leading to good prediction errors (~3 %). 

These results indicated that the NPLS model could deal with the non-linearities79 

observed in the dataset using PARAFAC2 (Figure 66 and Figure 67). 

 

  

                                                
79 As two analytes are determined simultaneously, a minimum of 2 LVs would be used in the 

ideal (perfectly linear) case. The deviation to linearity in the present case was handled by the NPLS 
algorithm by addition of only 2 extra LVs. 
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 Py, FA, and RF determination using cSA 7.2.

7.2.1. Qualitative analysis of Py, FA and RF spiked 

samples (qRcSA_vit_w) 
In a second step the development of a complementary method able to 

determine the concentration of the three vitamins (weaker fluorophores) in eRDF 

solutions (17.7 g/.L) was investigated. For this purpose, samples spiked with the 

three vitamins (Py, FA and RF) were used in order to develop the cSA based method 

(see section 4.1.2.2.B). The dataset qcSA_vit_w described in Table 11 and Table 14 

was used. As for the quantification of Trp and Tyr, the data were first studied in a 

holistic manner in order to identify the most visible aspects of the impact of varying 

Py, FA and RF concentrations on the overall fluorescent landscape. PARAFAC was 

then used as a technique capable of illustrating the intensity variation of individual 

fluorophores throughout spiking. Once the data were comprehensively understood 

from a photo-chemical point of view the development of the quantitative analysis 

was done in two steps: (1) determination of outliers based on a UPCA model and (2) 

construction of a calibration model by regression using NPLS. 

 

 
Figure 70 Variation of fluorescence intensity at a) 355nm (FA excitation wavelength) through 

the addition of FA, b) 320nm (Py excitation wavelength) through the addition of Py, c) 365nm 

(RF excitation wavelength) through the addition of RF. The plots shown are the average of three 

replicates. The arrow indicates the direction of increasing concentration. 

 

The emission bands of samples 1 to 10 (Table 11) at the characteristic 

excitation wavelength of the three fluorophores are shown in Figure 70. Figure 70-b 

clearly shows the increase in fluorescent intensity (excitation 320 nm) with a 
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maximum at 390 nm resulting from the addition of Py. Both folic acid and riboflavin 

bands appear in Figure 70-a/c. The increase in intensity of the riboflavin band in 

response to the addition of riboflavin is evident in Figure 70-c; however in Figure 

70-a very little variation in the folic acid band is observed as a result of its addition. 

That can be explained by the strong absorbance (Figure 54) and low quantum yield 

(Table 23) of FA. As the lack of resolution in the raw data hinders a thorough 

spectral analysis of the dataset, it was then fitted with a PARAFAC model in order to 

resolve the signal of individual fluorophores.  

 

 
Figure 71 PARAFAC loading on excitation (a) and emission mode (b). Components 1 to 4 are 

shown in blue, green, red, and cyan, respectively. 

 

Here it was not necessary to use a PARAFAC2 model as the fluorescence in 

this longer wavelength region (used for qcSA_vit_w and described in Table 11) is 

less affected by IFE80 (lower absorption see Figure 54) and thus no spectral shape 

changes, in particular in the excitation spectra, were observed. As the data was 

trilinear81 the use of a simple PARAFAC model was appropriate (Figure 71). A four 

component model was built explaining 99.93% of the dataset variance (CC = 95).  

The loadings are shown in Figure 71. The three first components correspond to the 

three vitamins, pyridoxine, riboflavin and folic acid (from 1 to 3 respectively), while 

component 4 corresponds to the fluorescence of tryptophan. This was found by 

                                                
80  See p. 130 for more details. 
81 Note: tri-linear in Cattel’s principles way (see p. 64) [86] not regarding the 

intensity/concentration relationship 
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comparison of the loadings to the pure excitation and emission spectra (Figure 53) 

and characteristic emission data obtained from the literature and summarised in 

Table 23. Table 28 gives the details of the loadings characteristics of the 4 

components: excitation and emission maxima. 

 
Table 28 Details of the loadings from the 4 component PARAFAC model. 

Component λ Ex max (nm) λ Em max (nm) 
1 325 395 
2 370, 455 525-sh570 
3 355 440 –sh465 
4 <315 365 

 

The scores obtained for the model (Figure 71) are shown in Figure 72 as a 

function of the added concentration of Py, FA and RF. For clarity, in each plot only 

the samples spiked with the analyte whose concentration is used in the x-axis are 

shown. Overall the scores obtained with the PARAFAC fitting of the data from the 

vitamin spiking (Figure 72) show larger variation between the triplicate 

measurements than the ones observed with the PARAFAC2 modelling of the amino 

acid spiked samples. This is due to the fact that these vitamins are much weaker 

fluorophores than the two amino acids thus leading to poorer signal to noise ratios. 

Furthermore, it is clear in Figure 72 that the intensity of the components 

corresponding to Py and RF emission increases when the eRDF solution are spiked 

with Py and RF respectively. As it was previously suggested by observation of the 

raw EEMs (Figure 70) the increase in the FA component intensity is very weak 

(Figure 72-b) and it is clear that when the solution is spiked with FA the intensity of 

the Trp in particular (but also Py) decreases. This is due to the fact that FA has a high 

extinction coefficient (31.3 cm-1mM-1,Table 23) with a maximum at 355 nm and is 

thus the cause of significant IFE (and also possibly RET). The addition of Py and RF, 

however, does not appear to have a large impact on the fluorescence intensity of the 

other fluorophores. 

 



Development of a quantitative analysis method for fluorescent amino acids 

and vitamins in eRDF media: use of cSA 

 

- 153 - 

 

 
Figure 72 Scores of the 4 components: Component 1 (●), Component 2 (▲), Component 3 (♦) 

and Component 4 (▼), plotted against the added folic acid (a), pyridoxine (b) and riboflavin (c) 

concentrations in the samples. The scores for the 3 replicate measurements were averaged. 

 

As discussed previously (p. 147), whilst PARAFAC mainly gives spectral 

information on the data, UPCA is a better method for the observation of the 

variability between samples and it was used here for the main purpose of the 

detection of outliers. The model was built on non-pre-processed, Rayleigh scatter 

eliminated data using 3 PCs. 99.93 % of the total variance in the EEM data (X) was 

explained and the plot of the residual versus hotelling indicating the presence of 

outliers is given Figure 73. 
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Figure 73  T2 versus Q residuals plot from UPCA model on the raw (scatter eliminated) full 

EEM dataset (qRcSA_vit_w). The dashed blue lines represent the confidence limit at 95 % 

 

Eight samples were found to be outlying82 and were removed from the dataset 

(qRcSA_vit_w) prior to quantitative analysis. As for the samples spiked with Trp 

and Tyr the reasons for the variation causing these samples to be outliers could not 

be found by visual analysis of their EEMs or by trying to relate them to a particular 

event during data collection. Their high residual is then probably caused by 

measurement errors inherent to the method and instrumentation used. 

 

7.2.2.  Quantitative analysis of vitamins using a 

cSA approach (qRcSA_vit_w) 
The aim of this section is the development of a calibration model that can be 

used for the accurate quantification of Py, FA and RF in eRDF solutions. PARAFAC 

was used to assess the impact of spiking on the overall fluorescence landscape 

showing (Figure 72) that the concentration variation of Py and RF had little impact 

on the other fluorophores. However, it also showed that FA had a more significant 

impact suggesting that it was necessary to associate it to this quantitative study; This 

                                                
82 They correspond to the third replicate of the sample 3, 4 and 6 spiked with Py (Table 11) 

and designated as Py03_3, Py04_3 and Py06_3, the second and third replicates respectively of 
samples 4 and 5 spiked with FA (Table 11) designated as FA04_2 and FA05_3 and finally the first, 
second and first replicates of the samples 2, 5 and 8 of the series spiked with RF (Table 11) designated 
as RF02_3, RF05_2 and RF08_1. 

General concentration 
increase direction 
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was done despite the fact that FA quantification was likely to be challenging as it 

displays a weak and rather unresolved emission band (Figure 70). 

The NPLS models were then fitted to the datasets spiked with Py, FA and RF 

(qRcSA_vit_w) built with the full EEMs and applying the 8 different pre-processing 

combinations (see Table 20 and Table 21). The best models were determined based 

on cross-validation and prediction errors (see section 3.6). The prediction errors were 

calculated based on the prediction of Py, FA and RF concentrations in an 

independent dataset83 (qRcSA_vit_wp Table 13). The detail of all the models 

selected is given in appendix 7-3. 

 
Table 29 Summary of CSA prediction results84 on the qRcSA_vit_w dataset 

 PreP X PreP Y LVs RMSEC RMSECV RMSEP REP 
(%) 

Py C AS 5 0.1132 0.1220 0.2373 4.9 
FA C1S3 AS 3 0.3164 0.3498 2.2698 10.0 
RF C AS 5 0.1244 0.1326 0.0353 5.2 

 

The calibration models displaying the best prediction capabilities are detailed 

in Table 29. Py and RF could be predicted with 4.9 and 5.2 % relative error of 

prediction (REP) while FA was only predicted with up to 10 % relative error. Overall 

the number of LVs necessary was low indicating that the addition of analyte to the 

eRDF matrix did not introduce extensive additional non linearity. This agreed with 

the results observed during the PARAFAC study.  

  

                                                
83 The means of the concentration values for the prediction sample were 4.47, 22.6 and 0.68 

μM for the Py, FA and RF respectively. 
84 The means of the concentration values for the prediction sample were 4.47, 22.6 and 0.68 

μM for the Py, FA and RF respectively. 
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Figure 74 Expected v. predicted concentration plots for the determination of Py (a), FA (b) and 

RF(c) respectively using a cSA approach using dataset qRcSA_vit_w. The calibration (●), 

validation (▽) and prediction (▲) results are shown. The green line is the first diagonal. 

 

Figure 74 shows the calibration, validation and prediction curves obtained 

from the best models (Table 29). The quality of the predictions obtained with these 

models is not as good as the ones obtained for Trp and Tyr determination; this could 

be partially explained by the lack of reproducibility between triplicate measurements 

shown in the PARAFAC model (Figure 72). However, as for Trp and Tyr 

determination, a unique model was used for the determination of both Py and RF 

using centering of X and auto-scaling of Y. Only 5 LVs were used which is not very 

large as, given that 3 analytes were quantified simultaneously, a minimum of 3 LVs 

is required and indicated that the deviation to linearity of the emission bands of these 

two fluorophores during spiking is limited. 

FA quantification was much worse (REP = 10 %). However, it is interesting 

to note the pre-processing that was used in the model developed for FA (Table 29) 

involved scaling of the EEM data (X) within the emission mode. This allowed for 

improvement of the prediction error from 21.1 % (appendix 7-3) to 10.0 % and the 

number of LVs used was reduced from 5 to 3; i.e. decreasing the complexity 

(dimensionality) of the problem. It also showed how scaling within a spectral mode 

can be beneficial in the application of NPLS on fluorescence data presenting non 

linearity due to wavelength dependant phenomena. In this case in particular, it is 

possible that scaling on the emission mode had the effect of enhancing the weight of 

the variation occurring within the excitation mode. It was shown that FA spiking 

influenced largely Trp and Py fluorescence emission (Figure 72) probably due to its 
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strong absorption property. It is then possible that here the prediction is based on the 

detection of secondary effects85 arising from FA concentration variation. 

 

  

                                                
85 Based on the FA spiking effects on other fluorophores emission and not on FA emission 

directly. Figure 70-a shows how FA spiking only slightly impact FA emission. 



Development of a quantitative analysis method for fluorescent amino acids 

and vitamins in eRDF media: use of cSA 

 

- 158 - 

 

 Conclusion 7.3.

PARAFAC or PARAFAC286 models were used to determine the impact of 

the variation of specific analyte concentrations on the overall fluorescence emission 

of the eRDF solutions. Using PARAFAC2 on the samples spiked with Tyr and Trp 

showed the significant impact of Tyr addition on the Trp excitation spectrum due to 

IFE. In the case of the vitamins, the use of a PARAFAC model showed the large 

impact of FA spiking on Py and RF emission band intensity. Because of this impact, 

FA was included as a target analyte in the development of quantitative methods using 

NPLS despite the fact that spiking with FA did not cause a large variation of FA 

emission intensity itself suggesting that correlation between the EEM and FA 

concentration could be difficult. In addition, the variability of the sample sets was 

assessed using UPCA models and outliers were determined and removed from the 

datasets before quantitative analysis.  

Once the quality of the data was assessed, calibration models were built using 

NPLS coupled with cSA (NPLS-cSA) for the prediction of Trp and Tyr achieving 

prediction with relative prediction errors of 2.6 and 3.3 % for Trp and Tyr 

respectively. Similar models were built for the prediction of Py and RF achieving 4.9 

and 5.2 % prediction errors. FA could only be predicted with a 10 % error but the 

advantage of scaling the EEM data within a spectral mode (e.g. emission) was 

demonstrated.  

 The calibration models were constructed using the full EEMs analysis. A 

similar study on restricted EEM regions could be performed along with a more 

detailed selection process of the amount of information (samples to include in 

calibration and analyte being determined simultaneously) to help improve the 

prediction capability of the method. However, it is not the aim here to improve this 

method as it presents the inherent problem of having a calibration range limited in its 

lower end by the initial analyte concentration in the Test sample. This means that due 

to the experimental design, only analytes present in the sample with a concentration 

                                                
86 In the case where changes the shape of excitation profiles precluded the use of a simple 

PARAFAC model 
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greater than the one in the one in the Test sample used for calibration (c0) can be 

quantified. 

Another disadvantage of the cSA method is that it relies largely on precise a-

priori knowledge of c0. However, because of the complexity of CD-media like eRDF 

and, the variability associated with its manufacturing, this value may not always be 

known accurately. For example, here the values provided by the manufacturer’s 

specification for the concentration data were first relied on; however, when the eRDF 

was tested (p. 85) it was found that there were significant differences.  

These results show that NPLS coupled with EEM measurements could be 

used for quantification of Trp, Tyr, Py, RF and FA in eRDF solutions in their 

prepared state. However for all the reasons discussed above, the method had to be 

improved and this was done by implementing a mSA approach (discussed in chapter 

8). 
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8.  Improving the quantitative analysis 
of fluorescent amino acids and 
vitamins in eRDF media: use of mSA 

 

As shown in the previous chapter, the cSA method is not very applicable to 

media analysis. In this chapter the mSA method which would allow for more 

appropriate calibration ranges is used. In particular it should allow for quantification 

above and below the reference values. 

The mSA method is described in section 3.5.5.3 and the samples used are 

detailed in Table 9 and Table 12; the datasets are referred to as qRmSA_aa_w and 

qRmSA_vit_w. They differ from those used in the previous section (cSA) as they 

consist of eRDF solution (17.7 g/L) spiked with various amounts of analytes in order 

to triple87 their initial concentration in the Test sample (c0). This difference can be 

visualised by looking at Figure 75/Figure 76 and Figure 63/Figure 64. This was 

carried out as the method involved the regression of the Test matrix subtracted 

sample dataset (TMSS)88 on the added89 analyte concentrations in order to obtain a 

calibration range varying between 0 and 2 c0 thus centred around c0 (Figure 75 and 

Figure 38). 

When the cSA method was applied only the pre-processing’s (PreP X and 

Prep Y) were varied. Here the use of different sample subsets in X and y/Y (CalCs 

see Table 16 and Table 17) and different sub-regions of the EEM were also 

investigated (EERs see section 4.1.5.3, Table 18 and Table 19 and appendix 4-4 and 

4-5). A more complete description of the method development is given in section 

4.1.5. As previously, the spiked samples in each series are referred to as sample 1 to 

10 and individual prediction datasets (qRmSA_aa_wp and qRmSA_vit_wp) were 

used for prediction (see Table 10).  

 

                                                
87 In the case of cSA the concentration were doubled 
88 Obtained by subtraction of the Test sample EEM from all the spiked sample EEMs and 

represent the residual part of the signal corresponding to the variation in intensity due to the analyte 
concentration variation (see introduction) 

89 The total concentrations were used in cSA 
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Figure 75 Concentration and calibration ranges of the samples used for the cSA based 

calibration method implemented for the determination of Trp and Tyr in eRDF solutions. 

 

 

 
 

Figure 76 Concentration and calibration ranges of the samples used for the mSA based 

calibration method implemented for the determination of Py, FA and RF in eRDF solutions. 
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 Trp and Tyr determination using mSA 8.1.

8.1.1. Qualitative analysis of Trp and Tyr spiked 

samples (qRmSA_aa_w) 
It is important in the first stage to identify the effect of the addition of 

analytes on the fluorescence emission as this will potentially affect the trilinearity of 

the data and thus the complexity of the NPLS models required (PreP, LVs, EER and 

AA-CalCs). However effects very similar to the ones observed with the cSA study 

are expected (section 7.1.1).  

 

 
Figure 77 Excitation and Emission loading (a and b) and scores (c and d) of the PARAFAC2 

model fitted on qRmSA_aa_w plotted against Trp (c) and Tyr (d) concentrations. 
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A PARAFAC2 model was used to fit the dataset composed of the samples 

spiked with Trp and Tyr (qRmSA_aa_w) in order to deal with the IFE evident in the 

Trp excitation spectra. The PARAFAC2 model explained 99.77 % of the total 

variance of the dataset and the scores and loadings obtained are shown in Figure 77 

showing in particular the effect on the excitation spectra of Trp and Tyr when the 

eRDF is spiked with increasing amounts of each amino acid. Figure 77-c/d shows 

how the addition of Trp and Tyr interferes with each other’s fluorescence intensity. 

Overall the deviation to linearity observed is less dramatic than that observed when 

the eRDF concentration itself was varied (Figure 60). It compares more to the one 

obtained with the cSA case (Figure 67) apart from a slightly more curved behaviour 

of the scores when the Test sample is spiked with close to twice the original analyte 

concentrations. This is more obvious in the case of Tyr spiking. Consequently, it is 

expected that NPLS will be able to deal with these effects via the use of additional 

LV’s, however, the use of more complex pre-processing and probably the selection 

of other parameters for improvement of the model (AA-CalCs, EER) might also be 

necessary.  

 

 
Figure 78 T2 versus Q residuals plot for the UPCA model fitted on dataset qRmSA_aa_w with 2 

PCs. The dashed blue line represent 95 % confidence level and 99.89% of X variance was 

explained 

 



Improving the quantitative analysis of fluorescent amino acids and vitamins 

in eRDF media: use of mSA 

 

- 165 - 

 

UPCA was then implemented in order to assess the variability of the samples 

from the dataset. A two-component model was built on non-pre-processed data. 

Figure 78 shows the Q residual versus hotelling (T2) plot and no outliers were 

identified.  

This UPCA model was also used to assess the validity of the calibration 

ranges generated by sample preparation. These ranges are large (zero to twice the 

initial analyte concentration) and were used as the aim of this work is to build a 

generic method that will be adaptable to meet the demand, in terms of concentration 

range, in specific manufacturing conditions. The relative variation of the dataset used 

for mSA in the case of Trp and Tyr determination and a sample set from an industrial 

source are compared in appendix 8-1 [85]. 

 

8.1.1. Quantitative analysis of amino acids using a 

mSA approach (qRmSA_aa_w) 
The PARAFAC2 analysis of dataset qRmSA_aa_w showed larger deviation 

to linearity than in the simple cSA case that must be dealt with during the 

development of the quantification method. Furthermore, the implementation of mSA 

involves prediction on raw EEM that differ largely from the TMSS calibration 

EEMs90 (see section 3.5.5.3). As an example the raw and TMSS EEMs of sample 10 

for Trp and Tyr are shown in Figure 79. Because a more complex situation has to be 

dealt with here, more parameters were considered for improvement of the 

quantification technique. The calibration step was systematically performed on 9 

different EERs described in Table 18 and in the 5 calibration cases (AA-CalCs, 

Table 16 and Table 17). 

 

                                                
90  For calibration ‘clean’ EEMs are used; they are the TMSS and only contain the residual 

signal of one analyte as a consequence of the variation of its concentration whereas the prediction 
EEMs are the ‘raw’ EEM collected on an independent dataset. 
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Figure 79 Landscape plots showing the changes in the EEM of the eRDF media (17.7 g/L) spiked 

with (a) Trp (to twice nominal concentration, 179.4 M) and (b) Tyr (to twice nominal 

concentration, 955.3 M) and the corresponding test matrix subtracted EEM (TSSMs) spectra 

used in the calibration modelling (c and d) 

 

The best of 8 pre-processing techniques (Table 20 and Table 21) along with 

number of LVs were simultaneously selected in each case (AA-CalC/EER). Overall 

45 cases were considered. The detail of the models obtained in all the 45 cases is 

shown in appendix 8-2 along with the RMSEC, RMSEV, and RMSEP. Note that the 

TSSM of the Test sample was not included in the calibration step and validation was 

performed on sample 1 to 5 for the Tyr prediction and 1 to 3 for the Trp prediction91 

leading to validation sets containing 15 or 9 samples ‘raw’ EEMs. Prediction was 

performed on the raw EEMs of the samples in qRmSA_aa_wp (Table 10).  

 

                                                
91 This is due to the restriction of the upper limit of the Trp calibration range due to saturation 

of the detector in the condition used 
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Table 30 Summary of results for the models giving best prediction of Trp and Tyr using selected 

EEM regions 

An. Model type LV Rex (a) 

 (nm) 
Rem

(a)  
(nm) Pre-P(b) REV (c)  

(%) 
REP (c) 

 (%) 
REPT (c) 

 (%) 
Trp AA-CalC4 4 220 – 310 285 – 495 C1,C 2.4 4.7 1.3 
Tyr AA-CalC3 3 220 – 290 305 – 495 C1S2,AS 4.6 4.7 2.9 

(a) Rex and Rem are the excitation and the emission range defining the sub-sample of the original EEM 
used. 

(b) PreP, Pre-processing on X, Y. Centering (C or C1), Scaling on mode 2 and/or 3 (S2 and/or 3), 
Autoscaling (AS). 

(c) REC, REV, REP are the relative error of calibration, validation and prediction respectively; those errors 
are calculated from the RMSEC, RMSEV and RMSEP relatively to the mean of the expected values in 
each case. 
 

The detail of the modelling parameters (PreP, LVs, EER and AA-CalC) and 

errors obtained for the model with best prediction capabilities is given in Table 30. 

These models (Table 30, Figure 80) gave prediction errors (REPs) of 4.7 % for both 

Trp and Tyr. The summary of the results obtained for the models built on the full 

EEM in all AA-CalCs and selected from the eight pre-processing combinations 

(Table 31) show how the selection of the CalC and EEM region can help improve the 

prediction quality. The comparison of Table 31 with Table 30 illustrates for example 

that the selection of a region of interest can improve the chances to find a model able 

to predict Trp and Tyr concentrations. This is particularly obvious in the case of Tyr 

where the prediction errors were improved from an error greater than 40 % (Table 

31) to less than 5 % (Table 30). It also shows how including samples spiked with Trp 

and samples spiked with Tyr in the calibration dataset (AA-CalC3 and AA-CalC4) 

improved the prediction quality of Trp concentration with over a 20 % improvement 

of the REP values.  

 
Table 31 Summary of results from NPLS modelling of the full EEM data for prediction of Trp 

and Tyr concentrations using the mSA method. 

Analyte Model type LVs PreP(a) 

X 
PreP(a) 

Y REV (%) REP (%) REPT (%) 

Trp 
AA-CalC1 3 C1 C 30.0 28.6 38.1 
AA-CalC3 5 C1 C 3.1 5.1 1.9 
AA-CalC4 4 C1 C 4.9 6.2 5.0 

Tyr 
AA-CalC2 4 C1 C 62.1 65.8 86.1 
AA-CalC3 3 C1S2 AS 81.9 116.9 151.6 
AA-CalC5 3 C1 C 40.3 42.2 60.2 

(a) PreP, Pre-processing on X and Y. Centering (C or C1), Scaling on mode 2 and/or 3 (S2 
and/or 3), Autoscaling (AS). 
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Figure 80 Expected v. predicted concentration plots for the determination of Trp (a) and Tyr (b) 

respectively using a mSA approach using dataset extracted from qRmSA_aa_w. The calibration 

(●), validation (△) and prediction (▲) results are shown. The green line is the target regression 

line. 

 

The predicted versus expected concentrations plots for the prediction of Trp 

and Tyr are shown in Figure 80. Different regions, pre-processing, and number of 

LVs were used for both models, and these will be discussed independently.  

 

 
Figure 81 EEM region R7 of the data collected for Trp and Tyr determination 
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Firstly, Trp was most successfully predicted using both samples spiked with 

Tyr and Trp but fitted solely against the added Trp concentration. The region used 

was described in Table 18 and appendix 4-4 as region R7 (Figure 81); it eliminated 

the longer emission & excitation wavelength regions which are more associated with 

the emission from vitamins. It is interesting at this stage to observe the loadings 

corresponding to the 4 LVs which were used to build the calibration model selected 

(Figure 82).  

 

 
Figure 82 Excitation (a) , emission (b) loadings and scores (c) of the NPLS fitting of the 

calibration dataset leading to best Trp prediction using qRmSA_aa_w. LV 1 to 4 are shown in 

blue (1, ■), green (2, ●), red (3, ▼), cyan (4, ▲). 

 

Before interpretation of these loadings, it is important to keep in mind  that 

due to the implementation principle of NPLS (3.5), the loadings cannot be directly 

associated with fluorophores excitation and emission spectra [in contrast to 

PARAFAC(2)]. For this reason their interpretation must be performed with caution 

and will sometimes be very challenging. However, it is possible to suggest 

hypotheses. For example, the two first LVs seem to represent the increase in intensity 

for the Tyr and Trp band when their concentration is independently increased. On the 

scores plot (Figure 82-c) the scores of LV1 increase with Trp spiking and decreases 

with Tyr spiking. LV2 increases with both Trp and Tyr spiking and the associated 

loadings show the signal of both Trp and Tyr. Also the emission loading for LV1 

show a positive band for Trp emission and a negative band for Tyr emission. Thus 

the composite of the two loadings would result in a positive increase in the Trp band 

(with positive scores of LV1) when the solution is spiked with Trp alone and a 

positive increase of the Tyr band alone (with negative scores of LV1) when the 
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solution is spiked with Tyr. It also models the simultaneous decrease of the intensity 

of the non-spiked analyte (LV1). The 3rd and 4th LVs could correspond to further 

modelling of IFE induced by the addition of either Trp or Tyr to the eRDF solution. 

This is suggested by an excitation loading featuring a saddle at ~275 nm and an 

increase of the scores corresponding to these two LVs for both the Trp and Tyr 

spiking experiments. Note that this is plausible because Trp and Tyr have very 

similar absorbance spectra.  

Finally, the pre-processing used for the determination of Trp, was centering 

within the sample mode of X and Y. No scaling was necessary and only 4 LVs were 

use which is similar to what was obtained with the cSA based method (Table 27). 

This shows that the use of a mSA method for the determination of Trp did not 

excessively complicate the system. 

 

A different model was selected for the determination of Tyr leading to a 

relative prediction error of 4.7 %. The region used was region R3 described in Table 

18 and Figure 83 (appendix 4-4). 

 
Figure 83 EEM region R3 of the data collected for the Trp and Tyr prediction 

 

In this region both Trp and Tyr signals are visible and both samples spiked 

with Trp and with Tyr were used and fitted against both Trp and Tyr concentrations. 

This model was then built provided with a maximum of information about both 

analyte variations [intensity (via the region and samples chosen, X) and 
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concentration (via simultaneous determination of Trp and Tyr, Y)]. The emission 

range of R3 has a lower limit at 305 nm avoiding the region of strongest absorbance. 

This way, scaling on the excitation mode was sufficient to decrease the impact of the 

IFE on the data and only 3 LVs were necessary. The loadings and scores 

corresponding to these 3 LVs are shown in Figure 84. Note here that scaling of X 

within the excitation mode was applied making the interpretation of the excitation 

loading much more complex. Scaling was performed to the unity variance; this 

means that the same importance (from a variability point of view) was given to all 

excitation wavelengths. This was beneficial as the region selected included a large 

part of the spectrum affected by IFE (Figure 54) at excitation wavelengths down to 

220 nm; the result of the scaling can be seen in particular for the first two LVs in the 

excitation loadings plot (Figure 84 - a) with practically flat loadings92. 

 

 
Figure 84 Excitation (a) , emission (b) loadings and scores (c) of the NPLS fitting of the 

calibration dataset leading to best Tyr prediction using qRmSA_aa_w. LV 1 to 3 are shown in 

blue (1, ■), green (2, ●), red (3, ▼). 

 

From the emission loadings and scores plots (Figure 84 – b and c), the two 

first components are very similar to the one obtained from the model selected for Trp 

determination (p.169). LV 3 has a smaller importance93 but seems to be correlated to 

Tyr addition94 displaying an emission profile similar to the Tyr emission spectrum 

(Figure 53). 

                                                
92 The loading for the 3rd LV is more structured but has very low scores. 
93 LV 3 captures 3.0 % of variance in X and only 0.5 % of variance in Y thus probably 

explains less of the correlation between the EEM and the concentrations. This explains why LV 3 
scores are almost constant. 

94 Scores decrease with Tyr addition but the excitation loading is negative and scores are 
negative resulting in an increase of this component importance as the solution is spiked with Tyr 
(Figure 84). 
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 Py, FA, and RF prediction 8.2.

8.2.1. Qualitative analysis of Py, FA and RF spiked 

samples (qRmSA_vit_w) 
As the fluorescent bands of the vitamins are not very well resolved (see cSA 

Figure 70) PARAFAC95 was used to model the variation in the EEM spectra of an 

eRDF solution as it was spiked with various vitamins. A PARAFAC model was 

fitted to the qRmSA_vit_w (Table 12) and it was possible to model 99.9 % of the 

spectral variance using 4 components.  

 

 
Figure 85 Excitation (a) and emission (b) loadings of the PARAFAC fitting of dataset 

qRmSA_vit_w with a 4 component mode, CC =97, and VE = 99.915 %. Components 1 to 4 are 

shown in blue, green, red and cyan respectively. 

 

The excitation and emission loadings are plotted Figure 85 and the scores are 

shown in Figure 86 as a function of the added Py, FA, or RF concentration. It is clear 

from Figure 85 and Figure 86 that the components 1 to 4 correspond to the 

fluorescence emission of Py, RF, FA, and Trp respectively. It is interesting to note 

(Figure 86) the important impact of the folic acid concentration on the fluorescence 

observed for Trp due to IFE and RET from Trp to FA (see discussion of the cSA case 

p.152). 

 
                                                
95 The reason why PARAFAC was used here instead of PARAFAC2 is given p. 153. 
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Figure 86 Scores from the PARAFAC fitting of dataset qRmSA_vit_w plotted against the added 

Py (a), FA (b), and RF (c) concentrations. Components 1 to 4 are shown in blue, green, red and 

cyan respectively. 

 

To complete this study the variability of the dataset was assessed using 

UPCA analysis. The Q residual versus hotelling (T2) plot of the UPCA model built 

with 3 PCs is plotted Figure 87. 99.91 % of the overall variance of X was explained. 

This allowed for the detection of four outliers96. 

 

 
Figure 87 Q residuals versus hotelling (T2) plots of the UPCA model run on dataset 

qRmSA_vit_w. The dashed blue line indicate the 95 % confidence limit 

 

For the first time, two replicate measurements from the same sample were 

detected outliers; this could suggest that in this case the variability observed could be 

caused by the quality of the sample more than by measurement error. However, as in 

                                                
96 2nd and 3rd replicates of samples 7 and 8 respectively for the series of samples spiked with 

RF and 1st and 3rd replicates of sample 6 of the series of samples spiked with FA 
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the previous cases (cSA and mSA) the cause of this variation was not determined. 

These samples were excluded from the calibration when implementing the 

quantitative analysis method development. 

 

8.2.2. Quantitative analysis of vitamins using a 

mSA approach (qRmSA_vit_w) 
Seven different sub-regions were investigated as described in Table 19 (p. 

105) and for each region different ‘calibration cases’ (V-CalC1 to V-CalC5) were 

considered as described in Table 17. However, some regions only feature the signals 

from RF or Py and FA. For this reason not all the cases were considered for all the 

regions and the models run are detailed in appendix 4-6. Finally, the 8 different pre-

processing’s described in Table 20 and Table 21 were used. The best pre-processing 

and number of LVs (<15) was selected simultaneously based on RMSEV and 

RMSEP for a total of 35 cases (EERs, V-CalCs) considered. Figure 88 shows the 

predicted versus expected concentration for the models selected for the prediction of 

Py, FA, and RF and further details of the selected model are given in Table 32. 
 

 
Figure 88 Predicted versus expected concentration for the models selected for the determination 

of Py (a), FA (b), and RF (c) using dataset extracted from qRmSA_vit_w (Table 12 and Table 

32). The calibration (●), validation (△) and prediction (▲) results are shown. The green line is 

the target regression line. 
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Table 32 Summary of results for the models giving best prediction of Py, FA and RF using 

selected EEM regions 

An. Model 
type LV Rex (a) 

(nm) 
Rem

(a) 
(nm) Pre-P(b) REV (c) 

(%) 
REP (c) 

(%) 
REPT (c) 

(%) 
Py V-CalC3 6 315-540 330-650 C1,AS 2.4 3.8 6.0 
FA V-CalC4 12 315-385 400-600 C1S2,C 2.8 8.7 10.3 
RF V-CalC2 3 410-475 485-600 C1,C 0.9 2.3 4.1 

(a) Rex and Rem are the excitation and the emission range defining the sub-sample of the original EEM 
used. 

(b) PreP, Pre-processing on X, Y. Centering (C or C1), Scaling on mode 2 and/or 3 (S2 and/or 3), 
Autoscaling (AS). 

(c) REC, REV, REP are the relative error of calibration, validation and prediction respectively; those errors 
are calculated from the RMSEC, RMSEV and RMSEP relatively to the mean of the expected values in 
each case. 
 

Py and RF could be determined with REP’s of 3.8 and 2.3 % respectively 

(Table 32). The calibration model for the determination of FA only led to REP of 

8.7 % at best which is a marginal improvement of the results obtained with cSA. 

However this is possibly only due to the fact that restricted regions and specific V-

CalCs were investigated in the mSA case (and not in the cSA case). As they show 

different behaviour, the determination of Py and RF will be discussed first and the 

case of the FA will be discussed separately.  

The calibration model leading to the best prediction quality for Py was built 

using region R4 (Table 19, Figure 89); it is designated as the full region and contains 

spectral information from the three fluorophores.  

 

 
Figure 89 Region R4 of the EEMs collected for the determination of vitamins in eRDF. EEM 

collected on a 17.7 g/L Test sample. 
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As was the case for Tyr, the model was built to include a maximum of 

information (V-CalC3) with (1) the samples spiked with all three analyte 

consecutively in X and (2) the simultaneous determination of all three vitamins (Y). 

The pre-processing used only involved centering of X within the sample mode and 

auto-scaling of Y. However, six latent variables were used which is considerably 

more than what were used for the determination of Tyr and Trp but is in line with 

what was obtained in the cSA case for the vitamins.  

 

 
Figure 90 Excitation and Emission loadings (a and b) as well as scores (c and d) corresponding 

to the 6 latent variables used to build the calibration model selected for the determination of Py. 

LV 1 to 6 are shown in blue (1, ■), green (2, ▼), red (3, ●), cyan (4, ▲), olive (5, ★) and purple 

(6, ♦). 

 

The loadings corresponding to each LV are plotted in Figure 90 where it is 

clear that the loadings corresponding to the 3 first components can be related to Py, 
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RF, and FA emission respectively. Unfortunately, no clear interpretation of the 3 last 

components97 was possible apart from the possibility that the 5th and 6th components 

may correspond to the impact of FA on the fluorescence landscape. This is based on 

the excitation and emission regions where they appear, excitation at ~ 355 nm and 

emission at ~ 450 nm corresponding to the FA signal (Table 23). Component 5 may 

be related to RET from Py to FA as its relative proportion is changing when the 

solution is spiked with Py and the emission displays a maximum close to the FA 

emission maximum. 

 

The calibration model selected for the determination of RF used region R2 

(Table 19, Figure 91). This region only contains information about RF emission and 

only the band at longer excitation wavelength (centred at 445 nm) was selected. 

Given the nature of the region selected here, RF determination was performed 

independantly using V-CalC2. A minimum of non-linearity is expected as in this 

long wavelength region, the absorbance is not expected to exceed 0.1 units for a 4 

mm pathlength. 

 
Figure 91 Region R2 of the EEMs collected for the determination of vitamins in eRDF. EEM 

collected on a 17.7 g/L Test sample. 

 

Three LVs were necessary to build this model and the corresponding loadings 

and scores are shown in Figure 92. The first component visibly corresponds to the 

                                                
97 The 3 last components explain < 1.0 % of the variance in Y but may play an important role 

explaining the correlation between X and Y. 
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emission of RF. The 2nd and 3rd components are impacted by noise effects98 but their 

general trend (Figure 92 – a and b) shows an emission minima around 560 nm which 

could correspond to the IFE due to the longer wavelength absorbance band of the 

phenol red which occurs at the same wavelength (Figure 54).  

 

Figure 92 Excitation and Emission loadings (a and b) as well as scores (c) corresponding to the 3 
latent variables used to build the calibration model selected for the determination of RF using a 
mSA approach on a dataset extracted from qRmSA_vit_w. LV 1 to 3 are shown in blue (1, ■), 

green (2, ▼), red (3, ●). 
 

The calibration models selected for the Py, and RF, lead to prediction with 

errors better than 4.0 %. FA could only be predicted with errors at ~8.4 % because of 

two factors (1) a very weak fluorescence (quantum yield less than 0.005 in water 

between  pH5-10 [202]) and (2) it has a very strong absorption (extinction coefficient 

= 31.33 cm-1mM-1). FA is responsible for close to 30 % of the overall eRDF 

absorbance in the emission range 250-600 nm with maxima at 280 nm and 350 nm. 

The calibration model selected here was built using the region R1 described in Table 

19 and appendix 4-5. This region contains signals from the three vitamins and the 

presence of Rayleigh scattering was completely avoided. 

                                                
98 They explain < 0.3 % of Y block but may be meaningful in the description of X/Y 

correlation. 
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Figure 93 Region R1 of the EEMs collected for the determination of vitamins in eRDF. EEM 

collected from a 17.7 g/L Test sample 

 

The calibration dataset was composed of samples consecutively spiked with 

the three vitamins and it was fitted against the FA and Py concentrations. Twelve 

LVs were used and scaling within the excitation mode was applied on X. The use of 

a large number of LVs and the necessity of scaling X within the excitation mode 

indicate a poor intrinsic correlation between the EEMs and FA concentrations. The 

loadings corresponding to the first 3 LVs are represented in Figure 94. The loadings 

corresponding to LV 4 to 12 are not shown for ease of interpretation.  

 

 
Figure 94 Excitation and Emission loadings (left and centre) as well as scores (right) 

corresponding to the 3 first latent variables used to build the calibration model selected for the 

determination of FA. LV 1 to 3 are shown in blue (1, ■), green (2, ▼), red (3, ●). 

 

Based on the excitation and emission maxima of the different loadings and 
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emission bands. However, the third latent variable cannot account for the variations 

in FA concentration as it is sensitive to increases in the three vitamin concentration 

(see score plot Figure 94). The observation of these three first loadings explaining 

99.59 % of the X block, shows that in the dataset used the main variance is not 

specifically related to the increase in FA concentration. Thus, FA concentration 

variation is only correlated to a minor part of the overall landscape variation 

explained by LV 3 to LV 12. The first three LVs only explain 94.7 % of Y. The 

remaining 9 LVs were necessary to explain an extra 4.9 % of the variance in Y 

(Table 33). In such a case the issue of over-fitting must be carefully considered. 

However it was shown in the cSA case that FA spiking does not have a large impact 

on FA emission properties (Figure 70); it does however, impact the emission of other 

fluorophores (Figure 72 and Figure 86). It is possible that the NPLS model used 

these secondary effects to correlate the EEM variance to FA concentration99. These 

effects might be complex and present in large numbers which may explain the large 

number of LVs necessary here. 

 
Table 33 Percentage of X and Y explained as well as RMSEP and RMSEV for the model built 

using qRmSA_vit_w on R1 and with V_CalC4 for all 15 LVs. 

 % X explained % Y explained RMSEV RMSEP 
1 35.32 27.26 33.07 29.56 
2 62.35 20.75 41.82 41.10 
3 1.91 46.70 120.16 121.99 
4 0.05 2.83 61.76 62.24 
5 0.04 0.81 44.47 44.27 
6 0.04 0.24 30.07 29.53 
7 0.02 0.29 20.47 20.33 
8 0.02 0.20 9.68 9.32 
9 0.01 0.14 5.25 5.21 
10 0.01 0.11 3.74 4.07 
11 0.01 0.24 1.40 2.34 
12 0.02 0.05 0.85 1.99 
13 0.01 0.10 1.69 2.03 
14 0.01 0.08 4.65 4.69 
15 0.01 0.05 4.67 4.69 

 

                                                
99 This is coherent with the use of R1 which is a large region and thus would contain 

information about all three vitamin fluorescence.   
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 Effect of reference value (c0) on quantitative 8.3.

model development 

The c0 values initially used were those supplied by the eRDF manufacturer. 

However, when these c0 values were questioned, the material (eRDF) was sent out 

for independent analysis (Table 5) and these ‘true’ values obtained differed 

(sometimes largely, e.g. Py) from those provided by the manufacturer as formulation 

values. Moreover the off-site measurement technique for the c0 value itself (p. 85) 

had intrinsic errors; the relative deviation between three replicate measurements is 

given Table 34. These uncertainties in the c0 values need to be considered. 

 
Table 34 Relative error of eRDF components analysis using chromatographic methods 

Analyte 
Measured 
c0

(1,2)
 (μM) 

RSD of 
true c0

 (2)  
Formulation c0 

(μM) 

Relative difference 
between true and 

formulation c0 
Trp 83.2±3.4 2.1 % 90.1 7.7 % 
Tyr 463.0±12.0 1.3 % 480.2 3.6 % 
Py 3.14±0.12 1.9 % 4.86 34.8 % 
FA 17.9±2.4 6.8 % 19.9 10.0 % 
RF 0.54±0.005 0.5 % 0.53 1.9 % 

(1) Confidence interval calculated for 95 % over 3 replicates. 

(2) n=3 for the validation method (p. 85) 

 

In theory the c0 values are not required during the mSA based calibration; 

however, in practice it has a significant importance in the selection process of the 

model as the pre-processing and number of LVs selection stage largely relies on the 

consideration of the RMSEV and RMSEP values which are calculated using c0’s100. 

  

                                                
100 as they are both errors from prediction processes relating to the total analyte concentration 

in the sample 
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Table 35 Summary of results for the models giving best prediction of the 5 analytes using 

selected EEM regions when the formulation values were considered for c0 

An. Model type LV Rex (a) 
(nm) 

Rem
(a) 

(nm) Pre-P(b) 
REV 

(c) 
(%) 

REP 
(c) 

(%) 

REPT 
(c) 

(%) 
Trp AA-CalC3 10 220-310 285-495 C1S2,AS 2.99 4.23 3.29 
Tyr AA-CalC5 6 285-300 295-495 C1S2,C 5.04 3.76 4.60 
Py V_CalC1 5 315-360 375-475 C1,AS 0.78 3.09 0.92 
FA V-CalC3 7 315-475 400-600 C1S2,C 5.07 7.6 8.3 
RF V-CalC2 3 410-475 485-600 C1,C 1.17 2.24 8.7 

(a) Rex and Rem are the excitation and the emission range defining the sub-sample of the original EEM 
used. 

(b) PreP, Pre-processing on X, Y. Centering (C or C1), Scaling on mode 2 and/or 3 (S2 and/or 3), 
Autoscaling (AS). 

(c) REC, REV, REP are the relative error of calibration, validation and prediction respectively; those errors 
are calculated from the RMSEC, RMSEV and RMSEP relatively to the mean of the expected values in 
each case. 
 

Table 36 Summary of results for the models giving best prediction of the 5 analytes using 

selected EEM regions when the validation values (p. 85) were considered for c0 

An. Model type LV Rex (a) 
(nm) 

Rem
(a) 

(nm) Pre-P(b) 
REV 

(c) 
(%) 

REP 
(c) 

(%) 

REPT 
(c) 

(%) 
Trp AA-CalC4 4 220 – 310 285 – 495 C1,C 2.4 4.7 1.3 
Tyr AA-CalC3 3 220 – 290 305 – 495 C1S2,AS 4.6 4.7 2.9 
Py V-CalC3 6 315 – 540 330 – 650 C1,AS 2.4 3.8 6.0 
FA V-CalC4 12 315 – 385 400 – 600 C1S2,C 2.8 8.7 10.3 
RF V-CalC2 3 410 – 475 485 – 600 C1,C 0.9 2.3 4.1 

(a) Rex and Rem are the excitation and the emission range defining the sub-sample of the original EEM 
used. 

(b) PreP, Pre-processing on X, Y. Centering (C or C1), Scaling on mode 2 and/or 3 (S2 and/or 3), 
Autoscaling (AS). 

(c) REC, REV, REP are the relative error of calibration, validation and prediction respectively; those errors 
are calculated from the RMSEC, RMSEV and RMSEP relatively to the mean of the expected values in 
each case. 
 

The models ultimately selected based on the concentrations given by the 

manufacturer are shown in Table 35 (all the other models are shown in appendix 8-4 

and 8-5).  For comparison the models previously discussed in this chapter and based 

on the values obtained from the measured c0 values are summarised in Table 36. 

Overall the quantification results were generally improved or remained similar when 

the validation c0 values were used (Table 36). In the RF case where the formulation 

and validation c0 values were not very different (0.54 and 0.53 µM) the imprecision 

in c0 did not affect the choice of the model parameters (region, CalC etc.) and as the 

model itself does not depend on c0 the values found were closer to the true validation 
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values than the formulation ones. For the other analytes the true values deviated from 

the formulation values by more than 3 % and this affected the model selection step as 

the model selected in both cases differed largely (compare Table 35 and Table 36).  

These results show that mSA methods are affected by a large imprecisions in 

the value of c0 but are unaffected by small levels of imprecision (RF case). It also 

shows the advantage of the mSA method that once the model is selected, the 

predictions do not depend at all on the knowledge of c0 as the calibration step is 

carried out on the added concentrations and not the total concentrations. This means 

that in the case when c0 is known with a small enough level of inaccuracy, mSA 

models can give a precise prediction of the concentration that is independent on the 

level of precision of the validation method.  
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 Conclusion 8.4.

Results have shown that using mSA it was possible to find models capable of 

determining the Trp, Tyr, Py, and RF concentration with prediction errors lower than 

5 % (REP). The use of EEM sub-regions (EERs) was shown to be a crucial step in 

retrieving calibration models meeting the desired prediction capabilities. The 

advantage of scaling X within the excitation or emission mode was demonstrated and 

it was shown that it could be an alternative to deal with profile changes and non-

linarites due to matrix effects (IFE, RET …) in either of these directions. While more 

complex in its development (selection of the various parameters), this method led to 

a quality of prediction similar to the ones obtained with cSA. It is important to note 

that after the appropriate models have been selected, the application of the method is 

as easy to implement as any other method involving NPLS prediction. In addition it 

presents the advantage of working on calibration ranges appropriate for real world 

applications.  

Table 34 shows the relative deviations obtained by chromatographic 

determination of the same components from eRDF powder and as for the 

spectroscopic methods described in this work, the deviation obtained for the folic 

acid is considerably larger than for the other components. Overall, the errors (REP) 

obtained here using fluorescence spectroscopy have the same magnitude as the one 

shown in Table 34.  

The mSA method developed may then provide a fast and inexpensive tool for 

the prediction of Trp, Tyr, Py, and FA concentrations that can be integrated as part of 

a QC protocol in a large scale biopharmaceutical manufacturing context for the 

control of cell culture media in their prepared state.  
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9.  Degradation study of eRDF 
solutions using fluorescence and 
SERS 

 

Complex media such as eRDF can be very sensitive to environmental factors. 

In industry such media are routinely stored in plastic translucent containers kept at 2-

8ºC or at room temperature in spaces where the lights are often on. Here 

compositional changes of eRDF solution during storage under different light and 

temperature conditions were investigated and two spectroscopic methods were 

evaluated as for their ability to monitor these changes. 

The details of all the samples used in this section are given in 4.2. 

 

 Fluorescence monitoring of compositional 9.1.

changes of eRDF during storage  

EEMs were collected over two regions: 

1. a large region highlighting the strong intensity of the amino acids at shorter 

wavelengths (age_fluo_aa, 4.2) 

2. a region at longer wavelengths highlighting the fluorescence of the three 

vitamins (age_fluo_vit, 4.2) 
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9.1.1. Spectral discussion 
The EEMs collected on the day that the eRDF solution was prepared are 

shown in Figure 95.  

 

 
Figure 95 EEM of eRDF (17.7 g/L) at day 0 collected over the amino acid (a) and vitamin (b) 

regions 

 

In the amino acid region (Figure 95-a) the emission bands of two main strong 

fluorophores are observed and can be associated with Tyr and Trp emission. A 

weaker contribution of the vitamins emission (Py, FA and RF) are also notable but at 

longer emission wavelengths. These are more visible on the EEM collected in the 

vitamin region (Figure 95-b) where a larger emission monochromator slit was used 

to enhance sensitivity. 

The EEMs of the samples stored for 32 days under the four different 

conditions are shown Figure 96 and Figure 97.  
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Figure 96 EEM of eRDF (17.7 g/L) stored for 32 days at room temperature in the light (a) and 

the dark (b) and in the fridge in the light (c) and the dark (d) collected over the amino acid 

region 

 

From a cursory analysis it appears that there have been significant changes 

caused by light for the samples stored at room temperature and in the fridge. When 

Figure 96-a) and c) are compared with Figure 95-a, large changes can be noted, 

particularly in the excitation/emission region centred at 360/450 nm. This new 

fluorescence band is believed to be a consequence of the formation of one or several 

new fluorophore(s) caused by light exposure during storage. Such fluorophore(s) can 

result from the photo-degradation of one of several eRDF components. Similar 

effects were noted from the vitamin region EEM (Figure 97). 
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Figure 97 EEM of eRDF (17.7 g/L) stored for 32 days at room temperature in the light (a) and 

the dark (b) and in the fridge in the light (c) and the dark (d) collected over the vitamin region 

 

 
Figure 98 Contour plots of the difference between EEMs on the amino acid (a) and the vitamin 

(b) region of media exposed to light for 32 days and freshly prepared eRDF medium (17.7 g/L). 
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For a better understanding of the changes observed the contour plots of the 

difference between media exposed to light at room temperature for 32 days and the 

freshly prepared medium is shown Figure 98. The appearance of the new fluorescent 

band with an emission maximum at 450 nm is much more obvious. This band has 

three excitation maxima; a main band at 360 nm and two weaker ones at 240 and 260 

nm (Figure 98-a). A similar fluorescence band was observed by Becker et al. (2003) 

during the storage of yogurt samples and was associated to the production of 

lumichrome as a photo-degradation product of riboflavin [199]. A decrease in RF 

signal (Figure 98-b) was also observed agreeing with the hypothesis of lumichrome 

formation. However, a decrease in the Trp and Tyr emission band intensity was also 

noted and could be caused by either decomposition of the fluorophores themselves or 

increase of IFE in the sample due to the presence of new chromophores. 

 

9.1.2. PARAFAC study on eRDF storage induced 

changes 
PARAFAC was fitted to both datasets (age_fluo_aa and age_fluo_vit) in 

order to resolve the fluorescent bands of the fluorophores varying during storage. 

The excitation and emission profiles were then compared to the fluorophores and 

fluorescent profiles determined in chapter 6 (Figure 59). By this means it was 

determined whether this signal drop of Trp and Tyr bands was caused by 

decomposition of the fluorophores themselves or by the introduction of additional 

IFE. Additionally, the possibility that the new fluorescent band was caused by the 

emission of products from the decomposition of several different eRDF components 

was also evaluated. 

   

First the EEMs collected in the amino acid region (age_fluo_aa) were fitted 

to a 4-factor PARAFAC model. Non-negativity constraint was applied to all three 

modes. 99.9 % of the data variance was explained with an estimated core consistency 

of 19. The excitation and emission loadings obtained are given in Figure 99.  
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Figure 99 Excitation (a) and emission (b) loadings of the PARAFAC model fitted on a sample set 

of photo-degraded 17.7 g/L eRDF medium solutions. Factors 1 to 4 are shown in blue, green, red 

and cyan respectively. 

 

It is clear from Figure 99 that components 1 to 3 correspond to the 

fluorescence emission of Trp, Tyr and Py. The excitation and emission maxima 

observed from the PARAFAC fitting of age_fluo_aa agree with the results found 

when fitting ppR (Figure 59) and with the values found in the literature for Trp, Tyr 

and Py (Table 37).  Only Py exhibits an emission band red shifted by 10 nm. The 

pollution of the Py component profile could be due to the fact that Py signal intensity 

only varies slightly throughout the experiment (as shown in the scores plot, Figure 

100). This can cause co-linearity of the Py signal with the signal of other fluorescent 

components (possibly FA) that are invariant throughout storage and lead to a not well 

resolved Py component (see component 4 issue of the PARAFAC2 model on ppR, 

Figure 59). 
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Table 37 Summary of band position of the excitation and emission profiles of Trp, Tyr and Py 

obtained from the PARAFAC2 and PARAFAC fitting of ppR and age_fluo_aa and from 

literature sources. 

 PARAFAC2 on ppR PARAFAC on age_fluo_aa Literature  
(Table 23) 

Analyte Comp. # λex λem Comp. # λex λem λex λem 
Trp 1 275 355 1 275 350 275 350 
Tyr 2 230, 275 305 2 275 305 280 305 
Py 3 290, 325 390 3 250, 290, 325 400 320/330 390 

 

The fourth component fluoresces in a similar emission range to FA (Table 

23). However a similar intensity magnitude as Py (Figure 99-a) suggested that it 

corresponds to fluorophore(s) with a much larger quantum yield than FA’s (ΦFA < 

0.005 in H2O[73]).  

Figure 100 shows the PARAFAC scores for each component as a function of 

the storage time under the four different conditions. The impact of irradiation on the 

samples is made clear by the two very different fluorescence responses of the media 

exposed to light (Figure 100-a/c) or kept in the dark (Figure 100-b/d). The major 

difference is noted as the large increase (close to 7-fold) of the fourth component 

relative intensity when the medium is exposed to light. In the dark, there is no 

notable change in the fourth component. 

The composition of the three remaining components undergoes smaller 

changes. A decrease in fluorescence intensity of Trp and Tyr is observed under all 

conditions but this decrease is more dramatic when the medium is exposed to light. A 

47 % drop in Trp relative intensity is noted in condition RL but only a 6% decrease is 

noted in condition FD (Table 22). Tyr displays a similar behaviour, with a 31 % drop 

of relative intensity in condition RL and only a 5 % drop in condition FD (Table 22). 

The scores of the Py component also show a dependence on whether the medium is 

exposed to light or not. In contrast to Trp and Tyr, an increase in the Py fluorescence 

is noted when the medium is stored in the dark whereas minimal changes are noted 

with light exposure. 
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Figure 100 PARAFAC scores of EEMs collected from solutions of 17.7 g/L eRDF medium in 4 

different storage conditions (age_fluo_aa): at room temperature exposed to light (a) and in the 

dark (b) and at low temperature exposed to light (c) and in the dark (d). Factors 1 to 4 are 

shown in blue (■), green (▾), red (◯) and cyan (▴) respectively. The controls (-70ºC) are 

arbitrarily shown at day 40 (black). 

 

Since the longer wavelength ‘vitamin’ region showed large and significant 

spectral changes, PARAFAC was also fitted on this region (age_fluo_v) largely 

concerned with emission from RF, FA, and Py [85]. PARAFAC analysis of 

age_fluo_vit required 4 components (the results of the 3 component model are 

shown in appendix 9-1). A non-negativity constraint was also applied to the three 

modes and 99.8 % of the total variance of the data was then explained for a core 

consistency of 28.   
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Figure 101 Excitation (a) and emission (b) loadings obtained from the PARAFAC fitting of 

age_fluo_v with 4 components. Factors 1 to 4 are shown in blue, green, red and cyan 

respectively. 

 

The excitation and emission loadings obtained are shown in Figure 101 where 

components 2 and 4 can be associated with Py and RF fluorescence. Note that the 

band centred at 410 nm (observed in the RF loading of the 3 component model, 

appendix 9-1) is significantly reduced. The additional fluorescent band is now 

described by two components. They both have excitation maxima at 355 nm but two 

different emission maxima at 430 and 470 nm. The scores plots of the PARAFAC 

model are shown in Figure 102. Here, the Py scores seem more reasonable than the 

one observed in the model fitted on the larger, less sensitive amino acid region. 

Indeed, the emission maximum of the component (#2) corresponding to Py in the 

PARAFAC model fitted on the vitamin region is located at 390 nm which is in better 

agreement with previous results and literature than for the PARAFAC model fitted in 

the amino acid region (Table 37). This could be due to imprecision due to the weak 

signal observed for pyridoxine with the data collection settings used for the amino 

acid region. Overall, it can be concluded that the Py emission band does not undergo 

significant changes due to long term storage in absence of light. The small decrease 

in Py scores when the medium have been exposed to light (Figure 102-a and c) is 

probably due to the increasing IFE in the ~300 to 400 nm region caused by the 

absorption from the fluorescent photo-degradation products (component 1 and 3) 

formed during the course of the experiment. 
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Figure 102 PARAFAC (4 components) scores of EEMs collected from solutions of 17.7 g/L 

eRDF medium in 4 different storage conditions (age_fluo_v): at room temperature exposed to 

light (a) and in the dark (b) and at low temperature exposed to light (c) and in the dark (d). 

Factors 1 to 4 are shown in blue (■), green (▾), red (◯) and cyan (▴) respectively. The controls (-

70ºC) are arbitrarily shown at day 40. 

 

Figure 102 and Figure 103 show that the component related to RF (#4, cyan 

in the plot) undergoes a dramatic decrease when the eRDF solutions are exposed to 

light. In the dark the decrease is very low (~ 8 % at room temperature and ~ 5% in 

the fridge). Again, the signal loss is much more significant when the medium is 

exposed to light (close to 99 % in condition RL (Table 22) after 32 days) compared 

to when the medium is kept in the dark (5 % in condition FD (Table 22) after 32 

days). 
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Figure 103 PARAFAC scores of the RF like component (#4) obtained from the fitting of 

age_fluo_v as a function of the storage time. 

 

Figure 103 also shows evidence of an influence of the storage temperature on 

the fluorescence signal: a greater rate of spectral changes is observed for the warmer 

storage condition. In conjunction to these changes observed in RF signal, an increase 

in the new fluorophores signal is observed. These new fluorophores are suspected to 

be lumichrome (component 1) and N-formyl-kynurenine (component 3). The reasons 

for this assumption will be outlined below. 

In the EEM spectra the degradation of intrinsic fluorophores and the 

formation of new products are primarily observed. However, the shape of the EEM is 

also affected by secondary IFE effects: 

1. An increase in IFE in certain regions of the EEM spectrum caused by the 

generation of new photo-active species. 

2. A decrease in IFE for various regions in the EEM caused by the degradation 

of chromophores originally present in the medium.101 

 These effects will be evaluated, based on the variation of electronic 

absorption spectrum in the different wavelength regions, and allowing for the 
                                                
101 The only evidence of species disappearing in large quantity is RF which is not responsible 

for significant IFE (Figure 54) 
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identification of the fluorescent spectral variations due to pure compositional 

changes.  

 

To better understand the changes in IFE for light exposed eRDF solutions, 

Figure 104 shows the electronic absorption spectra of a typical 17.7 g/L eRDF 

solution and a similar solution stored at room temperature and exposed to light for 21 

days102. It is then clear that very little changes in absorbance occur above 400 nm. 

The major changes in light absorption appear as an increase in absorbance of broad 

bands around 240 and 320 nm. This information can then be used to calculate the 

IFE effects on the fluorescence EEM landscapes in a fashion similar to that described 

in section 6.2.3. 

 

 
Figure 104 Typical eRDF (blue) and eRDF stored 21 day (red) in condition RL (Table 22) 

absorption spectra and the spectrum of the difference between the old and fresh samples 

(black). 

 

For example, at the maximum RF excitation wavelength (365 nm) the 

absorbance is increased by 0.04 units over 21 days. This would lead to a 9 % 103 loss 

in the excitation light available for RF and thus a 9 % drop in fluorescence intensity. 

                                                
102 This study could be done after 21 days as most of the changes have already occurred at 

that time (Figure 102).  
103 = 100 × (1 − 10 ∆ ), where ∆퐴 is the absolute absorbance variation between the two 

samples (here	∆퐴 = 0.04	푎. 푢.). 
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However this does not explain the 78 % signal loss observed in the PARAFAC 

scores (Figure 102)104. This is then clear evidence for a very significant photo-

degradation of RF. 

Similar calculations show that IFE due to absorbance changes in the medium 

during storage would lead to less than a 12 % reduction in the excitation light 

intensity at 275 nm (λex for Trp and Tyr). This IFE on the excitation signal together 

with the IFE occurring on the emission of Trp and Tyr (at 360 and 305 nm 

respectively) would have a combined effect leading to an overall decrease in the 

emission intensity of 25 and 22 % for Trp and Tyr respectively. The calculated 

reduction in emission intensities due to IFE are comparable to the ones observed for 

the RL sample set in the case of Tyr after 21 days (23 % observed drop). For Trp, 

however, the drop in intensity observed is much larger (38 % after 21 days) than the 

part that can be explained by increased IFE. This is an indication that some of the 

Trp is being removed by photo-degradation. 

The potential fluorophores generated by the photo-degradation of Trp, Tyr, 

and RF described in the literature are listed in Table 38.  

The main potential photo-products found in the literature are 

1. kynurenine and two derivatives: hydroxy-kynurenine and N-formyl-

kynurenine (NFK), degradation products of Trp,  

2. di-tyrosine, combination product of Tyr 

3. lumiflavin and lumichrome, products form the degradation of RF 

Table 38 shows that many of these photo-products have very similar 

absorption and emission properties and thus, simple steady-state spectroscopy 

measurements are unlikely to enable conclusive identification of the exact species 

present.  

However, considering all the information, lumichrome seems to be the 

compound that would best explain the fluorescence band appearing at 360 nm (ex.) / 

450 nm (em.) in the EEMs of irradiated samples. This is plausible as the RF 

electronic absorption spectrum overlaps partially with the emission spectrum of the 

light used for irradiation of the samples. Lumichrome would also be in good 

                                                
104 Moreover, RF is not expected to be affected by IFE in its emission (520 nm) where the 

eRDF solution absorbs very little light (absorbance <0.06 for 17.7 g/L solution stored for 21 days in 
condition RL and <0.04 for a fresh solution). 
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agreement with the excitation and emission loadings of the fourth component of the 

PARAFAC fitting of age_fluo_aa (Figure 99) and the first component of the 

PARAFAC fitting of age_fluo_v (Figure 101). The production of lumichrome from 

RF also agrees with the disintegration of RF observed in the PARAFAC model fitted 

on age_fluo_v. However, it is difficult to confirm that the entire fluorescent signal at 

360/450 is only a consequence of the production of lumichrome.  

PARAFAC fitting of age_fluo_v led to loadings (Figure 101) that could be 

associated with two different fluorophores of the same excitation wavelength (355 

nm) but different emission wavelengths (430 and 470 nm). The fluorophore emitting 

at a longer wavelength matches the lumichrome characteristics. The second 

fluorophore, emitting at a shorter wavelength, has properties similar to N-formyl-

kynurenine’s. The hypothesis of the production of N-formyl-kynurenine is supported 

by the reduction in Trp concentration as well as the absorbance increase at 240 and 

320 nm. 

Note also that Trp is present in the medium at a concentration more than 150 

times larger than RF. Consequently, despite the low quantum yield and extinction 

coefficient of NFK, it may be present in concentrations exceeding that of 

lumichrome and thus could have a very significant impact on the fluorescence 

emission. With the Ocean Optics CDD based system it was not possible to measure if 

there was any emission from the bulb below 370 nm (which could directly excite 

Trp). However even if the sample was not exposed to extensive UV light105 there are 

possible pathways for the degradation of Trp activated by the triplet state of RF 

and/or singlet oxygen when oxygen is present [203]. 

To conclude, multi-dimensional fluorescence with PARAFAC can be used to 

easily monitor compositional changes occurring in eRDF media during storage. The 

changes observed are a consequence of the samples being irradiated with visible light 

and occur faster when the medium is stored at higher temperatures. The degradation 

of RF and Trp has been shown to lead to the production of lumichrome and N-

formyl-kynurenine which may be responsible for the fluorescence emission band 

appearing at the 350/460 nm excitation/emission pair when eRDF solutions are 

exposed to light. 

                                                
105 Note that the samples stored at room temperature were not protected from indirect sun 

light. 
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Table 38 Summary of absorbance and fluorescence properties of various potential photo-products from the degradation of Trp, Tyr, and RF 

Source Degradation 
product Amax (nm) Fex (nm) Fem (nm) ϕ τ (ns) ε 

(M-1cm-1) 
Condition in 

Ref. 

Trp 

kynurenine 257, 359[204] 355[204] 
365[205] 

485[204] 
480[205] 

0.08[206] 
 

0.9, 4.5, 27 
(ps)[206] 

4500 
(370)[206] H2O[206] 

Hydroxy-
kynurenine [204] 268, 370 370 460 0.001 [207] < 10ps [207] - - 

N-Formyl-
kynurenine 

321[208] 
260 – 320 

[209] 

265-
330[210] 

440[210] 
430 + 

510[209] 
0.001 [209] 1.0 [209] 3750 [208] 

(320) 

KPO4, pH 7.4 
[210] 

pH 7 [208] 
Tyr Dityrosine [211] - 300 400 - 0.216 4.326 pH 7.0 

RF 

Lumichrome 

353 - 
385[212] 

354-
386(sh)[213] 

385[214] 
 

360[199] 
370[199] 

 

479[212] 
450[199] 
515[213] 
464[214] 

475(a)[215] 
520(b)[215] 

0.088[212] 
0.093[214] 

2.7[212] 
3.77, 7.4, 1.11 
(340nm)[213] 
4.2, 2.3[215] 

10250 
(356 )[216] 

35020 
(262)[216] 

 

H2O[212] 
water[214] 

water neutral 
(a), 

basic(b)[215] 
H2O, pH7 

PO4 
buffer[216] 

Lumiflavin 367-445[212] 
441[217] - 

530[212] 
529 and 528 

[217] 

0.14[212] 
0.29[217] - 

11620 (444) 
9400 (370) 
31140 (263) 

 

H2O[212] 
pH6 and pH8 

[217] 
H2O, pH7 

PO4 
buffer[216] 

Cyclo-dehydro-
riboflavin 275-410 - - - - 11800 (410) - 
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9.1.3. Evaluation of the application of mSA based 

quantitative analysis methods to degraded samples 
This section assesses the possibility of using the models developed in 

previous sections for the quantification of various analytes (Trp, Tyr, Py, FA and RF) 

in degraded eRDF media. The first step was to assess the sample variability using 

UPCA and see if the samples are suitable for the use of the chemometric model. 

Here, for each model selected in chapter 8 and leading to the best determinations, 

UPCA models were built on the pre-processed (centering, scaling, region selection) 

EEM used for calibration during the quantitative method development. The residual 

(Q) and hotelling (T2) obtained from the decomposition of the degraded media EEM 

using these UPCA models were then used to detect outliers. The Trp, Tyr, Py, FA, 

and RF concentration predictions were then performed on the samples that had not 

been flagged as outliers. 

 

First quantification of Trp and Tyr was evaluated. Figure 105 and Figure 106 

display the Q versus T2 plots obtained from UPCA models fitted on the pre-

processed and EEM region selected data used for the Trp and Tyr selected model 

respectively, (Table 30).  These plots clearly show the larger changes induced by the 

light exposure as an increasing residual contribution (Q) in the UPCA fit of the data. 

These plots also suggest that the extensive photo-degradation of the RL and CL 

results in a very large change in the matrix (chemical composition and the presence 

of new photo-active species). Thus most of the samples (RL and CL) are outliers and 

therefore are not suitable for quantitative analysis using the calibration models 

generated using fresh eRDF samples. The UPCA does show that the samples for the 

first couple of analysis times are within the boundaries and could be suitable for 

testing. Overall it showed that when the medium was exposed to light for more than 

11 days when stored at low temperature, and for more than 4 days when stored at 

room temperature, the determination of Trp and Tyr based on the models previously 

developed would be biased as the sample EEM would differ too much form the ones 

used for calibration. In the initial experimental design a typical CHO process which 

can be of the order of 30 days was considered and thus the sampling time line was set 

accordingly. From this data, it probably would have been interesting to sample more 
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intensively in the first 5 to 10 days in order to more precisely observe where the limit 

for quantification was set by the UPCA model. 

 

 
Figure 105 UPCA (for Trp prediction, Table 30) prediction of photo-degraded 17.7 g/L eRDF 

samples on 220-310 nm excitation. The calibration samples [non-spiked (▴), Trp spiked (●) and 

Tyr spiked (★)] and photo-degraded samples (conditions RL (▾), RD (*), FL (■), and FD (+)) are 

shown (Table 22). The blue lines represent the 95 % confidence interval. (285-495 nm emission 

region centred across the sample mode) 

 

The EEM of the samples stored in the dark undergo much less change in 

these regions (and under these pre-processing conditions). They all appear to be fit 

for quantification using the models (mSA) previously developed (except for a single 

outlier in the RD sample set). The concentrations predicted in the non-outlying cases 

are shown in Figure 107 and detailed in Table 39 and Table 40. 
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Figure 106 UPCA (for Tyr prediction, Table 30) prediction of photo-degraded 17.7 g/L eRDF 

samples on 220-295 nm excitation and 305-495 nm emission region centred across the sample 

mode and scaled within the excitation mode. The calibration samples [non-spiked (▴), Trp 

spiked (●) and Tyr spiked (★)] and photo-degraded samples (conditions RL (▾), RD (*), FL (■), 

and FD (+)) are shown (Table 22). The blue lines represent the 95 % confidence interval. 

 

In both cases the concentration values predicted in the freshly prepared 

samples (day 0) and in the control samples are very similar but with a small decrease 

in the concentration observed in the control samples. In the fresh and control samples 

respectively the concentration observed for Trp were 86.98±0.56 µM (n=3) and 

85.19±5.71 µM (n=3) and 499.28±11.29 µM (n=3) and 486.01±34.87 µM (n=3) for 

Tyr. This could be due to adsorption of the analytes on the polypropylene surface of 

the vial or aggregation of the molecules upon freezing/thawing process.  

  



Degradation study of eRDF solutions using fluorescence and SERS 

 

- 203 - 

 

Table 39 Prediction of Trp in 17.7 g/L eRDF subjected to different storage conditions. These 

predictions used the model described in Table 30 for Trp. 

Condition Trp concentration (µM) 
Day 01 Day 41 Day 111 

RL 86.98±0.56 74.18±2.67 - 
RD 86.98±0.56 85.13±1.65 87.36±0.61 
FL 86.98±0.56 76.88±6.32 71.93±1.01 
FD 86.98±0.56 85.84±3.16 86.91±1.99 

Control 85.19±5.71  
1) Average and 95 % confidence interval calculated using triplicate measurement (confidence 

interval = 1.96 ×standard deviation) and n = 3. 
 

Table 40 Prediction of Tyr in 17.7 g/L eRDF subjected to different storage conditions. These 

predictions used the model described in Table 30 for Tyr. 

Condition Tyr concentration (µM) 
Day 01 Day 41 Day 111 

RL 499.28±11.29 406.13±5.57 - 
RD 499.28±11.29 459.83±7.57 468.88±6.77 
FL 499.28±11.29 422.61±37.00 390.40±8.19 
FD 499.28±11.29 481.02±9.00 479.36±6.53 

Control 486.01±34.87  
1) Average and 95 % confidence interval calculated using triplicate measurement (confidence 

interval = 1.96 ×standard deviation) and n = 3. 
 

For samples exposed to light, a drop in the concentration of Trp and Tyr were 

observed (Figure 107). This result agrees with the hypothesis that Trp undergoes 

photo-degradation leading to the formation of N-formyl-kynurenine and potentially 

other non-fluorescent compounds. However, it was previously suggested that most of 

the signal loss observed in the Tyr region was likely to be due to IFE introduced by 

the changing sample matrix. Therefore, it is possible that matrix changes which were 

too small to be excluded as outliers in the UPCA model are large enough to distort 

the EEM spectra too much for accurate quantification. 
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Figure 107 Predicted Trp (a) and Tyr (b) concentrations of non-outlying samples that were 

stored for several days in conditions (Table 22) RL (▲), RD (*), FL (■), and FD(+) 

 

This poses a problem of the efficacy of UPCA to detect outliers for use with 

mSA calibration models. Outliers are detected for big changes but a much tighter 

definition (e.g. a threshold limits for the T2 versus Q residuals of 99 % may be 

required) would be necessary to reject the sample subject to smaller changes. This 

was not done, because in the mSA case that would lead to a systematic detection as 

outliers of the spiked samples at the extremity of the calibration ranges (bad 

hotelling). However, the monitoring of the degradation product component in 

PARAFAC model would be an easy way to detect the photo-degradation of a 

sample. This is particularly true as changes can be detected at an early stage using 

PARAFAC (scores of photo-product component, Figure 102). 

 

The previously developed models (Table 32) for the quantification of Py, FA 

and RF in degraded eRDF solutions were also utilised. UPCA models were built to 

fit the data used for calibration in the mSA method for the determination of FA, Py, 

and RF. For Py a different model than the one described in Table 32 was used. This 

was done in order to be able to work on a region that was included in the EEMs106 

collected for this experiment. This model is detailed in Figure 108 and Table 41. Its 

prediction abilities are not largely different than the one previously selected and are 

detailed in Table 41 (RMSEPT improved). However, more complex pre-processing 

                                                
106 A shorter emission wavelength range was used here; consequently the model previously 

selected could not be used. 
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and additional latent variables were necessary. Note that this model is identical to the 

model selected for FA (the same region and pre-processing are used). 

 

 
Figure 108 Predicted versus expected Py concentration using the mSA model. The prediction for 

the calibration (●), validation (△) and prediction (▲) samples are shown. 

 
Table 41 Summary of results for the models giving best prediction of Py using two different 

EEM regions 

Model Model 
type LV Rex (a) 

(nm) 
Rem

(a) 
(nm) Pre-P(b) 

REV 
(c) 

(%) 

REP 
(c) 

(%) 

REPT 
(c) 

(%) 
Original V-CalC3 6 315-540 330-650 C1,AS 2.4 3.8 6.0 

New V-CalC3 8 315-385 400-600 C1S2,C 5.4 4.6 4.3 
(d) Rex and Rem are the excitation and the emission range defining the sub-sample of the original EEM 

used. 
(e) PreP, Pre-processing on X, Y. Centering (C or C1), Scaling on mode 2 and/or 3 (S2 and/or 3), 

Autoscaling (AS). 
(f) REC, REV and REP are the relative error of calibration, validation and prediction respectively; those 

errors are calculated from the RMSEC, RMSEV and RMSEP relatively to the mean of the expected 
values in each case. 
 

As Py and FA models use the same region and pre-processing parameters a 

single UPCA model can be used to check for outliers in both cases. The Q residual 

versus hotelling (T2) plot of this model is shown in Figure 109. 
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Figure 109 T2 vs. Q residual plot for the UPCA (for Py and FA determination, Table 32) 

analysis of photo-degraded 17.7 g/L eRDF samples (315-385 nm excitation and 400-600 nm 

emission region) centred across the sample mode and scaled within the excitation mode. The 

calibration samples [non-spiked (▲), Py spiked (●), FA spiked (★) and RF spiked (▼)] and 

photo-degraded samples (conditions RL (▼), RD (*), FL (■), and FD (+)) are shown. 

 

As with Trp and Tyr, the UPCA model shows that matrix variation is much 

more significant when the medium is exposed to light. Ultimately only samples 

stored in the dark for less than 7 days at room temperature and less than 28 days at 

lower temperatures were considered as fit for prediction using the models from Table 

32.  The concentration calculated using the model described in Table 41 and Table 

32 are shown in Figure 110, Table 42 (FA) and Table 43(Py). 
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Figure 110Predicted Py (a) and FA (b) concentrations of non-outlying samples that were stored 

for several days under conditions RD (*) and FD (+) 

 
Table 42 Prediction of FA in 17.7 g/L eRDF in different storage conditions 

Condition FA concentration (µM) 
Day 01 Day 41 Day 111 

RD 27.57±2.05 22.44±2.47 27.32±2.37 
FD 27.57±2.05 20.37±1.74 21.28±5.27 

Control 21.89±1.84  
1) Average and 95 % confidence interval calculated using triplicate measurement (confidence 

interval = 1.96 ×standard deviation) and n = 3. 
 

Table 43 Prediction of Py in 17.7 g/L eRDF in different storage conditions 

Condition Py concentration (µM) 
Day 01 Day 41 Day 111 

RD 3.24±0.137 3.36±0.298 3.65±0.176 
FD 3.24±0.137 3.25±0.176 3.32±0.57 

Control 3.44±0.36  
1) Average and 95 % confidence interval calculated using triplicate measurement (confidence 

interval = 1.96 ×standard deviation) and n = 3. 
 

The same trend between control and fresh sample concentrations is observed 

for FA as was observed for Trp and Tyr. The concentrations predicted were: 

27.57±2.05 (fresh) and 21.89±1.84 (control) for FA and 3.24±0.137 (fresh) and 

3.44±0.36 (control) for Py. In the case of Py, the variation could be due to the 

intrinsic prediction error of the model (RMSEP = 0.20 µM equivalent to 4.3 % - 

Table 41). 

As previously observed in the PARAFAC models (Figure 100 and Figure 

102) these results show that the Py concentration remains constant over the storage 
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period when the samples are protected from the light. Also no major changes were 

observed in FA concentration throughout storage in the dark. 

 

Another UPCA model (Figure 111) was calculated based on the region and 

pre-processing of the best model generated for RF determination (Table 32). This 

UPCA model suggests that no degraded samples were fit for the determination of RF 

using this mSA model. From the UPCA model it appears that some of the fresh and 

control samples were outliers (Figure 111). This indicates that something is 

happening with RF in particular. It is possible that, as RF is very sensitive to photo-

degradation and that during the sample preparation process (several hours) there was 

sufficient light exposure to cause changes. In contrast, when the quantification 

samples (qRmSA_vit_w, Table 12) were prepared the samples were not exposed to 

light for longer than 1 hour. 

 

 
Figure 111 T2 vs. Q residual plot for the UPCA (for RF determination, Table 32 ) prediction of 

photo-degraded 17.7 g/L eRDF samples on 410-475 nm excitation and 400-600 nm emission 

region centred across the sample mode and scaled within the excitation mode. The calibration 

samples [non-spiked (▲) and RF spiked] and photo-degraded samples (conditions RL (▼), RD 

(*), FL (■), and FD (+)) are shown. 
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9.1.4. Conclusion 
eRDF samples undergo significant compositional changes when stored for 

long periods of time, and the changes are much more pronounced if the solution is 

exposed to light. These changes were observed using PARAFAC on the EEMs of the 

samples stored under different light and temperature conditions for 32 days. The 4-

component model fitted on the EEM data collected on the vitamin region gave a 

better understanding of the changes than the model fitted on the amino acid region. 

Two components were associated to Py and RF and two others to the formation of 

fluorescent photo-products. The part of the EEM variation due to IFE as a 

consequence of the compositional changes of the medium during light exposure of 

the samples was determined. The remaining variation associated with the reduction 

of the Trp and RF emission bands was found to be potentially directly related to the 

degradation of these two components leading to the formation of lumichrome and N-

formyl-kynurenine respectively also visible in the EEMs as an unresolved increasing 

bands at 360 (ex.)/450 (em.). 

The dramatic impact of this compositional change on the EEM of the 

degraded eRDF solutions was evident when compared to the standard EEM used for 

calibration in the model selected for the quantification of Trp, Tyr, Py, FA and RF. In 

most cases, samples, that had been exposed to light during storage were detected as 

outliers and could not be quantified using the technique previously developed. In 

some cases, samples stored in the dark for several days were also detected as outliers. 

This could be due to undetermined and thermally modulated chemical reactions 

occurring within the sample. Overall, due to the lack of a validation method, it is 

difficult to assess if the UPCA models built were selective enough, especially in the 

case of Tyr determination. A systematic observation of the PARAFAC loading 

collected on the vitamin region can be a means to overcome this issue and detect 

photo-degradation of the samples at an early stage.  

At the condition that the degradation product(s) causing the fluorescent band 

at 360/450 nm (excitation/emission), were formally identified (using mass 

spectrometry for example), new calibration models could be built based on the mSA 

method and taking into account these fluorophores as additional analyte(s). This 

would lead to models capable of monitoring these analytes through extreme storage 

conditions. However, in practice severely degraded cell culture media would be 
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discarded, thus the detection of these degraded media by monitoring of 

compositional changes is of greater importance than the quantification of specific 

analytes throughout these changes. This monitoring can be achieved using 

PARAFAC analyses of EEMs. 
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 SERS monitoring of compositional changes 9.2.

in 17.7 g/L eRDF solution during storage 

EEMs provided evidence of compositional change; however only changes 

undergone by photo-active molecules could be directly monitored and these changes 

were mainly found to be caused by light exposure. Since conventional Raman cannot 

generate good quality spectra, SERS was then used to investigate the eRDF 

compositional changes. SERS should be able to monitor less specific chemical 

changes occurring during long term storage whether the eRDF samples were exposed 

to light or not, thus complementing the information obtained from the EEM data. 

 

9.2.1. Spectral analysis of a typical eRDF solution 
 

 
Figure 112 Raw SERS spectrum of the control sample solution with a samples/colloid volume 

ratio of 1:19 (batch 78).  

 

Figure 112 shows the SERS spectrum of a 17.7 g/L eRDF solution collected 

from a mixture of sample and Ag colloid. Note that when a classical Raman 

spectroscopy is used the signal observed for an equivalent eRDF solution is very 

weak [47]. eRDF is a complex mixture (Table 4) and the use of Ag colloid allowed 

for the enhancement of multiple bands leading to a complex signal (Figure 112). Due 

to the presence of a large number of potentially SERS active compounds in eRDF 

and due to the complexity of the SERS signal of these individual compounds (Figure 

133), the accurate assignment of each band in Figure 112 to a particular vibrational 



Degradation study of eRDF solutions using fluorescence and SERS 

 

- 212 - 

 

mode of specific compounds was not generally possible. However, for comparison 

purposes the SERS spectra of the five analytes quantified in the previous sections 

(Figure 132) and various amino acids were collected using the concentrations that 

they would have in a typical (by formulation) 17.7 g/L eRDF solution. The SERS 

spectra of Arginine, cysteine, glutamine and lysine are shown in Figure 133. 

 

The band centred at 1394 cm-1 can be assigned to the amino acid –COO- 

symmetric stretch [218, 219]. Other bands typical of amino acids can be observed 

around 914 cm-1 with the C-COO- stretch, the weak band at 722 cm-1 that could be 

caused by the COO- deformation or the shoulder at 626 cm-1 that is probably due to 

COO- wag [219]. Additionally ring CC stretches of aromatic amino acid (visible for 

example for Tyr, Figure 132) could explain the signal at around 1600 cm-1. The 

identity of some other bands can be speculated with some certainty; for example the 

C-S stretching of cysteine is probably responsible for part of the 658 cm-1 band 

(Figure 137 and [220]). It is also likely that peaks from the SERS response of FA 

would be responsible for a portion of this peak along with the peak at 962cm-1.107 

 

9.2.2. Spectral analysis of the degraded sample 

spectra 
Figure 113 shows all the SERS spectra collected over 32 days on the 17.7 g/L 

eRDF solutions stored under the four different conditions. The SERS spectra were, in 

general, reasonably intense with well-defined peaks across the entire frequency 

range. The most significant observation is that the SERS spectra are different for the 

‘photo-aged’ samples (Figure 113 - c/d) with a much greater background generated 

as degradation increased. This background may be the consequence of the formation 

of the fluorescent degradation products when the eRDF solutions were exposed to 

light. It is possible that these fluorescent compounds have a weak affinity for the Ag 

colloid and hence remain in suspension creating a strong fluorescence background. 

 

                                                
107 No specific vibrational mode was associated with these bands in the literature. 
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Figure 113 Raw SERS spectra collected (785 nm excitation for 1 sec) on 17.7 g/L eRDF samples 

stored in conditions RL (d), RD (b), FL (c) and FD (a). The darker lines correspond to the 

samples stored for the least amount of time and the lighter for the longer.108 

 
Moreover, as expected, (and in contrast to what was observed using 

fluorescence) significant changes were observed in the spectra of the samples stored 

under all four conditions. These changes are highlighted in Figure 114 and Figure 

115 and are more obvious in three principal regions with an important signal band 

loss from 560 to 580 cm-1 and 870-1070 cm-1 and the appearance of two bands in the 

region from 1520 to 1760 cm-1. These changes observed in the SERS spectra for all 

samples (in particular those stored under cold-dark conditions) are likely to be due to 

slow chemical reactions between various components. 

 

                                                
108 The baseline corrected data are given in appendix 9-2. 
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Figure 114 Baseline corrected and normalised SERS spectra from 17.7 g/L eRDF samples stored 

in conditions RL (d), RD (b), FL (c) and FD (a). The darker lines correspond to the samples 

stored for the least amount of time and the lighter for the longer.109 The standard deviation 

across all samples under each condition is also shown. 

 

 

                                                
109 The baseline corrected data are given in appendix 9-2. 
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Figure 115 Raw SERS spectra of the first replicate of the samples at day 0 (black) and day 32 in 

condition RL (blue), RD (green), FL (red), and FD (turquoise). Boxes highlight the regions of 

major changes. 

 

As the SERS process is inherently dynamic and the signals tend to be very 

unstable, one needs to undertake numerous control measurements. To check the 

quality of the SERS colloid and method reproducibility, the SERS spectra of the 

freshly prepared eRDF solution and the control samples that had been stored at -70ºC 

for 32 days were measured and compared (Figure 116). Figure 116 shows the 

overlap of the raw SERS spectra collected from the freshly prepared samples and the 

control samples (stored at -70ºC for 32 days). On the raw data most of the variation 

observed seems to be due to baseline effects. However, the observation of the 

baseline corrected and normalised data reveals a small decrease between the fresh 

and the control sample SERS spectrum in the peaks at 338, 1042 and 1394 cm-1 that 

could be caused by adsorption of a small quantity of analyte on the walls of the 

eppendorf. Due to the complexity of the signal it was not possible to assign this band 

to a particular vibrational mode or analyte(s). This decrease in signal might be 

related to the decrease of the Trp, Tyr, RF and FA concentrations in the fresh and 

control samples measured in section 9.1.3. 
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Figure 116 Overlap of day0 (black) and control sample (grey) raw (a) and baseline corrected 

and normalised (b) SERS spectra collected in triplicate. 

 

To better understand the nature of the changes in the SERS spectra, PCA was 

undertaken on the light and dark samples separately.  

 

9.2.3. PCA on SERS dataset (age_sers) 
SERS signals are much more complex and un-resolved than EEM data; thus, 

to ensure that a maximum of information is obtainned from PCA analyis the data 

(age_sers) was split into two datasets prior to anlaysis: 

1. age_sers_light containing samples at day 0 (3 replicates) and the 

irradiated samples from conditions RL and FL (9 samples × 2 

conditions × 3 replicates) 

2. age_sers_dark containing samples at day 0 (3 replicates) and the 

non-irradiated samples from conditions RD and FD (9 samples × 2 

conditions × 3 replicates) 

By this means the spectral changes observed in each case (dark and light) will 

be comparable and it will be possible to determine whether the phenomena(on) 

responsible for them are dependent (or not) on light exposure of the sample during 

degradation. Baseline correction was performed on each dataset individually.  

 

PCA models were independantly fitted to age_sers_light and age_sers_dark. 

Two components were necessary to fit the dataset of samples stored in the dark and 
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this explained 99.40 % of the age_sers_dark’s variance and three components were 

necessary to model the dataset of samples exposed to light explaining 99.47 % of 

age_sers_light’s variance. The scores of the two first components in each case are 

given in Figure 117 and Figure 118. 

 

 
Figure 117 (a) Scores plot (PC1 vs. PC2) of the PCA model fitted on the SERS data of the 

samples stored in the dark (age_sers_dark). The fresh samples (●), and the samples stored at 

room temperature (▼) and in the fridge are shown (*). Scores of these PC1 (b) and PC2 (c) 

components plotted versus time both at room temperature (◯) and in the fridge (□). 
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Figure 118 (a) Scores plot (PC1 vs. PC2) of the PCA model fitted on the SERS data of the 

samples stored in the light (age_sers_light). The fresh samples (●), and the samples stored at 

room temperature (▼) and in the fridge are shown (*). Scores of these PC1 (b) and PC2 (c) 

components plotted versus time both at room temperature (◯) and in the fridge (□). 

 

In both cases (Figure 117 and Figure 118) there is little dependence between 

the scores obtained for the first component and the storage time. The first component 

resolved is very similar in both cases (dark and light) and represents the general 

profile common to all samples. The second component represents the variation from 

this profile during storage. It is composed of positive and negative peaks very similar 
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for the irradiated and non-irradiated cases and capturing > 4.0 % (4.62 and 4.20 % 

for age_sers_dark and age_sers_light respectively).  

 

 
Figure 119 Loadings of the first (a) and second (b) components of the PCA fitting of 

age_sers_dark (black) and age_sers_light (grey). 

 

Due to their shape it is likely that the 2nd component in both cases 

simultaneously represents the degradation of a component (corresponding to the 

positive peaks) and the production of the degradation product (corresponding to the 

negative peaks). The variation represented by the second component is present in 

similar proportions in both cases [4.2 % (light) and 4.6 % (dark) of explained 

variance]. This suggests that the phenomenon observed is not the same as the one 

shown with fluorescence i.e photo-degradation. However, the scores plots (Figure 

117 and Figure 118) suggest that the variations represented by the 2nd PC are slower 
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when the samples are not irradiated. The detail of the positive and negative peaks 

featured in the second component is given in Table 44. 

 
Table 44 Details of peaks in the 2nd component of the PCA model fitted on age_sers_light 

Cystein [220] 
(cm-1) 

Positive peaks1 

(cm-1) 
Negative peaks1 

(cm-1) 
Oxidation product of cysteine [221] 1, 2 

(cm-1) 
- 362 410 393 

513 466 - w 506 - w - 
- 618 - s 722 717 

663 658 - vs - 1010 - s 
- 802 – s (sh 834) 1098 1091 

908 906 - s 1330 1350 - w 
1033 1026 1370 - 

- 1146 1458 1446 - w 
1290 1290 (sh 1258) 1666 - 
1341 1402 - - 
1608 1634 - - 

1) w, designates weak peaks, s: strong peaks, vs: very strong peaks and sh: shoulders. 
2) For clarity, only the relevant weak peak are shown 
 

The positive peaks corresponding to the component (or components) 

disappearing from the solution have several features in common with amino acids 

(Figure 113) such as the peaks at 618 (COO- wag), 1026 (C-N stretch), 1146 (NH3+ 

deformation ), and 1402 (COO- symmetric stretch) cm-1[219].   However other peaks 

suggest that the component(s) disappearing may be more specifically associated to 

cysteine as it displays a peak at 1290 cm-1 (CH2 wag) and a very strong peak at  658 

cm-1 that can be related to the specific C-S stretching of cysteine.[219] It was 

discussed in the literature that cysteine can interact with components from common 

cell culture media to form an oxidation product and generate H2O2.[222] The SERS 

analysis of the sulfinic/sulfonic acids, the oxidation products of cysteine, was 

described by Stevani et al.[221] The SERS peaks observed for the oxidation 

product(s) of cysteine are comparable to the negative peaks observed in Figure 119 

and detailed in Table 44; in particular the peak at 722 cm-1 corresponding to the C-S 

stretching of the degradation product and considerably shifted from its position in the 

SERS spectrum of cysteine. 

Finally, Figure 120 shows the loadings of the three components from the 

PCA model of the dataset formed with the SERS spectra of the irradiated samples 

(age_sers_light). In particular the third component is shown in black and the scores 
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in function of the storage time are given in Figure 121 (The scores plot PC2 vs. PC3 

is shown in Figure 121). 

 

 
Figure 120 PCA loadings of the three component model fitted on age_sers_light. Components 1 

to 3 are shown with lines from light grey to black. 

 

The loading of this last component (Figure 120) is also composed of positive 

and negative peaks. The positive peaks seem to mainly represent a mirror image of 

the peaks corresponding to PC2 (possibly the degradation product of cysteine). 

Based on the observation of the scores (Figure 121), this last component can be 

interpreted as a two phase phenomenon with:  

1) the increase of the scores rapidly reaching a plateau corresponding to the 

increase of PC2’s scores (mirror image similar to loadings)  

2) the decrease of the scores after storage for 18 days 

This decrease could correspond to the (slower) production of a different 

degradation product largely occurring after storage for 18 days and only upon 

irradiation of the samples.  
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Figure 121 (a) Scores plot (PC2 vs. PC3) of the PCA model fitted on the SERS data of the 

samples stored in the light (age_sers_light). The fresh samples (●), and the samples stored at 

room temperature (▼) and in the fridge are shown (*). (b) Scores of PC3 components plotted 

versus time both at room temperature (◯) and in the fridge (□). 

 

In order to try and identify the nature of this component the loading (Figure 

120) of the third component were compared to the SERS spectra of the possible 

photo-product identified in the previous section with emphasis on lumichrome and 

N-formyl-kynurenine. The SERS spectra of N-formyl-kynurenine was studied by Nie 

et al. [223] and has common features with the third component loading, in particular 

the peak at 503/506 cm-1 which is not present in the other photo-degradation products 

from Trp such as kynurenine or 3-hydroxykynurenine (Table 38). The SERS spectra 

of lumichrome and other flavin derivatives were reported by Lee et al. [224] and 

compared to the PCA loadings to find that they did not match any of the signal 

described by the third PC of the PCA model on age_sers_light.  
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Table 45 Details of the peaks observed in the third component from the PCA model on 

age_sers_light and for N-formyl-kynurenine [223].  

Negative peaks 
of PC3 loading 

(cm-1) 

N-formyl-
kynurenine  

(cm-1) 

 Negative peaks 
of PC3 loading 

(cm-1) 

N-formyl-
kynurenine  

(cm-1) 
386 -  - 1053 

- 415  1146 1133 
- 477  - 1167 

506 503   1203 
562 565  1242 1241 
618 593  1290 1303 
658 639  1354 1357 
746 749  - 1373 
786 -  1402 - 
906 901  1434 1457 

- 933  1530 1547 
- 959  - 1581 

1018 1025  1594 1601 
 

Both temperature and light exposure effects on the eRDF solutions are 

detectable using SERS. The changes described by the second component could be 

related to the degradation of cysteine and the production of the corresponding 

oxidation product. The changes described by the third component in the PCA model 

of the dataset formed by the spectra of the samples stored under light exposure may 

be associated with the appearance of N-formyl-kynurenine.  
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 Conclusion 9.3.

Analysis of eRDF solutions stored for several weeks under different 

conditions of light and temperature using fluorescence and SERS showed that the 

medium degrades significantly. The PARAFAC study of the fluorescence data 

showed that photo-degradation occurred and that the major compositional changes 

observed were due to the almost total degradation of RF and partial degradation of 

Trp leading to the formation of two potential photo-products: lumichrome and N-

formyl-kynurenine. However the fluorescence studies indicated that very little 

appeared to be happening in dark-stored solutions. Since it was suspected that a 

chemical degradation pathway might also be operating the samples were also tested 

using SERS. The PCA analysis of the SERS spectra of the different samples gave 

information about the chemical degradation pathways. In particular an educated 

guess suggested that the degradation of cysteine into its oxidation product(s) could 

be monitored and occurred at a very early stage during the storage period. It might 

also be possible that the formation of N-formyl-kynurenine in samples stored in the 

dark can be followed using SERS and it was suggested that this degradation only 

occurred after 18 days of storage contradicting the PARAFAC model results. 

Ultimately, all these observations would have to be confirmed by alternative means 

(e.g. chromatography or mass spectrometry). Pathways for the degradation of Trp in 

the presence of RF was described in the literature [203, 225] showing that the 

formation of N-formyl-kynurenine is highly dependent on the presence of O2. The 

latest study [203] also states that lumichrome is a more effective sensitizer of amino 

acid degradation than riboflavin. This could explain why N-formyl-kynurenine 

would only occur after enough lumichrome has been formed. It is also possible that 

the SERS sensitivity to this phenomenon is too low to detect changes at an earlier 

stage.  

Additionally, the capability of SERS to monitor changes in cysteine and N-

formyl-kynurenine concentrations during degradation suggests that these two 

analytes might be good targets for the development of quantification methods using 

SERS for cell culture media. 
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10.  Optimisation of SERS 
measurements of eRDF solutions for 
application to quantitative analysis 

 

Since SERS showed some use in detecting photo- and chemical degradation 

in solutions of eRDF, the feasibility to quantify specific analytes in eRDF was then 

investigated. First the SERS protocol was optimised and then the method was applied 

to the quantification of folic acid. 

 

 Sample to colloid (SC) ratio  10.1.

The profile of the eRDF SERS spectra depends on the proportion of sample 

and colloid used. The baseline corrected Raman spectra of 17.7 g/L eRDF/silver 

colloid mixtures collected from different colloid batches are shown for various 

sample to colloid (SC) ratios110 from similar volumes of sample and colloid (Figure 

122-a),  to large excess of colloid (Figure 122-c); SC ratios were varied from 1:199 

(Figure 122-c) to 1:1(Figure 122-a). 

It is evident from the figures that spectral changes due to variation in the SC 

ratio are not uniform e.g. the overall signal intensity change is not linear (Figure 125) 

and the spectral shape changes dramatically (Figure 124).  

 

 

                                                
110 Volume ratio 
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Figure 122 Baseline corrected SERS spectra of eRDF (17.7 g/L) solutions with (a) 1:1 (black, k), 

1:2.3 (grey, g) 1:4 (light grey, lg) (b) 1:5.7 (k), 1:9 (g) and 1:19 (lg) and (c)  with 1:49 (k), 1:99 (g) 

and 1:199 (lg) sample to colloid [batch 4 (a), 78 (b) and 5 (c)] ratio collected after 10 minute 

incubation time 
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Figure 123 shows 5 replicate measurements of normalised SERS spectra 

collected from 17.7 g/L eRDF samples with a 1:1 SC ratio using two different colloid 

batches. No major differences between the enhancements obtained with the two 

different colloid batches were observed except from a small decrease in the 

enhancement of the 930 – 1120 cm-1 bands using batch 5.  This justifies the 

comparisons between the results obtained using two different colloid batches. 

 
Figure 123 Overlapped 5 replicates of SERS spectra eRDF (17.7 g/L) solution with a 1:1 SC 

ratio (v/v) for the colloid batches 4 (black) and 5 (grey). The data were baseline corrected and 

normalised (to area =1). 

 

Figure 124 shows the overlap of SERS spectra of 17.7 g/L eRDF samples 

collected with 1:1, 1:9 and 1:199 SC ratios after baseline correction and 

normalisation. Figure 122 to Figure 124 suggest that signal variation due to SC ratio 

are moderate for large ratios and it is only for ratios below 1:5.7 that larger variations 

occur. This is better demonstrated in Figure 125 where the signal intensity at the 666 

cm-1 band (which could include the cysteine C-S stretch) is plotted against the ratio 

showing that the variation in the 666 cm-1 peak reaches a plateau at large SC ratio. 

Small deviations from the general trend may be due to the utilisation of three 

different colloid batches (Figure 125). 
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Figure 124 Baseline corrected (a) and baseline corrected and normalised (b) SERS spectra of 

eRDF (17.7 g/L) samples with 1:1 (black, batch 4 colloid), 1:9 (grey, batch 78 colloid) and 1:199 

(grey, batch 5 colloid), ratio (v/v) of sample to colloid.  
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Figure 125 SERS intensity of the peak at 666 cm-1 plotted against the SC ratio. The line shows 

the logarithmic fit: y = 7295.05×log(x) +16663, R2 = 0.9807. 

 

After normalisation (Figure 124-b) the relative proportions of the different 

peaks are easily visualised highlighting the evolution of the signal profile itself with 

the changes in ratios. The samples used here are complex with high SERS active 

analyte concentrations. They comprise a large range of molecules with various 

affinities for the Ag surface. At such high concentrations the competition between 

molecules for interaction with the Ag particle surface is significant. Consequently, 

these results suggest that when the SC ratio is large, the molecules with the highest 

affinity for the colloid will saturate the colloid surface. By decreasing111 the SC ratio, 

more colloid surface is being made available and molecules with less affinity for the 

surface can eventually adsorb onto or get near enough to the Ag particles generating 

novel signal features (Figure 124).  

It is clear that the SC ratio is critical for the analysis of complex media. The 

SC-ratio should be such that there is an excess of sites available, enabling all the 

different SERS active molecules the opportunity to bind onto the Ag surfaces. 

Additionally, if the SC ratio selected is too small, poor signal to noise ratio will be 

observed. 

 

  
                                                
111 Decreasing the SC ratio means decreasing the volume of sample used compared to the 

volume of colloid. 
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 Time dependence of SERS data 10.2.

It has been shown [45, 226] that incubation time can influence the quality and 

aspect of SERS spectra. Here the influence of incubation time is investigated relative 

to the SC ratio. Figure 126 shows the evolution of the raw SERS spectra of 17.7 g/L 

eRDF solution with SC ratios of 1:4, 1:2.3 and 1:1 as the incubation time112 

increases. 

 

 
 

Figure 126 Raw SERS spectra of eRDF (17.7 g/L) solution collected every minute after 

incubation for up to 16 minutes (plots go from black to light grey with increasing incubation 

time, see arrow) with SC ratios of 1:1 (a), 1:2.3 (b) and 1:4 (c); the colloid/sample mixture was 

re-suspended between each measurement.  

 

The data obtained and shown in Figure 126 seems to suggest that when a 

large excess of sample is used (1:1) then the SERS signal stabilises slowly. As the 

colloid proportion increases the SERS signal settles more quickly (SC 1:2.3 and 1:4) 

in terms of baseline. To better illustrate this phenomenon the baseline (average 

intensity of data points between 1802 and 2002 cm-1) was plotted against the 

incubation time (shown Figure 127). It is clear from the figure that faster stabilisation 

was achieved when small ratios were used. When a 1:1 ratio (light grey line) was 

used the baseline increased linearly across the whole 16 min period of the experiment 

whereas when a 1:4 ratio was used (black line) a plateau was reached from 4 min 

after incubation. 

                                                
112 Time between the moment when the sample is added to the colloid and time of the 

measurement. 
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Figure 127 Evolution of the baseline of SERS signal from an eRDF (17.7 g/L) solution collected 

every minute after incubation for up to 16 minutes with incubation time and calculated as the 

average of the data points between 1802 and 2002 cm-1.  The different colloid to samples ratios 

are represented in black (1:4), grey (1:2.3) and light grey (1:1).113 

 

In order to independently assess the variation of the signal intensities with 

incubation time the integrated area of the baseline corrected spectra (shown in 

appendix 10-1) were plotted versus incubation time (Figure 128) for the three SC 

ratios. This showed that enhancement increases with longer incubation time probably 

due to the delay necessary for all SERS active molecules to interact with the 

available substrate surface. In order to assess how the enhancement factors changed 

over different regions of the spectrum, a PCA model was fitted to the data, shown in 

Figure 126, for the 1:4 SC ratio. Only one component was necessary to explain 

99.27 % of the spectral variance, indicating that the increase in enhancement affected 

the whole SERS spectrum uniformly.  These results suggest that there is no dynamic 

equilibrium between different species in solution and surface bound and that there 

would be a uniform surface population from the start and nothing changed except 

increased aggregation which acts uniformly to enhance all SERS signals. 

                                                
113 The missing value is due to the presence of cosmic that would affect the result 
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Figure 128 Integrated spectral area (306 to 2002 cm-1) of baseline corrected SERS spectra of 

eRDF (17.7 g/L) solutions collected every minute after incubation for up to 16 minutes on 

sample colloid mixture with SC ratios of 1:1 (●), 1:2.3 (■) and 1:4 (▲)  

 

Finally, in the baseline corrected and normalised (Figure 129) spectra 

collected over 16 minutes, very little changes are visible indicating that incubation 

time is not a significant issue after 1 min and when appropriate pre-processing is 

used.  However, the SERS spectra are only this good if the sample/colloid mixture is 

re-suspended immediately prior to measurement, otherwise much of the colloid will 

have aggregated and precipitated down to the bottom of the well. In practice a 

micropipette was used to re-suspend the solution before data collection. Results of 

the data collected after mixing the sample/colloid mixture only once before the first 

data collection (t0) are shown in appendix 10-1. 
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Figure 129 Average (black) and standard deviation (red) of baselined corrected and normalised 

SERS spectra of eRDF (17.7 g/L) solution collected every minute after incubation for up to 16 

minutes with SC ratios of 1:1 (a), 1:2.3 (b) and 1:4 (c). Missing values are due to the removal of 

cosmic peaks. 
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To numerically assess the reproducibility of the data at different incubation 

times, a series of SERS spectra were collected 4 times every minute from 1 to 20 min 

incubation with an SC ratio of 1:4. The dataset obtained was fitted with a PCA model 

and only one component was needed to explain 99.84 % of the total variance in the 

baseline corrected and normalised spectra. The cumulative variance across all 80 

spectra (4 series of 20 min) was calculated114  and found to be 0.16 % showing that 

the results previously obtained for an SC ratio of 1:4 with different incubation time 

was reproducible over a much larger dataset including 4 replicates of each 

measurement. 

 

  

                                                
114 The relative cumulative variance was calculated as the sum of the variance across the 80 

samples at each wavenumber multiplied by 100 and divided by 1 (area of the normalised spectra). 
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 The use of aggregating agents for SERS 10.3.

analysis of pure analytes and eRDF solutions 

10.3.1. Use of aggregating agent in the case the 

analysis of individual analyte in water 
The feasibility of quantifying individual components in a simpler sample 

matrix (water) was investigated as an intermediate step before implementation in the 

much more complex eRDF matrix. The first step of this study was the acquisition of 

good SERS spectrum from the analytes at the concentrations they would have in a 

17.7 g/L eRDF sample (as per formulation Table 4). However this was not 

straightforward as the use of an aggregating agent was necessary and this caused 

serious issues. 

As observed previously (Figure 112 for example), eRDF samples, when 

combined with Ag colloid, give a SERS response even in the absence of an 

aggregating agent. Yet, no SERS spectra were observed from simple 1:1 mixtures of 

solutions of the three vitamins Py, FA and RF (at concentrations of 4.86, 19.94 and 

0.53 μM respectively) with silver colloid.115 When solutions of analyte in phosphate 

buffer (pH 7) were used for SERS, the SERS signal was found to originate mostly 

from the buffer apart from the FA case. This suggests that the buffer may act as an 

aggregating agent but that the phosphate binds to the surface in preference to all the 

other analytes except FA. 

 

 

                                                
115 This was also the case for a series of amino acids: arginine, glutamine, threonine, valine, 

serine, proline and lysine. 
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Figure 130 Baseline corrected and normalised to unit area SERS spectra of Trp, Tyr, 

phenylalanine, Py, RF (grey) and FA (blue) in pH7 phosphate buffer and pure pH7 phosphate 

buffer (black). The analytes are present at the concentration they would have in 17.7 g/L eRDF 

solution (Table 4) 

 

The complex and diverse composition of eRDF led to the observation of 

relatively strong SERS signals because many of the components may introduce the 

required aggregation to generate strong SERS signals. Three potential aggregating 

agents in eRDF are NaCl (105 mM), KCl (5 mM) and NaHPO4 (3.4 mM) all of 

which are present in appreciable quantities. SERS measurements were attempted 

using116 an SC ratio of 1:4 in the presence of NaCl, KCl and NaHPO4 but no 

significant SERS activity was detected (data not shown). The potential of MgSO4 

(also present in eRDF with a concentration of 0.44 mM) as an aggregating agent was 

then investigated. The SERS spectra of Trp, Tyr, Py, FA and RF solutions in water 

were collected using a 1:1:1 sample/colloid/MgSO4 (0.1 M) mixture (Figure 132). 

From Figure 132, it is clear that the spectra of Py and Trp vary very little 

from the spectrum obtained when MgSO4 is mixed on its own with the silver colloid. 

The signal observed for these two analytes is due the use of MgSO4. This is a 

consequence of the preparation of the colloid by citrate reduction [127]. MgSO4’s 

affinity for the colloid surface is not strong enough to displace the citrate molecules 

from the surface of the substrate. Thus their signal is enhanced and interferes with 

the signal of the SERS analytes in the case where it is present in too little 

concentration or is unable to displace all of the citrate molecules. MgSO4 is then not 

                                                
116 All concentration were the same as in a 17.7 g/L solution (Table 1) 
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an ideal aggregating agent. An example of the consequence of the citrate signal 

interference with analyte signal is shown in Figure 131 where the SERS response of 

a series of FA solutions (× 11) in water with concentrations varying from 0 to 40 μM 

is plotted. In Figure 131, it is clear how the overall spectrum is impacted by the use 

of MgSO4; the manifestation of FA spiking is only observed as a peak increase at 

698 cm-1 and in the 1200-1800 cm-1 broad band. 

 

 
Figure 131 Baseline corrected and normalised SERS spectra of FA solutions in water117 and 

collected with 1:200:10 sample/colloid/0.1 M MgSO4 ratios. FA concentration increases from 

black (only MgSO4 effect) to a light grey colour. Each plot is an average of triplicate 

measurements. 

 

                                                
117 1mL aliquots of milli-Q® water were spiked with FA stock solution (Sfa see section 

4.1.2.2.B) leading to 11 samples with concentration varying from 0 to 39.7 µM FA (Table 12 with 
water instead of eRDF solution). 
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Figure 132  a) shows the raw SERS spectra of FA (19.9 µM), RF (0.5 µM) and Py (4.9 µM) as 

blue red and green traces respectively; b) shows the raw SERS spectra of Tyr (480 µM) and Trp 

(90 µM) as green and blue trace respectively; c) shows the control spectra of the colloid (batch 5) 

and colloid/ MgSO4 mixture as blue and black traces. The control MgSO4/colloid mixture 

spectrum is shown in grey in a) and b). All spectra (a and b) were collected on a 1:1:1 mixture of 

sample/colloid/MgSO4 (0.1 M) 

 



Optimisation of SERS measurements of eRDF solutions for application to 

quantitative analysis 

 

- 239 - 

 

The three remaining compounds: Tyr, RF and FA appeared to display SERS 

activity when MgSO4 was used. This suggested that MgSO4 possesses aggregating 

properties allowing for the observation of Tyr, FA and RF at concentration levels 

similar to the ones they would have in a typical 17.7 g/L eRDF solution.  

 

In order to obtain more information for peak identification the spectra of 8 

amino acids [arginine (0.58 g/L), glutamine (1.04 g/L), cysteine (0.11 g/L), threonine 

(0.11 g/L), valine (0.11 g/L), serine (0.085 g/L), proline (0.055 g/L) and lysine (0.20 

g/L)] were collected at the concentrations they would have in a typical 17.7 g/L 

eRDF solution. A 10:200:1 sample/colloid/MgSO4 ratio was used. Less MgSO4 was 

used than for the collection of the Trp, Tyr, Py, FA and RF spectra as it was found 

that adding more was not changing the quality of the spectra. Of all eight amino 

acids tested only 4 had specific bands below 1200 cm-1, the spectra are shown in 

Figure 133.  

 

 
Figure 133 SERS spectra of arginine (0.58 g/L), cysteine (0.11 g/L),  glutamine (1.04 g/L) and 

lysine (0.20 g/L) collected using a 10:200:1 sample/colloid (Ag)/MgSO4 (0.1 M) ratio. The grey 

lines show the MgSO4 control spectrum. 
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10.3.2. Use of aggregating agent in the case of low 

SC ratios on eRDF solution 
Since MgSO4 did not work when small concentrations of analyte in water 

(e.g. FA Figure 131) were analysed, a preliminary study was carried out to assess the 

possibility of using MgCl2 as an alternative to MgSO4. The use of MgCl2 was 

however only evaluated in the conditions used for FA quantification in eRDF 

(section 4.1.2.2.B) where SERS measurements where collected from eRDF (17.7 

g/L) solution with very low (1:200) SC ratios. The respective control spectra for 

MgCl2 and MgSO4 in water and with the silver colloid used here are shown in Figure 

134. This figure shows how MgCl2 meets the primary requirement of this 

substitution: absence of citrate enhancement or any other signal in the control SERS 

spectrum of pure colloid. 

 

 
Figure 134 Raw SERS signals of MgCl2 (black) and MgSO4 (grey) solutions (0.1 M). Colloid 

batch 4 was used and the SC: aggregating agent ratio used was 1:200:10. 

 

Figure 135 and Figure 136 show the enhancement of the eRDF signal when 

low SC ratios (1:200) are used (identical to the conditions used in FA quantification) 

before (Figure 135) and after (Figure 136) baseline correction and normalisation of 

the data. From these two figures, no significant difference in the overall signal 

enhancement magnitude is noted when the two different aggregating agents are used. 

Differences in bands preferentially enhanced by each aggregating agent are visible 

(Figure 136); however, this could be due to the presence of different aggregate sizes 
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and different surface quality in both cases. The relative affinity of the SERS-active 

molecule for the surface modified (surface species) by either MgCl2 or MgSO4 

addition may be different. This shows that the use of MgSO4 as an aggregating agent 

in eRDF analysis is not a source of significant variation in the SERS spectrum.  

 

 
Figure 135 eRDF (17.7 g/L) SERS signal in the presence of 0.1 M MgCl2 (black) and 0.1 M 

MgSO4 (grey) for a sample/colloid/aggregating agent ratio of 1:200:10 with no pre-processing. 

 

 
Figure 136 Baseline corrected and normalised eRDF (17.7 g/L) SERS signal in the presence of 

0.1 M MgCl2 (black) and 0.1 M MgSO4 (grey) for a sample/colloid/aggregating agent ratio of 

1:200:10. 

 

It is also visible that the SERS data from replicate measurements is much 

more variable for MgCl2 compared to MgSO4 (Figure 135). However, the use of 
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appropriate spectral pre-processing (e.g. baseline correction and normalisation, 

Figure 136) can improve reproducibility. 

 

 
Figure 137 SERS spectra of cysteine (0.11 g/L) and folic acid (8.8 g/L) collected using a 10:200:1 

sample/colloid (Ag)/MgSO4 (0.1 M) volume ratio (colloid batch 78).118 

 

Finally, from the spectra collected on an eRDF solution collected using a 

smaller SC ratio and using aggregating agent (MgSO4 or MgCl2, Figure 136) some 

peaks are more defined than when no aggregating agent was used (1:19 SC ratio, 

Figure 112). For example, the peak at 650 cm-1 previously associated with the 

cysteine C-S stretching now appears separated from a peak at 690 cm-1 which is 

probably associated with the SERS response of FA. This is observed in the FA SERS 

spectrum (Figure 137), measured with MgSO4 where there are peaks visible at 690 

and 954 cm-1. Similar peaks at 698 and 965 cm-1 were reported in the literature for 

SERS spectra collected from FA on an Au substrate.119  

 

  

                                                
118 The ratio and addition of MgSO4 will be further discussed in section 10.3.1. 
119 It was also shown that these particular bands disappeared when Ag surfaces were used 

[102]; however, this did not agree with the results obtained in this work when the SERS spectrum of 
FA was collected with an Ag colloid using MgSO4 as an aggregating agent.  
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 FA quantification using SERS 10.4.

In this section SERS is assessed as a technique allowing for the determination 

of compounds concentration in the 17.7 g/L eRDF solution. In particular, the 

determination of FA is investigated. FA was chosen because it was SERS active and 

showed spectral variation in solutions at various concentrations (Figure 132 and 

Figure 131). Additionally the fluorescence method developed showed limitations 

when determining FA concentrations highlighting prediction errors of 10.0 % (cSA) 

and 8.7 % (mSA) compared to errors below 4 % for the other vitamins using mSA 

based methods. 

Only a cSA method was investigated here. This is a preliminary study and the 

samples used are the FA spiked calibration and prediction samples prepared for mSA 

analysis of vitamins in the fluorescence case (see qRmSA_vit_w, Table 12). The 

wavenumber region 306 to 2002 cm-1 was selected here leading to a 33 × 213 

dataset. 

 

10.4.1. Quantification of FA by SERS: large excess 

of colloid (1:199 SC ratio) 
First, SERS spectra were collected from the 1:4 SC ratio mixtures but as 

expected from section 10.1, increasing FA concentration did not result in a variation 

in the SERS signal as all binding sites were saturated (data shown in appendix 10-2). 

In a second attempt, a smaller SC ratio (5:995) was then selected and SERS spectra 

were collected. The data obtained (average of three replicate measurements) are 

shown in Figure 138. The pre-processed data show variation between samples 

contrary to the data obtained with a larger SC ratio (appendix 10-2).  
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Figure 138 SERS (sample to colloid ratio of 1:199) spectra of 17.7 g/L eRDF spiked with FA 

from 0 to 39.7 µM (see qRmSA_vit_w) before (a) and after (b) applying 1st derivative (window 

size = 7, 2nd order polynomial) pre-processing. The plots shown are the average of 3 replicates. 

The arrow shows the direction of increasing FA concentration (black to grey) 

 

A PLS model was then generated using the derivative transformed data with 

3 LVs explaining 96.32 % of X and 60.05 % of y. The variance explained for y is 

very low and the predicted versus expected concentration plot (Figure 139) shows 

very poor reproducibility between triplicate measurements; the R2 values for 

calibration and cross-validation are 0.602 and 0.034 respectively. This is confirmed 

by high error values, with RMSEC of 7.20 μM (18.1 %) and RMSECV of 12.62 μM 

(31.8 %). 
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Figure 139 Predicted versus expected FA concentration obtained from the PLS fitting of SERS 

spectra collected using a 1:199 sample to colloid ratio on eRDF samples (17.7 g/L) spiked with 

FA (see qRmSA_vit_w). The green line represents the diagonal; the circles are the calibration 

prediction and the triangles the cross-validation predictions.  

 

The inability to generate a good predictive model is largely due to (1) the lack 

of reproducible SERS spectra (Figure 140 for example), and (2) the weak nature of 

the FA component of the SERS signal. Data pre-processing was unable to correct for 

this inherent variability and thus other methods have to be examined for improving 

the SERS signal. 
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Figure 140 Three replicates spectra of the baseline corrected SERS (sample to colloid ratio of 

1:199) spectra of 17.7 g/L eRDF spiked with ~ 4 µM of FA (see sample1 qRmSA_vit_w). 

 

Despite poor reproducibility, an obvious correlation of the data with the FA 

concentration in the sample was observed. At such a low SC ratio, the problem of 

insufficient aggregation of the sample may be an issue. eRDF contains various 

components that can act as intrinsic aggregating agents; however, when very low SC 

ratios are used they are not present in sufficient quantities to achieve a complete and 

stable aggregation of the mixture. 
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10.4.2. Quantification of FA by SERS: large excess 

of colloid and addition of aggregating agent 

(MgSO4) 

 
Figure 141 SERS (addition of 0.1 M MgSO4 with samples/colloid/MgSO4 ratio of 1:200:10) 

spectra of 17.7 g/L eRDF spiked with FA (see qRmSA_vit_w) before (a) and after (b) applying 

1st derivative (window size = 7, 2nd order polynomial) pre-processing. The averages of 3 

replicates are shown. 

 

The next attempt of FA quantification involved the use of an aggregating 

agent (MgSO4) in order to try and increase the SERS signal and thus improve the FA 

quantification model. In a similar manner to section 10.4.1, the SERS spectra from a 

series of FA spiked eRDF solutions which all had an aliquot of 0.1 M MgSO4 added 

were collected. The raw and pre-processed data obtained are represented in Figure 
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141. A much clearer trend in the data with increasing FA concentration (black to 

light grey) is visually notable in the pre-processed data.  

 

 
Figure 142 Predicted versus expected FA concentration obtained from the PLS fitting on SERS 

spectra of eRDF solutions (17.7 g/L) spiked with FA (see Table 12) and collected using a 

1:200:10 sample/colloid/MgSO4(0.1 M) ratio. The green line represents the diagonal; the 

calibration (●), cross-validation (a, △) and prediction (b, ▲) are shown. 

 

A 3 latent variable PLS model was fitted to the data explaining 99.47 % of X 

and 97.91 % of y. Prediction of FA was achieved with calibration and cross-

validation error of 1.81 (4.6 %) and 2.30 (5.8 %) μM respectively. Figure 142-a 

shows the predicted versus expected concentration plot (cross validation and 

prediction), demonstrating how the large improvement in SERS reproducibility 

improved the predictions compared to Figure 142-b where no aggregating agent was 

used. Here the R2 values of calibration and cross-validation were 0.979 and 0.968 

respectively. The SERS spectra of independent prediction samples were also 

collected leading to a prediction error of 2.82 μM (9.5 %) over a FA concentration 

range from 21.9 to 37.8 μM.  
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Figure 143 Loadings of NPLS model built on the SERS spectra of eRDF (17.7 g/L) solution 

spiked with FA to triple its original concentration (Table 12). 

 

The loadings of the NPLS model leading to these results are shown in Figure 

143 but their interpretation is difficult as a derivative pre-processing was applied. 

However on LV 2 there is a signal variation in the derivate plot at 682 cm-1 which 

could correspond120 to the specific FA peak at 690 cm-1 (highlighted region, Figure 

143). 

  
  

                                                
120 Note that the resolution of these spectra is 8 cm-1. 
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 Conclusions 10.5.

eRDF solutions display a very complex SERS behaviour on silver colloid. 

Some of the features of the SERS signal may be explained by C-COO- stretching and 

COO- stretching, wagging and deformation due to the presence of multiple amino 

acids. The lower wavenumber region displayed bands associated to more specific 

compounds (e.g. cysteine, folic acid). 

The sample to colloid ratio was shown to have a major impact on the 

possibility to use SERS measurement to monitor compositional changes in complex 

solution as saturation of the colloid surface was an issue. Care then has to be adopted 

during experimental design of SERS experiment to choose SC ratios: (1) low enough 

to keep enough free colloid surfaces and thus allow for the observation of 

compositional changes, and (2) high enough to avoid poor signal to noise ratios. It 

was also shown that the incubation time had an effect on intensity and baseline but 

did not have a significant impact on the SERS signal profile itself. Note here that this 

is only true at the condition that the aggregated colloid/sample mixture is re-

suspended very shortly before the measurement. 

Finally, using SERS measurements of eRDF solutions spiked with FA 

performed on low SC ratio mixtures and using MgSO4 as an aggregating agent, a 

calibration model could be built leading to errors (RMSECV) of < 6.0 %.These 

results suggest that SERS may be used to develop a quantification method for 

specific analytes (demonstrated example: FA) in complex mixtures such as eRDF. 
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11.  Conclusions 
 

The analysis of cell culture media is the first stage in the cell culture process 

where a PAT approach can be undertaken in order to improve the quantity and 

quality of the biopharmaceutical product.[1, 2] The research in this thesis focussed 

on investigating if it was feasible to use rapid spectroscopic methods: (1) to analyse 

complex chemically defined cell culture media (e.g. eRDF) and quantify specific 

components; and (2) to see if these methods could then be also used to monitor and 

qualify the changes in cell culture media caused by storage. Multi-dimensional 

fluorescence and SERS were used. Multi-dimensional fluorescence is a stable, well 

established technique that has been demonstrated to be useful for cell culture analysis 

[33, 98] as it gives a unique fingerprint of the photo-active composition of the 

system. However SERS could potentially provide more information about specific 

chemical changes.  One goal of this work was to ensure that the methods developed 

were suitable for application to the real world i.e. the methods were suitable for the 

concentrated cell culture media (e.g. 17.7 g/L eRDF is standard). 

 

Multidimensional fluorescence was used to quantify some fluorescent 

components of eRDF. Prior to quantitative analysis, the fluorescence behaviour of 

eRDF solutions was investigated. Five fluorophores were clearly identified from the 

EEM data [85]: two amino acids displaying strong fluorescence at short  wavelengths 

and three vitamins displaying weaker signals at longer wavelengths. A dataset 

comprising of eRDF solutions of various concentrations was then analysed both 

holistically and using PARAFAC analysis. In this dataset, very strong IFE was 

observed, as evidenced by the appearance of a saddle in the excitation profile of Trp. 

This meant that the simple PARAFAC model had to be replaced by a PARAFAC2 

model. [85] This showed that the intensity of three of the fluorophores identified 

(Trp, Tyr and Py) had independent responses relative to eRDF concentration 

variation.  

The development of quantification methods based on EEM coupled with 

NPLS was then investigated. Due to the complexity (chemical and optical) of the 

sample matrices and because eRDF samples with a controlled concentration variation 

of the target analytes were not available, standard addition experiments were carried 
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out. First a classical standard addition experiment was undertaken in order to show 

the possibility of quantifying the targeted analyte (Trp, Tyr, Py, FA and RF) using 

fluorescence EEM. Predictions were achieved with an REP error of ~3 % for the 

amino acids and ~ 5 % for the vitamins. Quantification of FA was proven to be more 

challenging with an error of ~10 % but the qualitative analysis of the dataset showed 

that the composition of FA in the sample had a significant impact on the overall 

spectral data.  

Then, because the cSA method developed did not allow for quantification of 

the analytes when they were present at concentrations lower than in the Test sample 

(c0), a new method using a modified standard addition (mSA) [3] was developed. 

The quantification accuracy was improved by: (1) selecting specific restricted 

regions of the EEM and (2) a combination of specific samples and analytes to 

include in the calibration step, for each determination (Trp, Tyr, Py, FA and RF). By 

this means prediction errors of < 5 % for the amino acids and < 4 % for the vitamins 

(Py and RF) were achieved. As observed in the cSA study, the determination of FA 

was not good reaching only a ~ 9 % prediction error. The magnitude of the errors 

obtained with mSA were close to those obtained by cSA and the method used 

allowed for quantification on a wide calibration range for concentrations below and 

above c0. 

These results can be compared to the results obtained from mass spectrometry 

analysis for the quantification of amino acids in dilute mammalian cell culture media 

[227] leading to repeatability values (reported as relative standard deviation, RSD) 

for the determination of 12 amino acids (5 μM) ranging between 0.6 to 21.4 %; in 

particular the RSD  for Tyr was 12.4 %. Another study detailed quantification of Trp 

in yeast broth described a high performance anion-exchange chromatography 

technique [228] leading to a 110 % recovery. The time necessary to run one sample 

using this technique was 12 min which can be compared to the time necessary to run 

an EEM: 7 min for the full region but much shorter for the restricted region. The 

method presented in this work leads to better prediction errors than the ones reported 

from mass spectrometry and chromatography results in similar concentration ranges, 

is fast and requires very little sample handling. 

 

In order to extract a maximum of information from a single EEM 

measurement, the use of the same types of data was investigated for the detection of 
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eRDF compositional changes during storage. It was shown that EEMs detected 

photo-chemical degradation due to light exposure of eRDF during storage. The 

changes observed using PARAFAC modelling were identified as degradation of RF 

and Trp leading to the production of lumichrome and N-formyl-kynurenine. SERS 

was also utilised in order to further investigate chemical degradation during storage. 

Results from PCA analysis of the data suggested the possible detection of cysteine 

degradation into its oxidation product in all samples (dark and light) as well as the 

detection of N-formyl-kynurenine production for samples exposed to light. However, 

this chemical interpretation of the PARAFAC and PCA results from the EEM and 

SERS data would need to be confirmed by implementation of a characterisation 

technique such as NMR or mass spectrometry. 

 

The potential of SERS used as an alternative tool for quantification of 

components in eRDF was also investigated. The first step required was the 

optimisation of the data collection and sample preparation conditions to obtain 

informative and reproducible SERS data. This involved the control of: sample to 

colloid ratios, incubation time, re-suspension of the sample before measurement and 

use of a ‘good’ aggregating agent. It was found that the sample to colloid ratio was a 

very important aspect of SERS measurements and that care should be taken to ensure 

that an excess of colloid was used providing sufficient substrate area for the 

observation of chemical composition changes. SERS was then used for the 

determination of FA in 17.7 g/L eRDF solutions using a cSA approach with a 

prediction error of ~9.5 %.  

 

Multi-dimensional fluorescence combined with multi-way analysis has the 

definite potential for the quantitative monitoring of chemically defined cell culture 

media. The next logical application would be the characterisation of variations in 

complex hydrosylates (such as yeastolate) [45] which are also used in cell culture. 

These hydrosylates are very complex and often ill-defined and thus pose a significant 

analytical challenge. It would also be interesting to adapt the experimental design 

used for the mSA method to both (1) vary the different analyte concentrations 

simultaneously and (2) include variation of analyte with strong impact on the matrix 

(e.g. folic acid) in all datasets. This would allow for the generation of more robust 

models. Finally, it was shown that SERS is a potential method for the monitoring of 
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compositional changes in cell culture media. This method could be further developed 

via the use of MgCl2 as a substitute aggregating agent to MgSO4. This would be 

advantageous for the development of quantitative analysis of low concentration 

solutions and may allow for further characterisation of vibrational band.  
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