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Abstract:  Being able to measure the size and distribution of oligomers in solution is a critical issue in 

the manufacture and stability of insulin and other protein formulations.  Measuring oligomers can 

however be complicated, as these are fragile self-assembled structures held together by weak forces.  This 

can cause issues in chromatographic based methods, where dissociation or re-equilibration of oligomer 

populations can occur e.g. upon dilution in a different eluting buffer, but also for light scattering based 

methods like dynamic light scattering (DLS) where the size range involved does not always generate 

effective scattering signals, or allow for mixtures of oligomers to be resolved.  Intrinsic fluorescence 

offers an attractive alternative as it is non-invasive, sensitive but also because it contains scattered light 

when implemented via excitation emission matrix (EEM) measurements, that is sensitive to changes in 

particle size.   

Here, using insulin at formulation level concentrations, we show for the first time how EEM can 

both discriminate and quantify the proportion of oligomeric states in solution.  This was achieved by 

using the Rayleigh scatter (RS) band and the fluorescence signal contained in EEM.  After validating size 

changes with DLS, we show in particular how the volume under the RS band correlated linearly with 

protein/oligomer molecular weight.  This was true for the RS data from both EEM and polarized EEM 

(pEEM) measurements, the latter providing a more informative, stronger scatter signal, sensitive to 

particle size changes.   

The fluorescence signal was then used with multivariate curve resolution (MCR) to quantify more 

precisely the soluble oligomer composition of insulin solutions.  In conditions that promoted the 

formation of mainly one type of oligomer (monomer, dimer, or hexamer), pEEM-MCR helped identify 

the presence of small amounts of other oligomeric forms, while in conditions that were previously said 

to favour the insulin tetramer, we show that in the presence of zinc, these insulin samples were instead a 

heterogenous mixture composed of mostly dimers and hexamers. These MCR results correlated in all 

cases with the observed discrimination by principal component analysis (PCA), and deviations observed 

in the RS data.  In conclusion, using pEEM scatter and emission components with chemometric data 

analysis provides a unique analytical method for characterising and monitoring changes in the soluble 

oligomeric state of proteins.   

 

Keywords: Protein, Oligomers, Multidimensional Fluorescence, Rayleigh scatter, Polarization, 

Chemometrics.  
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1. Introduction 

Protein aggregation remains one of the biggest challenges affecting the manufacture and 

safe use of biopharmaceuticals, altering bioavailability [1] and potentially increasing the risk of 

adverse immune responses [2].  While its underlying mechanisms are not yet fully understood, 

aggregation can occur at every bioprocess step, and can be triggered by changes in multiple 

factors (temperature, pH, salt, concentration, light, agitation etc.) [3, 4].  Measuring protein 

aggregation is challenging as “aggregates” can vary in size from nm to mm [4, 5].  The most 

difficult and important to measure are the small (nm) soluble oligomers, which can be formed 

by self-assembly from either a partially unfolded state as suspected in amyloid related diseases, 

or from a protein in its native state as frequently observed biologically via various environmental 

factors [6].  These often lack covalent linkages and instead are held together by a complex 

network of weak forces such as hydrophobic interactions, van der Waals forces, electrostatic, 

ionic interactions, and hydrogen bonds.  Oligomers are thus fragile structures that exist in 

delicate equilibrium with other species, making their accurate measurement in solution difficult, 

especially if small size changes are involved.  

 

 
Figure 1:  (Left) Representation of monomeric insulin (molecule 1 conformation) extracted from 2-Zn porcine 

hexamer crystal (PDB file 4INS) with tyrosine (Y), phenylalanine (F), and disulfide bridges (C) shown.  The A and 

B chains are coloured in black and light grey respectively; (Right) Same molecule for which the surface was 

coloured according to Eisenberg hydrophobicity scale; red corresponds to highest hydrophobicity, highlighting the 

right face and bottom left enclave, responsible respectively for dimer and hexamer formation. 

 

Insulin (Figure 1), a small disulphide-bridged peptide of 51 residues, for example has a 

natural tendency to form oligomers in solution.  Insulin is critical to treating diabetes which is a 

major healthcare issue today, with patient number expected to rise ~ 693 million in 2045 [7], and 

a global healthcare cost estimated at ~700 B$ in 2017.  This peptide, which is active and present 

in blood as monomer, can also exist as a dimer, and be stored as densely packed hexamer in the 

pancreas [8].  In solution, all these forms are in equilibrium, which is affected by multiple factors 

including primarily concentration and pH, but also temperature, ionic strength, and presence of 
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divalent cations (Zn2+ especially) [9-13].  Knowing the precise oligomeric state of insulin is 

important as it affects formulation stability and bioavailability.   

Size Exclusion Chromatography (SEC) is the most common method for aggregate content 

analysis in protein therapeutics [4, 5, 14].  One of its main disadvantages for self-assembled 

oligomer analysis, apart from potential interactions with column surface, is that diluting a protein 

solution and exposing it to a different elution buffer can result in dissociation and/or dynamic re-

equilibration of non-covalent oligomer populations, as previously shown for insulin [15].  SEC 

can thus be relatively insensitive to the original oligomer state (type and distribution), which is 

also the case for other QC methods like SDS-PAGE.  Photo-induced cross-linking (PICUP) with 

SDS-PAGE could be a potential solution, unfortunately the use of EDTA as a reaction quencher 

[16] is problematic.  This is because EDTA is a strong chelating  agent that will complex the 

Zn2+ present this causing any insulin hexamer to dissociate to monomer and/or dimer.  It is also 

suggested that the SDS-PAGE method itself can modulate oligomer distributions [17] and this 

needs to be carefully considered when comparing with other techniques.  Other alternatives that 

do not require sample modification like DLS or analytical ultracentrifugation are thus more 

suitable to this type of analysis, but suffer respectively from lack of resolution or slow 

throughput/expensive equipment [5, 14].  

Therefore there is a need for an alternative, minimally invasive method, and intrinsic 

fluorescence is advantageous in that it is non-destructive, can probe the protein native states 

without perturbation, while being also fast and sensitive [18].  Intrinsic emission from Insulin 

originates for example from four tyrosine (Tyr) residues, with a minor contribution from three 

phenylalanine (Phe) residues.  When implemented in a multidimensional measurement like 

EEM, it offers a complete picture of protein emission space.  EEM profiles in particular are 

sensitive to changes in fluorophore microenvironment, including changes in Förster Resonance 

Energy Transfer (FRET) and other photophysical process affecting emission.  EEM are thus 

protein fingerprints, providing a sensitive tool for detecting protein structure changes.  When  

coupled with factor-based methods like MCR or Parallel factor analysis (PARAFAC), the 

complex spectral overlap constituting this emission space can sometimes be resolved, and 

contributions of individual fluorophore identified.  An additional information layer from 

emission anisotropy of macromolecules can also be added via pEEM measurements [19, 20]. 

The deconvolution of EEM/pEEM data by PARAFAC or MCR can however be ruined by 

the presence of RS (and Raman scatter to a lesser extent) that behave as non-bilinear elements 

during modelling [21, 22], which probably explains why most researchers discard this data and 

rarely use it.  However, the RS data in EEM measurements is equivalent to that obtained in static 

light scattering (SLS) experiments, and as such it contains information about particle size 

changes.  A recent study from our lab examined the possibility of using pEEM for the 

discrimination/analysis of Immunoglobulin (IgG) type proteins [23].  These proteins are much 

larger (155 kDa) than insulin and represent a different set of analytical challenges.  IgG for which 

the non-reversible aggregates are a more important quality parameter, could be analysed by SEC.  

Changes in the population of non-reversible aggregates were induced by stressing, and the 

aggregate content (as determined by SEC) could be followed using pEEM and a Partial Least 

Squares (PLS) regression model.  However, it was not possible to identify or quantify the 

individual IgG oligomers in this study.  

https://www.sciencedirect.com/journal/analytica-chimica-acta
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Here the focus and sample system are both very different.  First, we are specifically 

targeting the analysis and quantification of reversible oligomers in solution, that are much more 

fragile structures formed from proteins in their conserved native state.  Second, the much smaller 

size of insulin (5.7 kDa, ~ 2 nm hydrodynamic radius, Rh) versus IgG (155 kDa, Rh 5-6 nm ) 

represents a completely different sample class, with insulin being of a size that can show 

relatively weak scatter efficiencies, limiting DLS analysis or making it impractical if oligomer 

mixtures must be resolved.  Third, due to the absence of tryptophan (and its strong environmental 

sensitivity), insulin and its oligomers are more difficult to characterise by fluorescence compared 

to other proteins.  However, the low number of fluorophores present and their key engagement 

in oligomer formation suggests that curve resolution might here be more fruitful.  We have 

previously demonstrated fluorophore resolution for non-interacting small molecules [20], but for 

IgG this was limited [19] even under optimal data pre-treatment due to the much larger number 

of interacting fluorophores and the presence of emission non-linearity, and rank deficiencies.  

Fourth, for the previous IgG study [23], the RS information was used in a very coarse fashion, 

as just a quick method to discriminate changes, whereas here we delve into much greater detail 

and show for the first time how RS band extracted from EEM/pEEM measurements can be 

exploited to monitor size change explicitly.  Finally, insulin and peptide-based drugs are a 

different class of therapeutic agents compared to monoclonal antibodies, as such the analytical 

methods required are significantly different, particularly optical based methods based on light 

scattering or fluorescence emission. 

Here we show how to use the full EEM/pEEM measurement to identify/discriminate the 

oligomeric state and quantify the composition of various reversible oligomers in solution by 

simultaneously using the RS and emission data.  We show also that pEEM contains stronger and 

more informative scatter signal than EEM, more sensitive to particle size changes but also 

characterised by polarization data that ultimately provide an additional layer in the identification 

of protein oligomeric state.  Finally, we show how the pure fluorescence part of the measurement, 

when coupled with MCR can easily be used to quantify oligomers content in solution, 

information that could not be obtained from pure scatter-based method like DLS.  

2. Materials and Methods 

2.1 Materials  

Human Insulin (# I0908), hydrochloric acid, acetic acid, formic acid, ammonium formate, 

Tris-base, Tris-HCl, L-Tyrosine, sodium hydroxide, and sodium chloride were purchased from 

Sigma-Aldrich (Arklow, Ireland) and received without further purification.  A single lot of 

insulin (batch number SLBP5090V, Sigma, Arklow, Ireland) was used to make all solutions.  

According to the certificate of analysis this lot contained 0.4% of zinc (w/w of insulin), which 

was enough to form hexamers, as it corresponded to two Zn2+ cations per insulin hexamer [10-

12]. 

2.2 Insulin samples   

Solutions which favour the formation of specific oligomers (monomers, dimers, 

“tetramers”, or hexamers) were prepared in various buffers, according to well-established 

procedures described in the literature [9-13].  This avoided the use of concentration driven 

aggregation, which would have complicated this fundamental fluorescence study by introducing 

very large intensity variation and inner-filter effects.  Working at constant concentration also 

https://www.sciencedirect.com/journal/analytica-chimica-acta
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formed a closed system, suitable for monitoring self-assembly evolution in fixed volumes.  The 

“tetramer” case is unique, as its existence in solution is controversial and requires zinc free 

conditions (vide infra).  

Briefly, monomers were obtained in 20% acetic acid (pH 2), dimers in 25 mM HCl (pH 

1.6), “tetramers” in 20 mM formate buffer (pH 3), and hexamers in Tris buffer (pH 7.4).  The 

solution ionic strength was controlled by adding 0.1 M NaCl, and the pH adjusted to within 0.05 

units of the desired value, using a calibrated pH meter (Eutech instruments, model Cyberscan 

pH 10, Thermo Scientific, Dublin, Ireland).  Considering that native wild-type human insulin is 

soluble in dilute acidic conditions (pH ~ 2/3, isoelectric point 5.3), solutions of monomers, 

dimers, and “tetramers” were prepared by dissolving insulin directly in the appropriate buffer.  

However due to low insulin solubility at neutral pH, hexamers could not be formed directly in 

the Tris buffer.  Instead the insulin powder had to be dissolved in a small volume (1 mL) of 25 

mM HCl buffer (pH 1.6).  Aliquots of 25 mM Tris buffer were then added until reaching a final 

20 mM Tris composition and then pH was then adjusted to 7.4 with 1.0 M NaOH.   

All insulin solutions were freshly prepared for analysis in order to avoid changes in the 

sample composition and a potential re-distribution of oligomer populations [9-13].  At the 

beginning of each analysis day, ~10 mg of insulin was dissolved in the appropriate buffer in a 5 

mL volumetric flask.  To ensure complete dissolution and homogeneity, the volumetric flasks 

were slowly inverted 10 times and left to settle for ~ 30 min in the dark at room temperature.  

This stock solution was then sterile filtered (Minisart, 0.2 µm, Sartorius Göttingen, Germany) 

and the insulin concentration (2 mg/mL) determined by absorbance spectroscopy using an 

extinction coefficient of 1.0 (mg/mL)–1.cm–1 at 276 nm [24].  From this solution, three replicate 

samples were prepared per day for analysis, and this process was repeated to create 12 

independent replicates per insulin form (four sets of three), designated Rm1-12 (monomer), Rd1-

12 (dimer), Rt1-12 (tetramer), and Rh1-12  (hexamer).  Data collection took several weeks using 

the same stock buffer solutions which were carefully stored at 2-8ºC. 

2.3 L-Tyrosine solutions 

A control experiment was performed to determine if changing the buffer affected the 

absorbance and fluorescence spectra of free L-Tyrosine in solution.  The optical density had to 

be sufficiently low to avoid IFE that might otherwise distort the EEM spectra.  For that reason, 

L-Tyr was measured at a concentration of ~ 1.8×10–4 M, which gave a maximum absorbance of~ 

0.085, matching the absorbance of the 0.2 mg.mL–1 insulin solutions. 

2.4 Instrumentation   

All samples were measured at 25°C and were thermally equilibrated prior to measurement. 

Absorbance and fluorescence spectra were measured in 0.4×1 cm quartz cuvettes (Lightpath 

Optical, Cranborne, UK), with the short pathlength used for excitation.  Absorbance spectra 

(700-200 nm) were measured on a Cary 60 spectrometer (Agilent Technologies, Mulgrave, 

Australia) and were baseline corrected by measuring the corresponding buffer as blank.  Most 

data were collected at 2 nm resolution, but some additional data was collected at higher 

resolution (0.15 nm) with an independent set of insulin samples.   

Fluorescence measurements were performed on a Cary Eclipse spectrophotometer (Agilent 

Technologies, Mulgrave, Australia) fitted with a temperature controlled multi-cell holder. EEM 

data were collected over an excitation/emission range (λex/λem) of 240–330/270-400 nm, with the 
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following fixed parameters: a resolution of 2 nm, excitation/emission slit widths of 10 nm, a 

PMT voltage of 650 V, and a scan rate of 1200 nm.min–1.  Polarized-EEM spectra were first 

measured using bespoke UV transmitting polarizers [25] and their alignment was verified using 

a diluted (0.1%) ludox solution (r > 0.98, Figure S-1, Supplemental Information, SI).  pEEM 

data were collected using four different polarization configurations: vertical-vertical (VV), 

vertical-horizontal (VH), horizontal-vertical (HV) and horizontal-horizontal (HH).  Non-

polarized EEM spectra were also collected, by replacing the polarizer accessory with a 3%T 

attenuation filter (neutral density filter) in emission to avoid signal saturation.  Spectra were not 

corrected for instrument response.   

DLS measurements were performed on a Zeta Sizer NS (Malvern Panalytical, Malvern, 

UK) in back scatter mode (173° angle, ex = 633 nm).  Sample solutions were placed in 1×1 cm 

clean square polystyrene cuvettes (Sarstedt #67-754, Nümbrecht, Germany).  Cuvettes were 

filled with ~ 1.2 mL of solution, and measured at 25°C, after two minutes of equilibration time.  

Each measurement consisted of 30 × 10 second runs (no attenuator used), and three 

measurements were averaged to create a single (less noisy) spectrum per sample.  

2.5 Data Analysis  

For the pEEM data, two measurements (EEMHH and EEMHV) were used to calculate the 

G-factor [26].  EEMVH, once multiplied by the G-factor gave the perpendicularly polarized 

EEM⊥.  The parallel polarized EEM|| is the same as the EEMVV spectra.  The anisotropy (r) at 

each λex/λem point in an EEM can be calculated using [18, 26] :   

Equation 1                  𝑬𝑬𝑴𝒓 =
𝐄𝐄𝐌||−𝐄𝐄𝐌⊥

𝐄𝐄𝐌||+𝟐×𝐄𝐄𝐌⊥
 

All EEM data were then subjected to RS removal with the goal being to separate the RS 

band from the fluorescence signal as accurately as possible, because this contains information 

about protein and particles size and is thus sensitive to self-assembly processes.  We showed 

previously that due to spectral overlap, classical interpolation was not as efficient in extracting 

the RS band as modelling it using PCA or PARAFAC once shifted into a bilinear matrix [22].  

This generated accurate anisotropy measurements over a wider emission range and produced less 

spectral distortion in the overlap region [25].  Here the RS band was modelled as a low rank 

bilinear matrix using PARAFAC which was faster than PCA.  Raman scatter was removed using 

a buffer blank subtraction, but this must be done with caution vide infra [26].   

Data analysis was performed using the PLS_Toolbox ver. 8.2.1 (Eigenvector Research 

Inc., Manson, WA, USA), MATLAB ver. 9.1.0 (The Mathworks Inc., Natick, MA, USA), and 

in-house written codes.  EEM data were organized by sample (mode 1), λem (mode 2), and λex 

(mode 3), and had to be unfolded due to the bilinear nature of MCR.  EEM data were usually 

column wise augmented and arranged so that (sample × λex) or (sample × λem) formed the 

“concentration” matrix (C), while λem (or λex respectively) formed the pure “spectral” matrix ST.  

This enabled fluorophore resolution with excitation and emission spectra being resolved 

separately in C and ST [20].  Here one important objective was to fit sample EEM (i.e. the suspect 

“tetramer” samples, vide infra) with the spectra of the monomer, dimer, and hexamer for which 

we had “pure” EEM spectra.  The entire spectral information (λex × λem) had thus to be kept 

together in ST (as per PCA), so that the sample EEM could be fitted via the application of equality 

https://www.sciencedirect.com/journal/analytica-chimica-acta
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constraints (hard modelling).  This left the concentration block (C) with the characteristics of a 

closed system, as all samples had the same insulin concentration.  A closure constraint could 

thus be imposed in C to maintain mass balance, thus enabling direct quantification of species in 

solution.  

MCR model convergence was ensured by an ALS routine [27], and a non-negativity 

constraint was used on both concentration and pure spectra profiles.  The closure constraint also 

served as normalization to avoid intensity ambiguity during ALS, and all models reached the 

convergence criterion quickly with few iterations.  This criterion was set so that the relative 

difference between the root mean square of the residuals matrix between consecutive iterations 

was <0.1%. Estimation of rotational ambiguities was done using MCR-BANDS [28].  

Model quality was assessed using the percentage of variance explained, the lack of fit 

(LOF) [27], investigating the quantity of information left in the residuals, and by estimating the 

extent of rotational ambiguities.  LOF estimates the difference between input data (D) and data 

reproduced by MCR-ALS (C × ST).  LOF was calculated using equation 2, where dij correspond 

to an element of D and eij of the model residuals. 

Equation 2        𝑙𝑎𝑐𝑘 𝑜𝑓 𝑓𝑖𝑡 (%) = 100 √
∑ 𝑒2

𝑖𝑗𝑖,𝑗

∑ 𝑑2
𝑖𝑗𝑖,𝑗

 

3. Results and Discussion. 

3.1 DLS analysis   

DLS data were collected on three fresh replicate samples of insulin, acquired several 

months after the other spectroscopic data (the DLS system was only acquired at the end of the 

study).  These samples were prepared using the same methods and the same source insulin lot, 

and were as such, representative of the previous solutions made.  Using the original solutions 

would have otherwise introduced a freeze-thaw cycle which can alter the oligomer population 

distribution in solution [29] or in some cases induce some degree of protein denaturation [30], 

often followed by aggregation.   

Figure 2A shows the raw intensity based DLS data, which is preferred here as it is the 

closest to what DLS measures (fluctuations in scattered light intensity) and to the RS 

measurements made in EEM.  The insulin data showed clearly that all distributions were 

monomodal and that the auto-correlation function (Figure 2B) was shifted to the right on going 

from monomer to hexamer containing solutions.  
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Figure 2: (A) Intensity based DLS data obtained from insulin monomer, dimer, “tetramer” and hexamer solutions 

(2 mg.mL–1, triplicate sample solutions); (B) Normalised correlation functions with inset focusing on baseline noise. 

 

The monomodal distributions were analysed using cumulant fit analysis (Table 1), to 

produce a Z-average size value (or cumulants mean) which represents the hydrodynamic 

diameter (DH) and is the most acceptable value as defined by ISO standard 22412.  Cumulant 

fitting produces also a second parameter, the polydispersity index (PDI) related to the width of 

the size distribution, and this is also sensitive to any factor (including noise) that would cause 

the correlation function to deviate from an ideal mono-exponential decay.    

Table 1. Summary of the most important DLS measurements characteristics obtained on insulin (2 mg/mL).  All 

measurements were averaged from triplicate samples. 

Insulin 

Form 

Z-Average 

(nm) 

Reported DLS sizes in literature Polydispersity 

Index 

Count rate 

(kcps) 
Intercept 

Fit error 

×10-3 DH (nm) RH (nm) 

Monomer 2.77 ± 0.06 2.75[31] 3.0[32] 1.3[33] 1.37[34] 0.21 ± 0.01 73.20 ± 0.62 0.63 ± 0.01 3.7 ± 0.3 

Dimer 3.94 ± 0.04 3.9[32] 4.0[35] 1.8/1.9[36] 0.12 ± 0.01 112.53 ± 0.35 0.80 ± 0.01 1.0 ± 0.2 

“Tetramer” 4.56 ± 0.02 5.0[32] / 0.13 ± 0.01 164.43 ± 4.56 0.82 ± 0.02 0.7 ± 0.3 

Hexamer 5.39 ± 0.05 5.6[37] 5.43[38] 2.6/2.7[36, 39] 0.09 ± 0.02 286.30 ± 1.83 0.88± 0.01 0.5 ± 0.1 

 

DH values (Table 1) all agreed with literature values, but the measurement quality data, 

raises issues over the monomer and dimer results, which is largely due to the low count rates (the 

manufacturer recommendation is >100 kcps).  These very small particles, which do not scatter 

effectively, produced noisy correlation functions which resulted in cumulant fit error values that 

were relatively high even though the data were clearly monomodal.  PDI was affected in 

particular by noise in the gradient and baseline (Figure 2B-inset), and values were higher for 

samples with noisier DLS data (Table 1), with PDI varying proportionally with cumulant fit 

error, and inversely to the count rate and intercept value.  This was true for all samples, apart 

from the “tetramer” samples, where PDI slightly increased.  It reached a value of 0.09 for the 

hexamer which is probably the most mono-disperse sample, or at least the one that scattered the 

most, generating the most accurate value presented.  The minimum PDI value below which non-

spherical real samples are considered monodisperse have not been officially defined, and vary 

depending on the sample type, for example <0.2 for polymer nanoparticles and <0.3 in liposome-

based drug delivery systems being commonly accepted [40].  Values < 0.05 are never seen except 

for well-defined latex standards, and it seems quite reasonable that PDI <0.1 is representative of 

monodisperse, quasi-spherical proteins.  

It is important to note however that the literature was quite sparse regarding the size of 

insulin tetramer measured by DLS.  Kodima et al. reported a value of 5.0 nm in zinc free buffer 

which was significantly higher than the value measured here.  This is a critical condition for 

tetramer formation [10-12, 41], that was not fulfilled here as the same amount of zinc was present 

in all samples.  Finally, it should be noted that for DLS measurements, insulin monomers and 

hexamers only differ by a factor of two in size which is much less that the three or more 
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recommended for DLS to clearly resolve different species.  Thus, we can expect mixtures of 

insulin oligomers to not be resolvable by DLS. 

3.2 Absorbance Spectroscopy   

Absorbance spectra were measured to first measure insulin concentrations, and second to 

determine the reproducibility of replicate solution preparation (Table S-2, post scatter 

correction).  Absorbance spectra potentially contain information about oligomer state and thus 

the spectra of the insulin and control were compared (Figure 3A/B).   

 

 

Figure 3: (A) Blank-corrected absorbance spectra of the insulin (2 mg.mL–1) oligomers, 2 nm resolution, averaged 

over 12 replicate measurements;  (B) Normalised absorbance spectra of diluted 0.2 mg.mL–1 insulin solutions (full 

line), and L-Tyr (dash, 1.8×10–4 M), measured with a higher resolution (0.15 nm) and averaged over 3 replicate 

measurements (each measured 3 times);  (C/D) Scores scatter plots and (E) loadings for the 3 component PCA 

model built using absorbance spectra of insulin oligomers (2 mg.mL–1), after mean-centring & normalisation;  (F) 

Fluorescence emission (ex = 276 nm) spectra (blank corrected, normalised) of the diluted solutions. (G) 

Fluorescence intensity variation of the diluted solutions upon change of pH buffer.  
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In terms of obvious differences, all insulin spectra (Figure 3A) had shoulders at 258 and 

264 nm due to Phe residues which were absent in L-Tyr spectra.  Furthermore,  insulin absorption 

spectra had maxima at ~276 nm (as  previously reported [42, 43]), whereas L-Tyr spectra showed 

maxima ~ 274 nm typical for polar environments (Figure 3B).  The insulin red-shift of ~ 1.5 nm 

was due to some residues like TyrA19 (Figure 1) being buried in hydrophobic regions of insulin 

[44-46].  Changes in Tyr environment is known to only produce small spectral shifts which are 

more evident in the absorbance/excitation rather than in emission spectra.  For example, NAYA, 

often used to model Tyr in proteins, only has a λmax shift of 4 nm (to 278 nm) on going from a 

completely polar (water) to a non-polar (dioxane) solvent [47].  For proteins, shifts of <2 nm are 

thus considered real and indicate significant changes in Tyr environments, similar to other class 

A protein studies [45, 46]. 

Figure 3 also showed that absorbance red shift slightly increased for dimers and hexamers, 

while L-Tyr spectra remained unchanged in these buffers. λmax values increased from 275.7 

(monomer) → 276 (dimer) → 276.2 (tetramer) → 276.4 nm (hexamer).  This shift is small, but 

agrees with the fact that in monomeric insulin, three Tyr residues are already either completely 

(TyrA19) or partially (TyrB16 and TyrB26) buried in hydrophobic environments. This 

progressive max shift is characteristic of Tyr being located in more hydrophobic (or non-polar) 

environments [44].  This oligomer dependant shift is caused by TyrB16/B26 and TyrA14 that 

become progressively buried in hydrophobic interfaces upon dimer and hexamer formation 

respectively.  Absorbance spectra Figure 3A, also showed the presence of scattered light as an 

increased baseline at longer wavelengths.  Using the ratio of absorbance at 350 nm (where most 

proteins do not absorb) and at 280 nm, an aggregation index (AI) useful for identifying large 

concentrations of aggregates, was calculated (Equation S-1, SI) which showed an increase upon 

oligomer formation (Table S-3, SI).   

These simultaneous changes suggested that multivariate analysis might be useful in better 

discriminating these oligomers.  To build the PCA model, all spectra were normalised (using 

infinity norm to remove signal intensity changes) and restricted to 250-320 nm to decrease the 

amount of noise being modelled.  A three-component model was built on mean-centred data, that 

explained over 98.7% of data variance.  The model (Figure 3C/D/E) showed that apart from two 

outliers (due to mainly scatter contamination, Figure S-2, SI), oligomer separation was along 

PC1 (82.7%).  The loadings showed a peak (270-290 nm) representing the spectral red-shift and 

a tail (290-310 nm) due to increased light scatter.  Therefore, absorbance spectra, even based on 

small spectral difference, were able to separate monomers from dimers/tetramers and hexamers, 

enabling an assessment of changes in protein quaternary structure.  However, this is not a 

particularly robust measurement as the spectral changes were small.  We thus looked at a more 

sensitive measurement with larger spectral changes, such as EEM & pEEM which also provide 

size information. 

 

3.3 2-D fluorescence analysis of L-Tyr and insulin:   

The buffer effect on L-Tyr and insulin emission was checked, using diluted samples 

(absorbance < 0.1).  Figure 3F shows that L-Tyr emission maximum was 303 nm in all buffers, 

while  insulin emission was slightly red shifted to ~303.6 nm (~304 nm for monomer) [42] with 

no evidence (at longer wavelength, data not shown) for tyrosinate or dityrosine emission.  

Compared to tryptophan (Trp) which can have polarity induced Stokes shifts of ~ 50 nm, an 
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obvious observation is that L-Tyr emission is rather insensitive to change in its local environment 

[18].  Tryptophan, which has two nearly isoenergetic excited states (1La and 1Lb) can emit from 
1La (as seen in proteins) due to the direct involvement of the pyrrole’s ring nitrogen atom, 

increasing the sensitivity of that dipole to hydrogen bonding, and stabilising it at energy levels 

lower than 1Lb.  Tyr owes its fluorescence to the presence of a phenol group where the excited 

states have too large an energy gap to overlap [48].  For that reason, above λex > 250 nm, Tyr 

emits solely from 1Lb, with no involvement from a nitrogen which means less sensitivity to 

hydrogen bonding.  

Instead, a variety of effects involving hydrogen bonding to the phenol group can produce 

small spectral shifts [47].  For example, a small Tyr emission red shift can appear if the solvent 

has a low dielectric constant and high hydrogen bond acceptor strength, whereas a blue shift 

would appear with a proton donor.  The fact that proteins were recently shown to have lower 

dielectric constants in hydrophobic as opposed to exposed domains [49] explains why insulin 

spectra were slightly red-shifted compared to L-Tyr.  The small blue shift observed upon 

dimerization might then have more to do with multiple interactions occurring at the dimer 

interface, that actively involve TyrB26 and B16 [8, 50].  In any case, these effects were small, 

specific to insulin, and the low sensitivity to changes in local environment agrees with the 

behaviour of NAYA in the presence of various solvents and ligands [47, 51].  

The L-Tyr fluorescence parameter most affected by changing buffer is the quantum yield 

(Figure 3G), which is pH dependant and constant only between pH 4-8 [52].  In alkaline 

conditions, it drops due to ground state ionization of the phenolic hydroxyl group (pKa=10.3), 

while below pH 4, it drops due to protonation of the carboxyl group (pKa = 2.3) [52].  Figure 

3G shows that L-Tyr intensity drops with decreasing pH, and acetic acid is known to not quench 

Tyr emission [53].  For insulin, the effects were different and rather unpredictable, with intensity 

tending to drop upon oligomer formation and with increasing pH.  This would suggest that in 

insulin, intra/inter molecular mechanisms probably govern Tyr emission rather than simple 

solvent quenching (consistent with existence of extensive FRET in the molecule).  

There is thus a buffer effect on L-Tyr emission intensity, and even though insulin seems 

to show intensity variations that were unrelated to the L-Tyr case, we decided that it was safer 

to build all models using normalised (to the maximum by infinity-norm) spectra.  This had a 

major advantage of focusing only on spectral shape variation, which in practice should be more 

robust than absolute intensity changes, and thus less sensitive to measurement errors.  This also 

enables building models for highly concentration insulin solutions, where inner filter effect (IFE) 

correction is not feasible. 

3.4 Measuring protein oligomerization using Rayleigh scatter  

Oligomerization produces size increase, and as such can be characterised using Rayleigh 

scatter intensity.  An aggregation index (AI-F), based on the ratio (using  λex = 280 nm) between 

the light intensity at 280 and 340 nm, was applied here (Table S4, SI), but similarly to the 

absorbance-based AI, the resolution was poor as only hexamers could be discriminated.  AI-F 

can also suffer from the pH dependency of Tyr emission (Figure 3G), meaning that a more robust 

tool was needed.  

Because most proteins (especially insulin) are much smaller than the wavelength of 

incident light (typically << 1/10), the light scattered by a single protein (Equation S-2, SI) obey 
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the Rayleigh scatter regime, a simplification of Mie theory.  For dilute protein solutions, the total 

scattered light intensity measured can be modelled by the Debye-Zimm relationship which can 

be approximated for macromolecules (Mw < 50×106 g.mol–1 ) by [54]: 

Equation 3                   
𝐊𝐜

𝐑𝛉
= (𝟏 + (

𝟏𝟔𝛑𝟐𝐑𝐠
𝟐

𝟑𝛌𝟐
) ∙ 𝐬𝐢𝐧 (

𝛉

𝟐
)

𝟐
) ∙ ((

𝟏

𝐌𝐫
) + 𝟐𝐁𝐜) 

Where c is concentration, Rg the radius of gyration of the protein, Mr the weight-average 

molecular weight, λ the measurement wavelength, θ the angle between the scattered and incident 

light, B a virial coefficient used to represent non-ideality, K an experiment constant and Rθ is the 

Rayleigh excess ratio.  The scattered light intensity is thus dependant on protein Mr and solution 

concentration, which is what is typically measured by SLS.   

A conventional right angle fluorometer can also be used as a simple SLS photometer [54] 

if excitation and emission are set to the same wavelength.  Measurements must however be 

performed in a region of minimal absorption to avoid the so-called colour effect, resulting 

otherwise in abnormally low scattering intensity by reabsorption, as observed here between 

λex=260-280 nm (Figure 4D/E).  This can be overcome using multidimensional EEM, and if the 

objective was to study only the RS light, one could simply select the regions of pure RS signal 

that appear above λex >280 nm.  However, because the method involves MCR at a later stage 

which requires complete RS removal, it made more sense to extract the RS band in its entirety. 

This was done accurately (see section 7, SI for more details), so that the residual scatter 

left in EEM|| was < 0.4% of fluorescence intensity (Table S-5, SI).  Also because the blank sample 

(non-absorbing) tended to scatter more light than the protein containing solutions for λex < 280 

nm (Figure 4D/E), it was preferable to extract RS data prior to blank subtraction and avoid 

negative spectral artefacts.  More details about this procedure, showing the two equivalent 

methods for extracting RS and fluorescence data that include Raman correction, can be found in 

section 8, SI. 
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Figure 4: Illustration of how EEM|| spectra (A), were separated into its fluorescence (B) and Rayleigh scattered (RS) 

light (C) components;  RS bands from EEM|| (D) and EEM (E) spectra respectively;  (F) the correlation obtained 

between RS volume and average molecular weight (Mw in kDa);  (G) aniso-EEM spectra (10% threshold) calculated 

for RS band upon oligomerization;  (H) illustrates how the light scattered by a particle can be more depolarized (at 

equivalent concentration, volume) by smaller particles (right, monomer) than bigger assemblies (left, hexamer);  (I) 

Correlation between scatter anisotropy (not blank corrected) and Mw.  All data presented were averaged over 12 

replicate measurements per insulin form, and the colour code is the same for all figures. 

 

Once the complete RS band data was extracted, a simplification of Equation 3 could be 

applied [54].  First with a concentration of 2 mg.mL–1 (= 3.5×10–4 M) and B being in mL.mol.g–

2, the term 2Bc could be ignored.  Rg values for different insulin states were obtained from 

reference [12], a small angle x-ray scattering (SAXS) study of insulin performed in the exact 

same experimental conditions (buffers and concentration) as here.  Using Rg values of 11.6 

(monomer), 14.9, 17.8, and 19.8 (hexamer) Å, the 16π2Rg
2/3λ2 terms at 250 nm were 0.0011, 

0.0019, 0.0027, and 0.0033 respectively.  Furthermore, with a 90⁰ angle fluorometer, sin(θ/2)2 = 

0.5, which meant that Equation 3 simplified to:  

Equation 4                       𝐑𝛉 = 𝐊𝐜𝐌𝐫 

In this equation, Rθ (Rayleigh excess ratio) is defined for polarized light, as the ratio 

between the excess scattered light intensity (after blank correction) and the incident light 

intensity.  In SLS measurements, blank subtraction is required however there are cases where 

dilution is not feasible and instead one wants to monitor changing particle size at a fixed 

concentration.  In this case, Rθ does not need blank subtraction as the blank is the same for all 

samples, and Rθ can simply be replaced by the measured scatter.  This is what was applied here, 

and instead of considering the scatter at a single wavelength, the volume under the Rayleigh 

scatter curve (V) was calculated with the objective to have a value less sensitive to noise and 

instrumental errors.  In theory, V is equal to: 

Equation 5                             𝐕 = ∫ ∫ 𝐈𝛌𝐞𝐱,𝛌𝐞𝐦
𝐝𝛌𝐞𝐱𝐝𝛌𝐞𝐦𝐞𝐦𝐞𝐱

 

But taking into account the discrete nature of the data, V was instead calculated as the sum 

of all variables:  

Equation 6                         𝐕 = ∑ ∑ 𝐈𝛌𝐞𝐱𝛌𝐞𝐦
𝚫𝛌𝐞𝐱𝚫𝛌𝐞𝐦𝐞𝐦𝐞𝐱  

Considering that each buffer promotes a particular insulin form, solutions should be 

relatively homogeneous, and Mr was replaced by the Mw of human monomer insulin, dimer, 

tetramer and hexamer.  Also, because c was constant here, V could be directly plotted against 

Mw.   

Figure 4F clearly showed for both EEM and EEM|| that the monomer, dimer, and hexamer 

samples satisfied this relationship.  Only the “tetramer” samples did not agree and only scattered 

slightly more light (~15%) than the dimer solutions.  This level of scattering could correspond 

to a homogeneous solution of trimers, however in the presence of zinc at least, monomers, 

dimers, and hexamers are the forms preferably adopted by wild-type insulin, in preference to  

oligomers composed of odd numbers of molecules, in agreement with numerous studies using 
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SAXS, mass spectrometry, analytical ultracentrifugation or other light scattering techniques [9-

12, 37, 38, 41, 55, 56]. 

This observation suggests that the Rt1-12 samples, because they were prepared in the 

presence of zinc, were instead a heterogeneous mixture of monomer, dimer, and hexamer.  The 

RS data (Figure 4F) and DLS measurements (Rh< 5 nm) suggested a majority of dimers with 

some hexamer, while monomers were expected to be a minor component considering the absence 

of acetic acid to stabilise it at this concentration and pH.  This is mostly supported by the fact 

that the insulin tetramer, for which no crystal structure exists, was only recently observed in 

presence of zinc as a metastable intermediate in the dissociation of hexamer to dimer [56].  Thus 

formation of the tetramer requires the absence of zinc [11, 12, 32, 41] and even then, it would 

require a concentration of ~ an order of magnitude greater than used here under identical pH 

(3.3) conditions [41].  The reason being that at room temperature and for acidic to neutral pH, 

the dimer to tetramer association constant (K24) was weak (~102/103 M–1) whereas the monomer 

to dimer association constant was much larger, K12 ~104 to 105 M–1 [38, 41, 57].  This means that 

the dimer is the main insulin species in solution, except in presence of acetic acid (pH 2) where 

it is monomeric, or in presence of zinc at neutral pH were hexamerization is favoured (K26 ~ 1010 

M–2) [37, 38, 41, 55, 57].  These are also the three oligomers of most interest and the only ones 

measured when looking at insulin formulations (e.g. rapid versus long acting) as highlighted in 

a recent study [58], reinforcing the relevance of our study.  

 The scatter volume correlated thus with oligomer size and could also be used to identify 

when solutions of a specific oligomer become more heterogenous due to variations in sample 

preparation or handling.  A similar correlation can be implemented with DLS (Figure S-5, SI) 

using the mean and derived count rate, providing another set of useful information to 

complement the size and distribution widths obtained from fitting the correlation curves.   

Another point to note was the steeper regression slope observed for EEM|| in Figure 4F 

compared to EEM, indicative of its greater sensitivity to changes in particle size, and thus to 

potential small contributions from HMW species.  This was expected as Rayleigh scattered light 

is strongly polarized, but explaining fully this behaviour required further investigation.  Many 

parameters such as particle size and concentration, refractive index (RI) ratio (particle/solvent), 

particle shape and distribution will affect the polarization of scattered light, with different effects 

in the Mie or Rayleigh regime [59, 60].  Here considering the fixed concentration, the similar 

particle shapes (globular proteins), and that the samples were populated mainly by one species 

(except the “tetramer”), the only remaining variables were particle size changes and RI ratio.  

However, in the Rayleigh regime and particularly with linearly polarised light, RI changes only 

have a small impact on scattered light polarization [60], leaving size change as being the most 

critical parameter.  

RS anisotropy increased upon oligomerization (Figure 4G/I), but this also contained the 

buffer contribution.  All blank buffer solutions had a similar RS anisotropy (Figure S-6A, SI) of 

r ~ 0.83, which contributed increasingly to the insulin solution anisotropies as particle size 

decreased, because less light was scattered from the smaller species.  Thus, to get a more accurate 

look at the RS anisotropy change due to the protein scattering, the spectra had to be blank 

corrected (Figure S-6B, SI).  As expected, the recovered values were larger, varying from r = 

0.93 (monomer) to 0.97 (hexamer), and even though error increased as SNR decreased, the 

important point was that RS anisotropy still increased slightly with particle size.  This is in 
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agreement with previous Monte-Carlo simulations [59, 60], that estimated smaller sized 

scatterers will depolarise RS more efficiently.  In summary, changes in RS polarization provides 

thus an additional method for investigating changes in protein size in solution. 

3.5 Quantifying protein oligomerization by fluorescence  

The pure EEM/EEM|| fluorescence which was separated from RS band (Figure 4B) are 

essentially a protein fingerprint, sensitive to both oligomer type and concentrations.  In order to 

focus on EEM profile changes and eliminate noisy spectral regions, the normalised spectra were 

reduced to λex/λem = 244–296/280-360 nm (1107 variables), and lightly smoothed (Savitsky-

Golay filter, width 5 and polynomial order 2) to decrease noise without affecting spectral shape.  

The 12 “tetramer” samples (Rt1-12), which were suspected to be instead mixtures of monomer 

dimer and hexamer, were used to test the method.  Using MCR-ALS with spectral and closure 

constraints, EEM|| data were fitted using the averaged-EEM|| spectra from monomer, dimer, and 

hexamer (non-polarised EEM gave very similar results, as samples were fitted with known 

spectral profiles here).   

Fitting was excellent (>99.98% of variance explained) with a LOF that remained small 

(~1.3%) even with the strength of constraints applied (Table S-6, SI).  Similarly, the closure 

constraint only marginally increased LOF (1.3 vs 1.1%) showing its compatibility with the 

dataset modelled, with residuals <1000 times less intense than the emission.  Another advantage 

of applying these strong constraints (spectral equality in particular), was that the MCR solutions 

were all free of rotational ambiguities (Table S-7, SI).  Overall, this showed conclusively that 

these “tetramer” samples could be explained as mixtures of monomer, dimer, and hexamer with 

a high degree of certainty from the emission spectra (loadings are reported in Figure S-7, SI).   

 
Figure 5:  Volume under RS band for EEM|| (A) and EEM (B) data, extracted for all insulin samples (n=48).  Error 

bars were similar and due to the same 3 cuvettes used across the data collection which scattered light differently;  

(C) MCR scores obtained for the 12 “tetramer” normalised-EEM|| samples (Rt1–12), using the averaged-EEM|| 

spectra from monomer, dimer, and hexamer as spectral constraints;  (D) Corresponding PCA scores scatter plot 

built using same “tetramer” data but mean-centred and coloured according to absorbance at 276 nm (no trend). 
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Looking at the results (Figure 5C), it appeared that most of the four “tetramer” sample 

series solutions (Rt1-12) were resolved as having more dimer than hexamer, with very little 

monomer (< 10% is best estimate based on accuracy of this MCR model), which made sense 

considering the concentration, pH, and data obtained from RS and DLS measurements.  What 

was more interesting to see was that the different series were resolved with distinct oligomer 

amounts, which is tangible as solutions were made independently on different weeks, with 

unavoidable variation in their preparation (initial insulin dissolution, lab conditions, pH, 

glassware etc.).  In particular, Rt7-9 (main outliers) were modelled as being >90% dimer with a 

small hexamer content, which was surprising, but agreed with the drop seen in RS signals (Figure 

5B).  The drop seen in RS (from EEM||, Figure 5A) was lower as hexamers scattered 

proportionally more.  Similarly, Rt10–12 were found to have a marginally higher hexamer 

content, which agreed with their larger RS signal (Figure 5A/B). 

MCR resolution was also consistent with the trends seen in a PCA model (see Figure S-7 

SI for the loadings plots), built using the same data (mean-centered) but with principal 

components constrained to orthogonality.  Figure 5D shows that samples were distributed right 

to left according to decreasing dimer content (or increasing hexamer content), without displaying 

any trend related to absorbance at 276 nm, which was important as it ruled out the possibility of 

samples being spread according to an IFE induced distortion of the EEM.  The MCR resolution 

thus made sense and highlighted the variability that can exist in oligomer content for replicate 

solutions which have been prepared very carefully.   

The same methodology was then applied to the other monomer, dimer, and hexamer 

samples (Figure S-9, SI) which were assumed to be more homogeneous.  Here the aim was to 

see if the method could be extended to quickly estimate the purity of self-assembly solutions and 

detect small traces of contaminating oligomers.  The results were satisfying as Rm1–12 (insulin 

at pH 2 in 20% acetic acid) were found to be on average >95% monomer, with only 2% dimer, 

and 3% hexamer being resolved.  Apart from agreeing with literature, this supports the point 

made previously about the DLS data from monomeric insulin where a relatively high PDI (~0.2) 

was due to poor quality data rather than true polydispersity.  Similarly, Rd1–12 (insulin at pH 

1.6) were found on average to be 89% dimer, with only 5% and 6% of monomer and hexamer 

being detected.  MCR identified for both Rm1–12 and Rd1-12, the sample series that were slightly 

different in composition, matching the discrimination obtained by PCA models (the loadings 

plots for which are shown in Figure S-8, SI).  

Rh1-12 (pH 7.4) were found to be on average >92% hexamer, with only 1% monomer 

being resolved, and up to 6% dimers.  The fact that almost no monomer was resolved, and that 

some dimer remained, made sense as these samples were obtained by adjusting the pH from an 

initial dimer solution.  Examination of individual samples revealed variations in RS signal, for 

which the lowest values were obtained with Rh4–6 and Rh7–9.  This matched the MCR results 

as only these two sample series showed a dimer content (~12%, see Figure S-9E, SI).  Rh10–12 

on the other hand, which were expected to be pure hexamer, had a higher than expected RS 

signal, possibly due to the presence of higher-order species like dodecamers.  Dodecamers could 

be present in small amounts [61], however, we did not have an EEM spectrum to use in the 

model.  Yet knowing its Mw (~70 kDa), one can use the equation shown in Figure 4F to 
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extrapolate the RS volume for a 100% dodecamer solution, and thus predict that a 4% dodecamer 

content might explain the excess RS signal of the Rh10–12 samples.   

4. Conclusions 

Insulin oligomers, held together by weak inter-molecular forces, are difficult to analyse 

reliably by chromatographic means because dilution and mobile phase compositions impact the 

delicate equilibration between species in solution.  Here we have shown that both absorbance 

and fluorescence spectroscopy can be used to discriminate between monomer, dimer, and 

hexamers of insulin in solution.  Absorbance based discrimination using PCA worked on the 

basis of increasing both red-shift and scattered light, however, it could not discriminate the 

heterogenous “tetramer” samples from dimers.  Furthermore, the measurement is based on a 

relatively small change in the absorbance band.   

The use of pEEM measurements was better at discriminating both types and mixtures of 

oligomers, because both the fluorescence emission and the Rayleigh scatter were sensitive to 

changes in protein structure.  We proved in particular that the RS volume correlated linearly with 

the average Mw of insulin oligomers in solution, offering an easy way to identify the main 

oligomeric state adopted by the protein.  We also showed that EEM|| was more sensitive than 

unpolarised EEM measurements to changes in particle size, with RS polarization providing 

additional information for monitoring self-assembly processes.  The fluorescence component of 

the measurement was then used along with MCR-ALS and specific constraints (non-negativity, 

spectra equality and closure) to quantitatively estimate oligomer content in solution.  This 

matched the discrimination obtained by PCA, proving that it was an efficient method to 

characterise and quantify changes in oligomer mixtures.  The correlation between scatter and 

fluorescence-based analysis also showed that this pEEM based approach was better at 

characterising the variability of oligomer solutions in this size range compared to DLS.  This 

was because DLS data was less reliable here due to weak scattering efficiencies, but more 

importantly because it cannot resolve mixtures of small particles with a size difference less than 

a factor of three [62].  Comparing the specific results of these insulin measurements with those 

from other labs using different techniques such as SDS-PAGE [16] or SAXS [39], have to be 

carefully considered as the sample handling [17], environmental chemistry [11, 12, 32, 41], and 

source insulin lots all have an impact on the specific oligomer compositions present in the sample 

under test.  This variability in protein behaviour is well known and can make accurate 

comparison between different methods and literature results difficult unless measurements are 

made under very carefully controlled conditions.  For solution state measurements, it is critical 

that orthogonal test methods be implemented on the exact same solution sample or at the very 

least on samples prepared under identical conditions from the same source lot.  Even then, as we 

have shown here, variability in weakly bound oligomer composition in solution will probably 

still be present, and thus should be taken into consideration.  

This work demonstrated thus the potential utility of pEEM measurements for soluble 

oligomer characterisation by using both the emission and scattered light signals.  This is 

important in the context of recent recommendations by the FDA for the better analysis of 

subvisible aggregates in therapeutic protein products.  Ideally, these methods should be fast, 

sensitive, non-destructive, and non-invasive which are all compatible with pEEM measurements. 

Here the ability to quantitatively assess in near-real time, protein oligomerization would be very 
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useful in e.g. purification or formulation steps (downstream), or towards monitoring other 

complex, self-assembly based processes involving proteins (such as the production of self-

assembled particulate vaccines).  This analytical methodology is also potentially applicable to 

highly concentrated protein formulations as long as the concentration (or rather the optical 

density) does not vary too much.  Further work is required however, to generate more 

reproducible, lower noise pEEM data, which can be obtained using multichannel detectors, 

reducing sample acquisition time sufficiently to enable multiple spectral acquisition.  In 

conclusion, we have shown that instead of discarding the Rayleigh scatter signal from EEM 

measurements, the complete emission and scatter signal should be used for the characterisation 

of proteins and their assemblies.  

Supplemental information available   

Supporting information is available and includes further details about spectral measurements and 

chemometric modelling. 
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