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Analyzing diffusion processes within complex biomolecular mixtures is essential but technically challenging,
especially for understanding molecular interactions in physiological environments. Here, we apply the diffusion-
based surface plasmon resonance (D-SPR), a recent, label-free methodology that combines accurate SPR-based
diffusion measurements with stochastic computational simulations, to address biomolecular complexity in
ocular fluid models. By combining discrete Fréchet distance analysis with Gillespie algorithm simulations, D-SPR
effectively detects unique diffusion patterns in binary (BSA/glycine, BSA/glucose) and ternary (HSA/ubiquitin/
glycine) mixtures, enabling composition characterization without the need for external fluorophores or chro-
matographic techniques. Demonstrating the method sensitivity, as a proof-of-concept, we applied our workflow
to probe the oligomeric transitions of bovine lens a-crystallin induced by mild acidification (pH 6.5). Our
findings revealed subtle oligomer dissociation events and identified smaller, rapidly diffusing subunits, unde-
tectable by conventional dynamic light scattering, thus providing insights into protein structural changes
potentially pertinent to cataractogenesis. Considering the critical role of diffusion-based processes in eye health,
the proposed D-SPR approach provides an advanced and versatile analytical tool with significant potential ap-
plications in medical research, especially ophthalmology.

1. Introduction

Characterizing biomolecular mixtures poses a fundamental chal-
lenge in medical research, biochemistry, omic sciences, and drug
development (Pan et al., 2024; Tang and Chen, 2023). This task is indeed
crucial for comprehending molecular pathways in diseases and for
elucidating different key molecular mechanisms, with the goal of
developing new treatment plans. Among the many biological fluids of
interest, ocular fluids are a highly informative and clinically significant
target. Their meticulous monitoring is pivotal for the health of the eye,
the most critical and complex sensory organ in the human body. Because
of its unique structure and the highest water content by volume among
all organs, several primary ocular functions and regulations rely on
diffusion mechanisms (Cholkar et al., 2013; Fu et al., 2020; Stamer et al.,
2008). In this regard, it was observed that a dysregulation of oxidative
stress biomarkers (malondialdehyde (MDA), 4-hydroxynonenal (HNE)),
inflammatory cytokines (interleukin-1f (IL-1p), interleukin-6 (IL-6), and
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tumor necrosis factor-alpha (TNF-a)), angiogenic factors (vascular
endothelial growth factor (VEGF)), and proteases (matrix
metalloproteinase-9 (MMP-9), cathepsins), occurring in aqueous humor
(AH), vitreous humor (VH) and tears, could be an early warning indi-
cator of ocular inflammation, or, in the most severe cases, chronic and
degenerative pathological conditions such as dry eye disease (DED) (Fu
et al., 2020), glaucoma (Aranaz et al., 2022; Sanchez et al., 2025), or
diabetic retinopathy (DR) (Loukovaara et al., 2017; Midena et al., 2021).

In this work, we describe a new method for analyzing biomolecular
mixtures using a combined approach based on Diffusion-based Surface
Plasmon Resonance (D-SPR) (Zingale et al., 2023) and an in silico
framework that features a numerical simulation model of particles
flowing through a virtual microfluidic environment (Calcagno et al.,
2025). Classical SPR has emerged as a versatile and powerful optical
technique that enables real-time, label-free detection of biomolecular
interactions, providing kinetic and affinity data (Bellia et al., 2019;
Distefano et al., 2022; Grasso et al., 2009a; Homola, 2008). Over the past
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decades, it has found widespread applications in diverse fields such as
clinical diagnostics, environmental monitoring, food safety assessment,
and the development of advanced nanomaterials (Mariani and Minunni,
2014; Masson, 2020). Recently, we assessed the diffusion coefficient (D)
of molecules in solution using this novel approach, ranging from heavy
water to albumin in different conformations and insulin in various ag-
gregation states (Calcagno et al., 2024, 2025; Zingale et al., 2023).
D-SPR is a cutting-edge analytical technique that uses the optical
properties of SPR to analyze the diffusion properties of molecules (Basile
et al., 2024), especially biomolecules in solution (Basile et al., 2025).
Specifically, the method enables the precise determination of the
apparent D of substances in a microfluidic environment, revealing
valuable information about the molecular conformation and oligomeric
states of the analyzed species (Calcagno et al., 2024, 2025).

In detail, our study addresses the feasibility of monitoring binary and
tertiary biomolecular mixtures and how these can be potentially affected
by “pathogenic” stimuli, enabling us to properly assess structural mod-
ifications and oligomerization states of proteins or biomolecules. Our
liquid eye model systems include proteins such as human serum albumin
(HSA), bovine serum albumin (BSA), ubiquitin (Ub), and amino acids
like glycine or sugars like sucrose. These molecules are broadly involved
in eye homeostasis, and variations in their concentration could trigger
an alert signal. As evidence of this, due to an enhanced permeability of
the hemato-aqueous barrier, higher levels of HSA have been found in the
AH of patients with glaucoma coupled with pseudoexfoliation syndrome
when compared to the control pool (Moreno-Montanés and Blesa, 1995).
Ubiquitin is a tag protein that plays a key role within the
Ubiquitin-Proteasome system (UPS), which is responsible for the
maintenance of cellular proteostasis (Tundo et al., 2020). In the context
of the eye, due to oxidative stress, an accumulation of high-mass ubiq-
uitin conjugates in bovine lens epithelial cells was detected, leading to
altered proteolytic pathways (Shang and Taylor, 1995). Glycine sup-
plementation shows protective effects against retinal damage induced in
diabetic rats and restores the glycine-serine pathway in patients affected
by macular telangiectasia (MacTel) (Gholami et al., 2019; Lim et al.,
2024).

Moreover, as a case study, we investigated bovine lens a-crystallin to
assess its oligomeric organization following a pH change, simulating a
pathological acidosis condition (Dmitriev and Linsenmeier, 2025; Dreffs
et al., 2018).

This is particularly relevant because a-crystallin, one of the major
protein components of the lens, is responsible for its transparency and
structural sustenance. Moreover, it is classified within the small heat
shock protein family (sHSPs), and its chaperone activity, regulated by its
multimeric organization, can prevent protein unfolding or aggregation
caused by thermal shock or cellular oxidative stress (Andley, 2007;
Sprague-Piercy et al., 2021).

Analytical methods have gradually advanced in resolving biomole-
cular mixtures, but none have reached the final development stage.
Consequently, several approaches, from spectroscopic to sophisticated
machine learning algorithms, have been implemented, each providing
advantages and drawbacks (He et al., 2019; Valeja et al., 2015).
Size-exclusion chromatography (SEC), reversed-phase chromatography
(RPC), and ion-exchange chromatography (IEC), all based on chro-
matographic principles, are often used in characterizing biological
fluids. They offer high-resolution results, but, on the contrary, disag-
gregation of supramolecular complexes, protein denaturation, or sample
loss may occur during the chromatographic run (Chelius and Bondar-
enko, 2002; Lee and Chang, 1996; Zhai et al., 2024). Furthermore, the
above-mentioned techniques suffer from a time-consuming workflow for
sample preparation, limited sensitivity for low-abundance proteins, and
insufficient resolution of closely related species (Lebendiker, 2024;
Winther and Reubsaet, 2005). Mass spectrometry (MS), on the other
hand, offers sensitivity and specificity (Grasso et al., 2009b). For
instance, native MS enables the study of intact biomolecular complexes
without denaturation, thereby preserving their oligomeric states;
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however, its resolution decreases for species exceeding 30 kDa and for
complex mixtures (Zhai et al., 2024). Nanoflow ion-exchange chroma-
tography-native mass spectrometry (nSCX-nMS) has proven effective in
characterizing more complex proteoforms under native conditions, but
it faces limitations due to signal suppression and desolvation issues,
necessitating advanced instrumentation and sophisticated data analysis
(Zhai et al., 2024). Nuclear Magnetic Resonance (NMR) spectroscopy
has emerged as a powerful tool for studying diffusion processes in
various systems, from simple liquids to complex biological tissues.
However, it requires sophisticated and costly instrumentation, deuter-
ated solvents, or isotopically labeled molecules, which are far from
physiological conditions (Bjorneras et al., 2014; Rajagopalan et al.,
2004). Other advancements have introduced integrated and emerging
approaches that enhance biomolecular resolution. For example, Capil-
lary electrophoresis (CE) can separate biomolecules based on electric
fields and offers an effective strategy for isolating small amounts of
proteins in biological samples. However, it requires meticulous opti-
mization, and achieving reproducibility can be challenging due to
fluctuations in electroosmotic flow and capillary surface interactions
(Zhang et al., 2021). Eventually, Taylor Dispersion Analysis (TDA) has
become a powerful tool for characterizing the properties of mixtures
under laminar flow conditions, particularly in determining D and hy-
drodynamic radii of components within a mixture (Cottet et al., 2007;
Taylor, 1953). This provides insights into the behavior of individual
components and their interactions (Latunde-Dada et al., 2015). How-
ever, traditional TDA is restricted to detecting ultraviolet-absorbing or
fluorescent compounds, or it requires the addition of fluorophores for
effective detection when the sample lacks native fluorescence (Somnin
et al., 2024).

To improve the current techniques portfolio and overcome the
above-reported limitations, we propose D-SPR and in-silico analysis for
profiling binary and ternary mixtures in aqueous solutions. While this
technique has shown strong potential in characterizing individual spe-
cies, its application to analyzing multicomponent systems remains
largely unexplored. Nevertheless, due to its high sensitivity to subtle
changes in refractive index, the D-SPR approach holds promise for
enhancing resolution capabilities. Moreover, by integrating it within an
in-silico framework, we aim to enhance the resolving power for char-
acterizing and deconvoluting physiological multicomponent systems,
such as biological fluids and, in particular, ocular liquid tissues.

2. Results and discussion
2.1. Stochastic modeling of molecular mixtures in a microfluidic channel

The theory describing molecular diffusion and transport in a
microfluidic channel is based on the diffusion-advection equation,
which can be solved numerically by stochastic approaches. Among
these, Gillespie’s algorithm is a particularly effective tool for modeling
chemical-physical processes governed by the intrinsic randomness of
molecular motion (Calcagno et al., 2025). The simulation operates on a
reduced two-dimensional domain, in which the longitudinal coordinate
X(t) represents the motion along the channel axis, while Y(t) describes
the radial position within the cross section. The local convective velocity
along X is a parabolic function of Y, in agreement with the classical
solution of the velocity profile for laminar flow in the Hagen-Poiseuille
regime:

AP
X(Y) = L (R?-Y?) @

where AP represents the pressure gradient, n the dynamic viscosity, L
the length of the section considered, and R the radius of the channel.
This convective component is calculated instant by instant for each
particle as a function of its current transverse position. In this section,
the term “particles” refers specifically to non-interacting, point-like
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random walkers that represent analyte molecules in our stochastic
diffusion model. At each discrete time interval At, the position of each
particle is updated by summing a deterministic term, associated with the
local hydrodynamic drift, and two stochastic terms, associated with
Brownian diffusion along both spatial directions. The updating equation
therefore results:

X(t+ At) = X(¢t) + Vx(Y(t))-At + V2DAt-/" +(0,1) (2)

Y(t+ At) = Y(t) + V2DAt-#",(0,1) 3)
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where D represents the molecular diffusion coefficient, and Nxy (0.1)
N(y) (0.1) are independent Gaussian random variables with zero mean
and unit variance. To prevent particles from moving beyond the geo-
metric boundaries of the channel, a reflective boundary condition was
implemented, based on a geometric masking algorithm using polygons
that prevent movement beyond the allowed domain. The simulation
setup was parameterized with a high statistical numerosity (P = 10°
particles per simulation) and with a total integration time long enough
to cover the entire transport process up to the detector located down-
stream of the channel. In order to handle the high volume of generated
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Fig. 1. Graphical representation of the stochastic simulation of transport and diffusion of two molecular species characterized by different diffusion coefficients (D =
1 x 107° m?/s in blue and D = 6 x 107! m?/s in red) along the microfluidic channel. Shown on the left (panels a, c, e, g, i, m) is the time evolution of the spatial
positions of the particles at the indicated times: (a) 0's, (c) 60 s, (e) 120 s, (g) 190 s, (i) 220 s, (m) 280 s. On the right (panels b, d, f, h, 1, n) is the corresponding
simulated SPR signal, expressed as the cumulative fraction of molecules detected by the detector positioned at the end of the channel as time progresses. (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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data, the simulation data are progressively saved to files in HDF5 format,
enabling efficient subsequent analysis of both spatial distributions and
simulated SPR signals. The entire simulation scheme thus explicitly and
realistically reproduces the transport-diffusion process in the laminar
regime of molecular mixtures characterized by different D values,
allowing the extraction of both qualitative information on the evolution
of diffusive fronts and quantitative predictions on the SPR signals
detected downstream. A pseudo-code of the algorithm is provided in the
"supporting information", whereas some videos of simulated signals
from various mixtures are also provided as supplementary material.

In the simulations performed, for reasons of computational effort, the
"tight plug" mode was adopted, in which the initial position of the par-
ticles was randomly distributed in a small portion of the tube, as shown
in Fig. 1a. Considering the purpose of the mixture study, both types of
particles with different D were "injected" simultaneously into the same
initial area, while maintaining a random spatial distribution. The initial
positions thus defined evolve over time under the combined influence of
diffusion (described by the D) and the parabolic flow profile (Hagen-
Poiseuille law). The simulations (Fig. 1b and c) clearly show that mol-
ecules with different D form different interfaces along the channel:
compounds with high D (e.g., small molecules such as glycine, with D of
the order of 1E-9 m?/s) exhibit a compact and nearly Gaussian con-
centration profile, while larger molecules (such as human serum albu-
min, HSA, with D of the order of 6E-11 m?/s) show a broader and more
asymmetric distribution. Fig. 1 shows the simulated SPR signal consid-
ering the detector positioned at the end of the microfluidic channel with
a sampling depth of 15 % of the tube diameter. The sampling depth
value acts as a calibration factor to optimize the fit between the simu-
lated curves and the experimental data, as reported earlier (Calcagno
et al., 2025). The spatial and temporal evolution clearly highlights how
the differential diffusion results in the progressive separation of the
fronts of the two molecular populations: the higher diffusivity species
(blue) tends to maintain a relatively narrow Gaussian profile, while the
slower diffusing species (red) shows a progressive and asymmetric
broadening of its distribution. In the lower panels, particularly from g-h
down to m-n, the differential contribution of the two populations also
becomes explicit in the SPR signal. At this late stage, the detector
initially records an increasing contribution of the slower diffusing (red)
species, which anticipates the arrival of the main front. Next, the
contribution of the higher diffusing species (blue) emerges, generating a
narrower, symmetric peak in the SPR trace (visible at the maximum in
panel n). After the appearance of the peak associated with the major D,
the residual contribution of the lower scattering population continues to
accumulate, eventually reaching the sensitive zone of the detector over
longer times. Taken together, the simulated traces show that the SPR
signal obtained in the presence of mixtures is the result of a complex
convolution between the differential arrival times of the species, gov-
erned by their respective D. Though the system does not allow a clean
separation between the two species (due to the insufficient number of
theoretical plates), the overall shape of the signal still provides valuable
information about the simultaneous presence of multiple molecular
populations with different diffusive mobility. This result is particularly
significant because it suggests that the method can be used effectively to
investigate complex mixtures in their physiological state, without the
need to alter their structure or functionality. In Fig. 2, the simulated
D-SPR total curves for model mixtures comprising a fast and a slow
molecular species are reported. In the absence of the fast molecule (0 %
fraction), the profile exhibits a gradual ascent and prolonged tailing,
characteristic of the slow-spreading species. As the fast molecule frac-
tion increases, a narrower and more symmetrical peak appears pro-
gressively, associated with the rapid advance of the higher D species.
Under intermediate conditions (50 %), the curve clearly shows the
coexistence of the two contributions: a faster initial rise followed by an
asymmetry reflecting the long-tail generated by the residual simulated
slow species. Analysis of the shape of the simulated SPR signal suggests
the possibility of extracting quantitative information about the
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Fig. 2. Stochastic D-SPR simulations of the evolution of the SPR signal for
mixtures of two species with distinct diffusion coefficients (D =1 x 107° m?%/s
and D = 6 x 107! m?/s), as the relative molar composition changes. For each
simulation, the total number of injected particles was kept constant by varying
the mole fraction of the fast-diffusing species at 0 %, 25 %, 50 %, 75 % and 100
%, respectively. SPR traces are obtained considering a sampling depth equal to
15 % of the channel diameter and a detector positioned at the end of the
microfluidic path.

composition of the mixture by exploiting morphological parameters
such as the position of the maximum, skewness, width at mid-height,
and tail extension. Such observables open the way for potential quan-
titative applications of experimental D-SPR in the study of complex
systems, including protein degradation processes, conformational
changes, and biochemical reactions.

To further extend the potential of the simulative D-SPR method,
simulations were conducted on multicomponent systems beyond the
simple binary mixtures previously discussed. In Fig. S1A, the simulated
SPR signal obtained by injecting an equimolar ternary mixture consist-
ing of three representative species with D = 1 x 107° m?%/s (small-
molecule model such as glycine), D = 6 x 107! m?/s (albumin-type
protein model), and D = 1.5 x 107!% m?/s (intermediate, modeling a
system such as ubiquitin) is presented. The superposition of the three
contributions results in a complex shape of the SPR signal, characterized
by a rapid initial rise due to the more mobile species, a second, relatively
symmetric intermediate contribution, and finally a more prolonged tail
associated with the slow diffusion component. This result confirms the
method’s ability to detect and distinguish multiple contributions, as in
the presence of multiple coexisting species. Fig. S1B further extends the
concept by modeling a more realistic multicomponent system for poly-
disperse materials, such as natural or synthetic polymers characterized
by non-monodisperse molecular weight distributions. In this case, the
injection of a mixture consisting of 6 distinct populations, each with its
own D value, distributed according to the concentration function shown
in Fig. S1C, characterized by various D fractions, was simulated. The
result shows a highly smoothed SPR signal, without abrupt inflection
points, resulting from the continuous convolution of overlapping diffu-
sive contributions. This type of signal, although it does not allow direct
resolution of individual components, maintains relevant information
about the overall distribution of diffusive coefficients, indicating the
potential for statistically reconstructing the underlying diffusive distri-
bution through numerical deconvolution or advanced fitting.

2.2. Fitting model of molecular mixtures using diffusion-based surface
plasmon resonance (D-SPR)

We develop a mathematical fitting model that describes the total 1st
derivative SPR signal of a multicomponent mixture (binary, ternary, or
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N-component) as the sum of its individual contributions. To implement
the model, we incorporated instrument factors in the form of a constant
k = a x &, where «a is the detector sensitivity and § refers to the pene-
tration depth of the flow cell, which depends on the evanescent field of
the SPR gold sensor (Calcagno et al., 2025). Therefore, to provide a
semi-quantitative description of the multicomponent systems studied,
we define the following equation:

i

S(t) =k ) [civieRi(t)] @

where N is the number of species in the mixture, ¢; is the concentration
of the i-th component, and y; is the refractive-index increment (%)

which characterizes how strongly that species alters the refractive index,
and consequently the instrument response (in mL-g~!). The function
R;(t) is the unit-normalized 1st derivative D-SPR response of component
i, encoding its diffusion-governed transport profile, while k unifies in-
strument parameters like detector sensitivity and sampling depth into a
single calibration constant. The resulting S(t), reported in 1st derivative
response units, therefore captures the summed, weighted contributions
of all molecular populations over time, as illustrated in Fig. 3. This
model is valid under the following assumptions: no interaction occurs
between components, and there is no viscosity mismatch between the
running buffer and the samples. The total signal is linear in both con-
centration and refractive index increment, and eventually, the shape of
each contribution R;(t) depends on its diffusion coefficient D;, temper-
ature, and flow rate.

When not all components of the mixture are known, one or more
deconvolution steps can be performed to identify the different contri-
butions of the overall signal. This method is not recommended when
there is limited understanding of the system, as it can lead to misinter-
pretation of the data.

2.3. Mixture diffusion analysis through D-SPR approach

The D-SPR approach was originally developed for studying the D of
single molecules (Zingale et al., 2023, 2024), to determine their hy-
drodynamic radius and, consequently, their conformational and/or ag-
gregation state (Basile et al., 2024, 2025, 2024; Calcagno et al., 2024,
2025). Thanks to the optical properties of SPR, which can detect very

Component 1
Component 2
Component 3
Mixture

201 _—
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1.0r

0.5r

Normalized 1st Der. SPR Signal

0.0
50 7I5 1(I)O 125 léO 1%5 260 2ﬁ5 25IO
Time (s)

Fig. 3. Graphical representation of a simulated ternary mixture (green solid
line), composed of three molecular species with different D values, obtained
through a D-SPR measurement along the microfluidic channel. Component 1,
with the highest D, is shown as a solid red line; component 3, with the lowest D,
as a solid black line; and component 2, with an intermediate D, as a solid blue
line. According to equation (4), the sum of the individual components gives the
total 1st derivative SPR signal over time. (For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of
this article.)

Biosensors and Bioelectronics 292 (2026) 118080

small differences in refractive index, and our experimental setup
(including an in-silico framework), we are able, for the first time, to
advance the resolution of diffusion profiles in binary and ternary bio-
molecular mixtures. The biomolecular mixtures used in this liquid eye
model are well-characterized and play a crucial role in biological sys-
tems, thereby enabling the creation of a more realistic physiological
environment.

The first example of a binary biomolecular system is shown in Fig. 4,
which reports the BSA/Glycine mixed solution at different concentration
ratios. The raw SPR signals (left panel) show an increasing slope from
the 100 % BSA solution to the 100 % glycine solution, which is reflected
in the first derivative signals (right panel) as a narrower and sharper
signal for glycine and a broader, skewed signal for BSA. The mixed
signals, composed of portions from both stock solutions, exhibit con-
tributions from each, with a central peak originating from glycine and
broader lateral heads and tails resulting from BSA, as predicted by our
simulations (Fig. 2) and mathematical model.

Fig. 5 (Panels A and B) show detailed views of the 1st derivative SPR
signals for the 50/50 % solution of BSA and glycine, and the 50/50 %
BSA plus glucose solution, respectively. Specifically, we demonstrate
that the signals related to the binary mixtures are an exact overlap of the
combined singular contributions, aligning with our earlier models.

Based on the measurements performed and reported in this paper, we
demonstrate that the total 1st derivative signal of a mixture is given by
the arithmetic sum of its individual components, provided that no
interaction occurs between them, as well as with the gold surface of the
SPR system. Under these conditions, as predicted by our mathematical
model, it is possible to assess the quantitative composition of the mixture

if the refractive index increment (%’g) of the injected molecules is

known. On the contrary, when the model assumptions are not respected,
we can observe a distortion of the molecules’ Gaussian profiles, a shift in
the peaks, or a change in intensities in the 1st derivative signals. This
counter-effect could be potentially monitored and rationalized to study
molecules reacting in solution or with the surface; however, these
phenomena will be a matter for further technique developments and
implementation.

The liquid model systems developed in this study were validated not
only in a binary mixture but also extended to a ternary system (Fig. 5,
Panel C) consisting of equal weight/volume percentages of human
serum albumin (HSA), ubiquitin, and glycine dissolved in phosphate-
buffered saline (PBS) at pH 7.4. This strategy offers a new framework
for investigating increasingly complex and physiologically relevant
biomolecular systems.

2.4. Acidosis changes the oligomerization state of a-crystallin detected by
D-SPR

a-crystallin is a major small heat shock protein (sHSP) and a key
molecular chaperone found abundantly in the vertebrate eye lens, where
it plays a pivotal role in maintaining lens transparency by preventing the
aggregation of other structural proteins (Sprague-Piercy et al., 2021). It
consists of two homologous subunits, A and aB, which assemble into
large, heterogeneous oligomeric complexes (Sprague-Piercy et al.,
2021). These oligomers vary in size and composition, with aB-crystallin
often forming 24-mers, and hydrodynamic studies reporting diameters
ranging from 18 to 22 nm for the a-crystallin mixture (Peschek et al.,
2009). The pH of the surrounding environment has a critical effect on
a-crystallin structure, oligomeric stability, and, consequently, its chap-
erone activity. At acidic pH, especially below pH 3.5, a transition occurs
where aB subunits tend to dissociate and unfold, while «A subunits
remain largely folded and associated (Rasmussen et al., 2011).

Maintaining the appropriate oligomeric structure and chaperone
function of alpha-crystallin is crucial in preventing protein aggregation,
a central event in cataractogenesis, the leading cause of preventable
blindness worldwide (Andley, 2007). Pathological pH changes in the
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Fig. 4. BSA/Glycine experimental mixtures SPR curves (left) and the first derivatives (right) at different concentration ratios (% w/v) in PBS 10 mM at pH 7.4.
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Fig. 5. Panel A: 1st derivative SPR curves of BSA/Gly mixture (50/50 % w/v): the black and red dashed lines represent the single 50 % dilutions of BSA and glycine,
respectively; the blue solid line shows the mixture solution curve, while the green solid line depicts the mathematical sum of the two single dilutions. Panel B: 1st
derivative SPR curves of BSA/Glucose mixture (50/50 % w/v): the black and the red dashed lines represent the single curve of BSA and Glucose, respectively; the blue
solid line represents the mixture curve, while the mathematical sum of the two single concentrations is depicted in green. Panel C: 1st derivative experimental SPR
curves of the ternary model made by HSA/Ubiquitin/Glycine mixture (33 %/33 %/33 %): the black, blue, and red dashed lines represent the individual curves of
HSA, Ubiquitin, and Glycine, respectively, while the dark green solid line represents the ternary mixture curve. (For interpretation of the references to color in this

figure legend, the reader is referred to the Web version of this article.)

eye, such as retinal acidosis associated with diabetes (Dmitriev and
Linsenmeier, 2025), can disrupt this delicate balance. However, the
oligomeric state of a-crystallin remains incompletely characterized pri-
marily due to the limitations of earlier analytical techniques, which
lacked the sensitivity to detect monomers or smaller oligomeric species
if larger aggregate species are concurrently present.

For this reason, applying our D-SPR approach, we tried to assess the
a-crystallin structure and oligomeric stability at acidic pH to mimic
pathological acidosis conditions. First, a physiological solution of
a-crystallin at pH 7.4 (Fig. 6, left panel) was analyzed to have a direct
measurement of the D of the oligomeric complexes expected under these
conditions. Consequently, a hydrodynamic radius was calculated using
the Stokes-Einstein equation, and the resulting values are reported in
Table S1. Additionally, dynamic light scattering (DLS) was also per-
formed to obtain another independent measurement (Figs. S3 and S4 of
the Supporting Information) and to compare the results.

To explore acidic conditions that mimic a pathogenic stimulus and
determine if the sample oligomeric composition changes, we prepared a

pH 6.5 solution (Fig. 6, right panel) and performed the same analyses,
reporting the obtained values in Table 1S. In this case, the multi-
component fitting is not reported to avoid speculations. However, our
D-SPR calculation, based on experimental curves, showed that the global
D-value for pH 7.4 is 2.10-10~'! m?/s, while for pH 6.5 it is 2.82:107 !
m?/s. When converted to average hydrodynamic radius, the values are
11.70 and 8.71 nm at pH 7.4 and pH 6.5, respectively (Fig. S2 and
Table S1). If we consider the average D derived from D-SPR, the
observed trend, with an increase in global D-value at acidic pH, indicates
an actual overall decrease in hydrodynamic radius, in contrast with the
DLS data reported in Table S1. This apparent discrepancy arises from
fundamental differences in the detection principles of the two tech-
niques: D-SPR integrates contributions from all species in solution,
including small oligomers or dissociated subunits, whereas DLS is
heavily biased toward larger molecules, which scatter more intensely
and effectively mask the presence of smaller components. Consequently,
D-SPR is more sensitive to early oligomeric dissociation events that
precede measurable changes in size distribution by DLS.
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Fig. 6. The 1st derivative SPR experimental curves of the a-crystallin solution (0.5 mg/ml in PBS 10 mM) obtained at pH 7.4 (left panel) and pH 6.5 (right panel);
multicolor lines are referred to the various replicas injected at 5 pl/min; the black line is the mean value between replicas, while the grey shadow indicates the

standard deviation of all replicas.
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A detailed analysis of the diffusion curves reveals notable differences
between the acidic (pH 6.5) and physiological (pH 7.4) solution condi-
tions (see Fig. S2). Specifically, under physiological conditions, the
a-crystallin diffusion profile deviates from its characteristic pseudo-
Gaussian distribution, giving rise to a distinctly bimodal signature. As
previously described, this mixed diffusion profile is marked by the
emergence of an additional central peak, indicative of a population with
a higher D value at pH 6.5. This is accompanied by a modest broadening
of the peak corresponding to species with lower diffusivity. The litera-
ture reports several models of a-crystallin quaternary dynamics that
account for its structural plasticity, with proposed exchange units
ranging from individual monomers to dimers and even dimers of dimers
(Baldwin et al., 2011; Bova et al., 2000; Inoue et al., 2021; Van den
Oetelaar et al., 1990). Considering this evidence, it is likely that the
higher average D values at pH 6.5 indicate the dissociation and reor-
ganization of smaller oligomeric subunits, which are missing under
physiological pH conditions and are too small to be detected by DLS.
Conversely, the broadening of the lower diffusion peak suggests a slight
increase in hydrodynamic radius, consistent with DLS measurements
and indicative of modest oligomeric expansion or aggregation under
mildly acidic conditions.

Such a structural reorganization observed under mildly acidic con-
ditions (pH 6.5) may indicate a quick response to a pathological stim-
ulus, and this oligomerization transition could be relevant to disease
states within ocular tissues, such as mechanisms involved in the devel-
opment of cataract or similar age-related or degenerative eye disorders.
Contributing to the understanding of this conformational rearrangement
at the molecular level may therefore offer valuable insights into the
mechanistic basis of protein misfolding or aggregation events that
contribute to ocular pathophysiology.

3. Conclusions

The D-SPR methodology described here provides a robust, label-free
approach to characterizing the diffusion patterns of biomolecular mix-
tures under biologically relevant conditions. By combining accurate
diffusion measurements with stochastic computational modeling, this
method effectively overcomes challenges in resolving and character-
izing mixtures without disrupting native molecular states or relying on
labeling and chromatography separation. A selection of biomolecules
involved at various levels in ocular homeostasis has been used to vali-
date the proposed mathematical model. Specifically, human and bovine
albumin, ubiquitin, glycine, and glucose have been combined in binary
and ternary systems dissolved in physiological buffer to mimic ocular
fluids. A detailed analysis of these systems using our D-SPR approach
showed strong agreement between experimental results and simulation
predictions, confirming the method’s accuracy and reliability.

After refining the methodology, we extended it to a-crystallin,
demonstrating the method’s ability to detect subtle, physiologically
relevant oligomeric rearrangements that are otherwise undetectable by
traditional analytical techniques. This provides valuable insights into
eye-related pathophysiological processes. Future enhancements in
quantitative capability, application to more complex biological systems,
implementation of optical designs such as nearly guided-wave or
ultralong-range SPR to extend the penetration depth and effective
probing range (e.g., whole-cell analysis) (Bajaj et al., 2023; Shrivastav
et al., 2021), and integration with complementary analytical methods
will further increase D-SPR’s impact, fostering new discoveries in
biomedical research, clinical diagnostics, and therapeutic development.

4. Experimental section
4.1. Materials

Human Serum Albumin (HSA, recombinant, expressed in rice,
lyophilized powder, purity >96 %, CAS: 70024-90-7) and sodium
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hydroxide (flakes, MW: 40.00 g/mol, purity 97 %, CAS: 1310-73-2) were
purchased from Sigma-Aldrich. Human Ubiquitin lyophilized powder
was synthesized and purchased from Biorad; Bovine serum albumin
(BSA, lyophilized powder, crystallized, MW: 66430.3 g/mol, purity >98
%, CAS: 9048-46-8) was purchased from Thermo Scientific. Phosphate
buffer saline (PBS tablets, pH 7.4) was purchased from Oxoid Ltd, UK.
20K mPEG-SH, lyophilized powder, was purchased from Laysan Bio Inc.,
USA. Hydrochloric acid (MW: 36.46 g/mol, fuming> 37 %, CAS: 7647-
01-0) was purchased from Honeywell Fluka. Glycine and Sodium
dodecyl sulfate (SDS) were purchased from Carlo Erba.

4.2. D-SPR instrumental setup

The diffusion-based surface plasmon resonance measurements,
referred to as D-SPR, were performed using a commercial angular
multiparametric BioNavis SPR Navi 210A equipped with a SPR102-AU
gold sensor chip (20 mm long, 12 mm wide, and 0.55 mm thick), as
detailed earlier (Zingale et al., 2024). In this particular case, the gold
sensor chip used is smooth and flat because nanostructured metals,
nanoporous, or grating structures, as reported earlier (Isaacs et al., 2019;
Shalabney et al., 2009), could increase the system’s overall sensitivity
but may also cause undesirable nonspecific adsorption, leading to
sample loss and distortion of the diffusion curve. Additionally, to
enhance antifouling properties and prevent nonspecific adsorption or
interaction of the analyte with the surface, the gold chip was grafted
with a PEG layer as previously reported (Svirelis et al., 2022). In this
procedure, which we properly modified to improve its effect, the chip
sensor was previously cleaned with 1 % SDS aqueous solution, then put
into a UV/Ozone cleaner for 1 h, and immersed in a solution of mPEG-SH
20K (Laysan Bio, Inc., 2.2 mg in 10 ml of 0,9M NaySO4) under agitation
overnight. Before the analysis, each solution underwent sonication in an
ultrasonic bath for 1 min to homogenize and remove residual air. The
instrument was set to record an SPR response point every 1.87s, setting
the angular range from 60 to 75°. To allow the proper diffusion of
molecules, the original 35 cm injection tubings were replaced with 70
cm ones. The temperature in all measurements was set to 25 °C, and the
flow rate of the injected solutions was set at 10 pL/min, except for the
a-crystallin measurements, where the flow rate was set to 5 pL/min. To
describe in detail the diffusion process of the sample, we start with the
sample plug (200 pl) taken from the vial using a syringe pump and
loaded into a sample loop. Then, this sample plug, through a Rheodyne
switching valve, is positioned between the flowing buffer and directed
into the 70 cm injection tubing, where diffusion effectively occurs. Once
the plug reaches the SPR detector, the change in refractive index is
detected and recorded into a sensogram using the Bionavis SPR-Navi
Control software. The curves are then extracted in txt format with the
SPR-Navi Data Viewer software. Origin software was used to graph the
SPR curves and their respective first derivative signals (calculated using
the same software), while the Seaborn library in Python was employed
for a-crystallin. Eventually, for calculating the diffusion coefficients of
a-crystallin, the experimentally obtained diffusion curves (organized in
an Excel file) are analyzed using a Python script (included in the sup-
plementary materials) that compares them to a simulated dataset
through the Discrete Fréchet distance, aiming to enhance overall reso-
lution and interpretability, as previously reported (Calcagno et al.,
2025).

4.3. Dynamic Light Scattering

Dinamic light scattering (DLS) and subsequent hydrodynamic size
measurements were conducted using a Malvern Zetasizer ZS instrument.
Samples consisted of a-crystallin dissolved at a final concentration of
0.5 mg/mL in 10 mM phosphate-buffered saline (PBS), pH 7.4 and 6.5.
Prior to analysis, all solutions were filtered through 0.22 pm pore-size
syringe filters to remove dust that could interfere with the analyses.
Measurements were conducted at 25 °C in disposable polystyrene
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cuvettes with a 1 cm path length. Each sample was equilibrated for 3 min
before data acquisition. The analysis was performed at a backscattering
angle of 173°, using a 633 nm He-Ne laser. The refractive index and
viscosity of the dispersant (PBS) were set to 1.334 and 0.9110 cP,
respectively. Each measurement consisted of at least intensity consec-
utive runs per sample, and the results are reported as intensity-weighted
size distributions. The polydispersity index (PdI) was also recorded to
assess sample homogeneity, and in all cases it was less than or equal to
0.14. Data were processed using the Zetasizer software (Malvern In-
struments, version 7.12), employing a regularized non-negative least
squares (NNLS) fitting algorithm (protein analysis model).
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