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Introduction
Cardiomyocytes, the contractile cells of the heart, rely on a precise spatial and temporalorganization of molecular processes to maintain normal cardiac function [4, 5]. These cellsexhibit a highly structured intracellular architecture, characterized by ordered sarcomeres,an extensive sarcoplasmic reticulum, and densely packed mitochondria [5, 6]. Together,these structures support coordinated calcium handling, energy production, and force gen-eration required for periodic contraction [4, 5, 7]. This pronounced structural organizationleads to intracellular compartmentalization, where biochemical reactions and moleculartransport are spatially restricted rather than uniformly distributed throughout the cytosol[8, 9]. Compartmentalization in cardiomyocytes arises from both physical barriers, suchas myofilaments and membrane–bound organelles, and functional organization, includ-ing localized enzyme systems and metabolite channeling [10–12]. Several studies haveshown that this compartmentalization plays an important role in regulating energy transferpathways, such as creatine kinase and adenylate kinase systems, thereby contributing toefficient excitation–contraction coupling and metabolic homeostasis [4, 5, 8, 9, 11–14].

Within this complex and crowded intracellular environment, the diffusion of proteins,metabolites, and signaling molecules is not isotropic or uniform [15, 16]. Instead, molec-ular diffusion can be direction–dependent and spatially heterogeneous, reflecting theunderlying cellular architecture. Experimental studies using fluorescence correlation–based techniques have demonstrated anisotropic diffusion of metabolites such as ATPin cardiomyocytes, with diffusion properties differing along and across the myofibrillaraxis [15, 16]. Such findings highlight the close relationship between intracellular structure,diffusion dynamics, and functional compartmentalization [9, 14].
Alterations in cellular architecture, compartmentalization, or molecular mobility maytherefore influence key physiological processes, including excitation–contraction coupling,metabolic substrate delivery, and intracellular signaling [8, 17, 18]. Whether disrupteddiffusion dynamics contribute to cardiac pathologies remains an open question, thoughchanges in intracellular organization and molecular transport have been proposed as po-tential mechanisms in conditions such as heart failure and arrhythmias [5]. Understandingmolecular diffusion in cardiomyocytes is therefore essential not only for clarifying funda-mental aspects of cardiac physiology but also for informing the development of therapeuticstrategies that may target subcellular transport mechanisms [9].
When approximating a cardiomyocyte as a cylindrical geometry—reflecting its elon-gated morphology with typical dimensions of 100–150 µm in length and 10–25 µm indiameter [19, 20]—the measurement of diffusion coefficients presents both conceptualand technical challenges [15]. Molecular diffusion within different compartments of this cel-lular cylinder, including the cytosol, specific organelles, and membrane–proximal regions,may exhibit distinct characteristics due to local viscosity variations, molecular crowdingeffects, and interactions with the organized cytoskeletal network [21–23].
Fluorescence correlation spectroscopy (FCS) has emerged as a powerful technique formeasuring diffusion coefficients by analyzing temporal fluorescence intensity fluctuationsin a small observation volume, typically created by a focused laser beam in a confocalmicroscope [24–26]. Raster image correlation spectroscopy (RICS) extends this approachby performing spatial and temporal correlation analysis on image series acquired duringlaser scanning, enabling mapping of diffusion parameters across cellular regions [27–29].Both techniques provide single–molecule sensitivity and can characterize diffusion in livecells [30, 31].
This thesis presents computational and statistical advances in fluorescence–based diffu-sion measurements through three interconnected studies. Paper I introduces IOCBIO FCS,
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a unified open–source platform integrating FCS and RICS analysis with GPU–acceleratedcomputation, Bayesian inference, and experimentally measured point spread functions.Paper II applies this platform to investigate lipoprotein lipase oligomerization, where Icontributed by performing RICS analysis to determine diffusion coefficients in heteroge-neous samples. Paper III presents fluorescence intensity trace statistical analysis (FITSA), aBayesian method that analyzes fluorescence intensity traces directly, achieving comparableprecision to FCS with substantially fewer photons.The thesis is organized as follows. Chapter 1 establishes the theoretical foundationby presenting fundamental principles of diffusion, introducing key equations governingmolecular transport, and examining diffusion processes in cellular environments withemphasis on the constraints imposed by biological complexity. Chapter 2 provides a reviewof fluorescence–based diffusion measurement techniques, the theoretical basis and practi-cal implementation of FCS and RICS, presenting the Bayesian approach to direct analysisof fluorescence intensity traces, critically examining limitations of these methods, anddefining the specific aims addressed by the present work. Chapter 3 describes the unifiedFCS/RICS analysis platform, emphasizing implementation of advanced statistical methodsand key innovations that extend the capabilities of conventional analysis tools. Chapter4 presents FITSA, outlining the conceptual framework for direct intensity trace analysis,the Bayesian statistical approach, and comparative advantages over autocorrelation-basedmethods. Chapter 5 presents the discussion of this thesis, summarizing its main contribu-tions, placing them in the context of quantitative fluorescence microscopy, and highlightingtheir relevance for reducing phototoxicity and improving diffusion measurements.
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1 Physical Basis of Molecular Transport in Cells
Diffusion is a fundamental physical process underlying molecular transport in biologicalsystems [32]. In cellular environments, diffusion governs the movement of metabolites,proteins, and signaling molecules and therefore plays a central role in cellular function[21, 22]. The focus of this thesis is on the development of experimental and computa-tional techniques for estimating diffusion parameters from fluorescence measurements,motivated by the challenges of characterizing molecular transport in complex cellularenvironments.

To establish a rigorous foundation for these later applications, this chapter first intro-duces diffusion from a physical and statistical mechanics perspective. Classical descriptionsof diffusion are presented to clarify the assumptions, parameters, and limitations inherentin standard diffusion models. These concepts are subsequently extended and revisitedin the context of intracellular environments, where structural organization, molecularcrowding, and compartmentalization lead to deviations from idealized diffusion behavior.This physical framework provides the basis for the diffusion models and data analysisapproaches developed and applied in the following chapters.
1.1 Fundamental Principles of Diffusion
Diffusion is the spontaneous net movement of particles from regions of higher concentra-tion to regions of lower concentration, driven by the random thermal motion of molecules[33]. This fundamental transport phenomenon arises from the statistical behavior of largeensembles of particles, each possessing kinetic energy proportional to the absolute tem-perature of the system. At the molecular level, particles undergo continuous collisionswith surrounding molecules, resulting in random directional changes that, when averagedover many particles and sufficient time, produce macroscopic concentration gradientsthat dissipate, driving the system toward a state of dynamic equilibrium according topredictable laws, such as Fick’s laws of diffusion. The thermodynamic basis of diffusion liesin the second law of thermodynamics, which dictates that isolated systems evolve towardstates of maximum entropy—for a concentration gradient, this corresponds to uniformdistribution of particles throughout the available volume [32, 33].

The driving force for diffusion can be expressed in terms of the chemical potentialgradient. In this case, particles move from regions of high chemical potential to lowchemical potential, and under near–equilibrium conditions, the flux is proportional to thisgradient [33].
The diffusion coefficient (DC), a fundamental parameter characterizing the rate ofdiffusive transport, depends on both the intrinsic properties of the diffusing species, suchas molecular size and shape, and the properties of the medium, including viscosity, temper-ature, and molecular crowding effects [32, 33]. The Einstein relation connects the diffusioncoefficient to the molecular mobility and thermal energy through DC = µkBT , where

µ is the mobility, kB is Boltzmann’s constant, and T is the absolute temperature, estab-lishing a direct link between microscopic thermal fluctuations and macroscopic transportproperties.
1.2 Fick’s Laws and Brownian Motion
The mathematical description of diffusion is provided by Fick’s laws, which relate con-centration gradients to particle flux [34]. Fick’s first law states that the flux J (number ofparticles crossing a unit area per unit time) is proportional to the negative concentration
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gradient:
J =−DC ∇c(r, t) (1)

where DC is the diffusion coefficient, c(r, t) is the concentration at position r and time t,and the negative sign indicates that flux occurs in the direction of decreasing concentration.Fick’s second law describes the time evolution of concentration distributions by com-bining the first law with the continuity equation (conservation of mass) [34]:
∂c(r, t)

∂ t
= DC ∇

2c(r, t) (2)
This partial differential equation governs diffusion dynamics. In an unbounded domain, itsfundamental solution (Green’s function) is known analytically and generates solutions forarbitrary initial conditions [33]. For instance, the solution for an initial point source of Nparticles at the origin in an unbounded three–dimensional (3D) medium is the Gaussiandistribution [32–34]:

c(r, t) =
N

(4 π DC t)3/2 exp
(
− r2

4 DC t

)
(3)

which demonstrates that the concentration profile broadens as√DC t and the peak con-centration decreases as t−3/2. In an unbounded domain, Eq. 3 is the Green’s function ofthe diffusion equation. Therefore, the solution for any initial concentration distribution
c(r, t = 0) can be obtained by convolution with this Gaussian kernel [32, 33].The microscopic foundation of diffusion is provided by the theory of Brownian mo-tion, which describes the random trajectories of individual particles subjected to thermalfluctuations. A stochastic description of particle motion based on the Langevin equationleads, upon ensemble averaging over noise realizations, to the Fokker–Planck equationfor the probability density [35, 36]. For free diffusion, the corresponding Fokker–Planckequation reduces to Fick’s second law, establishing the formal equivalence between micro-scopic stochastic dynamics andmacroscopic diffusion. Einstein’s seminal work on Brownianmotion established that a particle undergoing random collisions with solvent moleculesexecutes a random walk, with the mean square displacement (MSD) growing linearly withtime [34]:

MSD = ⟨(r(t)− r(0))2⟩= 2 d DC t (4)
where d is the spatial dimensionality (e.g., d = 3 for 3D diffusion, d = 2 for diffusionconfined to a plane). This relationship directly connects the macroscopic diffusion coeffi-cient to microscopic particle trajectories and forms the basis for single–particle trackingexperiments. For spherical particles of radius a diffusing in a medium of viscosity η , theStokes–Einstein relation relates the diffusion coefficient to these physical parameters[32, 33]:

DC =
kB T

6 π η a
(5)

demonstrating that diffusion is enhanced at higher temperatures and reduced viscosities,and that larger particles diffuse more slowly.The random walk model reveals essential features of diffusive motion: in the contin-uous Brownian limit trajectories are non–differentiable (infinitely jagged at all scales),displacements over non–overlapping time intervals are statistically independent, anddisplacements are Gaussian distributed; for discrete random walks this Gaussian formemerges after many steps via the central limit theorem [32].
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Deviations from this idealized behavior, termed anomalous diffusion, occur when
⟨r2(t)⟩ ∝ tα with α ̸= 1, and are commonly observed in complex biological environmentsdue to molecular crowding, binding interactions, and active transport processes [21, 22].It should be noted that the anomalous exponent α serves here as a phenomenologicaldescriptor of deviation from normal diffusion and does not uniquely identify the underlyingstochastic transport mechanism.
1.3 Diffusion in Cellular Environments
Diffusion in living cells deviates substantially from the idealized conditions assumed inclassical diffusion theory due to the highly organized, crowded, and compartmentalizednature of the intracellular environment [32]. The cytoplasm contains macromolecularconcentrations reaching 300–400 g/L, creating a crowded milieu [23]. This molecularcrowding means that large macromolecules block accessible pathways, reducing the freespace available for diffusion and increasing the effective viscosity experienced by diffusingmolecules. This macromolecular crowding typically reduces diffusion coefficients by factorsof 2–10 compared to dilute aqueous solutions, with the magnitude of reduction dependingon the size of the diffusing species relative to the crowding agents [22].Furthermore, the cytoskeleton—comprising actin filaments, microtubules, and interme-diate filaments—creates a dynamicmeshwork that can obstruct diffusion, create barriers tofree motion, and in some cases facilitate directed transport through motor protein activity[21]. Membrane–bounded organelles partition the cell into distinct compartments withdifferent physical and chemical properties, and molecules must traverse these membranes,either by passive diffusion through lipid bilayers or via protein channels and transporters,to access different cellular regions [19, 20]. Many cellular proteins exhibit transient bindingto structural elements or other molecules, leading to anomalous subdiffusion characterizedby MSDs that grow more slowly than linearly with time [22].These physical barriers to diffusion—macromolecular crowding, cytoskeletal obstruc-tion,membrane–bounded organelles, and transient binding—donotmerely slowmolecularmotion; they also create functional spatial organization within cells [21]. When diffusionis sufficiently restricted, it can limit the rate at which substrates reach enzymes or thedistance over which signaling molecules can effectively communicate, thereby creatingdistinct functional microdomains even in the absence of physical membrane barriers [8, 37].This diffusion–mediated compartmentalization has been proposed as a key mechanismfor controlling intracellular energy transfer pathways and maintaining signaling specificity,particularly in highly structured cells such as cardiomyocytes [9, 38].In cardiomyocytes specifically, diffusion processes are linked to the specialized func-tion of these cells in cardiac contraction [5]. The highly ordered sarcomeric structurecreates a periodic obstruction pattern that can anisotropically affect diffusion—moleculesmay diffuse more readily parallel to the long axis of the sarcomeres than perpendicularto it [16, 38]. The extensive sarcoplasmic reticulum network, which occupies a substan-tial fraction of cellular volume and is responsible for calcium storage and release duringexcitation–contraction coupling, creates a complex 3D network through which metabolitesand signaling molecules must navigate [6, 14]. Mitochondria, occupying approximately40% of cardiomyocyte volume and arranged in regular arrays between sarcomeres, furtherrestrict diffusion pathways [6].From the perspective of intracellular regulation, these structural constraints imply thatdiffusion can directly influence the efficiency and robustness of excitation–contractioncoupling and energy supply–demand matching [4, 38]. A central question addressed byour laboratory is how diffusion limitations and compartmentalization shape the interaction
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between ATP–producing and ATP–consuming processes, and how these interactions adaptto changing physiological conditions [9, 10].Electrostatic interactions introduce additional complexity to diffusion in cellular en-vironments, particularly for charged molecules such as ions, charged metabolites, andproteins with net positive or negative charge [39]. Fixed negative charges on proteins,nucleic acids, andmembrane phospholipids create local electric fields that couple electricalpotential gradients to concentration gradients, giving rise to electrodiffusion where theflux of charged species depends on both [7, 17, 39].The combination of geometric constraints, macromolecular crowding, and electrostaticeffects means that effective diffusion coefficients in cardiomyocytes can vary substantiallydepending on the specific subcellular location and local environment [9, 10, 12, 13, 40].Quantitative characterization of diffusion in cardiomyocytes is therefore essential forlinking intracellular transport properties to cellular function. However, obtaining suchmeasurements in live cells remains challenging due to structural heterogeneity and thecoexistence of multiple transport mechanisms.To address the challenge of quantifying molecular transport in complex intracellularenvironments, several experimental approaches have been developed. These approachesranging from ensemble methods that measure average properties over large popula-tions of molecules to single–molecule techniques that resolve individual trajectories [25].Fluorescence–based methods have emerged as particularly powerful tools due to theirnon–invasive nature, single–molecule sensitivity, applicability to both in vitro and in vivosystems, and the capacity for spatial mapping of diffusion parameters [26, 31]. Thesetechniques can be applied to characterize diffusion in simple buffer solutions for biophys-ical studies of protein interactions and conformational dynamics, as well as in complexbiological environments including live cells where they can probe molecular transport withminimal perturbation [30].Among these techniques, FCS [24, 25] and RICS [27, 28] have become establishedmethods for quantifying diffusion coefficients through analysis of fluorescence intensityfluctuations arising from molecules diffusing through a defined observation volume oracross a scanned image field. A review of these fluorescence–based diffusionmeasurementtechniques, their theoretical foundations, practical implementations, and current limita-tions are presented in the following chapter. The limitations of existing fluorescence–baseddiffusion measurement techniques provide a key motivation for the work presented inthis thesis, which focuses on improving data analysis strategies and developing alternativeapproaches for extracting diffusion parameters in cellular environments.
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2 Fluorescence–Based Diffusion Measurement Techniques
Quantitative measurement of molecular diffusion in living cells requires experimentaltechniques capable of resolving stochasticmolecularmotion in complex and heterogeneousenvironments. Fluorescence–based methods have become central tools for this purposedue to their high sensitivity, non–invasive nature, and applicability to live–cell systems. Thischapter introduces the main fluorescence–based techniques used to quantify diffusioncoefficients from intensity fluctuation data. The underlying principles and theoreticalfoundations of each method are presented, followed by a discussion of their advantagesand inherent limitations. Particular emphasis is placed on challenges that arise when thesetechniques are applied to intracellular environments, which motivate the methodologicaldevelopments presented in this thesis.
2.1 Fluorescence Correlation Spectroscopy (FCS)

2.1.1 Principles and Theory

FCS is a single–molecule technique thatmeasures the temporal fluctuations of fluorescenceintensity arising from molecules diffusing through a small observation volume (Figure 1),typically defined by a diffraction–limited focused laser beam in a confocal microscopeconfiguration [24, 25].

Figure 1: Schematic illustration of the confocal detection volume in a confocal fluorescencemicroscope.
The yellow hourglass shape represents the focused laser excitation beam, and the central yellow
ellipsoid denotes the effective confocal detection volume. Red spheres correspond to diffusing
fluorescent particles of different sizes. The coverslip positioned above the microscope objective is
shown at the bottom.

The fundamental principle of FCS relies on analyzing the temporal autocorrelationfunction (ACF) of fluorescence intensity fluctuations, G(τ) = ⟨δF(t)δF(t + τ)⟩/⟨F(t)⟩2,where δF(t) represents the deviation of fluorescence intensity from its mean value attime t, and τ is the lag time [24, 25]. When fluorescent molecules diffuse through theobservation volume, they create stochastic fluctuations in the detected fluorescencesignal. For freely diffusing molecules without interactions, the characteristic decay timeof these fluctuations, quantified by the ACF, is directly related to the diffusion coefficient:
τD = ω2/(4 DC), where ω is the characteristic dimension of the observation volume(lateral beam waist radius) and DC is the diffusion coefficient [26].

In FCS, fluorescence detection is spatially weighted by the microscope detection effi-ciency profile, given by the product of excitation and collection efficiency. This weighting is
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commonly approximated by a 3D Gaussian function, [41]
PSF(x,y,z) = exp

(
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)
, (6)

where ωxy and ωz are the lateral and axial radii. The FCS observation volume is the effectivevolume defined by this weighting function rather than a sharp physical boundary.For 3D Gaussian observation volumes, the ACF for freely diffusing molecules takes theanalytical form:
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where N is the average number of molecules in the observation volume and s is thestructure parameter (ratio of axial to lateral dimensions of the observation volume). Byfitting this theoretical model to autocorrelation curves calculated from experimentallyrecorded fluorescence intensity traces, one can extract both the diffusion coefficient andthe local concentration of fluorescent molecules, making FCS a powerful tool for studyingmolecular dynamics, binding interactions, and conformational changes in solution and inliving cells [30, 31].The ACF can be extended to account for photophysical processes, particularly triplet–state kinetics, which occur when fluorophores undergo intersystem crossing to a non–fluorescent triplet state before relaxing back to the ground state [41, 42]. The presence oftriplet–state dynamics introduces an additional fast decay component in the ACF, modifyingthe standard diffusion model to [41]:
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where T SA is the triplet–state amplitude, representing the fraction of molecules in thetriplet state at equilibrium and τT is the triplet–state relaxation time. This 3D diffusionmodel with triplet–state correction is essential for accurately extracting diffusion coeffi-cients from FCS measurements of fluorescent dyes, which exhibit triplet–state dynamicswith relaxation times in the microsecond range [42]. Furthermore, FCS models can beextended to multi–component systems where multiple species with different diffusioncoefficients contribute to the correlation function, with the total ACF represented as aweighted sum of individual components [41].From a theoretical perspective, the fluorescence intensity fluctuations analyzed in FCScan be interpreted in terms of the diffusion Green’s function, often referred to as thediffusion propagator. For freely diffusing, non–interacting molecules undergoing Brownianmotion, the diffusion process is fully characterized by the conditional probability density
P(r, t | r0,0), which gives the probability of finding a molecule at position r at time t,given that it was located at r0 at the initial time t = 0. For an initial point source of
N particles, the ensemble–averaged concentration profile is related to this propagatorthrough c(r, t) =N P(r, t | r0,0), such that the Gaussian solution of Fick’s diffusion equationderived in Eq. 3 corresponds to the diffusion Green’s function (propagator) multiplied bythe total particle number N.In FCS, the temporal autocorrelation function arises from integrating this propagatorover the confocal observation volume defined by the microscope point spread function(PSF), such that the characteristic decay time of the ACF directly reflects the diffusivespreading encoded in the propagator. The same propagator forms the theoretical founda-tion of other correlation–based techniques, including RICS, which probe diffusion throughdifferent spatiotemporal sampling schemes.
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2.1.2 Advantages
FCS offers several key advantages for diffusion measurements: single–molecule sensitivityenabling detection at nanomolar to picomolar concentrations, rapid data acquisition withtypical measurement times of seconds to minutes, and the ability to extract both diffusioncoefficients and absolute molecular concentrations from a single measurement [26]. Thetechnique requiresminimal sample preparation and can be applied to both in vitro solutionsand specific locations within live cells, making it a versatile tool for studying moleculardynamics across diverse biological contexts. Additionally, FCS provides access to fastdynamic processes on microsecond to millisecond timescales, and the small observationvolume (femtoliters) enables characterization of local microenvironments that may differsubstantially from bulk cellular properties.
2.1.3 Limitations
Despite its advantages, FCS faces several significant limitations. The technique requiresrelatively high laser intensities to achieve sufficient signal–to–noise ratios, particularlywhen mapping spatial variations across cellular regions, which increases cumulative laserexposure and associated phototoxicity effects in live cells [43]. A fundamental statisti-cal issue arises in conventional FCS analysis: the ACF data points at different lag timesare not statistically independent, yet standard fitting procedures using ordinary leastsquares (OLS) or maximum likelihood methods assume this independence [44–47]. Thisincorrect assumption leads to overconfident parameter estimates with underestimateduncertainties, making it difficult to rigorously assess goodness–of–fit or compare modelsof different complexities—for instance, distinguishing between single–component andmulti–component diffusion becomes statistically ambiguous.While generalized least squares (GLS) approaches can address correlated errors byincorporating the full covariance matrix, estimating this covariance reliably may requirethousands of repeated measurements under identical conditions [48, 49], which is oftenimpractical in live–cell experiments due to phototoxicity, cell movement, and viabilityconstraints over the extended acquisition periods.Alternatively, structured covariance estimation approaches—such as shrinkage estima-tors that regularize the empirical covariance matrix to improve conditioning and reduceestimation error [48, 50], as well as parametric covariance models or low–rank approxi-mations [51]— can exploit the known structure of ACF errors and reduce the number ofrepeated measurements required for covariance estimation. In addition, the randomlysampled segmented ACF (rsACF)method reduces correlations between ACF data points andimproves the statistical validity of goodness–of–fit evaluation [47]. However, all of theseapproaches still require repeated measurements to reliably characterize error correlations,which remains challenging in live–cell experiments due to limitations in acquisition timeand phototoxicity.Furthermore, FCS provides single–point measurements, necessitating sequential scan-ning to map spatial heterogeneity, which further increases total laser exposure time andlimits throughput for characterizing complex biological systems.
2.2 Raster Image Correlation Spectroscopy (RICS)
2.2.1 Principles and Theory
RICS extends the correlation analysis approach of FCS to laser scanning microscopy byexploiting both the spatial and temporal information contained in image series acquiredduring raster scanning [27, 28]. The fundamental principle of RICS is to calculate spatialACFs from fluorescence intensity images, where the correlation is computed as a function
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of pixel displacement in both the horizontal (ξ ) and vertical (ψ) directions: G(ξ ,ψ) =
⟨I(x,y) I(x+ ξ ,y+ψ)⟩/⟨I(x,y)⟩2, with the resulting correlation function reflecting thecombined effects of molecular diffusion during the scanning process and the PSF.The key innovation of RICS is the realization that the raster–scanning process of laserscanning microscopy inherently encodes temporal information into the spatial structure ofan image. During image acquisition, neighboring pixels along the fast scan direction arerecorded sequentially and are separated in time by the pixel dwell time, while pixels inadjacent scan lines are separated by the line scan time. As a result, spatial correlationsbetween pixels correspond to well–defined time delays, enabling diffusion dynamics to beextracted from spatial correlation functions.The theoretical RICS correlation function combines the spatial structure of the micro-scope PSF with the temporal evolution of molecular diffusion during raster scanning. For aGaussian PSF, the spatiotemporal autocorrelation function can be written as [16, 27, 28]:
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where ∆ = (∆x,∆y,∆z) is the spatial displacement, DCi denotes the diffusion coefficientalong axis i ∈ {x,y,z}, and ωi are the Gaussian PSF widths along the corresponding axes.In RICS analysis, spatial lags are sampled in the imaging plane so that ∆x = ξ δx, ∆y =
ψ δy, and∆z = 0, with δx and δy denoting the pixel sizes in the horizontal and vertical imagedirections, respectively. The correlation lag time τ(ξ ,ψ) is determined by the scanningprocess, with τ(ξ ,ψ) = ξ tpix +ψ tline, where tpix is pixel dwell time, and tline is line scantime.Unlike FCS which provides a single–point measurement, RICS enables spatial mappingof diffusion coefficients across the entire imaged region by calculating local correlationfunctions from image subregions [16, 27–29].Similar to FCS, RICS correlation functions can be extended to account for triplet–statekinetics and multi–component diffusion, enabling characterization of complex systemswith multiple diffusing species or photophysical processes [28].
2.2.2 Advantages
RICS combines the molecular sensitivity of correlation spectroscopy with the spatial map-ping capabilities of laser scanning microscopy, enabling simultaneous measurement ofdiffusion coefficients across entire cellular regions rather than at single points [27, 29]. Thisspatial mapping capability makes RICS particularly valuable for characterizing heteroge-neous biological systems where diffusion properties vary between subcellular compart-ments. RICS can detect anisotropic diffusion by performing measurements at multiplescanning angles, providing directional information about molecular transport in organizedstructures such as in the cardiomyocytes [15, 16]. The technique utilizes the raster scan-ning process of laser scanning confocal microscopes for temporal sampling, requiring noadditional instrumentation beyond a standard laser scanning confocal microscope, and thedistributed laser exposure across the scan field can reduce local photodamage comparedto the continuous illumination at a single point in FCS.
2.2.3 Limitations
RICS faces challenges that extend beyond those of FCS due to the increased complexityof spatiotemporal data acquisition. The statistical issues affecting FCS, particularly corre-lations between ACF data points, are also present in RICS, but estimating the covariance

19



structure for rigorous GLS–based fitting is significantly more challenging. A typical RICSanalysis involves calculating spatial ACFs from image stacks, yielding a two–dimensional(2D) correlation surface that is cropped and flattened into a vector of several hundredpoints for fitting. Reliable covariance estimation for such high–dimensional data would re-quire acquiring thousands of independent image stacks under identical scanning conditions(image size, pixel dwell time, scanning speed, and angle), which is practically infeasible inlive–cell experiments where maintaining stable conditions over the required acquisitiontime is impossible due to phototoxicity and cell viability constraints.Additionally, RICS data acquisition is inherently slower than FCS because of the flybackperiods during line scanning when no useful data are collected, further extending experi-mental duration. The technique is also sensitive to artifacts from large particles, cellularmovements, or photobleaching that occur during frame acquisition, requiring careful qual-ity control and filtering strategies. While RICS provides spatial maps of diffusion, the spatialresolution of these maps is limited by the need for sufficient statistics within each analyzedsubregion, creating a trade–off between spatial detail and measurement precision.
2.3 Bayesian Approach to Direct Analysis of Fluorescence Intensity Traces
2.3.1 Principles and TheorySeveral years ago, an alternative framework for FCS was proposed by Pressé and colleagues[52–55] that fundamentally departed from the correlation–based paradigm of FCS. Insteadof calculating and fitting the ACF of fluorescence intensity fluctuations, this approach ap-plies Bayesian inference directly to the raw photon count data, constructing a probabilisticmodel that describes the physical processes underlying signal formation. The methodmodels individual fluorescent molecules diffusing through the confocal observation vol-ume, with each molecule’s contribution to the detected signal depending on its positionrelative to the PSF at each time point. By fitting this physical model directly to the recordedfluorescence intensity transient, the approach yields posterior probability distributions forparameters such as the diffusion coefficient and molecular brightness (maximum photonemission rate for amolecule at the center of the observation volume), providing a completecharacterization of parameter uncertainty within a rigorous statistical framework.At the timescale of interest (e.g., 1 µs), individual photon detections occur stochasticallyand independently, with the total photon count wk between successive time assessmentsfollowing Poisson statistics [53]:
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where the index k denotes discrete time steps in the measurement sequence with cor-responding physical times tk, µback is the background photon emission rate, and ∑n µn
krepresents the sum of photon emission rates from individual fluorescent molecules in-dexed by n = 1,2, . . . at time step k. The time interval (tk − tk−1) represents the durationover which photons are collected at each assessment step. The number of moleculescontributing to the signal is not known a priori and must be inferred from the data, whichis addressed through Bayesian non–parametric methods. Each molecular emission rate µn
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µ
n
k = µmol PSF(xn

k ,y
n
k ,z

n
k) (11)

where µmol represents the molecular brightness, and PSF characterizing the spatial detec-tion efficiency. Molecular motion is modeled as free Brownian diffusion, with positions at
20



successive time points drawn from normal distributions:
xn

k ∼ Normal(xn
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where DC is the diffusion coefficient, assumed identical for all molecules in the basicformulation, and Normal(µ,σ2) denotes a normal distribution with mean µ and variance
σ2, with probability density function
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The model can be extended to accommodate multiple diffusing species with distinctdiffusion coefficients, as demonstrated in [53].
2.3.2 Bayesian Inference
Bayesian inference provides a fundamentally different statistical paradigm compared tothe frequentist approach. In the frequentist framework, parameters such as the diffusioncoefficient are treated as fixed but unknown quantities, and the goal is to find point esti-mates (e.g., through least squares or maximum likelihood methods) along with confidenceintervals based on the sampling distribution of the estimator [48, 49]. Frequentist confi-dence intervals do not represent probability statements about the parameter itself butrather describe the long–run frequency with which such intervals would contain the trueparameter value across many hypothetical repetitions of the experiment [56].In contrast, Bayesian inference treats parameters as random variables in the statisticalsense, assigning probability distributions that quantify our uncertainty about their valuesgiven limited and noisy data. For parameters that are fixed physical constants (e.g., diffusioncoefficients under fixed conditions), these distributions represent epistemic uncertainty,whereas for quantities that inherently fluctuate (e.g., the number of molecules in theobservation volume) they may also describe intrinsic stochastic variability [57].Prior distributions encode initial beliefs or information about parameters before ob-serving data, and Bayes’ theorem updates these priors to posterior distributions thatincorporate the evidence provided by the measured data: p(θ |data) ∝ p(data|θ)p(θ),where θ represents model parameters, data is the observed data, p(data|θ) is the likeli-hood function, and p(θ) is the prior [56, 57]. The posterior distribution p(θ |data) directlyquantifies our uncertainty about parameters given the observed data, enabling intuitiveprobabilistic statements through credible intervals or quantile ranges—for example, thecentral 95% credible interval represents the rangewithin which the parameter lies with 95%probability, computed from the 2.5th and 97.5th percentiles of the posterior distribution.This Bayesian framework naturally handles complex models with many parameters andunknown model structures (such as the uncertain number of molecules in the observationvolume), providing a principled approach to model comparison and parameter inferencethat explicitly accounts for all sources of uncertainty [58].
2.3.3 Markov Chain Monte Carlo
For complexmodels where posterior distributions cannot be computed analytically, MarkovChainMonte Carlo (MCMC)methods enable practical implementation of Bayesian inferenceby generating samples from the posterior distribution through iterative simulation [57].MCMC algorithms construct a Markov chain—a sequence of parameter values where each

21



new value depends only on the previous one—whose stationary distribution is the desiredposterior distribution. The chain typically starts from an arbitrary initial point that maybe far from the high-probability region of the posterior. The burn–in period refers to theinitial samples that are discarded because the chain has not yet converged to the targetdistribution. After burn–in, subsequent samples provide an empirical representation ofthe posterior from which parameter estimates, credible intervals, and other quantities ofinterest can be computed.
Various MCMC sampling algorithms have been developed, each with different compu-tational properties and efficiency characteristics. The Metropolis–Hastings algorithm [59]is a general–purpose approach that proposes new parameter values from a proposal distri-bution and accepts or rejects them based on the ratio of posterior probabilities, ensuringdetailed balance and convergence to the target posterior. Gibbs sampling is a special casethat updates one parameter at a time by sampling from its conditional distribution givenall other parameters, which is particularly efficient when these conditional distributionshave closed–form expressions but requires careful implementation to avoid slow mixingwhen parameters are highly correlated [57].
Hamiltonian Monte Carlo (HMC) methods exploit gradient information and introduceauxiliarymomentum variables to guide proposals through parameter spacemore efficiently,reducing random walk behavior and enabling better exploration of high–dimensional pos-teriors with correlated parameters [57]. No–U–Turn Sampler (NUTS), an extension of HMC,automatically tunes the simulation length to balance exploration efficiency with computa-tional cost, eliminating the need for manual tuning of trajectory length parameters [60].Slice sampling provides another alternative that adaptively adjusts the proposal distribu-tion by sampling uniformly from regions under the posterior density, offering robustnesswithout requiring gradient calculations or careful tuning of proposal distributions [57].
The choice of sampling algorithmdepends on the specific characteristics of the posteriordistribution, the availability of gradient information, and computational constraints, withHMC and NUTS generally providing superior performance for high–dimensional problemswith smooth posteriors, while Metropolis–Hastings and Gibbs sampling remain valuablefor problems with discrete parameters or when gradient computation is impractical. The

Jazani et al. implementation MCMC exploits a Gibbs sampling [53].
2.3.4 Advantages
The direct Bayesian analysis of fluorescence intensity traces offers several advantages overtraditional correlation–based methods. Most notably, the approach achieves a remarkablereduction in required experimental time—Jazani et al. demonstrated that accurate diffusioncoefficient estimation can be obtained from measurement durations orders of magnitudeshorter than those needed for conventional FCS analysis [53].

This reduction stems from the more efficient extraction of information directly fromphoton count fluctuations rather than from the derived ACF, which involves informationloss through the averaging inherent in correlation calculation.
The Bayesian framework provides rigorous quantification of parameter uncertaintiesthrough posterior probability distributions. These complete posterior distributions directlyreveal the number of diffusing components through the structure of the diffusion coeffi-cient posterior: single–component systems exhibit a single peak, while multi–componentsystems show distinct, separated peaks corresponding to each population. Additionally,the approach naturally handles complex scenarios such as unknown numbers of moleculesand time–varying molecular brightness, incorporating these as additional parameters tobe inferred rather than requiring pre–specification.
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2.3.5 Limitations
Despite its theoretical advantages, the Bayesian direct analysis approach faces severalpractical limitations that have hindered its widespread adoption. The model implemen-tation available in the literature [53] does not support triplet–state kinetics, a significantphotophysical process that affects most fluorophores and must be included in the modelto obtain accurate diffusion coefficients from typical FCS measurements.When we installed and tested the most recently implemented version [53], we foundthe computational performance to be prohibitively slow for routine analysis, with single–chain MCMC runs requiring minutes to hours depending on the number of sampling stepsand the complexity of the data. The implementation is written in MATLAB and does notsupport parallel execution of multiple chains within a single MATLAB session, which isproblematic for assessing chain convergence through the Gelman–Rubin statistic R̂ (alsoknown as the potential scale reduction factor, which compares within–chain and between–chain variances to diagnose whether multiple chains have converged to the same posteriordistribution) [61].To evaluate convergence, we manually executed multiple independent runs and savedsamples for post–hoc R̂ calculation, but found that chains frequently failed to converge(exhibiting high R̂ values) even for simulated data with known ground–truth diffusioncoefficients. More concerning, we observed cases where chains appeared to convergebased on R̂ diagnostics but converged to incorrect parameter values, particularly whena different molecular brightness range was used as the prior distribution, demonstratingsensitivity to prior selection. Examples of these convergence failures are documented inPaper III. These computational and convergence limitations represent significant barriersto the practical application of this promising approach and motivated the development ofalternative methods that retain the advantages of direct intensity analysis while addressingthese implementation challenges.
2.4 Methodological Challenges and Motivation
Despite their widespread adoption and proven utility, the analysis of FCS and RICS datafaces substantial computational and methodological challenges that limit both accessibilityand scientific reliability. These challenges span multiple domains, from fundamental dataquality issues to statistical modeling limitations and the absence of critical capabilitiesin existing software tools. Additionally, while direct intensity analysis approaches offertheoretical advantages, existing implementation faces significant practical limitations thathinder their adoption for routine experimental work. The following subsections detail thesechallenges and establish the motivation for the methodological developments presentedin this thesis.
2.4.1 Experimental Artifacts and Data Quality
Rawfluorescence signals are inherently susceptible to numerous experimental artifacts thatcan severely compromise analysis results. Detector noise, photobleaching, photoblinking,mechanical drift, and slow intensity trends can significantly distort correlation functions andbias parameter estimation if not properly accounted for. In solution measurements, rarebut bright fluorescent aggregates or “blobs”—originating from impurities, aggregation, orincomplete labeling—can dominate intensity fluctuations and lead to spurious correlationamplitudes and diffusion times. These artifacts are particularly problematic becausethey are difficult to detect and systematically exclude within conventional correlation–based analysis frameworks, yet their presence can invalidate the physical interpretationof measured parameters. Advanced filtering strategies that can identify and remove
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contaminated measurements before parameter estimation are therefore essential forrobust analysis of both solution and cellular measurements.
2.4.2 Biological Complexity and Non–Ideal Diffusion
In biologically relevant systems, additional complexity arises from pronounced spatialheterogeneity, anisotropic transport properties imposedby cellular ultrastructure, and non–ideal diffusion behaviors such as anomalous diffusion, transient binding, or the coexistenceof multiple diffusing populations. Anisotropic diffusion, in particular, is prevalent in highlystructured cellular environments such as cardiomyocytes, where molecular transportis constrained by organized cytoskeletal networks and membrane systems. AlthoughRICS analyses incorporating variable scanning speeds and angles have been previouslyimplemented for characterizing anisotropic diffusion [15, 16], to date, no open–sourcesoftware offering these analytical capabilities has been made publicly accessible.

Accurate characterization of direction–dependent diffusion requires not only appropri-ate theoretical models but also precise knowledge of the 3D PSF of the microscope system.The use of experimentally measured PSFs becomes critical in anisotropic environments,where even small deviations from idealized Gaussian approximations can lead to system-atic errors in extracted diffusion coefficients and structural parameters. Despite this clearneed, existing analysis tools either rely exclusively on analytical PSF models or provide nomechanism for incorporating experimentally determined PSFs into the fitting procedure.
2.4.3 Statistical Modeling Deficiencies
From a modeling perspective, traditional fitting approaches based on OLS optimizationremain widely used due to their computational efficiency, but they neglect the strongstatistical correlations between ACF data points and the inherently heteroscedastic noisestructure of correlation functions. As a result, uncertainty estimates obtained from OLSfits are often unreliable, and goodness–of–fit metrics may provide misleading assessmentsof model adequacy, particularly when comparing models that differ in complexity [47].

Although advanced statistical treatments such as GLS and Bayesian inference are wellestablished in principle, to our knowledge no currently available open–source softwareimplements these methods for FCS or RICS analysis. While Guo and colleagues previouslydeveloped a Bayesian and GLS implementation for FCS [49], the software is no longeraccessible. This absence of statistically rigorous frameworks prevents researchers fromobtaining reliable uncertainty quantification, incorporating prior knowledge, or performingprincipled model comparison.
2.4.4 Correlation-Based Software Limitations
The current open–source software ecosystem for FCS and RICS analysis [29, 62–70] lackscritical capabilities required for rigorous analysis of complex biological systems. Only asingle implementation currently offers GPU acceleration for ACF computation [70], whichis essential for high-throughput or large–scale analyses. These platforms collectively lacksupport for experimentally measured PSFs, multiple-angle RICS analysis for anisotropicdiffusion characterization, advanced statistical frameworks including Bayesian inferenceand GLS error treatment, and systematic filtering strategies for identifying and removingartifact-contaminated measurements. The absence of these capabilities in accessible,maintained software limits the ability of researchers to perform statistically rigorous andcomprehensive analysis of molecular transport in structured cellular environments. Toaddress these limitations, we developed the IOCBIO FCS platform, as detailed in Paper I.
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2.4.5 Beyond Correlation: Direct Intensity AnalysisHowever, even with enhanced analysis methods, correlation-based techniques face funda-mental limitations related to photon requirements and phototoxicity in live-cell applications.The Bayesian direct analysis approach proposed by Pressé and colleagues offered a promis-ing alternative by analyzing intensity traces directly rather than through derived correlationfunctions, theoretically enabling accurate parameter estimation from shorter measure-ments [53]. Yet practical implementation of this approach suffered from computationalinefficiency, convergence difficulties, and sensitivity to prior specification, hindering itsadoption for routine experimental work. To overcome these limitations, we developedFITSA, as presented in Paper III.
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Aims of the Thesis
This thesis aims to develop improved methods for measuring molecular diffusion in car-diomyocytes by addressing fundamental limitations in existing fluorescence–based dif-fusion measurement techniques. By integrating physical models of diffusion in complexcellular environments with statistically rigorous and computationally efficient analysismethods, this work seeks to enable reliable estimation of molecular transport parametersin structurally heterogeneous and anisotropic intracellular systems. The specific aims are:

• To develop a unified, open–source platform that addresses computational and sta-tistical limitations of existing FCS and RICS analysis tools.
• To develop a computationally efficient Bayesian method for direct analysis of flu-orescence intensity traces that overcomes photon requirement and phototoxicitylimitations of correlation–based approaches while providing reliable parameterestimation and uncertainty quantification.
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3 Unified Platform for FCS and RICS Analysis (IOCBIO FCS)
3.1 Overview
In Paper I, we developed IOCBIO FCS as an open–source, Python–based platform with acommand–line interface for analyzing fluorescence intensity traces and images obtainedfrom FCS and RICS experiments. The platform addresses critical gaps in existing analysistools by providing a unified framework that integrates modern computational methodswith rigorous statistical inference approaches, supporting the complete workflow fromraw data visualization through autocorrelation calculation to model fitting and parameterestimation.

Key capabilities include GPU–accelerated computation of ACFs, flexible model fittingwith support for anisotropic diffusion and experimentally measured 3D PSFs, and a com-prehensive suite of statistical methods within both frequentist and Bayesian inferenceframeworks. The platform is designed with modularity and extensibility in mind, allow-ing researchers to adapt analysis workflows to specific experimental requirements. Thefollowing subsections describe the key capabilities and selected features of the software;complete technical documentation and validation studies are provided in Paper I.
3.2 Visualizing Raw RICS/FCS Datasets
Before performing correlation analysis, it is essential to assess the quality and stability ofraw fluorescence data to identify potential experimental artifacts that could compromisesubsequent parameter estimation. The IOCBIO FCS platform provides comprehensive visu-alization capabilities for both FCS and RICS datasets, enabling users to examine individualmeasurements and detect systematic issues such as photobleaching, sample drift, illumi-nation inhomogeneities, or mechanical instabilities. For FCS experiments, the software candisplay individual fluorescence intensity traces showing temporal fluctuations as well assummary statistics across multiple sequential traces that reveal long–term trends in signalintensity or measurement stability. Similarly, for RICS experiments, users can visualize indi-vidual confocal scan frames to assess spatial intensity distributions and pixel–level signalquality and examine averaged intensities across entire image series to detect temporalvariations in fluorescence signal. These visualization modes provide essential diagnostictools that enable early–stage quality control by revealing problematic datasets requiringexclusion or systematic trends needing correction prior to autocorrelation analysis, therebyensuring that subsequent correlation analysis and parameter estimation are conducted onhigh–quality data for more reliable and reproducible diffusion coefficient measurements.
3.3 Calculating Autocorrelation Functions
The computation of ACFs is the central step in converting raw fluorescence data intoquantitative information about molecular dynamics. The IOCBIO FCS platform implementsefficient algorithms for calculating ACFs from both FCS intensity traces and RICS imageseries, with support for CPU–based and GPU–accelerated computation to accommodatedifferent hardware configurations and dataset sizes.

The software provides flexible data selection and preprocessing options to adapt theanalysis to specific experimental conditions. Individual or grouped fluorescence traces(FCS) and images or image series (RICS) can be selected, enabling targeted inspection andrefinement of the data prior to further processing. For FCS measurements, fluorescencetraces can be restricted to selected time intervals to exclude segments affected by arti-facts identified during visualization. For RICS datasets, image series can be subdivided
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into smaller spatial regions to enable spatially resolved analysis of heterogeneous sam-ples or grouped according to acquisition parameters such as scanning angle or speed forcomparative analysis.For FCS datasets comprising multiple sequential traces, the software can compute andvisualize the covariancematrix of ACFs calculated from individual traces (Figure 2), explicitlyrevealing the correlation structure of statistical noise across different lag times. The strongdiagonal elements indicate high variance at each individual lag time, while the off–diagonalstructure reveals systematic correlations between nearby lag times—this non–diagonalstructure demonstrates that autocorrelation data points are not statistically independent,violating a key assumption of OLS fitting approaches commonly used in FCS analysis. Thiscovariance information is essential for implementing GLS fitting that properly accounts forthe correlated error structure, leading to statistically rigorous parameter estimates andrealistic uncertainty quantification.
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Figure 2: Covariancematrix of ACFs computed from 120 individual FCS traces, revealing the correlation
structure of statistical noise across different lag times. Each element (i, j) of this matrix represents
the covariance between autocorrelation values at lag times τi and τ j , quantifying the extent to which
fluctuations in the ACF at one lag time are statistically related to fluctuations at another lag time.

3.4 Data Filtering and Model–Based Parameter Estimation
Following autocorrelation computation, the analysis framework provides multiple levelsof data filtering designed to exclude inappropriate contributions prior to final parameterestimation. For both FCS and RICS, very short lag times dominated by detector–relatedartifacts and long lag times where noise dominates can be excluded, and visualization toolsare provided to assess ACF quality before fitting. Filtering can also be applied based onacquisition parameters such as scanning angle and scanning speed, enabling removal oftechnical artifacts while preserving the underlying diffusion information.A second, conceptually distinct filtering stage is implemented through pre–analysis ofdiffusion coefficient and concentration. In this approach, preliminary parameter estimatesare computed independently for individual FCS traces or RICS images and visualized asdistributions and scatter plots. This step enables identification of transient artifacts causedby large, slowly diffusing particles or aggregates entering the observation volume, whichcannot be reliably detected from fluorescence intensity alone.To illustrate this workflow, we analyzed a RICS dataset comprising 720 images acquired
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at three different line times (2.0, 3.5, and 6.0 ms, corresponding to fast, medium, and slowscanning speeds) from a protein solution prone to forming large aggregates (see Paper IIfor experimental details). Large, slowly diffusing particles or aggregates can transientlyenter the observation volume, producing localized high–intensity regions within individualimages (Figure 3A and B). These events manifest as characteristic elongated high–intensityfeatures in the affected image regions (Figure 3C), in contrast to the uniform intensitydistribution observed under normal conditions (Figure 3D).
When ACFs are computed from the complete dataset without filtering, the resulting ACFexhibits systematic deviations that cannot be adequately described by standard diffusionmodels. Fit quality is assessed using the sum of squared residuals (SSR), where smallervalues indicate better agreement between model and data; in all cases (Figure 4A–D), thefits were performed on averaged ACFs containing the same number of lag-time points,ensuring that SSR values are directly comparable across datasets. The unfiltered datasetyields SSR = 11.83 (Figure 4A).
Standard filtering strategies based on mean intensity were found insufficient for identi-fying such events. While manual exclusion of high–intensity images before or after ACFcalculation is possible through command–line options, this approach requires subjectivethreshold selection and becomes impractical for large datasets.
The diffusion–concentration pre–analysis provides a more systematic solution. Byfitting each image individually and visualizing the resulting parameter estimates (Figure 5),characteristic patterns emerge: intensity peaks (Figure 5D) correspond to anomalously lowconcentration estimates (Figure 5C), which also appear as the low–concentration points inthe scatter plot (Figure 5A, left region). This inverse relationship between intensity andestimated concentration arises from the nature of correlation analysis: the autocorrelationamplitude is inversely proportional to the number of independently diffusing entitiesin the observation volume. When a large, bright aggregate is present, it dominates thefluorescence signal while behaving as a single slowly diffusing object, resulting in elevatedautocorrelation amplitude and consequently an underestimated concentration. Based onthis visualization, users can define concentration thresholds (min and max) that specificallyexclude images affected by large particles. Applying a minimum threshold of 3.6 nMexcludes 135 of 720 images and substantially improves fit quality (Figure 4B; SSR = 0.04).
The minimum concentration threshold was determined by gradually increasing thecutoff from low values until a stable global fit was achieved, as judged by convergencebehavior, improvement in SSR, and stabilization of the estimated diffusion coefficient.Users can similarly define filtering ranges for diffusion coefficients to exclude images withanomalously fast or slow apparent diffusion. The apparent positive trend between diffusioncoefficient and concentration in Figure 5A is a fitting artifact arising from the projectionof a multi–component system onto a single–component model and does not indicate aphysical concentration dependence of diffusivity.
In datasets where large particles are present throughout much of the acquisition,concentration–based filtering at the whole–image level may exclude a substantial fractionof data, reducing the statistical reliability of parameter estimates. For example, whenanalyzing only images 500–600 from the demonstration dataset (a region with frequent in-tensity peaks), concentration filtering excludes 49 of 100 images, discarding approximately50% of the available data (Figure 4C; SSR = 0.14).
To preserve more data in such challenging cases, the platform supports subdivisionof RICS images into spatial sectors before ACF calculation. This approach substantiallyincreases the number of individual correlation functions available for pre–analysis. Impor-tantly, large particles typically affect only a subset of sectors within each image, enabling ex-
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Figure 3: Overview of a RICS acquisition containing transient intensity artifacts. (A) Average fluores-
cence intensity per pixel per second across 720 consecutively acquired RICS images; the red dashed
region highlights the intensity peak corresponding to the image shown in panel B. (B) RICS image
at index 588, exhibiting a localized high–intensity region caused by a large particle or aggregate
traversing the observation volume; green boxes indicate the areas enlarged in panels C and D. (C)
Enlarged view of the high–intensity region, showing a characteristic elongated intensity feature. (D)
Enlarged view of a representative region with uniform intensity distribution.
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Figure 4: Autocorrelation function fitting using a 3D diffusion model with triplet–state kinetics under
different filtering conditions. Each panel displays the ACF for the medium scanning speed (line time
3.5 ms); SSR values reported in each panel are computed from combined fits across all three scanning
configurations (line times 2.0, 3.5, and 6.0 ms). Different colors represent spatial lags ∆y = 0 (red
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Figure 5: Diffusion–concentration pre–analysis of 720 individual RICS images. (A) Scatter plot of
diffusion coefficient versus concentration for each image. (B) Diffusion coefficient as a function of
image index. (C) Concentration as a function of image index. (D) Average fluorescence intensity per
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clusion of contaminated regions while retaining unaffected areas for analysis. For example,dividing the same 100 images into 6×6 sectors yields 3600 individual ACFs; concentration–based filtering then excludes only 137 sectors (3.8%), preserving the vast majority of data.This approach yields improved fit quality (Figure 4D; SSR = 0.08) with parameter estimates(concentration: 7.73±0.26 nM; diffusion coefficient: 15.64±0.50 µm2/s; triplet ampli-tude: 0.44± 0.04; triplet relaxation time: 1.31± 0.22 µs; mean ± SD) consistent withthose obtained from the larger filtered dataset (Figure 4C and B).An early version of this filtering strategy was successfully applied in Paper II, whichinvestigated the combined action of albumin and heparin in regulating lipoprotein lipaseoligomerization. The RICS pre–analysis capabilities enabled accurate determination ofdiffusion coefficients by identifying and excluding large fluorescent aggregates from mea-surements containing heterogeneous oligomeric structures.Following pre–analysis and identification of parameter values or datasets to be excluded,final parameter inference is performed using a flexible fitting framework supporting multi-ple diffusion models and statistical inference approaches. Implemented models includesingle– and two–component isotropic diffusion with optional triplet–state kinetics, formu-lated using either an idealized 3D Gaussian PSF or experimentally measured PSFs. Thiscapability is critical for accurate parameter extraction in biological systems where ideal-ized PSF approximations can introduce systematic biases. All models support anisotropicdiffusion analysis, including RICS measurements acquired at multiple laser scanning an-gles, enabling characterization of direction–dependent transport in structured cellularenvironments.To accommodate different noise characteristics and analysis goals, the platform imple-ments a comprehensive suite of statistical methods, including OLS, weighted least squares(WLS), and GLS, each available within both nonlinear least squares (NLS) and Bayesianinference frameworks. This yields six distinct estimation approaches, allowing researchersto select the most appropriate method for their data characteristics and uncertainty quan-tification needs.All ACF fitting results shown in Figure 4 were obtained using nonlinear least squareswith weighted least squares error model (NLS–WLS) and an experimentally measured PSF.Guidance on selecting appropriate statistical frameworks for fitting, error models, anddiffusion models for specific experimental conditions is provided in the discussion sectionof Paper I.
3.5 Results
The results presented in Paper I demonstrate that reliable inference of molecular diffusionparameters from FCS and RICS data depends critically on both the statistical treatmentof noise and the flexibility of the analysis framework. Systematic comparisons usingsynthetic and experimental datasets show that commonly used OLS fitting can substantiallyunderestimate parameter uncertainty. In contrast, weighted and generalized least–squaresapproaches explicitly account for non–uniform and correlated noise in ACFs, leading tomore realistic uncertainty estimates. Bayesian inference further extends this framework bypropagating noise structure into full posterior distributions, providing reliable confidenceintervals and enabling principled model comparison through information criteria and Bayesfactors.The results highlight that the structure of noise correlations varies substantially withexperimental conditions, such as diffusion speed, and directly impacts parameter reliability.By incorporating covariance–aware error models and Bayesian evidence evaluation, theplatform enables objective selection of diffusionmodels, which is particularly important for
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distinguishing between single–component, multi–component, and triplet–state models.Beyond statistical rigor, the results establish the practical relevance of advanced RICScapabilities implemented in the software. The ability to analyze anisotropic diffusion usingexperimentally measured PSFs and to generate spatially resolved diffusion and concentra-tion maps reveals heterogeneity that is inaccessible to conventional, spatially averagedanalyses. Comprehensive visualization capabilities support all stages of analysis, includingpre–analysis scatter plots for identifying outliers, fitted ACFs with residual diagnostics,posterior distribution summaries for Bayesian fits, angular dependence plots for multiple–angle RICS measurements, and spatially resolved parameter maps from sector–basedanalysis. These results show that IOCBIO FCS enables both efficient point estimation andstatistically rigorous uncertainty quantification, providing quantitatively reliable insightsinto molecular transport in complex biological environments.Representative fitting results, comparative analysis of statistical approaches, and val-idation studies are presented in Paper I. A broader interpretation and implications fordiffusion analysis in biological systems is provided in the Discussion chapter. Comprehen-sive documentation, including usage examples and command–line interface specifications,is available at https://iocbio.gitlab.io/fcs.

34



4 Fluorescence Intensity Trace Statistical Analysis (FITSA)
4.1 Overview and Motivation
As discussed in Chapter 2, the Bayesian approach to direct intensity trace analysis proposedby Pressé and colleagues offered theoretical advantages over correlation–based meth-ods, including reduced photon requirements and rigorous uncertainty quantification [53].However, practical implementation suffered from computational inefficiency, convergencedifficulties, and sensitivity to prior specification. While we initially investigated whetherthese limitations could be addressed through parameter tuning and algorithmic optimiza-tion of the existing framework, we found that the fundamental design of the methodnecessitated a complete reconceptualization. To address these deep–rooted challengeswhile retaining the benefits of direct intensity analysis, we developed FITSA—a funda-mentally new Bayesian method built from first principles that achieves robust parameterestimation from fluorescence intensity traces with substantially improved computationalefficiency and stability. As detailed in the following sections, FITSA differs from previousapproaches in critical aspects.
4.2 Methodological Framework
FITSA introduces several critical innovations that enable practical application of directBayesian analysis to experimental fluorescence data. The method distinguishes betweensignal components originating from particles passing through the confocal volume andbackground emissions by identifying portions of the signal with elevated photon counts.A key innovation is adaptive signal binning that dynamically adjusts temporal resolutionbased on local photon emission rates: regions with high photon counts indicating particlepresence are binned into short time intervals to capture rapid molecular movements,while regions dominated by background emissions are binned into longer intervals. Thealgorithm creates smooth transitions between different bin sizes, enabling efficient trackingof particles as they enter, traverse, and exit the confocal observation volume. Becauseparticle diffusion events are assumed to be statistically independent, the fluorescencetrace is segmented into distinct subsections by identifying low–photon regions that serveas natural division points between particle transit events, allowing separate analysis ofeach event while maintaining computational tractability.

For MCMC sampling of the posterior distribution, FITSA employs HMC with NUTS,which leverages gradient information to efficiently navigate the parameter space. Unlikethe Gibbs sampling approach used in the Jazani et al. implementation [53], which sam-ples parameters sequentially and can suffer from slow mixing in correlated parameterspaces, NUTS proposes joint updates across all parameters using Hamiltonian dynamics,substantially improving sampling efficiency [60].
Beyond computational efficiency, the fundamental methodological changes in FITSA—including the signal preprocessing and gradient–based sampling strategy—yield substan-tially improved robustness to prior specification. Detailed convergence diagnostics, poste-rior distributions, and sensitivity analyses are presented in Paper III.

4.3 Practical Advantages and Scope
The methodological design of FITSA achieves a critical advantage for practical diffusionmeasurements in biological systems: the method provides comparable precision to conven-tional FCS while requiring substantially fewer detected photons, enabling accurate diffusioncoefficient estimation from measurement durations orders of magnitude shorter than
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those needed for traditional correlation analysis. This efficiency gain stems from FITSA’sdirect analysis of intensity fluctuations, which extracts information from the completephoton arrival pattern rather than compressing it into a correlation function.By reducing photon requirements, FITSA directly addresses phototoxicity concerns inlive–cell experiments—a fundamental limitation of correlation–based techniques whereextended measurements or spatial mapping across cellular regions necessitate cumulativelaser exposure that can compromise cell viability and alter the biological processes underinvestigation.
4.4 Validation and Results
The performance and robustness of FITSA were systematically validated through compre-hensive analysis of both synthetic and experimental data, as detailed in Paper III. Usingsimulated fluorescence traces, we demonstrated FITSA’s superior convergence behaviorand robustness to prior specification across different diffusion coefficients and molecularbrightness values. Direct comparison with the earlier implementation [53] revealed thatFITSA achieves reliable convergence with substantially fewer iterations while maintainingaccurate parameter recovery across a wide range of prior distributions; that implementa-tion exhibited sensitivity to prior choice and convergence difficulties.Precision analysis using synthetic data confirmed that FITSA achieves comparableaccuracy to conventional FCS while requiring substantially fewer photons. This efficiencygain remained consistent across different molecular brightness conditions, with precisionprimarily determined by total photon count for both methods.Experimental validation using Alexa Fluor 647 Dextran 10K in glycerol–water mixturesdemonstrated FITSA’s practical applicability to real fluorescence measurements. Analysisof subsections from extended recordings revealed that FITSA produced substantially moreconsistent diffusion coefficient estimates across different temporal segments compared toFCS, indicating improved stability for short–duration measurements. Systematic investi-gation of the effects of laser power and dye concentration (0.1 and 1 nM) confirmed theexpected relationship between photon flux and estimation precision, with FITSA maintain-ing accurate parameter recovery under conditions where correlation analysis becomesunreliable due to insufficient photon statistics. Finally, application to diffusion measure-ments in rat cardiomyocytes established FITSA’s capability for analyzingmolecular transportin complex biological environments, where short measurement durations are essential tominimize phototoxicity while capturing spatially heterogeneous diffusion dynamics.These experimental demonstrations confirm that FITSA provides a practical and robustalternative to FCS for quantifying molecular diffusion in biological systems, particularlywhere photon budget constraints or phototoxicity concerns limit the applicability of tradi-tional methods.The detailed performance evaluation, experimental validation, and comparative analy-ses of FITSA are presented in Paper III. The significance of these results in the context offluorescence–based diffusion measurements and their broader methodological implica-tions are discussed in the Discussion chapter.
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5 Discussion
Measuring molecular diffusion in cardiomyocytes presents unique challenges due to thehighly organized cellular architecture. The sarcomeric structure, extensive sarcoplasmicreticulum, and densely packed mitochondria create an environment where moleculardiffusion is neither isotropic nor spatially uniform [15, 16]. Understanding this compart-mentalization and anisotropic transport is essential for energy metabolism and excitation–contraction coupling research [4, 8, 9, 11].

However, fluorescence–based diffusion measurements face a central trade-off: achiev-ing statistically rigorous parameter estimation requires extended measurements, whilelive–cell experiments demand minimal laser exposure to avoid phototoxicity. This discus-sion examines how the methods developed in this thesis address this trade-off, evaluateswhen each approach is most appropriate, and considers future directions for quantitativemolecular transport analysis.
5.1 Statistical Rigor in Correlation–Based Analysis: Challenges and Solu-

tions
The central methodological challenge in FCS and RICS analysis lies in the statistical struc-ture of autocorrelation data. While the non–independence of ACF data points has beenrecognized for some time [47, 49], practical applications typically ignore these correlationsduring model fitting. This widespread practice has profound consequences: parameteruncertainties are systematically underestimated, goodness–of–fit metrics become unre-liable, and model selection procedures favor overly complex models that capture noiserather than underlying physical processes. The problem is not merely technical but reflectsa fundamental limitation of the correlation–based approach when applied under realisticexperimental conditions.

The IOCBIO FCS platform addresses these statistical challenges by providing the firstopen–source implementation integrating multiple statistical frameworks—OLS, WLS, andGLS (available only for FCS)—within both NLS and Bayesian inference approaches. Thiscomprehensive suite enables researchers to select methods appropriate for their datacharacteristics and experimental constraints. OLS assumes identical error across all ACFpoints and independence between measurements, leading to artificially narrow parameterdistributions but remaining useful for rapid preliminary analysis. WLS accounts for het-eroscedastic errors using point–wise variance estimates, offering a practical compromiseapplicable to both FCS and RICS. GLS accounts for both heteroscedasticity and temporalcorrelations, providing the most reliable metrics when covariance can be estimated fromreplicate measurements.
Bayesian inference yields full posterior distributions that reveal parameter correlations.When sufficient repeated measurements are available, GLS fitting within the Bayesianinference framework provides statistically rigorous uncertainty quantification by properlyaccounting for correlated and heteroscedastic noise.
However, proper implementation of these advanced statistical treatments reveals thedepth of the challenge. Properly accounting for statistical correlations through covarianceestimation requires datasets orders of magnitude larger than those typically acquired. ForFCS, estimating a reliable covariance matrix demands thousands of repeated measure-ments under strictly stable conditions—experiments lasting tens to hundreds of hours(approximately 100 hours for a single in vitro experiment in Paper I) with rigorous pre-cautions to minimize room–scale temperature and airflow variability. Such stability isachievable only in simplified in vitro systems. In live–cell environments, the extended laser

37



exposure required for such high photon counts introduces prohibitive challenges. Beyondthreats to cell viability, photobleaching progressively depletes fluorophore populations andbiases diffusion estimates, while photoblinking creates artificial fluctuations that distortcorrelation functions [71–74]. Over these extended acquisition periods, mechanical driftinevitably shifts the observation volume, compromising spatial localization and introducingspurious correlations.For RICS, the situation is even more severe. Reliable estimation of such a covariancematrix would require thousands of independent RICS images acquired under identicalconditions (image size, scanning speed, and scanning angle)—practically infeasible in live–cell experiments given the additional constraints of flyback periods that extend acquisitiontimes. Consequently, GLS fitting is currently not implemented for RICS, restricting modelcomparison to WLS–based metrics or residual assessment.The fundamental challenge is clear: achieving statistical rigor in correlation–basedanalysis requires dataset sizes that are achievable only in highly controlled in vitro condi-tions and for live–cell experiments, the long acquisition times are practically infeasible.This incompatibility between statistical requirements and biological constraints cannotbe resolved through better statistical methods alone—it demands a fundamentally dif-ferent approach to extracting diffusion parameters from fluorescence data. The need fora method capable of obtaining reliable diffusion coefficients from substantially shorterexperiments became evident as a critical requirement for advancing live–cell moleculartransport analysis.
5.2 Beyond Correlation: Direct Intensity Analysis with FITSA
FITSA represents a conceptual departure from correlation–based analysis by treating flu-orescence intensity traces as primary data rather than as inputs for correlation functioncalculation. This fundamental shift addresses both the statistical limitations of ACF–basedmethods and their photon efficiency constraints. By analyzing complete photon arrival pat-terns rather than compressing them into correlation functions, FITSA extracts informationmore efficiently and avoids the problematic statistical structure inherent to autocorrelationdata.While earlier implementation of direct intensity analysis by Jazani and colleagues [53]established the conceptual foundation for this approach, they faced significant practicallimitations that hindered routine experimental adoption. This implementation requiredsubstantially more MCMC iterations to achieve convergence, exhibited sensitivity to priorspecification that could lead to biased parameter estimates when priors deviated from truevalues, and proved computationally demanding for analyzing longer fluorescence traces.These limitations prevented direct intensity analysis from becoming a practical alternativeto FCS despite its theoretical advantages.FITSA’s key innovations—adaptive signal binning, subsection segmentation treatingparticle transits as independent events, strategic seed point selection at maximum photonemission, and implementation of HMC with NUTS rather than Gibbs sampling—enablesubstantially improved convergence and substantially greater robustness to prior specifi-cation. The sectioning approach addresses a fundamental challenge in direct trajectoryanalysis: when reconstructing complete particle trajectories, coordinate positions becomestrongly correlated throughout the trajectory, with any change at the beginning affectingall subsequent positions. This correlation is particularly problematic when combined withvarying position precision—high when particles are near the focal point and low when theyare distant. FITSA overcomes this challenge by confining coordinate correlations withinshort segments and initiating sampling from well–constrained positions, enabling efficient
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posterior exploration that earlier methods could not achieve.The photon efficiency comparison between FITSA and FCS requires careful interpre-tation in light of the statistical issues discussed above. Standard FCS analysis assumingindependent residuals yields artificially narrow confidence intervals—an incorrect assess-ment that creates the appearance of precision without corresponding accuracy [47, 49].When properly accounting for correlations through covariance estimation, FCS requiresvastly larger datasets. Considering these statistical requirements, FITSA estimates diffusioncoefficients using substantially fewer photons than FCS, with advantages more pronouncedfor slower diffusion coefficients typical of intracellular environments [15, 16].This substantial photon reduction has immediate practical implications for live–cellresearch by directly addressing the experimental challenges described above. Shortermeasurements enabled by FITSA’s photon efficiency mitigate these artifacts while enablingextensive spatial mapping across cellular regions without cumulative damage, establishingFITSA as a practical alternative to FCS for diffusion measurements in live–cell applications.
5.3 IOCBIO FCS Platform: Addressing Critical Gaps in Correlation Analysis
Given the current limitations of FITSA discussed in the following subsection, correlation–based methods (FCS and RICS) remain essential for complex diffusion models, multi–component systems, triplet–state dynamics, and anisotropic transport. Existing open–source FCS and RICS software [29, 62–70] lack several critical capabilities: none supportmultiple–angle RICS analysis for characterizing anisotropic diffusion; none incorporateexperimentally measured 3D PSFs into fitting procedures; only one implementation pro-vides GPU acceleration for ACF calculation; and none implement Bayesian inference forcorrelation data analysis.The IOCBIO FCS platform addresses these critical gaps through several unique capa-bilities. First, it provides the first open–source implementation of Bayesian inference forcorrelation–based analysis, enabling principled model comparison through Bayes factorswhile properly incorporating prior knowledge. Proper error modeling is critical for modelselection: as demonstrated with synthetic data in Paper I, neglecting the correlated noisestructure in correlation data can lead to selection of incorrect models or result in Bayesfactor differences below the threshold required for confident model selection [47, 49, 56].Second, the platform enables direct incorporation of experimentally measured 3D PSFsinto fitting procedures. Experimentally measured PSFs substantially improve fit qualitycompared to analytical Gaussian models. This capability is essential for accurate parameterextraction in anisotropic systems such as cardiomyocytes [15, 16]. The platform allowsflexible voxel downsampling of PSFs to balance accuracy and computational efficiency,enabling users to optimize the accuracy–speed tradeoff based on PSF resolution andcomputational resources.Third, The platform’s support for multiple–angle RICS analysis represents another criti-cal innovation for characterizing anisotropic diffusion. By acquiring RICS data at differentscanning angles within the same sample, researchers can characterize direction–dependenttransport patterns that reflect cellular ultrastructure. The combination of multiple–angleRICS with experimentally measured PSFs enables quantification of anisotropic diffusionthat remains hidden when using single–angle acquisitions or idealized PSF models. Ap-plication to cardiomyocyte measurements (shown in Paper I) revealed clear directionaldependencies in molecular diffusion that reflect sarcomeric organization, demonstratingthe platform’s capability for characterizing anisotropic transport in highly structured cells.GPU–accelerated autocorrelation computation substantially reduces processing timefor large datasets, achieving 19–fold speedup for FCS analysis and 8–fold speedup for RICS
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processing, making high–throughput analysis and extensive spatial mapping practicallyfeasible by reducing processing.Spatial mapping through region–based RICS analysis reveals subcellular domains withdistinct diffusion and concentration properties. This capability enables investigation ofcompartmentalization in energy metabolism pathways [4, 8, 9, 11], where localized enzymesystems and restricted molecular mobility contribute to efficient metabolic regulation.The platform also implements diffusion coefficient and concentration pre–analysisand filtering strategies to identify and exclude poor–quality measurements before mainparameter estimation, improving robustness in heterogeneous biological samples. Thesecapabilities collectively enable rigorous quantitative characterization ofmolecular transportin complex biological systems.
5.4 Limitations, and Future Directions
The FITSA method currently faces limitations that constrain its applicability despite itsadvantages in photon efficiency and convergence reliability. The method is restricted torelatively simple diffusion models—specifically, 3D single–component isotropic diffusionwithout triplet–state kinetics—limiting its ability to analyze more complex scenarios suchas multi–component diffusion, anomalous diffusion, or systems where photophysicalprocesses significantly affect fluorescence signals. Current FITSA implementation requireslow fluorophore concentrations (below approximately 1 nM) to maintain the assumption ofindependent particle transit events and enable reliable background identification. At higherconcentrations where multiple particles continuously contribute to the signal, the methodfaces challenges in determining background emission levels and separating overlappingparticle events. Additionally, while FITSA is computationally more efficient than earlierdirect intensity analysis implementation, it remains more demanding than conventionalFCS analysis, particularly for longer traces or large experimental datasets.Future development of direct analysis methods should prioritize extending model com-plexity to address these constraints. Integration of triplet–state kinetics, multi–componentdiffusion, anomalous diffusionmodels, and realistic PSF shapeswould substantially broadenFITSA’s applicability. Handling higher fluorophore concentrations through multi–particletrajectory reconstruction represents another important direction, potentially enablinganalysis of more complex biological systems.For FCS method, implementing segmented and randomized ACF approaches [47] rep-resents a promising direction for future development of the IOCBIO FCS platform. Thesemethods reduce correlations between ACF data points, enabling reliable goodness–of–fitevaluation with shorter experiments and partially resolving the conflict between statisticalrigor and experimental feasibility in live–cell applications.Currently, PSFs are characterized in solution rather than within live cells; future develop-ment of methods for in–cell PSF characterization would improve accuracy, particularly fordetecting anisotropy where systematic PSF errors can approach or exceed the magnitudeof directional diffusion differences. As a current practical solution, the IOCBIO FCS platformallows PSF scale as an additional free parameter during fitting to accommodate calibrationuncertainties. Additionally, extending GPU acceleration to Bayesian inference frameworkscould substantially reduce the computational time currently required for posterior sampling[75].Machine learning (ML) and deep learning (DL) approaches have recently been exploredfor FCS applications [76]. Convolutional neural networks trained on simulated data canpredict diffusion parameters directly from intensity traces, reducing data requirements andenabling near real–time inference [77]. ML approaches have also been applied for artifact
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filtering [74] and anomalous diffusion classification [78]. However, these approaches facelimitations: training on simulated data may not generalize to real experimental condi-tions that vary across microscopes; learned representations lack physical interpretability,hindering failure diagnosis; and integrated uncertainty quantification is limited. ML/DLmethods are thus complementary to correlation–based approaches—excelling at rapidscreening when training data exist, while correlation methods provide interpretable, physi-cally grounded parameters with rigorous statistical inference.The choice among approaches depends on experimental constraints and scientific goals,with each method offering distinct advantages for different scenarios. The IOCBIO FCSplatform is optimal for anisotropic diffusion characterization, multi–component diffusion,triplet–state kinetics, spatial parameter mapping, and moderate–to–high concentrations.Current FITSA implementation excels for brief measurements at low concentrations withsimple single–component isotropic diffusion. ML/DL methods suit real–time analysis andclassification tasks.
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Conclusions
This thesis developed two computational approaches for fluorescence–based diffusionmeasurements: the IOCBIO FCS platform for correlation–based analysis and FITSA for directBayesian analysis of intensity traces.

• IOCBIO FCS provides the first open–source implementation combining Bayesianinference for FCS/RICS analysis, experimentally measured PSF support, and multiple–angle RICS capabilities for anisotropic diffusion characterization.
• Rigorous statistical treatment of autocorrelation data requires impractically largedatasets for live–cell experiments, representing a fundamental limitation ofcorrelation–based approaches.
• FITSA achieves comparable precision to FCS with substantially fewer photons byanalyzing intensity traces directly, enabling shorter measurements that reduce pho-totoxicity in live–cell applications.
• These approaches serve complementary roles: IOCBIO FCS for complex scenarios(multi–component diffusion, triplet–state dynamics, anisotropic transport), FITSAfor photon–limited single–component measurements.
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Abstract
Development of Computational and Statistical Methods for
Fluorescence–Based Diffusion Measurements
Molecular diffusion plays a fundamental role in cellular physiology, yet accurate measure-ment of diffusion coefficients in living cells remains challenging due to limitations in existinganalysis methods and phototoxicity constraints from prolonged laser exposure. This thesisaddresses these challenges through development of two computational approaches forfluorescence–based diffusion measurements: IOCBIO FCS, an enhanced platform for corre-lation spectroscopy analysis, and fluorescence intensity trace statistical analysis (FITSA), anovel method based on direct Bayesian analysis of intensity traces.

Fluorescence correlation spectroscopy (FCS) and raster image correlation spectroscopy(RICS) are established techniques for measuring molecular dynamics through analysis offluorescence intensity fluctuations. However, current analysis methods suffer from criticallimitations. More fundamentally, conventional fitting approaches based on OLS incorrectlyassume identical error variance across all autocorrelation function (ACF) data points andstatistical independence between measurements, leading to underestimated uncertaintiesand unreliable model selection.
To address these software limitations in correlation–based methods, we developedIOCBIO FCS, a unified open–source Python platform integrating GPU–accelerated auto-correlation computation, comprehensive statistical inference frameworks (Bayesian andfrequentist approaches with ordinary, weighted, and generalized least–squares error treat-ment), support for experimentally measured 3D PSFs, and capabilities for multiple–angleRICS analysis at variable scanning speeds. The platform enables spatial mapping of diffusionparameters across heterogeneous samples and characterization of anisotropic diffusion inorganized cellular structures. Validation studies demonstrate that proper error modelingsubstantially affects parameter uncertainty estimates and model selection outcomes, withneglect of correlation structure leading to unreliable conclusions about system complexity.
The platform implements diffusion–concentration pre–analysis for quality control,enabling identification and exclusion of measurements contaminated by artifacts such aslarge fluorescent aggregates or unstable fluorescence before main parameter estimation.For RICS measurements, image–splitting strategies combined with concentration–basedfiltering systematically detect and remove images affected by rare high–intensity eventsthat would otherwise distort spatial correlation analysis. Application of these RICS pre–analysis capabilities to study lipoprotein lipase oligomerization demonstrated practicalutility of the filtering algorithms for characterizing diffusion in samples containing mixturesof different oligomeric states in the presence of large particle artifacts.
Proper treatment of correlated and heteroscedastic errors through covariance estima-tion requires thousands of repeated measurements under stable conditions—practicallyinfeasible in live–cell experiments due to phototoxicity and cell viability constraints. Toaddress the fundamental photon efficiency limitations of correlation–based techniques,we developed FITSA, a Bayesian method that analyzes fluorescence intensity traces directlyrather than through derived ACFs. Key innovations include adaptive signal binning thatadjusts temporal resolution based on local photon emission rates, subsection segmenta-tion treating particle transits as independent events, and strategic seed point selection atmaximum photon emission enabling efficient posterior sampling. Comparative analysisdemonstrates that FITSA achieves convergence with substantially fewer iterations thanearlier direct intensity analysis implementation, providing faster computation with im-proved robustness to prior specification. When comparing to FCS with rigorous covariance
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estimation—which requires thousands of repeated measurements—FITSA estimates diffu-sion coefficients with substantially fewer total photons, with advantages more pronouncedfor slower diffusion characteristic of intracellular environments. This substantial pho-ton reduction enables shorter measurement durations, directly addressing phototoxicityconcerns that limit live–cell applications of correlation spectroscopy.These complementary tools address different experimental needs: IOCBIO FCS forcomplex scenarios including multi–component diffusion, triplet–state dynamics, andanisotropic transport; FITSA for photon–limited measurements where phototoxicity iscritical.
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Kokkuvõte
Fluorestsentsipõhiste difusioonimõõtmiste arvutuslike ja statis-
tiliste meetodite väljatöötamine
Molekulaarne difusioon mängib raku füsioloogias fundamentaalset rolli, kuid difusiooni-konstandi täpnemõõtmine elusrakkudes on endiselt keeruline olemasolevate analüüsimee-todite piirangute ning pikaajalisest laserkiirgusest tuleneva fototoksilisuse tõttu. Käesolevväitekiri käsitleb neid väljakutseid kahe arvutusliku lähenemise arendamise kaudu fluorest-sentsil põhinevate difusioonimõõtmiste jaoks: IOCBIO FCS — korrelatsioonispektroskoopiaanalüüsiplatvorm — ning fluorestsentsi intensiivsusjälje statistiline analüüs (FITSA), uudnemeetod, mis põhineb mõõteandmete otsesel Bayesi analüüsil.

Fluorestsentskorrelatsioonispektroskoopia (FCS) ja rasterkujutise korrelatsioonispekt-roskoopia (RICS) on väljakujunenud tehnikadmolekulaarse dünaamikamõõtmiseks fluorest-sentsi intensiivsuse fluktuatsioonide analüüsi kaudu. Paraku on praegustel analüüsimeeto-ditel mitmeid kriitilisi piiranguid. Fundamentaalsel tasandil eeldavad tavapärased lähen-damismeetodid identset dispersiooni kõigi autokorrelatsioonifunktsiooni andmepunktidejaoks ning mõõtmiste statistilist sõltumatust, mis põhjustab parameetrite määramatustealahindamist ja viib ebausaldusväärse mudelivalikuni.
Nende piirangute ületamiseks korrelatsioonipõhistes meetodites töötati välja IOCBIOFCS — ühtne, avatud lähtekoodiga ja Pythonil põhinev platvorm, mis integreerib GPU-kiirendatud autokorrelatsiooni arvutuse, põhjalikud järeldava statistika raamistikud (Bayesija sagedusstatistilised lähenemised koos hariliku, kaalutud ja üldistatud vähimruutudeveatöötlusega), toe eksperimentaalselt mõõdetud 3D PSF-idele ning võimalused üldistatudRICS-analüüsiks. Platvorm võimaldab parameetrite ruumilist kaardistamist heterogeensetesproovides ning anisotroopse difusiooni iseloomustamist organiseeritud rakustruktuuri-des. Valideerimisuuringud näitavad, et korrektne veamodelleerimine mõjutab oluliseltparameetrite määramatuste hinnanguid ja mudelivaliku tulemusi, kusjuures kovariatsioonieiramine viib ebausaldusväärsete järeldusteni süsteemi keerukuse kohta.
Platvorm rakendab difusiooni ja kontsentratsiooni eelanalüüsi kvaliteedikontrolliks,võimaldades tuvastada ja välistada mõõtmisi, mis on saastunud artefaktidega, nagu suuredfluorestseeruvad agregaadid, enne peamist parameetrite hindamist. RICS-mõõtmiste pu-hul võimaldavad piltide jagamise strateegiad koos kontsentratsioonipõhise filtreerimisegasüstemaatiliselt tuvastada ja eemaldada pildid, mida mõjutavad harvad kõrge intensiivsu-sega sündmused, mis muidu moonutaksid ruumilist korrelatsioonianalüüsi. Nende RICS-ieelanalüüsi võimaluste rakendamine lipoproteiini lipaasi oligomerisatsiooni uurimisel de-monstreeris filtreerimisalgoritmide praktilist kasulikkust difusiooni iseloomustamisel proo-vides, mis sisaldavad erinevate oligomeersete olekute segusid suurte osakeste artefaktideolemasolul.
Korrelatsiooniliste ja muutuva hajuvusega vigade korrektne käsitlemine kovariatsioonihindamise kaudu nõuab tuhandeid kordusmõõtmisi stabiilsetes tingimustes, mis on elus-rakkude eksperimentides fototoksilisuse ja rakkude eluvõime piirangute tõttu praktiliseltteostamatu. Nende korrelatsioonipõhiste meetodite fundamentaalsete footoniefektiivsusepiirangute ületamiseks töötati välja Bayesi statistikal põhinev meetod FITSA, mis analüü-sib fluorestsentsi intensiivsuse ajajälgi otse, mitte autokorrelatsioonifunktsioonide kaudu.Võrdlev analüüs näitab, et FITSA koondub oluliselt väiksema iteratsioonide arvuga kuivarasemad otsese intensiivsuse analüüsi meetodid, pakkudes kiiremat arvutust ja parematrobustsust eelteadmiste spetsifikatsiooni suhtes. Võrreldes FCS-iga vajab FITSA oluliseltvähem footoneid, kusjuures eelised on eriti väljendunud aeglase difusiooni korral, mis oniseloomulik rakusisestele keskkondadele. See märkimisväärne footonite arvu vähenemine
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võimaldab lühemaid mõõtmisaegu, leevendades otseselt fototoksilisuse probleeme, mispiiravad elusrakkude korrelatsioonispektroskoopia rakendusi.Need teineteist täiendavad tööriistad vastavad erinevatele eksperimentaalsetele va-jadustele: IOCBIO FCS keerukate stsenaariumide jaoks, sealhulgas mitmekomponentnedifusioon, triplet-oleku dünaamika ja anisotroopne transport, ning FITSA footonpiiratudmõõtmiste jaoks, kus fototoksilisus on kriitiline.
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ABSTRACT: Fluorescence correlation spectroscopy (FCS) and
raster image correlation spectroscopy (RICS) are powerful
techniques for measuring molecular diffusion, concentration, and
dynamics in biological systems, yet current analysis tools lack
unified frameworks that combine advanced statistical methods with
high-performance computing. We present an open-source Python
platform, IOCBIO FCS, that integrates FCS and RICS analysis
with GPU-accelerated autocorrelation function calculation, robust
statistical inference, and realistic optical modeling. The platform
uniquely provides capabilities absent from existing open-source
tools: direct incorporation of experimentally measured 3D point
spread functions into fitting procedures, comprehensive statistical
frameworks encompassing Bayesian inference alongside general-
ized, weighted, and ordinary least-squares methods for rigorous uncertainty quantification, and combined multiple-angle RICS
analysis for characterizing anisotropic diffusion in complex biological systems. Additional features include image partitioning for
spatial parameter mapping, advanced filtering strategies for data quality control, and comprehensive visualization of fitted results,
residuals, posterior distributions, and parameter maps. This platform establishes a reproducible workflow bridging modern
fluorescence microscopy with quantitative analysis of molecular transport across biophysics, biochemistry, and cell biology research.

■ INTRODUCTION
The quantitative characterization of molecular transport
phenomena and intermolecular interactions represents a
fundamental challenge in modern biophysics, biochemistry,
and cellular biology. Understanding how molecules move,
interact, and organize within complex biological environments
is essential for elucidating cellular processes ranging from
signal transduction and enzymatic reactions to membrane
dynamics and organelle function.1−4 For example, in
specialized cells such as cardiomyocytes (CMs), diffusion is
significantly restricted, impacting intracellular energy transfer
and signaling.5−15

Advanced fluorescence-based correlation techniques have
emerged as powerful methodological approaches to address
these questions, providing unprecedented insights into
molecular behavior at physiologically relevant concentrations
and under cellular conditions.
Fluorescence correlation spectroscopy (FCS) and raster

image correlation spectroscopy (RICS) have established
themselves as indispensable tools for quantifying molecular
dynamics in living and solution-based systems.16−20 FCS
exploits the inherent fluorescence intensity fluctuations arising
from molecular motion and interactions within an observation
volume, enabling precise determination of diffusion coeffi-

cients, molecular concentrations, and binding kinetics with
single-molecule sensitivity. Complementarily, RICS extends
correlation analysis to scanning fluorescence microscopy by
analyzing intensity fluctuations across raster-scanned images,
thereby providing spatially resolved measurements of molec-
ular transport properties.
The biological significance of these techniques is evidenced

by their widespread application across diverse research
domains. In membrane biology, FCS and RICS have revealed
the complex dynamics of lipid rafts, membrane protein
clustering, and receptor−ligand interactions, providing crucial
insights into cellular signaling mechanisms.21−24 In cellular
transport studies, these methods have elucidated anomalous
diffusion phenomena in the cytoplasm and nucleus, revealing
how macromolecular crowding, active transport processes, and
intracellular barriers influence molecular mobility.25−28 Fur-
thermore, in biochemical research, correlation spectroscopy
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has proven invaluable for studying protein folding dynamics,
enzyme−substrate interactions, and drug-target binding
kinetics both in vitro and in living cells.29,30

Despite their widespread adoption and proven utility, the
analysis of FCS and RICS data presents substantial computa-
tional and methodological challenges that limit their
accessibility and reliability.31,32 Raw fluorescence signals are
inherently susceptible to experimental artifacts including
detector noise, photobleaching, photoblinking, and mechanical
drift, all of which can significantly distort correlation functions
and compromise parameter extraction.33−36 The presence of
immobile fractions, heterogeneous populations, or anomalous
diffusion behaviors further complicates data interpretation and
requires sophisticated analytical approaches. Additionally,
biological systems frequently exhibit spatial heterogeneity
and anisotropic transport properties that necessitate advanced
correlation analysis methods capable of resolving directional
dependencies and local variations in molecular dynamics.27,37

Traditional fitting approaches based on least-squares
optimization are relatively fast but often fail to provide reliable
uncertainty estimates and may converge to local minima,
especially when dealing with noisy data or complex multi-
component systems.38 By contrast, Bayesian inference frame-
works for parameter estimation provide superior uncertainty
quantification and model selection capabilities, enabling more
rigorous and interpretable analysis of correlation data.39−41

The software landscape for FCS and RICS remains limited.
Although RICS analyses incorporating variable scanning
speeds and angles have been previously implemented27,37 to
date, no open-source software offering these analytical
capabilities has been made publicly accessible. Other existing
open-source tools are restricted to either FCS or RICS
analysis, often rely exclusively on CPU-based computation for
autocorrelation function (ACF) calculation, omit modern
statistical approaches for robust uncertainty quantification, lack
support for Bayesian inference, and do not allow fitting with
experimentally measured 3D point spread functions
(PSFs).42−50

To overcome these limitations, the present work introduces
a unified, open-source platform that integrates several critical
capabilities into a reproducible and statistically rigorous
workflow for molecular transport analysis: 1�visualization
tools for quality control, data exploration, and data filtering
before ACF calculation; 2�flexible ACF computation with
support for both CPU and GPU acceleration, and multiple
correlation modes optimized for different experimental geo-
metries, with additional functionality for image splitting to
enable parameter mapping and support for laser scanning at
arbitrary angles and speeds; 3�advanced data filtering
strategies after ACF calculation, including pre-analysis of
diffusion coefficient and concentration for systematic exclusion
of unreliable measurements prior to fitting; 4�flexible
diffusion modeling supporting both experimentally measured
3D PSFs and analytical 3D Gaussian ellipsoid approximations;
5�robust fitting frameworks incorporating least-squares
methods alongside Bayesian inference with multiple noise
models; 6�comprehensive visualization of fitted results with
support for parameter mapping, residual analysis, and posterior
distribution visualization for estimated parameters.
The primary methodological novelty of the present platform

lies in its unified open-source implementation that, for the first
time, combines RICS analysis with arbitrary scan angles and
speeds, Bayesian inference with support for generalized least-

squares (GLS) to account for correlated errors in parameter
estimation and uncertainty quantification, fitting with exper-
imentally measured 3D PSFs, and an advanced filtering
strategy based on diffusion-concentration pre-analysis within
a single reproducible workflow supporting both FCS and
RICS. The ability to incorporate experimentally measured
PSFs and to support RICS acquisition at arbitrary scan angles
is particularly important in anisotropic systems such as
cardiomyocytes, where molecular transport is spatially con-
strained and deviations from idealized PSF geometry can
significantly bias extracted diffusion coefficients. Additionally,
the platform incorporates GPU-accelerated ACF computation,
which significantly reduces processing time for large data sets
while maintaining full compatibility with CPU-based oper-
ation. By bringing these capabilities together in a statistically
rigorous and computationally scalable framework, the platform
enables new biological insights into spatially heterogeneous
and anisotropic molecular dynamics that were previously
difficult to obtain reliably with existing tools.

■ METHODS

Overview
The Methods section outlines the implementation of the software
framework for FCS and RICS analysis. The workflow comprises three
major components: calculation of ACFs; fitting of ACFs with different
models that support both Gaussian and experimentally measured
PSFs, implemented within frequentist and Bayesian inference
frameworks; and visualization of data across all stages of analysis.
Experimental measurements were performed using solution measure-
ments as well as live and fixed cell preparations where mitochondria
were fluorescently labeled. The software was developed in Python
with a command line interface, relying on widely used scientific
packages for numerical computation, data management, and visual-
ization. This enables scriptable, reproducible workflows and deploy-
ment on computing clusters where graphical interfaces are impractical.
For some tasks, interactive cursor-based menus support parameter
filtering (scanning angles, speeds) and RICS spatial map visualization.
This hybrid approach balances automation with interactivity.
ACF Calculation
The software computes the ACF to quantify fluctuations in
fluorescence intensity in both FCS and RICS data sets. For FCS,
the ACF is calculated as a function of lag time (τ), capturing
correlations of the fluorescence intensity I(t) according to

G
I t I t

I
( )

( ) ( )
2= +

(1)

where δI(t) = I(t) − ⟨I⟩ represents deviations from the mean. The
correlation is normalized by the square of the mean photon count,
producing a dimensionless function suitable for quantitative
analysis.16,17

For RICS, the software computes a spatial ACF in which temporal
information is intrinsically encoded by the scanning pattern. The
spatial ACF is defined as
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I x y I x y I x y
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2
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Here, ξ and ψ denote pixel displacements (spatial lags) along the
fast- and slow-scan axes, respectively, and ⟨·⟩x,y indicates averaging
over all spatial locations in both x and y directions.

Temporal information is encoded in the scanning process: a
displacement of ξ pixels along the x-axis corresponds to an effective
delay of ξtpix, while a displacement of ψ lines along the y-axis
corresponds to ψtline. Thus, the effective lag time is
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t t( , ) pix line= + (3)

Although the ACF in RICS is expressed in spatial coordinates, each
spatial lag can be mapped to an effective temporal lag.19

For RICS data sets acquired in structured environments such as
cells, the user can choose to subtract the background to remove
nonspecific fluorescence and stationary contributions before normal-
ization. In this case, images are grouped by acquisition conditions, and
an average image for each group is subtracted from individual frames.
The resulting arrays are then normalized by dividing by the squared
variance of the background-subtracted signal. In cases such as
diffusion in solution, where background is negligible, each image is
normalized by subtracting its mean and dividing by the squared mean
intensity. These normalization procedures yield a robust, dimension-
less measure of correlation that is suitable for extraction of diffusion
and dynamic parameters across different experimental conditions.

For RICS data sets, the software implements three configurations
for spatially resolved autocorrelation analysis via image splitting. The
image series is divided into user-defined sectors along the horizontal
and vertical axes, ensuring that all sectors are fully contained within
the image and evenly distributed across the imaged area. Sector
centers are determined based on these restrictions, and Figure 1
illustrates the three available configurations. In the first configuration,
sector self-correlation, the ACF is computed for each sector with
itself, enabling direct mapping of local heterogeneities when photon
counts are sufficient (Figure 1A). In the second configuration, larger-
area self-correlation, a larger area centered on each sector is correlated
with itself, thereby increasing the sampling volume and improving
statistical averaging (Figure 1B). This approach is particularly useful
when photon counts are limited.51 In the third configuration, pair-
correlation, a smaller reference area is correlated with a larger
concentric area, providing sensitivity to directional transport and
spatial connectivity between different scales (Figure 1C). Together,
these modes enable multiscale mapping of molecular dynamics, from
local fluctuations to anisotropic or active transport processes within
cells.

Diffusion Models
The theoretical fit of the ACF relies on the PSF of the microscope.
The PSF is handled in three different ways: first, the experimentally
measured PSF can be directly52 used in the integrals of the correlation
model (numerical evaluation, computationally slower), second, the
experimental PSF can be reduced to an equivalent Gaussian ellipsoid
by extracting the waist parameters ωx, ωy, and ωz, which are then used
in the analytical formulas, or third, the user may directly set ωx, ωy,
and ωz to desired values. For all three options, an additional PSF-scale
factor can be applied in the range 0−2 (default value 1), allowing
further flexibility in fitting.

The 3D Gaussian ellipsoid approximation of the PSF is given
by17,53
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jjjjjj
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The effective focal volume is defined by17,54

V
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V

r

r

PSF( )d

PSF ( )d
eff

2

2=
[ ]

(5)

and is used to determine the molecular occupancy within the
observation region. Here, r = (x, y, z) denotes the spatial coordinates
in the focal volume V.

For RICS, the autocorrelation depends both on the spatial lag
(pixel displacements mapped into sample coordinates) and on the lag
time introduced by the raster scan. In the anisotropic Gaussian PSF
approximation, the spatiotemporal ACF for a displacement Δ = (Δx,
Δy, Δz) and lag time τ can be written as,19,20,27
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where ⟨C⟩ is the mean concentration, DCi the diffusion coefficient
along axis i ∈ {x, y, z}, and ωi the PSF width along axis i. The product
runs over the three spatial axes to account for anisotropic diffusion
and the 3D PSF. In this formulation, diffusion is direction dependent
with DCx, DCy, and DCz. Because RICS samples spatial lags only in
the imaging plane (Δx, Δy) while Δz = 0, the acquisition geometry
does not impose any equality between DCz and the in-plane
coefficients. Axial diffusion contributes via the 3D PSF to the
temporal evolution of the ACF, and DCz may equal DCx or DCy only
under sample-specific assumptions (e.g., isotropic 3D: DCx = DCy =
DCz; quasi-2D: DCz = 0; uniaxial anisotropy: DCx ≠ DCy = DCz). A
two-component anisotropic extension is obtained by a linear mixture
of two component contributions (fraction f for component 1):
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Figure 1. Image-splitting configurations for spatially resolved autocorrelation analysis in RICS data sets (1000 × 1000 pixels). (A) Sector self-
correlation, where the autocorrelation function (ACF) is computed for each sector with itself. Colored squares indicate example correlation areas.
(B) Larger-area self-correlation, where the ACF is computed for each larger area with itself. Colored squares indicate example correlation areas, and
cross symbols mark sector centers. (C) Pair-correlation between smaller and larger areas (blue and green squares, respectively). Cross symbols
mark sector centers.
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with DC1,i and DC2,i the axis-dependent diffusion coefficients of
components 1 and 2, respectively (the isotropic two-component form
is recovered when DC1,i�DC1 and DC2,i�DC2).

To account for fluorophore triplet dynamics, the correlation
function is multiplied by17
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where TSA denotes the triplet-state amplitude and τT the triplet-state
relaxation time.

The sample-frame displacements Δx, Δy, Δz are obtained from
pixel displacements (ξ, ψ, ζ) and the pixel sizes by a rotation by the
scan angle α:
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where sξ, sψ, sζ denote the pixel sizes along the corresponding axes in
physical units.

The correlation lag time in RICS τ(ξ, ψ) is determined by the
scanning process, with τ(ξ, ψ) = ξtpix + ψtline as defined above. The
pixel sizes sξ, sψ, sζ are instead used to relate spatial displacements to
the physical dimensions of the PSF.

Evaluating eq 6 (or eq 7) at zero spatial lag, Δx = Δy = Δz = 0,
removes the exponential spatial terms and reduces the expression to
the purely temporal ACF used in point FCS. Thus, FCS corresponds
to the special case of the RICS formulation with vanishing spatial lag
and direct specification of the temporal lag τ. Extensions to two-
component diffusion or the inclusion of triplet dynamics can be
incorporated.

For the experimentally measured PSF, the same diffusion equations
as in27 are applied for the different models.

Fitting Frameworks
The software implements six complementary parameter estimation
approaches by combining two statistical frameworks�frequentist and
Bayesian inference�with three error treatment methods.

The frequentist framework estimates parameters by minimizing the
chi-squared statistic

y f x W y f x( ) ( , ) ( , )T2 = [ ] [ ] (10)

where y represents the observed data, f(x, θ) is the model function, θ
are the parameters to be estimated, and W is the weight matrix
determined by the error structure.

For ordinary least-squares (OLS) with uniform errors, the
optimization problem reduces to minimizing the sum of squared
residuals S y f x( ) ( , )i

n
i i1

2= [ ]= , which is equivalent to using W
= I (identity matrix) in the chi-squared formulation. The common
error variance is subsequently estimated from the optimal residuals as

S( )
n p

2 1= , where θ̂ are the fitted parameters, n is the number of

data points, and p is the number of parameters. This approach
assumes uniform weighting across all data points. When measurement
uncertainties vary across data points, weighted least-squares (WLS)

employs ( )W diag , , ...,1 1 1

n1
2

2
2 2= , providing optimal parameter

estimates under heteroscedastic conditions. For correlated measure-
ment errors with known covariance matrix Σ, generalized least-squares
(GLS) uses W = Σ−1 to account for both heteroscedasticity and
correlation structure, ensuring efficient parameter estimation when
errors exhibit complex dependencies.39,40,55−57

The covariance matrix Σ for FCS is empirically estimated from N
independent traces acquired under identical experimental conditions.
Each trace k yields an ACF, and the sample covariance matrix is
computed as

N
G G G G1

1
( ) ( ) ( ) ( )i j

k

N

k i i k j j,
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where Gk(τi) is the ACF value at lag time τi for trace k and
G G( ) ( )i N k

N
k i

1
1= = is the mean ACF. Diagonal elements Σi,i

quantify variance at each lag time, while off-diagonal elements Σi,j (i≠ j) capture correlations between different lag times. These
correlations arise from temporal overlap in the correlation calculation
and photon detection statistics. Reliable covariance estimation
requires N to be substantially larger than the number of ACF points
to ensure matrix stability.40

The Bayesian framework treats parameters as random variables and
characterizes their posterior distribution through p(θ|y) ∝ p(y|θ)p(θ),
where p(y|θ) is the likelihood function and p(θ) represents prior
information. For uniform errors, the likelihood function assumes
Gaussian distributions
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When individual error estimates are available, the heteroscedastic
likelihood incorporates these uncertainties
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For correlated errors, the likelihood utilizes the full covariance
structure40
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In this expression, y − f(x, θ) represents the residual vector
containing all n data points. The covariance matrix Σ accounts for
correlations among these residuals, Σ−1 denotes its inverse, and |Σ| its
determinant, which ensures proper normalization of the multivariate
Gaussian likelihood.

In the Bayesian inference framework implemented in our software,
this likelihood is combined with prior distributions to compute the
posterior probability of the model parameters. The Bayesian evidence
(Z) quantifies the marginal likelihood obtained by integrating the
likelihood over the parameter space and serves as a basis for objective
model comparison, naturally implementing Occam’s razor.58−60

Confocal Microscopy System
Experiments were conducted on a custom-built confocal micro-
scope,27 equipped with a water-immersion 60× objective lens
(UPLSAPO; NA 1.2; Olympus). For FCS and RICS measurements,
Alexa Fluor 647 fluorophores were excited using a 633 nm laser
source (05-LHP-151, Melles Griot, US) focused onto the sample
plane. Dye was selected to minimize impact of autofluorescence in
cardiomyocytes which is significant at shorter wavelengths.

Fluorescence signals were collected through a long-pass filter (F76-
631, Semrock, Rochester, NY) and detected using an avalanche
photodiode detector (SPCMAQRH-54, Excelitas Technologies,
Pittsburgh, PA), using a PCIe data acquisition board with temporal
sampling of 1 and 3 μs (PCIe-6353, National Instruments, Austin,
TX). For mitochondrial imaging experiments, MitoTracker Green-
labeled cells were excited using a 488 nm laser (0488L11A-NI-NT-
NF, Integrated Optics UAB, Lithuania), and fluorescence was
captured through a bandpass filter (550/88 nm; FF01-550/88-25,
Semrock, Rochester, NY) with 30 μs pixel time.
Solution Experiments
Experiments were performed using filtered Alexa Fluor 647 Dextran
10K in water or a glycerol/water mixture at room temperature
(22°C). Samples were allowed to equilibrate for 10 min to ensure
sedimentation and stability before measurements. A temporal
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sampling of 1 μs was used for all experiments, unless explicitly stated
otherwise.
Cardiomyocyte Experiments
All animal studies were conducted in compliance with Directive
2010/63/EU of the European Parliament regarding the protection of
laboratory animals and received approval from the Project Author-
isation Committee for Animal Experiments of the Estonian Ministry
of Rural Affairs.

For live cell experiments, ventricular CMs were freshly isolated
from female Wistar Han rats (61 days old; Envigo RMS, 5961 NM
Horst, The Netherlands) for determining diffusion coefficients. Cell
isolation followed the protocol described earlier;61 wash solution
composition described in ref 62. CMs were subsequently transferred
to a reusable silicone chamber (94.6077.434, flexiPERM, SARSTEDT
AG & Co. KG, Nümbrecht, Germany) mounted on a coverslip and
bathed in an intracellular-like medium. This solution comprised 0.5
mM EGTA, 3.0 mM KH2PO4, 3.0 mM MgCl2, 20 mM Hepes, 110
mM sucrose, 20 mM taurine, 0.5 mM dithiothreitol, 60 mM
lactobionate, 5 mM glutamate, 2 mM malate, 5.0 mM MgATP, 10
mM PCr, and 10 nM Alexa Fluor 647 Dextran 10K, supplemented
with bovine serum albumin (5 mg/mL) and adjusted to pH 7.1 at
25°C using KOH.

For fixed cell experiments, ventricular CMs were obtained from a
male mouse (221 days old) with arginine-glycine amidinotransferase
(AGAT) heterozygosity on a pure C57BL/6J genetic background.62,63

Isolation procedure is described in ref 62. Freshly isolated CMs were
fixed in 4% paraformaldehyde (PFA) for 10 min, washed and stored
in PBS at 4°C until further use. Fixed CMs were transferred to a
reusable silicone chamber, mounted on a coverslip coated with Cell-
Tak cell adhesive (354240, Corning, US), and bathed in a solution
containing PBS and 50 nM Alexa Fluor 647 Dextran 10K.

For both live and fixed experiments, prior to measurements, CMs
were incubated with MitoTracker Green FM (M7514, Invitrogen,
Eugene, OR) at 250 nM for 10 min to visualize mitochondrial
networks. Cell membrane permeabilization was achieved using a glass
micropipette controlled by a precision micromanipulator (SMXS-K-L-
EUR, Sensapex, Oulu, Finland). The micropipettes, featuring tip
diameters of 0.5 μm, were fabricated from 1.0 mm glass capillaries
(TW100F-3, World Precision Instruments, Sarasota, US) using a
micropipette puller (PC-10, Narishige, Japan). After approximately 5
min to allow cell adherence to the coverslip within the silicone
chamber, individual cells were selected for analysis. After membrane
permeabilization, cells were allowed to equilibrate with the external
medium for 5 min. Confocal imaging of the mitochondrial
architecture was first performed, followed by selection of discrete
square regions within the cell for subsequent diffusion analysis.
PSF Characterization
PSF measurements were performed using TetraSpeck microsphere
test slides prepared according to the protocol described in ref 64. The
stock suspension (T7279, Invitrogen, Eugene, OR) was diluted
1:10,000 in distilled water, and a droplet of the diluted solution was
deposited onto a 0.17 mm coverslip and dried at room temperature.
After drying, the sample was mounted with immersion oil (Carl Zeiss
Immersol W, Oberkochen, Germany; refractive index n = 1.334 at
23°C) and sealed with a glass slide. Images were acquired in regions
containing well-separated microspheres to avoid overlapping Airy
patterns near the focal plane. The acquisition settings included lateral
pixel sizes below 40 nm and axial step sizes of 100 nm. Multiple 3D
stacks were collected for subsequent analysis. Individual microspheres
were localized within each stack and aligned based on centroid
positions obtained by least-squares optimization (eq 4). The averaged
point source profile was then fitted with eq 4 to extract ωx, ωy, and ωz,
used in the correlation analysis.
Synthetic Trace
Synthetic fluorescence traces were generated using the simulation
package provided in FITSA.65 For single-trace FCS, 100 particles
freely diffusing in a 2.5 × 2.5 × 7 μm3 box (x, y, z) with diffusion
coefficient DC = 100 μm2 s−1 were simulated over 80 s with a time

step of 1 μs. For multitrace FCS, 25 particles in a larger 8 × 8 × 12
μm3 box with DC = 20 μm2 s−1 were simulated to produce 2000
traces, each 30 s long with the same time step. In both cases, a
symmetric Gaussian PSF with lateral waist ωxy = 0.3 and axial waist ωz
= 1.1 μm was used consistently for data generation and model fitting.

Benchmarking
Computational performance benchmarking was evaluated using Linux
PC with AMD Ryzen 9 9950X CPU, NVIDIA GeForce RTX 4080
SUPER with 16 GB GDDR6X memory GPU, 128 GB DDR5 RAM,
Debian GNU/Linux 12, Python 3.11.2, NumPy 2.4.1, SciPy 1.16.3,
CuPy 13.6.0, Cython 3.2.4, CUDA Toolkit 13.1, NVIDIA Driver
590.48.01.

GPU memory requirements for ACF calculation scale differently
for FCS and RICS protocols. For FCS, memory consumption is ∼80
bytes per time point (e.g., 60-million-point trace, equivalent to 1 min
acquisition at 1 μs time resolution, requires ∼4.8 GB). For RICS,
memory consumption is ∼120 bytes per pixel for single-image analysis
(higher than FCS due to 2D array handling and sector processing
overhead; e.g., 1000 × 1000 images require ∼120 MB), and ∼320
bytes per pixel for 30-image background slots (e.g., 30 images of 1000
× 1000 require ∼320 MB). The sector splitting does not increase
memory requirements as sectors are processed sequentially. For RICS
experiments, GPU memory requirements are determined by the
number of images per slot (when background subtraction is enabled)
rather than the total number of images in the experiment, as images
and slots are processed sequentially.

Performance times correspond to elapsed real time measured under
the hardware and software conditions described above. Total runtime
for complete analysis tasks (e.g., ACF calculation and full fitting
workflows) was measured using bash shell time keyword. The
duration of the model fitting stage was measured separately within the
analysis code using Python time module, enabling separation of
fixed overhead components (data loading and output writing) from
fitting computation.

Data Format
The software uses HDF5 as the standardized input format for ACF
calculation, supporting both FCS and RICS data sets.66 After
computation, the resulting ACFs are saved in HDF5 format, enabling
seamless reloading for further analysis or visualization. The fitted ACF
results are also stored in HDF5 format and can be reloaded for
visualization of fitted curves, residuals, or parameter maps. For
Bayesian inference, posterior samples can additionally be saved in
NetCDF (nc) format following the ArviZ data storage standards.67

Implementation
The software implements ACF calculations on both CPU and GPU,
using NumPy for CPU-based processing and CuPy for GPU
acceleration.68−70 GPU computation provides substantially faster
analysis, particularly for RICS and multitrace FCS data sets.
Integration over the experimentally measured PSF is accelerated
with Cython, enabling efficient computation. Parameter estimation
is supported under both frequentist and Bayesian frameworks.
Nonlinear least-squares (NLS) optimization was performed using
the SciPy library.71 Bayesian posterior sampling relied on nested
sampling algorithms72,73 provided by UltraNest, which also
computes the log-evidence (log Z) for model comparison.60 Posterior
diagnostics, including parameter correlations, are displayed using
corner plots implemented in the UltraNest package.60

Visualization is handled through Matplotlib figure window.

Parameter Constraints and Prior Bounds
The software applies bounded priors to all fitted parameters in both
NLS and Bayesian frameworks, constraining them to physically
meaningful ranges with enforced non-negativity to prevent non-
physical solutions. By default, diffusion coefficients are constrained to
0−5000 μm2 s−1, concentrations to 0−1000 nM, triplet-state
amplitudes to 0−1, triplet-state relaxation times to 0.01−104 μs,
and the PSF scaling factor to 0−2. For two-component diffusion
models, identifiability constraints (e.g., DC1 < DC2) prevent label-
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switching during parameter estimation. All prior ranges can be
adjusted by the user via command-line options or configuration files
to reflect system-specific knowledge.

Goodness-of-Fit Assessment

Goodness-of-fit is quantified using the chi-squared statistic evaluated
at the fitted parameters, χ2(θ̂) (eq 10), and the reduced chi-squared

n p( )/( )2 2= (15)

where n is the number of data points and p the number of fitted
parameters. The definition of χ2(θ̂) naturally depends on the assumed
error model through the weight matrix W (OLS, WLS, or GLS; see
Fitting Frameworks). The software reports the sum of squared raw
residuals (SSR), the chi-squared statistic based on the specified error
model, as well as the reduced chi-squared, which normalizes χ2(θ̂) by
the degrees of freedom and provides a scale-independent measure of
fit quality. For Bayesian inference, these metrics are computed using
median posterior parameter samples. While these summary statistics
provide overall fit quality measures, visual inspection of residual
patterns as a function of lag time (or pixel displacement for RICS)
remains essential for detecting systematic deviations. For Bayesian
inference, posterior credible intervals (shown as shaded regions in
figures) provide additional assessment of model adequacy.

■ RESULTS
The software is designed to analyze both FCS and RICS data,
enabling studies of diffusion in cells and various solutions. The
analysis integrates multiple capabilities, including visualization
for data inspection, flexible model selection for diffusion and
photophysical processes, robust fitting strategies, error
modeling, and spatial parameter mapping. To demonstrate
its performance and versatility, we applied the software to
synthetic and experimental data sets using the full set of
diffusion models described in the Methods section, with
parameter estimation performed by both nonlinear least-
squares (NLS) and Bayesian approaches under different error
assumptions.
Figure 2 shows the complete analysis workflow, illustrating

how the platform integrates FCS and RICS analyses within a
unified, modular pipeline. Some of these features are described
below and demonstrated in Application Examples.
Software Features

Experimental Data Handling and ACF Calculation.
The software supports both FCS and RICS with options for
visualizing individual fluorescence traces, averaged traces

Figure 2. IOCBIO FCS analysis workflow. Schematic overview of the complete analysis pipeline from data input through results visualization. The
platform accepts fluorescence correlation spectroscopy (FCS) photon time traces and raster image correlation spectroscopy (RICS) image stacks in
HDF5 format, supporting both techniques within a unified framework. Quality control via trace/image visualization precedes GPU- or CPU-
accelerated ACF calculation. Post-correlation processing includes flexible ACF selection and cropping, logarithmic downsampling, and filtering by
experimental attributes (scanning angle, speed). DC- and C-based pre-analysis enables quality screening and filtering before main fitting. The ACF
fitting module provides comprehensive model selection (diffusion type, statistical framework, error model, point spread function (PSF) treatment).
Bayesian inference yields posterior diagnostics and model comparison via log-evidence, while both Bayesian and nonlinear least-squares (NLS)
approaches produce fitted curves with residuals and parameter estimates. RICS-specific features include image splitting for spatial parameter
mapping and background subtraction. Outputs include covariance matrix visualization for generalized least-squares (GLS), parameter maps, and
comprehensive fit diagnostics.
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across multiple measurements (FCS), single image frames, and
averaged images from multiframe acquisitions (RICS). These
modes enable detection of bleaching, drifts, illumination
inhomogeneity, or sample motion, and together provide
diagnostic tools for assessing measurement stability before
correlation. Unstable traces or frames can then be excluded to
ensure that only representative data contribute to the ACF.
The software computes the ACF for both FCS and RICS,

with options that provide flexibility in trace/image selection.
Prior to ACF calculation, images can be split into smaller
regions to enable parameter mapping or grouped by
acquisition conditions to enable background subtraction in
RICS. For FCS, the photon count trace can be restricted to a
chosen time interval to exclude unstable segments. After ACF
computation, cropping options allow restriction to a defined τ-
range (FCS) or truncation of the central portion of the 2D-
ACF (RICS), retaining the region containing molecular
dynamics information.
The software also provides multiple visualization modes for

ACF inspection. Temporal ACFs can be plotted as a function
of τ on linear or logarithmic axes for both FCS and RICS
techniques. In RICS, temporal profiles can be extracted line by
line from the 2D-ACF, with the option to select additional
lines to probe spatial variations. The software also supports
inspection of spatial correlations, where the ACF is plotted as a
function of pixel shift (Δx) across lines. Curves may be
downsampled logarithmically to preserve detail at short delays
while compressing longer delays. For global assessment, the
2D-ACF can be displayed as a heatmap, providing an overview
of correlation amplitudes and anisotropy.
Data Filtering and Fitting. The software incorporates a

multistage filtering strategy after ACF calculation. Users can
select specific ACFs from FCS or RICS data sets without
recalculating, and may exclude initial ACF points to remove
contributions from detector shot noise and triplet-state
kinetics. The fitting range can be further restricted to a
defined number of ACF points per line or to selected lines in
the spatial correlation (RICS), providing fine control over
which portions of the correlation data are analyzed. Data sets
can also be filtered by acquisition attributes such as scanning
angle, speed, or other experiment-specific keys, ensuring that
only measurements obtained under consistent conditions
contribute to the final analysis.
In addition, the software can compute values of DC and C

for each individual trace/image and visualizes them as scatter
plots. This pre-analysis enables assessment of parameter
distributions, identification of systematic trends, and exclusion
of data with distorted DC or C values prior to the main fitting.
When RICS frames are divided into smaller sectors, the
number of ACFs increases, allowing finer-grained filtering. This
is particularly useful for identifying problematic regions in
samples with large, slow-moving particles; excluding only the
affected sectors improves robustness and reduces bias in
diffusion estimates. An early version of this software and
filtering approach was previously applied to such large-particle
filtering.74 This tiered workflow ensures that downstream
fitting is based on reproducible, high-quality data while
allowing users to tailor filtering strategies to experimental
conditions.
For fitting, users may choose between frequentist and

Bayesian paradigms. The frequentist approach yields point
estimates of model parameters, while Bayesian inference
provides full posterior distributions for comprehensive

uncertainty quantification. Both paradigms support ordinary
least-squares (OLS), weighted least-squares (WLS), and
generalized least-squares (GLS, applied to FCS), correspond-
ing to uniform, weighted, and correlated error structures,
respectively. In Bayesian inference, integration over the
parameter space yields the log-evidence (log Z), which serves
as a quantitative criterion for model comparison. This metric
naturally penalizes overly complex models by distributing
probability mass over larger parameter regions, favoring
simpler models unless the added complexity is justified by
improved data fit.60

Visualization of Fitting Results. After fitting, the
software overlays model curves onto the experimental ACF
and can display residuals for both NLS and Bayesian
approaches. For Bayesian inference, an additional uncertainty
band is drawn around the median fit to represent the quantile
ranges (QRs), which correspond to Bayesian credible intervals.
Further visualization modes include posterior diagnostics,
angular dependence plots in RICS, and spatially resolved
parameter maps from sector analysis, enabling detection of
heterogeneities in molecular transport.
Application Examples

FCS�Single Trace. To demonstrate the FCS technique, a
synthetic fluorescence trace was generated with a diffusion
coefficient of DC = 100 μm2 s−1 (without triplet-state
component), with the resulting intensity fluctuations shown
in Figure 3A and the corresponding ACFs in Figure 3B. Both
Bayesian inference and NLS fitting were applied to fit the ACF
using a 3D isotropic diffusion model. Bayesian OLS (uniform
errors) fitting estimated DC = 102.3 ± 1.5 μm2 s−1 (mean ±
standard deviation, same notation is used throughout the
Examples), in close agreement with DC value used in the
simulations generating the synthetic data. The corresponding
residuals are presented to illustrate the quality of the fit.
FCS�Multiple Traces. To illustrate the effect of errors

and their correlation on fitting results, 2000 synthetic traces
were generated for freely diffusing particles with diffusion
coefficient DC = 20 μm2 s−1 (without triplet-state component).
The covariance matrix of the resulting ACFs, shown in
Supplementary Figure 1A (Supporting Information), reveals
the correlation structure of noise across lag times. Both
Bayesian inference and NLS fitting were applied using a 3D
isotropic diffusion model. Supplementary Figure 1B shows the
fit curve and residuals for the 3D model with Bayesian GLS
fitting under correlated errors, yielding a diffusion coefficient of
DC = 20.4 ± 1.8 μm2 s−1, in close agreement with DC value
used in the simulations generating the synthetic data. Posterior
distributions obtained from Bayesian GLS, WLS, and OLS
approaches (Supplementary Figure 1D) highlight the impact of
accounting for error correlation in parameter estimation. While
OLS produces artificially narrow posteriors, GLS captures the
variability in parameter estimates, yielding statistically rigorous
inference. This capability to explicitly incorporate error
correlations is an important feature of our framework and
represents a significant improvement over commonly used
OLS and WLS approaches.
In addition, four diffusion models were compared by

Bayesian GLS fitting: 3D (log Z = 19.0 ± 0.3), 3D two-
component (log Z = 8.2 ± 0.3), 3D with triplet-state (log Z =
16.8 ± 0.4), and 3D two-component with triplet-state (log Z =
6.3 ± 0.5). Bayesian model selection based on the log-evidence
favored the simple 3D isotropic diffusion model, which
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provided the highest evidence score, demonstrating that the
simplest model best explains the synthetic data.
To further evaluate performance under experimental

conditions, Alexa Fluor 647-labeled Dextran 10K was
measured diffusing in a 60% glycerol/water mixture. A total
of 2000 traces were recorded, each with a trace duration of 2
min and a pixel time of 3 μs, and 1800 stable traces were
selected for ACF calculation. Figure 4A shows the covariance
matrix of the resulting ACFs. Both Bayesian inference and NLS
fitting were applied using a 3D isotropic diffusion model with a
triplet-state component which provided the highest evidence
score and an experimentally measured PSF (Figure 4B).
Bayesian GLS fitting with correlated errors estimated DC = 9.8
± 1.1 μm2 s−1, TSA = 0.11 ± 0.02, and τT = 116 ± 78 μs. NLS
fitting (with correlated errors) estimated similar parameters:
DC = 10.5 ± 0.3 μm2 s−1, TSA = 0.11 ± 0.01, and τT = 40.9 ±
7.1 μs.
The estimated triplet-state relaxation time�or, in this case,

the more general dark-state relaxation time�warrants
discussion. Bayesian GLS fitting with correlated errors
estimated τT = 116 ± 78 μs, while NLS fitting yielded τT =
40.9 ± 7.1 μs. The discrepancy between these estimates
reflects the challenge of parameter estimation in systems with

strong correlation structure. Examination of the posterior
distribution (Figure S4A) reveals that the mode occurs near 40
μs, in good agreement with the NLS estimate as well as
estimate of τT for Alexa Fluor 647 obtained in the same
mixture by others.75 However, the distribution exhibits a long
tail extending to higher values, which shifts the mean to larger
values. In addition to the viscosity-dependent increase in τT
observed previously76,77 this extended tail could be a reflection
of complex interactions between the dye and glycerol.78

Posterior distributions obtained from Bayesian GLS, WLS,
and OLS approaches (Figure 4D) again highlight that while
OLS produces overly narrow posteriors, GLS appropriately
accounts for correlated errors, yielding a more faithful
representation of parameter uncertainty.
Four diffusion models were compared by Bayesian GLS

fitting: 3D (log Z = 270.0 ± 0.2), 3D two-component (log Z =
278.0 ± 0.3), 3D with triplet-state (log Z = 279.4 ± 0.2), and
3D two-component with triplet-state (log Z = 277.1 ± 0.2).
Bayesian model selection based on the log-evidence favored
the 3D isotropic diffusion model with a triplet-state
component, which yielded the highest evidence score among
the tested models. The curve fits and corner plots of all four
diffusion models are presented in Figures S2−S5 in the
Supporting Information, while only the results corresponding
to the model with the highest Bayesian evidence are shown in
Figure 4.
The covariance matrix for Alexa-Dextran 10K in a 60%

glycerol/water mixture, where diffusion is substantially slowed,
exhibits pronounced off-diagonal terms, reflecting strong
correlations between lag times (Figure 4A). Such correlations
propagate into the posterior distributions of diffusion
parameters, broadening the inferred uncertainty (Figure 4D).
For comparison, measurements of Alexa-Dextran 10K in water,
where diffusion is relatively faster, were performed under
otherwise identical conditions. Similar to the 60% glycerol/
water mixture, a total of 2000 traces were recorded, and 1800
stable traces were selected for ACF calculation. The
corresponding covariance matrix displays much weaker off-
diagonal correlations (Figure S6A). Both Bayesian inference
and NLS fitting were applied using a 3D isotropic diffusion
model with a triplet-state component and an experimentally
measured PSF (Figure 4B). Bayesian GLS fitting with
correlated errors estimated DC = 84.8 ± 3.1 μm2 s−1, TSA =
0.19 ± 0.01, and τT = 10.2 ± 2.5 μs. NLS fitting (with
correlated errors) estimated similar parameters: DC = 85.1 ±
1.5 μm2 s−1, TSA = 0.19 ± 0.01, and τT = 9.4 ± 0.9 μs. In
contrast to the long τT observed in the glycerol/water mixture,
both Bayesian GLS and NLS fitting for Alexa-Dextran 10K in
water yielded consistent and smaller triplet-state relaxation
times, accompanied by narrower posterior distributions and
lower parameter uncertainty (Figure S6C).
Posterior distributions obtained from Bayesian GLS, WLS,

and OLS approaches (Figure S6D) exhibit more similar shapes
compared to the case with strong off-diagonal terms, reflecting
the reduced influence of noise correlations. These results
highlight the direct relationship between diffusion dynamics,
the structure of noise correlations, and the reliability of the
estimated diffusion coefficients. The corresponding corner plot
and fitted ACF curves are shown in Figure S6.
RICS�Laser Scanning Speeds. The software supports

analysis of RICS data acquired at different laser scanning
speeds. To illustrate this, diffusion of Alexa-Dextran 10K in
water was recorded (600 RICS frames) within a 20 × 20 μm2

Figure 3. Demonstration of FCS using a synthetic fluorescence trace
generated for particles with diffusion coefficient DC = 100 μm2s−1.
(A) Time-resolved photon signal rate (in k counts/s), computed by
temporal binning and normalization of photon counts, allowing
visualization of fluorescence intensity fluctuations over time. The red
dashed lines mark the selected time window (from t0 = 10 s to t1 = 70
s) used for autocorrelation analysis. (B) Top: Autocorrelation G(τ)
(blue circles) plotted against lag time (τ), along with the median
Bayesian ordinary least-squares (OLS) fit (black line) using a 3D
isotropic diffusion model. Bottom: Posterior predictive residuals, with
the black line representing the median and shaded regions, shown in
dark and light gray, denote the 68.3% and 95.5% quantile ranges
(QRs), respectively. The narrow uncertainty bands make the shading
barely visible along the fit curve (top). The dashed red line denotes
the residuals from the NLS method (with uniform errors) fit.
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scanning area at three scanning speeds, fast, medium, and slow,
corresponding to 1000, 1732, and 3000 pixels per line along
the X-axis (line times of 2, 3.5, and 6 ms, including flyback),
respectively. Slower scanning enables acquisition of more
pixels per line, providing finer spatial sampling (Figure 5).
Both Bayesian inference and NLS fitting were applied to fit the
ACF from three experimental conditions using a 3D isotropic
diffusion model that included a triplet-state component.
Bayesian WLS fitting with weighted errors yielded DC = 81
± 17 μm2 s−1, TSA = 0.29 ± 0.13, and τT = 3.41 ± 2.05 μs.
NLS fitting (with weighted errors) estimated similar
parameters: DC = 73.9 ± 1.3 μm2 s−1, TSA = 0.34 ± 0.01,
and τT = 1.94 ± 0.14 μs. The experimentally measured PSF
shown in Figure 4B was used for all fits. Posterior distributions
of DC, obtained using Bayesian WLS and OLS approaches
(Figure 5H) highlight the impact of accounting for measure-
ment errors in parameter estimation.
RICS�Laser Scanning Angles. The software enables

analysis of RICS data acquired at multiple laser scanning
angles, which is essential for characterizing anisotropic
diffusion in complex cellular environments. As a demonstra-
tion, diffusion of Alexa-Dextran 10K in a single live rat
cardiomyocyte (CM) was recorded within a 20 × 20 μm2

scanning area (Figure 6A) at seven different scanning angles
from 0° to 180° in 30° steps (Figure 6B) and at three different
scanning speeds (21 conditions in total). A total of 4560 RICS

frames were recorded; the first 568 frames were excluded due
to unstable intensity. Both Bayesian inference and NLS fitting
approaches were applied using a 3D anisotropic diffusion
model that included a triplet-state component, accounting for
diffusion along the X-axis (longitudinal) and Y-axis (trans-
verse), with diffusion along the Z-axis assumed equal to the
transverse component. Bayesian WLS fitting with weighted
errors yielded DCx = 19.2 ± 5.7 μm2 s−1, DCy = 13.2 ± 3.3 μm2

s−1, TSA = 0.34 ± 0.05, and τT = 4.5 ± 5.9 μs. NLS fitting
(with weighted errors) estimated similar parameters: DCx =
18.5 ± 0.6 μm2 s−1, DCy = 13.4 ± 0.4 μm2 s−1, TSA = 0.35 ±
0.01, and τT = 2.8 ± 0.1 μs. The experimentally measured PSF
shown in Figure 4B was used for all fits. The obtained diffusion
coefficients for CMs are similar to our earlier estimates (DCx =
19 ± 3 μm2 s−1 and DCy = 16 ± 2 μm2 s−1).27 Representative
curve fits and residuals for two example conditions −60° and
90° angles at medium scanning speed�are shown in Figure
6C and D. Posterior distributions of DCx and DCy from all 21
experimental conditions, obtained using Bayesian WLS and
OLS approaches (Figure 6E, F), highlight the importance of
explicitly accounting for measurement errors in anisotropic
diffusion parameter estimation. These results demonstrate that
the software enables rigorous Bayesian inference for aniso-
tropic diffusion analysis in living cells.
Spatial Mapping of RICS-Derived Parameters. The

software enables spatial mapping of molecular transport by

Figure 4. FCS measurements using 1800 experimental traces recorded for diffusion of Alexa-Dextran 10K in a 60% glycerol/water mixture. (A)
Covariance matrix of the ACF computed from the 1800 individual traces, illustrating the correlation structure of noise across lag times. (B)
Experimentally measured PSF used in model fitting, shown in X−Y and X−Z projections. Each pixel corresponds to a size of ≈50 nm. (C) Top:
Mean autocorrelation G(τ) (blue circles) plotted versus τ, along with the median Bayesian GLS fit (black line) based on a 3D isotropic diffusion
model including a triplet-state. Error bars represent the standard deviation (SD) of the mean. Bottom: Decorrelated residuals calculated from the
ACF posterior predictive residual (r) and covariance matrix (Σ), with the black line showing the median residual. The dashed red line indicates the
decorrelated residuals from the NLS method (with correlated errors) fit. Shaded regions (top and bottom), shown in dark and light gray, denote
the 68.3% and 95.5% QRs, respectively. (D) Posterior distributions of DC obtained from three fitting approaches: Bayesian GLS (green, correlated
errors), Bayesian weighted least-squares (WLS) (blue, weighted errors), and Bayesian OLS (red, uniform errors). Dashed lines indicate the
medians of the respective distributions.
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dividing RICS images into user-defined sectors and computing
the ACF within each region. This approach provides flexibility
in resolution and supports detailed characterization of
parameter heterogeneity across cellular areas of interest. As
an example of the second configuration (larger-area self-
correlation in Figure 1B), Figure 7 illustrates the spatial
mapping of Alexa-Dextran 10K in a fixed mouse CM. The cell
was mechanically permeabilized by localized poking and
stained with Mitotracker Green to visualize mitochondria
(Figure 7A). The pseudocolor image highlights the cellular
structure, with a dashed square indicating the 20 × 20 μm2

scanning area selected for RICS analysis. As shown, the
scanning window encompasses both part of the cell and the
surrounding solution, enabling direct comparison of intra-
cellular and extracellular diffusion within the same acquisition.
A total of 3700 RICS frames were recorded; the first 700
frames were excluded due to unstable intensity. Subsequent
fitting was performed using a 3D isotropic diffusion model
including a triplet-state component, with the PSF exper-
imentally determined in Figure 4B. For this analysis, three
scanning speeds (2, 3.5, and 6 ms) were applied at a single
scanning angle of 0°. The resulting diffusion coefficient map
(Figure 7B) and concentration map (Figure 7C) clearly
illustrate local variations in molecular mobility and Alexa-
Dextran 10K concentration within the scanned area, which

spans both intracellular and extracellular solution regions. This
example demonstrates the ability of the software to transform
RICS recordings into quantitative parameter maps, providing
both a spatially resolved view of molecular transport and
insight into the heterogeneity of the intracellular environment.
Performance Benchmarks

ACF calculation performance was evaluated using the
hardware and software specifications described in Methods.
GPU acceleration substantially improves ACF calculation
speed (Table 1), achieving 19-fold speedup for FCS analysis
of 100 traces (100 s each with 108 time points per trace at 1 μs
resolution) and 8-fold speedup for RICS processing of 350
images (1000 × 1732 pixels with 1 μs pixel dwell time). The
greater FCS acceleration reflects larger data set size (1010 total
time points vs 6 × 108 pixels). These speedups are critical for
high-throughput experiments, reducing processing from hours
to minutes.
The impact of using analytical Gaussian or experimentally

measured PSF was evaluated using the same hardware and
software. Experimentally measured PSFs substantially improve
fit quality compared to the use of analytical Gaussian PSF
(Table 2). For FCS analysis of 200 traces from Figure 4 (using
NLS-GLS fitting with correlated errors) and RICS analysis of
600 frames from Figure 5 (using NLS-WLS fitting with

Figure 5. RICS analysis at varying laser scanning speeds, recorded for diffusion of Alexa-Dextran 10K in water. (A, B, C) Schematic illustrations of
fast, medium, and slow scanning speeds, corresponding to line times of 2, 3.5, and 6 ms (including flyback), respectively, and corresponding
analysis results for each scanning scheme. Red arrows indicate the laser scanning direction. The mean autocorrelation G(τ) (colored circles) of
three lines plotted versus τ, along with the median Bayesian WLS fit (black line) based on a 3D isotropic diffusion model including a triplet-state
component. Error bars represent the SD of the mean. Standardized posterior predictive residuals, with the black line showing the median residual
are shown in bottom. The dashed red lines indicate the standardized residuals from the NLS method (weighted errors) fit. Shaded regions, shown
in dark and light gray, denote the 68.3% and 95.5% QRs, respectively. (D) Posterior distributions of DC obtained from two fitting approaches:
Bayesian WLS (blue, weighted errors) and Bayesian OLS (red, uniform errors). Dashed lines indicate the medians of the respective distributions.
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weighted errors), measured PSFs led to a 2−6-fold decrease in
the chi-squared statistic (χ2(θ̂)) relative to Gaussian
approximations, demonstrating the importance of capturing
real optical aberrations and asymmetries. The Gaussian PSF
parameters (ωx, ωy, ωz) were obtained by fitting the same
experimentally measured 3D PSF to a Gaussian function,
ensuring a fair comparison between analytical Gaussian and
experimentally measured PSF. The computational overhead
scales with data set complexity: for Figure 5 with 3 scan
configurations, use of the full experimental PSF during fitting
required 3.8 s versus 1.3 s for models that use Gaussian
approximation for PSF; for the larger data set in Figure 6 with
21 configurations (3 speeds × 7 angles), this increased to 30 s
versus 1.4 s. The FCS benchmark used the first 200 traces from
Figure 4, as larger data sets would introduce substantial
preprocessing overhead (covariance matrix computation and
memory management) that could obscure PSF-specific
performance differences.
To understand the computational overhead of using

experimentally measured PSF for fitting ACF, we quantified
its contribution to the fitting stage of the analysis workflow,

which consists of data loading, model fitting, and output
writing. Data loading and output writing introduce a fixed
overhead that is independent of the PSF used. For fits using
Gaussian PSFs, the model fitting step represents only a
negligible fraction of total fitting runtime (<2%). In contrast,
when using experimentally measured PSFs, model fitting
becomes a substantial component of the fitting stage for
complex data sets (e.g., ∼60% of fitting time for RICS with 3
configurations and ∼95% for 21 configurations), while
remaining more moderate for FCS (e.g., ∼20% for FCS data
set in Table 2). Overall, using experimentally measured PSFs
during fitting substantially increases the fitting-stage duration.
To balance accuracy and computational efficiency, the

software allows flexible voxel downsampling of the PSF,
reducing resolution in the lateral (x, y) or axial (z) dimensions
independently while preserving the PSF’s overall shape and
lowering computational cost. Table 2 demonstrates uniform
downsampling by factors of 2× and 3× in all three dimensions,
showing that moderate downsampling reduces numerical
integration cost while preserving essential optical character-
istics. For high-resolution PSFs with hundreds of voxels per

Figure 6. Anisotropic diffusion analysis using RICS with multiple scanning angles and speeds, recorded for diffusion of Alexa-Dextran 10K in a
single rat cardiomyocyte (CM). (A) Confocal image of a live rat CM mechanically permeabilized by localized poking, shown in pseudocolor
depicting mitochondria (Mitotracker Green). White arrows indicate the physical X and Y directions. The dashed square marks the 20 × 20 μm2

scanning area. (B) Schematic illustrations of different scanning angles from 0° to 180° in 30° steps. (C, D) Top: Mean autocorrelation G(τ)
(colored circles) of three lines plotted versus τ, along with the median Bayesian WLS fits (black lines) based on a 3D anisotropic diffusion model
including a triplet-state component, for the 60° and 90° scanning angles, respectively, at medium scanning speed (line time of 3.5 ms). Error bars
represent the SD of the mean. Bottom: Standardized posterior predictive residuals, with the black line showing the median residual. The dashed red
lines indicate standardized residuals from the NLS method (weighted errors) fit. Shaded regions, shown in dark and light gray, denote the 68.3%
and 95.5% QRs, respectively. (E, F) Posterior distributions of DCx and DCy from all 21 experimental conditions, obtained from two fitting
approaches: Bayesian WLS (blue) and Bayesian OLS (red). Dashed lines indicate the medians of the respective distributions.
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dimension, downsampling provides more pronounced compu-
tational benefits. This flexibility allows users to optimize the
accuracy-speed trade-off based on PSF resolution, data set
characteristics, and computational resources.
An important consideration when selecting a PSF

representation for fitting is how analysis time contributes to
the overall experimental workflow. The computational analysis

phase, including GPU-accelerated ACF calculation and model
fitting, is substantially shorter than the data acquisition time.
For example, irrespective of whether analytical or experimental
PSF is used, analyzing a single 120 s FCS trace requires only
2−3 s of computation (ACF calculation plus fitting), while
large data sets such as 200 FCS traces (6.5 h of acquisition) or
600 RICS images (1 h of acquisition) require on the order of
10 s to analyze, corresponding to well below 1% of the
acquisition time. Even for the most computationally demand-
ing data set (21 RICS configurations; ∼10 h of acquisition),
the total analysis time is on the order of 1 min. Thus, although
fitting with experimentally measured PSFs increases the
computational cost relative to models using Gaussian PSFs,
the absolute runtime remains acceptable for routine analysis,
particularly given the substantial improvements in fit quality
demonstrated in Table 2.

■ DISCUSSION
We present a unified open-source Python platform for the
analysis of FCS and RICS experiments to extract molecular
transport parameters including diffusion coefficients, triplet
dynamics, and concentrations from fluorescence fluctuation
data. The platform integrates GPU-accelerated ACF calcu-
lation, rigorous statistical inference (frequentist and Bayesian
approaches), support for experimentally measured PSFs, and
analysis of anisotropic diffusion in cellular environments,
addressing key limitations in current correlation spectroscopy
workflows.
The analysis of FCS and RICS data is inherently challenging

due to biological heterogeneity, experimental noise, and the
need for statistically robust parameter extraction. The
developed platform systematically addresses these challenges
through several key features, as discussed below.

Figure 7. Spatial mapping of RICS-derived parameters, recorded for diffusion of Alexa-Dextran 10K in a single mouse CM at C ≈ 50 nM (Alexa-
Dextran 10K + solution + cell). (A) The confocal image of a fixed mouse CM, shown in pseudocolor depicting mitochondria (Mitotracker Green),
with white arrows indicating the physical X and Y directions. The dashed square indicates the 20 × 20 μm2 scanning area used for RICS analysis,
covering both a portion of the cell and the surrounding solution. (B) Diffusion coefficient map of the recorded scanning area, and (C)
corresponding concentration map. Each map consists of 25 × 25 equally sized spatial sectors (0.8 × 0.8 μm2). For each sector, ACF was computed
using the fluorescence signals within a 3 × 3 μm2 area (larger-area self-correlation), and fitted using a 3D isotropic diffusion model including a
triplet-state component to extract the respective parameter values. For fitting, the NLS method (uniform errors) was applied, using the PSF
determined in Figure 4B. Color bars indicate the parameter scales in physical units.

Table 1. GPU Vs CPU Performance for ACF Calculation

Data set CPU (s) GPU (s) Speedup

FCS (100 traces, 108 points each) 799.1 41.8 19×
RICS (350 images, 1000 × 1732 pixels) 38.6 4.8 8×

Table 2. Comparison of Model Fits Using Analytical
Gaussian and Experimentally Measured PSF: Fit Quality
and Computational Cost

Data set PSF PSF Size χ2(θ̂)a
Time
(s)

FCS (200
traces)

Full measured (x, y, z): 35 × 35 × 43
voxels

10.32 3.5

Downsampled
2×

(x, y, z): 17 × 17 × 21
voxels

20.27 3.1

Downsampled
3×

(x, y, z): 11 × 11 × 14
voxels

23.52 2.8

Gaussian (ωx, ωy, ωz): (0.36,
0.38, 1.08) μm

57.46 2.4

RICS (600
frames)

Full measured (x, y, z): 35 × 35 × 43
voxels

3.04 3.8

Downsampled
2×

(x, y, z): 17 × 17 × 21
voxels

3.23 3.4

Downsampled
3×

(x, y, z): 11 × 11 × 14
voxels

4.13 3.4

Gaussian (ωx, ωy, ωz): (0.36,
0.38, 1.08) μm

6.55 1.3

aThe chi-squared statistic (χ2(θ̂)) computed using decorrelated
residuals (GLS fitting) for FCS and standardized residuals (WLS
fitting) for RICS.
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Advanced Features for Complex Biological Systems

The ability to incorporate experimentally measured PSFs is
particularly important in systems where optical aberrations
significantly affect parameter extraction. The software supports
both Gaussian and experimentally measured PSFs. While
Gaussian PSFs are widely used for simplicity, experimentally
measured PSFs yield more realistic fits by capturing
aberrations, asymmetries, and other optical characteristics
that analytical models cannot represent, as demonstrated in
Table 2. However, experimentally measured PSFs demand
greater computational effort due to their 3D complexity and
higher spatial sampling requirements. To balance accuracy and
efficiency, the software allows voxel downsampling of the PSF,
reducing computational cost while preserving overall PSF
shape.
Multiangle RICS analysis enables characterization of

anisotropic diffusion in structured biological samples such as
cardiomyocytes, where molecular transport is spatially con-
strained. The platform enables analysis of experiments where
multiple scanning protocols (different angles, speeds) were
performed on the same sample, leveraging complementary
information to reduce parameter degeneracy. When ACFs are
acquired at different scanning speeds, the platform validates
model consistency by jointly fitting across all speeds. When
ACFs are acquired at different scanning angles, the platform
estimates anisotropic diffusion within cells. As shown in Figure
6, the angularly resolved RICS can uncover directional
dependencies of diffusion processes that remain hidden in
isotropic analyses.27,37

Furthermore, splitting RICS images into smaller regions
(Figure 1) enables spatial mapping of diffusion and
concentration (Figure 7). Such maps reveal subcellular
domains with slower diffusion or higher concentration, which
often correlate with structural features such as organelles or
cytoskeletal barriers.
Model Selection Strategies and Challenges

Fitting ACF data requires selecting among three model
categories: statistical framework (Bayesian inference or
NLS), error structure (OLS/WLS/GLS), and diffusion type
(isotropic/anisotropic, single/two-component, ±triplet ki-
netics). These choices strongly influence parameter estimation
and uncertainty quantification.
Bayesian inference and NLS often yield similar mean

parameter estimates but differ substantially in uncertainty
quantification, as demonstrated in our experimental results
where mean values are comparable while Bayesian standard
deviations are substantially broader, more accurately reflecting
parameter uncertainty. Bayesian inference yields full posterior
distributions that reveal parameter correlations via corner plots
and enable principled model comparison through evidence
evaluation. The posterior distributions naturally quantify
uncertainty through their spread, with broader distributions
indicating greater parameter uncertainty and narrower
distributions indicating well-constrained parameters. However,
Bayesian inference requires substantially longer computation
than NLS�typically 2 to several hundred times longer
depending on model complexity and data set size�due to
the need for extensive posterior sampling via nested sampling
algorithms.
The choice between statistical frameworks depends on

research priorities. NLS is appropriate for rapid parameter
screening, high-throughput analysis, or when point estimates

with approximate uncertainties suffice. Bayesian inference is
essential when rigorous uncertainty quantification is required,
when comparing competing models, when parameter correla-
tions must be characterized, or when decisions depend
critically on confidence in parameter estimates. For systematic
studies requiring model selection across many data sets, the
computational investment in Bayesian inference is typically
justified by the reliability of the resulting conclusions.
For distinguishing among diffusion models (single vs two-

component, ±triplet state), two quantitative approaches are
available: Bayesian model comparison via log evidence (log Z)
and frequentist hypothesis testing using the F-test. Bayesian
evidence provides the most robust criterion, particularly when
using GLS with the full covariance matrix. Following standard
interpretation scales for natural logarithm differences59,79 |Δlog
Z| < 1 indicates models are effectively indistinguishable, |Δlog
Z| = 1−3 provides positive evidence, |Δlog Z| = 3−5
constitutes strong evidence, and |Δlog Z| > 5 represents very
strong evidence favoring one model over another. The log Z
values reported by the software include uncertainty estimates
from the nested sampling procedure, allowing rigorous error
propagation in model comparison.60

Nested diffusion models can be compared using the F-test,
which assesses whether the reduction in residual variance
achieved by a more complex model is statistically significant.
The software reports the reduced chi-squared for each fitted
model, from which the F-statistic can be directly constructed.
Unlike Bayesian evidence, the F-test is restricted to nested
models and assumes Gaussian residuals.80

The Bayesian evidence is most effective with GLS using
decorrelated residuals; WLS with standardized residuals
provides intermediate reliability, while OLS can lead to
incorrect model selection due to neglected error correlations.
GLS accounts for both heteroscedasticity and temporal
correlations, providing the most reliable metrics when
covariance can be estimated from replicate measurements.
WLS accounts for heteroscedastic errors using point-wise
variance estimates, offering a practical compromise applicable
to both FCS and RICS. OLS assumes identical error across all
ACF points and independence between measurements, leading
to artificially narrow parameter distributions and an under-
estimation of uncertainty, but remains useful for rapid
preliminary analysis or when only single measurements exist.
For RICS data, GLS is currently not applicable (see Limitations
and Future Directions below), restricting model comparison to
WLS-based metrics or visual residual assessment.
The importance of proper error modeling is illustrated with

synthetic data (Figure S1), where traces of freely diffusing
particles without triplet kinetics were generated. When
multiple traces were fitted using GLS with the full covariance
matrix, the correct 3D isotropic model yielded the highest
Bayesian evidence. However, fitting a single trace with OLS did
not allow reliable model discrimination: the 3D model with
triplet state (log Z = −24.7 ± 0.4) and the true 3D isotropic
model (log Z = −25.6 ± 0.4) yielded statistically
indistinguishable evidence (|Δlog Z| = 0.9). This demonstrates
how ignoring noise structure can lead to incorrect model
selection, consistent with previous reports emphasizing the
importance of proper error modeling in fluctuation spectros-
copy.32,40

Determining whether diffusion is isotropic or anisotropic
requires multiangle RICS measurements. In isotropic systems
(e.g., solution-phase experiments), anisotropic fitting should
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yield nearly identical diffusion coefficients across all scan
directions (DCx ≈ DCy within uncertainty). Anisotropic
systems such as cardiomyocytes show clear directional
dependence (Figure 6). However, weak anisotropy can be
challenging to establish confidently, as directional differences
may approach the magnitude of systematic uncertainties in
PSF characterization or be obscured by noise correlations. A
key limitation is that PSFs are characterized in solution rather
than within live cells, as described in PSF Characterization.
This measured PSF is then applied to fit both solution and live-
cell experiments. Refractive index mismatches and optical
aberrations introduced by cellular structures can alter the PSF
shape compared to solution measurements, potentially
contributing additional systematic uncertainty to extracted
diffusion coefficients. Distinguishing genuine anisotropy from
experimental artifacts�including PSF-related systematic er-
rors�requires careful experimental design with multiple scan
angles and sufficient statistical power.
Comparison with Existing Software

Several open-source tools have been developed for FCS and
RICS analysis over the past two decades, each contributing
valuable capabilities while exhibiting specific limitations (Table
3). ImFCS introduced imaging-based correlation methods
supporting both point FCS and scanning FCS configurations.42

PyCorrFit provided a Python-based framework for generic
FCS data evaluation with multiple diffusion models and WLS
fitting.45 FCSlib offers FCS and scanning FCS analysis in R
with functions for mobility and molecular brightness
estimation.48 Specialized Python tools for optimized FCS

and scanning FCS analysis have been developed for conven-
tional confocal microscopy data.46 The Imaging FCS plugin for
Fiji/ImageJ implements GPU-accelerated with PSF calibration
capabilities, supporting FCS and scanning FCS.50 For RICS
analysis, several implementations exist within the Fiji/ImageJ
ecosystem43,44 providing accessible tools for spatial correlation
analysis. Several MATLAB-based tools have been developed
for fluorescence fluctuation analysis. These include the PAM
framework, which integrates FCS and RICS analysis with
ensemble and single-molecule fluorescence methods.81 Anoth-
er example is a quantitative 4D imaging approach that uses
FCS calibration.47 Additionally, fcsSOFI provides the
spatiotemporal correlation method for scanning FCS, featuring
GPU acceleration for the fitting stage.49 While these
MATLAB-based tools are open-source, their dependence on
MATLAB as a proprietary environment limits broad
accessibility.
Table 3 systematically compares correlation-based FCS and

RICS platforms across key analytical capabilities. While
existing software provide diverse features, critical limitations
remain. None of these tools support multiple-angle RICS
analysis for characterizing anisotropic diffusion in biological
systems. While PSF calibration has been implemented in some
packages50 based on our knowledge no open-source tool
incorporates experimentally measured 3D PSFs into the fitting
procedure, and available frameworks remain limited to
analytical Gaussian approximations. Only Imaging FCS
currently supports GPU acceleration for ACF calculation,
enabling order-of-magnitude speedups.50 Based on our knowl-
edge, Bayesian inference for fitting ACF data is not available in

Table 3. Comparison of Open-Source FCS/RICS Analysis Platforms
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any of the existing packages, and our implementation is unique
in this regard. Furthermore, while available software relies on
OLS or WLS for NLS fitting, our framework extends both
Bayesian and NLS fitting by providing support for OLS, WLS,
and GLS. Additionally, the platform introduces diffusion-
concentration pre-analysis and filtering to identify and exclude
poor-quality measurements before main parameter estimation.
Our platform unifies FCS and RICS analysis within a single
framework, with the flexibility to perform scanning FCS by
setting the line scan displacement to zero (Δy = 0) in the
RICS, thereby covering the full spectrum of correlation-based
fluorescence techniques.
Machine Learning and Direct Trace Analysis

In recent years, machine learning (ML) and deep learning
(DL) techniques have been explored for FCS and imaging-
FCS applications.82 Tang et al. introduced FCSNet and
ImFCSNet, convolutional neural networks (CNN) trained
on simulated data that predict diffusion parameters directly
from intensity traces, reducing data requirements and enabling
near real-time inference.83 ML approaches have also been
applied for artifact filtering36 and anomalous diffusion
classification.84 However, these approaches face limitations:
training on simulated data may not generalize to real
experimental conditions that vary from one microscope to
another; learned representations lack physical interpretability,
hindering failure diagnosis; and integrated uncertainty
quantification is limited. ML/DL methods are thus comple-
mentary to correlation-based approaches�excelling at rapid
screening when training data exist, while correlation methods
provide interpretable, physically grounded parameters with
rigorous statistical inference.
An emerging alternative to conventional FCS is the class of

methods based on direct fitting of experimental data using
stochastic models. One of these methods, fluorescence
intensity trace statistical analysis (FITSA), is a Bayesian
framework that directly analyzes fluorescence intensity traces
rather than derived autocorrelations.65 Earlier Bayesian
approaches introduced by Jazani and colleagues85−88 estab-
lished the conceptual basis for direct statistical analysis of
photon traces, but their initial implementations86 faced
challenges related to computational efficiency and conver-
gence.65 FITSA addresses these limitations by offering faster
and more stable convergence, enabling robust parameter
estimation from substantially shorter measurements than FCS,
minimizing laser exposure and phototoxicity, and accounting
for statistical dependencies often overlooked in standard FCS
fitting. By requiring fewer photons and avoiding problematic
assumptions of autocorrelation analysis, FITSA and similar
methods represent a major conceptual advance in fluctuation
spectroscopy. However, FITSA is currently limited to relatively
simple diffusion models (e.g., 3D single-component isotropic
diffusion without triplet dynamics), requires low fluorophore
concentrations, and is computationally demanding for more
complex data sets. Addressing these FITSA issues will take
some time, and this class of methods still has to prove itself in
the field to fully fulfill their great potential.
The choice among approaches depends on experimental

constraints and scientific goals. Our correlation-based platform
is optimal for anisotropic diffusion characterization, multi-
component diffusion, triplet-state kinetics, spatial parameter
mapping, and moderate-to-high concentrations. Current
FITSA implementation excels for brief measurements at low

concentrations with simple single-component isotropic dif-
fusion. ML/DL methods suit real-time analysis and classi-
fication tasks. As direct trace analysis extend to handle
anisotropic diffusion, multicomponent models, and higher
concentrations, they may provide future alternatives to
correlation-based analysis for broader applications.
Limitations and Future Directions

Despite the advances described above, several limitations
remain, ranging from practical software constraints to
fundamental experimental challenges inherent to FCS and
RICS. The software currently relies on HDF5 format for
standardized input and output of raw data, correlation results,
and fitted parameters. While HDF5 is an open format, future
development is needed to facilitate conversion of user data sets
into this format. This development is planned to be demand-
driven, with either direct data import support or dedicated
converters created through collaboration between developers
and users.
Bayesian inference, while powerful for model selection and

quantifying parameter uncertainty, remains computationally
demanding for complex models. Future development could
extend GPU acceleration to the Bayesian inference framework
to improve computational efficiency.89

To take full advantage of GLS-based fitting, the covariance
matrix must be estimated. This enables full implementation of
Bayesian GLS fitting with rigorous uncertainty quantification
and allows model comparison while accounting for correlated
errors. In our current implementation, GLS-based fitting is
supported only for FCS, where a single 1D intensity trace can
be repeated thousands of times (much larger than the
dimension of the ACF) to robustly estimate the covariance
across lag times. Such estimation imposes several practical
challenges to ensure the stability of the experimental setup. In
the example shown in Figure 4, experiments took approx-
imately 100 h. Over this time window, special precautions were
necessary to prevent temperature fluctuations due to air
conditioning and to minimize airflow variability in the
microscopy room caused by ventilation cycles. These experi-
ments were performed in solution and would be impossible�
or at least exceptionally difficult�to perform on live cells due
to phototoxicity, cell movement, and viability constraints.
When such large numbers of repeats are not available,
shrinkage-based approaches for estimating noise correlations
from multiple ACFs can be applied.40 However, whether this
shrinkage fully reflects covariances through its approximation
of the full covariance matrix is unclear. An alternative is to
implement segmented and randomized ACF approaches,
which reduce correlations between data points and allow
standard goodness-of-fit evaluation with shorter experiments.32

While not currently implemented, this is a promising approach
for future development.
GLS fitting is not implemented for RICS due to

experimental limitations, which are even more pronounced
than for FCS. For RICS, after recording image stacks (e.g.,
2000 frames of 1000 × 1000 pixels), the 2D spatiotemporal
ACF is cropped, and one quadrant containing positive time
lags is selected for fitting. By default, this yields three
correlation lines with approximately 100 ACF points each,
which are flattened into a 1D vector (about 300 points total).
Reliable estimation of such a covariance matrix would require
thousands of independent RICS frames acquired under
identical conditions (frame size, scanning speed, and angle),
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which we expect is practically impossible in live-cell experi-
ments. Additionally, RICS data acquisition is slower than FCS
due to flyback periods during scanning when no data are
collected, further extending the required experimental time.
As discussed earlier, PSFs are currently characterized in

solution rather than within live cells. Future development of
methods for in-cell PSF characterization would improve
accuracy, particularly for detecting anisotropy where systematic
PSF errors can approach or exceed the magnitude of
directional diffusion differences. As a current practical solution,
the platform allows PSF scale as an additional free parameter
during fitting to accommodate calibration uncertainties or
systematic PSF size deviations without requiring remeasure-
ment.

■ CONCLUSION
The presented open-source Python platform (IOCBIO FCS)
unifies the analysis of FCS and RICS within a statistically
rigorous and computationally efficient framework. By integrat-
ing GPU-accelerated ACF computation, support for arbitrary
scan angles and speeds, and image splitting for spatial
parameter mapping, the software enables analysis of large
data sets and provides the ability to study anisotropic diffusion.
Incorporation of experimentally measured PSFs, advanced
filtering strategies, and robust fitting approaches�including
both frequentist and Bayesian inference under explicit noise
models�distinguishes the platform from existing tools.
Comprehensive visualization of fitted results, residuals,
posterior distributions, and spatial maps further ensures
reproducibility and interpretability. Together, these capabilities
establish a versatile framework for quantitative correlation-
based fluorescence methods, with broad relevance to
biophysics, biochemistry, and cellular biology research.

■ STATISTICS AND REPRODUCIBILITY
All FCS and RICS data were analyzed using the statistical
frameworks implemented in the IOCBIO FCS software.
Parameter estimation was performed using NLS and Bayesian
inference, with uncertainty quantified through posterior
distributions. Model comparison was based on the Bayesian
evidence (Z). The number of traces or image frames used for
analysis is indicated in the Results section.
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Abstract

Lipoprotein lipase (LPL), a crucial enzyme in the intravascular hydrolysis of triglyceride-rich

lipoproteins, is a potential drug target for the treatment of hypertriglyceridemia. The activity

and stability of LPL are influenced by a complex ligand network. Previous studies performed

in dilute solutions suggest that LPL can appear in various oligomeric states. However, it was

not known how the physiological environment, that is blood plasma, affects the action of

LPL. In the current study, we demonstrate that albumin, the major protein component in

blood plasma, has a significant impact on LPL stability, oligomerization, and ligand interac-

tions. The effects induced by albumin could not solely be reproduced by the macromolecular

crowding effect. Stabilization, isothermal titration calorimetry, and surface plasmon reso-

nance studies revealed that albumin binds to LPL with affinity sufficient to form a complex in

both the interstitial space and the capillaries. Negative stain transmission electron micros-

copy and raster image correlation spectroscopy showed that albumin, like heparin, induced

reversible oligomerization of LPL. However, the albumin induced oligomers were structurally

different from heparin-induced filament-like LPL oligomers. An intriguing observation was

that no oligomers of either type were formed in the simultaneous presence of albumin and

heparin. Our data also suggested that the oligomer formation protected LPL from the inacti-

vation by its physiological regulator angiopoietin-like protein 4. The concentration of LPL

and its environment could influence whether LPL follows irreversible inactivation and aggre-

gation or reversible LPL oligomer formation, which might affect interactions with various

ligands and drugs. In conclusion, the interplay between albumin and heparin could provide a

mechanism for ensuring the dissociation of heparan sulfate-bound LPL oligomers into active

LPL upon secretion into the interstitial space.

Introduction

Lipoprotein lipase (LPL) is a crucial enzyme in the intravascular hydrolysis of triglyceride-rich

lipoproteins (TLRs). LPL deficiency causes hypertriglyceridemia, which is causally linked to
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cardiovascular disease (CVD) and pancreatitis[1–5]. LPL and its regulators are potential drug

targets for the treatment of hypertriglyceridemia[6–8]. LPL is mainly produced by adipose and

muscle parenchymal cells and secreted into the interstitial space where a capillary endothelial

protein called glycosylphosphatidylinositol-anchored high-density lipoprotein-binding pro-

tein 1 (GPIHBP1) transports LPL to the endothelium of the vascular lumen[9, 10]. At this site,

LPL catalyzes the hydrolytic degradation of triglycerides in chylomicrons (CM) and very low-

density lipoproteins (VLDL). In addition to GPIHBP1 and lipoproteins, secreted LPL is

known to interact with apolipoprotein CII[11], fatty acids[12, 13], heparan sulfates [14], and

angiopoietin-like proteins (ANGPTLs) 3, 4, and 8 [15]. LPL activity is also indirectly affected

by apolipoproteins CIII, CI [16], and AV [17]. Combined action of these ligands may play a

key role in the extracellular regulation of LPL activity [17, 18]. Regulators and ligands can

affect LPL in a variety of extracellular regions, including the interstitial space and vascular

endothelium. In the postprandial state, LPL is also associated with circulating TRLs and is

involved in the uptake of remnant lipoproteins by the liver [19].

Although significant progress has been made in understanding the complex regulation sys-

tem of LPL, there are still several aspects that require further investigation. This is because the

basic mechanistic knowledge about LPL and its regulators is primarily based on experiments

performed with purified proteins and synthetic lipid substrates in conventional buffer solu-

tions. However, it should be considered that in the native capillary plasma environment,

which contains thousands of proteins and other molecules, extracellular effects on LPL can

occur. The high plasma protein content (80 g/liter) is sufficient to produce a macromolecular

crowding effect [20] that may affect LPL and its ligands. Many studies indicate that the stabil-

ity, structure, and aggregation of proteins in general can be significantly affected by the macro-

molecular crowding effect [21–23]. In addition to the crowding effect, LPL may be affected by

plasma components which have not been identified yet.

Numerous studies indicate that LPL can exist in different conformational and oligomeric

states. It has been shown by several studies that purified and active LPL appears as a dimer.

These dimers rapidly exchange subunits and can irreversibly dissociate into inactive mono-

mers [24, 25]. According to this mechanism, a part of the active LPL pool is always in mono-

meric form. Recent studies have indicated that LPL can be in an active monomeric form under

certain conditions [26]. In addition, based on recent x-ray crystal studies, monomeric LPL

forms a stable 1:1 complex with its transporter GPIHBP1 [27, 28]. This state has been proposed

to be the active form of LPL at the vascular endothelium [29]. Under physiological salt concen-

tration, temperature and pH, isolated LPL is very unstable and loses most of its activity within

minutes. This inactivation occurs due to conformational changes in the N-terminal domain of

LPL and leads to the irreversible formation of inactive monomers that can form amorphous

aggregates [25]. The inactive monomeric LPL has lower affinity for heparin than the active

form, this difference is used for their separation using heparin-chromatography [30].

ANGPTL3, 4 and 8 actively regulate the ratio between inactive and active LPL as a means of

post-translational regulation of LPL in tissues [31]. Similar to the thermal inactivation,

ANGPTL4 induces conformational changes in the N-terminal domain of LPL [32]. However,

the states of LPL are not limited to dimer and monomer, as recent data revealed that natively

folded LPL can form helical oligomers at high concentrations, which are stabilized by the pres-

ence of heparin [33]. These oligomers are composed of dihedral LPL dimers, and unlike the

amorphous irreversible aggregates of LPL, their dissociation restores the catalytic activity of

LPL. The existence of inactive, helical form of LPL raises the question of under which condi-

tions is LPL activity irreversibly vs. reversibly lost. In addition, there is the question of where

different oligomeric forms of LPL are present in the body, and how LPL transitions between

these forms.
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LPL oligomerization varies as it travels through the cell, interstitial space, and vascular

endothelium. Prior to secretion, it has been shown that LPL forms helical oligomers in the

presence of heparan sulfate proteoglycans (HSPG) attached to syndecan-1 (SDC1) inside of

adipose cell vesicles [33]. Following secretion, LPL has been found to linger at the cell surface

in HeLa cells, tethered there by HSPGs [34]. This raises the question of what precipitates LPL

dissociation from the HSPG, permitting LPL to transfer across the interstitial space and reach

GPIHBP1. During this time in the interstitial space, it is crucial that LPL does not degrade

prior to binding GPIHBP1, which facilitates LPL’s transfer into the capillaries. LPL is known

to be stabilized by heparin, which is comparable to HSPGs [14, 33], which are present in the

interstitial space. However, it begs the question whether there are additional components that

influence LPL in the interstitial space, given the propensity of LPL to oligomerize in the pres-

ence of HSPGs.

In the present study we show that albumin, the major protein in blood plasma, forms a

complex with LPL and has a significant effect on LPL stability and oligomerization. Surface

plasmon resonance (SPR) measurements revealed that the LPL-albumin complex is dynamic,

with a lifetime of less than few seconds. The equilibrium dissociation constant of the complex

is 30–70 μM, which is comparable to the albumin concentration in the interstitial space [35],

suggesting the physiological relevance of the LPL-albumin interaction. Negative stain trans-

mission electron microscopy (nsTEM) and raster image correlation spectroscopy (RICS) mea-

surements indicate that albumin, like heparin, induces reversible concentration dependent

oligomerization of LPL. However, the oligomers decomposed when both heparin and albumin

were present, indicating that albumin may play a role in liberating LPL from HSPGs allowing

LPL to transit across the interstitial space. The reversible oligomerization also protected LPL

from inactivation by its physiological regulator ANGPTL4. Based on these observations, we

conclude that the role of albumin in the LPL system is more diverse than the previously

known role of binding lipolysis-derived fatty acids in the capillaries.

2. Materials and methods

2.1 Reagents

Normolipidemic non-fasting plasma samples were purchased from Tallinn Blood Centrum,

aliquoted and stored at -80˚C. Triglyceride-rich lipoprotein fractions (CM/VLDL) were iso-

lated from human plasma by density gradient ultracentrifugation. Goat serum as a source of

apoC-II was obtained from Invitrogen (#10000C). Bovine LPL was purified from bovine milk

[36] and dialyzed against 1 M NaCl and 20 mM NaH2PO4, pH 7.4 or 20 mM Bis-Tris, pH 6.5.

Recombinant human LPL was purchased from Bio-Techne (#9888-LL) with a specific activity

of>2,500 pmol/min/μg as determined with 4-nitrophenyl butyrate. Recombinant N-terminal

domain of ANGPTL4 (nANGPTL426-184) was expressed in E. coli and purified as previously

described [37]. Full-length ANGPTL4 was purchased from BioVendor (#RD172073100-HEK).

Human GPIHBP1 was purchased from Sino Biological (#15388-H02H). Both proteins were

assessed by reducing and non-reducing SDS-PAGE prior to use. 1,2-Di-O-lauryl-rac-glycero-

3-glutaric acid 6-methylresorufin ester (DGGR) (#30058) and bovine serum albumin

(#A7906) were purchased from Sigma Aldrich. Na-deoxycholate (#218590250) and heparin

(#411212500) were purchased from Acros Organics. Polyethylene glycol 6000 (PEG 6) was

purchased from Alfa Aesar (#A17541) and dextran 40000 (dextran 40) from Sigma Aldrich

(#31389). The amino coupling kit (containing N-hydroxysuccinimide, N-ethyl-N9 [(diethyla-

mino)propyl]carbodiimide, 1M ethanolamine) and BIAcore sensor chips were purchased

from GE Healthcare. Fluorescence reagent ATTO610-NHS ester was purchased from Merck

(#93259). Lipoprotein free human plasma (LFHP) from a single donor was obtained by
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flotation ultracentrifugation at d = 1.215 g/ml [38] and dialyzed against 150 mM NaCl. Residual

triglyceride and cholesterol concentrations in LFPH were respectively 40 μM and 10.34 μM.

2.2 Determination of LPL activity using isothermal titration calorimetry

(ITC)

Catalytic activity of LPL was measured using an ITC assay that allows to determine LPL activity

in complex substrate systems including undiluted human plasma [39]. The assay is based on the

detection of changes in heat rate as a result of LPL catalyzed hydrolysis of lipids. The heat rate

detected by ITC corresponds to the release of fatty acids and is related to the catalytic activity of

LPL. There is a linear correlation between heat production and the number of fatty acids

released. LPL activity is expressed as μJ/s (microjoule per second). The experiments in this

study were performed on a MicroCal PEAQ-ITC (Malvern) as previously described [40]. In a

standard measurement, the calorimetric cell (200 μl) was filled with a substrate mixture and the

syringe (40 μl) contained 200 nM LPL in 150 mM NaCl, 20 mM HEPES, pH 7.4 buffer with 50

mg/ml BSA and 10 IU/ml heparin. The reference cell was filled with MilliQ water (200 μl). The

stirring speed in the sample cell was set to 1000 rpm in all experiments. Automatic baseline sta-

bilization took 5–12 min, after which a 0.4 μl LPL injection was made. Following that, a 5 μl

LPL injection was made, which increased LPL concentration in the cell by 5 nM and the new

baseline was measured for 3 min. All incubations and measurements were carried out at room

temperature. The sample cell and syringe were washed with 10% Decon 90 and rinsed with

MilliQ water after each experiment. The syringe was additionally rinsed with methanol.

2.3 Determination of LPL activity with DGGR

LPL activity was determined with fluorogenic substrate DGGR, using a spectrofluorophot-

ometer (Shimadzu RF-5301 PC, Shimadzu Corporation, Japan). The reaction was followed for

3 minutes at 25˚C, using an excitation wavelength of 572 nm and an emission wavelength of

605 nm. Samples were prepared by incubating 200 nM LPL at room temperature in a 150 mM

NaCl, 20 mM HEPES, pH 7.4 buffer with various supplements or in LFHP. The incubation

mixture was diluted to 10 nM LPL in a measurement buffer containing 150 mM NaCl, 20 mM

HEPES, 10 IU/ml heparin, 24 μM DGGR and 0.5% Triton X-100. A 4 mM stock solution of

DGGR was prepared in ethanol.

2.4 Determination of the affinity for the interaction of LPL-BSA using ITC

The binding affinity between bLPL and BSA was determined using MicroCal PEAQ-ITC. The

calorimetric cell was filled with 1.695 μM bLPL and 10 IU/ml heparin in 20 mM HEPES, 150

mM NaCl, pH 7.4 buffer. The syringe contained 752 μM BSA in the same conditions and the

reference cell was filled with degassed MilliQ water. Titration was carried out at 25˚C with a

reference power set to 41.9 μJ/s and at a stirring speed of 750 rpm. Binding affinity was esti-

mated based on 38 sequential injections of BSA where each injection increased BSA concentra-

tion in the cell by 3.76 μM. A control experiment (dilution of BSA) was carried out in the same

conditions but without bLPL in the measurement cell. Data analysis and KD estimation was

performed with MicroCal PEAQ-ITC Analysis Software (Malvern).

2.5 Stabilization measurements for estimation of affinity for the

interaction of LPL-BSA

Human or bovine LPL (200 nM) was preincubated alone or with various concentrations of

BSA at room temperature in a solution of 20 mM HEPES, 150 mM NaCl, pH 7.4. After 60
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minutes, LPL activity was determined at 25˚C using DGGR as a substrate. Stabilization effect

of BSA was calculated by subtracting the LPL activity at 60 minutes from the initial LPL activ-

ity. The affinity (expressed as KD) of BSA for bLPL or hLPL was calculated by the equation:

v ¼
Vm � ½BSA�
KD þ ½BSA�

þ v0 ð1Þ

where v is the catalytic activity of hLPL or bLPL at any BSA concentration, [BSA]—BSA con-

centration, v0 –catalytic activity of bLPL or hLPL in the absence of BSA, Vm−maximal bLPL or

hLPL activity achievable by increasing the BSA concentration. To obtain estimation for KD,

SigmaPlot software (SPSS, Chicago, IL, USA) and its hyperbolic curve fit function was used for

fitting the experimental data according to Eq 1.

2.6 Surface plasmon resonance measurements

SPR experiments were performed on a Biacore 3000 instrument using CM5 sensorchips (GE

Healthcare). The binding of BSA to bLPL was analyzed using two experimental set ups. In

one experiment, biotinylated bLPL was attached to the surface of a CM5 sensor chip in 20

mM HEPES, 150 mM NaCl, pH 7.4 buffer via neutravidin that was covalently pre-immobi-

lized using the amino coupling kit (GE Healthcare). It has been previously demonstrated

that bLPL immobilized in this manner retains its ability to bind lipoproteins and ANGPTL4

[41]. 1074 RU of biotinylated bLPL was bound to the surface of the sensor which corre-

sponded to a surface density of 19.5 fmol/mm2. In the other experiment, bLPL in 20 mM

HEPES, 150 mM NaCl, 10 IU/ml heparin, 2 mg/ml BSA, pH 7.4 buffer was attached to

GPIHBP1 that was covalently pre-immobilized in 10 mM acetic acid (pH 3.5) using the

amino coupling kit. In this case, 215 RU of bLPL was bound to the immobilized GPIHBP1

corresponding to surface density of 3.9 fmol/mm2. Anti-LPL monoclonal antibody 5D2 was

immobilized to a sensor chip according to Mysling et al. [42]. In this case, bLPL was bound

to the immobilized 5D2 in 20 mM HEPES, 150 mM NaCl, 10 IU/ml heparin, pH 7.4. The

surface density of bound LPL was 1.7 fmol/mm2. Binding of BSA to the sensor chips with

bLPL were carried out at 25˚C in a buffer that contained 20 mM HEPES, 150 mM NaCl, pH

7.4. For data analysis, nonspecific binding and bulk effect was subtracted from the total

binding.

For calculation the number of BSA molecules bound to immobilized LPL (n), we used the

following equation:

n ¼
RUA=MwA

RUL=MwL
ð2Þ

where RUA is the response for binding of BSA to the immobilized bLPL at the steady state;

RUL is the amount of immobilized LPL expressed in response units; MwA and MwL are molec-

ular weights of BSA (66 kDa) and bLPL (55 kDa), respectively.

2.7 Determination of diffusion coefficients using raster image correlation

spectroscopy

LPL was labelled with ATTO610-NHS ester for these experiments. This LPL conjugate was

prepared as follows: LPL was dialyzed against 200 mM NaHCO3, 1 M NaCl, pH 8.4 buffer,

after which LPL was incubated with ATTO610 at a 1:5 molar ratio for 2 h at 4˚C. The active

fluorescent LPL was purified using heparin chromatography and the concentration and degree

of labeling was determined by measuring optical densities at λ280 and λ616. Samples for RICS

were prepared by incubating 10 nM LPL-ATTO610 with 190 nM unlabeled LPL at room

PLOS ONE Albumin as a chaperone of LPL

PLOS ONE | https://doi.org/10.1371/journal.pone.0283358 April 12, 2023 5 / 24



temperature for up to 2 hours in buffer containing 20 mM HEPES pH 7.4, 150 mM NaCl and

either 2 or 50 mg/ml BSA or 10 IU/ml heparin. Heparin was added after 15 minutes into LPL

incubation with BSA in measurements with both BSA and heparin. LPL was incubated for at

least 2 hours in incubations with 1 M GuHCl to allow for monomerization of LPL to happen

[43].

Raster image correlation spectroscopy (RICS) was used to determine diffusion coefficient

assuming that the sample consisted of a single component. Previously developed RICS exten-

sions were used [44, 45]. Namely, sample was scanned at three different line scanning frequen-

cies and imaging a region of 20 x 20μm. The signal was acquired during half of the scan time

with the other half used for flyback with each image containing 1000 lines and pixel time set to

1μs. Images were acquired in sets of 90 (line scanning frequency 500 Hz), 60 (289 Hz), and 30

(167 Hz) frames with the order of the used frequencies randomized. Measurements were per-

formed on custom built confocal microscope as previously described [45]. Analysis of the sam-

ples involved in this work required additional filtering step. Namely, samples contained a

small fraction of large particles that were visible on some of the images. Such large particles

disturbed the correlation analysis and were removed from overall diffusion coefficient deter-

mination, as described in Results. To filter the images with the large particles, each acquired

image was split into four equal sections and correlation functions (CF) for each section was

found. CF from each section was fitted by single-component diffusion model and the diffusion

coefficient together with the number of particles in the confocal volume. For image sections

with the large particles, estimated diffusion coefficient and number of particles in confocal vol-

ume were much smaller than for the image sections without such particles (see Results for

examples). The sections without large particles were later analyzed by finding CF on the basis

of all data and fitting CF obtained for each line scanning frequency with the same model

parameters. The used models assumed Gaussian form of the point spread function and triplet

state. Measurements and analysis of RICS data was done blindly with the samples prepared

and enumerated by personnel not involved in the measurements and analysis of RICS data to

avoid any bias.

2.8 Negative stain transmission electron microscopy (nsTEM)

Samples were prepared as described for RICS. Briefly, LPL was diluted to 200 nM in buffer

containing 20 mM HEPES pH 7.4, 150 mM NaCl, and 2 mg/ml BSA (A7906, Sigma) or 10 IU/

ml Heparin (H19, Fisher scientific) and incubated for 30 min. For samples with both BSA and

heparin, heparin was added 15 min into incubation. For samples with both heparin and triton

X-100, triton X-100 was added 15 min into incubation. Following incubation, 5 μl of each sam-

ple was applied to a glow discharged ultrathin carbon nsTEM grid (CF300_CU_UL, EMS).

Grids were glow discharged with a PELCO easiGlow for 25 seconds to ensure hydrophilization

of the grid carbon. Sample was incubated on the grid for 1 min followed by a wash with 100 μl

of 20 mM HEPES pH 7.4 and 150 mM NaCl. The grid was then stained for 1 min with a fil-

tered 2% uranyl acetate solution in 50% ethanol, blotted, and allowed to dry. Grids were

imaged using a TECNAI T12 microscope equipped with a Gatan Rio camera. Images were col-

lected using DigitalMicrograph and analyzed with ImageJ.

3. Results

3.1 Effect of BSA on LPL stability

LPL irreversibly loses most of its catalytic activity in ordinary buffers within minutes but is sta-

ble for several hours in undiluted human plasma as shown by the measurements of ITC [39].

This stabilization could be due to the binding of LPL to lipoprotein surfaces, as this effect has
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also been observed in some artificial substrate emulsions [46]. To examine whether other

plasma components affect LPL stability, incubations were performed in lipoprotein free

human plasma (LFHP), and in various other solutions for comparison: a) 150 mM NaCl, 20

mM HEPES, pH 7.4 buffer (buffer A), b) buffer A supplemented with BSA, the main plasma

protein, c) buffer A supplemented with heparin (a well-known stabilizer of LPL), d) buffer A

supplemented with both BSA and heparin. LPL activity was measured at multiple time-points

using the fluorogenic substrate DGGR. As seen in Fig 1A, LPL lost almost 80% of its initial

activity within 15 min in buffer A. Significant stabilization was recorded in all other solutions

used. LFHP and BSA were somewhat more effective stabilizers than heparin. The most signifi-

cant LPL stabilization was observed when both BSA and heparin were present, as LPL was

completely stable for 75 minutes in this case. The similar stabilization effect of BSA and LFHP

suggests that albumin is a major stabilizer of LPL in plasma.

We next wanted to address the mechanism by which BSA might stabilize LPL. We first

investigated whether BSA was acting as a macromolecular crowder, effectively stabilizing LPL

by altering the properties of the surrounding buffer environment. For this purpose, BSA was

replaced with 10% PEG or 10% dextran in the LPL incubation mixture with buffer A. The con-

centration of 10% for PEG or dextran was chosen to produce a crowding effect that is compa-

rable or higher than that of BSA at the concentration 100 mg/ml [47]. The results of these

experiments are presented as residual LPL activity determined after 60 minutes of incubation

(Fig 1B). The loss of LPL activity was greater in buffer conditions without crowders, but nei-

ther PEG nor dextran stabilized LPL to the extent BSA did. LPL activity was at least two-fold

higher when incubated with BSA instead of PEG or dextran. This observation suggests that

macromolecular crowding alone is not sufficient to cause the stabilization of LPL.

We did find that BSA was not the only protein that stabilized LPL as the milk proteins

casein and β-lactoglobulin had a similar ability (Fig 1C). However, lysozyme, a small antibac-

terial protein, lacked this property. Thus, the stabilization of LPL seems not to be a general

property of proteins, but rather depends on their specific characteristics. The effect of casein

agrees with previous studies (casein stabilizes LPL in milk [48]) and β-lactoglobulin may also

Fig 1. Catalytic activity of LPL measured with DGGR after incubation in various conditions. (A) 200 nM LPL was

incubated in buffer A (▲), which contained 10 IU/ml heparin (◆), 50 mg/ml BSA (■) or both (●). Alternatively, LPL

was incubated in LFHP (▼). LPL activity is expressed relative to the initial activity of the experiment that contained

both heparin and BSA. Results at 75 minutes were compared by two-tailed Student’s t-test. *P<0.05. LPL loses its

activity quickly in plain buffer but is stabilized by lipoprotein free human plasma (LFHP) or its main constituent

albumin (BSA). The most significant stabilization was observed when both BSA and heparin were used together. (B)

200 nM LPL was incubated in macromolecularly crowded buffer A. LPL activity is expressed as relative fluorescence

units per second (RFU/s). PEG 6 nor dextran 40 could stabilize LPL like BSA, indicating that macromolecular

crowding alone is not sufficient for LPL stabilization. (C) 200 nM LPL was incubated in buffer A with various proteins.

Casein and β-lactoglobulin were as efficient as BSA in stabilizing LPL, however lysozyme failed to exert any effect. This

suggests that LPL stabilization by proteins depends on their specific characteristics such as charge or hydrophobicity.

https://doi.org/10.1371/journal.pone.0283358.g001
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play a similar role. These proteins were chosen for comparison randomly based on their stabil-

ity and solubility at room temperature.

The above experiments suggest that albumin plays a role in stabilizing LPL in the absence

of substrate, the situation that occurs in vivo in the interstitial space after secretion of LPL

from parenchymal cells. However, albumin is also required as a fatty acid acceptor to keep LPL

active on triglycerides of long chain fatty acids. In vivo this occurs at the vascular endothelium

when LPL binds lipoproteins and hydrolyzes their triglycerides. In the absence of albumin,

long chain fatty acids inhibit LPL activity [12]. Here, we investigated whether the effect of albu-

min on LPL is limited to the fatty acid binding during lipolysis of lipoproteins by replacing

BSA with another fatty acid acceptor, β-cyclodextrin, in the calorimetric assay (Fig 2). LPL

activity was determined with ITC using a mixture of isolated triglyceride-rich lipoproteins

CM/VLDL (adjusted to 0.5 mM triglycerides) accompanied by BSA, PEG or dextran. The con-

centrations of BSA (0.75 mM) and β-cyclodextrin (8.81 mM) were chosen to be well above the

required limit to bind all FFAs released during lipolysis. The lack of difference in LPL activity

between the use of two different FFA acceptors, BSA and β-cyclodextrin, allows to conclude

that the role of albumin during endothelial lipolysis is confined to binding released FFAs.

Introducing a crowded environment did not seem to significantly affect LPL activity towards

TRLs. Only a 20% increase in LPL activity was noticed when dextran was used as a macromo-

lecular crowder, and no change was detected when BSA or PEG was involved. This implies

that the role of albumin in stabilizing LPL is likely to occur prior to its movement onto the

endothelial surface.

3.2 LPL forms a complex with BSA

Next, we investigated whether LPL was able to form a direct complex with BSA. The formation

of the bLPL-BSA complex was first demonstrated by ITC by titrating BSA into a solution with

Fig 2. Catalytic activity of LPL on triglyceride-rich lipoproteins in the presence of fatty acid acceptors and

macromolecular crowders. Measurements were performed using ITC. LPL activity is expressed as heat rate (μJ/s). The

substrate mixture contained CM/VLDL (adjusted to 0.5 mM triglycerides), 50 mg/ml BSA (0.75 mM) or 10 mg/ml β-

cyclodextrin (8.81 mM) (CYC) and either 10% PEG 6 or 10% dextran 40 (DEX).

https://doi.org/10.1371/journal.pone.0283358.g002
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bLPL (Fig 3A and 3B). This experiment was performed in the presence of heparin to stabilize

bLPL. The bLPL-BSA interaction was exothermic and BSA concentrations above 3 μM were

required to record a measurable heat effect. The low solubility of bLPL, the weakness of the

interaction, and the solubility limit of BSA did not allow us to perform experiments under

Fig 3. Interaction of LPL with BSA as studied using ITC, stabilization of LPL, and SPR. (A) An example ITC

thermogram for the titration of BSA into a solution with bLPL, obtained after subtraction of the BSA dilution effect.

The concentration of bLPL in the cell was 1.695 μM. (B) Fitted isotherm for the binding between BSA and bLPL from

the ITC experiment on panel A. (C) Enzymatic stability of LPL in the presence of BSA as determined with DGGR. 200

nM bLPL or hLPL was incubated for 60 minutes in buffer A at various BSA concentrations. The values are calculated

relative to the initial activity of LPL in the same conditions. BSA stabilized both bLPL and hLPL in a concentration-

dependent manner. (D) SPR sensograms showing binding of BSA to biotinylated bLPL that was attached to pre-

immobilized neutravidin. (E) SPR sensorgrams showing BSA binding to bLPL that was attached to pre-immobilized

GPIHBP1. In D and E, BSA concentrations are shown on sensograms. Non-specific binding sensorgrams of BSA to

streptavidin and GPIHBP1, respectively, have been subtracted. (F) Plateau values of sensorgrams plotted against BSA

concentration.●—Binding of BSA with 0.1 IU/ml heparin to GPIHBP1-bound bLPL.▲—Binding of BSA to

biotinylated bLPL.◆—Binding of BSA to 5D2-bound bLPL. Dashed line—1:1 ratio of immobilized bLPL to bound

BSA in the experiment with GPIHBP1-bound bLPL. The results indicate that BSA can bind to neutravidin-bound LPL

or GPIHBP1-bound LPL but not 5D2-bound LPL.

https://doi.org/10.1371/journal.pone.0283358.g003
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optimal conditions where all the parameters characterizing the interaction could be deter-

mined. Therefore, the ITC titration data could only be used to estimate the apparent affinity of

the BSA-bLPL interaction. These data suggested a complex type of interaction: after an initial

saturable binding phase, additional and almost constant heat production was recorded at

higher BSA concentrations. The second weaker binding event was not well-defined to allow

for the estimation of KD. When the second weaker binding phase was not taken into account,

the calculated apparent KD for the initial binding was 12.6 μM. However, our various simula-

tions involving both phases confirmed that any additional binding has a negligible effect on

the KD of initial binding.

We also investigated the interaction between LPL and BSA by measuring the enzymatic sta-

bility of bovine LPL (bLPL) and human LPL (hLPL) at different BSA concentrations (Fig 3C).

BSA stabilized both LPL homologs in a concentration-dependent manner and the stabilization

effect was already detectable when BSA concentration was as low as 6 μM (0.4 mg/ml). A

hyperbolic relationship was observed between the relative increase of bLPL or hLPL activity

and BSA concentration. The calculated apparent KD for the interaction between bLPL-BSA

and hLPL-BSA were 78 μM (5.2 mg/ml) and 66 μM (4.4 mg/ml), respectively. The reason for

the difference in the KD values between the ITC and the stabilization study is likely due to the

presence of heparin in the ITC study.

In addition to ITC and enzymatic stability measurements, the interaction between bLPL

and BSA was investigated by SPR. Three separate BSA binding experiments were performed

using a Biacore 3000 (GE Healthcare): 1) with biotinylated bLPL non-covalently attached to

neutravidin that was directly pre-immobilized on the sensor chip 2) with bLPL non-covalently

attached to the chip surface via pre-immobilized GPIHBP1 3) with bLPL non-covalently

attached to pre-immobilized 5D2 antibody. In all systems, dissociation of bLPL from the sen-

sor chip was negligible. In the experiments with the neutravidin-bound biotinylated bLPL, a

detectable association of BSA was observed when its concentration was above 6 mg/ml

(91 μM) (Fig 3D) while in the case of GPIHBP1-bound bLPL, a detectable binding of BSA was

observed at just 1 mg/ml (Fig 3E). In the case of 5D2-bound bLPL, at lower BSA concentra-

tions of 5–20 mg/ml, the non-specific binding to 5D2 was higher than the binding to bLPL-

5D2, however, minor association was observed when BSA concentration was as high as 50 mg/

ml. We conclude that 5D2 strongly hinders association of BSA with LPL. The rectangular

shape of the sensorgrams of the systems with GPIHBP1 and neutravidin indicated very fast

off-kinetics, BSA was completely dissociated within few seconds. Such rapid dissociation made

the correct calculation of rate constants impossible. The rapid dissociation kinetics also indi-

cated that the lifetime of the bLPL-BSA complex is very short, less than a few seconds. For esti-

mation of the equilibrium dissociation constant KD, the plateau values were plotted against the

BSA concentrations in the injected solutions (Fig 3F). In both systems, this relationship

remained linear over the range of BSA concentrations used (0–910 μM), meaning that no satu-

ration was achieved. Higher BSA concentrations were not possible with the BIAcore system.

Additionally, the presence of 0.1 IU/ml heparin did not affect the binding of BSA to

GPIHBP1-bound bLPL (Fig 3F, red circles). Although the apparent binding kinetics of BSA to

neutravidin-bound LPL and to GPIHBP1-bound LPL were similar, much less of the

GPIHBP1-bound LPL than the neutravidin-bound LPL was required for detectable BSA bind-

ing. The surface density 3.9 fmol/mm2 of the GPIHBP1 bound LPL was sufficient to observe

the interaction while a measurable association was detected when the surface density of neu-

travidin-bound biotin-bLPL was 19.5 fmol/mm2. When measuring 50 mg/ml BSA binding,

the steady-state bound BSA/LPL molar ratio was 0.12:1 for neutravidin-bound LPL and 1.2:1

for GPIHBP1-bound LPL. This indicates that the main part of the neutravidin-bound LPL was

not able to interact with BSA. At the same time, a significant fraction, if not all, of the LPL
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bound to GPIHBP1 interacted with BSA. Non-saturable linear binding, as well as a greater

than one molar ratio of bound BSA/LPL, suggest that each molecule of LPL attached to

GPIHBP1 can simultaneously interact with multiple BSA molecules. In summary, all three dif-

ferent binding studies confirm that LPL forms a complex with BSA at physiologically relevant

concentrations, as circulating albumin concentrations range from 35 to 50 mg/ml and 4.4–

15.7 mg/ml in the interstitial space, the latter depending on the tissue [35].

3.3 Interplay between albumin and heparin differs from their individual

effects

Building on the data that LPL forms a complex with BSA and previous works showing that

LPL interacts with heparin, we wanted to investigate the independent and combined effects of

BSA and heparin on LPL when LPL activity is determined with a natural substrate. When 200

nM LPL was incubated for 15 minutes with BSA or heparin alone, its activity on TRLs in

human plasma, as measured by ITC, was much lower than when incubated in the presence of

both heparin and BSA (Fig 4A). Our data therefore shows that when acting on a natural sub-

strate, both heparin and BSA are needed during incubation for maximum LPL activity. This

difference was not observed in the DGGR assay (Fig 1A) under the same incubation condi-

tions, nor when LPL activity was measured using the tributyrin/gum arabic substrate system

(S1 Fig). To elucidate the reason for this discrepancy between the assays, effects of various

incubation conditions were tested. We found that LPL, which has been incubated with heparin

alone for 15 minutes regains its maximal activity after dilution to a solution containing BSA

(Fig 4B). A similar increase in LPL activity was also observed when the dilution was carried

out into LFHP or Triton X-100 (Fig 4B). These data suggest that the low activity of LPL mea-

sured in human plasma when preincubated with heparin (Fig 4A) was due to reversible

changes in the state of LPL. It has recently been shown that heparin induces formation of

reversible inactive helical LPL oligomers that dissociate into active LPL in the presence of the

Fig 4. Effect of BSA, Triton X-100 or LFHP on LPL activity in the presence of heparin. (A) 200 nM LPL was

incubated for the indicated timepoints with 50 mg/ml BSA, 10 IU/ml heparin or both in buffer A. The remaining

activity (expressed as heat rate, μJ/s) was determined with ITC after a single 5 nM LPL injection into human plasma

that contained 1.31 mM triglycerides. LPL activity is expressed relative to the initial activity of the experiment that

contained both heparin and BSA and the data is presented as mean ± SD of three independent measurements. LPL

activity was significantly lower when only BSA or heparin was used. (B) 1 μM LPL was incubated with 10 IU/ml

heparin in buffer A and diluted 5-fold to buffer A with heparin and 0.5% Triton X-100, 50 mg/ml BSA or LFHP. The

remaining LPL activity was determined in the same manner as panel A. LPL activity was restored equally with every

additive.

https://doi.org/10.1371/journal.pone.0283358.g004
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surfactant deoxycholate [33]. Our data here indicate that the LPL helical oligomers do not dis-

sociate into the active form in undiluted human plasma but do so in the substrate systems con-

taining surfactants such as Triton X-100 in the DGGR assay or gum arabic in the tributyrin

assay. The LPL helical oligomers also dissociated in the substrate-free preincubation solutions

with Triton X-100, BSA, or LFHP. The observation that the oligomers did not dissolve in undi-

luted human plasma but did when lipoproteins were removed from plasma—that is, in LFHP,

—suggests that the presence of lipoproteins hindered this process.

When LPL at various concentrations was preincubated with BSA alone prior to activity

determination in human plasma by ITC, the observed catalytic activity of LPL was higher at its

lower preincubation concentrations. A significant increase in the activity of LPL was observed

when preincubation concentration was reduced from 200 nM to 20 nM (Fig 5). This sharp

change in LPL activity suggests that BSA, like heparin, causes reversible oligomerization of

LPL. Like heparin induced LPL oligomers, BSA induced LPL oligomers did not dissociate into

active form in human plasma. The LPL concentration effect on its activity disappeared when

heparin was combined with BSA during preincubation. In this case, LPL activity was the same

for every concentration (Fig 5).

Fig 5. Effect of LPL incubation concentration on its activity as measured with ITC. LPL activity, expressed as heat

rate (μJ/s), after incubation of LPL at various concentrations with 50 mg/ml BSA with (▲) or without (●) 10 IU/ml

heparin in buffer A. The changes in residual LPL activity suggest that LPL oligomerization triggered by BSA is

dependent on LPL concentration. This dependence disappears with the combined use of heparin and BSA which

blocks the formation of LPL oligomers.

https://doi.org/10.1371/journal.pone.0283358.g005
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3.4 Oligomerization of LPL as studied by RICS and Transmission Electron

Microscopy (TEM)

To further characterize the LPL oligomerization occurring in the presence of heparin and

BSA, we used RICS technology to determine diffusion coefficients (D) and estimate the relative

content of LPL species with different sizes. Larger particles will have a lower D value while

smaller particles are characterized by high D values. We chose RICS technology instead of the

previously used standard sedimentation method [14, 26] because the high sucrose concentra-

tion used in the latter would cause additional crowding effect [49, 50]. In the RICS experi-

ments, LPL was labelled with the fluorescent marker ATTO610, and measurements were

performed in the presence of either BSA, heparin, or both. No fluorescence correlation was

observed in measurements performed with BSA alone in solution. Straightforward fitting of

autocorrelation functions, as a part of RICS analysis, produced poor fits (results not shown).

This was caused by the presence of a population of large bright particles which disturbed auto-

correlation significantly and made it impossible to fit with the diffusion models. To resolve

this issue, the recorded images were split into subsections and the diffusion coefficient with

the number of particles (N) in the confocal volume was estimated for each of these subsections.

As it is shown in S2A Fig, the estimated D varied from subsection to subsection throughout

the experiment, including some with relatively small values. When plotting D against N, one

can observe that there is a fraction of subsections with small D that have small N (bottom left

corner of Fig 6A, 6C and 6E). This is consistent with large bright particles moving through the

experimental area–leading to low D and small N values. The high variability of D and N esti-

mates is expected as we used small datasets to make those estimations. Subsections with the

small estimated D and N were removed and the average correlation functions for the remain-

ing subsections were found and fitted with the diffusion model (S2B Fig). Analysis of the LPL

diffusion coefficients for different samples is summarized in Table 1, the average diffusion

coefficient takes into account all observed larger and smaller species. RICS experiments were

conducted using both 200 nM and 10 nM LPL to observe differences in the average diffusion

coefficients resulting from LPL concentration.

LPL at 200 nM formed larger particles in the presence of 50 mg/ml BSA, as indicated by a

low average D (7.4 ± 1.2 μm2/s). In addition, as shown in Fig 6A, the sample was heteroge-

neous, leading to formation of tail-like structure on N-D scatter plot (red circle). We predict

that the large particles represent the reversible oligomerized state of LPL identified with BSA.

Oligomerization of LPL was also seen with 10 IU/ml heparin (Fig 6C), albeit in a smaller pro-

portion as indicated by larger average D of ~20 μm2/s (Table 1). Similar average D (~22 μm2/

s) was recorded after addition of 10 IU/ml heparin to the LPL+BSA mixture homogenized the

LPL distribution (Fig 6E). This agrees with ITC measurements that show LPL activity of

ATTO610 labeled LPL is restored after addition of heparin to an LPL-BSA incubation (S3

Fig), similarly to how BSA was previously able to restore LPL activity in a heparin containing

solution (Fig 4B). The same pattern was observed at 2 mg/ml BSA concentration (Table 1).

However, on the basis of D measurements, it is impossible to explain the differences in activity

of LPL with heparin alone and BSA with heparin. In solution, LPL is likely in a similar size, but

inactive conformation, in the presence of heparin at this LPL concentration, as indicated by

activity measurements.

TEM experiments were used to examine the appearance of LPL aggregates under the condi-

tions used in the RICS measurements, but without ATTO610 labeled LPL. LPL aggregates

were observed with BSA (Fig 6B), which were not seen with BSA alone (S4A Fig). LPL helical

oligomers were observed when incubated with heparin (Fig 6D). LPL aggregates were not

observed when combined with both BSA and heparin (Fig 6F), although combining heparin
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Fig 6. Oligomerization of LPL as studied by RICS and TEM. 10 nM LPL-ATTO610 with 190 nM unlabeled LPL was incubated in buffer A

with the indicated supplements for up to two hours at room temperature. (A) Relationship between diffusion coefficient (D) and number of

particles (N) in confocal volume (proportional to concentration) for image sectors recorded in an experiment with 200 nM LPL and 50 mg/ml

BSA. Larger particles have lower D values. Notice that a large fraction of measurements leads to estimates with low D and N values (red circle)
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and BSA did lead to some aggregation of the BSA (S4B Fig). The data from RICS supports that

these BSA aggregates in the presence of heparin do not contain LPL. LPL aggregates were also

observed with 200 nM LPL by itself (S4D Fig). Finally, LPL oligomers in the presence of hepa-

rin were dissolved by treatment with Triton X-100 (S5 Fig), which is in agreement with LPL

activity measurements that show an increase in LPL activity after introduction of Triton X-100

to oligomeric LPL conditions (Fig 4B).

To test the effect of LPL concentration on formation of LPL oligomers, measurements were

performed with 10 nM LPL and 50 mg/ml BSA, in the absence or presence of 10 IU/ml hepa-

rin. Measurements with 10 nM LPL and 50 mg/ml BSA exhibited only slight oligomerization

(Table 1, average D ~20 μm2/s) and the results were comparable to 10 nM LPL with BSA and

heparin together. This agrees with the concentration dependence demonstrated in Fig 5A.

Finally, 10 nM LPL was denatured with 1 M GuHCl to produce partially unfolded monomeric

LPL [43] as a comparison (S2C Fig). In this case, the LPL solution is inhabited by smaller par-

ticles whose average Ds were approximately twice as high as that observed when LPL was incu-

bated with heparin and BSA.

3.5 Oligomeric form of LPL is more resistant to inactivation by ANGPTL4

We next asked if ANGPTL4 inactivation of LPL could be influenced by the formation of the

LPL-BSA and LPL-heparin oligomers. At a relatively low LPL concentration of 20 nM where

we do not expect to see significant oligomerization, we found the rate of inactivation by

ANGPTL4 was similar in all conditions (Fig 7A). When the LPL concentration was raised to

200 nM (Fig 7B), the difference between the incubation conditions was noticeable—after 130

minutes of incubation, the residual LPL activity was 55% of the initial activity in the presence

of heparin or BSA alone and 35% in the presence of both. These results indicate that conditions

that promote oligomer formation, such as higher LPL concentrations and the presence of

either BSA or heparin alone, reduce the rate of ANGPTL4 inactivation. Thus, it is reasonable

to assume that LPL oligomers are resistant or less affected by the action of ANGPTL4. LPL was

not fully resistant to inactivation by ANGPTL4, likely due to our previous observation that

LPL is not entirely oligomeric in these conditions. Some fraction of total LPL remains catalyti-

cally active in these cases as seen in Figs 4 and 5A.

(B), (D), (F) Representative nsTEM micrographs of unlabeled LPL in similar conditions as RICS experiments. Scale bars are 100 nm. (C)

Interaction of LPL and heparin leads to formation of a fraction of estimates with lower D values at N values between 2–3. This is visible in the

plot as a smaller set of points grouped around D = 10 μm2/s (red circle) with the larger set of estimates above it. (E) Relationship between D

and N for an experiment with LPL, BSA and heparin. Notice that most of the image sectors lead to D and N estimates in a certain region of the

plot (red circle).

https://doi.org/10.1371/journal.pone.0283358.g006

Table 1. Calculated diffusion coefficients of main LPL component from RICS measurements.

LPL BSA 10 IU/ml heparin Diffusion coefficient (D, μm2/s)

200 nM 50 mg/ml 7.0 ± 1.2

2 mg/ml 13.0 ± 2.9

➕ 19.9 ± 3.4

50 mg/ml ➕ 21.7 ± 0.8

2 mg/ml ➕ 25.7 ± 2.6

10 nM 50 mg/ml 20.5 ± 1.4

2 mg/ml 28.7 ± 2.2

50 mg/ml ➕ 24.0 ± 1.0

10 nM LPL + 1 M GuHCl 42.5 ± 7.2

https://doi.org/10.1371/journal.pone.0283358.t001
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3.6 Albumin amplifies the inactivation of LPL by nANGPTL4 in the

presence of substrate

In addition to the interstitial space, ANGPTL4 can affect LPL at the surface of lipoproteins

[51].To investigate whether albumin affects the ANGPTL4/LPL interaction in this case, inacti-

vation kinetics of LPL by ANGPTL4 were measured at various BSA concentrations. These

measurements were performed by ITC using a mixture of triglyceride-rich lipoproteins as sub-

strate. We found that the rate of inactivation of LPL by nANGPTL4 was increased at higher

BSA concentrations (Fig 8A). The inactivation curves followed the first-order kinetics and the

inactivation rate constant (ki) in the presence of 10 mg/ml or 50 mg/ml BSA was about 1.6

time higher than for 2 mg/ml BSA. Since albumin does not affect LPL activity and stability at

substrate surfaces, we wondered if there might be a direct interaction between albumin and

nANGPTL4. Indeed, SPR measurements showed association between human serum albumin

(HSA) and immobilized nANGPTL4 (Fig 8B). This interaction was rather weak (KD = 500

±51 μM), but still sufficient to have physiological significance in the capillary.

Discussion

In the present study, we show that albumin, the major protein component of plasma, increases

the stability of LPL via reversible oligomerization, dissolves heparin-induced LPL oligomers,

and can affect the LPL-ANGPTL4 interaction. Thus, our results suggest that the role of albu-

min in the LPL system is more diverse than the previously known role of binding lipolysis-

derived fatty acids. Albumin, usually as BSA, has been also previously included in LPL assays

[52–54] but its specific role has never been studied before this study. Although most of the

experiments in this study were performed with bovine LPL and BSA, it is likely that the results

of the proteins from other sources will not differ because our experiments with human LPL

and BSA did not differ significantly from those with bovine LPL. Also, LFHP, which contains

HSA, affected LPL stability similarly to BSA. LPL is exposed to albumin and other plasma

components in the vascular endothelium, interstitial space, the surface of parenchymal cells,

Fig 7. Inactivation of oligomeric LPL by ANGPTL4. 20 nM LPL (A) or 200 nM LPL (B) was incubated in the presence of 1 μM ANGPTL4 and 10 IU/ml

heparin (●) or 50 mg/ml BSA (■) or both (▼) in buffer A. Remaining LPL activity was determined by ITC using undiluted pooled human plasma (0.89 mM

triglycerides, n = 5). LPL activity is expressed relative to initial activity in the same conditions without ANGPTL4. Symbols represent individual measurements

and lines correspond to their average values. The results suggest that the rate of LPL inactivation by ANGPTL4 depends on the degree of LPL oligomerization.

https://doi.org/10.1371/journal.pone.0283358.g007
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and when attached to lipoprotein remnants [55]. The plasma concentration of albumin is 35–

50 mg/ml and its concentration in the interstitial space of adipose tissue and skeletal muscle is

4.4–10 mg/ml and 9.7–15.7 mg/ml, respectively [35]. Since the KD values of the LPL-albumin

complexes were lower than or comparable to albumin concentrations in all extracellular loca-

tions of LPL, it is reasonable to assume that albumin affects LPL in vivo. Our data also indicate

that albumin affects LPL stability via direct interaction, and macromolecular crowding may

have only a limited role in the effect. The short lifetime of the LPL-albumin complex, as seen

in the SPR experiment, may be important for the rapid transition of LPL to other complexes in

the interstitial space to enable efficient shuttling of LPL to the vascular endothelium.

The observation that casein and β-lactoglobulin also stabilize LPL, but lysozyme does not,

raises the question of what properties are required for a protein to interact with LPL. Our mea-

surements were performed at pH 7.4, where albumin, casein and β-lactoglobulin are negatively

charged due to their low pI, while lysozyme with its very high pI (11.1) is positively charged.

The overall positive charge of LPL may explain its interaction with negatively charged albu-

min, casein and β-lactoglobulin, and also the avoidance of positively charged lysozyme.

Exposed hydrophobicity, which plays a role in the thermal stabilization of several proteins, is

likely not the only reason for stabilization of LPL by these proteins. This is mainly because

lysozyme has a significantly large exposed hydrophobic area. However, the structural proper-

ties of proteins that determine their ability to stabilize LPL require further investigation.

The most intriguing observation in this study was the interplay of BSA and heparin in the

reversible aggregation / oligomerization of LPL. As shown by ITC, TEM, and RICS measure-

ments, both heparin and albumin alone induced reversible oligomerization of LPL. The LPL

aggregates disappeared when both heparin and BSA were present in the incubation solution.

This observation suggests that albumin binds to the LPL region involved in heparin-induced

oligomerization and that heparin binds to the LPL region that plays a role in albumin-induced

Fig 8. Interaction of albumin with nANGPTL4. (A) Effect of BSA at various concentrations on nANGPTL4-induced inactivation of LPL during lipolysis of

triglyceride-rich lipoproteins. Raw ITC thermograms of lipolysis of CM/VLDL (adjusted to 0.75 mM triglycerides) by LPL in the presence of 100 nM nANGPTL4

and various concentrations of BSA (2 mg/l, 10 mg/ml, 50 mg/ml). The lipolysis rate is expressed as heat rate, μJ/s. The control experiment was performed in the

absence of nANGPTL4 and presence of 50 mg/ml BSA. ki represents inhibition rate constant of LPL by nANGPTL4 calculated from the data (n = 2). The results

demonstrate that the rate of LPL inactivation by nANGPTL4 is increased at higher BSA concentrations. (B) SPR analysis of binding of various concentrations of

HSA to immobilized nANGPTL4. Plateau values of SPR sensorgrams were plotted against HSA concentrations after subtracting non-specific binding. The results

indicate that HSA interacts with nANGPTL4.

https://doi.org/10.1371/journal.pone.0283358.g008
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aggregation. TEM analysis revealed that albumin-induced LPL aggregates differed from that of

heparin-induced LPL helices (Fig 6). Unlike heparin-induced higher-order structure helices,

albumin-induced aggregates did not have a well-defined regular structure. Despite structural

differences, both oligomers were soluble in detergents such as Triton X-100, gum arabic or

deoxycholate and dissociated at low LPL concentrations. The solubilization effect of the deter-

gents suggests that the hydrophobic effect may play a role in the formation of both types of

oligomers. LFHP was as effective as albumin in dissolving the LPL oligomers induced by hepa-

rin, indicating that albumin is the major component of plasma responsible for this effect.

LPL is mainly synthesized by parenchymal cells of adipose tissue and skeletal muscles,

secreted into the interstitial space, and transported by GPIHBP1 to the vascular endothelium.

Prior to secretion from cells, LPL has been shown to be transported in intracellular vesicles in

which it is complexed with HSPG SDC1 [34] and has acquired filamentous distribution [33].

Upon secretion, the LPL filaments arrive in the interstitial space where vast amounts of albu-

min and glucose-aminoglycans, including HSPGs, are present. To become enzymatically

active, the filaments must dissociate into an active form of LPL. This dissociation can be

ensured by the coaction of interstitial albumin and HSPG. Thus, albumin can have a role in

creating a suitable environment that turns oligomerized LPL into its active form (Fig 9).

It is possible that ANGPTL4 can act on LPL either in the cells that produce them [56], in

the subendothelial space right after their secretion [57] or at the luminal side of vascular endo-

thelium [41, 51, 58]. Our experiments show that the ANGPTL4 induced inactivation of LPL

occurs faster when both albumin and heparin are present, i.e. in an environment in which LPL

is not oligomerized. Both heparin-induced and albumin-induced oligomerization protected

LPL from the action of ANGPTL4. It has been shown that nANGPTL4 binds to the lid-domain

and the lid-proximal helix of LPL [59]. According to the cryo-EM structure of helical oligo-

mers of LPL, the lid region is involved in the formation LPL helices. Thus, the ANGPTL4 bind-

ing region could be occluded in oligomeric LPL, and this might prove to be a fail-safe to

protect vesicle-stored LPL in adipose tissue. Inversely, albumin and HSPG are present in the

subendothelial space, which might provide a suitable environment for the action of ANGPTL4

on LPL.

Albumin acts as a FFA acceptor in vivo during lipolysis and has to be used in vitro with sub-

strates that contain long-chain triglycerides to bind released FFAs which would otherwise

inhibit LPL. We did not observe any changes to LPL activity when another fatty acid acceptor,

cyclodextrin, was used in place of albumin. This indicates that when LPL is in the presence of

substrate, the role of albumin is limited to its ability to bind FFAs–and does not rely on a direct

physical interaction between LPL and albumin. Further suggesting that the realm of LPL-albu-

min interactions might be prior to transfer to the vascular endothelium. LPL stabilization has

been previously observed when LPL is bound to surfaces of artificial substrate emulsions [46].

It is likely that LPL is also stable on the surface of lipoproteins and is not influenced by albu-

min or macromolecular crowding of plasma.

A model for describing our observations on the oligomerization of LPL is proposed in Fig

9. Depending on the conditions, LPL can appear as an irreversible aggregate, a heparin-

induced reversible helical oligomer [33], a reversible albumin-induced aggregate, or in its

active form—which could be a properly folded monomer or dimer. The presence of both hepa-

rin and albumin leads to dissociation of both reversible type aggregates [42].

In summary, this study suggests that albumin can strongly affect the action and properties

of LPL. Albumin may play a role in the decomposition of helical LPL oligomers induced by

heparin or HSPGs. The dissociation of LPL oligomers or the avoidance of their formation can

be crucial for LPL’s interaction with its ligands as it transits the interstitial space. In vitro, both

albumin alone and heparin alone promote the concentration-dependent formation of LPL
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oligomers. These oligomers are reversible and dissociate into catalytically active LPL upon

dilution and/or treatment with Triton X-100. Great consideration into LPL concentration and

buffer environment should be taken in studies to distinguish between irreversible inactivation

or aggregation and reversible LPL oligomer formation, which might affect interactions with

various ligands and drugs.

Supporting information

S1 Fig. LPL activity measured in various substrate systems. LPL activity was measured in

substrate systems with increasing complexity: soluble fluorescent substrate

DGGR< Tributyrin < Intralipid < Isolated triglyceride-rich lipoproteins (CM/VLDL) <

Undiluted human plasma. 200 nM LPL was incubated for 15, 45 or 75 min in 20 mM HEPES,

150 mM NaCl, pH 7.4 buffer with 50 mg/ml BSA. Remaining LPL activity was determined

with ITC for all substrates except DGGR, where fluorimetry was used instead. A single 5 nM

LPL injection was made in the ITC experiments and the final concentration of LPL with

DGGR was 10 nM. Results are presented as mean ± SD of three independent measurements

and calculated relative to measurements where heparin was added in addition to albumin.

(TIF)

S2 Fig. Determining diffusion coefficients of LPL using RICS. (A) Estimation of diffusion

coefficient (D) for all image sectors acquired with 200 nM LPL, 50 mg/ml BSA and 10 IU/ml

heparin. Notice the spread of Ds and that some of the estimates had rather low value, corre-

sponding to images with the larger particles. (B) Fit of fluorescence autocorrelation obtained

in RICS experiment at 289 Hz scanning speed after analyzing average correlation and filtering

the data (see main text for details). C—10 nM LPL-ATTO610 incubated in 1 M GuHCl for 2

hours at room temperature. There are only a few bright particles in these conditions (red cir-

cle).

(TIF)

S3 Fig. Addition of heparin to LPL incubation with albumin. 190 nM LPL with 10 nM

LPL-ATTO610 was incubated at room temperature in 20 mM HEPES, 150 mM NaCl, pH 7.4

buffer with 50 mg/ml BSA to mimic conditions used for FCS measurements. After 15 minutes,

final concentration of 10 IU/ml heparin or water was added to the mixture. LPL activity

expressed as heat rate was measured with ITC at 25˚C in 1.31 mM triglycerides human plasma

after a 5 nM LPL injection. Data is presented as mean of two independent measurements.

(TIF)

S4 Fig. BSA and heparin occasionally form aggregates. (A) Aggregates of BSA were not

observed when 2 mg/ml BSA was applied to a TEM grid. (B) However, aggregates were some-

times observed when 2 mg/ml BSA and 10 IU/ml heparin were mixed together. (C) These

BSA/heparin aggregates were also seen in a minority of 200 nM LPL with 2 mg/mL BSA and

10 IU/mL heparin micrographs. Scale bars 100 nm. D—200 nM LPL in 20 mM HEPES, 150

mM NaCl, pH 7.4 buffer.

(TIF)

S5 Fig. Incubation of heparin treated LPL with triton X-100 abolishes formation of LPL

helices. When 200 nM of LPL is mixed with 10 IU/ml heparin, the formation of LPL helices

was observed (Fig 6D). When 200 nM LPL with 10 IU/ml heparin was treated with increasing

Fig 9. Summarized results and proposed model for oligomerization of LPL. The model describes possible states of

LPL according to in vitro investigations.

https://doi.org/10.1371/journal.pone.0283358.g009
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concentrations of the detergent triton X-100, the LPL helices were progressively dissolved. (A)

—At 0.005% triton X-100 concentration the beginning of LPL helix dissolution can be

observed, with the helices pulling apart (upper panel) or dissolving from one end of the helix

(lower panel). (B)—At 0.05% triton X-100 LPL helices are no longer observed, although some

clumps of LPL are visible. (C)—at 0.5% triton X-100 the LPL particles are disperse and do not

appear aggregated. Scale bars are 100 nm.

(TIF)
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B I O P H Y S I C S

Statistical analysis of fluorescence intensity transients 
with Bayesian methods
Hamed Karimi1, Martin Laasmaa1, Margus Pihlak2, Marko Vendelin1*

Molecular movement and interactions at the single-molecule level, particularly in live cells, are often studied us-
ing fluorescence correlation spectroscopy (FCS). While powerful, FCS has notable drawbacks: It requires high laser 
intensities and long acquisition times, increasing phototoxicity, and often relies on problematic statistical as-
sumptions in data fitting. We introduce fluorescence intensity trace statistical analysis (FITSA), a Bayesian method 
that directly analyzes fluorescence intensity traces. FITSA offers faster, more stable convergence than previous 
approaches and provides robust parameter estimation from far shorter measurements than conventional FCS. 
Our results demonstrate that FITSA achieves comparable precision to FCS while requiring substantially fewer pho-
tons. This advantage becomes even more pronounced when accounting for statistical dependencies in FCS analy-
sis, which are often overlooked but necessary for accurate error estimation. By reducing laser exposure, FITSA 
minimizes phototoxicity effects, representing a major advancement in the quantitative analysis of molecular pro-
cesses across fields.

INTRODUCTION
Fluorescence correlation spectroscopy (FCS) is an established tech-
nique used in many disciplines to study the movement of molecules 
and changes at the single-molecule level (1, 2). The method is based 
on recording fluorescence intensity transient changes in a small vol-
ume using confocal microscopy and analyzing these transients 
through autocorrelations. Depending on the physical processes 
causing the fluorescence intensity fluctuations, it is possible to de-
termine diffusion coefficients (DCs) of fluorescent molecules and 
their concentrations and characterize reactions leading to changes 
in their fluorescence state (1, 2). As measurements can be performed 
in live cells, FCS is one of the few methods capable of revealing de-
tails about intracellular environment properties under conditions 
approximating in vivo, thereby providing crucial information for a 
mechanistic understanding of intracellular processes and their reg-
ulation. FCS has been extended by a family of methods to address 
some of its shortcomings or to study the aspects that were not pos-
sible with the classical FCS (3–10). As the fields progress toward an 
understanding that the intracellular environment is highly compart-
mentalized rather than a well-mixed solution (11–13), resolution 
requirements for methods probing this environment have increased. 
However, FCS and related methods use relatively high laser intensi-
ties in measurements, which means that performing measurements 
to explore regional differences in the intracellular environment 
would require even longer overall exposure of cells to laser radia-
tion, potentially increasing phototoxicity effects (14). Thus, alterna-
tive methods are needed to study the intracellular environment with 
reduced exposure to laser illumination.

In addition to high laser illumination requirements, FCS has a 
well-known flaw in how it is commonly used to obtain properties of 
the environment or fluorescent molecules. After FCS measure-
ments, the autocorrelation function (ACF) is typically fitted with a 
model using the least-squares or maximum likelihood methods. 

This fit is performed under the assumption that the residuals for dif-
ferent lag times are statistically independent. However, this assump-
tion is incorrect and leads to overconfident estimates of model 
parameters (15–17). In turn, this has a major implication for using 
FCS when this assumption is made—it becomes impossible to judge 
the goodness of fit in a statistically sound manner or compare mod-
els of different complexities. For example, it becomes challenging to 
determine whether the measurements indicate single- or multiple-
component diffusion.

One approach to address issues with fitting ACF by FCS models 
is to account for cross-correlation between residuals corresponding 
to different lag times. This requires covariance estimation between 
different lag times, which can be achieved through a larger number 
of measurements or by using approximation techniques (15, 16). Al-
ternatively, measurements can be repeated many times, composing 
an overall ACF by taking values for each lag time from a different 
trace, leading to their independence (18). However, while improv-
ing the statistical properties of the fits, these methods would require 
even longer laser exposure than classical FCS, which is often im-
practical for many experiments.

Several years ago, an alternative framework was proposed by Pressé 
and colleagues (19–22). Instead of fitting the calculated ACF of a 
measurement to a model, they used the Bayesian paradigm and 
applied the same physical principles as FCS to describe signal forma-
tion. In this approach, a Bayesian model was constructed to represent 
the movement of particles through the confocal volume and fitted 
against the recorded fluorescence intensity transient. As a result of 
the fit, posterior probability distributions were obtained for param-
eters such as diffusion coefficient and molecular brightness. Several 
variants of the models were tested, all resulting in a remarkable reduc-
tion of the required experimental time (20, 21). However, when testing 
the available implementation of the method (20), we found it to be very 
slow to be used in practice and, as shown in the results of this work, 
sometimes either failing to converge or converging to an incorrect solu-
tion. Thus, while the approach is very promising, major obstacles must 
be overcome before it can be used in practice.

In this work, we introduce a fluorescence intensity trace statisti-
cal analysis (FITSA) method based on the Bayesian paradigm. The 
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implemented method is compared with the model of Jazani et al. 
(20), and we demonstrate that FITSA achieves faster and more sta-
ble convergence. In addition, we quantitatively compare FITSA and 
FCS requirements, demonstrating that the same precision of diffu-
sion coefficient estimates can be achieved by FITSA using much 
shorter experiments than those required by FCS.

RESULTS
Overall description of the method
To provide context for the subsequent simulation and experimental 
results, we present a concise overview of the FITSA method, outlin-
ing its underlying principles. In the experiment, a fluorescent parti-
cle passes through the laser-illuminated area (Fig. 1A) and generates 
photons detected by the microscope hardware (Fig. 1B). The detect-
ed signal can originate from particles passing through the confocal 
volume or from background emissions. The FITSA method distin-
guishes between these signal components by identifying portions of 
the signal with high photon counts, which contain the most infor-
mation about particle movement. Signal segments with photon rates 
higher than the expected background emission rate are isolated for 
further analysis. This separation enables two distinct analytical ap-
proaches: studying overall emitted photons by binning the signal 
into larger bins to examine background emissions or analyzing rap-
id changes by tracking short-timescale variations to decode molecu-
lar movements.

This dual analytical approach is implemented through the signal 
binning process. As illustrated in the zoomed area in Fig. 1C, bin-
ning tracks the number of photons in each interval. Regions with 
high photon counts are binned into smaller intervals, while areas 

with predominantly background emissions are binned into larger 
intervals. The algorithm creates smooth transitions between these 
different bin sizes, allowing FITSA to track not only particles within 
the confocal volume but also their entry and exit (Fig. 1D).

Given the single confocal volume recording, we cannot uniquely 
determine a particle’s location, as identical photon signals could re-
sult from multiple positions within the point spread function (PSF). 
Instead, we can determine what effectively amounts to a normalized 
distance from the focal point (Fig. 1E). Under an analytical three-
dimensional (3D) Gaussian PSF, this normalized distance varies be-
tween lateral and axial directions because of PSF shape asymmetry.

Particle events near the PSF are typically brief and characterized 
by elevated photon detection rates. Figure 1F schematically shows 
three possible particle passes through the PSF—these could repre-
sent different particles or the same particle entering and exiting dur-
ing the high-photon detection period. Because particle diffusion is 
assumed to be independent, FITSA treats these local events as statis-
tically independent and analyzes them separately. This fundamental 
assumption allows the experimental signal to be divided into dis-
tinct subsections for detailed analysis.

Subsection borders are determined by analyzing signal bin dura-
tions (Fig. 1G). Regions dominated by background photon emis-
sions, characterized by longer signal bins, serve as natural division 
points. To estimate particle trajectory and diffusion coefficient, the 
method selects a seed point at the maximum photon emission 
within each subsection—typically corresponding to the particle’s 
closest approach to the focal point. The trajectory calculation begins 
at the particle’s location in the seed point and follows statistical 
diffusion properties in both forward and backward time direc-
tions. The predicted trajectory shows minimal uncertainty during 

E

F

G

H

A

B

C

D

Fig. 1. Overall description of the method. Schematic illustration of the FITSA approach for analyzing particle movement near the confocal recording volume. Note that 
left panels (A to D) and right panels (E to H) show different examples to illustrate distinct aspects of the method. (A) Representation of the laser-illuminated confocal 
volume and movement of particles next to it. (B) Time-resolved photon detection trace recorded by the microscope detection system. (C) Zoomed section of the signal 
from (B), showing binning based on recorded photon emission rates. (D) Demonstration of smooth transitions between bin sizes, illustrating the adaptive binning ap-
proach. (E and F) Normalized distance of particles from the focal point (E) and representative fluorescence intensity trace (F) showing multiple particle transit events 
through the confocal volume. (G) Segmentation of the signal trace from (F) into subsections, each containing a distinct high-photon detection period. (H) FITSA trajec-
tory reconstruction within a subsection, demonstrating position estimates and their associated uncertainties. Detailed explanation is provided in the main text.
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high-signal transients and maximal uncertainty at subsection bound-
aries (Fig. 1H).

In the following sections, we demonstrate how this method’s sys-
tematic binning, subsection splitting, and trajectory prediction en-
able robust recovery of diffusion coefficients from short recordings. 
While the method is described for single-particle contributions to 
subsection signals, it can be extended to account for multiple-
particle scenarios.

Demonstration with simulated data
To demonstrate the FITSA protocol, we generated a synthetic fluo-
rescence intensity trace (Fig. 2A) by simulating 25 point sources 
with a diffusion coefficient of 10 μm2/s within a small box around 
the focal point. The trace was relatively short for an FCS analysis, 

even when correcting for trace duration (23). The ACFs calculated 
for the first 0.2 s and the full 1-s trace were fitted with a 3D motion 
model, yielding diffusion coefficients higher than the simulation 
input (Fig. 2, B and C). These ACF fits used FCS models without 
accounting for the uncertainty heterogeneity or the covariance 
between ACF values (15, 16), assuming a uniform SD for all ACF 
values. Consistent with an earlier study (15), we found that the clas-
sical FCS fit is overfitting the data as it overestimates precision while 
producing diffusion coefficients that significantly deviate from the 
true value.

In our FITSA analysis, we examined the synthetic trace (Fig. 2A) 
in its full length and in shorter segments of 0.1 and 0.2 s. The initial 
step of FITSA involves dividing the trace into smaller subsections, 
assuming that a limited number of particles contribute to the signal 
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Fig. 2. Demonstration of FITSA using the synthetic trace generated with the particles having a diffusion coefficient (DC) of 10 μm2/s. (A) Fluorescence intensity 
trace analyzed by FITSA and FCS. In the plot, the signal is reported as an average rate per 1 ms for visibility. Vertical dashed lines denote splitting of the trace into sub-
traces for FITSA. (B and C) Time ACFs calculated for the 0.2-s trace start (B) and full trace (C), fitted with the FCS 3D diffusion model. Insets show FCS-derived DCs 
(mean ± SD). (D and E) Trace section (D) (average rate per 20 μs) and relative particle distances from the focal point (E). In (E), distances are normalized by PSF waist in each 
coordinate. Colored lines show particle trajectories used for trace generation; black line (median) with gray areas (±25 and ±40%) shows the FITSA-estimated trajectory. 
(F to H) Posterior probability densities for DC (F), molecular brightness (G), and background photon emission rate (H) for different trace durations (0.1, 0.2, and 1 s). Vertical 
dashed lines indicate true parameter values. Note uncertainty reduction with increased data amount.
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within each subsection. For this study, we restricted this number to 
one particle per subsection. Figure 2D illustrates how this approach 
translates into the identified trajectory by showing a portion of the 
trace, while Fig. 2E displays the derived trajectory with its associated 
uncertainty for FITSA performed on the full 1-s trace.

To compare the estimated trajectory with those of all particles 
used in trace generation, we calculated the relative distance of each 
particle from the focal point. This distance was found by normaliz-
ing contributions of displacements in x, y, and z from the focal point 
by the corresponding PSF waist dimensions in the same coordi-
nates. After this normalization, it becomes evident that the particle 
trajectory identified by FITSA closely tracks the particle nearest to 
the focus at any given moment (Fig. 2E). As demonstrated in Fig. 
2E, FITSA switches between tracked particles when one leaves the 
confocal volume and another enters it (see, for example, the behav-
ior just below 0.16 s in Fig. 2E). In addition, in regions with minimal 
fluorescence signal, the predicted trajectory exhibits larger uncer-
tainty compared to regions with high signal rates.

This implementation of FITSA generates trajectories along with 
estimates of the diffusion coefficient, molecular brightness, and 
background photon emission rate. The resulting posterior distribu-
tions for these parameters depend on the length of the analyzed 
fluorescence trace, as illustrated in Fig. 2 (F to H). As expected, in-
creasing the analyzed trace duration improves the precision of the 
estimates. While all estimated parameters approximated the true 
values used in the trace synthesis, closer examination reveals slight 
deviations of the posterior distribution maxima for both the diffu-
sion coefficient and molecular brightness from the values used in 
generating the synthetic trace. Such deviations are expected when 
analyzing very short traces, as demonstrated later in our systematic 
analysis of both synthetic and experimental data. For background 
emissions, we observe overestimation of the rate, although the un-
derlying reasons for this bias remain unclear.

Regardless of the trace duration, the true value of the diffusion 
coefficient consistently fell within the posterior distribution estimated 
by FITSA. This contrasts with the estimates produced by classical 
FCS. Such performance demonstrates FITSA’s excellent capability to 
analyze short traces.

Comparison with an alternative Bayesian fitting approach
FITSA is similar to the Jazani et al. method (20) in terms of fitting the 
fluorescence intensity trace directly by models. We compared FITSA’s 
performance to the reference implementation of the Jazani et al. 
method (20) using the same dataset as in Fig. 2.

To assess convergence, we performed sampling in six chains, 
evaluating the potential scale reduction factor R̂ and bulk and tail 
effective sample sizes (ESSs), which quantify the independent infor-
mation content of the samples and help validate the reliability of 
posterior estimates (24). We used slightly looser convergence crite-
ria than proposed in (24), as the Jazani et al. method required many 
iterations to pass even these criteria (Fig. 3, A and B). FITSA needed 
far fewer iterations than the Jazani et al. method. Figure 3C illus-
trates the last 1500 iterations by six chains for both approaches. 
FITSA chains show good mixing and sample similar distributions, 
while Jazani et al. samples exhibit strong within-chain correlation, 
resulting in slow ESS growth and prolonged posterior sampling.

These sampling differences stem from the algorithms used: 
FITSA uses Hamiltonian Monte Carlo with the No U-Turn Sampler 
(NUTS), while the Jazani et al. method partly uses Gibbs sampling 

(20). Although FITSA’s per-iteration cost is expected to be higher 
because of NUTS’s calculations, it achieves convergence faster. To 
compare performance, we determined the number of FITSA itera-
tions required to match Jazani et al. solution after 90,000 iterations 
(18,000 burn-in and 72,000 sampling). FITSA exceeded the conver-
gence parameters (R̂ ≤ 1.015, bulk ESS ≥ 250, and tail ESS ≥ 420) 
after just 600 iterations (300 burn-in and 300 sampling). On the 
same PC, the Jazani et al. method took 101 ± 5 min per chain, while 
FITSA took 14 ± 2 min (t test, P < 0.001), making FITSA more than 
seven times faster. In this comparison, FITSA sampled all chains in 
parallel, while the Jazani et  al. implementation was limited to se-
quential chain sampling. Parallel sampling for the Jazani et al. meth-
od would have required multiple MATLAB instances, which was 
infeasible on the test PC because of high random-access memory 
demands. This sequential testing approach using the Jazani et  al. 
implementation inherently disadvantaged the FITSA implementa-
tion, as its six chains had to simultaneously share central processing 
unit cores and random-access memory resources, whereas in the 
Jazani et al. implementation, each chain had exclusive access to PC 
resources. It is important to note that the performance, as reported 
here, depends on the underlying algorithms and implementation. 
For this comparison, we used the reference implementation of the 
Jazani et al. method, as published in (20).

Both algorithms produced similar distributions for the diffusion 
coefficient, encompassing the true value (Fig. 3D). However, the 
Jazani et al. method significantly underestimated molecular bright-
ness, unlike FITSA (Fig. 3E). Both slightly overestimated the back-
ground emission rate (Fig. 3F).

We found the Jazani et al. algorithm to be sensitive to the mo-
lecular brightness prior. For the synthetic trace generated with a 
diffusion coefficient of 20 μm2/s, using priors from (20) led to con-
vergence failure (fig. S1). Increasing the prior mean to match the 
synthetic trace generation value allowed convergence but resulted 
in underestimated diffusion coefficient and molecular brightness 
(fig. S2). In contrast, FITSA converged to true values for both priors 
(figs. S1 and S2) as well as with the priors having mean values of 
10,000 and 1000 1/s. FITSA only failed to converge after 1500 burn-
in and 1500 sampling iterations when the molecular brightness 
prior mean was reduced to 100 1/s, a thousand-fold decrease from 
the true value.

Thus, compared to the Jazani et al. method (20), FITSA demon-
strated superior speed and robustness to prior differences, consis-
tently satisfying strict recommended convergence criteria (24) for 
the studied traces.

Comparing precision with FCS
To compare FITSA and FCS performance, we used identical data for 
both methods. We generated synthetic traces with known diffusion 
coefficients and fitted the same trace segments using either FITSA 
or FCS. Classical FCS does not account for covariance between ACF 
values, which can lead to overfitting (15). Therefore, we performed 
two types of FCS estimates: one considering ACF covariance and 
one without. To determine ACF value covariance, we generated 
2000 synthetic traces and calculated ACFs for each trace at time 
points matching those in the selected segment. From these, we esti-
mated the covariance matrix, which was then used alongside the 
ACF calculated from the first trace for FCS fitting. To ensure a fair 
comparison, we used a Bayesian approach for both FITSA and FCS 
model fits (see Materials and Methods), allowing us to obtain 
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posterior distributions for diffusion coefficient estimates in both 
cases. In addition, unless stated otherwise, for all FCS fits in this 
study, we applied corrections for trace duration (23) to enhance FCS 
fits for short traces.

Figure 4A illustrates the performance of different methods in 
estimating diffusion coefficients. FITSA shows rapid convergence 
to the true diffusion coefficient value with high precision, even for 
short traces. FCS estimates depended on whether ACF value cova-
riance was considered. Assuming independent ACF values with 
uniform variance resulted in high-confidence FCS model esti-
mates but for shorter traces, these estimates often excluded the 
true diffusion coefficient value. Given the importance of ACF val-
ue covariance, we focused on comparing FITSA with FCS fits that 
account for covariance. As shown in Fig. 4A, FCS estimates with 
covariance require longer traces to achieve similar confidence 
as FITSA.

To quantify the photon efficiency of FITSA compared to FCS, we 
targeted a relative precision of 10 (SD 10 times smaller than the true 
value). Figure 4B shows the relative precision obtained by different 
methods. In line with previous findings on FCS overfitting when 
ignoring ACF value covariance, the simplified FCS model estimated 
much higher precision than the complete model accounting for 

covariance (Fig. 4B). FITSA required about four times fewer pho-
tons than the complete FCS model to reach a precision of 10 (Fig. 
4B). Figure 4C shows the corresponding diffusion coefficient poste-
rior probability densities for FITSA and FCS estimates near the rela-
tive precision of 10, which largely overlap [FCS estimate marked as 
“FCS (E)”]. For comparison, the posterior distribution for the FCS 
estimate using the same trace length as FITSA was much wider 
[“FCS (D)” in Fig. 4C]. This demonstrates FITSA’s superior preci-
sion with shorter trace lengths.

We repeated this analysis for synthetic traces with diffusion coef-
ficients of 2 and 200 μm2/s (figs. S3 and S4). Results were consistent: 
FITSA achieved the desired precision using shorter traces than FCS 
when accounting for ACF value covariance. To reach a relative pre-
cision of 10, FITSA required 2 (fig. S3) to 11 (fig. S4) times fewer 
photons than FCS depending on the trace.

For the 200 μm2/s diffusion coefficient trace (fig. S3), the differ-
ence between FCS and FITSA in required photons was the small-
est. In this case, particles passed the focal point quickly, emitting 
relatively few photons per event. While the photon count was low, 
the number of events sufficed for ACF composition and covari-
ance estimation, allowing FCS model fitting to recover the diffu-
sion coefficient.
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Fig. 3. Comparing performance of FITSA with the algorithm by Jazani et al. (20). Here, the synthetic trace from Fig. 2 was fitted using FITSA or the Jazani et al. algorithm. 
(A and B) Convergence assessment using potential scale reduction factor R̂ (A) and ESSs (B) for iterations after burn-in. Dashed lines show convergence criteria. (C) Last 
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The 2 μm2/s diffusion coefficient trace (fig. S4) showed a more 
pronounced difference, with FITSA recovering the diffusion coeffi-
cient using 11 times fewer photons than FCS. For shorter traces, 
FCS fits accounting for ACF covariance were poor, resulting in wide 
posterior distributions for estimated diffusion coefficients. FITSA, 
however, converged to the correct diffusion coefficient and achieved 
the required precision using a short trace.

In the previous comparison, the number of photons was consid-
ered a primary factor determining the estimation precision. How-
ever, the duration of the analyzed signal could also potentially 

influence the results, as the number of analyzed photons increased 
with signal duration. To systematically distinguish between the con-
tributions of photon count and signal duration, we conducted an 
additional analysis by varying molecular brightness from 100,000 
1/s to 10,000 1/s (Fig. 5). The comparison of Fig. 5 (A and B) reveals 
that the number of photons more accurately describes the estima-
tion precision for both FITSA and FCS methods. As illustrated in 
Fig. 5B, both analytical approaches required progressively longer 
signal durations when molecular brightness decreased to achieve 
comparable precision. Notably, across all molecular brightness levels, 

0

10

20

30

40

50

1K 10K 100K
Photons

D
C
 (

m
2 /s

)

A

×4.0

D

E

0

5

10

15

20

1K 10K 100K
Photons

P
re
ci
si
on
 (t
 ru
e 
va
lu
e/
S
D
)

B

Analysis

FITSA

FCS (with covariance)

FCS (no covariance)

True value and
estimated range

In range

Out of range

0 402010 30
DC ( m2/s)

P
ro
ba
bi
lit
y 
de
ns
ity FITSA

FCS (D)

FCS (E)

C

0

2

4

6

AC
F

−2
0
2

10−5 10−3 10−1

Lag (s)

1
2
r

D

0
1
2
3
4
5

AC
F

−4
−2
0
2
4

10−5 10−3 10−1

Lag (s)

1
2
r

E

Fig. 4. Precision of the estimated DC achieved by FITSA and FCS. Synthetic fluorescence traces were generated with particles having a DC of 20 μm2/s. Analysis was 
performed on the initial section of these traces with varying durations. (A) The estimated DC is plotted as a function of photons in the trace exceeding background emis-
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FITSA consistently demonstrated superior precision compared to FCS, 
as evidenced in Fig. 5C.

In the comparison above, we demonstrated that FITSA achieves 
desired precision using several times fewer photons than FCS, as-
suming known ACF covariance without additional measurements. 
As discussed later, this improvement likely underestimates FITSA’s 
actual advantage by orders of magnitude.

Demonstration with experimental data
We recorded fluorescence traces under various conditions to dem-
onstrate FITSA’s application to experimental data analysis. In Fig. 6, 
we show traces and analysis results obtained with Alexa Fluor 647 
Dextran 10K in a glycerol-water mixture. The fluorescence peaks are 
heterogeneously distributed throughout the experiment (Fig. 6A). 
As more data are analyzed, FITSA’s estimation of the diffusion coef-
ficient becomes more precise (Fig. 6C). However, because of signal 
heterogeneity, equal trace durations do not necessarily yield identi-
cal posterior probability densities for the diffusion coefficient, espe-
cially for shorter durations (Fig. 6D).

To characterize estimate variability, we divided a 120-s trace into 
shorter intervals of different durations. We estimated the diffusion 
coefficient for each interval using both FITSA and FCS (without co-
variance) and summarized the results in Fig. 6E. FITSA estimates 

show notably less variability than FCS estimates. To achieve the 
same precision as FITSA, FCS would require approximately five 
times longer measurements. This is illustrated by SD of the estimates 
for FITSA and FCS at different interval durations (Fig. 6F). Notice 
that FITSA estimates using 1-s intervals had an SD (6.6 μm2/s) com-
parable to FCS estimates using 5-s intervals (7.0 μm2/s), with this 
trend consistently observed when comparing FITSA estimates at 2 s 
with FCS at 10 s and FITSA at 5 s with FCS at 20 s.

In a second set of experiments (Fig. 7), we recorded 120-s fluo-
rescence traces with Alexa Fluor 647 Dextran 10K in water, result-
ing in faster diffusion (~70 μm2/s), in agreement with the earlier 
measurement of 62 μm2/s by raster image correlation spectroscopy 
(8) and reported values of diffusion coefficient (60 to 70 μm2/s) for
similar-sized dextran conjugated with other fluorophores (25–27). 
We varied laser power and dye concentration, which strongly af-
fected trace intensity (Fig. 7A). Despite these differences, FITSA-
estimated diffusion coefficient posteriors showed similar median
values across conditions (Fig. 7B). However, these conditions af-
fected estimate precision for both 5-s traces analyzed by FITSA and 
120-s traces analyzed by FCS. Increased laser power led to higher
precision in FITSA estimates.

For low dye concentrations (0.1 nM), we carefully selected repre-
sentative traces to reflect average FITSA estimates. We chose 120-s 
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traces on the basis of FCS-estimated diffusion coefficients close to 
the median among all estimates for the same concentration and la-
ser power. We then partitioned these traces into 5-s intervals for 
FITSA analysis, selecting intervals with median FITSA-estimated 
diffusion coefficients to show as representative posteriors in Fig. 7.

Higher dye concentrations improved precision for estimates 
from the same time interval because of more particle passage events. 
However, at a 1 nM concentration, FITSA faced challenges. The cur-
rent implementation assumes single-particle passages through the 
confocal volume, which does not hold at higher concentrations. 
This led to elevated background emission rate estimates. Further-
more, we had to limit the length of subsections used in the fits, as 
there were no clear phases in the transients corresponding to stages 
where no particles were near the confocal volume. Consequently, 

without this imposed limit, the automatic partitioning of the trace 
was unable to isolate single-particle passages and instead joined 
multiple passages into a single subsection. This automatic partition-
ing had been effective in other tests with lower concentrations. Ad-
dressing these challenges for higher concentration traces will be the 
focus of future studies.

In additional experiments, we evaluated FITSA’s ability to de-
termine diffusion coefficients in cardiomyocytes. We created holes 
in an intact cardiomyocyte by puncturing it using a sharp glass 
pipette, allowing Alexa Fluor 647 Dextran 10K from the external 
solution to enter the cell. For each selected cellular location (Fig. 
8A), we recorded three 120-s fluorescence intensity traces. For 
FITSA, we analyzed the middle portion of the second trace (out 
of three) at each location because it displayed stable fluorescence 
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Fig. 6. Analysis of the experimental trace recorded for Alexa Fluor 647 Dextran 10K in the 60% glycerol/water mixture. (A) Signal obtained during 10 s of 120-s 
recording for the dye in a 0.1 nM concentration. (B) ACF calculated for the 120-s signal trace and fitted by the 3D diffusion FCS model with the estimated diffusion coef-
ficient shown in the inset. In (B), FCS analysis was performed without correcting for the analyzed segment duration, as the experiment’s duration was sufficiently long. 
(C) Diffusion coefficient estimation by FITSA using the first 2, 5, or 10 s of the trace in (A). Note how the posterior of the diffusion coefficient is getting more compact with the
increase in the amount of analyzed data. (D) For shorter time traces, the diffusion coefficient posterior depends on which part of the signal is analyzed. Here, 2-s traces 
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levels, while, for FCS, we used the final 60 s of all stable traces to 
estimate the diffusion coefficient (Fig. 8). The first trace typically 
showed an initial decline in overall fluorescence that stabilized before 
the second half of recording, except at location “2.” This decline 
could be attributed to bleaching of weak autofluorescence (observed 
in experiments without dye), bleaching of dye molecules, or other 
contributing factors.

In cardiomyocytes, FCS revealed a larger contribution of the 
triplet state compared to water (Fig. 8B). The fractional population 
of the triplet state in the studied cardiomyocyte (0.50 ± 0.04, n = 6) 
was significantly larger than in water (0.29 ± 0.04, n = 26; P < 0.0001, 
likelihood ratio test). The triplet relaxation time showed no signifi-
cant difference between the cell (4.1  ±  1.2 μs, n  =  6) and water 
(6.0 ± 3.8 μs, n = 26; P = 0.21, likelihood ratio test). Here, we in-
cluded only transients that resulted in fits with triplet relaxation 
times between 2 and 15 μs, avoiding cases where triplet contribution 
improved ACF fit outside the expected range of 4 to 7 μs for the used 
dye (8). In addition, for the analyzed transient recorded in the 
glycerol-water mixture (Fig. 6), the contribution of triplet states was 
negligible, with FCS model fits showing a triplet relaxation time of 

1 μs. Thus, compared to the other experimental cases in this study, 
analysis in cardiomyocytes is complicated by substantial contribu-
tions of triplet states.

Despite these challenges, FITSA successfully recovered diffusion 
coefficients from relatively short transients (10 s), with the poste-
rior distribution of diffusion coefficients encompassing the range 
predicted by FCS (Fig. 8C). Because current FITSA models do not in-
corporate triplet states, the predicted posterior of diffusion coefficients 
shows a slight shift toward larger values compared to FCS models 
that account for triplet state contribution: 21.8 ± 2.8 μm2/s (FCS, 
n = 8) versus 24.9 ± 2.7 μm2/s (FITSA posterior medians for 10-s 
traces, n = 3); this difference was not significant (P = 0.099, likeli-
hood ratio test). This shift toward larger diffusion coefficients in 
models without triplet state contribution is expected, as demon-
strated by larger diffusion coefficients predicted by FCS (26.5 ± 
3.5 μm2/s, n = 8) when fitting ACF at lag times larger than 2 μs 
(significant difference between FCS models with and without the 
triplet state, P = 0.005, likelihood ratio test). The estimates by both 
FITSA and FCS are similar, although slightly higher, compared to 
previous measurements using raster image correlation spectroscopy 

0.1 nM 1 nM

4
W

11
W

19
W

0 1 2 3 4 5 0 1 2 3 4 5

0

80K

40K
20K

60K

0

80K

40K
20K

60K

0

80K

40K
20K

60K

Time (s)

S
ig
na
l

(p
ho
to
ns
/s
)

A

0.1 nM 1 nM

FITS
A

P
ro
ba
bi
lit
y

de
ns
ity

Laser
4 W

11 W

19 W

FC
S

0 50 100 150 0 50 100 150
4
11
19

La
se
r (

W
)

5-s trace

120-s
traces

DC ( m2/s)

B
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(8) for the same dye in rat cardiomyocytes: 16  ±  2 μm2/s in the
transversal direction and 19 ± 3 μm2/s in the longitudinal direction. 
This example demonstrates FITSA’s capability to recover diffusion
coefficients in live cells using short fluorescence transients, achiev-
ing results similar to those obtained by FCS analysis of 60-s traces.

Looking ahead, we anticipate that extending FITSA models to 
include transitions between molecular states would improve esti-
mate precision. The development of FITSA models incorporating 
various physical aspects of real-life measurements will be addressed 
in future studies.

DISCUSSION
Fluorescence intensity traces from FCS experiments encode rich in-
formation about molecular movement around and within the con-
focal volume. Recent Bayesian approaches have shown promise in 
directly analyzing these traces compared to traditional FCS analysis 
using ACFs (20, 21). Compared to earlier Bayesian approach–based 
methods (20), FITSA converges much faster and demonstrates 
greater robustness. Rigorous analysis shows that FITSA can estimate 
diffusion coefficients using much shorter fluorescence traces than 
FCS, overcoming difficulties in statistical analysis of FCS results.

A major advance of FITSA, enabling it to outperform earlier ap-
proaches for direct fitting of fluorescence intensity traces (20), 

stems from its treatment of fluorescence traces as collections of 
smaller sections. Each section represents an experimental phase 
where independent particles enter the vicinity of the focal point 
and subsequently leave it. This conceptual approach of handling the 
experiment as a series of local events begins with adaptive signal 
binning based on fluorescent particle proximity to the focal point, 
facilitating the subsequent division of the transient into smaller sec-
tions. Furthermore, FITSA’s strategic selection of seed points at maxi-
mum photon emission rates enables efficient sampling of posterior 
distributions around well-constrained positions, reducing the im-
pact of parameter cross-correlations. These advances result in de-
monstrably improved convergence speed and greater robustness to 
priors far from the posterior compared to earlier methods, as evi-
denced in our validation studies (Fig. 3 and figs. S1 and S2). Both 
improvements make FITSA more suitable for practical applications 
and enable the analysis of longer transients than was achievable with 
earlier approaches (20).

The advantages of FITSA’s sectioning approach and strategic seed 
point selection become evident when considering posterior sam-
pling. When reconstructing particle trajectories, the algorithm first 
draws coordinates for a seed point and then reconstructs the trajec-
tory by drawing possible particle steps based on elapsed time and 
proposed diffusion coefficient. Because each consecutive particle 
position depends on the previous one, the coordinates become 

3

2
1

25 m

A

20.5 1.7 m2/s0.0

0.2

0.4

0.6

10−5 10−3 10−1

Lag (s)

AC
F

B

1 2 3

FITS
A

FC
S

0 402010 30 0 402010 30 0 402010 30
DC ( m2/s)

Duration

5

10

FCS model

With triplet

Without triplet

P
ro
ba
bi
lit
y

de
ns
ity

Tr
ac
e

C

Fig. 8. Determination of diffusion coefficients of Alexa Fluor 647 Dextran 10K in the rat cardiomyocyte. (A) Confocal image of an adult rat cardiomyocyte depicting 
mitochondria (MitoTracker Green), along with the diffusion measurement locations of Alexa Fluor 647 Dextran 10K indicated by circles. (B) ACF with its predictive poste-
rior calculated using an FCS model that accounts for both diffusion and triplet state dynamics (median shown as a solid line, with ±25 and ±40% probability regions in 
gray). The ACF was calculated using the last 60 s of the final two traces from location 1 to demonstrate the presence of triplet states. (C) Diffusion coefficients determined 
by FITSA (using 5- and 10-s traces) compared with FCS results (using 60-s traces). FCS estimates are presented as the means with SD for each analyzed trace using models 
either considering or excluding triplet state contributions. At location “2,” one of three traces was excluded from analysis because of fluorescence instability. Here, FCS 
analysis was performed without correcting for the analyzed segment duration, as the experiment’s duration was sufficiently long.
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strongly correlated throughout the trajectory. Methods analyzing 
whole transients, as in (20), face a substantial challenge: Any change 
in particle position at the beginning of a trajectory affects all subse-
quent positions. This challenge is further complicated by varying 
precision in position estimation—high when particles are near the 
focal point and low when they are distant, where limited informa-
tion leads to wide posterior distributions. This creates a particularly 
difficult sampling problem: When analyzing long trajectories, any 
large changes in particle coordinates before the particle enters the 
focal region must remain consistent with the subsequent well-
confined positions where the particle produces a measurable signal. 
FITSA overcomes these challenges by treating particle movements 
in separate sections as independent events and selecting seed points 
at maximum fluorescence intensity. This approach confines coordi-
nate cross-correlations within individual sections and starts from 
positions with minimal posterior uncertainty, substantially improv-
ing sampling efficiency and method performance.

FITSA’s sectioning approach also mitigates limitations associated 
with using unbound diffusion processes in the model. While bound 
diffusion descriptions exist, their implementation is impractical be-
cause of infinite series in coordinate posterior calculations. The un-
bound diffusion model, used in both FITSA and earlier methods 
(20,  21), inherently allows particles to drift away from the seed 
point. FITSA minimizes this effect through its short sections and 
strategic seed point selection. In contrast, methods analyzing com-
plete transients must compensate for this particle dispersion to 
maintain particles near the focal point, potentially leading to artifi-
cial adjustments such as underestimation of diffusion coefficients, 
as demonstrated in our comparison with the Jazani et al. method 
(fig. S2).

Before comparing FITSA with FCS, it is important to stress that 
as pointed out in Introduction, FCS is commonly used assuming 
statistically independent residuals in ACF values when fitted with 
models. This assumption is incorrect and leads to data overfitting, as 
shown in earlier studies (15, 16) and in Fig. 4. To address this, one 
can estimate covariance between different lag times (15) or perform 
separate measurements for each ACF value (18). These approaches 
are expected to yield better error estimates and enable discrimina-
tion between models of different complexities, such as single- or 
multicomponent diffusion.

When applied to FCS, estimation of covariance or composition 
of ACF requires a much larger dataset than commonly used and 
stable preparation throughout the longer experiment required to ac-
quire it. For instance, in our covariance matrix estimation to com-
pare FITSA and FCS performance (Figs. 4 and 5 and figs. S3 and S4), 
we used 2000 traces for each condition. If we had composed an ACF 
by taking one point from each trace as in (18), we would have used 
130 traces in our analysis. These requirements were not accounted 
for in the comparison between FITSA and FCS. When considering 
these requirements, FITSA can estimate the diffusion coefficient us-
ing 300 to 21,000 times fewer photons than FCS depending on the 
dataset and approach used to estimate FCS errors.

While the statistical properties of ACF used in FCS have been 
known for some time, FCS and its derived techniques typically 
ignore cross-correlation between ACF values in practical appli-
cations. Current FCS measurements already require stable back-
ground conditions, and extending these measurements 100-fold 
or more is often impossible in practice. This limitation, considering 
the wide range of problems where FCS has been applied, makes the 

determination of intracellular molecular properties, such as diffu-
sion coefficients, a major open scientific challenge. FITSA addresses 
this challenge in a statistically sound manner and, as we demon-
strate with experimental traces (Fig. 6), enables the use of even 
shorter fluorescence transients than commonly used FCS. This 
makes it possible to determine diffusion coefficients in cases that 
were previously considered impractical using FCS with statistically 
correct ACF fitting. While FITSA does require longer simulation 
times than conventional FCS, we argue that this is a necessary trade-
off for solving the problem in a statistically rigorous way.

From the comparison of FITSA and FCS performance using syn-
thetic data, we observed that their performance gap depends on dif-
fusion coefficient, with FITSA’s advantage over FCS becoming more 
pronounced for slower diffusion. Taking into account the fact that 
molecular diffusion in cells is frequently relatively slow—even for 
smaller molecules such as ATP (adenosine 5′-triphosphate) and 
cAMP (adenosine 3′,5′-monophosphate), which exhibit diffusion 
coefficients around 30 μm2/s (8, 28, 29)—FITSA is expected to have a 
major impact on improving studies of the intracellular environment 
by reducing the time required for measurements. This reduction in 
measurement time would consequently minimize laser-induced pho-
totoxic effects on cells during experiments.

Given FITSA’s ability to estimate diffusion coefficients from 
small amounts of data, it was crucial to recognize the inherent het-
erogeneity in estimated model parameters because of trace variabil-
ity. This is illustrated in Fig. 6, where transients of the same duration 
led to different diffusion coefficient estimates for different short 
time traces. When comparing FCS performance with FITSA (Fig. 4 
and figs. S3 and S4), we ensured that exactly the same transient sec-
tion was analyzed using a Bayesian approach to fit ACF by the FCS 
model to obtain confidence levels in estimated diffusion coefficients.

Our approach differs from that used in (20), where FCS result 
variability was analyzed by performing fits on different sections of 
the trace. Such an approach potentially combines FCS analysis un-
certainty with trace heterogeneity. By analyzing the same transient 
section for both methods, we were able to accurately quantify the 
performance of FITSA and FCS, isolating methodological differ-
ences from trace-to-trace variability. This approach allowed us to 
precisely estimate the differences in photon requirements between 
the two methods, providing a more rigorous comparison of their 
relative efficiencies.

FITSA estimates not only diffusion coefficients but also molecu-
lar brightness and background emissions, making it comparable 
to methods that analyze photon count distributions rather than 
temporal domain measurements like FCS. The photon counting 
histogram (PCH) analysis and fluorescence-intensity distribution 
analysis (FIDA) are two such methods that determine molecular 
brightness and molecular concentrations in samples (30, 31), and 
these approaches have been demonstrated to be mathematically 
equivalent (32). An extension of FIDA, called fluorescence intensity 
multiple distributions analysis (FIMDA), analyzes the same fluores-
cence trace using photon count histograms obtained at different 
time intervals. This approach combines the strengths of FIDA and 
PCH with FCS capabilities, enabling the determination of diffusion 
coefficients (33). To our knowledge, the impact of error covariance 
in fits for FIDA, FIMDA, and PCH has not been analyzed as exten-
sively as it has for FCS (15). However, we anticipate that FIMDA 
likely faces similar challenges. Specifically, because FIMDA reuses 
the same underlying recording data by rebinning them at different 

D
ow

nloaded from
 https://w

w
w

.science.org on A
pril 18, 2025



Karimi et al., Sci. Adv. 11, eads4609 (2025)     18 April 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

12 of 17

time intervals, these measurements are unlikely to be statistically 
independent. Consequently, we expect that ignoring error covari-
ance in FIMDA would affect diffusion coefficient estimations in a 
manner similar to FCS.

FITSA shares certain similarities with single-particle tracking 
methods but offers distinct advantages. Most notably, FITSA can ef-
fectively analyze particles with much higher diffusion coefficients 
than those typically studied using single-particle tracking, which is 
usually limited to coefficients below and around 1 μm2/s (although 
some setups have achieved measurements up to 10 to 20 μm2/s) 
(34, 35). Furthermore, when particle tracking is used to study small 
molecules, careful consideration must be given to potential optical 
trapping effects that might influence molecular motion (36). This 
concern is largely mitigated in FITSA and FCS, as these methods 
record fluorescence changes at a fixed spot rather than tracking in-
dividual particles.

In our validation tests, FITSA successfully recovered a diffusion 
coefficient of 500 ± 35 μm2/s from synthetic traces generated with a 
true value of 500 μm2/s. For faster-moving molecules (synthetic 
trace with 750 μm2/s), FITSA showed a slight underestimation, 
yielding 690 ± 50 μm2/s. While we have not tested FITSA with even 
faster-moving molecules, the main challenge in analyzing such rap-
id diffusion lies in distinguishing particle passages through the con-
focal volume from background emissions. This limitation can be 
addressed by lowering the prior background emission rate during 
signal preprocessing. Although this adjustment increases computa-
tional demands by expanding the number of bins requiring analysis, 
it enables accurate recovery of diffusion coefficients. Thus, FITSA 
extends the range of molecular mobility studies beyond what is typ-
ically achievable with single-particle tracking methods.

FITSA’s performance depends not only on model equations but 
also on fluorescence transient preprocessing. While preprocessing 
parameters can be modified from our tested values, they should be 
chosen on the basis of the studied system and expected particle dy-
namics. For slow-moving particles, longer time intervals can be 
used for binning, reducing computational requirements. On the ba-
sis of our testing, time intervals should be substantially shorter than 
the time a particle takes to traverse the microscope’s PSF volume; 
otherwise, the diffusion coefficient will be underestimated because 
of missing information about particle dynamics. The expected back-
ground emission rate should not be overestimated, as this would 
lead to consideration of only larger fluorescence transient peaks. 
Missing smaller peaks would cause FITSA to underestimate the dif-
fusion coefficient, interpreting the data as particles remaining in the 
focal point vicinity for longer periods on average. When fluores-
cence peaks are clearly visible, we used a wide range of data points 
per subsection with automatic split determination. However, with 
overlapping peaks from multiple particles, smaller subsection sizes 
become crucial to analyze independent events separately. These ad-
justments should still capture particle movement while maintaining 
sufficient length to avoid missing longer-term dynamics.

FITSA represents a major advancement in shifting from tradi-
tional FCS data analysis to direct fitting of fluorescence traces, 
proving highly effective in many practical applications. However, 
like most emerging approaches, it has limitations that need to be 
addressed in future work. The primary challenges we have encoun-
tered relate to fitting data from experiments requiring multiparti-
cle models, particularly those involving higher concentrations or 
multicomponent systems. These challenges manifest in two main 

aspects. First, the local events, as specified by fluorescence transient 
subsections, are caused by multiple particles simultaneously passing 
through the detection volume. A potential solution is to use a non-
parametric approach, as demonstrated in previous studies (20, 21), 
to determine both the number of contributing particles and their 
trajectories. The second aspect concerns signal analysis when mul-
tiple particles contribute continuously to the fluorescence signal. In 
such cases, there are no periods in the transient that are dominated 
by background emissions, making it difficult to determine the back-
ground emission level from the same transient. Consequently, either 
the background level must be established in a separate experiment 
or the dye concentration must be limited. As a practical solution at 
this stage, until FITSA can handle multiparticle cases, we recom-
mend reducing the concentration of fluorescent dye to levels that are 
more suitable for analysis in the experimental setup.

Similar to the evolution of FCS over decades, we anticipate that 
FITSA’s underlying models will require further refinement to bet-
ter reflect observed phenomena. These refinements include ac-
counting for triplet state formation, chemical reactions, deviations 
of microscope PSF from the used analytical form, and analysis of 
background emissions. Because FITSA relies on the same physical 
principles as FCS, these refinements can build upon numerous pre-
viously established studies in the field, accelerating FITSA devel-
opment. As FITSA analyzes fluorescence traces differently from 
FCS, further optimization of imaging and other experimental con-
ditions is needed. We expect that these optimizations will greatly 
improve our ability to study intracellular molecular properties in 
future studies.

Although FITSA is faster and less memory intensive than previous 
methods, it still demands considerable computational resources. To 
address this limitation, we can leverage FITSA’s use of state-of-the-art 
numerical libraries to potentially accelerate simulations on graphics 
processing units (GPUs). However, in our test cases, GPU utiliza-
tion did not yield faster simulation times, suggesting that further 
optimization of the implementation is necessary to better harness 
GPU capabilities.

In conclusion, FITSA allows estimation of diffusion coefficients 
and other parameters from short fluorescence intensity traces. The 
reference implementation provides a set of applications and model 
libraries for practical analysis and future development. We antici-
pate that FITSA and similar approaches will become attractive alter-
natives for studying molecular events in experiments currently 
performed using FCS and related techniques. By avoiding correlation 
calculations and their inherent fitting issues, methods like FITSA 
that rely on statistical fitting of original datasets are more robust and 
provide uncertainty estimation for fitted parameters. Given the 
markedly reduced photon requirements to achieve precision com-
parable to FCS, we expect that direct data fitting methods will en-
able more detailed descriptions of intracellular environments and 
molecular interactions than previously possible.

MATERIALS AND METHODS
Model overview
The mathematical model used by FITSA assumes that particles dif-
fuse freely in the 3D space and emit fluorescence because of laser 
illumination in the confocal microscopy setup. As the model is us-
ing a Bayesian approach, its objective is to find the posterior distri-
butions for the parameters of interest given priors and likelihood. In 
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this case, the model estimates the posterior distributions for par-
ticle trajectories, their diffusion coefficient D, molecular brightness 
μmol, and background emission rate μbg. For that, the likelihood is 
formulated using the measured fluorescence intensity trace. To 
improve convergence, FITSA preprocesses the signal by splitting 
it into smaller subsections to separate parts where a single parti-
cle moves through the confocal volume. The overall likelihood is 
formulated assuming that each subsection reflects an independent 
measurement with the particles trajectories being uncorrelated 
between subsections.

Signal processing
As outlined in Results, FITSA preprocesses the fluorescence signal 
through adaptive binning followed by subsection splitting.
Signal binning
FITSA preprocesses the fluorescence trace using an adaptive bin-
ning strategy that distinguishes between background emissions and 
particle-originated signals near the confocal volume. The complete 
binning procedure is illustrated in fig. S8. Consider particles tra-
versing the confocal volume (fig. S8A) and their corresponding de-
tected photon signals (fig. S8B).

The binning process begins with calculating the signal’s rolling 
average using two time windows: twin1 (10 ms) and twin2 (50 ms). 
Regions where both rolling averages exceed the expected back-
ground emission rate by a binning factor fbin (set to 2) are desig-
nated as candidates for smaller bins. These regions, termed “accepted 
areas,” are highlighted in green in fig. S8C, with the acceptance rate 
defined as fbin times the background emission rate.

The signal is then analyzed sequentially in time, with bin size 
selection adapting to different scenarios. Within accepted areas, bin 
duration is determined by counting photons until a predefined 
threshold is reached (Ithr) (fig. S8D). In high–emission rate regions, 
bin duration is set to the predefined minimum (Δtmin) when the 
photon rate would otherwise result in bins smaller than Δtmin (fig. 
S8E). When exiting accepted areas, the photon count is reset, and 
bin duration is set to either the predefined maximum (Δtmax) or, at 
most, binincrease (set to 2) times the previous bin duration (fig. S8F). 
Upon entering accepted areas, photon counting begins anew, with 
bin duration determined by either the threshold or maximum dura-
tion increase (fig. S8G).

Following the forward analysis, the signal undergoes multiple 
reverse passes to refine bin transitions, particularly where bin dura-
tion changes abruptly upon entering accepted areas. The reverse 
processing continues until consecutive bins maintain the maximum 
duration ratio binincrease in both time directions, ensuring smooth 
transitions throughout the signal. The resulting adaptively binned 
signal Ib(t) features gradual transitions between different bin sizes 
and serves as input for subsequent analysis.
Binned signal splitting
The binned signal was divided into subsections on the basis of bin 
durations, with splits occurring in regions containing the largest 
bins, which primarily represent background emissions. The split-
ting process analyzes the signal in the forward direction, evaluating 
bin sizes within a moving window of Nmin

S
 to Nmax

S
 bins. Within this 

window, the bins exceeding a minimum duration threshold ΔtS are 
found. If no bins exceed ΔtS, the bin with the longest duration was 
selected as a split point. When multiple bins had durations exceed-
ing ΔtS, the first such bin was selected as a candidate. To ensure 
robust splitting, the algorithm verifies the first potential split point 

by examining the subsequent N seq

S
 bins (five used in the current imple-

mentation) and selecting the furthest bin within these N seq

S
 bins that 

exceeds ΔtS. This process repeats from each established split point until 
the entire signal is segmented into distinct subsections.

Within each subsection s, the algorithm identifies a seed time 
point tseed

s
 by locating the maximum of the rolling average calculated 

over a time window Δtseed. This seed point typically corresponds to 
the moment when a particle is the closest to the confocal vol-
ume center.

Model
Likelihood
We assumed that the photon counts in the binned fluorescence trace 
were described by Poisson statistics (19, 20, 37, 38). With this as-
sumption, the likelihood of the observed intensity Ib

(
tk
)
 for the k-th 

bin is determined as

where Δtk = tk − tk−1 is the duration of the k-th bin, and μk is the 
projected photon emission rate during that bin, as detected by 
the detector.
Emission rate
The emission rate μk is the sum of background emissions and emis-
sions by N particles

where xn
(
tk
)
, yn

(
tk
)
, and zn

(
tk
)
 are the positions of particle n in the 

3D space relative to the focal point at time moment tk, and the PSF 
describes the spatial distribution of detected photons from a single 
point source (1). Here, the z axis is parallel to the optical axis of the 
microscope objective. For the confocal setup used in this study, PSF 
was approximated by a 3D Gaussian ellipsoid (1, 39)

where ωxy is the lateral waist of the PSF, and ωz is the axial waist 
along the z axis. Note that in this model, molecular brightness is 
determined not only by the intrinsic brightness of the particle but 
also by the detection efficiency of the microscope, which includes 
the optical system and the detector. The same applies to the back-
ground emission rate.
Diffusion
Diffusion of particles in the 3D space was defined by propagators 
(40) for each particle

Because of the symmetry of the propagators, a chance of observing 
a sequence of coordinates in the forward direction [as in … , xn

(
tk−2

)
,

xn

(
tk−1

)
, xn

(
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)
, …] is equal to observing the same sequence in the

opposite direction [as in … , xn

(
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)
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(
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)
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(
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)
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(
tk
)
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(
Δtkμk

)
(1)

μk = μbg + μmol
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Priors and inference
We used the same type of priors for the diffusion coefficient, mo-
lecular brightness, and background emission rate as in (20)

where αD = βD = 1, αbg = αmol = 2.25, βbg = αbg ∕μbg, and βmol = 
αmol ∕μmol. Used probability density functions are defined in table S1.

Diffusion of the particles was considered separately in each sub-
section, with coordinates defined from the first time moment of the 
subsection to the last time moment before the first time moment of 
the next subsection. Within each subsection, a seed time moment 
tseed
s

 was selected as described above, and particle coordinate priors 
for that time moment were

where Bxy and Bz were used to shift and scale the priors; the particle 
index n was from 1 to N. As the used PSF was symmetric (Eq. 3), 
priors were set to preferentially shift particles into the positive coor-
dinates. Because of the symmetry of the PSF and the assumption that 
particles do not interact with each other in the model, our selection 
of priors does not introduce bias. However, if the PSF is asymmetric 
or if processes depend on the precise location of particles, such as 
interparticle interactions, these priors would need to be revised.

Priors for other positions within each subsection s were deter-
mined on the basis of diffusion propagators (Eq. 4) using the diffu-
sion coefficient as a hyperprior (Eq. 5). For particle positions after 
the seed time moment, the diffusion propagators were applied ac-
cording to Eq. 4 in the forward direction. Conversely, for particle 
coordinates before the seed time moment tseed

s
, the symmetry of the 

propagators was used

Inference was done by sampling priors for diffusion coefficient, 
molecular brightness, and background emission rate priors first. 
Next, priors for particle positions were sampled individually for 
each subsection and merged to reconstruct particle trajectories 
across the entire binned signal. Last, using these samples, the likeli-
hood was evaluated. Posterior distributions were then derived on 
the basis of the likelihood and the priors, as described in the imple-
mentation below. In the performed simulations, the number of par-
ticles N was set to one.
Implementation
FITSA is implemented as a set of applications and a library in Python. 
For FITSA simulations presented here, models were implemented 

and sampled using NumPyro (41, 42). Sampling was performed by 
NumPyro’s implementation of NUTS, an extension of the Hamilton 
Monte Carlo.

The sampling was performed using six parallel chains, consisting 
of two phases: burn-in and sampling. The burn-in phase comprises 
initial iterations during which the algorithm stabilizes, while the 
sampling phase includes iterations used to estimate the posterior 
distribution. The number of burn-in and sampling iterations was 
selected to ensure convergence, as indicated by a potential scale re-
duction factor R̂ close to 1 (below 1.05), and reliability of the esti-
mates, verified by bulk and tail ESSs exceeding 100, following 
standard recommendations (24).

The convergence was checked for diffusion coefficient D, molecu-
lar brightness μmol, and background emission rate μbg. Particle posi-
tions were not checked for convergence because multiple combinations 
of coordinates could yield the same photon emission rate, as deter-
mined by the used PSF. In the simulations presented, typically 1500 
burn-in and 1500 sampling iterations were used, as these generally 
met the convergence criteria. However, in the instances with very 
short transients, the number of sampling and burn-in iterations was 
increased until convergence was confirmed.

Convergence was checked by processing posterior samples using 
ArviZ (43). In addition, Hamilton Monte Carlo divergences (44, 45) 
were found to be low during sampling of the formulated model, in-
dicating that the sampler was able to explore the posterior distribu-
tion effectively.

Synthetic traces
Synthetic traces were generated by simulating the Brownian motion 
of K particles inside a box with dimensions Bxy × Bxy × Bz (parallel 
to the focal plane and along the optical axis). At the beginning of the 
simulations, particles were randomly seeded in the box following a 
uniform distribution, and the trajectories were calculated using a 
specified diffusion coefficient D. It was ensured that particles could 
not cross the boundaries and rebounded upon contact. The size of 
the box was selected to be sufficiently large to avoid interference 
through long-term cross-correlations of the signal. The interference 
was tested by estimating the diffusion coefficient using FCS, and the 
box was increased if the estimated diffusion coefficient was different 
from the one used in the simulations.

Fluorescence was sampled using Poisson distribution (Eq. 1) 
with PSF (Eq. 3) focused at the center of the box, incorporating set 
molecular brightness and background emission rates. Trajectories 
and fluorescence trace were computed with a time step of 1 μs, con-
sistent with the experiments described below. Simulations were im-
plemented in Python using NumPy.

Simulation parameters
Used simulation parameters for synthetic trace generation and FITSA 
are given in tables S2 and S3, respectively. For synthetic traces ana-
lyzed in Results, the same background emission rate was used as 
was applied during trace generation, while experimental data analy-
sis required background estimation. The initial background level 
was estimated by assuming that approximately half of the detected 
photons originated from background emissions. This estimate was 
then refined through visual inspection of signal binning over a short 
segment of experimental data (typically 2 s). During this inspec-
tion, the background level was adjusted to ensure proper detec-
tion of signal peaks, characterized by successful binning of visually 

D ∼ Inverse gamma
(
αD, βD

)

μbg ∼ Gamma
(
αbg, βbg

)

μmol ∼ Gamma
(
αmol, βmol

) (5)
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identifiable fluorescence intensity increases. The background level 
was considered appropriately set when the algorithm detected all 
observed peaks, and this calibrated value was then applied to the 
entire recording.

For synthetic traces used to test the upper limit of the FITSA 
detection range, the background level was lowered four times to 
make sure that particle passages through confocal volume would 
not be mistaken for background emissions. The parameters govern-
ing signal splitting into subsections were selected as follows. Nmin

S
 

was set to 50 sequential bins to prevent formation of excessively 
short subsections. Nmax

S
 was assigned a large value (1000) to accom-

modate cases where particles remained near the confocal volume for 
extended periods. A split point was established when bin durations 
exceeded ΔtS. Given the selected Ithr value of 1 used for binning, this 
criterion indicated periods without photon detection. We assumed 
that if no photons were recorded within the millisecond range (1 ms 
for slower particles and 0.5 ms for faster particles), then the particle 
had left the vicinity of the focal point, and any subsequent peaks 
were attributed to different particles. For one specific case with a 
reduced molecular brightness of 10000 1/s, we increased Nmin

S
 to 

150 to prevent FITSA from splitting the signal into excessively short 
subsections. The maximal number of bins in subsection Nmax

S
 was 

reduced to 200 in the analysis of 1 nM dextran diffusion in water to 
prevent merging of the segments. This parameter combination pro-
vided FITSA with sufficient flexibility to accurately recover diffu-
sion coefficients across the wide range of values investigated in 
this study.

Fluorescence correlation spectroscopy
The FCS data were analyzed by fitting the ACF with a model corre-
sponding to 3D free diffusion of a fluorescent particle without triplet 
states (46). Here, ACF G(τ) (2, 46) was found from the experimental 
fluorescence trace

where δ denotes fluctuations, and τ is the lag time.
For a single component diffusing in three dimensions, without 

considering the triplet state, G(τ) is

where ⟨C ⟩ is the average concentration of fluorescent molecules in 
the focal volume, and Veff is the effective focal volume (1). The effec-
tive volume is defined by PSF (Eq. 3)

where integration is performed around the focal point (47). When 
analyzed considering the contribution of the triplet state, the com-
pensation factor

was incorporated into G(τ) as in (1, 8). Here, T is the fraction of 
molecules in triplet state and τT is the triplet state relaxation time.

In this work, FCS analysis was applied to relatively short seg-
ments. Unless specified otherwise, to prevent bias in estimating the 
diffusion coefficient, we implemented corrections accounting for 
shot noise and photon count correlations within the segment (23). 
The second-order binning function used to correct photon counts 
within the segment for the 3D observation volume was taken 
from (48).

To compare estimated diffusion coefficients between FITSA and 
FCS, a Bayesian approach was used to fit ACF with the model, as 
described in (15). The fits were conducted either by assuming that 
ACF consists of independent individual measurements or by using 
a general multivariate Gaussian distribution with covariance (15). 
Wide, noninformative priors were used for the diffusion coefficient 
and concentration.

The FCS models were implemented in Python using three differ-
ent approaches. Least-squares fitting with the Trust Region Reflec-
tive algorithm (49) was used for the analysis presented in Fig. 6E.  
For Bayesian analyses, we used either UltraNest (50) or PyMC (51) 
implementations. The UltraNest implementation was used for anal-
yses shown in Figs. 2, 6B, 7, and 8, while the PyMC implementa-
tion was applied to all other analyses, specifically those considering 
ACF covariance.

Experiments
Confocal setup
Measurements were performed using a custom confocal setup de-
scribed in (8) using a water-immersion 60× objective (UPLSAPO; 
numerical aperture, 1.2; Olympus). For diffusion measurements, a 
633-nm laser (05-LHP-151, Melles Griot, US) was focused on the
sample. Emission was detected through a long-pass filter (F76-631,
Semrock, Rochester, NY) by an avalanche photodiode (SPCM-
AQRH-54, Excelitas Technologies, Pittsburgh, PA) and recorded by 
a data acquisition card (PCIe-6353, National Instruments, Austin,
TX) every 1 μs. For imaging mitochondria, a 488-nm laser (0488L-
11A-NI-NT-NF, Integrated Optics UAB, Lithuania) was used to ex-
cite MitoTracker Green–stained cells and emission was collected 
through a 550/88-nm filter (FF01-550/88-25, Semrock, Rochester, 
NY) at a sampling rate of 10 μs.
Experiments on solutions
Experiments were performed using Alexa Fluor 647 Dextran 10K in 
water or glycerol/water mix at room temperature (22°C). Used con-
centrations were 1 and 0.1 nM, diluted in the presence of 0.5‰ 
Tween-20, as suggested in (52).
Experiments on cardiomyocytes
All animal procedures were carried out according to the guide-
lines of Directive 2010/63/EU of the European Parliament on the 
protection of animals used for scientific purposes and had been 
approved by the Project Authorisation Committee for Animal Ex-
periments in the Estonian Ministry of Rural Affairs (permission 
no 1.2-17/169, 2023).

Freshly isolated rat (Wistar Han, female, 257 days old; animal 
supplier: Envigo RMS, 5961 NM Horst, the Netherlands) ventricu-
lar cardiomyocytes used to determine diffusion coefficients in dif-
ferent locations in the cell. Cells were isolated as described in (53). 
Before a measurement, isolated cells were first stained with Mito-
Tracker Green FM (M7514, Invitrogen, Eugene, OR) with a final 
concentration of 250 nM for 10 min to label mitochondria. Then, 
stained cells were placed in a reusable silicon insert (94.6077.434, 
flexiPERM, SARSTEDT AG & Co. KG, Nümbrecht, Germany) 

G(τ) =
⟨δI(t)δI(t+τ)⟩

⟨I(t)⟩2 (8)

G(τ) = 1

Veff ⟨C ⟩
1

1 + 4Dτ
ωxy

2

1�
1 + 4Dτ

ωz
2

(9)

Veff =
[∫ PSF(r)dV]2
∫ PSF2(r)dV (10)

1 + T

1 − T
exp

(
− τ
τT

)
(11)
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attached to a coverslip containing intracellular fluid mimicking 
solution. The solution contained 0.5 mM EGTA, 3.0 mM KH2PO4, 
3.0 mM MgCl2, 20 Hepes, 110 mM sucrose, 20 mM taurine, 0.5 mM 
dithiothreitol, 60 mM lactobionate, 5 mM glutamate, 2 mM malate, 
5.0 mM MgATP, 10 mM PCr, and 10 nM Alexa Fluor 647 Dextran 
10K. In addition, bovine serum albumin (5 mg/ml) was added, and 
pH was adjusted to 7.1 at 25°C with KOH.

After about 5 min of cell sedimentation in the silicon insert un-
der the microscope, a cell attached to the coverslip was located. The 
outer membrane of the cell was then mechanically permeated using 
a glass microneedle, which was controlled by a micromanipulator 
(SMXS-K-L-EUR, Sensapex, Oulu, Finland). The microneedle, with 
a tip size of around 0.5 μm, was made from 1.0-mm-diameter glass 
rods (TW100F-3, World Precision Instruments, Sarasota, US) using 
a pipette puller (PC-10, Narishige, Japan). Following the perme-
ation, the internal and external environments of the cell were al-
lowed to equilibrate for 5 min. First, a confocal image of adult rat 
cardiomyocyte mitochondria was recorded, after which different 
locations inside the cell were selected for diffusion measurements.
PSF estimation
The microsphere slides for measuring PSFs were prepared as in (54). 
Briefly, a 10,000-fold dilution of the original suspension of micro-
spheres (TetraSpeck, T7279, Invitrogen, Eugene, OR) was made us-
ing water. A small drop of this diluted solution was then placed on a 
cover glass with a thickness of 0.17 mm and allowed to air dry. Once the 
sample was dry, a small drop of immersion oil (Carl Zeiss Immersol 
W, Oberkochen, Germany), with a refractive index of 1.334 at 23°C, 
was added to the spot and secured with a glass slide.

Under the microscope, an area containing several microspheres 
was selected so that Airy patterns would not overlap on either side 
of the focus. For measurement, the voxel size in the xy plane was set 
to less than 40 nm and, in the z plane, it was 100 nm, and several z-
stacks were recorded. From the z-stacks, point sources were identi-
fied and averaged according to center positions found from the 
least-square fitting with Eq. 3. Last, the average point source was 
fitted with Eq. 3 to determine the PSF lateral waist and axial waist 
used in analysis.

Statistics
If not stated otherwise, statistics are reported using the means ± 
SD. For experiments repeated on the same location several times, we 
used linear mixed models to quantify the impact of the fixed factors.
The models were composed with random intercepts, location con-
sidered as random factor. To determine the significance of the fixed 
factor(s) and their interaction(s), we composed models with and 
without the corresponding factor and P values were obtained by the 
likelihood ratio test of the full and simplified models. Statistical 
analysis was performed in R using lme4 (55) for linear mixed model 
analysis. P < 0.05 was considered statistically significant.

Use of artificial intelligence tools
Text was edited with the assistance of large language models: 
Claude 3.5 Sonnet (Anthropic, San Francisco, CA) and ChatGPT 
4.0 (OpenAI, San Francisco, CA). Artificial intelligence tools were 
used for correcting grammar and improving the clarity of the text 
sections. The full prompt used was as follows: “I would like to ask 
you to help with English and edit text for clarity if needed,” with the 
corresponding text added after this prompt. Before incorporating 
any artificial intelligence–suggested changes into the manuscript, 

all proposed edits were reviewed by the authors to ensure that the 
original meaning was preserved.

Supplementary Materials
This PDF file includes:
Figs. S1 to S8
Tables S1 to S3
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