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Accounting for Non-Stationary Variability in Magnetic
Particle Spectroscopy’

Arabella Stockdale,*?Joe Bible,”* Eli Mattingly,¢ and Olin Thompson Mefford®

Magnetic particle spectroscopy (MPS) is an emerging analytical technique with potential for rapid,
accessible, and affordable point of care biomarker detection based on magnetic signal fluctuations.
Accurate interpretation of MPS signals requires both colloidal stability of nanoparticles in aqueous
and complex media and statistical models that appropriately represent experimental variability. Con-
ventional least squares (LS) approaches assume stationary and homoscedastic noise, assumptions
which break down in experimental settings due to inherent temporal and within sample variability.
This study investigates the signal variability in 22 nm iron oxide nanoparticles (IONPs) coated with
20 kDa poly(ethylene glycol). We evaluate the validity of the standard linear model and reveal that
the least squares approach fails to account for inherent temporal and within sample variability. Re-
peated measurements under identical treatment conditions reveal substantial structured fluctuations
consistent with a non-stationary measurement process. Transformations commonly used to normalize
mass loading effects, including harmonic ratios, redistribute variance without resolving the underlying
variability. A hierarchical mixed effects model is implemented to partition within-run and temporal
sources of variation and to provide confidence estimates that reflect the observed variance structure
across observation levels. These findings establish a statistical framework for representing intrinsic
variability in MPS measurements and support more rigorous interpretation of harmonic signals. Ex-
plicit modeling of hierarchical uncertainty is an important step towards quantitative, reproducible

MPS analysis and translation of MPS for sensitive biomarker detection.

Characterizing the magnetization and relaxation dynamics of iron
oxide nanoparticles (IONPs) ensembles remains a central chal-
lenge in developing magnetic nanoparticles for various biomed-
ical applications such as magnetic resonance imaging (MRI), 1
magnetic particle imaging (MPI),2"! and liquid phase biomarker
detection.®* Magnetic particle spectroscopy (MPS) has emerged
as a rapid and accessible characterization technique to probe dy-
namic magnetic tracers through driving IONPs into their nonlin-
ear regime under and alternating magnetic field.2% The resulting
harmonic spectra encode specific properties such as the viscosity
of the solution, binding apparatus of chemical and biological an-
alytes, and hydrodynamic diameter.® However, the complex in-
terplay between aggregation, interparticle interactions, and col-
loidal stability, often introduces signal variability that is not cap-
tured by simplified analytic models. Importantly, this variabil-
ity is not purely Gaussian noise and thus reflects a temporally
evolving system that challenges commonly used statistical meth-
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ods. Although often overlooked for simplicity, accurately model-
ing this variation is a necessary component to the clinical trans-
lation of this technology. Without acknowledging these complica-
tions, false positives or unreproducible data can occur.

Signal quality in MPS is often reported using metrics such as the
signal-to-noise ratio (SNR) or harmonic decay ratio (e.g., As/A3)
with uncertainty typically estimated using the standard error of
the mean (see Eq. [2).11"13 The standard error asymptotically
shrinks with increasing measurement acquisition making the es-
timates of uncertainty artificially small and result in unrealisti-
cally narrow confidence intervals. These approaches implicitly as-
sume stationary means and statistically equivalent observations,
neglecting between-sample variation that may overstate repro-
ducibility. In practice, MPS datasets frequently include multiple
aliquots, repeated runs, and day to day measurements making the
definition of an independent replicate nontrivial. Treating these
as independent observations collapses distinct sources of variabil-
ity into a single estimate and overstates reproducibility. As a re-
sult, conventional uncertainty metrics can give the appearance of
a well defined expected mean even when substantial structured
variability persists in the data.

Magnetic particle spectroscopy (MPS) is widely used for
biosensing applications due to its exceptional sensitivity to
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changes in nanoparticle media, surface chemistry, and interfacial
dynamics. Ligand binding and particle mobility can induce subtle
measurable shifts in the harmonics spectra enabling the detec-
tion of a variety of biomarkers.©"1415 Ty support these appli-
cations, surface coatings such as poly(ethylene glycol) (PEG) are
widely used to enhance colloidal stability and provide chemical
handles for target moieties. 1116718 MPS is inherently sensitive to
minute changes in nanoparticle dynamics, providing sensing ca-
pabilities for subtle perturbations in magnetic behavior. While
this enables powerful bio sensing applications, it is highly prone
to measurement variability in external factors such as tempera-
ture, aggregation, and instrumentation even under tightly con-
trolled experimental conditions. Such variability may mimic true
biological binding events that could lead to false positives or in-
differentiable results in clinical applications. 1220

Aggregation, local viscosity changes, and medium induced fluc-
tuations have been shown to cause non-constant frequency scal-
ing, while colloidal stabilization can nonlinearly affect relaxation
behavior, hydrodynamics, and electrophoretic mobilities. 21 1m-
portantly, these fluctuations can be hidden by the intrinsic na-
ture of scale in magnetic measurements. When harmonic data for
grossly different samples are visualized such is the case in cali-
bration dilutions, fluctuations may appear suppressed due to log-
arithmic scaling despite suffering from the same variability prob-
lems on local signal interpretation as shown in Fig.

These observations highlight the need for a robust statistical
model that explicitly accounts for known causes of variation in
MPS harmonic measurements. A common approach for ana-
lyzing harmonic data is using least squares (LS) regression or
standard linear models that implicitly assume stationary and ho-
moscedastic noise. Such methods offer practical estimates of har-
monic behavior and are frequently adapted in the MPS litera-
ture. ZOIIUE22 However, these assumptions are poorly aligned
with non-stationary systems which fail to account for within-
sample and temporal variability. As a result, uncertainty is sys-
tematically underestimated, raising the risk of overly confident
interpretations when random noise, system drift, or sudden fluc-
tuations in the signal occur.

In MPS measurements, LS based models collapse temporal and
within sample variation into a single error term, thus leading to
systematically underestimated uncertainty. This produces artifi-
cially narrow confidence intervals that mask real signal fluctu-
ations and create a false impression of precision. This limita-
tion reflects the known behavior inherent to MPS and MPI de-
vices where signal distortions arise from a combination of factors,
such as background feed-through, system drift, random noise,
drive field fluctuations, and abrupt fluctuations of unidentified
origin.232% While there will always be mechanical improvements
to limit variability, such occurrences cannot be fully eliminated
in practice. Consequently, robust statistical modeling is required
to accurately represent and interpret MPS in data in non ideal
experimental systems.

Recognizing this gap, the present study treats within and be-
tween sample variability as an inherent property of this material
system, to establish a statistically rigorous framework for evalu-
ating MPS measurements. We systematically examine signal re-
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producibility in PEG coated iron oxide nanoparticles by quantify-
ing both aliquot-level (within sample, ow,, and day-to-day vari-
ation/temporal, op,) for liquid phase 20 kDa PEG-coated 22 nm
iron oxide nanoparticles. We demonstrate the necessity of mixed
effect models that explicitly account for the aforementioned ran-
dom effects, providing an accurate and statistically defensible de-
scription of MPS data. This framework enables meaningful uncer-
tainty quantification and reproducible interpretation in non-ideal
experimental setups. By looking closely into the origin and per-
sistence of these perturbations, this work advances the reliability
of MPS measurements, introduces a new standard for analysis
protocol, and establishes a statistically sound foundation for the
clinical translation in biomarker detection, bio imaging, and tar-
geted therapeutic applications.

Results and Discussion

Structural and colloidal characterization

Iron oxide nanoparticles with a mean core diameter of 22 nm
were synthesized and functionalized with a 20 kDa nitroDOPA
terminated poly(ethylene glycol) (PEG) ligand for this study.
Standard characterizations including transmission electron mi-
croscopy (TEM) and X-ray diffraction (XRD) were employed to
determine the size and magnetite phase of this material. Trans-
mission electron microscopy (TEM) confirmed the formation of
monodisperse, spherical iron oxide particles with a core size
range of 21.6 + 2.7 nm (see Fig. c).

X-ray diffraction patterns were indexed to magnetite confirm-
ing the crystalline phase (see Fig. [1| d). positions and profile
changes across the series. The diffraction patterns are indexed
to the cubic inverse spinel structure of Fe;O, (JCPDS 85-1436).
The full width at half maximum value of the (311) reflection as
determined from a Gaussian fitting was input to the Debye Scher-
rer equation, as described in Equation [5} The crystallite size was
estimated to be 14.2 nm. This value is slightly smaller than the
average particle size obtained from TEM (21.6 + 2.7 nm). This
discrepancy is expected as XRD provides the size of diffracting
crystalline domains, whereas TEM measures the overall particle
size; in this case, it suggests multiple domains within a single
particle.

Applying a polymer ligand is well established method to in-
crease colloidal stability of nanoparticles in water. 1822120 Thjs
molecular weight (20 kDa) was chosen due to its high steric
repulsion and stabilization properties.1®18 The PEG coating is
anchored to the iron oxide surface via nitroDOPA, a catechol
amine, forming strong chelation interactions that are known to
provide stable surface functionalization under acqueous condi-
tions. 1027128 Dynamic light scattering (DLS) was therefore used
to asses colloidal stability in DI water over 24 hours. Figures [1|a
and b show the DLS intensity average and Z-average distributions
for PEG coated IONPs in DI water respectively. The hydrodynamic
diameter decreased slightly from 96.1 to 90.4 nm over 24 hours
with narrow intensity average distributions and no emergence of
large aggregates. This indicates that gross colloidal instability or
irreversible aggregation is not present, and any variability in MPS
measurements likely originate from mechanisms beyond simple
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Fig. 1 The colloidal dynamics of the particles measured through DLS show a lack of aggregate formation over the course of twenty four hours (b).
Intensity distribution data (a) show a mean hydrodynamic diameter of 118.1 [nm] with a polydispersity average index (PDI) of 0.18 [-]. Transmission
electron microscopy images (c) show monodisperse spherical particles. A normal distribution fit to the particles shows a mean of 21.60 nm with
a standard deviation of 2.74 nm. The crystalline phase of the synthesized IONPs was confirmed with X-ray diffraction (d), with diffraction peaks

consistent with key peaks for Magnetite.

sedimentation within the timescale of a day. Together, these re-
sults suggest that ligand binding and colloidal stability are main-
tained over the course of measurements across multiple days.

Temporal variability in MPS measurements

Quantitative analysis of MPS data often relies on three main har-
monic parameters: the mass normalized third harmonic A3, the
ratio of the 5th to 3rd harmonic A5/A3, and the number of de-
tectable harmonics above the noise floor A,. 113 To evaluate sig-
nal reproducibility while minimizing operator bias, a statistically
rigorous MPS measurement protocol was implemented. Measure-
ments were conducted on three independently prepared aliquots
per sample over five days, with random measurement order and
treatment. Despite consistent handling and identical concentra-

tion, substantial variability well above the noise floor was ob-
served in the third harmonic amplitude (A3) and the harmonic
ratio (As/A3) both between sample runs and across acquisition
days. Specifically, abrupt within-run fluctuations are observed in
the amplitude data, whereas these features are less apparent in
the ratio data. This apparent normalization of the harmonic am-
plitudes does not mitigate systemic uncertainty; instead, it am-
plifies within-run observation noise (g;;;) relative to between-day
and between-run variation. Computing the ratio removes loca-
tion information while rescaling the random variables. Conse-
quently, & cannot be directly compared between amplitude and
ratio representations because the original scale and location is not
preserved. However, the relative contribution of & to the over-
all variance structure remains interpretable. Visualization of the
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Fig. 2 Fluctuations in the (a) harmonic ratio As/A3 and (b) harmonic amplitude A3 over three days. Shown are the harmonic ratios and background
subtracted amplitudes of 20 kDa 22 nm IONPs aliquots obtained on Day 1 measured over days 1 - 3. The 95% confidence intervals using the least

squares and generalized mixed effect model are shown for both data sets.

raw harmonic amplitudes therefore reveals sources of variation
evident which are otherwise masked when ratios are used.

To illustrate the consequences of these assumptions, least-
squares (LS) regression was applied to the third harmonic (A3)
and harmonic ratio (As/A3) to estimate the mean and corre-
sponding 95% confidence intervals. Three independently pre-
pared aliquots of 20 kDa 22 nm IONPs were measured randomly
over three days to evaluate within-run and between-day variabil-
ity. When 95% confidence intervals for mean third harmonic, A3,
were calculated by treating each day as an independent sample,
the removal of temporal structure resulted in non overlapping
confidence intervals. The resulting LS confidence intervals are
summarized in Table [1} This approach concludes that measure-
ments of the same aliquot collected on different days are statisti-
cally different.

When all three days are pooled into a single dataset, the re-
sulting LS confidence intervals [1.85 - 10710 - 1.92.1071° AU
shown in Figure |2| b, remain unrealistically narrow. In fact the
resulting intervals never contains a single data point for the se-
ries. Consequently, all measured values fall well outside the 95%
confidence bounds, indicating a systemic underestimation of un-
certainty and complete misrepresentation of the data. This failure
arises because LS regression collapses within aliquot and day to
day variability random effects into a single residual error term
thus producing artificially narrow confidence intervals. Critically,
this behavior persists even when data appear well behaved on log-
arithmic scales with well known commercial agent, Synomag™-D
70 nm lot: 54525104-04 (see Fig . This underscores the neces-
sity of a model that attributes variation to random effects such as
temporal variability.

To properly account for this variability, a linear mixed effects
model was applied (see Eq. where p is the mean of the tar-

4] Journal Name, [year], [vol.], 1@

geted harmonic, B; represents day to day fluctuations, W;; cap-
tures between-run within-day variation and ¢;;; denotes residual
measurement noise. The random effect structure should be se-
lected based on known or potential sources of variation as a func-
tion of the physical workflow of the observation process. For ex-
ample, variability arising from day to day changes (e.g., ambient
temperature, sample aging, or instrument drift) should be mod-
eled at the day level capturing valuable timescales for degrada-
tion studies or biomarker uptake. Additionally, variability intro-
duced within a measurement session (e.g., local heating, sample
repositioning, and sonication induced rearrangement of nanopar-
ticle clusters) may be captured at the run level. In practice, re-
searchers should identify candidate sources of variability and de-
termine whether they occur at predictable intervals, then assign
random effects accordingly (see Section Statistical modeling).

Unlike LS regression, the mixed effects model produces confi-
dence intervals that accurately summarize the uncertainty in our
estimates based on the observed data. Applying this model to the
dataset of aliquot one across all days shown in Fig[2]illustrates the
lack of confidence in the estimated value of the harmonic data.
With this method, the individual sources of temporal variability
are accounted for and result in all harmonic data falling within
the LMM confidence intervals. Assigning defined jumps in the
data to random effects B; and W;; with the LMM method, yield a
95% confidence bound [8.72- 107! — 2.89-1071°] as highlighted
in Fig|2| b for aliquot one across all days. This method well en-
compasses the amplitude data in contrast to the LS method.

It should be noted that the power of the LMM method arises
from its ability to accommodate temporal and between-run fluc-
tuations. If the dataset were collapsed by day as shown in Table
the mixed effect model simplifies to a LS model where the ran-
dom effect terms go to zero such that all variability is attributed
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Table 1 Least squares confidence intervals for aliquot one 20 kDa IONPs

Day 95% CI [A.U.] Sample Estimates Mean [A.U.]
1 [2.34-10710— 2.36-10~10] 2.35-10"10
2 [1.59-1071°— 1.61-10710] 1.60-10~10
3 [1.69-10710— 1.71-10710] 1.70-10-10

to residual measurement noise. While the mixed effects model
is general and can, in principle, be applied to other nanoparti-
cle formulations and MPS platforms, the present study evaluates
a single well characterized IONP system. Extension to particles
with different core sizes, coatings, or interaction effects may yield
different variance structures and should be validated in future
studies.

Alternative strategies such as harmonic ratio analysis or obser-
vation of harmonic phase are commonly employed to mitigate
mass loading effects.Z21% In the present data, such techniques
did not reduce overall variability but instead redistributed it, am-
plifying within-run stochastic noise relative to between-run and
between-day variation. Although amplitude measurements ex-
hibit abrupt fluctuations, these changes occur at predictable inter-
vals and can be ascribed to identifiable aspects of the observation
process that are naturally accommodated within a hierarchical
random effects framework. In contrast, ratio operation introduces
a nonlinear combination of two random variables spanning an or-
der of magnitude. This operation removes information about the
absolute signal magnitude, which reflects factors such as particle
mass, interactions and system sensitivity, while rescaling variance
contributions. As a result, direct comparison of the noise structure
within a linear mixed effects model becomes more complex. The
apparent compactness of the ratio distribution therefore reflects
a scaling effect rather than an intrinsic reduction in signal vari-
ability (see Fig[2]a.) When mass is independently known, model-
ing amplitude data provides a more direct representation of drift,
trends, and structured fluctuations across observation intervals.
Ratios may instead be viewed as additional derived observations
that require explicit modeling of their constituent harmonic rela-
tionships.

Prior work has demonstrated empirical correlations between
harmonic amplitudes to reduce quantification uncertainty.1?
While such relationships improve calibration, they do not account
for intrinsic signal variability arising from non-stationary parti-
cle dynamics. Importantly, the observed variance in amplitude
measurements reflects fundamental characteristics of MPS which
will vary instrument to instrument. Spatial sensitivity of detec-
tion coils and temperature dependent nanoparticle dynamics in-
troduce hierarchical sources of uncertainty that persist even in
optimized systems. As the demand for measurement sensitivity
increases, statistical frameworks that explicitly model hierarchi-
cal variability become essential for resolving subtle signal pertur-
bations necessary for advanced magnetic characterization and bio
diagnostic applications.

Potential sources of variability
Across multiple days, runs, and aliquots, our PEG coated IONPs
exhibited non negligible temporal and within sample variability
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in the measured harmonic parameters (A%, As/A3), far exceed-
ing the instrument noise floor (see Fig [3|b). Confidence inter-
vals obtained via standard LS methods fail to accommodate these
extra sources of variation and systematically underestimate un-
certainty. The operation of computing the harmonic ratio, while
commonly used in the field, propagated noise and masked the
attributions of underlying variances observed in the amplitude
data. While the phase data could pose as a more stationary mass
independent metric, this falls out of the scope of this project and
is suggested as future work. We hypothesize that a portion of the
observed variance arises from reversible interacting nanostruc-
tures (e.g. dimers or small chains) dynamically created during
MPS acquisition. Similar field induced clustering has been ex-
tensively shown in literature B1U18127H29 Thege structures would
transiently modulate Brownian relaxation times on millisecond to
second timescales, producing instantaneous changes in harmonic
amplitudes.2% This mechanism is consistent with the colloidal sta-
bility confirmed through dynamic light scattering (DLS) (Fig[1]b)
and non-stationary fluctuations within a single run.

Mixed-effects modeling provides a statistically rigorous method
to partition variance and correctly represent uncertainty in MPS
measurements. While this paints a clear picture of the data, this
method does not inherently improve sample distinguishability,
highlighting a limitation of diagnostic applications. Future im-
provements may involve instrumentation adjustments to control
extraneous variation (e.g., feedback controlled drive fields, im-
proved sample assembly), or the use of grossly different materi-
als in which the threshold of positive signal in the case of dis-
ease testing would vastly out scale the variance. For example,
nanoparticles with highly different hydrodynamic sizes, surface
coatings, or morphology would be expected to significantly in-
fluence the magnetic response.222831 These considerations are
also relevant for smaller superparamagnetic iron oxide nanopar-
ticles (SPIONSs), where reduced core size impacts signal character-
istics and potentially interactions and variance structure. While
these effects may differ from the present system, the mixed effects
framework remains applicable for quantifying variability when
the relevant sources and timescales are properly defined.

In this study, a 20 kDa PEG coating was selected to provide a
stable, well dispersed system; however, varying PEG molecular
weights may further alter hydrodynamic size, interparticle inter-
actions, and relaxation dynamics, therefore impacting both signal
magnitude, harmonic decay, and variability. This highlights that
material driven differences can outweigh measurement variabil-
ity as illustrated in Fig[3] where separation is possible even in the
presence of large fluctuations. Together, these findings highlight
the need for both statistical rigor and careful experimental design
in reliable MPS instrumentation.

Experimental Methods

Statistical modeling

We propose using a linear mixed effect model (LMM) for estimat-
ing mean harmonics. A typical least squares (LS) analysis han-
dles observed variation including day to day, between-run, and
within-run noise into a single source and averages the deviations
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Fig. 3 Synomag-D 70 nm dilution series plotted as signal intensity of the third harmonic A3 vs (a) iron mass and (b) run number.

over all the observations. The LMM, on the other hand, assumes
specific independent error terms for each source of variation such
that when the day to day and between-run variation are large
compared to the within-run noise, the LMM will give a more real-
istic, albeit wider, estimate of uncertainty. When day to day and
between-run variations are small compared to the noise, the two
methods will give very similar results.

In a standard LS approach, we assume that the perturbations
we observe in harmonic signals are independent with a mean of 0
and common variance about the true mean u. Typically, normality
is assumed although approximations can typically be obtained of
non-normal data. We would define

% ik = 1+ &jx, where
€8]

id
'~ AN (0,02,)

where the indices i, j and k correspond to the days, individual
runs (within-days) and single observations (within-run nested in
days), u is the mean of the harmonic and ¢; is the independent
observed deviations. The maximum likelihood estimator of u i.e.
[1 is obtained (for the balanced case) as fij s = Z;X jzk?%g where
I, J and K are the number of days, runs and observations respec-
tively. The standard error of an estimate fi; g is

2

SEL%
1JK 2

SEps =
The limitation of Equation [2| is that when between-days and
between-runs variability dominate relative to the more frequently
observed within signal variation, the large denominator mutes
these effects. As a result, the least squares confidence interval
in Figure 2| b is overly narrow and does not contain any of the

observation specific harmonics.

With the LMM we assume

6| Journal Name, [year], [vol.], 1@

gijk =u+B;i+W; + & jks where
iid. 2
B; "~ A4 (0,03)
3
d

2

iid.

Wy T (0.07)
Ejk ~ N

2
(01 GELMM)
The B;’s are the day to day observations, the W;;’s describe the

run to run variation and the &;;;’s correspond to the between sig-
nal perturbations with a balanced design fi; 5 = fizyar, however

2 2 2
. O3, Ow.. O,
Var(fivm) = Tt U'I +7I£JL;4(M 4

where o7 < oZ . Even though the noise variance in the LMM
is smaller, in LS the day to day and run to run variation can only
be reduced by replicating the entire experiment. With non sta-
tionary observations, these terms end up dominating the estimate
of the standard error.

Synthesis of PEG IONPs

Iron oxide nanoparticles (IONPs) of 22nm diameter were syn-
thesized using a thermal decomposition of iron(III) acetylace-
tonate, following a modified procedure described by |[Sun and
Zeng| 2 Methoxy terminated polyethylene glycol (PEG, 20 kDa,)
purchased from JenKem was functionalized using a previously de-
scribed procedure with nitroDOPA : a catechol amine with high
binding affinity to the nanoparticle surface. 1828 The modified
PEG was attached to the IONPs using a ligand exchange to create
an aqueous dispersion following a previous protocol.1Z
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Particle characterization

The hydrodynamic size, degree of clustering, and polydispersity
were characterized using dynamic light scattering (DLS, Malvern
Zetasizer Nano ZS) using a 633 nm wavelength laser at 25 °C.
Water dispersed samples were prepared by filtering with a 5 um
Teflon syringe filter into disposable plastic cuvettes prior to mea-
surement.

Size analysis of the magnetic core was obtained using trans-
mission electron microscopy (TEM, Hitachi H7830). The samples
were prepared by drop casting diluted hexane dispersions onto
carbon-coated copper grids and dried under ambient conditions.
Image analysis of approximately 300 particles was performed us-
ing ImageJ©.

Iron concentration was determined by inductively coupled
plasma mass spectroscopy (ICP-MS) following nitric acid diges-
tion. Two microliters of each sample were dried in a 500 °C oven
over night to remove organic matter, then digested in 5 mL of
trace metals nitric acid at 90 °C for one hour. The sample was
then dispersed in 5 mL of 2 % nitric acid, sonicated, filtered with
a 0.2 um Teflon syringe filter, and quantified using calibration
curves derived from iron standards.

X-ray diffraction (XRD) was performed using a Rigaku Smart-
Lab powder X-ray diffractometer to determine the phase and com-
position. Measurements were carried out using Cu Ka radiation
(A = 1.54A.) Samples were prepared by drop wise deposition of
hexane dispersions onto a circular glass pane, forming uniform
dry films. Diffraction patterns were collected over the 26 range
of 15 to 80 degrees with a scan rate of of 5 degrees/minute and
a step size of 0.02 degrees.

To improve the signal to noise ratio, a smoothing function was
applied using a Savitzky-Golay filter in Origin. The smoothing
was used only to assist peak visualization and fitting does not
affect peak broadening. Peak positions and full width at half
maximum (FWHM) values were obtained by fitting the diffrac-
tion peaks with a Gaussian function in Origin. The (311) reflec-
tion was selected due to its high intensity and minimal overlap
with neighboring peaks. The crystallite size in nanometers was
estimated using the Debye Scherrer equation

KA

- Bcos6 )

where K = 0.9, A = 1.544, B is the FWHM in radians, and 0 is the
Bragg angle. No explicit correction for instrumental broadening
was applied; therefore, the calculated crysallite sizes should be
considered approximate.

Magnetic measurements

Magnetic particle spectroscopy (MPS) measurements were per-
formed on a custom-built instrument based off an open source as-
sembly.2?/ Samples were exposed to an alternating magnetic field
with an of 10 mT at a frequency of 23.8 kHz. The induced volt-
age signal was sampled at 2 MHz using a National Instruments
(Austin, TX, USA) USB 6363 data acquisition card (DAQ). Each
run consisted of 22 measurements, with each measurement last-
ing 40 ms. From these measurements, 22 fast Fourier transform
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(FFT) harmonic spectra were generated. After 11 measurements
within a run, the sample is moved well outside the bore and a
new baseline is acquired. The individual data points analyzed in
this work are the FFT values corresponding to the frequency for
the nth harmonic.

For each sample type, three aliquots containing 60 uL of
substance, were prepared in 0.6 mL microcentrifuge Eppendorf
tubes. Each observation consisted of five sequential runs.Between
runs, the motor was homed to null any accrued motor position
offset and the baseline was reset between excitation pulses. This
procedure yielded a total of 110 harmonic spectra per observa-
tion.

Prior to measurement, samples were sonicated in a bath soni-
cator at 25 °C for 30 seconds to ensure thermal equilibrium and
minimize settling effects before entering the bore. The series
of samples measured each day were input in a randomized se-
quence. The instrument noise floor was defined as Ay = yy, + 100y
where A; is the amplitude of the k,; harmonic, t is the mean of
the k;;, harmonic and oy, is the standard deviation obtained from
10 blank runs, respectively, following the guidance of the Inter-
national Union of Pure and Applied Chemistry (IUPAC).

To adequately sample potential sources of variation, a five day
measurement protocol was conducted. On day 1, three aliquots
from the 20 kDa PEG IONP sample were prepared to serve as the
initial aliquot reference. On subsequent days, three aliquots were
freshly pipetted and measured in a randomized sequence along-
side Day 1 references to evaluate within sample and temporal
variation. This allowed for analysis of aliquot-to-aliquot variation
between two series of a given sample measured on the same day.
Additionally, the same aliquots from day 1 were remeasured daily
to assess instrument drift.

Conclusions

This work demonstrates that commonly applied statistical ap-
proaches in magnetic particle spectroscopy do not fully represent
experimental data acquired under realistic, non-stationary condi-
tions. Measurements of synthesized 20 kDa PEG-coated 22 nm
iron oxide nanoparticles exhibited substantial variability within
aliquots and across days despite controlled preparation and mea-
surement protocols, motivating the implementation of a hierar-
chical mixed effects framework to partition variance and repre-
sent uncertainty across observation levels. Least squares model-
ing and standard error based confidence intervals systematically
underestimated this variability. Commonly employed transforma-
tions such as harmonic ratios propagated noise without resolv-
ing its underlying structure, complicating direct interpretation of
signal uncertainty. We further show that measurement ranges
spanning logarithmic scales, such as in dilution series, can vi-
sually suppress structured fluctuations that dominate within-run
stochastic noise in diagnostically relevant signal levels. In con-
trast, mixed effects modeling captures within and temporal vari-
ability, providing confidence intervals that reflect the hierarchi-
cal nature of the measurement process and enable meaningful
comparisons where traditional approaches are insufficient. These
findings emphasize the importance of statistical frameworks that
explicitly model hierarchical variability rather than relying on
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normalization or scaling transformations. Such rigor is essential
for reliable interpretation of MPS signal and advancing magnetic
characterization. Establishing methods that accurately represent
experimental uncertainty is a necessary step towards translating
MPS for disease diagnostics, where subtle fluctuations in mag-
netic signal form the basis of biomarker detection.
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