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Abstract
nsPEFsconstitute a temporally sharp physical perturbation, independent of sustained chemical
input, for probing the impact on intracellular state. In PC-12 cells, nsPEFs induce neuritogenesis,
enhanced neurite outgrowth when NGF-treated, increased C–H Raman scattering intensity, cell
volume contraction, and intracellular heating. The research question posed here concerns the existence
of a relationship between the early nsPEF-induced changes observable by Raman spectroscopy
and the subsequent neuronal commitment of the treated cell population. A novel definition of the
Biophysical Commitment Index (BCI), based on cytoplasmic crowding effects, cell-area shrinkage,
thermal dynamics of the intracellular medium, and nsPEF-waveform-related parameters, serves as
a physiologically motivated predictor of nsPEF-induced neuronal commitment. Herein, the BCI
predictor is determined by hierarchical modeling, mediated by Raman-observables and bright-field
morphometrics of the individual cells nested within biological replicates, in a way consistent
with leave-one-dish-out cross-validation. Contributions of this work include the development of a
physically intuitive model relating nsPEF-triggered C–H and O–H vibrations to further neuronal
commitment; a validation scheme that accounts for the nested structure of experimental data
and preserves the distinction between treatment assignment and early intracellular state; and an
experimental design for assessing label-free Raman spectroscopy as a biomarker of drug-free neuronal
differentiation.

Keywords: nanosecond pulsed electric fields; Raman microscopy; PC-12 cells; neuronal
differentiation; intracellular temperature; molecular crowding; neurite outgrowth; biophysical
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1. Introduction

Neuronal differentiation requires coordinated changes in cell polarity,
cytoskeletal organization, membrane trafficking, and transcriptional
signaling. These changes underlie neural development and remain
central to in vitro models of neural regeneration, disease screening,
and cell-based repair strategies [1, 2]. PC-12 cells are widely used for
studying neuronal differentiation because they respond reproducibly
to nerve growth factor (NGF) by extending neurite-like processes
and activating signaling cascades associated with neuronal phenotype
acquisition [3, 4, 5]. Their reproducible response makes them a suitable
model for evaluating how precisely delivered physical stimulation can

influence cell fate.

NGF-based induction has clarified how receptor-mediated sig-
naling regulates neurite outgrowth. NGF activates MAPK
and phosphatidylinositol-3-kinase pathways, and the duration of
ERK/MAPK activation contributes strongly to the decision between
proliferation and differentiation in PC-12 cells [6, 7, 3, 4]. Chemical
induction, however, can be difficult to localize, can introduce medium-
dependent variability, and often requires prolonged exposure before a
morphological endpoint is visible. Physical cues such as electric fields,
thermal gradients, mechanical stress, and plasma-generated signals
provide complementary routes for controlling cell behavior with high
temporal precision [8, 9, 5, 10]. A major barrier to their systematic
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use is the lack of early, label-free predictors that identify whether a
physical stimulus has moved a cell toward a differentiation-permissive
state.
Nanosecond pulsed electric fields (nsPEFs) are especially relevant
because their short pulse duration and high electric-field strength can
perturb intracellular compartments while limiting the irreversible mem-
brane disruption associated with long-pulse electroporation. nsPEFs
can form transient nanopores, induce ion flux, alter calcium dynamics,
and activate signaling pathways that influence survival, death, and
differentiation [11, 12, 13, 14, 15]. In PC-12 cells, 50 ns pulses at
approximately 4.5 kVcm−1 induce neuronal differentiation without
NGF and enhance neurite elongation when NGF is present [16]. In
situ Raman microscopy in the same cellular system shows increased
C–H stretching intensity, reduction of cell volume to approximately
91%, and an intracellular temperature rise approaching 1 ◦C during
repeated stimulation [16].
These observations raise a mechanistic and practical question: can
early Raman-detectable changes predict later neuronal differentiation,
or do they only accompany electrical stimulation? A predictive rela-
tionship would indicate that nsPEFs generate a definable intracellular
state before visible neurite formation. It would also allow Raman
microscopy to guide pulse number, waveform, stimulation interval,
and NGF co-treatment without waiting several days for neurite out-
growth. The analytical challenge is that C–H intensity, cell shrinkage,
O–H-derived temperature change, pulse dose, and NGF status may
contribute jointly rather than independently.
This work introduces a Raman-derived Biophysical Commitment Index
(BCI) to quantify that joint response. The index tests the hypothesis
that nsPEF-induced differentiation is governed by the early intracellu-
lar state produced by stimulation, not by pulse exposure alone. The
contribution is threefold: Raman and morphometric features are con-
verted into a single interpretable predictor of neuronal commitment;
waveform assignment is separated from cell-state information; and
validation is performed in a replicate-preserving manner to reduce
overfitting and pseudoreplication in nested single-cell data.

2. Biophysical Model

2.1. Physical cell-fate priming

Physical cell-fate priming is defined here as an early intracellular state
generated by a non-chemical stimulus that increases the probability
of later phenotypic commitment. For nsPEF stimulation, the relevant
state may include nanopore-mediated ion transport, calcium mobiliza-
tion, regulatory volume decrease, cytoplasmic crowding, and transient
intracellular thermal cycling [11, 12, 17, 16]. These events can con-
verge on differentiation-associated pathways, including MAPK and
phosphoinositide signaling [18, 19].
No single physical readout is expected to be sufficient. Temperature
rise, molecular crowding, and cell-volume reduction are treated as
complementary components of a multivariable cell state. This choice
is supported by the simultaneous changes in C–H intensity, cell area,
estimated cell volume, O–H water-band shape, and later neurite out-
growth observed after nsPEF stimulation [16]. A combined index is
therefore more informative than a single-marker rule for evaluating
whether the early response is consistent with neuronal commitment.

2.2. Definition of the Biophysical Commitment Index

For cell i in dish or biological replicate j, the Biophysical Commitment
Index is defined as

BCIi j =w1z(∆ICH,i j)+w2z(AUCT,i j)+w3z(Tmax,i j)

+w4z(−∆Ai j)+w5z(Wi j)−w6z(∆IAmide,i j), (1)

Figure 1: Raman-detectable physical cell-fate priming after nsPEF stimulation.
A temporally confined pulse train perturbs PC-12 cells while Raman microscopy
captures C–H and O–H spectral responses. Cytoplasmic crowding, transient
temperature elevation, and cell-area reduction are integrated into the BCI and
evaluated against later neurite outgrowth and differentiation.

where ∆ICH is the normalized change in C–H stretching intensity,
AUCT is the area under the intracellular temperature-response curve,
Tmax is the maximum intracellular temperature rise, ∆A is the fractional
post-stimulation cell-area change, and W encodes waveform-specific
exposure. The term −∆IAmide penalizes broad structural disruption
because viable nsPEF conditions are not expected to produce strong
amide I alterations [16]. The transformation z(·) standardizes each fea-
ture within the training data so that all weights operate on comparable
scales.

The weights w1, . . . ,w6 are estimated within the training portion of
each validation split by penalized logistic regression, partial least-
squares regression, or a Bayesian hierarchical model. Estimating the
weights only in training replicates prevents information from the held-
out dish from influencing feature scaling or coefficient estimation.
A higher BCI indicates stronger early evidence of a differentiation-
permissive intracellular state, whereas a lower BCI indicates weak
crowding, limited thermal response, minimal area change, or spectral
evidence inconsistent with viable priming.

3. Materials and Methods

3.1. Experimental system and measured variables

The analysis is based on the PC-12 nsPEF–Raman measurement record
described by Irikura et al. [16]. PC-12 cells were cultured under
serum-containing conditions and exposed to pulsed electric fields in
cuvette electrodes or under a Raman microscope. The differentiation
experiments used a pulse width of 50 ns, voltage of 450 V, repetition
frequency of 1 kHz, and total pulse numbers of 30,000 or 90,000 [16].
Neurite assays were conducted with and without 50 ngmL−1 NGF.
Time-resolved Raman measurements were acquired using a multi-
confocal Raman microscope with 532 nm excitation during nsPEF
application [16].

The outcome variables are differentiation status, longest neurite length,
and neurite-branching morphology. Differentiation is defined by a
neurite length exceeding the cell-body diameter, with aggregates of
four or more connected cells excluded, consistent with the experimen-
tal definition [16]. The early predictors are C–H Raman intensity,
O–H water-band temperature ratio, cell-area change, pulse number,
waveform category, and NGF status. When cell tracking is available,
Raman features and later morphology are linked at the single-cell level.
When tracking is unavailable, inference is performed at the replicate
level or by distributional matching so that unsupported cell-by-cell
pairing is avoided.
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3.2. Raman feature extraction

Raman image stacks are processed through a standardized spectral
pipeline. Cosmic-ray artifacts are removed, spectra are corrected for
baseline drift, and wavenumber calibration is verified before feature
extraction. Cellular regions are separated from extracellular back-
ground using the clustering-based segmentation strategy applied to the
PC-12 Raman measurements [16]. Cellular spectra are normalized
against the extracellular water band from 3158 to 3577 cm−1 to reduce
acquisition-intensity variation.
For each cell, the principal Raman features are

ICH,i j =
∫ 3000

2800
Si j(ν)dν , (2)

ROH,i j(t) =
∫ 3576

3484 Si j(ν , t)dν∫ 3228
3132 Si j(ν , t)dν

, (3)

∆ICH,i j = Ipost
CH,i j − Ipre

CH,i j, (4)

where Si j(ν , t) is the normalized spectrum of cell i in replicate j at
wavenumber ν and time t. The 2800–3000 cm−1 C–H band cap-
tures changes in intracellular proteins and lipids and is used as a
biomolecular-density feature. The O–H ratio is used for temper-
ature estimation because the relative intensities of high- and low-
wavenumber water bands vary with temperature-sensitive hydrogen
bonding [20, 21, 16].

3.3. Intracellular temperature estimation

Intracellular temperature is estimated from the O–H water-band ratio
using the calibration equation

ROH = αT +β , (5)

where ROH is the intensity ratio between the 3576–3484 and 3228–
3132 cm−1 regions. The PC-12 calibration for this measurement
system is highly linear, with a slope close to 0.014 and R2 = 0.993
[16]. Temperature change is therefore calculated as

∆Ti j(t) =
ROH,i j(t)−ROH,i j(0)

α
. (6)

Dynamic thermal features are then defined as

Tmax,i j = max
t

∆Ti j(t), (7)

AUCT,i j =
m

∑
t=1

∆Ti j(t)∆t, (8)

ρT,i j =
∆Ti j(tk+1)−∆Ti j(tk)

tk+1 − tk
, (9)

where ρT represents local heating or recovery rate. Separating peak
temperature rise, cumulative thermal exposure, and recovery kinetics
allows the analysis to distinguish a short intracellular thermal pulse
from sustained heating.

3.4. Morphological endpoints

Bright-field images are analyzed with a standardized morphometric
workflow. Cell-body boundaries are segmented, cell-body diameter is
estimated from the equivalent circular diameter or major-axis measure-
ment, and the longest neurite is traced from the cell-body boundary
to the distal neurite tip. For each cell, the extracted variables include
cell-body area, longest neurite length, number of primary neurites, and
number of branch points. Differentiation is coded as

Di j =

{
1, if longest neurite length exceeds cell-body diameter,
0, otherwise.

(10)

The continuous neurite-length endpoint is analyzed in raw units and
after log(Li j + 1) transformation to reduce leverage from extremely
long neurites. Measurements remain nested within dishes or biological
replicates throughout the analysis.

3.5. Statistical modeling

The primary model for differentiation is a hierarchical logistic regres-
sion:

logit
[
Pr(Di j = 1)

]
=β0 +β1BCIi j +β2N j +β3Pj

+β4(BCIi j ×N j)+u j, (11)

where N j indicates NGF supplementation, Pj indicates nsPEF expo-
sure, and u j ∼ N (0,σ2

u ) is a dish-level random intercept. The param-
eter β1 tests whether the early biophysical state predicts differentiation
after adjustment for treatment assignment. The interaction term β4
tests whether the predictive value of BCI differs when NGF is present.
For neurite length Li j, the primary model is

log(Li j +1) =γ0 + γ1BCIi j + γ2N j + γ3Pj + γ4(N j ×Pj)

+b j + εi j, (12)

where b j is a dish-level random intercept and εi j is the residual error.
A positive γ1 indicates that the early biophysical state is associated
with longer neurites, while a positive γ4 indicates additional elongation
when nsPEF exposure and NGF are combined.

3.6. Mediation analysis

Mediation analysis evaluates whether the association between nsPEF
exposure and differentiation is statistically compatible with crowd-
ing or thermal response as intermediate variables. For mediator Mi j,
defined as ∆ICH , Tmax, AUCT , or BCI, the system is

Mi j = a0 +a1Pj +a2N j +u j +ηi j, (13)

logit
[
Pr(Di j = 1)

]
= c0 + c′Pj + c2N j + c3Mi j + v j. (14)

The indirect effect is estimated as a1c3 and summarized with bootstrap
confidence intervals. This analysis is interpreted as evidence of mech-
anistic consistency rather than proof of causality because unmeasured
variables, including calcium dynamics and osmotic regulation, may
also contribute to differentiation.

3.7. Classification and validation

The predictive value of the BCI is evaluated using leave-one-dish-out
cross-validation. Each iteration holds out one biological replicate, esti-
mates all preprocessing constants and model weights in the remaining
replicates, and evaluates predictions in the held-out replicate. This
design avoids optimistic performance estimates caused by sharing cells
from the same dish across training and test sets.
Three models are compared:

1. treatment-only model: pulse condition, pulse number, waveform
category, and NGF status;

2. Raman-only model: C–H intensity, O–H temperature features,
and cell-area change;

3. combined BCI model: treatment variables plus Raman-derived
BCI.

Performance is assessed by area under the receiver-operating-
characteristic curve, balanced accuracy, calibration slope, calibration
intercept, and Brier score. A model is considered experimentally use-
ful only if it improves both discrimination and calibration relative to
treatment assignment alone. Permutation testing of outcome labels
within dishes verifies that performance exceeds replicate-preserving
chance levels.
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3.8. Sensitivity analyses

Sensitivity analyses examine whether conclusions depend on threshold
definitions, feature selection, or replicate structure. Models are re-
peated after excluding cells with neurite lengths close to the differenti-
ation threshold. The BCI is recalculated without the temperature terms
to test the independent contribution of crowding and cell-area reduc-
tion, and then without the C–H term to test the contribution of thermal
features. Waveform specificity is evaluated by comparing nanosecond
stimulation with microsecond- and millisecond-pulse conditions when
those controls are available. Random intercepts are retained in all
inferential models to prevent pseudoreplication. Additional robustness
checks include bootstrap resampling by dish, assessment of influential
replicates, and recalibration of the O–H temperature equation within
each measurement session when calibration images are available.

Figure 2: Replicate-preserving analysis workflow linking Raman spectra,
bright-field morphometry, BCI construction, mixed-effects modeling, mediation
analysis, and leave-one-dish-out validation. Feature extraction and model fitting
are completed within the training replicates before prediction in the held-out
dish.

4. Results

4.1. Observed responses support a coupled biophysical state

The PC-12 nsPEF–Raman measurement record shows that electrical
stimulation produces both morphological and Raman-detectable intra-
cellular changes. The 90,000-pulse condition induced approximately
12% differentiation after six days, while the 30,000-pulse condition
produced an intermediate differentiation rate of approximately 8%
[16]. No differentiated cells were detected at three days, indicating
that nsPEF exposure altered the probability of later phenotype acquisi-
tion rather than producing immediate visible neurites.
The same cellular system showed enhanced neurite elongation when
nsPEF exposure was combined with NGF, supporting convergence be-
tween electrical stimulation and biochemical differentiation cues [16].
Waveform duration was also important: microsecond- and millisecond-
pulse conditions did not reproduce the differentiation effect observed
with nanosecond pulses. This waveform specificity argues against a
nonspecific total-energy explanation and supports the inclusion of a
waveform-sensitive exposure term in the BCI.

Raman and morphometric measurements define the early intracellular
state captured by the index. nsPEF exposure increased C–H stretching
intensity, consistent with increased intracellular biomolecular density.
Bright-field measurements showed a reduction of cell area to approxi-
mately 94% of the original value and an estimated volume reduction to
approximately 91% [16]. The O–H stretching band further indicated
transient intracellular temperature increases reaching approximately
0.96 ◦C during repeated nsPEF application [16]. These coordinated
changes justify modeling differentiation as the outcome of a coupled
crowding–thermal–morphometric response rather than as a direct func-
tion of pulse number alone.

Table 1: Observed nsPEF–Raman responses used to define the Biophysical
Commitment Index.

Observation Biophysical interpretation Model component

90,000 nsPEF pulses in-
duced approximately 12%
differentiation after six days

Pulse exposure shifts the
probability of later differen-
tiation

Waveform/exposure term W

30,000 nsPEF pulses pro-
duced an intermediate differ-
entiation rate

Differentiation response
is compatible with dose-
sensitive priming

Dose-sensitive BCI scaling

C–H stretching intensity in-
creased after nsPEF expo-
sure

Intracellular biomolecular
density increased

∆ICH

Cell area decreased to ap-
proximately 94%; estimated
volume decreased to approx-
imately 91%

Cell shrinkage is consistent
with cytoplasmic crowd-
ing and regulatory volume
change

−∆A

O–H water-band ratio indi-
cated intracellular tempera-
ture rise approaching 1 ◦C

Stimulation produced tran-
sient intracellular thermal
pulses

Tmax and AUCT

NGF plus nsPEF enhanced
neurite elongation com-
pared with NGF alone

Electrical and biochemical
cues converge on neurite
outgrowth

N ×P interaction

4.2. Biophysical Commitment Index as an early predictor
of differentiation

The BCI converts early Raman and morphometric measurements into
a commitment score that can be tested against later cell fate. In the
hierarchical logistic model, the principal effect size is the odds ratio
for differentiation per one-standard-deviation increase in BCI:

ORBCI = exp(β1). (15)

A value greater than one indicates that cells with stronger early crowd-
ing, thermal response, area reduction, and waveform-specific stimu-
lation have higher odds of later differentiation after adjustment for
treatment group. This interpretation separates cell-state information
from the binary fact of exposure.
The critical validation comparison is not whether nsPEF treatment
alone differs from control, but whether Raman-derived state variables
improve prediction beyond treatment assignment. The treatment-only
model evaluates whether pulse exposure and NGF status are sufficient.
The Raman-only model evaluates whether early intracellular features
contain independent predictive information. The combined model
evaluates whether treatment variables and BCI provide complementary
information. Improvement must be demonstrated by cross-validated
discrimination and calibration together; an increase in apparent fit
without improved held-out calibration is not considered evidence of
usable prediction.

4.3. Crowding and thermal response are mechanistically
separable

The index is interpretable because its components can be removed
or isolated in nested models. If the C–H feature remains positive
after adjustment for Tmax and AUCT , biomolecular-density change
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Figure 3: Empirical response summary and BCI operating map for Raman-
guided prediction of nsPEF-induced differentiation. The differentiation, cell-
size, and thermal panels summarize the numerical response pattern used to
motivate the index; the operating map shows how standardized crowding/area
and thermal features jointly increase the estimated probability of differentiation
during model evaluation.

contributes information beyond temperature. If thermal features re-
main positive after adjustment for ∆ICH and ∆A, intracellular thermal
dynamics contribute information beyond crowding and shrinkage. A
combined model with both positive contributions would support a
coupled biophysical state rather than a single-mechanism explanation.
The nested models are

M0 : D ∼ P+N, (16)

M1 : D ∼ P+N +∆ICH +(−∆A), (17)

M2 : D ∼ P+N +Tmax +AUCT , (18)

M3 : D ∼ P+N +BCI. (19)

Model comparison uses likelihood-ratio tests for nested inferential
models and cross-validated AUC, Brier score, and calibration slope
for predictive models. The combined model is favored only when it
improves held-out prediction and retains interpretable positive contri-
butions from the Raman-derived components.

4.4. NGF interaction tests convergence of physical and bio-
chemical cues

Cells receiving both nsPEF exposure and NGF showed greater neurite
elongation than cells receiving NGF alone [16]. In Eq. (12), this conver-
gence is represented by γ4. A positive γ4 indicates that NGF and nsPEF
exposure together produce more neurite elongation than expected from
their additive main effects on the log-length scale. If the interaction
weakens after inclusion of BCI, the early Raman-defined state partly
accounts for the combined effect. If the interaction remains positive
after BCI adjustment, NGF and nsPEFs likely contribute through partly
distinct mechanisms that converge downstream on neurite elongation.
This interaction analysis is essential for biological interpretation be-
cause nsPEFs may prime cells through physical changes while NGF
activates receptor-mediated signaling. Demonstrating that BCI ex-
plains part of the NGF–nsPEF interaction would support a mechanistic
link between early intracellular biophysics and later morphological
differentiation.

5. Discussion

In this work, we have defined the Raman-based Biophysical Commit-
ment Index as a predictor of nsPEF-induced neuronal differentiation
in terms of early intracellular biophysical measurements. The novel
aspect of our analysis involves a shift from the conventional treat-
ment group approach to a cell-state approach. The former focuses on
whether a specific pulse condition is associated with greater neuronal
differentiation than a control treatment. The latter focuses on whether
an initial response to a pulse condition can predict subsequent cell fate
based on information contained in the response itself.

Biologically, our results have a clear basis because nsPEF stimula-
tion in PC-12 cells triggers a suite of related phenomena that include
neuritogenesis in the absence of NGF, enhanced neuritogenesis in the
presence of NGF, increased CH content measured via Raman spec-
troscopy, decreased estimated cellular area and volume, temperature
increase inferred from OH vibrations, and waveform selectivity [16].
It is hard to capture these complex changes using a simple physical
variable. Hence, the BCI represents neuritogenic potential as a conse-
quence of a complex state of cellular biophysics involving molecular
crowding, volume regulation, thermal effects, and electrophysiological
perturbation in relation to the stimulation waveforms.

From the perspective of neuronal bioengineering, there is significant
practical value in this index because many traditional methods of
studying neuronal differentiation are based on measuring the growth
of neurites over several days. Raman microspectroscopy is a label-free
method that allows acquiring measurements soon after the stimulation,
making it suitable for assessing whether a specific pulse protocol cre-
ated a permissive biophysical environment for neuronal differentiation.
Validation in single-cell time course data makes the BCI applicable to
the rapid tuning of pulses numbers, fields, frequency, intervals, and
NGF co-stimulation conditions.

Statistically speaking, the BCI validation framework takes account of
several potential issues associated with single-cell stimulation experi-
ments. All models take into account the correlations between replicate
cells derived from the same dish. Feature selection is conducted inside
training folds only and, hence, there is no potential bias arising from
the use of feature importances across replicate cells in the validation
sample. Performance evaluation is based on discriminative power as
well as model calibration, which means that even a model with a high
discriminatory capacity but poor calibrating abilities would not be
overstated. While a high AUC is not sufficient evidence of causality,
mediation and removal models test for it separately.

There are some important caveats related to this research. First of
all, although PC-12 cells can be used as an approximation of primary
neurons, more studies will need to validate the BCI in additional neural
models, including neural stem cells. Direct prediction of single cells
requires linking measured replicates of Raman-spectra to morphologi-
cal data obtained from the same cell. In the absence of such a link, it
is possible to draw conclusions about prediction only at the level of
replicates or distributions. Moreover, the temperature change implied
by the O–H band is modest and should be understood in light of the
calibration error. Lastly, the BCI is not sufficient for tracing the entire
causal chain involved.

All things considered, the BCI offers an important tool for bridging
biophysics measured via label-free Raman spectroscopy with nsPEF-
induced neuronal differentiation.

6. Conclusion

A Raman-derived Biophysical Commitment Index was developed to
connect early intracellular responses with later nsPEF-induced neu-
ronal differentiation in PC-12 cells. The index integrates C–H-based
biomolecular-density change, O–H-derived intracellular temperature
dynamics, cell-area reduction, and waveform-specific exposure within
a hierarchical modeling and replicate-level validation design. By sep-
arating treatment assignment from early cell-state information, the
analysis provides a rigorous way to test whether Raman-visible bio-
physical changes predict differentiation and neurite elongation more
effectively than exposure labels alone. The approach supports early,
label-free optimization of drug-free neuronal differentiation protocols
and provides a mechanistically interpretable bridge between bioelectric
stimulation and neural phenotype acquisition.
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