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A B S T R A C T

Flow cytometry (FC) offers multiparametric analysis capabilities that can quantify cellular damage after exposure 
to cytotoxic agents. Here, we present a comprehensive study establishing a label-free quantitative X-ray dose- 
response profiling using a novel FC modality based on 3D Quantitative Phase Imaging, termed Holo- 
Tomographic Flow Cytometry (HTFC). This approach enables fully label-free 3D refractive index (RI) mea
surements, allowing detailed and quantitative characterization of the biophysical properties and morphology of 
living cells exposed to X-rays. By analyzing datasets of 3D RI tomograms from cells irradiated at graded doses, we 
identify intracellular biophysical markers that define a robust X-ray dose-response curve. Validation against 
standard clonogenic survival assays on three model cancer cell lines reveal a high correlation (>90%). HTFC not 
only eliminates labeling and operator bias but also markedly reduces experimental time from 1 to 2 weeks to 
24 h, offering a fully automated and objective readout. While clonogenic survival remains the benchmark for 
radiosensitivity assessment, our findings establish HTFC as a powerful label-free platform for fast assessment of 
radiation damage. This technology paves the way for predictive biosensors that can capture patient-specific 
responses, thereby supporting the transition from conventional, uniform radiotherapy protocols to personal
ized treatment strategies.

1. Introduction

Cell populations are inherently heterogeneous in morphology, size, 
cell cycle phase, and physiological state [1]. For this reason, the detailed 
characterization of individual cells has become a major objective in 
contemporary biomedicine and personalized medicine, which increas
ingly rely on advanced cytometric platforms for the single-cell analysis 
[2]. A significant advancement in cytometric analysis has been the 
integration of Flow Cytometry (FC) [3] with microscopy, leading to 
Imaging Flow Cytometry (IFC). Over the past decades, IFC has enabled 
substantial progress in cell biology studies [4], rapidly establishing itself 
as a reference method in diverse biomedical fields, including cancer 
research [5]. IFC simultaneously records bright-field, dark-field, and 
fluorescence images from individual cells as they move in a microfluidic 

stream, thus providing a high-throughput acquisition of spatially 
resolved data. The resulting large datasets allow extraction of multiple 
morphological and functional parameters at the single-cell level. Among 
its emerging applications, IFC has recently shown great promise in 
biodosimetry [6–8], a field devoted to quantifying biological responses 
to ionizing radiation for the estimation of absorbed doses and evaluation 
of radiation-induced cellular damage [9]. For example, IFC has been 
applied to evaluate radiation response in lymphocytes from umbilical 
cord blood and cancer patients [10] or to enable high-throughput 
quantification of DNA double-strand break repair kinetics through 
γ-H2AX analysis [11]. Despite its significant advantages, IFC still faces 
several drawbacks that limit its broader adoption in biomedical 
research. The technique remains inherently fluorescence-dependent, 
operator-sensitive, and often time-consuming and costly. It requires 
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prior knowledge of appropriate exogenous markers, which can affect 
measurement accuracy due to photobleaching and may introduce 
phototoxic effects that alter cellular physiology. Once labeled, cells 
cannot be reused for downstream analyses. Most critically, IFC provides 
limited access to the intrinsic biophysical properties of cells, as it pri
marily captures morphological and fluorescence intensity features 
rather than quantitative physical information. Therefore, label-free ap
proaches have recently attracted growing interest, as they allow the 
study of cellular processes without relying on exogenous dyes. For 
instance, direct mass spectrometry has been applied to investigate 
bystander effects in chondrocytes co-cultured with chondrosarcoma 
cells irradiated with X-rays or carbon ions [12], Raman 
micro-spectroscopy has been used to assess the impact of X-ray irradi
ation on nuclear and membrane regions of single neuroblastoma cells 
[13], and, more recently, lab-on-a-chip impedance spectroscopy has 
been employed to monitor radiotherapy responses even in 3D spheroids 
[14]. Among label-free microscopy methods [15], Quantitative Phase 
Imaging (QPI) has emerged as a particularly powerful tool over the past 
decades [16]. Typically, QPI exploits the interferometric properties of 
Digital Holography (DH) to reconstruct Quantitative Phase Maps 
(QPMs) of individual cells [17,18]. In a QPM, both cell morphology and 
the spatial distribution of the refractive index (RI) are encoded in a 2D 
image. Thus, unlike fluorescence images, QPMs provide more distinctive 
information on the cellular state [19], since the RI is a fundamental 
biophysical parameter [20,21]. DH has been proposed as a label-free 
approach for the non-invasive, quantitative assessment of the morpho
logical changes of γ-irradiated human mesenchymal stem cells and 
periosteal cells [22], X-irradiated breast cancer cells [23], and X-irra
diated urothelial bladder carcinoma cells [24]. Moreover, combined to 
FC, we have recently demonstrated that DH can measure the effects of 
X-ray radiations on single flowing lymphocytes and classify the irradi
ation dose by machine learning tools [25]. The most recent advance
ment in label-free bioimaging is the 3D extension of QPI, known as 
Holographic Tomography (HT), which opens unprecedented opportu
nities by providing access to the full RI volumetric distribution of single 
cells [26]. Among the various HT configurations [27,28], we have 
developed Holo-Tomographic Flow Cytometry (HTFC), which integrates 
the label-free, quantitative, and 3D capabilities of HT with single-cell 
analysis. Conversely to well-established and traditional IFC, HTFC ac
quires multiple images for each cell while undergoing rotation in 
microfluidic environment. Advanced numerical processing of multiple 
cell perspectives provides 3D tomographic images of each cell flowing 
and rotating into the Field-of-View exploiting the inner RI contrast of the 
cellular sub-compartments. Consequently HTFC is an high content im
aging modality supplying 3D morphological and structural information. 
Furthermore such informative content is quantitatively related to the 
biophysical properties of the cell and not on the intensities of the fluo
rescence tags. IFC main benefits are the high throughput and specificity. 
HTFC operate at a lower throughput compared with IFC while providing 
3D phase-contrast and morphological features not accessible by IFC. The 
main advantage of HTFC is its completely stain-free nature that prevents 
all the fluorescence correlated drawbacks. Furthermore it has been 
recently demonstrated that HTFC can provide specificity identifying 
some cellular inner structures as nucleus, lysosomes, lipid droplets and 
vacuoles [29–35].

Here, by exploiting the unique capabilities of HTFC, we present for 
the first time a label-free quantitative X-ray dose-response profiling 
obtained using a 3D QPI technique. Thus, we correlate 3D biophysical 
markers with cancer cell responses to defined X-ray irradiation strate
gies and their effectiveness. In the FC configuration, we acquire 
comprehensive datasets of 3D RI tomograms from single cells exposed to 
different X-ray irradiation doses. An ad hoc statistical segmentation al
gorithm [31] is then applied to extract nucleus-specific information 
from stain-free, quasi-spherical cells, thereby faithfully reproducing the 
intracellular organization under suspension conditions. For each dose, 
we derive quantitative single-cell biomarkers, which enable us to 

evaluate the effects of X-ray irradiation across the entire cell population 
and, ultimately, to construct a label-free dose-response curve. We 
demonstrated in a previous work that label-free 2D QPI measurements 
can classify irradiation doses and capture their effects on living cells 
[25]. Starting from that preliminary result, here we validate HTFC as a 
sensing platform able to detect distinctive signatures of radiosensitivity 
on three different model-cancer cell lines after 24 h from irradiation in 
the range between 0,25 Gy and 2 Gy by analysing single cells at a 
throughput of hundreds of cell per minute. We compare HTFC biosensor 
readouts with state-of-art biodosimetry measurements by performing 
clonogenic assays on the same model-cancer cell lines observing a strong 
correlation (>90%) between the two approaches. HTFC biosensor al
lows to obtain a dose-response curve in a drastically reduced time 
compared to clonogenic assay outputs that require 1–2 weeks. The re
sults demonstrate the proof-of-concept that HTFC can be established as a 
label-free biosensor [36] capable of predicting tumor responses to 
ionizing radiation in a rapid, automatic, and objective manner. This 
approach could open new routes on personalization of radiotherapy 
(RT) treatments, which remain a cornerstone of multidisciplinary cancer 
care [37]. In fact, current RT protocols still rely on a one-size-fits-all 
principle, yet it is well recognized the importance for tailoring treat
ment to individual patient characteristics and selecting the most 
appropriate RT protocol as patient responses to radiation vary widely 
[38].

2. Material and methods

2.1. Sample preparation

Neuroblastoma SHSY5Y and SKNBE2 cells, as well as breast cancer 
MCF7 cells, were cultured in Falcon® T25 flasks under standard con
ditions. SHSY5Y cells were maintained in Dulbecco's Modified Eagle 
Medium (DMEM, Avantor, VWR) supplemented with 20% fetal bovine 
serum (FBS, Avantor, VWR), 1% penicillin-streptomycin (P/S, biowest), 
and 1% L-glutamine (Sigma, St. Louis, MO, USA). SKNBE2 cells were 
cultured in a 1:1 mixture of DMEM and Ham’s F-12 nutrient mixture 
(Ham’s F12, Avantor, VWR) supplemented with 10% FBS, 1% P/S, and 
1% L-glutamine. MCF7 cells were maintained in DMEM supplemented 
with 10% FBS, 1% P/S.

All the samples for all the cell lines were prepared at a concentration 
of ≥ 300,000 cells/ml to meet HTFC experimental requirements. Cell 
vitality and proliferation were monitored daily using the LUNA-II™ 
Automated Brightfield Cell Counter. Cultures were incubated at 37 ◦C in 
a humidified atmosphere containing 5% CO₂. The cell concentrations for 
the clonogenic assay varied on the doses.

2.2. Irradiation experiments

Neuroblastoma SHSY5Y cells, neuroblastoma SKNBE2 cells, and 
breast cancer MCF7 cells were exposed to X-rays administered through 
conventional external beam radiotherapy at the IRCCS Istituto Nazio
nale Tumori Fondazione Pascale in Naples (Italy). The irradiation of 
samples was conducted using the Versa HD clinical LINAC system by 
ELEKTA, which utilizes a 6 MV electron beam to generate X-rays. 
Different radiation doses were delivered to the cell cultures using 3D 
conformal radiotherapy (3D-CRT). In particular, 0.5 Gy, 1 Gy, 2 Gy, and 
4 Gy were used with SHSY5Y cells, while 0.25 Gy, 0.5 Gy, 1 Gy, 1.5 Gy, 
and 2 Gy were used with SKNBE2 and MCF7 cells. The 3D-CRT treat
ment plans were developed with Elekta's Monaco v5.11.03 treatment 
planning system (TPS), which combines Monte Carlo dose calculation 
accuracy with robust optimization tools to deliver high-quality radio
therapy treatment. Falcon® T25 cell culture flasks were placed in a 
uniform 20 × 20 cm² square field and positioned between two plexiglass 
plates (ScandiDos Delta-4 Calibration Phantom): the first plate (3 cm 
thick) was used to simulate the dose buildup effect for shallow pene
tration depths, while the second plate (5 cm thick) was included to stop 
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backscattered radiation. The cell samples were irradiated from opposing 
fields via a 180◦ gantry rotation, delivering X-rays at a fixed dose rate of 
200 monitor units (MU) per minute. This experimental setup allowed for 
the uniform administration of the prescribed doses at the cellular level. 
Following clinical radiotherapy exposure, the cells were stored in an 
incubator at 37◦C in a 5% CO2 atmosphere, in preparation for subse
quent HTFC analyses (24 h post-irradiation) and clonogenic survival 

assays (1–2 weeks post-irradiation).

2.3. Clonogenic assay

The clonogenic assay, the gold standard for measuring cellular 
radiosensitivity, was used to assess radiation-induced cell death [39]. 
The assay defines a cell as surviving irradiation if it retains its 

Fig. 1. HTFC experimental system and numerical reconstruction. (a) Sketch of the opto-fluidic recording system. SuperK, laser-light source; BS, beam splitters; ND, 
neutral density filter; M, mirrors; MO, microscope objectives; L, lenses; G, diffraction grating; I, iris diaphragm. (b) Hologram taken from a recorded video sequence 
of control neuroblastoma SKNBE2 cells. (c) Sub-hologram highlighted in (b). (d) QPM reconstructed from the sub-hologram in (c).
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proliferative potential and forms a colony of at least 50 cells. Cells were 
seeded at different densities the day before the irradiation, with the 
concentration optimized according to the radiation dose. Specifically, 
the number of seeded cells depends on the dose the cells will be exposed 
to. Such number is estimated based on the α and β coefficients of the 
clonogenic assay present in the literature and the Plating Efficiency (PE) 
of the cell line. The PE was estimated before the experiment, seeding a 
number of cells and counting the colony formed after the time required 
for colonies to form. In this experiment, the number of cells seeded are: 
500 cells for 0 Gy; 550 cells for 0.25 Gy; 600 cells for 0.5 Gy; 700 cells for 
1 Gy; 800 cells for 1.5 Gy; 1000 cells for 2 Gy. For each cell line 
analyzed, three replicates (T25 flasks) were seeded for each dose, 
including the non-irradiated sample (0 Gy). Following exposure, the 
flasks were returned to the incubator. After 1–2 weeks of incubation (9 
days for neuroblastoma SKNBE2 cells, 14 days for breast cancer MCF7 
cells, and 14 days for neuroblastoma SHSY5Y cells), the samples were 
fixed and stained for manual counting. The points for the surviving 
curve are obtained as the average number of colonies of the triplicate. 
The surviving fraction SF for a given dose D was calculated as 

SF(D) =
number of colonies formed

number of cells seeded × plating efficiency
, (1) 

where the plating efficiency PE was calculated as 

PE =
number of colonies formed in control

number of cells seeded in control
. (2) 

The SF data were finally fitted using an LQ model, i.e. McMahon [40]

SF(D) = e− αD− βD2
, (3) 

as also shown in Fig. S1.

2.4. HTFC experiments

Hologram acquisition was carried out using a Mach–Zehnder inter
ferometer with symmetric optical paths [29], as illustrated in Fig. 1(a). A 
collimated light source (SuperK FIANIUM, 495 nm, FWHM ≈ 4 nm) was 
split by beam splitter BS1 into an object and a reference beam. The 
object beam interacts with cells flowing through a microfluidic channel 
(PMMA, 1000 ×200 µm2), and is collected by a microscope objective 
(MO1, Zeiss 63 ×/0.95 numerical aperture), followed by a tube lens L1 
(150 mm focal length) and a telescope system composed of lenses L2 
(150 mm focal length) and L5 (200 mm focal length). The reference 
beam travels along a separate optical path containing equivalent com
ponents: a microscope objective (MO2, Zeiss 63X/1.3 numerical aper
ture, dry) and tube lens L3 (150 mm focal length), followed by a second 
telescope with lenses L4 (150 mm focal length) and L5. The two beams 
are recombined at a second beam splitter (BS2). Temporal coherence is 
maintained using delay lines implemented with mirrors M1, M2 and M6, 
M7 in the object and reference arms, respectively. Spatial coherence is 
ensured by introducing a diffraction grating (Newport Moiré Grating, 80 
lp/mm) in the reference arm and an iris diaphragm (I) to select only the 
first diffraction order. This choice assures homogeneity of the interfer
ence fringes across the whole field of view. The resulting off-axis 
interference pattern is captured by a CMOS camera (Genie Nano-CXP, 
5120 ×5120, 4.5 µm pixel size).

To acquire multiple views of individual cells, hydrodynamic rotation 
was induced by positioning cells off-center in the microfluidic channel 
while maintaining a controlled flow rate of 75 nL/s using a CETONI 
neMESYS 290 N syringe pump [29–35]. According to the reference 
system in Fig. 1(b), cells flow along the y-axis and rotate around the 
x-axis. From each hologram of the recorded video sequence 
(5120 ×5120 corresponding to 305 ×305 µm2), cells were tracked to 
extract squared sub-holograms containing each rotating cell 
(1024 ×1024 corresponding to 61 ×61 µm2), as shown in Fig. 1(b). For 
each sub-hologram (see Fig. 1(c)), the real diffraction order was isolated 

via band-pass Fourier filtering exploiting the off-axis configuration [18]. 
The Angular Spectrum propagation method [18] was used to determine 
the optimal focus distance for each cell, minimizing the Tamura coef
ficient [41]. Phase-contrast images were obtained from the argument of 
the in-focus complex field, followed by phase aberration correction 
through subtraction of a reference hologram [42] and phase denoising 
based on the windowed Fourier transform filter [43]. Finally, phase 
unwrapping based on the PUMA algorithm [44] was applied to generate 
QPMs for each sub-hologram (201 ×201 corresponding to 24 ×24 µm2), 
as displayed in Fig. 1(d). For each cell, the stack of QPMs containing its 
rotation was employed to estimate the unknown rolling angles [45], 
and, finally, its 3D RI tomogram was reconstructed using the Filtered 
Back Projection algorithm [31–35,46], as reported in Fig. 2(a). All HTFC 
data to create label-free dose-response curves were obtained from a 
single independent experiment per dose, according to the numbers re
ported in Table S1, Table S3, and Table S5.

2.4.1. Fisher discriminant ratio calculation
To quantify differences among cell populations, we computed the 

distance of each irradiated cluster from the control cluster in the 2D 
Principal Component Analysis (PCA) space using the Fisher Discrimi

nant Ratio (FDR) [47]. Let X
̿

0 and X
̿

D be the PCA matrix of the control 
population and the population irradiated by a certain dose D, respec
tively, where the PCA matrix contains the PCA features of all single cells 

of that population. Thus, X
̿

0 and X
̿

D have size N0 × d and ND × d, 
respectively, with d being the dimensionality of the PCA (i.e., 2 in this 
study), and N0 and ND being the number of cells in the control popu
lation and irradiated population, respectively. We computed the FDR at 
a certain dose D as 

FDRD = δTA
̿

δ , (5) 

with 

δ = μD − μ0 (5) 

and 

A
̿
= Σ

̿ − 1

, (6) 

where μ0 and μD respectively are the mean vectors of X
̿

0 and X
̿

D across 

single cells (size d× 1), and Σ
̿ 

is the total covariance matrix given by the 

sum of the control covariance matrix Σ
̿

0 and the irradiated covariance 

matrix Σ
̿

D.
Moreover, to estimate the uncertainty associated with the FDRD 

between the multivariate control and irradiated populations, we used 
analytical error propagation based on a first-order Taylor expansion 
(also known as Gaussian error propagation) [48]. This method approx
imates the variance of a function of random variables based on the 
variances and covariances of its inputs. To propagate the uncertainty in 
FDRD, we consider the uncertainty in the mean vector δ by calculating 
its covariance matrix as 

Σ
̿

δ =
1
N0

Σ
̿

0 +
1

ND
Σ
̿

D . (7) 

At this stage, we assume to neglect the uncertainty in the covariance 

matrices Σ
̿

0, Σ
̿

D, and then Σ
̿

δ. This allows us to treat A
̿ 

as a constant 
with respect to the uncertainty propagation. While this introduces a 
simplification, it enables a tractable analytical expression and remains a 
reasonable approximation when the number of samples is sufficiently 
large. Under this assumption, the uncertainty of FDRD is 
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σFDRD = 2

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

δTA
̿

Σ
̿

δA
̿

δ

√

. (8) 

This expression provides a first-order estimate of the uncertainty in 
the FDRD distance due solely to the variability in the sample means. It is 
valid under the assumption that the sample means are approximately 
normally distributed, which is held asymptotically by the Central Limit 
Theorem. The FDRD distances of the neuroblastoma SKNBE2 population 
are reported in Table S2 along with their uncertainties σFDRD .

3. Results and discussion

3.1. Extraction of 3D biophysical markers to characterize the HTFC 
dataset at different X-ray irradiation doses

Using the HTFC experimental system, the neuroblastoma SKNBE2 
cell line was analysed 24 h after X-ray irradiation at different doses. The 
primary objective was to investigate the cellular response to a hetero
geneous spectrum of X-ray exposures under the following conditions: 
low doses (0.25 and 0.5 Gy), intermediate doses (1 and 1.5 Gy), and the 
standard fractionated dose typically used in clinical radiotherapy 
(2 Gy). For each cell, the corresponding 3D RI tomogram was recon
structed, yielding the dataset summarized in Table S1 corresponding to 
590 SKNBE2 cells. The typical HTFC reconstructions obtained for 
different SKNBE2 cells 24 h after the exposure to 6 different X-ray 
irradiation doses, from 0 Gy up to 2 Gy, are shown in Fig. 2. In partic
ular, Fig. 2(a) shows the representative central RI slices of the irradiated 
cells.

In label-free techniques such as QPI, the main limitation is the lack of 
intracellular specificity, since no marker is available to distinguish or
ganelles from their background. Typically, intracellular RI contrast 
alone is insufficient to clearly differentiate subcellular structures [49]. 
To address this issue, advanced computational strategies have recently 
been developed to enhance intracellular specificity [50], including vir
tual staining methods based on deep learning [51]. In the case of HTFC, 
this challenge is even greater due to the suspended condition of single 
cells. To overcome it, we have previously demonstrated a Computational 
Segmentation based on Statistical Inference (CSSI) approach [31,34], 
which identifies organelles by exploiting the statistical similarity among 
voxels within their 3D RI volume. Since it is well established that 
ionizing radiation affects nuclear morphology [52], we applied the CSSI 
algorithm to segment the nucleus in the 3D RI tomograms of each 

SKNBE2 cell. Examples of segmented nuclei are reported in Fig. 2(b).
Building on the retrieved nuclear information, we carried out a 

multiplexed quantitative characterization at the single-cell level by 
extracting 39 biophysical markers related to the whole cell, nucleus, and 
cytoplasm (summarized in Table S7). For each compartment, we 
calculated seven features: RI mean, RI standard deviation, RI coefficient 
of variation, RI maximum, RI interquartile range, volume, and dry mass. 
The RI coefficient of variation was defined as the ratio between the RI 
standard deviation and the RI mean, while the dry mass represents the 
mass of the object excluding its aqueous content [16]. For each of these 
seven features, we also calculated the ratio between nuclear and cyto
plasmic values. Moreover, for both the whole cell and the nucleus, we 
evaluated three morphological descriptors: sphericity, solidity, and 
extent. Sphericity was defined as the ratio of the surface area of a sphere 
with the same volume to the object’s surface area, solidity as the ratio 
between the object’s volume and the volume of its convex hull, and 
extent as the ratio between the object’s volume and the volume of its 
bounding box. For each of these three descriptors, we additionally 
computed the ratio between nuclear and whole-cell values. Finally, we 
introduced two nucleus-to-cell features: the nucleus–cell normalized 
distance, defined as the Euclidean distance between the centroids of the 
nucleus and the cell normalized to the equivalent cell radius (i.e., the 
radius of a sphere with the same volume as the cell), and the nucle
us–cell normalized solid angle, defined as the solid angle subtended by 
the nucleus from the cell centroid, normalized to 4π.

We ranked the 39 biophysical markers according to their ability to 
discriminate among the different irradiation doses using the ReliefF al
gorithm with 10 nearest neighbors [53]. As shown in the ranking re
ported in Fig. 3(a), the RI statistics of the various intracellular 
compartments (cell, nucleus, and cytoplasm) emerged as the most 
informative features, followed by their morphological features (i.e., 
sphericity, solidity, extent, and volume). This highlights the robustness 
of the selected feature set, which combines morphological descriptors 
(size and shape) with RI-based biomarkers calculated at both the 
whole-cell and intracellular levels, providing a meaningful character
ization of the HTFC dataset across irradiation conditions. In Fig. 3(b), 
boxplots and corresponding one-sided violin plots are presented for 
some of the highest-ranked features. However, all the selected features 
display an oscillatory behavior across the irradiation doses compared to 
the control condition, indicating that none of them individually shows a 
monotonic trend suitable to serve as a reliable dose–response indicator. 
For instance, the cell RI maximum (1st) decreases from 0 Gy to 1.5 Gy 

Fig. 2. HTFC reconstructions of different neuroblastoma SKNBE2 cells 24 h after the exposure to different X-ray irradiation doses. (a) Central slice of the 3D RI 
tomograms. (b) Isolevels representation of the 3D RI distribution in (a), with the CSSI-segmented nucleus (green) within the cytoplasm (blue).
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and then increases again at 2 Gy; the nucleus RI standard deviation 
(5th), cell sphericity (6th), and cytoplasm RI interquartile range (14th) 
increase at 0.25 Gy, decrease at 0.5 Gy and 1 Gy, and rise again at 
1.5 Gy and 2 Gy; the cell volume (16th) and nucleus dry mass (24th) 
exhibit alternating oscillations across the dose range.

3.2. Definition of a label-free quantitative X-ray dose-response curve

We analysed the HTFC multiparametric redout by means of a PCA 
using all 39 biophysical markers as input [54]. For each cell line, PCA 
was performed on the full dataset including all cells across all irradiation 
doses, in order to define a common reference space for all conditions. 
Specifically, the data were zero-centered (i.e., mean-centered) but not 
variance-standardized, so that features retain their original physical 
scaling. The resulting transformation was then used to project each cell 
into a shared low-dimensional space defined by the first two PCA 
components, from which dose-specific populations were subsequently 
extracted, as displayed in Fig. 4(a). As our goal was to define a 
dose-response curve, we performed pairwise comparisons of each irra
diated cell population against the control population in the 2D PCA 
space, as shown in Fig. 4(b-f). Notably, the cluster of cells irradiated at a 
given X-ray dose shifts progressively further from the control cluster as 
the dose increases. However, to quantify this shift, it is necessary to 
account not only for the Euclidean distance between cluster centroids 
but also for the dispersion of each cluster. Accordingly, Fig. 4 also dis
plays the covariance ellipse for each cluster, whose shape and orienta
tion are determined by the eigenvectors and eigenvalues of the cluster 
covariance matrix. These ellipses provide a visual representation of the 
data's dispersion and correlation along the principal axes. For multi
variate normal distributions, each ellipse corresponds to the 1-standard 
deviation contour around the cluster centroid. For example, the 0.25 Gy 
population in Fig. 4(b) exhibits the narrowest dispersion, while the 1 Gy 
population in Fig. 4(d) shows the largest one. In contrast, the 0.5 Gy, 
1.5 Gy, and 2 Gy populations in Fig. 4(c,e,f), respectively, display a 
dispersion comparable to that of the control group. Therefore, to 
quantify differences among cell populations, we computed the FDR that 
takes into account not only the separation between cluster centroids but 
also the dispersion within each cluster, providing a robust measure of 
the overall distinction between populations.

In summary, as highlighted by the feature analysis in Fig. 3(b), in
dividual biophysical markers exhibit non-monotonic and oscillatory 
behavior across irradiation doses, making them unsuitable as standalone 
dose–response indicators. This motivates the use of a multivariate 
approach that captures the collective variation of multiple features. At 
each irradiation dose D, the corresponding FDRD quantifies the diver
gence of the irradiated cell population from the control population in the 
multidimensional space of HTFC biophysical features, reflecting how 
much the overall biophysical profile of irradiated cells differs from that 
of non-irradiated cells, rather than relying on any single feature (e.g., 
mean RI, volume, dry mass, or others). Accordingly, the curve formed by 
FDRD values as a function of dose is defined here as the divergence score 
(DS) curve (Fig. 5(a)). From a methodological perspective, the DS is 
derived from the FDR, a multivariate measure widely used to quantify 
class separability in pattern recognition, as it accounts for both differ
ences between population means and their intrinsic variability [47]. In 
biological applications, related concepts have been used to distinguish 
cellular states based on feature representations [55,56], while more 
recent image-based cell profiling studies rely on related notions of 
population distance in high-dimensional feature spaces [57]. However, 

their use as a continuous metric to construct a dose–response relation
ship is, to the best of our knowledge, not established. In this framework, 
we refer to the FDR as the DS to emphasize its interpretation as a 
dose-dependent measure of population deviation, enabling direct com
parison with standard radiobiological dose–response profiles. By con
struction, increasing radiation dose leads to a progressive separation 
between irradiated and control populations in the HTFC feature space, 
resulting in higher DS values. This is confirmed in Fig. 5(a), where the 
DS curve shows the characteristic features of radiobiological dos
e–response relationships, including a monotonic increase with dose, a 
well-defined baseline at zero irradiation (DS = 0), and a nonlinear trend 
consistent with saturating or sigmoidal behavior. Taken together, these 
results indicate that the DS curve captures the magnitude of 
radiation-induced cellular perturbation while providing a label-free 
quantitative readout that reflects the fundamental properties of con
ventional dose–response assays. This supports its potential use as an 
alternative to standard clonogenic assays for evaluating radiation 
sensitivity. It is worth remarking that, in the present work, the uncer
tainty on the FDR (and thus on the DS) was estimated by propagating the 
variability of the sample means, while neglecting the contribution 
arising from the estimation of the covariance matrices. Neglecting 
covariance uncertainty represents a simplification of the full error 
propagation and may lead to a partial underestimation of the error bars, 
particularly in the case of moderate sample sizes and when covariance 
differs across doses. This choice was made to obtain a tractable analyt
ical expression and relies on the assumption that, for sufficiently large 
sample sizes, the uncertainty associated with covariance estimation has 
a smaller impact than that of the mean vectors. In our case, the number 
of analysed cells per dose (Table S1) ranges from tens to over one 
hundred cells. Considering the low dimensionality of the PCA space (d =

2), together with the available sample size per condition, this supports a 
reasonably stable estimation of the covariance matrices, as the number 
of observations per dose is substantially larger than the number of pa
rameters defining the covariance matrix, thereby limiting the impact of 
sampling variability. Importantly, this study is intended as a proof of 
concept. In this perspective, the number of analysed cells could be 
increased by several orders of magnitude by fully exploiting the 
high-throughput capability of flow cytometry at the basis of HTFC, 
which would further improve the robustness of both covariance esti
mation and uncertainty quantification. We also note that, in our 
experimental design, each dose corresponds to separate flasks, inde
pendently irradiated and measured in distinct HTFC experiments. 
Although all flasks originate from the same initial cell culture, the 
subsequent processing steps support the assumption that measurements 
across doses are largely independent, so that covariance estimation is 
not systematically biased by inter-dose correlations. Finally, we 
emphasize that the main conclusions of the study rely on the monotonic 
increase of the DS curve as a function of dose, rather than on the exact 
magnitude of the associated uncertainties. Therefore, while a more 
complete uncertainty propagation could affect the size of the error bars, 
it would not alter the observed dose-dependent trend nor the resulting 
interpretation.

3.3. Assessment of the divergence score as a label-free quantitative X-ray 
dose-response curve

The clonogenic assay is considered the gold standard in radiobiology 
(Franken, 2006). In this assay, single cells are seeded at low density and 
allowed to grow for 1–2 weeks, during which only cells that survive the 

Fig. 3. Biophysical markers used to characterize the HTFC dataset of neuroblastoma SKNBE2 cells 24 h after exposure to different X-ray irradiation doses. (a) Feature 
ranking based on the ReliefF weights. (b) Boxplots and corresponding one-sided violin plots related to some of the highest-ranked features in (a). In each box, the 
white dot represents the mean value, the line inside represents the median, the lower and upper box limits correspond to the first and third quartiles, and the whiskers 
extend to the furthest values within the non-outlier range. The number of analysed cells for each dose was as follows: 0 Gy (n = 109), 0.25 Gy (n = 127), 0.5 Gy 
(n = 83), 1 Gy (n = 87), 1.5 Gy (n = 87), and 2 Gy (n = 97). All HTFC data were obtained from a single independent experiment per dose.
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Fig. 4. Representation in the 2D PCA space of the neuroblastoma SKNBE2 cells exposed to different X-ray doses according to their HTFC-based biophysical char
acterization. (a) Comparison between the control population and the irradiated populations. (b) Comparison between the control population and the population 
irradiated at 0.25 Gy. (c) Comparison between the control population and the population irradiated at 0.5 Gy. (d) Comparison between the control population and 
the population irradiated at 1 Gy. (e) Comparison between the control population and the population irradiated at 1.5 Gy. (f) Comparison between the control 
population and the population irradiated at 2 Gy. For each cluster, the centroid and the covariance ellipse are highlighted. The number of analysed cells for each dose 
was as follows: 0 Gy (n = 109), 0.25 Gy (n = 127), 0.5 Gy (n = 83), 1 Gy (n = 87), 1.5 Gy (n = 87), and 2 Gy (n = 97). All HTFC data were obtained from a single 
independent experiment per dose.
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radiation insult and preserve their reproductive capacity give rise to 
colonies. Colonies are then fixed, stained, and manually counted. A 
parameter commonly employed in radiobiology to assess the response of 
a cell population to ionizing radiation is the surviving fraction (SF), 
which is conventionally measured through clonogenic assays. The SF is 
defined as the ratio between the number of colonies formed by irradi
ated cells and the number of seeded cells corrected for the plating effi
ciency. In other words, the SF quantifies the proportion of cells that 
retain the ability to undergo unlimited proliferation and form macro
scopic colonies following radiation exposure. The resulting SF curve, 
obtained by plotting the SF values against the radiation dose, typically 
exhibits a decreasing trend confined within the [0,1] interval, reflecting 
the progressive loss of clonogenic potential with increasing radiation 
dose. The primary aim of the present work is not to establish a direct 
mapping between DS and SF, but rather to provide a proof-of-concept 
demonstration that a label-free biophysics-based metric (i.e., the DS) 
could capture consistent dose-dependent biological information that is 
in strong agreement with established radiobiological readouts (i.e., the 
SF). Hence, here we exploit the SF curve obtained by clonogenic assay 

(see Table S2) to assess the DS curve as a label-free quantitative X-ray 
dose-response curve. For the sole purpose of comparing the trend of the 
DS curve to the trend of the SF, we computed the normalized divergence 
score (NDS) as 

NDS = 1 −
FDR

FDRmax
, (9) 

where FDRmax is the maximum value of the DS curve in the observed 
dose range. As reported in Table S2, thanks to the normalization, the 
NDS value at 0 Gy is forced to be 1 and the NDS value at the highest 
irradiation dose is forced to be 0, thus reproducing a decreasing trend in 
the [0,1] interval.

Accordingly, the uncertainty on NDSD, denoted as σNDSD , was esti
mated using standard first-order error propagation. The total propa
gated uncertainty is given by 

σNDSD =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

∂NDSD

∂FDRD

)2

σ2
FDRD

+

(
∂NDSD

∂FDRmax

)2

σ2
FDRmax

√

, (10) 

Fig. 5. Divergence Score (DS) curve computed by HTFC to serve as a label-free quantitative X-ray dose-response curve. (a) Neuroblastoma SKNBE2 cell line. (b) 
Breast cancer MCF7 cell line. (c) Neuroblastoma SHSY5Y cell line. The number of analysed SKNBE2 cells per dose was: 0 Gy (n = 109), 0.25 Gy (n = 127), 0.5 Gy 
(n = 83), 1 Gy (n = 87), 1.5 Gy (n = 87), and 2 Gy (n = 97); for MCF7 cells: 0 Gy (n = 44), 0.25 Gy (n = 89), 0.5 Gy (n = 116), 1 Gy (n = 115), 1.5 Gy (n = 75), and 
2 Gy (n = 89); and for SHSY5Y cells: 0 Gy (n = 38), 0.5 Gy (n = 133), 1 Gy (n = 50), 2 Gy (n = 38), and 4 Gy (n = 24). All HTFC data were obtained from a single 
independent experiment per dose.
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which yields 

σNDSD =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

FDRmax

)2

σ2
FDRD

+

(
NDSD

FDR2
max

)2

σ2
FDRmax

√

. (11) 

In Fig. 6(a,b), for the neuroblastoma SKNBE2 cell line, we report the 
SF and NDS curves, respectively. To evaluate the relationship between 
the two readouts, Fig. 6(c) shows their linear regression analysis by y 
= m(x − 1)+1 equation, which yields a slope of 0.73 ± 0.03. This cor
responds to a Pearson correlation coefficient 0.99 ± 0.01, confirming a 
very strong agreement between the trends of the two approaches despite 
intrinsic differences in their absolute values. We note that the Pearson 
correlation coefficient is invariant under linear transformations of the 
variables, thus the normalization introduced for the NDS does not affect 
the reported correlation values. In contrast, absolute error metrics such 
as MAE or RMSE are inherently dependent on the scale of the variables 
and on the chosen normalization. In fact, both the NDS and SF curve 
originate from a value of 1 at 0 Gy, reflecting the unperturbed state of 
the control population. However, while the SF curve progressively de
creases with increasing dose and asymptotically approaches 0 (without 
necessarily reaching it in the dose range considered), the NDS curve is 
inherently normalized to span the [0,1] interval, with its minimum al
ways equal to 0. The reason is that DS and SF arise from fundamentally 
different biological and methodological frameworks (namely, early 
biophysical alterations in viable cells versus long-term clonogenic 
reproductive capacity), therefore a direct error-based comparison would 
require a prior procedure to map one quantity onto the other, which is 
out of the scope of our research. In the absence of such mapping, ab
solute error metrics would not provide a fully meaningful or interpret
able measure of agreement. Instead, the normalization was introduced 
solely for visualization purposes, to facilitate an intuitive comparison of 
the overall dose-dependent trends between two conceptually distinct 
readouts. It is not intended to imply quantitative equivalence or to 
enforce any direct relationship between DS and SF values.

To further validate our DS dose-response curve, we performed an 
additional experiment using a different cancer type by analysing breast 
cancer MCF7 cells. As summarized in Table S3, we collected 528 cells 
using the same irradiation doses as for the neuroblastoma SKNBE2 
experiment. The DS curve for MCF7 cells (see Fig. 5(b)) exhibits the 
same characteristic features observed for the neuroblastoma SKNBE2 
cell line (see Fig. 5(a)), showcasing the reproducibility of the proposed 
approach across different cell types. The corresponding SF and NDS 
curves for MCF7 cells are shown in Fig. S2(a,b), respectively (see also 
Table S4), yielding a slope of 0.65 ± 0.04, corresponding to a Pearson 
correlation coefficient 0.98 ± 0.03 (see Fig. S2(c)).

Finally, we extended the validation to a different neuroblastoma cell 
line (i.e., 283 SHSY5Y cells). To test the HTFC system under modified 
experimental conditions, we adjusted the irradiation interval, which was 
enlarged and down sampled. In particular, the intermediate doses of 
0.25 Gy and 1.5 Gy were omitted, while the higher dose of 4 Gy was 
included, as summarized in Table S5. The resulting DS curve for the 
neuroblastoma SHSY5Y cells (see Fig. 5(c)) exhibits a nonlinear mono
tonic trend, similar to that observed for the neuroblastoma SKNBE2 cells 
in Fig. 5(a) and breast cancer MCF7 cells in Fig. 5(b), supporting the 
applicability of the DS curve as a label-free dose-response metric. To 
further corroborate this observation, we compared the corresponding SF 
and NDS curves for the neuroblastoma SHSY5Y cell line (see Fig. S3(a, 
b), respectively; see also Table S6). Regression analysis yielded a slope of 
1.12 ± 0.16, corresponding to a Pearson correlation coefficient 0.94 ±

0.11 (see Fig. S3(c)), confirming a strong agreement between the 
traditional and label-free readouts despite the down sampled irradiation 
interval and the smaller single cells dataset. It is worth noting that the 
first two principal components capture most of the total variance in all 
datasets considered, namely 99.84% for SKNBE2, 99.78% for MCF7, and 
99.25% for SHSY5Y cells. This indicates that the 2D PCA space provides 
an almost complete representation of the original high-dimensional 
feature space. To further assess the robustness of this choice, we pro
gressively increased the number of retained components. For the 
SKNBE2 and MCF7 datasets, the monotonic dose–response behavior of 
the DS is already disrupted when the third principal component is 
included, whereas for SHSY5Y cells deviations from monotonicity 
emerge when higher-order components are considered (from approxi
mately the ninth component onward). This behavior is consistent with 
the feature-level analysis in Fig. 3(b), which shows that individual 
biophysical markers exhibit non-monotonic and oscillatory trends 
across irradiation doses. Consequently, working in the full feature space 
(or equivalently including all PCA components) inevitably incorporates 
these oscillatory contributions, which can obscure the emergence of a 
clear dose–response relationship. In this framework, PCA acts as a 
dimensionality reduction step that isolates the dominant dose-related 
variability, while higher-order components primarily capture residual 
variability and noise. Therefore, restricting the analysis to the first two 
principal components, which account for more than 99% of the total 
variance, provides a robust and physically meaningful representation in 
which the DS exhibits a stable and monotonic behavior. In contrast, 
extending the analysis to the full feature space would reduce the inter
pretability of the DS as a dose–response metric and is not aligned with 
the goal of extracting a clear dose-dependent trend.

Fig. 6. Assessment of the label-free quantitative X-ray dose-response curve for the neuroblastoma SKNBE2 cell line. (a,b) Surviving Fraction (SF) and Normalized 
Divergence Score (NDS) curves, respectively. (c) Correlation between SF curve in (a) and NDS curve in (b). For the NDS curves, the number of analysed SKNBE2 cells 
per dose was: 0 Gy (n = 109), 0.25 Gy (n = 127), 0.5 Gy (n = 83), 1 Gy (n = 87), 1.5 Gy (n = 87), and 2 Gy (n = 97); for MCF7 cells: 0 Gy (n = 44), 0.25 Gy 
(n = 89), 0.5 Gy (n = 116), 1 Gy (n = 115), 1.5 Gy (n = 75), and 2 Gy (n = 89); and for SHSY5Y cells: 0 Gy (n = 38), 0.5 Gy (n = 133), 1 Gy (n = 50), 2 Gy (n = 38), 
and 4 Gy (n = 24). All HTFC data for the NDS curves were obtained from a single independent experiment per dose. For the SF curves, three flasks were seeded at 
identical cell density and irradiated at each dose to provide independent replicates.
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4. Conclusions

We introduced a novel approach to quantify radiation-induced 
cellular alterations by establishing a label-free quantitative X-ray dose- 
response curve from HTFC 3D quantitative single-cell analysis. By 
exploiting 3D RI tomograms, we extracted a panel of biophysical 
markers descriptive of both whole-cell and intracellular compartments. 
Through PCA and FDR, we defined a DS metric that captures the devi
ation of irradiated cell populations from non-irradiated controls in a 
multidimensional biomarker space, thus showing a duality behavior 
with respect to the gold-standard dose-response profile. In fact, the DS 
curve consistently displayed the hallmark properties of radiobiological 
dose–response relationships, i.e. monotonicity, nonlinearity, and a 
defined baseline at zero dose. Importantly, when normalized for 
assessment purposes, the DS curve showed strong correlations with gold- 
standard clonogenic survival curves across three model cancer cell lines 
(neuroblastoma SHSY5Y cells, neuroblastoma SKNBE2 cells, and breast 
cancer MCF7 cells), with Pearson correlation coefficients ranging from 
0.94 to 0.99. These results confirm that HTFC-derived DS curves can 
serve as reliable label-free alternative to standard clonogenic assays.

Compared to conventional assays, the HTFC approach provides 
several critical advantages. First, its label-free aspect eliminates the need 
for exogenous dyes, thus avoiding issues such as photobleaching, 
phototoxicity, or interference with downstream analyses. Second, it is 
rapid as it enables acquisition and analysis of hundreds/thousands of 
single cells within 24 h after irradiation, whereas clonogenic assays 
typically require 1–2 weeks. Third, it is operator-independent, providing 
an objective, automated readout that reduces bias inherent in colony 
counting. Moreover, clonogenic assays provide an indirect measure of 
radiosensitivity by quantifying the fraction of cells that retain the ability 
to proliferate after irradiation, thus reflecting only the ultimate cell 
death outcome. In contrast, HTFC allows to directly evaluate the 
radiation-induced alterations in viable cells before they reach the death 
state, offering in principle a dynamic view of those biophysical and 
morphological changes that typically precede the loss of clonogenic 
potential. By extracting a rich set of intracellular biophysical markers, 
HTFC goes beyond survival metrics, offering detailed insights into 3D 
morphological and RI changes associated with radiation damage at 
subcellular level.

Unlike conventional biosensors that rely on indirect readouts based 
on molecular probes or fluorescent labels, HTFC combines physical 
optics with flow cytometry to directly measure cell states in a minimally 
invasive manner. In this study, we observed a strong correlation be
tween the DS curve and the standard SF curve (>90%). In classical 
radiobiology, however, cell survival following irradiation is typically 
modeled by fitting SF data with the linear–quadratic (LQ) model [40] or 
other advanced approaches [58]. For example, the LQ formalism ex
presses the logarithm of the SF as the sum of a linear term (αD), repre
senting irreparable lethal damage proportional to dose, and a quadratic 
term (βD²), which accounts for sublethal damage that becomes lethal 
when accumulated or misrepaired. The α/β ratio is widely regarded as a 
key indicator of radiosensitivity to guide clinical dose-fractionation 
strategies, distinguishing tissues or tumors with predominantly linear 
(early responding) vs. quadratic (late responding) damage responses 
[59]. Parameters of the LQ model are shown as example in Fig. S1(a-c), 
corresponding to the SF curves of the three model cell lines analyzed in 
this study. However, the same radiobiological models cannot be directly 
applied to the DS dose-response curve, since its biological meaning 
differs from that of the SF curve. Clonogenic assays quantify the 
long-term reproductive survival of irradiated cells, measuring the frac
tion of cells that retain the ability to proliferate after radiation exposure. 
In contrast, HTFC provides an early assessment, as it quantifies 
radiation-induced alterations in the biophysical properties of cells that 
remain viable 24 h after treatment. Thus, while SF reflects the ultimate 
proliferative capacity of a population, DS captures short-term pheno
typic and structural changes in surviving cells. Importantly, in this study 

we do not aim to establish a direct quantitative mapping between DS and 
SF, but rather to demonstrate that DS captures consistent 
dose-dependent biological information that follows trends comparable 
to established radiobiological readouts. Therefore, future work will 
focus on identifying and calibrating the most suitable model curves to 
translate DS-derived biological responses into precise dose-response 
parameters across different cell lines and tissue types. This will 
require a dedicated modeling framework and larger datasets enabling 
predictive validation (e.g., across independent experiments or acquisi
tion days). Additionally, ongoing studies will aim to extend and validate 
this label-free approach using cells derived from patient biopsies. In 
conclusion, we have demonstrated that HTFC-derived DS curves offer a 
label-free, rapid, and operator-independent assay that could in future 
improve the classical and well-assessed clonogenic survival analyses. 
This study provides a proof-of-concept demonstration of the potential of 
DS as a label-free descriptor of radiation response, laying the ground
work for future predictive applications. These preliminary results sug
gest that, with further validation and calibration, HTFC could evolve 
into a next-generation biosensor capable of rapidly profiling tumor 
radiosensitivity from patient-derived samples and supporting the 
development of precision oncology strategies in personalized RT. In 
future, HTFC technology could in part replace fluorescence based IFC as 
it provides informative content in all the applications that concern 
morphological and density variation in cell populations. HTFC would be 
particularly suitable in characterizing cell phenotypes induced by gene 
modification, drug treatments or by exposure to pollutants. In cell 
biology HTFC would be pivotal in identify the onset of subcellular 
compartment as lipids droplets or vacuoles, or to detect the uptake of 
external particles by deciphering their 3D network.
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[28] V. Balasubramani, A. Kuś, H.Y. Tu, C.J. Cheng, M. Baczewska, W. Krauze, 
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[53] M. Robnik-Šikonja, I. Kononenko, Theoretical and empirical analysis of ReliefF and 
RReliefF, Mach. Learn. 53 (1) (2003) 23–69, https://doi.org/10.1023/A: 
1025667309714.

[54] M. Greenacre, P.J. Groenen, T. Hastie, A.I. d’Enza, A. Markos, E. Tuzhilina, 
Principal component analysis, Nat. Rev. Methods Prim. 2 (1) (2022) 100, https:// 
doi.org/10.1038/s43586-022-00184-w.

[55] C. Conrad, H. Erfle, P. Warnat, N. Daigle, T. Lörch, J. Ellenberg, R. Eils, Automatic 
identification of subcellular phenotypes on human cell arrays, Genome Res. 14 (6) 
(2004) 1130–1136.

[56] M.V. Boland, R.F. Murphy, A neural network classifier capable of recognizing the 
patterns of all major subcellular structures in fluorescence microscope images of 
HeLa cells, Bioinformatics 17 (12) (2001) 1213–1223.

[57] J.C. Caicedo, S. Cooper, F. Heigwer, S. Warchal, P. Qiu, C. Molnar, A.E. Carpenter, 
Data-analysis strategies for image-based cell profiling, Nat. Methods 14 (9) (2017) 
849–863.

[58] B. Andisheh, M. Edgren, D. Belkić, P. Mavroidis, A. Brahme, B.K. Lind, 
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