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Abstract

Nowadays, radiotherapy (RT) is a consolidated treatment for the cancer care. In fact, ionizing
radiations are employed in over 50% of cancer patients. However, some side effects are
correlated with RT, such as the radiation-induced lymphopenia (RIL). RIL is due to circulating
lymphocytes (LCs) that pass through the irradiation field. LCs are the most radiosensitive blood
cells, therefore RT can affect the count and activity of LCs. LCs are an important component of
the human immune system, thus RIL has been linked with worse outcomes in multiple solid
tumors and poor survival. As the occurrence rate of RIL is ~40%—70% of patients treated with
RT, an effective tool for predicting and minimizing RIL is highly demanded. Here we propose
the proof-of-concept of a minimally invasive approach to monitor alterations induced by the
radiation exposure inside LCs. To this aim, we combine label-free Holographic Imaging Flow
Cytometry and Machine Learning to study Jurkat cells as model of T-LCs irradiated with two
x-ray doses (i.e. 2 and 10 Gy of 6 MeV photons). The proposed method allows correlating the
morphological features extracted by the quantitative phase-contrast maps of irradiated LCs
flowing in a microfluidic chip to their radiation response. Furthermore, we train several machine
learning models at different time points after RT for assessing the best strategy to reveal its
effect on irradiated LCs. The attained results pave the way to future and deeper investigations
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for the development of a label-free, minimally invasive, and high-throughput tool for predicting

and minimizing the RIL side effects.

Supplementary material for this article is available online

Keywords: ionizing radiations, human lymphocytes, label-free microscopy, microfluidics,

machine learning

1. Introduction

Radiotherapy (RT) is a fundamental component of the mul-
tidisciplinary cancer care approach [1]. In fact, over 50% of
the cancer patients are treated with ionizing radiations, either
alone or in combination with surgery and/or pharmacological
treatments [2]. RT aims to deliver an adequate dose of ioniz-
ing radiations to the tumour target, while avoiding as much
as possible the surrounding healthy tissue. For this reason, a
careful study of the patient’s anatomy is carried out prelimin-
arily by means of computed tomography and/or magnetic res-
onance imaging scans. However, RT cannot be included within
the field of personalized medicine yet [2]. Indeed, so far, the
RT treatment is still not individualized since general dose and
fractionation prescription are used for all patients, even if the
response to RT shows a remarkable interindividual variability.
Thus, strategies for planning personalized RT treatments are
highly pursued [3, 4]. Another important issue related to RT,
partially correlated to a missing personalized treatment [5], is
its immunosuppressive effect and in particular the radiation-
induced lymphopenia (RIL) [6-9]. In fact, within the blood,
Iymphocytes (LCs) are the most radiosensitive cells, since they
can be killed even by low doses (<1 Gy) [10, 11]. RIL is due to
circulating LCs that pass through the irradiation field [12]. As
LCs play an important role in the antitumor immune response,
the antitumor effect of RT is counteracted by RIL [10]. The
occurrence rate of RIL is ~40%—70% of patients who undergo
a conventional RT treatment, and it leads to worse outcomes
in multiple solid tumors [12]. More in general, LCs are an
important component of the human immune system, thus sev-
eral studies link RIL with poor survival [10] and negative pro-
gnostic impact [13]. For these reasons, it becomes crucial to
understand the radiation’s effects on LCs in order to develop
adequate strategies for combining RT with immunotherapy,
thus mitigating the RIL side effects [12]. In fact, radiations
affect not only the LCs count, but also their activity, meaning
that the cell death is not the sole factor leading RIL [14, 15].
In recent years, several models have been developed for
predicting and minimizing RIL in RT [16-20]. In particular,
the study of radiobiology has taken important advantages from
the evolution of tools for single-cell analysis provided by flow
cytometry (FC) platforms, e.g. the fluorescence-activated cell
sorter [21]. In a FC system, several parameters (e.g. size and
granularity) can be measured from a biological sample at the
single-cell level [22]. This property, combined to the possib-
ility of high-throughput recordings (up to 10000 cells s,

makes this tool essential for assaying with high sensitiv-
ity changes induced on single cells by an ionizing radiation
through a robust statistical analysis [21]. A further step for-
ward in the field of biodosimetry has been introduced by fluor-
escence imaging FC (FIFC) [23-25]. In fact, FIFC combines
the high-throughput property of FC with the imaging modal-
ity of fluorescence microscopy, thus giving the possibility of
greatly enlarging the set of parameters measured at the single-
cell level since, for each cell, a bright-field image, a dark-field
image, and several fluorescence images are recorded [26]. For
example, FIFC has been recently exploited for assessing radi-
ation response in LCs from umbilical cord blood and cancer
patients [27]. Nevertheless, FIFC has some drawbacks that
limit its applications in radiobiology and biodosimetry. In fact,
fluorescent assays are operator-sensitive, time-consuming and
expensive, the knowledge of the molecular targets to be invest-
igated is not always available, and the staining process alter the
imaging (photobleaching) and the biological sample (photo-
toxicity) [28]. For these reasons, digital holography (DH) has
been recently proposed as a label-free tool for the quantitative
assessment of y-irradiated human mesenchymal stem cells and
periosteal cells [29]. DH is indeed a label-free optical micro-
scopy technique that exploits the interferometric principle for
recording the whole information of a complex wavefront after
passing through the imaged sample [30]. Therefore, biolo-
gical specimens can be analyzed without being chemically
stained, thus making DH minimally invasive and avoiding the
fluorescence-related drawbacks. In addition, from the recor-
ded interference fringe pattern, the quantitative phase map
(QPM) of a single cell can be numerically retrieved [31], in
which the 3D spatial distribution of the cell’s refractive index
(RI) is encoded in the form of a 2D integral image [28]. The
RI is a key parameter related to several biophysical proper-
ties of the cell (i.e. optical, mechanical, electrical) [32]. Hence,
from a QPM, several features can be measured (e.g. dry mass
[28]), which are meaningful of the cell’s state. Another import-
ant advantage of DH microscopy is related on its flexibility in
avoiding setting the best cell’s focal plane before the exper-
iment, because cells can be numerically refocused after the
experiment [33].

This has favored the development of label-free holographic
IFC (HIFC) systems able to relax the microfluidic constraints
typical of conventional FIFC. The combination between the
advantages of DH and IFC has led to important biomedical
results [34—42]. Most of these biomedical applications are
based on the use of artificial intelligence (AI), which benefits
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from the large and informative dataset collected by HIFC,
thus making fast, automatic and objective the cell phenotyping
[43].

Here we propose to characterize, for the first time by means
of a HIFC system, the radiation response of LCs to x-ray
doses with respect to non-irradiated population at different
time points after the irradiation (0, 24, 48 and 72 h). At this
purpose, we exploit the biophysical measurements provided
by DH-based quantitative phase imaging (QPI) and the mul-
tiparametric statistical analysis enabled by the IFC modality.
For experimental analysis, human Jurkat cells used as model
T-LCs are irradiated in-vitro with two different dose rates of
2 Gy and 10 Gy (6 MeV photons). In addition, we use the big
datasets collected by the HIFC system in order to define a set
of informative features and then train several machine learning
models at different time points after the irradiation (0, 24, 48
and 72 h), at the aim of assessing the best strategy for reveal-
ing LCs affected by a certain radiation dose. The attained res-
ults are a first proof-of-concept demonstration that a minimally
invasive, label-free, and high-throughput blood sample ana-
lysis at the single-cell level can be performed for evaluating the
RIL, i.e. the biological effects induced by ionizing radiation
on LCs during RT. It is worth noting that HIFC has the addi-
tional advantage of being cheap and portable. In fact, in the
last years, many efforts have been spent to realize devices for
point-of-care diagnostics by miniaturizing HIFC systems [44],
thus avoiding the need for complex laboratory equipment by
providing a direct diagnosis on human physiological liquids.
In this scenario, a field-portable and cost-effective HIFC sys-
tem has been proposed [45], and a lens-free HIFC system has
been built on-chip in microfluidic conditions [46], thus offer-
ing a flexible, compact and cost-effective alternative, further
enriched by the implementation of Al-on-chip [47].

2. Methods

2.1. Sample preparation

Jurkat is a peripheral blood-derived human T-cell leukemia
cell line provided by a third party (i.e. the cell line bank
at the Department of Medical and Surgical Sciences of
University of Bologna) with an unknown depositor ID and
authenticated by AmpFISTR Identifiler PCR Amplification
kit (Applied Biosystems #4322288), using Peak Scanner soft-
ware 2 (Applied Biosystems), as shown in figure 1(a). Our
cell line (Query) shared >90% similarity with various Jurkat
sources (see figure 1(b)). Cellosaurus tool was used for simil-
arity comparison (www.cellosaurus.org/str-search/), comput-
ing the score on the markers that had allele data for both
the query and the reference. Jurkat LC cell line was grown
in suspension in RPMI 1640 Medium (Life technologies, ref
31870-025), supplemented with 20% FBS (Life Technologies
10270), 2 mM L-Glutamine (Lonza, Cat N.: BE17-605E)
and 1% Penicillin/Streptomycin (Lonza, Cat N. DE17-602E),
and maintained in vertically positioned cell culture flasks
(Corning, #353018), at 37 °C in a 5% CO2 humidified incub-
ator. For experimental studies, the cells were harvested from

the cell culture flask and centrifuged for 5 min at 1500 rpm
and resuspended in their medium. Then they were dispensed
into three 24 Multiple Well Plates (Costar®, #3524) at the con-
centration of 5 x 10° cell mlI~! in a volume of 1 ml well .
The three plates represented the control case without irradi-
ation, the cells irradiated with 2 Gy, and the cells irradiated
with 10 Gy.

To verify the evolution of the cells’ features, the HIFC
experiments were performed at day 0 (TO), day 1 (T1), day
2 (T2), and day 3 (T3). For the experiments, the samples
were harvested from the well and diluted at the concentration
<4 x 10° cell ml~'. At T1, T2 and T3, the cell concentration
observed after 10 Gy irradiation depended on their growth,
with typically up to 50% viability reduction. The viability was
evaluated through Trypan Blue solution 0.4% (Sigma T8154)
for each sample and experimental point.

2.2. Irradiation treatment plan

LCs were exposed to x-rays delivered by the LINAC Synergy
Agility (ELEKTA), using a 6 MeV energy beam, at the
‘PASCALE’ National Cancer Institute in Naples. Three-
dimensional conformal RT (3D-CRT) treatment plans were
made with Elekta’s treatment planning station (TPS) Monaco
v5.11.03 by which the dose is expressed in Monitor Units
(MUs). In this experimental setup, cells were irradiated over
a uniform square field of 20 x 20 cm™? with 80 MUs and
400 MUs which are the equivalent to 2 and 10 Gy, respect-
ively. Samples, placed in multiwell dishes, were exposed to
two opposite fields, so half of doses were delivered at 0°,
and another half at 180°. Two solid water phantom plates
(5 and 3 cm each) were used to simulate the dose build-up
effect. Figure 2 shows the dose distribution where the orange
curve, which represents the 95% of prescribed dose, com-
pletely includes the specific irradiation setup. To evaluate the
dose, the TPS uses the collapsed cone calculation algorithm,
which takes into account the Total Energy Release per unit
MAss, including the Energy Fluence of the specific LINAC
beam. The TPS shows that, within an error lower than 2%, the
dose received from each cell agrees with the prescribed dose.

2.3. HIFC system

Non-irradiated and irradiated LC cells were recorded by the
HIFC system sketched in figure 3(a) [48]. The off-axis DH
setup is based on a Mach—Zehnder type interferometer and
uses a coherent laser source at 532 nm. The laser beam is separ-
ated into object beam and reference beam by a polarizing beam
splitter (PBS), and two half-wave plates are used to balance
the intensity ratio of the two beams. The object beam illumin-
ates the cells flowing inside the microfluidic channel, and the
scattered radiation is collected by a high numerical aperture
microscope objective (MO1, NA = 1.3) and sent to a tube lens
(TL1). The reference beam passes through a beam expander
and a second tube lens (MO2 and TL2). The use of tube lenses
ensures collimation of the two coherent beams. Then a BS
combines the two beams providing the hologram recorded
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Figure 1. Jurkat cell line characterization. (a) Peak scanner chromatograms of the AmpFISTR identifiler analysis. (b) Cellosaurus output of
microsatellite comparison performed to authenticate Jurkat cell line (query).
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Figure 2. Distribution of dose delivered during irradiation. (a) 2 Gy.
(b) 10 Gy.

by the CMOS camera (5120 x 5120 pixels, 4.5 pm/pixel).
An automatic low-pressure pumping system with a flow rate
of about 50 nL s~! is used to make the cells flowing along
a microfluidic channel (Microfluidic ChipShop 10000107—
200 pm x 1000 pm x 58.5 mm). It is important underlin-
ing that, if the cell does not flow exactly in the center of the
microfluidic channel, it undergoes a velocity gradient due to
the parabolic velocity profile of the laminar flow induced by
the microfluidic pump. For this reason, in this condition cells
also rotate while flowing. As the size of the field of view (FOV)
is 640 pum x 640 pm, hundreds of digital holograms of the
same cell are recorded along different viewing angles [48].

2.4. Holographic numerical processing

Each 5120 x 5120 holographic frame of the video sequence
recorded by the HIFC system (see the example in figure 3(b))
is numerically processed in order to obtain the QPMs of flow-
ing single LCs [48]. A 384 x 384 region of interest (ROI)
is cropped around the analyzed cell, as shown in figures 3(b)
and (c). Thanks to the off-axis configuration of the DH micro-
scope, the holographic ROI is demodulated by centering and
filtering the real diffraction order in the Fourier spectrum [31].
The demodulated holographic ROI is numerically propagated
along the optical axis through the Angular Spectrum method
in order to refocus the cell [31]. In fact, one of the main
advantages of DH is the possibility of avoiding the a priori
calibration of the best focal plane of each cell, as it can be
recovered after the experiment, thus facilitating recording in
flow modality [33]. At this purpose, the Tamura coefficient
is used to quantify the image contrast of the complex wave-
front’s amplitude at each propagation distance, and the focal
distance is obtained by minimizing this contrast-based metric
[33]. The phase component of the in-focus complex wavefront
is usually affected by aberrations due to the optical elements
of the HIFC system, which are removed by subtracting a ref-
erence hologram recorded without cells [49]. Then, the noise
level is reduced by using the 2D windowed Fourier transform
filtering [50]. Finally, after applying the PUMA algorithm for
phase unwrapping [51], the QPM of the single cell is obtained,
as displayed in figure 3(d). The holographic numerical pro-
cessing was implemented in Matlab® R2021b.
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Figure 3. HIFC working principle. (a) Opto-fluidic recording system. HWP, half wave plate; MO, microscope objective; M, mirror; PBS,
polarizing beam splitter; BS, beam splitter; L, lens; TL, tube lens; CMOS, camera. (b) Full digital hologram (640 ym x 640 pm) taken
from the DH video sequence recorded in flow modality. LCs flow along the y-axis, as highlighted in the insets. (c) Holographic ROI

(48 pm x 48 pum) corresponding to the red box in (a). (d) QPM (25 pm X 25 pm) numerically retrieved from the holographic ROl in (c).

(e) Pseudo-3D visualization of the QPM in (d).

2.5. Feature extraction

The main advantage of HIFC with respect to conventional
FIFC is not only the possibility of avoiding exogeneous stain-
ing, but also its ability in providing a quantitative characteriz-
ation at the single-cell level. In fact, imaging in QPI is due to
the intrinsic phase contrast of the cell, that is the phase delay
the cell introduced into the incident light.

As a first approximation, a QPM can be interpreted as the
line integral of the cell’s RIs along the optical axis [28], i.e.

o) =2 [leya) -mlaz )

Z

where A is the wavelength of the incident light, n (x,y,z) is
the 3D RI spatial distribution of the cell, and ng is the RI of
the surrounding medium (considered homogeneous). Hence,
in a QPM, the information about the cell’s RI is coupled to
the cell’s morphology in a single 2D image. A pseudo-3D

visualization of the QPM in figure 3(d) has been reported in
figure 3(e), in which the cell’s height is the phase-contrast of
the cell expressed in equation (1).

At the aim of revealing the radiation dose absorbed by the
cell, we considered 14 features. We measured (1) the phase
mean value, (2) the phase standard deviation, (3) the phase
skewness, (4) the phase entropy, (5) the phase kurtosis, (6)
the phase mode value, (7) the cell area, (8) the cell extent, (9)
the cell circularity, and (10) the cell eccentricity. The phase
entropy is computed as

E=-3plog, (p) . 2

where p is the normalized histogram count of the cell’s QPM
values. The phase mode value is the most frequently occur-
ring value among the cell’s QPM values rounded to the first
decimal place. The extent is the ratio between the cell area
and the area of the bounding box (i.e. the smallest box con-
taining the cell). The eccentricity is the ratio of the distance
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between the foci and the major axis length of the equivalent
ellipse (i.e. the ellipse having the same second-order moments
as the cell). The circularity is the roundness of the cell, and it
is obtained from shape factor (SF) calculation [52], i.e.

SF = 4T A ) (3)

j23

where A is the cell area and P is the cell perimeter. The SF
value can range between 0 and 1 (1 in case of a circular shape).

Other three features were computed from the gray-level co-
occurrence matrix (GLCM) of the cell. The GLCM quanti-
fies the way the several grey levels are combined among them
inside the image. In particular, the GLCM G (i,/,6,d) meas-
ures how many times a pixel with value i occurs at distance d
to a pixel with value j along the direction §. Herein, we have
measured the (11) contrast, (12) correlation, and (13) energy
of the GLCM at d = 1 and 6 = 0° [53, 54], which are related
to overall cell roughness [55].

Finally, we calculated the (14) dry mass of the cell, that is
the mass of the cell without its aqueous content [28], as

M= // QPM (x,y) dxdy, @)
27«

where « is the refractive increment, considered as a constant
value o = 0.19 ml g~ !. The feature extraction was performed
in Matlab® R2021b.

3. Results

3.1. QPI-based characterization of the cell response to x-rays

In order to characterize in label-free modality changes in the
phase signature of LCs induced by x-rays, LCs were irradiated
by doses of 2 Gy and 10 Gy according to the protocol described
in the Methods sections. Then, non-irradiated LCs (i.e. control
LCs) and irradiated LCs were imaged at four time points after
irradiation (namely, TO, T1, T2, and T3, corresponding to 0,
24, 48, and 72 h, respectively) by the HIFC system described
in the Methods section. Hundreds of QPMs were acquired for
each cell by exploiting their simultaneous rotation and trans-
lation along the microfluidic channel. A summary of the col-
lected dataset is reported in table 1.

The histograms of single cells’ phase mean value, area, and
dry mass are displayed in figures 4(a)—(c), respectively, by sep-
arating both the radiation dose delivered and the time points
after irradiation. Moreover, to quantify the statistical signific-
ance of the reported observations at different doses/times, we
show in figures 4(d)—(f) the p-value matrices about the phase
mean value, area, and dry mass. In each matrix, each element
is the p-value computed through the Student’s t-test [56] car-
ried out for the null hypothesis that the measured parameters at
the dose/time reported on the rows come from a normal distri-
bution with unknown variance and with mean corresponding
to the average value of the measured parameters at the dose/-
time reported on the columns. These three parameters are the
most commonly ones measured in QPI for inferring the state
of a certain cell. In fact, the phase values contained in a QPM

Table 1. Overall dataset collected by the HIFC system.

Radiation dose Time after irradiation # Cells # QPMs
TO 86 18162
Tl 94 21455
0 Gy (Control) ™ 39 20139
T3 46 9369
TO 85 22280
Tl 61 12873
2Gy T2 34 6582
T3 38 14193
TO 77 18957
Tl 41 9058
10Gy T2 69 12545
T3 26 6556

correspond to the phase modulation of the incident wavefront
after passing through the cell. Hence, phase values repres-
ent the optical path length delay introduced by the cell [28],
and thus they are proportional to the line integral of the cell’s
RIs along the optical axis (see equation (1) in the Methods
section). As a consequence, the phase mean value quantifies
the average of the phase values over the cell’s area. Instead, dry
mass is the mass of the cell without its aqueous content [28].
For example, these parameters have been used to characterize
the lifecycle [57], classify the cell cycle stage [58], study the
toxicity of cadmium [59], and discriminate between healthy
and cancer cells [60]. In particular, the phase mean value in
figure 4(a) keeps constant at different time points after irra-
diation in the case of control LCs (the corresponding average
p-value in figure 4(d) related to the four control time points is
0.7578). Instead, immediately after irradiation at 2 Gy (i.e. at
TO), the phase mean value decreases with respect to the con-
trol one (p-value = 0.0735), and then it linearly goes back to
the control values throughout times T1 (p-value = 0.4340), T2
(p-value = 0.5945), and T3 (p-value = 0.7000). The same lin-
ear trend can be observed at a dose of 10 Gy. However, in this
worst case, the linear coefficient is much higher, which means
that, after the initial drop at TO (greater than the irradiation
at 2 Gy), the phase mean value increases in a time depend-
ent manner, thus going away from the control condition (p-
value = 0.0385 at time T3).

As regards the cell area in figure 4(b), it slowly increases
during time in the control LCs (the corresponding p-value in
figure 4(e) with respect to time TO is 0.9752 at time T1, 0.5640
at time T2, and 0.3465 at time T3). Differences in the distribu-
tions of the control group can be attributed to the consequences
of physiological changes after a 3 d culture, which may influ-
ence the measured features also in the absence of an irradi-
ation dose. For example, the cells may have started sensing
the lack of nutrients which in turn could affect their morpho-
logical features. This process is however altered by a dose of
2 Gy, in which a fluctuating trend can be noted until reach-
ing about the same condition of the control case at time T3
(p-value = 0.7855).

Again, the 10 Gy dose has a strong effect on the cell also
in terms of area. In fact, at TO, like 2 Gy condition, the cell
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Figure 4. Measurements of some single-LCs features computed from the overall dataset of QPMs recorded by the HIFC system. (a)—(c)
Box plot of the phase mean value, area, and dry mass. On each box, the central mark is the median value, and the bottom and top edges are
the 25th and 75th percentiles, respectively. (d)—(f) P-value matrix about the phase mean value, the area, and the dry mass, respectively,
containing the p-values of the Student’s t-test carried out to check whether the observations along the rows fall in the normal distributions
with unknown variances and with means corresponding to the average values of the observations along the columns.

area increases with respect to the control. However, with this
high dose, the cell area continues to grow in a time depend-
ent manner, thus almost doubling the control value at T3 (p-
value = 0.0350). Finally, the dry mass in figure 4(c) summar-
izes the trends of the cell phase mean value and cell area,
since it is computed from both of them (see equation (4) in
the Methods section). Immediately after the two irradiations
(i.e. at time TO), the dry mass keeps about the same value of
the control (the corresponding p-value in figure 4(f) is 0.3660
for the 2 Gy dose and 0.3820 for the 10 Gy dose). However,
it quickly increases throughout the times T1, T2, and T3 after
10 Gy with respect to the control (p-value = 0.0705 at time
T3), while, after 2 Gy, it fluctuates up to reaching the same
control value at T3 (p-value = 0.9015).

In order to better understand the described behavior of non-
irradiated and irradiated LCs at different time points, we show
in figure 5 a pseudo-3D visualization of the most represent-
ative LCs in terms of phase mean value, area, and dry mass
(according to the histograms in figures 4(a)—(c), respectively)
for each analyzed condition (see also Supplementary data). In
summary, as also suggested by the p-values discussed above
and displayed in figures 4(d)—(f), the phase mean value keeps
almost constant in the case of control LCs (figures 5(a)—(d)),
while the area grows slowly over time. Instead, for the LCs

irradiated with 2 Gy (figures 5(e)—(h)), after an initial variance
from the control values, both the phase mean value and the area
gradually go back to the control state at time T3. Finally, as
for LCs irradiated with 10 Gy (figures 5(1)—(1)), both the phase
mean value and the area quickly grow over time. In particular,
even if they show a deviation from the control values at smal-
ler time points similar to the 2 Gy dose, they almost double
the control values at time T3. It is well known that radiation
can kill cells by an apoptotic mechanism, and this occurs with
increased sensitivity in some cell lines, including LCs [61].
For example, the apoptotic response of LCs after 8 Gy of radi-
ation has been demonstrated predicting the risk of develop-
ing late toxicity after RT [62]. Cells undergoing apoptosis are
characterized by plasma membrane blebbing, chromatin con-
densation, nuclear fragmentation, and formation of apoptotic
bodies. Instead, necrotic cells undergo a cytoplasmic swell-
ing that culminates in the plasma membrane rupture and in
the leakage of cellular material. However, when phagocytosis
is missing, during the second step of apoptosis, cells develop
features of primary necrosis, i.e. the osmotic swelling and the
membrane rupture [63]. It has already been demonstrated that
QPI s able to monitor the cell apoptosis [59]. In fact, due to the
cell swelling, the cell area greatly increases during time until
the membrane rupture, when a cell shrinkage rapidly occurs.
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Figure 5. Pseudo-3D visualization of the QPMs of representative LCs at (from top to bottom) increasing time points after irradiation and
(from left to right) increasing irradiation doses (Supplementary data). The irradiation doses change along the columns. The times points

change along the rows.

The phase mean value follows the same trend since it is propor-
tional to the average thickness of the cell along the optical axis
(see equation (1) in the Methods section). Finally, this occurs
also for the dry mass, which is given by the product between
the cell area and the phase mean value (see equation (4) in
the Methods section). Hence, according to figure 4 and to the
example in figures 5(i)—(1), because of the high irradiation dose

(i.e. 10 Gy), LCs appear to have initiated the apoptotic pro-
cess, leading to swelling and progressing towards membrane
rupture and subsequent cell death [57]. Instead, it seems that
LCs can mitigate the effects of a lower irradiation (i.e. 2 Gy),
as confirmed by the trends in figure 4 and by the example in
figures 5(e)—(h), in which the analyzed parameters recover the
state of the control LCs at time T3.
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3.2. Classification of the x-rays dose

In order to classify the x-rays doses effects inside single LCs
recorded in FC mode, each QPM of the overall dataset in
table 1 has been characterized by means of the 14 features
described in the Methods section. We used the principal com-
ponent analysis (PCA) to reduce the dimensionality of the fea-
ture set [64]. The PCA was conducted across the entire data-
set from all time points combined, in order to make fair the
comparison among the four time points. The first two principal
components related to the overall LCs dataset are reported in
the scatter plots in figures 6(a)—(d) (after removing the out-
lier points), separated according to the times TO, T1, T2, and
T3, respectively. Then, to understand the data distribution and
consequently create a classification strategy, the scatter plot
of each dose in figures 6(a)—(d) has been fitted by means of
an ellipse [65], as reported in figures 6(e)—(h), respectively.
The center of each ellipse is related to the average value of
the fitted data distribution, while the axes of each ellipse are
related to the standard deviation of the fitted data distribution.
As shown in figures 6(e)—(h), ellipses are partially overlapped
among them. The overlapping level allows quantifying better
how differently LCs respond to various x-rays doses and then
predicting the classification performances. For this reason, we
computed the overlapping percentage related to each pair of
ellipses, that is the percentage ratio between the common area
of two ellipses and the total area covered by the same ellipses.
The overlapping percentage values are reported in figures 6(i)—
(1), related to ellipses in figures 6(e)—(h), respectively. The
qualitative analysis in figures 6(e)—(h) and the correspond-
ing quantitative analysis in figures 6(i)—(1), in accordance with
what discussed in the previous Section, showed that (i) the
lowest overlap between LCs irradiated at 2 Gy compared to
the control LCs occurs at T1 (8.63%), (ii) the lowest overlap
between LCs irradiated at 10 Gy dose compared to the control
LCs occurs at TO (9.45%) and T1 (8.77%), and (iii) the low-
est overlap between LCs irradiated at 2 Gy compared to LCs
irradiated at 10 Gy occurs at T2 (10.85%).

On the other hand, (i) the highest overlap between LCs irra-
diated at 2 Gy dose compared to the control LCs occurs at T2
(49.10%), (ii) the highest overlap between LCs irradiated at
10 Gy compared to the control LCs occurs at T3 (17.71%), and
(iii) the highest overlap between LCs irradiated at 2 Gy com-
pared to LCs irradiated at 10 Gy dose occurs at T1 (94.09%).

According to the data distribution discussed in figure 6, four
classification strategies (namely, C1, C2, C3, and C4) have
been investigated to establish the best time after irradiation for
distinguishing whether a LC (i) has not been irradiated, (ii) has
been irradiated at 2 Gy, or (iii) has been irradiated at 10 Gy.

e Cl1 is a 3-class classification problem;
e C2 is made of two successive binary classifications, i.e.

1. A classification between control LCs and an artificial
class made of 2 Gy and 10 Gy LCs;

2. A classification between 2 Gy LCs and 10 Gy LCs,
which is accessed when the artificial class has been
detected at level 1;

e (C3 is made of two successive binary classifications, i.e.

1. A classification between 2 Gy LCs and an artificial class
made of control and 10 Gy LCs;

2. A classification between control LCs and 10 Gy LCs,
which is accessed when the artificial class has been
detected at level 1;

e C4 is mad of two successive binary classifications, i.e.

1. A classification between 10 Gy LCs and an artificial
class made of control and 2 Gy LCs;

2. A classification between control LCs and 2 Gy LCs,
which is accessed when the artificial class has been
detected at level 1.

For each classification problem, a specifice training set and
test set were randomly drawn from the overall dataset collec-
ted by the HIFC system, as summarized in table 2 (note that
the same number of elements has been used for each time after
irradiation). In particular, for each classification problem, the
number of cells was fixed to 20 for each class of the training
sets and to 5 for each class of the test sets. We selected only 25
cells for the classification in order to create a balanced dataset.
To do this, we calibrated the dataset size to the population with
the lowest number of cells, that is LCs irradiated with 10 Gy
and observed at time T3 (see table 1). Of course, this limita-
tion would affect only classification at time point T3. However,
as our aim was to perform a fair comparison of the classifica-
tion performance at different time points, we selected the same
dataset size for all the classification problems. Moreover, for
each cell of the training set, 50 or 100 QPMs were randomly
selected according to the specific classification problem, in
order to balance the number of elements per class. Instead, for
each cell of the test set, 50 QPMs were randomly selected. In
fact, as described in the Methods section, cells are also rotating
while flowing along the microfluidic channel. Therefore, each
QPM corresponds to a different view of the cell. In this way,
the dataset can be augmented, thus enlarging the statistics of
the observed phenomena.

All the classification problems were solved by training a
support vector machine (SVM) model in Matlab® R2021b
[66]. The SVM classifiers were trained by characterizing
each QPM of table 2 through the 14 features described in
the Methods section. In order to assess the performances of
the four classification problems in a more robust way, the
large collected dataset of table 1 was exploited by creating
10 training sets and test sets for each of them. Therefore,
each classification problem was trained and tested 10 times.
In figures 7(a)—(d), related to the classification problems C1,
C2, C3, and C4, respectively, we report the average value and
the standard deviation of the performances in classifying the
radiation doses for each QPM at times TO, T1, T2, and T3.
In particular, the accuracy in identifying a control QPM, a
2 Gy QPM, and a 10 Gy QPM are displayed in green, yel-
low, and red, respectively. Instead, the blue dashed line is
the overall accuracy of the analyzed classification problem.
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The best accuracy in identifying a control QPM is obtained
at time TO of the classification problem C2 (94.56%), the best
accuracy in identifying a 2 Gy QPM is obtained at time TO

10

of the classification problem C4 (78.00%), the best accur-
acy in identifying a 10 Gy QPM is obtained at time T3 of
the classification problem C2 (89.60%), and the best overall
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Table 2. Training and test sets for the SVM classification problems for each time after irradiation.

# QPMs # Cells
Classification problem Control 2 Gy 10 Gy Control 2 Gy 10 Gy
cl Training 1000 1000 1000 20 20 20
Test 250 250 250 5 5 5
o Training 2000 1000 1000 20 20 20
Test 250 250 250 5 5 5
3 Training 1000 2000 1000 20 20 20
Test 250 250 250 5 5 5
c4 Training 1000 1000 2000 20 20 20
Test 250 250 250 5 5 5

accuracy is obtained at time TO of the classification problem
C2 (74.11%).

The performances discussed above are related to the clas-
sification of the single QPMs. However, the aim of the clas-
sification is to detect the dose inside each cell and not each
QPM. As reported in table 2, for each cell of the test set, 50
QPMs have been considered. Hence, the classification outputs
about the 50 QPMs can be combined together by means of a
max-voting strategy in order to establish the class of the cor-
responding cell [35]. This means that the dose assessed as the
one delivered to a cell is the mode of the doses calculated over
the 50 corresponding QPMs. In figures 7(e)—(h), according to
the max-voting strategy applied to the four QPM classification
problems in figures 7(a)—(d), respectively, we report the aver-
age value and the standard deviation of the performances in
classifying the irradiation doses for each LC cell at different
time points after irradiation. The best accuracy in identifying
a control LC is obtained at time T1 of the classification prob-
lem C2 (100%), the best accuracy in identifying a 2 Gy LC is
obtained at time TO of the classification problem C4 (86.00%),
the best accuracy in identifying a 10 Gy LC is obtained at time
T3 of the classification problem C2 (94.00%), and the best
overall accuracy is obtained at time TO of the classification
problem C2 (76.00%). By comparing the best performances
summarized in table 3, it is worth remarking that the max-
voting strategy allows improving the accuracy in detecting all
doses delivered. Therefore, the ability of the HIFC system in
recording multiple QPMs per cell at different viewing angles
has been proved to be more efficient for the classification prob-
lem herein tackled with respect to conventional IFC in which
usually a single image per cell is recorded.

Finally, to understand which of the employed 14 label-free
features mainly affects the classification accuracy, we have
exploited the Relieff algorithm [67]. In particular, we have
implemented it with 10 nearest neighbors separately for each
of the four classification strategies at each time point after irra-
diation, in order to rank the predictors according to their spe-
cific weight in the several classification problems. It resulted
that, on average, the highest ranked features were the cell area,
the phase mean value, and the GLCM energy.

4. Discussion

Here we investigated the response of Jurkat cell line, used as
a model of LCs, to several x-ray doses over time by exploiting
for the first time a label-free and minimally invasive HIFC
system. The advanced single-cell analysis based on some bio-
markers accessed by HIFC (i.e. the phase mean value, area,
and dry mass) has revealed that LCs irradiated at both 2 Gy
and 10 Gy undergo strong consequences that vary over time.
However, while LCs irradiated at 2 Gy are able to minimize
the radiation effects over time, LCs irradiated at 10 Gy move
towards a process of cell death. It is important to note that a FC
technique such as HIFC allows performing statistical studies
about a certain cell population without losing the intercellular
variability thanks to the single-cell analysis. This means that
not only the average radiation effects are detected, but also
rare conditions involving just few cells, which is fundamental
in the radiobiology field.

In addition, we have exploited the large and informative
datasets of QPMs collected in FC mode to establish the best
classification strategy and the best time post exposure for
detecting the amount of radiation (0 Gy, 2 Gy, or 10 Gy)
received by the cell culture on the basis of the LCs’ alterations.
There are two possible ways to use the attained results.

A. In the first scenario, which is summarized in the first three
columns of table 3 (for both the QPMs and the cells), it
is possible to focus the investigation on one of these three
doses. In fact, it could happen that an a priori information
exists about the radiation dose. Hence, in this situation, the
main goal is to maximize the recall of that specific class
(i.e. the probability of correctly classifying cells belonging
to that class).

B. The second scenario is a blind classification problem in
which there is no a priori information about the dose
received by the sample. Thus, in this situation, the main
goal is to maximize the overall accuracy regardless the
recall values of the single classes (see the fourth columns
of table 3 for both the QPMs and the cells).
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Table 3. Best performances (%) obtained after training and testing SVM models to detect the doses.

QPM Cell
Control 2 Gy 10 Gy Overall Control 2 Gy 10 Gy Overall
Classification Problem Cc2 Cc4 Cc2 C2 Cc2 C4 Cc2 C2
Time after Irradiation TO TO T3 TO T1 TO T3 TO
Average Accuracy [%] 94.56 78.00 89.60 74.11 100 86.00 94.00 76.00

In particular, when a single QPM per cell is recorded,

if the aim is to reveal the 0 Gy dose, the best solution
(94.56%) is operating at time TO by classifying the control
LCs vs 2 Gy + 10 Gy LCs;

if the aim is to reveal the 2 Gy dose, the best solution
(78.00%) is operating at time TO by classifying first the con-
trol +2 Gy LCs vs 10 Gy LCs, and then control LCs vs 2 Gy
LCs;

if the aim is to reveal the 10 Gy dose, the best solution
(89.60%) is operating at time T3 by classifying first the con-
trol LCs vs 2 Gy + 10 Gy LCs, and then 2 Gy LCs vs 10 Gy
LCs;

the best overall performance (74.11%) is obtained at time TO
by classifying first the control LCs vs 2 Gy + 10 Gy LCs,
and then 2 Gy LCs vs 10 Gy LCs.

Instead, when the max-voting strategy can be applied thanks
to the roto-translation of the cell,

if the aim is to reveal the 0 Gy dose, the best solution (100%)
is operating at time T1 by classifying the control LCs vs
2 Gy + 10 Gy LCs;

if the aim is to reveal the 2 Gy dose, the best solution
(86.00%) is operating at time TO by classifying first the con-
trol +2 Gy LCs vs 10 Gy LCs, and then control LCs vs 2 Gy
LCs;

if the aim is to reveal the 10 Gy dose, the best solution
(94.00%) is operating at time T3 by classifying first the con-
trol LCs vs 2 Gy + 10 Gy LCs, and then 2 Gy LCs vs 10 Gy
LCs;

the best overall performance (76.00%) is obtained at time TO
by classifying first the control LCs vs 2 Gy + 10 Gy LCs,
and then 2 Gy LCs vs 10 Gy LCs.

The scenario A would be relevant for monitoring the effect on
patients LCs during RT, when it is known the radiation dose
delivered to the patient as well as the time point. In fact, in
this case, the main objective would be the detection of circulat-
ing LCs eventually affected by the radiation dose during a RT
treatment since they passed through the irradiation region. A
further information would be the severity of the consequences
suffered by the LCs. A tool like HIFC able to provide a fast
and statistical analysis in a minimally invasive way is there-
fore ideal for studying the radiobiological effects on LCs in
order to personalize a RT treatment for minimizing the RIL
side effects, thus also planning an ad hoc immunotherapeutic

strategy. This would increase the RT success, the tumor pro-
gnosis, and the patient’s survival [12].

The scenario B instead falls in the even more challenging
problem of the crew health monitoring during a space mission
[68]. In fact, the proposed measurement procedure would be
used in future for applications diverse from RT, that is, to
retrieve information on the dose absorbed by the astronauts,
for example, after intervention outside the spacecraft. In this
case, the time after irradiation is known and by the Al-assisted
image processing it would be possible to retrieve the absorbed
dose. Furthermore, astronauts may be exposed to sporadic
radiation from solar eruptions, namely SPEs, which can res-
ult in large dose comparable with the ones investigated in the
present manuscript (about 2 Gy). Also in this case, the time
from eruption is known and it would be possible to retrieve
the absorbed dose. Of course, in this scenario, a larger radi-
ation spectrum and radiation dose range must be considered to
carry out a robust study for the development of such an instru-
ment. However, an important aspect that would push the devel-
opment of the technology in the direction of bio-dosimetry
for space missions is related to the scalability of the meas-
uring device. In fact, it has been already demonstrated that
HIFC systems can be miniaturized into lab-on-chip devices
[44], thus making possible their installation outside laboratory
environment.

In conclusion, the presented results are the first step, at
laboratory level, for evaluating the effect of ionizing radiation
on model LCs by a completely label-free method. Indeed, the
novelty of the present work is in providing new insight on a
specific and challenging biomedical issue. We prove that a QPI
method allows to distinguish LCs populations exposed to dif-
ferent radiation doses and also respect to not exposed popu-
lation at different time-points after irradiation. The achieved
results thus open to a new future diagnostic and prognostic
methodology that would avoid fluorescent-based analysis and
genetic tests. Even if the morphological features of LCs were
expected to be disturbed by x-ray irradiation as demonstrated
in a previous paper [69], this is the first time, at the best of
our knowledge, that a comprehensive study is accomplished to
extract a proper set of morphological features able to classify
such populations successfully via a new strategy of analyz-
ing quantitative single-cell measurements. The choice of HIFC
respect to any other phase-imaging techniques is due to two
main reasons. Firstly, LCs are cells living in suspension and
not in adhesion so the possibility to measure them in flow is
the laboratory condition that better mimic their physiological
environment. Second reason is the exploitation of cell rotation
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that allows recording multiple perspectives of each single cell
rotating into the FOV. This condition is fundamental to provide
a more realistic dataset also avoiding synthetic data augment-
ation that is typically implemented in Al-based classification
strategy.

To date, more research is necessary to enlarge the techno-
logy effectiveness to different types of radiations and doses
and also demonstrate the feasibility on in-vivo exposed blood.
It is important to note that HIFC system is an emerging tech-
nology for the studies about cell populations based on the
measurements of morphological parameters attainable from
the QPMs. The parameters are calculated on QPMs for all
the cells flowing into the microfluidic chip. However, HIFC
is an imaging method that avoids the use of fluorescent mark-
ers, therefore it is not able to detect specific damages in a
single cell neither to distinguish within the same population
specific biological effects. Thus, the biophysical parameters
measured from the QPMs of a population characterize its
phenotype in a statistical way although measures are obtain-
able at the single-cell level. Using a statistical characterization
allows one describing the inner heterogeneity of the phenotype
due to all the stochastic variables of the radiation exposure.
Furthermore, the Jurkat cells have been here chosen as model
of LCs at this preliminary stage of proof of concept, due to the
ease of propagation and standardization of the experiments.
However, Jurkat T-LCs are derived from a leukemic patient,
hence they possess genetic abnormalities and altered func-
tional characteristics compared to normal T-LCs, thus poten-
tially limiting the accuracy of experimental results. Therefore,
further studies are required to confirm our data by using cells
derived from a statistically significant number of healthy blood
donors to account for the subject variability and avoid poten-
tial biases related to the here used Jurkat model.
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