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Abstract: Holographic imaging flow cytometry (HIFC) can generate 2D quantitative phase
maps of flowing cells in microchannels. When combined with convolutional neural networks
(CNNs), HIFC could provide a promising stain-free approach for identifying target cells in
complex cellular environments by leveraging the distinctive morphological and optical properties
of different cell types. Here, we propose a lightweight CNN for HIFC image classification,
tailored to distinguish ovarian cancer cells from surrounding non-neoplastic cell populations of the
tumor microenvironment (TME). We show that the proposed CNN outperforms commonly used
models, i.e., Resnet and VGG, with a computational cost lower than Mobilenet, the benchmark for
efficiency and accuracy. Our approach could streamline ovarian cancer diagnostics and improve
understanding of the TME, ultimately aiding the development of personalized treatments.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Tumors are complex and heterogeneous ecosystems in which neoplastic cells and diverse
non-malignant cells of the tumor microenvironment (TME) interact with one another, thus
critically impacting disease progression, metastasis and response to treatment [1]. Therefore,
optimizing methodological approaches able to understand and modulate the TME is one of
the major goals in cancer biology [2]. In particular, visualization and characterization of the
cellular heterogeneity and spatial architecture of the TME is becoming increasingly important to
understand the pathological mechanisms of transformation, dissemination and chemoresistance
onset [3,4]. TME most often includes lymphocytes (T- and B-cells), natural killer (NK) cells,
tumor-associated macrophages (TAMs), myeloid-derived suppressor cells (MDSCs), mast cells,
granulocytes, dendritic cells (DCs), tumor-associated neutrophils, cancer-associated fibroblasts
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(CAFs), adipocytes, vascular endothelial cells, pericytes and parenchymal cells of the tissue in
which the cancer arises [4].

Recent studies have demonstrated that artificial intelligence (AI), combined with microscopy
imaging, offers potential breakthrough solutions in TME understanding at single-cell level [5].
One prominent approach involves convolutional neural networks (CNNs) applied to 3D confocal
imaging of single cells allowing the investigation of dynamic interactions between cancer cells
and other TME components [6]. For example, advancements have been reached for brain TME
classification of both tissue microarrays and segmented single cells within the tissue [7].

Recently, Al-powered label-free microscopy also enabled advanced TME understanding [8].
However, to date and to the best of our knowledge, quantitative phase imaging (QPI) methods
have not yet been employed in this field. QPI is a label-free optical microscopy technique
that offers the unique possibility of imaging and measuring biological specimens without the
need for staining [9]. Undesired effects such as photobleaching and phototoxicity typical of
well-established fluorescence microscopy may be indeed avoided, as well as the dependence of the
result on the sample preparation protocol and the operator’s expertise. In addition, QPI provides
a quantitative assessment of the biophysical properties of the imaged sample. Therefore, QPI
has undergone rapid development in recent decades, and several imaging techniques have been
proposed to implement it, such as digital holography (DH) [10]. The advent of Al constituted a
further turning point in the development of QPI techniques and their applications in biomedicine
[11]. In this latter scenario, imaging flow cytometry has proved a valid solution for feeding the
hunger of data typical of Al in single-cell classification problems [12]. Hence, holographic
imaging flow cytometry (HIFC) combined with AI has been exploited for several purposes,
mainly including the detection and phenotyping of cancer cells belonging to different tumor
types, such as melanoma and colorectal adenocarcinoma [13,14], breast cancer [15], urothelial
cancer [16], neuroblastoma [17,18], or ovarian cancer (OC) [18,19,20].

In this paper we focus on OC cells discrimination from a subset of related TME cell populations
by using HIFC and CNN. It has been shown that appropriate analysis of OC TME, in terms of
evaluating its content as well as defining malignant vs. immune cell quantitative ratio and spatial
relationship, may predict survival and potentially aid calibrating personalized therapies [21,22].
Here we propose a lightweight but accurate CNN, termed TMEnet, for the classification of 2D
QPMs of five cell populations, i.e. OC cells and four models of non-cancerous populations,
namely lymphocytes, monocytes, NK and endothelial cells. TMEnet is compared with the most
used state-of-the-art CNNs, namely Resnet50 [23] and VGG19 [24], commonly recognized as very
accurate classification models, and with Mobilenets [25], usually acknowledged as the reference
CNN model to balance lightness and accuracy. TMEnet shows superior performance with respect
to Resnet50 and VGG19 models along with a computational burden lower than the Mobilenetv2.
In particular, we demonstrate an overall accuracy of over 90%, attributable to improved predictions
across all classes compared to the other models. Moreover, the proposed architecture reduces the
number of learnable parameters by almost 70% with respect to MobileNetV2, making it highly
suitable for deployment on mobile devices [26]. In addition, we perform independent experiments
to acquire new OC cells with the aim of evaluating external generalization performance of our
CNN in OC cell identification and quantification. The results demonstrate high identification rate
(>95%), also in this case superior to the predictions made by Resnet50, VGG19 and Mobilenetv2,
thus confirming the robustness of TMEnet.

2. Methods

2.1. Sample preparation

Human OC cell line CAOV3 was purchased from ATCC (#HB-75). Natural killer NK92 cell line
was purchased from ATCC (#CRL-2407). Umbilical Vein Endothelial, Pooled Donors (HUVEC)
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cells were purchased from Lonza (#CC-2519). Monocyte THP1 and JURKAT peripheral
blood-derived human T-cell leukemia cell line were authenticated as previously described in [27].

CAOV3, THPI1, and JURKAT cells were cultured in RPMI 1640 Medium (Euroclone
#ECB9006) supplemented with 20% FBS South America origin EU Approved (Euroclone
#ECS5000 L), 2 mM L-glutamine (Euroclone #ECB3000D), 1% penicillin/streptomycin (Euro-
clone #£CB3001D), the first cell line in adhesion, the latter two in suspension. NK92 cell line was
maintained in suspension and grown in Mem-alpha medium without nucleosides (Thermo Fisher
#12561056) + 12.5% FBS South America (Gibco #A5256701) + 12.5% Horse serum (Thermo
Fisher #26050088) + 1.5 g/l Sodium Bicarbonate (Thermo Fisher #25080094) + 0.1 mM 2-
mercapto-ethanol (Thermo Fisher #31350010) + 1% L-Glutamine (Eurclone #ECB3000D) + 1%
penicillin/streptomycin (Euroclone #£CB3001D) + 0.02 mM Folic Acid (Sigma #I7508) + 0.2
mM Myo-inositol (Sigma #I17508); and freshly added with 200U/ml recombinant human IL-2
(Prepotech, #200-02) according to Manufacturer’s instructions [28]. HUVEC cells were cul-
tured in EBM-2 Basal Medium (#CC-3156) enriched with EGM-2 SingleQuots Supplements
(#CC-4176) providing the necessary nutrients and signaling molecules for growth, provided by
Lonza.

All cell lines were grown in an incubator at 37°C with a humidified atmosphere at 5% CO,,
regularly tested for mycoplasma, and passaged once 70-90% of confluence was reached. For
sample preparation, NK92, THP1, and JURKAT cells were harvested, centrifuged for 5 min at
1500 rpm, washed with 10 mL PBS, and resuspended in their culture medium for the subsequential
cell counting. CAOV3 and HUVEC cells were detached following standard procedure, meaning
medium removal, PBS washing, and incubation with Trypsin-EDTA (Sigma #T8154) for 5 min
at 37°C. Next, the cell culture medium was added for each cell line to block trypsin activity.
Cells were counted using Burker Cell Counter and Trypan Blue dye (Sigma #T8154) for viability
assessment. In detail, two independent counts were performed for each cell line by diluting 1:2
cell suspension with Trypan Blue, and 0.01 mL was loaded in the cell counter. The experimental
cell suspension was prepared considering the average live cell count, and each cell line was diluted
in its culture medium to 2 x 10° cells/mL of which 200uL were injected into the microfluidic
channel.

2.2. HIFC experimental system

To perform holographic recording of flowing cells, we implemented a DH microscope employing
a Mach Zehnder interferometer based on off-axis configuration, as sketched in Fig. 1(a) [27]. The
interference fringe pattern is achieved by means of a Beam Splitter cube (BS) that recombines
object and reference beams. The two beams are obtained after splitting a light wave generated
by a laser (Laser Quantum Torus 532, beam diameter 1.7 + 0.2 mm) using a Polarizing Beam
Splitter (PBS). Two Half-Wave Plates (HWPs) are placed in front of and behind the PBS for
balancing the intensities of the two beams without changing their polarization. The object beam
illuminates the cells while they roto-translate in the Microfluidic Channel (MC, Microfluidic
ChipShop 10 000 107 — 200um X 1000um x 58.5 mm). The scattered portion of the object
beam is collected by a Microscope Objective (MO1, Zeiss Plan-Apochromat 40x, NA = 1.3, oil
immersion) and passes through a Tube Lens (L1). At the same time, the reference beam passes
through a Beam Expander (BE), which consists of a second Microscope Objective (MO?2), a
second Tube Lens (L2), and a Pinhole. The resulting hologram is recorded by a CMOS camera
(Genie Nano-CXP Cameras — 5120 x 5120 pixels, 4.5um pixel) at a frame rate of 30 Hz and
an exposure time of 50us. Cells are injected into the MC using an automatic syringe pump
(CETONI Syringe Pump neMESYS 290N) that allows dosing sample injections at 75nl/s. As
laminar flow is generated within the MC, in addition to the cells’ flow, their rotation is induced
by taking advantage of the hydrodynamic forces. Let xyz be the coordinate reference system,
cells flow along the y-axis, rotate around the x-axis, and are imaged along the optical z-axis.
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Hence, the CMOS camera records the holographic video sequence of the cells’ roto-translation
[27]. An example of 5120 x 5120 digital hologram recorded by the HIFC system is shown in
Fig. 1(b). It is important to note that no blur occurs during holographic recording because the
cell velocity is very low compared to the exposure time. Indeed, on average, each cell has a
velocity of ~120um/s, meaning that a cell covers about 6 nm during the exposure time. However,
this distance is much smaller than the pixel size, which is 125 nm (i.e., only 4.8%).
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Fig. 1. HIFC experiments. (a) DH microscope in off-axis configuration. HWP, half-wave
plate; PBS, polarizing beam splitter; L, tube lens; M, mirror; MO, microscope objective;
MC, microfluidic channel; BS, beam splitter; CMOS, camera. (b) Digital hologram recorded
by the HIFC system, with zoomed-in the holographic ROIs containing CAOV3 cells. Cells

flow along the y-axis, rotate around the x-axis, and are imaged along the optical z-axis.

2.3. HIFC numerical reconstruction

Cells are detected and tracked from the holographic video sequence recorded by the HIFC system.
In each frame, a region of interest (ROI) is selected around each detected cell, as displayed in
Fig. 1(b). Therefore, the holographic video sequence is converted into multiple sequences of
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holographic ROIs, each of which contains the roto-translation of a specific cell. A quantitative
phase map (QPM) is then computed from each holographic ROI. By applying a band-pass
filtering in the Fourier domain, the real diffraction order is numerically isolated, thus obtaining
the demodulated hologram [29]. Through the minimization of the Tamura coefficient, the proper
focus distance is evaluated in order to achieve the numerical refocusing of the holographic ROI
by propagating the complex field at such distance [30]. The phase contrast image is extracted
from the refocused complex wavefront, and after compensation of aberrations by subtraction of a
reference hologram [31], the phase denoising [32] and phase unwrapping [33] are performed to
retrieve the 101 x 101 QPM.

2.4. Proposed CNN model

In order to discriminate OC cells from a subset of related TME cell populations, we created a
custom-made CNN, termed here TMEnet. TMEnet is a VGGnet style architecture [24] inspired by
the CNN proposed in [34] for image homography estimation. Such network uses 8 convolutional
layers (3 x 3), each followed by a batch normalization and ReLU activation, and a max pooling
layer (2 x 2, stride 2) after every two convolutions. The first 4 convolutional layers employ
64 filters while the last 4 convolutional layers use 128 filters. Each convolutional layer has a
default setting of hyperparameter except for the output padding that is fixed to have the same
size of the input. Batch normalization is also used with the default parameters setting. The
convolutional blocks are followed by a fully connected layer having 1024 units, a ReLU activation
layer, and a dropout with a probability of 0.5. Next, a second fully connected layer is set to the
number of classes, and a softmax layer is employed for classification, optimizing weights using
cross-entropy as the loss function. This architecture has been demonstrated to be highly efficient
in the homography regression task but requires optimizing 9 million learnable parameters. By
adapting this network to our classification problem, i.e. using as input the QPM sized 101 x 101
and considering 5 classes, we reduced the learnables to 5.3 million. However, the network
complexity is still high to be considered light, so we took inspiration from Resnet models [23]
in which fully connected layers are replaced by convolutional layers. Therefore, the proposed
TMEnet shares the same architecture of the model in [34], but we employed the combination of a
convolutional layer with unitary sized kernel and 1024 filters, as well as a global max pooling
layer in place of the fully connected layer. This modification drastically reduces the learnables to
0.77 million with a corresponding memory occupation of less than 3MB after training. A sketch
of the TMEnet is reported in Fig. 2.
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Fig. 2. TMEnet architecture.

The training step was performed over 50 epochs with a batch size of 64 (116 iterations per
epoch), with a stopping criterion based on the best validation loss. We used the ADAM optimizer
with a learning rate of 1073, reduced by a further 0.1 drop factor for the last 5 epochs. Training
was performed in the Matlab R2023b environment over a laptop equipped with a 12th Gen Intel
Core i9-12900HK 2.50 GHz, 64 GB RAM, and a NVIDIA GeForce RTX 3050 Ti Laptop GPU.
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3. Results

To train and test a CNN for distinguishing OC cells from other TME subpopulations, a dataset
of 2D QPMs was collected by using the HIFC system. According to Table 1, the entire set
was composed of 1635 cells, including THP1 (i.e., monocytes), JURKAT (i.e., lymphocytes),
NK92 (i.e., NKs), HUVEC (i.e., endothelial cells), and CAOV3 (i.e., OC cells). Due to the
roto-translation of single cells along the microfluidic channel of the HIFC system employed,
multiple QPMs per cell were acquired containing different views of the same biological sample.
Cells flow about at the same speed, depending on their exact height in the microfluidic channel.
This means that almost the same number of QPMs was recorded for each cell. However, as
reported in Table 1, different numbers of cells were collected during experiments for each cell
line. In order to balance class sizes during training and testing, we selected different numbers of
QPMs per cell for each specific cell line, thus also augmenting the observations. The numbers of
selected QPMs for each cell line are summarized in Table 1. An example of a QPM is shown
in Fig. 3 for each class. A QPM quantifies the phase delay introduced by the biological object
on the incident wavefront [9,10,35]. Therefore, it contains information about cell morphology
and is strictly related to its refractive index values. For this reason, quantitative measurements
can be conducted on the biological sample, involving its morphological and biophysical features
[36,37,38]. For example, to understand the QPI-based clustering of the cytotypes analyzed, we
considered the two most typical QPI features, i.e. the cell area for morphological characterization
and the cell dry mass density for biophysical characterization. In particular, the cell area was
computed by summing up all the pixels within the binary cell mask, obtained automatically by
the following threshold-based segmentation

Table 1. Dataset collected by the HIFC system for training a CNN

Cell Line # Cells # QPMs
Overall Overall Training Validation Test
THP1 635 1721 1549 86 86
JURKAT 1231 1534 1381 77 76
NK92 500 1730 1557 87 86
HUVEC 411 1621 1459 81 81
CAOV3 203 1686 1517 85 84
2980 8292 7463 416
mask(x,y) = {(x,y) | OPM(x,y) — u>0.5rad}, (1)

where u is the mean QPM value. Instead, the cell dry mass density can be defined as the cell
mass without considering its water content, normalized to cell area, i.e.

A
m=s— Zx,y OPM(x,y), @)

where A is the wavelength and « is the refractive increment, which can be set as 0.190 ml/g [9].
We compared the five cell lines according to these two features in the scatterplot of Fig. 3. By
observing the univariate histograms containing the marginal distributions, it can be inferred that
CAOV3 are the largest cells, followed by HUVEC, NK92, and THP1/JURKAT cells. Instead, in
terms of dry mass density, HUVEC, NK92, THP1, and JURKAT cells have mostly overlapping
phenotypes, while CAOV3 cells are densest. Hence, in the scatterplot of Fig. 3, a CAOV3 cell
cluster may be appreciated, partially distinguishable from the other cell types. However, it shares
a non-negligible overlap region, which is why we implemented a CNN to extract suitable features
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able to maximize cluster separation, leading to high classification performance in distinguishing
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Fig. 3. Visual inspection of the HIFC dataset. At the top, an example of 2D QPM for
each of the cell lines analyzed; at the bottom, scatterplot of the cell area vs. the cell dry
mass density computed from the 2D QPMs, along with the univariate histograms containing
the corresponding marginal distributions and reporting the frequency of occurrences of the
represented feature.

In order to assess the effectiveness of the TMEnet, we compared its performance with three
state-of-the-art CNN models, i.e. the Resnet50 [23] and the VGG19 [24], recognized as high-
performance networks for image classification, and the Mobilenetv2 [25], usually considered the
reference lightweight CNN model. For a balanced comparison, all CNNs were trained with the
same datasets and training options described in the Methods. In particular, the training set had
7463 QPMs obtained by randomly extracting 90% of images from each class of the overall dataset
(see Table 1). To assess the performance of the trained TMEnet, we employed a test set composed
of the remaining 5% of QPMs inside the overall dataset (i.e., 413 images different from those
used for training and validation, see Table 1). The classification performances of the TMEnet are
shown in Fig. 4 (see also the corresponding confusion matrices in the Supplement 1), averaged
among three different trainings of the network carried out to consider statistical variability.
Specifically, given a certain class, we employed the recall and the F1 score as classification
metrics [39]. The recall of a certain class is defined as the percentage of QPMs correctly classified
as that class with respect to the total number of QPMs within that class. The F1 score is the
harmonic mean between recall and precision, where the precision of a certain class is defined
as the percentage of QPMs correctly classified as that class with respect to the total number of
QPMs assigned to that class. Hence, given the QPM of a certain class, the recall measures the
probability of predicting its true class, while, given the prediction of a certain class, the precision
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Fig. 4. Comparison among the classification metrics of different CNNs computed over the
test set and averaged among three different trainings. (a) Recall of each cell line. (b) F1
score of each cell line. (c) Global accuracy. (d) Average AUC among the five cell lines.

measures the probability that it is correct. By observing Figs. 4(a,b), respectively, TMEnet was
able to predict the THP1 class with a recall of 93.80% and an F1 score of 92.71%, the JURKAT
class with a recall of 87.72% and an F1 score of 88.48%, the NK92 class with a recall of 88.76%
and an F1 score of 86.89%, the HUVEC class with a recall of 83.13% and an F1 score of 84.87%,
and the CAOV3 class with a recall of 98.02% and an F1 score of 98.60%. As expected by the
quantitative analysis of Fig. 3, the best performance was obtained with the CAOV3 class. Instead,
as global performance metrics of TMEnet, we employed accuracy and the area under curve
(AUC) [39]. Accuracy is defined as the percentage of QPMs correctly classified with respect
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to the total number of images within the test set, and it can be interpreted as the probability of
predicting the true class of any QPM. The AUC is instead defined as the average area under the
five Receiver Operating Characteristic (ROC) curves, where the ROC curve of a certain class is
the curve of the true positive rate (TPR) against the false positive rate (FPR) at different threshold
settings. The TPR of a certain class corresponds to the recall and the FPR of a certain class
corresponds to the percentage of QPMs wrongly predicted within that class with respect to the
total images of the other classes (i.e., it is the probability that a QPM not belonging to a certain
class is wrongly predicted as such). Hence, by observing Figs. 4(c,d), respectively, TMEnet
reached an accuracy of 90.40% and an average AUC of 98.81% over the five classes of the test
set.

Furthermore, a comparison among the four CNNs in terms of recall and F1 score is reported
in Figs. 4(a,b), respectively, separated for each cell line. Generally, except for the NK92 recall
(+0.39% increase of Resnet50 compared to TMEnet), TMEnet was the best model for all classes.
Indeed, as global classification metrics, the best accuracy and the best AUC were reached by
TMEnet, as shown in Figs. 4(c,d), respectively.

The objective of the proposed approach based on the CNN-based classification of HIFC images
was the specific recognition of CAOV3 cells within an OC TME. For this reason, we carried
out an additional experiment to collect an independent dataset of 179 CAOV3 cells. In this
case, we acquired one single QPM per cell, thus emulating a much faster and simpler HIFC
scenario in which all the hurdles to induce and record the cell rotation are avoided. For each
CNN architecture, among the three trained models, we chose the one reaching the best recall
over the internal test set. As summarized in Table 2, the highest recall for the CAOV3 class
in the independent test set was reached by TMEnet (95.53%), followed by Mobilenetv2 and
VGG19 (91.06%), and by Resnet50 (87.71%). Hence, TMEnet showed also the best ability
of generalization over an experiment independent from the training one. Furthermore, when
evaluating the performance of a CNN, the classification metrics are not the sole parameters to
be taken into account, above all when the CNN is thought to be implemented for real-world
applications. In this latter case, also technological parameters of the CNN must be considered,
such as memory usage and deploy time (see Table 2). In particular, TMEnet had the fastest
deploy time on a single QPM (2.7 ms), which is crucial for real-time applications, as well as the
smallest memory usage (2.75MB), important for example for on-chip implementations, which
were lower than the Mobilenetv2 (3.1 ms and 8.3MB) and much lower than the Resnet50 (6.2
ms and 86.6MB) and the VGG19 (10.9 ms and 195.0MB). A visual comparison among the four
CNNs in terms of recall, deploy time, and memory usage is displayed in Fig. 5, in which it is
clear that the best trade-off was provided by the TMEnet.

Table 2. Comparison among the properties of different CNN models

TMEnet Resnet50 VGG19 Mobilenetv2
# Layers 35 177 47 154
# Learnables [M] 0.77 23.5 55.7 2.2
Memory usage [MB] 2.75 86.6 195.0 8.3
Training time 50 epochs [min] 32 84 135 49
Deploy time [ms] 2.7 6.2 10.9 3.1
Average Accuracy Test [%] 90.40 86.52 84.10 84.10
Average Recall Test CAOV3 [%] 98.02 95.24 94.44 96.43

Recall Independent Test CAOV3 [%] 95.53 87.71 91.06 91.06
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Fig. 5. Comparison among the recall, deploy time, and memory usage of different CNN
models. The circle’s radius is proportional to the memory usage of the corresponding CNN
model.

4. Discussion and conclusions

Non-neoplastic cells within a tumor mass significantly contribute to tumor progression, playing
an important role in defining disease outcome and often response to therapy [2,21,22], rendering
them a significant biomarker. Implementing our understanding of TME from bench to bedside is
one of the main current challenges in cancer research. In particular, to allow fast translation to
the clinics, novel techniques should optimally be operator-independent and without requirements
for highly specialized and trained personnel. In this context, we provide a proof-of-concept for
the efficient discrimination of OC cells from several TME populations, the first step required for
separation and appropriate quantification of both cancer and TME cells, exploiting for the first
time the capabilities of HIFC combined with deep learning.

The proposed TMEnet has been demonstrated to be highly sensitive in detecting OC cells and
related TME populations in comparison with the currently available state-of-the-art CNN models,
such as Resnet [23] and VGG [24]. On the other hand, the use of mobile terminals is becoming
more and more widespread. Therefore, in order to deploy CNNs to such EDGE devices for on-line
monitoring, it is necessary to carry out lightweight architectures while preserving the overall
model accuracy and robustness [26]. This objective has been achieved by TMEnet, as it provides
an excellent trade-off among memory usage, deploy time, and classification accuracy, with a total
computational burden lower than the Mobilenetv2 [25]. Specifically, we observed a remarkable
improvement in terms of the most common performance metrics, as summarized in Fig. 4,
Table 2, and in the Supplement 1, which reports some additional details about prediction errors.
In general, by exploring the confusion matrices reported in Fig. S1, it is evident that HUVEC
and NK92 populations are the most similar classes in terms of classification. In fact, it is possible
to note that most of the prediction errors about the HUVEC class are due to a misclassification
with the NK92 class, and vice versa. This is more evident for VGG19 and Mobilenetv2, while
both Resnet50 and TMEnet provide higher comparable accuracies in predicting NK92, thus
improving the overall performance. Noteworthy, the TMEnet outperforms all the other models in
predicting all the other cell lines considered in this study. This is further confirmed by analyzing
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the prediction performance obtained for the independent experiment performed to collect new
CAOV3 cells, in which the TMEnet allows higher sensitivity with respect to the other models,
achieving an identification rate > 95%.

However, we acknowledge the level of sample complexity in this pioneering study is relatively
low, as we used only one cancer cell model, which does not account for the high intra- and
inter-patient heterogeneity typically found in OC [40,41,21]. While it is well known that a
high number of cell subtypes is typically present within any tumor mass, including neutrophils,
adipocytes, fibroblasts, etc. [42], we preliminarily used four such cytotypes in this study. Notably,
this included a TME population similar to cancer cells, specifically monocytes, which we
represented using the THP1 model and successfully discriminated. Thus, we expect our method
to be successful also in samples of higher complexity, which warrants further studies. Moreover,
it is expected that the sample processing and the final buffer within which the cells are passed
through the cytometer may affect their biophysical properties, which is why we suggest future
studies should consider standardization of the protocols used for preanalytical steps.

In summary, even if the results reported here represent a proof-of-concept study, we believe that
the proposed TMEnet has demonstrated remarkable generalization capabilities and robustness to
be considered for a deeper TME analysis. In addition, the lightness of the proposed network
architecture allows an important margin to design a deeper version of the TMEnet to match
the definite increase of complexity expected in the challenging classification task of all TME
populations.
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