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 A B S T R A C T

Circulating Tumor Cells (CTCs) are crucial biomarkers in liquid biopsy, offering a noninvasive tool for 
cancer patient management. However, their identification remains particularly challenging due to their 
limited number and heterogeneity. Labeling samples for contrast limits the generalization of fluorescence-
based methods across different hospital datasets. Analyzing single-cell images enables detailed assessment 
of cell morphology, subcellular structures, and phenotypic variations, often hidden in clustered images. 
Developing a method based on bright-field single-cell analysis could overcome these limitations. CTCs can 
be isolated using an unbiased workflow combining Parsortix® technology, which selects cells based on size 
and deformability, with DEPArray™ technology, enabling precise visualization and selection of single cells. 
Traditionally, DEPArray-acquired digital images are manually analyzed, making the process time-consuming 
and prone to variability. In this study, we present a Deep Learning-based (DL) classification pipeline designed 
to distinguish CTCs from leukocytes in blood samples, aimed to enhance diagnostic accuracy and optimize 
clinical workflows. Our approach employs images from the bright-field channel acquired through DEPArray 
technology leveraging a ResNet-based Convolutional Neural Network. To improve model generalization, we 
applied three types of data augmentation techniques and incorporated fluorescence (DAPI) channel images into 
the training phase, allowing the network to learn additional CTC-specific features. Notably, only bright-field 
images have been used for testing, ensuring the model’s ability to identify CTCs without relying on fluorescence 
markers. The proposed model achieved an F1-score of 0.798, demonstrating its capability to distinguish CTCs 
from leukocytes. These findings highlight the potential of DL in refining CTC analysis and advancing liquid 
biopsy applications.
1. Introduction

Detection of cancer at an early stage significantly improves pa-
tient response to treatment and survival. However, nearly 50% of 
patients are still diagnosed at an advanced stage [1]. Recent advances 
in biological understanding and technological progress have led to 
the development of innovative approaches to improve early diagnosis. 
Single-cells sequencing and spatial transcriptomics shed new lights into 
the comprehension of tumor development and progression and in the 
interaction with tumor microenvironment. These data have improved 
precision therapy for cancer patients. However, the cost and time 
commitment are substantial, and the procedure requires a tumor tissue 
biopsy that is invasive and, in some cases, not feasible for certain 
patients [2]. In this context, the analysis and detection of Circulating 
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Tumor Cells (CTCs) is crucial. CTCs are cells shed from the primary 
tumor or metastatic sites into the bloodstream that have emerged as 
a valuable biomarker in oncology via liquid biopsy, providing a real-
time and non-invasive means of cancer detection, monitoring, and 
treatment [3]. Their extreme rarity and heterogeneity pose signifi-
cant challenges for accurate identification and classification. Usually, 
techniques based on specific detection of markers expressed by CTC 
are performed, but they may fail to capture the full spectrum of the 
heterogeneous CTC population, resulting in an underestimation of CTC 
counts in other clinical settings [4]. The absence of a universally 
accepted method prevents the standardization and clinical validation 
of CTC-based biomarkers [5].

Consequently, there is a need for alternatives that can make this 
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process more efficient and robust, facilitating the high-throughput ap-
plication of CTC-based technologies and enhancing the study of cancer 
patients and the progression of their disease. CellSearch is the only 
FDA-approved (Food and Drug Administration) system for enumerating 
CTCs in different kinds of cancer clinical settings as breast, colon, and 
prostate cancer. This technology is based on capture of CTC expressing 
the epithelial marker EpCAM and therefore loses information on CTC 
that are not characterized by an epithelial phenotype [6]. After the cap-
ture of CTC, a method to analyze images and classify them is required. 
The ACCEPT Software is an image analysis package for the automated 
CTC enumeration and phenotyping that is currently under active devel-
opment for the EU Cancer-ID project [7]. The use of approaches of this 
kind has demonstrated that CTC size varies significantly across different 
tumor types and is generally smaller than tumor cell lines commonly 
used as Refs. [8]. This underscores the importance of morphological 
analysis in optimizing size-based isolation methods and the need to 
acquire single-cell images of CTC to finely study their morphological 
characteristics. The ACCEPT Software is often used in combination 
with CellSearch for automatic analysis of CTCs. However, it relies 
on predefined rules and morphological criteria, which can introduce 
human bias and limit its adaptability to diverse imaging conditions.

An alternative approach is a marker-independent strategies such 
as Parsortix technology [9] that exploit a microfluid cassette that 
can enrich CTC based on their physical properties such as size and 
deformability. A notable innovation in single cell characterization and 
isolation of CTC is represented by the cell sorting technology based 
on imaging developed by the Di Trapani group, known as DEPArray™ 
(Menarini Silicon Biosystems, S.p.A., Italy) [10].

Other paper reported the possible combination of Parosortix with 
microwell formats (Sievewell and CellCelector Nanowell) for efficient 
detection, labeling, and isolation of single CTCs from patient’s blood 
samples, enabling downstream DNA and RNA [11]. However, the ac-
quisition with DEPArray has an extremely high precision, even for 
ultra-rare cells (< 1 cell/ml), and is more suitable for molecular analysis 
of CTCs.

Even with label-free enrichment technologies such as Parsortix®, 
CTCs may still be overlooked or misclassified as leukocytes when 
relying on immunofluorescence based evaluation [12]. This highlights 
the need for an alternative approach capable of identifying these cells 
based on their intrinsic morphological characteristics in bright-field 
(BF) imaging, reducing dependence on fluorescence markers. Despite 
these technologies’ advantages, manual classification of CTCs remains 
a bottleneck in clinical workflows. This process requires expert anal-
ysis of digital images acquired through DEPArray, which is prone to 
inter-observer variability and may introduce subjectivity into the classi-
fication. In this context, Machine (ML) and Deep Learning (DL) models 
can learn directly from data, enabling more robust and automated CTC 
detection. They may excel at distinguishing CTCs from other blood 
cells, even in complex or suboptimal images, and can generalize across 
different datasets without extensive manual adjustments. In particular, 
Convolutional Neural Networks (CNNs), have demonstrated strong per-
formance in automating CTC detection [13,14], achieving high recall 
rates and reinforcing the potential of Artificial Intelligence (AI)-driven 
methods to enhance early cancer detection and monitoring in medical 
image analysis [15].

In this study, we propose a DL-based classification pipeline designed 
to distinguish CTCs from leukocytes in a liquid biopsy using BF im-
ages acquired with DEPArray technology. In detail, a pre-trained CNN 
has been trained on a private dataset and given the small number 
of acquired CTC images, augmentation data have been used in the 
training phase. Augmentation operation include both affine and color 
transformation of BF images and also images coming from the DAPI 
fluorescence channel, which allows for improving performance of the 
model. Importantly, only BF images are used during testing, ensuring 
that the model can identify CTCs without reliance on fluorescence 
markers.
2 
2. Related works

Several approaches have been proposed in the literature about CTC 
analysis. Many methods use images containing clusters of cells, and 
the aim is the detection and quantification of the cells. Guo et al. 
have proposed a CNN to automatically detect CTCs in peripheral blood 
using immunofluorescence in situ hybridization (imFISH) images [13]. 
However, this technique is based on counting the copy number of 
chromosome 8 using CEP8 immunofluorescence labeling rather than 
analyzing cell morphology. BRIA (BReast cancer Imaging Algorithm), 
a fully automated ML-based pipeline designed to detect, segment, and 
classify metastatic breast CTC cells in multi-channel immunofluores-
cence images is proposed in [16]. Svensson et al. [17] presented a Naive 
Bayesian Classifier (NBC) to reliably and automatically detect and 
quantify CTCs. Cells are collected with a functionalized medical wire, 
stained for fluorescence microscopy, and the classification is performed 
by using RGB color histograms. In [18], the authors used a combination 
of computer vision and CNNs, that demonstrated strong performance in 
automating CTCs detection from multi-channel clustered fluorescence 
images, achieving high recall rates. Application on multi-channel im-
ages greatly improves the quality of the analyzed information, but the 
limited test dataset may not guarantee optimal generalization.

Given the scarcity and rarity of CTCs, Liang et al. [19] used a novel 
data generation with Segment Anything Model (SAM) in combination 
with copy-paste to increase the number of images, which allows for im-
proved generalization over existing models due to a new loss function. 
Despite the promising approach, the unreliability of synthetic data and 
computational cost remain challenges to consider.

A single-cell method is proposed in [20], where an auto-encoder 
feed by fluorescent images of blood samples has been proved to have 
an accurate identification of CTCs.

In [21], Miccio et al. demonstrated that label-free approaches elimi-
nate the need for sample staining, reducing preparation time, potential 
alterations to cell properties, and dependence on specific dyes or mark-
ers. In [22] is presented a DL method that uses Whole Slide Images 
(WSI) for the automatic detection and enumeration of CTCs in micro-
scopic blood images, reducing subjectivity and workload for cytologists. 
The high resolution of WSIs, however, poses great challenges in their 
analysis and management [23].

A tentative to merge information from fluorescence and BF im-
ages of single cells has been made in [24], where the authors have 
developed a proof-of-concept DL model that identifies cancer cells 
originating from cholangiocarcinoma in unlabeled microscopy images 
based on morphological differences, where each image contains 20–30 
individual cells on average, emphasizing the importance of analysis 
on morphological features of cells that allow different cell types to be 
distinguished from each other.

Wang et al. [25] used immune microparticles to negatively mark 
white blood cells rather than CTCs, so that cancer cells can be directly 
distinguished in the BF channel of microscopy. In this way, all hetero-
geneous cancer cells and their phenotypic properties can be preserved 
for further cancer studies. However, applying such methodologies to 
clusters of cells could lead to the loss of crucial information.

Akashi et al. [26] have demonstrated that, despite training their 
CNN-based detection system using KYSE520 cell lines with high EpCAM 
expression, the model has been still able to accurately identify KYSE30 
cell lines, which are EpCAM-negative. This suggests that DL does not 
rely solely on traditional biomarkers, but can detect previously un-
known or subtle features, such as cell morphology or minute differences 
in nuclear structure, to differentiate CTCs from blood cells.

The need to label the sample to obtain contrast agent effects greatly 
limits the generalization of methods based on fluorescence images, 
which cannot be applied to datasets from different hospital structures. 
On the other hand, images containing cell clusters can make it difficult 
to examine individual cell morphology, subcellular structure, and phe-
notypic variations; instead, this analysis is much simplified in the case 
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Fig. 1. Different types of images produced by DEParray.
 

of images containing single cells. Taking into account these limitations 
of existing methods in the literature, we propose a method based on 
the analysis of BF images (without the use of fluorescence), acquired 
with a single-cell technique.

3. Methodology

3.1. Isolation and characterization of CTCs

Isolation and characterization of CTCs were performed according to 
a previously validated and described protocol [27]. Briefly, Peripheral 
Blood Mononuclear Cell (PBMC) were separated using SepMate™ PBMC 
Isolation Tubes from 10 ml blood of two Healthy Voluntaries (HV), 
thirteen patients with Non-Small Cell Lung Cancer (NSCLC) and two 
with cholangiocarci- noma.

CTC analysis was performed for patients who provided written 
informed consent to participate in the CTCNeo study, approved by the 
Independent Ethics Committee of the Istituto Nazionale dei Tumori of 
Milan (CTCNeo INT76/21).

For spike-in experiments, about 500 single cells from A549 and 
Calu3 NSCLC cell lines were spiked into PBMC of HV and processed as 
detailed below. PBMC from HV and patients were processed with Par-
sortix system to enrich for CTC. Recovered cells were stained with flu-
orescent antibodies against specific CTC markers and immune marker 
CD45, counter-stained with DAPI (4’,6-diamidino-2-phenylindole), used
for nuclear staining which identifies cells with intact rounded nuclei. 
Fluorophore conjugated antibodies (detected in FITC/ PE/ PerCP-Cy5.5 
channels) were used to analyze the expression of specific antigens 
potentially expressed by CTC and finally APC channel was used to 
identified CD45+ leukocytes. Representative images of spike-in cells 
were captured randomly for each fluorescent channel and BF. Putative 
CTCs, defined by cell size and negativity for CD45 expression, were 
isolated and subjected to DNA amplification, LowPass sequencing, and 
copy number alteration (CNA) analysis to confirm their tumor origin, as 
detailed in Vismara et al. [27]. Different types of images, stained and in 
grayscale, are produced by DE- PArray, see Fig.  1. The grayscale image 
is the BF channel, while the remaining images are the different channels 
stained with the specific markers. Not all channels were used to create 
the dataset for our experiments, but only images from BF and DAPI 
channels. We aim to streamline healthcare professionals’ workflow by 
reducing the dependency on extensive sample staining with multiple 
markers.

3.2. Dataset characteristics

The dataset comprises 529 images of tumor cell lines spiked into 
the blood of HV, resembling CTC, 52 CTC images from 13 patients 
with NSCLC, and 388 leukocyte images. The dataset was partitioned 
into three distinct subsets for the experiments: training, validation, and 
test sets. The training set was dedicated to learning the DL model, 
while the validation set served as an intermediate dataset to fine-tune 
hyperparameters during the model optimization process. The test set 
3 
Table 1
Number of dataset’s images.
 CTC LEUKO 
 Train 479 303  
 Augmented Train 2395 1515  
 Validation 50 29  
 Test 52 56  
 TOTAL 581 388  

was reserved for evaluating the model’s performance on previously un-
seen data, mimicking real-world scenarios. To enhance generalization 
during training and address the scarcity of real CTC images, spiked-
in cell images were employed for both the training and validation 
phases, whereas actual CTC images were exclusively used for testing. 
For leukocytes, 15% of the total images were allocated to the test 
set. In detail, 529 spiked-in cell images and 332 leukocyte images 
were utilized for training and validation, with 10% of them randomly 
selected for validation. The final test phase included 52 images of CTCs 
and 56 images of leukocytes (Table  1).

3.3. Training images

Image augmentation techniques were utilized to expand the dataset 
and improve the model’s ability to generalize. Specifically, three aug-
mentation operations were implemented, incorporating random trans-
formations like rotations and flipping, along with adjustments to bright-
ness and color. The choice to apply these three types of augmentation 
was motivated by the goal of increasing data diversity. Additionally, 
images from the DAPI channel were included to further augment data, 
enhancing generalization and allowing the network to learn additional 
morphological CTCs’ features. This multi-channel approach helps cap-
ture intrinsic characteristics of CTCs that may not be evident in BF 
images alone. Starting from a total of 782 training images in the train-
ing set, a final number of 3910 images was obtained after augmentation 
and the addition of DAPI channel images. In Table  1 the original and 
augmented training data are reported.

3.4. Proposed method

The decision to rely on the BF channel is due to two main factors: 
(i) it is a standard imaging output of DEPArray technology, and (ii) 
the need to simplify the work of researcher operators by evaluating 
whether it is possible to avoid excessive staining of samples with differ-
ent markers, which may also vary depending on both the type of tumor 
to be identified and the hospital structure. However, in BF images, 
background noise or artifacts may be more pronounced, particularly 
when the tissue or sample preparation is not ideal. This can interfere 
with the accurate interpretation of the image. Moreover, they often lack 
contrast, making it harder to distinguish subtle differences between 
cells, particularly when they have similar morphological characteris-
tics. This can reduce the clarity and accuracy of cell identification. DAPI 
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staining is relatively simple and inexpensive compared to other staining 
techniques. It does not require complex protocols, making it a conve-
nient choice for routine use in various biological and medical imaging 
applications. The DAPI channel is highly specific and highly effective 
for visualizing cell nuclei and distinguishing nucleated cells from debris 
or anucleated cells, regardless of the tumor type. Representative images 
of CTC and non-CTC cells in both DAPI and BF microscopy are shown 
in Fig.  2.

Given these considerations, we decided to use BF in combination 
with DAPI channel images for our experiments. In particular, to exploit 
the DAPI property, we augment our training dataset by introducing 
DAPI images. In this way, we have a dual advantage: (i) we increase 
the number of training images and (ii) introduce new features (those 
from the DAPI images) that aid the learning process of the networks.

On this dataset, we applied a DL approach, leveraging AI ad-
vancements to enhance classification and analysis of complex data. 
Specifically, we used CNNs, which are a type of neural network that 
is especially well-suited for image processing. These networks are 
structured to simulate the visual processing in the human brain, using 
convolutional layers to extract features from an image through specific 
filters. In other words, CNNs are capable of automatically learning 
patterns and relevant features from visual datasets without the need 
for manual feature extraction. In our study, we used several advanced 
CNNs architectures, including ResNet, [28], EfficientNet [29], and 
DenseNet [30]. These models were chosen due to their strong per-
formance in handling complex image classification tasks, attributed 
to their efficiency in feature learning and ability to generalize across 
diverse datasets. ResNet, for instance, features a deep architecture 
with residual connections that help address the vanishing gradient 
problem. EfficientNet is specifically designed to optimize the trade-
off between network depth, width, and input resolution, and finally, 
DenseNet employs densely connected layers to enhance information 
flow throughout the network.

Each architecture offers multiple variants tailored to different com-
putational and performance needs. ResNet, for example, ranges from 
the lightweight ResNet18 with 18 layers to the more advanced
ResNet152 with 152 layers. This diversity allows for flexibility in 
choosing models suited for various image recognition tasks.

A comparative analysis of these CNNs architectures was conducted, 
selecting specific versions that balance accuracy and computational 
efficiency, particularly for medical applications. Specifically, ResNet34 
and ResNet50 were chosen from the ResNet family, while Efficient-
NetB4 and DenseNet121 were selected from the EfficientNet and
DenseNet families, respectively. All networks were trained and tested 
on the dataset outlined in Section 3.2, incorporating the data augmen-
tation strategies detailed in Section 3.3.

The workflow of the proposed method is shown in Fig.  3.

4. Results and discussion

4.1. Comparative results

Several performance metrics were employed to evaluate the effec-
tiveness of classification models, including Accuracy, F1-score, Pre-
cision, and Recall. These metrics rely on four key components: true 
positives (TP), which represent correctly identified positive cases; false 
positives (FP), where negative instances are mistakenly classified as 
positive; true negatives (TN), referring to correctly identified negative 
cases; and false negatives (FN), where positive instances are incorrectly 
classified as negative. Accuracy measures the proportion of correct 
predictions out of the total, offering a broad assessment of model 
performance. However, in cases of class imbalance, accuracy alone 
can be misleading. The F1-score, calculated as the harmonic mean of 
Precision and Recall, provides a balanced evaluation by considering 
both false positives and false negatives. This makes it particularly useful 
when dealing with imbalanced datasets where neither Precision nor 
4 
Fig. 2. Representative images of CTC and non-CTC cells in both DAPI and BF 
microscopy.

Recall should outweigh the other. Precision focuses on how many of 
the predicted positive cases are actually correct, which is critical in 
situations where false positives carry significant consequences, such as 
in medical screenings or fraud detection. Conversely, Recall measures 
how well the model identifies actual positive cases, making it especially 
important in scenarios where missing a positive instance, such as in 
disease diagnosis, could have serious repercussions.

We evaluated these metrics on several CNNs, including DenseNet121
EfficientNetB4, ResNet50, and ResNet34, all pre-trained on the Ima-
geNet dataset. Considering the imbalance of the training dataset, the 
F1-score was chosen as the metric to evaluate the proposed method. 
So, for each architecture, the best model with the highest F1-score 
was chosen during the validation phase, and then this model was 
evaluated on a test set. The images were all resized to 148 × 148, 
which corresponds to the size of the smallest image in the dataset. 
Cross entropy loss was considered for the backpropagation and an 
AdamW optimizer [32] was adopted with an initial learning rate equal 
to 10−7. For each experiment, the mean and standard deviation of 
the selected evaluation metrics on the test set using five random 
weight initializations were computed. The average performance metrics 
are summarized in Table  2. ResNet50 achieved the highest F1 score, 
0.798, indicating that this model significantly outperformed the others 
in terms of the balance between precision and recall. A precision 
value of 0.828 indicates that about 17.2% of the leukocytes were 
misclassified as CTCs, resulting in false positives. On the other hand, 
the recall value of 0.804 indicates that nearly 20% of true CTCs 
were not identified, resulting in false negatives. This limitation can be 
addressed in future research, as false negatives in a diagnostic context 
could have significant clinical consequences. However, ResNet50 was 
particularly effective at learning the relevant features for the task as 
a whole. With an F1 score of 0.578, EfficientNetB4 performed better 
than DenseNet121 and ResNet34, but still lagged behind ResNet50. 
EfficientNet models are designed to be more parameter-efficient, but 
in this case, it seems that EfficientNetB4 did not generalize as well 
as ResNet50. Despite belonging to the same ResNet family, ResNet34 
achieved an F1 score of 0.407, which is much lower than ResNet50. 
This suggests that the deeper architecture of ResNet50 allowed it to 
learn more complex features, leading to significantly better perfor-
mance. The lowest F1 score (0.378) was observed with DenseNet121. 
While DenseNet architectures are known for efficient feature reuse, this 
result indicates that DenseNet121 struggled with the dataset, possibly 
due to overfitting, or difficulties in extracting discriminative features.

Unfortunately, a direct comparison with existing studies in the 
literature is not feasible, as most approaches focus on different types 
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Fig. 3. Workflow of the proposed method. A. Liquid biopsy is a blood test that detects cancer cells or tumor DNA, avoiding invasive procedures. B. The 
combined Partortix™ [31] and DEPArray™ systems use electric fields to isolate and select single cells, like CTCs. C. Training image pre-processing consist of BF 
DEPArray images whose variability is increased through the use of augmentation operations, and fluorescent-field images of DAPI-labeled cells. D. The output of 
the CNN is the classification of images into CTC and non-CTC. E. BF images are used in the validation/test phase to identify CTCs.
Table 2
Results of the different CNN architectures. In bold the best results for each measure.
 Accuracy Precision Recall F1-score  
 EfficientnetB4 0.579 ± 0.027 0.580 ± 0.024 0.580 ± 0.024 0.578 ± 0.027 
 Densenet121 0.535 ± 0.005 0.760 ± 0.000 0.518 ± 0.005 0.378 ± 0.011 
 Resnet34 0.549 ± 0.014 0.765 ± 0.005 0.533 ± 0.015 0.407 ± 0.029 
 Resnet50 𝟎.𝟕𝟗𝟖 ± 𝟎.𝟎𝟎𝟑 𝟎.𝟖𝟐𝟖 ± 𝟎.𝟎𝟏𝟏 𝟎.𝟖𝟎𝟒 ± 𝟎.𝟎𝟎𝟓 𝟎.𝟕𝟗𝟖 ± 𝟎.𝟎𝟎𝟓 
of images, such as fluorescence-based imaging or cell clusters. Conse-
quently, the architectures proposed in those studies are not directly 
applicable to our framework, which relies solely on BF images and 
single-cell analysis. On the other hand, it is not possible to validate 
our architecture on their datasets, as the corresponding images are not 
publicly available online.

4.2. Ablation study

To assess the importance of the introduction of DAPI images in the 
augmentation process, an ablation study was performed. In Table  3, the 
results of the following experiments are reported:

• AUG1: only one augmentation operation;
• AUG2: two augmentation operations;
• BF w/o DAPI: three augmentation operations, but without DAPI 
images;

• BF w/ DAPI no AUG: augmentation operation only with DAPI 
images;

• BF w/ DAPI: our proposed approach, with three augmentation 
operations and a further augmentation with DAPI images.
5 
Observing the results, it is possible to note that a key element in the 
enhanced performance of the ResNet50 model was the implementation 
of carefully designed data augmentation strategies. These techniques 
substantially increased the diversity of the training set, addressing the 
challenges associated with the limited initial dataset. By introducing 
a broader range of variations, the model was better equipped to learn 
robust and generalizable features, ultimately improving its classifica-
tion accuracy and reducing the risk of overfitting. In particular, the 
results improved as the number of augmentation operations introduced 
increased (AUG1, AUG2). Indeed, the application of three specific 
augmentation functions improved the robustness of the model (BF w/o 
DAPI). Furthermore, to understand the importance of augmentation op-
erations during training, we attempted to train the model without them, 
inserting only DAPI images to increase the variability of the data (BF 
w/ DAPI no AUG). These findings indicate that a substantial number 
and variability of data are essential for optimal model performance. 
Finally, integrating an auxiliary dataset containing DAPI fluorescence 
channel images in the training set further enhanced performance across 
all evaluated metrics (BF w/ DAPI).

To better confirm the importance of BF image analysis and that 
DAPI images were used only for additional support, we also conducted 
experiments by reversing the roles of the two types of images:
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Table 3
Results of ablation study.
 Accuracy Precision Recall F1-Score

 AUG1 0.722 ± 0.009 0.793 ± 0.015 0.730 ± 0.010 0.709 ± 0.010 
 AUG2 0.759 ± 0.009 0.793 ± 0.012 0.767 ± 0.006 0.757 ± 0.010 
 BF w/o DAPI 0.780 ± 0.012 0.806 ± 0.017 0.782 ± 0.013 0.777 ± 0.012 
 BF w/ DAPI no AUG 0.663 ± 0.017 0.690 ± 0.026 0.660 ± 0.010 0.641 ± 0.011 
 BF w/ DAPI 𝟎.𝟕𝟗𝟖 ± 𝟎.𝟎𝟎𝟑 𝟎.𝟖𝟐𝟖 ± 𝟎.𝟎𝟏𝟏 𝟎.𝟖𝟎𝟒 ± 𝟎.𝟎𝟎𝟓 𝟎.𝟕𝟗𝟖 ± 𝟎.𝟎𝟎𝟓 
 DAPI w/o BF 0.537 ± 0.009 0.560 ± 0.010 0.550 ± 0.010 0.510 ± 0.010 
 DAPI w/ BF 0.497 ± 0.019 0.507 ± 0.021 0.507 ± 0.021 0.474 ± 0.027 
Fig. 4. Statistical results of Mann–Whitney test (a) Statistical results with 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 demonstrate a statistically significant difference between the two 
groups considered (BF and BF with DAPI). (b) The data do not follow a normal distribution. (c) Mann–Whitney test. (d) Homogeneity test.
• DAPI w/o BF: DAPI images were used as main images for the 
analysis, and three augmentation operations were performed on 
them for the training phase. In the validation and test phase, only 
DAPI images were used for the final classification;

• DAPI w/ BF: for the training phase, DAPI images, three augmen-
tation operations on them, and BF images were used. As before, 
only DAPI images were used for the final classification in the 
validation and test phase.

The results in this case were rather discouraging in both cases: for DAPI 
w/o BF, the F1-score decreased from 0.798 to 0.510, while for DAPI w/ 
BF the F1-score even decreased to 0.474. These results show that the 
utilization of images derived from the BF during the testing phase is of 
paramount importance. These images enable the model to analyze the 
morphological shape of the cell, facilitating its classification into the 
appropriate category. On the other hand, the utilization of images in the 
fluorescence field of DAPI was demonstrated to be pivotal during the 
model’s training phase, as it enables the network to extract the crucial 
information necessary for the subsequent validation step.

4.3. Statistical analysis

A statistical analysis of the data has been performed. We used 
Jamovi software to conduct Student’s t-test. The data were analyzed by 
checking the homogeneity of variance using Levene’s test (𝑝 − 𝑣𝑎𝑙𝑢𝑒 =
0, 176), and the normality of the distributions using the Shapiro–Wilk 
test, which showed that the data did not follow a normal distribution 
since the 𝑝-value is lower than 0.05 (𝑝−𝑣𝑎𝑙𝑢𝑒 = 0, 020). So, considering 
this not normal distribution and the sample size was relatively small, 
the Mann–Whitney U test, a non-parametric test that does not assume 
normality, was employed. In particular, to evaluate the impact of in-
cluding images in the DAPI channel on the model’s performance during 
the training set, the Mann–Whitney U test was used to compare the F1 
score obtained under two conditions: (1) the use of the dataset con-
taining BF images with three augmentation operations, and (2) the use 
6 
of the combined dataset containing both BF with three augmentation 
operations and DAPI channel images (BF w/o DAPI vs BF w/ DAPI). The 
F1-score was chosen as the evaluation metric since it balances precision 
and recall, providing an overall measure of the model’s performance. 
The Mann–Whitney U test was performed to determine if the difference 
in F1-score between the two groups was statistically significant, with a 
significance level set at 0.05 (𝑝−𝑣𝑎𝑙𝑢𝑒 = 0, 011) (see Fig.  4). This result 
indicates that the inclusion of the dataset containing DAPI channel 
images as an augmentation operation is crucial for increasing data 
variability, ultimately enhancing the model’s generalization capabili-
ties. The observed statistical significance strongly supports the rejection 
of the null hypothesis, confirming that this improvement is not due 
to random variability but rather to the contribution of fluorescence-
derived features. Moreover, training solely on BF images, even with 
augmentation, appears insufficient to achieve comparable performance, 
highlighting the necessity of leveraging fluorescence-enhanced training 
strategies. These findings reinforce the practical importance of incorpo-
rating additional feature-rich data sources during training, ensuring a 
more robust and reliable classification pipeline for CTC identification.

5. Conclusion

CTCs play a crucial role as biomarkers in liquid biopsy, providing 
a minimally invasive tool to monitor cancer progression and guide 
therapeutic strategies. Despite their clinical potential, the identifica-
tion of CTCs remains challenging due to their extreme rarity and 
heterogeneity. To address these issues, an unbiased workflow com-
bining Parsortix® technology, which isolates CTCs based on size and 
deformability, with DEPArray™ technology, which enables the precise 
visualization and selection of single cells, has been developed. Tra-
ditionally, the analysis of cell images obtained through DEPArray is 
performed manually by experienced researchers, a process that is both 
time-intensive and prone to variability. Automating the identification of 
CTCs within clinical workflows could streamline the detection of metas-
tases, enhance the accuracy of therapeutic decisions, and ultimately 
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improve patient outcomes. In this study, we have presented a DL-based 
classification system designed to differentiate CTCs from leukocytes in 
liquid biopsy samples. The system leverages the ResNet architecture, 
a CNN widely recognized for its robustness in medical image analy-
sis. Among the tested architectures, applied to images acquired with 
DEPArray technology, ResNet50 demonstrated superior performance, 
achieving an F1-score of 0.798, which was statistically significant (𝑝-
value < 0.05) compared to ResNet34 (0.407), EfficientNetB4 (0.578), 
and DenseNet121 (0.378). This result underscores the suitability of 
ResNet50 for addressing the inherent complexity of BF images of CTCs.

A pivotal element in achieving these promising results was the 
implementation of tailored data augmentation techniques, which in-
creased the variability of the training data and compensated for the 
limited size of the initial dataset. Specifically, three augmentation 
functions were employed to improve the robustness of the model, 
and further augmentation was given by the inclusion of an additional 
dataset images of the DAPI fluorescence channel led to further improve-
ments in all performance metrics. These findings highlight the potential 
of combining data augmentation strategies with multimodal imaging to 
overcome dataset limitations, advancing the application of DL in CTCs 
identification.
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