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Abstract

Three-dimensional (3D) spheroid models have advanced cancer research by better mimicking the tumour microenvironment com-
pared to traditional two-dimensional cell cultures. However, challenges persist in high-throughput analysis of morphological charac-
teristics and cell viability, as traditional methods like manual fluorescence analysis are labour-intensive and inconsistent. Existing
Al-based approaches often address segmentation or classification in isolation, lacking an integrated workflow. We propose a scal-
able, two-stage deep learning pipeline to address these gaps: (i) a U-Net model for precise detection and segmentation of 3D sphe-
roids from microscopic images, achieving 95% prediction accuracy, and (ii) a CNN Regression Hybrid method for estimating live/dead
cell percentages and classifying spheroids, with an R?value of 98%. This end-to-end pipeline automates cell viability quantification
and generates key morphological parameters for spheroid growth kinetics. By integrating segmentation and analysis, our method
addresses environmental variability and morphological characterization challenges, offering a robust tool for drug discovery, toxicity
screening, and clinical research. This approach significantly improves efficiency and scalability of 3D spheroid evaluations, paving
the way for advancements in cancer therapeutics.

Keywords: artificial intelligence; convolutional neural network; drug discovery; high-throughput screening; live/dead assay; spheroid
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Despite these advances, current approaches often address
segmentation or viability analysis in isolation. For instance, the
study titled ‘Spheroid]: An open-source tools for spheroid seg-
mentation’ [13] introduces tools specifically designed for spher-
oid segmentation but did not assess viability. Conversely, ‘Deep
Learning unlocks Label-Free Viability Assessment of Cancer
Spheroids’ [14] proposed a deep learning model for viability as-
sessment without incorporating segmentation limiting their util-
ity in high-throughput workflows. Traditional threshold-based
fluorescence quantification methods remain prone to variability
from imaging conditions and user bias [15, 16]. To address these

Introduction

Three-dimensional (3D) spheroid models have revolutionized
cancer research by better mimicking the tumour microenviron-
ment compared to traditional two-dimensional cultures [1, 2].
These models provide crucial insights into tumour growth kinet-
ics, drug responses, and cellular interactions. However, the com-
plex structure of 3D spheroids and the challenges of fluorescence
imaging present significant barriers to automated, high-
throughput analysis [3, 4].

Deep learning has emerged as a powerful tool for biological
image analysis, offering exceptional performance in segmenta-

tion, classification, and quantitative evaluation tasks [4, 5].
Among these, U-Net, a deep learning architecture tailored for
biomedical image segmentation, has proven highly effective in
extracting regions of interest (ROIs) such as spheroids and nuclei
from fluorescence images [6, 7]. U-Net was developed by
Ronneberger et al. [8] as an effective tool for the segmentation of
cellular structures. Its ability to capture fine details and contex-
tual features makes it particularly suitable for 3D spheroid seg-
mentation in fluorescence microscopy [7, 9]. Complementing U-
Net, convolutional neural networks (CNNs) have demonstrated
robust predictive capabilities, especially when coupled with re-
gression layers for continuous variable estimation, such as live/
dead cell percentages in live/dead assays [10, 11, 12].

gaps, we propose a two-stage deep learning pipeline that integra-
tes U-Net for precise spheroid segmentation and a CNN
Regression model for cell viability prediction. This approach
facilitates comprehensive fluorescence image analysis, auto-
mates morphological characterization, and ensures scalability
for applications like drug discovery and toxicity screening.

Our pipeline addresses critical challenges in spheroid analy-
sis, including variability in growth dynamics, imaging inconsis-
tencies, and the need for reproducible high-throughput
evaluations. By integrating segmentation and viability assess-
ment into a unified framework, the proposed method offers a
robust, scalable, and automated solution for advancing cancer
research [7, 17].
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Materials and methods
Spheroid preparation and live/dead assay

3D spheroids were prepared using glioblastoma (U87) and neuro-
blastoma (SH-SYS5Y) cell lines to model tumour heterogeneity. A
co-culture method, adapted from prior research, mimicked the
tumour microenvironment. Live/dead assays were performed us-
ing fluorescein diacetate (FDA) (green fluorescence for live cells)
and propidium Iodide (PI) (red fluorescence for dead cells).
Samples were incubated for 15 minutes at 37°C before excess dye
was removed [18]. This combination provides a robust in vitro
model to replicate glioblastoma's complex cellular interactions.

The live/dead assay was used to evaluate the spheroid's cell
viability. Viable cells were separated from those with affected
cells using FDA, which emits green fluorescence to identify live
cells, and PI, which emits red fluorescence to show dead cells.
The used method ensures enhanced precision in assessing the vi-
ability of cells within the spheroid [18].

The MCF-7 cells were gifted by Dr Amira Mahdi (University of
Limerick). The cells were cultured in a DMEM media supple-
mented with 10% foetal bovine serum (Cytiva Hy Clone), 1%
penicillin-streptomycin, and 1% L-glutamine (Merck Life
Sciences). The trypsin and phosphate buffer saline (PBS) (Merck
Life Sciences) were used for washing and detachment of cells;
both were also obtained from Merck life sciences. The cells were
maintained in 37°C and 5% CO,. Flat-bottomed 96-well plates
were coated with 1% agarose solution. Then, cell suspensions
with cell densities of 4000, 6000, and 8000 per well were cultured.
The spheroids were grown for 14days. On the 4th- , 7th-, and
10th days, media were changed after imaging. Phase contrast mi-
croscope images of the spheroids were taken each day using a
Keyence BZ-X810 Microscope.

Image acquisition and preprocessing

Fluorescence images were captured using a confocal microscope
and resized to 128 x 128 pixels to reduce computational complex-
ity while preserving morphological features. Standardization of
image dimensions minimized variability and facilitated consis-
tent training for the deep learning models [19, 20]. To enhance
the model’s generalizability, the training images were acquired
from several independent spheroid batches under slightly varied
imaging conditions (e.g., different passages, days and imaging
sessions). We also applied data augmentation including random
rotations, flips, and brightness/contrast to expand the diversity
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of imaging scenarios encountered during training. This strategy
of augmenting microscopy data is known to improve a model’s
robustness to variations in imaging setup [21], helping the model
maintain performance even if the new images have different illu-
mination or background characteristics. By lowering image size,
researchers may regulate the additional storage space and proc-
essing time necessary for larger images, allowing for more effec-
tive analysis in limited in resources situations [22].

Spheroid segmentation using U-Net

The U-Net model was employed for spheroid segmentation.
Training used 500 annotated fluorescence images, with segmen-
tation masks created in ImageJ. Key hyper parameters included a
learning rate of 0.001, 20 epochs, and binary cross-entropy loss.
Data augmentation (rotation, flipping, intensity scaling) en-
hanced generalization [23, 24, 25]. Post-segmentation, morpho-
logical filtering was applied to isolate ROIs [12].The workflow for
the U-Net model is shown in Fig. 1.

Cross-validation technique

To improve model performance and prevent overfitting, K-fold
cross-validation (K=10) was implemented. This involved divid-
ing the dataset into 10 separate folds, iteratively training on nine
folds and validating on the remaining fold, so providing an accu-
rate evaluation of model generalization across various data sub-
sets [27]. The accuracy of predictions was assessed using
measures like the coefficient of determination, R?, and mean ab-
solute error (MAE). The model demonstrated significant predic-
tive performance by achieving a high R? value of 97% on the test
datasets. The model's performance consistency and predictabil-
ity are further demonstrated by the MAE graph across folds and
the accuracy and loss graphs for each fold (see Supplementary
Figs. 1, 2, and 3).

Viability prediction using CNN + regression

The segmented ROIs were input to a CNN-based regression
model to predict live and dead cell percentages. The CNN archi-
tecture included convolutional layers with ReLU activation, max-
pooling, and a regression output layer. Ground truth viability
data were derived from fluorescence intensity ratios of PI and
FDA channels. A 10-fold cross-validation method was used to
split the dataset into training and testing subsets, providing an
extraordinary predictive accuracy with a mean R? value of across
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Figure 1. U-Net model procedure. It starts with an input image, then the encoder path (down sampling), bottleneck, and decoder path (up sampling),
which includes skip connections to retain spatial information for accurate segmentation (U-Net model architecture in Fig. 1 modified from [26]
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Figure 2. The CNN -+ Regression model procedure. The CNN collects relevant spatial information from the input image and passes them to a regression
layer, which predicts continuous output of live and dead cell percentages (Model structure in Fig. 2 modified from [28]

all folds are 89%. The workflow for the CNN Regression Hybrid
model is demonstrated in Fig. 2.

Morphological analysis

Morphological metrics, such as spheroid area, sphericity, and
roundness, were measured using Python libraries (scikit-image,
OpenCV) and Image]J [29]. Results were cross-validated, showing
Python-based methods to be more efficient and consistent
(30, 31].

Evaluation matrices

For segmentation, dice similarity coefficient (DSC) and
Intersection Over Union (IoU) quantified overlap between pre-
dicted and ground truth masks. For viability prediction, R? and
MAE assessed model performance. These metrics ensured bal-
anced evaluation across imbalanced datasets and provided
insights into prediction accuracy.

For spheroid segmentation (U-Net model)

DsC

The U-Net model's performance was assessed using the DSC to
quantify the overlap between the predicted segmentation (P) and
the ground truth (G) masks. The DSC is defined is as Eq. (1):

2%x|PNG|
DSC = e (1)

The dice coefficient is extensively utilized in medical image
analysis due to its ability to demonstrate consistency in overlap-
ping regions, making it particularly successful for segmentation
tasks. This is particularly crucial for situations such as spheroid
segmentation, when precision in border identification is critical.
Unlike pixel accuracy, DSC penalizes both false positive and false
negatives, ensuring a balanced evaluation for highly imbalanced
datasets typical in medical imaging [32, 33].

IoU

It is another overlap-based metric, which measures the ratio of
the intersection to the union of the predicted and ground truth
masks. The IoU defined as Eq. (2):

IPNG|
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IoU enhances the DSC by providing a more comprehensive as-
sessment, particularly sensitive to the presence of false positives.
It is often used in medical image analysis because it can con-
stantly evaluate both small and large frameworks, making sure
that segmentation works well across a range of spheroidal sizes
and imaging conditions [32, 33].

Forlive/dead viability prediction (CNN
regression model)

Coefficient of determination (R?)

The R?metric, or the coefficient of determination, assesses how
well the predicted values (y)approximate the actual value (y). It
is mathematically expressed as Eq. (3):

* ¥ : Mean of actual values.

* An R? close to 1 reflects excellent predictive performance cap-
tures the ratio of variability explained by the model, giving
insights into its predicative power [34].

MAE

MAE measures the average absolute differences between pre-
dicted and actual values. The MAE values defined as Eq. (4):

1< ~
MAE :ﬁ;b’i =il (4)

where

* y; = actual values
* y; = predicted values
* n=number of data points

MAE is widely used in regression tasks to assess model perfor-
mance by quantifying the magnitude of errors. For live/dead pre-
diction, MAE provides a simple interpretation of average
prediction errors, allowing researchers to identify practical limi-
tations in viability quantification [35].

Computational setup

Models were developed using Python libraries (TensorFlow,
Keras, scikit-image) and trained on an NVIDIA RTX 3090 GPU.
The computational pipeline was optimized for resource effi-
ciency without compromising accuracy.

Results

U-Net spheroid detection and

segmentation accuracy

In this segment, we demonstrate the efficacy of the U-Net model
for spheroid detection and segmentation. To evaluate precision,
the model's segmentation outputs were juxtaposed with manu-
ally annotated ground truth masks. The U-Net model excels at
segmenting spheroids characterized by clear boundaries and
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Figure 3. Results of spheroid segmentation using the U-Net model. A) The left column shows the original fluorescence images, followed by the
corresponding ground truth masks (manually annotated using Image]) and the predicted segmentation masks by the model. The quantitative
assessment revealed a dice coefficient of 95%, signifying considerable overlap between the expected and actual masks. The training and validation
performance curves demonstrate the model's efficacy in learning and generalizing spheroid segmentation. The training accuracy steadily improved to
a peak of 98%, while validation accuracy consistently above 96%, demonstrating the model's high precision across datasets. The loss curves
demonstrate consistent advancement, with training loss decreasing to roughly 0.05 and validation loss stabilizing at around 0.1 after 20 epochs. This
indicates negligible overfitting and validates the model's strong ability to segment spheroids with high reliability. The persistent disparity between
training and validation loss indicates the model's capacity to generalize proficiently to unfamiliar data

uniform fluorescence intensity, achieving high accuracy even in
images with minimal background noise or distinctly defined
spheroids (Fig. 3). However, complexity occurs in images with
overlapping spheroids or significant background objects, leading
the model to sometimes misclassify areas or insufficiently define
boundaries. These occurrences underscored the necessity for so-
phisticated preprocessing methods or supplementary training
data to enhance segmentation precision in these complex sce-
narios. Despite those challenges, the model's general robustness
was apparent from its constant dice coefficient of 95% and preci-
sion of 98% (Supplementary Fig. 4) in detecting spheroid regions
from the background. Segmentation accuracy was evaluated us-
ing metrics including the dice coefficient, IoU, and pixel-wise ac-
curacy (Supplementary Fig. 4), demonstrating the model's
proficiency in reliably segmenting spheroids across diverse image
datasets. The segmentation masks generated by the U-Net model
closely matched the ground truth, confirming the model's ro-
bustness and reliability.

Viability prediction outcomes

The CNN-based regression model quantified the proportions of
live and dead cells in the segmented spheroid, with predictions
validated by manual cell counts derived from fluorescence inten-
sity ratios PI (live cells) and FDA (dead cells). The results, illus-
trated in the ‘Accuracy of Live Percentage Prediction’ and
‘Accuracy of Dead Percentage Prediction’ graphs, exhibit a strong
correlation between the actual and predicted values for both live
and dead cell percentages (Fig. 4). In Image-3, the predicted live

proportion (94.8%) closely matches the actual live percentage
(100%), while the expected dead percentage (4.53%) aligns with
the very negligible actual dead percentage, highlighting the mod-
el's precision in extreme scenarios.

Across other images, the model performs consistently with
low mistakes. Notably, the error bars in the graphs indicate confi-
dence interval, which helps to validate the forecasts' robustness.
The R? score of 0.98 indicates a great fit between predicted and
actual values, capturing 98% of the variability in the data.

The second graph, ‘R? per Fold’, illustrates the model's stabil-
ity and generalizability during cross-validation. The R? values
consistently remain elevated across 10 folds, varying from 0.91 to
0.98. The initial fold (Fold-1) is markedly lower at 0.31. The vari-
ance in the initial fold is possibly due to data partitioning, poten-
tially implemented in challenging scenarios during that fold. The
overall trend of R? values indicates a well-trained and depend-
able model that can generalize new data.

The model has good predictive accuracy; however, there are
slight gaps, such as a+4% error in live percentage forecasts in
Image-2 and a lower R? value of 0.31 in Fold-1 during cross-
validation, which may be attributed to dataset splitting. These
constraints indicate areas for improvement, such as increasing
the dataset or improving resilience with additional regulariza-
tion techniques.

These findings highlight the model's capability to automate
live-dead cell classification tasks with high precision, notably re-
ducing the necessity for manual involvement. This automation
can enhance throughput in high-content drug screening and
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Figure 4. A) R? per fold across 10-fold cross-validation: The R2 values obtained during cross-validation are displayed in the plot. Except for a
marginally lower result in Fold-1, the model consistently obtains excellent R? scores (0.91-0.98) across all folds. This shows how well the model
predicts viability percentages with the least amount of error, demonstrating its generalizability and robustness. B) The scatter plot of actual vs.
predicted percentages shows a close alignment of data points along the diagonal line, indicating a significant positive correlation between the two.
This demonstrates how well the model predicts the percentages of live and dead cells under various experimental settings. C) Accuracy of live
percentage prediction and D) Dead percentage prediction: The bar charts illustrate the actual and predicted percentages of viable and non-viable cells
for three spheroid images, with error bars denoting the associated errors. The CNN-based regression model has significant accuracy in aligning
predictions with manual counts. Image-3 distinctly demonstrates the model's capacity to accurately forecast extreme scenarios (e.g., 100% live and

4.53% dead)

enable accurate viability evaluation under different experimental
conditions, opening the path for its implementation in both pre-
clinical and clinical research settings.

Morphological analysis findings

The morphological analysis concentrated on the spheroid's
growth kinetics, how culturing density affected spheroid devel-
opment, and how morphological metrics changed over time.
Both automatic Python-based techniques and manual Image]
analysis were used to quantify spheroid area, sphericity, and
roundness. The findings showed that the spheroid grew larger
over time and that the initial culturing density had a significant
impact on the growth rate. Increased spheroid volume and
quicker aggregation were the results of higher seeding densities
(Fig. 5). While the ImageJ-based method had somewhat higher

variability because of manual intervention, the Python-based ap-
proach using OpenCV and scikit-image produced more consistent
and efficient measurements, according to a comparison of man-
ual and Al-based methods.

The plots highlight the impact of initial culturing density on
spheroid size by comparing the growth of MCF-7 spheroid over a
period of 14days. Three different seeding densities (4000, 6000,
and 8000 cells) were evaluated, and their growth kinetics were
monitored by measuring spheroid area.

Application in drug development and toxicology

To demonstrate the Al-based system's potential in drug develop-
ment and toxicity testing, we ran case studies with simulated
drugs. Spheroids were treated to Temoside (TMZ), a formulation
of FDA-approved brain cancer active pharmaceutical ingredient
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Figure 5. A) Growth kinetics of MCF-7 spheroid. The graphs show the spheroid growth in terms of area (in ym? x 10°) over 14 days for three different
seeding densities (4000, 6000, and 8000 cells). B) This graph shows the area of the spheroid over 14 days, calculated using manual tool ImageJ. C) The
graph shows the spheroid's area over a period of 14 days, as determined by our model technique. Significant parallels between the two graphs become

noticeable when we look more closely

temozolomide at different concentrations (10uM, 100uM, and
1000uM), and viability changes were observed. The Al system
enables high-throughput screening by immediately predicting
cell viability and quantifying drug treatment responses. The
model was also useful in identifying dangerous chemicals, as it
recognized significant cell decreases at lower drug doses, provid-
ing information on potential cytotoxic effects. These findings
demonstrated how the Al system may speed up the drug discov-
ery process, increasing efficiency and accuracy in detecting pro-
spective drug candidates and toxicological potential dangers.
When we compare these artificial intelligence (Al)-enhanced
results with Manual results, it is showing notably similar results
to that.

The live/dead assay visualized in Fig. 6A illustrates the impact
of different concentrations of a TMZ drug on cellular viability of
Neuroblastoma (SH-SY5Y) brain cancer cells. Images indicate
that at lower drug concentrations (10 uM and 100uM), live cells
are still common throughout treatment groups, demonstrating
good cell viability. Green fluorescence indicates a healthy num-
ber of live cells in the control group, while red-stained dead cells

are minimal. However, at the highest dose (1000 uM), red fluores-
cence increases significantly, which is indicating increased
cell death.

Figure 6 B presents quantitative analysis of live/dead assay
visuals. Results show that cell viability in U87MG and co-
cultured cells remains almost 100% at doses of 10 uM and 100 uM.
Viability considerably decreases at 1000 uM, especially in the SH-
SYS5Y cell line, compared to other groups. The dose-dependent
cytotoxic effect of TMZ shows that different cell lines respond
differently to treatment.

Discussion

The application of Al-based systems for 3D spheroid analysis
lines up with standards set in the field of biomedical research.
Research has demonstrated that high-throughput screening en-
hanced by AI can markedly decrease the duration needed to
identify lead compounds for drug discovery. 3D spheroid models
replicate in vivo-like circumstances and can now be analysed
more efficiently and effectively using Al algorithms [36,37].
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Figure 6. Live/dead assay results: Images from fluorescent microscopy that display both living (green) and dead (red) cells at various TMZ
concentrations (Control, 10 uM, 100 uM, and 1000 uM). Live cells are shown in the top row, dead cells are shown in the middle row, and the combined
findings are displayed in the bottom row. Dead cell fluorescence increases with increasing TMZ doses, especially at 1000 uM. B) Live dead assay—
quantified. Cell viability (in percentage) of co-cultured cells (green), U87MG (blue), and SH-SYSY (red) in response to increasing TMZ concentrations

(0 (Ctxl), 10, 100, and 1000 uM) is shown in a bar graph. According to bar graph, all cell lines exhibit high viability at lower concentrations (0 (Ctrl), 10 uM,

and 100 uM; however, SH-SYSY cells show a notable decrease at 1000 uM

Computerised analysis methods, such as biomarker-optimized
neural networks, demonstrate superior accuracy in detecting cell
death, providing effective tools for assessing treatment responses
[38]. These speeds up the creation of tissue-engineered models
and increases reproducibility.

In personalized medicine, studies such as Linsley et al. [39]
and Carnevali et al. [40] emphasize the utility of patient-derived
spheroids in developing personalized medication sensitivity pro-
files. The analysis conducted using Al improves this process by
delivering accurate and quick evaluations, which are essential in
reducing rely on animal models while maintaining standards
of ethics.

In comparison with conventional human techniques, Al
spheroid analysis provides substantial enhancements in accu-
racy, consistency, and time efficiency. Manual techniques, in-
cluding visual examination and manual counting, are prone to
human error and subjectivity, resulting in diversity in outcomes,
particularly when analysing extensive datasets or intricate 3D
structures. Conversely, the Al-driven system provides uniform,

replicable outcomes, minimizing operator bias and reducing
inter-observer variability. The Al-based model exhibited a signifi-
cant connection with manual cell viability counts, evidenced by
a robust R? value between predicted and actual data. Moreover,
the Al system facilitates the identification of small morphological
alterations in spheroids that may be overlooked by manual tech-
niques, so offering a more thorough comprehension of cellular
responses to treatments. The automated characteristics of the Al
technology significantly enhance time efficiency. The model can
analysed hundreds of spheroids in a fraction of the time required
for a researcher to manually count cells or evaluate morphologi-
cal features, providing it extremely ideal for high-throughput
applications.

Although it was clear benefits, the Al-driven spheroid analysis
system possesses limits that want attention in future work. A
main problem is to potential complications with dye penetration
during the live/dead experiment. In thick 3D spheroid, the ability
of PI and FDA to penetrate consistently can be limited, leading to
inaccuracies in viability assessments, particularly in the core of
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larger spheroid. Incomplete staining may result in ignoring the
proportion of dead cells in the centre of the spheroid. Notably,
there are practical ways to alleviate the variability in dye pene-
tration and imaging inconsistencies observed in large spheroids.
For instance, for example we have used a one-step multiplexed
dye application which can ensure more uniform labelling of
spheroids cores and reduce assay variability [31]. Moreover,
adopting improved variability dyes with a greater permeability
and stability could further minimize inconsistent staining [41].
To address fluorescence signal attenuation with Confocal mi-
croscopy, image normalization techniques (such as flat-filed cor-
rection) can be employed. In fact, optical clearing treatments can
increase spheroid transparency and have been demonstrated to
enhance confocal imaging depth by reducing light scattering [42].
Likewise, light-sheet microscopy can offer better imaging depth
and minimal phototoxicity, yielding more consistent fluores-
cence readouts from thick spheroids [43]. Incorporating these sol-
utions improve the of our viability
measurements without requiring new experiments.

A further limitation occurs from the imaging difficulties
caused by confocal microscopy, particularly when capturing
images of large or dense spheroids. The quality of fluorescence
images can be influenced by issues including light scattering, op-
tical aberrations, and depth penetration, especially when imag-
ing deeper areas of the spheroid. Advancements in imaging
methods, such light-sheet microscopy and enhanced fluorescent
probes, may enhance image quality and address some problems,
facilitating more precise study of deeper spheroid regions.

Future advancements in multi-staining techniques may en-
hance the model's capacity to evaluate both cell viability and
functionality simultaneously. Multi-channel imaging, utilizing
diverse biomarkers to evaluate multiple facets of cellular health
(e.g., proliferation, apoptosis, and necrosis), would yield a more
thorough comprehension of spheroid behaviour. This would be
especially beneficial in drug screening, where it is crucial to un-
derstand not only cell viability but also the unique processes of
drug-induced toxicity or therapeutic response.

The implementation of Al-driven spheroid analysis in health-
care environments presents ethical and practical challenges.
Maintaining patient data confidentiality and reducing biases in
model predictions are essential for balanced results. Compliance
with rules like as GDPR and the rigorous assessment of Al models
for clinical-grade integrity are crucial. Practically, the capacity
for high-throughput workflows, the standardization of imaging
and staining methods, and sufficient training for physicians are
essential measures for ensuring successful integration into clini-
cal practices. These approaches will facilitate the system's broad
acceptance while preserving ethical purity and opera-
tional efficiency.

Importantly, the proposed analysis framework is not limited
to the cell line used in this study. The deep learning models can
be retrained of fine-tuned for spheroids derived from other can-
cer cell lines, making the model broadly adaptable. In fact, recent
deep learning studies on 3D cultures have shown a viability pre-
diction model can generalize well to cell lines and treatment con-
ditions outside of its training data [14]. This suggests that with
appropriate learning using a small set of images from new cell
type, our segmentation and viability quantification models
should perform effectively on different tumour spheroid models.
Thus, the model and its methodology could be expanded to other
cancer cell lines without fundamental changes to approach.

would robustness

Conclusion

This study presents an innovative Al-based framework for the
analysis of 3D spheroid models, which is significant advance-
ment in cancer research. The two-stage pipeline integrates a U-
net model for accurate segmentation of 3D spheroids, achieving
a prediction accuracy of 95%, and a CNN Regression Hybrid ap-
proach for quantifying live/dead cell percentages, with an
R?value of 98%. This integration of segmentation and viability
analysis addresses key challenges in high-throughput evalua-
tions, including environmental variability and morphological
characterization. By automating this process, the system enhan-
ces scalability, efficiency, and precision, covering the way for its
application in drug discovery, toxicity screening, and clini-
cal research.

Adding biomarkers and adopting multimodal Al models can
provide deeper insights for complex cell behaviours. Advances in
Al techniques, such as self-supervised learning and generative
approaches, offer potential to uncover complicated biological
patterns. By encouraging cross-disciplinary collaborations, this
framework is assured to direct innovations in personalized medi-
cine, therapeutic development, and translational research.
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