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Label-Free Machine Learning Prediction of Chemotherapy
on Tumor Spheroids Using a Microfluidics Droplet

Platform

Caroline Parent,* Hasti Honari, Tiziana Tocci, Franck Simon, Sakina Zaidi,
Audric Jan, Vivian Aubert, Olivier Delattre, Hervé Isambert, Claire Wilhelm,*

and Jean-Louis Viovy*

An integrated approach is proposed to rapidly evaluate the effects of anticancer
treatments in 3D models, combining a droplet-based microfluidic platform for
spheroid formation and single-spheroid chemotherapy application, label-free
morphological analysis, and machine learning to assess treatment response.
Morphological features of spheroids, such as size and color intensity, are
extracted and selected using the multivariate information-based inductive
causation algorithm, and used to train a neural network for spheroid
classification into viability classes, derived from metabolic assays performed
within the same platform as a benchmark. The model is tested on Ewing
sarcoma cell lines and patient-derived xenograft (PDX) cells, demonstrating
robust performance across datasets. It accurately predicts spheroid viability,
used to generate dose-response curves and to determine half maximal
inhibitory concentration (IC50) values comparable to traditional biochemical
assays. Notably, a model trained on cell line spheroids successfully classifies
PDX spheroids, highlighting its adaptability. Compared to convolutional
neural network-based approaches, this method works with smaller training
datasets and provides greater interpretability by identifying key morphological
features. The droplet platform further reduces cell requirements, while
single-spheroid confinement enhances classification quality. Overall, this label-
free experimental and analytical platform is confirmed as a scalable, efficient,
and dynamic tool for drug screening.

1. Introduction

One of the key challenges in oncology is the
variability of responses to treatment and
the frequent development of resistance to
therapy.l'®! To tackle these complexities,
research is continuously progressing in
understanding molecular processes, identi-
fying new therapeutic targets and associ-
ated molecular markers, and developing
new drugs and therapeutic approaches.*”!
These findings are integrated into the gen-
eral framework of “precision medicine”.l®
Despite such progress, this strategy is
not always sufficiently predictive, mainly
due to tumor heterogeneity.””) A potential
alternative or complementary approach
would consist of testing drugs in vitro on
patient-derived tumor models to identify
the most suitable treatment options for
each patient.®® This would facilitate the
refinement of treatment selection on an
individual patient basis (“personalized
drug screening”). To be clinically relevant,
this drug screening must be standardized,
sensitive, and conducted quickly enough
to avoid delaying patient treatment.”'%
In addition, it should be achievable with
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minimal cell quantities to test a wide enough set of drug combi-
nations and concentrations, using the limited number of cells
provided by minimally invasive biopsies such as fine needle
aspiration.!!]

The aim of refining treatment selection raises the question of
the biological realism of the in vitro model. Conventional cell cul-
ture in monolayers at the bottom of culture wells (“2D culture”)
has been questioned as real tumors are 3D aggregates with
potentially very different metabolic processes and drug perme-
ability."2*3 3D tumor spheroid models are thus preferred for
their ability to better mimic the heterogeneity, morphology, bio-
logical mechanisms, and the resistance of native tumors com-
pared to traditional 2D models.!'*®]

Finally, to allow screening of a reasonable variety of treatment
conditions, current 2D or 3D in vitro cell culture methods most
often require initial numbers of cells incompatible with most
minimally invasive sampling methods. Microfluidic technologies
have emerged as valuable tools to overcome this limitation, offer-
ing precise control over the cellular microenvironment while
minimizing the consumption of cells and reagents in integrated
systems."®* Various microfluidics systems have been devel-
oped to perform drug screening on 3D models®®”! using techni-
ques such as hanging drop culture,** microwells,’””* hydrogel
encapsulation,****! and droplet-based systems.**~**!

However, using these models in personalized medicine
presents challenges, especially when the gold-standard readout
to evaluate cell viability after treatment is to conduct biochemical
assays. Cellular assays such as live/dead fluorescent markers, for
instance, offer precise results on cell viability, but they require
extensive, costly, and time-consuming image analysis, and are
difficult to quantify in 3D."®* Additionally, many of these
assays, such as the MTT assay (a colorimetric assay for assessing
cell metabolic activity) or live/dead, are endpoint assays and may
lack precision in cytotoxicity measurement.*>* Globally, bio-
chemical assays are labor-intensive in both their implementation
and analysis, which hinders their integration into routine treat-
ment protocols.

The present work stems from the observation that spheroids
undergo specific morphological changes when exposed to cyto-
toxic agents, as observed by us and others.”>% These changes
appear to contain a high amount of information, and this study
aims to investigate whether machine learning methods can ana-
lyze and interpret these morphological changes, ultimately pro-
viding a label-free, quantitative, robust, and reliable method for
assessing the effectiveness of anticancer therapies. Some studies
have already explored the use of deep learning in cancer diagno-
sis and treatment orientation,”** and even for evaluating drug
efficacy in tumor spheroids. For example, optical coherence
tomography®>>% and refractive index tomography®’! have been
used to extract features from spheroids exposed to anticancer
treatment, but these approaches require sophisticated and spe-
cific microscopy instruments and are difficult to scale up for
high-throughput applications. Other approaches have used
images of spheroids combined with deep learning algorithms
for label-free analysis. Benning et al.*® and Trondel et al.>”!
trained convolutional neural networks (CNNs) to classify sphe-
roids based on their response to drugs. Similarly, Chiang
et al.l®! developed a CNN model to classify spheroids and predict
the drug concentrations to which they had been exposed. Very
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detailed classification was achieved, for example, as a function
of the applied drug concentration, but to our knowledge, no pre-
diction of drug efficacy was obtained. These studies were con-
ducted only on cell lines and focused on classification models
trained directly on images.

This article adopts a streamlined and operational approach for
the direct label-free prediction of drug efficacy. It aims for appli-
cations in clinical settings or drug development. This approach
relies on the morphological analysis of spheroids using a
machine learning model. Tumor spheroids were first generated
and treated with drugs within droplets, using a previously
described microfluidic platform.®!l Brightfield images of the
spheroids were recorded at several time points during treatment.
To enhance image quality and enable automated imaging in con-
trolled exposure conditions, a new “cartridge” was developed for
use with a plate imager.

Unlike previous studies, however, this machine learning
model was not trained directly on images, which can be sensitive
to batch effect, for example, between cell line and patient-derived
specimen, and might not generalize well from small training sets.
Instead, we opted for a two-step approach, starting with a feature
selection step before the classification task. To this end, a broad
range of morphological features (e.g., size, texture,*® color) were
first extracted from the images. Then, the multivariate informa-
tion-based inductive causation (MIIC) method!®** was used to
select the most informative features for classifying spheroids, as
MIIC tends to outperform deep learning methods in uncovering
relevant information from small datasets.® Finally, the most
informative features were used to train a neural network to classify
the spheroids into viability classes. As the ground truth for the
machine learning model, a fluorescent end point metabolic assay
was performed to associate each spheroid with a discrete viability
class, used for model training and accuracy assessment. The
model was initially trained and tested on spheroids derived from
a cell line, and then on spheroids derived from patient-derived xen-
ografts (PDX). The study also evaluated the ability of a model
trained on cell line spheroids to classify PDX spheroids and predict
the dose-response relationship. Using these classifications, “vir-
tual” dose-response curves were generated, enabling the estima-
tion of half maximal inhibitory concentration (IC50) values
based solely on the morphological characteristics of spheroids.
Then, to fully exploit the benefits of our platform, spheroid viability
was estimated over the drug exposure time. Finally, the same label-
free assay was applied to a dataset issued from another system to
investigate the versatility of this approach.

These results demonstrate that the machine learning approach
provides comparable insights to traditional biochemical assays
while leveraging a label-free and morphology-based methodology.

2. Results

2.1. The Microfluidic Platform Facilitates Spheroid Production
and Drug Treatment

Tumor spheroids were generated in droplets confined within
tubing, using cells derived either from an established cell line
or from a PDX. The PDX samples were derived from Ewing sar-
coma, and the chosen cell line for this cancer was A673. Once
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Figure 1. A) Workflow of drug testing in droplets. Trains of three droplets, with cells in suspension, drug solution, and metabolic assay reagent are
generated in tubes. After 24 h, the cells have formed a spheroid, and the drug droplet is merged with the spheroid droplet. Spheroids are exposed to the
drug for 48 h. Then, as a ground truth for later, the metabolic assay reagent droplet is merged with the spheroid treated with the drug to measure its
metabolic activity. The readout is performed after overnight incubation. Images are taken daily. B) System to image the spheroids inside the droplets
inside the tubes. The tubes are loaded into a “cartridge” made of two milled COC sheets. The cartridge, sized as a conventional well plate, is then inserted
into a plate reader that automatically images the entire tube with the spheroids inside.

encapsulated in droplets, the cells in suspension aggregated
spontaneously into spheroids in less than 24 h. The droplet-based
system tends to produce uniform spheroids, likely due to contin-
uous agitation during droplet formation and internal recircula-
tion flows, which promote consistent cellular aggregation.

First, the growth and viability of the spheroids in droplets were
assessed. For this purpose, PDX-derived spheroids were mea-
sured over a week, and a metabolic assay was performed (see
method for details) to measure their metabolic activity over
8days. Over this period, the spheroids grew continuously.
This was confirmed by the increase in their metabolic activity,
which doubled each day during the first 3 days. Then, it increased
more slowly, and by day 8, the metabolic activity reached 800% of
the level observed on day 1 (Figure S1, Supporting Information).

After confirming that the spheroids were viable and growing for
a period long enough to perform the drug assay (5 days), a drug
screening protocol in droplets was established (Figure 1A). The
use of 20 replicates per condition minimized variability in initial
cell number or morphology and helped isolate drug-induced
effects. Triplicates were performed systematically for both the cell
line and the PDX.

Imaging the spheroids inside droplets within tubes presented a
significant challenge. To address this, a custom-made device was
designed to fit into a plate reader (Figure 1B). The device consisted
of two micromachined cyclic olefin copolymer (COC) sheets: one
transparent sheet that allowed imaging through it, while the other
featured a channel to securely hold the tube. The two sheets were
held together by magnets. To minimize optical aberrations, the
same oil used to separate the droplets was introduced between
the two sheets. The plate reader was programmed to capture
images along the length of the tube at different focal distances.

Images in bright-field were taken before drug exposure (0 h),
after 24 h, and after 48 h of drug exposure. A sample of images is
presented for the spheroids derived from the cell line in
Figure 2A and the PDX in Figure 2B. In some droplets, several
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small spheroids were formed before drug addition, but they were
fused the next day. It represented 7.5% of the cell line’s spheroids
and 7.7% of the PDX spheroids. As observable on the images, the
spheroids from both cell types undergo morphological changes
depending on time and drug concentration. In the no-drug case,
the spheroids increase in size. For increasing drug concentra-
tions, a qualitative change is observed in the morphology
between 0 and 48 h, occurring between 2 and 5 pm for the cell
line and between 1 and 2 pm for the PDX. The spheroids become
darker, smaller, and their texture change. This change of mor-
phology is also visible after 24h for spheroids submitted to
the highest concentrations of drug. The main aim of this article
is to determine whether this qualitative observation can be trans-
formed, thanks to machine learning, into a quantitative, repro-
ducible, and predictive tool for drug response prediction.

2.2. Morphological Features of Spheroids Evolve During Drug
Treatment

After exposing the spheroids to a range of drug concentrations
and imaging them at three time points, various morphological
features were extracted, including area, circularity, mean gray
value, as well as several texture descriptors (homogeneity, energy,
and correlation) derived from the computation of the gray level
co-occurrence matrix (GLCM).[*® The full list of morphological
descriptors is available in Table S1, Supporting Information.
Since the microfluidic platform allows the tracking of each spher-
oid individually, it was possible to obtain the features of individ-
ual spheroids over time (Figure S2, Supporting Information). For
the (minority) of droplets containing multiple small spheroids,
an average of the circularity, mean gray value, and texture
descriptors was taken while the area was summed according
to the formula given in the methods section.

The morphological features—area, circularity, mean gray
value, and correlation—after 48 h of drug exposure were then

© 2025 The Author(s). Small Science published by Wiley-VCH GmbH

85UB01 SUOWILLIOD BAIReRID 3|qedl|dde sy} Aq peusenoB a8 sa[o1le YO ‘@sh JO Sa|NJ 104 ARIqIT8UIIUO AB]I/ UO (SUORIPUOD-PUR-SWLB}/LLO0D B 1M AIq 1 PU1|UO//SONL) SUORIPUOD PUe SWIB 1 8U} 89S *[5202/20/22] U ArIqIT8UIUO AB|IM ‘SoURI4 BURIYD0D AQ £/ T00SZ0Z ISWS/Z00T OT/I0p/W00 A3 1M Ae1q 1 Pul|UO// SNy WOy papeo|umod ‘0 ‘9v0r8892


http://www.advancedsciencenews.com
http://www.small-science-journal.com

ADVANCED
SCIENCE NEWS

small
science

www.advancedsciencenews.com

A 0 um

24 h 0h

48 h

48 h 24 h 0h
m...
=
<

©

0 um

24 h 0h

48 h

w
-
<

0h

48 h 24 h

10 um

10 um

www.small-science-journal.com

Tum 2 uM

20 um

1 uM 2 UM

20 um

Figure 2. Images of spheroids in droplets derived from A) the cell line and B) the PDX cells, exposed to different drug concentrations (etoposide) after 0,
24, and 48 h of drug exposure. For each drug concentration, the same three spheroids are shown at different time points. Spheroids derived from the cell
line are cultivated from ~700 cells, and the ones from the PDX from 1000 cells, in 1.8 pL droplets.

plotted against drug concentration and fitted to a sigmoid dose-
response-like curve. A selection of these plots is shown in
Figure 3A for the cell line and in Figure 3B for the PDX.
Additional graphs for the features at 0 and 24 h, as well as other
texture descriptors and their variations, are presented in Figure S3
and S4, Supporting Information for the cell line and in Figure S5
and S6, Supporting Information for the PDX. When possible, an
IC50 value was derived from the sigmoidal fit, as presented in
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Figure S7, Supporting Information. For the cell line, several indi-
cators demonstrate concentration-dependent changes, including
spheroid area, mean gray value, and the correlation texture feature.
In contrast, for the PDX model, only the mean gray value could be
used to fit a sigmoidal dose-response curve, and even for this fea-
ture, the data points are more heterogeneous than for the cell line.

As an intermediate conclusion, morphological analysis alone
seems to reveal significant trends upon drug concentration and
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Figure 3. Morphological features of spheroids in droplets derived from A-D) the cell line and E-H) the PDX. Each combination of color and shape
represents one independent experiment. Each point represents a single spheroid. The curves represent sigmoid fits with 95% confidence bands. The

curves in gray represent curves with poor goodness-of-fit (R2 <0.5).

time of exposure. However, it lacks the precision and reliability
needed to accurately assess drug efficacy, especially for PDX,
which are the most relevant to clinical settings. A supervised
machine learning approach was thus developed to address this
limitation. It first involved the establishment of a benchmark as a
reference for training.

2.3. Dose-Response Curve, Using a Metabolic Assay, Serves as
a Benchmark for Assessing Spheroid Viability

As a benchmark for the machine learning approach, a metabolic
bioassay was conducted after 48 h of drug exposure to evaluate
the drug’s efficacy using a standard method. Each spheroid was
then associated with an experimental metabolic activity score,
defined as the fluorescence signal normalized to the average of
the control (see methods for details). Subsequently, dose-response
curves were generated for each independent experiment, for
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both the cell line (Figure 4A) and the PDX (Figure 4B). Data
were then fitted to a sigmoid curve, and the IC50 values were
determined for each experiment. The average IC50 values obtained
were  ICsocemine=32+03pm for the cell line and
ICs0,ppx = 1.9+ 0.2 pMm for the PDX.

This “bioassay-derived” metabolic activity score exhibits signifi-
cant heterogeneity for a given drug concentration (e.g., for the cell
line, the metabolic activity without drug ranges from 65% to 145%),
reflecting the intrinsic uniqueness and variability of living systems.
Moreover, this wide variability is also reflected in the morphological
features of spheroids, where spheroids with similar metabolic activ-
ity display heterogeneous morphological properties (Figure S8,
Supporting Information). This variability poses a significant chal-
lenge to the algorithm’s ability to make meaningful predictions.

To address this issue, we used the experimentally observed
fact that drug efficacy presents a relatively sharp threshold, as
indicated by the sigmoidal shape of the dose-response curves.
On this basis, spheroids were classified as “low viability” for
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Figure 4. Dose-response curves with normalized metabolic activity depending on drug concentration (etoposide) of spheroids in droplets derived from
A) the cell line and B) the PDX cells. C,D) Dose response curves with discretized metabolic activity into two viability classes depending on drug con-
centration for the cell line and PDX, respectively. Each combination of color and shape represents one independent experiment. For continuous metabolic
activity, each point represents a single spheroid. For discretized metabolic activity, the size of each point on the plot is scaled proportionally to the number
of overlapping data points. The curves represent sigmoid fits, with 95% confidence bands for the continuous metabolic activity.

those with a metabolic activity below 50%, and “high viability” for
those with a score above 50%. The dose-response curves gener-
ated after this classification are shown in Figure 4C,D,
Supporting Information.

2.4. The MIIC Algorithm Helps Identify Relevant Morphological
Features

Our objective was to develop a machine learning-based approach
that utilized spheroid morphological properties as input features
and predicted drug efficacy as the output.

To explore the relationship between morphological features
and viability classes, the histograms and density distributions
of spheroid features of the two cell types according to their
assigned classes were plotted in Figure 5A,C. Features for sphe-
roids classified as “high viability” and “low viability” are shown in
green and magenta, respectively.

For the cell line, the area, mean gray value, and correlation
graphs show minimal overlap between the two classes, suggest-
ing that these features are robust features for classification.
However, for the PDX, only the mean gray value graph presents
classes with relatively low overlap, while the other plots show
substantial overlap between the two classes. This is consistent
with the observations in Figure 2, where this gray value seems
to provide the most significant evolution with drug concentra-
tion. These curves, however, suggest that other features still con-
tain some discriminative power, but provide no clue about the
redundancy or independence of the contained information.

To identify the most relevant features for training the machine
learning algorithm, the strength of association between each

Small Sci. 2025, 2500173 2500173 (6 of 15)

feature and the spheroid viability state was analyzed using the
MIIC algorithm, adapted to analyze non-stationary temporal
data. It was applied to the dataset containing all extracted features
for each spheroid, measured at different drug exposure times.
This analysis computes the mutual information between each
feature and the spheroid viability label, quantifying the feature’s
importance in determining the spheroid class. Additionally, the
algorithm retrieved associations between features. Some features
are identified as having a direct, possibly causal association with
the spheroid class, while other features are identified as having
an indirect impact on the spheroid class. The features, their
mutual information with the class, and their relationship (direct
or indirect) to the class are summarized in Table 1, and the net-
works highlighting the most informative features derived from
the MIIC analysis are shown in Figure 5B,D for the two cell
types. The full temporal networks are reported in Figure S9,
Supporting Information.

The MIIC network also enabled the identification of more sub-
tle relationships between features. For the cell line, the initial
spheroid size (prior to drug exposure) showed a slight influence
on the final classification in terms of mutual information. This
suggests that smaller spheroids derived from this cell line may
exhibit slightly greater sensitivity to the drug compared to larger
ones. Additionally, the presence of multiple small spheroids
before drug exposure was found to have no measurable impact
on spheroid classification, justifying our initial choice of integrat-
ing them into the dataset.

The features identified by MIIC as the most critical for spher-
oid classification are consistent with the qualitative intuitions
derived from class overlap. These features display an important
variation across classes, but their specific or redundant

© 2025 The Author(s). Small Science published by Wiley-VCH GmbH
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Figure 5. A,C) Histograms of the distribution of four features after 48 h of drug exposure depending on their assigned class for respectively the cell line

and the PDX. The curve represents the probability density for each class,
network, respectively, for the cell line and the PDX.

information about classes is not straightforward to assess. In this
context, MIIC analysis offers a quantitative evaluation of each
parameter’s significance, providing deeper insights into their
specific contributions to spheroid classification.

2.5. A Supervised Machine Learning Model Classifies Spheroids
in Viability Classes Based on their Morphological Features for
IC50 Prediction

A supervised machine learning model based on a neural network
was then trained to classify the spheroids into two classes, “high
viability” and “low viability”. Input features were selected based
on their relevance, as identified by the MIIC algorithm. The fea-
tures selected to train the model were the 15 with the highest
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bars show the normalized frequency of the data. N = 3. B,D) Cropped MIIC

weight. For the cell line, as data at 24 h was missing for one
of the experiments, only features at 0 and 48 h were selected.
Spheroids with missing data at any of the selected time points
were excluded from the dataset.

The algorithm was trained on 2 out of the 3 experiments and
tested on the 3rd experiment. The process was repeated for each
experiment as a cross-validation process. The detailed number of
points in each class and each experiment is detailed in
Figure S10A,B, Supporting Information. To evaluate the perfor-
mance of the model, the receiver operating characteristics (ROC)—
AUC scores are presented in Figure 6A,D, Supporting Information
as well as four metrics: accuracy, precision, recall, and f1 score, pre-
sented in Figure 6B,E, Supporting Information.[”! Essentially, the
closer these metrics are to 1, the better the classification perfor-
mance. For the cell line dataset, the model achieved near-perfect
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Table 1. The mutual information, in bits, shared between the class and the
features. The column “direct link” indicates whether there is a link in the
graphical network between the class and the feature.

Cell type Feature Direct link (Y/N)  Mutual information [bit]
Cell line Homogeneity 48 h Y 1.360
A Gray value 24-0h Y 0.934
Mean gray value 48 h Y 0.885
A Gray value 48-0h N 0.862
Correlation 48 h N 0.816
Growth 48-0h N 0.786
Diameter 48 h N 0.641
Area 48 h N 0.641
Energy 48 h N 0.636
Solidity 48 h N 0.540
Circularity 48 h N 0.498
Perimeter 48 h N 0.281
Diameter O h Y 0.028
Area O h Y 0.028
PDX Mean gray value 24 h Y 0.646
Mean gray value 48 h Y 0.617
A Gray value 48-0h N 0.621
A Gray value 24-0h N 0.562
Correlation 48 h N 0.376
Correlation 24 h N 0.371
Solidity 48 h N 0.165
Circularity 48 h Y 0.155
Circularity 24 h N 0.101
Perimeter 48 h N 0.079
Solidity 24 h N 0.069
A Gray value 48-24 h Y 0.065
Perimeter 24 h N 0.061
Area 48 h N 0.043
Diameter 48 h N 0.043

classification, with an f1 score of 96%. For the PDX, the model per-
formance was slightly lower (f1 score of 93%). The curves repre-
senting the accuracy versus epoch are visible in Figure S11,
Supporting Information, indicating that the model did not overfit.

This classification was then used to estimate drug efficacy. To
this end, the predicted class for each spheroid (0 for “low viability”
and 1 for “high viability”) was plotted as a function of the drug
concentration to which the spheroid was exposed, similar to a
dose-response curve (Figure 6CF, Supporting Information). The
comparison between the IC50 values obtained using the machine
learning approach and the metabolic assay approach is shown in
Figure 7 and Table 2. Indeed, it can be observed that the machine
learning method provides an IC50 value close to that of the meta-
Dbolic assay used as an initial reference.

To assess the robustness of our classification into two viability
classes, the same procedure was repeated using a “three classes”
classification. Spheroids were classified as “low viability” if their
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score was below 25%, “high viability” if it was above 75%, and
“intermediate” for scores in between. The distribution of these clas-
ses is shown in Figure S10C,D, Supporting Information. The
results regarding viability and IC50 did not differ significantly from
those obtained with the two-class model, despite lower performance
metrics, with an flscore of 64% for the cell line and 75% for the
PDX model (Figure S12, Supporting Information). This supported
our initial decision to use a binary classification model.

One of the key advantages of the droplet platform is its ability
to track spheroids over time at a single-scale level, enabling
dynamic assessments of spheroid viability during drug exposure.
To explore this potential, the neural network model was trained, as
before, to classify spheroids based on their viability class. However,
in that case, only the features measured after 48 h were used to
train the model. Then, the features at 24 h were used to make pre-
dictions on spheroid viability class. From this classification, dose-
response curves and IC50 values were inferred (Figure S13 and
Table S3, Supporting Information).

The comparison of IC50 values inferred from morphological
features at 24 h with those obtained from the metabolic assay
at 48h revealed no significant differences for the cell line.
However, for the PDX, a slight shift of IC50 toward higher con-
centrations was detected, as expected for spheroids exposed to
the drug for a shorter time. These results highlight the platform’s
potential for dynamic drug sensitivity assessments over time.
However, since the metabolic activity scores were only known
after 48 h of drug exposure, these predictions could not be vali-
dated against a definitive ground truth.

2.6. A Model Trained on Cell Line Data Successfully Predicts
PDX Response

Finally, to check the robustness and generality of the approach,
targeting clinical use, the neural network model was trained
using data derived from the cell line spheroids and subsequently
tested on the PDX spheroids to evaluate its predictive accuracy in
a different biological context. The set of features identified as
important for the PDX was used.

After applying the trained model to the PDX spheroids, the
overall accuracy of the predictions was equivalent to the
one obtained previously, when training and testing on the PDX
dataset. The model’s performance is highly satisfactory, with a
classification accuracy of 87%, demonstrating a generalization
capacity across different sample types (Figure 8).

Moreover, the model demonstrated an ability to predict the
drug response profiles of PDX spheroids, identifying patterns
of resistance and sensitivity that aligned closely with those
observed through biochemical assays. This suggests that despite
the inherent biological differences between cell lines and PDX
samples, the features learned by the neural network from cell
line data could retain relevance in the context of patient-derived
samples.

3. Discussion
This study advances the framework of a droplet-based microflui-

dic platform for anticancer drug screening in 3D by incorporat-
ing a label-free assay to assess drug efficacy. The long-term
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Figure 6. Results of machine learning for A-C) cell line and D-F) PDX. A,D) Averaged ROC curves across cross-validation folds. B,D) Box plot with
average metrics across cross-validation folds. The box shows the interquartile range (IQR), with the median value indicated as a horizontal line within the
box. The whiskers extend to the minimum and maximum values within 1.5 times the IQR. All metrics are computed with respect to the predicted viability
class (low vs. high), compared to the ground truth derived from the metabolic activity measured on the same spheroids used for imaging. C,E) Predicted
dose-response-like curves after classification. Each combination of color and shape represents one independent experiment. The size of each point on the

plot is scaled proportionally to the number of overlapping data points.
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Figure 7. IC50 values computed from metabolic activity and inferred from
machine learning classification for the cell line and the PDX. Each point
represents the prediction of an independent experiment. The error bars
represent the 95% Cl.

objective is to provide a platform allowing fast, high-throughput,
and label-free screening of anticancer drugs on tumor spheroids,
using a minimal number of cells.
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Table 2. 1C50 values for the cell line and the PDX computed with different
methods.

Cell type Assay 1C50 [pm]
expl exp2 exp3
Cell line Metabolic activity 2.8 3.6 3.2
Discrete metabolic activity 33 2.4 3.4
Machine learning prediction 33 1.7 3.6
PDX Metabolic activity 2.6 13 2.0
Discrete metabolic activity 2.1 1.1 18
Machine learning prediction 1.8 0.4 2.1
ML prediction, training cell line 0.3 1.6 1.1

The first challenge encountered was the integration of in situ
and brightfield imaging. To address this, a custom tube holder
device was designed to be compatible with a commercial auto-
mated plate reader, allowing spheroid imaging directly within
droplets. This approach has the advantage of using commonly
used laboratory equipment. However, it requires an operator to
manually launch image acquisition for each tube. Additionally,
the plate reader, designed to image evenly spaced wells, captured
many unnecessary images without spheroids, requiring prepro-
cessing of images before analysis. A (time-consuming) manual
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Figure 8. Results of the machine learning algorithm trained on the cell line dataset and tested on the PDX dataset. A) Averaged ROC curve across cross-
validation folds. B) Boxplot with average metrics across cross-validation folds. The box shows the IQR, with the median value indicated as a horizontal line
within the box. The whiskers extend to the minimum and maximum values within 1.5 times the IQR. All metrics are computed with respect to the
predicted viability class (low vs. high), compared to the ground truth derived from the metabolic activity measured on the same spheroids used
for imaging. C) Predicted dose-response-like curves after classification. Each combination of color and shape represents one independent experiment.
The size of each point on the plot is scaled proportionally to the number of overlapping data points.

step was set to select the spheroids among the images, followed by
an automated spheroid segmentation. While a future integration
of Al for automated spheroid identification could significantly
reduce analysis time, we opted for manual selection at this stage
to ensure precise identification, particularly for spheroids at the
edges of droplets or slightly out of focus. Not all images were
usable due to these limitations, but manual sorting ensured reli-
able tracking of the spheroids. Further development in imaging
and tube-holder design specifically tailored for this droplets in
tubes platform will be to fully automate both imaging and analysis,
reducing hands-on time and increasing throughput, to enhance
the platform’s applicability for pharmaceutical research and clini-
cal applications.

The images obtained from both the cell line and the PDX
spheroids treated with the drug suggested, at first glance, a qual-
itative correlation between their appearance and the amount of
drug they have been exposed to. The quantitative analysis
revealed that area, mean gray value, and texture correlation varied
with drug concentration in the cell line. However, for the PDX
model, the data were more heterogeneous, with only the mean
gray value showing a significant variation in response to drug
concentration. These observations led us to explore a more sys-
tematic and robust approach to assess drug efficacy based on
morphological features.

For this purpose, we developed a supervised machine learning
model to provide quantitative label-free assessments of drug effi-
cacy. We aimed at minimizing the size of the dataset and the
computing power needed for training and operation. For that,
unlike prior approaches that directly train the model on images,
we chose a two-step approach, in which various morphological
descriptors are first obtained by conventional image analysis
and then used in a supervised machine learning approach.
Supervised training was based on a metabolic assay that associ-
ates a metabolic activity score with each spheroid. To avoid the
dispersion associated with the use of a continuous metabolic
score variable, and its detrimental effect on the size of the dataset
required for training, each spheroid was classified as either "low
viability’ or ’high viability’ based on its metabolic activity score.
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Each spheroid is then associated with its morphological proper-
ties at different drug exposure times and with its viability class.
To minimize bias in our relatively small dataset, spheroids were
excluded when morphological data were missing at any time
point. Nonetheless, data restoration techniques such as interpo-
lation or imputation may offer a valuable strategy for future iter-
ations of the method, particularly in scenarios with sparser
sampling.

To better understand how various morphological features con-
tribute to the spheroid’s classification, we used a causal network
learning algorithm, MIIC, to identify the relationships between
the features and their relative importance for classification. After
identifying the 15 more relevant features ranked by the MIIC, we
trained a neural network model using these features to predict
spheroid viability class. The model was first trained and tested
on a cell line dataset and then on a PDX dataset, both from
Ewing sarcoma.

Our model successfully classified spheroids into two classes
with an accuracy of 96% and 93% with a dataset of 316 and
428 data points for the cell line and the PDX, respectively.
Other machine learning models were also tested, showing simi-
lar performance (Figure S14, Supporting Information). This
accuracy is higher than the one reported in Benning et al.*®
(90%) and close to the one reported by Trondle et al.>®
(98.2%). However, the performance was achieved here with a
smaller dataset, in contrast to direct deep learning from images,
which are typically trained on larger image datasets (e.g., for
instance n=4974 for Trondle et al., n=1200 for Benning
et al.). The ability to use a relatively small dataset makes this
approach more suitable for clinical applications for precision
medicine, where the number of available cells from a biopsy,
and thus the number of possible tests, is often limited.

Importantly, the label-free assay developed in this work has
the potential to be adapted for broader applications beyond this
platform and integrated into other systems. To evaluate the
approach’s independence from the experimental method, the
algorithm was trained and tested on spheroids formed in agarose
microwells (see Figure S15 and S16, Supporting Information).
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The classification f1 score reached 89% for the cell line and 81%
for the PDX (Figure S17, Supporting Information). Although this
score is lower than that achieved in droplets, it remains highly
acceptable. This demonstrates that the strategy, based on feature
extraction and neural network classification, can be applied
to other experimental platforms, provided they produce high-
quality images of individual spheroids. However, the final
accuracy is platform-dependent. Systems such as the droplet plat-
form, with high spheroid-to-spheroid reproducibility in terms of
growth, drug exposure, and screening conditions, are expected to
yield better results, as shown in this proof of concept.

Remarkably, the reliable classification achieved when training
on the cell line dataset and testing on the PDX dataset opens up
the possibility of ultimately predicting drug efficacy in primary
patient-derived cells using a label-free approach. To further vali-
date this objective, the next steps involve expanding the approach
by training models of a broader range of PDX spheroids across
different cancer types and assessing that they share sufficiently
similar morphological properties.

Finally, the predicted class of each spheroid was plotted
against drug concentration, and a sigmoid curve was fitted to
compute a “morphological” IC50 value. The comparison of
IC50 values derived from the metabolic assay and the machine
learning model yielded consistent results. Misclassified sphe-
roids were typically those exposed to drug concentrations near
the IC50, where an intermediate state might exist, with dying
spheroids not yet exhibiting the same features as fully dead ones.
We explored this hypothesis by adding an intermediate state
between ‘alive’ and ‘dead’, but the results showed poor classifi-
cation accuracy. This may be explained by the steep decrease in
metabolic activity around the IC50 in our dataset. In cancers with
a less sharp drug response, a three-class classification might bet-
ter capture the spheroid states.

Several other label-free and real-time methods have been
developed in other teams to assess cell viability.**"% For exam-
ple, electrical impedance measurement has been successfully
applied to monitor spheroid viability by detecting changes in
electrical properties, offering a noninvasive and dynamic read-
out.”? Optical techniques also hold promise: dynamic optical
coherence tomography (D-OCT) enables high-resolution, time-
dependent monitoring of viability in spheroids by capturing fluc-
tuations in refractive index.’>”® Similarly, Raman spectroscopy
and phase contrast imaging have been explored for viability
assessment at the single-cell level, with potential extension to
3D aggregates.”* Although some of these methods involve more
complex instrumentation or setup, particularly in the context of
3D systems, they represent valuable complementary strategies.
In the future, combining such techniques with our morphologi-
cal analysis pipeline may offer a more comprehensive assess-
ment of spheroid viability and treatment response.

It should be noted that in vitro assays serve only as indicators
of drug efficacy, so their transposition to clinical settings requires
an adaptation for each specific situation.

The droplet platform offers high adaptability, making it a
promising tool for precision medicine. First, future adaptations
could include periodic merging of fresh medium droplets or
increasing initial droplet volumes, extending the platform’s
use to long-term experiments while maintaining its label-free
nature. In addition, moving toward clinical applications will
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require an increasing throughput. In this regard, the droplet plat-
form is well-suited for high-throughput operation through paral-
lelization across multiple tubes, enabling simultaneous testing
without sacrificing the reliability of the droplet merging.

While the combination of this label-free assay and our droplet
platform demonstrates strong synergy, we believe this method
holds the potential for broader application to datasets generated
using other systems. For example, we successfully applied the
same label-free classification approach to images of spheroids
grown, treated, and imaged in an agarose microwell system,
achieving reliable accuracy. This highlights the versatility of
our method for use in various experimental settings.

Although the current model was trained on Ewing sarcoma
spheroids, the approach was designed with generalizability in
mind. By focusing on morphological features and their evolution
over time rather than on raw image data, we aimed to capture
patterns that may be shared across multiple tumor types.

4, Conclusion

This study demonstrates the potential of machine learning in
developing a label-free assay for evaluating drug efficacy in can-
cer spheroids.

First, spheroid morphology was shown to correlate with via-
bility after chemotherapy treatment. However, direct inference
of drug efficacy from these observations lacks robustness and
consistency across datasets. To address this, we developed a
machine learning approach, able to better capture information
embedded in spheroid appearance. We extracted morphological
features such as size and color from bright-field images, selected
the most relevant ones using the MIIC model, and used these key
features to train a neural network to classify the spheroids based
on their viability before generating drug-response curves and
IC50 estimations.

This approach offers a simple and robust method for assessing
drug treatment efficacy. It outperforms or matches approaches
based on deep learning models directly trained on spheroid
images, while using less than 500 spheroids. Additionally, it allows
for a deeper understanding of the morphological features driving
spheroid classification. This insight paves the way for its broad
applicability across different cancer types or drug screening sys-
tems, using the same machine learning model for diverse datasets.

The integration of this label-free approach with a droplet-
based microfluidic platform offers a powerful tool for drug
screening. The droplet platform ensures reproducible spheroid
generation and testing conditions while minimizing cells, a
key advantage for rare cancers, minimally invasive biopsies,
large-scale drug screening, and routine clinical workflow.
Furthermore, its compatibility with plate readers ensures con-
sistent imaging conditions.

In summary, this approach combines simplicity, efficacy, and
broad applicability, offering significant potential for drug screen-
ing in cancer research and clinical applications.

5. Experimental Section

Cell Line Culture: The Ewing sarcoma A673 cell line (ATCC CRL-1598)
was cultured at 37 °C and 5% CO, in Dulbecco’s modified Eagle’s medium
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(DMEM, Gibco, 61965-026), supplemented with 10% fetal bovine serum
(FBS, Dutscher, $1900-500C) and 1% penicillin/streptomycin (Gibco,
15140-122). Mycoplasma testing was conducted every from 1 to 2 months.

PDX Cells: PDX of Ewing sarcoma (IC-pPDX-87) were provided by
INSERM U1330 (authorization APAFIS #43745-2023060615213570 v2,
24/06/2023 given by National Authority). The tumors were dissected
and dissociated to obtain a cell suspension of cancer cells. The dissocia-
tion was performed as previously described in Buchou et al.,”* in RPMI
(Sigma, R8758) using 150 pgmL ™" Liberase (Roche, 5401020001) and
150 pg mL™" DNase (Sigma, DN25-100MG), for 30 min at 37 °C with gen-
tle mixing. Cellular viability was quantified using a Vi-Cell XR Viability
Analyzer (Beckman Coulter, Brea, CA, USA). Once collected, the cells were
diluted at the desired concentration in DMEM-F12 (Gibco, 31 331-028)
supplemented with 2% B27 (Gibco, 17504 044) and 1% Penicillin/
Streptomycin, and used in the few hours following the dissection.

Droplet Microfluidics Platform: The droplet microfluidic platform used
for generating and culturing tumor spheroids, as well as for conducting
drug screening, is detailed in Parent et al.le1 Briefly, droplets were formed
within PTFE tubing (Adteck Polymer Engineering, BIOBLOCK/14) of inter-
nal diameter 0.81 mm and 50 cm long. The droplets were automatically
aspirated using a syringe pump (Tecan Systems, Cavro XMP 6000) that
pipettes the different solutions from a well plate into the tubes. The system
was capable of simultaneously producing eight tubes, each containing
20 trains of three droplets, with each tube corresponding to a different
drug concentration.

Each droplet train consisted of one cell suspension droplet (1.8 pL),
one drug solution droplet (1.2 pL), and one metabolic activity assay drop-
let (1.2 pL), separated by oil phase containing surfactant (Fluigent, dSurf,
2% surfactant in HFE oil) with volumes of 0.45, 0.9, respectively, and
1.0pL between two trains of droplet. The working oil was FC-40 oil
(Merk, F9755), present at the tube extremities. The biocompatible oil
(dSurf) was separated from the FC-40 oil with a droplet of PBS
(Sigma-Aldrich, D8537) of 6 pL.

After droplet formation, the tubes were clamped at both ends and incu-
bated in a black box to protect them from light.

The droplets can be merged on demand to implement protocols with
several steps of reagent addition. The merging principle is detailed in
Parent et al.®"l and Ferraro et al.”® Briefly, at a sufficiently high flow rate,
smaller droplets move faster than larger ones, enabling the adjacent drop-
lets to get closer together and then to merge them. In practice, the tubes
were plugged back onto the syringe pumps. Then, the droplets were
moved at 6 uL s~ for 45 pL, then brought back to the initial position at
0.3puLs ", This process was repeated to achieve droplet-to-droplet con-
tact, and merging was induced by an electric field. As previously dis-
cussed,’®”) some droplet pairs occasionally failed to merge. These
unmerged droplets were easily identified in the imaging process and dis-
carded from the analysis.

Spheroid Production, Drug Treatment, and Drug Efficacy Readout in
Droplet: The droplets in tubes were generated as described before. For
experiments with cell line A673, cells were diluted at 400 000 cells mL™",
and for experiments with the PDX, at 550 000 cells mL™" to reach ~700 cells
and 1000 cells per droplet, respectively. The drug, etoposide (GreenPharma,
Prestw-396), was diluted in the same culture media as the cells (but not
supplemented for the PDX experiment) at seven different concentrations
between 0.1 and 50 pm. The metabolic assay, Alamar Blue (Invitrogen,
A50101), was diluted in cell culture media to reach a final concentration
of 20% (%v/v) after droplet merging.

After 24 h of culture, spheroids were treated with the drug by merging
the droplet containing the spheroids with an adjacent droplet containing
the drug. After 48 h of treatment, the droplets containing the metabolic
assay were merged with those containing the drug-treated spheroids.

For both the cell line and the PDX, three independent experiments were
performed at different times. For the cell line experiment, one experiment
consisted of testing eight conditions (no drug and seven drug concentra-
tions) with a maximum of 20 replicates per condition, depending on the
droplet merging. For the PDX experiment, one experiment consisted of
testing eight conditions two times, so a maximum of 40 replicates per
condition.
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Metabolic Activity Measurement for Spheroid Viability Assessment: After
one night of exposure to the metabolic assay, a readout was performed.
AlamarBlue is based on resazurin, which is reduced into a fluorescent spe-
cies in contact with viable cells, leading to an increase in the droplet fluo-
rescence depending on the metabolic activity of the spheroid inside this
droplet. The fluorescence of all the tubes was measured with a scanner
(Typhoon FLA 9000, filter Cy3, photomultiplier value of 250V, pixel size
of 25 um).

For each independent experiment, the average fluorescent intensity of
each droplet was calculated from the fluorescent image using a Python
script (v3.12.7). It was then normalized by subtracting the basal response
and dividing by the mean fluorescence of the control droplets (without
drug treatment) to obtain a normalized metabolic activity value, as follows
in Equation (1)

o e I-B
%metabolic activity = ——=———— x 100 m

5N (lo; — B)

where B corresponded to the basal signal of Alamar alone (without cells),
lo,; to the fluorescence intensity of a control droplet (no drug case) and [ to
the fluorescence intensity of the droplet.

The dose-response curve for each experiment was plotted with
GraphPadPrism (version 9.3.1) and a sigmoid fit was performed using
an [inhibitor] versus normalized response with a variable slope, corre-
sponding to the Equation (2)

100
= — e 2
1 +IC%H\IIS|ope ( )
where ICso and Hill slope are features estimated from the fit, and X are the
values of metabolic activity.

Image Acquisition: Images of the spheroids were taken with a plate
reader (Perkin Elmer, EnSight), equipped with a 4X objective. Each tube
was installed into a home-made device consisting of two COC sheets.
The two sheets were maintained together with 17 pairs of magnets
(Supermagnete, Q-06-04-02-HN and Q-07-06-1.2-N) distributed along
the sheets. The tube was inserted into the designed sheet (Figure S18,
Supporting Information), and HFE oil (Fluorochem, F051243) was
inserted between the two sheets. The plate reader was programmed to
take images along the tube at different focal distances. Images were taken
every 25 pm, in brightfield, and the parameters of illumination were fixed to
6% of power and 6 ms of exposure time.

Image Analysis and Spheroid Segmentation: As the imaging system took
pictures of the entire tube, many of the images did not contain spheroids.
To address this, a custom program was developed to allow users to quickly
identify the locations of the spheroids. The program then cropped the
image stack around the spheroid and selected the best image in the focal
plane by choosing the image with the highest sharpness, given by the vari-
ance of the Laplacian. Segmentation was performed using the Canny Edge
algorithm. A binary mask for each spheroid was extracted from which vari-
ous features were computed: area, circularity, as well as colorimetric and
texture features.

The area was calculated as the number of pixels contained within
the mask and converted to pm? using the image resolution
(1 pixel = 3.26 um). Circularity was determined using the Equation (3)

4 X 7 X area

Circularity = ————-
perimeter

®)

The mean gray value was measured within the spheroid, excluding the
edges of the spheroid, and the background value was subtracted.
The background value was computed by averaging pixel values outside
the spheroid mask.

Texture features were extracted using GLCM analysis,*%®¢! focusing on
three key parameters: homogeneity, energy, and correlation. GLCM is a
statistical tool that quantifies the spatial relationships between pixel inten-
sities, providing insights into the underlying structural patterns of the tex-
ture. Homogeneity indicates the closeness of GLCM elements to the
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diagonal, reflecting texture uniformity—higher values represent smoother
textures. Energy (also known as angular second moment) evaluates
the sum of squared GLCM elements, representing texture uniformity and
increasing in images with repetitive or regular patterns. Correlation
measures the linear dependance between pixel values at specified offsets,
capturing the complexity of texture through pixel similarity with neighboring
pixels.

The evolution of some parameters over time was also studied by com-
puting the difference in values before and after drug exposure.

Some droplets before drug addition contained several small spheroids
that fused latter. In these cases, the spheroid properties were either aver-
aged (for textural, colorimetric parameters, and circularity) or combined
for area and diameter using Equation (4)

n
Areagymmes = . (Area’”)?? “)
i=0

MIIC: The MIIC algorithm is a network reconstruction method to ana-
lyze large-scale biological or biomedical data,’*! which has recently been
extended to analyze morphodynamic features extracted from time-lapse
images of cellular systems.!*®] In the present study, this temporal algo-
rithm (tMIIC) was adapted to analyze nonstationary temporal datasets
and used as a feature selection approach to identify the most informative
morphological features to predict the viability of the spheroids after 48 h in
the presence of the drug. MIIC aims to learn a large class of causal and
noncausal graphical models, including the effects of unobserved latent
variables, corresponding to the presence of unobserved common causes
and represented by a bidirected dashed edge. The nonstationary temporal
version of the algorithm tMIIC was used to reconstruct the temporal net-
work starting from the spheroids’ temporal data. The algorithm can handle
missing data with no need for imputation. The number of temporal layers
was set to 3, as each temporal layer corresponds to a different day of image
acquisition and feature extraction. The algorithm outputs a network
(Figure S9, Supporting Information), where each node represents a vari-
able and each edge encodes a dependency possibly lagged between the 3
time points (0, 24, and 48 h). An edge with an arrow stands for causal
relations, while an edge without an arrow stands for association
(i-e., its causal or noncausal nature cannot be determined from the avail-
able data). Green arrows stand for genuine cause-effect relations, while an
arrow that is not green stands for a putative causal effect, which can either
be a genuine causal relation or the effect of a latent variable (i.e., a bidir-
ected edge), although this cannot be determined from the available
data.* The colors of the edges are based on Spearman’s correlation coeffi-
cient computed for the two linked variables. The color red stands for positive
correlation, and the color blue for negative correlation. The variables listed in
Table 1 are those sharing the highest mutual information measured in bits.
The letter “Y” in the “direct link” column corresponds to a direct effect, as
the class and the features are linked in the graph. The letter “N” corresponds
to an indirect effect, as the class and the features are not directly linked, but
they are significantly associated in terms of shared mutual information.
A Python script was used to prepare the data in the format needed by
the MIIC algorithm. The MIIC method used is implemented in R.

Machine Learning Model: A neural network model was created to assess
a supervised classification task. The input was the morphological features
of the spheroids at different time points. The target was the class of the
spheroid, encoded from its metabolic activity score.

The neural network model was implemented in Python (v3.12.7) using
the Keras library. It consisted of three dense layers, starting with an input
layer that accepted vectors of dimensionality matching the size of the input
data. The first hidden layer comprised 128 units and employed the rectified
linear unit (ReLU) activation function to introduce nonlinearity, allowing
the model to capture complex patterns in the data. This was followed by a
second hidden layer with 10 units, also using the ReLU activation function,
designed to further reduce the dimensionality of the input while preserving
important features for classification. The output layer contained a number
of neurons corresponding to the total number of target classes, and a soft-
max activation function was applied to produce a probability distribution
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over these classes. The model was compiled using the Adam optimizer.
The loss function was set to categorical cross-entropy, which is well-suited
for classification tasks involving mutually exclusive classes. The model’s
performance was tracked using accuracy as the primary metric, enabling
the assessment of its classification performance during training and
validation.

As each dataset (cell line and PDX) was composed of three indepen-
dent experiments, a cross-validation approach was used where the model
was trained on two independent experiments and tested on the third
experiment, and so on for each of the three experiments.

Spheroids with missing data for one or more features were excluded
from the dataset. For the A673 cell line, the dataset was composed of
316 spheroids, and for the PDX, of 428 spheroids. The detailed dataset
descriptions are provided in the supplementary material (Figure S10,
Supporting Information).

To assess the performance of the model, different metrics were mea-
sured for each training/testing set. First, the ROC curve was computed
and its area under the curve (ROC-AUC) measured. Then, the accuracy,
the precision, the recall, and the f1 score were computed to get insight into
the model’s performance. Finally, during training, accuracy and loss were
computed at each epoch for both the training and test datasets. These
metrics were monitored to assess model performance and detect
overfitting.

Inference of the IC50 from the Machine Learning Class Prediction: For each
independent experiment, after the classification of the spheroids with the
machine learning model, the predicted class of each spheroid, depending
on the drug concentration it had been exposed, was plotted. A sigmoid curve
with a variable slope, constrained to plateau between 0 and 1, was fitted to
these points, and an 1C50 value was inferred for each experiment.

A Bayesian inference approach was used to estimate the IC50 and slope
parameters of the dose-response curve, using the Markov Chain Monte
Carlo (MCMC) sampler from the Python package emcee.””! A sigmoid
model was fitted to the points. IC50 and slope were assigned uniform pri-
ors within the ranges 0-20 and —50 to —0.1, respectively. The likelihood
function was defined based on a logistic model for binary classification.
The MCMC sampler was initialized with 32 walkers and run for 500 iter-
ations following a burn-in phase, generating posterior distributions for the
parameters. Median parameter values and 95% credible intervals were cal-
culated from the posterior samples.

Statistical Analysis: For all experimental dose-response experiments
(metabolic activity and morphological features), data points represent
individual spheroids from three independent experiments, with each
experiment using distinct color and symbol coding in the plots. Per drug
condition, the number of data points ranged from 4 to 19 for the cell line
and from 3 to 31 for the PDX models. A sigmoidal dose-response curve
was fitted using GraphPad Prism (version 9.3.1), and 95% Cl were dis-
played as shaded areas around the fitted curves. The metabolic data were
normalized following Equation (1). IC50 values were derived from the fit-
ted curves and reported along with their corresponding 95% Cl.

For predicted dose-response curves issued from spheroid classifica-
tion, the same color and symbol coding were used for each experiment.
A sigmoidal dose-response curve was fitted as explained before, and
parameter estimates with 95% Cl as IC50 were extracted from the poste-
rior distribution of the fitted model.

All data visualization and curve fitting were conducted using GraphPad
Prism or custom scripts in Python (version 3.12.7).

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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