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ABSTRACT: Despite recent advances in cancer treatment,
developing better therapeutic reagents remains an essential task
for oncologists. To accurately characterize drug efficacy, 3D cell
culture holds great promise as opposed to conventional 2D
monolayer culture. Due to the advantages of cell manipulation
in high-throughput, various microfluidic platforms have been
developed for drug screening with 3D models. However, the
dissemination of microfluidic technology is overall slow, and
one missing part is fast and low-cost assay readout. In this work,
we developed a microfluidic chip forming 1920 tumor spheres
for drug testing, and the platform is supported by automatic
image collection and cropping for analysis. Using conventional
LIVE/DEAD staining as the ground truth of sphere viability, we trained a convolutional neural network to estimate sphere
viability based on its bright-field image. The estimated sphere viability was highly correlated with the ground truth (R-value >
0.84). In this manner, we precisely estimated drug efficacy of three chemotherapy drugs, doxorubicin, oxaliplatin, and
irinotecan. We also cross-validated the trained networks of doxorubicin and oxaliplatin and found common bright-field
morphological features indicating sphere viability. The discovery suggests the potential to train a generic network using some
representative drugs and apply it to many different drugs in large-scale screening. The bright-field estimation of sphere viability
saves LIVE/DEAD staining reagent cost and fluorescence imaging time. More importantly, the presented method allows
viability estimation in a label-free and nondestructive manner. In short, with image processing and machine learning, the
presented method provides a fast, low-cost, and label-free method to assess tumor sphere viability for large-scale drug screening
in microfluidics.

Cancer is a major burden of disease in most developed
countries. Just within the United States, it was estimated

to have 1,735,350 new cases of cancer being diagnosed, and
609 640 people passed away caused by the disease in 2018.1

Despite advances in cancer treatment, developing better
therapeutic reagents is still essential to help patients. While
animal models cannot fully recapitulate situation of treating
patients, they have been widely used for drug development
over the past decades.2,3 Given that drug testing in animal
models has better physiological relevance, it is costly and time-
consuming. As compared to animal models, drug testing in cell
culture has significant advantages of low cost and quick
turnaround time, so it serves as an important validation step
before animal studies. For a simple 2D monolayer model,
cancer cells are placed on a polystyrene or glass substrate,

treated by drugs for a few days, and then examined to measure
therapeutic efficacy. Although the drug screening in 2D has
been developed as a low-cost and high-throughput technique,
limited relevance between 2D culture and the animal model
makes it less desirable nowadays.4 3D sphere culture, which
allows cancer cells to form tumor spheres in suspension or
hydrogel, can better mimic the profile of drug exposure,
nutrients, and oxygen supplies in real tumors.4,5 Given that the
3D sphere model is more complicated than 2D monolayer
culture, it is emerging in cancer drug discovery and screening
as a more advance model.6−8
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To precisely control the size and environment of 3D spheres
for high-throughput drug testing, microfluidic technology has
numerous advantages. Unlike cells cultured in conventional
well-plates or polystyrene dishes, microfluidic chips provide
capabilities of cell manipulation and maintain a well-controlled
environment for cell growth in 3D.9,10 With a microfabrication
capability, thousands of microchambers can be implemented
on a chip for high-throughput screening.11,12 Cells can be
spontaneously loaded into all microwells with good uniformity,
making microfluidics much less labor-intensive as compared to
conventional well-plates.13−20 However, while there are many
microfluidic platforms aiming toward drug screening applica-
tions,13,14,21−23 the adoption of microfluidics in large-scale
drug screening is slow. One major bottleneck is the lack of a
fast and low-cost readout method for drug screening using a
microfluidic 3D culture system.
To measure drug efficacy, various cell viability assays have

been developed.24 The fluorescence-based LIVE/DEAD
staining is composed of two components. The LIVE
fluorescent reagent (e.g., Calcein AM) can be activated by
intracellular esterase enzymatic activity to indicate viable cells.
The DEAD fluorescent reagent (e.g., ethidium homodimer-1)
can diffuse through the compromised cell membrane to stain
nucleic acid, so DEAD staining can indicate loss of cell
membrane integrity in dead cells. The LIVE/DEAD staining
method, which marks viability of individual cells, is especially
useful in flow cytometry. However, there are several drawbacks
when using LIVE/DEAD staining in 3D models. (1) Light
absorption, scattering, and poor penetration can deteriorate
image quality of 3D sphere/tissue. (2) Fluorescence imaging
usually takes several hundred milliseconds of exposure time for
each image. As compare to bright-field microscopy exposed by
a few milliseconds, the imaging throughput is significantly
lower by orders of magnitude. While the difference of several
hundred milliseconds is not noticeable when taking only one
image, the difference is significant for imaging thousands of
spheres in a large-scale drug screening experiment. (3) LIVE/
DEAD staining reagents are costly for large-scale drug
screening. (4) Cytotoxicity of staining makes it only suitable
as an end-point assay. There are other more dedicated cell
viability assays measuring caspase (e.g., CellEvent) to indicate
apoptotic cells or generating luminescent readout from ATP
(e.g., CellTiter-Glo), yet they still suffer from high cost and
potential cytotoxicity. Colorimetric assays (e.g., MTT and
XTT) monitoring the metabolic function of cells are a fast and
cheap alternative to assess cell viability. Healthy cells can
reduce tetrazolium-based dye to purple formazan, yet dead
cells lose this capability. Thus, colorimetric change caused by

light absorbance of the formazan product can be an indicator
of cell number/viability.24 This method is good for its low cost
and easy readout using a plate reader, yet it is hard to
distinguish effects of killing cells from reducing cellular
metabolic activity by examining all cells in bulk. Its cytotoxicity
is also a concern for continuous monitoring. More importantly,
monitoring the metabolic function by MTT or XTT requires a
large number of cells and reagents to accumulate a significant
colorimetric change. It works well in conventional static well-
plates yet is not favorable for microfluidic platforms having a
small number of cells in perfusion culture.25

Recent advances in machine learning have enabled analysis
of biomedical images in a high-throughput manner. An
increasing number of research works integrated microfluidic
devices with machine learning tools to realize system
automation and rapid data analysis. Specifically, microfluidic
flow cytometry was assisted with pre-extracted and trained
cellular shape feature recognition.26 A phenotypic biomarker
assay was also reported using machine learning algorithms to
predict postsurgery adverse pathology states clinically.27 In
addition, status of cell cycle could be classified in a high-
throughput and accurate approach.28,29 The subcellular
features were also recognized and classified using deep learning
tool kits.30 More interestingly, different fluorescence labels
such as cell nuclei and cell type can be predicted using
unlabeled transmitted-light images.31 Those previous works
suggest the possibility to develop a low-cost, fast, and
nondestructive method for quantifying 3D tumor sphere
viability with machine learning.
In this work, we present a microfluidic chip that can form

1,920 tumor spheres for testing 6 drug conditions on a chip.
The microchambers containing spheres were cropped for
analysis automatically, so we efficiently collected bright-field
images and their drug inhibition scores from conventional
LIVE/DEAD staining. With this database, we developed and
trained a convolutional neural network (CNN) model to
correlate sphere bright-field images with their drug inhibition
scores. Thus, the machine learning model could judge the drug
inhibition score of a tumor sphere only using its bright-field
image. In this manner, we could accurately estimate the half-
maximal inhibitory concentration (IC50) of chemotherapy
drugs by bright-field microscopy alone. More interestingly, we
found there are common morphological features indicating
sphere viability across different drugs, suggesting the potential
to train a generic model for drug screening. The presented
method provides an automatic, high-throughput, low-cost, and
label-free method to assess tumor sphere viability in micro-
fluidics for large-scale drug screening.

Figure 1. Tumor sphere chip and culture chamber. (a) Photo of a cancer sphere chip for drug screening. The chip can test 6 drug concentrations
side-by-side for the estimation of IC50. For each condition, it has 320 chambers for sphere culture. (b) Microscope image showing 8 tumor sphere
culture chambers with inflow and outflow channels. Cells flow through inflow channels into sphere chambers. As the cell diameter is larger than the
gap supported by micropillars, cells are trapped in the sphere culture chambers. The culture media carrying cells can flow out through outflow
channels (scale bar: 400 μm). (c) Laser confocal microscopy image of a unit chamber measured by an Olympus OLS 4000 LEXT instrument.
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■ METHODS

Design of the Cancer Sphere Platform. The presented
microfluidic cancer drug screening platform is composed of 6
identical tumor sphere culture sections on a chip. Each section
is composed of 320 (an array of 10 columns by 32 rows) units
of sphere culture chambers and the inflow and outflow
channels (Figure 1a,b). The inflow channels are connected to
an inlet reservoir, and the outflow channels are connected to
an outlet reservoir. The sphere culture chamber (100 μm in
height and 400 μm in diameter) is surrounded by a ring of gap
supported with micropillar structures (5 μm in height (Figure
1c). After being bonded with a piece of blank PDMS on top,
there is a 5 μm gap between the two layers of PDMS. These
gaps between the micropillar structures can trap cells in the
sphere culture chambers, while allowing culture media to
outflow. By properly balancing the flow resistance using
tapered inflow channels as described in a previous work,32 we
were able to uniformly load cancer cells into each sphere
chamber. To facilitate sphere aggregation by gravity, we
applied an additional layer of photoresist (16 μm in height) to
create a rounded substrate in the sphere culture chamber.13,15

The platform design was adapted from our previous work with
the improvement of a high number of sphere culture chambers
per condition.13 In addition, the chamber was designed to be
circular, so it would be easy to crop by an image processing
program.
Fabrication of the Cancer Sphere Platform. The

microfluidic device was built by a patterned PDMS
(polydimethylsiloxane, Sylgard 184, Dow Corning) piece
bonded to a blank piece of PDMS. The PDMS was patterned
by standard soft lithography. The SU-8 (Microchem) mold
used for soft-lithography was created by a 3-layer photo-
lithography process with 5 μm thick SU-8 for micropillars, 100
μm layer for sphere chambers and flow channels, and 16 μm
layer for the curved bottom of the sphere culture chamber,
following the protocol described in the previous work.13 The
pattern was designed using computer-aided design software
(AutoCAD 2018, Autodesk), and the masks were made by the
Desktop Based Lithography μPG 101 tool (Heidelberg
instruments). The SU-8 mold was treated by vaporized
trichloro(3,3,3-trifluoropropyl)silane (452807 Aldrich) under
vacuum for 2 h to promote the release of cured PDMS. PDMS
was prepared by mixing with a 10 (elastomer):1 (curing agent)
(w/w) ratio, poured on SU-8 molds and curing at 100 °C
overnight before peeling. Inlet and outlet holes were created by
a biopsy punch (Miltex Biopsy Punch) cutting. The PDMS
layer with microfluidic channel structures and a piece of blank
PDMS was treated using oxygen plasma (80W for 60 s) and
bonded. The device was then bonded to a 3 in. by 2 in. glass
slide for easy handling using oxygen plasma (80 W for 60 s).
The devices after bonding were heated at 80 °C overnight to
enhance bonding quality. The microfluidic devices were
sterilized by UV radiation prior to use. Pluronic F-108
(BASF, CAS 9003-11-6) solution (5% in deionized (DI)
water) was loaded to the device 12 h before cell loading to
create the nonadherent PDMS substrate.32−34 Devices were
then washed with PBS (Gibco 10010) for 1 hour to remove
residual F-108 solution before the experiment.
Cell Culture. SUM159 cells were cultured in the F-12-

based media (Ham’s F12, Gibco 11765) supplemented with
1% penicillin/streptomycin (Gibco 15070), 5 μg/mL (2.5 mg/
500 mL) insulin (Sigma I6634), 1 μg/mL (0.5 mg/500 mL)

hydrocortisone (Sigma H4001), and 5% FBS (Gibco 10082).
All cells were cultured in regular polystyrene culture dishes and
passaged at or before cells reached 80% confluency. We
maintained all cells at 37 °C in a humidified incubator with 5%
CO2.

Cell Loading on Microfluidic Cancer Sphere Chip.
SUM159 breast cancer cells were harvested from a Petri dish
with 0.05% trypsin/EDTA for 5 min, centrifuged by 100 g for 5
min, and resuspended to 1.7 × 106 cells/mL in regular cell
culture media. An 800 μL portion of cell suspension was
loaded to all 6 inlets of the chip. Cells flow into the sphere
chambers through inflow channels (Figure 1b). As the 5 μm
gap surrounding the sphere chamber is smaller than the cell
size (around 10−15 μm diameter), cells were trapped in the
sphere chamber (Figure 2b). At the same time, the culture

media carrying cells flowed out through the gap. After cell
loading for 15 min, media in the outlet was aspirated, and the
cell suspension solution in the inlet was replaced by 800 μL of
serum-free media. Serum-free media could minimize cell
adhesion on PDMS and maintain good cell viability in
suspension culture.13,14 Since the cells could not adhere to
the PDMS substrate, they aggregated with each other. The
rounded substrate assisted the aggregation process by guiding
cells toward the center of the microchamber, so all cells in a
microchamber aggregated to a single sphere within 48 h
(Figure 2c). The serum-free media contains MEBM (CC-
3151, Lonza) supplemented with B27 (Gibco 17504-044), 20
ng/mL bFGF (BD 354060), 20 ng/mL EGF (BD 354052), 5
μg/mL insulin (Sigma I6634), 1 mM lipid concentrate (Gibco
11905-031), 1 μg/mL hydrocortisone (Sigma H4001), 7.8 μg/
mL mercaptoethanol (Sigma M3148), 3.9 μg/mL cholesterol
(Sigma C4951), and 1% penicillin/streptomycin (Gibco
15070).35 Serum-free media was exchanged every day.

Drug Treatment and Drug Efficacy Readout. After
sphere aggregation, we dissolved chemotherapy drugs in
serum-free media and loaded different drug concentrations to
different sections (inlets) on the microfluidic chip. We

Figure 2. Cell loading in a sphere chamber and sphere aggregation.
(a) Empty cancer sphere chamber before cell loading. (b) SUM159
breast cancer cells were loaded in the cancer sphere chamber. (c)
Cells aggregated to a cancer sphere after 2 days. (d) An automatic
chamber cropping program cropped the circular chamber regions
(blue circles) for further image processing and machine learning
(scale bar: 100 μm).
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aspirated outlets and added 800 μL of drug solution in inlets
every 12 h to maintain steady flow of drug solution through the
sphere culture chambers. In this study, wide ranges of three
chemotherapy drugs, doxorubicin (from 0 to 40 μM),
oxaliplatin (from 0 to 1000 μM), and irinotecan (from 0 to
1000 μM) were tested to estimate IC50s. After 72 h of drug
treatment, cancer spheres were stained by a LIVE/DEAD
viability/cytotoxicity kit for mammalian cells (Life technolo-
gies, L3224), and 4 μM of both LIVE and DEAD staining
reagents was used. As it is difficult for staining reagents to
diffuse into the center of a tumor sphere, we used a relatively
long incubation time of 1 h to stain spheres in the incubator
(37 °C, 5% CO2 environment). The microfluidic device was
washed by PBS for 5 min and then imaged under a
microscope.
Image Processing Program. For image processing, we

aimed to exclude unnecessary microfluidic geometry (e.g.,
inflow/outflow channels and micropillars), which may interfere
with machine learning, and then extract individual tumor
sphere images. The whole-device image was first rotated to
make sure each column is aligned vertically. Then, the whole-
device image was partitioned to smaller pieces, so each piece
contained exactly one sphere chamber. To crop circular
chambers containing cancer spheres, we applied a MATLAB
program based on a circular Hough transform, which could
detect the circular object with a defined radius. Since each
sphere culture chamber had a circular edge with good contrast
and fixed radius, the program could reliably detect the
chambers for cropping (Figure S1). The region outside
circular chambers was then artificially set to blank to avoid
interference in the following machine learning process. The
cropped images were flipped both horizontally and vertically to
cancel out the influence of sphere location on the final
prediction result. In this manner we also increased the database
size by 4 times.36

Training of Neural Network. After image processing, we
made the database for training a CNN network. A CNN
network consists of an input layer, an output layer, and
multiple hidden convolution layers. The input image is
processed by the convolution layers to generate an output
for classification or prediction. The convolution layers are
determined by a training data set for prediction. The neural
network structure is illustrated in Figure S2 and the Supporting
Information. In this study, we used bright-field images of

tumor spheres as input predictor variables. For a classification
task, we assigned a categorical label for each sphere based on
its drug treatment concentration as the expected output. For a
regression task, we assigned expected numeric output for each
sphere as its drug inhibition score measured by LIVE/DEAD
staining. The score was defined by the following equation:

drug inhibition score DEAD staining fluorescent intensity

/(LIVE staining fluorescent intensity DEAD staining 

fluorescent intensity)

=

+

(1)

By this definition, the inhibition scores were between 0 and 1.
With the database, we used the MATLAB 2018b deep learning
toolbox to train a CNN model for the correlation between the
input bright-field image and output categorical label or
numeric drug inhibition score. The labels (treatment condition
and inhibition score) from direct observation were deemed
correct and called “ground truth”, used for training and
examining machine learning accuracy. The solver of stochastic
gradient descent with momentum (SGDM) and data shuffling
were used. Other parameters of the training network were set
as default. Following common machine learning workflows,
80% of our data were used for training the CNN model and
the other 20% for examining the accuracy of the trained model.
Classification accuracy was quantified following the MATLAB
deep learning toolbox.

Generation of Dose−Response Curves. Half maximal
inhibitory concentration (IC50) is an indicator of the effect of
a drug in inhibiting cell viability by 50%. It is calculated by
fitting the dose−response experimental data to a logistic
regression model, with the following equation:

( )
response minDose

maxDose minDose

1 dose
IC

HillCoefficient

50

= + −

+
(2)

This form of equation generates an S-shaped curve as a
sigmoid function.37

■ RESULTS AND DISCUSSION
High-Throughput Cancer Sphere Formation On-Chip.

Using the presented cancer sphere platform, we can reliably
form a large number (1,920 spheres per chip) of cancer
spheres for drug screening. Due to a consistent number of cells

Figure 3. Cancer spheres treated by doxorubicin. Representative images of SUM159 cancer spheres treated by doxorubicin with six different
concentrations. LIVE/DEAD staining was used to quantify sphere viability. The FITC green fluorescence image represents the live cells, and the
TRITC red fluorescence image represents the dead cells. With the increase of drug concentration, green fluorescence intensity decreases, and red
fluorescence intensity increases. The bright-field morphology also changes with different drug treatments (scale bar: 100 μm).
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loaded per chamber, the spheres formed are uniform in size
(diameter, 214 ± 21 μm; N = 100; ± indicates standard
deviation (S.D.)). The method is more effective than the
conventional low-attachment well-plate, which forms spheres
with different sizes in the wells. As cancer sphere size can affect
the diffusion of drug and nutrients, the uniformity of the
sphere is critical for reliable and reproducible drug testing.38 In
addition, media can be easily exchanged by aspirating old
media and then replenishing fresh media in the inlets/outlets.
The isolated cancer spheres in chambers will not be disturbed

by the media exchange process to aggregate together
undesirably. To handle a large number of images generated
by our platform, we developed a custom MATLAB program.
The automatic cell cropping function can reliably recognize
circular chambers and crop them for further data analysis and
machine learning (Figure 2d).

Morphological Changes of Spheres after Drug
Treatment. After cancer spheres aggregated in the chambers,
drug treatment was performed on-chip. In this work, we tested
three chemotherapy drugs, doxorubicin, oxaliplatin, and

Figure 4. Cancer sphere classification and drug inhibition score regression using the bright-field image and CNN model. (a) Doxorubicin treatment
classification accurately (93.2%) predicts the drug treatment concentration based on its bright-field image. The green boxes represent a correct
prediction, the red boxes a wrong prediction, and the gray boxes a summation of a row/column. Both the number of prediction cases and
percentage are described in the box. The boxes in a column belong to spheres treated by the same concentration, and the boxes in a row belong to
spheres predicted to be treated by the same concentration. The first three classes were combined since those drug concentrations are much lower
than the IC50 transition point, thus hard to distinguish even with LIVE/DEAD staining. (b) Prediction of drug inhibition score using the trained
CNN model. The X-axis represents the ground truth of inhibition score measured by LIVE/DEAD staining, and the Y-axis represents the drug
inhibition score predicted using the bright-field image with the trained CNN model. Each dot represents a sphere, and different colors mean
different drug concentrations. The R-value of linear regression is 0.84, indicating a strong correlation between the ground truth and prediction. (c,
d) Drug efficacy IC50 curves of two chemotherapy drugs. The X-axis represents drug concentration, and the Y-axis represents the drug inhibition
score. A blue curve is plotted based on the ground truth measured by LIVE/DEAD staining, and a red curve is plotted based on the prediction
using bright-field images. Error bars indicate standard error of the mean (SEM). (c) Drug efficacy IC50 curves of doxorubicin treatment on cancer
spheres. The estimated IC50 based on LIVE/DEAD staining is 1.7 μM, and the estimated IC50 based on bright-field images is 1.6 μM. (d) Drug
efficacy IC50 curves of oxaliplatin treatment on cancer spheres. The estimated IC50 based on LIVE/DEAD staining is 51 μM, and the estimated
IC50 based on bright-field images is 47 μM.
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irinotecan. For each drug, six different concentrations across a
wide range were applied for 3 days following previous
protocols,13,39 so IC50s of drugs could be estimated. The
spheres treated by doxorubicin with different concentrations
were demonstrated as in Figure 3. For the conditions of low
dose (no drug, 0.05 μM, and 0.25 μM), a small number of cells
were dead as indicated by sparse red fluorescence (DEAD
staining) dots. Both bright-field and green fluorescence (LIVE
staining) images show a consistent healthy morphology. For
the intermediate drug concentration of 1 μM doxorubicin, we
observed a strong red fluorescence signal in the peripheral
region of the sphere, suggesting that outer cancer cells were
killed. At the same time, there was a strong green fluorescence
signal inside the sphere, indicating that inner cells of the sphere
were still alive. Interestingly, the bright-field image suggested
the same situation. While there were some dark apoptotic cells
around the sphere surface forming a dark blurry ring, the
center of the sphere was similar to the morphology of healthy
spheres. When applying a high dose of 5 and 40 μM
doxorubicin, we found a large number of dead cells inside the
core of the sphere as indicated by a disseminated red
fluorescence signal. For the bright-field image, there were
dark dead cells throughout the sphere. Using doxorubicin
treatment as an example, we demonstrate that the sphere
viability indicated by fluorescence-based LIVE/DEAD staining
can be correlated with bright-field sphere morphology. Those
observations support the feasibility of sphere viability
estimation based on the bright-field image.
Estimation of Cancer Sphere Viability Using Bright-

Field Microscopy. While bright-field morphology suggests
differences between healthy and unhealthy tumor spheres,
human beings cannot quantify sphere viability based on
qualitative morphological observation. For precise quantifica-
tion of sphere viability based on its bright-field image, we
developed a convolutional neural network model. The CNN
model was trained using bright-field images as input and drug
inhibition score determined by LIVE/DEAD staining or
treatment condition as expected output. After training, we
first validated that the model could accurately predict the
treated drug concentration using bright-field images. Green
boxes represent correct prediction cases (the predicted drug
treatment condition matches the real treatment condition),
which significantly outnumber the wrong cases (the predicted
drug treatment condition does not match the real treatment
condition) in red boxes (Figure 4a). As spheres treated by low
doxorubicin dose (no drug, 0.05 μM, and 0.25 μM) were
indistinguishably viable, we pooled those three conditions as a
group. In this case, we got a high accuracy of 93.2% (Figure
4a). For six-condition classification, the accuracy was 82.3%
(Figure S3). As expected, the lower accuracy was caused by
confusion between no drug control and low-dose treatments. It
was also relatively difficult to predict the spheres treated by 1
μM doxorubicin (accuracy: 85.6%). Since 1 μM doxorubicin
was close to IC50, it was expected to generate a large variation
in morphology, making it more challenging to predict. As
compared to tricky situations, high prediction accuracy
(around 95%) was achieved for spheres treated with a high
dose of doxorubicin. We also examined the prediction of drug
inhibition scores based on bright-field images in Figure 4b.
The drug inhibition scores determined by LIVE/DEAD
staining and predicted by bright-field images with the CNN
model were highly correlated (correlation coefficient R: 0.84)
(Figure 4b). In addition to doxorubicin, we tested two other

chemotherapy drugs, oxaliplatin and irinotecan. After training
the model as we did for doxorubicin, we obtained an even
higher correlation coefficient R of 0.89 for oxaliplatin and 0.91
for irinotecan (Figures S4 and S5). Using the prediction
model, we sampled 20% of cancer spheres for the estimation of
IC50s. While the variation of scores by prediction is larger than
that by staining (Figure 4b), Figure 4c,d and Figure S5
demonstrate that the IC50 curves fitted by the ground truth
(LIVE/DEAD staining) and CNN prediction are similar. For
the three drugs we tested, the mean difference of IC50s
estimated by the ground truth and CNN prediction is 18%. In
the literature, we could not find the IC50s of doxorubicin,
oxaliplatin, and irinotecan using exactly the same treatment
conditions and cell line, yet the measured IC50 in this work is
comparable with reported IC50s of relevant breast cancer cell
lines.40,41 The accurate IC50 estimation validates the presented
label-free method to estimate sphere viability based on its
bright-field image.

Critical Morphology Features for Sphere Viability
Prediction. While it is known that CNN filters are difficult to
interpret,42 we would like to visualize the key features
distinguishing healthy and unhealthy spheres (Figure S2).
We used a representative bright-field sphere image (Figure
S2e) as the input and processed it by convolution layers for
visualization. Figure S2b−d demonstrates images processed by
64 filters in the first convolutional layer, 32 filters in the second
convolutional layer, and 16 filters in the third convolutional
layer, respectively. The processed images demonstrate the
effects of filters to highlight the critical morphological features.
As expected, we found some relevant features in the filters of
the first convolutional layer. Most filters highlight the center of
the chambers, where most spheres are located (Figure S2b),
suggesting that trained filters catch spheres rather than
background for prediction. Specifically, we can see three
interpretable features: (1) bright (healthy)/dark (unhealthy)
center indicating sphere viability, (2) smooth (healthy)/rough
(unhealthy) outline of tumor spheres, and (3) strips/dots
picking up different textures of cancer spheres.43 All those
relevant features are also used by human beings to distinguish
healthy and unhealthy spheres. For the second and the third
convolutional layers, filters show more abstract and high-order
features that are difficult to interpret (Figure S2c,d).

Interdrug Model Validation and Mixed Prediction for
Different Drugs. After demonstrating good prediction for
individual drugs, we explored whether the model trained by
one drug can be used for the prediction of another drug. As
many chemotherapy drugs are associated with DNA damage to
induce cell apoptosis, including doxorubicin and oxaliplatin, we
expect that there are some similarities in mechanism and
resulting sphere morphology.44,45 Here, we used the model
trained by doxorubicin data for the prediction of oxaliplatin
images in Figure 5a. We found that the model made good
prediction for relatively healthy spheres (inhibition score <
0.5), yet the model was less accurate for totally dead spheres
(inhibition score > 0.75). This situation could be explained by
the fact we did not obtain totally dead spheres by doxorubicin
treatment; the doxorubicin trained model was inexperienced
with those totally dead spheres. While the doxorubicin model
was not perfect for oxaliplatin, it still achieved a good
correlation (coefficient R: 0.82). Due to these encouraging
preliminary results, we further pooled together the databases of
two drugs for training a new model. With this new model
covering a wide range of inhibition scores from 0 to 1, we
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made a better prediction (correlation coefficient R: 0.93)
(Figure 5b). The results suggest that unhealthy spheres
inhibited by different drugs share a similar set of morphological
features. The existence of generic features is very encouraging,
meaning that the model trained from some representative
drugs can potentially be applied widely in large-scale drug
screening.

■ CONCLUSION
The exploration for better therapeutic reagents is a prolonged
quest in cancer research, and the advance in microfluidic
technologies facilitates more relevant 3D cell culture models
and higher throughput for drug development. While micro-
fluidics is emerging in drug studies, it has been hampered by
the lack of automatic, fast, and low-cost readout methods. In
this work, we developed a high-throughput 3D cell culture
platform growing 1,920 cancer spheres on-chip. The cancer
sphere images can be collected by programmed software and
then automatically cropped for analysis. More importantly, we

developed a novel method to precisely estimate cancer sphere
viability using its bright-field image with a trained convolu-
tional neural network. In this manner, we performed drug
testing using three chemotherapy drugs (doxorubicin,
oxaliplatin, and irinotecan) on SUM159 breast cancer cells.
The drug inhibition score estimated by the bright-field image is
highly (correlation coefficients > 0.84 for all three drugs)
correlated with that measured by conventional fluorescence-
based LIVE/DEAD staining. As compared to LIVE/DEAD
staining, the average difference in IC50s for drugs is 18%.
When examining the filters in the trained CNN model, we
identified the morphologies reflecting a dark center and rough
outline of unhealthy tumor spheres, matching well with the
features used by human beings. With this capability, we can
avoid struggling with the LIVE/DEAD staining assay, which is
slow and costly. In addition, the presented method relies on
the bright-field image alone, so it enables nondestructive
(without the toxicity caused by cell viability staining)
estimation of cell viability in real time. The method can
potentially be used for studying the time dynamics of cancer
cell death during drug treatment, helping us optimize
treatment dose and frequency. In short, by incorporating
machine learning with microfluidics, we present a highly
automatic method for analyzing drug testing results. While we
only tested three drugs (six conditions each) in this work, the
platform growing 1920 cancer spheres on-chip has the
potential to test hundreds of drug treatment conditions. The
fast and low-cost readout method will help the dissemination
of microfluidic 3D culture platforms in drug screening, and the
presented workflow can be widely applied to other cell biology
assays in microfluidics.
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