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Abstract: Organoid models are used to study kidney physiology, such as the assessment of nephrotoxicity and underlying
disease processes. Personalized human pluripotent stem cell-derived kidney organoids are ideal models for compound toxicity
studies, but there is a need to accelerate basic and translational research in the field. Here, we developed an automated
continuous imaging setup with the “read-on-ski” law of control to maximize temporal resolution with minimum culture
plate vibration. High-accuracy performance was achieved: organoid screening and imaging were performed at a spatial
resolution of 1.1 μm for the entire multi-well plate under 3 min. We used the in-house developed multi-well spinning device
and cisplatin-induced nephrotoxicity model to evaluate the toxicity in kidney organoids using this system. The acquired images
were processed via machine learning-based classification and segmentation algorithms, and the toxicity in kidney organoids was
determined with 95% accuracy. The results obtained by the automated “read-on-ski” imaging device, combined with label-free
and non-invasive algorithms for detection, were verified using conventional biological procedures. Taking advantage of the
close-to-in vivo-kidney organoid model, this new development opens the door for further application of scaled-up screening
using organoids in basic research and drug discovery.
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1 Introduction
The mammalian kidney is crucial for filtering
blood and maintaining the osmolarity of body fluids.
Kidney disorders caused by both acute and chronic
injuries affect over 10% of the human population
worldwide (Imig and Ryan, 2013). Renal disease
is attributed to various causes, including genetics, in‐
juries, and medication. Kidney problems can develop
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suddenly (acute kidney injury, a sudden episode of
kidney failure, or kidney damage within a few hours
or days) or over a long period (chronic kidney disease,
low detection rate). Annually, about 2.2 million people
with end-stage kidney disease die prematurely, unable
to access treatment (Liyanage et al., 2015). To date,
no single type of renal cell can fulfil the requirements
for application in assessing compound efficacy or
safety screening, and research in regenerative medi‐
cine for bioartificial kidneys or disease modelling has
been limited. In recent years, significant progress has
been made towards overcoming this important hurdle,
and in vitro derived functional human renal cells and
mini tissues have been developed (Tasnim et al., 2010;
Jansen et al., 2014; Tiong et al., 2014). The differenti‐
ation of induced pluripotent stem cells (iPSCs) and
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their plasticity in response to developmental signals
(Carpenter et al., 2009; Ichimura and Shiba, 2017)
make them a promising and logical choice for model‐
ling monogenic diseases and compound screening
(Ebert et al., 2009; Shi et al., 2017). Furthermore,
iPSC-derived progenitor cells can be differentiated
and self-organized to form complex three-dimensional
(3D) spheroids with a structured multicell-type arrange‐
ment in vitro. These organoids serve as mini tissues
with specific structures and functions to mimic in vivo
organs. Hence, 3D kidney organoids in suspension
cultures are ideal models to study renal disease in vitro,
and serve as a more advanced multicellular system to
substitute two-dimensional (2D) adherent cells currently
used in high-throughput compound library screening.
As mini-tissue-like kidney organoids are generated
in 3D suspension cultures (Tasnim et al., 2010; Ciampi
et al., 2016), the mini tissues resemble certain kidney
structures and contain various cell types and patterns
similar to those present in vivo. Although kidney
organoids have not shown full renal function, a differ‐
entiated multicellular arrangement containing the struc‐
ture of nephrons and GATA-binding factor 3 (GATA3)positive tubule formation has been reported (Davies,
2015). Several studies have shown that kidney organ‐
oids can be applied in renal disease or injury model‐
ling as well as in nephrotoxicity screening. In a recent
study, brain organoids were cultured in a miniaturized
spinning bioreactor unit, which can reduce the cultur‐
ing volume by 50-fold under 12–24 different condi‐
tions (Qian et al., 2016). Hence, we previously de‑
veloped a mini-spin renal organoid culturing device in
multi-well batches to enhance the throughput of com‐
pound screening, which is known as “mini renal tis‐
sues in a dish” (Fig. S1). However, there is still a
strong need to investigate compound toxicity in a
label-free non-invasive manner.
Monitoring cellular morphology changes is the
conventional approach for imaging-based living cell
assays, which are essential in compound toxicology
studies (Su et al., 2016). Light microscopy for continu‐
ous imaging of living samples shows great potential
to explain cellular response dynamics compared to
the microscopy of fixed samples as the endpoint assay.
The optical system for imaging living cells needs to
consider three aspects: quality of detection, speed of
acquisition, and viability of the specimen (Stephens and
Allan, 2003). Living cell image quality and acquisition

involve a trade-off between spatial and temporal reso‐
lution, as the duration of imaging outside the cultur‐
ing environment needs to be as short as possible (Jones
et al., 2011). Unlike 3D tumour spheroids, renal organ‐
oids cannot be derived from a single cell in a static
state at the bottom of the plate; the embryo bodyderived renal organoids in suspension are required to
avoid any vibrations during acquisition. Moreover,
renal organoids contain structured multicellular arrange‐
ments as a result of nephrogenesis; hence, monitoring
cellular morphological changes in a label-free and
non-invasive manner is a technical requirement for
tubule and structure detection in 3D organoids used as
a compound screening toxicology model.
The transmitted bright-field imaging approach is
the conventional and classic method for label-free and
non-invasive multicellular structure detection (Fan
et al., 2017). Traditionally, it contains only limited
information that can be quantified; however, computer
vision can consistently extract the feature information
required to quantify a structured multicellular arrange‐
ment automatically. This computer-vision-driven
approach requires high-quality image input for accu‐
rate detection and feature recognition. As the conven‐
tional setup, the optical stage performs multiple cycles
of “stop-read” control for maximizing the coverage of
the well-plate to capture the screening events. To coor‐
dinate the movement and the focusing period, this
“stop-read” mode causes a reduction in the time reso‐
lution for exchanging spatial information. Living
cellular imaging is not ideal for a prolonged period
outside the incubation environment (Hinchcliffe, 2005).
In a commercial setup, the use of an automated optical
stage as a continuous imaging approach can increase
the imaging speed (Wijnen et al., 2016). However,
zigzag motion causes noticeable vibration in suspen‐
sion spheroids and an inevitable shadow that impairs
feature detection efficiency (Sirenko et al., 2015).
Hence, label-free imaging detection for organoids
requires a system that provides high speed in conjunc‐
tion with high spatial resolution and limited system
vibration.
The renal organoid model is the most relevant
and easy to mimic in vivo model (Koning et al., 2020).
Combined with a suitable imaging system and detec‐
tion method, it is an ideal tool for cellular mechanism
studies and compound screening. In this study, we
report the development of a continuous renal organoid
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imaging and screening detection system, called “readon-ski,” which is suitable for automated feature detec‐
tion in continuous batches. This imaging system inte‐
grates a fixed sample stage with an autofocusing strat‐
egy and is suitable for downstream image processing
in a machine learning approach, which potentially
fulfils the requirements of automated 3D organoid
structure detection under various conditions. Using a
laboratory-made multi-well spinning device for renal
organoid batch culturing combined with our in-house
developed “read-on-ski” technology, we can perform
organoid imaging with 1.1-μm resolution for the entire
multi-well plate under 3 min and achieve 95% accuracy
in conjunction with the label-free detection algorithm.
This system allows us to perform renal organoid-based
compound screening in batches using a fully automated
approach.

2 Materials and methods
2.1 “Read-on-ski” imaging system
We developed a “read-on-ski” imaging solution
for screening organoids cultured in suspension medium.
The method uses the latest hardware and software
technology and a novel control mechanism with an
autofocus technique that fulfils the requirements for
high-speed and sub-micron resolution (Fig. 1).
The instrument was equipped with a 5.5-megapixel
high-speed camera (Andor Zyla 5.5 scientific Com‐
plementary Metal-Oxide-Semiconductor (sCMOS),

100 frame images per second) connected via camera
link 10, which matches the speed of our in-house
developed optical stage. The hardware allows the
image acquisition time to be optimized via a control
mechanism. The motion control hardware to operate
the multi-axis synchronization of the multi-coordinate
system was implemented via the Advanced RISC Ma‐
chine (ARM)+Digital Signal Processing (DSP)+Field
Programmable Gate Array (FPGA) multi-core setup,
which was developed in-house as described previously
(Lu et al., 2022). The duration of the image acquisi‐
tion process can be reduced by increasing the speed
of the optical stage, which matches the camera frame
rate. This non-stop ski-like motion was named “readon-ski,” rather than the conventional “stop-and-read.”
The only stops for the “read-on-ski” motion are at the
edge of the multi-well plate to perform tuning for the
second row of the image acquisition. The system uses
Köhler illumination alignment with high-dose flash
illumination to increase the uniformity of illumination
and sampling speed. The illumination scheme needs
to deliver a brighter flash continuously, without additional charging, in the shortest period to match the
speed required. Therefore, we developed a light
source equipped with a Cree XR-E high-power lightemitting diode (LED), combined with a control board
and power pack. These can generate flashes as short
as 1 μs in duration when the illumination source is
triggered. In addition, to create enough photons for
sufficient exposure, LED brightness can be increased
by altering the current instead of the voltage, for a
short pulse.

Fig. 1 Design of the “read-on-ski” system. A bright field microscope is integrated on a two-axis platform with an
autofocus module. The imaging process is controlled by an in-house developed control board. The autofocus signal is
processed by the onboard FPGA chip in real time. FPGA: Field Programmable Gate Array; LED: light-emitting diode.
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2.2 Controlling the “read-on-ski” system
The exposure time, flash time, stage movement,
and camera acquisition time need to be precisely con‐
trolled and managed to capture sufficient light to pene‐
trate the organoid samples at high speed and sub‐
micron resolution. For example, a trans-illumination
light source is crucial for allowing the light to pass
through the organoids to obtain a structuralized pattern
image. However, specification of the flash frequency
combined with light is also equally essential to achieve
fast motion with blur-free images and an adequate
signal-to-noise ratio under “read-on-ski.” The pulse
shape can be tuned according to the exposure time, as
required. Unlike monolayer or suspension cell imag‐
ing, organoids allow less light to pass through. Hence,
the image acquisition time needs to be adapted to
serve the needs of feature detection. All components
were controlled by a C++ program developed in-house,
such that during imaging the stage moves continuously,
but the multi-well plate is static. The control method
is based on a quantic polynomial S-curve acceleration
and deceleration motion control algorithm and a multicoordinate/multi-axis synchronous interpolation motion
control algorithm. This facilitates continuous imaging
and limits motion blur (Fig. 2).

distance changes significantly, and the time for focus
distance measurement and lens Z-axis adjustment is
limited. A focus map is required for the motion-control
system. We have combined a conventional softwarebased method and a hardware-based confocal chro‐
matic measurement device to build a focus map in our
system. A 5×5 Sobel operator-based contrast-detection
autofocus algorithm is implemented to guide the lens
for Z-axis movement to determine the best focus
distance in the well. The upper plate bottom where
the cell culture medium was attached was detected
using a confocal chromatic distance measurement sys‐
tem (confocal DT 2451, MICRO-EPSILON, Orten‐
burg, Germany). The device was used while scanning
the entire plate in a meander-like motion to collect the
data. The captured 3D point cloud data (x, y, and
depth) were fitted to a quadric surface to filter noise
and approximate offset. The focus map at each image
point can be calculated from the original focal plane
detected using an image contrast processing method
to generate the point correction with the offsets. With
this information, it is possible to calculate the abso‐
lute geometrical position of the upper plate bottom
and hence the focal plane where the organoids are
located during drug screening.

2.3 Autofocusing of “read-on-ski” imaging

2.4 Image stitching and calibration

The bottom of a multi-well plate is an uneven
concave surface (Fig. S2). The focus distance is vari‐
able during the entire imaging process. Hence, the
conventional software autofocus approach does not
work robustly with a significant deviation of the focal
plane, as in the case of multi-well plates (a few
hundred microns). In continuous motion, the focusing

During continuous motion, it is difficult to cap‐
ture the gap between each image perfectly with equal
distance because the motor and control will contribute
to delay and noise. To correct the offset, the images
should have a 5% overlap between each other. Adja‐
cent images are aligned based on the Fourier shift
theorem (Bracewell, 1986) (Fig. 3).

Fig. 2 Schematic diagram of the continuous scanning and autofocus system.
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Fig. 3 Comparison between direct stitching (left) and aligning
(right). The aligning process can significantly reduce bias
in the image.

The size of the image is related to the magnifica‐
tion of the lens and the size of the individual pixels.
The mean aligned offset indicates the difference
between the actual image edge length and motion step
size. To measure the difference between the image
and the motion steps precisely, we applied stitchingbased calibration. In this case, we used the ideal size
as the step distance to image a line grid glass slide
(each grid is 200 μm×200 μm). The mean offset after
alignment shows that the actual size is 7 μm (vertical)×
10 μm (horizontal), which is larger than the theoretical
size in the case of a 10× lens.
2.5 Computer-assisted organoid imaging system
After the screening of the entire culture plate,
examination of the morphology of the organoids indi‐
cates their developmental status. Therefore, we adopted
a procedure that includes the detection and recogni‐
tion stage, which was developed in our previous study
(Fan et al., 2017). Our strategy was to segment out
the candidate organoids and then automatically classify
them into one of three classes (positive, negative, or
adhesion). The organoids, with their thickness and
biomass, show lower illumination intensity than the
background. Because of this peculiarity, intensity
threshold-based binarization typically shows limited
grouping capacity. Here, a simplified U-net model
(Ronneberger et al., 2015) was applied to separate the
organoids from the background. Subsequently, all con‐
nected components in the binary images were labelled
and cropped out as organoid images. To enhance the

contrast, we used the Contrast Limited Adaptive
Histogram Equalization (CLAHE) algorithm for each
organoid image before classification (Zuiderveld,
1994). After size normalization, all organoids were
recognized by a shrunken AlexNet (Krizhevsky et al.,
2012), which has only 118 862 parameters, which is
less than 0.2% of the original 6×107 parameters. To
enrich the training set, rotating and flipping were
applied to each labelled training image. Consequently,
the training set had 28 128 processed images, although
we labelled only 1758 images. The training set was
not perfectly balanced. Adhesion samples accounted
for only 15% of the total samples. Weights for adhe‐
sion, positive, and negative samples were set to 0.8,
0.1, and 0.1, respectively, to rebalance the results. The
system returned the position and label for each organ‐
oid based on the detection and recognition procedure
(Fig. S3). The overall accuracy of the entire system
was greater than 95%. The positive, negative, and
adhesion images recognized by the machine were
evaluated by three experienced researchers and further
characterized using standard biological experimental
verification. The correct images were selected and
counted, and the accuracy rate was calculated as the
average of the confirmed positive, negative, and adhe‐
sion rates of individual experiments.
2.6 Organoid culturing and compound treatment
The human iPSCs used in this study were pro‐
duced from urine-derived cells from healthy donors
following a previously described protocol (Sun et al.,
2020). The culturing of iPSC-derived kidney organ‐
oids in this study was initiated according to the method
proposed by Przepiorski et al. (2018) and performed
as previously described (Wang et al., 2021). Kidney
organoid generation was conducted as a two-step pro‐
tocol. First, iPSCs were cultured on 10-cm Matrigelcoated dishes to approximately 80% confluence, then
dissociated with dispase, scraped, and resuspended in
bovine serum albumin polyvinylalcohol essential lipid
(BPEL) medium containing 8 μmol/L CHIR99021,
3.3 μmol/L Y27632, and 1 mmol/L β-mercaptoethanol,
and evenly distributed into six-well ultra-low attach‐
ment plates (Corning, New York, USA). Half medium
changes were carried out using BPEL supplemented
with 8 μmol/L CHIR99021 on Day 2. The formed em‐
bryoid bodies were transferred into Stage II medium
on Day 3 and grown for various periods until kidney
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organoids formed (up to two weeks); half of the medium
was replaced every 2 d during organoid culturing. The
compound treatment was initiated using cisplatin
(Sigma-Aldrich, St. Louis, USA), which was con‐
sidered as the test model for the toxicity study. The
treatment was modified as described by Digby et al.
(2020). Cisplatin was added at different concentra‐
tions (0, 50, or 100 μmol/L) to the Stage II medium of
each well on Day 10, and organoids were harvested
for downstream analysis after 96 h of treatment.
For drug screening in 96-well plates, well-developed
organoids on Day 10 were transferred to 96-well ultralow attachment plates (Corning), with a single organ‐
oid per well, for each compound treatment. Different
concentrations of cisplatin, celastrol (Sigma-Aldrich),
and vitamin C (Sigma-Aldrich) were used for the
panel assay. Cisplatin was administered at 0.5, 50, or
100 μmol/L, celastrol at 5 or 10 μmol/L, and vitamin
C at 50 or 200 μmol/L. Organoids cultured with the
complete medium were set as the control group. A
continuous time-lapse imaging approach was performed
using the “read-on-ski” system for each group every
24 h until the treatment reached the end of the 96-h
duration.
2.7 Biological analysis
Haematoxylin and eosin (H&E) staining was per‐
formed according to standard procedures. Immuno‐
cytochemical and reverse transcription-quantitative
polymerase chain reaction (RT-qPCR) analyses were
performed as previously described (Wang et al., 2021).
The antibodies and dyes used in the study included
cadherin-1 (CDH1; BD Biosciences, Franklin Lakes,
USA), megalin/lipoprotein receptor-related protein-2
(LRP2) (Abcam, Cambridge, UK), kidney injury
molecule-1 (KIM1; R&D Systems, Minneapolis,
USA), and lotus tetragonolobus lectin (LTL; Vector
Labs, Newark, USA). 4',6-Diamidino-2-phenylindole
(DAPI; Thermo Fisher Scientific, Waltham, USA) was
used for nuclear staining. Immunofluorescence was
visualized using a Zeiss LSM710 confocal microscope
(Oberkochen, Germany). Organoids were homogenized in TRIzol (Invitrogen, Carlsbad, USA). Total RNA
was extracted using the RNeasy Mini Kit (Qiagen,
Hilden, Germany), and complementary DNA (cDNA)
was synthesized using the GoScript Reverse Transcrip‐
tion system (Promega, Madison, USA). For RT-qPCR,
SsoAdvanced SYBR Green Supermix (Bio-Rad, Irvine,

USA) was used on an ABI StepOnePlus real-time
PCR machine (Applied Biosystems, Foster City,
USA). The expression level of each gene was nor‐
malized to the glyceraldehyde-3-phosphate dehydrogenase (GAPDH) expression level. Gene expression
values were calculated using the ΔΔCT method. The
primer sequences included the following: KIM1, for‐
ward 5'-TGTCTGGACCAATGGAACCC-3', reverse
5'-GGCAACAATATACGCCACTGT-3'; tumor necrosis
factor-α (TNF-α), forward 5'-GAGGCCAAGCCCTG
GTATG-3', reverse 5'-CGGGCCGATTGATCTCAGC-3';
GAPDH, forward 5'-TGCACCACCAACTGCTTAGC-3',
reverse 5'-GGCATGGACTGTGGTCATGAG-3'.
2.8 Multiple logistic regression analysis
Multiple logistic regression (Hosmer and Lemes‐
bow, 1980) was applied to illustrate the contributions
of both cisplatin concentrations and area changes in
response to cisplatin treatment. In the regression model
design, cisplatin concentration was considered a pre‐
dictor variable with four discrete values: 0 represent‐
ing the control group, and 0.5, 50, and 100 represent‐
ing the groups treated with 0.5, 50, and 100 μmol/L
cisplatin, respectively. Delta area, which is another
independent predictor variable, was defined as the
change in the area after cisplatin treatment. As for the
response variable, a binary variable was adopted due
to the binary nature of the final status (organoids in
the positive or negative category) of the experiment:
0 for positive outcomes or 1 for negative outcomes
(Fig. S4).

3 Results
3.1 System performance of “read-on-ski”
Experiments were performed to validate the per‐
formance of the “read-on-ski” microscopy system in
terms of resolution and scanning speed. In the resolu‐
tion view, our system has three different resolution
setups, 0.31, 0.62, and 1.55 μm/pixel. This gives us
the flexibility to choose between time consumption
and resolution to fit different requirements. Utilizing
the “read-on-ski” motion, a 40× objective can achieve
a speed of 0.62 cm2/min for the entire microplate. The
image duration can be reduced by approximately
14%, 4%, and 3% when 4× , 10× , and 20× objec‐
tives are used, respectively, compared to that by the
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conventional “stop-and-read” system; data were pre‐
sented at the same setup as the two commercial con‐
trol mechanisms (Table 1). The scanning speed is
more than twice as fast (for conventional resolution
setup) as that of commercial systems (Table 1). Con‐
trolling the speed of the stage movement is key to
managing vibration and blurring in the image for
high-throughput performance, which is also constrained
by the speed of the camera (frames per second) and
the computation-based image processing. To this end,
the “read-on-ski” system was used to examine the
resolution over different stage movements. Measure‐
ments of resolution were taken from the same region
of a standard-resolution board. The integration time
and illustration intensity were fixed at 0.01 s and
2.59 mW/mm2 to accommodate the highest recording
speed of the camera. To meet the requirement of
organoid screening, a 10× lens was selected for the
image acquisition speed test. The example image
in Fig. 4 shows that from 2 to 30 mm/s, the speed
increase did not significantly affect the resolution.
Therefore, we chose 15 mm/s as a stable and suffi‐
ciently fast speed for our application. However, the
highest running speed is theoretically limited to less
than 70 mm/s by the camera’s frame rate. Whole-well
scanning of a six-well plate was performed using two
different lens resolution setups to evaluate the speed
of our system (Table 1). In a typical organoid screen‐
ing capture mode, our system can complete scanning
in 42 s per well, or 3 min per plate, which is approxi‐
mately a 2- to 5-fold improvement compared to the
existing commercial system, despite the stage move‐
ment causing blurry images (data not shown).
3.2 Automated organoid detection using “readon-ski” system
The “read-on-ski” system employed the optical
stage movement with the static plate holding condition,
which is ideal for suspension organoid screening.
After whole-plate imaging, the morphological infor‐
mation of organoids, i.e., their differentiation and
culturing status, was determined. We adopted a method
that includes computational detection and recognition
procedures. The strategy was to segment out the can‐
didate organoids and automatically classify them into
three categories (Figs. 5a–5i). Under high-quality
imaging, well-developed organoids with structured
tubule formation presented a unique texture, with

Table 1 Evaluation of the speed of the “read-on-ski” system
and two different commercial setups by whole-well scanning
Setup
4× lens
10× lens
Cell Matric1
ImageXpress2

Time (s)
42
96
92
317

Resolution (µm/pixel)
1.55
0.62
1.55
1.55

1

Cell Matric DLC from Solentim Ltd. (UK); 2 ImageXpress Micro
Confocal from Molecular Devices LLC (USA).

Fig. 4 Blur effect of the “read-on-ski” system at different
running speeds.

various grayscale values under illumination compared
to the background. Then, a threshold-based binariza‐
tion was applied to distinguish the candidate area,
which is based on the range of background intensity.
The candidate area was filtered to retain the size
between 200 and 1000 μm. Selected candidates were
rescaled to 300 pixels×300 pixels and classified using
a convolutional neural network (CNN) into three cat‐
egories (Fig. 5j). We trained the CNN using over 1700
pre-labelled samples. Finally, the recognition results
were mapped back to the entire well image, and the
locations and labels were registered for the downstream
process.
The recognition procedure for the kidney organ‐
oid detection framework consists of a two-stage clas‐
sification process. If the image window is located in a
positive organoid texture, the area is labelled using a
green-colored overlay; the failed case is colored in
blue, and the connected or adhesion organoids are

J Zhejiang Univ-Sci B (Biomed & Biotechnol) 2022 23(7):564-577 | 571

Fig. 5 Identification and classification of kidney organoids. (a‒i) Characterization of well-developed, failed, and adhesion
iPSC-derived 3D kidney organoids on Day 14: (a, d, g) Bright-field images of well-developed, failed, and adhesion kidney
organoids, respectively; (b, e, h) H&E staining of well-developed, failed, and adhesion kidney organoid sections,
respectively, with the red arrows indicating tubules and green arrows indicating podocytes; (c, f, i) Immunofluorescent
staining of sections from well-developed, failed, and adhesion kidney organoids with proximal tubule marker LTL
(green) and distal tubule marker CDH1 (red), and staining of nuclei with DAPI (blue), in which the red arrows
indicate tubules. (j) Workflow of organoid detection using the “read-on-ski” system, with well-developed, failed, and adhesion
kidney organoids being marked in green, blue, and red, respectively. iPSC: induced pluripotent stem cell; H&E:
haematoxylin and eosin; LTL: lotus tetragonolobus lectin; CDH1: cadherin-1; DAPI: 4',6-diamidino-2-phenylindole. Scale
bars: 100 μm (a‒g, and i), 200 μm (h), and 5 mm (j).

marked in red and excluded (Fig. 5j). The training
session was run with numerous manually cropped sam‐
ples, followed by the annotation of the well-developed,
failed, and adhesion groups, which were indicated
at the regions after “read-on-ski” imaging and postprocessing of an entire well plate. Subsequently, com‐
puter vision detection and categorization results were
verified using conventional biomedical approaches.
According to bright-field images (Figs. 5a, 5d, and 5g),
the well-developed kidney organoids were verified
using H&E staining, which showed more abundant
components of tubules and podocytes than the failed
cases (Figs. 5b and 5e). In contrast, H&E staining of
adhesion kidney organoids indicated malformation of
characteristic structures in the case of clumping (Fig. 5h).

Immunostaining analysis of kidney organoid sections
further consolidated and verified the computer vision
detection results. LTL- and CDH1-positive staining
demonstrated the formation of the proximal and distal
tubules, which confirmed that immunostaining of
well-developed kidney organoid sections consisted of
label-free computer vision (Fig. 5c). The computer
vision approach demonstrated 95% accuracy in the
characterization of iPSC-derived 3D kidney organoids
(Table 2).
3.3 Automated drug screening via organoid detec‐
tion using the “read-on-ski” system
Current commercially available imaging setup
methods cause blurry imaging due to system variations
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Table 2 Accuracy rate of computer vision-assisted organoid detection
Classification of
kidney organoids

Total number of cases

Well-developed
Failed case
Adhesion case

127
203
82

Researcher A
122
201
80

under the “stop-read” mode, which requires a pro‐
longed phase for organoid settlement during image
acquisition. Using the “read-on-ski” system to generate
blur-free high-quality images via a label-free and
non-invasive computer vision approach is expected to
open avenues for organoid-based drug screening. To
test this hypothesis, the kidney organoid-based toxicity
model was used along with various concentrations of
cisplatin and other similar compounds to mimic druginduced renal damage (Fig. 6).
After induction, iPSCs were cultured for 14 d for
differentiation into organoids. Continuous imaging was
performed using the “read-on-ski” system to monitor
the morphological characteristics of kidney organoids
in multi-well culture plates (Figs. 6a–6c; before treat‐
ment). After image acquisition, the organoids in the
multi-well plate were classified into three categories;
in each well, the percentages of well-developed (posi‐
tive, average organoids per well (81.9±2.4)%), failed
(negative, average organoids per well (8.6±1.4)%),
and adhesion case (multiple, average organoids per
well (9.5±1.7)%) kidney organoids versus the overall
detected events were calculated (Fig. 6d). Subsequently,
the computer vision system digitally registered the
organoids in classified categories and monitored them
for cisplatin induction (0, 50, or 100 μmol/L) as an
internal control for comparison purposes in toxicity
screening. Following this strategy, organoids were
imaged continuously for up to 96 h after cisplatin
treatment. During this screening period, the computer
vision system distinguished the changes in the organ‐
oid texture as tubule formation and changes in the
organoid area as the change in size. The numbers of
classified organoids before and after cisplatin treat‐
ment are summarized in Table S1. During the cisplatin
toxicity study, the untreated control group showed
minor changes in the negative category ((6.8±1.8)%
vs. (15.6±7.2)%, not statistically significant) com‐
pared to a dramatic multi-fold increase in cisplatintreated groups (50 μmol/L: (7.3±1.3)% vs. (30.5±
2.6)%, P<0.05; 100 μmol/L: (8.0±3.0)% vs. (73.7±
4.1)% , P<0.05). This observation demonstrated that

Correct case
Researcher B
128
192
82

Researcher C
127
191
78

Accuracy rate (%)
96.3±3.6
95.9±2.7
95.1±2.4

the proportion of organoids in the negative category
treated with 100 μmol/L cisplatin was significantly
higher than that in the group treated with 50 μmol/L
cisplatin ((73.7±4.1)% vs. (30.5±2.6)%, P<0.001), in‐
dicating dose-dependency (Fig. 6d). To verify the auto‐
mated and algorithm-computed results, biological
experiments were conducted using immunofluores‐
cence staining and RT-qPCR analysis to verify cisplatintreated or untreated control groups of organoid sam‐
ples using a molecular approach. The fluorescence
results indicated the protein expression level of the
proximal tubule marker KIM1 (Figs. S5a–S5c). The
messenger RNA (mRNA) levels of KIM1 and proin‐
flammatory cytokine gene TNF-α in 50 or 100 μmol/L
cisplatin-treated organoids were significantly higher
than those in the untreated control group (Fig. S5d).
This finding was consistent with the results of the
computer vision and algorithm-based detection methods.
In contrast, including the untreated control group, the
computer vision system showed that the proportion of
positive organoids decreased under all conditions (con‐
trol: (85.5±2.6)% vs. (40.6±7.5)%, P<0.01; 50 μmol/L:
(86.4±3.2)% vs. (57.8±5.2)%, P<0.01; 100 μmol/L:
(73.9±2.4)% vs. (4.7±2.6)%, P<0.001), as shown in
Fig. 6d. The proportion of the adhesion category
increased in the untreated control group ((7.7±2.1)%
vs. (43.8±0.4)% , P<0.001) and in the higher dose of
cisplatin group ((14.0±1.1)% vs. (30.1±3.6)%, P<0.05),
whereas in the 50 μmol/L group, it remained unchanged
((6.4±3.3)% vs. (11.7±4.2)%, not statistically signifi‐
cant), as shown in Fig. 6d. Furthermore, an increase
in the area of positive organoids as an indication of
cellular proliferation also acted as a critical compo‐
nent to illustrate compound efficacy. The detected
organoid area of positive cases significantly increased
in the untreated control group ((0.144±0.007) mm2
vs. (0.196±0.015) mm2 , P<0.001), whereas it de‐
creased in the cisplatin-treated groups (50 μmol/L:
(0.160±0.007) mm2 vs. (0.095±0.005) mm2, P<0.0001;
100 μmol/L: (0.160±0.008) mm2 vs. (0.055±0.011) mm2,
P<0.0001), as shown in Fig. 6e. These data implied that
organoids in the control group proliferated continuously
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Fig. 6 Cisplatin toxicity analysis using the “read-on-ski” system. (a‒c) Organoids before and after treatment with cisplatin,
detected using the “read-on-ski” system. Positive, negative, and adhesion kidney organoids are marked in green, blue,
and red, respectively. Bright-field microscopy images showing positive, negative, and adhesion organoids after treatment
with cisplatin. The white arrow shows the deteriorated organoid edge after treatment. (d) The percentages of positive,
negative, and adhesion kidney organoids before and after treatment with cisplatin. (e) The area of positive organoids
identified by the detection algorithm in different cisplatin-treated groups (control, 50 and 100 μmol/L). (f) Detection of
organoids before and after treatment with cisplatin with indicated concentrations. Positive and negative cases of kidney
organoids are marked in green and blue, respectively. Each cisplatin-treated group (0.5, 50, and 100 μmol/L) was
placed in 96-well plates, with a single organoid per well. (g) A summary of cisplatin screening results of kidney
organoids in 96-well plates. The detection algorithm calculated the proportions before and after treatment with different
doses of cisplatin. (h) The area of positive organoids identified by the detection algorithm in different treatment conditions,
as indicated in the data obtained from 96-well plate-based experiments. * P<0.05, ** P<0.01, *** P<0.001, **** P<0.0001, ns not
significant. Scale bars: 200 μm (small figures in a‒c) and 5 mm (big figures in a‒c, and f).
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as their size increased, which might have caused an
increase in adhesive multi-organoid populations and
indirectly reduced the number of positive organoids in
culturing conditions (Figs. 6a and 6d). The computer
vision approach showed results equivalent to those of
serial imaging and endpoint measurement, which indi‐
cated cumulative renal damage caused by cisplatin
(Figs. 6b and 6c).
The compound screening approach was imple‐
mented using the “read-on-ski” technology and an
automated detection algorithm for drug screening in a
96-well plate format. One well per qualified welldeveloped organoid was handled as the screening setup. Each organoid was treated with cisplatin (0, 0.5,
50, or 100 μmol/L) and continuously imaged every
24 h via the “read-on-ski” approach for up to 96 h.
The results showed that the percentage of positive
organoids was reduced by the addition of cisplatin
(Figs. 6f and 6g), and the average area alteration after
cisplatin treatment was consistent with the results
based on the multi-well plate (Fig. 6h). Moreover, the
data were verified using multiple logistic regression
analysis to determine the outcomes of cisplatin treat‐
ment. When the cisplatin concentration and the change
in the detected area (delta area) were included in
the multiple logistic regression model (Fig. S4), the
positive-negative statement was predicted to be statis‐
tically significant in response to the changes in cispl‐
atin concentration.
Furthermore, in order to demonstrate the imag‐
ing and detection, the combined setup is a generalized
approach for pharmacological compound screening
using kidney organoids (Fig. S6). The automated com‐
puter vision system provided a readout consistent with
our previous half-maximal inhibitory concentration
(IC50) studies on celastrol and vitamin C, and matched
the data obtained using conventional biological proce‐
dures to study kidney toxicity (data not shown).

4 Discussion
The application of kidney organoids in toxicity
studies opens the door for future drug screening
research. Conventional organoid toxicity studies rely
on manual design, and the selection of features is
based on human observation and experience, making
it difficult to achieve optimal performance (Qian et al.,

2016). The implementation of an automated stagebased microscopic setup for organoid screening has
been limited by the spatial and temporal resolution of
computational detection methods. Here, we have
presented an automated label-free and non-invasive
organoid-by-organoid screening setup, which employed
our in-house developed “read-on-ski” system and
machine learning-based computer vision algorithms.
This setup can achieve 95% accuracy with three clas‐
sifications of organoid status under a 3-min screening
time with 1.2-μm spatial resolution on a standard multiwell plate (Table 2). Combining the automated image
system with computer vision techniques can provide
advanced tools for studies of biological morphology
and classification in organoid-based toxicity trials
(Schmuck et al., 2017).
The application of organoids has shown great
potential for drug screening (Boretto et al., 2019;
Driehuis et al., 2020), but it has not been utilized by
the pharmaceutical industry or commercialized for
related research outside the academic environment. As
reported here, in conjunction with automated imaging
ability, a computer-aided machine learning approach
for organoid-based drug screening can detect cellular
changes in the early stages and quantitatively extract
multi-parameter features (Fig. 5j). Image quality is key
to this computer-assisted approach. Unlike the conven‐
tional setup, the optical setup developed here can hold
3 μm of the depth of field with a 0.4 numerical aper‐
ture, which is sufficient to capture an area of 1.4 mm×
1.6 mm (Fig. 4). The imaging process can capture the
entire 96-well plate with a generous depth of field;
hence, tubule formation in kidney organoids classified
with different features and sizes can be registered. As
the time lapse is elevated at high frequency, this auto‐
mated high-throughput analysis can potentially group
different stages as individual conditions for kidney
organoid changes in cell fate mapping.
Computer-assisted cell recognition has been
widely used in life science research. Big data are used
to directly train multi-layer neural networks with dif‐
ferent deep structures and to combine these networks
with feature extraction and classification. A CNN is a
structure introduced by LeCun and Bengio (1995),
which is widely used in computer vision research.
CNNs are successfully applied to manage image data
in classification, segmentation detection, and retrieval
tasks. For example, CNNs are used as the current
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baseline approach for breast cancer classification and
diagnosis (Chougrad et al., 2018). Chen et al. (2016)
presented a multi-feature, label-free cell classification
system using deep learning techniques. Deep learning
techniques provide an end-to-end learning procedure
that combines feature extraction with a classifier. The
expert pre-labelled samples provide a limited training
set, which cannot completely cover all types and
phenotypes. Thus, increasing the number and diversity
of samples to enhance the training set may further
improve the accuracy. However, in this study, we could
not form a correlation between failed cases with false
positives or negatives logically; the detection failure
was commonly unknown owing to the characteriza‐
tion of the CNN itself.
The entire well plate was imaged to detect differ‐
ent unveiled organoid alterations during cisplatin
treatment. This single organoid detection approach
revealed that over 96 h, the organoids continued to
grow, and we could not use a single parameter to
describe the efficacy of the treatment, although various

concentrations were used (Fig. 6d). The loss of the
tubule structure (reduction in positive and increase in
negative cases) and reduced sizes can be the general‐
ized key signatures for toxicity studies (Figs. 6d and
6e). Overgrown organoids formed adhesion sets in
multiple organoids; a similar observation was obtained
in profoundly demanded kidney organoids. Although
the observations and quantification methods indicated
a similar effect, the mechanisms of merging of the
organoids were different.
The application of fully automated imaging-based
organoid screening in toxicity studies will open the
door for next generation drug screening (Fig. 7). The
texture-related multicellular formation of the structural
features and the changes in the size of the organoids
are fundamental criteria to be considered under the
same conditions.
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