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Abstract

The viability assessment of patient-derived tumor organoids is essential for preclinical drug screening, with microscopic im-
aging serving as a key method for evaluating drug effects. Traditional image analysis methods, such as manual evaluation and
fluorescence staining, suffer from low efficiency, dye toxicity, and fluorescence degradation, making them unsuitable for high-
throughput drug screening. Additionally, current artificial intelligence (Al)-based tools face challenges in precise segmentation
for the accurate quantitative analysis of viable and nonviable organoids. To address these challenges, we introduce Organoid-
ViT, a novel deep learning model utilizing vision transformer technology for the precise segmentation of viable and nonvi-
able colorectal cancer organoids in bright-field microscopy images, ensuring an accurate efficacy assay of different drugs.
Trained on custom datasets of colorectal cancer organoids prepared using microdroplet technology, OrganoidViT facilitates
high-throughput segmentation without fluorescence imaging, with experimental results indicating superior performance of
OrganoidViT (accuracy of 99.7%) compared to manual annotation and traditional convolutional models. The capability of
pixel-level segmentation enables accurate morphological assessments, including area, pellucidity, roundness, and grayscale
entropy, which are critical for evaluating growth conditions and the effects of different therapeutic agents on colorectal cancer
organoids. Thus, OrganoidViT shows promise for preclinical drug screening, enhancing both the efficiency and accuracy of
organoid-based testing.
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1 Introduction

Preclinical screening is a critical step in the development of
therapeutic drugs for cancer. Traditional biomarker screen-
ing methods rely on two-dimensional (2D) cultured cell
models or animal models. Although 2D cell models can be
expanded in vitro, they considerably differ from human tis-
sues and lose tumor heterogeneity after several passages [1].
Drug screening using patient-derived xenograft mouse models
suffers from a low success rate, long testing cycles, and the
impossibility of high-throughput screening [2, 3]. Patient-
derived organoids, as a novel tool for cancer research,
closely resemble the original tissues in terms of gene expres-
sion and drug response and can be stably passaged [4, 5].
Therefore, patient-derived organoids exhibit notable advan-
tages in the development and screening of cancer drugs,
improving success rates, shortening development cycles,
and reducing costs [6—11].

When organoids are used to assist drug development and
screening, statistical analyses of microscopic images of
organoids under different drug treatments critically affect
the accuracy and efficiency of drug screening [3, 11]. Tradi-
tional analysis methods, such as manual operations, are inef-
ficient and prone to errors because of the large amount of
data. At the same time, digital image processing methods
based on fluorescent staining images suffer from poor accu-
racy because of dye toxicity and fluorescence decay [12, 13],
and cannot continually identify nonviable organoids, as
these methods limit the segmentation to endpoint assays,
complicating the quantification of the long-term effects of
medication [14]. Additionally, bubbles in the culture matrix
can interfere with the analysis and recognition of organoid

images. Therefore, an accurate and robust method that does
not rely on fluorescence images must be developed to distin-
guish between viable and nonviable organoids, as well as
quantify their drug response.

In recent years, new artificial intelligence (Al)-based
methods, such as convolutional neural networks (CNNs),
have been introduced for organoid recognition [12—24]. For
example, Abdul et al. [23] proposed the D-CryptO tool that
can automatically assess crypt formation and the pellucidity
of colorectal organoids from bright-field images to determine
the maturity of organoid structures. They also introduced
the Deep-LUMEN tool to determine whether lung alveolar
spheroids exhibited the correct morphology [24]. However,
these methods depend on object detection models that gen-
erate only bounding boxes, capturing not only the target re-
gions but also background and irrelevant areas. Conse-
quently, these approaches exhibit limited potential for the
quantitative analysis of organoids and drug response evalua-
tion. Matthews et al. [14] proposed OrganolD, a powerful
image analysis platform that can automatically identify,
label, and track individual organoids pixel by pixel in bright-
field microscopy images and quantify parameters such as
area, roundness, and eccentricity for long-term time-lapse
microscopy studies and analyses of organoid responses to
chemotherapy. However, this platform cannot identify and
quantify nonviable organoids, complicating the assessment
of the effects of drugs on organoids.

To address these challenges, we developed a software
platform named OrganoidViT, which employs a vision
transformer (ViT) for organoid segmentation [25, 26]. This
approach addresses the limitations of traditional pyramid-
structured CNNs by preserving segmentation accuracy
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while effectively distinguishing between viable and nonvi-
able organoids [27]. ViT is a deep learning model built on
the transformer architecture. Its core components consist of
the “linear projection of flattened patches” module for seri-
alizing input image data and the “transformer encoder”
module for capturing global information and extracting fea-
tures [26, 28]. Unlike pyramidal tree structures, the trans-
former architecture minimizes information loss during feature
extraction [28]. OrganoidViT includes an input module, a
transformer encoder, and a prediction branch. It also inte-
grates multiple loss functions, such as dice, focal, and compact
losses, to improve the accuracy of organoid segmentation.

2 Results

2.1 Transformer model for the segmentation
of colorectal cancer organoids

We developed a semantic segmentation model based on
ViT, named OrganoidViT, which can segment organoids in
bright-field microscopy images pixel by pixel and classify
them as either viable or nonviable (Fig. 1). The model takes
the bright-field images of organoids as input and outputs
multichannel probability maps, where the pixel value in each
channel represents the probability of the pixel belonging to
viable or nonviable organoids. The model employs an
encoder—decoder architecture, with the encoder derived from
ViT and utilizing 2D positional attention to retain the 2D
positional information between image tokens [29], thereby

providing richer spatial details for segmenting small-sized
organoids. The encoder is structured into four stages, with
the transformer encoder in each stage consisting of two
transformer layers and an “overlap patch merging” module
for feature extraction and downsampling of the feature
maps [21, 29]. As a result, the four stages output multiscale
feature maps with resolutions of 1/4, 1/8, 1/16, and 1/32 of
the original image, respectively. The decoder is derived
from the U-Net architecture, utilizing a stepwise upsam-
pling approach for the fine-grained segmentation of the fea-
ture maps. Notably, we utilized the dilated residual connec-
tion [30] module to establish connections between the de-
coder and the 3rd and 4th stages of the encoder, replacing
the traditional skip connection in U-Net. This design pre-
serves a richer global semantic context, enhancing the abil-
ity of the model to more accurately distinguish ambiguous
organoids within the image. In contrast, the Ist and 2nd
stages use direct skip connections to transmit features to the
decoder, effectively reducing computational load while
ensuring accuracy.

2.2 Dataset creation and model training

To facilitate the segmentation of viable and nonviable organ-
oids using the OrganoidViT model, we prepared colorectal
cancer organoids using droplet microfluidics and trans-
ferred them into 96-well cell culture plates for subsequent
culture and treatment (Figs. 2a—2c). A Nikon Ti2-E micro-
scope (Nikon, Japan) equipped with a 3X objective lens was
employed to capture images of the colorectal cancer organoids
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Fig. 1 Architecture of the OrganoidViT model. The model is based on the encoder—decoder structure. The input must be bright-field microscopy
images of organoids, from which multiscale features are extracted in multistage transformer layers, yielding feature maps at scales of 1/4, 1/8, 1/16,
and 1/32 of the input image size. These features are then connected to an MLP via a dilated residual connection module, yielding a mask image
of organoids as the output. FFN: feedforward network; Conv: convolution; Concat: concatenate; BN: batch normalization; ReLU: rectified linear

unit; MLP: multilayer perceptron
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Fig. 2 Overview of the development of the OrganoidViT model. We utilized droplet microfluidics to standardize the cultivation and drug treat-
ment procedures for colorectal cancer organoids, enabling automated analyses via our OrganoidViT model. (a—c) Standardized organoid cultiva-
tion: droplets encapsulating organoids and extracellular matrices were generated at high throughput using a syringe pump and microfluidic
chips, and then dispensed into 96-well cell culture plates using a three-dimensional (3D) droplet printer for subsequent cultivation, treatment,
and imaging. (d, e) Acquisition of organoid image data and analysis using OrganoidViT

(Fig. 2d), which were subsequently used for model training
and inference (Fig. 2e). We acquired organoid images using
the Z-stack method implemented in the OpenCV (version
4.5.1.48) framework, following a timeline (Fig. 3a). This
method involves capturing multiple images at different fo-
cal planes and then synthesizing them to create a clear full-
field view of the organoids on different days (Figs. 3b—3d).
A total of 812 microscopy images of colorectal cancer organ-
oids were collected, and each organoid was annotated using the
Labelme software by an expert team based on morphology,
pellucidity, and dispersion, as well as fluorescent images,
classifying each organoid as viable or nonviable (Fig. 3e).
Specifically, regions with high pellucidity or distinct textures
were classified as viable organoids, whereas regions with low
pellucidity or dispersed structure were labeled as nonviable
organoids. Additionally, bubbles in the images were sepa-
rately labeled to prevent misidentification by the model. The
data were divided into training, validation, and test sets in a
60%, 20%, and 20% split and used to train the OrganoidViT
model through transfer learning from the ImageNet dataset.
The OrganoidViT model was implemented in PyTorch and
trained for 40,000 steps. Training configuration parameters
(Table S1 in the supplementary information) were adjusted
and optimized, with training curves recorded in TensorBoard

(version 2.10.1) (Fig. S1 in the supplementary information)
to assess convergence and prevent overfitting.

The model performance was quantified using multiple
metrics on the test set to comprehensively evaluate its pre-
dictive capability: intersection over union (IoU, for seman-
tic region-level assessment), Dice coefficient (for semantic
region-level assessment), and Recall, Precision, and F1-score
(for organoid-level evaluation). All test images met the pre-
defined benchmark criteria, with the model achieving a mean
IoU of 0.745 (a mean IoU above 0.5 indicates good predic-
tive capability [14]), a Dice coefficient of 0.854 for semantic
segmentation, a Recall of 0.935, a Precision of 0.987, and
an Fl-score of 0.960. These results confirm the reliability
of the training outcomes and validate the superior perfor-
mance of OrganoidViT. To further assess the performance
of OrganoidViT, we implemented a U-Net [27] model in
PyTorch on the same dataset and compared the prediction
results with those of OrganoidViT (Fig. 4). The viable organ-
oids in the images taken in the initial stage of treatment (Days O
and 6) can be effectively predicted by both OrganoidViT and
U-Net, though the pixel counts predicted by OrganoidViT are
closer to the ground truth, achieving an accuracy of 99.7%.
In the later stages of treatment (Days 6, 9, and 12), U-Net
struggled to reliably distinguish between viable and nonviable
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Fig.3 Imaging and dataset annotation of organoids. (a) Schematic timeline of organoid image acquisition. (b) Z-stack method for organoid im-
age acquisition, in which the final image is a composite of seven images taken at different focal planes. (c) A workflow diagram of organoid
segmentation using digital image processing based on fluorescent staining. The segmentation results were used in the annotation of the organoid
datasets. Bright-field and fluorescence images of organoids were collected through the Z-stack method, and segmentation was performed by ap-
plying a set threshold for binarization, filtering, and edge detection of the fluorescent images. (d) A schematic showing fluorescence decay over
the organoid culture period. Panels (d1, d3) show the bright-field and corresponding fluorescence images within the red boxed area on Day 0.
Panels (d2, d4) show the same for Day 6, highlighting a substantial reduction in fluorescence intensity. (¢) An example of dataset annotations,
where red areas indicate viable organoids and green areas indicate nonviable organoids. Panels (el—e3) show the annotation approach for organ-
oids containing both viable and nonviable regions, panels (e4, e5) show viable regions, and panels (e6-e8) show nonviable regions

organoids, leading to substantial pixel count discrepancies.
Conversely, OrganoidViT exhibited occasional misclassifi-
cations, but its relative error in predicting viable and nonvi-
able organoids on Day 12 was 2.14% and 1.73%, respec-
tively, which are acceptable.

To further validate the accuracy of OrganoidViT, we con-
ducted statistical analyses of the relative errors of predic-
tions from U-Net, U-Net++, DeepLabv3, and OrganoidViT
against the ground truth on the test set. In predicting viable
and nonviable organoids, OrganoidViT shows a substan-
tially smaller relative error than the other three models
when benchmarked against ground truth data (Figs. 5a and
5b). However, in bubble prediction, OrganoidViT exhibits a
higher relative error than the other three models (Fig. 5c¢)
because of its ability to detect edge bubbles (Fig. S2 in the

@ Springer

supplementary information), which were not included in the
training dataset. These results indicate that OrganoidViT
outperforms traditional CNN-based networks in organoid
segmentation tasks and further confirm its ability to learn
more complex and deeper features from images.

We also trained the OrganoidViT model on additional
publicly available organoid datasets [14, 22], achieving the
segmentation of human small intestinal organoids, human
pancreatic ductal adenocarcinoma organoids, and mouse
small intestinal organoids. As these public datasets lack an-
notations for nonviable organoids, we focused exclusively
on viable organoids (Fig. 6). OrganoidViT achieved mean
ToU scores of 0.9182, 0.9320, and 0.9618 on the three data-
sets. Despite the lack of annotations for nonviable organoids,
OrganoidViT exhibits strong performance compared to the
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Fig. 4 Comparison between the ground truth and prediction results from different models on various days. Two numbers in the lower left corner of
each image indicate the areas of viable/nonviable organoids (pixels). In all images, red-marked regions represent viable organoids, green-marked
regions represent nonviable organoids, and yellow-marked regions represent bubbles. Scale bars: 500 pm. mAP@50: mean average precision at

intersection over union (IoU) threshold of 0.50

predictions of viable organoids on the publicly available
datasets (Table 1), highlighting its potential for the analysis
of other types of organoids.

2.3 OrganoidViT uncovers changes in 2D
morphological parameters during organoid
expansion

The 2D morphological parameters of organoids—such as area,
roundness, and pellucidity (Fig. 7a)—progressively change

as the organoids mature [12]. These parameters provide a
more precise assessment of organoid growth and quality.
The pixel-level recognition capability of OrganoidViT en-
ables the precise identification and quantification of organ-
oid morphology, offering better accuracy than D-CryptO in
morphological assessments [23]. We analyzed growth pat-
terns in 37 groups of colorectal cancer organoids cultured
under drug-free conditions. Images were obtained from 20
groups on Days 0 and 6 and from 17 groups on Days 0, 3, 6,
9, and 12. These images were processed using OrganoidViT
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to generate masks of viable organoids, followed by the appli-
cation of our custom extractor of morphological parameters
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Fig. 5 Comparison of the prediction results obtained from U-Net,
U-Net++, DeepLabv3, and OrganoidViT against the ground truth on
the test set. (a) Relative errors between the predictions of all four
models for viable organoids on different days and the ground truth,
with OrganoidViT showing smaller relative errors. (b) Relative errors
between the predictions of all four models for nonviable organoids
on different days and the ground truth, with OrganoidViT showing
smaller relative errors. It should be noted that no data for nonviable
organoids are available for Day 0, resulting in the absence of relative
error values for this day. (c) Relative errors between the predictions
of all four models for bubbles compared to the ground truth. As some
edge bubbles were not annotated in the ground truth, and Organoid-
ViT was able to partially predict these edge bubbles, its relative error
was greater in this case. Data are expressed as meanzstandard devia-
tion (n=37 organoid groups)

to obtain the organoid count for each set and assess individual
organoid area (Fig. 7b), pellucidity (Fig. 7c), roundness
(Fig. 7d), and grayscale entropy (Fig. 7e).

The area was calculated as the total number of pixels pre-
dicted by OrganoidViT, representing the projection of the
3D organoid onto the X-Y plane and reflecting its overall
volume. Pellucidity was determined by the contrast between
the histograms of the edge and central regions within the
OrganoidViT-predicted area, indicating the size of the organ-
oid along the Z-axis. Roundness was measured as the ratio
of the area to the square of the perimeter, where the perim-
eter is defined as the number of edge pixels in the predicted
region. This metric reflects the degree of budding and matu-
ration of an organoid. Grayscale entropy, calculated using
Shannon’s entropy formula, quantifies the randomness of
grayscale values in the OrganoidViT-predicted region, assess-
ing the complexity of the internal structure of the organoid.
Consequently, as the culture time increases and the organ-
oid matures, the area expands, the pellucidity decreases, the
roundness diminishes, and the grayscale entropy rises. Sta-
tistical analyses from Day O to Day 12 reveal that the aver-
age area of 37 organoid groups expanded by 638.60% (from
193.30 to 1427.71), the average pellucidity decreased by
21.05% (from 0.0095 to 0.0075), the average roundness
decreased by 13.94% (from 0.775 to 0.667), and the average
grayscale entropy increased by 11.54% (from 5.46 to 6.09).
Although organoid counts vary considerably across the experi-
mental group, the trend in 2D morphological parameters within
each experimental group remains consistent (Fig. S3 in the
supplementary information). Additionally, as OrganoidViT
cannot distinguish spatially overlapping organoids, the cal-
culated roundness may slightly deviate from the actual values.
However, statistical analyses of a substantial number of stan-
dard samples indicate that OrganoidViT is suitable for analyz-
ing colorectal cancer organoid cultures.

2.4 OrganoidViT assists in quantifying the
drug response of colorectal cancer organoids

The pixel-level recognition capability of OrganoidViT en-
ables precise differentiation between viable and nonviable
organoids, establishing it as a powerful tool for the quantifi-
cation of drug effects on tumor organoids and suggesting its
promising potential in drug screening applications [10].
Herein, eight distinct inhibitor drugs were administered to
colorectal cancer organoids cultured in 96-well cell culture

Table 1 Comparison of intersection over union (IoU) results obtained through different methods

Type of organoids Data source/Mean IoU of the corresponding method Mean IoU of OrganoidViT
Human intestinal OrgaSegment/0.76 0.92
Human pancreatic ductal adenocarcinoma  OrganolD/0.74 0.93
Mouse small intestinal OrganolD/0.70 0.96
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Fig. 6 Performance of OrganoidViT on additional public datasets. (a, e¢) Ground truth and predictions on our custom colorectal cancer organoid
dataset. (b, f) Ground truth and predictions on human small intestinal organoids from the OrgaSegment dataset [22]. (c, g) Ground truth and predic-
tions on human pancreatic ductal adenocarcinoma organoids from the OrganolD dataset [14]. (d, h) Ground truth and predictions on mouse small in-
testinal organoids from the OrganolD dataset [14]. The number in the lower left corner of each image indicates the area of viable organoids (pixels)

plates. The drugs were applied at various concentrations
according to a specified timeline (Fig. 8a), with untreated
controls (0 pmol/LL concentration) included in each experi-
mental setup. Specifically, five inhibitors, including Ada-
vosertib, Encorafenib, Lapatinib, Regorafenib, and Sotorasib,
were administered for 6 d, with images captured on Days 0
and 6. The remaining three inhibitors—S5-Fluorouracil, CPT-
11, and Oxaliplatin—were administered for 12 d, with imag-
ing performed on Days 0, 3, 6, 9, and 12.

Using OrganoidViT, we analyzed microscopic images of
colorectal cancer organoids treated with these inhibitors at
different concentrations, quantifying changes in the distribu-
tion of organoid area (Figs. 8b—8d; Fig. S4 in the supple-
mentary information) and organoid viability (Figs. 8e—8g;
Fig. S5 in the supplementary information). The viability of
organoids was quantified as the ratio of the viable organoid
area to the total organoid area. Our previous work showed
that this indicator may reliably reflect the response of locally
advanced rectal cancer to chemoradiation treatment. The
organoid sizing method was validated via direct comparison
with the CellTiter-Glo 3D cell viability assay [31]. Statisti-
cal analyses indicated that, relative to the control group,
colorectal cancer organoids treated with different concentra-
tions of Sotorasib exhibited no significant differences in
area or viability, suggesting limited clinical applicability of
Sotorasib for this case of colorectal cancer. Additionally,
prior studies have shown that Sotorasib is ineffective against
specific mutations of colorectal cancer [32, 33]. Conversely,
the organoid growth rate decreases with increasing concen-
trations of Adavosertib, Encorafenib, Lapatinib, Regorafenib,
5-Fluorouracil, CPT-11, and Oxaliplatin (Fig. S4 in the
supplementary information), suggesting their potential

effectiveness in growth inhibition. Furthermore, the organoid
viability declines with the extension of treatment duration
and increase in drug concentrations (Figs. 8e—8g; Fig. S5 in
the supplementary information), indicating a possible cyto-
toxic effect on colorectal cancer organoids [32-34].

Additionally, a comprehensive analysis of changes in
organoid viability across various concentrations and treatment
durations facilitates the determination of the optimal thera-
peutic concentration and exposure time for each inhibitor in
colorectal cancer organoids. These findings indicate that the
pixel-level segmentation capabilities of OrganoidViT enable
the precise quantification of organoid area and viability, effec-
tively capturing the therapeutic effects of drugs on colorec-
tal cancer organoids, thereby providing valuable insights for
preclinical drug screening.

3 Materials and methods
3.1 Culturing of colorectal cancer organoids

Human colorectal cancer organoids were obtained from
DI1Med Technology (Hangzhou) Inc. (China) and cultured
as described by Yao et al. [31]. Briefly, organoids were cul-
tured in an advanced Dulbecco’s modified Eagle’s medium
(DMEM)/F12 medium (12634-010, Gibco, USA), contain-
ing 500 ng/mL R-spondin-1 (11083-HNAS, Sino Bio-
logical, China), 100 ng/mL. Noggin (50688-MO02H, Sino
Biological), 50 ng/mL epidermal growth factor (EGF;
50482-MNCH, Sino Biological), 1x 4-(2-hydroxyethyl)-1-
piperazineethanesulfonic acid (HEPES; 15630080, Gibco),
I1X GlutaMAX (35050061, Gibco), 100 pg/mL Normocin
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organoid groups)

(ant-nr-1, InvivoGen, France), 1Xx gentamicin/amphoteritin
B (RO1510, Gibco), 1x B27 (17504-044, Invitrogen, USA),
1x N2 (17502-048, Invitrogen), 1 mmol/L N-acetylcysteine
(A9165, Sigma-Aldrich, Germany), 10 mmol/L nicotin-
amide (N0636, Sigma-Aldrich), 0.5 pmol/L A-83-01 (2939,
Tocris, UK), 10 pmol/L. Y-27632 (Y0503, Sigma-Aldrich),
10 nmol/L. gastrin (G9145, Sigma-Aldrich), and 1 pmol/L
prostaglandin E2 (P6532, Sigma-Aldrich). The organoid
culture medium was refreshed every 3 d. Often, organoids
were passaged every 1-2 weeks [31, 35].

@ Springer

3.2 OrganoidViT model implementation and
training

PyTorch (version 1.8.1) and Python (version 3.7.6) were
used to implement and train the OrganoidViT model. The
input image dimensions for the model were set to 512x512
pixels, with a batch size of 4. A pretrained version of the
ViT model, specifically trained on the ImageNet dataset,
was loaded. The use of the pretrained model benefited
OrganoidViT by providing a vast learned base of visual
features, thereby reducing the need for labeled data specific
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Fig. 8 Quantitative analyses of the effects of various inhibitors on colorectal cancer organoids using OrganoidViT, with some results presented
in Fig. S5 in the supplementary information. (a) Timeline of the sequence of inhibitor administration and image acquisition for colorectal cancer
organoids. (b—d) Trends in the nonviable, viable, and total average area of colorectal cancer organoids treated with different inhibitors over the
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to organoids and speeding up convergence during fine-tuning.
The architecture of the model was carefully configured to
handle variations in organoid morphology, which are crucial
for tasks such as viability prediction and area measurement.
Adam optimizer was used for model training, with an initial
learning rate of 5%107° for 40,000 steps. The training set was
augmented, which included random resizing within a range of
scales, horizontal flipping, and random rotation. These aug-
mentations aimed to increase the robustness of the model to
variations in orientation and scale, which are typical in organ-
oid imaging. All training was conducted on a server equipped
with an NVIDIA 2080Ti graphics processing unit (GPU).

3.3 Extractor of morphological parameters

The morphological parameter extractor was developed using
Python and OpenCV to extract specific characteristics (area,
pellucidity, roundness, and grayscale entropy) from indi-
vidual organoids identified in OrganoidViT segmentation
results. The morphological parameter extractor takes the
organoid mask output by OrganoidViT as input. It first
applies a contour detection algorithm to generate a label
map of all connected regions, where each pixel value corre-
sponds to the label of a specific connected region, and iden-
tical pixel values indicate membership in the same region.
The number of organoids and the area of each organoid are
calculated by iterating through each connected region. Dur-
ing iteration, individual masks for each organoid are created
to facilitate the computation of grayscale histograms. These
histograms represent the distribution of grayscale pixel values
within each organoid. Therefore, the area is measured by
counting the number of pixels within each organoid, pellu-
cidity is calculated as the standard deviation of the gray-
scale histogram within the segmented region, roundness is
determined using Eq. (1) with Aorganoid Tepresenting the or-
ganoid area and Porganoid representing the organoid perimeter,
and grayscale entropy is computed using Eq. (2), where p;
is the probability of the occurrence of a pixel with grayscale
value i in an image, and L is the number of gray levels.

47 X Aorganoid

Roundness = — (D
Porganoid
L-1
Entropy =— z pi-loga pi. )
i=0

3.4 Drug administration

Colorectal cancer organoids in good condition were harvested
and seeded in 96-well cell culture plates (3548, Costar, USA).
The density of organoids was adjusted to 5 puL™' Matrigel
(356231, Corning, USA) before seeding. Finally, every well
contained about (50+-20) organoids in 10 pL. Matrigel with
300 pL culture medium.
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Organoids derived from different patients exhibit varying
growth rates and morphologies, making it impossible to
achieve uniformity in characteristics such as cell lines. In
our previous work, we established an assay for the imaging
and analysis of 3D organoids [3]. We optimized the organ-
oid size, density, and Z-stack layers for drug assay based on
previous results, which showed that organoids had good de-
tection performance at 60—100 pm. Herein, we employed a
diameter of 50 pm to define the optimal time point for
in vivo treatments. Specifically, when the organoids grew to
about 50 pm, we performed drug treatment and replated the
organoids, with drug testing started on the second day—by
this time, most organoids had grown to the 60—100 pm range,
exhibiting favorable detection performance.

During drug treatment, the organoid culture medium was
removed and replaced with 300 pL. drug-containing culture
medium with 5-Fluorouracil (S1209, Selleck, USA), CPT-11
(S2217, Selleck), Oxaliplatin (S1224, Selleck), Adavosertib
(S1525, Selleck), Encorafenib (S7108, Selleck), Lapatinib
(S2111, Selleck), Regorafenib (S1178, Selleck), or Sotora-
sib (S8830, Selleck). Drug-containing culture medium was
refreshed again after 3 d. For 5-Fluorouracil, CPT-11, and
Oxaliplatin, the culture medium was refreshed on Days 6
and 9. Organoids were photographed during drug treatment
(Ti2-E, Nikon).

The control group refers to the nondrug group, which was
treated with the same volume of dimethyl sulfoxide as that
used for dissolving the drug. This group is essential for ensur-
ing the accuracy of the experiment. During the experiment, it
is necessary to observe that the organoids maintain a normal
growth state. If a large number of organoids in the blank
control group die, the drug treatment experiment conducted
on this batch of organoids should be judged unqualified.

4 Discussion

With the advancement of Al technologies, ViT has been
applied to visual recognition tasks [21]. Owing to self-
attention mechanisms, ViT can capture relationships within
images, enhancing the capacity of the model to interpret visual
information and providing superior representational power
compared to traditional CNNs [24]. We employed ViT tech-
nology for the recognition of organoids in bright-field micros-
copy images, introducing the OrganoidViT tool, which can
automatically identify viable and nonviable colorectal cancer
organoids at the pixel level and analyze their morphological
parameters. The effectiveness of this tool was further vali-
dated by analyzing the images of long-term-cultured colorec-
tal cancer organoids exposed to various inhibitor drugs.
OrganoidViT offers several advantages over previous or-
ganoid analysis tools [14, 16—20, 22—24]. First, by learning
deeper image features, OrganoidViT can distinguish between
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viable and nonviable organoid regions without the need for
fluorescent staining, providing quantitative data for evaluat-
ing drug effects on tumor organoids. Second, OrganoidViT
achieves superior segmentation accuracy, offering notable ad-
vantages in the extraction of morphological parameters from
organoids, facilitating a more accurate automated organoid
analysis. Lastly, as it does not require fluorescent staining,
OrganoidViT can be used for continuous monitoring through-
out culturing. When combined with the OrganoID organoid
tracking algorithm, it can be employed for monitoring the
entire developmental and drug response processes of indi-
vidual organoids.

Despite its many advantages, OrganoidViT has some limi-
tations. First, because of limited training data, we have only
evaluated its performance on colorectal cancer data. This limi-
tation could be addressed by expanding the dataset to a greater
number of organoid types, although culturing, drug testing,
image collection, and annotation remain challenging tasks.
Second, it misclassified some nonviable organoids because
postmortem organoids exhibit diverse morphologies, and
early-stage clustered nonviable colorectal cancer organoids
may visually resemble highly mature viable organoids. To en-
hance the feature extraction capabilities of the model, further
fine-tuning of the transformer encoder with more diverse
data is required. Finally, OrganoidViT struggles with identi-
fying blurry or overlapping organoids, necessitating model re-
finement, increased data input, and additional postprocessing.

Notably, OrganoidViT still has great potential for opti-
mization. Its detection ability and applicability can be im-
proved by optimizing datasets and algorithms. Although
OrganoidViT is currently capable of analyzing viable and
nonviable colorectal cancer organoids at the 2D level by de-
tecting their areas, the semantic segmentation of 3D organ-
oids remains to be addressed, particularly in solving issues
such as overlapping, occlusion, and fusion. Additionally,
the current output of OrganoidViT is limited to the area
parameters of organoids, rather than core indicators such as
cell density that more directly reflect the viability of organ-
oids. Therefore, future research can employ high-quality 3D
organoid datasets with cell density annotations for model
training to further enhance the performance of the model.

5 Conclusions

Herein, we introduced OrganoidViT, a ViT-based auto-
mated tool for the analysis of organoid images. It can auto-
matically identify viable and nonviable colorectal cancer
organoids at the pixel level and analyze their morphological
parameters, enabling the assessment and quantification of
organoid growth and drug responses. To validate Organoid-
ViT, we first used it to analyze the growth of colorectal
cancer organoids. By identifying organoids at the pixel level,
OrganoidViT extracted parameters such as area, roundness,

pellucidity, and grayscale entropy, providing a detailed rep-
resentation of the morphological changes occurring during
organoid growth. Subsequently, we employed OrganoidViT
to assess the effects of eight inhibitor drugs on colorectal
cancer organoids at various concentrations. By performing
the pixel-level identification of viable and nonviable regions,
we calculated organoid viability, thus assessing the thera-
peutic effects of the tested inhibitor drugs across different
concentrations. Thus, OrganoidViT offers valuable insights
for organoid cultivation and drug screening.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1631/bdm.2500438.
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