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SUMMARY

The identification of chemical compounds regulating plant growth in a genetic context can greatly enhance
our understanding of biological mechanisms. Here, we have developed a high-throughput phenotype-
directed chemical screening method in plants to compare two genotypes and identify small molecules
inducing genotype-specific phenotypes. We used Arabidopsis thaliana wild type and mus81, a DNA repair
mutant, and screened off-patent drugs from the Prestwick library to selectively identify molecules affecting
mus81 growth. We developed two complementary convolutional neural networks (CNN)-based image seg-
mentation and classification programs to quantify Arabidopsis seedling growth. Using these approaches,
we detected that about 10% of Prestwick molecules cause altered growth in both genotypes, suggesting
their toxic effects on plant growth. We identified three Prestwick molecules specifically affecting mus81.
Overall, we developed a straightforward, accurate, and adaptable methodology for performing high-
throughput screening of chemical libraries in a time-efficient manner, accelerating the discovery of geno-

type-specific chemical regulators of plant growth.

INTRODUCTION

Chemical genetic screens utilize small molecules to alter biolog-
ical processes and are a powerful unbiased alternative and/or
complementary tool that offers several advantages over the clas-
sical genetic approaches. Chemical genomics can avoid the le-
thal effects of essential gene disruption or functional redundancy
of gene families by using small molecules in a conditional, revers-
ible, and dosage-dependent manner, implementing a temporary
perturbation of biological systems. Two strategies used for high-
throughput screening (HTS) are phenotype-based screening and
target-directed screening. The phenotype-based screens in
plant biology have provided a massive opportunity in past de-
cades.' ™ These plant studies have allowed significant advances
by identifying a wide variety of molecules implicated in cell wall
homeostasis, hormone signaling, endomembrane trafficking,
and plant immunity.*~ Most phenotype-based chemical screen-
ings in plants are performed using a single genetic background in
primary screens for scoring a desirable phenotype. However, a
comparison of two genotypes in the primary screen for scoring
differential phenotypes can improve efficiency and save time
for identifying hits when screening large chemical libraries.
Altered plant growth is a convenient and accessible pheno-
type that can be used for detecting the effect of molecules during
a primary chemical screening. Plant DNA repair mutants display

)

differential growth when treated with genotoxic agents'® and
thus provide an opportunity to perform growth-based chemical
screens. We aimed to develop a proof of concept for differential
growth chemical screens using a DNA repair defective Arabidop-
sis thaliana mus81 mutant. MUS81 is an evolutionarily conserved
endonuclease that is implicated in DNA repair in eukaryotes
including plants."'~'* The Arabidopsis mus87 mutants develop
normally and are fertile but can show differential growth under
different kinds of genotoxic stress.'*'® Mitomycin C (MMC) is
a genotoxic agent inducing various types of DNA damage
including DNA interstrand crosslinks resulting in covalent linkage
of two DNA strands.'® mus817 shows an altered growth pheno-
type with shorter roots and delay in true leaf formation compared
with the wild type (WT) when treated with MMC."* Thus, mus81 is
arguably a good candidate to identify small molecules impairing
the growth of mutants defective in DNA repair.

Image processing is an essential component of phenotype-
based high-throughput genetic chemical screens. Image pro-
cessing pipelines can help to improve the phenotypic resolution
of the plant system, enabling rapid and sensitive screening of
large libraries of small molecules. Two approaches can be imple-
mented for image processing to maximize the efficiency of the
screening method. In the first approach, altered plant growth
can be analyzed by categorizing images into two classes of nor-
mally or abnormally growing seedlings (image classification). An
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Figure 1. Overview of the chemical genetic screen based on growth differences of two genotypes
(Aand B) (A) 1,520 compounds of the Prestwick library were distributed into two sets of culture plates. (B) Wild-type and mus81 seeds were grown in the presence
of Prestwick compounds. Each plate contained two MMC-treated wells representing altered growth in red and two DMSO-treated wells representing normal

growth control wells in green.

(C) Normal and altered growth seedlings are presented by green and red, respectively.
(D) Hit identification based on compound affecting mus81 growth differentially among the four possible scenarios (D1-D4).

alternative approach is to quantify growth by delineating the
growing samples in the images (image segmentation) and
measuring their sizes. In each case, a high accuracy is specif-
ically required when considering two genotypes in a primary
screen because the measurement variances for the two geno-
types add up in the differential analysis. In addition, screening
large libraries generates large volumes of image data and calls
for efficient image processing tools. The image processing field
has been recently revolutionized with the advent of deep learn-
ing-based approaches, which have proven superior to state-
of-the-art methods in several tasks such as image enhancement,
annotation, classification, and segmentation.’”2° Deep learning
approaches offer several important advantages, including their
ability to automatically extract discriminative features from raw
data and rapidly predict very large amounts of data, which
makes them particularly attractive in the context of a large
growth-based differential screen.

In this study, we developed a high-throughput chemical
screening procedure based on the differential growth of two plant
genotypes using two complementary image analysis programs.
As a proof of concept for differential growth chemical screening,
we identified small molecules that can affect specifically the
growth of DNA repair defective mus87 mutant. We developed
robust and reliable screening assays and deep learning-based
image classification and segmentation tools to facilitate the effi-
cient detection of small molecules affecting mus81 growth. Our
chemical screen strategy can be adapted to identify specific mol-
ecules in a given genetic context for performing HTS of large
numbers of compounds in a time-efficient manner.

RESULTS
Screen design and overview

We developed a high-throughput chemical screening method
based on the comparison of two Arabidopsis thaliana genotypes
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to identify specific small molecules. WT and mutant Arabidopsis
seedlings were grown separately in microtiter plates, each con-
taining corresponding small molecules (Figure 1). The plate
layout incorporated internal positive (MMC) and negative con-
trols (DMSO) mimicking altered growth and healthy seedling
phenotypes, respectively. Seedling growth was monitored by
capturing images of plants in each well using a light macroscope.
Automated image processing programs were employed to
quantitatively assess plant growth in each well. We identified
molecules (hits) that selectively affected only one genotype by
comparing differences in seedling growth between WT and
mutant plants. Confirmation assays were subsequently conduct-
ed to validate the identified hits.

Development of in vitro assay for Arabidopsis seedling
growth

We systematically examined various growth condition parame-
ters, including the choice of culture medium, seed density per
well, and type of microtiter plate to establish a robust and repro-
ducible screening assay. Given the hypersensitivity of Arabidop-
sis mus81 to MMC,'* we investigated mus871 seedling growth on
solid and liquid media supplemented with 10 pg/mL MMC or
DMSO to mimic sick (altered) and healthy (normal) plant pheno-
types, respectively. As depicted in Figure 2A, mus81 seedlings
exhibited typical growth patterns, developing true leaves beyond
the cotyledon stage and elongated roots when grown on both
solid and liquid media devoid of MMC. However, in the presence
of MMC in both media types, mus81 seedlings displayed dimin-
ished growth, albeit with differential effects observed between
solid and liquid media. Notably, mus81 seedlings grown in solid
MMC-containing medium developed cotyledons and true
leaves, whereas those grown in liquid MMC-containing medium
only displayed cotyledons. This indicated a more pronounced
growth impairment of mus81 seedlings in our liquid medium.
We thus selected a liquid medium to induce a robust altered
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Figure 2. In vitro growth assay development for Arabidopsis seedlings

(A) Comparison of solid (with agar) and liquid media on mus81 seedling growth with or without 10 pg/mL MMC at day 10. The arrow indicates true leaf formation in

the mus81 seedling in solid media containing MMC.

(B) Comparison of 96- and 24-well microplates for in vitro culture of the mus817 seedlings at 10 days.
(C) Quantification of true leaf formation per plant in 96- and 24-well plates. Mean and error bars resepenting standard deviations are presented in blue. n = 60 and

59, Mann-Whitney test, p < 0.0007, scale bar: 0.1 or 0.2 cm.

growth phenotype of mus81 seedlings in our assays. We also
opted to grow three seedlings per well to ensure plant replicates
within each well, despite a low rate of non-germinating seeds
(Figure S1).

Subsequently, we evaluated whether the choice between 96-
or 24-well microtiter plates could affect seedling growth and
facilitate image acquisition. We counted the number of true
leaves developed in 10-day-old mus817 seedlings grown in 96-
and 24-well plates. Interestingly, mus81 seedlings grown in
24-well plates exhibited a higher average of 3.6 true leaves per
plant (n = 59) compared with those grown in 96-well plates,
which displayed an average of 2.2 true leaves per plant (n =
60) (Figures 2B and 2C, Mann-Whitney test, p < 0.0001). These
differences could be attributed to increased space per well avail-
able for plants in 24-well plates. Moreover, the 24-well format
also facilitated image acquisition, with roots and leaves being
more visibly captured at a given single focal point compared to
seedlings in 96-well plates (Figure 2B). We thus opted for
24-well plates for our assays.

Machine learning-based image analysis for quantitative
assays

We formulated the detection of potential chemicals of interest as
an image classification problem, where images of growing seed-
lings from WT or mutant genotypes had to be classified as cor-
responding to either normal or altered growth in response to
drugs. We addressed this task as a supervised learning problem,
where a machine learning algorithm was used to predict the two
growth responses. Here, we took advantage of current develop-
ments in artificial intelligence, where convolutional neural net-
works (CNNs) demonstrated their ability to learn tailored repre-
sentations and to outperform alternative methods in many
image processing and classification tasks.'’'8%1-24

We employed the residual neural network (ResNet) architec-
ture, one of the most accurate CNNs for the task of image clas-
sification.”® For each genotype, a model was trained to output
the probability (P) that a given input image depicted a seedling
with altered growth (Figures 3A and 3B). A dataset of 240 seed-
ling images (same number for WT and mus87), equally distrib-
uted between exposure to either DMSO (representing normal
growth) or MMC (representing altered growth), was randomly
divided into three subsets: (1) a training set (80% of the images);
(2) a validation set (10%), utilized for calibration during training
and to prevent over-fitting; and (3) a model testing set (remaining
10%). The test images were classified into two classes, normal
or altered growth, using a probability threshold of 50% (Figure
3B). The model exhibited 100% accuracy (i.e., correct classifica-
tion rate) for both genotypes (n = 24 in each case; Figure 3B).
Notably, the networks’ performance had reached convergence
with the size of the training sets utilized, as evidenced by only
marginal performance degradation observed with a 4-fold
reduction in training set sizes (from 192 to 52). The wells exposed
to either DMSO or MMC were systematically arranged across
the plates (Figure 1B). To ensure the robustness of our models,
we evaluated their performance on images acquired with a
different arrangement than the one used during the learning
phase (Figure S2). This analysis confirmed that the model predic-
tions were not simply based on the position of wells in the plate.
Specifically, when testing on mus81 samples (n= 144) under
balanced DMSO/MMC conditions, the model achieved 100%
correct classification for all plate organizations (Figure S2). In
summary, our CNN models were effectively trained to accurately
predict whether images depicted either normal or altered growth
in both WT and mutant genotypes.

To analyze in detail the growth patterns of both normal and
affected seedlings at the tissue level, we conducted separate
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Figure 3. Machine learning-based quantitative analysis of images with growing seedlings from WT and mus81

(A) Designed workflow to classify and segment images by two distinct deep neural networks. Using images of WT and mus87 seedlings grown in either DMSO or
MMC conditions, ResNet was trained to classify images into two categories corresponding to normal or altered growth, respectively. Images with ground-truth
segmentations were used to train U-Net that partitioned images into background (purple), roots (red), or leaves (green).

(B) lllustration of classification results on images of seeds or seedlings exposed to three distinct chemical compounds from Prestwick library (in row). The ResNet-
computed probability of abnormal growth is given in the inset for each image for WT (left) and mus81 (right) genotypes.

(C) lllustration of segmentation results with the Trainable Weka Segmentation (TWS) plugin and the trained U-Net from WT (First row) or mus81 (Second row)

genotypes.

quantifications of the roots and aerial parts, comprising leaves
and hypocotyl (referred to collectively as leaves for simplicity).
Images were segmented into three categories of pixels: back-
ground, leaves, and roots. Since relying on pixel RGB (Red,
Green and Blue) color alone was insufficient for accurate catego-
rization, we turned to a machine learning approach utilizing the
Trainable Weka Segmentation (TWS) Fiji plugin.?® TWS classifi-
cation relies on sets of local features (contrast, orientation,
texture, etc.) computed at each image position and is performed

4 iScience 28, 112375, May 16, 2025

using random forests. To train TWS, we provided samples of
pixels in the three categories taken from various images. The re-
sulting segmentations, even for those images used in the training
process, exhibited both false positives (e.g., well borders errone-
ously labeled as roots) and false negatives (e.g., incomplete
leaves) (Figure 3C). This indicated that image local information
alone was insufficient for accurate seedling segmentation.

We therefore opted for a CNN approach for image segmenta-
tion, leveraging the remarkable performance of deep neural
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networks in integrating context across pixel to whole image
scales. We specifically selected a U-Net CNN,?"*® recognized
as one of the top-performing architectures for biomedical image
segmentation. A set of 30 images (equally distributed between
WT and mus81 genotypes treated with DMSO or MMC)
segmented with TWS were manually corrected to establish a
ground-truth segmentation dataset. This dataset was expanded
with 10 additional images of non-germinated seeds. The trained
model achieved an accuracy of 98.1% on the test images (N = 4),
surpassing TWS accuracy by 3.27%. Sensitivity also increased
by 3.13% compared to TWS, reaching 98.2%. Because of the
cost of establishing a manually curated ground-truth segmenta-
tion dataset, the number of test images was necessarily limited.
However, visual inspection of segmented images not included in
this dataset confirmed the substantial improvement in segmen-
tation accuracy achieved with U-Net. Specifically, pit borders
were predominantly correctly assigned to the background, and
the surfaces of seedling leaves were labeled without gaps
(Figure 3C). The remaining segmentation errors primarily
stemmed from roots growing alongside the well boundaries,
erroneously labeled as background. Altogether, these results
demonstrated the capacity of U-Net to robustly and accurately
segment seedling images. Moreover, the use of U-Net resulted
in approximately a 10-fold decrease in computation time for seg-
mentation (average CPU (central processing unit) execution
times: approximately 30 s/image for TWS and less than 3 s/im-
age for U-Net). This efficiency gain is advantageous in the
context of large-scale chemical screens, as detailed in the
following, which may involve thousands of molecules.

Growth kinetics of Arabidopsis seedlings for a chemical
screening

We evaluated the growth kinetics of WT and mus87 seedlings
to identify significant differences between healthy and altered
growth phenotypes under our assay conditions. WT and
mus81 seedlings were treated with either DMSO (as a healthy,
negative control) or MMC (as an altered growth, positive control)
and grown for 14 days post-germination. Systematic imaging
was performed on days 3, 5, 7, 10, 12, and 14 (Figures 4A and
4B). On day 3, WT and mus81 seedlings exhibited small cotyle-
dons and roots, with no discernible growth defects observed un-
der either MMC or DMSO treatment. By days 5 and 7, both
genotypes displayed longer roots in the presence of DMSO
compared to MMC treatment, with predominantly cotyledon
formation observed in the seedlings. Notably, differences in
leaf and root size became more pronounced at 10, 12, and
14 days, where DMSO treatment resulted in healthy growth
and MMC treatment led to altered growth (Figure 4).

Using the CNN-based segmentation method described
earlier, we quantified the total number of pixels per well for roots
and leaves to distinguish between normal and altered growth.
Approximately 120 images were analyzed for each condition
on 10, 12, and 14-day-old seedlings. Root and leaf pixel counts
were summed to quantify the total area covered by plants in each
well. In the case of MMC treatment, the mean root size per well
was similar at days 10 and 12 between the WT and mus81 seed-
lings but differed significantly at day 14 (Tukey’s multiple com-
parison test p < 0.0001), with WT roots being slightly longer
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(Figures 4C and S3). The MMC-treated WT seedlings showed
a higher mean compared with mus87 at 10 and 12 days (Tukey’s
multiple comparisons test, leaf p = 0.028 and < 0.0001, plantp =
0.016 and < 0.0001) for leaf and plant, which was not the case at
day 14 (leaf, p = 0.91; plant, p = 0.88). These observations sug-
gested that root and leaf growth kinetics differed between WT
and mus81 in response to MMC.

Under DMSO control conditions, mus81 root, leaf, and plant
mean pixel counts per well at 10, 12, and 14 days were lower
than those of WT (Tukey’s multiple comparisons test,
p < 0.0001), except root mean pixels at 14 days (Figure 4C).
The WT mean root size in DMSO at 14 days was surprisingly
lower compared with WT at 12 days and mus81 at both 12 and
14 days. We attributed this to a technical limitation, as overgrown
leaves were masking the root signal in the well at 14 days
(Figure 4B). Overall, these results indicated growth retardation
in mus81 compared with WT. To avoid any inconsistencies re-
sulting on day 14, we selected day 10 and day 12 conditions,
which demonstrated incremental growth in DMSO, for further
analysis.

The Z' factor, commonly used to assess the quality of HTS as-
says, was calculated to evaluate the suitability of days 10 or 12 in
our assays. A Z' factor value >0.5 indicates an excellent assay
with a clear separation between negative and positive controls.”*
We found that the root Z’ factor score was >0.5 for both WT and
mus81 on days 10 and 12 (Figure 4D). Leaf counts yielded Z’ fac-
tor scores below 0.5 for both genotypes, while plant Z’ factor
values were higher than 0.5 for both genotypes on day 12. Based
on these Z' factor scores, we selected day 12 as the best trade-
off for detecting maximal growth differences between healthy
and altered phenotypes in our assay condition.

Screening of Prestwick library molecules on WT and
mus81 seedlings

The Prestwick chemical library is a unique collection of 98%
marketed approved drugs comprising 1,520 small molecules
with high chemical and pharmacological diversity. In our study,
we conducted screenings of the Prestwick library at a concen-
tration of 10 pM on both WT and mus817, leveraging our opti-
mized assay conditions described in the earlier section. Each
screening plate, comprising 24 wells, accommodated two sets
of negative and positive internal controls (DMSO- and MMC-
treated wells, respectively), alongside 20 molecules from the li-
brary. Additionally, we included two plates containing 12 wells
each of DMSO- and MMC-treated wells as external controls.
Following a 12-day incubation period, each well was imaged
and subsequently analyzed by two complementary approaches,
employing the CNN-based segmentation and classification to
extract root and leaf pixel counts, as well as altered growth prob-
ability scores, respectively. To evaluate the performance of our
chemical screening method, we calculated the Z’ factor for inter-
nal controls, encompassing a total of 304 wells for each of the
WT and mus81 genotypes (Figure 5A). The root Z’ factor values
exceeded 0.5 for both genotypes, indicating robust and repro-
ducible assays. While Z' factor values for leaf were below 0.5,
plant Z' factor scores were observed to be approximately 0.5
for both the WT and mus817 genotypes (Figure 5A). In summary,
the Z' factor analysis underscores the reliability and consistency
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Figure 4. Analysis of growth kinetics of Arabidopsis WT and mus81 seedlings

(A) Images of Arabidopsis WT seedlings at 3, 5, 7, 10, 12, and 14 days after germination in the presence of DMSO (0.25%) or MMC (10 pg/mL).

(B) Images of Arabidopsis mus81 seedlings at 3,5,7,10,12, and 14 days after germination in the presence of DMSO (0.25%) or MMC (10 pg/mL).

(C) Quantification of root, leaf, and plant (root + leaf) pixels from WT and mus81 at 10, 12, and 14 days of growth in the presence of DMSO (0.25%) or MMC (10 pg/

mL). N = 120 for each condition.

(D) Z' factor values of root, leaf, and plant from WT and mus817 at 10 and 12 days.

of our assays, particularly in the context of root data, across both
genotypes.

During the Prestwick screening, we identified only two
contaminated wells out of 3,038 images recorded, with 1,519
images for each WT and mus87 genotype, corresponding to
1,519 molecules from the Prestwick library. All segmented im-
ages underwent visual inspection; any inaccuracies were recti-

6 iScience 28, 112375, May 16, 2025

fied manually or omitted from the analysis. Initially, we as-
sessed the impact of Prestwick molecule treatment on WT
and mus81 genotypes separately. Figures 5B and 5C illustrate
the root growth of both WT and mus81 seedlings in response to
Prestwick molecules.

For the pixel quantification by CNN-based segmentation, we
established a threshold of three standard deviations (SDs) from
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Figure 5. Screening of Prestwick molecules at 10 puM using WT and mus81 seedlings

(A) Z' factor scores of roots, leaves, and plants calculated from the WT and mus87 internal controls during the Prestwick screen.

(B) Distribution of the WT root length per well (pixel) in green in response to Prestwick molecules. DMSO internal controls are in blue, and MMC-treated internal
controls are presented in red. The blue line indicates minus 3 standard deviations (SD) of wild-type DMSO internal controls (170,394 pixels).

(C) Distribution of mus81 root length per well (pixel) in the presence of Prestwick compounds. DMSO internal controls are presented in blue. MMC-treated internal
controls are in red. The blue line indicates minus 3 SD of mus81 DMSO internal controls (132,590 pixels).

(D) Common and genotype-specific numbers of Prestwick molecules showing normal (DMSO-like) or altered (MMC-like) growth are represented by blue circles
with their sizes proportionate to the number of molecules in wild-type and mus87 from segmentation analysis.

(legend continued on next page)
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the DMSO control average as indicative of normal growth, with
values below minus 3 SD indicating altered growth. 87.6% of
Prestwick molecules (1,331) did not affect WT root growth, re-
sulting in a similar root size per well as DMSO-treated controls
(Figure 5B). However, exposure to 12.4% of molecules (188)
led to shorter WT roots (Figure 5B), indicative of altered growth.
In the case of mus81, 89.3% of Prestwick molecules (1,356) did
not affect root size compared to DMSO-treated control, while
10.7% of molecules (163) exhibited a growth phenotype resem-
bling MMC-induced retardation (Figure 5C). By comparing the
effect of molecules on mus81 and WT, 1,319 molecules showed
no effect on root growth of both genotypes compared to the
DMSO condition, while 150 molecules induced impaired growth
on both genotypes (Figure 5D). Overall, pixel count analysis sug-
gested that around 90% of Prestwick molecules did not affect
root growth, with approximately 10% inducing altered growth
in both genotypes, suggesting potential toxicity to plant growth.
CNN-based segmentation quantification for leaf and plant data
supported this, revealing 11%-13% of molecules causing
altered growth, consistent with root analysis (Figure S4).

To assess altered plant growth responses to Prestwick mole-
cules, we employed CNN-based classification predictions with a
probability threshold set at 50%. A score above 50% signified
altered growth response, while below 50% indicated normal
growth. In WT, 81.8% of Prestwick molecules exhibited normal
growth, with 18.2% showing altered growth response (Figure
5E). Similarly, 86.9% of molecules demonstrated normal growth,
while 13.1% caused altered growth in mus81 (Figure 5F). The
distribution of predictions in both genotypes was strongly
bimodal, concentrated at the extremes of the 0%-100% range,
indicating that there was no ambiguity in the classification be-
tween normal and altered growth and thus no hidden sensitivity
to the 50% threshold. Approximately 11% of molecules consis-
tently altered growth in both genotypes (Figure 5G), mirroring the
findings from pixel count analysis regarding the 10% of Pre-
stwick molecules showing a toxic effect on plant growth. In sum-
mary, the Prestwick chemical library screening demonstrated
high reliability and identified approximately 10% of molecules
that are potentially toxic in both WT and mus81 genotypes.

Prestwick molecules hit identification by CNN-based
segmentation and classification

Although we identified 37 and 27 molecules affecting the growth
of mus81 from CNN-based segmentation and classification an-
alyses, respectively (Figure 5D), it did not allow us to classify
hits/molecules according to their strength. We thus calculated
root, leaf, and plant ratios of WT over mus817 for each Prestwick
constituent from the segmentation analysis (Figure S5). We
reasoned that the ratio of an ideal hit between WT normal over
altered growth of mus87 should be several-fold higher compared
to ratios when both the genotypes show altered or non-altered

iScience

growth responses. For 1,519 Prestwick molecules, WT over
mus81 root ratios ranged from 0.05 up to 23.79, while leaf and
plant ratios ranged from 0.11 to 10.66 and 0.10 to 9.92. High
root, leaf, and plant ratios potentially represented mus81-spe-
cific hits. To normalize plate-to-plate variation in ratios, we
calculated Z scores, i.e., SD above the normalized mean, which
facilitated hit identification based on value above a threshold
value 3. The screening of Prestwick molecules resulted in a total
of 23 hits, composed of 10 hits from root, 13 hits from leaf, and 10
hits from plant ratios analysis with Z scores varying from 3.0 to
26.1 (Figures 6A-6C and S6). Out of these 20, 7 hits (highlighted
in red in Figure 6) appeared to be false positive upon close in-
spection of images, revealing elevated ratios due to the differen-
tial toxicity effect of molecules in both genotypes, with WT being
less severely affected than mus817. Three hits were common to
all root, leaf, and plant analyses. and four hits were common be-
tween leaf and plant analyses. Four hits were specific for root
analysis; while three hits were specifically picked from leaf anal-
ysis. One specific hit was identified from the plant, amounting to
13 hits from the primary screen causing altered growth in mus87
seedlings (Figure S6). Among these hits, one was MMC (Prest-
2071) among Prestwick molecules. While MMC was used as a
positive control in our assay, we unknowingly detected MMC
as a hit among Prestwick compounds, confirming the robust-
ness of our screening procedure (Figure S6). For hit identification
by the CNN-based classification, we set up a 99% probability
threshold of altered growth in mus817 together with a 1% proba-
bility of altered growth of WT, resulting in four top hits (Figure 6D).
Only one hit was common between both segmentation and clas-
sification analyses. In summary, two independent image analysis
programs identified molecules with a variable degree of mus817-
specific effects.

To finally validate the Prestwick hits identified, we performed
conformational assays with the 14 selected molecules using
WT and mus81 with 10 replicates in each condition (Figure 7).
While 11 molecules displayed toxicity on both WT and mus87,
only 3 molecules induced altered growth of mus81 compared
with WT. The three compounds detected in root, leaf, and plant
analysis were Prest-347 (Thioguanosine), Prest-1494 (Irinotecan
hydrochloride), and Prest-1917 (Tioguanine) (Figure S7). We
further validated these three Prestwick molecules using another
A. thaliana recq4a and rtel1 mutants, which are also defective in
DNA repair. RECQ4A and RTEL1 are DNA helicases that function
parallel to the MUS81 pathway in DNA break repair.'* 5% We
measured the root growth of WT, mus81, recq4a, and rtel1 seed-
lings treated with 25 pM Prest-347, Prest-1494, and Prest-1917
along with DMSO and MMC used as controls (Figure S8). The
root growth of mus871 was severely inhibited by all three compo-
unds, whereas recq4a showed partial sensitivity to Prest-347
and Prest-1917, but not Prest-1494, compared with DMSO-
treated control. In contrast, the root growth of rte/7T mutants

(E) Distribution of probability scores of the WT seedlings by classification in response to Prestwick compounds. The blue line indicates the threshold of 50%

probability of being healthy or altered growth.

(F) Distribution of probability scores of the mus87 seedlings by classification in response to Prestwick compounds. The blue line indicates the threshold of 50%

probability of being healthy or altered growth.

(G) Common and genotype-specific numbers of Prestwick molecules showing non-affected or affected growth are represented by blue circles with their sizes
proportionate to the number of molecules in WT and mus81 from classification analysis.
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exhibited no significant sensitivity to all three tested compounds
compared with DMSO controls. These results suggest differen-
tial effects of Prest-347, Prest-1494, and Prest-1917 molecules
on the root growth of mus817, recq4a, and rtel/7 mutants. Among
these three molecules, Irinotecan hydrochloride is an analog of
camptothecin that inhibits DNA topoisomerase | activity resulting
in DNA breaks and inhibition of DNA replication, ultimately lead-
ing to cell death.®"**> Thioguanosine and Tioguanine are both
structurally related compounds.®® Thioguanosine is a nucleo-
base-modified analog of guanosine, and Tioguanine is an analog
of purine base guanine. All three compounds are implicated in
impairing DNA/RNA metabolism and have been used for chemo-
therapeutic purposes to treat human cancer.®*>* Given the
sensitivity of mus81 against DNA-damaging agents, the iden-
tification of Prest-347, Prest-1449, and Prest-1917 in our
screen appeared reasonable and confirmed our methodological
approach.

DISCUSSION

Here, we have established and validated an HTS method as
proof of concept based on the differential growth of A. thaliana
seedlings of two genotypes. We have developed new quantita-
tive image analysis tools to assess seedling growth in the pres-
ence of chemical molecules. Our method offers an advantage
over generally used single-genotype-based screening ap-
proaches for identifying specific compounds within a given
context. Described here is a facile, accurate, reliable, and robust
method, highly suitable for a variety of chemical genetic
screening projects.

A robust and reproducible high-throughput assay to
measure plant growth

We developed a highly robust and reproducible plant growth
phenotype-directed screening method using Arabidopsis seed-
lings. Our image analysis program can precisely quantify plant
growth phenotypes through segmentation or classification,
which is fast and automatic. This allows us to evaluate biological
variation during the experiment and to apply statistical tools for
the unbiased selection of hits compared to previously described
phenotype-directed screens.®>*” Thus, minimal variation within
control conditions and accurate detection of treatment-induced
differences underscore the method’s robustness and precision,
rendering it valuable for high-throughput chemical screens.
Furthermore, conducting a primary screening on mus81 along-
side the WT genotype led to the identification of potential DNA-
damaging agents as hits including a topoisomerase inhibitor (Iri-
notecan hydrochloride) and MMC. The detection of MMC as a hit
in our chemical screen confirms the reliability and effectiveness
of our screening method and is consistent with previously
described reports showing Arabidopsis mus81 to be hypersensi-
tive to various DNA-damaging agents including MMGC.'* %38
Exposure to DNA-damaging agents generates specific DNA
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structures.®? MUS81 cleaves these toxic DNA structures, thereby
preventing the accumulation of toxic DNA intermediates in cell.*°
Though the exact mechanism is unclear, we speculate that all
three molecules (Thioguanosine, Tioguanine, and Irinotecan)
found in our screen generate DNA structures or intermediates,
the accumulation of which likely becomes toxic to cells if not
resolved by DNA repair proteins like MUS81. Quantitative
screening data also permit distinguishing high- and low-potency
molecules, which can be important for subsequent strategies for
developing new bioactive scaffolds. Our method also does not
require the use of transgenic lines expressing fluorescent
markers such as luciferase for detecting specific phenotypes.®

Arabidopsis mus81 mutants display growth retardation
Conserved DNA repair mechanisms play a pivotal role in preser-
ving genome stability across eukaryotic organisms. Dysfunc-
tions within these repair pathways in plants can significantly
compromise genome integrity, particularly impacting yield in
crop species.'® While the disruption of DNA repair mechanisms
in animal models often proves fatal, plant mutants remain viable,
offering a unique opportunity to determine their in vivo functions.
Among these, the Arabidopsis homolog of the structure-specific
nuclease MUS81 is indispensable for homologous recombina-
tion, DNA repair, and replication, as well as ensuring telomere
stability in coordination with other nucleases.'*'>*%%1 In our as-
says, we observed a growth delay in mus81 mutants compared
to the WT, manifesting as a relatively subtle alteration in growth
patterns (Figure 4C). Notably, Arabidopsis mus81 mutants have
been extensively characterized in previous studies,'**%%® but
this specific growth defect had not been previously detected. It
appears that such subtle growth phenotypes necessitate precise
quantification methods for detection. This underscores the effi-
cacy of our image analysis program and its potential utility
beyond our chemical screen for characterizing the growth dy-
namics of Arabidopsis seedlings.

Deep learning-based image analysis for growth-based
screening

We used two deep learning-based approaches, image classifi-
cation and image segmentation, to analyze images of growing
seedlings and to detect molecules differentially affecting growth
between the WT and the mus817 genotypes. We obtained excel-
lent performances in both cases. Image classification accuracy
reached 100% on the test sets, and this performance was pre-
served even when strongly down-sizing the training set. This
demonstrates the benefit of CNN for image classification in the
context of growth-based screening. Deep neural networks can
learn complex end-to-end mappings from input images to output
predictions without needing the extraction of handcrafted fea-
tures. Here, using a ResNet architecture, where residual connec-
tions enable propagating preserved information throughout the
network and capturing even more complex patterns and rela-
tionships within the data, was certainly key in achieving this

Figure 6. Hits identification by CNN-based segmentation and classification analyses

(A-C) The Z score distribution of root (A), leaf (B), and plant (root+leaf) (C) growth ratios after treatment of 1,519 Prestwick molecules. The dotted black line
denotes the threshold of 3. The Z scores above the threshold of 3 in green were considered as hits, while false-positive hits are presented in red.

(D) Four hits identified by CNN-classification analysis are present with probability scores and corresponding images from WT and mus81.
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Figure 7. Confirmation of hits identified from the primary screening of the Prestwick library

14 Prestwick molecules were tested at 10 pM concentration with 10 biological replicates comparing WT (blue) and msu81 (red) seedlings’ growth for 12 days.
Violin plots for roots (A), leaves (B), and plants pixels (C) depict the distribution of replicates with the median in black lines and two quartiles in violet dotted lines.
Only molecules 347, 1,494, and 1,917 were confirmed to affect mus81 growth without any affecting WT growth. MMC and DMSO (0.25%) treatments were

controls for altered and normal growth, respectively. The p values shown were computed using unpaired Mann-Whitney test for comparing WT and mus81.

performance level with such small datasets. Image segmenta-
tion accuracy obtained with U-net was also superior to that ob-
tained with the Weka Training Segmentation (WTS) plugin,®

state-of-the-art tool for statistical learning-based image seg-
mentation. This is consistent with the globally proven effective-
ness and added value of U-net over alternative approaches.””

However, U-net requires fully segmented ground-truth images
at the training stage. Here, we took advantage of the ease of
use of WTS and manually corrected images initially segmented
with this tool to reduce the amount of required curation.

Our classification approach consisted of learning to predict
the probabilities for each image to fall into two categories of
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normal and affected growth. The method exhibited excellent
performance on individual images (100% accuracy on test
sets) and allowed us to identify even minor growth defects, high-
lighting its sensitivity to subtle deviations from optimal growth
conditions. Accordingly, image classification enabled the identi-
fication of hits that had no discernible impact on WT growth but
induced minor to severe growth defects specifically on mus81.
However, the learning algorithm naturally pushes the output
probability of being affected or not toward extreme values within
the 0%-100% interval (Figures 5E and 5F). The trained CNN thus
functions essentially as a qualitative analysis tool, and its major
limitation in the context of a differential screen is the risk of pro-
ducing false negatives when both genotypes are affected. Our
image segmentation approach consisted of learning to partition
the images into seedling roots and leaves. This enabled the
detection of potential hits based on size ratios between the
two genotypes. In contrast with the classification approach,
this allowed us to detect compounds affecting both genotypes
with different intensities. However, one limitation of the segmen-
tation approach in our 2D image analysis context is that roots
and leaves may overlap, resulting in the under-detection of
some parts and under-estimation of actual growth. In addition,
the added resolution of the segmentation approach comes at
the cost of establishing ground-truth segmented images for the
training. Compared with image classification, for which the
training only required raw images of seedlings grown in normal
or altered conditions, this represents a time-consuming step
based on careful manual curation. Overall, the two approaches
proved to be complementary in our study and yielded partially
redundant outcomes. While the sensitivity of image classification
to minor growth defects contributes to its ability to identify spe-
cific hits, computing pixel ratios from segmented images en-
ables the detection of compounds that affect both genotypes
with varying strengths. Combining such different learning ap-
proaches may be beneficial to optimize hit detection and capture
hits that might have been missed by either method.

Limitations of the study

While our method presents a robust tool with several advantages
for specific HTS screens, there are opportunities for further
improvement to enhance efficiency. In our initial screen, we opted
not to include replicates due to considerations of cost-effective-
ness and time efficiency. However, this decision led to the iden-
tification of false-positive hits, such as the molecule 1343, which
showed no differential growth effect on mus87 and WT based on
confirmation assays with 10 replicates (Figure 7). The high SD
observed with molecule 1343 in confirmation assays highlights
the variability in plant growth that contributed to its identification
as a hit in the primary assay without replicates. Therefore, we
recommend incorporating replicates in the primary screen to
mitigate the occurrence of false-positive hit candidates.

The selection of screening concentrations often involves some
degree of arbitrariness, with concentrations ranging from nano-
molar in cell-based assays to micromolar when screening whole
organisms like Arabidopsis seedlings. Even within comparable
screening systems, the choice of screening concentration varies
among laboratories due to challenges in accurately predicting the
concentration of the target chemical compound. Screening at a
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single concentration may result in both false-negative and
false-positive hits.*? Utilizing at least two different concentrations
across a wide range can identify molecules with dose-dependent
effects, thereby reducing the occurrence of false positives
and false negatives. While our screening approach prioritized
screening a larger number of molecules over testing different
concentrations, incorporating multiple concentrations could
have helped eliminate false-positive and false-negative hits.
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REAGENT or RESOURCE SOURCE IDENTIFIER
Chemicals, peptides, and recombinant proteins

Gamborg B5 medium Duchefa Biochemie G0209
Sucrose Duchefa Biochemie S0809
Sodium hydroxide FISHER; RRID:SCR_009181 1310-73-2
Mitomycin C (MMC) Sigma-Aldrich; RRID:SCR_008988 M0503
Dimethyl Sulfoxide Sigma-Aldrich; RRID:SCR_008988 D2650

Prestwick Chemical Library

Greenpharma

PCL1520.10-20-96G

Experimental models: Organisms/strains

Arabidopsis thaliana: wild type
mus81 mutant

Accession Columbia (Col-0)
SALK T-DNA insertional line

SALK_107515

Oligonucleotides

P1 Eurofins 5'-CATGCTGACAGTTGAAGGTC-3'
P2 Eurofins 5-CCTCAAACGTTTCTCCAAAT-3
LB-Salk2 Eurofins 5-GCTTTCTTCCCTTCCTTTCTC-3'
Software and algorithms
Prism GraphPad Prism9
Fiji https://fiji.sc/
MS Ecxel Microsoft Excel 2019
PyTorch https://pytorch.org/
BIP https://andreylab.versailles.
inrae.fr/html/bip.html
Other

Hamilton automated liquid handler system
Zeiss Axiozoom Stereo microscope

Hamilton company
Zeiss France

Microlab STAR
Axiozoom.V16

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Plant material & growth condition

Arabidopsis (Arabidopsis thaliana) plants were grown in a greenhouse under a 16-hour light/8-hour dark photoperiod at 20°C. The
A. thaliana accession Columbia (Col-0) served as the wild-type (WT), while the homozygous SALK_107515 T-DNA insertional line
was utilized for mus81 mutants as previously described.

METHOD DETAILS

In vitro growth assays

Genotyping was performed using the following primers: P1 (5'-CATGCTGACAGTTGAAGGTC-3'), P2 (5'-CCTCAAACGTTTCTC
CAAAT-3'), and LB-Salk2 (5'-GCTTTCTTCCCTTCCTTTCTC-3'). For in vitro culture, Arabidopsis seeds were surface sterilized using
a liquid bleach solution. Subsequently, three seeds were manually distributed with a sterile toothpick into each well of a 24-well plate
containing 960l of liquid media. The media was composed of 3.16 g/L Gamborg B5 medium (Duchefa Biochemie Gamborg B5 me-
dium) and 10 g/L sucrose (Duchefa Biochemie, crystallized sucrose), adjusted to pH 6 with 10N KOH. Following stratification in plates
for 2 days at 4°C in darkness, the plates were subjected to a growth chamber with 16-hour light/8-hour dark conditions at 21°C for
12 days. The plates were rotated daily to minimize microenvironmental variations.

Screening procedures

Before commencing the screen, a quality control assessment was conducted on our seed stocks for both the WT and mus87. Among
the 250 sterilized seeds tested, both WT and mus87 exhibited a 100% germination rate and 0% contamination. This high germination
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rate may be due to the use of a small number of freshly harvested seeds from plants grown before screening, which likely minimizes
the impact of storage conditions, duration, and seed age. One 24-well plate was kept as the external control for each screening ses-
sion. This plate included 6 wells containing mus81 treated with 10pg/ml MMC (Sigma-Aldrich), 6 wells containing mus81 treated with
0.25% DMSO (Sigma-Aldrich), 6 wells containing WT treated with 10pg/ml MMC, and 6 wells containing WT treated with 0.25%
DMSO. In each 24-well plate used for screening, 20 molecules were screened, and the remaining 4 wells served as internal controls:
2 with DMSO and the other 2 with MMC treatment (Figure 1). The Prestwick library compounds were provided at a concentration of
10 mM in 100% DMSO. These compounds underwent two serial dilutions with Arabidopsis liquid media to achieve a final concen-
tration of 10pM molecules with 0.25% DMSO for screening. Distribution of the Prestwick compounds from the 96-well plate to the
24-well plates was carried out using the Hamilton automated liquid handler system (MICROLAB STARlet). After 12 days of growth,
seedlings in each well were imaged using a Zeiss Axiozoom light macroscope.

Image classification

Images taken using Axiozoom were downsized by a factor of 4 along both XY dimensions using Fiji,** resulting in 1416 x 2124 pixels
in TIFF format for subsequent processing. Automatic image segmentation and quantification were performed using a CNN-based
segmentation or classification program via Windows PowerShell.

We used a Convolutional Neural Network (CNN) to distinguish between seedlings exhibiting normal or altered growth. Our chosen
architecture was ResNet,?® known for its “identity shortcut connection” that skips one or more layers, termed residual blocks. This
feature enables the learning of residuals, facilitating the training of deeper networks and enhancing performance, particularly demon-
strated in ImageNet classification.”® Our ResNet implementation consisted of 18 convolutional layers with 64 filters. During training,
we minimized cross-entropy loss using an Adam optimizer with a mini-batch size of 8, a learning rate of 1e-3, a weight decay of 1e-4
and L2 penalty. Early stopping with a patience of 5 epochs was employed to prevent overfitting.

For training and evaluation, we curated for each genotype a dataset comprising 240 images of seedlings. Within each genotype,
half of the plantlets were exposed to either DMSO (“normal growth”) or MMC (“altered growth”). The dataset was randomly parti-
tioned, with 90% allocated to the training set and 10% to the test set, maintaining balanced proportions of drug conditions in
each subset. The training set was further divided into validation and training folds using a 3-fold cross-validation approach. We
used data augmentation to avoid over-fitting, applying random image translations and rotations, with upper limits of 3 mm (equivalent
to 3 pixels) and 3 degrees, respectively. These limits were set conservatively to align with the constrained acquisition setting where
data were acquired with nearly identical field of view. We conducted our analysis in PyTorch deep learning framework.**

Image segmentation

The dataset used to learn segmentation was composed of WT (N=15) and mutant (N=15) images, almost evenly distributed between
genotypes and from seedlings exposed to DMSO (« normal growth »; WT: N=7; mus81: N = 7) or MMC (« altered growth »; WT: N = 8;
mus81: N = 8). The dataset also contained 10 additional images of non-germinated seeds. We applied the adaptive Hough transform
available in OpenCV-Python (https://github.com/opencv/opencv-python) to detect the position of the circular well in each image.*®
This allowed us to reduce image size by cropping images around the wells. We used the WEKA plugin in Fiji*® to perform a three-class
segmentation of pixels into background, roots, and leaves. The obtained segmentations were manually corrected by two experts to
generate ground-truth images.

We used a U-Net architecture to segment seedling images. U-Net is a convolutional encoder-decoder neural network that can be
represented in a U-shape.?”"?® The left portion (encoder) is a successive set of down-sampling layers and the right portion (decoder) is
a combination of up-sampling layers. In the encoding part, the number of features increases by two at each level. Skip connections
are added to link each encoder and decoder level to restore lost frequencies during up-sampling. We used a U-Net with 5 convolu-
tional layers and 32 initial filters. Transpose convolution was used during the up-sampling. As for classification, the model was trained
by minimizing the cross-entropy loss, using an Adam optimizer, a mini-batch size of 8, a learning rate of 1e-3, a weight decay of 1e-4
and L2 penalty. Early stopping with a 5 epochs patience prevented over-fitting. Finally, as for image classification, we randomly par-
titioned data with 80% assigned to a training set, 10% to a validation set, and 10% to a test set, with the split having matching pro-
portions of genotypes.

QUANTIFICATION AND STATISTICAL ANALYSIS

The number of pixels labeled as background, roots, and leaves in the segmented images were computed using the BIP (Biological
Image Processing) software (https://andreylab.versailles.inrae.fr/html/bip.html). Data management and statistical analysis were con-
ducted using Excel 2019 software and Prism GraphPad 9.3.1 software. The precise statistical tests can be found in the correspond-
ing Figure legend.

The Z' factor and Z score calculations
The Z' factor (Equation 1) is a commonly used statistical metric in chemical screens to characterize the robustness of assays.
indicates if the separation between the positive and the negative control value is enough to perform an efficient assay. The Z’ factor
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goes from minus infinity to 1, with Z’ > 0.5 demonstrating an excellent assay, 0.5 > Z’ > 0 an acceptable assay, and Z’ < 0 an unsuit-
able assay.?®

(3 SD of positive control+3 SD of negative control)

Equation 1
(Mean of positive control — Mean of negative control) (Equation 1)

Z factor =1 —

Equation 1: Z' factor formula, SD = standard deviation.
The Z score is different than Z’ factor and computes the number of standard deviations of a given value compared to the mean
value of the same population.*®
X — mean

Zscore = ~—sp (Equation 2)

Equation 2: Z score formula, SD = standard deviation.
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