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Abstract 

PredicƟve new approach methodologies (NAMs) for developmental and reproducƟve toxicity (DART) 
assessment are increasingly needed as reliance on convenƟonal mammalian studies decreases and 
chemical safety evaluaƟon demands conƟnue to expand. Whole-organism NAMs, including 
CaenorhabdiƟs elegans, provide a scalable non-mammalian strategy because they preserve conserved 
biological pathways within an intact physiological system. We recently developed vivoDART, a rapid and 
repeatable C. elegans assay that quanƟĮes in utero embryo development and overcomes key limitaƟons 
of tradiƟonal labor-intensive, mulƟday C. elegans DART workŇows. However, despite its robustness and 
reproducibility, vivoDART sƟll requires manual analysis of tens of thousands of embryos per chemical, a 
process that is Ɵme-consuming and prone to user-dependent variability. To address this boƩleneck, we 
developed EmbryoMAE-Det, a machine-learning framework trained on ~48,000 manually segmented 
embryos from 1,547 worms. The model combines self-supervised masked autoencoder pretraining with 
supervised object detecƟon and classiĮcaƟon to idenƟfy embryos within the C. elegans uterus and classify 
them by developmental stage. EmbryoMAE-Det achieved high accuracy (mAP = 88.7%), with AP values of 
92.8% and 84.7% for early- and late-stage embryo counts, respecƟvely. Model-derived embryo counts 
showed low variability with CV%s for technical replicates below 10.4%, suĸcient staƟsƟcal power to detect 
changes as small as 5-18%, and EC50 values staƟsƟcally indisƟnguishable from those obtained by manual 
scoring. The fully automated workŇow reduces analysis Ɵme by 1,000×. In summary, this work establishes 
an integrated whole-organism imaging and machine-learning plaƞorm for rapid, reproducible, and high-
content DART evaluaƟon using C. elegans as a NAM. 
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IntroducƟon 

Developmental and reproducƟve toxicity (DART) tesƟng is a criƟcal component of chemical safety 
assessment and has tradiƟonally relied on mammalian models. However, increasing ethical concerns, 
regulatory pressure to reduce mammalian use, and the growing number of uncharacterized chemicals 
have accelerated the adopƟon of new approach methodologies (NAMs), including in silico models [1], in 
vitro plaƞorms [2-4], and alternaƟve model organisms [5-22]. Among these organisms, CaenorhabdiƟs 
elegans has emerged as a powerful system for toxicity screening because of its geneƟc tractability, 
conserved biological pathways, and suitability for high-throughput studies [7, 9, 13, 14, 23]. The 
reproducƟve system of C. elegans hermaphrodites consists of two bilaterally symmetric germlines and a 
uterus containing embryos progressing through deĮned developmental stages following ferƟlizaƟon. This 
system recapitulates key biological processes relevant to human reproducƟve biology, including stem cell 
niche maintenance, cell proliferaƟon, chromosome segregaƟon, apoptosis, oogenesis, ferƟlizaƟon, and 
embryogenesis [24, 25]. Unlike in vitro systems, C. elegans enables toxicity assessment within an intact 
organism, allowing absorpƟon, distribuƟon, metabolism, and excreƟon through chemical ingesƟon, 
xenobioƟc metabolism pathways, Ɵssue-level bioavailability within mulƟple Ɵssue architectures, and 
excreƟon to be evaluated in an integrated physiological context [26].  

Despite these advantages, convenƟonal C. elegans DART assays remain limited by labor-intensive 
workŇows that rely on manual counƟng of laid embryos and hatching eĸciency [27, 28]. Recent advances 
in Ňow cytometry have enabled Ňuorescence-based measurements of embryo defects [13]; however, 
these approaches are typically restricted to gross phenotypes and suīer from large variability in the data 
[29]. DetecƟng subtle changes in sub-lethal endpoints requires highly reproducible data with a low 
coeĸcient of variaƟon (CV%). To address these challenges, we previously developed vivoDART, a high-
throughput C. elegans-based assay that combines microŇuidic immobilizaƟon using vivoChip with high-
resoluƟon imaging to quanƟfy in utero embryo development [30-33]. This automated and robust 
immobilizaƟon protocol enables consistent alignment of ~1,000 C. elegans per vivoChip, facilitaƟng high-
resoluƟon imaging and visualizaƟon of individual embryos. However, manual annotaƟon of embryo 
number and developmental stage remains a major boƩleneck, as it is Ɵme-consuming, requires extensive 
training, and is prone to subjecƟve bias and user faƟgue. Moreover, conƟnual retraining of analysts is 
necessary to maintain data consistency, limiƟng scalability. Therefore, automaƟng embryo detecƟon and 
classiĮcaƟon is essenƟal for reproducible, scalable, and rapid DART assessment of uncharacterized 
chemicals.  

Machine learning (ML) approaches have expanded the use of C. elegans assays for behavioral [34-
36] and lifespan studies [37]. However, exisƟng ML methods are not well suited for in utero embryo 
detecƟon and classiĮcaƟon because single-worm images have high spaƟal resoluƟon, extreme aspect 
raƟos, and substanƟal embryo overlap. In addiƟon, fully supervised learning typically requires large 
number of annotated ground truth datasets, which are costly and Ɵme-consuming to generate. In contrast, 
recent advances in self-supervised learning, parƟcularly masked autoencoders (MAE) [38] can learn 
informaƟve feature representaƟons from unlabeled data and have shown strong potenƟal for microscopy 
image analysis [39-41]. Building on the proven eīecƟveness of MAE-based approaches across diverse 
biological imaging datasets, we apply this framework to in utero embryo analysis in C. elegans, leveraging 
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the large volumes of high-quality, unlabeled images generated by vivoChip experiments. This approach 
allows the model to learn relevant morphological features directly from diverse worm images before 
supervised embryo detecƟon and classiĮcaƟon. 

In this paper, we developed EmbryoMAE-Det, a 2.5D MAE-based model that combines a self-
supervised pretraining network for feature extracƟon with a supervised object detecƟon network for 
automated embryo idenƟĮcaƟon and developmental-stage classiĮcaƟon in C. elegans. By integraƟng 
robust feature extracƟon with downstream localizaƟon and classiĮcaƟon, EmbryoMAE-Det enables 
consistent, scalable, and repeatable embryo phenotyping for comprehensive DART assessment. The model 
achieves a mean average precision of 88.7% at an intersecƟon over union (IoU) threshold of 0.5, 
demonstraƟng accurate detecƟon of embryos and classifying them into early- and late-stage embryos. The 
EmbryoMAE-Det model produced highly repeatable embryo measurements with an average CV% below 
10.4% among technical replicates and detected changes as small as 18% across all embryo parameters 
with 80% power. When combined with body-size analysis (length, area, and volume) using our previously 
developed 2.5D U-Net model [31], this plaƞorm provides mulƟparametric DART assessment with mulƟple 
endpoints. For each chemical, full concentraƟon-response analysis is performed across 10 concentraƟons 
and 3 biological replicates, generaƟng data from approximately 1,200 worms. These datasets can be 
analyzed in ~10 minutes to provide eīecƟve concentraƟon (ܥܧ௫) values with narrow conĮdence intervals 
and high staƟsƟcal power. 

Machine learning framework for automated in utero embryo phenotyping 

The vivoDART assay is a high-throughput DART plaƞorm that combines microŇuidic immobilizaƟon, 
automated brighƞield imaging, and ML analysis to quanƟfy developmental and reproducƟve endpoints in 
C. elegans. Unlike convenƟonal C. elegans DART workŇows that oŌen require repeated manual transfers 
of adults, mulƟday brood-size analysis, and separate measurements of body size, progeny producƟon, and 
hatching eĸciency, vivoDART enables developmental and reproducƟve endpoints to be quanƟĮed from 
intact C. elegans within a single imaging-based workŇow. These endpoints include developmental 
phenotypes such as body length, area, and volume, and in utero embryo phenotypes, such as embryo 
number and developmental stage. Our previous work demonstrated that embryo-related reproducƟve 
endpoints are more sensiƟve than developmental parameters and can respond independently of worm 
lethality for reference toxicants [30]. In vivoDART, chemical-exposed C. elegans are immobilized in 
vivoChip-24x microŇuidic devices and imaged using high-resoluƟon brighƞield z-stacks to generate the 
data used for embryo phenotyping (see Methods, Fig. 1). A typical concentraƟon-response study 
comprising 10 test condiƟons, 2 assay controls, and 3 independent biological replicates can generate data 
from as many as 1,440 C. elegans and more than 43,000 in utero embryos. Manual embryo phenotyping 
across such datasets is impracƟcal and represents a signiĮcant boƩleneck for large-scale chemical 
screening. 
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Figure 1. High-resoluƟon C. elegans imaging using vivoChip for mulƟ-parametric DART assay. (A) 
SchemaƟc of the microŇuidic-based vivoChip-24x device. The device contains 24 on-chip wells, each with 
40 parallel microŇuidic channels, to immobilize 960 C. elegans. (B) Image of 40 immobilizaƟon channels 
with a 2× objecƟve. The blue boxes represent 5 imaging Įelds of view, opƟmized to capture whole body 
images from 8 channels per FOV with a 10× objecƟve. (C) Brighƞield images of C. elegans immobilized in 
individual channels were captured with 18 z-stack images using a 10× objecƟve. An in-house machine 
learning model (2.5D U-Net) uses the best focal plane and ±2 adjacent planes to generate worm body 
masks. (D) RepresentaƟve image of a C. elegans showing 39 total embryos inside the uterus. (E) Example 
images of early-stage and late-stage embryos. The schemaƟc at the boƩom shows the early-stage (green) 
and late-stage (magenta) embryos, with late-stage embryos referring to 2-fold or later stage embryos. 
Scale bars are 2 mm (B) and 100 µm (C-E). 

To address this boƩleneck, we developed EmbryoMAE-Det, a 2.5D masked autoencoder (MAE)-
based framework for automated embryo detecƟon and embryo developmental-stage classiĮcaƟon within 
the vivoDART workŇow. EmbryoMAE-Det uses a two-stage modeling approach (Fig. 2) to eīecƟvely 
leverage large-scale unlabeled imaging data while enabling accurate embryo detecƟon and classiĮcaƟon. 
In the Įrst stage, a self-supervised MAE [38] was trained on unlabeled brighƞield images of C. elegans in 
microŇuidic channels to learn robust visual representaƟons without requiring manual annotaƟons (Fig. 
2A). During this stage, a large fracƟon of image patches was randomly masked, and the model was trained 
to reconstruct the missing image content. In the second stage, the pretrained encoder was used as a 
feature extractor, and a supervised detecƟon and classiĮcaƟon network was trained using manually 
annotated embryo data to localize embryos within individual worms and classify them as early- or late-
stage embryos (Fig. 2B).  
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Figure 2. Overview of the EmbryoMAE-Det model architecture. (A) Self-supervised pretraining using a 
2.5D masked autoencoder (MAE). The input image is divided into patches, a subset of patches is randomly 
masked, and the unmasked patches are encoded to obtain latent feature representaƟons. These 
representaƟons are then passed to a decoder to reconstruct the original image. (B) Downstream embryo 
detecƟon and classiĮcaƟon pipeline. The input image is divided into patches, which are processed by the 
pretrained encoder to extract feature representaƟons. These features are fed into three predicƟon heads: 
centerness predicƟon, bounding box regression, and classiĮcaƟon. Their outputs are combined to 
generate Įnal embryo detecƟons and corresponding class labels (e.g., early-stage and late-stage embryos). 
The zoomed-in image of the worm uterus (blue box) shows individual predicted boxes for early-stage 
embryos (green box) and late-stage embryos (magenta box).  

Because the input images are characterized by extreme aspect raƟos (~12:1) and high spaƟal 
resoluƟon, standard vision transformer architectures are computaƟonally ineĸcient when applied 
directly. Therefore, EmbryoMAE-Det incorporates architectural modiĮcaƟons to enable eĸcient analysis, 
including convoluƟonal tokenizaƟon and a factorized vision transformer backbone. The convoluƟonal 
tokenizer embeds local spaƟal informaƟon into patch-level representaƟons, while factorized aƩenƟon 
decomposes aƩenƟon along the height and width dimensions. The factorized vision transformer employs 
both sequenƟal and parallel factorized aƩenƟon mechanisms, applied at diīerent stages of the network 
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(see Methods, Fig. 3). This design reduces computaƟonal cost while preserving the ability to capture long-
range spaƟal relaƟonships across the full worm body. 

 

Figure 3. SequenƟal and parallel factorized aƩenƟon mechanisms. (A) SequenƟal factorized aƩenƟon is 
applied along one spaƟal dimension followed by the other using standard mulƟ-head scaled dot-product 
aƩenƟon. This enables integraƟon of spaƟal informaƟon across both height and width within a single 
block. (B) Parallel factorized aƩenƟon is computed independently along the height and width dimensions 
using shared key and value projecƟons, while separate query projecƟons are used for each branch. The 
outputs from both branches are combined to form the Įnal representaƟon, improving computaƟonal 
eĸciency. 

Following self-supervised pretraining, the MAE decoder is discarded, and the pretrained encoder 
is used as the feature extractor for downstream embryo phenotyping. To further reĮne the learned 
representaƟons for embryo analysis, an intermediate feature adaptaƟon stage combines aƩenƟon-based 
and convoluƟonal feature reĮnement modules to incorporate both global contextual informaƟon and local 
morphological features. The resulƟng features are then used by task-speciĮc heads for centerness 
predicƟon, bounding box regression, and embryo-stage classiĮcaƟon. 

During inference, each microŇuidic channel is Įrst classiĮed as containing a full worm, parƟal 
worm, or no worm. Embryo detecƟon is then performed only on channels containing full worms. The 
framework automaƟcally idenƟĮes embryos and classiĮes them by developmental stage and generates 
three primary reproducƟve endpoints for each worm: the number of early-stage embryos, the number of 
late-stage embryos, and the total number of embryos. 

The resulƟng framework converts high-resoluƟon 3D brighƞield images of individual C. elegans 
into quanƟtaƟve reproducƟve phenotypes for downstream toxicity assessment. When integrated with 
body-size measurements and concentraƟon-response analyses, EmbryoMAE-Det enables comprehensive 
and scalable DART assessment of chemicals within the vivoDART plaƞorm. 
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Results 

EmbryoMAE-Det accurately detects and classiĮes in utero embryos 

To develop the EmbryoMAE-Det model, we Įrst pretrained the MAE framework using a self-supervised 
learning approach on 20,000 unlabeled brighƞield images of microŇuidic channels containing C. elegans. 
The model was then trained using the MAE-pretrained F-ViT encoder and the feature reĮnement modules. 
To assess the quality of the learned feature representaƟons, we froze the MAE-pretrained encoder and 
coupled it with a lightweight decoder for supervised C. elegans body segmentaƟon. This approach 
achieved a Dice score of 98.1%, comparable to that of a CNN-based 2.5D U-Net model (98.5%, [30]), 
indicaƟng that the pretrained features eīecƟvely captured worm morphology.  

 To develop the Įnal EmbryoMAE-Det model, we performed three ablaƟon experiments to 
evaluate the contribuƟon of key architectural and training components (Supplementary Figure 1). First, 
we assessed the pretrained encoder by freezing both the encoder and feature reĮnement modules and 
training only the detecƟon heads, thus establishing a baseline for embryo detecƟon. Next, we enabled 
joint training of the feature reĮnement modules and detecƟon heads, allowing task-speciĮc adaptaƟon of 
features and improving detecƟon performance. Finally, we modiĮed the centerness loss by combining 
focal loss with Dice loss to address the strong class imbalance between sparse embryo centers and 
background, further enhancing detecƟon accuracy. Performance improvements between the Įrst two 
conĮguraƟons are further illustrated by precision-recall curves (Supplementary Figure 2) and average 
precision values (Supplementary Table 1). These ablaƟon experiments informed the design of the Įnal 
EmbryoMAE-Det model, with each component contribuƟng incremental performance gains. 

The Įnal EmbryoMAE-Det model was evaluated on a held-out test set of 157 channels using mean 
average precision at an IoU threshold of 0.5. The model achieved an overall mAP of 88.74%, with class-
wise average precision values of 92.79% for early-stage embryos and 84.70% for late-stage embryos, 
demonstraƟng robust detecƟon performance across the two embryo developmental stages (Fig. 4A). We 
also calculated the diīerence between model-predicted and ground-truth total number of embryos across 
the enƟre test set (n = 157). Model-predicted numbers closely matched the ground truth, with the errors 
centered near zero and 81% of channels falling within ±2 embryos of the manually scored numbers (Fig. 
4B). The model accurately idenƟĮed in utero embryos across worms of diīerent sizes and successfully 
ignored embryos located outside the C. elegans body (Figs. 4C-F and Supplementary Figure 3). 
Discrepancies were primarily observed in worms with higher number of total embryos, where dense 
packing and overlap among in utero embryos made individual embryos more diĸcult to resolve, even for 
human scorers. 
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Figure 4. Automated analysis of in utero embryos using EmbryoMAE-Det model. (A) Precision-recall 
curves for early-stage and late-stage embryo detecƟon. Average precision (AP) for each embryo class is 
indicated in the legend, and the overall mean average precision (mAP) is shown on the plot. (B) 
DistribuƟon of errors in the total number of embryos across the held-out test set, calculated as the 
diīerence between manually-scored ground truth and model-predicted total number of embryos (GT - 
Predict; n = 157 channels). Gray bars indicate the number of worms in each error category, and blue 
diamonds indicate the average ground-truth total number of embryos per worm for channels within that 
error category. (C-F) RepresentaƟve images of four test samples showing automated detecƟon and 
classiĮcaƟon of in utero embryos in C. elegans. The Įnal EmbryoMAE-Det model idenƟĮed the embryos 
inside the uterus and classiĮed them as early-stage (green boxes) or late-stage (magenta boxes) embryos. 
For each worm, ground-truth annotaƟons, predicted centerness maps, bounding boxes, and box centers 
are shown. Ground-truth embryos were manually scored and marked with green or magenta dots for 
early-stage and late-stage embryos, respecƟvely. The red arrows indicate embryos located outside the C. 
elegans body, which were not predicted by the model and were not considered in the analysis. Scale bar 
is 200 µm.  
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ML-assisted analysis of in utero embryo parameters produces highly repeatable results 

To validate EmbryoMAE-Det model on a larger dataset, we compared model-predicted embryo parameters 
with annotaƟons generated by trained human scorers. The analyzed parameters included the number of 
early-stage embryos, late-stage embryos, and total embryos. The dataset was comprised of 5 experiments 
performed on diīerent days, corresponding to 5 biological replicates, with 4 diīerent DMSO 
concentraƟons (Fig. 4A). These experiments were designed to characterize assay repeatability using 
coeĸcient of variaƟon (CV%) and assess the baseline eīects of DMSO, the default solvent used in the 
vivoDART assay. All 960 microŇuidic channels from 24 wells were analyzed in less than 5 minutes using the 
Įnal EmbryoMAE-Det model. Inference outputs from all valid channels with full worms were used to 
calculate well averages for all three embryo parameters.  

To calculate assay variability across all 5 biological replicates, we analyzed the enƟre dataset using 
the EmbryoMAE-Det model and compared the results with manually scored data (Supplementary Figure 
4). For each DMSO condiƟon, a total of 30 wells (5 biological replicates × 6 technical replicates) were 
included for each embryo parameter (Supplementary Figures 4A-C). The aggregated, well-level averages 
obtained from EmbryoMAE-Det model outputs were compared with the values obtained from manual 
scoring (Supplementary Figures 4D-F and Supplementary Table 2). The aggregated, well-level average 
numbers for the 1% DMSO condiƟon generated by the embryo model were 30.2 ± 0.3 for early-stage 
embryos, 13.0 ± 0.4 for late-stage embryos, and 43.3 ± 0.4 for total embryos. Corresponding average values 
obtained from human scorers were 30.5 ± 0.3 for early-stage embryos (1% higher), 13.4 ± 0.5 for late-stage 
embryos (3.1% higher), and 43.9 ± 0.4 for total embryos (1.4% higher). Although the aggregated well-level 
average values were staƟsƟcally diīerent between the EmbryoMAE-Det model outputs and human scores, 
the absolute diīerences were small across all three endpoints (1.0–3.1%) supporƟng the pracƟcal 
suitability of EmbryoMAE-Det as part of a fully automated vivoDART assay. 

Although automated image analysis using an ML model is substanƟally faster and less labor-
intensive than manual analysis, a high-quality DART assay requires model performance that matches or 
exceeds that of expert human scorers. To characterize baseline values and variability, we calculated CV% 
using well averages from 6 technical replicates for each biological replicate. Across all 5 biological 
replicates, the average CV% values from model outputs were 4.5 ± 1.1% for early-stage embryos, 10.4 ± 
1.1% for late-stage embryos, and 2.9 ± 0.4% for total embryos (Supplementary Figure 5). The CV% values 
were not signiĮcantly diīerent between manually scored data and model outputs. 
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Figure 5. Automated embryo analysis using EmbryoMAE-Det model compared with manually scored 
ground truth. (A) Plate map showing 4 DMSO treatment condiƟons (0.0%, 0.2%, 0.5%, and 1.0%). The 
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same plate map was used for 5 biological replicates, performed on diīerent days. (B) SchemaƟc, 
illustraƟng all sixty 3-well combinaƟons from 5 experiments and 6 technical replicates for each DMSO 
condiƟon. (C-E) Bar plots of aggregated averages from all sixty 3-well combinaƟons for early-stage 
embryos (C), late-stage embryos (D), and total embryos (E) across the 4 DMSO condiƟons. (F-H) Bar plots 
of average CV% values from all sixty 3-well combinaƟons for early-stage embryos (F), late-stage embryos 
(G), and total embryos (H) for 4 DMSO condiƟons. Average well values obtained from EmbryoMAE-Det 
outputs (Model) and the manual scoring (Manual) are presented.  The raw data are presented in 
Supplementary Figure 6. The pair-wise comparison was performed, and p-values are presented in 
Supplementary Tables 3, 4. 

The vivoDART assay generates concentraƟon-response data from 3 biological replicates for each 
chemical. To approximate a larger sampling distribuƟon of 3-well averages, we generated combinaƟons by 
selecƟng sets of 3 well-average values from corresponding wells across the 5 biological replicates for a 
given phenotype. For example, total embryos values from well A01 in 3 diīerent experiments (exp1, exp3, 
and exp5) were combined to calculate a single 3-well average and corresponding CV% (Fig. 4B). For each 
well posiƟon, this process was repeated for the 10 unique combinaƟons of 3 wells that can be generated 
from 5 biological replicates, across all 6 technical replicate wells. In total, 10 × 6 = 60 aggregated 3-well 
average and CV% values were obtained for each endpoint.  

For the 1% DMSO condiƟon, the average values across all sixty 3-well combinaƟons were 30.2 ± 
0.1 for early-stage embryos with a CV% of 5.5%, 13.0 ± 0.1 for late-stage embryos with a CV% of 15.1%, 
and 43.3 ± 0.1 for total embryos with a CV% of 4.7% (Figs. 4C-H, Supplementary Figures 6A-F, and 
Supplementary Tables 3, 4). Corresponding average CV% values from manual scoring were higher by 5.5% 
for early-stage embryos, 9.9% for late-stage embryos, and 17.0% for total embryos. Although the 
aggregated 3-well average values from model outputs diīered by ≤0.6 embryos from human scores, the 
signiĮcant reducƟon in CV% values esƟmated from the model data was beneĮcial for detecƟng small 
changes in the embryo parameters. 

We next calculated the staƟsƟcal power of the assay using the data generated by the EmbryoMAE-
Det model. Using the aggregated mean and standard deviaƟon values from all sixty possible 3-well 
combinaƟons in the 1% DMSO solvent control condiƟon, we calculated the staƟsƟcal power for a range of 
hypotheƟcal eīect sizes. The analysis indicated ≥80% power to detect changes of 6.3% in early-stage 
embryos, 18.3% in late-stage embryos, and 5.2% in total embryos (Fig. 6). For the same eīect size, the 
power was higher for model-predicted data than for manually scored data. For example, the power to 
detect an 18.3% eīect size for late-stage embryos was 67% using manually scored data, nearly 20% lower 
than the value esƟmated using model outputs. These results suggest that integraƟng the EmbryoMAE-Det 
model into the DART assay increases both the analysis speed and sensiƟvity for detecƟng small changes 
in sub-lethal embryo parameters, in part because of reduced variance in scoring. 
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Figure 6. StaƟsƟcal power for three reproducƟve parameters using 3 biological replicates. Predicted 
staƟsƟcal power of the assay to detect hypotheƟcal changes in early-stage, late-stage, and total embryo 
parameters relaƟve to the 1% DMSO control. Power calculaƟons used the mean and standard deviaƟon 
measured from all 60 combinaƟons of 3-replicate average values in 1% DMSO populaƟons, with a one-
sided signiĮcance level of α = 0.05. The doƩed lines represent the power calculated from the manually 
analyzed embryo parameters. The horizontal black doƩed line indicates the 80% power threshold 
considered acceptable for a robust assay. 

EmbryoMAE-Det accurately quanƟĮes concentraƟon-dependent reproducƟve toxicity in two reference 
chemicals 

To further validate EmbryoMAE-Det model performance, we tested its ability to quanƟfy reproducƟve 
endpoints across varying levels of induced toxicity, as required for concentraƟon-response studies. We 
analyzed datasets from concentraƟon-response experiments using two reference chemicals: the triazole 
fungicide, propiconazole [42-46], and the heavy metal pollutant methylmercury (II) hydroxide [11, 47-49]. 
The propiconazole data included 10 doses ranging from 0.08 to 334 µM, while the methylmercury data 
comprised 20 doses ranging from 0.0007 to 10 µM (Fig. 7). These concentraƟon ranges were sublethal for 
both chemicals and were selected to examine subtle DART-speciĮc eīects.  

Embryo numbers for early-stage, late-stage, and total embryos were obtained from 10× brighƞield 
images captured using vivoChip devices and analyzed using the EmbryoMAE-Det model (Supplementary 
Figure 7). These experiments had previously been manually scored for embryo parameters using 3 
biological replicates for both chemicals [30]. ConcentraƟon-response data obtained from EmbryoMAE-Det 
model outputs were ĮƩed using a 4-parameter logisƟc curve and EC50 values were esƟmated for 
comparison with manually scored data. For propiconazole, model-derived EC50 values were 265 µM for 
early-stage embryos, with a 95% conĮdence interval (95% CI) of 242-292 µM (Fig. 7A), 84 µM for late-
stage embryos, with a 95% CI of 36-160 µM (Fig. 7B), and 214 µM (for total embryos with 95% CI of 187-
246 µM (Fig. 7C). For methylmercury, model-derived EC50 esƟmates were 3.90 µM for early-stage embryos, 
with a 95% CI of 3.66-4.15 µM (Fig. 7D), 1.41 µM for late-stage embryos, with a 95% CI of 1.28-1.56 µM 
(Fig. 7E), and 3.16 µM for total embryos, with a 95% CI of 2.90-3.43 µM (Fig. 7F).  

The EC50 values from model-generated embryo numbers were not signiĮcantly diīerent from 
those produced by manual scoring. For propiconazole, F-test p-values for EC50 comparisons were 0.80 
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(early-stage embryos), 0.98 (late-stage embryos), and 0.93 (total embryos) (Supplementary Table 5). For 
methylmercury, the corresponding F-test p-values were 0.99, 0.77, and 0.96, respecƟvely (Supplementary 
Table 6). 

 

Figure 7. ConcentraƟon-response curves for propiconazole and methylmercury. C. elegans were treated 
with 10 concentraƟons of propiconazole or 20 concentraƟons of methylmercury for 72 hours and imaged 
using vivoChip devices. The brighƞield images were analyzed using the EmbryoMAE-Det model (blue) and 
compared with manual data (black). (A-C) Average numbers of early-stage embryos (A), late-stage 
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embryos (B), and total embryos (C) per worm treated with propiconazole. (D-F) Average numbers of early-
stage embryos (D), late-stage embryos (E), and total embryos (F) per worm treated with methylmercury. 
Data from three biological replicates are presented as mean ± SEM. The combined well-average values 
were ĮƩed with 4-parameter logisƟc curves for model outputs (solid blue line) and manual data (solid 
black line). The EC50 esƟmates are indicated with doƩed lines and texts for model outputs (blue) and 
manual data (black). Manual and model concentraƟon-response curves for each chemical and phenotype 
were compared using F-tests to determine whether the EC50 parameters diīered signiĮcantly and p-values 
are presented as ns (not signiĮcant, p-value ≥0.05, see Supplementary Tables 5,6). 

The analysis of the complete concentraƟon-response datasets for two chemicals involved 
analyzing 105 wells and took ~ 20 minutes (~0.33 hours), represenƟng 1,000× increase in speed compared 
with the ~280 hours required for manual analysis (~4 minutes per worm, 150-160 minutes per well). The 
results presented in this study indicate that the EmbryoMAE-Det model can generate reproducƟve toxicity 
results comparable to those obtained by human scorers, while requiring only a fracƟon of the analysis 
Ɵme. When combined with our exisƟng body model for developmental parameters (vivoBodySeg) [31], 
the EmbryoMAE-Det model can provide sensiƟve, accurate, and repeatable DART data in a high-
throughput manner. 

Discussion 

In this study, we present an ML-accelerated image analysis plaƞorm for automated in utero embryo 
detecƟon and embryo developmental-stage classiĮcaƟon in C. elegans to enable rapid quanƟĮcaƟon of 
reproducƟve endpoints for DART assessment. This plaƞorm was developed as part of the vivoDART assay, 
a high-throughput C. elegans-based workŇow that combines microŇuidic immobilizaƟon, automated 
brighƞield imaging, and ML analysis to quanƟfy DART endpoints [30]. To support high-content analysis of 
large-scale microscopy data, we developed a new embryo analysis model, EmbryoMAE-Det, uƟlizing a 
large manually annotated dataset of embryo numbers and embryo developmental stages within the worm 
uterus [30]. When integrated with our exisƟng developmental toxicity analysis pipeline [31], automated 
embryo analysis facilitates scalable and repeatable evaluaƟon of comprehensive DART endpoints in a 
whole-organism model for use as a NAM. As the number of chemicals requiring safety assessment 
conƟnues to grow, automated high-throughput analysis methods are criƟcal for eĸcient DART screening 
and for the development of safer chemicals. AddiƟonally, rapid tesƟng plaƞorms, such as vivoDART, can 
help bridge knowledge gaps for exisƟng, poorly characterized chemicals by providing DART-related 
endpoints to inform their use. 

The rapid vivoDART assay leverages the vivoChip-24x microŇuidic device to immobilize C. elegans 
within 960 channels across 24 wells, with each well containing a disƟnct worm populaƟon (40 channels 
per well), and to capture whole-body 3D brighƞield images using a 10× objecƟve. Automated, ML-
enhanced image acquisiƟon enables rapid and eĸcient imaging of every worm in the enƟre chip within 
12 minutes, generaƟng 2,160 images (~65 GB of data). Chronic chemical exposure, parƟcularly at high 
concentraƟons, can result in worms with reduced body size and no in utero embryos. To capture a wide 
range of worm sizes and embryo numbers, we used two vivoChip designs: (1) vivoChip-24x-D1 for larger 
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adult worms with >6 embryos and (2) vivoChip-24x-L4 opƟmized for smaller worms beyond the young L4 
stage. Comprehensive DART analysis therefore required data from both devices. 

The robustness of EmbryoMAE-Det was supported by a large training dataset that combined 
manually annotated embryo centers, developmental-stage labels, and embryo segmentaƟons from 1,547 
worm-containing channels, represenƟng 47,852 annotated embryos. In addiƟon, 20,000 unannotated 
channels were used for self-supervised learning within the MAE framework, enabling the model to learn 
image representaƟons from large-scale brighƞield microscopy data. 

The performance of EmbryoMAE-Det highlights the value of combining self-supervised 
representaƟon learning with task-speciĮc feature reĮnement for embryo phenotyping in high-content C. 
elegans images across diverse experimental condiƟons. The pretrained F-ViT encoder provides global 
contextual informaƟon across the worm body. The feature reĮnement module combines aƩenƟon and 
convoluƟonal layers to capture both long-range contextual informaƟon and local morphological features 
during embryo detecƟon and classiĮcaƟon. The ablaƟon studies further support the contribuƟon of these 
design choices, showing that joint opƟmizaƟon of feature reĮnement module and detecƟon heads, 
together with combined focal and Dice loss, improved overall detecƟon performance. When combined 
with body classiĮcaƟon model, this approach enables extracƟon of biologically relevant DART metrics and 
signiĮcantly reduces manual analysis Ɵme. 

While the model performs robustly across experimental condiƟons tested here, substanƟal 
deviaƟons in imaging condiƟons, worm morphology, or chemical-induced phenotypes may require model 
adaptaƟon. For example, altered intesƟnal contrast or gut granule density in chemical-treated worms may 
reduce embryo visibility, impacƟng detecƟon accuracy. In such cases, few-shot learning using addiƟonal 
representaƟve data could improve model performance and support adaptaƟon to new experimental 
condiƟons, as described in the literature and demonstrated for our body model [31, 50, 51].  

To evaluate the performance and pracƟcal uƟlity of the EmbryoMAE-Det model, we analyzed three 
datasets represenƟng repeatability and concentraƟon-response applicaƟons: (1) repeatability 
experiments with Įve biological replicates and six technical replicates per experiment across four DMSO 
solvent condiƟons, (2) 10-point propiconazole concentraƟon-response assays, and (3) 20-point 
methylmercury concentraƟon-response assays. Across these datasets, model outputs closely matched 
manual scoring, with only small absolute diīerences in well averages. Aggregated 3-well averages 
obtained from model outputs showed lower variability than manual analysis, supporƟng the ability of 
EmbryoMAE-Det to generate reproducible embryo endpoints. Model-based analysis achieved greater than 
80% power to detect changes of ≥6.3% in early-stage embryos, ≥18.3% in late-stage embryos, and ≥5.2% 
in total embryos, whereas manual scoring could only detect a ≥23% eīect size for late-stage embryos with 
equivalent power. In concentraƟon-response analyses, propiconazole and methylmercury produced EC50 
values that were not signiĮcantly diīerent between automated and manual methods. These results 
demonstrate that EmbryoMAE-Det preserves the accuracy of expert manual scoring while improving 
throughput and reducing variability. 

The integrated vivoDART plaƞorm, combining vivoChip-24x microŇuidics, automated imaging, and 
ML-based analysis, enables considerably faster and more cost-eīecƟve DART assessment than tradiƟonal 
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vertebrate models. The scalability of the technology together with the short lifecycle of C. elegans support 
eĸcient screening of large chemical libraries can be screened eĸciently. When combined with exisƟng 
developmental toxicity pipelines, the plaƞorm provides six DART endpoints: body length, area, and volume 
and the number of early-stage, late-stage, and total embryos. Among these endpoints, the number of late-
stage embryos was the most sensiƟve endpoint for the chemicals evaluated in this study, showing 
signiĮcant responses at lower concentraƟons than tradiƟonal endpoints such as body length and lethality.  

The successful adopƟon of NAMs depends not only on throughput but also on robustness, 
reproducibility, and predicƟve power. The high repeatability of populaƟon-level endpoints esƟmated from 
40 worms per condiƟon and 3 biological replicates demonstrate the robustness of the vivoDART workŇow. 
Through integrated analysis pipelines and a searchable database, control populaƟons can be monitored 
across many tests, performed over extended periods, spanning mulƟple thaw cycles and worm 
generaƟons, and laboratory personnel. This capability provides foundaƟon for establishing quanƟtaƟve 
acceptance criteria, monitoring assay driŌ, and implemenƟng quality control standards. Future studies will 
focus on evaluaƟng concordance between C. elegans-based DART data and exisƟng data from other 
species and humans using large panels of reference chemicals. For these large-scale studies, we plan to 
implement a 5-point range-Įnding assay, followed by 5 addiƟonal concentraƟons to reĮne concentraƟon-
response relaƟonships within the eīecƟve range. This approach will improve EC50 esƟmaƟons by ensuring 
suĸcient data within the dynamic response range while maintaining the high-throughput nature of the 
vivoDART assay. 

In summary, we developed EmbryoMAE-Det, a 2.5D MAE-based framework for automated 
detecƟon and developmental-stage classiĮcaƟon of in utero embryos in C. elegans. When integrated with 
exisƟng body-analysis pipelines, this plaƞorm enables rapid, scalable, and reproducible quanƟĮcaƟon of 
DART endpoints. The strong agreement between automated and manual scoring, combined with 
improved throughput and reduced variability, demonstrates the potenƟal of ML-assisted embryo 
phenotyping for large-scale chemical screening. Future work will focus on large-scale validaƟon using 
diverse chemical libraries and benchmarking against established DART datasets to determine sensiƟvity, 
speciĮcity, and translaƟonal relevance. UlƟmately, this approach has the potenƟal to advance the adopƟon 
of C. elegans as a pracƟcal NAM for DART assessment, reducing reliance on mammalian tesƟng while 
supporƟng hazard idenƟĮcaƟon, prioriƟzaƟon, and chemical safety evaluaƟon. 

Methods 

C. elegans culture and chemical treatment 

Wild type C. elegans strain N2 (CaenorhabdiƟs Natural Diversity Resource, CaeNDR) was used for all 
experiments and cultured according to previously published protocols [30]. BrieŇy, P0 larval 4 (L4) stage 
worms grown on NGM plates seeded with HB101 E. coli were transferred to fresh plates and cultured for 
2 days, then removed from the plates. The F1 generaƟons on these plates were allowed to develop to the 
gravid adult stage. Gravid adults were collected and bleached using alkaline sodium hypochlorite 
treatment, and the resulƟng eggs were collected. Eggs were hatched in M9 buīer and allowed to arrest 
at larval 1 (L1) stage. Approximately 80 age-synchronized L1s were plated per well in 24-well culture plates 
with 495 µL of S media and HB101 at OD600 3.0. A volume of 5 µL of chemical treatment or vehicle control 
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was added to each well to achieve a Įnal solvent concentraƟon of 1.0% v/v. Plates were cultured at 20 °C 
for 72 hours with shaking every 6 hours to homogenize the cultures unƟl the control populaƟon reached 
day 1 (D1) adulthood. 

For concentraƟon-response case studies, worms were treated with propiconazole (Cat# 45642, 
Sigma Aldrich, CAS# 60207-90-1, Batch# BCCD0480) or methylmercury (II) hydroxide (Cat# 13395, Alfa 
Aesar, CAS# 1184-57-2, Batch# M25H004). Master stocks for both chemicals were prepared by dissolving 
the manufacturing stock in dimethyl sulfoxide (DMSO, Cat# D2650, Sigma Aldrich, CAS# 67-68-5, Batch# 
RNBL9635) at 100× the highest Įnal well concentraƟon. AddiƟonal 100× working diluƟons were prepared 
in DMSO for each treatment condiƟon. Vehicle control wells received a Įnal concentraƟon of 1.0% DMSO. 
DMSO repeatability experiments were performed on 5 diīerent days (5 biological replicates). 
ConcentraƟon-response data for propiconazole and methylmercury were generated using 3 biological 
replicates.  

High-resoluƟon imaging of C. elegans 

Worms were imaged 72 hours aŌer plaƟng and treatment using the vivoScreen high-content imaging 
system, as previously described [30]. BrieŇy, worms were transferred from the culture plate into a 
vivoChip-24x microŇuidic imaging chip designed for C. elegans (Fig. 1A). Each chip contains 24 individual 
wells, with each well containing 40 parallel channels that taper in three dimensions. The channel 
geometry, combined with opƟmized on–oī Ňuid pressure cycles, guides individual worms into the 
microŇuidic channels, orients them laterally to improve visualizaƟon of internal structures, and fully 
immobilizes them for blur-free imaging. 

Two versions of the vivoChip-24x were used depending on the developmental stage of the worms 
at the Ɵme of imaging. The vivoChip-24x-D1 was designed to trap D1 worms containing ≥6 embryos, while 
allowing laid eggs in the culture medium to pass through the microŇuidic channels without clogging. The 
vivoChip-24x-L4 contained smaller channels opƟmized for eĸcient capture of worms up to the early L4 
stage. 

The vivoChip devices containing worms were imaged using a custom-designed microscope (IX73, 
Evident) with a large-format, scienƟĮc camera (Iris 15, Teledyne), a motorized XY stage with piezo-driven 
Z control (ASI), and controllable LED brighƞield illuminaƟon (SuƩer Instruments). Channel posiƟon (XYZ) 
coordinates in the chips were Įrst mapped using an edge-detecƟon algorithm to idenƟfy the precise 
locaƟons and best focal planes of cross-shaped Įducial markers adjacent to each set of trapping channels 
in the microŇuidic layer. Following this mapping step, automated high-resoluƟon brighƞield imaging of all 
channels was performed using a 10×, 0.4NA objecƟve (UPLXAPO10X, Evident). To opƟmize Įeld-of-view 
(FOV) posiƟoning along the ~3 mm long channels, a low-resoluƟon 2× image of the enƟre device was Įrst 
captured, and a trained YOLO model was used to detect bounding boxes around each trapped worm. The 
posiƟons of Įve 10× FOVs (2.15 × 1.26 mm2) were then calculated to maximize the number of full worm 
bodies captured, which were staggered across the 40 channels (Fig. 1B). To capture enƟre worm bodies 
and all in utero embryos, z-stack images consisƟng of 18 slices were acquired with 6 µm step sizes. Each 
vivoChip-24x device generated 2,184 TIFF images, corresponding to ~65 GB of data. 

Pre-processing of images 
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All raw 16-bit TIFF images and experimental metadata were transferred from the imaging system to an in-
house, 500 TB data server. The images were Įrst converted to Zarr format using the known trapping 
channel posiƟons derived from the Įducial-marker detecƟon during chip mapping. This Įle structure 
enabled block-wise read access to individual channels by spaƟally slicing the imaging data (Fig. 1C). This 
pre-processing step reduced disk read Ɵmes while accessing relevant image data, such as during body-
mask predicƟon using the 2.5D U-Net model (Fig. 1C, [31]). 

Manual scoring, classiĮcaƟon, and segmentaƟon of in utero embryos 

Ground-truth annotaƟons of in utero embryos from individual C. elegans were generated using two in-
house graphical user interface (GUI) tools: vivoAnalyzer (Supplementary Figures 8, 9) for embryo scoring 
and classiĮcaƟon, and vivoSegmenter (Supplementary Figures 10, 11) for embryo segmentaƟon. The 
vivoAnalyzer allowed users to open images of immobilized C. elegans acquired from the vivoChip device 
and scroll through z-slices for each cropped channel. Using our 2.5D U-Net model, each channel was 
classiĮed into one of three classes: full worm (enƟre worm body present inside the channel), parƟal worm 
(parƟally visible worm inside the channel), or no worm (empty channel). Only channels classiĮed as full 
worm were used for manual scoring, classiĮcaƟon, and segmentaƟon of in utero embryos. 

Manual embryo scoring, performed in vivoAnalyzer, was deĮned as the process of quanƟfying the 
number of in utero embryos within each immobilized C. elegans and followed by assigning each embryo 
to a developmental stage. Users opened individual channel images classiĮed as full worm and scored all 
visible in utero embryos within the C. elegans (Fig. 1D). This task was performed by placing a dot at the 
center of each visible embryo and assigning the developmental stage as either early-stage or late-stage 
embryo, based on the 2-fold embryo development as the classiĮcaƟon threshold (Fig. 1E).  

Manual embryo segmentaƟon was deĮned as the process of delineaƟng each in utero embryo 
within a C. elegans to clearly disƟnguish its boundaries from those of adjacent embryos. Individual 
channels containing immobilized worms that had been previously scored with embryo center dots and 
class labels were opened in vivoSegmenter. Users selected one embryo at a Ɵme and clicked along the 
embryo edges, encompassing the enƟre embryo in a closed polygon. The GUI recorded the spaƟal 
coordinates (X, Y, and Z) of each point clicked by the user. AŌer all points for an embryo were entered and 
connected to form a closed shape, a polygon was generated represenƟng the embryo boundary. Because 
embryos can span across mulƟple z-planes, accurate segmentaƟon typically required examining ±2 z-slices 
around the best focal plane. All scoring and segmentaƟon data were stored in the database. During model 
training, class labels and segmentaƟon annotaƟons were retrieved, and each segmentaƟon was converted 
into a bounding box representaƟon for training the embryo detecƟon and classiĮcaƟon model. 

Data pre-processing for ML analysis 

For each channel, 18 z-stack images were acquired, with most embryos located within 5 z-slices around 
the best focal plane. The best focal plane for each worm was idenƟĮed by applying Laplace transform to 
each z-slice and selecƟng the slice with the highest frequency components [52, 53]. To incorporate local 
depth informaƟon, a total of 2ܰ + 1 slices (ܰ = 2) centered around the best focal plane were selected 
and stacked along the channel dimension, forming a 2.5D representaƟon of size (2ܰ + 1) × ܪ × ܹ. 
Following slice selecƟon, all images were standardized in size. The image height was Įxed at 5,056 pixels, 
while the image width, which varied across channels, was symmetrically padded to a Įxed width of 368 
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pixels, resulƟng in images of 5,056 × 368 × 5 pixels. Finally, the image axes were transposed such that the 
spaƟal dimensions were reordered to 5 × 5,056 × 368 to ensure consistent orientaƟon for downstream 
processing. 

Detailed EmbryoMAE-Det model architecture  
EmbryoMAE-Det was implemented as a 2.5D masked autoencoder-based embryo detecƟon and 
classiĮcaƟon framework. Raw input images were converted into patch embeddings using a convoluƟonal 
tokenizer with a patch size of 8 × 8, replacing the standard linear projecƟon. The tokenizer consisted of 
convoluƟonal layers with residual connecƟons, which introduced local inducƟve biases and embedded 
spaƟal context directly into the token representaƟons. This design eliminated the need for explicit 
posiƟonal embeddings in the encoder and improved training stability [54-56]. Consistent with previous 
research on MAE for images, 75% of the tokenized input was randomly masked during pretraining, 
reducing computaƟonal costs.  

The encoder was implemented as a factorized vision transformer (F-ViT) with 16 layers and an 
embedding dimension of 512. The encoder operated exclusively on visible tokens and was designed to 
eĸciently process high-resoluƟon inputs. Because the patch size was reduced from the standard 16 × 16 
to 8 × 8, we used a slightly smaller encoder feature dimension than the canonical ViT, 512 rather than 768. 
The decoder was implemented as a lightweight transformer with 8 layers and an embedding dimension of 
160. This value was chosen to approximate the 3:1 raƟo between encoder and decoder embedding 
dimensions used in the original MAE framework. The decoder received the encoded visible tokens along 
with learnable mask tokens corresponding to the masked patches as inputs. Fixed sinusoidal posiƟonal 
embeddings were added to the decoder input to provide spaƟal informaƟon [57]. The decoder employed 
cross-aƩenƟon, where mask tokens aƩended to the encoded representaƟons to reconstruct the missing 
patches (Supplementary Figure 12).  

High-resoluƟon microscopy images with extreme aspect raƟos (5,056 × 368 pixels) present a 
signiĮcant challenge for standard vision transformer architectures because the computaƟonal cost of 
global self-aƩenƟon scale quadraƟcally with the number of tokens [58]. For an image size of ܪ × ܹ, the 
number of tokens scales with ܹܪ, making full self-aƩenƟon computaƟonally expensive. 

To address this challenge, we employed F-ViT backbone that decomposes aƩenƟon along the 
spaƟal dimensions, inspired by eĸcient aƩenƟon mechanisms used in video modeling [59]. The input 
image ܺ ∈ ℝு×ௐ×஼  was tokenized and reshaped into a sequence representaƟon ܼ(0) ∈ ℝேℎ×ேೢ×஽, 
where ܰ ℎ and ௪ܰ  denote the number of patches along the height and width dimensions, respecƟvely, and ܦ is the embedding dimension. 

Instead of compuƟng full 2D self-aƩenƟon, aƩenƟon was factorized separately along the height 
and width dimensions. This factorizaƟon substanƟally reduced computaƟonal complexity while preserving 
the ability to capture long-range dependencies across both spaƟal axes. In the iniƟal layers, we used 
sequenƟal factorized aƩenƟon (Fig. 3A), where aƩenƟon was Įrst computed along one spaƟal dimension 
followed by the other. This enabled eĸcient propagaƟon of informaƟon across the full image extent. In 
deeper layers, we used parallel factorized aƩenƟon (Fig. 3B), where aƩenƟon was computed 
independently along the height and width dimensions and the resulƟng representaƟons were combined. 
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This design improved computaƟonal eĸciency while maintaining expressive feature interacƟons. Formally, 

given an input tensor ܼ(݈−1), aƩenƟon along the height and width dimensions was computed separately, 
and the outputs were aggregated as:  

ℎ௪ܣ  = Proj(AƩnheight(ܳℎ, ,ℎܭ ℎܸ) + AƩnwidth(ܳ௪ , ௪ܭ , ௪ܸ)), (1) 

where AƩnheight and AƩnwidth denote self-aƩenƟon computed along the respecƟve spaƟal axes. 

Each aƩenƟon block was followed by feed-forward network implemented as gated linear unit with 
GeLU acƟvaƟon and an expansion factor of 4×, which improved model capacity and training eĸciency [60]. 

Self-supervised network pretraining using unlabeled C. elegans images 

The F-ViT model was pretrained using a self-supervised reconstrucƟon objecƟve on a large corpus of 
unlabeled C. elegans imaging data. The dataset comprised 20,000 microŇuidic channels collected across 
27 independent experiments. During pretraining, a large fracƟon of input patches was randomly masked, 
and the model was trained to reconstruct the missing regions by minimizing the mean absolute error loss 
between reconstructed and original pixel intensiƟes. The loss was computed only over the masked tokens, 
following the MAE training paradigm. Pretraining was performed for 500 epochs using the AdamW 
opƟmizer, with a base learning rate of 0.001 and a weight decay of 0.01. To accommodate hardware 
memory constraints while maintaining a large eīecƟve batch size, gradient accumulaƟon was employed. 
Training was performed using FP16 mixed precision to improve computaƟonal eĸciency and reduce 
memory usage. To enhance robustness against variaƟons in imaging condiƟons, data augmentaƟon was 
applied during pretraining, including random rotaƟons, horizontal and verƟcal Ňips, and contrast 
adjustments. 

Supervised adaptaƟon model for embryo detecƟon and classiĮcaƟon 

Following self-supervised pretraining, the MAE decoder was discarded and the pretrained F-ViT encoder 
was used for downstream embryo detecƟon and classiĮcaƟon. Rather than directly applying detecƟon 
heads to the pretrained features, we introduced an intermediate supervised feature adaptaƟon stage to 
bridge the gap between generic representaƟons and task-speciĮc requirements. In this stage, the 
pretrained tokenizer and encoder were retained, and addiƟonal feature reĮnement modules were 
introduced to capture both global and local spaƟal informaƟon. These modules consisted of 
complementary aƩenƟon-based and convoluƟonal branches applied to the encoder outputs. The outputs 
from these branches were concatenated to form a fused feature representaƟon. To guide this adaptaƟon, 
a lightweight decoder was aƩached to perform worm body segmentaƟon, providing dense supervision 
that encouraged the model to capture biologically meaningful morphology and spaƟal context. AŌer 
training, the segmentaƟon decoder was discarded, while the tokenizer, encoder, and feature reĮnement 
modules were retained. The Įnal detecƟon model was then constructed by aƩaching task-speciĮc heads 
for embryo centerness predicƟon, bounding box regression, and embryo developmental stage 
classiĮcaƟon. This design enabled the model to leverage both the global representaƟons learned during 
self-supervised pretraining and the spaƟally enriched features obtained through the intermediate 
reĮnement stage. 

The embryo detecƟon model was built upon the feature representaƟons produced by the 
intermediate reĮnement stage and followed a center-based, anchor-free regression paradigm [61]. The 



22 

 

network predicted embryo locaƟons using a centerness map, followed by bounding box regression and 
classiĮcaƟon. A localizaƟon head, implemented as a U-Net style decoder with transposed convoluƟons, 
produced a 2D centerness heatmap in which each spaƟal locaƟon represented the likelihood of an embryo 
center. This heatmap was used to idenƟfy candidate regions for bounding box regression. Bounding box 
regression was performed at these candidate locaƟons by predicƟng oīsets relaƟve to the candidate 
locaƟon along with the corresponding bounding box dimensions (height and width). This formulaƟon 
enabled direct localizaƟon without the use of predeĮned anchor boxes. To determine the developmental 
stage of each detected embryo, region-of-interest features were extracted from the predicted bounding 
boxes and passed through a mulƟ-layer perceptron for classiĮcaƟon into early-stage embryo, late-stage 
embryo, or background classes [62]. 

Supervised network training using labeled C. elegans images 

We evaluated the impact of feature adaptaƟon and loss design through three ablaƟon experiments. All 
variants shared the same architecture, including the pretrained encoder, feature reĮnement modules, and 
detecƟon heads, but diīered in parameter-training strategy and centerness supervision. SpeciĮcally, we 
evaluated: (i) frozen features, where only the detecƟon heads were trained (experiment 1); (ii) joint 
training, where the feature reĮnement modules and detecƟon heads were opƟmized together 
(experiment 2); and (iii) joint training with a modiĮed centerness loss, where focal loss was combined with 
Dice loss to address class imbalance. This third conĮguraƟon was implemented in the Įnal model 
(EmbryoMAE-Det). Unless otherwise speciĮed, complete intersecƟon over union (CIoU) loss and focal loss 
were used for bounding box regression and classiĮcaƟon, respecƟvely. These conĮguraƟons allowed us to 
examine how diīerent training choices inŇuenced the detecƟon model performance. 

The detecƟon model was trained in a supervised manner using the pretrained F-ViT encoder and 
the feature-reĮnement modules from the intermediate reĮnement stage. During training, the encoder 
weights were kept Įxed, while the feature reĮnement modules and detecƟon heads were opƟmized 
jointly. Training was performed for 1,500 epochs using the AdamW opƟmizer with a learning rate of 5 × 10−4 and a weight decay of 1 × 10−4. Gradient accumulaƟon was used to enable large eīecƟve batch 
sizes, and FP16 mixed-precision training was used to improve computaƟonal eĸciency. To reduce 
overĮƫng, dropout was applied to both pretrained and newly iniƟalized layers, with higher dropout rates 
used for the newly iniƟalized layers.  

The dataset consisted of 1,547 channels with a total number of 47,852 embryos that were 
manually scored and segmented (Supplementary Figure 13). The enƟre dataset was divided into training, 
validaƟon, and test sets using an 8:1:1 split (1,237 training, 153 validaƟon, and 157 tesƟng samples). To 
improve robustness and enable analysis of data captured under varying imaging condiƟons, data 
augmentaƟon was applied during training, including random rotaƟons, horizontal and verƟcal Ňips, and 
contrast adjustments. A mulƟ-task loss funcƟon was used to jointly opƟmize localizaƟon and classiĮcaƟon 
objecƟves. The total loss was deĮned as a weighted sum of three components: centerness predicƟon, 
bounding box regression, and classiĮcaƟon. The centerness loss combined focal and Dice losses to address 
class imbalance arising from the dominance of background regions. Bounding box regression was 
opƟmized using the CIoU loss, which accounts for overlap, center distance, and aspect raƟo consistency 
between predicted and ground-truth boxes. ClassiĮcaƟon was supervised using focal loss to handle class 
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imbalance across embryo stages. All the models were trained on a workstaƟon with 128 GB RAM and two 
NVIDIA A6000 GPUs, each with 48 GB VRAM. 

Model evaluaƟon metrics 

Model performance was evaluated using task-speciĮc metrics for embryo detecƟon and classiĮcaƟon, 
body classiĮcaƟon, and body segmentaƟon. Embryo detecƟon and classiĮcaƟon performance was 
assessed using mean average precision at an IoU threshold of 0.5, following standard object-detecƟon 
evaluaƟon protocols [63]. A predicted bounding box was considered a true posiƟve if its intersecƟon-over-
union (IoU) with a ground truth box exceeded 0.5 and the predicted class label was correct. The IoU was 
deĮned as: 

 IoU = ∣ ௣ܤ ∩ ௚ܤ ∣∣ ௣ܤ ∪ ௚ܤ ∣ , (2) 

where ܤ௣ and ܤ௚ denote the predicted and ground truth bounding boxes, respecƟvely. For each class, 
precision-recall curves were computed by varying the detecƟon conĮdence threshold, and the average 
precision (AP) was calculated as the area under the precision-recall curve. The Įnal mean average precision 
(mAP) score was computed as: 

 mAP = ܥ1 ∑ ஼ܣ
௖=1 ௖ܲ  , (3) 

where ܥ denotes the number of classes. 

For body classiĮcaƟon, performance was quanƟĮed using the weighted F1 score, which balances 
precision and recall while accounƟng for class imbalance. The F1 score was deĮned as: 

1ܨ  = 2 ⋅ Precision ⋅ RecallPrecision + Recall , (4) 

and the weighted variant was computed as the class-frequency weighted average across all classes. 

For body segmentaƟon, accuracy was evaluated using the Dice score, a standard metric for 
segmentaƟon tasks, which measures the spaƟal overlap between predicted segmentaƟon masks and 
ground truth masks. The Dice score was deĮned as 

 Dice score = 2 ∣ ܣ ∩ ܤ ∣∣ ܣ ∣ +∣ ܤ ∣ , (5) 

where ܣ and ܤ denote the sets of predicted and ground truth pixels, respecƟvely. The Dice score ranges 
from 0 (no overlap) to 1 (perfect overlap), reŇecƟng segmentaƟon quality. 

Post-processing and inference for extracƟng C. elegans embryo parameters 

During inference, embryo-related parameters were computed by integraƟng predicƟons from the body 
classiĮcaƟon and embryo detecƟon models (Supplementary Figure 14). First, each channel was processed 
using the body classiĮcaƟon model, which assigned one of three classes: full worm, parƟal worm, or no 
worm. For channels classiĮed as full worm, the embryo detecƟon model predicted bounding boxes and 
corresponding class labels (early-stage embryos, late-stage embryos, and background). To reĮne the 
detecƟons, non-maximum suppression (NMS) was applied with an IoU threshold of 0.75 to remove 



24 

 

redundant overlapping predicƟons. Three embryo numbers were computed by aggregaƟng the detecƟons 
per class, yielding the number of early-stage and late-stage embryos as well as the number of total 
embryos computed as the sum of early- and late-stage embryo detecƟons. 

The body classiĮcaƟon and segmentaƟon models used for inference were adapted from the 
previously proposed vivoBodySeg framework [31]. In contrast to the original architecture, which jointly 
learned classiĮcaƟon and segmentaƟon using a shared encoder, the two tasks were decoupled into 
separate models to enable independent opƟmizaƟon [30]. SpeciĮcally, the classiĮcaƟon model consisted 
of a convoluƟonal encoder followed by a ViT boƩleneck and a classiĮcaƟon head, and operated on a single 
z-slice, reŇecƟng its reliance on global morphological features. In contrast, the segmentaƟon model used 
a 2.5D architecture with a convoluƟonal encoder, a ViT-based boƩleneck, and a convoluƟonal decoder. 
The segmentaƟon model was trained using Įve z-slices stacked along the channel dimension to 
incorporate volumetric context. 

StaƟsƟcal analysis of concentraƟon-dependent embryo-related parameters 

Model outputs for both body sizes (length, area, and volume) and embryo numbers (number of early-
stage, late-stage, and total embryos) were Įrst cleaned to remove invalid samples. SpeciĮcally, we 
excluded empty channels, parƟal worms in which part of the body mask extended outside the FOV or 
protruded more than 200 µm from the trapping channel exit. AddiƟonally, channels where skeletonizaƟon 
failed, prevenƟng reliable body-length esƟmaƟon, were excluded. Tukey Įltering was used to idenƟfy 
biological outliers. Worms with body volume or total number of embryos exceeding 1.5× the interquarƟle 
range from the well-populaƟon median were excluded. Cleaned and Įltered well averages were used to 
generate plots for the diīerent embryo parameters.  

Assay quality was evaluated using the CV% and staƟsƟcal power. Inter-experimental variability was 
quanƟĮed using CV% (CV = σ/μ). The aggregated means and standard deviaƟons were derived from all 
possible combinaƟons of three 1% DMSO wells within the repeatability experiments (6 technical replicate 
wells, repeated over 5 diīerent biological replicates). Assay power was calculated using hypotheƟcal eīect 
sizes ranging from 2.5% to 50% relaƟve to the aggregated control mean and standard deviaƟon. Power 
calculaƟons were performed using a one-sample, one-tailed t-test (α = 0.05) in GraphPad Prism. The well-
level and aggregated mean values for all three embryo parameters were assessed for normality using the 
Kolmogorov–Smirnov test. Because the majority of the datasets did not follow a normal distribuƟon, 
diīerences between model-derived outputs and human annotaƟons were evaluated using the Wilcoxon 
matched-pairs signed-rank test. 

ConcentraƟon-response curves were generated using a 4-parameter logisƟc curve model (“Find 
ECanything” nonlinear Įt funcƟon in GraphPad Prism 10.6.1). For all three embryo endpoints (early-stage, 
late-stage, and total embryos), the lower asymptote parameter was constrained to zero, as L4 worms are 
expected to carry no embryos. The 95% asymmetric conĮdence intervals were reported for each EC50 
esƟmate. Two concentraƟon-response curves were compared using an F-test to determine whether the 
best Įt EC50 values and Hill slope values diīered between the two datasets.  
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Figure legends 

Figure 1. High-resoluƟon C. elegans imaging using vivoChip for mulƟ-parametric DART assay. (A) 
SchemaƟc of the microŇuidic-based vivoChip-24x device. The device contains 24 on-chip wells, each with 
40 parallel microŇuidic channels, to immobilize 960 C. elegans. (B) Image of 40 immobilizaƟon channels 
with a 2× objecƟve. The blue boxes represent 5 imaging Įelds of view, opƟmized to capture whole body 
images from 8 channels per FOV with a 10× objecƟve. (C) Brighƞield images of C. elegans immobilized in 
individual channels were captured with 18 z-stack images using a 10× objecƟve. An in-house machine 
learning model (2.5D U-Net) uses the best focal plane and ±2 adjacent planes to generate worm body 
masks. (D) RepresentaƟve image of a C. elegans showing 39 total embryos inside the uterus. (E) Example 
images of early-stage and late-stage embryos. The schemaƟc at the boƩom shows the early-stage (green) 
and late-stage (magenta) embryos, with late-stage embryos referring to 2-fold or later stage embryos. 
Scale bars are 2 mm (B) and 100 µm (C-E). 

Figure 2. Overview of the EmbryoMAE-Det model architecture. (A) Self-supervised pretraining using a 
2.5D masked autoencoder (MAE). The input image is divided into patches, a subset of patches is randomly 
masked, and the unmasked patches are encoded to obtain latent feature representaƟons. These 
representaƟons are then passed to a decoder to reconstruct the original image. (B) Downstream embryo 
detecƟon and classiĮcaƟon pipeline. The input image is divided into patches, which are processed by the 
pretrained encoder to extract feature representaƟons. These features are fed into three predicƟon heads: 
centerness predicƟon, bounding box regression, and classiĮcaƟon. Their outputs are combined to 
generate Įnal embryo detecƟons and corresponding class labels (e.g., early-stage and late-stage embryos). 
The zoomed-in image of the worm uterus (blue box) shows individual predicted boxes for early-stage 
embryos (green box) and late-stage embryos (magenta box).  

Figure 3. SequenƟal and parallel factorized aƩenƟon mechanisms. (A) SequenƟal factorized aƩenƟon is 
applied along one spaƟal dimension followed by the other using standard mulƟ-head scaled dot-product 
aƩenƟon. This enables integraƟon of spaƟal informaƟon across both height and width within a single 
block. (B) Parallel factorized aƩenƟon is computed independently along the height and width dimensions 
using shared key and value projecƟons, while separate query projecƟons are used for each branch. The 
outputs from both branches are combined to form the Įnal representaƟon, improving computaƟonal 
eĸciency. 

Figure 4. Automated analysis of in utero embryos using EmbryoMAE-Det model. (A) Precision-recall 
curves for early-stage and late-stage embryo detecƟon. Average precision (AP) for each embryo class is 
indicated in the legend, and the overall mean average precision (mAP) is shown on the plot. (B) 
DistribuƟon of errors in the total number of embryos across the held-out test set, calculated as the 
diīerence between manually-scored ground truth and model-predicted total number of embryos (GT - 
Predict; n = 157 channels). Gray bars indicate the number of worms in each error category, and blue 
diamonds indicate the average ground-truth total number of embryos per worm for channels within that 
error category. (C-F) RepresentaƟve images of four test samples showing automated detecƟon and 
classiĮcaƟon of in utero embryos in C. elegans. The Įnal EmbryoMAE-Det model idenƟĮed the embryos 
inside the uterus and classiĮed them as early-stage (green boxes) or late-stage (magenta boxes) embryos. 
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For each worm, ground-truth annotaƟons, predicted centerness maps, bounding boxes, and box centers 
are shown. Ground-truth embryos were manually scored and marked with green or magenta dots for 
early-stage and late-stage embryos, respecƟvely. The red arrows indicate embryos located outside the C. 
elegans body, which were not predicted by the model and were not considered in the analysis. Scale bar 
is 200 µm.  

Figure 5. Automated embryo analysis using EmbryoMAE-Det model compared with manually scored 
ground truth. (A) Plate map showing 4 DMSO treatment condiƟons (0.0%, 0.2%, 0.5%, and 1.0%). The 
same plate map was used for 5 biological replicates, performed on diīerent days. (B) SchemaƟc, 
illustraƟng all sixty 3-well combinaƟons from 5 experiments and 6 technical replicates for each DMSO 
condiƟon. (C-E) Bar plots of aggregated averages from all sixty 3-well combinaƟons for early-stage 
embryos (C), late-stage embryos (D), and total embryos (E) across the 4 DMSO condiƟons. (F-H) Bar plots 
of average CV% values from all sixty 3-well combinaƟons for early-stage embryos (F), late-stage embryos 
(G), and total embryos (H) for 4 DMSO condiƟons. Average well values obtained from EmbryoMAE-Det 
outputs (Model) and the manual scoring (Manual) are presented.  The raw data are presented in 
Supplementary Figure 6. The pair-wise comparison was performed, and p-values are presented in 
Supplementary Tables 3, 4. 

Figure 6. StaƟsƟcal power for three reproducƟve parameters using 3 biological replicates. Predicted 
staƟsƟcal power of the assay to detect hypotheƟcal changes in early-stage, late-stage, and total embryo 
parameters relaƟve to the 1% DMSO control. Power calculaƟons used the mean and standard deviaƟon 
measured from all 60 combinaƟons of 3-replicate average values in 1% DMSO populaƟons, with a one-
sided signiĮcance level of α = 0.05. The doƩed lines represent the power calculated from the manually 
analyzed embryo parameters. The horizontal black doƩed line indicates the 80% power threshold 
considered acceptable for a robust assay. 

Figure 7. ConcentraƟon-response curves for propiconazole and methylmercury. C. elegans were treated 
with 10 concentraƟons of propiconazole or 20 concentraƟons of methylmercury for 72 hours and imaged 
using vivoChip devices. The brighƞield images were analyzed using the EmbryoMAE-Det model (blue) and 
compared with manual data (black). (A-C) Average numbers of early-stage embryos (A), late-stage 
embryos (B), and total embryos (C) per worm treated with propiconazole. (D-F) Average numbers of early-
stage embryos (D), late-stage embryos (E), and total embryos (F) per worm treated with methylmercury. 
Data from three biological replicates are presented as mean ± SEM. The combined well-average values 
were ĮƩed with 4-parameter logisƟc curves for model outputs (solid blue line) and manual data (solid 
black line). The EC50 esƟmates are indicated with doƩed lines and texts for model outputs (blue) and 
manual data (black). Manual and model concentraƟon-response curves for each chemical and phenotype 
were compared using F-tests to determine whether the EC50 parameters diīered signiĮcantly and p-values 
are presented as ns (not signiĮcant, p-value ≥0.05, see Supplementary Tables 5,6). 
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