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Biotechnology has long been a visually oriented discipline, 

evolving from early microscopic observations of cellular 

structures to contemporary high-content screening (HCS) 

platforms capable of producing millions of fluorescent and 

phase-contrast images each day.1 Despite these technological 

advances, image analysis remains a major bottleneck.2 

Traditional approaches continue to rely substantially on 

handcrafted features, threshold-based segmentation, and 

supervised learning algorithms that depend on extensive 

manual annotation.3 Such limitations are particularly 

problematic because biological systems exhibit complex 

spatial organization, temporal dynamics, and multiscale 

characteristics that conventional computer vision pipelines 

often fail to adequately represent.4 

Recent advances in deep learning (DL), particularly self-

supervised vision transformers (ViTs) and generative diffusion 

models, have the potential to fundamentally reshape image-

based biotechnology rather than merely provide incremental 

improvements to existing analytical workflows. By learning 

rich and transferable representations directly from large-

scale unlabeled image datasets, these approaches can capture 

the complex visual patterns and latent biological features 

underlying cellular and multicellular systems.5 This capability 

may facilitate the interpretation of biological structures 

across multiple organizational scales, ranging from subcellular 

organelles and individual cells to organoids, tissues, and 

microbial colonies, thereby enabling biological insights that 

may remain inaccessible to conventional image-analysis 

strategies. 

To date, biological image analysis has been predominantly 

driven by supervised convolutional neural networks (CNNs) 

applied to tasks such as cell segmentation and counting, 

organelle tracking, phenotypic classification, and microbial 

colony identification.6 Although these models have 

demonstrated substantial performance across diverse 

applications, their effectiveness is strongly dependent on the 

availability of large, high-quality, manually annotated datasets. 

Generating hundreds of thousands of expert-labeled images 

is often labor-intensive, time-consuming, and economically 

prohibitive, particularly for biotechnology applications 

involving diverse experimental conditions and complex 

biological phenotypes. This annotation dependency represents 

a critical barrier to the scalability, generalizability, and 

broader adoption of current DL-based imaging approaches. 

Recent studies have advocated a transition toward self-

supervised learning (SSL), particularly approaches based on 

masked autoencoders (MAEs) and contrastive learning 

frameworks such as SimCLR.7 These methods can learn 

informative and transferable visual representations directly 

from large collections of unlabeled biological images, 

substantially reducing dependence on costly manual annotation. 

Emerging evidence further suggests that SSL-based models 

trained on cell-line imaging datasets can outperform 

conventional supervised CNNs in predicting drug responses 

from morphological phenotypes alone.8 This development 

highlights the potential of representation learning to enable 

scalable, label-free phenotypic screening, reducing the 

reliance on predefined molecular markers or extensive 

expert annotation. A persistent challenge in biological 

imaging, however, is the fundamental trade-off among 

spatial resolution, temporal resolution, and phototoxicity.9,10  

Generative DL, provides a powerful framework for 

overcoming several persistent limitations in biological 

imaging.11 By learning complex mappings between different 

image representations, these models can reconstruct, synthesize, 

and predict biologically meaningful visual information that 

is difficult to obtain directly through conventional imaging 

approaches. 
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Modern biotechnology increasingly relies on the 

integration of complementary imaging modalities, each 

capturing distinct aspects of biological organization. 

Conventional multimodal integration strategies are often 

highly specialized, rule-based, and dependent on modality-

specific processing pipelines, limiting their flexibility and 

scalability. To address these limitations, cross-modal 

transformer architectures could provide a promising unified 

framework for integrating heterogeneous biological imaging 

modalities. By learning shared latent representations across 

complementary imaging domains, these models can establish 

meaningful correspondences between distinct visual signals 

and facilitate the reconstruction or imputation of missing 

modalities.  

A persistent concern surrounding the application of DL 

in biotechnology is its perceived “black-box” nature, which 

can limit biological interpretability and confidence in model-

derived predictions. Nevertheless, recent advances in 

explainable artificial intelligence (XAI), including attention 

rollout, gradient-weighted class activation mapping (Grad-

CAM), and feature-attribution methods, provide opportunities 

to move beyond prediction toward mechanistic insight and 

biological discovery.12 

DL systems have the potential to move beyond prediction 

toward hypothesis generation, transforming biological image 

analysis into a more predictive and discovery-oriented 

discipline. However, realizing this potential requires 

overcoming the scarcity and fragmentation of large-scale, 

standardized, publicly accessible bioimaging datasets. 

Establishing coordinated bioimage repositories, building on 

resources such as EMPIAR, with standardized metadata and 

validated annotations, alongside federated learning frameworks 

that enable collaborative model development without sharing 

sensitive data, could substantially improve scalability and 

generalizability.13 In parallel, standardized community 

benchmarks and challenges could facilitate reproducible 

evaluation and fair comparison of models across tasks such 

as cell tracking, organoid assessment, phenotypic profiling, 

and microbial imaging, thereby accelerating the responsible 

integration of DL into biological research and biotechnology.  

The proposed DL–based imaging paradigm has broad 

applicability across biotechnology, including cell and gene 

therapy, microbial biotechnology, tissue engineering, drug 

discovery, and synthetic biology. These applications illustrate 

the potential of advanced DL approaches to address diverse 

biological imaging challenges across multiple biotechnology 

domains. 

In conclusion, Emerging advances in deep learning are 

reshaping biological imaging by enabling more efficient, 

integrative, and interpretable approaches to the analysis of 

complex biological systems. Rather than replacing human 

expertise, these technologies can augment researchers’ 

ability to extract meaningful patterns, generate hypotheses, 

and connect visual phenotypes with underlying biological 

processes. However, realizing this potential will require 

open, collaborative, and reproducible efforts, including 

standardized datasets, robust benchmarking, and transparent 

computational workflows across academia and biotechnology. 

Ultimately, biological images are not merely collections of 

pixels but multidimensional representations of the organization, 

dynamics, and complexity of life; unlocking their full 

scientific value will depend on computational approaches 

capable of capturing this biological depth. 
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