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Figure 15. Needs and challenges. Overview of needs and challenges for multimodal microscopy image registration by deep
learning.

Figure 16.Multimodal image registration. Multimodal image registration can be addressed by converting the multimodal
problem into a, presumably less challenging, monomodal one. Here, this is illustrated on the difficult task of aligning Second
Harmonic Generation (SHG) and BrightField (BF) microscopy images. (a) One approach is to synthesize images acquired by
one modality to appear as if acquired by the other; this type of image-to-image (I2I) translation is typically done by generat-
ive adversarial networks (here, using StarGAN v2). However, a comparative performance analysis [115] indicates that the syn-
thesized images, even when convincing in appearance, seem to lack sufficiently reliable features to ensure successful subsequent
monomodal alignment. (b) Another approach is to, instead of learning the appearances, learn representations (I2R) of the joint
content of multimodal images, transforming them into a common ‘virtual’ modality. This coordinated representation learning
approach, in combination with a suitable monomodal registration method, reaches excellent performance on alignment of SHG
and BF images [114].
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Figure 17. FLI quantification with ANN. Diagram of FLI quantification using an ANN trained with simulated data (a), (b). (c),
Example of model used for lifetime quantification of a Convallaria sample of high spatial dimensionality (1875 � 1942 pixels).
The total processing time of the ANN was approximately 36 s. Reproduced from [120]. CC BY 4.0.

difficulty to generalize the developed DL models beyond the imaging system and application at hand.
FLI-Net, the first DL model applied to different FLI applications and technologies, needed to be trained
specifically for each case. This comes with an added computational burden comparatively to classical
iterative fitting approaches. Additionally, this leads to assessing the trustworthiness of the DL model out-
put. In this regard, classical iterative fitting-based approaches can assess the fidelity of the quantification,
as well as the quality of the FLI data itself, through residual error between the data and the approxim-
ated fits. This is an important means for quality assessment that is commonly employed during FLI ana-
lysis, as FLI data can be comprised of pixels with decays that are not suitable for quantification due to
a range of factors (e.g. low SNR, motion artifacts, improper parameter settings). When using DL for
either image formation or for classification, these poor-quality decays can be either removed or artifi-
cially enhanced via rudimentary pre-processing steps prior to network inference. However, this prepro-
cessing step precludes the application of DL models towards real-time and/or can lead to large bias as it
enforces expected features in the data that could not always be valid (for instance bi-exponential beha-
vior while more complex biological distribution is present in the sample).

Advances in science and technology to meet challenges
The use of DL methodologies for FLIM is a nascent field that promises to greatly increase the wide-
spread utility of lifetime-based contrast in biology, as well as its use in translational medicine. To date,
a pioneering set of reports have laid the foundation for the development of efficient DL models that are
dedicated to specific applications and technologies. One important aspect is that, in many cases, exper-
imental validation of DL models has been primarily performed with relatively bright and long lifetime
samples that are ‘best case’ scenarios. Still, it can be argued that the biggest challenge in the field of
lifetime imaging at present is that of low photon count detection with high background noise levels.
Indeed, proper FLI data acquisition requires many photons to provide high quality decays in all pixels.
However, low counts often force the use of high exposure times or illumination powers that can lead to
fluorophore photobleaching or cell/tissue damage. Low counts also lead to increased binning resulting
in reduced resolution [121]. However, collection of suitably high counts is oftentimes unfeasible when
dealing with sensitive samples or with applications requiring even modest (i.e. sub-second) framerates.
FLI-Net was the first reported model to exhibit increased accuracy in low photon regime compared to
traditional iterative fitting techniques. Since, numerous studies have focused on establishing improved
DL models for this specific scenario across various applications [121–123]. In parallel, next-generation
time-resolved detectors, such as single-photon avalanche diode (SPAD) arrays, are poised to enable faster
and more photon-efficient FLI data acquisition with improved SNRs [124]. Furthermore, next genera-
tion microscopy systems that leverage computational imaging approaches like single-pixel detection will
allow for improved collection efficiency especially when coupled with DL models [125]. Also, the imple-
mentation of detectors that leverage additional information content (e.g. hyperspectral detection arrange-
ments) will allow for increased specificity, especially for conditions where spectral emissions from tar-
get fluorophores are hard to isolate due to spectral bleedthrough [126]. Additionally, there are still large
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Figure 33. Estimation of spatiotemporal features using MAGIK. (a) Sequence of images illustrating the evolution of a group
of cells over two consecutive frames. (b) The movement and interactions of the objects are modelled geometrically using a dir-
ected graph. In this graph, nodes (v) represent detections and edges connect spatiotemporally close objects. Each node con-
tains the object’s centroid and other important descriptors, such as morphological and intensity attributes. Edges (e), in turn,
encode Euclidean distance between the centroids of the connecting objects. In this example, the node of interest (labeled with
the subindex i and located in frame t) is connected to neighboring nodes in frame t + 1 (labeled with the subindex j) within a
distance-based likelihood radius. (c) The graph is processed through an adaptive attention-based GNN that estimates the asso-
ciations among the objects and provides insights into the intrinsic dynamics of the systems at different scales. Reproduced from
[199]. CC BY 4.0.

Figure 34.MAGIK analyzes a broad range of time-lapse biological experiments at different scales. (a) MAGIK effectively links tra-
jectories across various experimental conditions. MAGIK demonstrates a 99.2% accuracy rate in tracking the movements of HeLa
cells from the DIC-C2DH-HELA dataset, despite their changing shape and repeated division. Likewise, MAGIK achieves 98.4%
accuracy in tracking HeLa cells from the Fluo-N2DL-HeLa dataset, despite the dense sample and frequent mitosis and collisions.
(b)–(c) MAGIK estimates a spatially modulated diffusion landscape. (b) Fluorescence microscopy simulation of single-object
tracking experiment, where molecules undergo Brownian motion with diffusivity D randomly varying in space. (c) Ground-
truth spatial diffusivity pattern and prediction obtained by MAGIK using a 100-frame-long video. (d)–(e) MAGIK unveils global
dynamics. (d) Simulated holographic videos, where objects follow fractional Brownian motion (FBM), annealed transient time
motion (ATTM), and continuous-time random walk (CTRW). (e) Confusion matrix showing the network classification per-
formance of the underlying diffusion model presented in 1.496 validation scenarios. (f) MAGIK predicts the anomalous diffusion
exponent governing the motion of ensembles of objects performing FBM in 1.097 holographic videos. Reproduced from [199].
CC BY 4.0.

adoption of DL in medical and biological fields, particularly in contexts outside of research where inter-
pretability is crucial [234]. Moreover, the proliferation of multiple methods for the same task without a
clear evaluation of their performance can confuse non-experts and limit their usage.
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The scalability of DL graph models is a major technical challenge. Processing large graph represent-
ations with numerous interactions is computationally demanding and requires significant memory and
computing resources. This makes it challenging to directly use GNNs for analyzing dense and lengthy
dynamic experiments.

Advances in science and technology to meet challenges
The MAGIK framework is continuously improved to address the limitations in the current DL
approaches for motion characterization in biological systems. The focus of MAGIK’s development is to
create a framework that is both general and easily convergent. It has shown the capability to train using
just one labeled video by utilizing tools that maximize information extraction from limited data, ensur-
ing proper representation and stability during NN training [199]. MAGIK also uses transfer learning for
migration experiments, enabling the trained network to be applied to other cell data without any reduc-
tion in performance, as shown in the MAGIK GitHub repository [235]. Further advancements in this
regard are desirable through the implementation of self-supervised algorithms.

MAGIK is equipped with attention mechanisms that provide users with interpretability into the
specific aspects of the data structure that the framework focuses on when making predictions. This
approach resonates with broader efforts in computational microscopy, such as integrating attention
and interpretable learning strategies in FLI (section 10). This offers a reliable and efficient method for
analyzing dynamics and provides opportunities for discovering new features in the movement of living
systems.

MAGIK is included in the DL package for microscopy, DeepTrack 2.1 [94], and is, therefore, under-
going continuous development and optimization with a focus on scalability and deployment improve-
ments. Future efforts will focus on developing self-destillation-guided graph subsampling techniques
[236] and resource-efficient GNN architectures [237].

Concluding remarks
DL frameworks for the analysis of biological system, such as MAGIK, can successfully handle the com-
plexities of dynamic analysis in complex and crowded environments utilizing an attention-based GNN.
MAGIK can perform various tasks, including tracking cells, determining local and global dynamics, and
characterizing dynamic aspects without the need for detection linking. Despite these progresses, technical
and interpretive challenges that hinder widespread use of these tools. With the continuous development
of the MAGIK framework within the DeepTrack 2.1 package, we aim to address these limitations and
offer a generalizable tool able to further provide interpretability into the data structure.
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22. Quantification of subcellular dynamics from SPT
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Status
Time-lapse microscopy images of biological processes are widely used to observe the dynamics and beha-
vior of live cells and unicellular microorganisms, with applications ranging from fundamental aspects of
molecular and cell biology to medical practice. The development of single-molecule imaging and super-
resolution microscopy has further extended the capability to resolve the dynamics of biological processes,
reaching the subcellular and molecular scales [238]. The current technology thus enables the visualiz-
ation of the motion of organelles, proteins, and lipids in their native environment. The observations
provided by these experiments are valuable to decipher the interactions between cellular components
and to disclose their role in fundamental processes such as signaling and function regulation. They are
also helpful for biomedical applications related to pathogen infection and drug design. Nowadays, micro-
scopes capable to perform live-cell single-molecule imaging are accessible in many research laboratories
and, therefore, experiments are routinely performed. However, mining quantitative information from
these experiments still poses several challenges.

Typically, the analysis pipeline is divided into two steps: SPT and trajectory analysis (figure 35).
These standard pipelines share important conceptual similarities with those described for particle track-
ing (section 16) and diffusion characterization (section 19), both of which face similar challenges of
noisy trajectories and complex dynamic behaviors. In the first step, the information contained in the
image stream is converted into trajectories, i.e. time series of features associated with imaged particles
(such as position, intensity, and size). Considerable efforts have been dedicated to developing automated
algorithms for this task [219]. Relying on the advances of the research community in CV and multi-
object tracking, the tracking-by-detection paradigm has gained increasing prevalence for SPT. Thus,
images are first processed to detect features (detection), then features obtained at different times are con-
nected using assignment algorithms to obtain trajectories (linking) (figure 35).

Once the trajectories are obtained, they are analyzed using statistical methods to extract information
about the underlying dynamics of the particle, using estimators such as the MSD (figure 35). These ana-
lyzes aim at providing details about the type of transport being observed (Brownian, directed, confined,
or anomalous), interactions with other particles and/or with the surrounding medium. Trajectories are
also used to estimate biophysical parameters (e.g. the diffusion coefficient) or to determine whether the
motion is compatible with a given theoretical model.

Life scientists dispose of a variety of algorithms to precisely track individual particles in living biolo-
gical systems as well as many methods to interrogate trajectories. Recently, approaches based on DL have
also been proposed, claiming remarkable improvements. The objective assessment of the performance of
these methods is thus required to help end-users to pick the suitable tool.

Current and future challenges
Live-cell single-molecule imaging experiments typically record the motion of a subpopulation of indi-
vidual particles (molecules, viruses, organelles) taking place in heterogeneous environments with the
objective of detailing the molecular mechanism of transport and interactions with the environment.
Technical and instrumental drawbacks impose limitations on the experimental conditions (e.g. the dens-
ity of imaged particles and the temporal resolution) and affect quantitative parameters (e.g. the local-
ization precision and the trajectory length) that eventually impact the precise characterization of the
system [219]. A current challenge entails deploying approaches that can improve the performance of the
methods that carry out the individual steps of the traditional analysis pipeline. In the last years, ML and
single-molecule localization microscopy have produced a surge of methods for single-molecule detec-
tion and localization, mainly based on CNNs [177, 239]. More recently, DL approaches have also been
proposed for the trajectory linking task [199]. These methods aim to provide an automated, unbiased,
and reliable analysis of the image stream. The improvement of their performances enables experiments
to be performed at faster image acquisition rates and higher labeling densities, increasing the temporal
resolution and the spatial sampling. Similar advances aimed at enabling dense, high-speed data acquisi-
tion are also central in the development of motion analysis frameworks like MAGIK (section 20).
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Figure 35. Steps of the analysis of live-cell single-molecule imaging experiments. The imaging experiments record the motion of
individual particles. In the conventional analysis pipeline, images corresponding to individual frames are first processed to detect
features (detection). Then, features are connected to obtain trajectories (linking). Finally, trajectories are analyzed to obtain
quantitative information, e.g. by the calculation of the mean-squared displacement (MSD). Deep learning approaches are provid-
ing substantial improvements with respect to classical statistics and might further enable the direct extraction of dynamic features
from unprocessed videos.

Because of the variety of phenomena taking place inside living cells, numerous approaches focus-
ing on different aspects of particles’ motion have been proposed to analyze trajectories. A challenging
aspect is the characterization of individual trajectories, in particular when experimental conditions limit
their length or localization precision. Very recently, pioneering works using ML have shown substantial
improvements with respect to classical statistics and have demonstrated the ability of several architec-
tures (random forest, convolutional, and RNNs) to provide the precise estimation of parameters (such
as the diffusion coefficient for Brownian motion and the anomalous diffusion exponent) as well as tra-
jectory classification, either with respect to the diffusion mode (described as immobile/confined/Browni-
an/directed or sub-/Brownian/super-diffusive) or to the underlying physical model [222, 223, 240, 241].
These results have led to the organization of the first anomalous diffusion (AnDi) challenge [221], a
competition to objectively assess these methods, which fostered the development of novel approaches
with outstanding performance [221]. The challenge also featured a task on trajectory segmentation for
the detection of changes in dynamic behavior associated, e.g. with interactions with the environment.

Due to its implications for the characterization of biological systems, the development of traject-
ory segmentation methods for the detection of transient and short-lived events has recently gained fur-
ther momentum, leading to the organization of the second AnDi challenge, which aims to evaluate and
benchmark computational tools that can detect dynamic state transitions within individual trajectories,
uncovering short-lived interactions that may indicate binding events or transient confinement [242].

Advances in science and technology to meet challenges
DL methods developed for both SPT and trajectory analysis outperform classical statistics counter-
parts in a wide range of conditions and promise to relax experimental constraints, providing more
information at a faster speed from live-cell single-molecule imaging. However, several of the proposed
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methods remain stuck at the stage of proof-of-principle and do not reach a widespread application in
actual experiments. Various reasons might be contributing to this process. Most of the methods intro-
duced so far involve supervised learning, but the lack of annotated data for this kind of experiment
forces the training and validation over simulated datasets. Despite the realism of the simulations, the
transfer learning to actual data might generate concerns from end-users, in addition to the black-box
model concern. As done in other fields, progresses in this sense might be obtained by creating com-
munity efforts aimed at (i) producing public datasets to evaluate novel methods; (ii) periodically bench-
marking existing methods using objective metrics to determine the state-of-the-art. It must be also con-
sidered that to work optimally, DL architectures must be trained on simulations reproducing the specific
experimental conditions. It is thus recommendable to implement user-friendly interfaces to help non-
experts to train and fine-tune the model.

The DL approaches implemented for SPT have incrementally improved on existing methodologies
but have so far been bound to follow the standard analysis pipeline, providing data-driven versions of
conventional approaches. A leap forward might be taken by developing ‘tracking-free’ methods capable
of directly extracting dynamic features from unprocessed videos. Such approaches might be based on
geometric DL or physics-informed ML architectures that include informative priors, i.e. physical con-
straints and inductive biases, on top of the observational data. This mirrors broader efforts across micro-
scopy, such as physics-informed learning in computational phase microscopy (section 8) and particle
tracking (section 17). In fact, besides producing faster training and more accurate predictions, these
architectures will also increase the interpretability of the model. The direct use of raw data would also
prevent the propagation of errors generated at the different steps of the pipeline that finally impact the
extraction of dynamic information.

The development of techniques not requiring labeled datasets might further accelerate the applica-
tion of DL to real data. Both unsupervised and self-supervised learning methods are advancing at a very
rapid pace. In combination with innovative network architectures such as transformers, self-supervised
techniques have demonstrated the ability to learn representations from unlabeled data, achieving out-
standing results for image-based analysis. As such, they represent a promising approach for the develop-
ment of the next generation of tools for SPT and analysis.

Concluding remarks
The DL revolution is yielding exciting perspectives for the quantitative analysis of live-cell single-
molecule imaging. Yet, while recently developed tools are demonstrating their gain in performance, they
still have important challenges to overcome to reach a widespread use of data-driven methods over clas-
sical tools. In this sense, it is advisable to promote community-driven actions to benchmark and validate
methods [219, 221, 242]. Stepping beyond the tracking-by-detection paradigm might lead to a boost
in performance by digging information directly from raw data. The integration of physical constraints
and inductive biases into DL models can improve performance and interpretability. It is foreseeable
that novel techniques not requiring labeled datasets will further boost this field and enable the study of
molecular dynamics in living cells beyond current capabilities.
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23. Plankton life trajectories
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Status
Life likely began in the oceans 3.8 billion years ago [243]. Early cyanobacteria spread across the oceans
and oxygenated the atmosphere [244]. Since then, the phytoplankton—the microscopic equivalents of
terrestrial plants—have played a pivotal role in the Earth’s ecosystem. Phytoplankton generate approxim-
ately half of the oxygen produced on Earth and fix 50 Peta-grams (Pg) of carbon every year, around five
times the total emissions from fossil fuels [245]. Yet, because of their smaller size, our understanding of
the lower aquatic food-web in many aspects is limited.

In order to effectively interrogate these organisms at a closer level, we depend on microscopy-based
methods. Some of the application scenarios in this direction are plankton detection and counting, plank-
ton segmentation and species classification, and long-term tracking of plankton cells. However, manual
identification of single cells is a labor-intensive process considering the extraordinary diversity among
plankton taxa that require trained taxonomists [246]. This also limits the possibilities to monitor and
follow plankton communities with adequate resolution in time and space. Over the past decade, a mul-
titude of CV-based imaging methods have been developed for object detection from microscopy images.
These techniques range from traditional approaches that follow segmentation and binary thresholding
methods, to more advanced techniques based on DL [247]. These trends parallel the shift from hand-
crafted to DL-based segmentation and classification methods observed in biomedical microscopy, partic-
ularly in SPT and cellular imaging (see, for example, sections 14 and 21).

Particularly, DL-based methods for plankton analysis have seen considerable success in recent years.
Emerging as an alternative approach to established methods, DL offers objective schemes for investigat-
ing microorganisms in different environments. For example, a family of CNNs such as Faster R-CNN,
U-Net, and YOLO are widely used for object detection, classification and segmentation problems [247].
The convolutional layers in these networks help to identify the high-level and low-level morphological
features of cells in the image in contrast to traditional approaches. A family of generative models known
as GANs are being used for generating new plankton imagery data from the existing data, to better eval-
uate the existing models and to further improve the accuracy in measurements [248]. Efforts are also
being directed towards new problems such as quantitative tracking of planktons, and biomass estimation
through DL [249].

Current and future challenges
The rapid development of AI inspires applications in plankton analysis, such as automatic identification
and high volume and throughput in-situ monitoring efforts. In parallel there is a more demand-driven
development to fine-tune and improve existing methods and identify techniques that work with the lim-
ited amount of labeled data, which is typically the bottleneck with DL based methods. Below we discuss
the most pressing challenges.

Manual annotation of data: To train a DL network, one needs labeled data. Which means if an image
contains an organism, we need experts identifying the organism to species level based on taxonomic
knowledge from the literature and experience. This is a laborious task and often prone to errors. The
problems with manual annotation of data can be tackled with unsupervised and self-supervised DL
algorithms. Unsupervised classification of organisms, for example, can be performed by investigation
the latent space distribution of variational autoencoders, followed by a subsequent evaluation of the pre-
dicted clustering by taxonomic experts.

Expanding the scope towards applications: DL applied research in plankton ecology is mostly restricted to
detection, counting, and segmentation problems. This needs to be leveraged for more practical applic-
ation scenarios to better understand the plankton dynamics. For instance, there is need to develop AI
based tracking algorithms, that can track individual plankters over extended time periods. Mechanistic
understanding of individual interactions such as predation, and resource exploitation are underexplored
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Figure 36. Plankton. Example images of zooplankton (left) and phytoplankton (right, photo credit Malin Mohlin) organisms.
Plankton, as a broad term includes morphologically diverse organisms with complex geometries and deviating life stages that
challenge AI driven classification and segmentation of images.

areas where boundaries are being pushed by DL algorithms. This ambition to move beyond static clas-
sification toward dynamic behavioral analysis is shared by efforts like MAGIK (section 20), which also
seeks to uncover spatiotemporal patterns in biological motion.

Practical constraints: In field experiments and ship-based monitoring efforts, plankton communities are
sampled at too low temporal and spatial resolution. Often, plankton communities in ocean are dynamic,
and short-lived features such as blooms can easily form and disappear between two discrete sampling
events. Apart from infrastructural difficulties, there is also a bottleneck in image analysis speeds. With
the development of marine profiling instruments with AI based real time classification without manual
annotations, the lower marine food web can be sampled at the appropriate spatial and temporal resolu-
tion. Furthermore, successful classification is a challenge given the overlapping morphologies in plankton
cells (figure 36). While some can be accurately classified, there are other where overlapping morphology
will prevent accurate classification even with large training sets.

Usability: Though DL methods are becoming increasingly accessible, most often they are not packaged in
a ready-to-use interface. Efforts in this direction would benefit technicians and users with limited pro-
gramming knowledge.

Advances in science and technology to meet challenges
Below we discuss the recent developments in DL that can be used to tackle some of the challenges in
plankton ecology and likely open the doors for new applications.

Labeled data: Obtaining the labeled ground truth data is an undisputed problem in many DL applic-
ations. Lately, unsupervised and self-supervised DL algorithms have shown some promising results in
this direction. Cycle-GANs, which belong to the family of GANs are widely used in style-transferring
the images from one domain to different domain with unpaired images and ground truth data. From
an image segmentation viewpoint of planktons (figure 37), this indicates that Cycle-GANs can be used
for segmentation tasks when there is a limited amount of manually annotated data. Since the plankton
images and the corresponding segmentation masks needed not be paired in order to train a Cycle-GAN,
synthetically generated masks with comparable morphologies can be used as the ground truth data for
real plankton images.

Additionally, microscopy imagery data of planktons can itself be synthetically generate either by
GANs [248], or by simulating plankton-like objects. By employing the state-of-the-art computational
optics and replicating the optical properties of the experimental devices that are used to record the data,
a representative set of microscopy images can be generated on a large scale [94]. The advantage of syn-
thetically generated data is that the ground truth is known beforehand and can be easily controlled. This
has the potential to overcome the challenges that arise with manual annotation of data, specifically for
the segmentation tasks where careful labeling of cell borders is crucial. As an example, the segmentations
of plankton species shown in figure 37 are obtained by a U-Net model trained on simulated plankton
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Figure 37. Plankton segmentation and counting using U-Net. (a) Simulated microscopic image containing plankton species,
Noctiluca scintillans (Larger cell) and Dunliella tertiolecta (Smaller cells), are processed through (b) a U-Net model pre-trained on
simulated data to obtain binary masks corresponding to N. scintillans cells (left) and D. tertiolecta cells (right). (d) Experimental
test image presented to the trained network. (e) Network outputs: predicted masks of the N. scintillans cells (left) and of the D.
tertiolecta population (right). (f) Post-processing for quantification: identification of N. scintillans cell (green outline on the left)
and centroids of individual D. tertiolecta cells marked with red circles for automated counting (right).

data. This methodology also offers cell classification based on morphological properties, apart from the
segmentation.

Recently, self-supervised DL algorithms have also shown some promising results in object segmenta-
tion and detection tasks. These advances are conceptually aligned with self-supervised methods explored
for microscopy object detection (section 17) and for diffusion characterization (section 19), where min-
imal manual annotation is a key advantage. Unlike supervised algorithms where learning is based on
labeled examples, self-supervised algorithms are provided with labels which are transformed versions of
input images themselves. Particularly, ViTs, which employ an attention based mechanism to emphasize
different regions of input image, have outperformed CNNs in many CV tasks [210]. Belonging to the
family of ViTs, distillation with no labels, a self-supervised ViT [250], was able to successfully segment
objects from images without any labeled data with a higher accuracy. Considering the diversity in plank-
ton morphologies, self-supervised ViTs can used for segmentation and classification of complex taxa.

Concluding remarks
AI driven microscopy is a rapid developing field of research. The automatic identification, segmentation,
and tracking of individual plankton organisms provides mechanistic insights beyond the current state
and will revolutionize our understanding of the lower aquatic food web and allow observations of high
numbers of organisms at the relevant spatial and temporal scales. Moreover, recent combinations of well-
established techniques such as digital holography with DL algorithms will facilitate individual resolution
of plankton organisms and interactions in a way that will catalyze plankton ecology in coming years.
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24. Micro-physiological systems (MPS)
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Status
MPS lying at the interface of microfluidics and biology are a promising tool for better understanding
human biology, physiology and physiopathology. Otherwise termed organ on chip devices, these systems
exploiting physical and chemical phenomena at the microscale, are able to replicate biological cellular
and biomaterial ensembles as well as their conditions in the human body [251]. They provide functional
units, emulating organs, that can be interconnected together [252], as is done by the blood and lymph-
atic streams in the naturally occurring systems, to provide simplified versions of the human body leading
to a better understanding of complex multifactorial behaviors [253].

MPS are hybrid devices in which cells and biomaterials status during the experiments play a funda-
mental role on the accuracy and the relevance of results. Guaranteeing time-dependent spatial conditions
and the monitoring of experimental events require gathering, managing and processing complex data in
a non-invasive way while preserving the validity of the biological in vitro model (phenotype) at least in
functional terms. The capability to provide large amounts of time-dependent data is inherent of the MPS
which are potentially ready to integrate multiple sensors [254, 255] and to be imaged with sophisticated
microscopy techniques [256]. This provides the means of controlling and analyzing biological complexity
of several interconnected units, working synergistically, to gain insights into their systemic response.

The usage of ML techniques [254, 257] to control and to evaluate specific behaviors of MPS when
disturbed by stimuli, such as drug compounds, could provide a reliable tool to predict the behavior of
new potential therapies, to stir therapies discovery, to enable personalized medicine, or to spot processes
that remain hidden to the human eye due to the complexity and volume of data that should be simul-
taneously evaluated. This vision shares strong conceptual links with the autonomous microscopy and
modeling approaches seen in sections 10 and 18, which also aim to extract meaningful dynamic patterns
under experimental perturbations. This could open a paradigm shift in the pharma and biotech indus-
tries with important socioeconomic positive impacts and the substitution, at least partially, of the cur-
rent in vivo animal models [253, 258, 259]. The current parallel advancement of ML, MPS, sensing and
imaging technologies provides a fertile field to achieve autonomous MPS platforms providing the neces-
sary high-throughput and robustness to be used as true human physiology and physiopathology emulat-
ors. Despite current limitations, the combination of these technologies is already providing encouraging
scientific results [257]. An example of how such a system could work is presented in figure 38.

Current and future challenges
Human physiology has a strong dependence on local physicochemical parameters. For long-term studies
on MPS accurate control is critical to provide reliable and meaningful data. This control, when aimed
massively, particularly for potential applications related to therapeutic screenings, cannot be done by
human operators. Automated control systems able to take decisions in real time to fine-tune and main-
tain MPS parameters, such as dissolved oxygen contain, pH, temperature, fluidic profiles or induced
mechanical forces, will be critical (figure 38). Furthermore, they could assess how the system is respond-
ing to specific stimulus and also provide an indicator of validity of the MPS model after each experi-
ment based on monitored media components and metabolites as well as other events occurred.

The combination of sensing and imaging technologies with ML approaches provides a promising
tool to achieve such a degree of control and evaluation in these complex systems [255–257]. However,
sensing and imaging techniques need to be chosen wisely not to alter the MPS biology itself. Chemical
and physical conditions that introduce bias (e.g. phototoxicity, genetic alterations, molecule absorption)
have to be avoided to keep the models viable and realistic. Some of these undesirable effects can be also
eliminated by ML techniques using advances coming from microscopic image analysis such as virtual
staining [98] that could avoid the use of chemical staining and eliminate phototoxicity in some applica-
tions. These non-invasive approaches have also been explored in cell imaging pipelines (see, for example,
section 27, where virtual staining enhances label-free analysis and preserves biological viability).

Nevertheless, acquiring and labeling massive input data to train future autonomous decision-making
systems is a tedious and user-intensive task that is subject to certain bias. Also, continuous monitoring
of the development and the function of these biological models implies real-time comparison and integ-
ration of multiple data sources from heterogeneous conditions which is a challenge by itself. The ML
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Figure 38. Example of a MPS system incorporating machine learning. This MPS system is focused onto unveiling the mechan-
isms of breast cancer metastasis into the liver potentially usable to serve as a model to find new therapies or to personalize the
treatment of this pathology.

evaluation system should be able to classify time-dependent events expressing in different dimensional
scopes. This is another considerable challenge linked to evaluate simultaneously cellular level character-
istics, such as phenotypes, migration (e.g. immune and tumoral) or distant communication (e.g. extra
cellular vesicles), as well as overall larger multicellular functional units and systemic responses.

The model proposed in figure 38 illustrates the degree of complexity that can be attained in an MPS.
Recently, cell-derived vesicles secreted by breast cancer cells have shown to travel and activate liver sinus-
oidal endothelial cells (LSECs) in a liver MPS promoting the destruction of vessel barriers and unveiling
metastatic mechanics [260]. At imaging level, higher resolution microscopy could be also required on
top of conventional one to follow the morphology and density of fenestrations, nanostructured apertures
present in the liver LSEC.

Multisource automated study of multidimensional time-dependent data is still in its youth for MPS.
So far, ML for automation of single-sensor measurements, imaging systems or identification of key
candidates in a drug screening procedure have been implemented, but a long road has to be paved to
achieve reliable, usable and feasible multiplexed and complex MPS.

Advances in science and technology to meet challenges
ML techniques have already demonstrated their value and feasibility in simple MPS to generate vir-
tual staining, to study cells phenotypes or to track migration events [257] both in supervised and non-
supervised approaches. However, the usage of ML techniques to control the multiple parameters of
MPS microenvironments to guarantee their viability and phenotype has so far not been demonstrated.
Furthermore, limited data sources have been used to evaluate the MPS, such as a unique time-lapsed
imaging approach or a limited number of combined analytical sensors, reducing the true potential cap-
abilities of the approach and dismissing important physiological and physio pathological data.

MPS systems improvements in terms of usability, repeatability, high-throughput and robustness have
to go hand in hand with imaging, sensing and ML advances. The provision of completely automated
MPS systems with these characteristics for continuous, standardized, condition-controlled and reliable
data provision for researchers should be the main aim of current developments. This will allow test and
optimization of different ML strategies and mechanisms leading to exploit the full potential of these
technologies. It will also lead to facilitate high-throughput analysis which is critical to generate the envis-
aged healthcare disrupting system that are aimed to be. Eventually, other data obtained by sampling the
MPS fluids and tissues, such as genetic information, or by medical evaluation of human sources could
be added to improve the results when therapeutic evaluation outcomes are targeted.

From the pure ML algorithms point of view, data augmentation, semi-supervised learning and trans-
fer learning can be explored as means to reduce the amount of data needed for the training. Similarly,
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automatic data annotation can be used to reduce the cost of manual labeling. Furthermore, specific
requirements for DL algorithms applied to the MPS field involve the development of novel customized
architecture and layout designs. Different approaches to automate design and gain efficiency have to be
explored and catastrophic interference has to be prevented in any explored iterative upgrading. Also, the
large amount of real-time data gathered by these systems coupled to sensors and imaging devices implies
an accurate study of how to improve inference speeds by compressing the model volume while ensuring
accuracy. Equivalently, the hardware utilized for training the DL algorithm and evaluating MPS systems
needs to be chosen wisely and performance of the overall system optimized. Finally, interpretable DL
technologies, mitigating the ‘black box’ effect, should be developed to facilitate the generation of mean-
ingful physical explanations from a biological point of view.

Concluding remarks
Combination of MPS and ML techniques is an emerging field holding a great potential to impact human
biology understanding, medical therapies development and personalized medicine. Ideally, the applica-
tion of ML techniques to those multiparametric complex systems should in the future provide currently
unattainable biological insights by using unsupervised learning approaches. On the other hand, by com-
paring results obtained with well-known and characterized therapeutic compounds libraries to the ones
resulting with novel compounds and to the real in vivo outcomes these algorithms could also achieve
good levels of prediction in drug discovery and therapy personalization. Eventually, medical and bio-
logical data coming from the human subjects providing tissue or cells in the studies, and obtained by
other means, could be also included in the ML models providing extra information in therapeutic dis-
covery and personalized medicine applications.

In the years to come, efforts into automatizing and standardizing the MPS data sources, provid-
ing experimental robustness, high-throughput and scalability, should improve the ML outcomes in this
domain. The need of condition-controlled, massive and reliable data is paramount. Besides this, the spe-
cificities of MPS devices, their data heterogeneity and its multiples sources, have to be considering when
designing and exploring strategies for any machine or DL approaches.
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25. Self-learning thermofluidics
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Status
In microfluidics, liquids and suspended objects are manipulated in tiny channels to trigger chemical
reactions, assemble new materials, analyze single cells at high throughput, or to imitate organs on a chip
[261]. Its innovation potential for fields like biology, chemistry, drug design, and medicine is driven by
the superior mass and heat transport at these small length scales combined with an easy experimental
accessibility and control. Most fluid manipulation approaches are pressure-based and require external
pressure differentials applied at the inlet/outlet of complex channel systems. Such methods allow for
complex flow designs, but need to move the fluid throughout the channel to affect the local composi-
tion, though other local approaches based on electro-kinetic (electrophoretic) actuation exist. In recent
years new techniques for the manipulation of nano-objects and flows in a fluidic environment have
been developed that are remotely controlled by light and go beyond the force generation of OTs. These
approaches employ local temperature gradients to drive the migration of species suspended in liquids by
thermophoresis [262], thermo-osmosis [263], or thermo-viscous [264] or other secondary effects [263]
and may be summarized as thermofluidics (figure 39). In this way, schemes for manipulating colloids
[265] and single molecules [215] have been developed to even provide new access to the study of protein
aggregation [266]. Temperature gradients at liquid–solid boundaries in simple fluidic slit pores allow
the generation of local flow patterns to guide, manipulate, and separate objects suspended in liquids
without any external pressure [263]. Thermo-viscous effects allow dynamic flow generation by dynamic
local heating of the liquid. Due to the small dimensions of microfluidic systems, heat-transfer is fast pav-
ing the way for feedback-controlled techniques in fluid manipulation [267]. This real-time, closed-loop
strategy strongly aligns with similar efforts in automated microscopy and adaptive calibration described
in sections 13, 18 and 23. A combination of all these effects would allow to stir, mix, separate, com-
press, and even heat/cool in microfluidic systems based on the simple application of light. Yet, large scale
integration and application in microfluidics is still missing.

Current and future challenges
The increasing complexity in the phase composition of liquids, in the objects suspended, in multimodal
sensing techniques used together with the specific goal of microfluidic applications raises the need
for new ML-based analysis and control schemes that harvest the advantages of microfluidics [261]
(figure 40). One of the current challenges that, for example, is often met in various applications is the
appearance of heterogeneities in samples, which hampers the data analysis of molecular species. Such
heterogeneous samples are, for example, highly relevant in the study of protein aggregation in assays to
understand the origins of neurodegenerative diseases [266].

The experimental investigation of heterogeneous ensembles leads to ensemble averages that are dom-
inated by the most abundant species, which, however, might not be the most important ones for the
specific disease. The new local approaches of thermofluidics can be size- or even species-selective in their
action allowing the spatial dispersion of the different species. Yet, their interaction with the temperat-
ure fields is often unknown. This mirrors challenges faced in dynamic imaging settings such as MPS
(section 23) and FLI (section 10), where the measurement and control of local environments must be
managed without disrupting system behavior. ML approaches, for example, for real-time visual classi-
fication and localization of species in a sample [268] combined with reinforcement learning [269] seem
well-suited to meet this challenge of a self-learning variant of thermofluidics. Together with local spec-
troscopic information in real-time to improve the local homogeneity while increasing the spatial hetero-
geneity will readily lead to new reconfigurable self-learning tools to tackle chemical, medical, or physical
questions with high flexibility.

Advances in science and technology to meet challenges
The main advances to meet these challenges constitute on one side the large-scale integration and test-
ing of thermofluidic approaches into conventional microfluidic systems. This includes simple absorpt-
ive layers to induce laser-controlled local temperature increments to yield strong boundary flows that
can be combined with additional fields such as electric fields to deliver even stronger effects of thermo-
electrohydrodynamics. These approaches shall be studied with pressure-driven flows as they will provide
many new variants, such as temperature-driven flow field fractionation. On the other side, the key
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Figure 39. Colloidal motion through thermos-osmotic flows. Colloidal motion induced by controlled thermo-osmotic flows
(left) and a combination of thermo-viscous and thermo-osmotic flows (right). Reproduced from [263]. CC BY 4.0.

Figure 40.Machine learning-based thermo-fluidic control. Machine learning-based thermo-fluidic control of species using an
action space that is determined by thermal-gradient-induced drifts of objects and liquids, a classification and localization of
objects in space as well as an object and event-based manipulation that is adaptive due to a learning process. Reproduced from
[263]. CC BY 4.0. Reproduced from [268]. CC BY 4.0.

approach that is suggested here is, however, the use of the freely configurable dynamic temperature fields
with newly developed ML approaches (recurrent networks, CNNs, reinforcement learning) that pick up
local signals with chemical resolution at a high sensitivity and speed. The ML techniques make use of
the local character of the temperature perturbations to yield a goal-driven microfluidics. This further
requires highly sensitive detection techniques, that deliver at best chemical resolution in real-time to
allow the adaptive improvement suggested by ML such as deep reinforcement learning. Such highly sens-
itive experimental techniques may, for example, involve new variants of photothermal infrared micro-
scopy, which recently revolutionized infrared microscopy but still have to be adopted for microfluidic
applications.

Concluding remarks
Local thermofluidic effects have the potential to drive new approaches of ML-driven microfluidics as
they provide a rich action set that can be applied to fluids of almost any type to manipulate suspended
objects, but also to induce local flows that separate or mix different constituents. While the individual
interactions of species with temperature fields might not be known in detail, ML of actions to yield spe-
cific outcomes directly during the experiment, will provide new approaches to manipulate species for
applications in physics, chemistry, biology, and medicine.
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26. Digital pathology
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Status
Microscopy-aided visual assessment of tissue samples, such as biopsies and cytological smears, has been
essential for diagnosing cancer and other disease for more than 100 years. Grading disease severity is
critical to the clinical management of patients. It is however a difficult task, and the variability between
pathologists poses clinical challenges, leading to both under- and overtreatment, which impacts patient
morbidity, mortality, and healthcare costs. The first approaches to machine-aided diagnostics in patho-
logy were made already in the 1930s, and more recently, efficient slide scanners and automated sample
handling has boosted digital pathology and the development of DL-based image analysis systems for
assisting pathologists in sample evaluation [270]. Such systems have the potential to increase both accur-
acy and cost efficiency in cancer screening, and are a prospective solution to the problem of high inter-
pathologist variability [271]. Some of the most impressive results have been reached by global challenges
such as the PANDA challenge [272], including training- and test-data from multiple hospitals and coun-
tries, leading to DL-based solutions based on ensembles of diverse models, featuring, for example, differ-
ent data preprocessing approaches and different NN architectures. Similar large-scale efforts to develop
generalized models across diverse biological samples are also highlighted in sections 21 and 27, in the
context of single-particle dynamics and label-free virtual staining.

At the same time, automated systems based on DL are often very sensitive to sample-to-sample vari-
ation and artifacts stemming from processes during sample collection, sample handling, staining, and
scanning. While a human is very efficient in adapting to such variability, very subtle variations, some-
times not even possible to notice by the human eye, can have catastrophic effects on automated detec-
tion and grading. Large multi-site efforts such as the PANDA challenge can overcome these issues simply
by ensuring that the massive amounts of data included during training cover as much as possible of the
sample variation that can be expected during model deployment in the clinic. However, such large-scale
efforts are costly, and may be difficult to organize for rare disease where sample availability is limited.
Another bottleneck is the reliability of the training data, depending heavily on the inter-pathologist vari-
ability in visual annotation of samples. With robust approaches for image normalization, augmenta-
tion, and novel learning-regimen that ignore non-essential variability, DL has the potential to become
a broadly applicable and reliable tool in the clinic.

Current and future challenges
The two largest challenges in deployment of DL for digital pathology is the availability of reliable train-
ing data, and sample-to-sample variability.

Another word for training data is ‘ground truth’, an expression that comes from remote sensing,
where data is collected from imaging devices attached to satellites or aircrafts, and automated analysis
results, such as mapping of roads or classification of tree species, are compared to ‘the truth’ collec-
ted from observations made on the ground. Such observations of ‘the truth’ are not straight forward in
digital pathology. Typically, the ‘ground truth’ is manual visual annotations by pathologist. Many times,
people ask the question ‘What precision does a learning-based decision system have to reach to be use-
ful?’. This number must always be answered in relation to the ‘truth’ to which it is compared, and since
pathologists often disagree in their visual assessments, both training and evaluation has to be done with
care. One approach is to compare automated result from a learning-based decision system to multiple
manual annotations, and in the same way also compare each of the manual annotators to one another
[273]. One can also use other metrics as a means of evaluating method’s performance. Patient survival
is such a metric. This is however a very noisy metric, especially since a mm-sized tissue sample may not
at all be representative of the cause of death of a patient. This challenge of defining meaningful ‘ground
truth’ echoes difficulties in subcellular dynamics analysis (section 21), where ambiguity and variability in
manual labels similarly limit model reliability.

Sample-to-sample variability and limited generalization performance is a fundamental problem when
using DL applied to digital pathology, and lack of generalization may even introduce bias. For example,
digitized tissue samples may be collected from a number of different hospitals. If one of these hospit-
als is specialized in, e.g. a severe type of breast cancer, there is a risk that the system learns to associate
irrelevant hospital-specific image effects with sever breast cancer, rather than learning the actual fea-
tures of the tissue morphology. This is typically approached by some form of unification of data from
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Figure 41. The need of deep learning in digital pathology. In digital pathology, sample-to-sample variation, as well as ambiguities
in annotations, call for methods that can handle unification of samples and generalization of deep learning models, at training,
inference, or both.

different sites to each other, for example by normalization [274], or by generalization of the model during
training by creating artificial data so that samples from different sites span the same parameter space,
see figure 41. The simplest approach to stain normalization is to separate the RGB-image into its stain
components and scale each channel to a fixed intensity interval. More advanced methods, such as sparse
non-negative matrix factorization have been successfully used to normalize individual stains [275].

Advances in science and technology to meet challenges
When training a DL model, the input data influences the model’s ability to learn relevant features of
the data and generalize to new data. A standard technique is to use color and texture augmentation of
the training data, artificially generating more variations for the network to learn. However, it is typically
difficult to produce a dataset without some bias toward any specific feature. DL models used in digital
pathology have a tendency to overfit to the stain appearance of the training data. If a model is trained
on data from one lab only, it will usually not be able to generalize to data from other labs.

Recent advances in GANs can reduce the effects of sample variation by being trained to mimic what
an observed image would have looked if it was captured in a different batch or at a different site [276].
This type of NN-based sample unification can transfer images from one ‘mode of variation’ to another
while preserving the phenotype of the tissue morphology. In this way, the training data can be extens-
ively expanded to represent a feature space spanning both the non-important variation due to sample
handling, and the disease-related variation that is to be learned. It is however important to note that
false structures that could influence grading may be added.

Another promising approach is to use so-called domain-adversarial NNs, which are designed to pre-
vent the model from being biased towards features that in reality are irrelevant, such as the origin of an
image. Ultimately, such a system would adapt in a similar fashion as a human, resulting in no need for
normalization or augmentation, as indicated by promising results on prostate cancer grading on datasets
from different hospitals [277].

New molecular methods have the potential to bring DL in digital pathology beyond mimicking
ambiguous manual annotations. Recently, new transcriptome-wide analysis technologies have enabled
the study of RNA molecules directly in tissue samples, thus maintaining spatial resolution and comple-
menting histological information with molecular information important for the understanding of many
biological processes and potentially relevant for the clinical management of cancer patients [278]. Parallel
application of standard clinical staining techniques and novel molecular methods introduces a novel type
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independent sample annotation that can be used for model training, with the potential to discover of
previously unseen but medically relevant tissue patterns.

Concluding remarks
Limited generalization across diverse multinational cohorts is one of the central barriers to implementa-
tion of DL in clinical practice. Strict protocols and quality control, all the way from sample collection to
staining and scanning has the potential to reduce variability. At the same time, DL approaches that can
adapt to shifted domains much like a human, learning to discriminate between image features relevant
or irrelevant for decision making, are starting to make their way into digital pathology. Another recent
approach to data-efficient models that can generalize and transfer to a wide range of diagnostically chal-
lenging digital pathology tasks is the use of foundation models, such as UNI [279], pretrained on more
than 100 million images from over 100 000 diagnostic H&E-stained whole slide images.

As spatially resolved novel multiplexed and target-specific molecular methods can be directly correl-
ated with prognosis and strategies for treatment, they may function as useful tools by themselves. They
may however also function as a means to molecularly ‘annotate’ parallel slices of tissue samples exposed
to standard clinical stains, thus providing input for DL systems that have the potential to go beyond
mimicking what a human observer could do. This principle of using spatially resolved, multiplexed data
to annotate microscopy inputs aligns with recent work in MPS (section 23), where multimodal fusion is
becoming crucial for biological insight.

Despite many challenges still remaining before DL will be widely used in clinical practice, the atti-
tudes are generally positive: a survey with 487 pathologists practicing in 54 countries [280] showed that
nearly 75% reported interest or excitement in AI as a diagnostic tool in pathology.
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