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Effectively detecting anomalous diffusion

viadeeplearning
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A deeplearning algorithmis presented to
classify single-particle tracking trajectories
into theoretical models of anomalous diffusion
and detectif the trajectoryisrelated to
amodel not originally found within the
training dataset.

The diffusion of particlesin different environments has been studiedin
the physical and biological sciences for more than a century. Originally,
Einstein proposed a mathematical model to describe the observed
erratic movement of particles suspended in a fluid, arandom walk
known as Brownian motion'. Einstein’s model of Brownian motion has
two landmarks seeninsimple systems, such as the diffusion of small par-
ticlesin water: the probability distribution of the particle displacements
is Gaussian, and the mean of the squared displacements scales linearly
with time?. During the last 20 years, the emergence of single-molecule
techniques and ssingle-particle tracking has provided importantinsights
into the behavior of molecules and organelles within complex envi-
ronments®. These new insights uncovered deviations from Brownian
motion across a wide range of biophysical data. These observations
show anomalous diffusion where the mean squared displacement does

not scale linearly in time and the distribution of displacements may
notbe Gaussian. Several mathematical models have been proposed to
describe the different features that give rise to anomalous diffusion**>.
However, effective models to characterize anomalous diffusions with
unknown features are still lacking in the community. In this issue of
Nature Computational Science, Xiaochen Feng and colleagues report
adeep-learningapproach that not onlyimprovesthe precisionin clas-
sifying trajectories into the anomalous diffusion models used in the
training steps but also considers the possibility that such a trajectory
belongs to acompletely different type of motion® (Fig. 1).

With recent developments in machine learning (ML) algorithms
and their successful application to many areas of science, it is no sur-
prise that ML approaches were soon applied to the characterization
of anomalous diffusion’’. A recent objective study comparing differ-
ent methods reveals that ML algorithms perform better at classify-
ing anomalous diffusion trajectories than conventional statistical
methods’. However, recent applications of ML methods to study
anomalous diffusion mainly focus on classifying a given trajectory
into various mathematical models and quantifying the deviations from
normal diffusion. Infact, even when these ML classifiers can exhibit an
improved performance in characterization, they face a fundamental
challenge:ifatrajectorylacks the features of the training models, such
asthescaling of the mean squared displacement or the power spectral
density', these approaches will lead to an incorrect classification.
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Fig.1| Workflow of the deep-learning approach for detecting anomalous
diffusion. The deep-learning network is trained with trajectories of five
anomalous diffusion models, the in-distribution model set. These models are
continuous-time random walk (CTRW), annealed transient time model (ATTM),
fractional Brownian motion (FBM), Lévy walks (LW), and scaled Brownian

motion (SBM). Outlier trajectories are added to the training set belonging to five
additional diffusion models, namely, directed Brownian motion (DBM), two-state

model (TSM), combined anomalous diffusion motion (CBM), Sinai diffusion
(SINAI), and Ornstein-Uhlenbeck (OU). Thus, when applying the deep-learning
network to experimentally obtained trajectories, they are classified in one of

the five in-distribution models. Yet, if any of these trajectories present features
that do not correspond to any of them, itis classified as belonging to an out-of-
distribution model. Thus, the classification is not constrained to the models used
inthe training step.
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In other words, such a trajectory may present unknown features, and
thus a different model should be considered.

In common deep-learning classification methods, the algorithm
learns features of the training data and then tries to classify the test data
among the different categories (models). In other words, one starts
with the closed-world assumption that the test dataset also belongs
to the models used in the training set, the so-called in-distribution
models. Yet, this assumption is not always correct in real-world situa-
tions, highlighting the need for amorereliable classification method.
To tackle this problem, Feng et. al. proposed an out-of-distribution
classification method, which consists of a deep-learning network
thataccurately classifies trajectories belonging to the in-distribution
anomalous diffusion models while at the same time being capable of
identifying out-of-distribution trajectories. Following the Anomalous
Diffusion (AnDi) challenge’, a competition aimed at evaluating meth-
ods for detecting anomalous diffusion from individual trajectories,
the authors select five models to create the in-distribution sample,
namely continuous-time randomwalk, annealed transient time model,
fractional Brownian motion, Lévy walk, and scaled Brownian motion.
Using a Mixup procedure, the authors generate sample outliers that
do not belong to the in-distribution models, but to five additional
diffusion models, namely, directed Brownian motion, two-state
model, combined anomalous diffusion motion, Sinai diffusion, and
Ornstein-Uhlenbeck, as shown in Fig. 1. The analysis shows that tra-
jectories identified as out-of-distribution are better described with
these modesrather thanwiththe ones used during training. With such
an additional layer of complexity produced by the addition of these
outliers, Feng and collaborators were able toimprove the classification
concerning the in-distribution models but also allowed good out-of-
distribution classification.

In general, the limited number of models used in supervised
machine learning poses one of the main setbacks in implementing
these classifiers. The presented algorithm can be used to more reliably

detect anomalous diffusion models, whichin turncanlead to abetter
understanding of cellular processes and biomolecularinteractionsin
the crowded realminside living cells. While this work paves the way for
strengthening our understanding of anomalous diffusion, it remains
to be seen if using deep learning for out-of-distribution detection
promotes the development of new theories to better model complex
systems. In practice, the impact of this work depends on how easily
researchers in different fields can implement these algorithms. The
accurateidentification of out-of-distribution models, asdemonstrated
in this work, not only enhances our understanding of anomalous dif-
fusion but also holds potential for applications in other fields where
reliable classification s crucial.

Adrian Pacheco-Pozo"? & Diego Krapf® 2
'Department of Electrical and Computer Engineering, Colorado State
University, Fort Collins, CO, USA. 2School of Biomedical Engineering,
Colorado State University, Fort Collins, CO, USA.

e-mail: diego.krapf@colostate.edu

Published online: 11 October 2024

References

1. Einstein, A. Ann. Phys. 322, 549-560 (1905).

2. Metzler, R., Jeon, J.-H., Cherstvy, A. G. & Barkai, E. Phys. Chem. Chem. Phys. 16,
24128-24164 (2014).

3. Shen, H. etal. Chem. Rev. 117, 7331-7376 (2017).

4. Krapf, D. Curr. Top. Membr. 75, 167-207 (2015).

5. Sabri, A., Xu, X., Krapf, D. & Weiss, M. Phys. Rev. Lett. 125, 58101 (2020).

6. Feng, X. etal. Nat. Comput. Sci. https://doi.org/10.1038/s43588-024-00703-7 (2024).

7. Munoz-Gil, G., Garcia-March, M. A., Manzo, C., Martin-Guerrero, J. D. & Lewenstein, M.
New J. Phys. 22,13010 (2020).

8. Kowalek, P., Loch-Olszewska, H. & Szwabinski, J. Phys. Rev. E 100, 32410 (2019).

9. Munoz-Gil, G. et al. Nat. Commun. 12, 6253 (2021).

10. Fox, Z.R., Barkai, E. & Krapf, D. Nat. Commun. 12, 6162 (2021).

Competing interests
The authors declare no competing interests.

nature computational science


http://www.nature.com/natcomputsci
http://orcid.org/0000-0002-2833-5553
mailto:diego.krapf@colostate.edu
https://doi.org/10.1038/s43588-024-00703-7

	Effectively detecting anomalous diffusion via deep learning

	Fig. 1 Workflow of the deep-learning approach for detecting anomalous diffusion.




