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Al-driven single-particle tracking for cancer cell characterization
Tracking vesicle-encapsulated nanoparticles as dynamic biomarkers
Yuchao He
Department of Physics
Chalmers University of Technology

Abstract

Prostate cancer exhibits altered intracellular phenotypes that require novel biomarker
approaches for accurate diagnosis and treatment stratification. This thesis presents
an integrated computational framework to reconstruct and analyze the intracellular
dynamics of vesicle-encapsulated gold nanoparticles (AuNPs) from large-scale scat-
tering microscopy videos, with the goal of identifying dynamic indices that can serve
as potential biomarkers for distinguishing between prostate cancer cell lines.

The proposed framework combines two major components: trajectory recon-
struction using deep learning models, specifically the MAGIK graph neural network,
and inference of diffusion properties from the reconstructed trajectories. To address
the challenges caused by the large scale of the experimental videos, the study intro-
duces a segmentation-based pipeline that processes smaller video sequences, inte-
grates predicted graphs, and builds accurate nanoparticle trajectories. Importantly,
the MAGIK model is trained on simulated trajectories that simulate biologically
relevant motion types, reducing the need for labor-intensive manual annotations.

Subsequently, the study applies a modified version of the MAGIK model to pre-
dict point-wise diffusion exponent values for each trajectory, allowing classification of
distinct motion types such as directed motion and subdiffusive motion. Among the
extracted dynamic indices, nanoparticle velocities during directed motion emerge as
promising biomarkers, showing different distributions between the LNCaP and PC3
prostate cancer cell lines.

Overall, this work demonstrates the potential of applying deep learning methods
to uncover novel dynamic biomarkers in cancer research. Future directions include
extending the analysis to additional diffusion properties and expanding the reper-
toire of dynamic indices with biological significance to further enhance biomarker
discovery and improve our understanding of intracellular transport in cancer cells.

Keywords: single-particle tracking (SPT), gold nanoparticles (AuNPs), graph
neural networks (GNNs), trajectory reconstruction, diffusion exponent inference,
intracellular transport.
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1

Introduction

Prostate cancer ranks as the second most commonly diagnosed cancer in men world-
wide, with an estimated 1.4 million new cases and over 375,000 patient deaths
recorded each year [3,4]. While early detection can dramatically improve patient
survival, metastatic prostate cancer remains challenging, resulting in a five-year sur-
vival rate of only 31% [3]. The development and validation of clinical biomarkers
represents a basic approach for improving early detection. However, traditional
biomarker assays, such as polymerase chain reaction (PCR)-based tests, DNA mi-
croarrays, and fluorescence in situ hybridization, are often invasive, costly, and lim-
ited in sensitivity for capturing dynamic molecular events [5].

a Polymer b
Polymer

Nanosphere Nanorods

Figure 1.1: Structures of polymer-coated gold nanoparticles (AulNPs).
a-b, Visual examples of two common AuNP architectures: a for spherical gold
nanoparticles with coated polymers and b for rod-shaped gold nanoparticles also
coated with polymers.

Therefore, there is an urgent need to advance cancer diagnostics through the
development of novel, non-invasive approaches that target specific biomarkers with
enhanced specificity and sensitivity. In recent years, metallic nanomaterials have
emerged as powerful diagnostic tools capable of targeting potential cancer biomark-
ers with remarkable precision [6]. Among these innovative nanomaterials, polymer-
coated gold nanoparticles (AuNPs) have gained particular attention due to several
distinctive advantages:

e Their intrinsic surface plasmon resonance properties enable highly sensitive
optical detection via scattering microscopy techniques;
o Well-designed polymer coatings substantially enhance circulation time within
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the human body, while their surface functionalization facilitates specific bind-
ing to targeted biomarkers;

e Their exhibited lower toxicity makes them good candidates for potential clin-
ical applications in diagnostics [7].

Given these advanced characteristics, this thesis focuses on polymer-coated gold
nanoparticles (AuNPs) as carrier platforms for targeting potential cancer biomark-
ers. A representative structure of these gold nanoparticles is presented in Figure 1.1
a-b.

Having established polymer-coated gold nanoparticles as our carrier platforms,
this thesis addresses a fundamental question: Which pathogenic or biogenetic path-
ways differ among prostate cell lines, and how can these differences be exploited
using polymer-coated AuNPs for diagnostic targeting? Recent studies have revealed
significant dysregulation of endosomal-lysosomal biogenesis in prostate cancer, char-
acterized by altered expression patterns of genes governing lysosomal trafficking
[8]. Notably, several of these differentially expressed genes encode motor proteins
responsible for directed vesicle transport along the cytoskeleton. These findings
suggest that dysregulated vesicular transport machinery could generate distinctive
movement-specific signatures, such as mean squared displacement (MSD), that are
differentially expressed between normal and cancerous prostate cell lines.

Considering that polymer-coated gold nanoparticles (AuNPs) can enter intracel-
lular vesicles through endocytic pathways [1], the dynamic behavior of these vesicles
can be analyzed by tracking the motion of vesicle-encapsulated AuNPs. The opti-
cal properties of AuNPs make this approach feasible: their strong light-scattering
signature under dark-field microscopy ensures they are clearly visible in scatter-
ing microscopy images, enabling precise particle detection and tracking within the
complex cellular environment.

By correlating these particle trajectories with the underlying vesicle trafficking
machinery, the central aim of this thesis is to extract motion-specific signatures of
vesicle behavior that can serve as novel biomarkers for prostate cancer characteriza-
tion. These dynamic signatures are computed by analyzing microscopy images that
capture the intracellular transport of vesicle-encapsulated AuNPs. To achieve this,
the primary objective of this work is to apply deep learning-based single-particle
tracking (SPT) methods to extract and analyze vesicle trajectories from large-scale
scattering microscopy datasets.

Since SPT broadly consists of two key steps, the thesis consists of two main
tasks: developing a robust pipeline to reconstruct vesicle-encapsulated nanoparticle
trajectories from large-scale microscopy images, and accurately estimating the diffu-
sion properties at each point along the trajectory, such as diffusion exponents («) and
diffusion coefficients (D). The structure of this thesis reflects these goals. Chapter 3
presents the trajectory reconstruction pipeline, which integrates pre-trained models
to process large-scale microscopy videos. Chapter 4 introduces the modified MAGIK
model [9] for the inference of diffusion properties of each point in reconstructed tra-
jectories in Chapter 3. Finally, Chapter 5 discusses the performance evaluation of
the proposed methods, key findings, and future directions for improving the models
to achieve even more robust and accurate results.



2

Background

In the last chapter, I introduced the ultimate aim of this thesis: identifying novel
biomarkers for cancer cell characterization. Given the known alterations in lyso-
somal trafficking machinery across different prostate cancer cell lines [8], this work
focuses specifically on vesicular dynamics related indices as promising biomarker
candidates. To achieve this, I use polymer-coated gold nanoparticles (AuNPs) as
tracers of intracellular vesicle movement, capturing their dynamics through scatter-
ing microscopy. Once these microscopy videos are acquired, a key challenge is to
extract meaningful dynamic indices. For this, single-particle tracking (SPT) offers
a powerful computational framework to reconstruct trajectories and characterize
their dynamic properties [10]. However, traditional computational methods often
struggle to interpret the complex movements in biological systems. They tend to be
sensitive to outliers and anomalies and typically have a limited scope when it comes
to inferring motion parameters [11]. To address these challenges, deep learning has
emerged as a promising approach for both particle tracking and the inference of
diffusion parameters.

In this chapter, I first introduce the endocytic trafficking pathway, which enables
the use of polymer-coated AuNPs to track intracellular vesicle movements. Next,
I present the general single-particle tracking (SPT) framework and related deep
learning models applied to trajectory reconstruction and characterization. Finally, I
introduce the core graph neural network component used in this thesis: the message-
passing neural network (MPNN).

2.1 Endocytic pathways driving nanoparticle in-
tracelluar transport

Feasibility of tracking intracellular vesicle movements using polymer-coated gold
nanoparticles (AuNPs) is enabled by the cell’s inherent endocytic trafficking path-
ways. When introduced into cancer cells, these nanoparticles engage with the plasma
membrane through various endocytic mechanisms, including clathrin-mediated en-
docytosis and macropinocytosis [1]. After internalization, the nanoparticles enter
the endosomal network, where the fate of nanoparticles is determined. Initially,
internalized AuNPs enter into early endosomes near the cellular membrane. Then
early endosomes mature and move, becoming late endosomes surrounding the nu-
clei [1]. Eventually, most of them will be transported to lysosomes, mainly around
the peri-nuclear region [12]. Together, endocytosis and the endosomal network form
the complete endocytic trafficking pathway.
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Figure 2.1: Schematic illustration for the endocytic trafficking pathway.
The endocytic trafficking pathway consists of two major stages: endocytosis and
ndosomal network processing. Initially, nanoparticles are internalized through en-
docytic mechanisms and subsequently engage with the cellular endosomal networks.
Once inside, they enter into early endosomes, which gradually mature into late en-
dosomes. From here, a portion of internalized particles are transported to lysosomes
for degradation, while others are recycled back to the plasma membrane via recy-
cling endosomes. This schematic demonstrates the complete intracellular journey of
endocytosed nanoparticles, visualizing key steps in their trafficking. This figure is
adapted from Guo et al. [1].

This pathway provides a valuable opportunity to analyze vesicle dynamics by
tracking the movements of vesicle-encapsulated polymer-coated AuNPs. A schematic
overview of the full endocytic trafficking process is shown in Figure 2.1.

2.2 Framework for single particle tracking

Single-particle tracking (SPT) is an approach to follow and analyze the motion of
individual particles within living cells. To obtain precise results, microscopy images
must be captured under conditions that allow accurate tracking of nanoparticle
movements. In this work, they shared the same frame rate (1 FPS) and scale (1
pixel = 0.1 pum). After acquiring sufficient microscopy images, the first major step
in the SPT pipeline is trajectory reconstruction (Figure 2.2 a). This step consists
of two major tasks: detecting the position of each nanoparticle in each frame and
linking of positions into trajectories. Once the trajectories are reconstructed, the
next step is to characterize their diffusion properties (Figure 2.2 b). This analysis

4
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Figure 2.2: Framework for single-particle tracking (SPT). The SPT frame-
work consists of two major steps: a tracking detected particles and b analyzing
reconstructed trajectories. a, After capturing scattering microscopy images, parti-
cles are first detected in each frame, followed by a linking process to reconstruct
continuous trajectories across frames. Scale bar, 2um. b, Once trajectories are re-
constructed, various analysis tools are applied to extract dynamic properties such as
diffusion coefficients, transition rates, and anomalous diffusion exponents, providing
quantitative insights into the underlying particle dynamics.

mainly focuses on two tasks: inferring diffusion parameters and extracting dynamic
indices of trajectories based on these inferred parameters, which is closely related to
change-point detection in time series analysis [13].

2.3 Deep learning-based trajectory reconstruction

The standard pipeline for trajectory reconstruction consists of two major steps: (1)
precisely detect the positions of particles in each frame; (2) detected positions at each
frame are connected into trajectories (linking) [14]. Numerous algorithmic solutions
have been proposed to tackle these two tasks. Specifically, current deep-learning rev-
olution has fostered the development of tracking reconstruction methods. Therefore,
this section focuses specifically on deep-learning-based tracking approaches.

For the particle detection task, traditional deep learning models based on su-
pervised learning often require large, precisely labeled datasets, which can be time-
consuming to generate in biological fields. However, a recently developed model,
LodeSTAR, overcomes this challenge by combining self-supervised learning and
geometric learning to eliminate the need for manual annotations [15]. Notably,
LodeSTAR can be trained on images containing a single object and then detect
multiple objects with similar shapes and optical properties to objects within trained
images, making it highly suitable for detecting the particles in my datasets, which
include nanoparticles with similar shapes in scattering microscopy images.

For the trajectory linking task, geometric deep learning provides advanced ap-
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proaches to tackle multi-object tracking from a different perspective compared to
traditional methods [14]. Instead of dealing with information from detected objects
directly, geometric deep learning will extend neural networks to problems where in-
puts are best represented as graphs. For the trajectory linking task, graphs provide
a natural and intuitive way to represent both spatial and temporal information from
detected objects [16,17]. Therefore, deep-learning methods based on graphs referred
to as graph neural networks (GNNs) have been successfully applied to the trajectory
linking task, such as MAGIK [9].

2.4 Single-trajectory characterization

After discussing the deep learning models for trajectory reconstruction, the first step
in the SPT framework, this section introduces the second step in the SPT framework,
single-trajectory characterization. To identify dynamic related indices as potential
biomarkers, the quantitative characterization of single-trajectory diffusion properties
is essential and typically related to the inference of diffusion properties [13, 18].
This process relies on understanding the types of nanoparticle motion present in
biological environments. Therefore, before diving into the analysis, it is important
to first discuss the main motion types observed for vesicle-encapsulated AuNPs
within cancer cells.

2.4.1 Common dynamics of intracellular nanoparticle trans-
port

The motion of vesicle-encapsulated AuNPs reflects the dynamics of the surround-
ing vesicles. According to the work by Saurabh S. Mogre et al. [2], two primary
types of vesicular motion are typically observed within cells. When nanoparticles
are wrapped in late endosomes or lysosomes in the perinuclear region, they often
exhibit subdiffusive motion type [19]. In contrast, when nanoparticles are wrapped
in vesicles actively transported by motor proteins along cytoskeletal filaments, they
are driven by motor proteins and display directed motion type [20,21]. These two
representative motion types in the physical world are displayed in Figure 2.3 a.

A key question, then, is: how can these motion types be described mathemati-
cally? A typical method is to use point-wise diffusion exponent values to determine
motion types [22]. The computation of diffusion exponents («) is derived from the
scaling of the mean squared displacement (MSD) with lag time 7, given as:

MSD(7) = ([x(t + 7) — x(t)]*) = 2d D, T (2.1)

where d is the dimensionality, D,, is the generalized diffusion coefficient, x(¢) is the
position of nanoparticles at time ¢, and « is the diffusion exponent.
By calculating «, the motion types can be classified using threshold values [22]:
o If @« < 1, the MSD grows sublinearly, corresponding to subdiffusive motion
type.
e If 1 < a < 1.5, the MSD grows linearly, corresponding to weakly directed or
Brownian-like motion.
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superdiffusion (a = 1.7)
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Figure 2.3: Representative motion types in intracellular nanoparticle
transport. a, Examples of diffusive and motor-driven motion: left panel is the
diffusion of membrane protein Sec61 within the peripheral tubular network of the
endoplasmic reticulum (ER) in a COS7 cell, and the right panel is a motor-driven
lysosome trajectory (red) aligned along microtubules (green) in a monkey kidney
cell. This figure is adapted from Saurabh S. Mogre et al. [2]. b, Motion with
a = 0.6, Brownian motion with o = 1, and superdiffusive motion with a = 1.7. c,
Corresponding mean squared displacement (MSD) curves for the motion types on a
log-log scale shown in b.

o If @ >= 1.5, the MSD grows superlinearly corresponding to strongly directed
motion.
These motion types and their MSD curves are visualized in Figure 2.3 b-c, where
Figure 2.3 c illustrates the linear relationship between the MSD and lag time on a
log-log scale, with the slope corresponding to the diffusion exponent «.

2.4.2 Inference of diffusion parameters

Once the possible motion types are established, the next step is to estimate the
diffusion parameters, such as the diffusion coefficients (D) and diffusion exponents
(cv). Before the utilization of machine learning, statistics-based methods have been
developed to infer these diffusion parameters, such as time-averaged mean squared
displacement (TA-MSD), hidden Markov model and variational Bayesian methods
[20]. However, these statistics-based methods are sensitive to outliers, and typically
have a narrow scope when performing parameter inference.
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To address this challenge, deep learning methods have been introduced to the
inference task. Convolutional neural networks (CNNs) [23], recurrent neural net-
works (RNNs) [24], and graph neural networks (GNNs) [9,25] are among the most
widely used architectures. Compared to CNNs and RNNs, GNNs offer a distinct
advantage in modeling complex spatial-temporal relationships in intracellular trans-
port data [9]. In this work, I adopt and extend a GNN-based framework, specifically
building on the MAGIK architecture [9], to tackle the inference task more precisely.

2.5 Graph neural network MAGIK model archi-
tectures

As discussed in the previous sections, graph neural networks (GNNs) have emerged
as powerful tools for both the trajectory linking task and trajectory characterization
task. In this work, I selected the MAGIK model [9], a GNN-based architecture, as
the foundational model for linking nanoparticle detections across frames and infer-
ring diffusion-related parameters. This section presents the fundamental principles
of graph neural networks underlying the MAGIK model design.

2.5.1 Graph representation in MAGIK

The effectiveness of graph neural networks highly depends on how the underlying
task is represented as a graph structure. In the MAGIK model, each input graph is
formally defined as a 3-tuple G = (u, V, E), where:
o u represents global attributes that characterize the entire input graph.
o V = {v;}¥] is the set of nodes, where each v; contains the attribute vector
for node 7 and NV is the total number of nodes
o« E = {(ex, s, s1)}2", represents the set of edges, where r;, indicates the re-
ceiver node index belonging to the edge k, s indicates the sender node index
belonging to the edge k, and e, contains the attribute vector for edge k.
In the nanoparticle trajectory analysis, nodes (V) typically represent detected nanopar-
ticles with their associated features (position, intensity, frame number), while edges
(E) encode relationships between particles, such as Euclidean distances and tem-
poral relations. This graph representation captures both spatial and temporal rela-
tionships within detected nanoparticles across the video for trajectory reconstruction
and analysis.

2.5.2 Message-passing neural networks (MPNNs)

The core computational blocks of the MAGIK model are based on message-passing
neural networks (MPNNSs), which provide a flexible and powerful approach for pro-
cessing graph-structured datasets. Specifically adapted for the trajectory analysis
tasks in this work, the MAGIK model implemented focuses primarily on learning
and updating node and edge attributes while maintaining global attributes as static
throughout the computation process.
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Figure 2.4: Internal structure of a message-passing neural network
(MPNN). a-c, Visualization of three core update functions: a for updating edge
attributes, b for updating node attributes, and c for updating global attributes. In
each figure, blue elements represent the components being updated, while orange el-
ements represent the components providing information for the update. d, Overview
of the MPNN computational process, where node attributes V' and edge attributes
E are updated to V' and E’ through a structured three-step message-passing pro-
cedure. e, The message-passing steps propagate information to a target node from
a limited number of steps.

The internal structure of MPNNs contains two fundamental functions: update
functions (¢) and aggregation functions (p). The update functions (¢) are respon-
sible for generating new attribute values for nodes, edges, or global features by
incorporating information from neighboring elements. As displayed in Figure 2.4
a-c, there are three types of update functions, each for updating node attributes,
edge attributes, or global attributes, respectively.

The computation within each MPNN block follows a structured three-step pro-
cess (shown in Figure 2.4 d):

1. Edge Update: Edge attributes are updated based on the features of their
connected nodes, allowing the model to learn relationships between particles



2. Background

based on their individual characteristics.
2. Edge Aggregation: For each node, connected edge attributes are aggregated
to create a comprehensive representation of the local neighborhood structure.
3. Node Update Node attributes are updated using both the original node
features and the aggregated edge information, enabling each particle to incor-
porate information from its local environment.
This iterative message-passing procedure enables information propagation across
the graph structure. After certain steps of propagation, each node has access to
information from all nodes and edges [26]. This multi-hop information aggregation
is particularly valuable for trajectory analysis, as it allows the model to capture
both local motion patterns and longer-range temporal relations. This aggregation
process is displayed in Figure 2.4 e.

Additionally, by using message passing to propagate information across tempo-
ral connections, the MPNN can effectively capture the sequential relationships for
understanding particle transport dynamics. This capability makes the architecture
particularly suitable for inferring diffusion parameters from particle trajectory data.
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Reconstructing trajectories of
intracellular nanoparticle
transport

In the previous chapter, I explored methods for detecting nanoparticles and link-
ing detections across video frames to form trajectories. While these approaches
provide practical solutions, they present significant limitations with respect to the
precision-memory tradeoff. Furthermore, current approaches lack a unified frame-
work for processing the high-throughput video data generated by modern microscopy
techniques.

To address these limitations, this chapter introduces a robust computational
pipeline designed to reconstruct nanoparticle trajectories directly from raw mi-
croscopy videos with enhanced efficiency and accuracy. My approach integrates
deep learning methodologies within a two-stage framework: (1) training neural net-
work models on designed synthetic datasets that capture the features of experimental
data; (2) applying this pipeline integrated with these pre-trained models to recon-
struct trajectories from experimental microscopy videos.

The following sections provide detailed technical descriptions of each pipeline
component, including the synthetic data generation for the model, training and
integration strategies. I demonstrate the pipeline’s performance through the valida-
tion on both synthetic datasets and experimental datasets acquired under diverse
imaging conditions, establishing its robustness and practical utility for intracellular
transport studies.

3.1 Model training within the pipeline

The trajectory reconstruction task contains two major steps: detecting nanopar-
ticles in each microscopy image and linking detected nanoparticles to construct
corresponding trajectories. Therefore, two deep learning models are trained within
this pipeline: lodeSTAR model [15] for the nanoparticle detection and MAGIK
model [9] for linking detected nanoparticles. To train these models, it is essential
to prepare training datasets representative of the experimental data. However, for
microscopy-based particle tracking, especially within densely populated intracellular
environments, manually annotating nanoparticle trajectories faces significant chal-
lenges. The high density and similarity of nanoparticles in microscopy images make
it difficult for human annotators to accurately distinguish and label individual par-

11



3. Reconstructing trajectories of intracellular nanoparticle transport

ticles. To overcome these challenges, synthetic training data have been employed to
simulate complex nanoparticle motions within cells [27].

3.1.1 Training the LodeSTAR model

To train the lodeSTAR model, an unlabeled dataset of image patches is constructed,
each containing exactly one nanoparticle, cropped from experimental microscopy
videos [15]. Since LodeSTAR is based on self-supervised learning, no manual an-
notations are required. All patches are standardized to a fixed size, for example,
30 x 30px? in this work to ensure uniformity of the input. To capture the natu-
ral heterogeneity of our nanoparticles, I sample patches from multiple frames and
include nanoparticles of varying shapes and contrast levels (Figure 3.1 b).

After the training process, the performance of the trained lodeSTAR model
is validated on scattering microscopy images. In Figure 3.1a—b, each bright spot
represents a vesicle containing nanoparticles, made visible due to light scattering
and reflection. The results demonstrate that lodeSTAR achieves high accuracy in
detecting nanoparticles in these microscopy images, indicating its effectiveness for
this work (Figure 3.1 c).

Figure 3.1: Training and detection using the LodeSTAR model. a-b, Visu-
alization of selected image patches from the microscopy image. a, Orange rectangles
highlight selected patches from scattering microscopy images, where the bright spots
correspond to vesicle-encapsulated AuNPs. Scale bar: 15um. b, Examples display-
ing the diversity of nanoparticle shapes and intensities. ¢, Visualization of detection
results produced by the LodeSTAR model on frame 100; orange rectangles highlight
the predicted nanoparticle positions. Scale bar: 14pum.

3.1.2 Training the MAGIK model

To link detected nanoparticles and reconstruct their trajectories, this work applies
the edge-specific MAGIK model. The model formulates the trajectory reconstruc-

12
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Figure 3.2: Overview of the edge-specific MAGIK model training pro-
cess. a, Internal architecture of the edge-specific MAGIK model, where orange
elements correspond to node-related components and blue elements represent edge-
related components. b, Example of a synthetic training sample containing multiple
simulated trajectories. ¢, Breakdown of node attributes in the input graphs used
for the linking task, where each node attributes include the centroid position (x,y),
the raw particle intensity I,, and the local background intensity I,.

tion task as an edge-classification problem, enabling it to predict the connection
probability between two detected nanoparticles across consecutive frames. A criti-
cal pre-processing step before applying the model is the graph construction process.
Here, I generate input graphs where each node corresponds to a detected nanopar-
ticle, and each edge represents a potential relationship between detected particles
in adjacent frames.

Specifically, these input graphs are constructed using synthetic trajectories that
serve as ground truth data. Each candidate edge is assigned a binary ground truth
label p € {0,1}, where 1 signifies a verified connection between detected particles
(i.e., detections of the same nanoparticle across consecutive frames) and 0 indicates
the absence of a connection (i.e., detections of different nanoparticles across consecu-
tive frames). This binary labeling transforms the trajectory reconstruction challenge
into a supervised learning task.

During training, the MAGIK model keeps node attributes fixed while updat-
ing edge attributes that encode connection probabilities. The model is optimized by
minimizing the binary cross-entropy loss between the predicted connection probabil-
ities P and the corresponding ground truth labels P [9]. This optimization strategy
enables the model to effectively learn the complex spatiotemporal patterns that dis-
tinguish genuine particle connections from spurious associations, ultimately yielding

13



3. Reconstructing trajectories of intracellular nanoparticle transport

accurate trajectory reconstructions even in challenging imaging conditions.

The edge-specific MAGIK model architecture is illustrated in Figure 3.2 a.
Since our aim is only to predict edge connection probabilities, we modify the original
MAGIK framework to reduce computation. The simplified model consists of three
stages:

1. Feature encoding: Node attributes and edge attributes are passed through
encoder networks (MLPs) separately.

2. Graph fingerprinting: The encoded graph is processed by a stack of finger
printing graph blocks. To pass the information of potential useful nodes, the
design of graph blocks is based on message passing neural networks.

3. Edge decoding: The updated edge embeddings are passed through a small
MLP to predict the connection probability for each edge.

Compared to the original MAGIK [9], the edge-specific MAGIK model replaces
the node-update self-attention mechanism with a simple dense layer (discussed in
Pineda, J. et al. [9]). This modification is motivated by the observation that, for this
task, all neighboring nodes are equally important for the linking prediction. There-
fore, the self-attention mechanism, which dynamically learns attention weights, adds
unnecessary computation.

For trajectory linking task in this work, the edge-specific MAGIK model is
trained for 50 epochs using the 1024 training samples processed in batches of 8 sam-
ples per iteration. In addition, each sample considered 100-200 particle trajectories
within 1000 x 1000 px? region.

3.1.3 Generating synthetic data for the training of MAGIK

As discussed in the last section, the training datasets for the MAGIK model’s link-
ing task are built on synthetic data, instead of using manually labeled experimental
data. In this work, synthetic training datasets consist of labeled samples, which
are generated by using the andi-datasets Python package [13]. Each sample in
synthetic datasets contains multiple simulated trajectories of varying lengths, rep-
resenting nanoparticle movements independently. In each sample, trajectories are
sampled from two major motion types observed in vesicle dynamics: (1) subdiffu-
sive motion: simulating vesicles confined near the nucleus (anomalous exponent
a < 1); (2) mixed motion: simulating vesicles distant from the nucleus that exhibit
both subdiffusive and directed (strong superdiffusive) behaviors, the latter occurring
when vesicles attach to cytoskeletal filaments, resulting in directed transport [28].
These scenarios will serve as ground truth for edge labels (Figure 3.2 b).

For the construction of input graphs, each node in graphs represents a de-
tected nanoparticle with attributes extracted from the fixed-size image patches (e.g.
30 x 30px?) centered on each detection. In scattering microscopy images, node
attributes include (displayed in Fig. 3.2 c):

» Centroid coordinates (z,y): positions of detected nanoparticles within the
scattering microscopy image;

« Raw particle intensity (/,): the measured scattering intensity associated
with nanoparticles;

o Local background intensity (/;): the measured background intensity within
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3. Reconstructing trajectories of intracellular nanoparticle transport

the extracted image patches.
The computation of these node attributes is illustrated in Appendix A.1.

While centroid positions can be directly sampled from the simulated trajecto-
ries, accurate modeling of intensity variations requires additional consideration to
ensure synthetic data close to experimental videos. To address this problem, I im-
plement a structured approach for simulating intensity values along each trajectory.
The procedure contains three major steps:

1. Distribution characterization: The first step is to quantify the statistical
distributions of raw intensity () and background intensity (I,) from exper-

imental data, calculating their means (u7", p7 ") and standard deviations

(07" o 0)-
2. Imitialization: For each simulated trajectory, intensity values of nanoparticles
in the first frame are initialized according to:

(a) Initialization of raw intensity:
]ﬁvli) NN(/L?:p,aﬁfp) subject to 1 < ]ﬁ}i) < oF (3.1)

(b) Initialization of background intensity:

[lill.) ~N (/f}fp, ai’fp) subject to 1 < IIS’IZ-) <2k - If}i) (3.2)
where ]ﬁ) represents the raw intensity of the i** trajectory at the first frame;
1 1511) represents the background intensity of the i** trajectory at the first frame;

N represents the normal distribution; k represents the bit depth of the image,
and the constraints ensure physically realizable intensity values.

3. Temporal evolution: For subsequent frames in each trajectory, intensity val-
ues are generated following rules that reflect experimental variation patterns:

]T(Z-) ~ /\/'(]ﬁvli),ar) subject to 1 < Iﬁ? < ok (3.3)
]é? ~ N( é}i), op) subject to 1< Ié? <ok _ ],(,Z.) (3.4)

)

where Iﬁ}i) represents the raw intensity of the i* trajectory at the frame ¢ (¢ >

1); I, 15711-) represents the background intensity of the i** trajectory at the frame ¢
(t > 1); and 0, < oy, reflecting the observation that the raw intensity exhibits
greater stability than the background intensity, as nanoparticle merging or
dividing events occur infrequently to influence raw intensities.
This simulation framework captures the temporal intensity changes observed in
experimental videos, thereby enhancing the biological relevance of our validation
datasets.

Additionally, Edge attributes are defined as Euclidean distances between con-
nected nodes, providing spatial relations for the model’s predictions. By training
on these varied, fully annotated synthetic graphs, the edge-specific MAGIK model
enables analyzing the varied experimental data.
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Figure 3.3: Structure of the segment-wise trajectory reconstruction
pipeline. a, Temporal segmentation: the entire microscopy video is divided into
smaller overlapping sequences S;. b, Segment-wise edge classification: for each seg-
mented sequence .S;, an input graph is constructed and processed by the edge-specific
MAGIK model to predict edge connection probabilities. ¢, Graph integration: all
predicted graphs G; are merged into one graph G,,;, combining connections across
the entire video. Nodes and edges in green dashed circles represent shared elements
between consecutive graphs. d, Trajectory extraction: final particle trajectories are
reconstructed by tracing the connection probabilities within the integrated graph
Gint-

3.2 Processing experimental microscopy videos through
the pipeline

As deep learning models discussed before are pre-trained, straightforward approach
would be to construct input graphs from entire experimental videos and predict
connection probabilities through the MAGIK model. However, experimental mi-
croscopy videos typically contain hundreds or thousands of frames (often more than
500 frames), presenting significant computational challenges for graph construction
and prediction. To address the memory limitations of laboratory laptops, I devel-
oped a segmented processing pipeline that maintains trajectory continuity. This
pipeline contains four major stages:

1. Temporal segmentation: The input video is segmented into shorter, over-
lapping sequences of manageable length.

2. Segment-wise graph prediction: For each sequence, corresponding input
graphs are constructed and applied to the pre-trained MAGIK model, predict-
ing edge connection probabilities.

3. Graph integration: Predicted graphs from consecutive segments are merged
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3. Reconstructing trajectories of intracellular nanoparticle transport

through their overlapping frames to form a unified trajectory graph for the
entire video.
4. Trajectory extraction: Connected components analysis is performed on the
integrated graph to identify continuous nanoparticle trajectories.
The framework of this pipeline is described in Figure 3.3.

3.2.1 Temporal segmentation of experimental videos

To reduce the memory usage, instead of inputting the entire video at once, I divide
the video into smaller, overlapping sequences S;. This segmentation strategy allows
the pipeline to process smaller sizes of data while keeping the temporal consistency
of the data. In addition, the method relies on maintaining sufficient frame overlap
between consecutive segments to ensure that trajectory fragments remain continuous
across the full video.

As illustrated in Figure 3.3 a, each segment shares multiple frames with its
neighbors, creating anchor points where trajectory fragments can be connected.
Without this overlap, predictions from individual segments would remain isolated,
making it impossible to reconstruct continuous trajectories across the entire video.

3.2.2 Graph integration

For a video segmented into N overlapping sequences, each sequence S; (where
i € {1,2,...,N}) will generate a predicted graph G; through MAGIK. This set
of predicted graphs from the set of sequences is then defined as:

{Gi=(V;,E;,P)|i=1,2,...,N} (3.5)

where:

o Vj is the set of detected nanoparticles (nodes),

o FE; is the set of predicted edges (connections),

« Py is the set of predicted edge connection probabilities from MAGIK.
An integrated graph Gy, is then generated from this set of isolated predicted graphs,
which is defined as:

Gine = (Vint, Fint, Pint) (3.6)

with:

=2

N N
Vint = (J V;, Eint = | J E;, Pint = | J P, (3.7)
i=1

i=1 i=1

Specifically, for the integration of predicted graphs, the modified connection proba-
bilities Pi' based on P; for each edge e within FE; is defined as:

(3.8)

2(e) max (]%(e),]—é’j(e)) ifee E;,NE;,Vj#i
(e) =% .
’ P;(e) ifeec E,and e ¢ E;,Vj#i

This part is visualized in Figure 3.3 b-c.
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3.2.3 'Trajectory extraction

Nanoparticle trajectories are built on the integrated graph Gj,, where each edge
is associated with a connection probability. To extract trajectories from Giy, this
graph is first binarized by thresholding the connection probabilities as follows:
. 1 if Pye(e) = 0.5,
Bule) = {0 ) (39)
0 if Pu(e) <0.5.

where a binary value of 1 indicates a strong connection between two nodes (parti-
cles), and 0 indicates no connection.

Trajectory reconstruction then proceeds iteratively. Starting from randomly
selected nodes in the first frame, we follow edges labeled with 1 to trace forward
connections to subsequent frames. When a node has no outgoing edges labeled with
1, the trajectory is terminated. Once a complete trajectory is extracted, all nodes
within this trajectory are removed from the graph. This process is repeated until all
nodes in Gy, have been assigned to a trajectory or removed. The output is a set of
independent trajectories, which is also the final output of the pipeline. This section
is also illustrated in Figure 3.3 d.

3.3 Results on synthetic data

Before testing the pipeline on experimental microscopy videos, I first validate its
performance on synthetic datasets. The synthetic data used for validation are gen-
erated following the same procedure as the training datasets, but with different
parameters. Specifically, each scenario contains between 100 and 200 trajectories,
each around 500 frames long. These complex scenarios are designed such that accu-
rate prediction requires multiple inference steps, while maintaining motion patterns
that closely resemble those observed in experimental videos.

The key results are shown in Figure 3.4 . Figure 3.4 a—b presents the recon-
structed trajectories from our pipeline, compared to the ground truth, for frames
50 and 100. Even in scenarios with dense particle populations and varying motion
types, the pipeline successfully reconstructs trajectories with high accuracy.

3.3.1 Performance evaluation

To quantify the tracking performance, I use the Tracking Accuracy (TRA) met-
ric based on the Acyclic Oriented Graph Matching (AOGM) framework introduced
in [29]. In this framework, both the predicted and ground truth nanoparticle con-
nections are represented as directed graphs, where nodes represent detected particles
at each frame and edges represent connections between particles (whether belonging
to the same objects).

The AOGM measures the weighted sum of the executed operations to transform
the predicted graph into the ground-truth one [29]. Specifically, for this linking task,
only edge-based operations are considered, assuming no vesicle division or merging.
Thus, the following operation weights are used for this linking task: wygs = wge =
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Figure 3.4: Reconstructed trajectories on synthetic data. a-b, Comparison
between reconstructed trajectories (right panels) generated from MAGIK model
predictions and the corresponding ground truth, simulated trajectories (left panels).
a, Example at frame 50; b, Example at frame 100. ¢, Example confusion matrix
computed from 150 validation samples, used to calculate the Tracking Accuracy
(TRA). d, Distribution of TRA scores across the validation dataset (150 samples).
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wpy = wpp = 0;wgp = 1,wga = 1.5. The total AOGM score for the predicted
graph, denoted AOGM-A, is computed as:

AOGM-A = wgp - Ngp + wga - Nga (310)

where Ngp is the number of true edges missing in the prediction, and Ngy4 is the
number of false edges predicted. The cost of building the entire ground truth graph
from scratch, denoted AOGM-Ay, is computed as:

AOGM—AO = WEA * NGT (311)

where Ngr is the number of edges in the ground truth graph. The tracking accuracy
(TRA) is then defined as:

min(AOGM-A, AOGM-A)
AOGM-A,

This value ranges from 0 to 1, with 1 indicating perfect reconstruction of the ground
truth graph.

For the trajectory linking task, the values of Ngp and Ng4 can be considered as
false negatives and false positives, derived from the confusion matrices. Figure 3.4 c
shows an example confusion matrix generated from the validation datasets, provid-
ing the key components necessary for computing the TRA metric. The distribution
of TRA values is calculated across 150 synthetic validation examples, which are all
different from the training data. This distribution is illustrated in Figure 3.4 d.
Notably, all TRA scores surpass 0.9, underscoring the robustness and high accuracy
of our pipeline in reconstructing particle trajectories.

TRA =1- (3.12)

3.4 Results on experimental data

In this study, trajectories of vesicle-encapsulated nanoparticles are successfully re-
constructed from scattering microscopy images. To evaluate the pipeline’s adapt-
ability to diverse biological environments, I investigated four different conditions:
ethylene glycol chain-functionalized gold nanoparticles (EG6-AuNPs) and polyethy-
lene glycol-functionalized gold nanoparticles (PEG-AuNPs), each tracked within two
different prostate cancer cell lines—LNCaP and PC3. This experimental design al-
lowed me to assess the influence of both nanoparticle surface chemistry and cellular
microenvironment on tracking performance in future research.

Figure 3.5 presents representative reconstructed trajectories from each experi-
mental condition. Although no manually labeled ground truth is available for di-
rect comparison, it is evident that most of the reconstructed trajectories are con-
sistent and successfully track the same nanoparticle over time. The robustness of
these tracking results across diverse experimental conditions highlights the pipeline’s
strong potential for broad applicability across various tracking scenarios.

3.5 Discussion and further directions

In this chapter, I have presented a robust pipeline for reconstructing trajectories of
vesicle-encapsulated nanoparticles from large-scale microscopy videos. This pipeline
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Figure 3.5: Reconstructed trajectories on experimental videos. Time evo-
lution of predicted trajectories, shown at three time steps (t = 0, 90, 190s) under
different experimental conditions. Videos were recorded at a frame rate of 1 FPS;
scale bar: 2 ym. a, EG6-coated AuNPs within LNCaP cells. b, EG6-coated AuNPs
within PC3 cells. ¢, PEG-coated AuNPs within LNCaP cells. d, PEG-coated
AuNPs within PC3 cells.

reduces the memory usage when processing large-scale videos. In addition, another
strength of this approach is the use of synthetic data, which provides high flexibility
in data generation. By designing suitable synthetic datasets, it becomes possible to
closely mimic diverse experimental conditions while avoiding the substantial time
and cost associated with manual annotation.

Despite these strengths, several limitations remain. First, complex biological
behaviors, such as vesicle fusion or division, may be difficult to simulate, potentially
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leading to gaps between synthetic and real data. Second, even with temporal seg-
mentation, the size of each graph built on segmented sequences is constrained by the
number of detected objects per frame. Future work could explore a more efficient
design of fingerprinting graph blocks that balances model precision with scalability.

By addressing these challenges, I anticipate that this pipeline will become a
versatile tool for the quantitative analysis of vesicle movements in a wider range of
cellular contexts.
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Characterizing intracellular
nanoparticle transport dynamics

In the last chapter, I described a robust pipeline combining the edge-specific MAGIK
model and the LodeSTAR model, to reconstruct vesicle-encapsulated nanoparticle
trajectories from large-scale scattering microscopy videos. I demonstrated its per-
formance on synthetic datasets which simulated vesicle-encapsulated nanoparticle
movements within cells. Finally, I tested it on experimental datasets collected un-
der four distinct conditions.

As accurate trajectories are obtained, it is crucial to understand the underlying
transport mechanisms represented by these trajectories for biomarker extraction.
For example, one potential task is to identify segments of “active transport” within
each trajectory, representing a directed motion state facilitated by molecular motors
along cytoskeletal structures. These active transport phases represent critical com-
ponents of intracellular drug delivery and hold potential as biomarkers for cancer
cell characterization and classification.

This chapter will focus on the deep learning methods for inferring diffusion
properties of reconstructed trajectories. In this work, I mainly focus on one task:
inference of the anomalous diffusion exponent («), which can be used for deciding
nanoparticle motion types. Unlike traditional approaches that rely on manually
designed features, such as the random forest-based methods developed by G.Munoz-
Gil et al. [30], I apply graph neural networks to the inference of diffusion properties.

4.1 Inference of nanoparticle diffusion exponent

As described in previous chapters, the definition of different nanoparticle motion
types is based on the diffusion exponent values («). To achieve this, I will first
estimate diffusion exponents for each reconstructed trajectory point. While con-
volutional neural networks (CNNs) and long short-term memory (LSTM) struggle
with complex spatiotemporal patterns, I develop a modified graph neural network
based on the MAGIK model [9] to analyze spatial and temporal information at the
same time.

To estimate diffusion exponents from trajectories, I design a modified node-
specific MAGIK model that formulates the diffusion exponents inference task as a
node regression problem. This approach enables the model to predict the diffusion
exponent value for each detected nanoparticle in consecutive frames. A critical pre-
processing step before applying this model is the graph construction process. Here,
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Figure 4.1: Training process of the modified node-specific MAGIK model.
a, The internal architecture of the modified node-specific MAGIK model, highlight-
ing the flow of node attribute updates. b-c, Examples of simulated trajectories used
in the training datasets: b, mixed motion combining diffusive and directed behav-
iors; c, purely diffusive motion.

I generate input graphs where each node represents a nanoparticle at a specific time
point, while edges capture the temporal relationships between consecutive detections
of the same nanoparticle.

Specifically, these input graphs are constructed using synthetic trajectories that
serve as ground truth data. Each node is assigned a diffusion exponent o € [0, 2]
from ground truth trajectories, where a < 1 represents the subdiffusion motion
type, and a > 1.5 represents the directed (strong superdiffusive) motion type. This
node labeling transforms the trajectory reconstruction challenge into a supervised
learning task. Representative example trajectories are shown in Figure 4.1b-c.

During training, the modified MAGIK model keeps edge attributes fixed while
updating node attributes that encode corresponding diffusion exponents. The model
optimizes its parameters by minimizing the mean absolute errors (MAE) between
the predicted diffusion exponents & and the corresponding ground truth labels «a
[9]. This optimization strategy enables the model to accurately predict diffusion
exponent values, combining sufficient information.

For all trajectory diffusion properties inference tasks, we trained the network for
65 epochs using 1024 training samples representing diverse motion types, processed
in batches of 10 samples per iteration. Each sample consists of a single trajectory
with 400 to 800 frames.
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4.1.1 Foundations of modified node-specific MAGIK

This modified node-specific MAGIK model remains the core architectural framework
of the original MAGIK model, as displayed in Figure 3.2 a. Similar to the edge-
specific MAGIK model shown in Figure 3.2 a, this architecture contains three major
steps [9]:
1. Feature encoding: Node attributes v; and edge attributes e;; are passed
through separate multilayer perceptrons (MLP) to generate initial embeddings.
2. Graph fingerprinting: The encoded graph is passed through a stack of
fingerprinting graph blocks. These blocks implement message-passing neural
networks to propagate relevant information across the graph structure.
3. Node decoding: The updated node embeddings are processed through a
decoder MLP to predict the diffusion exponent «; for each node.
Specifically, the original fingerprinting graph blocks consist of the following key
computational steps:
1. Updates of edge attributes are computed as:

e;; = MLP ([V;,v;,ei]}) (4.1)

where [, -, -] represents concatenation of feature vectors.
2. The local representation for node 7 is the combination of node attributes and
neighbors edge attributes, which is computed as:

h; = Wg lvé, Z wije;j] (4.2)

JEN;

where Wy is a linear projection matrix, N; represents the neighborhood of
node ¢ and w;; represents weights (importance) of each neighbor node. The

definition of wj; is:
d2\"
i = B 4.3
W;j = exp (202> (4.3)

where d;; is the Euclidean distance between centroids of nodes ¢ and j; o and
[ are learnable parameters controlling the spatial weights.

3. Combined local representations and node embeddings (global representations)
are passed through gated self-attention to update node attributes:

V") = attn®) (H) (4.4)

where z = 1,..., 7, with Z representing the number of attention heads; H =

[U; H] combines learnable node embeddings U with the local representation

matrix H = [h;] .
However, the original fingerprinting graph blocks exhibit significant computational
inefficiency when applied to the diffusion exponent inference task. This inefficiency
comes from its emphasis on spatial relationships through Euclidean distance-based
weighting (Equation 4.3), which is not optimal for characterizing diffusion expo-
nents. The theoretical definition of anomalous diffusion reveals that diffusion ex-
ponent (a) inference fundamentally depends on the power-law relationship between
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4. Characterizing intracellular nanoparticle transport dynamics

mean squared displacement (MSD) and time lag 7, as described in Equation 2.1.
This relationship reveals the critical importance of temporal correlations in diffusion
exponents analysis, rather than purely spatial relationships. To address this limi-
tation and optimize model performance for diffusion characterization, I replace the
original weighting mechanism (Equation 4.3) with temporal relationships between

nodes:
At
wj; = exp (— <2Ut2]> ) (4.5)

where At;; is the frame lag between nodes v; and v’; o, and j; are learnable param-
eters governing temporal attention, which are set to the same values as ¢ and § in
the original model.

4.1.2 Generating synthetic data for the training

Similar to our approach in the previous chapter, we generated fully labeled synthetic
datasets for model training using the andi-datasets Python package [13], rather
than relying on manually labeled experimental data. However, the dataset design for
diffusion property inference differs significantly from that used for trajectory linking
tasks. For diffusion exponent inference, each simulation scenario contains only one
trajectory, in contrast to the multiple-trajectory scenarios required for the linking
task. This single trajectory approach fits the nature of diffusion analysis, where the
anomalous exponent « characterizes the scaling relationship between mean-squared
displacements (MSD) and time lags within a specific trajectory. Since this relation-
ship is determined by the individual particle’s motion, it remains independent of
other trajectories in the system. Therefore, training the model on individual tra-
jectories enables more efficient learning of the relations between trajectory features
and corresponding diffusion properties.

To simulate the vesicle-encapsulated nanoparticle movements within the intra-
cellular environment accurately, each single trajectory in the scenario is sampled
from two motion regimes: (1) Diffusive motion: trajectories with constant diffu-
sion exponents, simulating vesicles that are either spatially confined (e.g., near the
nucleus) or diffusing freely without active transport by motor proteins; (2) Mixed
motion: trajectories with temporally changing diffusion exponents, simulating vesi-
cles distant from the nucleus that exhibit both diffusive and directed behaviors, the
latter occurring when vesicles attach to cytoskeletal filaments, resulting in directed
transport [22,28]. These scenarios will serve as ground truth for edge labels (Figure
4.1 b-c).

4.1.3 Results on simulated data

Before applying the trained model to experimental microscopy videos, I conduct a
comprehensive validation of its performance using synthetic datasets. These valida-
tion datasets are generated following the same procedure as the training datasets
but with different parameter configurations. Specifically, each validation scenario
contains a single trajectory that is 500 to 800 frames long.
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Figure 4.2: Predicted diffusion exponents on synthetic trajectories. a—d,
Examples of individual 2D simulated trajectories undergoing changes of diffusion
exponents. The color of the segments represents the value of the diffusion exponent.
Specifically, a—b display purely diffusive motion, while c—d show mixed motion.
e—h, Time traces of diffusion exponent values along the same trajectories. The
ground-truth value used in the simulations is shown by the orange curve. The
predictions obtained by MAGIK at the single-node level are shown in grey. e—f
correspond to purely diffusive motion; g—h correspond to mixed motion.

The key results from validation datasets are estimations of diffusion exponent
values, which are shown in Figure 4.2 . Figure 4.2 a—d displays two distinct trajecto-
ries from validation datasets containing purely diffusive motions, alongside the cor-
responding estimations of diffusion exponents. Figure 4.2 e-h presents two distinct
trajectories from validation datasets containing mixed diffusive motions, alongside
the corresponding estimations of diffusion exponents.
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To evaluate the model performance on synthetic datasets, I employed the mean
absolute error (MAE) metric, which measures the precision of our estimations. This
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metric is mathematically defined as:

where N represents the total number of frames across all validation trajectories, &;
denotes the predicted diffusion exponent for frame 4, and «; represents the corre-

sponding ground truth.
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4. Characterizing intracellular nanoparticle transport dynamics

For my comparative analysis, I selected 200 individual trajectories each from
validation datasets containing purely diffusive motions and mixed motions, respec-
tively. We then compute the mean absolute errors (MAE) for predictions of dif-
fusion exponents derived from both our modified node-specific MAGIK model and
the original node-specific MAGIK model. Figure 4.3 a-b presents the probability
distribution of predicted diffusion exponents («) from our modified node-specific
MAGIK model plotted against ground truth values. Correspondingly, Figure 4.3
c-d presents the probability distribution of predicted diffusion exponents from the
original node-specific MAGIK model against ground truth values.

Analysis of Figure 4.3 and Figure 4.2 leads to the following significant conclu-
sions:

1. The modified node-specific MAGIK model shows higher accuracy in predicting
diffusion exponents for trajectories with mixed motion types (MAE = 0.245)
compared to the original model (MAE = 0.323). This substantial improvement
validates our model modifications, which not only accelerated the training
process but also enhanced prediction accuracy.

2. For trajectories with purely diffusive motion, the modified node-specific MAGIK
model achieves similar accuracy (MAE = 0.096) to the original model (MAE =
0.104). This result is expected, as predicting constant diffusion exponents is a
straightforward task that does not necessarily benefit from our modifications.

3. Within the performance of the modified node-specific MAGIK model, we ob-
serve particularly strong performance in predicting strongly superdiffusive mo-
tions (a > 1.5) compared to other motion regimes. This enhanced accuracy for
strong superdiffusive trajectories close to our research objectives, as this thesis
particularly emphases on directed motion (o > 1.5) of vesicle-encapsulated
nanoparticles as potential diagnostic biomarkers.

4.1.4 Results on experimental data

After validating the predictive performance of our modified node-specific MAGIK
model on synthetic datasets, I apply it to experimental microscopy videos cap-
turing nanoparticle dynamics under four distinct experimental conditions. These
conditions, same as those described in the previous chapter, consisted of: ethy-
lene glycol chain-coated gold nanoparticles (EG6-AuNPs) and polyethylene glycol-
coated gold nanoparticles (PEG-AuNPs), each tracked within two prostate cancer
cell lines—LNCaP and PC3. All microscopy videos are recorded at 1 frame per
second (FPS) with a consistent scale of 1 pixel = 0.1 um. For each condition, I
first reconstruct particle trajectories using the pipeline introduced in the previous
chapter, then calculate inferred diffusion exponent values at each point along each
reconstructed trajectory.

Figure 4.4 presents detailed results from two selected conditions: EG6-AuNPs
within PC3 and LNCaP prostate cancer cell lines. Figure 4.4 a-c displays three
distinct reconstructed trajectories of EG6-AuNPs within PC3 cells, with their cor-
responding temporal changes of predicted diffusion exponents and instantaneous
velocities. Similarly, Figure 4.4 d-f shows three representative trajectories of EG6-
AuNPs within LNCaP cells with their respective diffusion exponent and velocity
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Figure 4.4: Predicted diffusion exponents on reconstructed trajectories
from experimental videos. Left panels show 2D trajectories in experimental
videos and the color of their segments represents the diffusion exponent values; mid-
dle panels present time traces of diffusion exponent values along the same trajecto-
ries (orange trace); right panels present time traces of nanoparticle velocities along
the same trajectories (blue trace). a-c, Three example trajectories of EG6-coated
AuNPs within PC3 cells; d-f, Three example trajectories of EG6-coated AuNPs
moving within LNCaP cells.
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profiles.

The predicted diffusion exponents present two primary patterns: (1) constant
values indicating purely diffusive behavior, and (2) time-varying values indicating
transitions between purely diffusive behavior and directed motion. This demon-
strates the modified node-specific MAGIK model’s capability to identify both pure
diffusive motion types and mixed motion regimes within a single trajectory. Notably,
trajectory segments with higher diffusion exponents exhibit more directed motion
(fewer angular changes), aligning with theoretical expectations of anomalous diffu-
sion processes.

4.1.5 Validation of inferred diffusion exponents on experi-
mental datasets

While ground truth diffusion exponent values for experimental trajectories are un-
available, I validated our predictions by examining their consistency with established
biophysical observations. Previous research by S Mogre et al. [2] has demonstrated
that directed motion typically exhibits higher motility. Figure 4.5 presents this
validation analysis. Figure 4.5 a-b shows the distribution of predicted diffusion ex-
ponents and their correlation with instantaneous velocities for EG6-AuNPs in PC3
cells. Figure 4.5 c-d presents the same analysis for EG6-AuNPs in LNCaP cells.
These distributions revealed the following findings:

o The distributions of diffusion exponents under both conditions exhibit bimodal
patterns with distinct peaks at approximately o ~ 0.3 and o ~ 1.5, cor-
responding to subdiffusive and superdiffusive (directed) motion, respectively.
This bimodality aligns with the biological expectation of distinct transport
mechanisms within the cellular environment.

e The correlation between predicted diffusion exponents and particle velocities
varies by cell type. For EG6-AuNPs in PC3 cells, we observed a moderate
positive correlation (correlation coefficient = 0.412). In contrast, EG6-AuNPs
in LNCaP cells exhibited a weaker correlation (correlation coefficient = 0.107,
see Table A.1in Appendix A.2). This is likely due to the smaller size of LNCaP
cells, which restricts the spatial range available for particle movement, thereby
reducing the differences between fast and slow motility.

These validation analyses indicate that our model’s predictions align with estab-
lished biophysical principles governing intracellular particle transport, providing
confidence in the biological relevance of our computational approach.

4.2 Extracting differentially expressed dynamic in-
dices from nanoparticle trajectories

As discussed in previous chapters, the ultimate aim of this research is to identify
dynamic indices from reconstructed trajectories that show differential expression
across cancer cell lines, potentially serving as biomarkers. Based on the diffusion
exponent predictions presented in the last section, I focus specifically on velocity
measurements during periods of directed motion as the dynamic indices.
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Figure 4.5: Validation of inferred diffusion exponents on experimental
data. a-b, Results for experimental videos recording EG6-coated AuNPs within
PC3 cells. a, Distribution of point-wise diffusion exponent values across all re-
constructed trajectories under this condition. b, Joint probability distribution of
point-wise diffusion exponents versus corresponding particle velocities. c-d, Results
for experimental videos capturing EG6-coated AuNPs within LNCaP cells. ¢, Dis-
tribution of point-wise diffusion exponent values across all reconstructed trajectories
under this condition. d, Joint probability distribution of point-wise diffusion expo-
nents versus corresponding particle velocities.

To compute velocities during the directed motion, I first make a quantitative
definition of directed motion based on the predicted diffusion exponent values.
Based on established anomalous diffusion theory in previous chapters, trajectory
segments with diffusion exponent values exceeding o > 1.5 are classified as directed
motion. This threshold corresponds to strongly superdiffusive behavior character-
istic of active transport processes within cells. For both EG6-AuNPs and PEG-
AuNPs, I compared the velocity distributions during periods of directed motion
between PC3 and LNCaP prostate cancer cell lines. These distributions, presented
in Figure 4.6, are derived from the analysis of four independent experimental videos
for each experimental condition to ensure statistical robustness.

Figure 4.6 a illustrates the differential directed motility distributions of vesicle-
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Figure 4.6: Identified dynamic indices from reconstructed trajectories
that show differential expression across cancer cell lines. a, Distribution
comparison of nanoparticle velocities during directed motion under two conditions:
EG6-coated AuNPs in PC3 cells (orange) versus EG6-coated AuNPs in LNCaP cells
(blue). b, Distribution comparison of nanoparticle velocities during directed motion
under two conditions: PEG-coated AuNPs in PC3 cells (orange) versus PEG-coated
AuNPs in LNCaP cells (blue).

encapsulated EG6-AuNPs between PC3 and LNCaP cells. Figure 4.6 b presents
the same comparison for PEG-AuNPs. Statistical analysis of these distributions
revealed following significant findings:

« Both nanoparticle types exhibited consistently higher directed motility veloc-
ities in PC3 cells compared to LNCaP cells. This cell-line-dependent velocity
differential was statistically significant, suggesting fundamental differences in
the cytoskeletal transport mechanisms or intracellular trafficking pathways be-
tween these two prostate cancer cell lines.

o The magnitude of this cell-line velocity differential was substantially greater
for EG6-AuNPs compared to PEG-AuNPs. This indicates that the surface
chemistry of the nanoparticles could influence their interaction with cellular
transport machinery.

These findings suggest that EG6-AuNPs represent a more sensitive probe design
for capturing distinct intracellular transport indices between prostate cancer cell
lines. This observation highlights the importance of nanoparticle surface chemistry
optimization when developing dynamic biomarker approaches for cancer cell pheno-

typing.

4.3 Discussion and further directions

This chapter demonstrated the application of my modified node-specific MAGIK
model to predict diffusion exponent values in nanoparticle trajectories and extract
differentially expressed directed motion velocities as potential biomarkers. The
model performed effectively on both synthetic and experimental data. Its results
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from prostate cancer cell lines align with established biological understanding of
intracellular transport mechanisms. In addition, the directed motion velocity anal-
ysis reveals significant differences between PC3 and LNCaP cells, with EG6-AuNPs
showing greater sensitivity to cell line differences than PEG-AuNPs. This suggests
that nanoparticle surface chemistry plays a crucial role in capturing distinct cellular
phenotypes.

Despite these strengths, several limitations remain. First, the analysis only fo-
cuses on diffusion exponents, neglecting other important parameters such as spatially
distributed diffusion coefficients. Second, beyond velocity measurements during di-
rected motion, additional dynamic indices that might serve as effective biomarkers
remain unexplored. Third, the current analysis includes nanoparticles that adhere
to the glass surface and exhibit static behavior in the videos. Since these parti-
cles are not the aimed particles for the analysis, their inclusion introduces potential
errors into the final results.

By expanding the range of diffusion parameters and dynamic indices analyzed,
this approach holds significant potential for developing novel functional biomarkers
based on intracellular transport characteristics of polymer-coated nanoparticles.
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Conclusion

In the previous chapters, I have explored how to reconstruct trajectories of vesicle-
encapsulated gold nanoparticles (AuNPs) from large-scale scattering microscopy
videos and how to extract dynamic indices from these trajectories as potential
biomarkers to distinguish between different prostate cancer cell lines. Here, I sum-
marize the methods and results discussed in these chapters and explore potential
paths for future expansion.

The ultimate aim of this thesis is to identify novel biomarkers capable of differ-
entiating prostate cancer cell lines by analyzing the intracellular behavior of polymer-
coated AuNPs. Since these nanoparticles are internalized by vesicles within cells,
they provide a high precision to track vesicular dynamics. Additionally, prior re-
search has shown that vesicle trafficking machinery is altered in different prostate
cancer cell lines [8], which narrows the search for biomarkers to those related to
vesicle dynamics. In this thesis, I introduced a single-particle tracking (SPT) frame-
work to analyze nanoparticle movements and extract diffusion-related properties
as candidate biomarkers. The SPT framework comprises two main tasks: trajec-
tory reconstruction, as discussed in Chapter 3, and diffusion property extraction, as
discussed in Chapter 4.

The experimental data analyzed in this thesis are obtained by capturing the
motion of polymer-coated AuNPs using a scattering microscope. As shown in
the microscopy images (Figure 3.1 a), the observed bright spots represent vesicle-
encapsulated AuNPs. All analyzed videos shared the same frame rate (1 FPS) and
scale (1 pixel = 0.1 pm).

The first major step is reconstructing the nanoparticle trajectories. Given the
large size of the experimental datasets (over 500 frames and more than 100 detected
nanoparticles per frame), applying graph neural networks directly is computationally
limited. To address this problem, Chapter 3 introduced a robust pipeline that seg-
ments input videos into smaller sequences, processes each sequence via the MAGIK
model [9] separately, merges the predicted graphs, and constructs trajectories from
the integrated graph (Figure 3.3 a-d). This approach reduces GPU demands while
maintaining high accuracy. Furthermore, rather than relying on manually labeled
data, the MAGIK model in the pipeline is trained on simulated trajectories designed
to mimic the motion types observed in the experimental data. This design decreases
the need for manual annotation in biological research. When applied to experimental
datasets, this pipeline successfully reconstructs trajectories (Figure 3.5) , revealing
multiple particle trajectories within each video.

Once the trajectories are reconstructed, Chapter 4 focuses on the second step,
predicting diffusion properties from these trajectories. Given that prior studies on
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vesicle motion emphasize the importance of diffusion exponents [2,12], this thesis
concentrated on predicting point-wise diffusion exponent values for each trajectory.
To achieve this, I modified the MAGIK model [9]. This enhanced model demon-
strates improved accuracy—specifically, a lower Mean Absolute Error (MAE) for
high diffusion exponent values estimation on simulated validation datasets (Fig-
ure 4.3). Subsequently, I apply this pre-trained model to experimental data to infer
the diffusion exponent values, revealing a range of motion types that align with
expectations (Figure 4.4).

Building on these predictions, I finally explore dynamic indices as potential
biomarkers. Motion types, such as directed motion and subdiffusive motion, are
classified based on the corresponding diffusion exponent values from prior research [2,
22]. Omne key index analyzed is the velocity of nanoparticles during directed motion,
which exhibited distinct distributions across prostate cancer cell lines (Figure 4.6).
These findings suggest the promise of this index as a discriminative biomarker.

In conclusion, this thesis presents an integrated approach for reconstructing
nanoparticle trajectories and characterizing dynamic indices from trajectories, of-
fering a promising path for identifying dynamic-related biomarkers. Future work
may expand this framework by incorporating additional diffusion properties (such
as spatially distributed diffusion coefficients) and exploring a broader array of dy-
namic indices with strong biological relevance. Through these efforts, we may further
enhance the potential of nanoparticle-based analyses for biomarker discovery.
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Supplementary Information

A.1 Computation of node attributes for input graph
construction

For each fixed-size image patch containing a detected nanoparticle, three node at-
tributes are extracted: centroid position (z,y), raw intensity I, and background
intensity I,. To calculate the intensity values, the image patch is first processed
with a Gaussian filter to estimate the background signal. Two derived patches are
then created: one containing only the background and another obtained by sub-
tracting the background from the original image patch.

The raw intensity [, is computed as the mean of the integrated intensities
in the background-subtracted patch, representing the signal of nanoparticles. The
background intensity [, is calculated as the mean intensity in the background-only
patch, reflecting local background levels. This method is described by Sj'oberg et
al. [31].

A.2 Pearson correlation coefficients computed from
Figure 4.5

Pearson correlation coefficients are computed to quantify the linear relationship
between the point-wise diffusion exponent values («) and the corresponding instan-
taneous velocity (v) of nanoparticles.

The instantaneous velocity at each point is calculated as:

i [xi11 — x|

o Al
v, N (A1)

where x; and x;,; are the 2D positions at time points ¢ and ¢ + 1, and At is the
time interval between frames.

The Pearson correlation coefficient r between two variables a (diffusion expo-
nent) and v (velocity) is computed as:

R

where & and v are the mean values of a and v, respectively, and n is the number of
data points. The significance of the correlation is assessed using the associated p-

I



A. Supplementary Information

value. Table A.1 summarizes the computed Pearson correlation coefficients and their
corresponding p-values for the two experimental conditions shown in Figure 4.5:

Table A.1: Pearson correlation coefficients between point-wise diffusion exponent
values and velocities for EG6-AuNPs in different prostate cancer cell lines.

Condition Correlation Coefficient (r) | P-value
EG6-AuNP, PC3 0.412 1x1074
EG6-AuNP, LNCaP 0.107 1x107?
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