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Synopsis

Introduction

Microscopy plays an indispensable role in modern biological research by enabling re-
searchers to visualize complex biological environments. This visualization capacity al-
lows for the study of intracellular processes, their regulation, and their organization in a
spatio-temporal context. While direct visualization of cellular environments is feasible,
the inherent complexity of these systems necessitates robust quantification methods
[201]. A significant challenge in this field is the analysis of large datasets. Modern mi-
croscope technologies, such as high-throughput imaging platforms and super-resolution
3D platforms like FIB-SEM [290], generate terabytes of data that are impractical for
manual analysis. Consequently, the evolution of modern microscopy drives concurrent
advancements in methods for quantifying image datasets [67, 70, 258, 300]. Image
quantification involves the use of algorithms to characterize entire images or specific
components within them. Spatial description includes attributes like size, shape, and
position relative to other regions within an image. This requires object segmentation,
a process where a segmented object is identified as a complete binary unit within a
specific image region [105]. Notably, segmentation of cells and their intracellular struc-
tures has been done for various cell types [94, 156, 161, 198, 269, 279]. Temporal
description defines changes in spatial features over time, such as tracking a moving
object in a time series. Algorithmic tracking surpasses manual analysis in robustness,
reproducibility, and the ability to track objects over long time series. Single particle
tracking (SPT) is now integral to studies related to intracellular environments [114],
membrane or protein dynamics, cell migration [268], and development [225]. These
algorithms for segmentation and tracking are part of digital image processing (DIP).

In this thesis, I have developed image analysis pipelines for the analysis of cy-
toplasmic viscosity and divisional timescale in nematode embryos, quantification of
microtubule geometry, bacterial morphology, and RBC detection in microfluidic cham-
bers. The primary objective of each task is detailed in the following section where a
breakdown of the chapters is also provided. The work collectively enables researchers
to extract meaningful insights from complex microscopy datasets.



Estimating cytoplasmic viscosity of nematode embryos

through particle tracking microrheology 1.1

During the first mitotic division of nematode embryos, diverse spindle behaviors are ob-
served, potentially influenced by cytoplasmic viscosity changes. We hypothesized that
gradual viscosity alterations contribute to these variations. Using DIC imaging, we
studied spindle dynamics in C. elegans embryos and quantified viscosity via microrhe-
ology and endogenous granule tracking. Our MATLAB tool, DICOT, integrates image
filtering based detection methods, achieving an F1-score of 0.8 for granule segmentation
[39]. DICOT combines image preprocessing, modified Gaussian filters based detection
and automated threshold detection for segmentation, and distance-based single-particle
tracking algorithm for generating trajectories. These improvements to our previous gra-
dient based detection pipeline offers a more reliable and robust solution for the precise
segmentation of cytoplasmic granules which is used for cytoplasm microrheology. The
tool was used to estimate cytoplasmic viscosity in six evolutionary-related nematode
species. However, our quantification of cellular viscosity proved insufficient to explain
the differences in spindle mobility observed in the studied embryos. Consequently, we
proceeded to quantify the nature of forces acting on the spindle.

Evolutionary divergence of spindle mechanics in ne-

matode embryos is constrained by antagonistic pulling

and viscous forces.2

Cellular functions like cell division are highly conserved across phyla, yet the evolu-
tionary principles guiding their organization are less explored. We compared six nema-
tode species with asymmetrically positioned mitotic spindles during embryonic division.
While C. elegans spindles oscillate during displacement, others elongate without oscil-
lations. Laser microsurgery revealed varied cortical pulling forces across species. Using
a viscoelastic model and quantified cytoplasmic viscosity, we determined cytoplasmic

1Primary data analysis and tool development: Dr. Anushree Chaphalkar and Yash Jawale.
Parts of this chapter have been published as Chaphalkar, Anushree R., et al. Quantifying
intracellular particle flows by DIC object tracking. Biophysical Journal 120.3 (2021): 393-401.

2This chapter has been published as Khatri et al. Evolutionary divergence of anaphase
spindle mechanics in nematode embryos constrained by antagonistic pulling and viscous forces.
Molecular Biology of the Cell 33.6 (2022): ar61.
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drag, cortical pulling forces, and spindle elasticity. Viscosity variations correlated with
oscillation speeds, while absence of oscillations in low viscosity species indicated smaller
pulling forces. This suggests a trade off between viscosity and pulling forces normalized
by embryo size, shaping spindle mobility. Additionally, species with higher viscosity
exhibited longer cell division times. To investigate this further we developed an au-
tomated method to mark visible checkpoints during first mitotic division for diverse
nematode species.

Automated cell cycle time quantification during first

mitotic division in diverse nematode embryos

Our analysis of nematode cytoplasmic viscosity uncovered a correlation between cell
cycle times and viscosity in nematode embryos. To explore this further, we developed
CNNs for accurate identification of cell stages during the first mitotic division in em-
bryos of 23 Caenorhabditis species. Time series recordings from a public database were
annotated manually for four stages and used for robust network training [272]. Four
CNN models, including a custom-designed EVOCELLNET, demonstrated high accu-
racy in stage categorization, with gradient visualization techniques providing insights
into their decision-making processes. The classification pipeline facilitated automated
identification of cellular events with reasonable temporal accuracy, showcasing the po-
tential of deep learning in studying evolutionary diversification of cellular dynamics.

In vitro microtubule oscillations quantified using graph

based segmentation approach.3

in vivo spindle oscillations in C. elegans are a result of complex interactions involv-
ing axonemal geometry, motor mechanics, microtubules (MTs), elastic linkers, and
biochemical regulation. However, the essential components and constraints driving
MT oscillations remain elusive. While in vitro methods are commonly used to study
motor-driven MT dynamics, our novel beating assay reveals rapid changes in MT fil-
ament geometry, particularly high curvature. To address challenges in tracking self-
intersecting MTs in such assays, we designed a segmentation pipeline. This approach,

3All data acquisition experiments were performed by Shivani Yadav. Parts of this work are
published in Yadav et. al (2024)
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employing graph-based methodologies and conventional image processing techniques,
facilitates tracking of single filaments undergoing bending and buckling. By minimiz-
ing distances within directed graphs across consecutive frames, we reconstruct filament
traces, crucial for understanding motor-microtubule interactions, especially in scenar-
ios with highly curved contours. Our method’s utility is demonstrated in a modified
gliding assay, accurately quantified through comparison with simulated data. This ad-
vancement holds promise for multi-filament tracking at high MT densities, contributing
to understanding motor-microtubule-induced buckling properties, particularly relevant
in in vivo scenarios such as spindle oscillations in C. elegans.

Bacterial cell morphology analysis.4

The cell surface area (SA) increase with volume (V) is determined by growth and regu-
lation of size and shape. Most studies of the rod-shaped model bacterium Escherichia
coli have focused on the phenomenology or molecular mechanisms governing such scal-
ing. Here, we developed image processing pipeline to examine the role of population
statistics and cell division dynamics in such scaling. Segmentation pipelines are devel-
oped for fluorescence, DIC and phase contrast microscopy images. An improvement
in separating adjacent cells based on intensity profile is proposed. All segmentation
pipelines utilize common steps of identification of initial contour using intensity thresh-
old followed by edge optimization of these contours using active contours. Automated
quantification allowed the examination of the role of population statistics and cell di-
vision dynamics on surface area and volume scaling for E. coli.

RBC cytoadhesion detection in microfluidics chamber.5

Malaria presents a significant health challenge. An important aspect of the malaria life
cycle is the adherence of infected red blood cells (RBCs) to vital organs. Antibodies
that target these interactions hold tremendous potential as vaccines. However, tradi-
tional assays lack the capability to simulate complex of in vivo conditions. To bridge
this gap, an automated system utilizing microfluidic chambers to investigate the dy-
namics of RBC adhesion was proposed by our collaborators [60]. To accurately track

4All data acquisition experiments were performed by Tanvi Kale. Parts of this chapter have been
published in Kale, Tanvi, Dhruv Khatri, and Chaitanya A. Athale. "Allometry of Escherichia coli
surface area with volume: effect of size variability, filamentation and division dynamics." Physical
Biology (2023).

5All data acquisition experiments were performed by Bhagyashree Deshmukh.
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the dynamics of RBC adherence, we developed an image analysis pipeline to quantify
cytoadhesion. The pipeline involves two main steps: image filtering with a Laplacian
of Gaussian (LoG) filter and post-processing classification to distinguish in-focus RBCs
from background noise. The filtered RBCs are then tracked and checked if stationary,
with the detection process guided by intensity peaks corresponding to RBC locations.
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Abstract

Automated quantification of microscopy datasets plays an important role in under-
standing biological phenomena. This requires robust computational methods for accu-
rate object detection, tracking, and segmentation. In this thesis I present the devel-
opment of image processing pipelines to quantify nematode embryo viscosity, spindle
dynamics and cell cycle progression in evolutionary related nematode species, dynamics
of single mictotubule filaments driven by molecular motors, bacterial shape allometry
and RBC adhesion from microscopy datasets.

Spindle dynamics, observed during the first mitotic division, show large variations
across nematode species. To investigate these differences, we first interrogated the
rheological properties of the embryo cytoplasm using a DIC object tracking software
(DICOT). By combining granule microrheology with force estimates acting on the
mitotic spindle, quantified through spindle laser ablation, we reveal a trade-off between
cytoplasmic viscosity and spindle forces on the appearance of spindle oscillations during
the first anaphase stage. Additionally, our quantification revealed a strong correlation
between cellular viscosity and cell division time. Motivated by this, we developed a
Deep Learning based model to automatically reconstruct the progression of the first
mitotic division in diverse Caenorhabditis embryos from label-free DIC time series. The
classifier predictions rely on stage-dependent morphological patterns, and in the future,
the tool can be used to study cell stage-dependent changes in intracellular rheological
properties.

The mechanics of spindle oscillations are driven by complex interactions between
MT and molecular motors. These interactions have been studied using in vitro re-
constitution systems. To understand the mechanics of MT-driven spindle oscillations,
our lab previously devised an in vitro system to reproduce single filament oscillations.
However, quantification of filament geometry using existing tools proved to be limit-
ing. To address these limitations, we developed a segmentation pipeline, named as
KnotResolver, to accurately trace intersecting or branched filaments that enables the
quantification of oscillation frequencies.

Morphology of cells shows high heterogeneity in allometric scaling of surface area
and volume. To understand this scaling relationship, we developed a cell morphology
analysis pipeline that can be applied to multiple imaging modalities. In preliminary
work, we have also developed a pipeline to quantify RBC cytoadhesion in in vitro



microfluidic chambers. Overall, the computational image-analysis pipelines provide
valuable insights into various cellular biological processes, facilitating further advance-
ments in the field.
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1.1 Cellular biology and image quantification

Microscopy is our primary means of observing cellular life, providing us with spatial

information on cellular morphology, sub-cellular structure, and associated dynamics.

Rapid advances in microscopic imaging aim to improve spatial resolution, i.e., the

ability to distinguish between two adjacent objects, while also allowing for longer du-

ration of observation [91]. A plethora of imaging modalities exist, which cover a wide

range of techniques that cater to specific research needs. For example, fluorescence cell

imaging can be used for protein specific labelling and is a powerful tool for studying

biological processes such as G-protein activation and regulation [125], protein-protein

interactions [212], trafficking [263], and development [178]. Modern imaging modalities

like multi-photon microscopy, with higher depth penetration [143, 250] and light-sheet

imaging, with minimal phototoxicity [122, 278] offer improved spatial resolution and

precision for visualizing live cell and tissue structures and their dynamics over longer

durations. Fluorescence can be combined with super-resolution techniques such as

STED (Stimulated Emission Depletion) [275] and SIM (Structured Illumination Mi-

croscopy) [118] enables higher spatial resolution beyond the diffraction limit of light

i.e, Abbe’s limit [1], aiding to the understanding of organelle structure and function

[192, 287]. Label-free imaging modalities such as phase contrast [29] and DIC mi-

croscopy [220], along with other scattering-based methods [89], allow visualization of

unperturbed cellular dynamics and are widely utilized for analyzing cell morphology

and embryo development [45, 133, 282]. On the other end of the specturm is elec-

tron microscopy which, which requires fixed samples and provides an ultrastructural

overview of cellular architecture. Recent advancements such as FIB-SEM (Focussed

Ion Beam Scanning Electron Microscopy) offer high-throughput imaging of cellular

architecture at nanoscale (∼20 nm) resolution [165, 261].

Despite the richer context to cellular life offered by contemporary microscopy tech-
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niques, drawing quantitative knowledge from such datasets often proves to be limiting

[54]. This is primarily due to the complexity of cellular environments, wherein, it is not

possible to manually track or detect a signal of interest surrounded by varying noise

levels and other cellular components. Cellular events also occur at scales that may

not be caught by visual inspection alone and will be missed without a thorough data

analysis [56]. Another key challenge is the sheer size of microscopy datasets. It is fea-

sible to manually analyze a few images, but extracting knowledge from large datasets

is extremely difficult. For example, electron microscopy and live cell datasets easily

exceed gigabytes of memory [50].

In response to these challenges, there has been a parallel development of compu-

tational methods that allow a more reproducible, automated, and complete analysis

of microscopy data. The development of these techniques comprises the nascent field

of bio-image informatics [217]. The key aim of this field is to adapt or develop novel

image processing algorithms that can be utilized for microscopy datasets [195]. Other

aspects of this field include improving logistics for image storage, pushing open access

and developing easy visualization of complex datasets [259].

The development of these algorithms is rooted in the fields of digital image process-

ing (DIP) [105] and computer vision (CV) [56]. Together, they facilitate quantitative

extraction of information from imaging datasets which, today, plays a pivotal role in

understanding biological phenomena [183]. This involves development of robust com-

putational methods for accurate object classification [196], segmentation [286], and

tracking [43]. Many tools and software have been developed that implement these

algorithms in a user-friendly manner, catering to the analysis of microscopy datasets.

Notable examples include CellProfiler [34], ilastik [15], and Fiji [236].

Image processing algorithms have wide-ranging applications, however, their appli-

cability to biological datasets is often limited by the low signal-to-noise ratio [189].

These algorithms often require manual tuning of parameters before application, even
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for similar datasets, which requires an understanding of the underlying algorithms as

well as some programming fluency [99]. The recent explosion of Artificial Intelligence

(AI) promises to overcome these limitations. AI has revolutionized the field of image

processing and, consequently, aided in the development of bio-image informatics. It

offers automated solutions to diverse tasks of recognition, detection, and tracking with-

out the overhead of tuning or knowledge of the underlying algorithms. Many methods

that offer automated segmentation of cells [251], organelles [98], and tracking [176]

have emerged in recent years. Although the significance of DL has been in its ease

of applicability, DL algorithms have their own limitations which is failing to gener-

alize on data that falls outside of their training data distribution [160, 210]. There

is also a requirement to educate the users on the expected failures of the proposed

algorithm. Nonetheless, until a robust solution to every problem is devised, the field of

bio-image informatics will continue to ingeniously develop new algorithms for specific

study cases. In addition to a sound knowledge of these algorithms, quantitative extrac-

tion of information from microscopy images also requires a thorough understanding of

the biological process in question and the imaging modality that generates the data.

In the following section, I will first discuss the various categories of image processing

algorithms relevant to this thesis, followed by an introduction to the biological moti-

vation underlying my research. Since most of the work is a result of collaboration, the

discussion on the imaging modality used is limited.

1.2 Computational analysis of microscopy images

Traditional computational analysis, to separate tractable algorithms from black box

methods of AI, of images includes key steps of image pre-processing, segmentation,

feature extraction followed by the final analysis [209]. In comparison, AI methods are

more end-to-end applicable and provide an output given an input image. Nonetheless,
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AI methods can be combined with algorithms for pre- and post-processing to improve

results [283]. Generally, image pre-processing includes algorithms for noise reduction

and contrast enhancement, which improve the separation between the object of interest

and the background [149]. Key to many preprocessing and detection techniques is the

convolution operation, which is performed during image filtering.

1.2.1 Image filtering

Image filtering is a core operation in image processing where a filter kernel, a small

symmetric matrix, is applied to every pixel in an image. This convolution process is

performed by sliding a filter kernel over the image, computing the weighted sum of

the pixel values in the neighborhood defined by the kernel, and replacing the central

pixel with the computed value (Figure.1.1). This operation is repeated for every pixel

in the image, resulting in a filtered output [105]. This process allows specific features

in the image to be highlighted or suppressed based on the filter design. Additionally,

the filtering effect could be noise removal [151], blurring and edge detection [188] for

image enhancement [38, 151]. There are two main types of image filters: linear and

non-linear [38, 214].

Figure 1.1: Schematic of image convolution. Schematic of image filtering through a
convolution process with image input shown on the left, filter in the middle, and the output
matrix on the right. The kernel filter size if 3× 3

In linear filters the output pixel value is a linear combination of the input pixel

values within the filter kernel’s neighborhood. Examples of linear filters include mean

6



filters, Gaussian filters (smoothing), and sobel filters (edge detection) [105]. In non-

linear filters the output pixel value is a non-linear function of the input pixel values,

such as ranking and sorting, within the filter kernel’s neighborhood. Examples of

non-linear filters include median and bilateral filters [105].

Two specific types of linear filters, the Difference of Gaussians (DoG) [19] and

Laplacian of Gaussian (LoG) kernels [110], are widely used for detecting edges in images

[88, 265, 291]. The equation for the LoG filter is given by:

LoG(x, y) = − 1

πσ4

(
1− x2 + y2

2σ2

)
e−

x2+y2

2σ2 (1.1)

where: x & y : pixel coordinates and σ: standard deviation of the Gaussian. The

equation for the Difference of Gaussians (DoG) filter is given by:

DoG(x, y) =
1√
2π

(
1

σ1

e
−x2+y2

2σ2
1 − 1

σ2

e
−x2+y2

2σ2
2

)
(1.2)

where: σ1, σ2 : standard deviations of the two Gaussians. These are used for

detection or segmentation of structures with blob-like appearance, such as cells, nuclei,

or other organelles in microscopy images [84, 280].

In this thesis, image filtering is extensively used for preprocessing of images in

Chapter 5, Chapter 2 and Appendix E. A detailed comparison of filter performance

for object detection tasks is performed for granule detection for nematode embryos in

Chapter 2.

1.2.2 Image Classification

Image classification is a prediction task where the goal is to assign a label or a category

to an input image based on its visual content [163]. Image classification is crucial for

tasks like cell classification, disease diagnosis and organism identification [185, 240].

The effectiveness of the classification largely depends on the quality of the extracted
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features and the choice of the appropriate classification algorithm. For AI methods,

performance is dependent on the quality of pretrained embeddings [106], dataset size

[87], and optimal training [164].

Machine learning (ML) based image classification typically involves key steps of

image preprocessing, feature extraction, and model development. Image preprocessing

involves preparing the input image for further processing, which may include operations

like resizing [10], normalization [144], or applying filters to enhance or suppress certain

features [164, 248]. In the feature extraction step, relevant features are extracted from

the input image using various techniques known as feature engineering. These features

can also be extracted from previously trained deep learning networks, which are known

as pre-trained network embeddings [264].

In DL the time-consuming step of feature engineering is not required, and the

model is therefore end-to-end trainable (Figure.1.2(A)). DL methods include convolu-

tional neural networks (CNNs), which are particularly effective for image classification

tasks [150]. ML methods use techniques like support vector machines (SVMs) [255],

random forests [159], or logistic regression for the prediction model [162]. These algo-

rithms require a feature extraction step, as performed during training (Figure.1.2(B)).

The choice of classification algorithm depends on factors such as the complexity of

the problem, the available training resources, and the trade-off between accuracy and

computational efficiency [281]. After training the classification model, the algorithm

is evaluated using appropriate metrics, such as accuracy, precision, recall, or F1-score,

depending on the benchmark requirement [164].
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Figure 1.2: Comparison of image classification framework between DL and ML.
(A) The difference between the training steps in DL and ML is shown. ML methods require
a time-intensive process of feature engineering. (B) Prediction from an ML model requires
an additional feature extraction step.

In this thesis, we have developed an automated cell stage classification pipeline

based on convolutional neural networks (CNNs) in Chapter 4. A simple RBC detection

pipeline is developed in Appendix F where we combine image filtering based detection

with image classification based on CNNs.

1.2.3 Object segmentation in images

Although image classification can assign labels to an input image, interrogation on the

object size, shape, and spatial characteristics requires complete and accurate separa-

tion of the object of interest from the rest of the image, i.e., the background. This is

achieved by object segmentation, which involves partitioning an image or video frame

into multiple segments or regions. Object segmentation methods can be broadly cat-

egorized into intensity-based methods [207], region growing [36, 134] and DL-based

segmentation algorithms [231].
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Figure 1.3: Image segmentation using Otsu’s threshold. From left to right: an input
image of an E. coli cell labeled with FM 4-64 dye [86]. Intensity histogram of the original
image with Otsu’s threshold shown as the red line. The binary output image.

Intensity-based methods, as the name suggests, rely on the intensity values (grayscale

or color) of the image pixels to segment objects. Some popular intensity-based meth-

ods include intensity thresholding, wherein objects are separated from the background

based on their intensity values relative to a defined threshold. A widely used method

is Otsu’s threshold, which maximizes inter-class variance while selecting a suitable

threshold for segmentation [207] (Figure1.3). In this approach, all values above the

threshold are assigned a value of 1, and below the threshold are assigned as 0, resulting

in a binary output. Edge detection is another pixel intensity-based method for segmen-

tation wherein sudden changes in pixel intensity are detected to help identify object

boundaries [78, 303]. Since edges are also image features they can be generated by

methods discussed in the image filtering section, e.g., Sobel filter [131]. Unsupervised

clustering methods are based on the assumption that regions within an image exhibit

similarities in terms of their pixel intensities, colors, textures or other derived features

[48]. In this method pixels are grouped into clusters based on their intensity values

or other derived features, with each cluster representing a distinct type of an object

or region. A popular clustering-based approach is k-means clustering, which assigns

pixels to different classes based on their proximity to the cluster centroids in the feature

space [63].

Region-growing methods involve iterative grouping of pixels into regions or de-
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lineating object boundaries based on some predefined criteria [221]. Some examples

include region growing from seed points, where pixels are added to regions based on an

intensity or texture similarity criteria. "Snakes" or active contours are another class

of region growing methods wherein an initialized region is deformed to fit the object

boundaries by minimizing an energy function that considers image features and con-

tour smoothness [134]. The energy function is a combination of internal (Einternal) and

external (Eexternal) energy components which can be expressed as:

Etotal = γEinternal + δEexternal (1.3)

where , γ & δ are weight coefficients that balance out smoothness and contraction of

the contour. Level set methods represent contours as level sets of a higher-dimensional

function, which are more rubber-band-like instead of iterative "snakes" and can handle

complex topology and shape deformations [206].

Deep learning-based methods have gained significant popularity for object segmen-

tation due to their ability to learn complex features directly from annotated data [239].

Most popular deep learning architectures for object segmentation are based on Convo-

lutional Neural Networks (CNNs) [244]. These are specialized neural networks designed

to automatically learn hierarchical features from image data, making them highly ef-

fective for object segmentation tasks. U-Net is a specific CNN architecture that has

been widely used for semantic segmentation tasks, where each pixel is classified into a

specific object class [231].

The discussed object segmentation approaches are widely used for various cell [182],

tissue [66], organism [179], and anatomical structure segmentation [154]. In cellular

biology, identifying and separating individual cells or cell nuclei in microscopy images

is essential for cell counting, tracking, and analysis. Similar to image classification, the

selection of the appropriate segmentation method should consider the imaging modal-
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ity, the characteristics of the objects of interest, the available computational resources,

and the specific requirements of the application. Deep learning-based approaches, such

as U-Net and its variants, have demonstrated remarkable performance in biomedical

image segmentation tasks, potentially outperforming traditional methods. However,

traditional methods are relatively easy to implement, and model-based designs provide

accurate segmentation accuracy around cell boundaries, which is essential for morpho-

metric analysis [65].

In this thesis, algorithms for image segmentation based on intensity threshold and

region-growing method such as active contours [134] are extensively used in Chapter

2, Chapter 5 and Appendix E.

1.2.4 Object tracking in time series data

Object tracking is essential for understanding processes of cell migration, division, and

cell-cell interactions [183]. These algorithms monitor and trace individual cells or cel-

lular structures over time in microscopy images or videos. This allows researchers to

analyze cell behavior, study dynamic cellular processes, and extract other valuable

quantitative data [302]. At the molecular level, it reveals the dynamics of proteins,

vesicles, and other particles inside cells [35, 40]. Tracking is also essential for study-

ing embryogenesis by following every cell division and movement within a developing

embryo [3, 113].

Object tracking algorithms typically involve two main steps: (i) object segmentation,

discussed in the previous section, (ii) object linking, where the association between

consecutive frames is generated to construct trajectories. The simplest approach for

(ii) is to connect objects based on distance minimization in consecutive frames; the

algorithm is known as the nearest neighbor (NN) tracker [186]. This could be extended

to include similarities in size, shape, or dynamics. However, this approach is not

suitable for crowded environments where it could lead to spurious linkages. More
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advanced methods of linking include complex cost functions that optimize tracking to

methods that account for future positions of the particle based on previous history

[18, 285]. Since object tracking is a field of intense research, a more comprehensive

survey of different methods can be found elsewhere [44, 176, 298]. In our work, we have

only implemented the NN algorithm for tracking in Chapter 2, and detailed description

is provided therein.

1.3 Evolutionary diversity in anaphase spindle me-

chanics of nematode embryos

One of the most remarkable aspects of life is its evolutionary and ecological diversity,

which is also seen at the cellular scale [170]. The comparison of cellular architecture

such as the cell wall, mitochondrion and chloroplasts, across species has provided key

insights into the delineation of the key domains of life [200]. Among the many cellular

organelles, comparative studies of the nucleus and mitochondrion across species have

aided in the understanding of how cellular function evolves [62, 175]. However, our

understanding of the processes that shape the evolution of cellular biology remains

limited [170]. Quantifying cellular traits and systematically comparing them across

species offers a powerful approach to understanding the interplay between genetics,

selection, mutation, and cellular adaptation [170]. This requires including non-model

species in a thorough comparison of known cellular processes, a field referred to as

Evolutionary Cell Biology [170].

Nematode genera are key candidates for such studies [101, 112, 247]. The ease

of culturing nematodes, their relatively short life cycle, and the prominent represen-

tation of C. elegans as a model system for studying embryonic development, aging,

and behavior-related studies make them suitable for comparative analysis [25]. These

worms are widely adapted to diverse environmental conditions and exhibit variations
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in their morphology across species [59, 273]. Due to their transparent eggshell, it is

feasible to compare the developmental processes of the early embryo across species

through quantitative image analysis [20, 81]. The first mitotic division, in particu-

lar, has been the avenue of intense research, and while being a checkpoint for further

embryo development, large variations within the first mitotic division are observed in

related nematode species [24, 59, 273].

The division process is well described in the model system C. elegans (schematic

is shown in Figure.1.4). The process starts with fertilization, with is the entry of

the male gamete into the embryo. The newly formed pro-nuclei migrate toward each

other and meet near the posterior end. The fusion of these two pro-nuclei forms the

nuclear centrosome complex (NCC). The NCC complex migrates towards the center

and aligns itself along the anterior-posterior axis. The nuclear envelope dissolves, and

the mitotic spindle is formed. The spindle elongates asymmetrically, followed by spindle

oscillations that end with the formation of the cytokinetic furrow, completing the first

mitotic division. The formed daughter nuclei are asymmetric, and this asymmetry is

critical for further fate determination, which produces the founder cells.

While the asymmetric division is under strong selection, quantitative analyses of

first mitotic division have revealed striking differences in how the preceding stages

progress [24, 273, 273]. Differences in how the spindle rotates, where it meets, its

size, elongation dynamics, and aspects of cell division time are also variable across

the nematode species [273]. In my thesis work, I have focused on addressing spindle

mobility differences and quantification of cell division timings across diverse nematode

species. We complement our analysis with a tool for quantification of in vitro MT

oscillations.
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Figure 1.4: First mitotic division in C. elegans. Schematic of key events that occur
during the mitotic division process. The two pro-nuclei male (blue) and female (magenta) are
shown.

1.3.1 Mechanics of spindle oscillations in C. elegans

In C. elegans single-celled embryos, the spindle is initially centrally located. Asym-

metric cortical pulling forces are responsible for its posterior displacement during

anaphase. The entire spindle is first slightly shifted to the posterior in metaphase

and early anaphase due to an imbalance of forces between the two sides of the spindle

[107, 108, 152, 202]. Next, the posterior centrosome displaces faster and to a greater

extent than the anterior centrosome during anaphase, generating asymmetric elonga-

tion [107]. Laser ablation of the central spindle at the onset of anaphase resulted in

both centrosomes accelerating toward the cell poles, with the posterior centrosome ve-

locity greater than the anterior, demonstrating that opposing and asymmetric pulling

forces act on astral MTs to displace the centrosomes [107]. These movements result

from the activity of a conserved dynein-containing protein complex anchored at the

cortex [145]. During spindle displacement, the anterior and posterior centrosomes also

oscillate back and forth along the transverse axis, in a manner that mimics anti-phase

oscillations (offset by half a wavelength). These stereo-typical movements, with re-
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producible build-up and die-down phases and specific frequency and amplitude, are

referred to as spindle oscillations. Upon mild inactivation of the dynein-containing

complex, spindle oscillations are abolished, yet the cell divides asymmetrically [215].

Hence, although not essential, spindle oscillations have been the subject of considerable

research because they serve as a readout of the collective mechanics, as summarized

in a theoretical model of spindle oscillations [109]. A more recent model of spindle

oscillation mechanics suggests an additional role for cell size in modulating spindle

oscillations [127]. Such collective mechanics resulting in spatial oscillations or instabil-

ities is seen in multiple models of MT motor systems such as a multiaster system with

cortical dynein and dynamic instability [138].

C. elegans spindle oscillations were predicted by a model to be driven by cortical

motors, and astral MT attachments predict that oscillations emerge above a threshold

of active forces [215]. At the same time, Kozlowski et al. (2007) predicted that a low

cytoplasmic viscosity was also required for oscillations with speeds greater than 0.2

µm/s, since higher viscosity resulted in a strong damping force opposing the motor

forces [146]. Indeed C. elegans spindle oscillations have also been quantitatively repro-

duced by models of the mechanics of MT motors [108, 146]. Cortical force generators

(dynein-containing complexes) pull from each side of the cortex (upper and lower),

which should leave the centrosome in a stable central position [171]. In metaphase

spindles of C. elegans embryos, these forces maintaining the central position have re-

cently been estimated by fitting a viscoelastic model to perturbation–relaxation exper-

iments on intact spindles [92], and these are likely to be comparable to forces acting at

anaphase. The transverse displacement of the centrosomes is explained in the model by

a positive feedback mechanism as a result of which a slight displacement of the centro-

some toward the upper cortex, for instance, is amplified because pulling forces increase

as the centrosome comes closer to the cortex, a scenario that results from the load

per motor decreasing with decreasing distance to the centrosome [216]. The restoring
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force acting to recenter the centrosome could be generated by astral MTs pushing on

the cortex as they polymerize [146], or by the buckling of these MTs, extending later-

ally to the oscillation axis [216]. The tug of war between these pulling and restoring

forces generates the oscillations. Pulling forces must also counter-balance the damping

force generated by the viscous cytoplasm to launch the oscillations. Spindle motion is

thus caused by the complex interplay between the driving mechanical forces and the

material properties of the cell and of the spindle.

1.3.2 Cell size scales with spindle morphology in C.elegans

The mechanics of cytoskeleton and motors play a prominent role in cell division, trans-

port and regulation. This would also suggest that these properties governed by physical

constants must scale to compensate for the diversity across evolution, for example, with

cell size and shape differences. Potentially they may also constrain the evolutionary

diversification of a widely conserved process such as cell division. Size scaling or al-

lometry of intracellular components with cell size has been described [37]. It lacks a

simple explanation due to the diversity in mechanisms and missing principles regulat-

ing the size of intracellular organelles and structures [229]. The ubiquitous nature of

the mitotic spindle has attracted similar approaches at size scaling through develop-

ment and across evolution, since it involves the interplay of mechanical components of

microtubules (MTs), motors, chromosomes, and regulators across species [80]. Recent

work has proposed MT nucleation as a mechanism that determines spindle size scaling

in development [230] that could provide a mechanism for the linear scaling of spindle

and cell sizes during embryogenesis across species (Figure 1.5) [53, 80]. However, un-

derstanding the evolutionary scaling of dynamical properties of spindles their mobility,

asymmetry, and motion is expected to be more complex, due to the time dependent

nature of the process.

Large changes in cellular properties may also be possible as long as the phenotype
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Figure 1.5: Linear scaling of spindle with cell size. The schematic illustrates the scaling
of spindle size with cell size. In smaller cells, the scaling behavior is governed by the number of
microtubules. When the cell size surpasses a certain threshold, microtubule dynamics become
limiting, leading to the spindle reaching its maximum possible size. Yellow region indicates
diffusion limited zone. Figure is adapted from [230].

under selection is not modified. These non-adaptive changes, or cryptic changes, help

delineate the flexibility of biological mechanisms and their constraints [169]. Therefore

to what extent the physical properties can evolve without affecting the underlying vari-

ation remains to be explored. In nematode species, similar to what has been described

for C. elegans, an anterior/posterior (A/P) polarity axis is already established at the

time of the first cell division [59]. One manifestation of this polarity is the asymmet-

ric displacement of the mitotic spindle during the first anaphase, from a central to a

posterior position. Consequently, the division generates two daughter cells of un-equal

size and of unequal fate. Understanding how the movements of spindle displacement

differs between species could help in understanding how cryptic changes in the cellular

parameters govern the physical constraints in the evolution of spindle motion.
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1.3.3 Species dependent variation in spindle motion of related

nematode embryos during the first asymmetric cell divi-

sion

In this thesis we explore which cellular parameters can explain the absence of spin-

dle transverse oscillations in the studied nematode species. Among those previously

described by [272], we selected 4 species without spindle oscillations belonging to 4

distinct genera: Pristionchus pacificus, Oscheius tipulae, Diploscapter species 1 JU359

(D. sp. 1) and Caenorhabditis monodelphis. We also chose C. remanei and C. el-

egans as control species displaying anaphase spindle oscillations. The differences in

spindle dynamics are illustrated with one representative embryo per species Fig.1.6.

These species are also characterized by differences in cell size. Specifically, P. pacificus

embryos are 10% longer and D. sp. 1 are 20% shorter than C. elegans embryos. As pre-

viously shown on a larger set of species, the lack of spindle oscillation is not restricted

to small or large embryos, thus cell size change alone is unlikely to be responsible for

evolutionary changes in spindle oscillations [272].

Measuring biophysical properties of spindle dynamics

Our quantification of spindle motion across nematode species shows that spindle trans-

verse oscillations are restricted to Caenorhabditis species [273]. In C. monodelphis,

which is the most basal Caenorhabditis species, and in all species outside of this genus,

the anaphase spindle is asymmetrically displaced without any transverse oscillations.

We ask, what changes in cellular parameter can account for the absence of oscillations.

A simple hypothesis is that the viscosity of the cytoplasm could give rise to these

differences, based on predictions from simulations of C. elegans spindle-oscillatory me-

chanics [146]. However, these predictions remain to be tested experimentally, since

altering cellular viscosity without affecting cell physiology is technically challenging.
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Figure 1.6: Diversity of spindle dynamics across nematodes. (A) The diversity in
spindle movement in single-celled embryos of evolutionarily related nematodes is illustrated
with one representative image per species taken from the study by Valfort et al. (2018). (Left)
The phylogenetic relationship between the chosen nematode species and (Right) representative
still images of single-celled embryos acquired in DIC are shown. Spindle and centrosome
positions were tracked over time from DIC time series movies. (B) The change in position of
the spindle midplane along the AP axis with time is plotted relative to the cell center (black
lines).The position 0µm is the intersection between AP and T1-T2. Figure is adapted from
Valfort et. al. 2018 [273]
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Alternatively, if the net pulling forces are reduced, we also expect the loss of oscilla-

tions. Across species, spindle oscillation buildup may be hindered by an increase in

cytoplasmic viscosity or by a reduction in cortical forces arising from gene expression

changes, reduced cortical localization, or other parameter change such as cell size and

MT mechanical properties.

In the next chapter, we address the question of which biophysical features explain

the diversity of spindle motion observed between species. In doing so, we specifically

asked which combination of parameters, specially viscosity and cortical forces, have

been retained over the course of evolution as good solutions to sustain asymmetric cell

division.

1.4 Thesis overview

We first present a MATLAB-based single-particle tracking tool for mobility analysis of

objects in in vitro and in vivo DIC time-series microscopy. The tool integrates contrast

enhancement, multiple modified Gaussian filters, automated threshold detection for

segmentation, and two-dimensional single-particle tracking. We showcase its utility

in quantifying subcellular dynamics, such as detecting birefringent yolk granules in

Caenorhabditis elegans embryos and characterizing cytoplasmic flows driven by spindle

oscillations. My major contributions were optimizing the granule detection kernel

and comparison of existing blob detection filters with novel SoG kernel. We used

this optimized detection framework to investigate evolutionary principles of cellular

organization, in the context of spindle motion during the first embryonic division across

nematode species. Through laser microsurgery and a viscoelastic model, we investigate

the biophysical parameters influencing spindle mobility. We identify a trade-off between

cytoplasmic viscosity and pulling forces, shedding light on the mechanical constraints

underlying evolutionary diversification of spindle mobility.
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Furthermore, to advance rapid quantification of cell cycle times we employ deep

learning approach, specifically convolutional neural networks (CNNs), to classify dis-

tinct cellular stages during the first mitotic division of nematode embryos based on

DIC image time-series. The successful classification enables quantification of the time

spent in each stage, providing a proof of principle for the utility of deep learning in

studying evolutionary diversification of cellular dynamics.

Microtubule properties are associated with spindle oscillations, cell size, and cell

division regulation. Our lab previously proposed an in vitro system to recapitulate

sustained MT oscillations under controlled motor density and MT length parameters

[295]. The analysis of these oscillations could shed light on the oscillatory dynamics

of MT during spindle oscillation. However, analyzing buckled MT geometry proved

to be challenging. We address the challenge of filament tracking in high-density and

curved contour conditions. By employing a graph-based approach, we successfully solve

the problem of intersecting filaments and reconstruct filament traces. This approach

proves useful in analyzing reconstituted pinned filaments exhibiting beating motion.

Using this tool we explore the spontaneous oscillations driven by collective molecular

motor transport of microtubules. Through in vitro experiments and an in-silico model,

we uncover the role of motor binding, MT bending, and buckling in the emergence of

periodic oscillations. These findings shed light on the minimal essential components

and constraints contributing to the oscillations. Two additional studies are shared in

the appendix. In the first work we developed a segmentation pipeline for E. coli in

fluorescence, DIC, and phase contrast image datasets. In the last study we build a

RBC detection pipeline in the microfluidic chamber. Overall, these collective research

contributions underscore the important role of computational methods in advancing

quantitative analysis of cellular biology.
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Chapter 2

Estimating cytoplasmic viscosity of

nematode embryos through particle

tracking microrheology1

1Microscopy data was acquired by Thibault Brugiére and Dr. Marie Delattre, ENS Lyon, France
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2.1 Introduction

Cell viscosity quantification is important for understanding the complex nature of the

cytoplasm within cells [166]. The crowded cell environment, filled with membranous

organelles, RNA, ribosomes, and cytoskeletal polymers, makes the cytoplasm viscosity

higher (∼ 1-2 cP, Saccharomyces cerevisae) than that of water [167]. The high viscosity,

combined with the presence of semi-flexible polymers and active processes driven by

molecular motors, collectively shapes the viscoelastic nature of the cytoplasm [173, 187].

This viscoelastic nature is crucial for maintenance of cell structural integrity while

allowing shape adaptation to external forces. Internally, the cytoplasm can generate

size-dependent viscoelastic reactive forces which are capable of moving spindles and

other passive objects back to their original position [197, 288]. These forces, can

reach hundreds of piconewtons in magnitude and highlight the crucial role of bulk

cytoplasmic properties in controlling organelle positioning and cellular organization

[6]. Additionally, a change in cell viscoelasticity is also observed in metastatic cells

[51]. These findings collectively emphasize the importance of cell viscoelasticity in

cellular growth and intracellular mechanics.

In low Reynolds number regime, viscous forces dominate over inertial forces and

it is expected that the mobility of intracellular organelles and structures, such as the

spindle, would experience a viscous drag opposite to their motion [73, 116]. A change

in cellular viscosity should therefore affect he mechanics of spindle-driven division pro-

cesses. Indeed, in a simulation framework, Kozlowski et. al. have shown that increasing

the cytoplasmic viscosity in their system dampens spindle oscillations [146]. However,

changing the cell viscosity of cellular systems is difficult. Studies have demonstrated

that changing the temperature of cells can result in alterations in cell viscoelasticity.

Rapid changes in temperature makes the cell viscosity lower, making them more fluid,

while long exposure affects cell elasticity [140]. The effect may be variable in different
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cell types and contrasting results are observed when using different techniques [254].

Brigasse et al.’s work on C. elegans and C. briggsae demonstrated that altering the

embryo culture temperature reduces the overall cell cycle time within the character-

istic thermal limit of the species [13]. While qualitative changes in the mechanics of

pro-nuclear migration and spindle elongation were observable, these differences were

not quantified. A reduction in cell viscosity would decrease the dampening of critical

diffusion processes in the cell such as reaction rates, mobility and transport thereby

fastening the cell division process. However, cell systems are expected to adapt and

maintain cell homeostasis with changing temperatures, as observed in plasma mem-

branes [28, 243]. The emerging concept of visco-adaptation in cell cytosol complicates

the understanding of the contributing factors to this apparent change [218]. A simplistic

hypothesis would suggest that variations in the stable viscosity of the cytoplasm have

resulted in apparent changes in the spindle mechanics of divergent nematode embryos.

Therefore, quantification of the cell viscosity across these species could potentially

establish a direct link between cytoskeletal mechanics and cellular properties.

Cell viscoelastic properties can be quantified using microrheology [172]. These tech-

niques can measure local viscoelastic properties of the cell at a microscopic length scale.

Most commonly used method for cell rheology use inert probes that are incorporated

into the cytosol or the material of interest. For purely viscous materials, the Brownian

diffusion of these particles can be related to cell viscosity using the Stokes-Einstein

relation [71, 256]. This is known as passive microrheology. In active methods, the

inert particles are caught using optical traps or are magnetic and exposed to calibrated

forces, and the response of the cell reflects its viscoelastic properties. Recent work

by Yamada et al. has shown that endogenous lipid granules are ideal candidates for

passive microrheology, alleviating the need for exogenous probes [296]. This approach

eliminates the need for cell micro injections and resulting deformations, allowing for

completely noninvasive measurements of cell mechanics. Endogenous granules were
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shown to have similar viscoelastic spectra to artificial beads, which was checked for

gelatin, a viscoelastic medium [296]. The development of tracking methods to moni-

tor endogenous granules in the cytoplasm of nematode embryos can be instrumental

in revealing comparative differences among studied nematode species. The primary

motivation for these tracking methods is to gain a deeper understanding of intracel-

lular mechanics, particularly in living cells, without resorting to invasive or disruptive

techniques.

Since the embryo of Caenorhabditis elegans and related nematode species are opti-

cally transparent and lack any pigments, they are ideal samples for particle microrheol-

ogy. The cytoplasm of these embryos is abundant in endogenous lipid granules. Using

differential interference contrast (DIC) imaging, these granules can be clearly visual-

ized and tracked. Previously, DIC microscopy-based mutational screens for C. elegans

have been used to understand embryonic cell divisions [102] and spindle mechanics

[107]. Algorithms used to identify features in C. elegans embryos include a shortest

path method to automatically identify embryo stages and quantify boundary dynamics

during divisions [21, 97]. Similarly, active contours have been used to track spindle

dynamics [47, 79]. The analysis of intracellular dynamics by segmentation-based ap-

proaches has been limited to quantifying centrosome and spindle positional dynamics

[20, 81].

Here, we describe a DIC-object-tracking (DICOT) method that combines a novel

filtering approach that we refer to as scaling of Gaussian (SoG). Combined with a

distance-based, single-particle tracking approach, we employ it to analyze in vivo cy-

toplasmic mobility of endogenous granules in a one-cell nematode embryos to estimate

cytoplasmic viscosity. Parts of this tool were already developed by members of the lab.

My major contributions to this tool which were related to improving and comparing

the detection accuracy of SoG with other existing filters and implementing the tracking

module of the analysis pipeline.
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2.2 Materials and Methods

2.2.1 RNAi experiments1

The RNAi experiments were performed by Thibault Dr. Marie Delattre, ENS Lyons

and are summarized here for completeness. RNAi experiments on C. elegans were

performed by feeding. Wild type L4 larvae were fed for 24 hours, with HT115 bacteria

producing the double-strand RNA of atp-2 and cyc-1 genes. The RNA interference

was considered successful when the one-cell embryos did not show signs of spindle

movements during mitosis.

2.2.2 Passive microrheology

Passive microrheology is a biophysical technique that allows quantification of the vis-

coelastic behavior of biological materials, operating on the principle that the thermal

motion of microscopic particles suspended within a material reflects its viscoelastic

properties [301]. Briefly, the mean squared displacement profiles are utilized to cal-

culate the diffusivity of particles exhibiting Brownian dynamics. This setup requires

non-interacting probes immersed in the biological sample, a microscopy system for

recording the motion of these probes, and detection and tracking software to monitor

these objects over time. Analysis of these trajectories allows for the computation of

the particle’s Mean Squared Displacement (MSD) profile using either time or ensemble

averages, from which the diffusivity of the particles can be determined by the following

relation:

< MSD >= 2nDt, (2.1)

Here, < MSD > represents the mean squared displacement, D denotes the dif-

fusivity, n represents the tracking dimension (which can be either 2D or 3D), and t

1Sample preparation and microscopy experiments by Thibault Brugiére and Dr. Marie Delattre,
ENS Lyon, France
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stands for time. This equation illustrates how the mean squared displacement of par-

ticles increases linearly with time, and the slope of this relationship is related to the

diffusivity. This assumes absence of any active transport processes with zero drift. The

ensemble average < MSD > is calculated by the following relation [90]:

< MSD > (τ) =
∑
t

(xi(t+ τ)− xi(t))
2, (2.2)

Here, N is the total number of particles in the ensemble, τ is the time lag, xi(t)

represents the position of the ith particle at time t. For purely viscous solutions the

diffusivity is related to the viscosity by the Stokes-Einstein relation [71, 256]:

D = kbT/6ηπa, (2.3)

where Kb is the Boltzmann contant, T is the temperature, a is the granule radius

and η is the fluid phase viscosity.

Granule density correction

Granule radii (r) are very similar ∼0.2–0.3µm across species (Figure.2.1(D)) and are

used in the estimate of viscosity for each species. To account for the crowded nature

of the cytoplasm due to granule packing, the effective viscosity (ηeff ) was estimated

based on the approximation for soft spheres [223], known as Quemada correction,

by accounting for the packing fraction of the embryo due to the high 2D granule-

packing fraction (ϕ). This approach is better than the alternative of Doughtery kreiger

method which is suited for dilute suspensions [148]. The granule-packing fraction for

each species was calculated from eight representative ROIs each from the anterior and

posterior regions, with ∼400 granules per species. The granule density per unit area,

ρg = Ng/Acell, (2.4)
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where Acell is the embryo size and Ng is the number of granules. The area of each

granule (g) was measured from the granule radius to arrive at the granule packing

fraction:

ϕ2D = ρg × Ag, (2.5)

was used to calculate the effective viscosity:

ηeff = ηf × (1− ϕ2D

ϕmax

)−2, (2.6)

where ϕmax is the maximal packing fraction, taken to be 0.64 for random packing [30],

and ηf is the fluid phase viscosity.

2.2.3 Image acquisition of nematode embryos and strain main-

tenance2

All strains were maintained at 20◦C on nematode growth medium seeded with E.

coli OP50, as described in [272]: Caenorhabditis elegans (N2), Caenorhabditis remanei

(PB219), Caenorhabditis monodelphis (SB341), Diploscapter sp. 1 (JU359), Oscheius

tipulae (CEW1), Pristionchus pacificus (PS312). For embryo recording, females were

dissected in M9 and one cell–stage embryos were placed between slide and cover-slip

on a 2% agar pad. Embryos were observed with a Zeiss Axio-imager A1 or A2 with a

100× DIC Plan Apochromat NA 1.4 lens. For video recording of the cell division, we

took two images per second with a digital Kappa camera (DX4-285FW)
2Sample preparation and microscopy experiments by Thibault Brugiére and Dr. Marie Delattre,

ENS Lyon, France
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2.3 Results

DICOT is a GUI based tracking tool that implements a Scaling of Gaussian (SoG)

filter to detect lipid granules present in the cytoplasm of nematode embryos [39]. The

SoG filter scales a standard Gaussian filter (hG) with the mean (2.7). The formulation

is given as:

hSoG = hG− < hG > (λ− ϕ), (2.7)

where < hG > is the mean of the gaussian kernel hG. When the image contains bright

objects against a dark background, typical for both DIC and fluorescence, image λ

is set to 1, whereas it is set to 0 for dark objects against a bright background. The

sensitivity factor (ϕ) is used to enhance the degree of contrast between the foreground

and background. To compare the performance of SoG with other detection filters such

as Difference of Gaussian (DoG) and Laplacian of Gaussian (LoG) we first created a

ground truth dataset of manually annotated lipid granules.

2.3.1 Annotation of cytoplasmic granules as ground truth to

quantify detection accuracy

A blob detection pipeline can be used to identify the birefringent yolk granules in a

DIC image time series of C. elegans embryos as identifiable by eye [142]. The enhanced

contrast achieved by Scaling of Gaussian (SoG) SoG filtering allows object segmenta-

tion by automated thresholding. However, there are existing filters such Laplacian of

Gaussian (LoG), Difference of Gaussian (DoG) that can be used similarly to SOG. To

compare and contrast the extent of correctly detected yolk granules, we annotated six

randomly selected frames in a C. elegans time series from two representative regions of

interest (ROIs), one anterior and one posterior, to account for any spatial differences

Figure. 2.1(A), and marked yolk granules manually to serve as the GT to measure

30



detection accuracy Figure.2.1(B). Total 450 annotations were made , ∼ 75 per roi, and

saved for further analysis. In addition to this manual annotation we also quantified

the granule radii across the 6 species of nematodes in our dataset Figure.2.1(D).

The detection output from DICOT analysis is classified based on the euclidean dis-

tance between the granule coordinates detected by the algorithm and the annotated

coordinates from the ground truth into the following classes: True positives (TP); dis-

tance of the centroid identified by the algorithm lies within a threshold (tdist) distance

of the interactively annotated point Figure.2.1(C). A tdist of two pixels was chosen to

account for human error while selecting centroid of the granule. False positives (FP);

detection obtained from the algorithm at a distance to the GT greater than tdist are

classified as false positives. False negatives (FN); all manual annotations that were not

detected by the algorithm are classified as false negatives. To quantify how well DI-

COT works at object detection, we estimate three variables: sensitivity (S), precision

(P ), and the F1 score. S is defined as the ratio of correct detection by the algorithm

(TP) and all detection both true and false, as described by the following expression:

S = TP/(TP + FN) (2.8)

An alternative measure, P is the fraction of correctly classified detections out of

total detections from the algorithm as given by the following:

P = TP/(TP + FP ) (2.9)

Finally, the F1-score (F1) combines both measures of P and S as follows:

F = 2× P × S/(P + S) (2.10)
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Figure 2.1: Precision of yolk-granule detection in DIC. (A) ROIs from the anterior
(line) and posterior (dashed line) regions of a DIC image time series of a C. elegans embryo
were used to estimate. (B) Representative ROI with the annotations shown in blue dots. (C)
the ground truth (GT; point) through manual annotation of granules and classify a detection
based on the algorithm as either true positives (TP) (open circle), detected by the algorithm,
as well as manually false positives (FP) (asterisk), those identified by the algorithm but not
manually, and false negatives (FN) (open square), those that were identified manually but the
algorithm failed to detect. (D) Granule radii estimate for the analyzed species
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2.3.2 Filter parameter optimization and comparison

The quality of single-particle tracking (SPT) depends on the accuracy of the ob-

ject detection. To achieve high accuracy of detection, we compared multiple filter-

ing approaches; Gaussian, inverse Laplacian of Gaussian (iLoG), difference of Gaus-

sian (DoG), and the scaling of Gaussian (SoG). These filters were then combined

with segmentation by thresholding based on Otsu’s method to detect filtered ob-

jects in DIC images [207]. The SoG filter is a simpler version of the DoG filter

hDoG = hG1(σ1)− hG2(σ2), where G1 and hG2 are two Gaussians, and σ1 and σ2 define

the respective spread. For a DoG filter when σ2 >> σ1 , the difference approximates

to a SoG kernel. At the same time, the LoG filter, based on the second derivative

of a Gaussian, can also be mapped to DoG at specific values of Gaussian filters [7].

However, the simplicity in using SoG scaling on a Gaussian by a scalar value, by the

use of a single ϕ parameter and estimation of filter size from object size, as compared

with multiple or derivatives of Gaussian, suggests a simplicity that could be more user-

friendly for optimization in the analysis of diverse experimental data sets. A visual

comparison of these filters along with the segmentation and detection results is shown

in Figure.2.2 (A-C). For a fair comparison all parameters of different compared kernels

were optimized using an exhaustive search of optimal parameters within predefined

limits shown in Figure.A1 (A-D). The optimized parameters for each filter are as fol-

lows: SoG : (k= 7, σ = 0.77, ϕ = -0.009), Gaussian : (k= 3, σ 0.1), LoG : (k= 6, σ

0.40), DoG : (k1,k2= 11, σ1 = 1.63, σ2 = 0.94)

In our analysis of positional detection errors, as shown in Figure.2.3, we find that

the mean positional detection error is lowest for the SoG filter when compared to

other tested filtering methods, as indicated by both mean and median values, and

also with regard to outliers (Figure.2.3(A)). To avoid any biases, we scanned multiple

parameters for each filter systematically across a range of comparable values and used

those parameters that maximized the F1 score. Although the error resulting from
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Figure 2.2: Comparing filters for DIC object detection. (A) An ROI from a mid-
plane DIC image of a C. elegans embryo was manually annotated to mark lipid granules
(blue circles). (B) Four different image filters were tested: Gaussian (blue), Inverted LoG
(red), DoG (ochre) and SoG (purple). (C) Contour maps of multiple filters used to convolve
the data are compared: Gaussian σ = 2.25, inverted Laplacian of Gaussian (iLoG) σ =
2.25, difference of Gaussian (DoG) taken between two functions with σ = 1.25 and 2.25 and
Scaling of Gaussian (SoG) σ = 2.25. All filters have the same kernel size, i.e. 9 pixels. (C) The
filtered output images (D) are then segmented by an automated threshold and the contours
of detected objets (green) are used to estimate centroids (red dots) and compared to manual
annotations (blue circles).
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filtering by SoG, iLoG, and DoG is comparable, we find increasing noise in the image

changes the positional detection error with SoG and iLoG, showing the smallest error

and thus, greater robustness compared with the other filters Figure.2.3 (B-C). Speckle

noise with variance range from 0 to 0.08 was added using imnoise function. Visual

overlay of the filter design and the filtered output is shown Figure.2.2. This suggests

that our method is optimal for the analysis of in vivo time series of C. elegans embryos.

We additionally implemented a regional max search over the filtered objects to further

improve the sensitivity of our detection method as shown in Figure.A2(a-c). This

improvement is attributed to the identification of distinct peaks in cases where two

closely situated granules are not separated during segmentation.

2.3.3 Fast nearest neighbor based particle tracking

To track detected particles across frames we implemented a nearest neighbour tracking

algorithm [203]. The algorithm first identifies the closest neighbor in successive frames

to track the movement of detected objects. The input parameters to the tracking

algorithm include search radius in microns ( 4 µm), scaling factor (0.065 µm), minimum

track length (2 s), time interval between frames (s), distance unit (µm), and time unit

(s). The micron search radius defines the radius of a circle within which the algorithm

searches for the next potential object detection. Objects falling within this defined

circle are considered candidates for association in the tracking process.

For each frame, the algorithm associates objects between consecutive frames based

on their distances. The association is performed using a custom sorting function,

which considers the distances and a specified pixel search radius. Objects are labeled

and tracked over time, forming trajectories. Trajectories with less than three data

points are excluded from further analysis, ensuring that only well-connected object

paths are considered. This can be tuned using the minimum track length parameters.

Finally, the algorithm writes the reassembled trajectories, including object IDs, frame
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Figure 2.3: Precision of yolk-granule detection in DIC. (A) Shown is the frequency
distribution of the positional detection error in pixels based on filtering by either Gaussian
(dash-and-dot line), inverted iLoG (solid line), DoG (dashed line), or SoG (dotted line) is
plotted with (bottom) the box-plot representing the data scatter. Here, the following symbols
have the described meaning: open circle, mean; midline, median; and whiskers, minimum and
maximum. (B) The effect of multiplicative speckle noise on positional detection error was
examined for a range of variance values of the noise function. Two representative images of
variance 0 and 0.042 were filtered based on the optimal parameters for detection by filtering
and segmentation based on either Gaussian (open circle), iLog (cross), DoG (plus sign), or
SoG (asterisk) filters. The error is the distance from the GT (solid circle). (C) The mean
(left) and median (right) positional detection error for increasing variance of noise ranging is
plotted. To see this figure in color, go online.
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numbers, X and Y coordinates, object area (area), and time to an output text file

named ’trajectories.txt’ in the specified output folder. Based on the input parameters

distance and time metrics are converted to the suitable scale. This output file provides

the raw record of the tracked objects movement and is saved for further analysis.

2.3.4 Cytoplasmic viscosity changes six-fold between closely re-

lated species

In DIC images, nematode embryo cytoplasm is prominently packed with clearly visible

yolk granules [46, 119]. We proceeded to estimate the cytoplasmic viscosity in the

different species using granule microrheology, similar to a previous study on C. elegans

embryo, where exogenous particles were used as probes [107]. Since granules undergo

streaming due to spindle movements and are at times even actively transported, we

chose to follow granule mobility during interphase and in the top plane of the embryos

far from the spindle plane to minimize the effects of active transport on granule mobility

measurement. Based on the distinct active motion in mid-plane contrasted to the

diffusive motion in the top plane, all further analysis of granule diffusive motility was

performed only in the top plane. A representative MSD plot from the embryo mid-

plane showing super-diffusive MSD profile is shown in Figure.A3. In contrast the

MSD profiles from the embryo mid-plane were linear as shown in Figure.2.5 (C). MSD

profiles for the anterior and posterior region for one sample from every species is shown

in Figure.2.4. Each embryo in the time series was partitioned into anterior, middle

and posterior regions and over 2,000 granules in the anterior posterior portion of each

embryo were tracked. Multiple embryos of each species were analyzed and the mean

squared displacement (MSD) of granules was calculated as described in the methods

section. Granule MSD plots were averaged over time and across multiple granules and

fitted to the diffusion model equation (2.1).
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Individual granules display heterogeneity in individual MSD profiles, with some

granules appearing to be superdiffusive, while others appear to follow sub-diffusive

behavior. On the average, they appear diffusive, due to the linear nature of the MSD

plot at short time scales Figure.2.5(C). We proceeded to fit diffusion equation (2.1)

(Materials and Methods) to the data in order to estimate a single free parameter, the

diffusion coefficient D. This result is shown in Figure.2.5(D). We find that the analyzed

species have strong differences in the diffusivity of lipid granules with C. monodelphis

and D.sp.1 JU359 showing slowest mobility of endogenous granules. On the other

hand P. pacificus had the highest diffusivity in the cytoplasm. This could be due

to transient flows that occur predominantly in the posterior region. To estimate the

effect of these flows on our D measurement we compared the calculated D with the

diffusion coefficient estimate from anomalous diffusion model Dadm and found them to

be non-significantly different Figure.A4.

To estimate the fluid phase viscosity (ηF ), which implicitly combines cytoplasmic

viscosity and the effect of cytoskeletal elements and organelles, we measured the ra-

dius of lipid granules from each species averaged across multiple individuals and found

them to be comparable Figure.4.1(D). Using the Stokes–Einstein (eq.(2.3)) we calcu-

late the value of viscosity [14, 72]. Due to the visually apparent crowding of granules

in the cytoplasm, we need to include the effect of crowding by the highly packed yolk

granules where packing density was corrected for their density, based on the theory of

the effect of soft-sphere packing in a crowded colloidal suspension on viscosity [223].

An additional motivation for applying this correction is that the granules have a high

packing fraction (ϕ2D) and a diameter of ∼ 0.3µm, comparable to the size of the cen-

trosomes (diameter ∼ 2− 4µm). Indeed, granules occupy between 29 and 42% of the

cell area comparable between species Figure.2.5(E). The packing fraction is then used

to estimate the effective cytoplasmic viscosity ηeff , Figure.2.5(F). The packing frac-

tion is similar for the top and the mid-plane Figure.A3. We find it to be 6 to 10-fold
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Figure 2.4: Measuring granule diffusion coefficient for multiple species. (left) Single
images in DIC of embryos of the 6 species analyzed are overlaid with the tracks of granules
from individual species. Colors indicate blue: anterior, magenta: middle and red: posterior
regions based on 33% of the major axis length. (right) The MSD values of granule tracks
from the anterior (left) and posterior (right) regions are plotted and fit to the diffusion model
(till 5s) to the mean MSD curve. The values obtained by fitting the ADM model (blue line,
Equation 8, Materials and Methods) to the mean MSD curve (red line) are Deff and α. The
number of trajectories analyzed are indicated by n.
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higher than the fluid phase viscosity ηF , accounting for both fluid-phase and crowding

effects. The mean C. elegans effective cytoplasmic viscosity ηeff of 0.67 Pa-s is com-

parable to previously reported values, which ranged from 0.1 Pa s [55, 93] to 1 Pa s [55].
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Figure 2.5: Cytoplasmic viscosity estimates from yolk granule mobility. (A) Yolk
granule mobility in the one-celled stage of the nematode embryo from midplane (yellow circles)
and cortical (blue circles) is depicted. Lines: tracks of granules, midplane: yellow box, and
cortex: blue box. (B) Granule movement was automatically tracked from DIC microscopy
time series of a C. elegans embryo imaged in the cortical plane. Lines: tracks, blue: anterior,
magenta: middle, and red: posterior. (C) The mean squared displacement (MSD) averaged
over granules from the whole embryo is plotted as a function of time interval (red line). Data
are fitted to a diffusion model (blue line, Equation 4, Materials and Methods). Gray region:
SD across individual trajectories (n∼ 4,000). Fit parameter Deff= 0.0042 µm2/s. (D) The
Deff of anterior, middle, and posterior cortical granules from all six species are represented
as box plots. (E) The area packing fraction of granules (ϕ 2D) from the anterior (blue) and
posterior regions (red) is plotted for the six nematode species analyzed (mean ∓ SD). (F) The
effective viscosity ηeff of each nematode species from the anterior (blue) and posterior (red)
regions is plotted as a box plot. White circle: mean, horizontal line: median. Points indicate
outliers. The asterisks indicate * p< 0.05, ** p< 0.01, *** p< 0.001, and **** p< 0.0001,
while ns = not significant for t tests (paired within species, independent between species.)

This estimate of viscosity is based on the hypothesis that diffusion is the primary

process driving granule motion, that is, passive, thermal Brownian motion. As a fur-

ther test of the influence of active transport on diffusion, we examined the effect of ATP

depletion on granule mobility, which is expected to block active intracellular transport.

If Deff is truly representative of the passive Brownian motion of granules, ATP deple-

tion should not change the diffusion coefficient. Therefore, C. elegans embryos were

treated with RNAi against atp-2 (ATP synthase subunit) or cyc-1 (Cytochrome-c1) as

seen in Supplemental Figure.2.6(A), which was shown to inhibit mitochondrial ATP

production [64, 270]. While it is expected that depleting ATP will affect all physiolog-

ical processes in a nonspecific manner, the yolk granule mobility of treated compared

with untreated C. elegans embryos was found to be quantitatively unchanged in terms

of MSD profiles Fig.2.6(B), the diffusion coefficient Figure.2.6(C) and viscosity Fig-

ure.2.6(D). Taken together, the evidence strongly supports the hypothesis that granule

mobility we describe is indeed diffusive.
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Figure 2.6: Effect of ATP depletion on granule mobility. (A) Representative tracked
granules from WT are compared to embryos treated with RNAi targeting ATP-2 and CYC-
1 are overlaid on DIC images of the embryo in the anterior (blue), mid-cell (magenta) and
posterior (red) regions. (B) The MSD with time is plotted for whole embryos corresponding
to (A). The grey area is the s.d. The data was fit using a diffusion model (blue) to estimate
the effective diffusion coefficient (Deff ). (C) The mean Deff (error bar: 2 SEM) and (D)
effective viscosity are compared between untreated and treated embryos. The mean values
were compared using a KS test; ns: not significant.

2.4 Conclusions

We find that effective cytoplasmic viscosity (ηeff ) differs between species. C. monodel-

phis shows the highest viscosity of 2.8 Pa s (Figure.2.5(F); Table 2.1). We also find

that viscosity differs greatly between anterior and posterior regions in O. tipulae, and

to a lesser extent in C. monodelphis and P. pacificus, and only minimally (factor of

1.1) in C. elegans. The viscosity in the anterior and posterior halves of the embryos

42



was, however, similar in C. remanei and D. species 1 (Figure.2.5(F), Table 2.1). These

results reveal that even closely related species show a diversity in cytoplasmic viscosity,

with an ∼ 7-fold difference between the most extreme values measured.

Species Fluid phase viscosity
of cytoplasm, ηF (Pa s) Granule

radius
(µm)

Packing
Fraction, ϕ2D

Effective cytoplasmic viscosity
corrected
for packing fraction, ηeff (Pa s)

Anterior Posterior Anterior Posterior Anterior Posterior
C. elegans (n=19) 0.14 ± 0.04 0.16 ± 0.04 0.32 0.33 0.35 0.63 ± 0.17 0.71 ± 0.18
C. remanei (n=8) 0.13 ± 0.01 0.11 ± 0.03 0.34 0.29 0.33 0.47 ± 0.05 0.41 ± 0.11
C. monodelphis (n=15) 0.22 ± 0.12 0.35 ± 0.17 0.32 0.42 0.41 1.78 ± 0.97 2.80 ± 1.40
D. sp. 1. JU359 (n=5) 0.27 ± 0.10 0.27 ± 0.10 0.33 0.4 0.42 2.08 ± 0.75 2.07 ± 0.76
P. pacificus (n=13) 0.12 ± 0.04 0.09 ± 0.03 0.31 0.4 0.4 0.70 ± 0.24 0.56 ± 0.18
O. tipulae (n=14) 0.11 ± 0.04 0.15 ± 0.06 0.36 0.4 0.4 0.59 ± 0.20 0.85 ± 0.35

Table 2.1: The viscosity of nematode embryonic cytoplasm from six species. The
estimation is based on tracking the diffusion of ∼1000 lipid granules (per species) to calculate
MSD profiles. The fluid phase viscosity (ηF) for all six species was calculated from the
effective diffusion coefficient obtained by fitting the MSD to the MSD profiles. To account
for self-crowding by a high density of lipid granules, we measured their radii (µm) and area
packing fraction (ϕ2D) in order to correct the viscosity to arrive at the effective viscosity ηeff
(Pa s). Between 8 and 19 embryos were analyzed per species, indicated by n. All values of
viscosity are mean ± SD.

While the increase in viscosity across species (see Figure.2.5(F)) correlates qualita-

tively with slower spindle dynamics in C. monodelphis and D.sp.1 JU359, it is unclear

if viscosity alone can explain, for example, the absence of bonafide spindle oscillations

in some species such as P. pacificus, whose cytoplasmic viscosity is very close to that

of C. elegans. Nonetheless, the quantification of cytoplasmic viscosity differences al-

lows us to measure the viscous drag experienced by large objects moving inside the

cytoplasm, such as the mitotic spindle. Using laser ablation, we can estimate cortical

forces acting on the spindle during its recoil. We will discuss these results in the next

chapter.
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2.5 Discussion

The intracellular aqueous environment of macromolecules and presence of cytoskeletal

proteins has made the study of viscous and elastic properties of cells vital for our

understanding of cellular mechanobiology. However, how much these properties can

change without affecting the functions they sustain is still unclear. This is in part

because experimental perturbations of these properties are challenging. An alternative

approach is to measure the physical properties of cells from different species, because

they reveal the range of solutions retained over the course of evolution, and hence the

range of possible changes.

Early work measuring cytoplasmic viscosity in vertebrate cell lines reported a vis-

cosity of 0.282 Pa.s by following the Brownian motion of cytoplasmic inclusions [4].

A more recent study using micrometer-sized beads and magnetic tweezers to measure

the viscoelastic properties of the cytoplasm in C. elegans during spindle positioning

also reported viscosity of 0.159 Pa.s [93]. However, tracking the microrheology of the

mobility of injected nanospheres in one-celled embryos of C. elegans revealed a spa-

tially uniform cytoplasmic viscosity of 1 Pa.s [55]. Accumulating evidence of the probe

size dependence of such measurements due to macromolecular crowding [74, 190] could

explain this order-of-magnitude difference reported by different workers in the same

species. Our measurements retrieve a viscosity value that is in between these two ex-

tremes for C. elegans. We report the effective cytoplasmic viscosity to be ∼ 600 times

higher than the viscosity of water. Using the same approach to multiple species, we

have uncovered large variations, up to an order of magnitude, between species, with

C. monodelphis showing the highest viscosity. The differences we measure could arise

from multiple factors such as differences in protein concentrations, presence of different

densities of cytoskeletal meshwork, or higher organelle densities.

There is a slight but non-significant increase in viscosity observed in ATP-2 RNAi-
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treated embryos (see Figure.2.6(C)), which may suggest a gradual change in cytoplas-

mic viscosity. Notably, increased cell viscosity is associated with cell death in yeast

cells [135]. In this study, the efficacy of ATP knockdown was qualitatively assessed

by the cessation of spindle motion and embryo mortality. However, the time elapsed

between treatment across the embryos sample was not measured. To better understand

why granule mobility and measured viscosity remain unchanged, it would be crucial

to track these endogenous granules over extended time in RNAi treated embryos and

measure if there are gradual changes to cell viscosity over time. Additionally, this in-

vestigation could be complemented by techniques to measure cytoplasmic ATP levels,

such as luciferase-based assays [77, 168], providing a more concrete understanding of

the interrelationship between ATP levels and cytoplasmic viscosity. Another important

consideration is the nature of transport of these endogenous lipid granules. Existing

evidence suggest that yolk granules in egg laying animals function as heterogeneous

organelles that take part in embryo development [224]. However, the molecular ma-

chinery and mechanisms for yolk mobilization throughout development remain poorly

explored [224]. Therefore, a more detailed investigation into the transport of lipid

granules during embryo development would help in understanding the mobile nature

of these yolk granules.

Multiple studies have demonstrated that changing the temperature of cells results in

alteration of cell viscoelasticity [140, 254], however a similar investigation is lacking for

the nematode system. Briggase’s work on C. elegans and C. briggsae has demonstrated

that altering the embryo culture temperature reduces the overall cell cycle time within

the characteristic thermal limit of the species [13]. While qualitative changes in the

mechanics of pro-nuclear migration and spindle elongation were observable, these dif-

ferences were not quantified. In the future, a careful comparison of changes in granule

mobility, spindle dynamics, and cell cycle time between species with changing tem-

perature could potentially allow us to address the question of how these differences in
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spindle dynamics could arise. Nonetheless, to address our initial question of potential

differences that could explain the variations in spindle dynamics of the evolutionary

related species, we proceeded to quantify the forces acting on the spindle during the

first mitotic division.
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Chapter 3

Evolutionary divergence of spindle

mechanics in nematode embryos is

constrained by antagonistic pulling

and viscous forces
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3.1 Introduction

Our quantification of spindle motion across nematode species revealed that spindle

transverse oscillations are restricted to Caenorhabditis species [272]. Only in C. mon-

odelphis which is the most basal Caenorhabditis species, and in all species outside of

this genus, the anaphase spindle is asymmetrically displaced without any transverse

oscillations. Our initial attempt was to understand if viscosity change accounts for this

variability. However, this simple hypothesis proved to be insufficient explanation of

absence or presence of oscillations.

The work of Grill et. al, 2005 presents a theoretical framework to explain spindle

oscillations during first cell division for C. elegans embryo [109]. Key to the model is

the concept of load-dependent detachment rates, where force generators detach from

microtubules at a rate depending on the load force exerted on them. This load force

is determined by the extension of elastic linkers connecting force generators to the cell

cortex. By considering the interplay between attachment and detachment rates, the

model predicts the occurrence of spindle oscillations beyond a critical number of force

generators. Furthermore, the model is supported by experimental evidence showing

that depletion of G proteins (encoded by gpr-1 and gpr-2 ), that regulate cortical force

generators, abolishes or attenuates oscillations, suggesting a threshold of motor activity

necessary for oscillations to occur [216]. The oscillatory behavior is therefore described

by key parameters of a threshold number of motors and mircotubule contacting the

cortex. Around the same time, Kozlowski et al. (2006) predicted that a low cytoplasmic

viscosity was also required for oscillations with speeds greater than 0.2 µm/s, since

higher viscosity resulted in a strong damping force opposing the motor-forces [146].

While our understanding of spindle mechanics in C. elegans is relatively compre-

hensive, elucidating similar mechanisms across species presents challenges. Our initial

effort to quantify cytoplasmic viscosity changes is incomplete without the quantifica-
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tion of net pulling forces across various species, because spindle oscillation buildup may

be hindered by an increase in cytoplasmic viscosity or by a reduction in cortical forces

arising from gene expression changes or reduced cortical localization. Therefore, our

next step is to quantify the net pulling forces across different species.

Mechanical forces acting on the spindle can be revealed by laser ablation of the

central spindle at the onset of mitosis. Following spindle cutting, the centrosomes

recoil towards the cell pole if they are initially pulled [107]. This is because the central

spindle connects the poles and holds the balance, much like a stretched rubber band.

In species where the mitotic spindle elongates by inside-out pushing forces, severing

the spindle leads to the collapse of the centrosomes at the center of the spindle [139,

267]. Subsequently, parameters of spindle velocity, force and elastic components can

be quantitatively measured. In this chapter, we use a visco-elastic model to measure

the cortical pulling forces responsible for spindle motion in all species. We then ask

which changes in the force, viscosity and recoil kinetics across species correlate with

spindle motion kinetics. This comparative approach could enable us to gain a deeper

understanding of the evolutionary conserved mechanisms underlying spindle oscillations

and their role in asymmetric cell division.

3.2 Material and Methods

3.2.1 Laser ablation1

One-cell embryos in prophase or prometaphase were mounted between slide and cov-

erslip as described above. Embryos were then recorded on an inverted spinning disk

confocal microscope (Leica DMI4000B- CSU 22 Yokogawa) with a 100X immersion ob-

jective (HCX PL APO 1.4 oil) controlled by Metamorph. Images were acquired with

an iXon3 897 Andor camera every 0.5 seconds. Spindle severing was performed using
1See 1
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a UV laser module (lambda=355 nm) iLas2 Roper, as described in [107]. For each

species, the laser power was adjusted so that the cut, performed at the onset of spindle

elongation, generated a rapid movement of the centrosomes (due to spindle severing),

but did not arrest the cells (due to excess laser power).

The number of samples analyzed were: C. elegans : 14, C. remanei : 14, C. mon-

odelphis : 14, P. pacificus : 17, O. tipulae: 13, and D. sp. 1 JU359 : 9. The data had to

be processed, and stationary trajectories that showed no recoil were removed. Before

analysis, we removed all missing values from the recoil data. All recoil trajectories were

manually aligned with the zero point, which marks the laser ablation treatment. The

anterior trajectories were flipped by taking their absolute values to overlay with poste-

rior trajectories for a better visual comparison. Trajectories with noise that appeared

frequently near the end of every trajectory were manually removed. The raw recoil

trajectory along with time stamps of before and after laser ablation for representative

species is shown in Figure B1(A and B).

3.2.2 Oscillation speed

Spindle oscillations were analyzed in representative trajectories of each species by mea-

suring distance of the centrosomes from centerline, defined by the A-P axis, with time

and the data was smoothed using the discrete cosine transform to reduce low-frequency

noise with the threshold greater than 1.5 for C. monodelphis and O. tipulae, and 0.56

for the remaining species, as shown in Figure.3.1(A). The speed of oscillation was

calculated as the change of position over successive windows in 5 second intervals,

throughout the smoothed trajectory and the distribution was used to estimate mean

oscillation speed for anterior and posterior centrosomes. Data smoothing was per-

formed using inverse discrete cosine transform of frequency components with values

higher than 0.56. The smoothed trajectory and speed over Successive frames for C.

elegans is shown in Figure.B2(A and B). The oscillation speed was calculated for each
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species using the Fast Fourier Transform (FFT) analysis, the power pectrum of fre-

quency is shown for C. elegans and C. remanei is shown in Figure.3.1(B). Spindle

oscillation speed comparison is shown in Figure.B2(C).

3.2.3 Data analysis and fitting

The initial recoil velocity and rate of decay form the recoil trajectories was obtained

by fitting the anterior and posterior centrosome recoil trajectories to the function:

f(t) = A ∗ (1− e− t/τ) + c2 (3.1)

where A is amplitude of recoil and τ is decay constant of the exponential and

V is the recoil velocity given by V = A/τ based on previous work [252]. Oscillation

speed predictions from simulations as a function of increasing viscosity were taken from

previous work by Kozlowski et al., (2007) by digitizing the plot (webplotDigitizer) and

fitting it to a 4-parameter sigmoid function described previously [137, 146]:

v = d+ a/(1 + exp
(η−c)

s ) (3.2)

Where v is the speed, η is the viscosity, d and a are the minimal and maximal speeds,

c is the half-maximal viscosity and s is the steepness of the profile. Individual data

from centrosome recoil of all species were ignored if the goodness of fit measure (R2)

was less than 0.8, except for D.sp.1 where this cutoff was 0.5. As a result of this we

do not report v and τ values for this species (Figure.3.2(C, D)).
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Figure 3.1: Spindle elongation trajectories from the analyzed nematode species. (A)
Raw trajectories (solid) lines for anterior (blue) and posterior (red) are shown for every species.
The inverse discreet cosine transform (iDCT) is shown in the background. (B) Oscillation
frequency analysis using FFT analysis is shown for C. elegans and C. remanei. On the left
the input trajectory is shown and on the right the power spectrum with the dominant peak
as the highest point.
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3.2.4 Statistical tests and correlation

All correlations are reported as Pearson correlation coefficients [237]. Regression fits

for all correlations was done using regplot from by Seaborn 0.11.0 [284] , Python3.

The confidence interval was set to 0.68 which falls within 1 standard deviation. All

statistical tests were performed in SciPY 1.5.2 [277] . Viscosity between species and

within a species across A/P regions were compared using the t-test.

3.3 Results

3.3.1 Dynamics of anaphase spindle pulling varies independently

of oscillations across species

Previous work has shown spindle movement, including oscillations, is mainly driven by

pulling forces acting on the spindle in C. elegans embryos [107, 152]. However, in some

distant species, for instance in the yeast S. pombe [267] and during meiotic divisions

in some cell types, for instance some oocyte’s meiotic divisions, spindle positioning is

independent of microtubule-based pulling forces from the cortex [5]. We first asked

whether the absence of spindle oscillations in some nematode species reflects a mecha-

nism that is independent of pulling forces. Mechanical forces acting on the spindle can

be revealed by laser ablation of the central spindle at the onset of mitosis. Following

spindle cutting, the centrosomes recoil towards the cell pole if they are initially pulled

[107]. This is because the central spindle connects the poles and holds the balance,

much like a stretched rubber-band. In species in which the mitotic spindle elongates

by inside-out pushing forces, spindle severing leads to the collapse of the centrosomes

at the center of the spindle [139, 266].

We used a pulsed UV laser to sever the spindle at the onset of anaphase in all

the 6 species Figure.3.2(A) and analyzed the recoil trajectories of the anterior and the
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posterior centrosomes after the cut. The centrosomes of most of the species appear

to recoil towards the cell pole Figure.3.2 (B). The movement of D. sp. 1 centrosomes

was very limited Figure.3.2 (B) with the characteristic recoil time being almost as long

as the time of acquisition (27 s) with τ = 35.75 and 25 seconds, for the anterior and

posterior pole, respectively. We found a velocity of ∼ 0.02 and 0.11 µm/s for the

anterior and posterior pole, respectively. This is suggestive of a near absence of recoil

in D. sp. 1. Spindle poles of C. elegans and C. remanei on the other hand, recoil

faster with half times of ∼9 s and ∼5 s for anterior and posterior poles respectively.

Compared to C. elegans, the A/P average recoil time of C. monodelphis is longer but P.

pacificus and O. tipulae are statistically comparable Figure.3.2 (C). The recoil velocity

of C. elegans centrosomes after cutting is ∼ 1.17 µm/s (anterior) and ∼ 1.82 µm/s

(posterior), a difference of ∼36% (Figure. 3.2(D)). This asymmetry in anterior and

posterior pole recoil velocity is comparable to previous reports [107], and the ratio is

identical in C. remanei centrosomes. Interestingly, we found a lack of significant A/P

asymmetry in recoil half-times and velocities for C. monodelphis, P. pacificus and O.

tipulae, despite their asymmetric cell division. These values are summarized in table

3.1 below.

Species Recoil velocity (mm/s) Recoil time, t (s)
Anterior Posterior Anterior Posterior

C. elegans (n=13) 1.17 ± 0.50 1.82 ± 0.44 9.43 ± 4.60 5.18 ± 1.62
C. remanei (n=14) 1.48 ± 0.32 2.34 ± 0.43 8.84 ± 4.61 4.88 ± 1.72
C. monodelphis (n=7) 0.44 ± 0.14 0.34 ± 0.13 24.00 ± 10.98 26.47 ± 12.63
D.sp.1 (n=1) 0.02 ± 0.00 0.11 ± 0.00 35.76 ± 0.00 24.99 ± 0.00
P. pacificus (n=12) 0.80 ± 0.32 1.03 ± 0.54 11.63 ± 8.25 7.89 ± 3.89
O.tipulae (n=12) 0.84 ± 0.35 0.78 ± 0.41 8.38 ± 7.33 15.43 ± 16.03

Table 3.1: Calculated cell length , cell cycle duration and centrosome size for the studied
species.

Thus we find recoil trajectories of centrosomes after laser ablation cut vary between

species in terms of the recoil velocity, half-time of recoil, final position of the centrosome
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and anterior and posterior asymmetry Figure.3.2 (B-C). For all species that do not

display oscillations, the half time of recoil was higher than those of C. elegans, whereas

the initial velocity was systematically lower. While these results suggest the forces

acting on the spindles could explain the differences between anterior and posterior

centrosomes for some species, we need to estimate the forces. To do this from the

recoil experiment requires our previous estimate of effective cytoplasmic viscosity that

opposes the motion.

3.3.2 The net pulling forces and elasticity forces acting on cen-

trosomes also vary between closely related nematode species

While spindle laser ablation experiments have been used in the past to estimate relative

rates of pulling by forces acting on the astral MTs, the quantification of absolute forces

requires a mechanical model of the spindles, motors and the cytoplasm. In recent work

the absolute forces centering C. elegans metaphase spindles of 1-cell stage embryos has

been estimated by measuring relaxation after mechanical perturbation and fitting to a

model with both elastic and viscous components, i.e. a viscoelastic model [93]. Indeed,

multiple studies have concluded that the mechanical properties of the cytoplasm are

best explained by viscoelasticity [17, 76]. The Kelvin-Voigt (KV) model is used to

quantify the spring force (F ) that acts on laser ablated centrosomes pulling them

backwards and also the viscous drag (γ) due to the presence of cytoplasm, crowding by

granules and the elasticity (k) of the half-spindle and actin meshwork Figure.3.3(A).

All species tested show a recoil of centrosomes on ablation, expect for D. sp. 1 JU359,

which had a negligible recoil post laser ablation. Nonetheless we can use the same

physical model to characterize this recoil across species. Based on the KV-model the
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Figure 3.2: Centrosome trajectories post laser ablation characterized by recoil ve-
locity and decay constant. (A) Representative images of a C. elegans embryo before (0 s)
and 16.5 s after laser ablation of the spindle, with the anterior (blue circle) and posterior (red
circle) centrosomes marked. (B) Recoil trajectories of the anterior (blue) and posterior (red)
centrosomes after laser ablation (t= 0 s) for different species were averaged (filled circles)
with error bars indicating SEM. The data were fitted to the recoil model (bold line) given by
Equation 8. The individual profiles are also plotted (thin lines). (C, D) The fit parameter dis-
tributions for each species from the anterior (blue) and posterior (red) trajectories are plotted
as box plots (τ : left, v: right) with mean (white circle), median (horizontal line), and first and
second quartile (box) indicated. The differences between anterior and posterior parameters
within a species were compared using a paired t test, while interspecies comparisons between
means for each species were made using an independent t test. The asterisks indicate ⋆ p<
0.05, ⋆⋆ p< 0.01, ⋆ ⋆ ⋆ p< 0.001, and ⋆ ⋆ ⋆⋆ p< 0.0001 while ns = not significant.

56



position of the centrosome as a function of time, p(t) is fit to the following equation:

p(t) =
F

k
(1− exp

−kt
g ) + c1 (3.3)

where F is the effective force driving the movement of the centrosome as it recoils after

cutting, k is the elasticity of the medium, g is the drag coefficient and c1 is the position

at time t = 0. Assuming the centrosome and MT aster can be treated as a spherical

object, the Stokes drag coefficient can be estimated from the expression:

g = 6πηR (3.4)

Here, η is the viscosity of the medium and R represents the centrosome aster radius.

Centrosome sizes are estimated based on their smooth disk-like appearance that ex-

cludes the cytoplasmic granules due to the high density of astral microtubules around

the pericentriolar material, as seen in DIC microscopy images. The radius of this disk

serves as a measure for centrosome size for each species. This simplification is nec-

essary since a centrosome is a complex structure with many microtubules extending

from it, preventing a precise measurement of a radius. Also implicit in our approach is

the assumption that centrosome size remains constant during anaphase. The effective

viscosity ηeff for each species that combines the effect of granule crowding, by using

quemada correction [223], as disscussed in the previous chapter is used to estimate the

viscous drag acting on the centrosome.

In the Kelvin-Voigt model, the centrosome position is governed by a pulling force

F , here exerted on astral microtubules by cortical force generators proportional to the

deformation from resting length and the elasticity k that results from a combined effect

of cytoplasmic components, actin meshwork and astral MTs and the viscous drag g,

that measures the opposition to the motion of the aster, Figure.3.3 (A). Given the

free parameters, a good fit to the recoil trajectories requires constraints. We use the
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effective cytoplasmic viscosity ηeff , as discussed above, to constrain the drag coefficient

g. Substituting these values into Equation 3.3 we reduced the free parameters of the

fit to only two: the force F and rigidity k, which were estimated from fits to the data

from multiple recoil experiments. The results of this fitting are shown in Figure.3.3

(C) and summarized in table 3.2.

Species Force (pN) K (pN/µm)
Anterior Posterior Anterior Posterior

C. elegans (n=14) 42.21 ± 15.43 101.67 ± 35.24 4.50 ± 1.45 11.38 ± 5.58
C. remanei (n=14) 35.61 ± 13.90 56.15 ± 15.31 3.37 ± 2.15 5.12 ± 1.97
C. monodelphis (n=14) 46.62 ± 23.62 42.55 ± 27.96 5.36 ± 4.77 4.81 ± 5.81
D. sp. 1. JU359 (n=2) 2.70 ± 1.32 4.35 ± 0.88 2.87 ± 3.70 2.85 ± 3.03
P. pacificus (n=16) 26.68 ± 13.60 24.97 ± 17.54 3.75 ± 2.52 3.68 ± 2.13
O. tipulae (n=10) 27.82 ± 17.28 27.74 ± 17.05 5.54 ± 3.82 3.82 ± 3.26

Table 3.2: Fit parameters from recoil data fitting. Individual trajectories of centrosome
recoil data from spindle cutting were fitted to the Kelvin–Voigt model and fit parameters
averaged for each species. Centro-some sizes were measured from DIC images of spindles
based on the maximal diameter of the clear region of the spindle poles. Brackets indicate the
number of trajectories analyzed (n). Only those fits with R2 ≥ 0.80 (0.50 for D. sp.1 JU359)
were used for analysis.

Our results revealed the net pulling force acting on the anterior and posterior cen-

trosome of C. elegans spindles to be 47 pN and 71 pN, respectively Figure.3.3(C). The

A/P asymmetry in pulling forces acting on half spindles is found only in C. elegans

and C. remanei, with A/P force asymmetry absent in all the remaining species. This

result is in apparent contradiction with the fact that all species divide asymmetrically.

However, in these species, as in C. elegans, the entire spindle is slightly shifted posteri-

orly at the onset of anaphase. We hypothesize that this initial asymmetry is sufficient

to maintain the spindle in an asymmetric position, despite symmetric pulling forces

during late anaphase. We find C. elegans, C. monodelphis and P. pacificus spindles

experience comparable magnitudes of forces. However, compared to C. elegans, those

in C. remanei and O. tipulae are lower, while D. sp.1 appears to have the lowest values

measured amongst all 6 species. Differences in pulling forces are very limited (∼3 fold)
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for most species, except for D. sp. 1 which is ∼10 fold smaller than C. elegans.

The rigidity (k) values range between ∼1 to ∼9 pN/µm, consistent with values

reported for C. elegans embryonic spindle elasticity associated with centering [93].

Although variations of the rigidity appear more constrained than pulling forces, they

show a similar trend between species. Here, only C. remanei shows clear differences

with C. elegans, and to a lesser extent O. tipulae Figure.3.3(C).

The differences in spindle mechanics between species in terms of pulling forces,

elasticity and viscous drag suggests a global trend that might explain differences in un-

perturbed spindle behavior. To investigate this we proceed to correlate these variables

in order to find possible correlation patterns.

3.3.3 Towards the definition of a parameter space for spindle

positioning and oscillations

Overall, our results show substantial and independent variation from one another, even

between closely related species. Interestingly we find the spindle dynamics measured

by recoil velocity, v and time-constant τ after cutting correlate strongly with effective

cytoplasmic viscosity ( mod r > 0.7) Figure.3.4. We find little correlation between

viscosity and the spindle pulling forces Figure.3.4(C) and elasticity Figure.3.4(D). To

our surprise, cell cycle time shows a strong correlation with viscosity with r > 0.8,

although more species need to be examined to confirm this trend. Cell length, which

we would have expected to affect the recoil properties only weakly correlates with the

recoil velocity v and time of recoil η.

In the crowded environment of the cell, it is not surprising that viscosity plays an

important role in intracellular mobility. When we measure the average unperturbed

spindle oscillation speed of intact spindles and correlate it with viscosity, we find species

with low viscosity have faster oscillating spindles, while more viscous cytoplasm result
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Figure 3.3: Pulling forces estimated from viscoelastic model fit to recoil data.
(A) Schematic of laser ablation of the spindle midplane that results in recoil motion of the
centrosome modeled by the Kelvin–Voigt viscoelastic model represented here by a spring with
elasticity k and a dashpot with viscous drag coefficient γ, which acts to damp movement
due to the pulling force F. (B) Recoil trajectories of the anterior (blue) and posterior (red)
centrosomes after laser ablation for different species were averaged (filled circles). Error
bars: SEM. The mean data were fitted to the Kelvin–Voigt model (bold line), Equation 1
(Materials and Methods). The faint dashed lines represent individual profiles of anterior
(blue) and posterior (red) centrosomes. (C) The distributions of the fit values of force, F

(Left), and elasticity, k (Right), for each species from the anterior (blue) and posterior (red)
trajectories are plotted as box plots with mean (white circle), median (horizontal line), and
first and second quartile (box) indicated. The differences between anterior and posterior
within species were compared using a paired t test, while interspecies comparisons were done
using an independent t test, similar to Fig 2. The asterisks indicate ⋆ p< 0.05, ⋆⋆ p< 0.01,
⋆ ⋆ ⋆ p< 0.001, and ⋆ ⋆ ⋆⋆ p< 0.0001 while ns = not significant.

60



in slower oscillations. When we attempt to distinguish species that show bonafide os-

cillations (Ce, Cr) from the rest (Pp, Ot, Dsp and Cm) that do not, by finding the

mid-point of viscosity separating the species at the edge (Ce and Pp), we find a vis-

cosity of ∼0.6 Pa s emerges as a predicted threshold Figure.3.4(F). When compared to

the predictions of the effect of viscosity on C. elegans spindle oscillation speed from a

previously described computational model, we find sharp decline in oscillation speeds

at a qualitatively comparable threshold of viscosity predicted by Kozlowski et al., 2007.

In order to quantify the simulation outputs, the data was fit to 4-parameter sigmoid

function (Equation 9, Materials and Methods). The resulting minimal oscillation speed

from fitting is 0.15 µm/s (y-axis of Figure.3.4(F)). We use this as a quantitative measure

for the loss of oscillations, that separates the experimental data of spindle oscillation

speeds into ’oscillating’ and ’non-oscillating’. By comparing the predictions from pre-

vious work [147], with comparative measurements using evolutionary diversification of

properties, we overcome the difficulty of experimentally testing the effect of changing

viscosity, since it is expected to have non-specific effects on cell physiology.

However, the viscosity threshold alone appears to be too small a change to be the

sole determinant of loss of oscillations, and other parameters need to also be considered.

The spindle pulling forces are well known to be the primary determinant of spindle

oscillations and we therefore expect a trade-off between viscosity and pulling forces

could explain sustained oscillations. This is supported by the case of C. remanei

in which spindles oscillate whereas both forces and viscosity are reduced compared

to C. elegans as discussed previously. On the other hand, P. pacificus experiences

lower forces compared to C. elegans but only small differences in viscosity, which could

explain the absence of oscillations. In order to account for a potential trade-off between

the pulling forces and viscous drag that opposes it, and inspired by previous work by

Juang et al. (2017) on the evolutionary scaling of mechanical stiffness of avian eggs

by a dimensionless parameter combining mass, elasticity and egg size, we estimate a
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ratio ω, that combines spindle pulling forces (F), viscosity (η) and embryo size (L).

While this measure has dimensions length/time we find it may predict the propensity

of spindles to oscillate [129]. We define it as:

ω =
F

η × L
(3.5)

where η is the effective viscosity and L is the long-axis of the embryo. We find spindle

oscillation speed plotted as a function of ω (with units µm/s) shows a clearer separation

between the species and appears to predict the onset of oscillations with the midpoint

between Pp and Cr (ω = 1.3) serving as this threshold Figure.3.4(G). A low value of

the ratio is suggestive of either low force or high viscosity, while a high value indicates

either low viscosity or high force, both normalized by embryo size. Thus the measure

ω appears to predict the onset of anaphase spindle oscillations in the species examined.
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Figure 3.4: Effect on spindle mobility of divergence in cell mechanics. The covariation
in all six species of (A) recoil velocity v, (B) decay constant τ , (C) spindle-pulling force (pN),
(D) elasticity (pN/µm), and (E) cell cycle time with effective viscosity are plotted. Symbols:
species, red line: regression fit, shaded area: one SD (confidence interval 0.68), r: Pearson’s
correlation coefficient, ⋆ p< 0.05, ⋆⋆ p< 0.01, ⋆ ⋆ ⋆ p< 0.001, and ⋆ ⋆ ⋆⋆ p< 0.0001 while
ns = not significant. (F, G) Spindle oscillation speeds (from Supplemental Figure S6) are
plotted as a function of the effective viscosity, and ω, G, F , experimentally measured spindle
oscillation speed: circles (o), simulations (Kozlowski et al., 2007): plus sign (+). Simulation
data were fitted to a four-parameter sigmoid function. Fit parameters: maximal speed a =
0.44 µm/s, minimal speed d = 0.15 µm/s, viscosity at half-maximal oscillation speed c =
1.04 Pa-s, and steepness parameter s = 0.2 Pa.s. G, the oscillation speed of the spindle is
plotted as a function of ω, the ratio of the pulling force to the product of viscosity and the
length of the embryo (ω = F/(ηL)). The dashed line is the midpoint separating oscillating
from non-oscillating species. F, G, shaded regions (purple): oscillation speeds less than the
minimal speed d = 0.15 µm/s from the fit to simulation data in F. Ce: C. elegans, Cr: C.
remanei, Ot: O. tipulae, Pp: P. pacificus, Dsp: Diploscapter sp. 1, and Cm: C. monodelphis.
Colors indicate non-oscillating (red) and oscillating (green) species.
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3.4 Discussion

The intracellular aqueous environment of macromolecules and presence of cytoskeletal

proteins has made the study of viscous and elastic properties of cells vital for our under-

standing of cellular mechanobiology. However, how much these properties can change

without affecting the function they sustain is unclear. This is in part because exper-

imental perturbations of these properties are challenging. An alternative approach is

to measure the physical properties of cells from different species because they reveal

the range of solutions retained over the course of evolution, and hence the range of

possible changes.

In this part of the thesis we explored the reason why spindle motion varies be-

tween closely related species of nematodes. We had previously identified species for

which spindle elongation and displacement at anaphase is accompanied by transverse

oscillatory movements, similar to the situation found in C. elegans. In contrast, many

nematode species do not undergo these oscillations, despite an identical off-center dis-

placement of the spindle at anaphase. Comparing spindle movements is a difficult

task because spindle elongation, displacement and oscillations occur simultaneously.

Moreover, the spindle is composed of two centrosomes that are oscillating in an anti-

phase manner and which are linked by a central spindle, whose mechanical properties

are mainly unknown. Based on previous work demonstrating the role of motor-driven

pulling forces (elastic) and the effect of cytoplasmic drag in damping this movement

(viscous), we proceeded to examine the comparative viscoelastic properties of the spin-

dle motion of multiple species. First we laser-ablated the central spindle and analyzed

the recoil trajectories to estimate velocity and characteristic time constants. Using the

drag to constraint a viscoelastic model of spindle recoil, we find spindle elasticity to

vary by a factor of 10 and pulling forces to vary by a factor of maximum 3, except for

D. sp. 1 (∼40 times lower than P. pacificus). Correlation of intact spindles as well as
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recoil dynamics suggests a balance of forces acting on spindles determines the mobility.

Cellular parameters such as centrosome size or cell length do not appear to correlate

with spindle recoil parameters, while viscosity strongly correlates with both recoil pa-

rameters and intact spindle mobility. Inspired by studies to quantify egg stiffness by a

single dimensionless number that revealed allometric invariance of avian egg mechanics

we arrived at a measure of spindle stiffness ω, the ratio of force and viscosity scaled by

embryo size [129]. This ratio predicts a threshold for the emergence of spindle oscilla-

tions above a critical value that could serve as a biophysical constraint on the evolution

of spindle oscillations. Quantitative intracellular measurements of viscosity and spindle

forces in multiple species will be required to test the validity of this prediction.

An important aspect of our study is the absolute quantification of drag, elasticity

and forces acting on spindles. While measurement errors are inherent to any method,

the error in size estimation of centrosomes is comparable across species, suggesting

that while a more precise estimation of sizes will improve the accuracy of our estimates

of spindle mechanics, it will not affect the relative trends. Indeed by considering a

predictive ratio between the pulling force and opposing viscosity we possibly have a

robust measure less sensitive to errors in measurement.

The results demonstrate that regardless of the presence of spindle transverse oscilla-

tions, all studied species are subjected to cortical pulling forces. Interestingly, although

dynein, is a highly conserved protein, the protein responsible for its anchoring at the

cortex, i.e. GPR-½ or LIN-5, are not found in the genomes of P. pacificus, O. tipulae or

other members of the Diploscapter genus [59].This raises the possibility of differences

in the mechanical tuning of functional orthologs associated with cortical pulling across

species. A thorough comparison and identification of key domains associated with cor-

tical pulling are therefore essential for a molecular understanding of these differences.

We found variations in the net pulling forces, by a factor of ∼3, for most species except

D. sp. 1. Previous models have proposed that modulation of the force can be achieved
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by changes in the number of motors, the individual force per motor, the attachment

and detachment rate of motors, and microtubule dynamics, as seen in other systems

[124, 257]. Establishing transgenic lines, in particular to follow live microtubules, in

these different species is a necessary step towards more quantitative measurements of

these parameters.

We also find the rigidity (spring elasticity) parameter differences between the species

measured varies by a factor of ∼10, ranging between 0.92 and 8.6 pN/µm (Table.3.2).

In terms of the cellular components, this parameter can be understood to be a combined

measure of cytoplasmic stiffness and microtubule components. The lack of a clear trend

suggests that while the effective elasticity due to cytoplasmic inclusions and the density

of microtubules and actin meshwork vary between closely related nematode species they

appear to only weakly correlate with spindle mobility.

In order to dissect the molecular components that govern this effective elasticity

parameter in future, a fluorescence based approach to compare these mesh-works could

help understand why this mechanical parameter does not appear to play a role in

spindle dynamics. This suggests that the forces of spindle pulling and drag are the

primary determinants of the spindle behavior in these species. Embryonic division in

all these species examined here is asymmetric. Yet our study finds only in C. elegans

and C. remanei have measurably distinct A/P asymmetry in spindle pole retraction

half times and velocity as well as pulling forces estimated. The asymmetry of the spindle

pole displacement can arise either due to differences in forces driving of translocation

or in the initial position, or both. We found that all species have a posteriorly shifted

spindle at the onset of anaphase, similar to what had been described for C. elegans

[107, 152]. In C. elegans, the initial shift of the spindle at metaphase and early anaphase

is due to the asymmetry of pulling forces [152]. Our results thus suggest that an early

asymmetry in the pulling forces is sufficient to maintain an asymmetric position and

ultimately an asymmetric cell division in most species, regardless of the asymmetry of
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pulling forces during the remainder of anaphase. Nevertheless, whether an imbalance

of pulling forces is responsible for the initial shift in spindle positioning outside C.

elegans remains to be demonstrated.

The evolutionary scaling of size, dynamics and elongation has been reported for in-

bred lines of Caenorhabditis elegans and was explained by a model of 1-1 stoichiometry

of astral microtubules (MTs) and cortical force generator (FG) complexes [82]. Asym-

metric spindle pulling in the model arises from a 20% greater number of FGs localized

in the posterior of the cell. While this model addresses many of the limitations of pre-

vious physical models in explaining evolutionary diversification, the experimental data

for reconciliation involves the use of inbred lines of the model. Therefore, by examining

the nature of spindle dynamics and elongation in more than just C. elegans, we believe

we see wider variation in measured properties, and identified potential constraints to

the variability and the consequences of it in terms of cell size, viscosity and forces.

Overall, our results allow us to define which combination of parameters are now

compatible with spindle transverse oscillations. Reduction of pulling forces can still

lead to oscillations provided it is compensated by reduced cytoplasmic viscosity, as seen

in C. remanei, per unit length of the embryo. However, changes in a single parameter,

as seen in P. pacificus (reduced pulling forces) or in C. monodelphis (higher viscosity),

critical for oscillations, do not suffice. We propose that a tradeoff between cortical

pulling forces and cytoplasmic viscosity results in spindle oscillations, when the ratio

of pulling forces to viscosity are high for a given embryo size. This provides a framework

that could both be tested with more species of nematodes, as well as generalized to

other cellular systems.

We also note that species that have high viscosity also have a longer cell cycle

duration Figure.3.4(C) correlation coefficient (R= 0.87). This result suggests that

the only combinations that have been retained by natural selection are compensatory

changes, where high viscosity is compensated by a slow down of the cell cycle or vice-
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versa. Over the course of evolution, slow species could have afforded an increase in

cytoplasmic viscosity because even though objects are slowed down by the viscous drag,

they will have time to reach their final position. Conversely, a low viscous drag may

have preconditioned the emergence of a fast cell cycle. Regardless of the orientation

of changes, this interesting correlation raises the question of the selective pressure

responsible for species-specific viscosity values.
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Chapter 4

Automated cell cycle time

quantification of first mitotic division

in diverse nematode embryos
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4.1 Introduction

The process of cell division is highly stereotypical both within and across nematode

species. This provides a unique opportunity to investigate the divergence of cellular

traits over evolutionary time scales. Comparative studies on spindle dynamics have

revealed universal scaling relationships between embryo size and spindle dynamics [80],

while variations in division asymmetry and cellular viscosity have been observed among

different nematode species [136, 272]. However, there are no automated methods to

quantitatively compare the dynamics of the spindle and other intracellular processes

which can be applied to diverse nematode species. Such a method can be combined

with existing tools for granule mobility, embryo and eggshell size quantification, and

will aid in creating a database of intracellular parameters, which will be, invaluable in

modeling how cellular traits diverge over evolutionary time scales.

Caenorhabditis elegans is a widely studied model system for embryogenesis due to

its short generation time, eggshell transparency, and ease of genetic manipulation. The

first mitotic division of the embryo, in particular, is extensively described. The division

process starts with the entry of sperm into the oocyte, which establishes anterior-

posterior polarity and triggers the completion of oocyte meiosis. Subsequently, the

female pronuclei migrate towards the male pronuclei near the anterior of the embryo,

followed by their fusion to form a nucleus-centrosome complex (NCC). The NCC moves

to the center of the embryo and aligns itself along the anteroposterior axis, leading to

the formation of a mitotic spindle that separates the chromosomes into two opposite

poles. Finally, a cytokinetic furrow forms, dividing the cytoplasm and giving rise to

two asymmetric daughter cells.

Using DIC microscopy, the sub-cellular morphology during this process can be

clearly visualized. The two pronuclei, NCC and the mitotic spindle form a uniform

intensity region surrounded by granular cytoplasm. This clear distinction between the
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organelles and the cytoplasm is exploited for the identification of phenotype mutants in

functional genomic screens [104, 219, 249, 304]. Additionally, automated analysis has

also been developed to study embryo shape [20], pronuclear migration [141], spindle

dynamics [81], and granule mobility [39] in DIC time series of developing embryos.

However, these tools are limited in scope or are not directly applicable for diverse

embryos that show morphological differences.

Recently, convolutional neural networks (CNNs) have been applied in various areas

of biology, such as cancer classification [194], cell cycle analysis [196, 226], and cell

phenotyping [69, 184]. CNNs excel at supervised learning, where they can automati-

cally annotate input images into predefined labels used during network training. They

are capable of recognizing robust features corresponding to a particular class [196] and

can also learn the latent relationships between classes [75]. In particular, the work of

Eulenberg et al. (2017) has shown that CNNs can reconstruct cell cycle and disease

progression, which can be visualized using dimensionality reduction techniques such

as t-SNE [75, 274]. Another example is DeepCycle, which demonstrates the ability

of CNNs to quantify cell stage progression in fluorescent-tagged cells [227]. However,

deep learning tools cannot be directly applied to novel datasets without considerable

re-training and optimization.

The application of CNNs to nematodes have been limited to the study of C. elegans

adult morphology [9, 11] and embryogensis [33]. There is a lack of automated tools

that can be applied to the first mitotic divission across nematode embryos. We propose

that a well-trained network capable of recognizing distinct stages of the first mitotic

division will be capable of identifying subtle differences in how intracellular dynamics

differ among related species. It can be used to accurately measure the duration of

each phase, which is otherwise a time-consuming and laborious task. Additionally, an

automated annotation tool can is not prone to human error which can occur when

working with large datasets.
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In this study, we trained several convolutional neural networks (CNNs) to accu-

rately classify distinct stages of the first embryonic division across various Caenorhab-

ditis species. Additionally, we optimized a shallow CNN, named EvoCellNet, which

solely relies on morphological features for classification. The average F1-score for clas-

sification of all species is ∼95%. The CNN features, visualized using Grad-CAM [238],

correspond to stage-dependent structures that were identified across the Caenorhab-

ditis genera. The method can be applied to label-free DIC microscopy data with no

tuning parameters.

4.2 Materials and Methods

4.2.1 Manual annotation of cell stages

All time-series data used in this study were obtained from a published database contain-

ing recordings of 42 nematode species undergoing first mitotic division [272]. Since the

database focuses on comparing spindle mobility traits, most recordings start after the

spindle has already formed. To avoid over-representation of any one stage during our

annotation, we filtered those time series that start before pronuclear congression. Also,

we limited our selection to only Caenorhabditis species, which form a major portion

(84%) of the database. In total, we selected 213 recordings of 23 unique Caenorhabditis

species, which initiate before pronuclear congression. We then manually annotated the

selected time series based on visible sub-cellular morphology. For each time series, we

marked three sub-cellular events as checkpoints: meeting of the two pronuclei, initia-

tion of spindle elongation, and invagination of the embryo cortex. These checkpoints

were used to segregate the time-series into four stages: pronuclear migration (PM),

centration and rotation (CR), spindle elongation and displacement (SD), and cytoki-

nesis (Cy). The nomenclature of these stages is motivated by similar use in previous

studies on nematode embryo development [103, 104, 112]. Annotation of these stages

72



was done in ImageJ [49]. Out of the selected 213 recordings, 44 recordings representing

21 unique Caenorhabditis species were kept for testing. The remaining dataset was

split into four folds for training and validation using stratified k -fold cross validation

split based on species identity. The distribution of individual frames into four classes

is shown in Figure.C1(B).

Data augmentation and image pre-processing

Data augmentation is an effective technique to reduce over fitting during network

training which improves model generalization [241]. We applied random image trans-

formations to the input training batch such as vertical and horizontal flips (probability

= 0.6), affine and image rotation in range of (0,10) and (0,60) degrees respectively as

shown in Figure.C1(A). All images were resized to (256, 256 px) in height and width

and intensity normalized with mean and standard deviation of µ = 0.48 and σ = 0.15,

respectively. The mean and standard deviation were calculated from the entire dataset.

4.2.2 EvoCellNet architecture

The CNN architecture consists of 6 convolutional layers followed by a one-dimensional

convolutional layer with four output filters. The layers have a 3x3 kernel size except

for the first layer with a 5x5 kernel size. The network architecture was optimized

by experimentation. The input to the layers is normalized using batch normalization

and the output from each layer is passed through a ReLU activation[2]. The input

to the first layer is a 2-D single channel tensor of 256 x 256 pixels (height x width).

The network uses skip connections and layer concatenation. Max pooling is applied to

obtain the same size of all feature maps before concatenation. Dropout (p = 0.3) was

added after each layer except for the first 2 layers. The number of filters in each layer

and the network layout is shown in Figure.4.2(A). The output from the last layer is
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passed through global average pooling layer producing a (N x C x 1 x 1) tensor, where

N is batch size and C is the number of classes. The network has 787,636 parameters.

4.2.3 Training parameters

All networks were optimized using stochastic gradient descent algorithm [22] with a

learning rate (α) of 1e-2 for 50 epochs and a mini-batch size of 64. The categorical

cross entropy loss was minimized during optimization. The network training was done

on a V100 NVIDIA (16GB) card. Python version 3.11.5 was used, with the PyTorch

framework version 2.1.0+cu118 utilized for deep learning work [213]. A comparison of

inference time of the trained networks is listed in TableC.4. Code implementation and

network weights are shared on github (EvoCellNet).

4.2.4 Evaluation metrics

Descriptive metrics such as accuracy, precision and F1-score were used to evaluate

network performance. Accuracy is calculated as:

Accuracy = TP + TN/(TP + FP + TN + FN), (4.1)

where TP, TN, FP, FN are true positive, true negative, false positive and false negative

count respectively. Precision quantifies the proportion of positives that are true from

total positives informing us about mis-classification and is described by the expression:

Precision =
TP

TP + FP
, (4.2)
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The recall score in turn informs us about the numbers of images that were missed from

being classified correctly and is given by:

Recall =
TP

TP + FN
, (4.3)

A combined metric that is the harmonic mean of the recall and precision metrics as

given by:

F1 =
2 ∗ Precision ∗Recall

Precision+Recall
, (4.4)

4.2.5 UMAP representation of network activations

Uniform Manifold Approximation and Projection (UMAP) implementation in python

was used for the cluster analysis [233]. The output feature vector from the trained

CNNs was used as the input. Parameters used for UMAP were n − neighbors: 10,

seed : 55, min− dist: 0.2, n− components: 2, metric: "euclidean". The input vector

was scaled to range [0,1] using StandardScaler function provided by sklearn. The

StandardScaler was fit to the features from the validation dataset for each fold, and

was saved for future datasets. The UMAP features were rescaled again before plotting.

The file used for this is pseudoTime.py

We partition the points in two-dimensional UMAP space into a specified number

of sectors, determined by the num_sectors parameter. Utilizing the angular positions

of each point relative to the center, computed with np.arctan2, we segregate the space

into sectors of equal angular width. Next, we compute the mean coordinates of points

within each sector and identify the predominant class label among them. The means

are then connected in sequence starting with the pro-nuclear migration class and ending

with the cytokinesis class. This overlay facilitates the analysis of spatial distribution

and class composition within the UMAP embedding, akin to cell cycle trajectories

obtainable with self-organization maps as used in DeepCycle [226].
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4.2.6 Transition boundary annotation using SVM

Support vector machine (SVM) algorithm was utilized to determine the transition

boundary between adjacent classes. The input to the SVM is a two-dimensional feature

vector obtained from UMAP. The UMAP feature vector is derived from the prediction

outputs of the neural network. The support vectors extracted from the SVM indicate

potential cellular checkpoints. While support vectors typically lie on the maximum

separating boundary between classes, non-separable clusters in linear SVM result in

points falling within the SVM margins, leading to misclassification beyond the correct

SVM boundary. The algorithm identifies these points as support vectors as well. To

improve the accuracy of automated checkpoint annotation we apply a data filtering

step where we select time frames that fall within the average time frame of the support

vectors on both sides of the decision boundary. Then, we determine the final transition

checkpoint by taking the average of the maximum time frame from the first class and

the minimum time frame from the second class. The calculations and analyses were

performed using python ver 3.8.8, specifically utilizing the SVM algorithm provided by

the sklearn library version 0.24.

4.2.7 Code availability

All scripts used for training, analysis and figure generation are shared here: nematode-

DL
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4.3 Results

4.3.1 Annotating Images of nematode embryo development for

CNN classification

Nematode embryos are well suited for differential interference contrast (DIC) mi-

croscopy due to the transparent nature of the oocytes. The spindle dyanmics can

be clearly visucualized that forms uniform intensity region surrounded by a granular

cytoplasm. We obtained multiple time-series of species that are evolutionarily related

to C. elegans that had previously been analyzed in terms of spindle dynamics [273].

The selected image time-series begin before fertlization where two distinct nuclei are

visible- male and female pro-nuclei. All time series end with cutokinesis. The furrow

ingression is clearly visibile which leads to cell cytokinesis. Based on morphologically

identifiable stages, each time series was manually annotated into four stages of first

mitotic division. To be consistent, we followed the annotation schematic shown in Fig-

ure.4.1(A). A montage of 5 related Caenorhabditis sp. embryos namely C. elegans, C.

remanei, C. briggsae, C. angaria and C. portoensis demonstrate qualitatively similar

morphological changes as they progress through the stages of (i) pro-nuclear migration

(PM), (ii) nuclear centration and rotation (CR), (iii) spindle displacement (SD) and

(iv) cytokinesis (Cy) Figure.4.1(B).
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Figure 4.1: Stereotypical patterns during the first embryonic division across diverse
nematode species. (A) A schematic of the first mitotic division in a typical nematode
embryo is shown. We classify a given time-series of first embryonic division into four stages
of (i) pronuclear migration (PM), (ii) centration and rotation (CR), (iii) spindle displacement
(SD) and (iv) cytokinesis (Cy). Annotation of these stages is done by identifying sub-cellular
events of pronuclear migration, spindle elongation and furrow indentation (indicated by bold
arrows). (B) A montage of five Caenorhabditis species undergoing first embryonic division
is shown. Species names is written at the start of every row. All DIC images taken from a
published dataset [273]. The montage visualizes stereotypical morphology observed in a given
stage across different species. These cytoplasmic features are formed by the two pronucleus
and the mitotic spindle, which are visible as uniform intensity regions surrounded by a granular
cytoplasm and a cell membrane.

Input data during training was augmented by using image transformations such

as, affine transformations, image flipping in x- and y-axes and shearing Figure.C1(A).

The training data of 169 time series was split by stratified K-fold cross-validation split

strategy (k=4) based on species and cell stage identity, Figure.C1(C) Since the number
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Network Parameters (×106) Convolutional layers Linear layers
EvoCellNet 0.7 7 0
EfficientNet 11 237 1
ResNet 11 19 1
VggNet 134 13 3

Table 4.1: Configuration of trained models.

of frames in each stage for the original training dataset were different, with PM =

43,821, CR = 97,715, SD = 53,197 and CY = 63,336 and we oversampled the minority

classes of the training split. All models were trained using the same hyperparameters

for comparison, and model weights were saved based on a minimum validation loss

criterion.

4.3.2 Accurate classification of distinct stages of first mitotic

division across neamtode genera

Three CNN models from the torchvision library were trained for the imaeg classification

task in pytorch [213]. These are: ResNet [117], VggNet [242], and EfficientNet [262].

To these we added a shallow CNN that we named to as EvoCellNet, the architecture of

this network is shown in Figure.4.2(A). We attempted to address whether network de-

sign based on previous developments could be optimized, given the trade-offs between

complexity, accuracy and training time. Additionally we wanted to optimize the gradi-

ents to overlap with cytoplasmic features that are visible during first mitotic division.

EvoCellNet network is the simplest in terms of number of parameters and numbers

of convolutional layers as compared to the other models and is optimized to highlight

cytoplasmic features observed during distinct stages. This is discussed in more details

in the next section of results. A comparison of model configuration is shown in Table

4.1. All models were trained from scratch using the same hyperparameters, and model

weights were saved based on the minimum validation loss criterion.
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Figure 4.2: CNN architecture and training metrics. (A) The architecture of EvoCellNet
is shown. The CNN consists of 6 convolutional blocks and each block consists of multiple color-
coded functions: convolution (orange), max pooling (green), batch normalization (yellow),
dropout (cyan), global average pool (magenta) and 1D convolution (red). The numeric values
indicate filter size (height x width) and the number of filters in the respective layer. The
outputs of the classifier (1-4) are fixed. (B) The accuracy (left) and loss (right) measure
during network training are plotted with epoch number. These are averages of four folds of
cross validation. Individual curves are shown in Figure.C2. The detailed description of these
metrics is described in the Methods section. Multiple previously described CNNs- VggNet
[242], EfficientNet [262] and ResNet [117] are compared to our network (EvoCellNet). Details
are described in the Methods section.
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Pronuclear migration Centration rotation Spindle displacement Cytokinesis
Validation

EvoCellNet
Precision 0.97 ± 0.010 0.97 ± 0.004 0.88 ± 0.012 0.99 ± 0.003
Recall 0.99 ± 0.004 0.94 ± 0.013 0.96 ± 0.007 0.96 ± 0.009

ResNet
Precision 0.99 ± 0.005 0.97 ± 0.008 0.94 ± 0.029 0.98 ± 0.007
Recall 0.98 ± 0.004 0.97 ± 0.010 0.93 ± 0.017 0.98 ± 0.015

VggNet
Precision 0.98 ± 0.007 0.97 ± 0.013 0.94 ± 0.012 0.98 ± 0.006
Recall 0.99 ± 0.005 0.97 ± 0.008 0.93 ± 0.023 0.98 ± 0.010

EfficientNet
Precision 0.98 ± 0.003 0.97 ± 0.004 0.93 ± 0.007 0.98 ± 0.004
Recall 0.98 ± 0.004 0.96 ± 0.007 0.93 ± 0.003 0.98 ± 0.005

Table 4.2: Network performance for each stage for validation dataset. The average
precision and recall metrics with standard deviation for individual stages for all the four
models used in this study. Then mean and standard deviation are calculated across the four
folds of the k-fold split for each model.

Performance on validation dataset

The accuracy and loss curves during training, for all networks, converge by 5 epochs Fig-

ure.4.2(B-C). Each curve in the plot represents the average of the four cross-validation.

The shallow EvoCellNet exhibits higher convergence loss compared to the deeper net-

work architectures. The individual curves for each fold display differences in the

smoothness of the validation accuracy and loss and are shown in Figure.C2. How-

ever, the final convergence values are similar. All the trained networks performed with

high accuracy on the validation dataset, with EvoCellNet achieving an accuracy of

95%, compared to 97% for VggNet, 96% for EfficientNet, and 97% for ResNet. A

comparison of precision, recall and F1 score for training, validation and test dataset

is shown in Figure.C3(A). Despite the simpler architecture of EvoCellNet and signif-

icantly fewer parameters compared to ResNet (∼6% of the parameters), it achieved

only 2% lower accuracy during validation. This indicates that fewer parameters are

sufficient to capture the differences between the distinct classes.

The confusion matrix for the validation dataset from the first fold of cross-validation

for all four models is shown in Figure.4.3. The results demonstrate that all networks ex-
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hibited lower performance in identifying the Spindle displacement (SD) stage compared

to the other stages. Specifically, EvoCellNet displayed a 9% lower precision, while the

larger networks demonstrated approximately 3% lower precision for the "Spindle dis-

placement" stage. This drop in accuracy is also reflected in the confusion matrix, where

the misclassification values (off-diagonal) are higher for the CR-SD stage as shown in

Figure.4.3. These results were expected since the transition from the CR stage to the

SD stage is marked by the beginning of spindle elongation, making it challenging to

precisely identify the exact point of elongation in a frame-wise classification scheme.

In contrast, the other two checkpoints, namely the meeting of the two pronuclei and

invagination of the cortex, are much easier to identify and can be distinguished at a

single time point.
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Figure 4.3: Confusion matrix for the validation set. Confusion matrix with true labels
on the y-axis and predicted labels on the x-axis are shown for each model (A) EvoCellNet, (B)
EfficientNet, (C) ResNet, (D) VggNet. The matrices are from the first fold of cross validation.

In summary, our results demonstrate the accurate classification performance of the

models in identifying the stages of mitotic division. Although the SR stage presented

a slightly greater challenge compared to other stages, the overall precision and recall

metrics indicate the robustness of the models.

4.3.3 Uniform manifold approximation and projection (UMAP)

of cell stage progression

It is evident from the validation metrics that most classification errors are concentrated

at adjacent classes, which is consistent for all trained networks. This outcome was
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expected, considering the strict time frame used to define class boundaries. However,

there are difference among the trained models in their ability to confine these errors to

the adjacent classes (Figure.4.3). To investigate these difference we utilized the uniform

manifold approximation and projection (UMAP) technique [180] to represent the four-

feature prediction of every input from the validation dataset vector in a two-dimensional

space. Figure.4.4(A) illustrates this 2D space for the validation dataset (fold 1) for all

four models. The color-coded 2D cloud represents the predicted classes and instances of

misclassifications are highlighted with black outlines. As anticipated, the cloud system

forms distinct clusters for each class, with the majority of misclassifications occurring

in the transition region between adjacent clusters, and relatively few misclassifications

occurring between non-adjacent classes.

We observed that our shallow model exhibited poorer segregation of classes, as

compared to the deeper networks which showed better separation of clusters. Visually,

VggNet performs the best in limiting errors to the boundaries of adjacent clusters. The

higher error rates between the CR and SD stages for all models are also apparent in

the UMAP space. Although UMAP is a stochastic algorithm, the observed differences

were consistent and reproducible with a predefined seed. Overall, these results demon-

strate that trained networks capture the latent relationship between adjacent classes

without any prior information. Among the trained networks, VggNet exhibits the best

segregation, in terms of limiting the errors to cluster boundaries of the classes in the

UMAP space.
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Figure 4.4: UMAP projection of the validation dataset and gradient visualization
using Grad-CAM. (A) A 2D UMAP representation of the 4 value feature vector obtained
from the last convolutional layer before applying softmax (Methods) is shown for all trained
CNNs. The data points are color coded according to their predicted classes. Incorrect classi-
fications are shown as solid circles with black boundaries. (C) A montage of 2 representative
species with one randomly selected frame from each stage is shown. The images are over-
laid with gradient activation values obtained using grad-CAM [238]. Activation values were
rescaled to 0 and 255.
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4.3.4 Network predictions are based on robust morphological

features

During CNN training, convolutional filters are optimized to respond to image features

that strongly correspond to a particular class. We use Grad-CAM [238] to visualize

these features from the last convolutional layer of all models for sample embryos of C.

elegans and C. briggsae. The results are shown in Figure.4.4(B). The filter activations

were either directly on top of the visible cytoplasmic structures (e.g., pronuclei, spindle

region) or concentrated around their boundaries. In both cases, the feature maps

displayed stage-dependent patterns that were formed by sub-cellular organelles in each

stage. The filters also responded strongly to the transition region between uniform

and granular intensity profiles, which correspond to the boundaries of the embryo and

cytoplasmic structures such as the pronucleus, spindle region, and cytoplasmic furrow.

These feature maps validate that the trained models are detecting stage-dependent

textures to differentiate between classes, as a manual approach would also do.

A complete time series movie with overlaid gradient maps for all the best-performing

models is shown in Figure.SVC1. The activations of filters from the last layer varied

among the four models, as depicted in Figure.4.4 (B). These variations can be at-

tributed to the differences in the depth of the trained network architectures. Since

Grad-CAM uses the feature maps from a specific convolutional layer, increasing the

number of convolutional layers decreases the spatial resolution of the feature maps due

to the successive pooling operations. Therefore with deeper networks the gradients

tends to lose resolution and granularity. In line with this understanding, the final pre-

dictions in EvoCellNet focuses on local and fine grained features and gradients strongly

overlap with sub-cellular organelles.
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Figure 4.5: Network performance drops in the absence of stage dependant cyto-
plasmic features.. Four time-series where the CNN classifier performed with less than 92 %
accuracy are shown. Unique identifier from the original database is written in brackets. Each
horizontal colored plot is a frame wise classification output from the ensemble predictor. The
colors indicate specific stages, similar to Figure.4.2. Black vertical lines mark the manually
labelled transition boundaries and blue lines mark the automatically calculated boundaries
as explained in Methods. Red text inside the image frame indicates CNN classification label.
Black text indicates correct label for each row. In the case of (A) C. drosophila and (C) C.
nigoni the CNN incorrectly classifies cytoplasmic stage (CY) as pro-nuclear migration stage
(PM). This is due to poor visibility of the cytoplasmic furrow. Also, the images contain fea-
tures that resemble pronulcear migration stage. In the case of (B) C. nouraguensis and (D)
C. doughertyi there are no visible cytoplasmic structures in the plane of acquisition. This
results in miss-classification errors.
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4.3.5 Automated cell stage checkpoint recognition across di-

verse Caenorhabditis embryos

The performance of the four CNN models was evaluated on a test dataset consisting of

44 time-series from 23 species of Caenorhabditis embryos. Predictions for each model

were obtained by averaging the outputs of the best models from the four folds of cross-

validation. Ensemble performance of each model for the four classes are summarized

in TableC.3. The trend in errors is similar to that of the validation dataset. Figure.C3

(C) presents a comparison of the precision, recall, and F1 score for each model. Among

these models, EfficientNet demonstrated the best performance with a classification ac-

curacy of approximately 95%. The confusion matrix for the test dataset is shown in

Figure.C4. Upon careful inspection, we identified four time series where all models ex-

hibited poor performance. A closer examination revealed that these time-series lacked

visible cytoplasmic structures for a significant portion of the time series, potentially

due to changes in the plane of acquisition. These problematic time-series are shown in

Figure.4.5. Excluding these time-series resulted in an increase of 2% in accuracy for

all networks.

88



A

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
0

1

2

3

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
0

1

2

3

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
0

1

2

3

Manual Annotation Automated checkpoint annotation

Pronuclear Migration Centration and Rotation Spindle Displacement

Cytokinesis

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
0

1

2

3

B

C D

Figure 4.6: Cell stage boundaries combined with radial density trace in VGGNet
classified UMAP space. (A-D) Normalized UMAP representations in (x-axis) UMAP1
and (y-axis) UMAP2 space from VGGNet classification were split into sectors corresponing to
PM, CR, SD and Cy. Boundaries were determined using SVMs (as described in the Methods
section) and overlaid with radial density traces, averaged every 12o. The radial traces were
connected geometrically with 0o corresponding to the first frame and the direction set by
the transition boundary between pronuclear migration (PM) and cytokinesis (Cy) for (A)
C. elegans, (B) C. briggsae, (C) C. remanei, and (D)C. brenneri. numsectors used for this
overlay is 30. Color gradient: start: white, end: black, x: ground truth of the annotated
checkpoint, ◦: checkpoint from SVM.
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With an accurate classification output, we can use the UMAP representation to

mark the positions of key cellular events, which were previously manually annotated.

By using a linear SVM kernel on the 2D UMAP output, we can automatically identify

the positions of the defined checkpoints between adjacent classes. In addition, the

UMAP cluster reconstructs the cell stage progression from PM to Cy stage. To aid in

visualizing this representation a radial cluster averaging is done starting from PM stage

ending at Cy stage. A representative UMAP output with the identified boundaries is

shown for C. elegans, C. brigssae, C. remanei and C. brenneri time series in Figure.4.6

(A)-(D). For comparison a similar plot for EvoCellNet, ResNet and EfficientNet for

the C. elegans embryo is shown in C5. The UMAP representation was done using

VggNet which had visually the best segregation of classes in our testing. For the

complete test dataset the absolute time difference between the manually annotated

time boundary and the automatically found separation boundary (∆T ) is shown in

Table 4.3.) Overall, the SVM algorithm applied to the UMAP-derived feature vector

offers a robust approach for identifying transition boundaries and visualizing the cell

cycle trajectory.

Model Checkpoint 1 Checkpoint 2 Checkpoint 3
Mean (s) Std Mean (s) Std Mean (s) Std

EvoCellNet 13.2 20.6 29.6 32.1 18.5 21.1
EfficientNet 12.1 27 25.4 18.9 13 17
ResNet 12 18.3 26.4 22.4 13.8 17
VggNet 8.6 14.6 24.9 16.9 13.2 22.5

Table 4.3: Absolute mean error in checkpoint prediction. Average and standard de-
viations of time difference (∆T ) between manual annotation boundary and automatically
identified boundary are shown for the four trained models.

90



4.4 Discussion

Automated recognition of microscopy images is an intense field of research. Recent

applications of DL-based classifiers have shown robust recognition of image features

that demonstrate the applicability of DL for the complex task of categorizing cellular

images [69, 100, 196, 297].

In our work, we have trained multiple CNNs to accurately recognize distinct cell

stages of the first mitotic division in diverse Caenorhabditis embryos. The main ob-

jective was to automate the annotation of cell stages and assess the robustness of

decision-making by the networks while making predictions. The ability to leverage

cytoplasmic features for cell stage classification using DL has been demonstrated in

multiple cell types [128, 196, 226]. However, most studies only focus on a specific

cell type for their application. We demonstrate accurate recognition of cell stages in

21 different species of Caenorhabditis embryos of varying embryo sizes and strikingly

different mechanics of spindle dynamics [272].

In addition to recognition of robust image features, CNNs have been demonstrated

to capture the latent relationship between classes as shown by DeepCycle for kidney

cells [226]. A similar example has been shown for reconstructing disease progression in

diabetic retinopathy [75]. A key difference in our work is the use of label-free imaging

data where no cell cycle markers were used. The reconstruction of the cell cycle in

UMAP space was solely dependent on the presence or absence of cell cytoplasmic

features.

With the Grad-CAM analysis, we demonstrate that the decision-making of our net-

works is strongly dependent on visible cytoplasmic features. By tuning the network

depth, we were able to restrict the gradients only to the most important differences

among classes. In EvoCellNet, the final classification is precisely overlaid with cytoplas-

mic features. This, however, does not mean that other networks’ predictions are not
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dependent on these features. By reducing the network depth, we were able to increase

the focus of convolutional filter parameters only on the cytoplasmic structures of the

pronucleus, mitotic spindle, and the cytoplasmic furrow. The other deeper networks,

however, have the ability to learn more global features which lead to their superior

performance in segregating the different classes, with VggNet demonstrating the best

segregation of class clusters in UMAP space.

In the future, we could explore the integration of time-series data as input to the

deep learning models, allowing for the consideration of temporal dynamics in cell stage

recognition. We could further investigate more advanced time-series modeling tech-

niques to improve the prediction scheme and the quality of the UMAP trajectory

within a class sector. The recognition of cell stages based on cytoplasmic features

holds the possibility of automating the comparison of the first mitotic division across

diverse nematode embryos. The learned features of the trained networks, both deeper

and simpler architectures, can be used to compare spindle mobility differences. The

possibility to track or segment cytoplasmic features during the first mitotic division

can be extended to include non-Caenorhabditis species of the nematode genera for a

wider range of comparison of cellular events.

4.5 Conclusion

In conclusion, in this study we presented a classification pipeline utilizing a shallow

convolutional neural network (CNN) to accurately identify different stages of the first

mitotic division in diverse Caenorhabditis embryos. Time series recordings of nema-

tode embryos from a published database were collected, and manual annotation was

performed based on a morphology of the four stages. Random oversampling and data

augmentation techniques were employed to address class imbalance to ensure robust

network training. Four different CNN models were evaluated, including a custom-
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designed network (EvoCellNet), ResNet, VggNet, and EfficientNet. All models demon-

strated high accuracy (95%) in classifying cell stages, with the EvoCellNet achieving a

comparable performance despite its simpler architecture. Dimensional reduction tech-

nique UMAP and gradient visualization using Grad-CAM, provided insights into the

decision-making processes and feature detection capabilities of the CNN models. The

image gradients visibly overlap with cell stage dependent features and UMAP repre-

sentation of prediction vectors retained the latent relationship between the annotated

cell stages. The accurate classification output allowed for the automatic identification

of key cellular events using a linear SVM kernel in UMAP space. The temporal ac-

curacy of the identified checkpoints was within a reasonable range, demonstrating the

effectiveness of the classification pipeline in accurately recognizing and tracking cell

cycle progression.
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Chapter 5

In vitro microtubule oscillations

quantified using graph based

segmentation approach1

1Primary data acquisition by Shivani Yadav
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5.1 Introduction

Microtubules (MTs) are essential components of the eukaryotic cytoskeleton, playing

key roles in cellular functions such as cell division, migration, and the propulsion of

cilia and flagella. MTs are composed of 13 protofilaments which are arranged in a hol-

low cylindrical geometry wherein each filament is composed of repeating heterodimers

of α-β tubulin [68]. Their hollow tubular structure allows them to withstand compres-

sive forces which provides mechanical support to the cell, thus maintaining its shape

[115, 123]. Structurally, microtubules have outer and inner diameters of 25 nm and

17 nm, respectively, and their lengths can range from tens of nanometers to the mi-

crometer scale. Despite their considerable persistence length of 0.2-9 mm [96, 126],

microtubules do not appear uniformly straight in the cell. Experimental observations

of microtubules showing periodic curves indicate their ability to sustain compressive

forces as they buckle under compression [111]. Similar buckling observations have been

made during their constrained polymerization near the cell periphery [23] and under

axial compression driven by molecular motors [95, 276, 294]. Although in vivo buck-

ling is damped due to the surrounding elastic and viscous cytoplasm [27, 155, 245],

in vitro microtubule buckling is more pronounced, exhibiting high-curvature geometry

and sustained oscillatory beats [158, 276, 294].

Numerous theoretical studies have explored the emergence of beating patterns in

single filaments [41, 58, 83, 85]. Although, an extensive theoretical framework of buck-

ling in slender rods exists, in-vitro observations of reproducible oscillatory filaments

have been limited [95, 276]. In previous work from our lab Yadav et al. [294] demon-

strated a dynein gliding assay setup where filament tips are fixed. This setup is capable

of generating systematic beats of MTs of varying lengths and motor density [294]. This

setup was used to reproduce oscillatory dynamics of tip immobilized MTs in a under

controlled motor density. The experimental design generates large number of MT
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movies where sustained oscillations can be observed. Although spindle oscillations are

much more complex, our setup can be used to study differences in these oscillatory

dynamics with changing motor numbers which is critical for spindle oscillations [109].

Additionally, quantification of this dynamics can help in understanding biophysical

properties of MTs.

To quantify the dynamics of this buckling instability, accurate segmentation of fila-

ment geometry from in-vitro reconstitution assays is required. Extraction of a contour

in sense of a continuous curve has been previously done using curve fitting approaches

or with the use of levels sets [132, 232, 292, 293]. The segmentation of microtubules in

buckling states, however, poses a significant challenge. The problem has two aspects:

(a) filaments can demonstrate excessive looping and self-intersections, and (b) they

can rapidly transition from curved to linear geometry when they relax spontaneously.

Hence, an effective segmentation approach is needed which is robust to complex ge-

ometries and rapidly changing filament positions.

Graph-based approaches have previously been used in resolving objects that overlap

and intersect. Notable examples in biology include C. elegans adult segmentation

and cytoskeleton meshworks [26, 228, 292]. Indeed, Xu et al. (2019) have combined

graph-based tracking and level sets to achieve good results in tracking of intersecting

filaments. However, a limitation of their local matching, is apparant in the incorrect

orientation of resolved microtubules (MTs) (see Figure 5.7). Therefore, there is a

lack of single filament extraction methods that can reliably segment and maintain the

correct geometry of a "beating" microtubule, particularly in instances where it exhibits

self-intersections and overlaps.

In this chapter we present a novel semi-automated pipeline for tracing complex sin-

gle filament contours observed during in-vitro MT reconstitution beating assays. The

approach utilizes active contours seeded by an initial guess based on an intensity thresh-

old for filament segmentation. The novelty of our approach lies in resolving multiple
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crossovers and loops through a directed graph-based path-finding method combined

with a template matching approach which uses dynamic time warping (DTW). We

demonstrate accurate segmentation of filament contours while maintaining the overall

geometry that is robust to filament intersections and rapidly changing geometry.

5.2 KnotResolver overview

The KnotResolver pipeline consists of two modules. The first module performs seg-

mentation to extract skeletons of a single microtubule from a beating assay. To run

the analysis a ".csv" file is first collated which contains the path information of all time

series available for analysis. This file was used to optimize segmentation parameters

interactively using KnotSegmenter.m script. The optimized parameters are used as

input by KnotResolver.m, which is prompted at the end of the optimization script.

The second module utilizes the proposed graph based approach to identify the order of

pixel indices that preserves the correct filament geometry of the segmented skeleton.

The overall workflow of the pipeline is illustrated in Figure.5.2. The components of

the workflow are discussed in detailed.

5.2.1 Filament segmentation

Image preprocessing include image contrast enhancement which saturates the top and

bottom 1% of all intensity values. Then median filtering with a 3 x 3 kernel is performed

to smooth the intensity fluctuations along the filament contour. The pre-processed

image stack is binarized using Otsu’s method [207]. The segmented contour is used as

the initial seed for an energy-based active contour model based on Chan and Vese’s

method [36]. This improves the segmentation by optimizing for filament boundary.

Finally, the optimized binary contour is skeletonized using the medial axis transform

[153] to obtain one-pixel width filament contours, which are stored in a structured array
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for all frames in the image stack. The segmentation process is visualized in Figure.

5.2(A). The different parameters for segmentation can be interactively tuned using the

KnotSegmenter.m script.

5.2.2 Graph representation of self-intersecting filaments

Skeletons obtained in the previous step are checked for the presence of branch points in

a 3x3 window neighborhood at every binary pixel. The condition verifies whether the

sum of the elements in the window neighborhood is greater than or equal to 4, with the

central element (position 5) set to 1. If this condition is satisfied, the pixel is labeled

as a branch point. In cases where there are no branch points in a segmented skeleton,

the correct orientation of the filament indices is determined using the geodesic distance

algorithm [246]. This algorithm fixes one of the end points of the filament as a seed

and organizes the remaining indices in order of increasing distance from the selected

end point. This however will not work for branched strucutres. We therefore proceed

to generate a graph representation that allows us to navigate this complex geometry.

We represent a skeleton containing branch points as a directed graph G=(V,E),

made of vertices V and edges E, with the direction given by a chosen start point. The

vertices fall into two categories: branch vertices Vb and filament segment vertices Vf

Figure.5.2(B). A branch vertex is defined as a group of connected pixels that satisfy

the branching criteria described earlier and the remaining regions are labeled as fila-

ment vertices. Each individual pixel is labeled based on a 4-neighborhood connectivity

criterion, ensuring connectivity among all neighboring pixels. The graph’s edges E re-

sult from connectivity between unique label groups, specifically forming edges between

every pair of vertices, one being a Vb vertex and the other a Vf vertex. This guarantees

edges exclusively between neighboring pairs of Vb and Vf vertices Figure. 5.2(C). In-

stances where a filament merges with itself are represented as loops in the graph. All

edges are bidirectional, enabling traversal in either direction, except for start and end
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Figure 5.1: Filament graph representation. (A) A representative image (gray) with
the segmented contour overlaid (red) is converted into (middle) labelled regions between the
points of branching (colors, numbers). The regions are used to construct a directed graph of
the connected components (nodes) and paths (edges).

vertices where traversal is limited to a single direction. A representative example of

a branched skeleton, its diverse connected components, and the corresponding graph

representation are illustrated in Figure. 5.2(A-C).
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Figure 5.2: Filament crossover resolution by graph representation and minimization
of curve dissimilarities. (A) Individual frames from a selected time-series of rhodamine-
labeled MTs are segmented to result in a binary image. The contour of interest is selected
interactively and the nearest tip to this point defines the fixed end of the filament. The
binary image is used to seed the active contour optimization for improved accuracy of contour
detection. The optimized binary image is skeletonized resulting in a contour with a 1 pixel
line width using medial axis transform. Contours consisting of pixels with neighbours >= 4

are labeled as branched, suggesting a crossover event. The individual steps are written in
sequence and a representative output is shown below each step. For every frame details of
image size, The resulting segmented contour and filament type is stored in a structured array.
(B) All contours are identified in the time-series and when branches are detected, they are
mapped to a directed graph (digraph) where connected regions are the edges and the branch
points (crossovers) are the nodes. All possible paths are calculated for the digraphs and the
distance minimization with the last unbranched contour used to find the best match.
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Graph based template matching using dynamic time warping (DTW)

A graph G = (V,E) represents a branched skeleton, where V = vi denotes the set

of vertices and E = ei,j denotes the set of edges. The graph structure is determined

by the number of unique branch points, which either indicate intersections with other

filaments or an instance where the filament forms a loop. We generates possible path

combinations between the start and endpoint by traversing every filament segment

vertex Vf and through its connected branch vertex Vb. For graphs that lack an end

point, the path ends at the last visited node. Since the number of paths can increase

exponentially with the number of nodes, we limit the number of possibilities generated

at each step to 10. This could potentially return a sub-optimal path as evident for

complex filaments from our simulation dataset.

To avoid this we implemented a contour template matching step to find sequence

of labels that are most likely to fall in order. Essentially, we try to find larger filament

regions that have not moved from the previous plane. To do this, we perform a rough

template match to obtain an initial estimate of the optimal path through the graph.

In this process we first generate a Euclidean-based template between the current and

previously resolved skeleton. By doing so, we can pinpoint regions that have remained

unchanged, particularly the fixed-tip in our beating assay. We select three labels which

have deviated the least from the previous frame, these are annotated as Vm=1to3. We

then check whether the indices of each of these labels fall in sequence. Identified indices

for each label should have more than N (N set to 8 for our analysis, the parameter

can be tuned according to filament length) indices falling within a threshold distance

d (d = 2 pixel). Subsequently, we again use the brute force search, focusing on the

most critical vertices. By limiting the search on these key vertices, we significantly

reduce the number of paths generated for more complex graph structures. Once all

the probable paths are generated, we employ dynamic time warping to select the best

match.
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The problem of resolving intersections is solved by finding the correct walk through

the graph network among the generated possibilities. The correct walk is selected

as the best match to a reference contour using a template matching algorithm called

dynamic time warping (DTW). The goal is to first find the optimal alignment between

the reference R(xj, yj) and the selected sequence S(xi, yi), where i and j are the indices

of x and y ,respectively, minimizing the cumulative cost function D [234]:

D(i, j) = |S(xi, yi)−R(xj, yj)|+min (D(i− 1, j − 1), D(i− 1, j), D(i, j − 1)) (5.1)

This cost is compared among the possible paths, and the path with the minimal

cost is selected. Pixel indices are then iteratively ordered, along the best found path

using the geodesic distance approach used earlier [211]. Figure.5.2(B) (I-V) illustrates

possible paths for branched contour with the reference shown in Figure.5.2(A). The

cost of possible paths is shown in Figure.5.2(C). A montage of selected frames with

overaly showing complete dynamics is shown in Figure.D1.

5.3 Materials and Methods

5.3.1 Generating simulated image of oscillatory filaments

To model a beating filament scenario, we utilized the stochastic simulation engine

Cytosim [199]. This tool has been previously used for simulating the dynamics of

microtubule-motor systems and the buckling dynamics of individual clamped micro-

tubules (MTs) [294]. Using the parameters from these simulations, we systematically

varied microtubule lengths and the density of minus-end directed motors, using dynein-

like parameters as detailed in prior studies. Simulated microtubule lengths ranged from

5 to 50 µm, and motor densities included 12, 25, 50, and 100 motors µm−2. Each sim-
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Figure 5.3: Identifying the optimal contour by minimizing deviation from an un-
branched contour. (A) A representative image of a bend microtubule at time t, when it
does not have any knots (unbrached) is with the segmented contour. Colors: position index
along the contour, blue: start, yellow: end. (B) The microtubule in frame t+δt showing a knot
(branched) as seen from the contour (red line). (I-V) The possible paths from the start to the
other end are overlaid as contours with the position-index in color. Blue: start, yellow: end.
δt: interval between frames. (C) The alignment score based on dynamic time wrapping for
all paths is calculated by comparing with the unbranched path from the previous time-frame,
and the path with the lowest score is the optimal.
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ulation was performed for 5 minutes and 120 frames were saved. The objective was to

generate skeleton contours of varying lengths, resembling tip-immobilized filaments ob-

served in a fixed tip gliding assays. The data range captures range of buckling dynamics

with multiple loop formation which are rarely observed in experiments. Nonetheless

the dataset allows us to interrogate the limitation of our method.

Adding noise to simulated images

The simulated skeletons were dilated size-2 diamond-shaped structuring element and

convolved the dilated skeletons with a Gaussian point spread function (size: 3, sigma:

2). We introduced noise of varying signal-to-noise ratio (SNRdb) to the simulated data.

The noise model is Gaussian with a specified noise power level Pnoise. The desired Pnoise

is related to SNR by the relation

Pnoise = Psignal/SNR (5.2)

where Psignal is equal to the variance of intensity of the original image. SNR in linear

scale is related to SNRdb by the following relation

SNR = 10
SNRdb

10 (5.3)

The SNRdb values used were 5,10,20 and 30. The generated Gaussian noise is computed

as Noise,

Noise ∼ σnoise ∗ N (0, 1) (5.4)

where, N is a normal distribution with zero mean and the σnoise is equal to

σnoise =
√
Pnoise (5.5)
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The Noise is added to the original image to get a noisy image with specific Pnoise.

5.3.2 Segmentation accuracy metrics

The simulated dataset generated with Cytosim is our benchmark to assess the proposed

filament tracking method [199]. Segmentation accuracy is quantified using Dice score.

While the ability to correctly arrange contour indices in branched contours is quantified

using the Fréchet distance.

Dice score

It is computed using the following equation:

Dice Score =
2× TP

2× TP + FP + FN
(5.6)

where TP: True positives, FP: false positives, FN: False negatives and TN: True nega-

tives. True positives are defined as segmented pixel indices that are within a threshold

distance (2 pixels) from the ground truth annotations. The choice of the threshold

was based on the point spread function (PSF) used to convolve the filament skeletons

to resemble experimental images. False positives are segmented pixels which are not

within this threshold. Ground truth pixels that were not detected as TP are counted

as false negatives.

Fréchet Distance

Fréchet distance computes the minimum distance between two curves which is suffi-

cient to traverse their separate paths. This provides the minimum of the maximum

separation in a suitable distance metric between the two curves. The metric, here, is

used for comparing the overlap of two curves while taking into account the order of in-

dices between the two curves. For a pair of identical curves Fréchet distance should be
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zero, which indicates a perfect overlap and identical ordering of pixel indices between

two curves. Fréchet distance is computed between the indices of ground truth curve

I = [(I1, I1), (I2, I2), (Im, Im)] and the resolved curve R = [(R1, R1), (R2, R2), (Rn, Rn)]

obtained from the KnotResolver pipeline. Let D be the Euclidean distance matrix be-

tween the points of curves I and R. The computation of the Fréchet distance, F (I, R)

involves filling in a memoization table M , where, Mm,n represents the Fréchet distance

between the prefixes I and Q. F (I, R) is obtained from Mm,n, where m and n are the

lengths of curves I and R respectively. The recurrence relation for filling in M can be

represented as follows:

Mi,j = max (min (Mi−1,j,Mi,j−1,Mi−1,j−1) , Di,j) (5.7)

Where: Mi,j is the value at cell (i, j) in the memoization table. Di,j is the Euclidean

distance between the i−th point of curve I and the j−th point of curve R.

5.3.3 Analysis of filament contours

All analysis was performed in MATLAB R2020b (Mathworks Inc., Natick, MA, USA).

We calculate the tangent, normal, and curvature vectors for each smoothed contour

by using the Frenet-Serret formulas [177]. Smoothing of the x and y coordinates is

performed using the Savitzky-Golay filter [235]. The end-to-end distance of the curve

is computed as Euclidean distance between the tip and end of each filament. All

results are visualized by plotting the curve with color interpolation which indicates the

arrangement of contour indices from tip to end.

5.3.4 Manual correction of contours

The user can manually correct the path on problematic frames or when the initial

frame is branched to initiate tracking. An example of manual editing on a branched
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Branched contour Skeleton components Manual path input Resolved contour

A B C D

Crosshair

Figure 5.4: Interactive resolution of complex knots from experimental data. (A)
Time-series of MT filament buckling used as the input to KnotResolver. The selected frame
shows a filament with a self-loop. (B) The skeleton of the input frame in (A) with color-
coded separate components of the skeleton. These are identified based on the discussed branch
criterion. (C) Manual path connections are provided interactively over (B) using the cross-
hair. (D) The final segmented output with the input path showing the correct arrangement
of pixel coordinates along the provided path.

skeleton after segmentation is shown in 5.4 (A-D). To perform manual edit the user can

mention the frame number for edit in the *optimized.csv file under the column header

manualCheck. The final *optimized.csv file can be run on the MATLAB cmd with the

function KnotResolver. Additional details on code usage are available here.

5.3.5 Code Availability

The tool was written in MATLAB2020b (Mathworks, Natick, MA, USA) and uses func-

tions called from the ’Signal Processing Toolbox’, ’Image Processing Toolbox’ ’Statistics

and Machine Learning Toolbox’ and an optional ’Parallel Computing Toolbox’. The

code for the filament bending analysis has been made OpenSource and can be accessed

for testing and future extension from Github at https://github.com/CyCelsLab/MTLoopResolve.

Along with the code an example time-series with optimized segmentation parameters

is provided for testing.

107

https://github.com/CyCelsLab/MTLoopResolve
https://github.com/CyCelsLab/MTLoopResolve


5.4 Results and Discussion

In this section, we validate our analysis pipeline and demonstrate its application in

the analysis of microtubule segmentation in a beating assay. The evaluation involves

assessing the performance of microtubule segmentation and branch resolution using

simulated dataset of filament beating. Subsequently, we conduct a qualitative compar-

ison with existing methods, followed by a demonstration of the pipeline’s effectiveness

in analyzing single microtubule beating assays.

5.4.1 Performance validation of microtubule segmentation on

simulated data

To asses the segmentation accuracy of our method we simulated multiple time series of

tip immobilized microtubules undergoing buckling similar to our previous work [294].

We compared our combined approach of initial seed estimate using intensity threshold

followed by active contour based optimization with cases where the two methods are

used individually. The performance of these methods was compared at different signal

to noise ratios (SNR). The results of this assessment is quantified using the Dice score

and is shown in Figure.5.5. The raw data for this analysis is shown in Figure.D2.

Dice Score quantifies the overlap between the ground truth skeleton and the seg-

mented skeleton. At SNR 5, threshold-only method exhibits a lower average dice score

of 0.75± 0.02 compared to 0.94± 0.08 and 0.97± 0.02 for active contour and KnotRe-

solver respectively. This difference is due to the poor estimate of the filament skeleton

at low SNR conditions. In contrast, the active contour-based optimization shows robust

performance even with high background noise, as demonstrated by a representative seg-

mented output shown in Figure.5.5 (A). At higher SNR, the threshold-based method

performs better due to the higher variance between the foreground and background

which is ideal for segmentation. This, however, is rarely achieved in experiments. The
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marginal drop between threshold and KnotResolver is due to loss of few pixels at the

filament tip during contour optimization.

Although both the active contour based methods show stable performance with

different SNR levels, KnotResolver has a higher Dice score. When only using active

contours, the initial seed for each frame is determined by the previous optimized con-

tour. This can lead to incomplete seeding of the microtubule contour when the filament

rapidly changes its position. This difference can be exaggerated when the gap (∆f)

between successive frames is increased as shown in Figure.5.5(C). The average dice

score over the complete time series decreases for the active contour-based method with

increasing ∆f , while the performance of our combined approach is less affected by

increasing ∆f .

Our approach demonstrates robustness to lower SNR levels and rapidly changing

microtubule positions, which is essential for accurately segmenting microtubules that

exhibit beating patterns. The distribution of pixel distances between the segmented

and ground truth contour, used for Dice score calculations, is shown in Figure.5.5(B).

5.4.2 Performance evaluation of branch resolution on simulated

data

Although high segmentation accuracy is achievable using our approach, a segmented

skeleton lacks any information about the geometry of the curve. To solve this we

implemented a branch resolution module in our pipeline. The accuracy of this module

is assessed using Fréchet distance which is sensitive to the difference between geometric

shape of the ground truth skeleton and the output from the module. We compute this

metric for every frame for our simulated dataset which also allows us to identify possible

limitations of our method. The results of this evaluation are presented in Figure.5.6

(A-B) as a 2D matrix of Dice and Fréchet distance scores.
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Figure 5.5: Quantifying segmentation performace of KnotResolver and alternative
segmentation methods with changing ‘noise’. (A) Montage of segmentation outputs
(shown in red) overlaid on the input image for the three compared approaches at different
SNR. (B) Filament segmentation accuracy is compared using the Dice Score. Three alterna-
tive approaches were tested: threshold-based (black), active contour (blue) and KnotResolver
(red). Error bars indicate the standard deviation around the mean. (C) Impact of increas-
ing time step between adjacent frames on segmentation accuracy. Segmentation accuracy is
compared between KnotResolver (red) and the active contour (blue) method for three time
differences ("star": 5, "square": 10, "diamond": 30). Mean Dice scores are computed for
every frame across all time series. All the analysis in (B and C) involves a total of n = 24
time series, each consisting of 120 frames. The points are average scores from each time series.
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We find that during tracking of microtubules with lengths > 20 µm there is a

sharp decrease in the Dice score after ∼ 60 frames Figure.5.6(A-B). Similarly the

Fréchet distance increases rapidly indicating a deviation from correct geometry of the

segmented curve. One such time series corresponding to the asterisk in Figure.5.6(A)

is shown in Figure.5.6 (C). A closer analysis of all such time series revealed a key

limitation of our method. The template matching fails in scenarios where the portion

of the filament crosses the main filament body, causing it to re-emerge on the other

side. Although the possibility of the correct path is considered a lower alignment score

is assigned to the path with the overlap region. This results in breakdown of the correct

geometry. Another problem is the loss of the free filament end, when it merges with a

part of the main filament body. In such cases, we terminate the best path to the last

visited node in the graph, resulting in a shorter filament, although with the correct

pixel arrangement.

To address these limitations, we implemented a manual restart approach (see mate-

rials and methods). When encountering problematic frames, we can provide a manual

path input interactively over the graph structure. This allowed us to capture the over-

all filament dynamics, as demonstrated in lower inset of Figure.5.6(C). This restart is

effective but time consuming as the output contour is correctly arranged. While such

challenging instances are rarely observed in our experimental dataset, the limitations

underscore the difficulty of accurately resolving intersecting filaments when there is

loss of information on filament tips or when there is a complete overlap of filament

regions. Nonetheless the incorporation of an optional manual restart approach for

difficult scenarios is an effective method for complete filament analysis.
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Figure 5.6: Identifying the limits of detection accuracy from simulated data and
manual path-input. (A) Simulated time-series of filament buckling and bending are used
as inputs to KnotResolver and the dice score (grayscale colorbar) estimates the detection.
Simulations were run for increasing MT lengths from 5 to 50 µm (y-axis) and frame-numbers
from 1 to 120 (x-axis). Each value of MT length was simulated for four motor densities 12
(black), 25 (dark gray), 50 (light gray) and 100 motors µm−2 (white). Asterisks mark the time
series selected for further analysis in C. (B) A similar matrix to (A) with Fréchet distance (C)
Branch resolution output using manual restarts at problem areas showing correct arrangement
of the filament contour in comparison with (B).
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5.4.3 Qualitative comparison with existing methods

We conducted a qualitative comparison of our filament segmentation and tracking

method with two methods, FIESTA [232] and TSOAX [292]. FIESTA is a semi-

automated software that uses intensity thresholding to segment filament contours. It

employs specific Gaussian fitting terms to achieve sub-pixel localization. Filament in-

tersections are handled through cross point identification followed by linking based

on a minimum angle criterion. TSOAX is based on open active contours [293]. It

automatically initializes multiple open curves during the detection stage, which elon-

gate and stop at filament intersections and tips. Curve intersections are addressed by

identifying T-junctions which are linked through a temporal local matching step. The

segmentation comparison when self-loop and intersections are present for an example

experimental time series is shown in Figure.5.7.

FIESTA output is over segmented for curved contours. The key limitation is curve

fitting method which prefers linear geometry. TSOAX performed well in segmenting

complex filament geometries. However, we observed incorrect orientation of the tracked

filament in our analysis. This was evident in the color overlay representation of the

contour arrangement, where gradient colors indicate the linking Figure. 5.7. The loop

region of the filament had reversed its orientation. In comparison, our method was able

to accurately follow the filament geometry in both the simulated and experimental time

series. No manual corrections were made for TSOAX or in our method for this time

series.

5.4.4 Semi-automated tracing of filaments in a pinned gliding

assay

We demonstrate the application of our pipeline on an experimental dataset of fluorescence-

based MT beating assays. In this modified assay, we achieve microtubule fixation at
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Figure 5.7: Qualitative comparison with of KnotResolver with threshold-fitting
and active contour based approaches. (left) A representative time-series of labeled MTs
undergoing bending and buckling, was used as input to test existing tools for filament tracking.
FIESTA segmentation result is shown in green [232]. Parameters used were FWHM = 1000
nm, proportion curved filaments = 25%, minimum track length = 1 frame, maximum break
= 4. TSOAX is based on active contours [292]. Default parameters were used for TSOAX
except of the manual input of the minimum and foreground intensity value. Parameters used
for KnotResovler were intensity threshold: 0.46, number of iterations for active contours:
10, contraction bias and smoothing factor for active contours: 0.4 and 0.2 respectively. No
manual corrections were made for this time series. Scale bar: 2 µm. Time: mm:ss.
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one end, leading to an increased frequency of microtubules exhibiting beating-type

phenomena and resulting in complex microtubule geometries.

Segmentation and tracking results for four selected time series are shown in Fig

5.8. Our method is able to segment and track single filaments with good accuracy.

Segmentation parameters were tuned for each time series separately. We utilized the

pipeline to visualize the beating dynamics in terms of curvature, tangent angle kymo-

graph, and a metric referred to as dr, which represents the ratio of filament length to

the end-to-end distance Figure.5.8.

The complete time series with segmentation overlay is shown for three time series.

Supplementary Video SVD1 corresponds to the complete data shown in Figure.D1.

Supplementary Video SVD2 demonstrates complex buckling dynamics of a single MT

where the limitation of our method as found by the simulation dataset can be identified.

Manual corrections were made three times in this analysis. The segmentation is overlaid

with Frenet–Serret vectors. Supplementary Video SVD3 emphasizes the robustness of

our method to the presence of additional filaments and rapidly changing MT geometry.

Overall, these results demonstrate optimal tracking of intersecting filaments which can

be used to study the geometric properties of these curved filaments.

5.5 Conclusions

In this study, the proposed pipeline for filament tracing was first validated on a sim-

ulated dataset. The pipeline was then applied to experimental data obtained from a

fluorescence-based gliding assay, which was modified to a beating assay by fixing one

end of the microtubule. This modification resulted in higher frequency of microtubule

beating, which was analyzed using the proposed pipeline. A total of 10 time series

of microtubule beating were processed using the pipeline, out of which only two time

series required a manual restart at similar scenarios as identified in the simulated time
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Figure 5.8: Contour analysis in time of representative experimental filaments. Four
filaments showing beating mobility patterns are shown. (A) The skeletal line in the montage
is color coded along its length (form tip to end). (B) 2D plot of tangent angle along the
microtubule length (µm) is shown. (C) End to end distances along the time series is shown.
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series. These time series were highlighted in the analysis. Key merits of the branch

resolution pipeline were also demonstrated in representative examples of filament loop

formation and multi-filament intersections.

The pipeline was also used to visualize beating dynamics in terms of curvature,

tangent angle kymograph, and dr which is a ratio of filament length to the end-to-end

distance. The analysis of multiple time series of microtubule gliding, in which the tip

of the microtubule was fixed, resulted in the identification of the filament contour,

which was color-coded along its length. Finally, the complete dynamics of bending

were displayed, providing a comprehensive understanding of the microtubule beating

phenomenon. The findings from this analysis were utilized to quantify the emergence

of wave-like oscillations under different configurations of MT geometry and density.

Additional details can be found in [295].

Future improvements to our method can be implemented in the segmentation

pipeline. Currently, the accuracy of tip localization is compromised as the segmented

contour shrinks during optimization. A solution proposed in previous work involves

extending endpoints while considering filament intensity discussed here [208]. More

advanced methods of deep learning-based tip detection frameworks could also comple-

ment our approach. In the branch resolution module, enhancements can be introduced

in the path generation segment. Although a brute force approach has provided satis-

factory results so far, it could be substituted with an iterative approach that minimizes

curve differences as they curve develops. Such an approach has the potential to address

current limitations of our method, particularly in scenarios involving branch merging

and re-emergence.

————————————————————————————————-
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Chapter 6

Conclusion and Outlook
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The main objective of this thesis was to develop a computational image analy-

sis tool for quantifying comparative differences between diverse nematode species. Our

central problem was to investigate apparent differences between spindle mobility as ob-

served among selected species of P. pacificus, O. tipulae, C. elegans, C. remanei, and

D.sp.1 JU359. The initial observation of qualitative differences between the mobility

of endogenous granules among the species motivated us to investigate the differences in

cytoplasmic viscosity across the difference embryos. We proceeded to develop a compu-

tational tool DICOT to accurately quantify intracellular particle flows from label-free

differential interference contrast (DIC) microscopy images and time-series data [39]. In

DICOT, a novel image filtering approach called scaling of Gaussian (SoG) is proposed,

that enhances the contrast of granules in DIC images. Combined with automated

thresholding and minimal distance-based tracking, our tool can accurately detect and

track the motion of intracellular yolk granules in C. elegans embryos. We quantified the

oscillatory dynamics of these granules during anaphase and found that the frequency

matches well with the reported oscillation frequency of the mitotic spindle.

The ability to quantify intracellular flows and mechanics from label-free microscopy

data has significant implications for understanding cellular processes with minimal per-

turbation. The viscosity metric quantified for C. elegans is in close agreement with

that identified by Daniels et al. (2006) and Grill et. al. (2001) [55, 107]. Indeed,

the basic assumption of our quantification is the passive nature of these yolk granules.

The geometry and configuration of these granules is similar to that of exogenous in-

jected particles that are used for microrheological analysis. Yamada et.al (2000) has

demonstrated the possibility of comparing MSD profile of endogenous granules to that

of exogenous particles [296]. Nonetheless, strong cytoplasmic flows have been observed

which dominate the pseudo-cleavage stage during membrane ruffling and during the

spindle oscillation and elongation stage [120]. Therefore, the involvement of active

forces that may influence our quantification cannot be ruled out. Our first sanity

119



check was to quantify these granule mobility away from the spindle and during early

anaphase. During this stage, cytoplasmic flows are minimal, and the spindle is mostly

nascent. Our ATP knockdown treatment in C. elegans gives us confidence that indeed

the granules are diffusive during tracking. We still observe slight ballistic movement

near the cell cortex in some of our time series, but these flows are transient and local-

ized. This is more pronounced on the posterior side of P. pacificus. The analysis of

MSD is done only in the linear region of the mean MSD profile to limit the effects of

these transient flows.

The work presents a general method for segmentation and tracking of both in vitro

and in vivo DIC microscopy data. The tool we developed has wider relevance for bio-

physical measurements of cellular mobility and subcellular mechanics using label-free

microscopy. While our method performs well on the datasets tested, it may have lim-

itations in extremely crowded or noisy environments. Additionally, the accuracy of

the method will depend on the proper selection of filter parameters, which could be

challenging for users without domain expertise. Future work could explore combining

our approach with deep learning methods for improved detection and analysis, as well

as extending the tool to three-dimensional data and other label-free imaging modali-

ties. Incorporating additional features, such as object shape or intensity profiles, into

the detection and tracking algorithms could potentially improve the accuracy and ro-

bustness of the method. Our implementation of the tool as a GUI with interactive

parameter optimization as well as choice of multiple filters is likely to allow for use on

multiple data sets [39]. In conclusion, our approach represents a general method for

segmentation and tracking of in vivo DIC microscopy data. In-vitro analysis of bead

mobility was also performed and is share in more details in the paper [39].

Coming back to our initial question on cellular trait divergence, the differences in

viscosity measurement proved to be an insufficient explanator of the changes observed

during spindle transverse and longitudinal motion among the studied nematodes. It
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does, however, offer a simple explanation for the absence of spindle elongation in C.

monodelphis, which has abnormally high cellular viscosity. To further interrogate the

differences among the species, we proceeded to interrogate the force acting on the spin-

dle during the anaphase stage. Our collaborators conducted spindle recoil experiments

from which we were able to estimate cortical forces and cytoplasmic elasticity (con-

tributed by microtubules) using our estimates of cellular viscosity. We propose that

a trade-off between cortical pulling forces and cytoplasmic viscosity results in spindle

oscillations when the ratio of pulling forces to viscosity is high for a given embryo size

[136]. Reduction of pulling forces can still lead to oscillations provided it is compen-

sated for by reduced cytoplasmic viscosity, as seen in C. remanei. This provides a

framework that could be tested with more species of nematodes, as well as generalized

to other cellular systems.

One interesting future direction is the exploration of the molecular complex respon-

sible for cortical pulling forces during spindle motion. The absence of certain anchoring

proteins in the genomes of some species suggests rapid molecular divergence within

closely related species. Investigating the specific proteins involved and their functional

differences could shed light on the evolution of these crucial cellular processes. Estab-

lishing transgenic lines in these species for live microtubule tracking would be a vital

step toward quantitatively measuring parameters like motor attachment and detach-

ment rates, providing a deeper understanding of the molecular mechanisms at play.

Another promising avenue is the in-depth study of the effective elasticity parameter,

which is a combined measure of cytoplasmic stiffness and microtubule components.

Investigating the molecular components responsible for this parameter and their role

in spindle dynamics could reveal novel insights into the cellular mechanics of spindle

behavior.

We also note that species that have high viscosity also have a longer cell cycle

duration (correlation coefficient R = 0.84). This result suggests that the only combi-
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nations that have been retained by natural selection are compensatory changes, where

high viscosity is compensated for by a slowdown of the cell cycle or vice versa. Over

the course of evolution, slow species could have afforded an increase in cytoplasmic

viscosity because even though objects are slowed down by the viscous drag, they will

have time to reach their final positions. Conversely, a low viscous drag may have pre-

conditioned the emergence of a fast cell cycle. In the analysis of cell divisional time

between C. briggsae and C.elegans it was found that these species show a difference of

2°C in the thermal range of fertility limits [12]. Interestingly, the range of first mitotic

cell divisional time for a given species could be varied from 30 to 4 minutes in a ther-

mal range of 5-30°C, demonstrating highly robust evolutionary mechanisms to handle

changing embryo environmental conditions. Regardless of the orientation of changes,

this interesting correlation raises the question of the selective pressure responsible for

species-specific viscosity values. Also, quantification of cell divisional time was done

manually and spindle trait variability within this thermal range was not quantified.

Motivated by this, we aimed to develop a classification scheme that could distin-

guish between different stages of the first mitotic division. Such a model could be

used to automatically quantify cell cycle times across diverse nematode embryos. This

will allow us to check for the correctness of our hypothesis on a more diverse range of

nematodes. Classifiers built on AI such as CNN have also been shown to learn robust

cytoplasmic features associated with a particular class [227]. Our motivation was to

construct a classifier that could also learn spatial features associated with a correspond-

ing class, which could aid in a more reproducible comparison of features associated with

the first mitotic division. This can also be complemented with a comparison of spindle

mobility changes with increasing temperatures.

We trained multiple CNNs and achieved solid performance on the held-out test

dataset (95%) across four trained networks. Three of these were pre-existing networks:

VGGNet, EfficientNet, and ResNet. Being deeper architectures, the features associ-
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ated with their predictions were spread out. Although intermediate features would be

more localized and refined, we asked if we could rely only on localized spindle features

while making class predictions. To this end, we created EVOCELLNET, a shallow

CNN whose activation are highly localized and depend only on cytoplasmic features,

as validated by gradient visualizations [238]. This network could potentially be used

in the future for a more thorough comparison to judge similarities in spindle dynamics

across related nematode species. However, localized activation do not mean that the

predictions are more robust. Indeed, having a larger receptive field allows learning of

more robust and global features while making class predictions. Similar to previous

work on reconstructing cell stage progression using Network predictions [226], we were

able to reconstruct cell cycle trajectories of the first mitotic division across diverse

nematode embryos. Using our network, we demonstrate automatic annotation of key

cellular checkpoints with good temporal accuracy. Our network, specifically VGGNet,

can annotate these checkpoints with 8, 25, 13 s accuracy for a time series which is on

average 10 mins long, Table.4.3. Our trained networks, therefore, offer automated an-

notation and checkpoint recognition of four distinct stages of the first mitotic division,

validated and tested on 21 different nematode species. Moreover, the integration of

visualization techniques such as UMAP and Grad-CAM has provided a deeper under-

standing of the CNN models’ decision-making processes [181, 238]. Investigating how

CNNs identify and prioritize features during classification can lead to the discovery of

novel cellular markers and biological cues, potentially advancing our knowledge of cell

cycle regulation and related cellular events.

The prediction scheme in the future could be improved to use time-series data

instead of single frame input. Since the optimization is done to separate frames around

the key checkpoints, the sequence or quality of the UMAP trajectory is compromised

within a sector while being robust around its edges. This can be improved using

more complex time series modeling studies. Overall, the combination of DL-based
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annotation and automatic tracking of endogenous granules could help us build a dataset

of intracellular parameters that could shed light on the evolution of cellular traits, more

importantly, the limits and biophysical constraints that evolution faces.

A key component relevant to spindle oscillation and elongation are microtubules.

Our analysis of spindle recoil showed minor differences between MT properties of elas-

ticity. Nonetheless, a more quantitative approach using in vitro could be performed for

a closer look. The oscillatory dynamics of MT driven by MT rigidity is not a novel hy-

pothesis. Many simulation studies have shown sustained oscillation in linear filaments

under self-propulsion [41, 109]. However, the simulations have lacked experimental ev-

idence of any such relation. Our lab proposed an in vitro reconstitution system that

would represent sustained MT oscillations [294]. This system promises to study such

relationships in a controlled manner. However, the experimental system came with its

own challenges.

The complex MT geometry proved to be difficult to analyze. We proposed a graph-

based approach combined with a template-matching scheme that showed good per-

formance in quantifying the oscillatory dynamics. The tool combines graph-based

reconstruction of filaments combined with dynamic time warping to find the correct

orientation of complex filaments. Through a through analysis of simulated buckling

with our tool, we were able to highlight key limitations of our approach and added a

manual correction that allows tracing of buckling filaments in highly complex struc-

tures. The development and successful validation of the contour analysis pipeline for

filament tracing, along with its application to studying microtubule beating dynamics,

represent a significant step forward for filament analysis. This novel approach based on

graph representation opens the door to several future research directions and potential

improvements.

Future work on MT analysis can focus on enhancing the accuracy and efficiency of

filament tracing by developing more accurate segmentation algorithms tailored specif-
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ically for curved filaments, along with removing the need for automated correction

methods in contour loss scenarios. Integration of machine learning techniques, like

deep learning, holds promise for more accurate and automated tracking, while extend-

ing the pipeline’s capabilities to 3D analysis and multi-filament tracking would provide

a more comprehensive understanding of motor-microtubule interactions. Additionally,

validating the pipeline in vivo scenarios can further drive innovation and address com-

plex challenges in cellular bio-mechanics research, ultimately contributing to a deeper

understanding of biological processes and cellular mechanics.

In addition to the work related to the above, I have also built a segmentation and

analysis pipeline for bacterial cells and an RBC detection framework that is applied to

detect RBCs in microfluidic chambers. The work on bacterial morphology analysis was

used to understand the relationship between surface area (SA) and volume scaling in E.

coli cells, which is an important area of research. From an image analysis perspective,

the study highlights the challenge of accurately measuring cell dimensions, especially

in cases of drug-induced filamentation or varying growth rates, where cells can exhibit

non-standard shapes and sizes. This underscores the importance of robust image seg-

mentation algorithms that can handle diverse cellular morphologies. Additionally, the

study’s insights into the dynamics of single-cell growth and how it relates to scaling

exponents provide valuable information for designing image analysis pipelines that can

capture and quantify these dynamics [130]. The RBC detection pipeline was used to

quantify the variable effect of different antibody treatments on adhesion of RBC to

endothelial cells lined over a glass chamber [60]. This novel microfluidic chamber sim-

ulated in vivo conditions during malaria infection cycles. The detection pipeline can

detect stationary RBCs as they come in contact with layered cells. The two studies

have been added to the appendix with a short description of the respective algorithms.

The discussed chapters demonstrate the potential of image analysis in understand-

ing biological aspects of cell division, cytoplasmic microrheology, and microtubule be-
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havior, offering deeper insights into the world of cellular biology. Moreover, the inter-

disciplinary applications of these advanced computational methods span the fields of

cell biology, biophysics, and evolutionary biology. Overall, the research contributes to

development of computational image analysis techniques for biological research.

126



Appendix A

Supporting material to Chapter 2

A.1 Supporting Figures
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Figure A1: Detection accuracy estimated by F1-score to compare filters. (A) Gaus-
sian, (B) inverted Laplacian of Gaussian (iLoG), (C) difference of Gaussian (DoG) and (D)
scaling of Gaussian (SoG). For all filters the range of ksize was 3 to 15, σ was scanned over
a range 0.1 to 5 with steps of 0.0495 while for DoG σ1 = σ while σ2 was varied between 0.1
and 2 with steps of 0.211. For SoG the sensitivity factor ϕ was sampled between -0.1 and 0.1
with steps of 0.002. Colorbar indicates the F1-score.
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Figure A2: Filters compared for sensitivity, precision and F1-score. (A) An ROI from
a mid-plane DIC image of a C. elegans embryo was manually annotated to mark lipid granules
to serve as the ground truth GT (red dots) and compared to image-filtering with Gaussian,
inverted Laplacian of Gaussian (iLOG), difference of Gaussian (DoG) and scaling of Gaussian
(SoG). The respective true positives TP (blue circles), false positives FP (yellow circles)
and false negatives FN (red squares) were determined as described in the methods section,
comparing centroid and region-max based object detection. (B, C) The F-score, sensitivity
and precision calculated from these comparisons for (B) centroids and (C) region-max based
identification of objects are plotted.
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Figure A3: MSD of granule from the embryo mid-plane. (A) Tracked granules over-
laid on a representative cropped region from their respective plane of acquisition (B) MSD
measurement from the midplane, at anterio mid and posterior region (Blue: anterior, Red:
posterior).
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Figure A4: Comparison between drift diffusion model (DDM) and anomalous dif-
fusion model (ADM). (A) Anomalous coefficient (α) density distribution for all six species
in anterior (Blue), posterior (Red) and middle (Pink) region. Legend values indicate distribu-
tion mean with standard deviation of respective color-coded regions. (B) Regression plot of
diffusion coefficient estimates from the drift diffusion model (DDM) and anomalous diffusion
model (ADM) plotted against each other for the anterior (Blue), posterior (Red) and middle
(Pink) regions. KS statistics show no significant distribution of the two estimates across re-
gions. KS statistic for ADM vs DDM coefficient; Species (KS statistic) : P-value; C. elegans
(0.066): 0.99; C. remanei (0.093):0.99; D. sp. 1 JU359 (0.2):0.83, C. monodelphis (0.117):
0.81, O. tipulae (0.071): 0.99; P. pacificus(0.192):0.29.
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Appendix B

Supporting material to Chapter 3

B.1 Supporting Figures
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Figure B1: Effect of spindle cutting on centrosome recoil. (A) Representative images
from immediately before (left column: t = 0 s) and after spindle cutting (right column) for
different species are shown. The images after cutting are selected based on the approximate
time required for the centrosomes to achieve their maximal displacement from the initial
position. Scale bar 5 µm. (B) The position of the spindle pole along the AP axis is plotted
as a function of time. t = 0 signifies onset of anaphase, i.e. spindle elongation (which also
corresponds to the time of spindle severing). Position = 0 µm indicates the geometric centre
of the cell along the AP axis.
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Figure B2: Spindle oscillation speed. (A) The spindle pole positions of a representative
C. elegans embryo are plotted relative to the centerline as a function of time (black line) for
anterior and posterior poles. Small fluctuations are removed by smoothing the data (blue:
anterior, red: posterior) . Oscillation speed is estimated as a change in position in a 5 s window
successively throughout the trajectory from the smoothed trajectory. (B) The frequency
distribution of anterior (blue) and posterior (red) centrosomes is plotted. (C) Speeds (mean
±SEM) are compared between the 6 species.
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Appendix C

Supporting material to Chapter 4

C.1 Supporting Tables

Network Precision Recall F1 Score
EvoCellNet 0.95±0.002 0.96±0.002 0.95±0.002
ResNet 0.97±0.005 0.97±0.004 0.97±0.004
VggNet 0.97±0.001 0.97±0.005 0.97±0.003
EfficientNet 0.96±0.005 0.96±0.003 0.96±0.004

Table C.1: Training metrics. The average precision, recall, and F1-score metrics with
standard deviation for the training dataset were calculated across the four folds of the k-fold
split.

Network Precision Recall F1 Score
EvoCellNet 0.95±0.006 0.96±0.004 0.96±0.005
ResNet 0.97±0.006 0.97±0.005 0.97±0.005
VggNet 0.97±0.005 0.97±0.006 0.97±0.005
EfficientNet 0.96±0.002 0.96±0.000 0.96±0.001

Table C.2: Validation metrics. The average precision, recall, and F1-score metrics with
standard deviation for the validation dataset were calculated across the four folds of the k-fold
split.
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Pronuclear migration Centration rotation Spindle displacement Cytokinesis
Test

EvoCellNet
Precision 0.96 0.95 0.84 0.97
Recall 0.99 0.91 0.91 0.94

ResNet
Precision 0.98 0.93 0.89 0.96
Recall 0.96 0.94 0.89 0.96

VggNet
Precision 0.96 0.93 0.89 0.97
Recall 0.99 0.93 0.88 0.96

EfficientNet
Precision 0.98 0.94 0.89 0.97
Recall 0.98 0.94 0.89 0.96

Table C.3: Network performace on each stage for test dataset. The average precision
and recall metrics with standard deviation for individual stages for all the four models used
in this study. The value are calculated from the models used in the first fold only.

Network CPU (ms) GPU (ms)
EvoCellNet 15±0.6 0.3±0.05
ResNet 28±0.5 0.4±0.02
EfficientNet 30±0.5 0.5±0.01
VggNet 170±10 1.8±0.15

Table C.4: Average inference time of trained on a single image.
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C.2 Supporting Figures

Figure C1: Training dataset with image augmentation. (A) The image montage consists
of a batch of images (64) taken from the training dataset. Different augmentations such as
image rotation, flipping (vertical and horizontal) and affine transformations have been applied
randomly. (B) The bar chart shows the total number of frames obtained after annotation for
each class. Average size of each frame is 170 Kb, the size of whole dataset after distributing
the frames into four classes is ∼ 45 GB. Color indicate annotated stages; PM (blue), CR
(orange), SD (green) and CY (red). (C) The schematic represents k-fold cross validation
scheme using which the training dataset was divided into four equal proportions maintaining
equal proportion (25%) of each class.

137



Figure C2: Training and validation metrics for loss and accuracy. Training curves of
accuracy (left: left y-axis) and loss (right: right y-axis) are shown with epoch number (0-50)
for all four folds of training. Similarly, validation curves are shown on the right.
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Figure C3: Performance comparison of the trained models in terms of precision,
recall and F1 score. Bar plot of precision, recall and F1 score for the four trained networks:
CustomNet, ResNet, VggNet and EfficientNet. The bar plots are shown for the (A) training
(B) validation and (C) test Dataset.
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Figure C4: Confusion matrix for the test dataset. Confusion matrix with true labels on
the y-axis and predicted labels on the x-axis are shown for each model (A) EvoCellNet, (B)
EfficientNet, (C) ResNet, (D) VggNet. The matrices are an calculated from an ensemble of
four models trained in each cross validation split.
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Figure C5: Cell stage boundaries combined with radial density trace for EvoCell-
Net, ResNet and EfficientNEt in UMAP space. Normalized UMAP representations
in (x-axis) UMAP1 and (y-axis) UMAP2 space split into sectors corresponding to PM, CR,
SD and Cy is shown. Boundaries were determined using SVMs (as described in the Methods
section) and overlaid with radial density traces, averaged every 12o. The radial traces were
connected geometrically with 0o corresponding to the first frame and the direction set by the
transition boundary between pronuclear migration (PM) and cytokinesis (Cy) for C. elegans.
numsectors used for this overlay is 30. Color gradient: start: white, end: black, x: ground
truth of the annotated checkpoint, ◦: checkpoint from SVM.
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Video SVC1: Grad-CAM comparison between four models. Representative filter acti-
vation from the 4 models superimposed on the time-series of a C. elegans embryo. Activation
values are obtained from the last convolutional layer of each model. Colors indicate the ac-
tivation strength (blue: low, red: high). The models were selected on the basis of lowest
validation loss across the four folds of cross-validation.
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Appendix D

Supporting material to Chapter 5

D.1 Figures

Figure D1: Representative time-series of filament with tracked contours. (A) The
fluorescence time-series of bent and crossing over filaments are overlaid contour segmented
using proposed pipeline. The skeleton is color coded along its length (form tip to end). Time:
mm:ss. (B) The filament contours from successive frames are projected showing the traveling
wave of curvature.
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Figure D2: Simulated filament images with increasing SNR used to measure po-
sition detection error comparing segmentation methods. Segmentation accuracy of
compared methods at different signal-to-noise ratios (SNR). Simulated filaments were seg-
mented at varying SNR levels using three different methods: the Threshold method (black),
the Active contour method (blue), and our proposed method (red). The total error in pixels
for each segmented pixel with respect to the ground truth is plotted as a histogram of prob-
ability density function. The inset displays the average and sigma of a Gaussian fit to each
histogram (n = 2880). A representative image of an input filament at the specified SNR is
shown adjacent to each histogram for visual reference.

D.1.1 Supporting videos
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Video SVD1: Representative time-series of filament knot resolution with tracked
contour. The fluorescence microscopy time-series of a filament undergoing self-intersection
(gray) overlaid with the segmented and tracked contours. KnotResolver parameters used to
automatically track the series without manual intervention were: intensity threshold = 0.46,
contour iteration = 10, contraction bias = 0.4, smooth factor = 0.2. Scalebar: 2 µm, interval
between frames (δt): 10 s.
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Video SVD2: Representative time-series of filament knot resolution with
Frenet–Serret vectors overlaid. The fluorescence time-series of bent and crossing-over
filaments are overlaid with tangential vectors calculated along the segmented skeleton using
proposed pipeline. KnotResolver parameters used for segmentation: intensity threshold: 0.5,
contour iteration: 10, contraction bias: 0.4, smooth factor: 0.2, manual correction: frames
(17, 67, 69). Scale: 2 µm, ∆t = 10 s.
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Video SVD3: Representative time-series of filament knot resolution with multiple
intersecting filaments. The fluorescence time-series of filament showing sustained oscilla-
tions. A second crossing filament can be seen in the background which does not affects the
segmentation of the main filament. KnotResolver parameters used for segmentation: inten-
sity threshold: 0.3, contour iteration: 50, contraction bias: 0.25, smooth factor: 0.5, manual
correction: None. Scale: 2 µm, ∆t = 10 s.
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Appendix E

Bacterial cell morphology analysis1

E.1 Abstract

The regulation of scaling relationship between surface area and volume in bacteria is a

fundamental question in cellular physiology. Quantifying it requires accurate measure-

ment of cell dimensions and its change during growth and division. Here, we present

a baseline MATLAB segmentation pipeline for quantitative analysis and tracking of

bacterial cell shape and morphology. This pipeline combines basic image analysis algo-

rithms to extract precise measurements of cell length, width, and other morphological

parameters from microscopy images. The pipeline can be fine-tuned for various imaging

modalities such as phase contrast, fluorescence, and DIC microscopy.

E.2 Introduction

The size and shape of bacterial cells are fundamental characteristics that influence var-

ious aspects of their physiology and adaptation [299]. Quantifying and understanding

how cell morphology scales with increasing size is crucial for understanding the mecha-

nisms governing growth, division, and nutrient uptake [260]. Escherichia coli, a model
1Primary data acquisition by Tanvi Kale
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rod-shaped bacterium, has been extensively studied as a model system to study the

homeostatic systems regulating its stereotypical size and shape [31, 130, 205, 260].

In this work we developed a flexible tool that combines basic image processing algo-

rithms to precisely quantify and analyze bacterial cell morphology. This quantitative

data generated using this tool was used to study scaling relationship between surface

area and volume in the model organism Escherichia coli [130]. The tool was also used

for tracking individual cells through successive frames and to reconstruct growth tra-

jectories and division events, allowing for the investigation of morphological changes

throughout the cell cycle [130]. The tracking module was imported from DICOT as

discussed in chapter 2 2. The major limitation of this tool is poor separation of cell

when they are close to each other. A possible solution is to combine cellpose annotation

as it is robust in separating closely placed cells with our output [251].

E.3 Methods

In order to detect cell outlines, we developed an analysis pipeline in MATLAB (Math-

works Inc. Natick, MA, USA) using functions provided through the Image Processing

Toolbox. The function names in italics are MATLAB functions. Sample image from

each microscopy modality used is shown in Figure.D1(A). The workflow is as follows:

1. Image preprocessing : All input images were intensity adjusted using imadjust

before segmentation.

2. Seed Identification : Cell outlines were identified by a combination of edge-

detection by the Canny method [32] and gap filling (imfill). This binary output

formed our initial estimate of the cell position. A representative output is shown

in Figure.D1(B).

3. Active contour optimization : Cells were filtered based on a minimum so-
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lidity criterion between 0.3 and 1 to remove small and irregular objects. Then

the cell boundaries were optimized using an edge-based active contour method

(activecontour) [134], with a smoothing factor 1 and a contraction bias of −0.1.

The alternative "edge" optimization is "Chan-vese" which is based on an energy

model [36]. The switch between these two can be made by the user.

4. Manual filtering : Optimized contour boundaries were overlaid on the original

input image and artifacts were interactively deselected to avoid cell debris and

out-of-focus cells that have escaped our filtering criterion.

5. Cell morphometry : The remaining cells with contours were analyzed for length

and width by first detecting the midline. The midline is found by vertically

aligning the cell major axis and then iteratively finding the midpoint along the

vertical axis. This approach results in sub-optimal results when the cell is long

and not oriented at right angles. The widths are then taken by averaging the 3rd

and 4th quartiles of the orthogonal distance between the midlines and the contour

boundaries. By taking only the top 50% values, we exclude narrow widths at the

ends of the cell from the analysis. The binary skeleton of a sample E. coli cell

with mid-line (red) and widths (green) overlaid is shown in Figure.D1(D).

The MATLAB code was used in Kale et. al 2023 [130] with minor modifications.

The code is available as open source and can be downloaded from (here)
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Figure D1: E.coli cell analysis pipeline for DIC, phase and fluorescence images.(A)
Example images from Fluorescence, DIC, and Phase-Contrast microscopy. (B) Workflow
of segmentation steps starting from the left, seed identification using Otsu’s threshold [207],
followed by active contour-based optimization using the intensity threshold image as the initial
seed. The final outlines are shown in the last montage. Neighboring cells are removed either
based on the convexity of the contour or depression in the boundary intensity level. (C) Shows
the final outline contour with the midline in red and the perpendicular lines from the midline
intersecting the boundary as green lines.
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Appendix F

RBC cytoadhesion detection in

microfluidics chamber1

F.1 Abstract

Malaria is a significant global health threat. Understanding of the parasite’s complex

life cycle is therefore, neccessary to develop effective interventions. The infection of red

blood cells (RBCs) is a crucial aspect of the parasite’s infection cycle. However, de-

tecting such an interaction in blood vessel environments and monitoring any variation

following vaccine treatment is difficult. To address this issue, a novel strategy com-

bining antigenic peptides and microfluidic chambers was proposed [60]. In the study,

infected RBC (iRBBC) can be observed to make contact with epithelial cells lining the

microfluidic chamber which simulates real blood vessel conditions. To facilitate the

measurement of iRBC contact and potentially track these occurrences, we introduce a

Deep Learning method to detect all RBC flowing within the microfluidic chamber. This

method was used to accurately quantifies RBC adhesion dynamics within microfluidic

chambers, demonstrating changes in cytoadhesion frequency with different antibody
1Primary data acquisition and study design by Bhagyashree Deshmukh, Plasmodium Epigenetics

Lab, IISER Pune
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treatment [60]. This tool can be used for studying cytoadhesion mechanisms which

could improve our understanding of infection dynamics, contributing to the develop-

ment of effective malaria vaccines.

F.2 Introduction

Malaria remains a significant public health concern in developing nations. During the

blood stage, merozoites attach to erythrocytes and express virulence proteins which

facilitates cytoadhesion, and sequestration of infected RBCS (iRBC) in vital organs

[52, 204]. Antibodies against these proteins exhibit neutralizing effects, and have

tremendous potential as vaccine candidates [42].

Traditional static assays have been instrumental in evaluating the efficacy of drugs,

antibodies, and pharmacological agents in inhibiting the cytoadhesion of RBCs to

target cells [8]. However, these assays lack the ability to replicate the complex in-vivo

conditions that influence cell-to-cell interactions [16, 57]. This is crucial as dynamic flow

conditions in blood vessels result in varying iRBC (infected RBC) behaviors, such as

rolling motion, tumbling, or firm adhesion, depending on receptor interactions which

has important implications on infection efficacy [57]. To mimic these physiological

conditions, our collaborator combined an organ-on-chip system with a microfluidic

device [60]. In this system primed HBEC-5i (cerebral microvascular endothelial cell

[222]) cells were seeded onto the capillary, and the parasite culture (diluted to 0.15%

hematocrit) was passed through the capillary at 25 mbar pressure. These conditions

resemble deep capillary beds and in our initial observation iRBCs indeed exhibited a

slow-rolling phenotype and firm cytoadhesion, while healthy RBCs did not interact

with primed HBEC-5i cells. However, manual detection of these events proved to be

difficult with very long time datasets and fast-flowing background noise. Therefore, we

aim to develop an automatic detection system for quantifying cytoadhesion dynamics
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within microfluidic chambers which could offer insights into the infection dynamics of

malaria and aid in the study of vaccine efficacy.

F.3 Methods

To quantify cytoadhesion, we created an image analysis pipeline to accurately detect

stationary RBCs within the experimental system. Additional details on the experimen-

tal setup, antibody development and study design can be found here [60]. An initial

exploratory analysis of the video data generated revealed several challenges, these were,

significant background noise caused by RBCs flowing in the background and the pres-

ence on endothelial cells, and detection inconsistencies due to the changing orientation

of RBCs as they flowed in the microfluidic chamber. A representative frame displaying

these challenges is shown in Figure F1(A). To address these challenges, we proposed

a two-step detection framework. First step involves image filtering with a Laplacian

of Gaussian (LoG) filter and a second, post-processing classification of detections into

in-focus and background which includes out-of-focus RBCs and epithelial cells.

The filtered RBCs are then tracked and checked if stationary. The approach of first

detecting all intensity peaks from the time frames is motivated by apparent intensity

peaks which correspond to RBC locations as shown in Figure F1(B). The detection

output is overlaid for a separate ROI and is shown in Figure F1(C). The steps are

detailed next.

1. Intensity Peak Detection: A Laplacian of Gaussian (LoG) filter is utilized to

detect intensity peaks indicating potential RBC locations. The filter parameters

used were σ, which is the standard deviation set at 1.5 and filter size k of 11.

2. CNN based classification of "In-Focus" RBCs: We used a shallow convo-

lutional network to check for "in-focus" RBCs. To create a robust dataset that
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Figure F1: RBC detection using LoG filter. (A) Cropped ROI region from a single frame
of the time series of the data acquired in the microfluidic chamber. The selected ROI is rescaled
and converted to grayscale. (B) Intensity mesh plot from ROI shown in (A) is displayed, and
intensity peaks in yellow can be seen corresponding to the RBCs and background, which
includes the endothelial cells. (C) Output of blob detection pipeline using LoG filter (σ: 1.5,
k:11) is shown as red dots overlaid on a sample ROI taken from the same time series.

represents all possible geometries of RBCs in the microfluidics chamber, we took

a noisy student annotation approach [289]. In this approach, we first manually

annotated RBCs (n=100) and background (n=2000) and trained the network to

separate them, representative images from the two categories are shown in Fig-

ure.F2(A). The image data is a 32x32 window crop around each LoG detection.

The network was then used to automatically classify LoG detections into pseudo-

labels of RBC and non-RBC categories. The RBC class detections were then

manually checked to quickly create a dataset of nearly 2300 accurate detections

of in-focus RBCs. The rest of the detections were moved to the background class

(n=15000). The network was re-trained from scratch using this larger dataset.

The network training is shown in Figure.F2(B). We used random class oversam-

pling before network training. The network was trained with a learning rate of

0.001 with the stochastic gradient descent algorithm Figure.F2(C).

3. Classifier Accuracy Assessment : The network validation accuracy on the

oversampled dataest is 95.75%. We additionally applied a threshold probability

where detections with classification probability greater than 0.93 are used for

further analysis.
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4. Stationary detection Filtering: All detections were first filterd based a "Sta-

tionary" criterion to refine detected RBCs based on spatial and temporal sta-

bility. This is defined as the prescence of another detection within a threshold

distace of 10 pixels (∼diameter of RBCs) for 5 consecutive frames. Output of

the classification and stationary detection filtering is shown in Figure.F2(D).

Visually, we could confirm that our analysis results in accurate selection of station-

ary RBCs in microfluidics experiments. The detection method can be further developed

to distinguish between different adhesion dynamics such as rolling and tumbling. In the

future, we would like to address this limitation and perform a more thorough evaluation

of RBC adhesion trajectory.
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Figure F2: LoG detection filtering to detect "in-focus" RBCs using CNN. (A) Exam-
ple images from the positive class and negative class. Positive class contains LoG detections
where RBC images are in focus and clearly visible. Negative class contains LoG detections
that belong to the background or out-of-focus RBCs. (B) CNN training for binary classi-
fication between positive and negative class. Accuracy (blue) and loss (orange) metrics for
the tranining (solid lines) and validation (dotted dashed lines) split are shown. (C) Final
validation accuracy (95.75%) and training hyperparameters are shown. (D) LoG detections
are shown in the top montage and post-processed CNN classifications labelled as the positive
class are shown in the bottom montage. Cropped ROIs show the zoomed-in regions of the
respective ROIs.
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Appendix G

Microtubule tip detection and

tracking in gliding assays using deep

learning

G.1 Abstract

Quantitative information on motor proteins and microtubules can be extracted through

in vitro gliding assays. However, existing tools often suffer from limitations in detec-

tion accuracy and tracking performance, especially in crowded environments where

multiple filaments intersect. In this study, we have developed an MT tip detection

pipeline for microtubule tip tracking, which can be combined with KnotResolver for a

thorough analysis of MT gliding mobility. In the tip detection model, we implemented

a RetinaNet model architecture, with a ResNet-50 backbone and a feature pyramid

network (FPN), for accurate tip detection in gliding assays. In this preliminary work,

we showcase the application of this network on a simulated dataset of MT gliding as-

says. For improved tracking, post-detection linking of microtubule tips and skeleton

is performed using a multiple object tracking algorithm. The pipeline demonstrates
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robust microtubule tracking performance, particularly in high-density image scenarios.

In the future, we aim to fine-tune this baseline network to experimental time series.

G.2 Introduction

Microtubules (MTs) play a crucial role in various cellular processes, and their dynamic

behavior is of significant interest in cell biology research. Quantitative analysis of MT

dynamics, particularly through in vitro gliding assays, offers valuable insights into the

underlying molecular mechanisms governing cellular functions. Several tools for MT

tracking and analysis exist [208].

TSOAX, introduced by Xu et al., is a notable open-source software tool designed

for tracking biopolymer growth and network deformation from 2D and 3D time-lapse

microscopy images [292]. TSOAX extends the capabilities of the SOAX software to han-

dle time-lapse movies, employing stretching open active contours and a combined local

and global graph matching framework to establish temporal correspondence between

growing and intersecting filaments across frames [293]. This allows tracking of inter-

secting filaments. This tool has been utilized to track individual filaments or network

branches. FiberApp, developed by Usov and Mezzenga, is another open-source software

tool designed for tracking and analyzing polymers, filaments, biomacromolecules, and

fibrous objects from microscopy images [271]. FiberApp provides automated detection

and tracking of individual fibers using adaptive thresholding and skeletonization. This

tool supports input from various microscopy modalities and has been applied to study

the assembly and dynamics of diverse fibrous systems. Mosby et al. introduced a

Python-based automated tracking routine for myosin II filaments, enabling tracking of

individual filaments in fluorescence microscopy images of in vitro motility assays [193].

This routine utilizes similar image processing techniques to FiberApp. The software

outputs a range of metrics for each tracked filament, facilitating high-throughput anal-

159



ysis of myosin II filament behavior. Ruhnow et al. developed an algorithm for tracking

single particles and elongated filaments with nanometer precision, improving the detec-

tion accuracy of MTs [232]. This algorithm precisely localizes the centerlines and tips of

curved filaments with nanometer precision using multiple Gaussian models. Recently,

Kapoor et al. introduced MTrack, a software tool for automated detection, tracking,

and analysis of dynamic microtubules with high precision [132]. This tool automates

the quantification of microtubule seeds by using Maximally Stable Extremal regions

(MSER) algorithm, to each identified seed a sum of 2D Gaussians is fit to determine

seed location with subpixel accuracy. Additionally, 2D Gaussian polynomial models

are employed to track growing filaments that is robust to filament intersections.

Overall, these software tools contribute significantly to advancing our understand-

ing of biological processes by automating the analysis of filamentous structures in

microscopy images, enabling high-throughput and quantitative studies of cytoskeletal

dynamics and other related phenomena. However, existing tools for MT tip detec-

tion and tracking often exhibit limitations in accuracy and performance, especially in

crowded environments where multiple filaments intersect, presenting challenges for re-

liable analysis. A key limitation is either stringent criterion of filament geometry which

assumes straight geometry or inability to track highly curved MT which are observed

in in vivo scenarios [23]. We have already made significant advances in tracking self-

intersecting and buckled filaments in Chapter 5. We complement KnotResolver with

an automated tip detection framework that can be used to improve tip localization and

tracking of microtubules in complex environments.
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G.3 Methods

G.3.1 A gliding assay database

We construct a gliding assay database using Cytosim [199] and MATLAB [191]. The

simulation parameters are detailed in Table.G.1. The MATLAB script GenerateAnno-

taion.m was used to simulate gliding assays multiple times, in a loop for n iterations.

During each iteration, it executes the command ./sim GlidingAssay.cym to simulate

the gliding assay using cytosim and saves the output using the ./play movie object

command.

Parameter Value Parameter Value
time_step 0.1 viscosity 1
precondition 0 display zoom=1.55, size=512
shape periodic length 10 x 10
rigidity 0.25 segmentation 0.02
display line_width=2 binding_rate 10
binding_range 0.01 unbinding_rate 0.3
unbinding_force 5 activity move
unloaded_speed 2 stall_force 6
display visible=0 stiffness 100

Table G.1: Gliding assay simulation parameters.

1. Extracting tip and contour coordinates from simulation output: After

each simulation, the script retrieves all created ppm files and processes them. For

each ppm file (image output of Cytosim), we extract the green channel, remove

any non-green pixels, and convert the remaining image into a binary format.

From the binary image filament coordinates are extracted and saved along with

the frame ID and simulation ID in a structured array which is saved as a .csv

file.

2. Simulating experimental gliding assays: To create gliding assays similar to

experimental datasets, we first dilate the filament contour with a diamond struc-
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Figure G1: Simulating experimental time series using cytosim. (A) Show image pro-
cessing from left to right: binary skeleton output from the cytosim simulation, PSF convovled
image and final image with background noise. (B) A representative ROI from experimental
datasets where MTs are labelled with flourescent markers. (C)-(D) Surface plot showing
intensity profile in 3D for simulated dataset in (C) and experimental dataset in (D).

ture element of pixel size 2, Figure.G1(A). This can be increased to create thicker

MTs. To the dilated contour, we convolve the filament with a Gaussian kernel

to replicate the point spread function (PSF) of a fluorescent molecule. Finally,

background shot noise is added using a Poisson distribution [121] , Figure.G1(A).

Additionally, the end coordinates of the filaments are saved to create a ground

truth dataset. The ouput image surface profile is compared to a experimental

time series in FigureG1(C-D).

G.3.2 Filament tip detection network training

The detection network implements a RetinaNet model for tip detection in images [157].

The model backbone is based on ResNet-50 architecture with a feature pyramid network

(FPN) for multi-scale feature extraction [117].
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1. Network training: The network is trained using stochastic gradient descent

(SGD) optimizer on a COCO-style dataset prepared from tip annotations as

detailed in the previous section. The learning rate (lr) was set to 0.005, with mo-

mentum=0.9 and weight decay of =0.0005. The dataset is split into training and

validation sets to monitor the model’s performance during training. Pretrained

weights of resenet50_fpn from the torchvision library were used [174].

2. Data augmentation: Input images were augmented using random horizontal

flips with a probability of 5. Network was trained for 5 epochs with batch_size

of 2 using Nvidia P1000 GPU.

3. Tip tracking: The ouput coordinates predicted by the network are tracked using

CentroidTracker provided by motrackers with default parameters [61].

In future iterations of this study, several enhancements could be considered to

improve the effectiveness of the developed pipeline. Firstly, fine tuning the model on

experimental time series and establishing baseline metrics will potentially improve the

performace of this network. Different baseline network architecture can be explored

or advanced feature extraction techniques can be implemented [253]. Additionally,

data augmentation strategies tailored specifically for microtubule tip detection could

help improve the model’s generalization ability and robustness to variations in input

images. Furthermore, integrating additional features into the tracking process, such as

geometric priors or physical parameters, may lead to more accurate results, particularly

for experimental time series data.

163



Figure G2: Tip detection inference on simulated dataset. (A) Image shows the input
for the tip detection network. The image was converted to a tensor object before input. (B)
Image in (A) is overlaid with predicted tip bounding box detected with a >0.95 confidence.
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