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Preface

The recent advances in high-throughput technologies for functional genomics and
proteomics have revolutionized our understanding of living processes. However,
these technologies, for the most part, are limited to a snapshot analysis of biological
processes that are by nature continuous and dynamic. Modern visual microscopy
enables video imaging of cellular and molecular dynamic events and provides
unprecedented opportunities to understand how spatiotemporal dynamic processes
work in a cellular and multicellular system. The application of these technologies is
becoming a mainstay of the biological sciences worldwide. To gain a more
mechanistic and systematic understanding of biological processes, we need to
elucidate cellular and molecular dynamic processes and events.

Video Bioinformatics as defined by the first author (BB) is concerned with the
automated processing, analysis, understanding, data mining, visualization,
query-based retrieval/storage of biological spatiotemporal events/data and
knowledge extracted from microscopic videos. It integrates expertise from the life
sciences, computer science and engineering to enable breakthrough capabilities in
understanding continuous biological processes. The video bioinformatics infor-
mation related to spatiotemporal dynamics of specific molecules/cells and their
interactions in conjunction with genome sequences are essential to understand how
genomes create cells, how cells constitute organisms, and how errant cells cause
disease.

Currently, new imaging instrumentation and devices perform live video imaging
to image molecules and subcellular structures in living cells and collect biological
videos for on-line/off-line processing. We can now see and study the complex
molecular machinery responsible for the formation of new cells. Multiple imaging
modalities can provide 2D to 5D (3D space, time, frequency/wavelength) data since
we can image 2D/3D objects for seconds to months and at many different wave-
lengths. However, data processing and analysis (informatics) techniques for han-
dling biological images/videos have lagged significantly and they are at their
infancy. There are several reasons for this, such as the complexity of biological
videos which are more challenging than the structured medical data, and the lack of
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interdisciplinary research at the intersection of life sciences and engineering and
computer science.

We already are at a point where researchers are overwhelmed by myriads of
high-quality videos without proper tools for their organization, analysis, and
interpretation. This is the main reason why video data are currently underutilized.
We believe that the next major advance in imaging of biological samples will come
from advances in the automated analysis of multi-dimensional images. Having tools
that enable processes to be studied rapidly and conveniently over time will, like
Hooke’s light microscope and Ruska’s electron microscope, open up a new world
of analysis to biologists, scientists, and engineers.

This interdisciplinary book on Video Bioinformatics presents computational
techniques for the solution of biological problems of significant current interest
such as 2D/3D live imaging, mild-traumatic brain injury, human embryonic stem
cells, growth of pollen tubes, cell tracking, cell trafficking, etc. The analytical
approaches presented here will enable the study of biological processes in 5D in
large video sequences and databases. These computational techniques will provide
greater sensitivity, objectivity, and repeatability of biological experiments. This will
make it possible for massive volumes of video data to be analyzed efficiently, and
many of the fundamental questions in life sciences and informatics be answered.
The book provides examples of these challenges for video understanding of cell
dynamics by developing innovative techniques. Multiple imaging modalities at
varying spatial and temporal resolutions are used in conjunction with computational
methods for video mining and knowledge discovery.

The book deals with many of the aspects of the video bioinformatics as defined
above. Most of the chapters that follow represent the work that was completed as
part of an NSF-funded IGERT program in Video Bioinformatics at the University
of California in Riverside. Several of the chapters deal with work that keynote
speakers presented at retreats sponsored by this program (Chaps. 14 and 16). Most
other chapters are work done by IGERT Ph.D. fellows who were selected to par-
ticipate in this program. The program emphasizes an interdisciplinary approach to
data analysis with graduate students from engineering and life sciences being paired
to work together as teams. These resulting chapters would likely never have been
produced without cooperation between these two distinct disciplines and demon-
strate the power of this type in interdisciplinary cooperation.

We appreciate the suggestions, support feedback and encouragement received
from the IGERT faculty, IGERT fellows and NSF IGERT Program Directors
Richard Tankersley, M.K. Ramasubramanian, Vikram Jaswal, Holly K. Given, and
Carol Stoel. Authors would like to thank Dean Reza Abbaschian, Dean Joe
Childers, Dallas Rabenstein, David Eastman, Victor Rodgers, Zhenbiao Yang,
Vassilis Tsotras, Dimitri Morikis, Aaron Seitz, Jiayu Liao, David Carter, Jerry
Schultz, Lisa Kohne, Bill Bingham, Mitch Boretz, Jhon Gonzalez, Michael Caputo,
Michael Dang and Benjamin Davis for their support and help with the IGERT
program. Authors would also like to thank Atena Zahedi for the sketch shown on
the inside title page. Further, the authors would like to thank Simon Rees and
Wayne Wheeler of Springer and Priyadarshini Senthilkumar (Scientific Publishing
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Services) for their efforts related with the publication of this book. The first author
(BB) would like to acknowledge the support from National Science Foundation
grants DGE 0903667 video bioinformatics, CNS 1330110 distributed sensing,
learning and control, IIS 0905671 video data mining, IIS 0915270 performance
prediction, CCF 0727129 bio-inspired computation, and DBI 0641076 morpho-
logical databases. The second author (PT) would like to acknowledge support from
the Tobacco Related Disease Research Program of California (18XT-0167;
19XT-0151; 20XT-0118; 22RT-0217), the California Institute of Regenerative
Medicine (CL1-00508), and NIH (RO1 DA036493; R21 DA037365).

Riverside, CA, USA Bir Bhanu
June 2015 Prue Talbot
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was acquired to evaluate efficacy of HT therapy.

a HRS derived core-penumbra superimposed on DWI
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restricted lesion expansion. Comparative HRS/DC
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Therapeutic effect of stem cells implanted in con-
tralateral cortex 3 days post HII. a HRS derived
ischemic core (red) and penumbra (blue) in serial
T2-weighted MRI data demonstrate partial restriction
of HII expansion as implanted NSC migrates from
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close to HII (rightward yellow arrow). b Volumetric
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(at a single imaging time-point) visualized Fe-labeled
NSCs (hypointensity regions) implanted in contralat-
eral ventricles and migrated to the lesion (right) site
though cerebrospinal fluid. HRS could detect small
NSC regions that, in future studies can be tracked in
serial SWI data to monitor NSC activity. b Superim-
posed NSC locations derived by HRS from serial
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Representative T2-weighted MR images and
pseudo-code for the automatic algorithm. a Represen-
tative Sham (surgery, no TBI) and a repetitive TBIL
The MR images were obtained 1 day after the first
(1st TBI) and the second (2nd TBI) injury.
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used to delineate the brain injury lesion. After the first
TBI there was primarily edema present but after the
2nd TBI there appeared significant amounts of blood
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tion represented by solid and dashed arrows. b dB

grayscale OCT image: thinned skull (s), cerebral cortex

(ctx), corpus callosum (cc), scale bar: 0.5 mm. ¢ 3D 4 x

2 x 2 mm volume rendering of 200 grayscale images. . . . . .
A-line preprocessing schematic. a Fringe magnitude
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used to correct wavenumber assignment in each pixel
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¢ Resulting dB intensity A-line with depth (mirror

image removed). d Resulting fringe magnitude plot
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3ylu3oHZEC4 . . . .. ..
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(min) of volume. 0-32: Control, 40-56: Seizure

activity, 64: post-overdose. Color bar percent change
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single stem cell; ¢ dynamically blebbing stem cell;

d apoptotically blebbing stem cell; e apoptotic stem
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ment . ... ... e e e e
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mental conditions. hESC were treated with ROCK
inhibitors (Y27632 and H1152) or blebbistatin,
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The morphology and spreading of hESC was affected
by treatment with ROCK inhibitors (Y27632 and
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tocol. a Phase contrast images from the first experi-
ment showed that treated cells were morphologically
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the treated groups. d The fold increase in spread area
was greater in the treated cells than in the controls in
the second experiment; however, the effect of Y27632
was not as great as previously seen. Data in (b) and
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spreading protocols. a Phase contrast micrographs of
hESC treated with Y27632 and the corresponding
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protocols. b Comparison of ground truth to area
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col in control and treated groups. ¢ Comparison of
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a Phase contrast image of hESC colonies taken at
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“(a)” created with the user-generated protocol (b) and
the professional protocol (¢). d Phase contrast image of
hESC colonies treated with Y27632 for 60 min. The
cells have many thin surface projections not present on
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user-generated protocol (e) and the professional
protocol (f) . . ... ...
Growth of hiPSC colonies over 48 h. a—c Phase
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times during growth. d—f The same control images
segmented using a CL-Quant protocol developed in
our lab. g—i Phase contrast images of smoke treated
iPSC colonies at various times during growth. j-1 The
same treatment group images masked using the same
CL-Quant protocol as applied to control colonies.
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rate. Data are means and standard errors of three
experiments. CN control . . . ..................
Growth of single mNSC. a—c Phase contrast images of
control mNSC at various times during growth over
48 h. d—f The same images after segmentation using a
protocol developed by DR Vision. g Graph showing
analysis for growth rate of control and treated cells
(solid lines) and ImageJ ground-truth for each group
(dotted lines). h Graph of control and treated mNSC
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showing confluency rate. Data are means and standard

errors of three experiments. CN control . ............

Migration of hESC colonies. a Masked phase contrast
image of a growing hESC colony during migration.

b Masked phase contrast image of a shrinking hESC
colony during migration. ¢ Masked phase contrast
image of a dying hESC colony during migration. d,

e Graphs showing total displacement/distance traveled
for each control and treated colonies. All CL-Quant
masking and tracking of colonies were done by
applying a tracking recipe developed by our lab. CN

control . . . ...
Diagram of Ibidi gap closure culture inserts . .........

Gap closure for mNSC and NTERA?2 cells. a—c Phase
contrast images of mNSC at various 3 times during gap
closure. d—f The same images after segmentation using
a protocol developed in our lab with CL-Quant
software. g, h Graph showing rate of gap closure for
control (blue) and treated NTERA2 cells (red) and the
corresponding ground-truth (dotted lines) obtained
using ImagelJ. i Graph of mNSC migration by mon-
itoring percent of gap closure over 44 h. j Graph of
NTERA2 cell migration by monitoring percent of gap
closure over 44 h. Data are means and standard errors

of three experiments. . .. .......................

Production of reactive oxygen species in hPF.

a—d Merged phase contrast and fluorescent images at
various times during incubation of control and treated
hPF with MitoSox Red. e Graph showing fluorescence
intensity in control and treated cells over time. CN

Control . . . ...

Quantification of neurons in neural differentiation
assay. a—c Phase contrast images of mNSC at various
times during incubation. d—f CL-Quant software
masking of mNSC phase contrast images to identify
the neurons within each frame. g Graph showing
quantification results obtained using the CL-Quant
software was similar to the ground-truth obtained using

the ImageJ software . . . . .......... ... ... .......

Pattern recognition of membrane compartments in leaf
epidermal tissue at cellular and subcellular resolution.
Merged confocal laser microscopic images show
Arabidopsis leaf epidermal cells. Top section
GFP-2xFYVE plants were imaged at 403 magnifica-
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tion (scale bar = 20 mm) and images analyzed by the
endomembrane script. Bottom section GFP-PEN1
plants were imaged at 203 magnification (scale bar =
50 mm) and images analyzed by the plasma membrane
microdomain script. a and b, Merged pseudo images.
¢ and d, Recognition of epidermal cells is shown by
colored lines. e, Recognition of GFP-2xFY VE-labeled
endosomal compartments is shown by colored circles.
f, Recognition of (b). Graminis induced GFP-PEN1
accumulation beneath attempted fungal entry sites
(indicated by arrowheads) is shown by colored circles.
Color coding is random, different colors indicate
individual cells compartments [25]. . ............
Cell wall stained by Propidium iodide: a Raw data of a
test image. b After anisotropic diffusion. ¢ Watershed
segmentation (from local minima) shown in random
color. d Final segmentation result. e Classification

of the segments. f Manually generated ground-truth for
segmentation and classification (modified from Liu
etal. [32]) ... e
Representation obtained by automatic tracking method
of the same tracking result from a cell tagged with
GFP-Rab6. a 3D trajectories of the detected objects.
The colour indicates the time window when an object
was detected. The z projection of the first 3D image
of the time-series is shown below the trajectories to
visualize the cell morphology (modified from Racine
etal. [35]) ... ...
Separation of the growth process into key blocks.
Cell growth requires the deposition of new cell wall
material. This deposition is controlled by internal
cellular dynamics, which are by far the most complex
partof the process . . ... ... .. .. ... ... ... ..
The dynamics of ROP1 in both the active form (-GTP)
and the inactive form (-GDP). In positive feedback
(left-to-right), ROP1-GTP promotes RIC4, which
promotes the assembly of the F-Actin network that
conveys ROPGEF to the sites of ROP1-GTP. ROP-
GEF converts ROP1-GDP to ROP1-GTP. In negative
feedback (right-to-leff), ROP1-GTP promotes RIC3,
which promotes Ca?* accumulation. Ca** destroys the
F-Actin network and stops the transportation of
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ROPGEF. With diminished localized concentration of
ROPGETF, global conversion of ROP1-GTP into

ROPI-GDP prevails. . . . ....... .. ... .. ... ...

Representation of ROP1-GTP activity as a 2-state
Markov process. The transition from
accumulation-to-decay is assumed to be the signal for

the start of exocytosis, which leads to growth . . . ... ...

Images showing the results of tip tracking for two
experimental videos (rows) of growing pollen tubes.
The number of images in each row denotes the number
of detected growth cycles. Each image shows the initial
tip shape (yellow), the models estimate of the final tip
shape (green) and the observed tip shape (red). The
first experiment shows straight growth while the
second shows both straight and turning tip behavior.

Please see Supplemental Materials for a video. ... ... ..

ROC plot of average accuracy of predicted shape as
pixel acceptance threshold increases from 0 to 10
pixels (0-0.58 pum). Error bars indicate standard
deviation. Statistics are obtained for approximately 64
predicted shapes from experiment 1 in Fig. 11.4. Over
90 % accuracy is achieved within 0.1 um (5.43 % of

cell radius) . ... ... ... ...

Elongation trend in the pollen tube shown in Fig-

ure 11.4, row 1. The blue curve is the cumulative sum
of the measured affine parameter for elongation (b) and
the red curve (dotted) shows the fit of Eq. (11.6) to the
data for each growth cycle (between vertical bars).
Curve agreement indicates that the Gompertz function
is suitable for explaining observed cell wall dynam-
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The general workflow in the image analysis pipeline . . . .

Registration methodology in sparse confocal image
stacks—a SAM located at the tip Arabidopsis shoot,
b raw images taken at consecutive time instances,

¢ segmented images after applying watershed seg-
mentation, d estimation of the corresponding landmark
point pairs, and e bottom image is registered to the top
image (the same color arrows represent the same

cell). . .

a, d The local graphs G and G, at time ¢ and # + 1 with
the central cells C and C’, respectively, and clockwise
ordered neighboring cell vertices Ny, ..., Ng and

Ni,...,N¢, b, ¢ two enlarged triangle subgraphs with
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indicated features N;, ,N;,—i;th and i,th neighboring
cells of C, N; , N} —jith and jsth neighboring cells of
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C', Oy, cn, (t)—angle between N;, C and N;,C,
QNJ(I N (t)—angle between N/ C" and N, C', Ic , (1),
lew, (r)—neighbor edge lengths, Iy (1+1),
J1
lCﬁN}l (t+ 1)—edge lengths, Ay, (1), Ay, (t)—areas
of the cells N;,,N;, Ay (t+1),Ap (t+ 1)—areas
1 J2

of the cells N]f] , N]fz .........................

a Raw consecutive images (the same color arrows
represent the same cells) and tracking results obtained
b without registration ¢ with MIRIT registration,

d with manual registration, and e with proposed
automatic registration. The same colors represent the
same cell. f Number of tracked cells across two
consecutive images. g Length of cell lineages . . . . . .
The overall diagram of the adaptive cell segmentation
and tracking scheme. . .. ..... ... ... ... ... ...
Optimization Scheme. a Schematic showing how to
integrate the spatial and temporal trackers for 4D
image stacks. b Adaptive segmentation and tracking
scheme for a certain image slices S (the kth slice at the
FHME POINE) . . o oot
The segmentation and tracking results using adaptive
method. .. ....... .. ... ...
The segmentation and tracking results in 3D stacks at
selected time instances. The segmented cells shown in
same color across consecutive slices (second, third,
and fourth slices) represent same cells .. .........
Visualization of the AQVT-based 3D reconstruction of
SAM cell cluster. a Visualization of the 3D recon-
structed structure of a cluster of around 220 closely
packed cells using convex polyhedron approximations
of the densely clustered data points for each cell, as
obtained from the proposed 3D reconstruction scheme,
b a subset of cells from the same tissue . . ........
Reconstruction of a cluster of cells using Euclidean
distance-based Voronoi tessellation and the proposed
AQVT for comparison of the 3D reconstruction
accuracy. a Segmented and tracked cell slices for a
cluster of 52 cells from the L1 and L2 layers of SAM.
A dense confocal image stack is subsampled at

a z-resolution of 1.35 um to mimic the ‘z-sparsity’
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observed in a typical Live-Imaging scenario. The slices
belonging to the same cell are marked with the same
number to show the tracking results. b 3D recon-

structed structure for a subset of these cells when
reconstructed using the Euclidean distance-based

Voronoi Tessellation. ¢ The AQVT-based reconstruc-

tion result for the same cell cluster. . . .. ..............
N. crassa life cycle. Neurospora grows by extension,
branching, and fusion of hyphae to form a colony.
Neurospora has two asexual sporulation pathways
(macroconidiation and microconidiation) and a sexual

cycle ..
Automated analysis of hyphal cell compartments.

(Left) Image of hyphae stained with Calcoflour-white.
(Right) Demonstration of automatic analysis software

results before selection of Neurospora regions. . ... ......
Determination of hyphal growth rate. a Length of the
midline of the hypha over time. The green dashed line

is the smoothed measurements from the solid blue line.

The smoothed measurements were obtained with a

moving average. b Rate of change in length of the

hypha over time (velocity). The results show that

hyphal growth is oscillating over time . ...............
Conidia images. Original image (leff) and after being
subjected to Gabor filtering (right). . . ................
Halo intensity histogram. The halo intensity distribu-

tion is located at the right of the histogram, while the
background distribution is on the left. As the result, the

halo stands out as part of detected cell regions by
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Multifactorial experimental design and associated

images can be visualized through the web. Each row
corresponds to thumbnail views of samples prepared

and imaged with the same set of experimental

factors . . ... .. ..
a An example of yYH2AX and 53BP1 co-localization on

a cell-by-cell basis. Blue is the DAPI (nuclear) stained
channel. Green corresponds to YH2AX, and red

corresponds to 53BP1. b Each nucleus and the
corresponding sites of foci are segmented . . . . ..........
Steps in delineating clumps of nuclei . ... .............
Detection of foci on a cell-by-cell basis for two

nuclei. . . ...
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Representative phenotypic signatures of the DNA
repair sites, as a function of time, indicates that the
repair mechanism is typically complete within the first
15 h following the radiation exposure. . . .........
a Amount of colocalization of 53BP1 (source channel)
and YH2AX (target channel) foci in 2D cultures of
stationary MCF10A cells after iron ion exposure over
time. The amount of foci overlap is given in paren-
thesis. Data points represent the average of three
independent experiments. b Amount of colocalization
of 53BP1 (search channel) and yH2AX (target chan-
nel) foci in 2D cultures of cycling MCF10A cells after
iron ion exposure over time. Amount of foci overlap is
given in parenthesis. Data points represent the average
of two independent experiments. ¢ Amount of
co-localization of 53BP1 (source channel) and y-
H2AX (target channel) foci in 2D cultures of stationary
MCFI10A cells after iron ion exposure over time for
50 % (0.5) foci overlap. Error bars represent the
standard deviation of three independent experiments. .
Cofilin Modulation in Dendritic Spines. The activity of
cofilin can be regulated by altering its phosphorylation
state: (/) NMDAR-mediated Ca* influx, which acti-
vates calcineurin and dephosphorylates cofilin by SSH;
(2) Racl-PAKI1-LIMK signaling cascade downstream
of Ephrin/EphB receptors, which phosphorylates
cofilin; and (3) activation via a light-controllable
PA-Racl. Pathway (I, green) can lead to F-actin
severing and loss and/or reorganization of dendritic
spines, or formation of cofilin-actin aggregates called
rods. Pathways (2, red) and (3) are proposed to lead to
polymerization of F-actin and stabilization of spines. .
Experimental schematics of cell culture, transfection,
and photoactivation methods of the hippocampal
neurons. a Primary hippocampal neurons were isolated
from the hippocampus of embryonic day 15-16
(E15-16) mice, dissociated enzymatically, plated onto
poly-D-lysine and laminin-plated glass coverslips, and
allowed to mature in culture for 1-4 weeks. b The
cultures were transfected at 14 days in vitro (DIV)
using calcium phosphate method to overexpress
PA-Rac and GFP-tagged-wt-Cofilin (shown in green).
The live changes in cofilin localization were recorded
by tracking the GFP signal, while simultaneously
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