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Skeletonization and fractal analysis of microglial cells in neonatal brain
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Department of Chemical Engineering

Microglial cells can assume a range of morphologies that exist on a continuum, spanning from
ramified, to bushy, to an amoeboid phenotype. Studies show that the morphology of microglial cells
can be correlated with severity of injury and response to treatment in traumatic brain injury and
neurodegenerative diseases such as Alzheimer’s disease, underpinning the importance of
understanding microglial morphology. In recent years, fractal dimension has become a proven
measure of microglial morphology. However, research that analyzes fractal dimension often
requires multiple software platforms to perform the analysis, making the analysis inefficient and
computationally expensive. In this work, we introduce a compiled, automated Python package to
analyze microglial morphology called Skeletonized Cell Analysis of Regional Features, or SCARF. By
applying proper thresholding techniques, images are segmented, binarized, and skeletonized to
simplify the complicated cell structure of microglia. Individual objects are then accessed via a
number of morphological features and compared between different treatment groups or brain
regions. From this Python package, we can also measure the fractal dimension of extracted
skeletonized objects to quantify the morphological complexity of the microglial cells in response to
injury and treatment. This study serves as an inspiration for future automated work in image
analysis, as an easily obtainable package for relevant researchers, with gentle learning curve and

can be easily customized to accommodate different field of study.
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CHAPTER 1: Introduction

1.1 Brain cells morphology and brain disease

Brain cells play important roles in normal brain functions. Vital aspects in our daily life, such as
perception, sensation, emotion and speech, depend on a range of cell types in the brain. These
functions are related to the morphological structures of brain cells. In addition, in diseased brains,
the morphological heterogeneity of brain cells are found to be altered compare to healthy brains.}=3
For example, in the brain affected by Alzheimer’s disease, different levels of astrocyte heterogeneity

are observed during different phases of the disease.l> Thus, changes in morphological heterogeneity

of brain cells can be an indicator of disease onset and disease progression.

1.2 Behavior of microglial cells and their morphology

Microglial cells are the resident macrophages of the central nervous system (CNS), accounting for 5-
20% of total glial cell population within the CNS parenchyma.*° Microglial cells are conventionally
known for their roles in immune defense. In recent research, their ability of actively interacting with
neurons and maintaining the functions of synapses are showcased.® While resting in their steady
state, microglial cells are highly ramified with branched processes.” These processes constantly
survey the nearby environment and actively contact synapses to modify and eliminate the synaptic
structure.® Microglial cells are activated when homeostasis is disturbed due to insult or manipulation
to the brain. In this upregulated state, microglial cells appear to be bushy, or in some cases amoeboid.
The morphological differences between resting and different activation states can be drastic and
distinct. Post injection of an inflammatory stimulus, microglial cell activation is detected by analyzing
the morphological phenotype across microglial cells population using fractal dimension analysis.’
Microglial cells also show regional difference in morphological phenotype and response to
inflammation .1° Therefore, microglial cell morphology can be used as a measure of changes in their

surrounding environment.

1.3 Relation between microglial cells morphology and CNS disorders

The relationship between microglial cells and neurodegenerative diseases that are closely related to
aging, such as Alzheimer’s disease and Parkinson’s disease, has been discussed in recent years.
Research shows that the morphological features of microglial cells gradually change as the brain
ages.!! Additionally, early and highly localized activations of microglial cells are recorded after
traumatic brain injury (TBI).!? These results, as well as many others, suggest that measuring
morphology to analyze microglial activation state can be one indicator of pathological onset and

severity in both chronic disease and acute injuries.
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1.4 Quantification of microglial cells features with automated work pipeline

Conventional analysis of cell morphology requires extensive human intervention.!> When dealing
with large sets of images, it is time-consuming for researchers to identify the cells of interest and
make comparisons to existing data one image at a time. Studies of microglial cell morphology using
software have emerged over the past decade.'*~1® However, these studies often use different
software in each step of analysis, reducing the reproducibility and efficiency of the workflow. To
automate the image processing and increase efficiency, [ developed the Skeletonized Cell Analysis of
Regional Features (SCARF) package. The idea of SCARF is adapted from diff register, a Python
package developed by former Nance lab member Dr. Chad Curtis. SCARF is designed to extract
microglial cell features from the skeletonized images. The SCARF package is constructed with Python,
one of the most popular programming language and data analysis tools. SCARF features a simple yet
customizable work pipeline that requires only minimum knowledge in programming for the user.
SCARF is fully written with Python and open-source libraries. With SCARF, the microglial
morphological features as well as fractal dimensions can be analyzed in an automated way. Figure 1-

1 shows the proposed workflow for SCARF.

raw image

!

split channel

Cellbody ~~ _—" —~—_  Cellnudei

binarization binarization

! !

] skeletonization Intensity profile
l analysis

Origin of nuclei
classification

Fractal dimension
analysis

Cell feature
subtraction

Figure 1-1 The schematic diagram of proposed workflow of SCARF.
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CHAPTER 2: Methods
The SCARF package analyzes fluorescence microscopy images. Images are provided as .tiff files by

former Nance lab member Kate Hildahl for package development and result evaluation.

2.1 Computational setup

The SCARF package is finalized and compiled in Python 3.8. This package uses built-in library in
Python, primarily NumPy 17 and Scikit-Image 8, as well as some external library and package such
as Skan.® To run the package, all necessary libraries must be installed to the local Python file location.
All the version numbers of necessary libraries are recorded in the GitHub repository
(https://github.com/Nance-Lab/scarf). A detailed setup instruction of the package can be found in
the GitHub repository.

2.2 Image treatment before processing

The SCARF package is designed to process and analyze fluorescence microscopy images with two
channels, Ibal stained for microglial cell body and DAPI stained for cell nuclei. A set of image
treatment is applied to simplify downstream analysis, as well as prevent possible error in rare
occasion. First, channel splitting separates Ibal and DAPI channel for individual access. For each
channel, a distinct variable name is assigned for downstream usage. After that, image pixels are
normalized to a fixed range from 0 to 255. For compatibility with NumPy in downstream analysis,

the data type of pixels array is also reassigned as 8-bit unsigned integer (uint8).

2.3 DAPI stained channel for cell nuclei
In order to capture the objects, the DAPI stained channel of the image undergoes a series of
thresholding, segmentation, and object extraction. Individual objects on the image can then be

further accessed.

2.3.1 Image binarization

First, we apply Otsu thresholding function with Scikit-Image on the image array of normalized DAPI
stained channel. Otsu is one of the most robust thresholding methods, and it is popular for precise
thresholding when the objects are not extremely complicated. Cell nuclei tend to be amoeboid, so it
is simple enough for Otsu to achieve a good threshold. The output of Otsu function is then used to
map out the object in binary form, consisted with only true or false in the image array. Then, the
potential small holes generated by the thresholding is filled with binary_fill_holes function in Scikit-
Image. Finally, objects that is smaller than 50 square pixels are removed from the binary image array.

The removal of small objects prevents the background noises from being considered as actual objects.

11



2.3.2 Object-based analysis for cell nuclei

Individual objects from the binarized image can be accessed using regionprops function from Scikit-
Image. The regionprops function returns a list of region properties for each object respectively,
containing multiple attributes such as coordinate and area of the object. By marking the coordinate
of individual object on Ibal channel skeletonized image, objects that locate in the microglial cell body
area are considered microglial cell nuclei. This can separate microglial cell nuclei from other nuclei

in the image.

2.4 Ibal stained channel for microglial cells

The objects in Iba 1 channel of the image are segmented into binarized form with various approach
of thresholding. Different pipeline of binarization is applied depending on the intensity ratio between
object and background, orientation of objects and background noises. After binarization, objects are

skeletonized and extracted for downstream analysis.

2.4.1 Image binarization for image without quality loss

For optimized binarization result, a unique set of image array processing is developed to address the
complexity of microglial cell body. First, the object filter array and the background filter array are
established in order to calculate the binary mask array. The object filter array is calculated from local
area, whereas the background filter array is calculated from a wide area. For each pixel, the value of
object filter is the median intensity within area of structuring element star(2) with respect to the
pixel coordinate. The value of background filter is determined with similar approach, but using

star(15) instead. The binary mask array is calculated with the two filters:

true,if (object filter — 0.5 X background filter) > 60

binary mask array = {false, if (object filter — 0.5 X background filter) < 60

The closing function in Scikit-image is then applied to eliminate small dark spot in object and connect
small bright cracks. Finally, objects with area smaller than 350 square pixels are removed from the

binary image.

2.4.2 Image binarization for image with severe background noises

In the case when background noises are unavoidable in the image, object can be better filtered with
certain adjustments in the binarizing process. To capture the edge of the objects in a noisy
background, using star(4) instead of star(15) as the structuring element when calculating

background filter. The binary mask array is then calculated as:

12



true,if (object filter — 0.65 X background filter) > 60

binary mask array = {false, if (object filter — 0.65 X background filter) < 60

Changing the multiplier from 0.5 to 0.65 can reduce the chance of falsely include background noise

as part of the object.

2.4.3 Image binarization for image including object with discontinued intensity

Erosion method can help fixing objects with discontinued intensity. First, calculate object filter array
in area of structuring element star(3). Based on the object filter, the edge filter array is obtained by
applying Prewitt edge detection function in Scikit-Image. The opening function in Scikit-Image is then
applied on the edge filter array to remove small bright spot and link the small dark cracks together.
The background filter array is established by taking the mean value of the edge filter array. The edge

filter array and the background filter array are used to calculate the binary mask array:

true,if edge filter > background filter

binary mask array = {false, if edge filter < background filter

Using the returned binary mask array, the binary image array is constructed with the reconstruction
function running erosion method. Finally, Small holes and objects smaller than 350 square pixels are

removed to clean up the binary image.

2.4.4 Image skeletonization

The final binary image is skeletonized using skeletonize function in Scikit-Image. In some cases, the
skeletonized objects appear to be discontinued at the thinner part of the objects. In order to address
the discontinuity in the objects, the dilation function is then applied to connect small fraction at the
end of the object. By Using the dilation function, better object connectivity can be achieved. The
separated skeletonized objects are also used in the fractal analysis process to obtain the fractal

dimension.

2.4.5 Object extraction and removal of unwanted objects

[ next ran regionprops function on the skeletonized image to obtain the list of regional property. In
the case when the original image has overlapping objects or objects that are too hard to recognize,
the removal of problematic object is possible. After manually assigning the coordinate of problematic
object, the removeObject function in SCARF package can remove the identified problematic object

from the regional property list. This excludes the object from downstream branch feature analysis.
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2.5 Branch feature subtraction and analysis

The Skeleton function in Skan is used to obtain relevant information in the skeletonized image. The
summarize function can return a pandas 2° DataFrame for easier access of the result data. The output
DataFrame contains data such as branch length distribution that can be used to further analyze the

branch feature difference between different treatment groups and regions.

2.6 Fractal dimension calculation with FracLac

The fractal dimension of extracted objects is calculated with FracLac,?! an extension plugin in
Image].?2 Individual objects go through the box counting fractal and lacunarity analysis method in
FracLac. This method calculates the Minkowski dimension by setting up grid and counting boxes that

covers the object. For this calculation, the grid number is set to 1.
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CHAPTER 3: Image process pipeline development and cell feature subtraction

In some cases, microscopy images contain a defect that can interfere with the image processing. To
avoid such interference, I developed two pipelines that can accommodate severe background noises
and discontinuity in pixel intensity which are added to SCARF. The downstream analysis results

using the improved pipeline are shown later in the chapter.

3.1 Thresholding and binarizing for different image conditions

Since the image is binarized at the beginning of the process, different binarization function and
parameters can have a huge impact to downstream process and final analysis. | developed three
binarization pipelines to cover the majority of the image conditions. Figure 3-1 shows the flow chart
of three pipelines. When the result is still poor with these adapted pipelines, manual adjustment of
parameter is also possible to deal with troublesome images that contain both background noises and

discontinued objects.

raw image

I

split channel &
normalized

IBA1

Low signal to noise ratio Discontinued objects
Regular image |

Set up filter to Set up filter to Set up filter to
remove noise remove noise remove noise
i h 4 h 4
Subtract background Subtract Subtract background
with smaller background with edge detector

structuring element

Reconstruct into

Apply thresholding Apply t.hreshc_)lding binarize image with
with higher value to to define objects morphological erosion
remove noise
l v vy
Fill holes Fill holes
Fill holes
+ h 4
Remove small Remove small Remove small
objects objects objects
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Figure 3-1 The flow chart diagram of three different binarization pipelines in Ibal channel. To

obtain better binarized images, use different treatment process according to the image condition.

3.1.1 Functions and parameter choice and adjustment for image with low signal to noise ratio

To avoid the background noises being considered as part of the objects, I adjusted the parameter
used in regular binarization process. Constructing the background filter array with a smaller
structuring element result in a sharper recognition along the edge of the object and reduces the
possibility of including the noise spots into the object. As a trade-off, however, the outline of the
object is not captured accurately if the intensity of cell body is not uniform. This pipeline is
recommended when the background noise is causing objects to overlap. Different size of structuring
elements and the binarizing result are compared in Figure 3-2. A list of functions and the

corresponding adjustable parameters are shown in Table 3-1.

Background filter array

Star(4) Star(8) Star(12)

Y
Star(2) a. # :%

X

Object

array

DAPI channel raw image

Figure 3-2 The effect of different structuring element sizes on the binarized result. For object filter

array, using smaller structural element provides sharper edge recognition.
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Table 3-1 Functions and parameter adjustment for regular image and image with low signal to noise

ratio.

Function

Parameter for
regular image

Parameter for
image with low
S/N ratio

note

filt_image = median()

selem = star(2)

selem = star(2)

Set up object filter

backg = median()

selem = star(12)

selem = star(4)

Set up background filter

filt_min = filt_image -

n * background Calculate binary filter

biim = filt_image > m

Generate binary image

selem = star(1) with closing function

full_im = closing() selem = star(1)

3.1.2 Functions and parameter choice and adjustment for image with discontinued intensity

To fill up the discontinuity intensity in objects, the reconstruction function is introduced to the
pipeline. By setting up the binary mask array with edge detector, the binary image before
reconstruction is slightly dilated comparing to regular process. The binary image is then
reconstructed by erosion to fill the dark part inside the object. Figure 3-3 compares the
reconstruction method and the regular binarizing process. A list of function and the adjustable

parameter for this pipeline is shown in Table 3-2.

Binarized image using erosion method Binarized image using regular method

DAPI channel raw image
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Figure 3-3 The comparison between regular and erosion method when the intensity is discontinued.
Compared to the regular method, the binarized image using erosion method captures the edge of the

discontinued objects accurately.

Table 3-2 Functions used in erosion method.

Function Parameter note
filt_image = rank.mean() selem = star(3) Set up object filter
edge = prewitt() N/A Set up edge filter with

Prewitt method

Generate temporary
openim = () selem = star(2) binary image with
opening function

filledim = reconstruction() Method = ‘erosion’ Generate final binary
image with erosion
Filled_im = binary_fill_holes() N/A method

3.2 Branch feature subtraction

The branch features of skeletonized objects are calculated and summarized with Skan. Images for
this project were taken using a confocal scanning laser microscope organotypic brain slices obtained
from the ferret brain. Ferrets were postnatal (P) day 21-23. Briefly, brain slices were exposed to
oxygen-glucose deprivation (OGD) for different exposure times, as we’ve previously described.?3
Non-0GD exposed slices serves as normal controls (NC). At specified experimental endpoints, slices
were fixed in formalin and stained with DAPI and anti-Ibal for microglia. Imaging settings were
optimized to capture microglial and nuclear morphology. Images were taken by former Nance Lab
member Kate Hildahl. Images were exported as .tiff files and shared via the Nance Lab shared Google

Drive.

18



3.3 Results
The distributions of skeletonized microglial cell branch length in different treatment groups and
regions are calculated and compared. Figure 3-4 shows the swarm plot and box plot of cell branch

length between 3 treatment groups, and the histogram is also shown as Figure 3-5.

60

Branch length {(um)
3

20 A

10 A1

Group

Figure 3-4 Distribution of skeletonized microglial cell branch length in organotypic ferret brain slices
exposed to 1hr OGD or 2hr OGD, and compared to NC. The three horizontal lines in the middle box of
the box plot represent 25th, 50th and 75th percentile.

350 1
0OGD2Zh

300 - 0GD1h
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Figure 3-5 Histogram of skeletonized microglial cell branch length of 1hr OGD, 2hr OGD and NC.
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The regional difference in microglial branch features is also compared in Figure 3-6.
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Figure 3-6 Distribution of skeletonized microglial cell branch length in different brain regions for 1 h

OGD, 2 h OGD, and NC conditions

3.4 Discussion

The skeletonized microglial cell branch length appears to be similarly distributed in different

treatment groups. The number of branches in 2hr OGD treatment group is significantly lower than

the other two treatment groups. This is possibly due to the higher cell death rate results from longer

exposure time of OGD, as well as the remaining living microglial cells taking a less ramified activation

state. Due to the nature of skeletonization process, the more amoeboid the cell is, the harder for the

skeletonization function to pick up the distinct branch feature from the process. This explains the
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distribution curve of 2hr OGD being slightly flatter than the other two, as the skeletonization process

may not pick up the feature correctly.

The distribution of branch length in different region also appears to be highly similar. The branch
count is lower in regions such as basal ganglia, indicating that microglial cells in these regions are

less ramified and possibly having lower morphological heterogeneity.

The distribution results being similar show that for such kind of analysis, it is better to only pick
several images that are in good condition than using sets of images. That way, the slight distinction

in branch features can be captured by skeletonization process and present in the result easier.

3.5 Conclusion

The number of branches on skeletonized cells in 2hr OGD group is lower than the other groups,
although the distribution of branch lengths is comparable across all groups. The differences between
regions are relatively minimal, but still provides some indication in microglial cells behavior. The cell
count to branch count ratio can possibly be an indicator for the overall microglial cell activation state
in different conditions. The cell count to branch count ratio in different regions are compared in

Figure S3-1.

The study demonstrates the ability to correctly capture cell features in skeletonized form and analyze

branch feature and distribution with SCARF package.
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CHAPTER 4: Fractal analysis of skeletonized microglial cells

Fractal dimensions analysis has been proven to be a good indicator to describe the morphological
complexity in cell morphology studies.>® To calculate the fractal dimensions for an individual cell,
the cell body must be extracted from the raw image. With the skeletonization process in SCARF,
individual skeletonized cells can be extracted from the image and be analyzed. In this chapter, the
fractal dimensions of the OGD image set provided in Chapter 3 are analyzed using the SCARF

skeletonization process and FracLac fractal dimensions calculation.

4.1 Fractal dimensions and microglial cell phenotype

Quantifying the morphological features of microglial cells can be challenging. During different
activation state, microglial cells show a wide range of phenotypes that is hard to classify by human
eye and manually. In recent years, fractal dimension has proven to be a solid indicator of
morphological complexity in microglial cells.!*1® Fractal dimension is a measurement of self-
similarity in different scale of the image. When N is the number of new parts and S is the scale, the

fractal dimension D of an image is calculated as:

_lnN

N = SDF,DF—W

The visualization of box-counting method to calculate fractal dimensions is shown in Figure 4-1.2*

Figure 4-1 Visualization of the box-counting method to calculate fractal dimensions. Shape detalil is
captured by the box in different scales. As the scale of the object increase, more boxes are needed to

capture the shape detail.

22



4.2 Fractal dimensions of skeletonized cells
The fractal dimension of the skeletonized objects can be calculated with the box counting method in
FracLac. The same set of ferret brain slice microscopy images in Chapter 3 is used to analyze the

fractal dimension difference between different treatments and brain regions.

4.3 Results

The fractal dimensions of individual skeletonized objects are calculated with FracLac and saved to
Python as Pandas DataFrame. Objects that are below 300 square pixels are not analyzed, since these
objects are often too small for the skeletonization to capture the branches distinctly. Fractal
dimensions that are below 5% percentile or above 95% percentile are excluded to prevent bias from

extreme cases of skeletonization.

4.3.1 Fractal dimension distribution between different treatment groups
The distributions of fractal dimension for skeletonized microglial cells for 1Thr OGD, 2hr OGD and
normal control are compared below as swarm and box plot in Figure 4-2. The histograms for different

treatment group are also compared in Figure 4-3.
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Figure 4-2 Distribution of fractal dimension of 1Thr OGD, 2hr OGD and NC. The three horizontal lines

in the middle box of box plot represent 25th, 50th and 75t percentile.
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Figure 4-3 Histograms of fractal dimension of 1hr OGD, 2hr OGD and NC.

4.3.2 Fractal dimension distribution between different regions

The fractal dimension distributions of different brain region are compared in Figure 4-4.
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Figure 4-4 Distribution of fractal dimension of different brain regions.

4.4 Discussion

The fractal dimension distribution becomes more aggregated as the OGD exposure time increases.
This is possibly due to the higher ratio of microglial cells becoming activated to a more amoeboid
morphology, thus showing less morphological heterogeneity. These distributions align with the
previous studies that the morphological heterogeneity of microglial cells decreases when the brain
is injured or exposed to environmental stimuli and toxins.®'? The cell count in the 2hr OGD group is

also lower, showing the higher cell death rate induced by longer OGD exposure time.
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The difference between regions is also substantial. The heterogeneity of fractal dimension in
thalamus is significantly higher than the overall distribution. A narrow distribution in fractal
dimensions is observed in white matter. These data show that microglial cells express different
morphological heterogeneity in different brain regions in the ferret organotypic brain slice model],

findings that align well with previous studies in vivo.”

In the skeletonization process, the size of the object greatly affects how well-defined the result is. To
prevent the falsely generated objects from biasing the analysis, objects smaller than 300 square
pixels are excluded. As a result, 80.4% of skeletonized objects are excluded from this analysis due to
their size. A possible solution for this is to increase the magnification at the time of image acquisition.
Taking images with higher magnification can capture more cell body details. This can be beneficial
for both skeletonization process and downstream fractal analysis, however reduces the overall

number of cells because a higher magnification results in a smaller field of view.

4.5 Conclusion

The SCARF package captures different fractal dimension distributions between treatment groups and
regions. The distribution of morphological heterogeneity aligns with the previous studies, and
supports the use of the SCARF package to skeletonize and extract morphological features correctly

in an automated way.

Compared to branch length analysis, the fractal dimension analysis appears to be a better tool in
understanding the different microglial cells morphology in different brain region and treatment
group. The relationship between branch length and morphological heterogeneity of microglial cells
can be hard to define due to the drastic phenotypical difference between different activation states.
On the other hand, the fractal dimensions of microglial cells have been proven to be an accurate
indicator of their morphological phenotype in the previous studies.”*>1¢ With proper threshold to
extract well-defined cells, fractal analysis is a robust way to study the correlation between

morphological heterogeneity and brain disease in different brain regions.
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CHAPTER 5: Summary and Future Directions

In previous chapters, I have showcased the capability of SCARF package to skeletonize microglial
cells properly based on the image condition, and the downstream analysis such as branch feature and
fractal dimension analysis that can be achieved with the skeletonized images. There are more image
processing packages under development in Nance Lab and can be compiled into a unified work

pipeline along with SCARF in the future.

5.1 Current capability and future development of SCARF

SCAREF has been proven to binarize and skeletonize the microglial cells microscopy images accurately
based on the image condition. The package is built to provide a unified pipeline in Python to flatten
the learning curve and increase the image analysis productivity for individual users. However, the
downstream analysis using the output skeletonized images are not completely compiled into this
work pipeline. In current process to analyze the fractal dimensions, the skeletonized images are
saved to local machine before using the FracLac plugin in Image]. The result data from FracLac are
then import back into Python for further analysis. This back-and-forth process can be avoided if the
skeletonized images are analyzed without leaving the Python working environment. For the future
development, we can include a fractal analysis function written in Python into SCARF to simplify the
work pipeline. This will greatly increase the efficiency of the pipeline, and we can further customize

the analysis function for the usage on skeletonized images.

Another future direction is to use SCARF on other brain cells, not just on the microglial cells. SCARF
provides a powerful and automated work pipeline to analyze the branch features, yet the various
morphological phenotypes of microglial cells make it hard to define a distinct relationship between
microglial branch features and their morphological heterogeneity. On the other hand, Astrocytes can
be a potential candidate to be processed with the branch feature analysis effectively. Astrocytes
shows less drastic changes in cell phenotypes compared to microglial cells in their different
activation states, yet the morphological heterogeneity are still highly related to neurodegenerative
diseases.?® This makes astrocytes a potential target to establish a better relationship between branch

feature data and the morphological heterogeneity in astrocytes using the SCARF package.

5.2 Integration with existing packages in Nance Lab
There are two packages under development that can work with SCARF in the future image process
pipeline. The IfThreshold package, co-developed by former lab member July Zhou and current PhD.

candidate Hawley Helmbrecht in Nance lab. The IfThreshold package provides a score system to find
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out the best threshold method for a certain image. This package can be introduced into the SCARF
workflow to automatically pick the best threshold method for binarizing the images. This can
improve the current SCARF binarizing workflow, and the result images can be binarized more

precisely.

The other package is Visually Aided Morpho-Phenotyping Image Recognition (VAMPIRE) .26 The
original VAMPIRE package is adapted by Hawley to better accommodate the research in Nance Lab.
VAMPIRE can calculate the representative shape modes for cells using machine learning algorithm.
VAMPIRE can work parallelly with SCARF to better analyze the cell features from different

approaches.

5.3 SCARF in future Nance Lab image process routine

As more image analysis packages are constructed, establishing a universal image process routine
compiling all packages can be helpful for researchers in Nance Lab. Fluorescent neurolmage Based
Experimental Routines (FIBER), established by Hawley, is an extensive image process routine that
integrate all image process packages developed in Nance Lab. SCARF offers functions that can be
used in image process pipeline other than microglial cell studies. The end indicator function built in
SCARF can mark the end points of object in a binarized image. The skeletonization process can be
useful for analyzing cell branches in an automated workflow. With the integration of FIBER, SCARF

can provide features to aid future image analysis.
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APPENDIX A: Supplementary Figures to Chapter 3
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indicates the branch count to cell count ratio.
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