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Improvementsn experimental techniques have led toeaplosion of information in
biology research. The increasing number of measurements comes with challenges in
analyzing resulting datas well as opportunities to obtain deeper insights of biological
systems. Convéional average based methods are unfit to analyze high dimensional
datasetssince they fail to take full advantage of such rich information. More
importantly, they are not able to capture the heterogeneitisihiavalent in biological
systems. Sophistided algorithms that are able to utilize all available measurements
simultaneously are hence emerging rapidly. These algorithms excel at making full use
of information within datasets and revealing detailed heterogeneity.

However there are several importa disadvantages oéxisting algorithms. First,
specific knowledge in statistics or machine learning is required to appropriately
interpret and tune parameters in these algorithms for future use. This may result in

misusage and misinterpretation. Secorsthg all measurements with equal weighting



runs the risk of noise contamination. In addition, information overloadbesne

more common in biology research, waharge volume of irrelevant measurements.
Third, regardless of the quality of measuremeantg)ysis methods thatmultaneouly

usea large number of measurememeed to avoidthB c ur se of d@whmensi onal
warns that distancestimationand nearest neighbor estimatiare not meanigful in

high dimensional spacddowever, most currensophisticated algorithmsvolve
distance estimation and/or nearest neiglgstimation

In this dissertation, my goal is to build analysis methods that are complex enough to
capture heterogeneity and at the same time output results in a thah& eay to
interpret and familiar to biologistand medical researchernstackle the dimension
reduction problem by finding not the best subspace but dividing them into multiple
subspaces and examine them one by one. | demonstrate my methods with tlsree type
of datesets imagebased higkthroughput screenindgatg flow cytometrydatg and

mass cytometrgata From each datasdtwas able to discover new biological insights

as well as revalidate wellestablished findings with my methods.
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Li st of figures

Figure 1.1 Summary of this dissertation. Conventional average based, single variate
analysis methods are not fitted toadyze highdimensional singlkeell data generated
by current experimental techniques. Novel sophisticated methods developed
specifically to incorporate high dimensionality can be too complicated for experts
outside the field of bioinformatics/statisticsihterpret and require specific knowledge
of the model for them to appropriately tune the parameters for applying to their own
data. In addition, these methods are sensitive to noise and may suffer from a more
fundamental problem: the curse of dimensigpallhe goal of this dissertation is to
build analysis methods that are complicated enough to capture heterogeneity inside
singlecell data, but not so complicated that impedes experts from different disciplines
to understand and apply them to their ovatad...............cccooeeeiiiiiecciiiiiiee e, 4
Figure 1.2Workflow of imagebased high throughput screening (adapted from [16]).
Imagebased high throughput screening produces a large volume of single cell
resolution image data. A great number of cellular featuees e extracted from
images. Due to noise in both the imaging and image analysis process, and due to natural
variability, features extracted from images may haveigoorable variation even for
cells with the same biological functionality. Hence, in otdamnderstand the behavior
of a certain cellular state, a method to reduce noise level and identify a typical
description of the cellular state is neede
(@ g F=T o] (=1 U PRRRRR 6
Figure 1.3 Fluorescenbased high throughput mulfimensional quantification of
protein expression (adapted from [38]). a) A cartoon for the fluidic system in a flow
cytometer. The pressure difference between the sample chamber and sheath enables the
flow of single cdls past the light source(s), which enables Higtoughput single cell
measurements. b) An illustration for forward scatter (FSC) and side scatter (SSC). c)
A cartoon showing how fluorescent measurements are made. With the development of
brighter dyes anthe improvement in differentiating light spectrum, more and more
fluorescent markers can be measured simultaneously with flow cytometry....10
Figure 1.4Manual gating is a process of sequentially drawing a region of inte@§t (R
manually with the hierarchy of marker pairs plefined by domain knowledge/
experience. The percentage of cells remaining for further analysis decreases in each
step of manual gating. Cells outside the ROI are discarded from downstream analysis,
andthe information they contain is lost. In addition, manual gating is a subjective
process with low reproducibility, as ROIs are drawn manually. With the increasing
number of measurements, manual gating is also becoming too labor intensive for large
studiesHowever, due to its intuitive nature, manual gating is still the most widely used
and understood method for analyzing flow cytometry data. Incorporating the increasing
number of measurements, avoiding curse of dimensionality, while at the same time
conneting the large volume of information biologists obtain from 2D scatterplots
(manual gating) is the goal of Chapter.3..........coooviiiiiiiieeei e 13
Figure 1.5Experimental workflow for mass cytometry (adapted from [81]). By using
rare earth metal elementhat are usually not present in cells as indicators, mass
cytometry further increases the number of measurements to about 100. With such a
viii



large number of measurements, redundant and irrelevant measurements become a real
problem for analyzing mass cytetny data. It has been shown that the intrinsic
dimension of mass cytometry data is much smaller than the number of total
measurements. However, feature selection has been difficult for mass cytometry data
since the value of a single measurement is nonmghul. In Chapter 4, | address the
problem of feature selection in mass cytometry data by defining features as point
patterns formed by two single measurements.............oooooeeiemn e 15

Figure 1.6 An example of results given by SPADE (generatagel on dataset and
guidelines provided in [75]). SPADE is one of the first methods developed specifically
to analyze mass cytometry data. It uses an agglomerative clustering methods to identify
cellular subtypes in mass cytometry data with predetermisgchaion of cluster
numbers (each circle in the figure is a cluster). Each cluster is then represented by the
mean expression level of markers (color coding in the figure shows the mean
expression level for each marker). SPADE then uses a minimum spamearflylST)

to visualize the clustering results as we see above. Though sophisticated, the results
generated by SPADE lack clear biological interpretation, and require a good
understanding of the underlying algorithms to extract robust information. Ate® s
SPADE utilizes all measurements simultaneously with equal weights, it suffers from
the curse of dimensionality and extra noise buried in redundant and irrelevant
MNEASUIEIMENES. ... eieiii ettt eeee e et e e e e e e smee e e e e e e ee e e e e e eeenn snn e e e e 17

Figure 1.7 An example of $SNE plots (coleed by the expression level of individual
markers). 4SNE (tdistribution based stochastic neighborhood embedding) is a
dimension reduction algorithm introduced to embed high dimensional data into lower
dimensional space while preserving similarities betwdata points. In other words,

high cell density area in original high dimensional space should also be a high cell
density area in the reduced dimension presentati®@NBE is mainly used as a
visualization tool for mass cytometry data, however, duéstgimilarity preserving
property, there have been attempts to do manual gating based on dimension reduced t
SNE plots. SNE is a great method to visualize high dimensional data, nevertheless
since the resulting dimensions are nonlinear combinations | omehsurements,
interpreting the results can be difficult. In addition, sin€&NE involves random
process, the different realization é6NE may result in different patterns (with similar
FRAIUIES ) n et e e e e e e e e e an 18

Figure 2.1Single cel heterogeneity leads to overlapping cell populations. a) Each row
corresponds to one fluorescent marker; columns show different nuclei selected from
GFP-progerin repressed controls. Nuclear shapes (green contours) were extracted from
the DAPI channel anchapped onto the other channels. Typical healthy cells (first six
columns), exhibiting normal lamin B1 expression, little DNA damage, no expression
of progerin, and round nuclear shape, as expected foip@Ieferin repressed controls.
Atypical cells (two rghtmost columns) exhibit characteristics of progeria, namely
reduced | ami n Bl expression, i ncreased
expression of progerin, and blebbed nuclear shape. b) Distribution of the metric that
best separates the two types of colstm each channel, based on all cells in the control
samples (green: GHBrogerin repressed cells, red: Gpigerin expressing cells).

Note that the contours obtained from the DAPI channel appear slightly smaller and
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misaligned with the images obtainéd the lamin B1 channel (see Fig S2 for the
analysis of crosshannel discrepancies). The scale bar is 5.um....................... 29
Figure22Ai Typi cal 6 cell s yield robust metrics \
A cartoon showing 300 randhly selected cells for each of the two control populations
and a putative classification boundary. The variability in angle for 200 repeats is shown
in (b). The range of angles is sub3tantial
Figure 2.3 Identifying hits from the percentage of cells classified as hetikby A

visual representation of the entire screen (320 siRNA samples, 120@G§€in
repressed control samples, and 12 G@Fdyerin expressed control samples). Edah
represents a sample (green: GdBgerin repressed control, red: Gpfgerin
expressing control, blue: siRNA samples), with the vertical axis showing the average
percentage and the error bar showing standard deviation of hidtloglls computed

from the 4 independent replicates. False positive rate (FPR) for each siRNA is
estimated from this standard deviation. The red horizontal line marks the upper
boundary for GFRprogerin expressing control samples used to identify hits (5 standard
deviationsfrom the mean of all GFProgerin expressing controls). Only siRNAs
above this line with FPR < 0.05 are considered as hits. The green dashed horizontal
line marks the lower boundary for GipfPogerin repressed control samples (5 standard
deviations from thenean of all GFFprogerin repressed controls)...................... 32

Figure 2.4 Comparing the percentage of healtke cells with traditional average
based metrics and another mimensional analysis approach. a) Each panel depicts
one chanel (nuclear shape (DAPI channel) is not taken into consideration in Ref.
[120], hence it is not included here). Every point represents a SiRNA sample; the value
shows Zscores calculated based on the distance from the mean of alhG§&tin
expressing @ntrol samples using the traditional averfgsed metric calculated by
directly averaging intensity measurements for all cells in a samg&igx and our

metric (yaxis). Gray lines indicate hit thresholds for the corresponding metrics. Note
that our meric identifies every hit found by the traditional method (except for the two
hits i n the O9H2AX channel ). I n addition, (
(siRNAs in the upper left corner) missed by the traditional metric. b) Similar as in a)
eachpanel shows one channel in the screen. Each circle depicts a siRNA sample. The
horizontal axis shows inverse of the distance to-@fgerin repressed (healtlige)
controls, the larger this value, the similar the siRNA to (pF#yerin repressed
controls The vertical axis shows the percentage of hedikieycells, and the dashed

lines are thresholds for hits in respective channels............cccccoiieeen. 34

Figure 2.5The shift of mean cell properties by siRNA perturbations for classification
boundaries computed from (a) typical cells and (b) randomly selected cells. Each green
and red point represents the mean of all cells in one@&gerin repressed (healthy

like) or GFRprogerin expressing (progetiike) control sample, respectively. There

are 12 samples for each control type. Each blue point represents the mean of all cells
for one siRNA perturbation. The classification boundary is shown as a vertical dotted
black line. Four siRNA samples that deviate significantly from both controls iro¢ach

the four channels are labeled (siPHF13 for progerin; siNEDD4 for lamin B1,;
si TRIML1 for DAPI (nucl earNoehtatpherangeoAnd si R
the xaxis is the same as the range of thaxig in all panelsa) Most points are
preferentidly shifted perpendicular to the classification boundary. Variation parallel to

X



the classification boundary is small compared to the variation perpendicular to it. b)
siRNA perturbations are shifted both parallel and perpendicular to the classification
bourdary when the classification boundary is computed from randomly selected cells.

Figure 2.6 Typical cells in siRNA perturbations identified as different from both
controls. a) siPHF13 is an outlier in the progerin chanmedlls treated with siPHF13
express more progerin than the progéike control cells (f), and the expressed
progerin appears to be distributed differently from the progeria control. b) SINEDD4 is
an outlier in the lamin B1 channel; cells treated by siNERkdress more lamin Bl

than the healthyike control cells (c), and the expression is less homogenous. In
addition, the expression of lamin Bl is spatiallylacalized with the expression of
progerin in sSINEDD4treated cells. d) siTRIMLL1 is an outlier both DAPI (nuclear
shape) and progerin channels. Cells treated by siTRIML1 tend to have elongated nuclei
compared to the healtHike and the progeritike controls. Also, clusters and increased
progerin expression (compared to the progkke control () can be observed. e)

si RNF8 is an outlier in the o9H2AX (DNA
obtained from the DAPI channel appear slightly smaller and misaligned with the
images obtained in the lamin B1 channel (see Fig A2 for the analysisssictiamnel
discrepancies). The scale bariS 5 PM.......ooooiiiiiiiiiiiiiiee e 37

Figure 2.7 Integrating information from all channels: Percentage of hedikbycells

in one channel vs. percentage of cells classified as hdidéhyn the other three
channels. Each circle stands for a sample (green:pgsédrerin repressed, red: GFP
progerin expressing, blue: siRNA). The size of the circle is proportional to the
percentage of cells that are classified as hedilkeyin all four channelsscales are
shown in topright panel) The dashed vertical lines are thresholds for hit selection in
the corresponding channel. Shown in the upper right corner of each panel is the linear
correlation coefficient (note that p < 0.01 after Bonferroni correction in alsyag®

Figure 3.1 An example of percentitbased binning as a representation of 2D point
pattern (number of bins = 3). (a) Synthesized ppattern formed by expression of
marker A and marker B. (b) Points are binned intan3 leach containing 1/3 (33.3%)

of the total points. The bins are labeled numerically based on the expression level of
the related marker, with 1 the lowest and 3 the highest (similarly if points are divided
into 5 bins then the highest level is 5). Thisriing is done independently for marker

A and marker B based on their expression. (c) Bins obtained in (b) are combined so
that 9 sukregions referred as boxes are form&de percentage of points inside each
box is calculated, and the matrix of percensaigestraightened to a vector so that the

2D pointpattern shown in panel (a) is coagrained to the vector in (d)............ 53

Figure 3.2 Percentile based binning is able to detect real differences between point
patterns. (a) Examelof the two synthesized poipatterns A and B. The two large
clusters in pattern A and B contain same number of cells and were generated with the
same distribution. Pattern A contains a relatively large third cluster (10% to 20% of
cells) at center rightf the pattern and pattern B includes a smaller third cluster (2% to
5% of cells) on the top left corner. (b) Upper panel shows a heatmap of point percentage
in each box for all samples, and lower panel shows boxplots of point percentage in each
box betwen the groups of poirgatterns. (c) Labels of each box. Highlighted is box

dal



Figure 3.3The maximum number of bins depends on the number of samples (patients).
(a) Estimated false positive rate (FPR) vs. number offoin20 samples (red) and 60
samples (blue). The dotted black line represents FPR = 0.05. The number of bins that
leads to a high FPR (>0.05) is considered overfitting the dataset. (b) The maximum
number of bins with FPR = 0 vs. total number of samplesingbe dataset. Blue dots
show simulation results with our synthetic datasets and red dots shows the estimated
number of bins using the rule of thumh @@ QAH@E QD QL i

1 €080 46 QDT OQE Q& WML Qulvveeeeeeeeeeeee e, 57

Figure 3.4Naie CD8* T cells were identified by our method as significantly decreased

in old donors using only twmarkers: CD8 and CCRY7. (a) An example showing scatter
plot of CD8 vs. CCR7 with box B55 highlighted. (b) Boxplot of cell percentage inside
box B55 between the two groups of donors. Each dot is a donor. (c) Scatter plot of
mean fluorescent intensity (MFf each donor, each point shows a donor (purple:
young, orange: old). (d) & (e) MFI of CD45RA vs. MFI of CCRY7 for cells in B51,
naie and memory CD8 T cells. Each symbol shows a donor (young donors in d and
old donors in e), vertical and horizontal errard show standard deviation of CCR7
and CD45RA intensity reSPeCtiVeIY.........coovei i e 60

Figure 3.5An intermediate cell region which is often neglected by gating methods is
identified as significantly increased in old donors. (a) An exarapkatter plot of

CD8 vs. CCR7 with box B52 highlighted. (b) Boxplot of cell percentage inside box
B52 between the two groups of donors. Each dot is a donor. (c) Scatter plot of mean
fluorescent intensity (MFI) of each donor, each point shows a donmlépyoung,
orange: old). (d) & (e) MFI of CD45RA vs. MFI of CCR7 for cells in B52, naie, and
memory CD8 T cells. Each symbol shows a donor (young donors in D and old donors
in E), vertical and horizontal error bars show standard deviation of CCR7 af&R2D
INLENSILY FESPECHVEIY......iiiiieeeieiee e e e eremr e e e e e e e e eeeaaaeeena) 62

Figure 3.6 Patterns formed by H2 vs. CD25 is distinct between CD4 and CD8 cells.
One randomly chosen sample for each tissue is shown. The same sample for each type
of tissue is chosen to illtrate both CD4 and CD8 cells. Percentage of cells in the red
shaded box (B13: H2 negative and CD25 intermediate) is significantly higher in CD8
cells comparing to CD4 cells. Cells inside box B13 also express CD45R/As, ENH

(OB 2y (T TR = 1 107 P UUUUP U PR PR 64

Figure 4.1 An illustration of CytoBinning and how it can represent the subtle
difference between two similar patterns. a) An example of percentile based binning as
a representation of 2D poipattern (number of bins = 3). b) The kEsponding
representation is shown in heatmap for a). ¢) A similar but distinct point pattern to a).
d) The corresponding representation is shown in heatmap for.C).................... 7

Figure 4.2 Distinct patterns across eight types of humiasues are observed with
marker pair PBL & CCR7. a) Scatterplot showing single cell expression pattern
formed by CCR7 and P. Solid black lines are thresholds determined by
CytoBinning. The shaded areas are the two most important boxes in class#fyugy ti
types (blue: B15, red: B54). The region labeled with the orange circle is a cell subset
express a high level of RDand express little CCR7. This cell subset is not observed
in other tissue types except tonsil. b) Plot of cell percentage in boxsBaddd in red)

and box B15 (shaded in blue). Each color and shape denotes one type of.tisédes.
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Figure 4.3 Separation of tissue types can be observeeSNE plot generated by the
expression level of the 6 selected mark@B-1, CCR7, CCR5, CD27, CD161, and
CXCR®6). a) The contours are manually drawn to show the related clusters of cells.
Each point is a single cell, and different color indicates cell in different types of tissues.
b) The same scatter plot as in a) with caloding of CCR7 expression level. ¢) Similar

to b), with the expression level of CD161..............coovvvviiivieeeeeeieeeeeeeee 81

Figure 4.4 Tissuespecific profiles can be observed HSMNE plot generated by the
expression level of the 8 selected markers (CXCRBR9, CD161, CXCR3, P,
CCR5, CCR2, and CCRE6) in function panel.-&NE plots labeled in red by cells in
each tissue type. b) Expression of cytokines. The expression level is divided into 3

categories: (0, 1) light blue; (1, 2) purple; and (2, 3) da@elen...........ccccceveeeeeennnn. 83
Figure 5.1 Two different point patterns with the same value of mutual information
(O 2022 3 P PRERRP 97

Figure 5.2 Examples of the eight simulated patterns. Circle: saxgs are both
randomly samied from distributiorN(O, 2). Random: x,-axes are randomly sampled
from a uniform distribution ranging from 0 to 2. Two Circles: x is sampled from two
normal distributiondN(-2, 1) andN(2, 1) each contains 500 points, and y is sampled
from N(O, 1). Thee Circles: the bottom two clusters (400 points in each cluster) are
sampled from a normal distribution centered aroud @), (2, 0) respectively with
standard deviation equals 1. And the top cluster is sampled from a normal distribution
centered (0, 1with standard deviation 1. Parabola: x values are sampled\(on2),
y = x"2 + noise where noise is sampled fribig@, 0.5). Down Parabola: the same as
parabola except y ="2 + noise. Straight Lineb " 0 mg , y = x + 1 + noise,
¢ & OF QT v. Sine:w N § TG , y = sin(x) + noiset ¢ QF Q TT® ... 97
Figure 5.3 Clustering results of the eight patterns based on CytoBinning results (3
bins). Patterns arlabeled by different colors (circle: red, random: yellow, two circles:
green, three circles: magenta, parabola: black, down parabola: cyan, straight line: blue,
AN SINE. CYAN)....ciiiiiiiieiiiee e s e e e e e e e e s seeere e s s e e e e e e e eaeeeeeeeeessannaeeaaaes 98
Figure 5.4Examples of patterns with addsatures (lower row) comparing to original
patterns (upper row). Circle v2: 1,000 points in total, for 900 padimbs™ 0 T .
And for the rest 100 pointdho M 0 phr® ,. Random v2: 1,000 points in total, for 900
points,chd ¥ 6 ¢ "Q Qéri; & and for the rest 100 poini$o ¥ 6 & QanSFuEE) .
Tow Circles v2: same as Two Circles, exceptderter of the right cluster is shifted
UP DY 0.5, s 99
Figure 5.5 Clustering results of patterns with added asymmetrical features. The three
patterns are largely separated (Circle: red, Two Circles: green, Random: yellow) with
ONIY ONE MISTAKE......ceiiiiiiiiiee e e e eeeer e e e e e e e e e e e e e e e e ae s nnne s 100
Figure 5.6Example of point patterns with added features. Random v2 and Two Circles
v2 are generated in the same way described in Fig 4. For Circle v3, similar to Circle
v2, except the small cluster isw centered aroundd, -2) with standard deviation 0.5

(IoWer 1eft FEGION)......uuei e eer e aeees 100
Figure 5.7 Clustering results with the feature added in Circle pattern moved to lower
left region (Circle: red, Random: yellow, Two Circles: gree.........ccceeevvvvvnnnnnn. 101

Figure 5.8 The results of CytoBinning is invariant under orgeeserve
transformations. a) and b) scatterplot of the expression level between CCR7 and
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CD45RO0O of the SAME sample (taken from the dataset used in Chgp®rand d)
heatmap showing CytoBinning results of the corresponding point patterns..102
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Chapter 11 nt rioarmu c t

1.1 Overview
Biological systems are complexdcope withacomplex and evechanging environment.

Hence, emergingmulti-parametric measuremetechniqueswith single-cell resolution
reveal increasing complexity among and within cell tyfpes example, omof the most
widely usedsinglecell techniquei flow cytometryi is responsible for the discovery of
the diverse types and functionality of immune cglly. Novel cell (sub}types are
continuwally being identifiedwith the increasing number of cellular markers that loan
simultaneously measuredth flow cytometry €.g, Th17 cells, follicle T helper cells, and
stem memory T cell§p-4]. Today, sophisticated experimental techniques enabtieth,
high-content and higthroughput single cell measurements in almost every field of
biological research. As an examptae number of parametettsat can be measured by
flow cytometry increased frore original 2 ~ 3 to about 20, and wilkely reach50in

the near futurg5]. Mass cytometry, which is a combinasbrtechniquebased ommass
spectrometry and flow cytometry furthexpands this number to 1006]. In addition
people have combined highroughput screening technicgueith modernmicroscopseto

get cell images at single cell or evsubcellular resolution from which hundreds of
measurements can be mddg On the other hand, some techniques which are capable of
very highdimensional mesurements €., RNA sequencing) have increased their
resolution to single cell level, enabling tens of thousands measurements on several
thousandof single cells[8]. The increasing ability to generaddarge amount of hig-

dimensional single cell data demands new analysis methods suitable for this type of data.



The challenges of analyzing higlmensional single cell data originate from two main
factors: heterogeneity and high dimensionality. These two factors are int&twined:

to understand heterogeneous system regjnoge measurements and more measurements

in turn, reveal higher heterogeneity. For the first challenge, not all heterogeneities have
biological significancd9]. Since the lodaenvironment for each cell is slightly different

from another, the properties of cells, even from the same cefjyestate would vary

from cell to cell. There have beapeculations that cellular status is not a collection of
distinct states but @eontinuouschange in response to outer stimulatif@)s Howeverit is

not clear under what circumstandéss heterogeneity isneaningfulfor the biological
functionality of the cell or organismin addition experimental measuremerdse not
accurate, random noise and sysaéimerrors are ubiquitoysand all contribute to the
heterogeneous signal we observe in experiments. As a result, the appropriate analysis
methods should be able to capttirebiologically meaningful heterogengibf single cells

while at the same time reduce the impact of random noise in experiments. For the second
challenge, it hadeen showrthat in high dimensional space the distance between two
points fAmay not even [Weagpahleintoanteinwel ¥y emenaz m
of dimensionality rendering anylistancebasedanalysis €.g, clustering) problematic. In
addition, information overload is ubiquitous in biological datasets, with many redundant
measurements or measurements that astewant tothe questionof interest (or of
unknown relevance)lhis adds to the already high noise level in biological datasets and
further hinders the finding of real signals in data. As a result, dimension reduction methods
are requiredor analyzing hip dimensional data. Since most dimension reduction methods

aim to identify a single subspace best capture the content of original data, the results of



reduced dimensions are often linear or nonlinear combinations of all original measurements

which impedesst r ai ght f or war d interpretation

dimensional datasets to one definite subspace may result in overlook of small cell groups

or subtle changes. Hence designing and applying dimension reduction methods to

biological data shdd take interpretability and importance of subtle changes into

consideration. Currently, most algorithms developed to deal withdirgensional single

cel | data | argely ignore i nf or onlastencdhey ov er |

fully embracethe largenumber of measurements and try to make full use of them (except

algorithms to analyzesinglecell RNA sequencing data where the problem of high
dimensionality is extremely prominent). However, there has bestndy showing that
algorithms likethis would pick up noise in data and lead to incorrect re$tlis In
addition thesealgorithms often produce results tha¢hard to interpret and hence difficult
to experimentally validate. Thus, there is a need to build anahgtlsoddetweerthe two
extremes oftonventional methods, which tend to deersimplified averagebased,and
involve manualselection,and novel methodsvhich are complex and sensitive to noise
and the #fAcur s é Hed | indoduvenethods that are complex enough to
capture some level of heterogeneiiyt at the same time providetpus suitalde for clear

interpretation.The methodsl introducealso incorporate feature selection to avtid

Acurse of di mensionalityo and deal with
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Figure 1.1 Summary of this dissertation. 8eentional average based, single variate analysis methods are
not fitted to analyze higdimensional singleell data generated by current experimental techniques. Novel
sophisticated methods developed specifically to incorporate high dimensionality twendoenplicated for

experts outside the field of bioinformatics/statistics to interpret and require specific knowledge of the model
for them to appropriately tune the parameters for applying to their own data. In addition, these methods are
sensitive to nise and may suffer from a more fundamental problem: the curse of dimensionality. The goal
of this dissertation is to build analysis methods that are complicated enough to capture heterogeneity inside

singlecell data, but not so complicated that impedgsees from different disciplines to understand and

apply them to their own data.

In this dissertation, | am going to address the challenges in analyzingliighsional

single cell data in two parts. The first part deals with the functionallynmesnirgful
heterogeneity and aims to develop a method that captures similarity within cells that are
vari ous but dondt f or mThe setand pad rhantlds yhighd i st i
dimensionality in flow and mass cytometry data by digthe data into smaflubspaces

and then combing information in useful subspaces. In all, this dissertation dons
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develop methods thatare able toautomatically select important features, generate
statistically meaningful results that are accessible to experts acrosplimigscior

analyzing highdimensionakinglecell data

1.1 High-dimensional singkeell measurement technigues

1.1.1 Image-based highthroughput screening High Content Screening (HCS)
High-throughput screening (HTS) is a powerful technique routinely used irdrtayery,

systematic analysis of cellular functions, and exploration of gene regypatilowayd 12-
14]. The use of robotics instead of manual operationTi® igreatly reduceexperimental
variability, yet cellular heterogeneities persis€ombined with modern automated
microscopes, imageased HTSalso known as high content screening, or Hall®ws for
routine imaging of thousands of cells in multiple flescence channe]§5-17]. HCS is
one of the fastest growing technigua biological and pharmaceuticeésearchand is
responsible for countless discovelj&8-21].

1.1.1.1 Experimental procedure
The ypicalexperimental procedure of high content scregrequireshefollowing steps:

sample preparation, image acquisition, dath handling16]. Every step comes with its
own challenges and requires proper planning with the overall goal of the experiment in
mind. For sample preparation, it is important to figure out what type of cells is suitable for
the expement, how many samples (perturbations) shdaddtestedwhat perturbation
reagentsandor fluorescent stain shoulde usedetc.[15]. Smaltscalepilot scre@s are
recommendedbefore running the much larger whole screen. This step helps clear
additional issues, test validity tiie screen, optimize parameters in the experiment, and
sometimes serves as a proof of conceptherexperimentabdesign. Sample prepation

usually takes several months, much longer than the actual image acquisition fdroeess.
5



quality of image acquisition directly affects the overall qualitytred screen Thus it is
crucial to make sure that parameters for image acquissttensetappropriately. For
example, the resolution of image acquisition should be high enough to capture all required
features, buthe imaging should also cover a large enough area to cagptuiicient
number of cells for robust statisticsb]. Downstream data analysis after image acquisition

is also an important part of imaggased high throughput screeniagdusually takes more

time than the experimental process.

Goal Image Transfer and Storage

ol
@ |dentification o ®

Fluorophore/Marker and _In':age AT

Treatment Selection a . )
g E —-»“‘s-:- ‘L\-»'

Segmentation and Feature
Extraction

Image Acquisition

Data Analysis and
Machine Learning

Figure 1.2 Workflow of imagebased high throughput screening (adapted ffaé)). Imagebased high
throughput screening produces a large volume of single cell resolution image daat Augnber of cellular
features cabe extractedrom images. Due to noise in bdtieimaging and image analysis procesmsd due

to natural variabilityfeatures extracted from images may have-igmorable variation even for cells with
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the same biologal functionality. Hencein order tounderstand the behavior of a certain cellular state, a
method to reduce noise level and identify a typical description of the cellular state is ndadésithe

problem I 6m going to address in Chapter 2.

1.1.1.2 Data analyss
Data analysis for HCS cdme dividedinto two parts: image analysis and downstream

statistical analysidJntil recently nanual scoring of images domindt&e analysis of low

and medium throughput image screening studies, and it is still widely usey|id|.
Building onthe active andastgrowingfield of computer visionmanyalgorithms have
been developed for bimage analysis. Some general purpimsage analysis algorithms
areincluded in widely used image processing prograush asmageJ 22, 23], Fiji [24],

and CellProfiler[25-28]. In addition to the general purpose image analysis platforms, a
large number of algorithmbave beendevebped for tackling specific image analysis
problems in a specialized field of biolgggspeciallyin neuroscience. In facthere are
many specialized algorithnthat canbe found in severabnline listings, for example
image analysis tools for neunmages (http://nitrc.org) [29].

After images are analyzeaindfeatures are measured, the second part of HCS data analysis
utilizes statistical tools or more recgmmachine learning tools to phenotype the measured
cells andrevealbiological insights. Unfortunately)gompaed to the sophisticated image
analysisoolsd ownstream data anal ysis met h30]lds ar e
Although hundreds of features charoutinely extractedn image analysis steps, only a
few of these featuresanbe usedn conventionaldownstream analysisrocedureg16].
Conventional methodsirtheroversimplify the selected few features by feature averaging
ignore rich heterogeneigmong cellsThis situation has improved recently, with the surge

of analysis methods that incorporates supervised and unsupemagdne learning



analysig31]. Some of the more recent approaches are starting to use multiple metrics via
classifiers such as support vector machine (SY32), hierarchical clustering@33], EM
clustering with Gaussian mixture models to identify multiple cell subtypepiantify
cellular heterogeneity34], or deep learning35]. One cavat to keep in mind is that
although the number of featurdgmtcanbe measureftom imagess large, some of these
features can besdundant or irrelevant or botlso it is important tacarry outfeature
selectionalong withmachine learning.

1.1.2 Flow cytomery

Flow cytometry is a widely used technique that measures multiple parameters of
fluorescently labeled single cells that flow in a stream through a photodetector system.
Flow cytometryis routinely usedn both basic biological and clinicaeésearchdueto its

fast speed (50,000 cell§/H), relatively low costand amenability to standardizatif86].

The past 50 yearBave yieldedgreatimprovemens in flow cytometry technigug in
particular therecentincreasdrom 2 to 30in the number of markers that can be measured
simultareously. The impact of this ineaseis far-reachingfor our understanding of
biological systems (includindpeimmunesystem, cancer biology, cell signalirgg¢c) and

for medical applicationand drug developmeB7]. Even with the emerger of other,

more powerfulsingle-cell measurement techniques, flow cytometry is still the most widely
used experimental technique.

1.1.2.1 Experimental Procedure
Flow cytometers cabe roughly dividednto three parts: fluidics, optics, and detectors.

The fluidics is a cell distribution system that directs single cells in the sample to the light
source. It contais two parts: sheath fluid and pressured line. A pressured airline pump

suspendcells fromthe sampletube intoa flow chamber whichs filled with sheath fluid.
8



Since the pressure of sheath fluid is always lowertti@sample flow, this procesnsure
cells align as a coaxial flow as they pass thraegreralight source (Fig 1.3a). The optics
system is where measurememf the fluorescence intensity of each ctlke place
simultareousy or in rapid succession for different fluorescence wavelengjthasddition

to fluorescent signal, two typessfatteedlight are also detectetbrward scattering (FSC)
and side scattering (SSC) (Fig 1.3B)e ntensityof FSC is proportional to the sizetbie
cell, a valuablgpiece ofinformation often used itmmunophenotyping. SSC is the result
of diffractionof light perpendicular ttheincominglaserbeam.SSCis proportional to cell
granularity i.e., the inner complexity of the cell. Together, FSC and S@OGvide
information to coarsely divide cells (m&mwhite blood cells) intobasic phenotypes
(differentiating lymphocytes from macrophages for example). The detectors detect the
fluorescent signal ancbnvertit to a digital data that is proportional to light intensity. For
surface marker detectiom, logarithmic amplifier is used tacapturethe wide range of
surface marker expressit@vels [38, 39 The resuling data is stored in a standard manner
according to flow cytometry standard (FCS), and the file format is hence callg¢dQfcs

41].
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Figure 1.3 Fluorescenbasedhigh throughput mulidimensional quantification of protein expression

(adapted froni38]). a) Acartoon for the fluidic system mflow cytometer. The pressure difference between
thesample chamber and sheath enatilesflow of single cells past tHight sourcés), which enables high
throughput single cell measurements. b) An illustration for &mdwscatter (FS) and sidescatter(SSC). ¢)

A cartoonshowing how fluorescent measuremears madeWith the development of brightdyesand the
improvement in differentiating light spectrum, more and more fluorescent markers can be measured

simultaneosly with flow cytometry.

1.1.2.2 Data processing
Because of the amplification process, raw data in FCS files has a wide rariga 0

with a dominant peakearzero. Hence proper transformation algorighane needed to
10



make sense of the dafd2]. Tradtionally, flow cytometry dataare presenteadn a
logarithmic scaleand theso-calledi n e gat i ve p oepradrodheie bavesbéenar e
lots of studies and debate about the most appropriate way to transform and visualize flow
cytometry dataCurrently, the widely accepted and used method is an algorithm called
flogiclet r a n s f o[A3mia esseaadte logicle transformation is a generalization of

the hyperbolicsine function with tunable parameters to better suit flow cytometry data.
These parametersan be determined based on the range of specific datédseither
important aspect of pyprocessing flow cytometry data is called compensation. The need
for compensation arises from the fact that the wavelength of fluorescent light is a
distribution insead of a single valuélencethere will be overlap ithelight spectrunone

of fluorochromes. Overlap inthefluorescenspectrum can result in false sighahdfalse
correlatiors between measurements, andsita major source of error in flow cytometry

The process to detangle the spectrum overlap is called compensation. The currently used
compensation method operates under the assumption that overlap of spectrum results in a
linear combination of various light spectrums. Thus detangling the overlaisesspving

a set of linear equations. Coefficients in these equations are stored in a matrix called
compensation matrix and cée obtainedria experiments. In addition to transformation

and compensation, batch effects can be a real problem for flow elytodata as well.
Especially when combining samples tested in different experimental cores. Thus, it is
important for the experimentalist to follow standard protqgdbtsughalgorithmsdesigned

to reduce batch effestexist[44]. These preprocessing stepae usuallydone manually in

a commercial software platform like flowJthougha package in R45] that provides

commands for automatic batch processeaently became available

11



1.1.2.3 Data analysis
The taditional analysis method for flow cytometry dataa |l | e d o, invplaes i n ¢

manually drawing regions of interest (ROI) thgh a sequence of 2D scatter pl(fig

1. 4). Manual gating has | ong bsdfl|l acktiodi z
reproducibilityo ii nef f i ci ent @& ramtdhat beaneconsidemred anenof they
major source of variability in flow cytoetry analyseg5, 46-48]. With the increasing
number of measurements and the large volume of data to be anahflzeded, automated,
andreproducible algorithms are in great need for flow cytometry data analysis. Building
such data mining tools has been called the
[49, 50]. The kst decade has seen a surgeewv data analysis methods for flow cytometry
[36, 51-53]. One important goal in flow cytometry data analyzing is identifying structures

/ cell clusters in the higdimensional space span by all measurements. There are
algoiithms trying to achieve this by combining density based thresholding 54,35

hence exhaustively idefiting all possible cell subset®ther algorithms apply clustering
algorithms for cell subset finding.g, k-meansclustering[56, 57] or mixture modeling
[58-61], etc. Tree omapbasedalgorithms have also been developed to mine the structure
of flow cytometry datd62-64]. Finally, binning methods that aim to resolve the position

of density peak have been proposed as y&H67]. There has also beeamn effort to
combine multiple algorithms inworkflow so thatresearchers can pick the method that
best fits their needg68]. With a large number of cell subtypes discovered by automated
algorithms, methods to compare the biological importance of cell types have been
developed69, 70], and so are methods to automatically label the ontology of cell sgbtype
[71]. In addition to cell type identification, visualization is also an important agect

interpreting flow cytometry data, especially when the number of measurements is large.
12



Multiple visualization toolfvave beenleveloped for this purpo$é2-74]. Mostclustering
basedmethods that allow novel cell type discovery aim to identify regions with high cell
density in multidimensional spackb6, 58-60, 63, 66, 70, 72, 73, 75]. This assumes cells
form distinct phenotypes and thatly cells inside those relative higlensity areas (peaks)
are of importance. However, cells that are in between twodegisity clusters (valleys)
may also have potential biological significaicé]. Another limitation of clustering based
methods is thabatch effects from merging of multiptamples (which is a widely used
strategy[62, 75]) can be problematic Batch effects are even less tractable darss
institutes datasets (whiémrecommon in clinical trials)in addition,theseclusteringbased

methods requirealculation of distance in higtimensional spac&vhich suffers fronthe

fcurse of

have been calling for theturn tolower dimensional methods such as gating based on 2D

scatterplot§11].
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for further analysis decreasen each step of manual gatingCells outsidethe ROI are discarded from
downstream analysisindthe informationthey containis lost. In addition, manual gating is a subjective
process with low reproducibility, as ROIs are drawn manually. With the increasing number of measurements,
manual gating is also becoming too labor intensive for large studies. However, itu@toitive nature,

manual gating is still the most widely used and understood method for analyzing flow cytometry data.
Incorporating the increasing number of measurements, avoiding curse of dimensionality, while at the same
time connecting the largeolume of information biologists obtain from 2D scatterplots (manual gating) is

the goal of Chapter 3.

1.1.3 Mass cytometry / Cytometry bytime of flight (CyTOF)
Mass cytometry is a relatively new technique designed to overcome the bottleneck faced

by flow cytomery to further expand the number of simultaneous measurements to about

100 in theory[78]. It combines twowell-establishedechniques: mass spectrometry and

flow cytometry.Currently the most widely used mass cytometer can measure more than

40 cellular markers at the speed of 1000 cel’&dk Al t hough o6ompared t hr ou
to flow cytometry, the promise to measur e
[1] and is starting to get more and more attention andeusagpth basic science research

and clinicalresearch

1.1.3.1 Experimental Procedure
Mass cytometry uses rare earth metal isotopes instead of fluorescent stains as tags for

cellular markersand uses mass spectrometry to detect signals instqatbtufietectos.

These rare earth metal elemedtsnot naturally exist in cells hence are capable of being
used as tag$n addition the up to 100 distinguishable isotopesurean equahumber of
distinctmeasurement®r each cel[6]. Fig 1.5 shows the experimental workflow of mass
cytometry. Single cells are acquired and incubated with isotope tagged antibodies against

proteins of interest. Cells are then nebulized intoldteas thewre directednto the mass
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cytometer. lons in the dropledse liberatedhrough an inductively coupled argon plasma
(ICP). Then the ion cloud is filtered according to their mass, and light elements that are
abundant in cellsare discardedvhere the heavier elements used as tags remain to be
measured by a timef-flight mass spectrometry79]. Data collected in mass cytometry
experimentis also storedn flow cytometry standard (FCS) formandhence can be

analyzedike flow cytometry dat480].
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Figure 1.5 Experimentalworkflow for mass cytometry (adapted frof@1]). By using rare earth metal
elements that are usually not present in cells as indicators, mass cytbhméer increases the number of
measurements to about 100. With swHarge number of measurements, redundant and irrelevant
measurements become a real problem for analyzing mass cytometry dathekmablowthattheintrinsic
dimension of mass ¢ymetry data is much smaller than the number of total measuretdemtsver feature

selection has been difficult for mass cytometry data since the value of a single measurement is not meaningful.
In Chapter 4| address the problem of feature selectiomass cytometry data by defining features as point

patterns formed by two single measurements.
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1.1.3.2 Data processingcleaning
Since mass cytometry collects signal via mass spectrometry instead of fluorescent light

intensity, theras no overlap of signaland lence no need for compensatiémaddition,
thereis no light reflecion and autefluorescence to take into consideration, so the
background noise level is lower in mass cytometry data comparing to flow cytometry.
However,due tothe wide range of surfacearker expression leglatransformation step
such agogicletransformation is still requirei visualize and analyzeass cytometry data.

1.1.3.3 Data analysis
Mass cytometryshars the data storage format with flow cytometry, so the methods

developed for aalyzing flow cytometry data coulde directly appliedo mass cytometry

data. However, due to the high dimensionality of mass cytometry data, analysis methods
specifically designed for it are in nedgdver the years, great progress has been made in
developng methods thaare customizedor mass cytometry datasgb]. One of the first
methods specifically aimed to analyze mass cytometry dataset is SPAPESPADE
utilizes an agglomrative clustering method to group cells into different subtypes
minimum spanning tree (MST) based algoritisrthen usedor data visualization (Fig

1.6). SPADE hasbeen successfully applidd several mass cytometry datagéi2-84).
Another method called Citrus uses hieraahclustering for cell typediscoveryand
utilizes properties of these cell groups to determine a list of cell types that behave
differently between two sample groug85]. More recently, an algorithm called
PhenoGraph has applied kNN (k nearest neighbors) to detect cell types in a given sampl
[86]. In addition methods designed for flow cytometry, like FLANIEB], flowSOM [62],

etc have also been successfully applied to mass cytometry8¥&td8]. Most recently,

people have managed to apply a hiymensional data visualization methad t-
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distribution based stochastic neighborhood embeddiBiy &) (Fig 1.7]89] i to help with

mass cytometry data analysesg, VISNE [73] and oneSENSE[9(]. In summary, these
algorithms try to make full use ¢tie largenumber of measurements in mass cytometry
data, and theyare successful in revealing the high level of complexitybiological
systems. However, these methods ignore éRkistence of redundant and irrelevant
measurements in mass cytometry dataich could result in high level of noise and false
signal and thecurse of dimensionality. As a result, feature selectiethodsare needed

as a preprocessing for mass cytometry data. However, feature selection for mass
cytometry data is a tricky endeaysince the expression level of single markers (that are
usually meaningful features in other types of data) is not mgfmhim mass cytometry.
Instead, the meaningful information exists in the combined expression pattern of multiple
markers €.g, 2D scatterplots of two markers). Hence new definition is needed for features

in mass cytometry data as well as feature selectiethod.
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Figure 1.6 An example of results given by SPADE (generated based on dataset and guidelines provided

[79]). SPADE is one of the first methods developed specifically to analyze mass cytometry dataant uses
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agglomerative clustering methottsidentify cellular subtypes in mass cytometry data with predetermined
estimation of cluster numbk&(each circle inhe figure is a cluster). Each clusisithen representday the

mean expression level of markers (color coding in the figure shows the mean expression level for each
marker). SPADE then uses a minimum spanning tree (MST) to visualize the clustering asswksee

above. Though sophisticated, the results generated by SPADE lack clear biological interpretation, and require
a good understanding tife underlyingalgorithms to extraaiobustinformation.Also, since SPADE utilizes

all measurements simultamgsly with equal weights, it suffers frothe curseof dimensionality anaxtra

noise buried in redundant and irrelevant measurements.

“

CD197

Flgure 1.7 An example of 4SNE plots (colored by the expression leveiraividual markers) -SNE (¢t
distribution based stochastic neighborhood embedding) is a dimension reduction algorithm introduced to
embed high dimensional data into lower dimensional space while preserving similarities between data points.
In other word, high cell density area in original high dimensional space should also be a high cell density
area in the reduced dimension presentati@NEis mainly use@s a visualization tool for mass cytometry
data,however due to itssimilarity preserving proerty, therehave been attempts to do manual gating based

on dimension reducedINE plots. tSNE is a great method to visualize high dimensional data, nevertheless
since the resulting dimensions are nonlinear combinations of all measurements, intetipeatasylts can

be difficult. In addition since +SNE involves random proceghedifferentrealization of {$SNE may result

in different patterns (with similar features).
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Challenges in higldlimensional single cell analysis

In this dissertationl will focus on two major challenges in highmensional single cell
analysis: heterogeneity and high dimensionality. These two challenges ammébaited,

to fully understand heterogeneity one needs more measurements, more measurements
(higher dimensionalifyleads to higher level of heterogeneity as well as difficulties in
analysis.

1.1.4 Heterogeneity

Heterogeneity is ubiquitous in biological systems, and its significance is starting to be
recognizedHowever the full extent of heterogeneity and its biologiaabpiicationsare

still largely unknownTaking tumor cells as an examptbe heterogeneity of tumor cells

has been identified more than 40 years ), but how heterogeneity in genetic and
epigenetic features of tumor cells affdoe progressof cancer is still not fully understood

[92].

Simple methods thaummarizesell population by its average behavéwenot suitable for
heterogeneouslataset since they oversimplify the data. The hallenge of applying
unsupervised methods to heterogeneous data lies in the fact that signals in these data come
from a mixture of various cell phenotypes, but the exact number of phenotypes and best
set of features to capture these phenotypes are bottownk On the other hand, not all
cell-to-cell variations result in meaningful cell phenotgp&esponses tthe slightly
different local cellular environmesitan also lead to variation which cae considereds
noise[9]. However when the difference in local environment is large enough, it could also
induce cells to exhibit meaningful biological differences. As live cells constantly interact
and respond to their surroundings,is hard to determine when the noise stops and

meaningll heterogeneity starts. Thus when average based methods oversimplify data,
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sophisticated mukvariate unsupervised methods may result in unnecessary complexity.
As a result, a method in between tlsaable tocapture some degree of heterogeneity but
does not add more complexity desired

1.1.5 High dimensionality

The increasingly large number of features that can be simultaneously measured
experimentally leads to two problems: information overload anddiiglensional analysis

(e.g, curse of dimensionality)nformation overload refers to the phenomenon that not all
features measured are biologically important, and there exists redundancy in biologically
meaningful measuremer{@3]. Both unrelated and redundant measurements contribute to
noise in data analysis and can result in misleading interpretdticeddress this problem
dimension reduction or feature selection methods are redaicagture useful information

in datasets. The most widely used dimension reduction methods inphutzpal
component analysis (PCA}distribution based stochastic neighborhood embedding (t
SNE), and independent component analysis. Problems with doneesluction methods

for biological datasets are that: (1) the reduced dimensiorsambinatiorof all original
measurementsThusit is difficult to generate direct biological interpretation. (2) These
methods try to identify only one subspace tlestlraptures information content in original
datasets, and some subtle but meaningful patternsbeagnored The problem with
simplerfeature selection methed that the selection is usually done one feature at a time,
and ignors the correlation betwen features.On the other hand, analysis of high
dimensional data comes with its own problértine curse of dimensionality commonly

used distance measurements (L2 distance, for example) loses their meaning in a high

dimensional space as in high dimensiospace every point is pushed towards its surface
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and are equalistant from the centdi77]. This further affectsthe estimationof point
density and identification of nearest neighbldrg 77] which is problematic fodensity
basedalgorithms and clustering algorithms. Although lots of efforts Hzeen maden
understanding effects of dimensionality on single distribution data, the sty @frse
of dimensionality on heterogeneously distributed datasets (as are most biological datasets)

has just beguf94].

1.2 OQutline of this dissertation

In this dissertationl, will tackle the problem of heterogeneity and hitjimensionality in
singlecell data analysis with concrete examples.

Chapter 2 will discuss the first example which concerns cellular heterogenaitynrage
basedhigh throughput screening dataset. This dataset records nuclear images of cultured
cells with experimentally induced progeria (a premafageingdisease) in regmse to
different RNAI perturbations. Cellular responses to the same RNAI perturbzdion
alreadybevarious, with some cells resemble healthy control, some cells resemble diseased
control, and some cells may resemble neither controls. On the othercbatrd)s cells
havea large cell-to-cell variation as well. The overall goal of this dataset is to identify
RNAI hits that help progeria cells restore to a healthy statuachieve this goal,propose

a notion cal | e dardidefipgehscella aroundehe testar of mbltariatd
feature distribution. Under the assumption tretation in control cells are mainly caused

by unimportant local fluctuations extract typical control cells and use them to build a
stable classifier between htdgl and diseased cells. This classifier is then used to assess

the health status of every perturbedell. Moreover, the importance of each RNAI
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perturbation is determined Ibiye percentagef healthylike cells after being perturbed by

that RNAI.

Chapter3 deals with finding subtle differences in higilmensional flow cytometry data.

The dataset | use is a publicly available dataset that tries to clarify differences of immune
cell composition in peripheral blood between old and young healthy donors. ™te mo
common workflow in dealing with this type of questioniidirst identify all possible
(exhaustedly identified via automated methods) or related (judged by professional
experience) cell subtypes in the data, and the compare their frequency in olduagd yo
groups one by one with statistical tests.
of dimensionality ¢lustering methods that use all measurements simultaneously can lead
to false cell subtypefll]. (2) There has been hypothesis that cell states belong to a
continuum instead of distinct stagesencenot only high cell densjtregions but also
relatively low-densityregion that may be transitioning between two cell stages can be
biologically meaningful. As a result, methods that only focus on high cell density regions
may miss potentially important signal. Héngroposeamétod cal |l ed ACyt oBi |
guantifies 2D point patterns. With the help of CytoBinnihgm able tocompare point
patterns between patients without calculation of cell density in data space, thus avoid
focusing only orhigh-densityregions.In addition by analyzing patterns in 2D at a time,
Acurse of di mensionalityo could be avoided
cell subtypes before comparisdnfirst identify cell regiongpatternsthat are different
between old and yourgyoupsand darify types of cells in these regions later.

In Chapter 4, try to tackle feature selection problem in mass cytometry data with a

publically available dataset that aims to differentisguespecificimmune cell signatures
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in eight types of human tiges. Although the problem of information overload in mass
cytometry data has started to being recognized in mass cytometry datenyohethods

have been proposed to perform feature selection fohis is in part due to the fact that
meaningful featws in mass cytometry datee not in single measuremest but the
interplay between two or more measurements (point patteamsddition the only
guantifiable measurements dhe interplay between two variables are correlation
coefficients and mutual farmation which oversimplify the pattern and provide no details.
Herel use CytoBinning as a quantified, detail compatible method to capeir@erplay
between two variables that enables dirdot,quantifiedcomparison between two point
patterns. then define features in mass cytometry data as point patterns formed by two
measurements attame andam able tadentify tissuespecific immune cell signatures in
eight types of tissues with onb/features (6 unigue measurements).

Finally, in Chapter % will make short summaries for each the above examples, discuss the
potential applications of the methods | developed, and talk about future directions with

some preliminary results.
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Chapter2Ref CEs1l ng typical cel I-s as
di mensi os abf abnamsheyds ihri gulhg hput sc

2.1 Overview
In thischapter| try to tackle celito-cell variationinimagd ased data usbdbng ft

a method | proposed to capture typical features of single cé@hsnwnoncstate cell
samples.The experirents were performed at NCI/NIH by Dr. Nard Kubben in the
laboratory of Dr. Tom MisteliThis chapter is adapted from a manuscript submitting to

BMC Bioinformatics.

2.2 Abstract
Imagebased higkthroughput screening (HTS) reveals a high level of heterogemeit

single cells and multiple cellular states may be observed within a single population.
However, in biomedical and clinical practice most imbhgeed HTS analysis is based on
average behavior. While complex analysis methods that illustrate and capture t
heterogeneity are under development, their reliability and predictive power are still
uncertain.Here we introduce RefCell, a muttimensional analysis pipeline for image
based HTS that focuses on reproducible capturing of the cell heterogeneity@ndtad,
systematic reduction of the multidimensional HTS information into biomedically
actionable figures. Instead of averaging, RefCell selects single cells for which all cellular
measurements are typical. Red Caend qwarmbtaiste
assessment of the heterogeneous deviations from this typical behavior. We apply this
pipeline to the analysis of data from a hifiinoughput imaging screen of a library of 320
ubiquitin protein targeted siRNAs selected to gain insights the mechanisms of

premature aging.
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2.3 Introduction
High-throughput screening (HTS) is a powerful technique routinely used in drug discovery,

systematic analysis of cellular functions, and exploration of gene regulation pafivays
95-97]. With modern automated microscopes, imhgeed HTS allows for routine
imaging of thousands of cells in multiple fluoresceneanmels. Due to the volume and
complexity of imaging data, building analysis methods has become a big challenge.
During the last decade, powerful new automated image analysi§18083, 98, 99| that
reproducibly parametrize each cell started to emeargeyell as methods for analyzing
high-dimensional data specifically applicable to imdgesed HT325, 32, 34, 100-107).

To identify multiple cell subtypes and quantify cellular heterogeneity, machine learning
methods such as support vector machines (SY34), hierarchical clustering33], or
clustering with Gaussian mixture modgsgl] have been introduced. While these methods
are very successful in revealing cellular heterogeneity and identifying subpopulations, the
Acurse of di mensional ity o ystmscclusering decambsat f o
ambiguous. Due to this curse of dimensionality as well as redundant and irrelevant
measurements, these sophisticated analysis approaches may produce misleading results
when applied to high dimensional d4fd]. Furthermore, the outputs of advanced high
dimensional analysis methods such «&NE or SPADE are not yetandardized, and
biomedical and clinical researchers have little experience in how to derive actionable
insights from the output graphs.

Due to these challenges, recent publications are suggesting that conventional- average
based methods are sufficierdr fanalyzing data collected from cell populatidi$s.
However, one major disadvantage of averbgsed analysis is that averaging is generally

done for each dimension separately. Thus any mutual information between multiple
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measuremas for each cell are lost in the &ms. In addition, averaging tends to
oversimplify the data by smoothing out potentially important cellular variations.

Here we introduce a new method that incorporates multiple measurements simultaneously
and capture similarities of cells in a single state population. Our flexible pipeline is
focused on analysis of imadpased HTS experiments of cellular phenotypes. Our approach
captures the typical features of a single state cell population with single cell @soluti
This is achieved by the introducing of Aty
We introduce our approach in the context of an RNAI screen to identify cellular factors
involved in the premature aging disease progeria. The starting point of the analysis is a set
of singlecel metrics obtained through standard imggecessing tools (e.§25, 108).

The main output of thenalysis is identification of the most significant morphological
features that together provide a holistic view of the disease phenotype, and a list of
significant sSiRNA perturbations that partially rescue the disease phenotype, which we call
A h ® We conpare our pipeline to one of the more complex methods for characterizing
heterogenous cellular respori8d] and found that our pipeline yields similar hits, yet is

simpler, faster, and yields output graphs directly interpretable by biomedical researchers.

2.4 Results
We demonstrate our pipeline using datasets from an kinasged higithroughput siRNA

screen designed to investigate cellular factors that contribute thstese mechanism in
the premature aging disorder Hutchingsitford progeria syndrome (HGPS), or progeria
[109, a rare fatal diseas&hich affectsonein 4 to 8 million live births[11(. HGPS is
caused by a point mutation in th&NA gene encoding the nuclear structural proteins

lamin A andC [111]. The HGPS mutatiocreatesan alternativesplice donor site that
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results in a shorter mRNA which is later translated into the progerin piogeimutant
isoform of the wildtype lamin A protein[110, 111]. HGPS is thought to be relevato
normal physiological agings well[112-117] since low levels of thprogerinprotein have
been foundn blood vessels, skin and skin fibroblastsiormally aged individualgl15.

The progerinprotein is thoughtto associatewith the nuclear membranand cause
membrane bulging118. In addition to nuclear shape abnormalities and progerin
expression, two additional features that have been associated with progeria are the
accumulation of DNA damage inside the nuclddd9, as well as reduced and
mislocalized expression of lamin B1, another lamin that functions together with lamin A
[114).

Thesecellularhallmarks of progeria arvidentat the singlecell level(Fig 2.1a; FigAl).
Typical nuclei fromhealthyskin fibroblastswith no progerin expressioexhibit round
nuclear shape, homogeneous lamin B1 expresdmry the nuclear boundargnd little
evidence of DNA damag&ig Al, top) In contrasttypicalnuclei from HGPS pagnt skin
fibroblasts show aberrant nuclear shape, reduced lamin B levels, and increased DNA
damage (Fig Al, bottom)or a controlledRNAI screening experiment previously
describechTERT immortalized skin fibroblast cell lingas usedn which GFRprogein
expressioncan beinduced by exposure to doxycycline, causihg various defects
observed in HGPS patient fibroblast$2(. RNAi screening controls consisted of
fibroblasts in which GFprogerin expression was induced by doigime treatment, in

the presence of 1) a ndargeting control siRNA, which allowed for full expression of
GFP-progerin and formation of a progeilif&e cellular phenotype in most cells, and from

hereon will be referred to athe GFRprogerin expressingontrol, or 2) a GFRargeting
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siRNA, whicheliminatedGFP-progerin,restored a healthijke phenotype, and from here
on will be referred to athe GFR-progerin repressed control. Progeimduced cells were
plated in 384well plates and screened againstilerary of 320 ubiquitin family targeted
SsiRNAs. In addition, 12 GFProgerin expressing controls and 12 GtBgerin repressed
controls were preparedn each imaging platevhich enables estimation of control
variability. Four fluorescenthannels were atyzed(DAPI to visualize DNA, far red: the
nucl ear architectur al protein | amin B1l,
damagg Images were taken at 6 different locationseach well and each plate was
imaged 4 times under the same condgjdhe whole imaging procedure was applied to 4
replicate plates with identical setygee Methods)Details of the screening process are
reported i12Q.

2.4.1 Definition of stable classification boundaries based on typical cells

Single cell heterogeneity is prevalent in our screen (Fig 2.1). While typical progerin
expressing cells exhibieducedand inhomogeneouamin Bl expression, pronounced
DNA damage, high expression of progerin, alolebbed cell shapesome cells in this
populdion look like a typical healthy cell, withormal levels of homogeneously distributed
lamin B1, little or noDNA danmage little to noexpression of progerin, and round nuclear
shape(Fig 2.1). Converselyhe cellular population of GFprogerin repressedontrols
consists mostly ofhealthylooking cells However a smadl fraction of cells in this
populationdisplay featurescharacteristiof progeria(Fig 2.1a). This heterogeneity is a
well-established feature of HGPS patient cgli&4).

Quantification of single cell featurehows the distribution dhe mean intensity for all

nuclei (progerin channel), the distribution of standard deviations of curvature (Lamin B1
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channel), the distribution of fluorescence intensities foalothg the nuclear boundary
(boundary intensities; Lamin B1 channel), and the standard deviation of intensities inside
nucl eus (o2H2AX channel) (Fig 2.1b) . These
analysis tools (see Methods) from all images in afitml samples. For each of the four
channels imaged, we show the metiniat best separates GipRogerin expressing cals

(red) from GFPprogerin r@ressed controls (green). Except floe intensity ofprogerin,
distributions overlap significantlyhighlighting substantial hetegeneity among nuclei
within each control group. The heterogenei
shape and lain B1.

Despite heterogenous cellular expression, the average behavior ofpr&Fed?in
expressing and repressed control cells are faignily different. Since the goal of this

screen (as many other screens for identifying potential drugs) is to identify important
perturbations that reverse the states of diseased cells to Héathywe focus on

similarities of cells in each type of mtwols.
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Figure 2.1 Single cell heterogeneity leads to overlapping cell populations. a) Each row corresponds to one
fluorescent marker; columns show different nuclei selected from@&drerin repressed ctvols. Nuclear

shapes (green contours) were extracted from the DAPI channel and mapped onto the other channels. Typical
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healthy cells (first six columns), exhibiting normal lamin B1 expression, little DNA damage, no expression

of progerin, and round nucleahape, as expected for GBRogerin repressed controls. Atypical cells (two

rightmost columns) exhibit characteristics of progeria, namely reduced lamin B1 expression, increased DNA
damage in the Oo0H2AX channel, expression of progeri
metric that best separates the two types of controls in each channel, based on all cells in the control samples
(green: GFPRprogerin repressed cells, re@FPprogerin expressing cells). Note that the contours obtained

from the DAPI channel appear slightly smaller and misaligned with the images obtained in the lamin B1

channel (see Fig S2 for the analysis of crcisannel discrepancies). The scale barjs5

Classification of individual cells based on such overlapping distributions is challenging, as
indicated by the fact that the analysis of multiple sets of 300 randomly selected cells of
each of the two reference types via a Support Vector Machin&S¢proach (see
Methods) does not result in a stable classification boundary (Fig 2.2). To illustrate this
limitation, we use 200 bootstrap samplings to identify a classification boundary using all
metric dimensions simultaneously. We then extract thahidity of the classification
boundary in each channel (Fig 2.2b). We observe that classification boundaries rotated on
average by more than 10 degrees between trials in the progerin channel, and by somewhat
smaller amounts in the other channels.

Note hat the angle of the classification boundary determines the relative weight of the two
metrics shown in the scatter plot: for example, a vertical classification boundary indicates
that the metric plotted along the vertical axis is not important for Gizsdn. Thus
uncertainty about the orientation of the classification boundary implies uncertainty about
the relative weight of the metrics in distinguishing both controls. To provide a reliable
weighting of metrics and to find reproducible classificattmundaries, we use typical

cells, defined as cells close to the center of distribution of given cell population in a given
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channel (see Methods). Typical cells lead to stable classification boundaries with variations

of less than 5 degrees in all chamsn@ig 2.2b).
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randomly selected cells for each of the two control populations and a putasgdichtion boundary. The

variability in angle for 200 repeats is shown in (b

cells are used.

2.4.2 Stable classification boundary enables identification of potential SIRNA hits
based onthe fraction of healthy-like cells

Once a stable classification boundary is drawn based on typical hkledtli@FP-progerin
repressed contrpand progeridike (GFP-progerin expressed cant) samples, all cells in
all samples can be analyzed using the classificdioundary. Specifically, we measured
the percentage of healttike cells in every sample (Fig 2.3)/e define significant SIRNA
pertur bat D pased orthe abilityioh the sS(RNA perturbation to significantly

increasehe percentage of healtlike cells(see Methods).
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Percentage of healthy-like cells

Figure 2.3 Identifying hits from the percentage of cells classified as hedilkby A visual representation of
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the entire screen (320 siRNA samples, 12 @Fdyerin repressed ctvol samples, and 12 GHitogerin

expressed control samples). Each dot represents a sample (gregmro@é&ifh repressed control, red: GFP
progerin expressing control, blue: siRNA samples), with the vertical axis showing the average percentage
and the ewr bar showing standard deviation of heallikg cells computed from the 4 independent replicates.
False positive rate (FPR) for each siRNA is estimated from this standard deviation. The red horizontal line
marks the upper boundary for GipRogerin expresing control samples used to identify hits (5 standard

deviations from the mean of all GFfPogerin expressing controls). Only siRNAs above this line with FPR

< 0.05 are considered as hits. The green dashed horizontal line marks the lower boundarypi@g&fi

repressed control samples (5 standard deviations from the mean of ghr@¥ePin repressed controls).

In all channels, GHprogein expressing and repressed tols are well separated, with
the healthylike phenotype boundary (green dashed iinFig 2.3 above the hit selection

threshold (redolid line in Fig 2.3). The separationtiwyeen GPFprogerin expressing and

repressed controlrethelargest inthe progerin channel, asxpectedsince GFPprogerin

repressed cdrols are derived from BP-progerin expressing controls via GFP siRNA
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modulation.According to our criteria for the selection sRNA hits (see Methods)the
lamin B1 has the largest number of hits)(andfollowed by progerin31), nuclear shape

) , and Sysdedatxls if A7).

The fraction of healthyike cells in each well in the screen constitutes a metric not yet
widely used in screen analysis. This metric highlights the ability of the sSiRNA to
significantly alter some of the cells, boot all, whereas the more traditional metrics
which were also used in the original analysis of this dataset ifIR€f.1 emphasize shifts

in the overall behavior. To compare the two metrics, we determinegsbergs of the sfis

in average properties (Fig 2.4a). Both types efcdres are determined based on GFP
progerin expressing control samples. For the traditional metric, the threshold is held at Z
score of 2, while our threshold is asgore of 5 (byChebyshev's inequéjithe probability

that the hit is spurious is less than 0.04). Note that if we increasesit@& threshold for
traditional metrics to 5, there will be no hits identifidthese two thresholdgray lines)
separate eagbanel of Figure 24 intofour guadrants: perturbations identified as hits by
both methods (upper right), hits identified only togditional metriclower right), hits
identified only by the fraction of healthijke cells (upper left), and perturbations not
identified as hits by eithenethod (lower left)The botom right quadrant is empgxcept
fortwosiRNAs i n the OoH2AX channel, suggesting
determined by the traditional metri©n the other handyointsin the top left quadrant
represent siRNAits identified only by ourapproach, suggesting thaair metricis more
sensitivein the sense of identifying additional possible hits

In addition, we benchmarked our method against one of the existingcimnsional
analysis approaches that is atsmsed on the difference in cell type fracti¢Bd]. The
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method in Ref34] is based on more complex clustering of all cells into multiple cell types

(Fig 2.4b). Using the method of Re¥4], we first identified multiple clusters (BQusters in
progerin and Oo0H2AX channel s, and 8 cluster
controls cells (5,000 for each control type). We then calculated the profile of cell
distribution in each cluster for all SiRNA samples and compared with-fgdgerin

repressed controls (healthige). Since the original workflows of R¢84] did not include

hits selection, we adapted the workflow of R8#] and introduce the inverse distance

between each siRNA sample and GbBgerin repressed controls as the metric for hits
selection. Figure 2.4 shows a strong correlation betwbe metric derived from this

benchmarking test (horizontal axis) and the RefCell analysis pipeline (vertical axis) (see

details in Appendix A.8).
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Figure 2.4 Comparing the percentage of heakltke cellswith traditional averagéased metrics and another

multi-dimensional analysis approach. a) Each panel depicts one channel (nuclear shape (DAPI channel) is
not taken into consideration in R¢1.2(], henceit is not included here). \Fery point represents a siRNA
sample the value shows Zcores calculated based on the distance from the mean of alprG§érin
expressing control samples using the traditional avelbaged metric calculated by directly averaging
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intensity measurementsr all cells in a sampléx-axis) and our metric ¢gxis). Gray lines indicate hit

thresholds for the corresponding metrics. Note that our metric identifies every hit found by the traditional

met hod (except for the two hits i n tddigonabpgdterdiaX c hann
hits (siRNAs inthe upperleft corner) missed by the traditional metric. b) Similar as in a) each panel shows

one channel in the screen. Each circle depicts a siRNA sample. The horizontal axisnslkoseof the

distance to GFprogein repressed (healtHike) controls, the larger this value, the similar the siRNA to
GFP-progerin repressed controls. The vertical axis shtbepercentagef healthylike cells, and the dashed

lines are thresholds for hits in respective channels.

2.4.3 Clasdfication boundary and metric weighting obtained via typical cells is
useful for characterization of all perturbations

As explained aboveve assess the phenotype for each perturbation in outhriginghput
screen relative towo types ofcontrols. Thus,the weighting ofmetricsgiven by theSVM
classification boundary is based on botntrol phenotypes (Fig.2). In Figure 2.3, we

had focused osubsets of cells that cross ttlassification boundary.e., that exhibit a

shift in property perpendiculao the classification boundary

In ournextstep we characterize shifts of the phenotype both perpendicular and parallel to
the SVM classification boundarffig 2.5a). We find that most perturbatiorshift cell
propertiesperpendicular to the classifitan boundary This indicates that the imaging
metrics which are most important to distinguish typical cells in the two control phenotypes
are also the imaging metrics that change most for the siRNA perturbations. However, when
the classification metricare computed from randomly selected cellfie blue points in
Figure 2.5b7 we observe shifts both parallel and perpendicular to the classification
boundary. (Fig 2.5b)One notable exception is the progerin channel in which the two
control cases are mewell separated (Fig 2.1byhe analysis above indicates tkiad 320

siRNA screerfocuses ormperturbations thagtrimarily affect the progeria phenotype
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a) Typical Control cells b) Randomly selected Control cells
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Figure 2.5 The sift of mean cell properties byRNA perturbations for classification boundaries computed

from (a) typical cells and (b) randomly selected cells. Each green and red point represents the mean of all
cells in one GFprogerin repressed (healtlilge) or GFRprogerin expressing (progetlike) control sample,
respectively. There are 12 samples for each control type. Each blue point represents the mean of all cells for
one siRNA perturbation. The classification boundary is shown as a vertical dotted black line. Four siRNA
samples that deviat#gnificantly from both controls in each of the four channels are labeled (siPHF13 for
progerin; si NEDD4 for | amin B1l; si TRI ML INotethat DAPI (
the range of the-axisis the same as the range of thaxisin all panels.a) Most points are preferentially

shifted perpendicular to the classification boundary. Variation parallel to the classification boundary is small
compared to the variation perpendicular to it. b) siRNA perturbations are shifted both parallel and
perpendicular to the classification boundary when the classification bouisdesynputedrom randomly

selected cells.

Figure 2.5a also identifies siRNA perturbations that yield unusual changes in phenotype.

Four examples of such siRNAs are highlightede, one for each channel: siPHF13 for the

progerin channel, sSINEDD4 for the lamin B1 channel, siTRIML1 for the DAPI channel,

and si RNF8 for the oH2AX channel. From eac|

(picked using the same method as typicaitml cells; see Methods) are shown below in
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Figure 2.6 (a, b, d, and e). For comparison, four typical cells in both prdégeriand

healthylike controls are also selected (Fig 2.6¢c and f). siPHF13 treated cells (Fig 2.6a)
express even higher levels pfogerin than cells in progerlike controlsand progerin
aggregates in the nucleus. Upon examining lamin B1 levels expressed by cells treated with
SINEDD4 (Fig 2.6b), we find that lamin B1 no longer localizes only to the nuclear
boundary, but spreadsrtughout the nucleus in an inhomogeneous way. In addition, in

this case lamin B1 expression elocalizes with progerin expression. siTRIML1 is an

outlier in both the progerin and nuclear shape channel, with overexpression of progerin
similar to that obseed in cells treated with siPHF13. Furthermore, cells treated with

si TRI'ML1 have nuclear shapes that are even
for cells treated with siRNF8 DNA damage is more substantial but also more localized
(isolated brint dot s i n t he oH2 A Xkecdnteols.nhede yesuttsh an 1 |
suggesthat aclassification boundary buifrom typical cells in contrd is valuable to

analyze the full perturbatioscreenand that outliers identified in this classificatipaint

to perturbations that yield unusual properties.

DAPI Lamin Blprogerin YH2AX DAPI Lamin Blprogerin YH2AX

¢) Ras Q ) f) Proggria-like:’,‘;;

Figure 2.6 Typical cells in siRNA perturbations identified as different from both controls. a) siPHF13 is an

outlier in the progerin channel: cells ated with siPHF13 express more progerin than the protjesia
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control cells (f), and the expressed progerin appears to be distributed differently from the progeria control. b)
sINEDD4 is an outlier in the lamin B1 channel; cells treated by sINEDD4 expr@®slamin B1 than the

healthylike control cells (c), and the expression is less homogenous. In addition, the expression of lamin B1

is spatially calocalized with the expression of progerin in sSiINEDDdated cells. d) siTRIML1 is an outlier

in both DAR (nuclear shape) and progerin channels. Cells treated by siTRIML1 tend to have elongated nuclei
compared to the healtHike and the progeritike controls. Also, clusters and increased progerin expression
(compared to the progerlke control () canle obser ved. e) si RNF8 is an ou:
damage) channel. Note that the contours obtained from the DAPI channel appear slightly smaller and
misaligned with the images obtained in the lamin B1 channel (se&Zfgr the analysis of crosshanrel

discrepancies). The scale bar is 5 pum.

2.4.4 Integrating information from multiple channels increases hit detection
accuracy

So far we have considered multiple metrics separately for each channel. This means that
we may have labeled a cell as heallikg based on one channel, but progdike when it

is analyzed in another channel. This approach reflects uncertainty regarding the progeria
phenotype at the single cell levelthmughit is known thatprogeria is caused byé
expression of the lamin-Autantprogerin, it remains unknawhow progerin expression
changes other featuresuch avlebbed nalear envelope, DNA damage acmuiation,and
mislocalized lamin B1 expssion at the singleell level, and how these different features
correlate withone arother. For example, in one study progeria and healthy cells were
distinguishedusing only nuclear shape measureméh®], implying that nuclear shape

is adominant criterion in detecting progeria. However, another study found that nuclear

shape could change independently from DNA damage accumulation inside the nucleus

[119.
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Thus, as a final analysis step, viedy the elationslips among the four féares associated

with progeria at the singleell level. RefCell integrates single cell information from
multiple channels in two different ways. First, we displag percentage of healtlike

cells fora primarymarker vs. the peentage of cells identified as healthie according

to the otherthreemarkers(Fig 2.7) The diameter of the circle represents the fraction of
cells identified as healthlyjke according to all four markers.sfexpected, GFprogerin
repressed controlg.e, healthylike controls, green circleghowa large percentage of

cells identified as healthijke for all four markerghan any of the 320 perturbations (blue
circles) Figure 2.7 shows that the percentage of hedik®ycells according to a given
marker is correlated with the percentage identified as hebl#nyaccording to the other

three markers are correlated, although the correlation is weak in all channels except
progerin.

Second, we integrated image metrics from all charingktherand aplied our method on
combined metrics. We found that the three metrics related to progerin (mean intensity,
standard deviation of intensity and boundary intensity) are the most important metrics in
separating GHprogerin expressing and repressed contaasiributing more than 60%

in the direction of classification boundary. Lamin B1 is next, contributing about 20%. In
addition, we found that 99% siRNA hits identified by combining all channels are also
identified by detecting hits separately for each cle&rhowever, the combined analysis
allows us to hone in on a subset of 61% of all hits (based on separate analysis of each

channel).
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Figure 2.7 Integrating information from all channels: Percentageeafthylike cells in one channel vs.
percentage of cells classified as healikg in the other three channelzach circle stands for a sample (green:
GFPR-progerin repressed, red: Giprogerin expressing, blue: siRNAJhe size of the circle is proportial

to thepercentage of cells thate classifieds healthylike in all four channelsscales are shown in tepght

panel) The dashed vertical lines are thresholds for hit selection in the corresponding channel. Shown in the
upper right corner of eagbanel is the linear correlation coefficient (note that p < 0.01 after Bonferroni

correction in all cases).
2.5 Discussion
One of the major usages of imagased higkithroughput screening (HTS) experiments is

to identify important RNAI perturbations for pathwaentification or drug disogery. A
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major strength of image based HTS is that measurements of multiple parameters are carried
out on each cell, thus promising insights into mutual information and correlations among
parameters at the single cell level. Haer, newly developed analysis methods yield
complex and hard to interpret end results, and may actually misrepresent the data due to
the curse of dimensionalifyL1]. In fact, most current applications of image based HTS

still rely on simple averaging of each parameter. Here we introduce RefCell, a method that
fills the gap between statisally sound averagbased methods and statistically
challenging highkdimensional methods. The underlying assumptions of RefCell are that the
properties of typical cells are useful reference points for the biological or clinical question
of interestand hat the best approach to identify hits is to measure changes along a straight
path (in high dimensions) between the references points.

The first step in RefCell is the selection
cells within these contle. Here we choose typical cells as cells that are average in all
aspects of their phenotypieg., all the metrics are close to the mean. In our dataset, one
control represents cell nuclei of a model for progeria which show several defects, and the
other control approximates healthy cell nuclei. Since imbgsed metrics are
heterogeneous, the corresponding distributions of measured values overlap significantly at
the singlecell level (Fig 2.1). Selecting typical cells yields distributions that are well
separated, enabling stable classification boundaries between kidadtaynd progeridike

cells. The classification boundary reveals both the value of each metric that marks this
transitionand the relative weight of each metric (Fig 2.2).

For the HTSused in thignvestigation we find that surprisingly the metrics we identified

as important are also the metrics that change most for all perturbations. A graphical
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representation of this observation is shown in Figure 2.5a, where the two controls (green
and red dots) lay out a straight path between a protjeziphenotype and a healttike
phenotype. All siRNA perturbations (blaets in Fig 2.5a) fall alonthis straight path
indicating that the metrics that were identified as important are thelwaitesre changing

most in the 320 siRNA perturbations. On the other hand, if all cells rather than typical cells
are used for classification and weighting, classification boundaries are less stable (Fig 2.2),
and the 320 siRNA perturbations do not charfge Highly weighted metrics more than
other metrics (the blue dots in Fig 2.5b form a clodth)s indicates that the scrednes

not involverandom perturbatiabut perturbationgargeted specifically to progeria.

With these weights and a stable clasation boundary, we were able to quantify the
heterogeneity of all cells in all samples. This analysis yields a simple parameter: The
fraction of cells identified as healtlike in each sample. The fraction of normal cells had
been identified in othertgdies as a useful paramef@é?. In RefCell, this parameter is

used in multiplestepsand is first determined separately for each channel to identify
potet i al Ahitso in the si RNA perturbation sc
Our new parameter, the fraction of healttikg cells represents an ensemble metric for a
cell populationand correlates with the averalgased metrics traditionally used in most
HTS. However, the aksification boundary location and weight of metrics are tuned to the
specific classification challenge by identifying two control populati®e$Cell identifies

all hits selected by an averagased method, but with higher statistical significance (Z
scae). In addition, RefCell identifies additional hits even when the cutsitate for hits

is increased to 5 for in RefCell, compared to thecdre cutoff of 2 for the averadpased

m.
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Furthermore, RefCells focus on the fraction of healitky cells meas that any
perturbation that makes a substantial fraction of cell nuclei appear hildthy included

as a possible hit, even if the average cell properties do not change. This allows us to include
all perturbations that areapable oimaking at leash subset of cells appear healike,

even if the same perturbation is ineffective or detrimental for other cells.

The final step in RefCell focuses on integrating information from multiple imaging
channels (Fig 2.7). When considering all siRNA perttiodog and all channels
simultaneously, ouanalysis confirms thaheprogerin level is thenost important feature

in progeia disease, and that decreasing progerin expression levels is the most efficient way
of removingall four principal phenotypes assated with progeriaHowever, we also note
significant variability in how effectively a given perturbation leads to hedikiey
phenotypes in each channel. This information helps prioritize hits that have been identified
separately in each channel.

In addition, we compared RefCell with a published method that aims to characterize
heterogeneity in cells using EM clustering with Gaussian mixture models (JBH}1)

Since the published method did not provide a metric for hits selection, we used inverse
distance to GHprogerin repressed controls. This distance is calculated using symmetrized
KL divergence as used [i84]. The higher the inversed distance, the more important the
perturbation. We show that in both progerin and lamin B1 channel, our metric agrees well
with the other method (see Appendix A.8) with Spearman caoelabefficient 0.98 for
OH2AX channel and 0.91 for Il amin Bl channe
the complex clustering approach does not allow us to integrate information from all

channels, since complex clustering cannot be used for thesisnaf cell morphology (the
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di mensionality of metrics is too | arge for
cell images in each sample).

In summary, RefCell represents a simple but useful computational approach for analyzing
imagebased HTS dasets. RefCell is broadly applicable to singéd-based high
throughput screens that focus on perturbing cells from one distinct phenotype to another.
RefCell uses image processing and machine learning algorithms to identify hits that
substantially inaease the fraction of cells that regain one of the two reference phenotypes.
RefCell can be used to analyze each fluorescent channel separately, and also to integrate
the singlecell information from all channels. Applied to a progeria HTS dataset, RefCell
reveals a complex interplay among the four standard indicators of proteria (measured in
four independent fluorescence channels), revealing that the list of hits depends strongly on
the choice of indicator. RefCell analysis further revealed that the sgesemot unbiased,

but focused on a pathway with known links to the disease.

2.6 Methods

2.6.1 Experimental procedure
hTert immortalized doxycycline GFprogerin inducible human skin fibroblasts (P1 cells)

were generated and induced (96 IRpverse siRNA transfdons were carried out in
guadruplicate in a 38well format (Perkin Elmer Cell carrier plates) in the presence of
doxycycline (1 mg/ml with pooled siRNA oligos (50nM; 4 siRNAs/target) from the
Dharmacon siGENOMESMARTpool siRNA Human Ubiquitin Conjugasobset 1 and

2 libraries. Positive and negative controls consisted of-taFeting and notargeting
siRNA (50nM; Ambion, #AM4626, #AM4611G), respectively. Transfected cells were

incubatedovernight, after which 60 ml of antibiotic and doxycycline (1 mybtontaining
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medium was addedndcells were incubated for another 3 days1B75% CO2). Details
of the experimentarereported in109. A full list of screened siRNAs can be found in
Appendix ASection 9.

2.6.2 Image analysis

While metrics similar to the one used in this study cdaddobtainedvith commercial
software, we used a custom image analysis method modified from methpta3jin
Details are described in Appendik Section 3. A list of measurements and short

descriptions are shown in Table 1.

Table2-1 Image measurements used in this study.

Name of measurement Description
Area Area of nucleus
. . Ratioof perimeterto area, normalized so that a circl
Circularity )
would have ratio 1
Eccentricity Eccentricity of nucleus
Invaginations Number of invaginations alonthe nuclearboundary
Major Axis Length Major axis length of the best fit ellipse thee nuclear
boundary
Nuclear Mean Curvature Mean curvature alonthe nuclearboundary
shape Mean Negative Curvature Average of only neg%tlve curvaturesiadjthe nuclear
oundary
Minor Axis Length Minor axis length of the best fit ellipse
Perimeter Perimeter of nucleus
- Percentage of pixels inside the convex hull that a
Solidity et
inside the boundary
Std of Curvature The $andarddeviation of curvatre
Tortuosity Tortuosity of nuclear boundary
BP Intensity Mean intensity of points alorthe nuclearboundary
Intensity Mean Intensity Mean intensity insid¢éhe nucleus
Std of Intensity Standard deviation of intensity inside nucleus

2.6.3 Analysisof the two control groups
Selection of typical control cells. Within each control population, typical cells were

defined as a core of n=300 cells closest to the mean based on the L1 (Manhattan) distance,
calculated separately for each chankéd pooled all combl samples together for typical
control cell selection. On average there are about 20,000 cells in each type of controls.

Typical progeridike cells, selected out of the population of GpiBgerin expressed
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controls, show HGPS characteristic nuclear dsfe(increased progerin expression,
misshapen nuclei, reduced lamin B1 protein levels, and incrédgéadlamage shown by
expressionob H2 A X)) . T y plikeccall$, seleced FramhGyprogerin repressed
controls, show no sign of HGPS nuclear defetkss selection procedure was carried out
independently for each replicate plate. Additional details are providégppendix A
SectionS4.

Classification using Support Vector Machines (SVM). The sets of typical cells were
used to classify healthyand progrialike phenotypes via SVM, an efficient and robust
supervised machine learning algorithm for classificgtid]. Using a linear kernel, SVM

finds the optimal linear boundary in instangace (straight line in 2D, planes in higher
dimensional spaces) that separates two classes of instance data points, while maximizing
the margin of class separation. \plerformedSVM usingthe ksvm() function inkernlab
package in R (version 3.1.1). Aftegscaling all nucleus metrics to zero mean and unit
variance, a classification boundary was obtained between typical healthy and typical
progeria cells. The distance from each nucleus to the classification boundary, which is a
linear combination of all themeasurements, can be used as a score to classify the proximity
of that cell to each phenotype (healtloy progerialike). In order to distinguish between

the two sides of the classification boundary, we define positive distances as associated with
healthylike cells, and negative distances with progdika cells. The SVM analysis also
yields the relative importance of each meitnidistinguishing between the two phenotypes

as shown ilAppendixA Sectionb.

2.6.4 Identification of significant perturbations
Determination of the fraction of healthy-like cells. Having obtained a classifier

boundary based on typical control cells, we then applied it to all samples (including all
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control samples and siRNA perturbations samples). For this, we first normalizesaibcell

be classified using thestore transformation determined from typical control ceks, (
subtracting the mean of typical control cells and dividing by their standard deviation). Next,
we calculate the distance from each cell to the classifichbandaryand use the sign of

the distance to classify individual cells as either healthryprogerialike. Finally, we
calculate the percentage of healtte cells in each sample. This percentage is obtained
separately for each replicate plaihis allows us to report the mean percentage (averaged
over all replicate plates) and its estimated uncertainty (resulting from the variance over
multiple replicates)The numberof cells in each perturbation sample ranges from 500 to
2000.For more details, se&ppendixA Section6.

Identification of SiIRNAs that generate significanthealthy-likeper t ur bati ons (i
We repeated the screehtimes (yielding 4 independent replicates), and the analysis
described above was done separately for each plategiven a sample, there are 4
independent estimates for each parameter). To carry out the hit selection process, we first
averaged each parameter over the 4 replicates. Then we excluded potentially cytotoxic
SiRNA samples, by excluding those that contain less 0% of cells compared to GFP
progerin repressed samples (the number of cells is similar in each sample at the start of the
experiment)Next, a sSiRNA hit was selected based on the following two criteria: 1) the
fraction of healthylike cells is above #hreshold (a mean and standard deviation were
computed based on the percentage of hedikkycells in each of the 12 GHptogerin
expressing control samples, the threshold was set to 5 standard deviations higher than the
mean); 2) the false positive rgtePR) based on the variation among the 4 replicates is less

than 0.05.

a7



Chapter3Cyt oBi nmnmugh:ol pgscghts -from
di mensi onal dat a

3.1 Overview
In thischapter| try to reconcile the conflict between difficulty in interpreting sophisticated

high dimengnal analysis methods and the impressiotheflow information content of

2D scatterplots by introduci nogThainciedsinglyi ng me
large number of measurements that can now be made simultaneously using cytometry
platformshave created the impression that 2D scatter plots, which used to be the center
stage of cytometry dat a anal ysi s, donot
sophisticated methods that fully embrace large numbers of measuranegmisnperedy

the difficulties of interpreting higldimensional datasetand this limits their practical

utility. CytoBinning fills the gap of complexity between conventional manual analysis and
complex automated analysis to extract deep content in scatter plots which can be later
cascaded into more complicated clustering or classification algorithms to obtain novel
biological insights. The experimental datsere obtainedfrom the online repository:

https://flowrepository.org/This chapteis adapted from a manuscript submitted to PLOS

Computational Biology.

3.2 Abstract
New cytometric techniques continue to push the boundaries of -pandmeter

guantitative data acquisition at the singldl level particularly in immunology and
medicire. Sophisticated analysis methods for such ever higher dimendmtagktsare
rapidly emerging, with advanced data representations and dimensional reduction
approaches. However, these are not yet standardsebclinical scientists and cell

biologistsare not yet experienced their interpretation. More fundamentally their range
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of statistical validity is not yet fully established. \Wereforepropose a new method for

the automated and unbiased analysis of-digiensionakingle-cell datasets thas simple

and robust, with the goal of reducing this complex information into a familiar 2D scatter
plot representation that is of immediate utility to a range of biomedical and clinical settings.
Using publicly available flow cytometry and mass cytomdatasetsve demonstrate that

this method (termed CytoBinning), recapitulates the results of traditional manual

cytometric analyses and leads to new and testable hypotheses.

3.3 Introduction
Cytometry is a multparameter singleell measurement technique th&widely usedn

biological and clinical studieg37, 125129. One of the main uses of flow cytometry,
which has had a major impaatrossthe fields of immunology and medicine, is to
differentiate immune cells compositions among cell types or patients. Modern flow
cytometers can routinely measure2®cellular markers on millions of cells from dozens

of sanples in oneexperimentand can sort cells into subpopulations based on those
markers. Recently mass cytometry has expanded the number of markers that can be
measured simultaneously to 100, though the technique is destructive to cells and does not
allow for sorting. The conventional way of analyzing flow cytometry data uses a gating
strategy which requires the manual selection of regions of interest (ROI) on sequential 2D
scatterplots. This type of analysis is very labor intensive and inefficient for argd |
datasets and also suffers from subjectivity in both the sequence of 2D scatterplots and
selection of thresholds (ROJ», 37, 45, 51, 52, 127]. Thereforeas both the number of

cells analyzed and the number of markers quantified for each cell have grown over the past

49



decade,novel automated and unbiased analysis methods for flow cytometry data are
emerging1].

These novel analysis methods can be divided into two categories based on the problem
they address: 1) methods trying to mimic and automatize the process of manugbgating
55, 61, 64, 69, 130 131]; and 2) methods trying to identify cell populations using all
markers simultaneously without prior biologicahdwledge[58, 59, 132 133. Some
cuttingedge approaches to automating manual gating, suttbmd3ensity[54], are very
successful in rédentifying cell subsets that match with manually gated sshsetin
automatic, reproducible way. However, gating (both manual and automatic) relies heavily
on prior experience to inform the sequence of markers to gate. Furthermore, in gating,
researchers must define the cell phenotypes to look for in advancér @irtkysis, hence
hindering discovery of novel cell types and not tapping into the full potential of the
acquired data. Gating methods also only explore a very limited portion of the total data
space, though unsupervised methods hmen publishedhat enhance the efficiency of

data usage, with the potential to reveal otherwise hidden differences between pédhsets
Most unsupervised methods that allow nos&l type discovery aim to identify regions
with high cell density in mukdimensional spacb6, 58-60, 63, 66, 70, 72, 73, 75]. This
assumes cells form distinct phenotypes and that only cells inside those relatidersgly

areas (peaks) are of importance. However, cells that are in between twidehgity
clusters (valleys) may also have potential biological significf6e Another limitation

of clustering based methods is thahcatenatinglifferent samples (whitis a widely used
strategy[62, 75]) with potential batch effects can be problematic, hence limiting the

meanngful combination datasets across institutions (which is very common in clinical
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trials). In addition theseclusteringbasednethods require estimation of nearest neighbors
inhighdi mensi onal space which suffer sadtor om
misleading result§77]. As a result, people have been calling for the uséower
dimensional methods such as gating based on 2D scattgddlpts

In this paperwe present a new method famalyzing cytometry data that utilizes such 2D
scatter plots. Instead of gating, we dig deeper into the scatter plots mining the information

that is largely bypassed by other methods. This method is useful for the majority of

comparative studies that aim to elucidate the difference between two groups of samples.

Our method, which we term CytoBinning, identifies the mioftrmationrich 2D scatter
plots and extracts biological insights from them. We show that biologically releva
differences cabe discovereftom the pairs of markers identified with this approach. First,
we introduce CytoBinning with a synthetic dataset, and then apply it to two public high
dimensionalsinglecell datasets, a flow cytometry dataset comparinghmasition in
immune cells between old and young healthy human d¢b8fsand a mass cytometry

dataset analyzing the immune signature of eight types of hunsaegi$34).

3.4 Results
We synthesizedwo pointpatterns based on the expression of two virtual markers: maker

A and marker B. Ten samplegre generateftr each pait-pattern. The first poirpattern,
called pattern A, consists of three pedhisters. Two large clusters each contain 5,000
points anda third relatively small cluster contains about 2,000 points. The three clusters
are randomly sampled from Gaussiastiilbbutions that centered at point (0, 4),-@),and

(4, 0) with standard deviation 2, 2, ahdespectively. The second poipattern, called

pattern B, also consists of three pethisters. The two large clustaage generateth the
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same way as pougattern A However the third smaller poirpattern only contains 200
to 500 points, sampled from a Gaussian distribution centered at i} (vith standard

deviation 1 Fig. B1).

3.4.1 Percentilebased binning is a coarsgrained representation of pointpatterns
An example of percengibased binning is shown in Figurd 21sing onesyntheticsample

with pointpattern A. Points inside the poipattern were first binned int®levels based

on the expression of marker A and B independently, each levdicmgtone thirdof
points. The 3 levels for marker A and B were then combined on a 2D scatter plot to form
9 subregions (these suiegions are called boxes). The percentage of points in each box
changes depending on the pepattern. This binning methotas been usedas an
alternative method to calculateutual information 1) in a robust and computationally
efficient way[135. Ml is a measure of dependence between two random varveibliely

used in gene network inferenfE3q as a general measure of interdependency between
genes. In our method, instead of summarizing the binning information into one number
(MI), we used percentage of points in each box@sassegrained representation of point

patterns to obtain detailed information of pemaitterns.
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Figure 3.1 An example of percentitbased binning as a representation of 2D ppattern (number of bins

1

2

Equal weight binning v
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16.7%
8.2%
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- 33.3%

- 33.3%

- 33.3%

10% 12% 14% 16%

= 3). (a) Synthesized poipattern formed by expression of marker A and marker B. (b) Points are binned

into 3 bins each containing 1/3 (33.3%) of the total points. The bins are labeled numerically based on the

expression level of the related marker, witimne lowest and 3 the highest (similarly if points are divided into

5 bins then the highest level is 5). This binning is done independently for marker A and marker B based on

their expression. (c) Bins obtained in (b) are combined so that-Begidns réerred as boxes are formed.

The percentage of points inside each box is calculated, and the matrix of percentages is straightened to a

vector so that the 2D poupattern shown in panel (a) is coagained to the vector in (d).

3.4.2 Applying percentile-based binning to multiple samples enables meaningful

classification

After we demonstrate how to represent pqatterns with percentilbased binningnext

we show that this representation is able to capture real differences ipaterhsFigure

3.2a showstwo examples of thesynthetic point-patterns. In total, 10 samples were

generated for each poipattern, and each sample was analyzed using perebatiésl

binning to generate thew vectors shown in Figre 3.2b. Using 3 binsour method is able
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to cluster the two poinpatterns into distinct groups, and correctly identifies thstm
significant difference (Fig3.2b & c). Boxplots of cell percentaga each boxshow that

the box with most distinct difference between the two ppatterns is box B32 wth
contains the third cluster of poipattern A (lower panel of Fig.2b). This is the most
significant difference between these twoint-patterns, and it was captured without
referring to density distribution of points. Minor differences between thesepoint
patterns (the small cluster located at the top left corner) were not spotted, since the
percentage of points in box B13 is similar in both point patterns 32lg). However, this

third cluster in pattern B (~ 2% to 5%), was identified whenrtmber of bins was

increased to 6Hig. B2). Hence, the depth of analysis depends on the number of bins.
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Figure 3.2 Percentile based binning able todetectrealdifferences between poinpatterns. (a) Eample of

the two synthesized pohpiatterns A and B. The two large clusters in pattern A and B cosdaienumber

of cells andvere generatedith the same distribution. Pattern A contains a relatively large third cluster (10%
to 20% of cells) atenterright of the pattern and pattern B includes a smaller third cluster (2% to 5% of cells)
on the top left corner. (b) Upper panel showeatmapmf point percentage in each box for all samples, and
lower panel shows boxplots of point percentage in eactblebtxeen the groups of poipatterns. (c).abels

of each box. Highlighted is box B32.
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3.4.3 The maximum number of bins forbinning depends on the number of samples
(patients)

We 6 seenin the previous sectiothatthe depth of analysis depends on the number of
bins usedAnd here we are going to show thihé maximum number of binge coulduse
dependson the total number of samplegpatients), for using a large number of bins to
classify a small set of samples would cause overfitthigsee that false positivate (FPR)
increases with the numbers of bins used for binning (Fig. 3.3a). However, the maximum
number of bins with tolerable FPR (FPR < 0.05) increased when we intheasember

of samples from 20 to 60 (Fig.3a). While with 20 samples we can onlgaias many &

bins to keep FPR under 0.05, with 60 samples this number increaséatbu&ing6 bins,

our method is able to identify both of the differences we artificially genelstdeen
point-pattern A and BFig. B3). To get a general picture bbw the maximum number of

bins relates to number of samples, we calculated the maximum number of bins with FPR
= 0 (we use this stringent condition because i) Synthetic data is easier to classify; ii) Real
dataset contains more than 2 markers, and meiltgdts correction should be taken into
consideration) for various number of sampl& found that when the two groups to be
classified contain the same number of samples (patients), the maximum number of bins is
around the square root of half the sangite (Fig. 3.3b). In reality, the number of samples
(patients) in different groups is rarely equal. However, we can overcome this inequality by
assigning different number of samples to cross validation set for different groups so that in
training datasetaeh group will have the same number of samples. Thus, once we know
the number of samples in training dataset, we get a reasonable estimate for the number of

bins to use.
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Figure 3.3 The maximum number of bsndepends on the number of samples (patients). (a) Estimated false
positive rate (FPRYs. number of bins for 20 samples (red) and 60 samples (blue). The dotted black line
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dataset. (b) The maximum number of bins with FPRvs. @talnumber of samples used in the dataset. Blue

dots show simulation results with our synthetic datasets and redhinisthe estimated number of bins
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3.4.3.1 Application to two real human cytometry datasets
Next, we applied our method to two real flow cytometry datasets. Both datasets aim to

identify dfferences between two biologically different patients/donor groups. In general,

in order to get rid of debris and dead cells, someppoeessing steps should be taken
before applying our method (e.g. manual/automatic gating to get live d¢eljditian,
depends on the question of interest, further gating can be applied to get more focused cell
types, e.g. T cells, CD4I cells,etc The preprocessed datasets are then the input for our
method. We first determine the appropriate number of bins to gsel loa the number of
samples in a dataset. Next, we apply the binning method showing in Figure 1 to-the pre
processed dataset. Unlike the simulated dataset showing above which only contains two

markers, real cytometry datasets usually measure much mdeersnahichresultsin even
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more marker pairs. The binning method is applied to every possible pairs of markers. Then,
in order to identify the important marker pairs, we separated the dataset into training and
testing subsets. Using a classification aldpni called support vector machine (SVM)
[124], we define important marker pairs as the ones that are able to achieve 100%
classification accuracy in both training and testing subsets. Orexe iterker pairs were
determined, we move on to identify which regions formed by these marker pairs (boxes)
are significantly different between the two groups.

3.4.3.2 Old versus young
The first dataset we analyzed aims to find differences in the composition oinencel!

types between old and young healthy dorfd37]. Peripheral blood mononuclear cell
(PBMC) samples from 34 healthy old donors (ages 60 and above) armi#®yh/oung
donors (ages 19 to 3%)ere takenandtheir cellular composition were quantified by flow
cytometry In total, 16 markers were measured: Ki67, CD95, CD127, CD57, CD3,
CD45RA, CD8, CD14, CCR4, CD27, CD11b, RDCD4, CD28, CCR7, and a viability

dye (live/dead). We first manually gated for the live cells (Fig. B4) which were used as
input for our method. At this stage, about 20% of samples (4 young samples and 6 old
samples) were randomly chosen as a cross validation set. We determined thé optima
number of bins in remaining training dataset to be 5 (as the total number of samples in
training set is 46, Fig. 3.3b), then we applied SVM classification based on the binning
results of all possible pairs of markers. In total, we identified two pamrsadfers (CD8

CCR7, CD3- CD4) that are able to classify old and young donors with 100% accuracy
both in training and testing dataset (H8%). Scatterplots of CD8s. CCR7 and CD3¥s.

CD4 for randomly selected old and young dorames shownn Figure B and B7. Bxes

whose cell percentages are significantly different between old and young dosalso
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identified We selected the two boxes that are most different between old and young donors
for demonstration beloywremainingresults can be found irugplementary information
(Fig. B81 B10).
3.4.3.3 Naie CD8 * T cells are found significantly decreased in elderly donors using

only CD8 and CCR7 expression.
We first look at box B55 which contains cells whose expression of both CD8 and CCR7
are in the top 20%.e, CD8"9"CCR7"9", Fig.3.4a). We find that percentage of cells inside
box B55 decrease significantly in old donors (Fd#b). On the other hand, mean
fluorescence intensity (MFI) of cells inside box B55 are similar among donors for all
markers, indiating cells inside box B55 are homogeneous across all sample8.4E)g.
Notice that CD3 and CD45RA MFI levels are high for all samples, and since cells inside
box B55 already express highest 20% of both CD8 and CCR7, one possibility is that cells
inside B55 are naie CD8 T cells. Indeed, cells in B55 agrees well with manually gated
naie CD8 cells (Fig. B11 & B12a) on single cell levelln addition when comparing the
expression of CD45RA and CCR7 between cells in B55 and manually gated CD8 naie
and nemory celltypes we find that cells in B55 match well with naie cells for young
donors with slightly higher variation on CD45RA (Fg34d). Cells in B55 express higher
variation in CD45RA for older donors, which is expected since box B55 was selected
without expression information of CD45RA (Fig.49. Together, these results suggest
that cells inside box B55 resemble naie CDB cells. Decreasing of nafe CD8T cells
with ageing is a welknown observation in immunolodg$38 and is also identified in this
datasetig. B12b). In addition we found that the abundancy of effector memory (TEM)
and effector memory RATEMRA) CD8" T cells are increased in alibnors, as suggested

by the increased percentage of cells in B51 (H8CR7°%) (Fig. B13).
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Figure 3.4 Nalfe CD8* T cells were identified by our method as significantly decreased in old donors using
only two markers: CD8 and CCR7a)(An example showing scatter plot of CD8 vs. CCR7 with box B55
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young, orange: old)dj & (e€) MFI of CD45RA vs. MFI of CCRY7 for cells in B51, nafe and memory CD8

60



T cells. Each symbol shows a donor (young donoksand old donors i), vertical and horizontal ssr

bars showstandarddeviation of CCR7 and CD45RA intensity respectively.

3.4.3.4 Distinction between nafe and memory CD8 T cellsis blurred in old donors
Next, we analyzed cells inside box B52 (CHECR7"emediaeloy The percentage of cells

inside bax B52 (Fig.3.5a) was found tde increaseth the old group (Fig3.5b). Similar

to box B55, the MFI of cells in box B52 for all samples were at similar levels for most
markers, indicating a homogeneous cell subset is identified among all donoi35¢&)ig.

Notice that box B52 lies in between two peaks (Biga) which is a region often neglected

or assigned to one of the peaks by manual gating, and we have shown above that cells in
peak above B54.€., B55) resemble naie CD8 T cells and cells in pdadow B52 {.e.,

B51) resemble memory CD8 T cells (TEM and TEMRWE hence infer that cells in B52

are transition cells between naie and memory cellsch increases with ageing. Figure

3.5d & eshow how cells in B52 locate relative to manually gatedenaind memory CD8

T cells.
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Figure 3.5 An intermediate cell region which is often neglected by gating metiwddentified as
significantly increased in old donorsa) (An example of scatter plot of CD8 v€CR7 with box B52
highlighted. b) Boxplot of cell percentage inside box B52 between the two groups of donors. Each dot is a
donor. €) Scatter plot of mean fluorescent intensity (MFI) of each donor, each point shows a donor (purple:
young, orange: old)d) & (e) MFI of CD45RAvs. MFI of CCRY7 for cells in B52, nafe, and memory CD8

T cells. Each symbol shows a donor (young donors in D and old donors in E), vertical and horizontal error

bars show standard deviation of CCR7 and CD45RA intensity respectively
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3.4.3.5 CD4 versusCD8
Next, we applied our method to a mass cytometry dataset that originally aims to identify

immune signatures among 8 types of human tissues: cord blood, PBMC, liver, spleen, skin,
lung, tonsi) andcolon[134]. There are in total 35 samples, 3 to 6 samples for each type of
tissue (see Methods). The marker panel used for mass cytometry contains 41 markers with
a focus on the function (cytokine expriesg of T cells (a full list of all 41 markers can be
foundin supplementary information arjd34)). Instead of differentiating the 8 types of
tissues, here we @&l to classify CD#4cells from CD8 cells in all types of tissues. This is

a good test for our method since there exists great wgtioinp variance (different tissues)

in the two groups wedbre comparing, mdand we
across all types of tissues but are significantly different betweer @it CD8 cells.

Like the previous dataset, we divide these tissue samples into training and testing sets as
well. From the 35 CD4 samples, 5 samples are randomly selected:tosisevalidation

set; and the same was done for the 35 CD8 samples separately. Since there are in total 60
samples in training set (30 for each cell type), the number of bins to use is 8.36)g.

We identified 7 pairs of markers that were able to fla&D4* and CD8 cells with 100%
accuracy for both training and cross validation datasets. Only 1 marker pair (CCR10 vs.
CCR9) out of the 7 contains purely trafficking markers. This indicates that &id4CD8

T cells can be more easily differentiated teir function and lineage markers than
trafficking markers, which is consistent with the results in the original dagdr. We
selected one of the seven margairs: Interleukin (IL)2 vs. CD25 to show in Figui6.

The pattern formed by CD4 cells is distinct from CD8 cells in that CD4 cells express
significantly more Il-2 and slightly more CD25 in all types of tissues, which agrees with

previous findings baskeon circulating immune cellgl39. In addition we found that
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percentage of cells in boB13 (red shaded region in Fi§6, IL-2 low and CD25
intermediate) is significantly higher in CD8 cells, which is a sutlifference that would

be missed by algorithms based on a peak finding.
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Figure 3.6 Patterns formed by H2 vs. CD25 is distinct between CD4 and CD8 cells. One randomly chosen

sample for each tissug shown The same sample for each type of tissue is chosen to illustrate both CD4 and

CD8 cells. Percentage of cells in the red shaded box (B:3: nkgative and CD25 intermediate) is
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significantly higher in CD8 cells comparing to CD4 cells. Cells inside boxaBlBexpress CD45RA, TN

and CD127 (FigB12).

3.5 Discussion

The complexity of cytometry data has increased significantly in the last few years due to

the advancement in experimental techniques that enable measurements of dozens of
parameters on each cell for millions of cqli§. Novel analys algorithms are being
introduced at a rapid pace to deal with this data delugediatifies clusters of cells and

project the high dimensional information graphically in innovative ways. However, these
graphics are not directly interpretable and tratadile into hypotheses and actions by
biomedical researchers and clinicians. There is also the flaw that nearest neighbors are not
meaningful in high dimensions, which& phenomenon referred to
dimensionality [11, 77]. Here we introduce a simpler, alternative approach we term
CytoBinning. Our analysis approach combines automation of a more traditional workflow

(as advocated if11]) and machine learning which links the high dimensional data back to

two biomarkers which can be represented as 2D scatter plots. The 2D scatter plot outputs

are designed the directly interpretable by biomedical researchers and clinicians, who have

an established intuition for the meaning of these graphics. Thusenable tdeverage

their existing expertise in interpreting these kinds of scatterplots. When the diéferien

phenotype are small, CytoBinning able tof ur t her f ocus the resea
attention by identifying, which specific regions of the scatter plot exhibits the most notable
differences between two groups of donors, allowing subtle shifteiimmune phenotype

to be highlighted
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In contrast to automated gating methods that focus on the exact position of density peaks
or the number of groups formed by cells, CytoBinnthg e sstiddte the probability
density distribution of cells, antids its findings are not limited to regions with high cell
density or sensitive to shifts in calibration. Instead, it extracts the pattern of Ziotot

and represents it with a sequence of cell percentages. This enables the comparison across
samples mesaured in different experiments (given the markers are the same and they are
measured in the same channel respectivi\gddition CytoBinningdoesnaot require any

a priori biological understanding to guide the path of analysis. Converselg\idesa

list of important marker pairs and related important cell-mgions for biological
researchers to subsequently interrogate.

In the first public dataset we analyzed, which compares lymphocyte populations in old and
young healthy donors, CytoBinning autatically discovered a decrease of naie CDB

cells in the elderly, a weknown yet subtle phenotypka addition CytoBinning identified

a region in the scatterplot of relatively low cell density between twoesgdblished cell
clusters whichis increasedwith ageingas a new area of interest for the biological
researcher. Two markers (CD8 and CCRY7) are sufficient to pinpoint this subset of cells
which resides between naie and memory CDBcellsand isnot associated with a local

peak in cell densytin the scatterplot. Such an area would be missed by both manual gating
and densitybased algorithms, or by focusing exclusively on peaks in density

The second public dataset we analyzed was even higher dimensional, based on mass
cytometry from eightyipes of human tissues. CytoBinning analysis of Cisl CD8 T

cells automatically discovered higher expression e lin CD4 T cells as we would

expect 139, and shows that this overexpression is consistemigihout all eight types of
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human tissues studield. addition CytoBinning correctly identified that CD25 is also more
highly expressed in CD4T cells[139. This difference in CD25 and {2 was consistent
amongall types of tissues, which is known and therefore obvious to a biological researcher.
However, it also demonstrates the power of our method as this marker pair-was re
discovered without prior knowledge from a heterogeneous dataset incorporating 35
sampls from 8 different tissues, eaddbelledwith 41 markers. Hence, in addition to
avoiding the pitfalls of densitpased approaches, when applied to very-dighensional
datasets CytoBinnings able toselect the salient markers which discriminate between
groups of samples.

In summary, CytoBinning as a robust, automated approaemdtyzehigh throughput
cytometry data presented in familiar and interpretable 2D scatter plots. While simultaneous
assessment of all markers is an important vision and challengjee interim there is a
need to facilitate interpretation of higlimensional data given the evident gap between our
technological ability to acquire this information and our ability to understand it.
CytoBinning fills the void between conventional mahanalysis and complex automated
analysis to extract deep content in scatterplots which can be later cascaded into more
complicated clustering or classification algorithms to obtain novel biological insighss.

has particular potential value in cliaicand biological research settings where high
dimensional data is increasingly available and commonly not fully understood.
CytoBinningis able tadentify the most important markers, while also highlighting novel
cell populations that distinguish comptradatasets even if these ard®foundin areas

of low cell density. Hence, it is a practical analysis approach with potential to fill the
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complexity gap intheinterpretatiorof high-dimensional data in a wide range of biomedical

and clinical settings

3.6 Methods

3.6.1 Binning
The binning we used in our method has been previously proposed to estimate mutual

information (MI)[135. Given bin numbeb, equally populated bins are drawn based on
single cell expression of marker A and marker B independently. Thaseale then
overlaid on each other so that a gedormedwith b? regions (boxes). Percentage of cells
inside each box is then an estimation of the joint probalBili#y, B), wherei andj are the
corresponding bins this box locatas For a random dtribution where marker A and
marker Bis not correlatedn any way,P(A, B) should be approximately the same in for
every box Thisis not true if marker A and marker B is related in any viay, their mutual
information is not zero, this relationshkipn be both linear and nonlinear). We us® @,

Bj)s as a coarsgrained representation of the point pattern between single cell expression
of marker A and marker B. (Fi§.1) In our method this binninig donefor every pair of
markers.

3.6.2 Determine appropriate number of bins

We deduced a relationship between the maximum number of bins with zero false positive
rate(FPR) and the number of samples used in classification using our synthetic data. The

relationship we found is:

4O QGEHE QTG 01T O1 A6 a QD1 ©Qf Q& Tl Qi
Thus, for a given dataset, an estimation of the number of bins to be used is adhieved.

addition we estimate FPR as follows:
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1. For a given number of bins, apghe aforementionedvinning method to one pair

of markers. Each sample is now represented by the ved®fAoB).

2. Randomly divide all samples into two groups.

3. Apply SVM classification Ksvm function in R package ks, with linear kernel and
C=10) onthe randomly divided groups.

4. Repeat step 2 & 3 for 100 iterations, record the frequency when classification
accuracy achieved 100% in step 3.

5. Repeat step 1 to 4 for all marker pairs, calculate the mean frequency of one pair
achieving 100% accuracyhis frequency is used as an estimation of FPR.

6. Repeat steps above for all numbers of bins.

3.6.3 Log ratio transformation

The percentages of cells in each box obtained with CytoBinning is compositional as they
add up to 100. To get rid of this dependemweg, divide the percentages by their median
before takindog with base 2 for every sample and every marker pair.

3.6.4 Selecting important marker pairs

Once the number of bins is determined, we divide all samples iméoning set (about

80% of total samples)al testing set (the remaining 20% of all samples). S¥kpplied

to thetraining set and classification boundary obtained for every pair of markers. We use
the obtained classification boundary to predictdressvalidationset. Pairs that reached
100% a&curacy for both training androssvalidation datasetsare choseras important

marker pairs.
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3.6.5 Selecting importantboxes
We combined boxes formed by all selected marker pairs and applied statistical test

(Wilcox) for thepercentagef cells in each box. Wiaen corrected the p values for multiple
comparisos with Bonferroni correction, and boxes wiphvalue<0.001 after correction

are selected as important boxes. Important marker pairs selected above without any
important boxesre eliminatedrom the impotant marker pair list.

3.6.6 Dataset 1: Comparing old and young healthy PBMCs

Overview of samplesThis dataset is published in referefs8] and downloaded at Flow
Repository (http://flowrepository.org) websitg4(. These samplesere processeid two
experiments, with 19 samples from young donors and 20 samples from old donors
processed in the first experiment, and theaining samples processed in the second
experiment. The panel of markesss kept the same for both experiments. In total, 16
markers are measured: Ki67, CD95, CD127, CD57, CD3, CD45RA, CD8, CD14, CCR4,
CD27, CD11b, PEL, CD4, CD28, CCR7 and a viabilithye (live/dead). Details of sample
storage and processing daa foundin [59].

Pre-processing.Downloaded FACS files were first compensated based on thensrik

in theFCSfiles, and then manually gated to get live ceflig)(S4).Logicle transformation

was performed with w=0.5, t=262144, and m=4.5 using logicleTransform function in
flowCore package with R.

3.6.7 Dataset 2: Comparing CD4 and CD8 T cells in varios types of tissues

The dataset used ftine demonstrationwas first published if134 and downloaded from

flow repository website hitps://flowrepository.org/ [14(. Tissue types, number of
samples, and the reason for surgay listedn Table 1. Immune cells were isolated from

collected tissues andryopreserved They were then thawed and washed for mass
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cytomety experiment. Two panels of antibodies were used for staining, each containing

41 mar ker s .

The two panels were named

as

antibodies included in it. We only used function panel in this paper. Details of experimental

process and the lists of antibodies t@nfoundin [134]. The downloaded samples from
flow repository are FACS files, prgated to major immune types (e.g. CDAO& NKT,
etc). We used only CD4 and CD8 cells. We perforntegicle transformation using
logicleTransfornmin R package flowCore, with parameters: 0.25, t= 16409, m =4.5)nd

a=0 according t4134]. Thelogicle transformed datavere then saveds text files for

further analysis.

Table3-1 Summary of sample information

Tissue type Number of samples Reason for surgery
Cord Blood 5 Healthy donation at neonate
PBMC 4 Healthy donation
Tonsil 5 Tonsillar Hypertrophy
Splenectomy (Due to Distal
Spleen 3 Pancretedomy)
Colon 6 Routine Colonoscopy
Ski Abdomiroplastyor Mastectomy
in 5 . -
- Invasive Ductal carcinoma
Lung 4 Lung cancer resection
Liver 3 Liver transplantation
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Chapter4Feat ure selection with Cyto

dat a

4.1 Overview
In thischapter| try to tackle feature selection problem in mass cytometry data. Since the

informative feature in cytometry datasréde not in single measurements but the point
patterns formed by multiple measuremehtsst define features for cytometry data as the
patterns in 2D scatterplots between two measurements. Ggtoginning | developed

and introduced in Chapter Bwas able to quantify these point patterns and select features
accordingly. The experimental dateere obtained from the online repository:

https://flowrepository.org/

4.2 Abstract
Mass cytometry provides the potal to measure up to 100 different protein expressions

simultaneously on a single cell levelo keep up with the high dimensionality of
measurementsnost analysis methods aim to utilize all measurements simultaneously by
engaging sophisticated high dmsional algorithms. However, the real number of
measurements that are directly related to the question of interest is much lower than the
total number of measurements, i.e. a large number of measurements are either irrelevant or
redundant, resulting in farmation overload and noise. Hence, feature selection methods
are much needed for mass cytometry datee difficulty in selecting features for mass
cytometry data is that the valuable information resides not in single marker expression but
the point parn formed by expression of multiple markers which is hard to quaHefe,

| apply the binning method CytoBinning, introduced in Chapter B to quantify
information in point patterns hence enable feature selection for mass cytometrly data.

demonstrag with a publicly available mass cytometry dataset that CytoBinsiagle to
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select meaningful features (i.e. marker pairs) within the datasearthatble tcclassify
eight types of human tissues simultaneouslyaddition noveltissuespecificprofilesare

identifiedwhen combining information contained in markers from selected pairs.

4.3 Introduction
Mass cytometry is a relatively new technique that enables simultaneous measurements of

more than 40 cellular parameters at a shoglklevel. It outputslata in a format similar to

flow cytometry but offers the potential of much higher dimensionality. In contrast to flow
cytometry, itdoesnat suffer from between channel fluorescence leaking that plagues flow
cytometry data and hdioncQ@n thd otlees harddi is able® d ¢ o m|
measure far more cells (on the magnitude of millions) comparing to othecdmgént

single cell measurement techniques like cellular imaging and sieff|RNA sequencing.
These features make mass cytometry a peté®l to investigate cellular heterogeneity as

we often see itheimmunesystem, tumor cellgtc [79, 80, 141]. The rapidly increasing
number of measurementsn the other hand, posegeatchallengs in analyzing mass
cytometrydataand also increases the probability of information overload.

In recent ars, analysis methods specifically designed for mass cytometry dataset are
rapidly emerging5]. Most of these methodsmto fully embrace the high dimensionality
provided by mass cytometry by utilizing all measurements simultaneously with the same
weights. For exampleSPADE([75], as one of the most wethown methods for mass
cytometry analysis, uses an agglomerative clustering algorithm to divide cells into different
groups andhen applies a minimum spanning tree (MST) based algorithm to visualize the
clustering results. SPADE hbsen successfully appli¢ol several mass cytometry datasets

[82-84]. Another example is the method called Citrus which utilizes hierarchy clustering
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for cell type discovery and then calculates properties of these cell subtypes and use them
to determine a list of cell subtypes with significantly different fieeries between two
sample group$§85]. There is also an algorithm called PhenoGraph that applies k nearest
neighbors (KNN) to identify cell subtypes in a gimesample[86]. On the other hand,
clustering based methods thae¢ developetbr flow cytometry datasets, like FLAMEGS],
flowSOM [62], etc have also been successfully applied to mass cytometry dd@sgets

88]. One problem of using all measurements simultaneously without weighting is that the
definition of distance and density lmeoe less meaningful with the increase of dimension
due to Acur se [0/f142d In adeitiog in oeal datasetstiieonumber of
measurements that are directly related to the question of interest is ofteamalign than

the total number of measurements due to redundant measureegnsarkers that have
similar biological functiors) and irrelevant measurements.q, not known before
experiment). Hence feature selection methods are much in need-poopFss mass
cytometry data before distan@nddensitybasedmethods cae applied Nevertheless,

since the valuable information in mass cytometry data exists not in single measurement but
the content of point patterns formed by multiple measurements,hard to quantify
meaningful features for mass cytometry data.

Here we define features of mass cytometry data as the 2D point pattern formed by two
measurements. We use CytoBinninthe binning method we proposed in Chaptért8
guantify content in a pot pattern into a vector of cell percentages. In this way, direct
comparisons between point patteanemade possible, and important featuaesselected
accordingly. We demonstrate our method with a publicly available mass cytometry dataset

that measwas immune cells collected from eight types of human tisgl&§. Without
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any prior biological information about immune signatures in different types of tisgees,
are able toselect five pairs of markers whose point patterns are distinct among different
types of tissuedn addition we showtissuespecifictrafficking features for immune cells

in different types of tissues with a combination of only six markers.

4.4 Results
We demonstrate our method using a publicly available mass cytometry dataset first

published in134]. In this dataset, a total of 35 samples collectenh fBotypes of human
tissues were measured using mass cytometry with two marker panels. Both panels contain
41 cellular markerghefirst panel includes mostly trafficking and surface markers while

the second panel contains both surface markers and ihitaceltokines (see Methods).

The first panels callediit r af f i cki ng panel 0 while the se
according td134]. Table 1 summarizes thgpes of tissues, number of samples for each
tissue type and the source of tissue samples. For illustration purpose, here we focus on
CD4' T cells that were manually gated by the authors of refergi®8 with the traffic

panel, and our goal is to identify tisssigecific trafficking profiles within CD4T cells.

Using CytoBinning, we show that ware able tesimultaneously classify th@ types of

tissues with ol 2 markers (e will refer to them as marker pairs). In total, we identified

5 such marker pairs thatnablesimultaneous classification. There are oflylistinct
markers in thes& marker pairs.-SNE analysis based on the&enarkers reveals point
pattens with tissuespecific signatures.

4.4.1 An overview of CytoBinning

The binning method we use in this Chapt&ytoBinningi is first proposed in Chapter 3

for analyzing flow cytometry data. In summary, CytoBinning quantifies information in 2D
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scatterplots vth percentilebasedoinning. To illustrate this with mass cytometry data, we
selected two patients with similar but distinct patterns between CD45RO and CCR7
expression (Fig 4.1a and 4.1c). The point pattern shown in Figure 4.1a contains three
clusters, ae big cluster on the upper left corner and two relatively smaller clusténg on
upperright and lower right corner. While the pattern in Figure 4.1c is similar to 4.1a, they
are different in that there are only two clusters in 4.1c. Instead of twoatiislusters, the

lower right cluster has a thick and long tail that extends upwardly. As illustrated in Figure
4.1a, CytoBinning firstivides cells intoa pre-definednumber of bins (3 bins in Fig 4.1)
based on the expression profile of the two markaiependentlyeverybin contains the

same number of cells. The bins are then combined so that the scaisepibier divided

into smaller boxes, arttie percentage of cells in each bogatculated. These percentages
change with the patterns mscaterplot We use these percentages as a cafesaed
representation of the point patternsarscatterplot CytoBinningis able tocapturethe
subtledifference between different patterns as well as prominent features of a pattern. As
shown in Figure 4.1the distinct upper left and lower right clusters in both patient samples
are captured by the two boxes with largest cell percentage (upper left and lower right box,
Fig 4.1b, 4.1d). For pattern in Figure 4.1a, the third cluster (upperisghtjinto multiple
regions with majority of the cluster inside the middle and middle right box, which reflects
the shift between the centertbie upperleft and upper right cluster (Fig 4.1b). Since the
patterns are different between Figure 4.1a and 4.1c, the @ytioBirepresentation is also
different, with cell percentages in the four lower right boxes more homogeneous in Figure
4.1d comparing to Figure 4.1b, corresponding to the wider cluster in the lower right region

of Figure 4.1c.
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Figure 4.1 An illustration of CytoBinning and how it can represergsubtledifference between two similar

patterns. a) An example of percentil@sed binning as a representation of 2D ppattern (number of bins
= 3). b) The corrgponding representatios shownin heatmagor a). ¢) A similar but distinct point pattern

to a). d) The corresponding representatsoshownin heatmagor c).

4.4.2 CytoBinning is able toidentify key differences among CD4 T cells in eight
types of human tssues
Our analysis revealdsimarker pairs (features) thate able tesimultaneously classify the

8 types of human tissues with less than one error on average (see Methods and Fig C1):
PD-1 & CCR7, CCR7 & CD161, CCR5 & CD27, CCR7 & CD27, and CXCR6 & CCR5.

Each marker pair formed distinct expression patterns among different types of tissues.
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Figure 4.2a, figure C4, figure C7, figure C10 and figure C11 illustrate point patterns formed
by each marker pair respectively. We select the marker pair witlowrest number of
average erroi PD-1 & CCR7i to discuss in detail here. Results for the other four marker
pairs carbe foundin Appendix C.

The scatterplots in Figure 4.2a shows randomly selected examples-bfaR® CCR7
expression pattern in different gpof tissues. Indeed, these patterns appear different from
tissue to tissue. Even though patterns of cord blood, liver, PBMC samples look similar to
each other at first glance, they ardeeddistinct from each other. The PBMC sample has

a longer tail adng CCR7 axi$ comparing to cord blood and liver samplelreover the

liver sample has wider spreadn the lower right corner which has high expression of PD

1 and low expression of CCR7. In particular, we notice ¢toatpaed to other tissues,

tonsil has a unique cell subtype that is-BF" and CCR7(highlighted inorangecircle in

Fig 4.29. To validate this subtype, we manually gated for it (Fig C2a), calculated
percentage of PR"9" CCR7 cells in each sample, and compared their percentagssacro
tissue types. The results show that this subtype is indeed highly expressed in tonsil samples,
but are almost not seen in other tissue types except lung and skin (Fig C2b). To better
understand the PI"" CCR7 subtype, we calculated their mean expi@s level of other
markers expressed by cells in this subtype and identified that they also eXKf@R4g,
CXCR5, CD27, CD69, ICOS and CD95 (Fz). Even though the simultaneous tissue
type classification is achieved with cell percentages in all the@2&shwe show that with

cell percentage in the two most important boxes in classification (B15, shaded in blue in
Fig 4.2a; and B54, shaded in red in Fig 4.2a) one can already get a reasonably good

separation of the eight types of tissues (Fig 4.2b).
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Figure 4.2 Distinct patterns across eight types of human tisateesbservedith marker pair PBL & CCRY7.

a) Scatterplot showing single cell expression pattern formed by CCR7 arid 8&ld black lines are
thresholds determined by CytoBinning. The shaded areas are the two most important boxes in classifying
tissue types (blue: B15, red: B54). The region labeled thigtorangecircle is a cell subset expreasigh

level of PD1 and express little CCR7. Thisltsubseis not observeth other tissue types except tonsil. b)

Plotof cell percentage in box B54 (shaded in red) and box B15 (shaded in blue). Each color and shape denotes

one type of tissues.

Similarly, results came seerfirom the other four markgrairs (Appendix C). For example,

we foundanincreasedrequency of CD161CCR7 cells in colon tissues (Fig Q4C6)
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andahigherlevel of CD27CCRS5 cells in lung tissues (Fig Q7C9) and validated it with
manual gating. However, deeper biological ihssgcannot be generated from these
observations since not all sampées collectedrom healthy donors.

4.4.3 New insights carbe identified by combining selected marker pairs

After selection of marker pairs whose patterns are distinct across different yjsssiene
combined these marker pairs to gain new insights of the dataset. In particular, we combined
the 6 distinct markers in th& marker pairs we selected and perform&NE analysis on

all samples combined (the samples are deampled before combirgn with 250 cells
randomly selected from each sample). We found that, as shown in Figure 4.3, the resulting
2D scatterplot shows distinct tisstelated clusters. CD4T cells in cord blood, PBMC
andliver tissues are mixed and form a big cluster, cells/mphoid tissues (spleen and
tonsil) stay close together with cells in tonsil form a distinct small cluster. Cells in skin,
lung, andcolon are close together with some mixtutasaddition we notice that cells in

colon samplesire dividednto two clwsters (Fig 4.3a). Both clusters express CD161 (Fig
4.3c) However the expressionlevel of CCR7are differentiatedbetween these two
clusters, with one cluster express higher level of CCR7 than the other (Fig 4.3b). Also, the
highest level of CCR7 expressiis observedn blood samples (cord blood and PBMC)

and liver samplesThis suggests there are more naie CD4 T cells in circulation than in
resident tissues. Fig 4.3b also shows the transition of C&RZCR7 from left to right,

i.e,, from circulatingimmune cells to immune cells resident in a distant tissue.
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Figure 4.3 Separation of tissue types da@ observeth t-SNE plot generated lihe expressiorevel of the

6 selected markers (RD, CCR7, CCRpCD27, CD161, and CXCR®6). a) The contours are manually drawn

to show the related clusters of cells. Each point is a single cell, and different color indicates cell in different
types of tissues. b) The same scatter plot as in a) with color coding of €PR&sion level. ¢) Simildo

b), with theexpressionevel of CD161.

4.4.4 Distinct cytokine secretion patterns across human tissues cdre illustrated
with 8 markers

Next, we appliedgimilaranalysis to CD4T cells measured with function panel. Similarly,

we identified5 pairs of markers thatre able tsimultaneously classify the eight types of
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human tissues with less than 1.5 errors on average (but larget ¢neor)T CXCR6 &

CCR9, CXCR6 & CD161, CXCR6 & CXCR3, RD& CCR5, and CCR2 & CCR6. Note

that hey are all surface markers. We combined the unique markers fronbthaise and

again performed-8NE analysis based on all samples combileel samples are down
sampled before combining, with 250 cells randomly selected from each safgp¥efh

the traffic panel, the-SNE plot can be coarsely divided into 4 big regions: blood (cord
blood and PBMC) and liverright, secondary lymphoid tissues (tonsil and splée@nter

top, skin and lung middle left, and colori top left and bottom center (Fig44). In
addition we showed cytokine expression levels-fBNE scatter plot (Fig 4.4b) divided

into 3levels: 0 to 1, 1 to 2 and 2 to Bhe epression level of different cytokines varies
significantl y, wi-NMomocyteFCNlonySanmulatingsHacon (GNMC&FE) y t e
most highly expressed and the expression of other cytokines much lower and Isparse.
addition cytokine secretionare locakzedr el at ed to ti ssue types.
and GMCSFaremainly expressed by CD4 cells in colon, luagdskin. Moreover,both
IL-17A and I-22 are mainly expressed by CD4 cells in colon and $Similar results

were reported in referendd 34 with the use of all 41 markers simultaneously. In
comparison, our methad able toachieve better tissue distinctions. As discussed above,
CD4 cells in colon ted to form two groups where one group expresslevdl of CCR7

and the other grougo not express CCR7. We observed two groups of CD4 celislon
with function panel as well, where one grot
comparing to te other group (upper left). It is possible that the group of cells with low to
no cytokine expression are the same as the CCR7 expressing group (naie) identified with

trafficking panel (Fig 4.3)In addition other regions with low cytokine expressionogxd
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observed in Figure 4.3. However, since the function pdoetnot contain CCR7, we are

samples and lymphoid samples) are also the regions with higher CCR7 expression

not able to verify this.

b)

tsnet
Figure 4.4 Tissuespecificprofiles carbe observeih t-SNE plot generated kthe expressionevel of the8
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selected markers (CXCR6, CCR9, CD161, CXCR3;IRPEBCR5, CCR2andCCR®) in function panel. a) t

SNE plots labeled in red by cells in each tissue typ&xpyessionof cytokines. The expression levsl

dividedinto 3 categories: (0, 1) light blue; (1, 2) purple; and (2, 3) dark green.
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4.5 Discussion
Mass cytometry expands the horizon of cytometry by enabling simultaneous measurements

of a large number of markeand hence provides apportunityto discover new features

and cell types. However, the large number of measurements can also raise problems
because of i nformation overl oad a-pfért Acur s
methodsincorporateall makers simultaneously via sophisticated algorithms with the
assumption that all markers are equally important, even though the importance of markers
varies based on the biological question and some markers could be completely irrelevant.
The lack of dimensin reductiorifeatureselection methods designed for mass cytometry
data is in pardue to the fact thatnlike other singlecell data, meaningful information
within mass cytometry data comes from the point patterns formed by multiple
measurements which difficult to quantify. Here, we aim to tackle the feature selection
problem by define features as point pattern in pairwise scatterplots, and we propose a
binning method CytoBinningi to quantify point patterns and enable direct comparison

of patterns.

With a publicly available dataset that tries to identify the immune signature in different
types of human tissues, we demonstrated the use of CytoBinning for feature selection in
mass cytometry data. We identified five marker pairs #rat able to simulteeously
classify all eight types of tissuels particular, we discovered a cell subset that is unique

to CD4 cells in tonsil samples: PD'9"CCR7. This subset also express€XCR4,
CXCR5, CD27, CD69, ICOSndCD95 However, since the tonsil sampke®collected

from tonsil hypertrophy patients, v not know if this unique cell subset is due to the
disease or a signature of CD4 cellgonsil. Similar discoveriesare maddor the other

marker pairs, such as the high expression of CD161 and CCR74rc€lB incolon In
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addition, we identified a cell subset CDEZICRS that is high in CD4 cells from lung
samples. This cell subset alegpreses CD29, CXCR4,and CD45R0O. Againbecause

these lundissues are collected from lung cancer resecttasjmpossible to tell whether

this cell subset is unique to CD4 celldungor is induced by tumor as CCR5 is related to
cancer therapy.

Combining the markers selected by CytoBinning, we were able to recapitulate the uneven
distribution of helper T cells idifferent human tissues with onB/markers instead of all

41 markers as was done in the original publication and we achieved better tissue separation
with the selecte® markers Also, we also illustrated the diversity of memory cells across
differenthuman t i ssues. What 6s mor e, these analy
prior biological background and hence is unbiadedll, our simple method is able to
obtain comparable analysis results as the more sophisticatediiighsional analysis
methodused in the original paper, and also because the straightforwardness of our method,
we are able to provide easy to interpret and test results (suchRB-I1E"CCR7 subset

that is unigque to tonsil samples).

We have shown that CytoBinnings able todetect subtle changes in patterns. However
sinceit is designed to detedifferencesn overall patternsijt is indifferent to the position

and scalef patternsHence, foexample if one sample contains only PDCCR7 cells

and the other contains orBD-1'CCR7 cells, and they both form the same pattern (e.g. a
single cluster), CytoBinning is not able to detect that. Nevertheless, if ékestesmall
differences (for exampletail or thick outliers,etc) CytoBinning will be able to identify

them. In addition we argue that if two markers form the same pattern (e.g. one large

cluster) in different patient samples with very different expression level the difference will
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show in patterns when these markers are pairing with other markers and cde then
identifiedwith CytoBinning.

All in all, we defined informative features in mass cytometry dataset as point patter in a
2D scatterplot and proposed a binning metho@ytoBinningi to quantify contents in
scatterplots. We demonstrated with a publicly @dé¢ dataset that our methsdable to
recapitulate, without any prior biological background, analysis results obtained with more
sophisticated higldimensional analysis guided by expertise in immunology. In addition,
our method has the advantage of easgrpretation and the ability to generagstable
hypotheses. With moderate modification, our method can be applied to other comparative
studies (two or multiple groups), or serve as a fast screening of datasets to quickly identify

driving differences wthout diving into more complicated atiche-consumingalgorithms.

4.6 Methods

4.6.1 Experimental procedures and preprocessing
The dataset used ftiie demonstrationwas first published ifi134 and downloaded from

flow repository website hitps://flowrepository.org/ [14(. Tissue types, number of
samples, and the reason for surgerlystedin Table 1. Immune cells were ilated from
collected tissues andryopreserved They wee then thawed and washed for mass
cytometryexperiment. Two panels of antibodies were used for staining, each containing
41 markers. The two panels were nathed as
antibodies included in it. Details of experimental process and the lists of antibodies can
foundin [134]. The downloaded samples from flow repository a5 files, pregated

to major immune types (e.g. CD4, CD8, Nkel¢). We performedogicle transformation

usinglogicleTransformin R package flowCore, with parametevs= 0.25, t= 16409, m
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=4.5,and a=0 according {d.34]. Thelogicletransformed dataere then saveal text files

for further analysis.

Table4-1 Summary of sample information

Tissue type Number of samgdes Reason for surgery
Cord Blood 5 Healthy donation at neonate
PBMC 4 Healthy donation
Tonsil 5 Tonsillar Hypertrophy
Spleen 3 Splenectomy (Due to Dist®lancreedomy)
Colon 6 Routine Colonoscopy
Skin 5 Abdpmimplastyor Mastectomy Invasive Ducal
carcinoma
Lung 4 Lung cancer resection
Liver 3 Liver transplantation

Markers in traffic panel:

CD45, CD14, CD57, TCRy dCD3, HLA-DR, CD29, CD38, CD69, CD62L, CD8, CD45RQ CLA, CD4,
CD103 CCR4 CD25, CD493 CCR1Q CXCR6G, CD19 CD27,CD56, ICOS, PD-1,CD161 CCR9 CXCR3
CD95, CD31, CXCR5, CD49d CCR2 Intergrirb7, CCR5 CCRG CD45RA CCR7, CX3CR1, CXCR4,
CD127

Markersin function panel:

CD45, CD14, CD57, TCR dIFNg, TNFa, IL-8, GranzymeB, IL-17F, CD45RA, CLA, CTLA.4, IL2,
CD25, CD103, CCR10, CXCRS6, 48, CD19, CD56, IntegrinB7, PD, IL-9, CCR9, CXCR3, CD127,
Mip1lb, CXCR5, CD161, CCR2, H4, IL-10, CCR6, GMCSF, CCR, IL-22, CCR5, I1:17A

4.6.2 CytoBinning
In this paper we used CytoBinning with bins. For a given marker pair A & B, equally

populated bins are drawn based on single cell expression of marker A and marker B
independently. These bins are then overtan each other so that a grid is formed with 25

(5% regions (boxes). Percentage of cells inside each box is then an estimation of the joint
probabilityP(A, B), whereiandjar e t he corresponding bins
5). For a random distribution where marker A and markey it correlatedh any way,

P(A, B) should be approximately the same in for every Gdms is not true if marker A

and marker B is tated in any wayi(e. their mutual information is not zero, this

relationship can be both linear and nonlinear). We usB(al| B)s as a coarsgrained
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representation of the point pattern between single cell expression of marker A and marker
B. This bnning processs repeatedor every possible marker pairs in the dataset.

4.6.3 Marker pair selection

For each marker pair, multlass SVM is applied to the binning results in R. We ssed
function in package e1071 with linear kernel, cost = 1 and gamm@al=\We randomly
divided the 35 samples intbgroups and performedféld crossvalidationbased on the
dividing. The eror rate of the classificatiowas calculateds the averagerossvalidation

error rate. Marker pairs with error rate < 0.2 (less tharror in averagelyere selecteds
important marker pairs.

4.6.4 t-SNE plots

After marker pair selection, we picked out unique markers within these pairs and performed
tsnein R with tsnefunction in packagésne We randomly selected 250 cells from each
sampé and concatenated them together before perfortsmg(the number of cells for

each tissue ranges from 750 for spleen and liver to 1,500 for colon).
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Chapter5Concl usi on and Discussi on

5.1 Overview
Advancements in experimental technologies have changed the lamddcagsearch in

biology. As the data becoming increasingly high content and throughput, traditional
manualbased analysis regime hgmsed and computebased automated analysis
methods thadre able tdnandle highdimensional, singlkeell data are on #rise. However,

these methods often use all measurements simultaneously without weighismgan

result in problems such as misinterpretation of datasets due to noisy and irrelevant
measurements, and less meaningful results dtieetficurseof dimensonalityd. In this
dissertation,my goal is to develop analysis methods that are complex and-multi
dimensionato automatically extract meaningful information out of biological databats

not so highdimensional and complicated so that straightforwaterpmetation can stilbe

achieved

5.1 Conclusion

5.1.1 Identify stable classification boundaies based on typical cells
In Chapter 2| presented a pipeline for analyzing hifinoughput imaging data that tackles

cell-to-cell variability in a monestate cellpopulation bycaptuing the typical features of
cells.| demonstrated this approach using a screening dataset that aims to identify potential
drug (SiRNA) hits for a prematusgeingdisease (progerigl09. The pipeline starts with

the selection of typical control cells (which | defined as cells close to the mean of a single
peak multivariate distribution, see section in Appendix A4), followed by the computati

of a stable classification boundary between two reference conditions (e.g. healthy and

diseased control, Fig 2.2) at the opposite ends of a continuous spectrum of cellular

89



phenotypesEachcell in all sSIRNA perturbationss then comparetb this classitation
boundary. Cells on the same side with typical healthy control welfe considere@ds
Aihealkabland t he fr ad4dt ike®vasmedsiasenaretricfoy analysis
of the screenMoreover,potential drug hits were identified afk®lA perturbations that
significantly increase the fraction of healhiye cells in the population comparing to
diseased controls (Fig 2.3). The classification boundary built with typical cells captured
the direction where progeria cells are most signiigadifferent from healthy cells. The
underlying biological assumption is thialby muting one otheubiquitin proteins, progeria
cells would become healthier or worse (due to the loss of Haeggng protein). However,
SIRNA perturbation can also drivells to a state that completelydifferent from healthy

or progeria controld. tested that by calculating the position of each cell in the direction
parallel to the classification boundaiyioreover,| found that siRNA perturbed samples
fell nicely into a line along the direction of classification boundary (Fig 2.5).

5.1.2 CytoBinning as a new method to identifymeaningful differencesin 2D point
patterns

In Chapter 3| introduced a binning methddCytoBinningi thatcanquantify information

in 2D point patterns (Fig 3.1). The binning was done based on density distribution of single
measurements. The bins of two measurements were then combined to get a grid that maps
the point pattern formed by these two measurements. Percentage of cells insio@xeach

of the gridwas then calculate&ince these percentages change with the point pattern, they
canbe useds a numeric presentation of the pattéshowed with synthetic datasets that
CytoBinning can help identify both significant (Fig 3.2) and subifferences (Fig B3) of

point patterns, and the same das achievedn real biological datasets (Fig 4.1). For

classification problem, the appropriate number of bins to use is dependent on the number
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of samples to be classified. If the two groups corgaiequalnumber of samples, a good

estimation of the bin number canbe obtained by this formula:

GOOQIDGEE QB'QE (1 £ 0L 066 AQADRT OQE Q& K Qi

In addition | used a publicly available datet that aims to finthe differenceof immune
signature in peripheral blood mononuclear cells (PBMC) between old and young healthy
donorg[59] to demonstrate hovo use CytoBinning for comparative studies in Chapter 3.

| showed that CytoBinning was able teidentify the decrease of naie CD8 T cells in
elderlies (Fig 3.4)In addition CytoBinning found a new cell sulegion whose cell
frequency increases witgeing This subregion resides in the valley between twell-
definedpeaksi naie CD8 T cells and memory CD8 T celiswhich may be a transition

cell state from nale to memory.

5.1.3 CytoBinning can be usedfor feature selection in highdimensional data

In Chapter 4] demonstrated how to use CytoBinning for feature selection with a publicly
available mass cytometry dataset that measures immune cells in eight types of human
tissues[134]. The original publication managed to clarifigsuespecific features of
immune cell composition with all 41 markers that were measured in the experiment. Since
the expression level of individual markers is not meaningful in cytondetis,| defined
features of mass cytometry data as the point patterns formed by two markers. With
CytoBinning,| was able to sele& important featuresi.€., 5 marker pairs) that provide
tissuespecificinformation of immune cell composition. There ardy 6 unique markers

in the5 marker pairs, antishowed that with only thé markergtissuespecificfeatures as
identified in the original publicationould be reidentified. In addition) found that cells

form distinct patterns among the eight typétissues for each of the marker pair identified
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by CytoBinning (Fig 4.2, Fig C4, Fig C7, Fig G1Q), and cell phenotypes that are unique
to or overexpressed in particular tissue types can be found. For example, a cell phenotype

i PD-1"9"CCR7°" i was bund to be unique to immune cells in tonsil tissues (Fig C2).

5.2 Discussion

5.2.1 Heterogeneity: important feature or byproduct of complex systems?
We know that single cells are heterogeneous, not two cells are the same. As the

measurement of more and more singgdl features are made available by experiments,
cellular heterogeneity becomes more and more apparent. However tpigrédaxsince

random events are prevalent, differences are guarantelkd toundwhen examined

closely enough. Hence there hasbeeme quest i on: ADo differ enct
[9]. Moreover it has been suggested that only heterogeneity that has biologically functional
differences should be considered meaningful. Nevertheless, biologically functional
differences are abundant as well. Since living organisms deal with environmental stress
constantly, cells with the same genomic and epigenetic features could develop different
features in response to slightly different environmental cues. Understanding hetiéyogene

is important, it helps us to get deeper insights how living systems respond to its
surroundings by regulating itself. For example, our immune cells are famously
heterogeneous. There are at least tens of immune phenotypes that have been validated
experimentally, and they each have distinct functioresg., Thl cells are in charge of
defense over intracellular bacteria, Th2 cells help fight agtiesixtracellularparasite,

Th17 cells are responsible for defense against fungi infection. Moredhviérese subsets

can be involved in autoimmunitin addition, our immune systeganotecs us from various

antigens by being able to produaetigenspecificcells. Each antigen attack would leave
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a trace in our i mmune syaé andasweage duhimmuheor m
system collects a history of antigen attacks in our body, heteeo people have the same
repertoire of immune cell types. The immune system is a great example of how
heterogeneous single cells can be, and how the heterogeseigsultfrom a dynamical
response to the environmektoreover,a better understanding of heterogeneity in immune
cells can help us understand how our immune system work and how to restoreittighen

not working properly.

On the other hand, even tigh cellular heterogeneity can be meaningful and ubiquitous,
sometimestist he simil arity shared by cells in a
especially in cultured cell lines where macroscopic and genetic variatdesarefully
controlled Oneargument for the importance of similarity is that there are countless reasons
for the cells to be heterogeneous that have nothing to do with the biological process of
interest €.g, fluctuation inthe local distribution of chemicals, local cell densittc).

Since it is nearly impossible to account for all possible reasons, focusing on heterogeneity
could result in misleading results. Hence the typical behavior thdiecabserved the
majority of cells in response to the targeted perturbation shHmilaf real importance. For
example, in RNAI perturbation studies (Chapter 2), researchers often add RNAI to a group
of cells that belong to the same phenotype (cultured from the same progenitor in the same
macroscopic condition) and studies how thesesaelspond to the perturbatiohhatis
where the notion of Atypical cell sdo comes
behaviors) enables the characterization of typical behaviors shatfeeibgjority of cells,

which should be a more diraepresentation of cellular responbeaddition typical cells

can help build a more stable classification boundary between two cell groups.
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5.2.2 High dimensional data: divide and conquer
Biological research today produce higbntent, highthroughputlata inlargevolume. One

particular challenge in analyzing these datasets is thedmghnsionality.To make full

use of the informatiomich data biological society has been embracing high
dimensionality with more and more algorithms that can hantlleha parameters
simultaneously havbeen developedHowever, fully embracing higdimensionality can

be problematic. On the one hand, the definition of distance and density is not meaningful
in high-dimensional space which could lead to inaccurate sefridistancédensitybased
algorithms[11]. In addition cell states may be a contum instead of distinct stages and

cells that are in between two higlensity regionsi. the clusters found by most
clustering algorithms) also have potential biological significd@ég On the other hand,
information overload is prevalent as much more parameters are measured experimentally
than the intrinsic dimension of the question of interest. Dimension reduction and feature
selection methods have been te@d to tackle this problem. However, some of these
methods make strong assumptions about the datasgiPCA assumes linearity of the

data) that are not always satisfied; and almost all methods aim to find one particular
subspace that best captures tontent ofhewholedataset which will possibly undermine
subtle signals. Dimension reduction methods often mix all parameters in finding optimal
subspace, and the resulting dimension reduced space is a combination of all parameters.
Thisis a problenfor biological data analysis because the explicit interpretation of resulting
features whicls lostin parameter combination is crucial to the understanding of biological
guestionsMy approach tdackliing this problem is to divide high dimensional spate

not one but multiple lower dimensional subspaces. These subspaces add up to the whole

original space and may overlap so that t
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Chapter 2, instead of combining all available measureméenisided them intofour
subspaces based on the fluorescent staining. In so doing, the minor signal in DNA damage
( 9 H2 AX) beckeptfrond being overshadowed by the strong signal in progerin
expression. Another commonly used method to deal with information overload in high
dimensional data is feature selection. Instead of finding a subspace by combining features,
feature selection methods select meaningful features separately. However, for some
datasets (like cytometry data), insteadrafividual parametes, the correlatia between

two parameters is where the true information lies. Feature selection methods then rely on
correlation measurements to assess the importance of parameters. Howeaty,the
stateof-art measurement of the correlation between two parametesdilaeorrelation
coefficients and mutual information which give only a gloss estimate of how much the two
parameters are related instead of how the two parameters are related. CytoBinning fills the
gap by providing a more detailed measurement that camtifgthow two parameters are
related (Fig 3.1, Fig 4.1)n addition by dividing highdimensional datasets into 2D facets

and considering them one by one, it is possible to select all meaningful signals, both
significant and subtle (as shown in Chaptgr Blso as CytoBinning only mix two
parameters at a time, interpretation of its results is more straightforward comparing to the
more sophisticated and complex algorithms. The usage of CytoBinning is not limited to
cytometry data, irfact, it can be appliel to any single cell data where the correlation
between two parameters is of interesig( single cell RNA sequencing, or even point

patterns in images).
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5.2.3 Next step: Application to clinical datasets
CytoBinning could be applied to large clinical cytongetdatasets since it is

computationally efficient and parallelizable. The overall goabidurther validatethe
method and mine novel biological insights based on these dafélsets. are two large
clinical flow cytometry datasets that areade availabléo our lab. The first clinical trial
attempts to generate hypotheses of immune mechanisamsinflammatoryeye disease
(uveitis). With the help of CytoBinningny collaborators hope to identify novel cell
subtypes that play a role in the developmerthaf disease. The second dataset contains
blood samples from over 1,000 healthy donors, and the goal is to use CytoBinning to map
the trace ohgeingin peripheral immune cel[d43.

5.2.4 Generalization: CytoBinning as a tool for point pattern analysis

In addition to analyzing cytometry data, CytoBinning can potentially be used as a general
method to quantify how two parameterse atorrelated. Comparing to conventional
measurements, CytoBinning outputs a vector that contains information about the patterns
of point distribution, whereas correlation coefficients and mutual information (MI) only
gives one number indicating the degoéeelatiorshipbetween two parameters. As a result,
CytoBinning can be used to better estimate the similarity between two relations (e.g.
similarity between the expression pattern of gene A and gene B and the expression pattern
of gene A and gene CJhisis important because two parameters can form different point
patterns but still have the same mutual information (Fig Mayeover,in examples like
reconstructing gene networks, two genes are consideneactedsimilar if they are both

highly correhted with the same gene. However, this should not be the case if the correlation
patterns are different. Since neither correlation coefficients nor MI provides information

about the pattern, the distinction cannot be made using these measurements alone.
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Figure 5.1 Two different point patterns with the same value of mutual information (0.23).

To illustrate how CytoBinning can be used to distinguish point patteges)erated eight

synthetic patterns (Fig &, ten samples/ replicates for each pattern, 1,000 points in each

sample) and applied CytoBinning to cluster them. The results show that CytoBisining

able to correctly cluster five out of the eight patteing the other three patterns (circle,

random two circles) are mixed (Fig 5.3).

Circle

Parabola

Random @/ = o

Two Circles

Straight Line

: Three Circles, ..

Sine

Figure 5.2 Examplesof the eight simulated patterns. Circle:yxaxesare both randomly sampled from

distributionN(0, 2). Random: xy-axesare randomly sampled froaruniform distribution ranging from 0 to

2. Two Circles: xis sampledrom two normal distribution®(-2, 1) andN(2, 1) each contains 500 points,
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and yis sampledrom N(O, 1). Three Circles: the bottom two clusters (400 points in each cluster) are sampled
fromanormaldistribution centered arounel( 0), (2, 0) respectively with standard deviation equafndl.

the top cluster is sampled froanormaldistribution centered (0, 1) with standard deviation 1. Parabola: x
values are sampled froN(0, 2), y = X2 + noise where noise is sampled frbifd, 0.5). Down Parabola: the

same as parabola, except &2 + noise. Straight Lingb N § 1 ,y=x+ 1 + noiset ¢ "Qf {0 & v.

- o~ © =

Sine:w N § 1t , y = sin(x) + noise¢ € "QF T

° 5w w oW B W
o o o o o o o

Figure 5.3 Clustering results of the eight patterns based on CytoBinning resultssj3Patternare labeled

@ - o o

by different colors (circle: red, random: yellow, two circles: green, three circles: magenta, parabola: black,

down parabola: cyan, straight line: blue, and sine: cyan).

The possible reason Cyt deBfimandgmdaahnhd fHowad
could be that these three patterns are topologically simigrthiey are all symmetric to

both axes)To test this hypothesig,created subtle asymmetric features in these patterns

(Fig 5.4. A small clusteis addedo theupperright region of Circle pattern, and lower left

region ofthe Randompattern.And the right cluster in Two Circles pattern is shifted
upwards. These changes should break similarity shared by the three types of patterns.), and
clustered the pattesnwith added asymmetry. CytoBinning able todifferentiate these

three patterns now the symmetry is broken (Fig A8)a comparison, if instead of adding
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a small cluster in the upper right region of Circle pattern, the small cluster was added to

the laver left region (similar to what | did to Random pattern, Fig 5.6), then Circle pattern

and Random pattern still hold topological similarity and cannot be distinguished by
CytoBinning (Fig 5.7)Hence we infer that is the intrinsic similarities betwegpatterns
instead of symmetry of pattern itself that
ARandomo, and ATow Circleso. I n other wor

different point patterns only when they share global similarities.

Circle . o Random - °/ Two Circles

Circle v2 - . : Random V2ot L | Two Circ]es v2

Figure 5.4 Examples of patterns with added features (lower row) comparing to original patterns (upper row).
Circle v2: 1,000 points in total, for 900 poirtd ¥ § i . And for the rest 100 pointfw ¥ O phr@ .
Random v2: 1,000 points in total, for 900 pointgp ¥ 6 & "Q"Qéric ¢ and for the rest 100 point$w N
6 & "Q'Qéh®d . Tow Circles v2: same as Two Circles, except the center of the right cluster is shifted up

by 0.5.
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Figure 5.5 Clustering results of patterns with added asymmetrical features. The three patterns are largely

separated (Circle: red, Two Circles: green, Random: yellow) with only one mistake.

Circle v3 Random v2' = Two Circles v2

Figure 5.6 Example of point patterns with added features. Random v2 and Two Circles v2 are generated in
the same way described in Fig 4. For Circle v3, similar to Circle v2, except the small cluster is now centered

around {2, -2) with standard deviation 0.5 (lower left region).
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Figure 5.7 Clustering results with the feature added in Circle pattern moved to lower left region (Circle: red,
Random: yellow, Two Circles: green).

One additionaladvantage of CytoBinning is that it is invariant under cfuteserving
transformations of parameters. For example, cytometry data always requires a careful
transformation step before data analysis because the expression of surface mmat&ers te

to have large ranges. Figure 5.8a and Figure 5.8b show the same scatterplot before and
afterlogicletransformation. The patterns look dramatically differantlalgorithms based
ontheexactvalue of parameters would be completely confused. How@ygoBinningis

able togive the same analysis results for bothtsrplots (Fig 5.8¢ and 5.8d), showing that
CytoBinningdoesnat depend on the exact value of each parameter to measure the patterns,

only relative position of each point.
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a) No transformation b)2 5 Transformed

2.0

0.5

0.0
0 50 100 150 200 250 0 1
CD45RO CD45RO

Figure 5.8 The results of CytoBinning is invariant under orgeeserve transformations. a) and b) scatterplot
of the expression level between CCR7 and CD45R0O of the SAME sample (taken from the dataset used in

Chapter 4)c) and dheatmagshowing CytoBinning results of the corresponding point patterns.

Thanks to this invariant feature, CytoBinning can be applied to not only data analysis but
also image analysis. For expl®s, in neural imagingxperimentsresearchers ofterecord
neurons (points) that fire (light up) together under certain stimulations. Clarify the patterns
of neurons firing together help the understanding of how neural ciengitsonnectetb

each other. CytoBinning can help with this problem by progdiquantifiable

measurements of these point patterns.
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AppendixA Suppl ememftarimati €Ghapter 2

Typicalhealthyand progeria cell nuclei

Typical
healthy

Typical
progeria

Progerin Nuclear shape Lamin B1 VH2AX

Figure Al. Representative images of typical healthy (top row) and progeria (bottom row) nuclei.
Images are shownindor di fferent channel s: progerin, DAPI , | a
nucleus (shown in green) was first extracted from the DAPI channel (nuclear shape) and then mapped onto

the other three channels. As the images show, typical progeria nugepttmounced progerin expression,

bl ebbed nuclear outlines, decreased | amin Bl expres

A.1 Sorting out the mismatch of images across different channels

In Figure 2.1 (a), Figure 2.6 and Figure Al, we noticed thelens in Lamin B1 channel

tends to be larger than its counterpart in DAPI channel. In addition, there is also a shift in

the image when we tried to overlay the outline segmented from DAPI channel directly onto
Lamin B1 channelSince our intensity measuremts (measurements for LamB1,
Progerin and o9H2AX channel) are based on t
did this because cells used in our experiment are perturbed in lamin B1, pragerin
OJH2AX expression, causing them not oreli ab
problems can lead to serious mistalkeorder to sort out these two issue® compared
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measurements between their values calculated based on outline segmented from DAPI
channel and outline segmented in lamin B1 channel. A random sample of nuclei-in GFP
progerin repressed control are used for this comparison, and four measurements (square
root of area boundary point intensity, mean intensity and standard deviation of intensity)
are compared. Plotted in Figure A2 are the results. Each dot in Figurgpfeenrts a
nucleus. As shown in Figure A2 (a), the size of nucleus measured in Lamin B1 channel is
constantly larger than DAPI channel, with the average nuclear radius calculated in Lamin
B1 channel ~ 600 nm longer than in DAPI chanfis difference mape due to the fact
thatDAPI attaches to DNA while Lamin B1 stain directly attaches to lamina that supports
nuclear membrane. As to the shifting, since different cameras are used to capture images
in different channels, even though the alignment of casnees autaorrected, there can

still be slight shifts of direction. As shown in Figure A2 {b)c), the three intensity
measurements are highly correlated between measurements calculated based on DAPI
outline or Lamin B1 outline with correlation coefieits almost 1ptvalueclose to 0) for

mean intensity and boundary point intensity. These results suggest the shift in direction is
small and intensity measurement based on DAPI outline is a reliable repladendetct
measurement based on outlinesnsegted in lamin B1 channel. Since Lamin B1 (as well

as progerin and OH2AX) is perturbed as its
leading some nuclei invisible in lamin B1 channel, we performed lamin B1 (as well as

progerin and eribased)on DAPlostime. e m

104
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30
20
_ 25
o
Z16
20
12
15-
N2 Ao 20 b
c) meanlintensity d) stdintensity

12.5

DAPI

7.5

4 O° N B0

AD N » N
lamin lamin
Figure A2. Comparison between measurements obtained from outlines segmented in DARI Lamin

B1 channels.Corresponding correlation coefficientsge shownin the top left corner of each panel.
BPintensity stands for boundagpgint intensity, which measures mean fluorescent intensity shemgiclear
boundary;meanintensitystands for mean intensity insideicleus andstdintensity ighe standarddeviation

of fluorescent intensity inside nucleus boundary.

A.2 Image processingral feature selection
The raw data for imagbased HTS consists of fluorescence microscopy images. We

studied cell nucleimaged in four channels (see RAd). From the DAPI channel, we first
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analyzed nuclear shapes extracted with an active contour alg¢ti#tg|, from which we
determined 12 shape metricQut of these, 5 measurements gitebal metrics i.e.
parameters that describe the overall shape of thedaoy (area, perimeter, eccentricity,
major and minor axis length), while the remaining 7 measurement®caemetrics
sensitive to the local features of the shape (number of invaginations, standard deviation of
the curvature, mean curvature, soliditymean negative curvature, circularity, and
tortuosity). For analysis, an online open source package
(http://downloads.openmicroscopy.orghfamats/5.1.2/) was incorporated into the
nuclear shape extraction algorithifr23 to read flex format images. Furthermore, to detect
and remove overlapping nuclei from multiple cells, we set up outlier detection thresholds
for area and solidity at two standard deviatiomsrfthemeanand discarded segmented
nuclear outlines with area or solidity beyond the thresholds (about 6% of meskei
discardecht this stage). The nuclear outlines extracted in the DAPI channel were mapped
to the other3 channels for analysis of fluescence intensity, as shovay the green
boundaries in FigurAl. In each of th8 other channels, we determined 3 metrics as basic
characteristics of the intensity distribution in each nucleus: mean intethgtstandard
deviation of intensity, and meantensity along the boundary. Therefore, in total, we
obtained 21 metrics for each nucleus, of which 12 represent shape features and 9 represent
3 metrics foreachofthec hannel s | abel | amin B1l, proger.
As a starting point, to select meaningful metrics that differ betweenp&dgerin
expressing and repressed controls, we analyzed each metric separately-ssingsF

[144), defined as
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where 7 is the mean of théth measurement for GHprogerin expressing and
repressed controls, respectivalyis the mean of théh measurement for both controls
combined, and@ ¢ is the number of cells in GPRrogerin expressing and repressed
controls. Using this procedure, we removed 6 shape metrics (eccentricity, minor axis
length, major axis lengtimean curvature, area, and perimeter), which yielded very{ow F
scores (<0.003), from further analysis. Thedéres for the included shape metrics ranged

from 0.5to 17.

A.3 Determination of parameters used in the selection of typical control cells

Typical cells for control cell type A are defined as cells that are closest to the center of the
multi-dimensional distribution of all cells in type A. Hence, there are two parameters to be
determined before typical cell selection: the definition of center, andumber of typical

cells to be selected. In this paper, we tested 3 definitions of center: the mean, the median,
and the global peak of each distribution. The peak of distribution was calculated using
find_peaks() function in R package openCj@8]. We also tested 8 different numbers of
typical cells: 100, 200, 300, 500, 1000, 2000, 3000, and 5000. 1500 cells that are next
closest to the center (compare to typuells) were selected &sossvalidationset (CV).

The distance between each cell and the center of distribution was calculated using L1
Manhattan distance. Typical cells were selected independently in each channel, thus
different cells may be selected gypical cells in different channels. We applied support
vector machine (SVM) to classify typical healthy and typical progeria cells selected using
all cells numbers and corresponding to all 3 definitions of center (in toi@#24 different

conditions)for each replicate plate. After the classification, predictions were made for CV
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cells. The accuracy dhetraining set (dashed lines) armlossvalidationset (solid line)
for each condition in replit¢a plate 1 were plotted in FiguA8. We concludedrbm the
results of all replicate plates that using mearthaxenterdefinition and choosing 300

typical cells gave the best accuracy for our data.
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