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Abstract

Self-Organizing Maps and Wind-Rose Charts in the
Visualization and Analysis of Flow Cytometry Data
By Kyle Thayer

Using Flow Cytometry (FCM) technology, multi-faceted measurements can be
taken of many individual particles, and thus it is often used in tissue sample
analysis. As the resulting data set can have over ten dimensions and millions of
points, analysis can be complicated and visualizing the data requires
significantly reducing the number of dimensions or condensing the volume of
the data. In studies where FCM data has been taken from multiple patients at
multiple times, comparing these data sets complicates the analysis. I developed
a software package (IFC Soft) for analyzing and visualizing FCM data using
Self-Organizing Maps (SOMs) and Wind-Rose Charts (WRCs). I demonstrate
the use of SOMs and WRCs on FCM data taken from two different transplant
studies. In each study, blood samples were taken from post-op transplant
patients at regular time intervals and FCM data were produced from each
blood sample. The data were first pre-processed by medical researchers using
FlowJo software to remove cellular debris and miscellaneous cells and save the
general cell types for investigation. I used SOMs to visualize and manually
cluster these cells from the different blood samples and save the amount of
each cell type in each sample. I visualized these results using WRCs and SOMs
to look for common trends among different classes of patients (eg. responded
well/pootly to the transplant). The SOMs proved to be useful for selecting
clusters of cells, but were difficult to use directly for finding patterns between
patients because they displayed more information than could be easily
managed and because of the variability of the patients. WRCs made from the
cluster summaries were found to be more useful for finding patterns, but still
provided too much information to easily extract patterns. The SOMs of the
summary data, on the other hand, were easy to use in finding patterns among
patient groups. The WRCs and original SOM could then be examined to
confirm the pattern and see greater detail in each sample.
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Chapter 1

Introduction

1.1 Flow Cytometry

Flow cytometry (FCM) is a technology in which multiple properties are mea-
sured for many individual cells [Bashashati and Brinkman, 2009] and is com-
monly used in medical science to count cell types within tissue samples. By
using fluorochromes to label cell surface markers then passing the cells through
an electronic device in which they are profiled optically by a series of lasers,
the cells can be measured and even be physically sorted into phenotypic sub-
populations according to the combinations of fluorochromes that are present
or absent [Eisenstein, 2006]. Tremendous amounts of data can be produced
from tissue and blood samples. Millions of cells for a single sample can be
measured in a single pass with the FCM device, and each of those cells can
have many channels measured. For instance, BD Biosciences now offers an in-
strument with five lasers that can distinguish up to 18 different fluorochromes
[BD Biosciences, 2009]. Hence 262,144 (218) different cell populations could be

distinguished based solely on the presence or absence of different fluorochromes.
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Working with the vast amounts of multi-dimensional data that FCM gener-
ates can be difficult. The classical method of analyzing FCM data is to examine
one or two channels (also called parameters or markers) at a time using his-
tograms, scatter plots and contour maps. Subsets of the cells are selected using
gates with software packages such as FlowJo [TreeStar Inc., 2011]. Gates are
regions of the plots that are used to select cell populations of interest. These
cell populations are then typically shown in a different pair of dimensions and
more gates are made. This process of selecting subpopulations through gating,
then making new displays of the subpopulations is repeated until the most im-
portant subpopulations are found. Statistics about these populations are then
saved and used in analysis.

Gating is often performed manually by visual inspection. This approach
is time-consuming, requires significant knowledge and experience, lacks stan-
dardization and is subject to human error [Bashashati and Brinkman, 2009].
Beyond the disadvantages of being tedious and subject to operator error and
intra- and inter-operator variability, only two dimensions are examined at a
time and important multi-dimensional patterns may be missed. Recently, some
clustering algorithms and tools have been developed for FCM data that cluster
cells into cell groups using all dimensions (channels) at once [Bashashati and
Brinkman, 2009, Scheuermann et al., 2009]. However, most of these tools or
algorithms provide limited visualization capabilities or still require significant
user intervention and hence limited utility.

The next challenge comes in comparing different FCM data samples, whether
from the same subject at different times or between subjects and groups of sub-
jects. Standardizing the FCM process and calibrating the devices is a challenge
as well; samples run by different operators and at different times can vary sig-

nificantly [Maecker et al., 2010]. Thus a gating that is valid for one sample, may
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not work on another. Programs like FlowJo allow the user to adjust gates for
each sample to fit the calibration differences [TreeStar Inc., 2011]. Once the cell
counts for the different subpopulations are taken, these values may be compared

visually with bar charts, histograms or pie charts.

1.2 Contributions

Given the difficulty in processing FCM data and the limitations of two-dimensional
analysis methods, new methods of visualization and analysis are needed.

Self-Organizing Maps (SOMs) can display large amounts of multi-dimensional
data without ignoring or reducing any of the dimensions. Additionally, the SOM
organizes the data in a way that is convenient for finding and selecting clusters
of cells in FCM data. In this paper, SOMs are used to visualize cells from a
number of blood samples, simultaneously showing the cell clusters and which
of each type of cell the blood samples had. This allows detailed comparison of
the different blood samples, but contains too much information to quickly find
patterns. Instead clusters are selected based on the SOM and statistics were
saved on how many cells of each type the blood samples had.

Wind-Rose Charts (WRCs) are used to display this summary data. Be-
cause of the common orientation of the dimensions (representing amount of cell
types), comparisons of the same dimension across blood samples are simple.
Additionally, since WRCs display their value as a length rather than an area,
more accurate comparisons are possible than with pie charts.

SOMs are then used to display the same summary information as the WRCs.
These graphs prove effective for discerning commonalities and differences be-
tween types of patients and changes over time. These patterns can then be
verified and examined in more detail on the earlier WRCs and SOMs.

The SOMs additionally give a signature hit histogram for blood samples and
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summary statistics of different groups of patients. This signature can be used

to compare new patient blood samples to the previously studied patients.



Chapter 2

Related Work

2.1 Wind-Rose Charts (WRCs)

Wind-Rose Charts are one of several closely related circular charts, all of which
are essentially based on wrapping a bar chart around a circle. The data values
are either represented by the area of the sectors or the length of the sector
from the center of the circle. These graphs have a long history of use. In 1829
André-Michel Guerry made polar-area charts [Friendly, 2009a]. In 1843, Léon
Lalan drew the first Wind-Rose diagram to show the amount of wind in different
directions [Friendly, 2009a]. Florence Nightingale made her own polar-area chart
(or “coxcomb diagram”) in 1857 to show causes of death in the British Army
[Friendly, 2009b]. Modern meteorological wind-rose charts (Fig. 2.1) show the
frequency and strength of wind in the different compass directions.

These circular charts have also been known as “Circular Column Graphs,”
“Sector Graphs,” [Harris, 1999], “Sector Charts” in Mathematica [Wolfram Re-
search, Inc., 2010], and “Stars” with draw.segments enabled in R [R Develop-

ment Core Team, 2008].
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Figure 2.1: Wind-Rose Chart generated in SAST™software [SAS Institute Inc.,
2011].

These circular charts have significant advantages over the traditional pie
charts and bar charts. Unlike pie charts, which are difficult to compare due to
the human eyes difficulty in discerning subtle differences in angles [Helsel and
Hirsch, 2002], relative sizes are based on the length (or area, which is propor-
tional to the square of the length) of the sectors. These also have an advantage
over bar charts in the ease of comparing related plots since a consistent direction

is also associated with the sector. See figure 2.2.

2.2 Self-organizing maps (SOMs)

SOMs [Kohonen et al., 2001] comprise a special type of neural network that
provides a mapping of high dimensional data points, such as cells in FCM data,
to a reduced output space consisting of a regular maps of nodes, usually a
2D array. The underlying algorithm preserves, as far as possible, the spatial
relationship among points in the input space (topology conservation). In other

words, data points close to each other in the input space will generally be
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Figure 2.2: Comparison of Pie Charts, Bar Charts and WRCs. It is difficult
to find and compare the value of “d” in each pie chart. While more accurate
comparisons can be made in the bar chart, it is difficult to quickly find “d” in
each. The WRCs allow for fast, accurate comparisons of all values.
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mapped to nodes that are close to each other in the output map.

If there are more data points than SOM nodes, then some nodes will rep-
resent multiple data points. Thus, the SOM condenses the data volume into a
smaller number nodes, allowing this simplification of the data to be effectively
displayed.

Each node of the SOM has weights in each of the dimensions of the input
data. The algorithm uses the calculation of Best Matching Units (BMUs) in
its process of generating the map. For a given data point, the BMU is the
node in the SOM that is the closest to the data point according to some metric.
The most common metric, and the one used in IFC Soft, is that of Euclidean
distance. BMUs are used both in the organizing process of the SOM and in
visualizing and clustering the data based on the SOM once it is produced.

The SOM algorithm uses random selections of data points from the data set
to produce its organization. This process is entirely automated and does not
need or accept any user input, and therefore is not subject to human variability.

If the SOM is a 2D array and the data has over two dimensions, there are
two straightforward ways of displaying the nodes once the organization process
has finished. The first is to display the node array with a graph in each node,
showing the node’s weights (e.g. A bar graph as in Figure 2.3 below). The
second is to, for each dimension, display the node array with colors based on

their weight in that dimension (Figure 2.4).

2.2.1 The Incremental SOM Algorithm

The original algorithm for producing SOMs was the Incremental SOM Algo-
rithm. In this algorithm, the organization is achieved through a large number
of iterations, each with a single data point.

For each iteration, a data point is picked randomly from the input data set
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Figure 2.3: A bar graph representation of an SOM made from FCM calibration
beads. Made in Matlab® [MATLAB, 2010] with SOMToolbox [anb Johan Him-
berg et al., 2005].
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Figure 2.4: The same SOM as Figure 2.3, but the SOM is displayed one time for
each dimension. Red is high in the given dimension, and blue is low. Made in
Matlab [MATLAB, 2010] with SOMToolbox [anb Johan Himberg et al., 2005].



CHAPTER 2. RELATED WORK 10

and its BMU is found. The weights of the BMU node and the nodes surrounding
it are shifted towards the weights of the data point.

When the algorithm starts, the neighborhood that is influenced is very large
and the amount that the nodes are shifted towards the data point value is large.
As the algorithm continues, the neighborhood shrinks so that only a few nodes
are changed, and they are only changed a very small amount. This continues

until the map stabilizes.

2.2.2 The Batch SOM Algorithm

An alternative to the Incremental SOM Algorithm is the Batch SOM Algorithm.
This algorithm needs a much smaller number of iterations than the incremental
SOM does, and each iteration uses a large number of input data points.

For each iteration, the BMU is calculated for a large number of data points
randomly picked from the data set. Each node then has a set of data points
that belong to it. After all the points have been placed for the iteration, each
node’s weights are replaced with the average of all the points that belong to
itself and the nodes in its neighborhood.

At the start of the algorithm, the neighborhood is large. This means that not
many data points are needed since the average of all data points that landed in
the neighborhood of the node are averaged together, and that could be hundreds
of nodes. At the end of the algorithm, the neighborhood will be small and the
number of points needed will be large so that a reasonable average can be taken
of the points in a node’s neighborhood. If the neighborhood is only the node

itself, then this is equivalent to a step of k-means.
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2.2.3 SOM Feature Maps: U-Matrix and Hit Histograms

The U-Matrix (see Fig. 2.5) is a map showing where differences between neigh-
boring nodes occur. This can either be done as an average, where the U-Matrix
value of each node is the average distance it is from all its neighbors, or it can be
done for each neighboring edge, so that each edge has the value of the distance
between two nodes. This has been used in attempts to automatically cluster
data sets [Kohonen et al., 2001].

The hit histogram (see Fig. 2.5) shows what nodes in the SOM data points
land on. After the organization process has finished, each data point in the
data set is placed on the SOM Node it is closest to (its BMU). The number
of data points each node has is displayed in the hit histogram, and which data
points belong to which nodes is used for selecting subsets of the data from the
SOM. Hit histograms are useful for comparing different subpopulations of the
data [Vesanto, 1999]. By making an SOM of several subpopulations together,
displaying the separate hit histograms of the subpopulations shows where the
subpopulations fit on the SOM, and thus what characteristics they have com-

pared to the other subpopulations.
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Figure 2.5: An SOM of several FCM calibration beads data sets. Both the
U-Matrices for nodes and for edges are displayed. The hit histograms for two
data sets are shown. The first (BEADS_FITC) has FITC+ beads and unstained
beads (low in all four dimensions). There are none on the selected node. The
second (BEADS_PE) has PE+ beads and unstained beads. There are 80 on the
selected node.

2.3 Wind-Rose Charts used for summarizing FCM
data

Scarberry [Scarberry, 2009] used WRCs to visualize FCM data in her MS The-
sis written under the direction of Dr. Hertzberg (Biostatistics Department,
Emory University). The FCM data had the amounts different cell populations
from transplant patients in the PIP study. There were three groups of patients:
controls, transplants receiving thymoglobulin and transplants not receiving thy-

moglobulin. Each patient was measured at several different times. She tested
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different methods of visualizing the data in SAS/Graph™software [SAS In-
stitute Inc., 2011], namely: radar plots, wind-rose charts, star charts and pie
charts. Scarberry concluded that radar plots were the most effective tools for
displaying these data, but much of this was due to the limitations in how WRCs
were implemented in SAS/Graph software.

After this, Dr. Hertzberg and Lisa Elon (Biostatistics Department, Emory
University) began using the stars function in R [R Development Core Team,
2008], which produced WRCs that better fit their visualization needs. They
placed the different time points from the patients next to each other and were
able to quickly see how patients were changing over time and how that compared
to other patients.

Before I started developing IFC Soft, my first task for the PIP study was to
take the R script made by Lisa Elon for generating the WRCs of the clusters

from the FCM data, automate it, and make it handle missing data points.

2.4 Self-Organizing Maps used with Flow Cy-
tometry

In spite of the ability of Self-Organizing Maps to cluster and analyze multi-
dimensional data, they have rarely been used in analyzing FCM data. In 1996,
SOMs were used to display the results of different clustering methods used on
FCM data of phytoplankton [Wilkins et al., 1996]. In the paper, SOMs were
never used generating clusters, but merely for displaying how other methods
clustered the data. In 2001, in another study of phytoplankton, SOMs were
used for clustering FCM data [Grégori et al., 2001]. A small SOM (three by
four nodes), was created from a data set of calibration beads and different types

of phytoplankton. Separate hit histograms were displayed for the beads and the
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different types of phytoplankton, showing which nodes captured which type of
phytoplankton or bead. This was shown to be an effective way of separating
and counting the different types of phytoplankton.

In 2010, for a study on brain tumors, SOMs were used to analyze cell samples
from the tumors [Sun et al., 2010]. Their methodology is similar to the one I
use in this paper, though they focused on automated clustering of the patients,
while my focus is on visualization and interaction. They only had one sample
from each patient and instead of using FCM data, they used Microfluidic Image
Cytometry, which produces similar data, but for fewer cells (on the order of
thousands). They collected cells from 19 different patients and produced an
SOM for the cells from all the patients. From the SOM, they generated hit
histograms for each of the different patient samples showing how the cells in
each sample compared. For each sample, the Neighborhood Frequency Vector
(sum of the frequency of a node in and its neighbors in the hit histogram) was
computed for all the nodes on the SOM. This was then used in an unsupervised
clustering algorithm to cluster the patients. They were able to characterize the
hit histograms for each of these clusters and found that they clusters correlated

to survival of the patient.
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IFC Soft

3.1 About

As part of this project, an open-source web-application was developed to im-
plement our strategies for visualizing and analyzing flow cytometry data. The
program was written in Java and JavaFX, which were chosen for their com-
bined features of GUI design and multi-threaded processing. IFC Soft is cur-
rently under active development on version 0.4. It can be run online at http:
//www.ifcsoft.com and the source code is available at http://code.google.

com/p/ifcsoft/.

3.2 Features

The current version of IFC Soft (v0.4), supports importing and exporting of
Comma Separated Variable (CSV) files. Thanks to code donated by Tjibbe
Donker from the FloCK project [Donker, 2009], IFC Soft can also directly import
FCS files.

For visualization, IFC Soft uses SOMs and WRCs along with rudimentary

15
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implementations of histograms and scatter plots.

SOMs can be calculated from any combination of data sets (as long as they
have the same number of dimensions) using either the incremental or batch
SOM algorithm. The different dimensions of the input data can be weighted or
disabled for the construction of the SOM. Algorithm parameters, such as node
array size, number of iterations and minimum neighborhood size can be set as
well.

For displaying the SOM, the node array is displayed separately for each of
the dimensions (as in Fig.2.4), and again for the U-Matrix and hit histograms for
each of the data sets used in calculating the SOM. These are displayed against
a black background with the node color ranging from dark blue (lowest) up to
bright red (highest). This color scheme was chosen to conform to other displays
of SOMs and to maximize the effectiveness of viewing on a screen. When the
cursor is held over one of the copies of the SOM array, cross-hairs are shown on
all of them to allow rapid comparison of the same node in all the copies of the
SOM array (see Fig. 2.5).

Groups of nodes can be selected (Fig. 3.1) and the program will display
the average value of the nodes under each dimension and the percentage of
each data set contained in those nodes under the appropriate hit histograms.
The percentages of each data set’s points in the given selection can be saved
internally for use in WRCs or further SOMs, and the actual data points that fit
in the selected area can be saved internally or to a file.

WRCs can be used to display the data produced by selecting clusters in the
SOM (Fig. 3.2). Like the SOM, they are placed against a black background to
allow for easier reading on screen. The values of the data point can either be
represented by the areas of the pie wedges, or by the length of the pie wedges.

Using the length works better for comparing larger values, while using area
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makes comparing smaller values easier. The pie wedges are all exploded (moved
away from the center) by a small amount to make it easier to see small wedges.
Though IFC Soft is written specifically for handling FCM data, I attempted
to make it useful for analyzing other multi-dimensional data sets.
Some modifications were made to IFC Soft to handle the large number of
data files for this paper (eg. allowing re-sizing of wind-rose charts). These

changes will be incorporated into a future version of IFC Soft.

Figure 3.2: Wind-Rose Chart of summary data. Each wedge area represents
the percentage of beads of the given type.
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Using IFC Soft to Analyze
FCM data

4.1 Protective Immunity Project (PIP)

A study on renal transplant patients was done as part of the Protective Immu-
nity Project (PIP) grant (a biodefense contract from the National Institute of
Allergy and Infectious Diseases to study the basic biology underlying protective
immunity in renal transplant recipients). Potential renal transplant candidates
were approached for consent. In addition, a set of control subjects was recruited
from the set of their kidney donors and healthy volunteers. Peripheral blood
mononuclear cells (PBMCs) were collected from each patient in a CPT tube at
the time of transplant (baseline) and at months 3, 6, 9, 12, 18, and 24. After
centrifugation and red cell lysis, mononuclear cells were isolated and stained
with monoclonal antibodies suitable for polychromatic flow cytometry. PBMC
samples were processed by the FCM machine and FCS files were generated. In

FlowJo [TreeStar Inc., 2011], the CD8 T-lymphocytes were selected as those

18
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having positive CD8 and CD3, and negative in CD4. In addition to the PBMC
samples, demographic and clinical data (e.g., occurrence of infection, transplant

medications) are collected on subjects for two years. All data were deidentified.

4.2 Lung Transplant Data Set

The lung transplant study provided a data set of FCM data for analysis. Pa-
tients undergoing lung transplantation were enrolled in the Emory Immune
Monitoring Protocol. This is an IRB approved protocol in which informed
consent is obtained. At regular time points (2 weeks and 1, 2, 3, 6, 9, 12
Months), post transplant peripheral blood was obtained from each patient in
a CPT tube. After centrifugation and red cell lysis, mononuclear cells were
isolated and stained with monoclonal antibodies suitable for polychromatic flow
cytometry. Three panels were run on the blood samples (each panel giving an
FCS file with a different combination of biological markers), but only the 8¢
panel is discussed here. In FlowJo [TreeStar Inc., 2011], CD8 T-Lymphocytes
were selected as those having positive CD8 and CD3 and exported to FCS files.
Data from ten patients were used in the analysis in this paper, five having good
graft function (having a Forced Expiratory Volume (FEV1) of more than 80
percent peak post transplant lung function at 18 mnths post transplant) and
five with poor graft function (having less than 50 percent of peak pst transplant

function at 18 months). All data were deidentified.

4.3 Pre-Processing

The medical researchers (Dr. Aneesh Mehta for the PIP study and Dr. David
Neujahr for the lung transplant study) took the raw FCM data from the blood

samples and, using manual gating in FlowJo [TreeStar Inc., 2011], selected the
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CD8 T-lymphocytes. Dr. Mehta used five channels in his gating process (FSC,
SSC, CD3, CD4 and CD8) leaving four unexplored channels in the data (CD27,
CD28, CCR7 and CD45ra). Dr. Neujahr used four channels (FSC, SSC, CD3
and CD8), leaving seven unexplored channels in each of the three panels run.
I will only demonstrate the analysis of panel 8c for the lung transplant study,
which had Perforin, CD127, HLADR, CD4, CCR7, CXCR3 and Granzyme B as
the seven unexplored channels. The CD8 lymphocytes from each patient were
exported from FlowJo into separate FCS files (one per blood sample).

The FCS files of the data were loaded into IFC Soft. Since often the biological
markers weren’t measured using the same channel and FlowJo outputted the
data columns in different orders, the columns had to be rearranged, so that the

biological markers matched. Once fixed, the data were saved into CSV files.

4.4 SOM of All Cells

To compare all the CD8 T-lymphocytes in the blood samples, for each study
I combined all the data sets from the study and made an SOM of all the cells
combined using the channels mentioned above (Fig. 4.1 for lung transplant
study, and Fig. 4.2 for PIP study). This is only meaningful if the scales on
all the data sets are the same and if the machines are calibrated properly. If
the machines are not calibrated, then cells of the same type in different runs
of the machine will probably get mapped to different parts of the SOM. I used
the Batch SOM algorithm, since that was recommended as a faster alternative
in SOM book by Kohonen [Kohonen et al., 2001], and set the node array size
to 15x15. If the node array was much smaller, nodes could start combining
different clusters of cells, which would prevent accurate cluster selection. If the
node array was much larger, then besides being harder to read, small differences

in scales could cause the same population in different files to be mapped to



CHAPTER 4. USING IFC SOFT TO ANALYZE FCM DATA 21

different nodes; having fewer nodes forces them into the same spot on the SOM.
The algorithm was set to have the minimum neighborhood distance be 2, since
in my experimentation, if it was smaller than that, small populations with very
large values would get a node all to themselves and would throw off the scaling
of the channels (eg. Fig. 4.3).

After building the SOM on all the cells, the hit histograms for each blood
sample were displayed (Fig. 4.4 for lung transplant study, and Figs. 4.5 and 4.6
for PIP study).

The blood samples from the ten patients in the lung study reasonably fit on
one page and can be compared. This display reveals the large variation both
between different patients and in individual patients over time, though general
differences between the groups of patients are hard to find. The amount of
information displayed at once is too much to be able to quickly identify trends
between the patients. While the ten patients in the Lung study did fit well on
a single page, the hit histograms for the PIP project (163 blood samples) did
not fit well on one page. It would take several pages to be able to be able to
line up the times and show all the data. In order to find patterns between the
different classes of patients, I had to do something to simplify the data further

than the SOM already had. The next step was selecting clusters of the cells.

4.5 Selecting Clusters of Cells

In order to simplify the data for further visualization and analysis, I wanted to
pick different sections of the SOMs as representing separate clusters of the cells.
While the U-Matrix clearly marked borders between populations in the FCM
beads (Fig. 2.5), it did not prove useful in this FCM data (eg. Fig. 4.7). This
seems to be due to the variance within each natural cluster and the overlapping

of clusters in the raw FCM data.
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Perforin ch127 HLADR

Figure 4.1: SOM of all the CD8 T-lymphocytes from the lung transplant study

Figure 4.2: SOM of all the CD8 T-lymphocytes from the PIP study

Figure 4.3: SOM of all the CD8 T-lymphocytes from the PIP study made with a
minimum neighborhood distance of 1. Notice that a small, extreme population
in the bottom left node throws off the scales of CD27 and CCRY.
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Figure 4.4: SOM of all the CD8 T-lymphocytes from the lung transplant study
with hit histograms. The columns are time points (M00.2 = Week 2, M01 =
Month 1, etc.), and the rows are patients. The top five patients reacted poorly
to the transplant and the bottom five reacted well.
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Figure 4.5: SOM of all the CD8 T-lymphocytes from the PIP study with hit
histograms. Each patient has all their blood samples in order by time and the
patients are divided into groups by Donor/Recipient CMV Status. This graph:

+/+ and +/-. Fig. 4.6 has -/+, -/-, and control.
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Figure 4.6: SOM of all the CD8 T-lymphocytes from the PIP study with hit
histograms. Each patient has all their blood samples in order by time and the
patients are divided into groups by Donor/Recipient CMV Status. This graph:
-/+, -/-, and control. Fig. 4.5 has +/+ and +/-.

Figure 4.7: U-Matrix and Edge U-Matrix for the PIP SOM.
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Instead of using the U-Matrix, I manually selected clusters based on areas
where different markers were present or absent (See Fig. 4.9 for clusters on the
lung transplant data and Fig. 4.8 for the PIP data clusters). For example, in
the PIP data in Fig. 4.8, there are two areas that are low in CD45RA and
high in CD28. One is high in both CD27 and CCR7 (Early diff. central mem.)
and the other is low in CD27 and CCR7 (Late diff. effector mem. 28+). In
the PIP study, after selecting the clusters I had one of the medical researchers
(Dr. Mehta) determine medically relevant names for the clusters. For the lung

transplant data, I just used names based on which channels were high or low.
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Figure 4.8: Clusters selected from PIP cells

With each cluster I selected, I saved all the data points in the cluster to a
file and had IFC Soft save the percentage of each blood sample’s cells that were

in the cluster.
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Figure 4.9: Clusters selected from lung study cells
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4.6 Using Wind-Rose Charts to Compare Clus-
ter Summaries

I displayed the statistics of how much of each cell type the blood samples had
on Wind-Rose Charts (Fig. 4.10 for lung study, and Figs. 4.11 and 4.12 for pip
study). Some patterns can be seen with these charts (eg. the amount of “naive
-> central mem” cells in the “-/-” samples in the PIP data). While it is easier
to try to find patterns in the data on the wind rose charts than it was on the
SOM of all cells, it is still quite difficult, especially with all the data points in the
PIP study. There still seems to be too much information for quickly discovering
patterns, so I saved this summary data out to a CSV file to prepare it for a new

SOM.

4.7 Displaying Summary Results on an SOM

Since IFC Soft does not yet support categorical data, the best way to separate
categories is to have separate files with the data points for each category. I took
the summary files of the clusters from the original SOM and created separate
files with just the data points for each patient type and time.

I loaded these files back into IFC Soft and made an SOM of all the blood
sample summaries. (Fig. 4.13 for lung transplant study, Fig 4.14 for PIP). In
this SOM, the data points are blood samples from a given patient at a given
time. They are organized by how much of their cells were in each cluster type.
The hit histograms show where the data points from each group ended up, so
therefore what that patient’s blood samples were like.

Finally, with this visualization, patterns are relatively easy to find. For
example, in the lung transplant study SOM, there is an area circled at the top-

right (Fig. 4.13). This area represents blood samples that had high percentages
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Figure 4.10: Wind Rose charts from lung transplant study
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Figure 4.11: Wind Rose Chart for PIP study (+/+, +/- and -/+)
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central mem
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Figure 4.12: Wind Rose Chart for PIP study (-/- and control)
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Figure 4.13: SOM of all patient\time summaries from the lung transplant study.
Notice that the circled area only contains early data points from patients with
a good reaction to the transplant.
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”»N

Figure 4.14: SOM of all patient\time summaries from the PIP study divided
by donor\patient CMV type
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of CD4+ cells and Per4+GB- cells, along with being low in CD27+ cells, among
others. Only patients who had good reactions (good graft function) to the
transplant had blood samples that had this general amount of each cluster. On
top of this, it’s only those patients in the first 3 months that have blood samples
in that area. This then is a strong candidate for a predictor of whether a patient
is going to have a good reaction to the transplant. Further testing should be
done of new patients to see if those who have initial blood samples of this type
will also react well to their transplant.

In the SOM for the PIP data, (Fig. 4.14), the only patients who had blood
samples that fit in the top left corner were +/+ patients and -/- patients.
These had high numbers of late differentiated effector memory 28+ cells and
late differentiated effector memory cells. In addition to this SOM display, I
made a separate division of the PIP patients based on whether they got CMV

after their transplant (See Fig. 4.15).

Figure 4.15: SOM of all patient\time summaries from the PIP study divided
by whether the patient got CMV. “All Transplants” is just the sum of the “Yes
CMV” and “No CMV” patients.
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In this SOM for the PIP data (Fig. 4.15), there is a very clear trend in the
patients who got CMV. I highlighted an area where the blood samples had a high
percentage of late differential effector memory cells or terminal effector cells.
Almost no blood samples from controls belonged in this region, and occasional
patients who didn’t get CMV during the study belonged in the region. Among
patients who did get CMV during the study, very few belonged in that region at
Months 0 and 3, but in months 9-18, almost all blood samples fit in this region.

Now that we have observed these patterns, we can go back to the Wind-Rose
Charts and the original SOM and find the patterns there. For the PIP data,
Fig. 4.16 shows all the cells from blood samples at the different times for two
transplant groups: The patients who got CMV and those who did not (all PIP

patients are on Fig. 4.17).

Y MO0

Figure 4.16: SOM of all cells with combined hit histograms of those who got
CMV (Y) and those who did not (N). Late differential effector memory cells
and terminal effector cells are selected.

Notice that the combined Y patients go from having few cells in the selected
area to many, while the N’s are relatively constant in that area (the jumps in
months 9 and 12 seem to be from patient 90 who had a much larger number
of cells than the others did). The individual patients who got CMV can be
examined on Fig. 4.18. Almost all these patients show a jump to at least 50%

of cells in this region. One exception is patient 104, which stays low for all its
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Figure 4.17: SOM of cells with hit histograms for each patient at each time
grouped by controls, those who got CMV (Y) and those who did not (N). Late
differential effector memory cells and terminal effector cells are selected.
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times, but that patient didn’t get CMV until month 12, after the last blood
sample was taken. In general, these patients seem to show this jump in the

month they showed CMV or in the next measurement.
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Figure 4.18: SOM of cells with hit histograms for each patient who got CMV at
each time. Late differential effector memory cells and terminal effector cell are
selected. A blue rectangle is around each time a patient had CMV. The jump
in the selected cells generally occurs when they get CMV.



Chapter 5

Discussion

SOMs and WRCs are effective tools for finding patterns in FCM data from
different patients at different times. The patterns found in this paper seem
to be genuine patterns in the data I was given. In particular the gain in late
differential effector memory cells and terminal effector cells in patients who got
CMV (see Fig. 4.18) had already been found by the medical researchers [Mehta
et al., 2011]. Whether the other patterns found will hold with further data on
other patients still needs to be tested.

The time needed to perform the tedious traditional FCM analysis prevents
the clinical use of FCM data. With SOMs and WRCs, this analysis can be
performed much faster and allow clinical use. Once the relevant cells (in this
study CD8 T-lymphocytes) have been exported and aligned for use in TFC Soft,
all the clustering and graph production for one study can be done in a single day.
This could be done much faster with improvements to IFC Soft (eg. handling
categorical divisions internally, saving program sessions, exporting graphs, etc.).
If SOMs can be used to pick out the important population of cells for the study,

as was done in FlowJo (eg. CD8 T-lymphocytes), then doing this could speed

38
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up analysis as well.

Based the visualization and analysis done for this paper, the most effective
order to process the data after getting it into IFC Soft is to first use an SOM of
all the cells for selecting clusters, then examine an SOM of all the patient/time
cluster summaries to find general trends in the data. From there the WRCs and
hit histograms of the SOM on all the cells can be examined for further details.
These patterns can be used to produce signature hit histograms of different
types of patients. These SOMs and hit histogram signatures can be compared
with future patients as an aid to diagnosis or confirmation of the signature. The
clusters of cells that were selected in IFC Soft were saved out into individual csv
files which can be converted into FCS files and loaded back into FlowJo [Simm,
2010] for further investigation. WRCs of the cluster data and SOMs of all the
cells are still not easy for finding general patterns, but once patterns are found,
they provide more detail in a concise way.

While this is in some ways similar to the methodology used in the cancer
study [Sun et al., 2010], my methodology emphasizes visualization and interac-
tion with the data rather than automatic clustering of cells and patients. Both
their methodology and mine were based on making an SOM of all the cells of
the patients combined, but while they continued by using automated clustering
algorithms for the patients on the resulting SOM, I focused on visualization and
interaction with the data. I made use of WRCs and a second level of SOMs to
allow for rapid visual exploration of trends and patterns in the data. If their
automated methodology could be integrated with IFC Soft, then it could be an
even more powerful tool in analyzing FCM data.

There is still much that can be done with IFC Soft to improve its use in
visualizing and analyzing FCM data. The interface is rudimentary and from

what I've seen of others trying to use it, it is not very intuitive. In order for
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future researchers to make use of this methodology, the software must be made
easy to use. Additionally, many new features could be added to further IFC
Soft’s use with FCM data. Some of the most important features would be the
internal handling of categorical data, automatic clustering methods, ability to
save SOMs and sessions, and alternate displays of the SOM nodes (in particular,
more sophisticated alternatives to hit-histograms).

Though the traditional techniques for analyzing FCM data are used effec-
tively, they are tedious and possibly miss out on multi-dimensional patterns in
the data. SOMs and WRCs provide faster, less tedious and more informative
means of interacting with the data and provide valuable alternative means of

visualization and analysis.
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