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Abstract

Flow cytometry is often used to characterize the malignalts in leukemia and lymphoma patients,
traced to the level of the individual cell. Typically, flow toynetric data analysis is performed through
a series of 2-dimensional projections onto the axes of the siet. Through the years, clinicians have
determined combinations of different fluorescent markehickv generate relatively known expression
patterns for specific subtypes of leukemia and lymphoma <earanof the hematopoietic system. By
only viewing a series of 2-dimensional projections, thehhiimensional nature of the data is rarely
exploited. In this paper we present a means of determiniogralimensional projection which maintains
the high-dimensional relationships (i.e. informationjvbeen differing oncological data sets. By using
machine learning techniques, we allow clinicians to vimgabata in a low dimension defined by a
linear combination of all of the available markers, rathgart just 2 at a time. This provides an aid
in diagnosing similar forms of cancer, as well as a means &iable selection in exploratory flow

cytometric research. We refer to our method as Informatie@sétving Component Analysis (IPCA).

Index Terms

Flow cytometry, statistical manifold, information geometmultivariate data analysis, dimension-

ality reduction, clustering
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I. INTRODUCTION

Clinical flow cytometric data analysis usually involves tihéerpretation of data culled from
sets (i.e. cancerous blood samples) which contain the meous analysis of several measure-
ments. This high-dimensional data set allows for the exgioesof different fluorescent markers,
traced to the level of the single blood cell. Typically, diagis is determined by analyzing
individual 2-dimensional scatter plots of the data, in vihéach point represents a unique blood
cell and the axes signify the expression of different bidmes. By viewing a series of these
histograms, a clinician is able to determine a diagnosi¢hfepatient through clinical experience
of the manner in which certain leukemias and lymphomas espcertain markers.

Given that the standard method of cytometric analysis wre®projections onto the axes of the
data (i.e. visualizing the scatter plot of a data set witlpeesto 2 specified markers), the multi-
dimensional nature of the data is not fully exploited. Ashsugpical flow cytometric analysis
is comparable to hierarchical clustering methods, in witiata is segmented on an axis-by-axis
basis. Marker combinations have been determined througts yé clinical experience, leading to
relative confidence in analysis given certain axes prajasti These projection methods, however,
contain the underlying assumption that marker combinateme independent of each other, and
do not utilize the dependencies which may exist within theadlleally, clinicians would like
to analyze the full-dimensional data, but this cannot bealiged outside of 3-dimensions.

There have been previous attempts at using machine leataiagd in flow cytometry di-
agnosis. Some have focused on clustering in the high-dimeaisspace [1], [2], while others
have utilized information geometry to identify differeiscen sample subsets and between data
sets [3], [4]. These methods have not satisfied the problerause they do not significantly
approach the aspect of visualization for ‘human in the lodiggnosis, and the ones that do
[5], [6] only apply dimensionality reduction to a single sdta time. The most relevant work,
compared to what we are about to present, is that which we teently presented [7] where
we utilized information geometry to simultaneously embedhepatient data set into the same
low-dimensional space, representing each patient as &siegtor. The current task differs in
that we do not wish to reduce each set to a single point for epatpe analysis, but to use
dimensionality reduction as a means to individually stuidy tlistributions of each patient. As

such, we aim to reduce the dimension of each patient datalskt maintaining the number of
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data points (i.e. cells).

With input from the Department of Pathology at the Universit Michigan, we have deter-
mined that the ideal form of dimensionality reduction fomflaytometric visualization would
contain several properties. The data needs to be preseitieolivscaling or skewing, as this is
most similar to the current methods in practice (i.e. axegegtions). Hence, the ideal projection
should be orthonormal. Secondly, the methods should bepengised, relying solely on the
geometry of the data. This requirement is straight forwarthe dimensionality reduction would
be an aid for diagnosis, so no labels would be available. &k,stcommon supervised methods
geared towards dimensionality reduction for classificatasks (e.g. LDA methods [8], [9]) are
not applicable towards this problem.

Clinicians would also like to work in a low-dimensional spasimilar to what they have
grown accustomed to through years of experience. Oncendieted, the subspace should be
consistent, and should not change when processing new Tataefore non-linear methods of
dimensionality reduction such as [10], [11] are not idealtfos task. Adding new data to non-
linear methods forces a re-computation of the subspacehwhay be noticeably different than
previous spaces (e.g. scaled or rotated differently). Magbeen approached with out-of-sample
extension methods [12], but it is still a relatively open lgeon. Finally, the projection space
needs to preserve the relationship between data setspisatiethe same disease class should
show similar expressions in the low-dimensional space]entiffering disease classes should
be distinct from one another. This requirement leads diyreict a projection method which
maintains the similarity between multiple data sets, mathan preserving similarities between
the elements of a single set.

Given the desired properties, we present a method of direalsty reduction — which we refer
to asInformation Preserving Component Analysis (IPGAthat preserves the Fisher information
between data sets. We have shown in previous work [13], [hd} the Fisher information
distance is the appropriate means for determining the aiityil between non-Euclidean data.
This is the case for flow cytometry data, as certain channelg mpresent light scatter angles,
while other channels correspond to the expression of afepfaorescent marker. Hence, there
is no straight-forward Euclidean representation of thewdat

IPCA operates in the space of linear and unsupervised dioralgy reduction methods,

such as Principal Components Analysis (PCA), Projectiorsiit (PP) [15] and Independent
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Component Analysis (ICA) [16]. By preserving the Fisherommhation distance between sets,
IPCA ensures that the low-dimensional representation taiais the similarities between data
sets which are contained in the full-dimensional data, mizing the loss of information. This
low-dimensional representation is a linear combinatiothefvarious markers, enabling clinicians
to visualize all of the data simultaneously, rather thandheent process of axes projections,
which only relays information in relation to two markers dirae. Additionally, analysis of the
loading vectors within the IPCA projection matrix offers arrh of variable selection, which
relays information describing which marker combinatioredd/the most information. This has
the significant benefit of allowing for exploratory data asé.

This paper proceeds as follows: In Section Il we give a bamkgd of flow cytometry and
the typical clinical analysis process, as well as a formatabf the problem we will attempt
to solve. We present our methods for finding the IPCA propecin Section Ill. Simulation
results for both synthetic and clinical cytometric data ifitestrated in Section 1V, followed by

a discussion and areas for future work in Section V.

[I. BACKGROUND

Clinical flow cytometry is widely used in the diagnosis andyagement of malignant disorders
of the blood, bone marrow, and lymph nodes (leukemia and han). In its basic form, flow
cytometry involves the transmission of a stream of cellodgh a laser light source, with
characteristics of each cell determined by the nature oflige scattered by the cell through
disruption of the laser light. Application to leukemia angmpbhoma diagnosis is usually in
the form of flow cytometric immunophenotyping, whereby sealre labeled with antibodies to
specific cellular antigens, and the presence of these astigetected by light emitted from
fluorescent molecules (of different “colors”) conjugatedthe target antibody.

Clinical grade flow cytometers typically assess the sizestnaghe of cells through the detection
of light scattered at two predetermined angles (forwardletight scatter, and side angle or
orthogonal light scatter), and are also capable of simatiasly detecting the expression patterns
of numerous cellular antigens in a single prepared cell ensipn (“tube”). The analysis of
multiple tubes then allows for any number of antigen expoesgatterns to be assessed. Although
8-color flow cytometry is possible with the latest genematad clinical grade analyzers, most

clinical flow cytometry laboratories utilize 3 or 4 color appches.
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Fig. 1. Typically, flow cytometric analysis is performed ngimultiple 2-dimensional projections onto the various kear
combinations. This can lead to ambiguity and does not futlyi@t the high-dimensional nature of the data. We illusrthis
difficulty in distinguishing a patient with an unfavorabi@munophenotype to that of a favorable patient, using theirgmal

PDFs over 3 of a possible 60 marker combinations from the Benaassay.

In routine flow cytometric immunophenotyping, the expreaspatterns of each marker in a
given tube can be traced to the level of the single cell, giflaw cytometry a uniquely spatial
characteristic when compared to other immunophenotypipgaieomic analysis methods. When
measurements of forward and side angle light scatter ctemistics are included, each cell ana-
lyzed via 4-color flow cytometry can be thought of as occugyarunique point in 6-dimensional
space, with the dimensions of each point defined by the madmibf expression of each antigen
or light scatter characteristic. Since all 6 dimensionshcare projected simultaneously onto a
single histogram, diagnosticians typically analyze aesedf 2-dimensional histograms defined
by any 2 of the 6 characteristics measured in a given tube Kggel). Often one or more
measured characteristics are used to restrict immunopy@oanalysis to a specific subset of
cells in a process commonly known gsting which allows for limited exploitation of the
dimensionality of the flow cytometry data set.

The use of each single measured characteristic as an axiatinaensional histogram is a
convenient method for visualizing results and observingti@ships between cell surface mark-
ers, but is equivalent to viewing a geometric shape headsod,therefore does not necessarily
take full advantage of the multidimensional nature of flowooyetry. Just as it is possible to
rotate an object in space to more effectively observe thgctb characteristics, so too is it
possible to “rotate” the 2-dimensional projection of a Gdnsional flow cytometry analysis to

optimally view the relationships among the 6 measured cherniatics.
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Fig. 2. Projecting the same data in Fig. 1 down to 2-dimerssiasing a linear combination of all available markers. It is a

much easier task to discriminate these joint PDFs.

A. Problem Formulation

Given the critical importance of visualization in the tagklow cytometric diagnosis, we wish
to find the low-dimensional projection which best presertres relationships between patient
data sets. Rather than viewing a series of axes projectietesrdined by clinical experience as
in Fig. 1 (where we illustrate only 3 of the 60 possible axesjgutions of the 6-dimensional
data set), a projection which is a linear combination of ssMveiomarkers will allow a clinician
to visualize all of the data in a single low-dimensional sgagith minimal loss of information.
An example is shown in Fig. 2, where it is easy to differesmtitite patient with an unfavorable
immunophenotype from that of a favorable pattent

Specifically, given a collection of flow cytometer outputs= { X, ..., X} in which each
element ofX; exists inR?, we can define similarity between data s&sand X, (e.g. patients

i and j) with some metric ag)(X;, X ;). Can we find a mapping
A: XY
in which the elements oY exist inR™, m < d (m = 2 or 3 for visualization) such that

D(X;,X,;)=D(Y,;,Y;), Vi, j?

1The data presented here is from patients with chronic lyropiim leukemia, and is further explained in Section IV-B2
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Can we define this mapping as a linear projectiog R™*?? Can we ensure that the projection
minimally alters the data itself (i.e. ensureis orthonormal)? Additionally, by analyzing the
loadings in A, can we determine which biomarkers are best at differengjdtetween disease

classes?

[1I. M ETHODS

In our previous work on Fisher Information Non-parametrimtiedding (FINE) [7], [13],
we have shown that we can derive an information-based enmgpdolr the purposes of flow
cytometric analysis (See Appendix A). By viewing each pates a probability density function
(PDF) on a statistical manifold, we were able to embed thatifolal into a low-dimensional
Euclidean space, in which each patient is represented byglespoint. This visualization
allows for a diagnostician to view each patient in relationother selected patients in a space
where disease classes are well distinguished. The sityilaetween patients was determined

by using an approximation of the Fisher information diseabetween PDFs parameterized by

o—0,. . 6
Dr(by0) = min / \/ dg)dg, (1)

wheref; andf, are parameter values correspondlng to the two PDFsZadd is the Fisher

information matrix whose elements are

[ xRSO Db S50

The Fisher information distance is the best way to charaetsimilarity between PDFs as it is

(2)

an exact measure of the geodesic (i.e. shortest path) bepeaets along the manifold. While the
Fisher information distance cannot be exactly computetdawit knowing the parameterization of
the manifold, it may be approximated with metrics such asihiéback-Leibler (KL) divergence,
Hellinger distance, and Rényi-alpha entropy [17]. For work, we focus on the KL-divergence,
which is defined as

KL(pi ) = [ ) tog 247

wherep; and p, are PDFs of possibly unknown parameterization. It shoulddted that the

3)

KL-divergence is not a distance metric, as it is not symrmetki L(p;||p2) # K L(p1||p2). TO
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obtain this symmetry, we will define the KL-divergence as:

Dgr(p1,p2) = KL(p1|p2) + K L(p2||p1). 4)

The KL-divergence approximates the Fisher informatioradtice [17],

V Dir(p1,p2) — Dr(p1, p2), ()

asp; — po. If p; andp, do not lie closely together on the manifold, this approxiorabecomes
weak, yet a good approximation can still be achieved if thaifold is densely sampled between
the two end points. By defining the path betwegmndp, as a series of connected segments and
summing the length of those segments, we approximate tlyghleri the geodesic. Specifically,

the Fisher information distance betwegnandp, can be estimated as:

A~

Dp(p1,p2; P) = min Z \/DKL(p(i)ap(i—i-l))a Pa) — Pty Vi, (6)
=1

whereP = {pi,...,p,} is the available collection of PDFs on the manifold. Hence,afe able
to use the KL-divergence as a means for calculating sirtylaetween patient data sets. For our
purposes, we choose to estimate patient PDFs through keensity estimation (see Appendix

B), although other methods are available (e.g. mixture nspde

A. Objective Function

In FINE, we found an embedding which mapped informationatises between PDFs as
Euclidean distances in a low-dimensional space. This &itbws to embed an entire PDF, and
therefore all of the cells which were realizations of thatAPhto a single low-dimensional
vector. This provided for the direct comparison of patieimtdhe same normalized space. In
our current task, we are not interested in embedding a gréyateents into the same space,
but rather projecting each patient individually in its owpase. However, it is important that
we maintain differences between patients, as we have fcheitdid a great way to differentiate
disease classes.

We define ouidnformation Preserving Component Analysis (IPQAdjection as one that pre-
serves the Fisher information distance between data gesif8ally, letX = { X, X,..., Xy}

where X; ¢ R¥™" is then;-element data set corresponding to the flow cytometer owtptite
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it" patient, measured with different markers. We wish to find a single projection matrix
such that
DKL(AXZ,AX]) - DKL(XhXj)a V'L,]

Formatting as an optimization problem, we would like to solv

A= in ||D(X) — D(X, A)|f? 7
arg min [ D(X) — D(X, A)|p, (7

where! is the identity matrix,D(X) is a dissimilarity matrix such thad,;(X') = Dx (X, X;),
and D(X, A) is a similar matrix where the elements are perturbed4yyi.e. D;;(X, A) =
Drr(AX;, AX).

Since pathologists view projections in order diagnose dbase similar marker expression
patterns, maintaining similarities within disease clamsd(differences between class) is of the
utmost importance. These measures are expressed queglijtirough information. By finding
the projection solving the objective function (7), we emsdihat the amount of information

between patients which is lost due to the projection is mizéah.

B. Gradient Descent

Gradient descent (or the method siEepestiescent) allows for the solution of convex opti-
mization problems by traversing a surface or curve in theatiion of greatest change, iterating
until the minimum is reached. Specifically, |1étx) be a real-valued objective function which
is differentiable about some point. The direction in which/(z) decreases the fastest, from
the pointx;, is that of the negative gradient of at x;, —%J(ﬂfi)- By calculating the location

of the next iteration point as
0

G

wherep is a small number regulating the step size, we ensuretha) > J(z;41). Continued

J(xl)v

LTiy1 = T4

iterations will result inJ(x) converging to a local minimum. Gradient descent does natagiee
that the process will converge to an absolute minimum, s#jly it is important to initialize
o near the estimated minimum.

Using gradient descent, we are able to solve (7). Specifidall J = | D(X) — D(X, A)|%
be our objective function, measuring the error between oojepted subspace and our full-

dimensional space. The direction of the gradient is solwedbking the partial derivative of
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Algorithm 1 Information Preserving Component Analysis
Input: Collection of data setst = {X, X»,..., Xn}, X; € R¥"i; the desired projection

dimensionm; search step sizg

[EEY

. CalculateD(X), the Kullback-Leibler dissimilarity matrix

. Initialize A, € R™*¢ as a random orthonormal projection matrix

N

3: CalculateD(X, A;), the Kullback-Leibler dissimilarity matrix in the projestt space
4. for i=1to oo do
5: Calculatea%J , the direction of the gradient, constrainedA4ol” = I
6: A=A — Ma%ij
7. CalculateD (X, A;11)
8 J=|D(X)— DX, Ai)l%
9:  Repeat until convergence of
10: end for
Output: Projection matrixA € R™*4, which preserves the information distances between sets
in X.

w.r.t. a projection matrix4,
0 0 9
Given the direction of the gradient, the projection matrix de updated as

A=A A, ®)

o - 9 1([d - a \"

is the direction of the gradient, constrained to forte¢o remain orthonormal (the derivation of

where

this constraint can be found in Appendix C). This processeisated until the errod converges.

C. Algorithm

The full method for IPCA is described in Algorithm 1. We noteat A is initialized as a

random orthonormal projection matrix due to the desire tbhias the estimation. While this
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e (Class1
+ Class 2 ]

15 20

Fig. 3. An illustration of a sample data set from each classofo synthetic data test. The classes are distributed asomi

images’ of each other, about the line= 5.

may result in finding a local minimum rather than an absoluteimum, experimental results
have shown that the flow cytometry problem is sufficientlywaoq at least for our available data,
yielding significantly similar convergence values. At tpimint we stress that we utilize gradient
descent due to its ease of implementation. There are mocgeatfimethods of optimization, but

that is out of the scope of the current contribution and is r&a dor future work.

IV. SIMULATIONS
A. Synthetic Data

As a proof of concept, we now illustrate IPCA on a synthetitadset of known struc-
ture. An illustration of the data is shown in Fig. 3, which isfided as follows: Lett =
{X1,...,. XN, XN+1,---, X NN, De @ collection of sets in whiclX; € R**4% s created
by joining two Chi-squared distributions (one flipped abth&z-axis). Forj = 1,..., Ny, let us
define X} in that fashion while we defing, for j = N; +1,..., Ny + N5 in a similar manner,
with the data flipped about the-axis and offset by+10 units. EssentiallyX; and X, contain
‘mirror image’ data sets ('mirrored’ about the line= 5) with 400 samples each. We wish to
find the projection down to a single dimension which optimalteserves the Fisher information
between data sets. For this simulation, Mt= N, = 5.

Starting with A; € R'*2? as a random orthonormal projection matrix, we use IPCA taiobt

a projection matrix. Figure 4 shows the value of the objecfunction (normalized to @er
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Fig. 4. The objective function is minimized as we use IPCA¢arsh for the best

to the projections used in Figure 5.
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Fig. 5. The evolution of the projection matrix, illustrated one set from each class. As the objective function is m@ch
the statistical separation between sets from differingtehs is increased.

pair value) as a function of gradient descent iterations. Oneeottjective function converges,

we obtain the projection matrid € R'*2. This matrix is used to project the data from the
original dimensions down to a dimension bfsuch thaty, = AX ;.

The evolution of the projection matrix is illustrated in Fi§. One set from each cluster

was projected onto thé-dimensional space defined by (as highlighted in Fig. 4). The initial

projection matrixA;, which was randomly generated, offers no distinction betwine sets from

differing clusters. As the algorithm searches to minimize bbjective function, the projection
matrix begins to recognize structure within the data, amdsets begin to separate. This process

continues until the best projection matrix (in this cadg) is found and the sets are well
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Objective Function

Method Mean | Standard Deviation

IPCA 0.4006 0.1687

ICA 0.4539 0.2204

PCA 22.7837 2.3850
TABLE |

COMPARING THE PERFORMANCE OHPCA 7O THAT OF PCAAND ICA OVER A 10-FOLD CROSS VALIDATION. THE IPCA

PROJECTION METHOD OUTPERFORMS BOTH OTHER METHODS

distinguished. We stress that the distinguishing chariagtiteis not the Euclidean location of the
samples within each data set (as we see they contain somlapjydiut the statistics of each
set.

We compare our methods to those of well known linear and wrsiged dimensionality re-
duction algorithms, namely Principal Components AnalyBi€A) and Independent Component
Analysis (ICA). To obtain the PCA and ICA projection matscave combined all data into
a single set, then performed the corresponding algorithnthah set, defining the projection
matrix as the firstn principal/independent components & 1 in this case). The results over a
10-fold cross validation are demonstrated in Table I, wheil@ARshows superior performance
to comparative methods. PCA performs particularly poogytarojects data onto the directions
with the highest variance. It does not recognize the inhesemcture in data which contains
interesting properties in directions of low variance, sashthis example. For ICA we selected
the component with the highest norm [18], as the ICs are radred [19]. This method performs
admirably well, correctly identifying the direction of Erest, although still falling short of the
performance of IPCA.

1) Variable Selection:One immediately noticeable benefit of IPCA is that we may e t
loading vectors ofA towards the problem of variable selection. IPCA finds thedincombination
of channels which best preserves the information betweta skds. Given the definition of the
Kullback-Leibler divergence (3), the dimensions which tifiute most to the information are
those in which data sets differ most in probability disttibn. As such, the loading vectors in
A will be weighted towards the most discriminating variables

Continuing with our previous example, the IPCA projectioatrnix was always of the order
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Dimension | Marker

Forward Light Scatter|
Side Light Scatter
FMC7

CD23

CD45

Empty

o 0o~ W N P

TABLE Il

DATA DIMENSIONS AND CORRESPONDING MARKERS FOR ANALYSIS OELL AND MCL.

A =[1 — €1, €], in which e, 5 =~ 0. This result is obvious, as all of the data sets are idetyical
distributed within the second dimension and the only d#ifélating variable is the first dimen-
sion. While this result is trivial for our synthetic examptbe ability to use the loading vectors

as a means of variable selection shall prove vital when egpb real-world data.

B. Flow Cytometry Analysis

We now present simulation results for using IPCA to find a getpn matrix for flow
cytometric data analysis. We demonstrate three distindies involving differing disease classes
to show that our methods are not just beneficial to a singlenpi@ We offer a proof of
concept that shall allow pathologists to utilize our methath many different studies and for
exploratory data analysis. In all cases, patient data wisrsdal and diagnosed by the Department
of Pathology at the University of Michigan.

1) Lymphoid Leukemia Stud¥or our first study, we will compare patients with two distinc
but immunophenotypically similar forms of lymphoid leukim- mantle cell lymphoma (MCL)
and chronic lymphocytic leukemia (CLL). These diseasegldyssimilar characteristics with
respect to many expressed surface antigens, but are dgrikestihct in their patterns of expres-
sion of two common B lymphocyte antigens: CD23 and FMC7. @glhy, CLL is positive for
expression of CD23 and negative for expression of FMC7,eMkiCL is positive for expression
of FMC7 and negative for expression of CD23. These distimstishould lead to a difference
in densities between patients in each disease class.

The data sett = {X,..., X3} consists of 43 patients, 23 of which have been diagnosed
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Fig. 6. CLL and MCL Study: Evaluating the objective as a fimrtof time. As the iterations increase, the objective fiorct

eventually converges.

with CLL and 20 diagnosed with MCL. EacK ; is a6 dimensional matrix, with each dimension
corresponding to a different marker (see Table Il), and edement representing a unique blood
cell, totalingn; ~ 5000 total cells per patient. We calculaf®X'), the matrix of Kullback-Leibler
similarities, and desire to find the projection matrxthat will preserve those similarities when
all data sets are projected to dimensibg: 2.

Using the methods described in this paper, we found the IP@fegtion as

. 0.0640  0.0364  0.9055  0.2075 0.3547 —0.0842 ©)
—0.0188 —0.1969 —0.1453 —0.9557 0.1646 —0.0111 |

This projection was calculated by minimizing the objectiumction with respect toA, as
illustrated in Fig. 6 in which the squared error (per elemeaitr) is plotted as a function of
time. As the iteration increases,/ converges and; is determined to be the IPCA projection
matrix. We note that while dimension 6 corresponds to no erafik is a channel of just noise),
we do not remove the channel from the data sets, as the pometgtermines this automatically
(i.e. loading values approach. Additionally, due to computational complexity issueacle data
set was randomly subsampled such that 500. While we would not suggest this decimation
in practice, we have found it to have a minimal effect durizgezimentation.

Given the IPCA projection, we illustrate the 2-dimensioRBIFs of several different patients in

the projected space in Fig. 7. We selected patients baseldeoKlLt-divergence values between
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Fig. 7. CLL and MCL Study: Contour plots (i.e. PDFs) of the W@rojected data. The top row corresponds to the PDFs
the CLL patients, while the bottom row represents PDFs of Mfatients. The selected patients are those most similarcestw

disease classes, the centroids of disease classes, ardéhsssimilar between disease classes, as highlighteid)ir8().

patients of different disease class. Specifically, we sete¢the CLL and MCL patients with
a small divergence (i.e. most similar PDFs), patients wilarge divergence (i.e. least similar
PDFs), and patients which represented the centroid of eiaelask class. These low-dimensional
PDFs, which are what would be utilized by a diagnosticiaa \asibly different between disease
classes. While the most similar CLL and MCL patients do smapeh similarity in their IPCA
PDFs, there is still a significant enough difference to dgtish them, especially given the
similarities to other patient PDFs.

We now illustrate the embedding obtained with FINE of thejgrted data (see Appendix
A). The embedding results are shown in Fig. 8(b), in which separation between classes
is preserved when using the projected data as comparedng tie full-dimensional data in
Fig. 8(a). Each point represents an entire patient datasdtthose which are circled correspond
to the PDFs shown in Fig. 7. By finding the projection which immiizes the difference in KL-
divergence between the full and projected data, we maitteinmelationships between different
sets, allowing for a consistent analysis.

Using the projection matrix (9) for variable selection, tleading vectors are highly con-
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Fig. 8. CLL and MCL Study: Comparison of embeddings, obtdinéth FINE, using the full dimensional data and the data
projected with IPCA. IPCA preserves the separation betvebesase classes. The circled points correspond to thetylghsis

in Fig. 7, numbered respectively.

centrated towards the3and 4" dimensions, which correspond to fluorescent markers FMC7
and CD23. We acknowledge that this marker combination i$ kredwn and currently utilized
in the clinical pathology community for differentiating CLand MCL2. We stress, however,
that what had previously been determined through yearsioical experience was able to be
independently validated quickly using IPCA. This is im@mtt as it could enable pathologists
to experiment with new combinations of fluorescent markers see which may have strong
effects on the discernment of similar leukemias and lympdmm

2) Chronic Lymphocytic Leukemia Studgontinuing our study of patients with chronic
lymphocytic leukemia (CLL), we wish to determine subclassethin the CLL disease class.
Specifically, we now use IPCA to find a low-dimensional spateéctv preserves the differentia-
tion between patients with good and poor prognoses (i.erédle and unfavorable immunophe-
notypes). Literature [20] has shown that patients whoskeleic cells are strong expressors of
CD38 have significantly worse survival outcome. Genotypicles have shown that the absence
of somatic mutation within immunoglobulin genes of CLL sella so-called “pre-follicular”

genotype) is a potent predictor of worse outcome. High Bg€lCD38 expression are an effective

2CD45 and light scatter characteristics are often used dsggptrameters for selection of lymphocytes among othdr cel

types prior to analysis, but CD23 and FMC7 are the main aicalybiomarkers in this 3-color assay.
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Dimension | Marker

Forward Light Scatter|
Side Light Scatter
CD5

CD38

CD45

CD19

o 0o~ W N P

TABLE 11l

DATA DIMENSIONS AND CORRESPONDING MARKERS FOR ANALYSIS OELL.
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Fig. 9. CLL Prognosis Study: The value of the objective fiortivs. time.

surrogate marker for the absence of somatic immunoglolgeliire mutation, and also have been
shown to be an independent predictor of outcome in someestu8ince patients can generally
be stratified by CD38 expression levels, and CD38 has beewrstm emerge as a defining
variable of CLL subsets in hierarchical immunophenotydicstering [21], we would expect
IPCA to localize the CD38 variable as one of importance whealyaeing CLL data.

Using the same patients (those diagnosed with CLL) as in tloweasimulation, we define
X ={X,,..., X}, where eachX; was analyzed with by the series of markers in Table IlI.

Minimizing the objective function (see Fig. 9), we calceldhe IPCA projection matrix as

—0.2328 —0.1160 —0.3755 0.1789 0.4615  0.7401
0.1133 —0.1291 —-0.2712 0.8100 —0.4948 —0.0064

A=
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Fig. 10. CLL Prognosis Study: Comparison of embeddingsaiobt with FINE, using the IPCA projection matrik and the
full dimensional data. The patients with a poor prognosiB3ghi) are generally well clustered against those with arfable

prognosis (CD38lo) in both embedddings.

This matrix has very high loadings in variablesind6, which correspond to markers CD38 and
CD19 respectively, corresponding to the isolation of Bgbit CD19 expression (a B lymphocyte
restricted antigen always expressed on CLL cells) and sisssd of CD38 on these B cells.
As expected, we identify CD38 as a marker of importance ifedghtiating patient groups. We
also identify the possibility that CD19 expression as amaavlich may help prognostic ability.
This is an area for further interrogation.

Using FINE to embed the data (Fig. 10) for comparative vigatibn, we see that the IPCA
projection preserves the grouping of patients with unfakte immunophenotype (CD38hi) and
favorable immunophenotype (CD38lo). CD38hi versus CD38tceach patient was determined
using cutoff values endorsed in the literature [20]. Altgbwcomplete follow-up data for this
retrospective cohort were not available, the findings wedgréctly further validated by the fact
that, of the patients with follow-up information availaplero of 6 CD38lo patients died, while
4 of 9 CD38hi patients died within a median follow-up intdre& 25 months (range 1 to 102
months). As such, we find that IPCA can locate sub-classesraydbe useful for possible help
towards prognosis.

3) Acute Lymphoblastic Leukemia vs. Hematogone Hypeg&isidy: We now demonstrate a

study involving the diseases acute lymphoblastic leukgiid ) and a benign condition known
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Dimension | Marker

Forward Light Scatter|
Side Light Scatter
CD38

CD19

CD45

CD10

o 0o~ W N P

TABLE IV

DATA DIMENSIONS AND CORRESPONDING MARKERS FOR ANALYSIS OALL AND HP.

as hematogone hyperplasia (HP). ALL is marked by the netplasoliferation of abnormal
lymphocyte precursors (lymphoblasts). Our study spedlfidacused upon ALL consisting of

B cell precursor lymphobalsts (B-precursor ALL), the mosinenon form of this disease, since
the normal counterpart to B-precursor lymphoblasts, tdrimematogones, are detectable in the
bone marrow of most healthy individuals, and hematogonaspealiferate in benign reversible
fashion in numerous clinical states [22]. The distincticgtvieen hematogones and leukemic
B-precursor lymphoblasts is highly relevant in clinicabgtice since these cell types exhibit
substantial immunophenotypic overlap, many transienditmms associated with hematogone
hyperplasia can present with clinical suspicion for leuleerand patients with ALL can develop
HP during recovery from chemotherapy for their leukemia.

For this study, let us define the data gét= { X, ..., X5,}, which consists of 54 patients,
31 of which have been diagnosed with ALL and 23 diagnosed tih Patient samples were
analyzed with a series of markers (see Table 1V) designethtoisolation of hematogones and
aberrant lymphoblast populations, based on known difteakepatterns of these markers in these
cell types. Specific details of how the data was retrievedbmfound in [7].

By minimizing the objective function (Fig. 11), we find theGR projection as
0.4041 0.2521 0.7712 0.3795 0.4042 —0.2427
—0.2665 —0.2216 0.3707 0.5541 —-0.3413 0.6074

Using FINE, we compare the embedding of the full-dimendidaga to that of the projected data
in Fig. 12. The embeddings are very similar, which illusgtsabnce again that IPCA preserves the

similarities between different sets. This allows for a Idimensional analysis in the projected
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Fig. 11. The value of the objective function (v.s. time) fbetanalysis of ALL and HP diagnosis.
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Fig. 12. ALL and HP Study: Comparison of embeddings, obthiwgh FINE, using the full dimensional data and the IPCA
projection matrixA. The embedding is very similar when using the projected,datdch preserves the similarities between

patients.

space with the security of knowing the relationships betwpatients have been minimally
effected.

We also observe that the projection matrix has strong lgmdtorresponding to markers CD38
and CD10. In clinical practice, it is often noted that hengatwes have a very uniform and strong
CD38 expression pattern, while lymphoblasts can have @gui@nge of CD38 expression [22].

This analysis seems to provide independent validation Hat bbservation. Furthermore, this
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analysis identifies CD10 as a principal distinguishing reakmong the others analyzed in this
4-color assay. This finding is not intuitive, since in dayday practice CD10 is not obviously of
greater distinguishing value than marker such as CD45 eradjle light scatter. These markers,
like CD10, are used for their different expression pattennlymphoblasts versus hematogones,
but that may show considerable overlap in expression iittebgtween these two cell types.
Our identification of CD10 as a marker of importance idergifaan area for further clinical

investigation.

V. CONCLUSIONS

In this paper we have shown the ability to find an informati@sed projection for flow cyto-
metric data analysis using Information Preserving Compbaaalysis (IPCA). By preserving
the Fisher information distance between oncological data §.e. patients), we find a low-
dimensional projection that allows for visualization in ialin the data is discernable between
cancerous disease classes. As such, we use machinegetorprovide a projection space that
is usable for verification of cancer diagnosis. Additiopalinalysis of the loading vectors in
the projection matrix allows for a means of variable setettiwe have shown independent
verification for determining optimal marker combinatiomsdistinguishing immunophenotypi-
cally similar cancers, as well as validating variables Wwhin@lp to identify prognostic groups.
Verifying these known results through independent methmrdsides a solidoroof-of-concept
for the ability to utilize IPCA for exploratory research oiffdrent marker assays.

In future work we plan to study the effects of preserving otilg local distances between
data sets. As we have stated, the KL-divergence becomeskaappaoximation as the densities
separate on the statistical manifold. As such, performamagimprove by putting more emphasis
on preserving the close distances. However, this may havadkerse effect of diminishing the
ability to distinguish between disease classes if they alesgparated, as those far distances may
not be well preserved. Additionally, we would like to utdidifferent methods for optimizing
the cost function. While we currently utilize gradient descfor ease of implementation, it
is relatively slow and there are more efficient methods to (ese fixed point iteration). The
optimization method is not the focus of our work, but fasteetmods may be required for
practical usage. Finally, we would like to apply our methtolsards exploratory research and

determine other applications of interest.
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Algorithm 2 Fisher Information Non-parametric Embedding
Input: Collection of data set&’ = { X, X,,..., X x}; the desired embedding dimensidn

1. for :=1to N do

2:  Calculatep;(x), the density estimate oX;

3: end for

4: Calculate G, where G(i,j) = f)F(pi,pj), the geodesic approximation of the Fisher
information distance

5. Y = embedG, d)

Output: d-dimensional embedding of, into Euclidean spac® € RN

APPENDIX
A. FINE Algorithm

We have previously [13], [14] presented an algorithm fored®ining a low-dimensional
Euclidean embedding of high-dimensional data séts { X {,..., X y}. CoinedFisher Infor-

mation Non-parametric Embeddin&INE), we determine a mapping:
VX — oy, yiERd

where X ; € R™*" is a data set generated by some PDF which exists on an unagshgatistical
manifold. By approximating the Fisher information distamwith a geodesic along the manifold,
we can reconstruct a representation of the manifold in Haal spaceY = {yi,...,yn}.
Details can be found in Algorithm 2, where ‘embéd()’ on line 2 refers to using any multi-
dimensional scaling method (such as cMDS, Laplacian Eiggranetc.) to embed the dissimi-

larity matrix G into a Euclidean space with dimensidn

B. Kernel Density Estimation

The PDF of data seX = [z1,...,z,], z; € R™, can be approximated with a kernel density
estimate (KDE). This non-parametric method estimatesitjeas the normalized sum of identical

densities centered about each data point within the set:

N
. 1 T — T
p(x)—m;f(( . ),
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where K is some kernel satisfying the properties
K(x) >0,
/K(x) dx =1,

andh is the bandwidth or smoothing parameter. We utilize a Gansdistribution for our kernel,

K(z) = (2m) 2 x[z P <_§x > x) ’

where Y. is the covariance matrix, as they have the quadratic priegetthat will be useful in

implementation. The kernel parameters can be estimated nsethods such as [23], [24].

C. Orthonormality Constraint on Gradient Descent

We derive the orthonormality constraint for our gradiergaBnt optimization in the following
manner; solving

A= in J(A
arg min (A),

where! is the identity matrix. Using Lagrangian multiplidd, this is equivalent to solving
A = arg mjn J(A),

where.J(A) = J(A)+tr(AT M A). We can iterate the projection matrix A, using gradient dasc

as:
0

i Mﬁ—A
Where%](A) = 2 J(A)+ (M + MT)A is the gradient of the cost function w.r.t. mattix To

ease notation, leh £ -2.7(4;) andA £ 2. J(A;). Continuing with the constraint; A%, | =1,

A=A J(A), (10)

we right-multiply (10) by A’ , and obtain
0= —pA;AT — pAAT + 2AAT,
pAAT = AAT + ANT, (11)
(A4 (M + MDAA 4 (M + MDA = (AAM + MT)A)AT + A(AAT (M + MT)A).
Let Q = M + M7, henceA = A + QA. Substituting this into (11) we obtain:

P(AAT + QAAT + AATQ + QQT) = AAT + AAT +2Q.
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Next we use the Taylor series expansion(@faroundy = 0: Q = Z;";O W @Q,. By equating

corresponding powers of (i.e. aa_:j|,u=0 = 0), we identify:

Qo= —5(AAT + 4AT)

1
Q1 = §(A + QoA) (A + QoA)T.
Replacing the expansion ¢f in A = A + QA:
A=A— %(AAT+AAT)A+MQ1A+M2Q2A+....

Finally, we would like to assure a sufficiently small stepesia control the error in forcing the
constraint due to a finite Taylor series approximatiorofUsing theL, norm of A allows us

to calculate an upper bound on the Taylor series expansion:
- 1
1Al < 1A = S(AAT + AAD A + p | Al + 12 Qo Al + -

We condition the norm of the first order term in the Taylor egpproximation to be significantly
smaller than the norm of the zeroth order termu & [|A — 2(AAT + AAT)Al|/||Q: Al then:

4 = o) = 5 (LI ANAT + A4 A 12)

is a good approximation of the gradient constraineddté’” = I. We omit the higher order
terms as we experimentally find that they are unnecessagciedly as eveni? — 0. We note
that while there are other methods for forcing the gradiendliey orthogonality [25], we find

our method is straight-forward and sufficient for our pugms
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