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ABSTRACT

It has been known since the days of Karl Pearson that ratios of pairwise independent ran-
dom variables are correlated [23]. However, recognition of the unit sum constraint and
hence appropriate methods for analysis of relative abundance have been slow to emerge [4].
Analysis of the relative abundance of multiple components is a characteristic of composi-
tional data. In this thesis, we demonstrate that the compositional data analysis framework is
ideally suited to exploring and analyzing the relative abundance of proteoforms measured
using Mass Spectrometric Immuno Assays (MSIA). We will introduce basic concepts of
compositional data and associated analysis methods. We demonstrate the application of
these concepts by exploring the association of human serum albumin’s post translational
modifications and kidney function in patients with Type 2 diabetes mellitus. Finally, we
discuss the pitfalls of ignoring the compositional nature of such data, and highlight emerg-

ing applications demonstrating the generality of the framework.



Chapter 1

INTRODUCTION

Karl Pearson [23] used the relative ratios of human bones to illustrate the issue of spuri-
ous correlation. Design or measurement procedures in several modern scientific analyses
lead to relative abundance data. Examples of such data are output from high-throughput
omics technologies such as Mass Spectrometric Immuno Assays (MSIA), RNA-Seq and
metagenomics. Compositional data analysis is a robust framework developed to address
issues in inference arising due to this induced correlation in relative abundance data [1].
Particularly, it allows interpretation of complicated covariance structure, guarantees con-
sistency between analyses of a part and the whole composition, and permits the use of
standard multivariate statistical methods, all the while respecting the structural constraints
inherent in the observed data. In this thesis, we will show how the MSIA compositions
whose components are proteoforms can be analyzed using the compositional framework.
Proteoforms are post translational modifications of proteins giving rise to new func-
tional capabilities or regulation of the cellular environment [29, 14]. Some of these pro-
teoforms have been implicated in diseases such as cancer [9] and age related dementia
[24]. Identifying these proteoforms with sensitivity and specificity has been a challenge,
especially when the abundance is low. Mass Spectrometry Immuno Assay (MSIA) is an
approach developed to address these challenges. MSIA combines the sensitivity of the im-
muno assay based approaches with the specificity of detection from mass spectroscopy. All
proteoforms that differ in their mass to charge ratio are captured using a single antibody.
These proteoforms are then eluted directly on a mass spectrometer tip along with an aliquot
of matrix solution. Proteoforms are then detected at their unique mass to charge ratio in
MALDI time-of-flight mass spectrometry. This results in the mass spectra whose area un-

der the curve are the raw values of relative signals of the proteoforms. Nelson, et al. [19]
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is a useful reference for the details of this approach.

The use of immuno based assays to enrich for proteoforms imposes a constraint on the
measurement of their concentrations. Thus the resulting peak areas capture information on
relative abundances of the proteoforms rather than their absolute concentration.

We begin by introducing the elements of compositional framework essential to our
analysis of MSIA compositions. We also discuss the normalization scheme provided by
the compositional structure. We illustrate use of this framework by exploring MSIA mea-
surements of albumin proteoforms from patients with Type 2 diabetes mellitus. Many of
these patients also have impaired renal function, and we explore and infer proteoform dif-
ferences associated with chronic kidney disease (CKD). We conclude with remarks on our
analysis of albumin proteoforms, and discuss emerging compositional data applications in

genomics.
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Chapter 2

A SYNOPSIS ON COMPOSITIONAL FRAMEWORK

A compositional data matrix may be given by:

M= (Vi,Va,...,Vp) = (51,82,...,S,)

where V;;i = 1,2,..., D are the components forming the columns of M and S;;i = 1,2,...,n
are the samples giving the rows of M. Assuming S; to sum to 1 with non-zero components,

we can see that each row, S;, of M is a point of . d where

D
F={x=(x,x2,....xp) 1 x>0 (i=12,....D), Y xi =1} 2.1)

Here d = D — 1 and x = (x1,x2,...,xp)" denotes a D dimensional column vector in RP.
Note that the dimension of the simplex is d = D — 1. We will use the conventiond = D — 1
in the rest of the thesis. The unit sum constraint is critical and induces correlation between
the parts of the composition. Thus an important assumption in applying this framework is
that the relative proportions and their covariance is of interest irrespective of the total sum
of the composition, which is normalized to 1. The following two principles in composi-
tional framework ensure consistency in inference and compliance with the aforementioned

requirements:
1. Scale invariance, and

2. Sub compositional coherence which means the inference from a subset of parts

should be consistent with the inference from the full composition.

Modeling the data using logistic normal distributions allows for the lack of indepen-
dence due to the unit sum constraint at the same time providing a sub compositionally

coherent model [1].
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To understand how this is done, consider an element x = (x1,x3,...,xp) € .% 4. Fol-

lowing Aitchison [1] the additive log ratio transform is defined as:

¢: 7R

Xy 2.2)

X1 X2
X = (log(g),log(x—D), e 710g(g)),

Given ¢ and a normal distribution

fRYSR

defined by density

£l 2) = @) g Pexp | 5 (- w)T ()

We can define

f=/fo¢p: >R

the logistic normal density function by:

Fd D) = @m) 22 | | ewp| 5000~z 000 )| @)

I1xi
=1

where 1 is the location parameter in RY and X is the d x d variance-covariance matrix. In
the following, we will denote this d dimensional logistic normal distribution by .. 4”4 and
A’ will denote the transpose if A is a matrix.

The space .4 can be given the structure of a vector space. Let C denote the closure
operator on ]RD*, the space of all non-zero D dimensional vectors, which normalizes a

non-zero vector to the unit sum simplex.
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C:RP” LR
X1 X2 XD s
X (5= —) (2.4)
Y xi Y ox Y x;
i=1 i=1 i=1

For any two elements x = (x1,X2,...,xp)",y = (y1,y2,...,yp)" € .4 and & € R, we then

define two operations on .74 given by:

x@y:C((xl-yl,xz‘yz,...,xp-yp)/) (2.5
aeox=C((x¥x¥%,....x3)) (2.6)

The operations in equations (2.5) and (2.6) are called the perturbation and power oper-
ators, respectively. With perturbation operator as addition and power operator as the scalar
multiplication, .#’¢ acquires the structure of a d dimensional vector space.

The linear transformation log defined on .79 by

log: .74 — RP
(2.7)
x> (log(x1),log(xz),...,log(xp))
maps the simplex . into RP. Let 1p represent the vector (1,1,...,1)’ € RP and 1p be the

one dimensional subspace of RP generated by 1p. This gives an orthogonal decomposition

of RP:

RP =1p@1§ (2.8)

Notice the space 1f, consists of vectors in RP with mean 0 and is isomorphic to RY as a

vector space. Thus we get an invertible linear map .# on .#¢ given by,

&1

X (2.9)

ey ), ..., log( )

), log(—

x — (log( ()
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where gp(x) is the geometric mean of the components of the vector x € .9, This trans-
formation is called the centered log ratio. Note that log(gp(x)) is the mean of the vector
(log(x1),log(x2),...,log(xp)) € RP and hence the name of the transform.

Using this transform one can introduce a metric on .74 given by
1/2

— log(—2-))?2 .
) ~log(5)) (2.10)

d(ey) = | 3 (log(—
(.X,y) - l:Zl( Og(gD(-x)

for any x,y € .#9. This is the composition (in the sense of a function) of the usual euclidean

metric on 1§ induced from RP with the centered log ratio. This makes .’¢ a complete inner

product space, also called a Hilbert space [22, 7]. The associated inner product is given by

the matrix corresponding to the projection of RP on 15, namely,

1
In——1pl/ 2.11
p—pinlp (2.11)

where Ip is the D x D identity matrix and 1p is the D x 1 matrix with all components equal
to 1. We call the metric in equation (2.10) the Aitchison distance. By construction, s
isomorphic to 1f, as a Hilbert space.

The additive log ratio above is defined with respect to the last component as a reference
component. However, a similar definition can be made by taking any component as the
reference component. The additive log ratios thus defined as well as the centered log ratio
give equivalent co-ordinate systems on the space .. Additional equivalent co-ordinates
on ¢ as well as the equivalence of the metrics are discussed in Egozcue et al. [12].
The logistic normal distribution defined by two different choices of additive log ratio are
equivalent. The equivalence of metric with centered log ratio shows that the logistic normal
is compatible with the Hilbert space structure of .#’¢ similar to the compatibility of the
normal distribution with the Euclidean geometry of RY, i.e. the logistic normal forms a
location-scale family with respect to the pertubation and power operations.

Thus we transform the simplex induced by the unit sum constraint into a sample space

isomorphic to RY as a Hilbert space. The distributions such as the logistic normal which are
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compatible with this new Hilbert space structure then allow us to analyze the data with the
usual tools of multivariate analysis. In this sense, the logistic normal in Aitchison geometry
is the counterpart of the normal theory in the Euclidean space.

We now show how the logistic normal follows the principle of subcompositional coher-
ence.

In terms of the data matrix M, a subcomposition means a sub-matrix of M containing all
its rows, but only a subset of its columns. If U = {i},iy,...,i,} is such a subset then the ma-
trix corresponding to this subcomposition is My = (V;,,Vi,,...,Vi,). If x = (xi,, Xy, .. -, Xi,)

is a row of My then the result of the closure operation is

C((x,,xi = 2.12
((xl17x127 7xln)) (1_ Zx,’l— ina 1_ in) ( )
itU itU itU
Denote
sY =c(sy) (2.13)
1
The matrix Mc(y) = I——Zx-(Vu)uEU = (SY)' is the data matrix of the subcomposition
1
iU

represented by U.

Note that if P is the n x D projection matrix given by

P = (pu)
where
B 1 ifk=iandi; €U
Pike= 0 otherwise
then
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thus

Mcwy=M(aP') where o0 = %le
itU

Scale invariance implies that the distribution induced by P, on¢the simplex defined by com-
ponents of U, coincides with the distribution £ .4, (P(u),P’LP). Thus by defining the
logistic normal .Z.4",_1(P(u),P'’EP) as a model for My, any inference procedure that
relies on the properties of the logistic normal is assured of satisfying the principle of sub-
compositional coherence [6].

We now reveal this structure in our data of proteoform abundance measured using

MSIA. A comprehensive collection of analytical techniques and applications of compo-

sitional framework is available in the book Pawlowsky-Glahn et al. [21].
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Chapter 3

MSIA AND ALBUMIN PROTEOFORMS

Our MSIA measurements comprise albumin proteoforms from a cross-sectional study of
283 patients with Type 2 diabetes mellitus. Glycosylation [28] and cysteinylation [18]
of albumin are two important post translational modifications that have been associated
with advanced chronic kidney disease (CKD). Here we explore the association of these
proteoforms with chronic kidney disease (CKD).

Table (3.1) shows a small subset of the raw data. The first column is the sample iden-
tifier and the remaining 9 columns represent the raw peak areas of the 9 albumin post

translational modifications.

Table 3.1: Table of raw peak areas of a small subset of the albumin data.

ID des.DA des.D des.DA.cys wt wt.cys wt.gly wtcys.gly wtglygly wtcys.gly.gly
546101 4969.01 6021.65 3318.04  68552.31  55486.38 27058.15 15544.28  9834.52 4291.44
546103 7272.77 6704.79 8614.81 98730.16 134177.76 35674.16 28190.84 10905.35 5562.96
546104 6589.51 5673.29 8419.23 107413.43 104393.18 40453.52 33830.79 15787.60 10996.31
546105 7119.19 6802.57 8144.94  98650.74  90278.81 29793.74 17440.50  8504.92 3608.09
546106 5880.67 4774.71 6249.13  67389.77  89762.67 25233.69 2333377  8539.34 5624.68

The most abundant form is called wild type and is denoted by "wt". The cysteinylated
proteoforms are annotated with ".cys" and the glycosylated proteoforms with ".gly". The
proteoforms annotated with "des" are truncated forms of wild type protein. The data matrix
consists of 283 rows and 9 columns. Each row being a composition and thus a point in

%8 which is the space of 9 part composition given by

I ={x=(x1,%2,....%0) 1 x; >0(i=1,2,...,9), Y x; =1} (3.1)

This is an 8 dimensional simplex embedded in the 9 dimensional real vector space R®.

Table (3.2) gives the compositions formed from the data subset shown in Table (3.1).
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Table 3.2: Table of compositions of the small subset of the albumin data.

ID des.DA des.D des.DA.cys wt  wtcys wtgly wtceys.gly wtgly.gly wt.cys.gly.gly
546101 0.03 0.03 0.02 0.35 0.28 0.14 0.08 0.05 0.02
546103 0.02 0.02 0.03 0.29 040  0.11 0.08 0.03 0.02
546104 0.02 0.02 0.03 0.32 0.31 0.12 0.10 0.05 0.03
546105 0.03 0.03 0.03 0.36 0.33 0.11 0.06 0.03 0.01
546106 0.02 0.02 0.03 0.28 0.38 0.11 0.10 0.04 0.02

Typically additional information may be present that provides clinical status associated
with each sample. In our data, we have 2 additional columns. One gives the CKD status
of the patient and the other gives the value of the glomerular filtration rate (GFR) for the
patient. GFR is used to determine the health of the kidney and classify the patient in one
of the three CKD status (low, medium or high).

The simplex .7 is a Hilbert space with a metric defined by equation (2.10).

Here D = 9 and go(x) is the geometric mean of vector x € .. In our analysis we will
use the centered log ratio transformation which is given by equation (2.9).

The centered log ratio allows us to look at all the proteoforms and gives a covariance
matrix that is more interpretable than the original composition, and is suitable for explo-
ration using the principal component analysis (PCA). Table (3.3) gives the centered log
ratios of compositions from Table (3.2). Note that centered log-ratios now sum to zero for

each sample.

Table 3.3: Table of centered log ratios of the small subset of the albumin data.

ID des.DA des.D des.DA.cys wt wtcys wtgly wtceys.gly wtglygly wtcys.gly.gly
546101 -091 -0.72 -1.31 171 1.50  0.78 0.23 -0.23 -1.06
546103 -0.97 -1.05 -0.80 1.64 195 0.62 0.39 -0.56 -1.23
546104 -1.17  -1.31 -0.92 1.63 1.60  0.65 0.47 -0.29 -0.65
546105 -0.79 -0.83 -0.65 1.84 1.75 0.64 0.11 -0.61 -1.47
546106 -091 -1.12 -0.85 1.53 1.82  0.55 0.47 -0.54 -0.95

For some proteins a naturally occurring native or highly abundant form exists. In ap-
plications where there is such a highly abundant form, it is the ratio with this form that
is often of most interest. In such cases, an alternate co-ordinate system named the addi-

tive log-ratio transform (equation 2.2) may be more useful. Additive log-ratio transform
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is also useful in parameter estimation in linear models when all proteoforms are included
as a multivariate outcome. We illustrate below the use of this transform in our inferential
analysis on the association of the albumin proteoforms with CKD (see Chapter 4). Stan-
dard multivariate methods, as well as multiple regression techniques, can now be applied

to these appropriately transformed data.

3.1 Normalization of proteomic measurements as compositions

In addition to providing a convenient structure to apply the usual multivariate analyses
methods, the co-ordinate transformations in the compositional setting also performs a nor-
malization of the data.

When a convenient reference standard exists, it may be included in the MSIA assay
[19, 27]. The reference standard is used to determine the absolute concentrations of the
proteoforms from a calibration curve. Typically, it is a modified version of the protein
with a known mass to charge ratio. If poorly matched to the target protein, however, the
reference standard may increase the variability in the calibrated data. For our dataset, no
reference standard was used. In this situation, taking compositional nature of the data into
account and applying appropriate transformations provides a normalization scheme with
noticable reduction in the total variability of measurements. Formal comparison measures
of variability are as yet unknown since the transformed values have one lower dimension

that the raw values.

3.2 Interpretation of principal component analysis

Aitchison (see [2]) discusses the difficulty of interpretation of the principal component
analysis (PCA) on the raw data. In particular, issues arise due to lack of spherically sym-
metric distributions. This is dealt by the use of logistic normal distribution (equation 2.3).
The centered log ratio transformed composition gives an isotropic invariant covariance

structure from which a measure of total variability of a composition can be expressed as
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jlvar{log(g;%)} (3.2)

and the principal components become orthonormal log linear contrasts. Subcompositional

1

coherence is compatibility of inferences between the full and a subset of the proteoforms.
Such coherence in inference is guaranteed by the compositional framework [3]. We demon-
strate this coherence in the analysis of our example below. It is also shown how ignoring

the constraint can lead to misleading interpretation of the data.

3.3 Relative variation biplot

A biplot is a visual aid to understand and interpret the results of a PCA. Biplots show the
structure of variables in terms of major axes of variability (principal components). The
horizontal axis is first principal component (PC1), while the vertical axis is the second
(PC2). Each point represents an individual sample. Variables are denoted by arrows. Points
may be colored, shaped or labeled by a classification or for identification.

A biplot resulting from the PCA of a covariance matrix of variables is called a relative
variation biplot. Any biplot can be displayed in two forms. One is called the covariance
biplot where distances between the variables are approximations of the standard deviations
of the corresponding log-ratios and angle cosines between links estimate the correlations
between log-ratios. Links are the difference vectors connecting the tips of the arrows rep-
resenting the variables. The second is called a form biplot where distance between points
are approximation of the distances given by the metric in equation (2.10).

Figures (3.1) and (3.2) are the covariance and the form relative variation biplots respec-
tively, for the albumin dataset. Points are colored by the CKD status of the individual from
whom the sample was obtained. The biplots indicate that the relative proportions of the al-
bumin proteoforms in the sample can distinguish between the higher CKD status (encoded
as 3 and color coded as red) and the lowest CKD status (encoded as 1 and color coded as

green). The samples with lower CKD status are mostly to the right and those with higher
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CKD status mostly to the left (see Table 3.4). The plots also shows that higher proportion
of wild type albumin is associated with lower CKD status as one would expect. Higher
proportions of the cysteinylated versions of albumin proteoforms are associated with poor
CKD status. The proportion of variance explained by the covariance and the form biplots
are 73% and 70% respectively.

These plots provide an approximation to the covariance structure of the albumin pro-
teoforms. An example is that of the link between the proteoforms wt and des.D in the
covariance biplot (Figure 3.1). The length of the link is approximately O . 2 93 whereas the
actual standard deviation of the log-ratio is 0.283.

Aitchison [5] provides a good introduction and insights into numerous useful properties
of the relative variation biplots and proves the equivalence of the biplots under various co-
ordinate systems.

The associations seen in the biplots can also be confirmed in the linear regression of
the proteoforms with the continuous measurement of CKD status, GFR. A multivariate
analysis is presented in Chapter 4. Each row of Table (3.5) gives the coefficients of the
linear regression of the proteoform with GFR. Except for the double glycated wildtype

albumin, all other forms of modified forms show a strong association with GFR.
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Table 3.4: Table of patients with negative or non-negative loading on first principal com-
ponent (PC1) by their CKD status. The values correspond to Form Biplot (Figure 3.2).

PC1 Values
Negative = Non-negative Total
CKD Status
1 35(32%) 75 (68%) 110 (39%)
2 83 (59%) 58 (41%) 141 (50%)
3 22 (69%) 10 (31%) 32 (11%)
Total 140 (49%) 143 (51%) 283

Table 3.5: Table of coefficients of linear regression with GFR. The model uses the cen-
tered log ratios of the proteoform. Each individual proteoform was regressed against GFR.
These are 9 separate simple linear regression models each with a single proteoform as the
explanatory variable.

Estimate Std. Error tvalue Pr(>|t|)

des.DA 27.34 5.65 4.84 0.00
des.D 14.78 3.45 4.29 0.00
des.DA.cys -10.41 3.80 -2.74 0.01
wt 2791 5.26 5.30 0.00

wt.cys -17.95 4771 377 0.00
wt.gly 34.51 9.93 3.48 0.00
wt.cys.gly -16.07 394  -4.08 0.00
wt.gly.gly 3.41 6.72 0.51 0.61

wt.cys.gly.gly -12.77 379  -3.37 0.00




Covariance Biplot of albumin proteoforms normalized by centered log ratio (CLR) and colored by the CKD status of the individuals
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Figure 3.1: Covariance Biplot of individuals with Chronic Kidney disease (CKD) as classified from the measurement of
their glomerular filtration rate (GFR). The albumin proteoform values are centered log ratio (CLR). The axis are the first two
principal components with first component along the horizontal and the second along the vertical axis. The points represent
individuals (about 2 8 3) whose samples contributed to the MSIA measurements and whose CKD status was known at the start
of the study.
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Form Biplot of albumin proteoforms normalized by centered log ratio (CLR) and colored by the CKD status of the individuals
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Figure 3.2: Form Biplot of individuals with Chronic Kidney disease (CKD) as classified from the measurement of their
glomerular filtration rate (GFR). The albumin proteoform values are centered log ratio (CLR). The axis are the first two
principal components with first component along the horizontal and the second along the vertical axis. The points represent
individuals (about 2 8 3) whose samples contributed to the MSIA measurements and whose CKD status was known at the start
of the study.
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3.4 Results without the unit sum constraint

We now look at a similar analysis with log transformed raw peaks of the proteoforms.
Figure (3.3) is a form biplot and Table (3.6) contains the results of regression of the log

transformed raw peak areas with GFR.

Table 3.6: Table of coefficients of linear regression with GFR. The model uses the log
transformed raw peak areas of the proteoform. Each individual proteoform was regressed
against GFR. These are 9 separate simple linear regression models each with a single pro-
teoform as the explanatory variable.

Estimate Std. Error tvalue Pr(>|t|)

des.DA 10.33 3.52 2.93 0.00
des.D 9.66 2.80 3.45 0.00
des.DA.cys -6.39 3.03  -2.11 0.04
wt 11.34 342 3.31 0.00

wt.cys -4.53 246 -1.84 0.07
wt.gly 5.07 3.79 1.34 0.18
wt.cys.gly -4.96 225 -2.20 0.03
wt.gly.gly 1.53 4.09 0.37 0.71

wt.cys.gly.gly -6.77 281 -2.41 0.02




Biplot of log transformed raw values of the albumin proteoforms colored by the CKD status of the individuals
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Figure 3.3: Form Biplot of individuals with Chronic Kidney disease (CKD) as classified from the measurement of their
glomerular filtration rate (GFR). The albumin proteoform values are log transformed raw peak areas. The axis are the first two
principal components with first component along the horizontal and the second along the vertical axis. The points represent
individuals (about 2 8 3) whose samples contributed to the MSIA measurements and whose CKD status was known at the start
of the study.
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Although the regression tables indicate similar relationships between each proteoform
and GFR, the strength of the association is reduced or deemed insignificant. The picture in
the biplots however is less clear. In Figure (3.3) all proteoforms point to the left indicating
association of the total signal of albumin with CKD status. However the association of
cysteinylated proteoforms with poor CKD status is lost.

Consistency between the part, i.e the univariate analysis (Table 3.5), and the whole
composition, i.e. the principal component analysis using all proteoforms (Figure 3.2), is
evident for analysis done with centered log ratios. The proteoform "wt.gly.gly" does not
carry information about the health of the kidney of the patient. This consistency is absent
between the univariate analysis (Table 3.6) and the corresponding PCA (Figure 3.3) done
with the log transformed raw peaks of the proteoforms.

As seen in this example, consideration of compositional structure brings added insights
into the covariance structure of the components and vindicate the use of standard analytical
tools. This is consistent with observation in Lovell et al. [16], that use of compositional
framework may not lead to dramatically different results across the board but the applica-

tion of Aitchison distance (equation 2.10) provides more meaningful insights.
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Chapter 4

INFERENTIAL ANALYSIS WITH ALBUMIN COMPOSITIONS

In order to understand the change in the nature of albumin compositions that are asso-
ciated with CKD status, we perform a multivariate linear regression of the compositions
with continuous measure of CKD status, namely GFR. Additive log ratio with respect to
wild type albumin is used as a response. GFR has been measured in units of volume per
time (mL/min). We will follow Billheimer et al. [7], in conducting and visualizing this
multivariate linear regression analysis.

The regression equation is given by:

Y =PBo+ B1 (Ko — Xow) T € 4.1)

Here f3) and B are vectors in R® and X,,, is the mean of GFR. The inverse of additive log

ratio (equation 2.2) is:

¢>x;1 R4 — .4
el ev? erd 1

d Y d VA Y d )/

y 4.2)
I+ Y e 1+ Y et I+ Y et 1+ Y et
i=1 i=1 i=1 =1

x—(

1

Applying such an inverse transform ¢!, i.e. inverse of the additive log ratio with respect

to wildtype, to equation (4.1) gives:
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Y =&Yoo g, (o) (4.3)
where
v=0,'01
& =9, (Bo)
Y= 0. (B1)

Usrr = Xorr — Xorr

Thus the equation (4.3) shows that & which is the location vector of the composition is

perturbed by 7y for each unit increase of GFR. This provides a compositional interpretation

of our regression. The uncertainty in these estimates can be represented by the image under

q)v;tl of the confidence regions estimated in R® using the multivariate normal distribution.

We display such a confidence region for Y computed on amalgamated data in Figure (4.1).

The following table gives the estimates of & and 7y from the multivariate regression model.

Table 4.1: Estimate of & and y from a multivariate model with additive log ratio of human

serum albumin proteoforms as a response.

§

Y

wt.cys.gly
wt.cys.gly.gly
wt.cys
des.DA.cys
wt.gly.gly
wt.gly
des.DA

wt

des.D

0.0576
0.0182
0.2467
0.0245
0.0466
0.1410
0.0258
0.4119
0.0278

0.1107
0.1108
0.1108
0.1108
0.1111
0.1112
0.1114
0.1115
0.1116

The magnitude and direction of change is given by the difference of y with origin of the

8, namely the 9 dimensional vector 0% = (...

1
9

3



30

Table 4.2: Estimate of deviations of 7y from the identity composition O%. The rows are
sorted by the order of the deviations. This shows that GFR is associated positively with
wild type and negatively with increase in the relative abundance of cysteinylated variants.
This is consistent with the conclusions of exploratory analysis done in previous chapter.

v/0®

wt.cys.gly 0.997
wt.cys.gly.gly 0.997
wt.cys 0.997
des.DA.cys 0.998
wt.gly.gly 1.000

wt.gly 1.001
des.DA 1.003
wt 1.003
des.D 1.004

The deviations in Table (4.2) show that GFR is positively associated with wild type and
decreases as relative abundance of the cysteinylated variants increases. Note that GFR is
inversely related to CKD status. This analysis demonstrates the consistency in inference
between different co-ordinate systems and across the dimensions (univariate vs multivari-

ate) when using compositional framework.

4.1 Visualization of the regression estimate

The Table (4.2) shows that there are groups of albumin proteoforms that are influenced
similarly by changes in GFR. There are 3 such groups, namely, cysteinylated variants, only
glycated variants and the third consisting of wild type and truncated variants. Amalgamat-
ing the variants in these three groups gives us a convenient visualization scheme in terms
of the ternary diagram [13].

The variables "wt.cys.gly", "wt.cys.gly.gly", "wt.cys" and "des.DA.cys" are amalga-
mated into the "cys" variable. The variables "wt.gly.gly" and "wt.gly"are amalgamated

into the "gly" variable. The variables "wt", "des.DA.cys" and "des.D" are amalgamated

into the "wt" variable. Multivariate regression is then performed using the additive log
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ratio (equation (2.2) of "cys" and "gly" variables with respect to the "wt" and GFR as co-
variate. The estimate is mapped back to simplex, y= (0.332,0.333,0.334) for the
cys, gly and wt variables, using the inverse additive log ratio (equation 4.2). This results
in the ternary diagram (Figure 4.1) where we simultaneously visualize the sample compo-
sitions as well as the regression estimate. Here we will plot the estimate for 100 mL/min

change for purposes of better illustration.
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Figure 4.1: Ternary diagram of amalgamated data. The points are samples colored by their Chronic Kidney disease (CKD)
status as classified from the measurement of their glomerular filtration rate (GFR). The albumin proteoform values are amal-
gamated. The variables "wt.cys.gly", "wt.cys.gly.gly", "wt.cys" and "des.DA.cys" are amalgamated into the "cys" variable.
The variables "wt.gly.gly" and "wt.gly"are amalgamated into the "gly" variable. The variables "wt", "des.DA.cys" and "des.D"
are amalgamated into the "wt" variable. The grey dot represents the origin (O?) of the simplex. The solid black triangle, the
estimate of GFR for every 100 mL/min increase (y!%). The estimate 7 is from a multivariate model using the additive log
ratio of compositions as response and centered GFR as a covariate (see equation 4.3). The blue contour represents the 95%
confidence region for y'%°. The dotted lines partition the triangle into 3 regions. The relative abundance of the amalgamated

proteoform represented by the vertex is the highest for points in that region.
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The ternary diagram (Figure 4.1) shows that for every 100 mL/min of increase in GFR,
the relative ratio of cysteinylated variants decrease, that of only glycated variants have
little change and the overall relative ratio of the wild type forms increase, consistent with

previous analyses.
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Chapter 5

SOME REMARKS ON THE MSIA PROTEOFORM ANALYSIS

The multivariate exploration of albumin proteoforms highlights the importance of the cys-
teinylated proteoforms of albumin in the prognosis of diabetic patients with CKD in our
data. Such insights are absent from the analysis that does not take the compositional con-
straint into account. Recently, Borges et al. [8] have shown that cysteinylation of albumin
can result from sample storage or handling. In such cases, the consideration of composi-
tional framework can reflect on the quality of the data. Thus such analysis brings about
better understanding of the roles of cysteinylated versus glycated proteoforms of albumin
in the prognosis of CKD or serves to provide a quality check on samples. The composi-
tional framework also provides a convenient and interpretable normalization scheme. In the
albumin proteoforms this means that the variability such as batch effects due to antibody
used for immuno affinity capture is normalized. In general, all non-proteoform specific

variability is reduced.
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Chapter 6

GENERALITY OF THE COMPOSITIONAL FRAMEWORK

Gene expression as measured in RNA-Seq is a relative abundance of the transcript counts.
The total counts are constrained by the sequencing capacity. Thus a gene transcript ex-
pressed at the same level, i.e. no up or down regulation between treatments, may yield
different counts in the two treatments depending on the relative expression of other genes,
resulting in a composition. Housekeeping genes that are not expected to differ between
treatments are often used to normalize such data, yielding relative ratios which are com-
positional by definition. Other normalization schemes such as RPKM or FPKM, result in
compositions as well. See Lovell et al. [16] for detailed exposition on this issue. If the com-
positional nature is not taken into account, correlation induced due to the sum constraint
can lead to misleading interpretation.

Similarly, applications in metagenomics involve comparison of the compositions within
or between different conditions of genetically diverse microorganisms. The compositional
structure of microbial community here is more evident. Community composition analysis
is employed in diverse applications such as exploring the biodiversity of habitat [25], com-
mon pathogens in clinical settings [20] or classification of the microbes into genus [11] and
phylogeography [10]. Cell fractionation techniques or size selection similar to proteomics
is often used in sample collection to create homogeneous populations of cells and enrich-
ment of the target DNA [26]. These methods impose a compositional constraint due to
scale invariance. Statistical analysis of such data can benefit from the use of compositional

framework [15].
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Chapter 7

THE PROBLEM OF ESSENTIAL ZEROS

One limitation of compositional approach is worth mentioning. This is the problem of
essential zeros. Essential zeros arise when zero is valid value for some parts of the compo-
sition. This is distinct from the inability to detect a signal due to the signal being lower than
the limit of detection. Such below the detection limit zeros are called rounded zeros in the
compositional literature. An example of essential zero arises in a compositional data con-
sisting of family budgets. Some families may not consume alcohol and hence the money
allocated to this expenditure may be zero.

In proteomic applications, zeros are often treated as rounded zeros (e.g., below detec-
tion limit). Thus rounded zeros are often replaced by multiplicative strategy. In this strat-
egy, the zeros in a composition are replaced by small non-zero values. To maintain unit
sum constraint, the non-zero components are multiplied by a suitable value. In our data set,
we replaced the zero values in raw peak areas with half of the lowest non-zero terms for
that proteoform, before computing the centered log ratios or the log transformations. A de-
tailed discussion on zeros as well as the several methods of dealing with rounded zeros can
be found in Martin-Ferndndez et al. [17]. An important point to note is that, samples with
a part value as zero lie on a face of the simplex. The support of the d dimensional logistic
normal distribution, .Z.4"4 excludes these lower dimensional faces. Thus problems arise

in extending the metric from the compositional Hilbert space to these faces.
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Chapter 8

CONCLUSIONS

The results of the exploratory analysis of albumin data using compositional data frame-
work shows that changes in the proportions of the cysteinylated albumin proteoforms can
reveal information about the status of the chronic kidney disease in an individual, or indi-
cate issues with data storage and handling ex vivo. This analysis implies that MSIA assays
can be used to explore the clinical role of post translational modifications of a protein.
Compositional framework is essential in inference related to such relative proportions data.
The framework provides for normalization of data and also validate the application of con-
ventional multivariate analysis techniques. It provides for consistency between analysis of
the part and the whole composition through the principle of subcompositional coherence.
Ignoring the limitation imposed by the summation constraint in these relative proportions
data, as is often the case, can result in loss of valuable insights or worse, lead to misleading

conclusions.
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