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Abstract

Platelet transfusions are critical in managing bleeding risks in patients with low
platelet counts or dysfunctional platelets. This research explores the dynamics of
platelet count levels.

The primary aim is to understand when and why platelet products are failing, by
investigating differences in platelet count trajectories among donor groups, explor-
ing seasonality, identifying donor clusters with similar behaviours, and establishing
connections between platelet count dynamics and product failures.

Using longitudinal data from the South African National Blood Service (SANBS), I
employed linear mixed-effect models to analyse platelet count trajectories and latent
class mixed models to uncover donor clusters with distinct patterns.

The findings reveal evidence of seasonal fluctuations in platelet counts, with highs in
winter months, though deviations were observed in specific branch zones. Functional
principal component analysis (FPCA) further confirmed these seasonal patterns and
revealed inter-year variability.

Critical to this study is the identification of two primary donor clusters, one with
stable or elevated platelet counts and another showing a declining trend post-2018.
Notably, these clusters did not significantly correlate with demographic factors like
gender or location, suggesting other factors influencing platelet dynamics. The re-
search also uncovered parallels between donor clusters and branch zones, highlighting
variability in platelet profiles and product pass rates, particularly during periods of
observed declines.

This research provides insights into the temporal dynamics of platelet counts and
their role in the quality and reliability of platelet products. By understanding these
dynamics, we can better identify the factors contributing to product failures, ulti-
mately improving the safety and efficacy of platelet transfusion practices.
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Chapter 1

Introduction

1.1 Background

Platelet transfusions are essential for preventing and treating bleeding in patients
with low platelet counts or platelet function issues. Whether used as a proactive
measure or to address active bleeding, these transfusions help restore platelet levels
or correct platelet function abnormalities. Platelet products and transfusions are
vital for managing bleeding risks and ensuring patient safety, underscoring their
importance in medical practice [30].

The South African National Blood Service (SANBS) functions as a non-profit or-
ganisation, serving a crucial function within South Africa by providing necessary
blood transfusion and related services. With a mandate to deliver blood products
safely, SANBS is dedicated to maintaining the quality and integrity of its offerings.

Platelet components play a crucial role in transfusion medicine, and there are two
primary methods for their collection: Pooled Buffy Coat Platelet Concentrates and
Single Donor Apheresis Platelet Concentrates. Pooled Buffy Coat Platelet Concen-
trates are obtained from the buffy coat layers of multiple whole blood donations (a
tissue from which necessary components are processed. In the case of this research
- platelets), pooled together, and then re-suspended in plasma or a platelet addi-
tive solution. These concentrates, typically comprising of platelets from 4-5 donors,
are filtered to produce a concentrate. On the other hand, Single Donor Aphere-
sis Platelet Concentrates are collected from a single donor using apheresis systems,
which allow for the collection of larger platelet numbers that can be divided into
multiple bags.

While both types of concentrates exhibit therapeutic equivalence in terms of post-
transfusion increments and efficacy, Single Donor Apheresis Concentrates are pre-
ferred for patients needing prolonged support, like those undergoing haemopoietic
stem cell transplantation or chemotherapy for haematological cancers [30].

Apheresis donors provide platelets or plasma every two weeks. Their red cells are
promptly returned to them post-procedure, allowing for frequent donations. Donors’
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platelet counts are tested through pre- and post-procedures, ensuring the quality
of the collected platelets. These platelets are amalgamated into larger bags, which
rarely experience failures - as per SANBS. In contrast, whole blood donors contribute
by providing a bag of blood every 56 days. Pooled platelet products are tested after
they are produced and have to adhere to specified norms. Specifically, success is
measured against the following standards: (1) platelet yield, should be at least
2.4 x 10" platelets, reflecting the yield of platelets per unit; (2) sterility, where a
negative result is non-negotiable, ensuring the product’s purity and safety; and (3)
volume, falling within the range of 200 to 800 millilitres. Any deviation from these
criteria constitutes a failure. It is in this pooling process that what seems to be
seasonal failures is observed, a phenomenon deserving of our attention. Given the
mandate of SANBS, and the increasing importance and demand of platelet products
in the healthcare system [15], it is important to understand the dynamics affecting
the quality and reliability of the products produced.

1.2 Aims and Objectives

Data are received from SANBS relating to platelet donations and products. Two
datasets are provided (1) relating to apheresis donors and (2) relating to pooled
products. Detailed descriptions of the contents of the data provided can be seen in
Chapter 4. The apheresis data has information on donors’ race, ethnicity, gender,
location, and platelet count. While the pool products data only has information
on each product’s test outcome and location. We highlight the most important
limitation in the data, as it informs the aim of this research: we do not have platelet
count information of the individual whole blood donors pooled to produce products.

Through answering the following research questions, we hope to further understand
trends of product failures, and aim to decipher patterns in platelet count and po-
tential causal factors behind pooled product failures.

Research Question 1: Is there a difference in platelet count levels and trajectories
among empirical groupings?

Research Question 2: Is there seasonality in platelet count?

Research Question 3: Are there distinct groupings of donors that behave simi-
larly?

Research Question 4: Is there a connection between average platelet trajectories
and products failing?

To address the research questions posed, relevant literature concerning the modelling
of platelet count levels and trajectories was first reviewed, as presented in Chapter
2. In Chapter 4, the donor data were explored using exploratory data analysis
techniques to provide a comprehensive understanding of the dataset. The Platelet
Product Dataset was also examined in Chapter 4 to identify patterns of platelet
product failures, assess any seasonal trends, and confirm the observed increase in
failure rates during the latter half of the analysis period. The methodologies em-
ployed in subsequent analyses were introduced in Chapter 3, including those used in
Chapter 5, where platelet count trajectories were modelled using linear mixed-effect

10
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models, and Chapter 6, where clustering was performed to identify groups of donors
exhibiting similar platelet count trajectories. Finally, the discussion and conclusions
were presented in Chapter 7.

11



Chapter 2

Literature Review

2.1 Introduction

The primary data in this thesis relates to platelet count profiles. These profiles are
repeated measures from individual donors through time. In this chapter literature
relating to factors implicating platelet levels and trajectories, and techniques used to
analyse platelet levels and trends are explored. Furthermore, methods for analysing
longitudinal data are reviewed.

2.2 Platelet Count Trends

The normal platelet count in humans ranges from 150 x 10°/L and 400 x 10°/L [3].
Interestingly, there is evidence to suggest that difference in platelet count is inher-
ited, i.e related to genetic makeup [2] [16]. Some research into uncovering trends and
differences in platelet count is reviewed. A study was done on a population in the
United States of America which aimed to explore seasonal trends in complete blood
count [23]. This study uses data from seven cross-sectional surveys conducted as
part of the National Health and Nutrition Examination Survey (NHANES) between
1999 and 2012 to explore the seasonal trends in complete blood count (CBC) and
C-reactive protein (CRP) within the non-institutionalised US population, encom-
passing both children and adults.

The investigation employs linear regression models and Wilcoxon tests to compare
CBC and CRP levels between the winter-spring (November-April) and summer-fall
(May-October) seasons, while accounting for various demographic factors, personal
behaviours, and chronic disease conditions.

The final dataset includes 27,478 children and 36,644 adults (greater than 18 years).
The analysis reveals notable differences in neutrophils, WBC, CRP, red blood cell
components, and platelets between the two seasons, highlighting a more pro-inflamm-
atory immune system during winter-spring. A similar study was done in [17] which
aims to investigate the presence of a seasonal pattern in platelet count. The study
uses the database of the Italian Association of Blood Volunteers (AVIS) and covers

12
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the period from 2001 to 2010. The data used contains 16,422 donors. Categorising
the data into seasonal and monthly intervals, the analysis employs partial Fourier
analysis to identify significant seasonal trends. The results indicate a substantial in-
crease in platelet count during the winter-autumn period. In [5], linear mixed effect
models were used to assess variations in platelet count using data from de-identified
plasma donor records at the Australian Red Cross Blood Services in Victoria. The
authors treated the individuals as random effects and had the interaction between
year variable and month variable as fixed effects. Seasonal variation was tested us-
ing a linear combination of the month effects. The authors also found significantly
higher levels of platelet counts in the winter months relative to summer months. A
significantly higher platelet count level was also found in the female cohort.

Furthermore, studies consider differences in average levels of platelet count based
on demographics. Platelet count variability is heritable and dependent on genetic
factors. Studies identify age, sex and ethnicity as major contributing variables to
platelet count variation [10]. In [18] the link between cigarette smoking and platelet
count in a cohort of 5017 Israeli industrial workers aged 20-64 is explored. Among
females, smokers exhibited lower platelet counts. Conversely, among males, smokers
showed a slightly higher platelet count, though not statistically significant. The
gender difference in platelet count persisted even after adjusting for smoking status
- it found that females, on average, have a significantly higher platelet count level.
Multiple regression analysis emphasised a significant negative association between
smoking and platelet count in women. A common finding in existing literature is the
disparity between males and females — females have, on average, a higher platelet
count than males — and is supported in [33][25][5] [2]. It is also commonly found
that ethnicity is a contributor to platelet count variability and was studied in [33].

The purpose of this study, which uses data from the Third National Health and Nu-
trition Examination Survey, is to demonstrate that observed differences in platelet
counts among various ethnicities, sexes, and age groups cannot be attributed to en-
vironmental factors. The study includes 12,142 participants, with 65% women, 27%
non-Hispanic blacks, and 27% Mexican Americans. The findings reveal that platelet
counts differ significantly among ethnic groups, with the lowest counts in whites
and the highest in non-Hispanic blacks. In [20] it was also found that Non-Hispanic
Whites had significantly lower level platelet counts compared to non-Hispanic Blacks,
Hispanics or all other ethnicities.

Moreover, a study aimed at analysing platelet count levels in patients referred to
the Emergency Department of the Sant’Orsola-Malpighi Hospital in Bologna was
done. The study aimed to investigate platelet count variations in individuals with
COVID-19 in comparison to a non-COVID-19 control group, examining potential
correlations with respiratory parameters and clinical outcomes. Using Wilcoxon
rank-sum tests, findings revealed a significant decrease in mean platelet values in
COVID-19 patients as opposed to those with negative SARS-CoV-2 swabs. Ad-
ditionally, the study observed links between platelet count and patient outcomes,
including hospitalisation and mortality. The data suggests that SARS-CoV-2 infec-
tion may lead to a decrease in platelet count, and such counts could serve as crucial

13
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prognostic indicators for assessing and stratifying COVID-19 patients [3].

2.3 Methods for Analysing Longitudinal Data

Although I am specifically dealing with repeated platelet count measures over time,
exploring methods for analysing any longitudinal data is valuable for advancing my
research. The literature on platelet count trend analysis employs limited method-
ologies. Since the method used is agnostic to the context in which it is applied,
other methods commonly found in existing literature dealing with data of a similar
structure are reviewed.

A study using data from longitudinal clinical data obtained from kidney transplant
recipients focuses on tracking the progression of kidney function, measured through
estimated glomerular filtration rates at various time points following kidney trans-
plantation. Functional principal component analysis is used to explore major sources
of variation in the data. Specifically, the study deals with sparse functional data.
Traditional functional principal component analysis is not applicable in this context
and, therefore, the Principal Analysis by Conditional Estimation (PACE) algorithm
is used to estimate functional principal curves. It is found that functional principal
component analysis is a useful tool for understanding dominant modes of variation.

Additionally, clustering is done based on the functional principal component scores.
The authors also use functional principal component analysis to predict future scores,
as well as detect outlying glomerular filtration rate curves [13]. A similar study
was done which introduces a joint model employing functional principal compo-
nent analysis (FPCA) to extract informative features from longitudinal trajectories
(glomerular filtration rate curves), coupled with a competing risk model (survival
model that handles competing events) to handle multiple time-to-event outcomes
(kidney transplant outcomes). The connection between longitudinal trajectories and
multiple time-to-event outcomes is established through shared functional features.
Application of the model on real kidney transplant data stresses the significance
of these functional features. In the application, 5,654 kidney transplant recipients
are included. The outcomes of the experiment are (1) kidney transplant failure, (2)
death, and (3) remain healthy. The primary outcome of the experiment is transplant
while the competing event is death prior to failure of transplant [12]. In [20] FPCA
was used to find the pattern of longitudinal growth trajectory. In the paper it is ar-
gued that Longitudinal Data Analysis (LDA) plays a vital role in recognising growth
patterns, and FPCA provides a useful methodology for analysing these trends [35].

Another common technique used to uncover patterns in trajectory in longitudinal
studies is latent class mixed models or growth mixture models [22]. Longitudinal
trajectories of child abuse in a Chinese community sample is explored in [6]. The
study uses three waves of data from 521 caregivers with children aged 4-7 years.
Employing growth mixture models, the research examines cluster trajectories, to
understand the developmental patterns and predictors associated with child abuse.
It was found that child abuse trajectories are heterogonous in the sample; implying
that different subtypes of abuse have different trajectories and therefore interven-

14
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tions should be case-specific. A study focusing on finding homogenous groupings of
students whose behaviours in some way predict whether that student would gradu-
ate high school or not was conducted on a sample of students from the U.S. National
Center for Education Statistics. Applying growth mixture models, this study used
the national dataset to investigate if there are distinct subgroups of dropouts and to
understand the factors influencing each subgroup [1]. Growth mixture models proved
to be effective in the study, detecting homogenous groups within the heterogonous
group of dropouts.

Linear mixed effect models is a common technique used in the analysis of longitudinal
data and is widely used in medical and biological studies. The structure of medical
studies lends itself to the use of mixed-effects models as they generally present
with repeated measures [32]. This requires a more flexible approach that allows
for dependent and correlated observations. In [241] the authors aim to model time-
course gene expression data with a mixed-effects model using B-splines, representing
repeated measures of genes as the sum of smooth splines. Since there are many
genes and biological processes are complicated, scientists often group genes together
to make sense of all the data. When genes have similar patterns of activity, it can
help predict what unknown genes do and decipher which genes work together in
the same way. For this reason, the paper clusters genes using mixture models, and
models gene expression trajectory — within cluster — using a mixed-effects model.
The method proved to do well at clustering noisy data, outperforming the normal-
mixture model, in simulation studies. The method was also tested on real data from
yeast cell cycles and fibroblast responses to serum, both yielding biologically relevant
results. As part of the study, the authors show that B-spline basis functions work
well with periodic trajectories.

2.4 Conclusion

In this chapter, it is observed that studies on platelet count levels and trajectories
employ limited statistical methods for modeling platelet count data. A common ap-
proach involves using non-parametric tests (such as the Wilcoxon test) to compare
means. In [5], the authors employed linear mixed-effects models to capture variation
in platelet count. No studies were found on a South African group of donors. Re-
search on analysing longitudinal data to identify methods used in similar studies are
also reviewed. Although various techniques are available for longitudinal data anal-
ysis, a few are focused on, including linear mixed-effects models, growth mixture
models, and functional data analysis techniques, particularly functional principal
component analysis. These methods hold promise for application in our research.

15



Chapter 3

Methodology

3.1 Introduction

In this chapter, the methodology employed in subsequent chapters is explored. Ini-
tially, linear mixed-effect models and their relevance to the nature of the data in this
researchis examined. Additionally, latent class linear mixed modelling as a means
to unveil heterogeneous clusters within the sample is investigated. Furthermore,
functional data analysis, particularly functional principal component analysis using
the PACE algorithm, as a method to reveal temporal patterns in functional data is
discussed. Finally, anticipating the necessity in Chapter 6 to cluster platelet pro-
files based on their load onto principal curves, we explore K-means as a clustering
method.

3.2 Linear Mixed-Effect Models

In this research, we worked with longitudinal data, specifically, looking at records
of platelet counts from the same individuals over time. The fact that these mea-
surements are taken repeatedly from the same people added a layer of complexity
to the analysis. Unlike regular regression models, one can’t assume that these mea-
surements are independent and identically distributed [35].

To address this issue, we turned to mixed-effects models. These models incorporate
both fixed and random effects to handle the repeated measurements. A fixed ef-
fect is something that would remain consistent if one repeated the experiment with
a different group of people — think of it as a population-level parameter. On the
other hand, random effects are associated with levels that result from a random
selection of individuals from the population. In this case, we have a random sam-
ple of donors, and “donors” is considered a random effect. If the experiment were
repeated, we would have a different set of donors in the sample. The data obtained
and discussed in Chapter 4 and modeled in Chapter 5 contains longitudinal platelet
count records from unique individuals over time. To address the issue of nonin-
dependence in repeated measurements, random effects related to each individual
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were incorporated into the model. Literature suggests that an individual’s baseline
platelet count varies inherently, making it necessary to account for these variations
using random intercepts. Furthermore, as observed in Chapter 5, the model also
integrates random slopes, allowing for individual-specific seasonal trends. Some in-
dividuals exhibit pronounced seasonal patterns, whereas others display more subtle
or distinct fluctuations. By including both random intercepts and slopes, the model
effectively captures person-specific dynamics while also isolating fixed effects—those
consistent influences that persist beyond this specific dataset.

Equation 3.1 shows a general form of a mixed effect model with N observations.
Where Y; denotes the response value for observation ¢; X; contains information on
the k fixed effects for individual 7 - the 7*" row of the design matrix relating to fixed
effects X,,xx; Bix: is the vector of fixed effect parameters. Z; contains information
on the m fixed effects for individual i - the i*" row of the design matrix relating to
random effects Z,..m; bmx1 is the vector of random effects for observation i [1].

where

e; ~ N(0,0%) (3.2)
and

b; ~ N(0,3). (3.3)

Estimation is carried out using Restricted Maximum Likelihood (REML), which
provides unbiased estimates of variance components [I]. Several key assumptions
underpin the model, including: (1) Linearity between explanatory variables and the
response variable, (2) Homoscedasticity, ensuring that errors have constant variance,
and (3) Independence and normality of residuals.

These assumptions are primarily validated through graphical methods, such as box-
plots for categorical variables to assess homoscedasticity and plots of standardized
residuals against fitted values to check for other potential violations.

3.3 Latent Class Linear Mixed Modelling

Linear mixed models as described in the previous section assume that the population
is homogeneous and can be described by X,;3. Latent class mixed models assumes the
population is heterogeneous and trajectories are governed by a set of latent classes
of subjects which are characterised by the associated mean profiles [29]. We are
interested in uncovering if there are distinct groups that have different trajectories
through time, hence making this method appropriate — i.e finding homogeneous
groups in a heterogeneous sample.

17
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Each profile belongs to only one of G latent classes. Profiles are assigned to latent
class g € {1,2,...,G} by probability - m;, - which is obtained using a multinomial
regression model [27] [11]. Essentially, finding the latent grouping that the profile is
most associated with. If the variable ¢; is defined to be a discrete random variable
which equals g if profile ¢« belongs to latent class g, then probability m;, is given by
Equation 3.4.

ex;bg

G X/.bx
Zj:l e

where class membership is determined by elements of design vector z;, and b, are
parameters associated with class g. A posterior probability for class membership is
calculated for each subject. Membership is determined by class associated with the
greatest posterior probability.

Tig = P(c; = glz;) = (3.4)

Equation 3.5 shows the general form of a latent class linear mixed model with N
observations for class ¢:

K\cizg = XZB + Hl)\g + Zzbzg + €, fOT' 1= 1, ceny N. (35)

where \; are the class-specific fixed effects for group g and Hj is the design matrix
for the class-specific fixed effects. Y; denotes the response value for observation i;
X, contains information on the k£ common fixed effects for individual i - the i row
of the design matrix relating to fixed effects X,,«x; Brx s is the vector of fixed effect
parameters. Z; contains information on the m random effects for individual 7 - the
it" row of the design matrix relating to random effects Z,xm; bmx1 is the vector of
random effects for observation i in class g [29].

The R package 1cmm is used to fit these models, and parameter estimation was per-
formed using maximum likelihood estimation with an iterative Marquardt approach
[29]. A critical aspect of latent class modeling is determining the optimal number
of clusters. To assess this, we employed the following criteria: (1) Akaike Infor-
mation Criterion (AIC): AIC is used to compare models, penalizing excessive
complexity. Lower AIC values indicate better-fitting models with fewer unnecessary
parameters, (2) Bayesian Information Criterion (BIC): Similar to AIC, BIC
evaluates model fit while applying a stronger penalty for model complexity, mak-
ing it more conservative in selecting the optimal number of clusters, (3) Weighted
Root Mean Squared Error (WRMSE): This measure quantifies the discrep-
ancy between observed and predicted values while accounting for sample size and
distribution of data points. A lower WRMSE signifies a more accurate model fit,
and (4) Weighted Mean Absolute Error (WMAE): Unlike WRMSE, WMAE
focuses on the absolute differences between observed and predicted values, mini-
mizing the influence of extreme deviations. A lower WMAE indicates better model
performance.

Together, these metrics guided the selection of the optimal number of latent classes,
ensuring a balance between model accuracy and complexity.
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3.4 Functional Principal Component Analysis

A technique that is growing in popularity in the analysis of longitudinal data is
functional principal component analysis (FPCA). In traditional longitudinal data
analysis (LDA), expected values are typically represented as simple functions of
time (like polynomials or non-linear functions). More specifically in this context
(Chapter 5) sine and cosine functions are used to capture the seasonality of platelet
counts - while functional methods offer more flexibility. In this section we begin
by explaining FPCA through a brief exploration of Functional Data Analysis and
Principal Component Analysis, before investigating the intricacies of FPCA and its
underlying mechanisms. In Chapter 4 it is shown that the data exhibits sparsity.
There is, therefore, the need for a technique that can effectively estimate princi-
pal components for sparse functional data. FPCA can be used to find the most
significant trends in the data - principal curves.

Principal Component Analysis

Traditional principal component analysis in multivariate statistics involves reducing
the dimensionality of data by projecting higher-dimensional data to the direction
with the greatest variation in the data. Representing high-dimensional data in lower-
dimensional space has numerous benefits and uses; most importantly, in the context
of this paper, we are able to remove the noise and retain only the most important
information. By extension, this encourages the ability to understand and visualise
the complex structure of the data.

Principal components are linear combinations of the variables in a dataset. These
linear combinations are aimed at depicting maximum variance. Essentially, we are
projecting X to the direction a - the direction which captures the most variance
is captured. Suppose you have some Xy, = [Xi, Xo, ..., Xi]" with covariance X,
then we wish to maximise the variance of Y = a’X = a1 X7 + ... + a1, X} subject
to a’a = 1!, where a;; is the j loading of the " principal component. Through
finding a that maximises Var(Y') = a’¥a, would mark the first principal component.
Subsequent components are computed in the same way, however, it requires that each
linear combination is independent of the others. Thus an additional constraint that
Cov(a/X,a,X) = 0, Vk < i is required.

The result is a transformation of correlated features - X; - into linearly independent
components - principal components.

Functional Data

Functional data refers to data that are represented as continuous functions rather
than discrete points. A key concept of FDA is that the profiles are smooth curves
and values for the profile exist at any time point, but are only captured at discrete
time points. In the context of this paper, we have platelet count profiles that are
recorded only when a donor donates blood. The profiles of individual donors will

IThis constraint exists so that the variance of Y has an upper limit. The components of a can
increase without bound and, by extension, the variance of Y would be arbitrarily large
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vary in both the number and frequency of donation, and the specific dates on which
they donated blood. Using FDA, it is presumed that each profile - P,, recorded at
discrete time points ¢, ; (where ¢, ; denotes the discrete time points for donations
by donor n ) - can be viewed as smooth curves - P, (t) [21].

Since it is presumed that the data are derived from a smooth function, it is intuitive
to think that each profile could be represented as a linear combination of smooth
functions. It is both intuitive and convenient in the sense that there is not necessarily
the time nor resources to explore known functional forms that best fit the problem.
Thus, a collection of smooth basis functions to use as building blocks to represent
each curve is needed:

P,(t) = ) anti(t), Vn. (3.6)

The building blocks - ¢, - are basis functions. Common basis functions used are
splines and Fourier series. Each curve is then characterised by a,.

Functional Principal Component Analysis

Functional principal component analysis, first introduced in [31], is an important
tool for understanding functional data and uncovering important temporal patterns.
Similar to principal component analysis, the top N functional principal components
1(t), ..., on(t) are to be found. These curves will summarise the major sources of
variations among multiple curves X;(t). Each X;(t) is approximated by a linear
combination of the top N functional principal components

Xi(t) = u(t) + Y sinn(t) (37)

where s;, refers to the FPC of the i** profile associated with the nt* FPC 2.

The data used for FPCA are centered (the mean curve - u(t) - is subtracted from
each X;(t)) to emphasise the difference in variance from the mean curve - to detect
the most important modes of variation in the n curves. The mean curve is computed
by calculating the average of the n curves at each time ¢t. Similar to PCA, the goal
is to maximise

Var( / (X() — p(t)d(t)dt) (3.8)

subject to

/¢(t)2dt = 1. (3.9)

2Sometimes referred as the loading of the " profile onto the n* FPC.
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This would provide the first principal curve - ¢(¢) - which represents the most
important mode of variation. Subsequent principal curves are computed in the
same way, however, we require that the principal curves are orthogonal. Thus an
additional constraint is required

oot =o. (3.10)

The data in this research are sparse, thus a method for sparse functional data is
required.

PACE Algorithm

Traditional FPCA requires a large amount of regularly spaced data. However, sparse
data is observed. Therefore, we require a method to deal with this. In [10] this issue
is addressed and a method termed principal component analysis through conditional
expectation (PACE) is developed.

As per [10] FPCs and FPC scores are estimated in the following way. Denote Y;; to
be the j* observation of profile i made at time point T;j. €;; are the measurement
errors and are assumed to be i.i.d. with a mean of 0 and a variance of o2.

Yij = Xi(Tyj) + € (3.11)
N

Xi(Ty) = w(Ti) + > sinn(Tyj) + €45 (3.12)
n=1

X;(t) is an independent realisation of a smooth random function X (¢) with unknown
common mean function p(t). First, ji(T;;) is estimated using local linear smoothers
3. Now define sample (raw) covariance matrix

Gi(Tij, Ta) = (Yij — i(T3)) (Yo = 1(Tia)) (3.13)

i.e for each time point 7;; and Tj; we can compute the raw covariance G; by Equation
3.13. Since we assume the errors are i.i.d. with mean 0 and variance o2, from
Equation 3.11 we can see that cov(Y;(Ty;), Yi(T3;)) = cov(Xi(Ty;), Xi(Ti;)) + 05002
Where 0;; = 1 if j = 1 and 0 otherwise. It can also be seen that E(G;(T;;,Ty)) =
cov(X;(Ty;), Xi(Ty;)) + 0502, Since E(Gi(T;;,Ty)) is equal to cov(X;(Ty;), Xi(Ty;))
(0, = 0 off diagonal), the off diagonal entries of the sample covariance matrix -
G,(Ti;,Ty) - are used in the estimate of the smoothed covariance surface C;’l-(TZ»j, Ty)
using local quadratic smoother. The estimate of o2 is

o2 = %/Tl V() — G(t, t)dt (3.14)

3mean, covariance, and eigenfunctions are assumed smooth
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where T is the time frame range, 77 is a subset of T with boundary values cutoft
to mitigate boundary effects, and V() is a smoothed version (estimated using local
linear smoother) of the diagonal elements of G;(T;;, T).

The FPCs are the eigenfunctions of the following eigenequation

/ Gi(s, ) u(5)ds = M) (3.15)

with additional constrains as before [ ¢7dt =1 and [ ¢, dt = 0 for n < k.

Traditionally, FPC scores are estimated using integration:

~

- / (X(8) — () ()t (3.16)

However, with sparse functional data the above does not result in a reasonable ex-
planation since observed X;(t) are not available. Scores are given by the conditional
expectation of the score on the observed data Y;:

Sik = E(si]Vi) = Meopin Dy, (Vi — i) (3.17)

3.5 K-means Clustering

In Chapter 6, donors are grouped based on scores obtained from the method in the
previous section. K-means is a non-parametric algorithm to classify observations
into groups. Clustering is a fundamental technique in unsupervised learning, used
to group similar observations based on shared characteristics. It aims to uncover
hidden structures in data, identifying natural groupings without predefined labels.
Among various clustering methods, K-means stands out as a robust, nonparametric
approach that is particularly useful when the underlying data distribution is un-
known or does not adhere to strict parametric assumptions. K-means operates by
minimising within-cluster variance, making it flexible and computationally efficient
in many practical scenarios. Its simplicity and speed allow for scalability, especially
when clustering high-dimensional data. K-means excels in clear-cut partitioning, en-
suring interpretable and well-separated clusters without requiring prior knowledge
of distributional properties.

The K-means algorithm requires the selection of several clusters — k. Ultimately,
each observation is assigned to one of these k clusters, to minimise the total within-
cluster variation in equation 3.18.

k n;
S Swithin = Z Z Zz‘jd(xj7 Mz‘) (3'18)

i=1 j=1
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where k£ denotes the number of clusters chosen, n; is the number of observations
allocated to cluster 7, z;; is a binary variable associated with cluster allocation and
takes on the value of 1 if observation j is allocated to cluster ¢, and d(x;, ;) is the
distance between observation j — x; — and the mean value of all points in cluster 7
— p;. Through minimising this measure, it is ensured that observations within each
cluster are similar — the observation is relatively close to the mean observation. In
the context of this paper, the distance measure is defined as Euclidean distance.

To achieve a minimum, the algorithm starts with the chosen number of clusters —
k — and chooses k random points to act as the centroids for each cluster. All re-
maining observations are then assigned to the closest centroid based on the distance
measure chosen. The new centroids for each cluster — u; — are then computed, and
observations are reassigned based on proximity to the newly calculated centroids to
minimise SSyimin. This process with recalculating p; and reassignment of obser-
vations is iterated until there is no longer a significant difference in the clustering

[19].
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Chapter 4

Data Wrangling and Exploratory
Data Analysis

4.1 Introduction

The Apheresis Donor Dataset contains information on individual donations through
time. In this chapter, data relating to individual donor platelet counts are explored.
This is done by first describing the contents of the dataset. Platelet trajectories
are explored by plotting mean curves through time. In addition to the plotting
of mean platelet profiles, time series methods to assess the presence of seasonality
are used. Additionally, for subsequent analysis in Chapter 5 and Chapter 6 we
required that the data are approximately normally distributed. In this chapter,
necessary transformations to the data are detailed, as well as any other data issues
and manipulations.

The platelet products dataset is also examined, analysing the trajectory of the per-
centage of products passing by plotting the pass rate over time. Additionally, time
series methods and Generalized Linear Mixed-Effects models are employed to assess
trends and seasonal patterns in product failures, conducting this analysis to confirm
insights received from SANBS.

4.2 The Apheresis Donor Dataset

Table 4.1 summarises the variables available in the Apheresis Donor Dataset. Platelet
count pre-donation is used to determine platelet profiles. A number of factors influ-
ence the platelet count post-donation. Therefore, it is not useful to use post-donation
platelet count to determine platelet profiles [9]. Other important variables available
in the table that are relevant to this research include donor ID, sex, ethnicity, do-
nation date, and branch zone. While the donation product is available in the data
provided by SANBS; it is not relevant for this analysis.
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Table 4.1: Variable descriptions: Apheresis Donor Dataset.

Variable Description

donor_id Unique identifier for individual donors
sex Sex of donor

ethnic Race of donor

donation_product | Product donated (PLCA, PLASPLCA)
PLTPRE Platelet count pre-donation

PLTPOST Platelet count post-donation
donation_date Date of donation

branch_zone Branch at which donation was made

The raw dataset contains information on 7174 unique donors over a 5-year period (2
January 2016 to 31 December 2020). It is decided to remove all donations that do
not have a donation date, and to remove donations with other missing information
- 5714 unique donors remain. There are 1587 individual donation dates. Naturally,
each individual does not donate on every donation date. Therefore, the data are
sparse. Figure 4.1 shows a histogram of the number of donations (left) as well as
the number of donations on each donation date (right).

100

1000

Number of
Nurnber of donations

Figure 4.1: Histogram of the number of donations per donor (left) and a line graph
of the number of donations on each donation date over time (right). The histogram
highlights the data sparsity, showing that most donors have relatively few donations,
while the line graph illustrates the low number of donations relative to the total
number of donors in the dataset.

It is clear that the data are sparse — donors are not donating frequently. Furthermore,
when considering the mean platelet profile across all donors, noise is observed - the
mean profile is choppy. To combat this, it is decided to group platelet counts by
month and donor, and average within groups in an effort to smooth the profile.
This leaves 5 x 12 donation dates ranging from January 2016 to December 2020 (12
months for every 1 of 5 years). A spaghetti plot for the first 30 donors in the dataset
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(donors are in no specific order) can be seen in Figure 4.2.

Of interest is factors affecting the level

and trajectory of platelet count. There-
N fore, we explore the average platelet
VIR count for each of the categorical vari-
ables present in the data. Namely, sex,
ethnicity, and branch zone.

Interestingly, when considering plots re-
lated to sex in Figure 4.3, it can be
seen that the average platelet count for
males and females follows almost the

' . o same trajectory. However, females, on
Figure 4.2: Spaghetti plot depicting the ayerage, have a higher platelet count
profiles of 30 apheresis donors. Each line than males. Furthermore, when con-

represents an individual donor’s platelet gjdering plots related to ethnicity, the
count over time, illustrating the variabil- ean platelet count is similar in both
ity in donation patterns and platelet dy- trajectory and level. Lastly, consider-
namics among the donors. ing the plots related to the branch zone,
the mean platelet count curves generally
have the same trajectory and level.

0.002

0.008 Ii |
| 005 branch 0.0075 |
5
0.006 ranchzone A
. Eastern Cape ethnic
- — . I W ssien
z %u 004 I [ Free statemiontn cape 20,0050 B s
S 0.004 . Fog . < .
3 w 3 KwaZulu Natal 3 Coloured
M
Mpumalanga [ unknown
I Norihern White
0.002 0002 vaal 00025
I i I
| : i
" : ARVANM-.
0.000 - 0.000 . 0.0000 = .
0 200 400 600 0 200 400 600 0 200 400 600
Platelet count Platelet count Platelet count
380
400
300
branchzone
5 5 — Eastem Cape 5 ethnic
g 8320 8350
= sex = — Egli = — Asian
g 280 g — Free StateiNorth Cape g — Black
o — F = o
o S — KwaZulu Natal o — Coloured
"
g & — Mpumalanga &30 ﬁ A ('\/M\/ Unknown
z Zom0 Northen z IS INERNR g SV White
. \ ﬂ ol 7 i W[
260 vaal L v i \,
i v
0 I/
40 240
2016 2018 2020 2016 2018 2020 2016 2018 2020
Date Date Date

Figure 4.3: Top: Histrograms of platelet count grouped by sex (left), branch zone
(middle), and ethnicity (right). Bottom: Average platelet profiles grouped by sex
(left), branch zone (middle), and ethnicity (right).

However, in the latter half of the period considered, there seems to be a greater
difference in the average level of platelet count across the branch zones. Considering
the average platelet count graphs in Figure 4.2 and Figure 4.3, a cyclical pattern
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emerged in the data. It seemed that the average platelet counts spike in the middle
of the year. However, there is one year that is an exception to that rule — 2017.
In 2017 a different shape is seen relative to other years. It is evident that average
platelet count levels were lower in that year. Zooming in on the average profiles
of the branch zones, it can be seen that in the first year, the average profiles seem
mostly homogeneous without any notable, obvious differences.

In year 2, however, a difference in the trajectories can be seen. For example, North-
ern and Vaal regions depict lower average platelet count levels in the middle of the
year while Eastern Cape and Mpumalanga have higher average levels. The clear-
est observation, however, is in the last year where greater variability exists among
branch zones. Moreover, upon examining the updated data, a positive skew is ob-
served. Consequently, the data is transformed using a logarithmic scale !. It should
be noted that we are working with count data. Log-transforming the data addresses
distributional and continuity assumptions necessary for modelling in later chapters.

In Table 4.2, the donors by ethnicity, sex, and branch zone are tabulated. Due to
the unbalanced nature of the data, it is decided not to consider ethnicity as a factor
in the subsequent analysis — some groups have no profiles. By focusing on groups
with sufficient data, we ensure the reliability and interpretability of the analysis.
The only categorical donor information considered in future analysis is the donors’
sex and branch zone.

Table 4.2: Number of observations in each group: Categorical Variables Crosstabu-
lation.

Asian Black Coloured Unknown White
F | Eastern Cape 2 8 14 5 114
Egoli 18 73 31 8 766
Free State/North Cape | 1 8 13 1 198
KwaZulu-Natal 20 18 11 4 294
Mpumalanga 1 2 0 0 55
Northern 6 32 13 1 723
Vaal 1 14 4 0 319
M | Eastern Cape 0 6 18 2 89
Egoli 52 101 54 4 786
Free State/North Cape | 3 8 17 0 165
KwaZulu-Natal 66 29 17 7 267
Mpumalanga 0 10 0 1 41
Northern 18 54 17 0 706
Vaal 7 32 11 0 348

IThis transformed variable is hereinafter referred to as platelet count, or average platelet count
when discussing means.
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An aim of this research is to answer if seasonality in platelet count exists. To further
explore seasonality, in Figure 4.4, boxplots of platelet count for each donation date
are plotted. It is evident that platelet counts, on average, stay around the same
level. There is a noticeable pattern: platelet counts do not fluctuate randomly from
month to month; instead, a cyclical pattern emerges. The levels oscillate around the
mean value, indicating a consistent trend rather than random variation.

400 500 600
I I I

PLTPRE

300
I

200
I

100
I

LI I I
2016-01-01  2016-08-01  2017-03-01  2017-10-01  2018-05-01  2018-12-01  2019-07-01  2020-02-01  2020-09-01

Donation date

Figure 4.4: Boxplots of platelet count on each date.

To further explore the seasonality in the data, time series methods are used. The
time series of average platelet count — the mean profile — is decomposed into distinct
components, namely, trend , seasonality and error (Equation 4.1). A simple additive
model is used in the decomposition as there is no evidence to suggest a multiplicative
structure

Y(t) =T(t) + S(t) + e(t). (4.1)

The trend component is derived through a moving average calculation, capturing
the overall direction or pattern in the data. The seasonal component is computed
by averaging values across all periods for each time unit, and subsequently centered.
The residual component, representing the remaining variability is encapsulated by
the error term. Figure 4.5 shows the decomposition of the average platelet count
time series. Considering the seasonal component, it is seen that a seasonal high is
evident in the winter months June/July. Additionally, we look at the autocorrelation
function (ACF) plot of the detrended series. This can be seen in Figure 4.6. The
ACF plot shows the linear correlation between observations at lagged time points
— answering the question: can one linearly predict the value of a future time point
given the value of a previous time point [34].

Based on literature and previous findings in this chapter, it is hypothesised that
platelet levels exhibit annual seasonal variations, aligning with changes in the calen-
dar year. Consequently, in the presence of seasonality within the dataset, observing

28



Longitudinal Analysis of Platelet Count Data Mahdi Marcus

observed

trend

seasonal
420 2 4 3 265 270 275 280 285 260 270 280 290
T S T R L

random
0

T T T T T T
2018 2017 2018 2019 2020 2021
Time

Figure 4.5: Decomposition of average platelet count time series.

periodic spikes occurring at yearly intervals is anticipated, typically every 12 months,
within the ACF plot. From the ACF plot in Figure 4.6, evidence of yearly seasonality
can be seen.

ACF

1 vl vl

DS

Figure 4.6: ACF plot of the detrended average platelet count profile.

A summary of the final data to be used can be seen in Table 4.3.
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4.3 The Platelet Products Dataset

SANBS pools whole blood donor donations to form platelet products. A second
dataset is made available comprising of 189,527 rows and 15 columns, documenting
information about products derived from whole blood donors, distinct from those
obtained through apheresis?. The dataset contains information on the outcome of
three tests: (1) sterility, (2) volume, and (3) yield.

An objective was to analyse whether information in the apheresis donor dataset
could explain product failures within this dataset. A product was deemed to have
failed if its sterility, volume, or yield did not meet specific predefined criteria. Specif-
ically, success is measured against the following standards: (1) platelet yield, should
be at least 2.4 x 10! platelets, reflecting the yield of platelets per unit; (2) sterility,
where a negative result is non-negotiable, ensuring the product’s purity and safety;
and (3) volume, falling within the range of 200 to 800 milliliters. Importantly, the
only common variables shared between this dataset and the platelet count dataset
was the branch zone and time. Sterility, which denotes contamination of the product
post-donation or during production, was omitted from this analysis. This decision
was made because a failed sterility test is typically associated with product con-
tamination rather than issues stemming from donors themselves. The final dataset
comprised of variables associated with production date, volume outcome, yield out-
come, and branch zone. If both yield outcome and volume outcome were successful,
the product was marked as passed; otherwise, it was recorded as a failure.

Table 4.4 presents a summary of the pooled products dataset. The data indicates
that product failures in the volume test are exceedingly rare, with only two instances
of failure recorded over the 5-year period. Additionally, the data reveals that a higher
volume of products is produced in the Egoli, Northern, and KwaZulu-Natal regions.
This trend is consistent with the distribution of donations from the apheresis donor
dataset, where these branch zones exhibit higher donation frequencies. It is also
noted that a small percentage of products are tested — roughly around 5%.

Of interest is the trend in proportion of products that were tested passing. Figure
4.7 shows the percentage of products passed on each collection date ®. On the left
of Figure 4.7 the proportion passed of all products can be seen, and on the right
the proportion passed within each branch zone can be seen. It is evident that the
proportion passed is generally high (> 90%), however, post 2019 a decreasing trend
in proportion passed can be seen.

Table 4.5 summarises the number and percentage of products that passed and failed
over time across the different branch zones. Table 4.5 and Figure 4.7 both show
relatively stable and high pass rates up until 2019. The most notable decrease in
products failing is observed in the Eastern Cape, Free State, and Northern branch
zones. KwaZulu Natal and Vaal regions seem to have experienced no decrease in
the pass rate. Evidence of seasonality can be seen in Figure 4.7, where the pass rate

2No information is available for individual whole blood donors.
3The initial dataset had daily collection dates. It was decided to group collection dates by
month as was done with the platelet count dataset.
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Figure 4.7: Proportion of products passed through time. Across all branch zones
(left) and separated by branch zone (right).

appears to move up and down cyclically. To investigate this further, the time series
of the percentage passed is decomposed, following the approach in Equation 4.1.
This can be seen in Figure 4.8. A comparison can be made between the seasonal
components in Figures 4.5 and 4.8. Interestingly, the trend components are also
largely similar across the two figures, with the exception of the later years. In the
percentage of products passed, a clear downward trend is observed, whereas this
trend is not observed in the average platelet count.

To further investigate and confirm seasonality in product failures, we use a gener-
alised linear mixed-effects model (GLMM) that accounts for the non-normal distri-
bution of the binary response variable. Specifically, a logit link function is used to
model the binary outcome. The primary focus in this model is to capture the overall
seasonal pattern across different years. To achieve this, the year is treated as a ran-
dom effect. This enables the recognition that seasonal trends may vary slightly from
year to year. Using this approach, inter-year variability can be accounted for while
still emphasizing the overarching seasonal trends. The model structure is detailed
in Equation 4.2:

. . 27 - month 27 - month
logit(m;:) = fo + 1 sin (Tt> + B cos (Tt>

2T - th 27 - th
+ <'71i sin (%) +72i COS (%)) . (42)
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Figure 4.8: Decomposition of percentage of products passing time series.

In this equation, m; represents the probability of the outcome for year i at time t,
while logit(m;;) = log (ﬂ—;f) denotes the log-odds of the outcome. The term gy is
the fixed intercept, which serves as the baseline log-odds of a product passing. The
coefficients 3; and [ correspond to the fixed effects associated with the sine and
cosine functions, respectively, capturing the seasonal patterns based on the month of
the year. The random effects v1; and ~,; account for the individual variation in these
seasonal effects for each year i, allowing the model to flexibly represent the seasonal
components that can change over time. The sine and cosine terms themselves,
sin (%) and cos (2””‘1—‘;“““), encapsulate the cyclical seasonal patterns present
in the data *.

Table 4.6 presents the summary output from the fitted model. The coefficients
B = 0.44 and [y = —0.15 correspond to the peaks of the log-odds during the
autumn-winter months. This suggests that there is a higher probability of a product
passing during this period.

Table 4.6: Summary output of the generalised linear mixed-effects model (GLMM)
analysing seasonality in platelet product failures. The table presents estimates,
standard errors, z-values, and p-values for the fixed effects

Estimate Std. Error z value Pr(>|z|)

Bo 2.77 0.24 11.55 0.00
B4 0.44 0.15 2.89 0.00
Ba -0.15 0.12 -1.23 0.22

4As in Chapter 5, the angular frequency of sine and cosine terms are set to %“ to fix period to
one year.
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4.4 Concluding Remarks

In this chapter, an in-depth exploration of the apheresis donor dataset using various
exploratory techniques was conducted. Key insights and considerations from the
analysis include: (1) The data exhibits sparsity, prompting me to address this issue
by aggregating observations based on donation dates into monthly intervals; (2)
It was observed that the data deviate from a normal distribution and displays a
positive skew. To address this, it was decided to utilise a log-transformed version of
the platelet count variable for subsequent analysis; (3) the presence of data imbalance
was identified, leading to the exclusion of the categorical variable associated with
race from further analysis; (4) The examination also revealed apparent disparities
in platelet count across different branch zones, although further investigation is
required to explain these differences. Additionally, it was found that females have,
on average, higher platelet counts than males; and (5) Finally, the analysis uncovered
evidence of seasonality within the dataset.

The platelet products dataset was also analysed, and the key findings include: (1)
evidence that the passing products exhibit similar seasonality to that observed in the
apheresis donor dataset; (2) a sharp decrease in the percentage of products failing
in the latter half of the dataset, a trend not reflected in the average platelet count
profile; and (3) the reasons for the increased product failures in later years remain
unclear based on the exploratory analysis of the platelet count data.
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Chapter 5

Level and Temporal Dynamics in
Platelet Count

5.1 Introduction

In this chapter, the objective is to uncover the temporal and level dynamics of
platelet count using linear mixed-effect models. Linear mixed-effects models are
used to uncover the relationship among covariate data, time, and the average platelet
count level. In Chapter 3, linear mixed-effects models as a robust method for the
analysis of longitudinal data is introduced, offering a comprehensive approach to
understanding the interplay of variables over time. These models are used to unveil
and interpret the patterns inherent in the data. This is done through exploring the
model building and selection process, the model is then interpreted and tested for
underlying assumptions associated with linear mixed-effect models.

5.1.1 Building the Model

From Chapter 4, it is noted that there is a seasonal component to trajectory of
platelet count !. It is also noted that there is no trend element i.e platelet count
oscillates about a mean level. To capture the seasonality in platelet count, sine and
cosine curves are used:

Bsinstn(w x month) 4+ S.,scos(w X month). (5.1)

Certainly, the aforementioned equation exhibits non-linearity concerning w. Never-
theless, by holding w constant, it reverts to a linear association. From an intuitive
perspective, it is evident that the periodicity of the sine and cosine functions corre-
sponds to an annual cycle. Consequently, the period (w) of these functions is set to
one year:

2m

-= (5.2)

W

'Recall that platelet count is log-transformed.
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This assumption aids in the interpretation of the model, and simultaneously de-
creases the complexity.

At this point we recall Chapter 4. It was seen that generally, each year had a similar
seasonal pattern. However, in 2017 a different pattern emerged. To further explore
this, we fit separate linear models for each year:

Platelet Count ~ sin(w x month) + cos(w x month). (5.3)

Plotting the mean curves for each of the years (Figure 5.1) , it is evident that there
is interaction between year and the sine and cosine curves capturing the seasonality.

At this point it is important to note that
we are attempting to model why, how,
and when platelet counts are changing.
As well as determining if they change
due to the covariates in the data, we
also aim to uncover any differences be-
tween the years. It is understood that
= while there is a normal range of platelet
count levels, average platelet count lev-
els differ between individuals. Natu-
rally, one would assume that the model
should have a random intercept. Never-
theless, linear models for each donor are
fit separately in the same it was done in
equation 5.3.

Average Platelet Count

o =

Figure 5.1: Separate linear models for
each year: Seasonal curves.

It can be seen that intercept values vary

largely as well as seasonal components
among individual donors. It is, therefore, included random intercepts and random
slopes by donor in the model. Similar analysis was done for branch zone and gender.
No significant differences in seasonal components between sexes were seen. This
covariate will be treated as only a fixed effect in the model. We found different
seasonal components for branch zones as well. Additionally, from the exploratory
data analysis it is noted that branch zones behave mostly the same in the first part
of the period but have different behaviours in the latter half. From the analysis
and patterns observable in the data, it shows that not only are different seasonal
patterns every year evident, but seasonal patterns in branch zones also differ.

Due to the sparsity of the data we are unable to fit models with complex random
effect structures. While the structure of the model is mostly decided on based on
previous findings, 4 models with different fixed and random effect structures are
explored — good enough models that use all of the data and is estimable with the
data in hand [7].
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Figure 5.2: Separate linear models for each donor: Intercepts (left) and seasonal
components (right).

Model 1

In this model, platelet count is modelled with fixed effects for the interaction between
year and the seasonal component captured by sine and cosine curves (Equation 5.1).
We are also interested in the effect of sex and branch zone, and therefore include
these variables as fixed effects. This model includes only a random intercept.

Model 1A
This model has the same fixed effect structure as Model 1. However, random slopes
for the seasonal components are added. 2

Model 2

In this model, the fixed effect structure was changed to include interaction between
year, branch zone, and the seasonal component (year x branchzone x sin(w x month)+
year X branchzone X cos(w x month)). The random effect structure is the same as
in Model 1.

Model 2A

This model had the same fixed effect structure as Model 2 and the same random
effect structure as Model 1A.

Based on the exploratory data analysis and comparisons it was expected that model
2A would best fit the data. This is supported in Table 5.1. where a test is done to

2 As discussed previously, We could not fit a more complex structure.
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address the balance between model complexity and fit, an important consideration in
modeling. This approach is important in deciding whether the inclusion of additional
parameters in a model significantly improves its explanatory power.

The output table summarises metrics such as Akaike Information Criterion, Bayesian
Information Criterion, Loglik (Log Likelihood), Deviance, and the y? statistic. It
includes the associated p-value, testing the null hypothesis that the more complex
model is not significantly better at capturing the data. These metrics collectively
uncover the trade-off between model fit and complexity. It can be seen that Model
2A is significantly better than the other models.

Table 5.1: Summary of model comparison metrics for different models, including
Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), Log
Likelihood (LogLik), Deviance, and x? statistics. The table evaluates the balance
between model complexity and fit, supporting the selection of Model 2A as the best
fit for the data.

AIC BIC logLik  deviance  Chisq Df Pr(>Chisq)
modell -90793.45 -90575.36 45420.73 -90841.45
modellA  -91220.96 -90957.43 45639.48 -91278.96 437.51 5 0.0000
model2  -94815.04 -93860.88 47512.52 -95025.04 3746.07 76 0.0000
model2A  -94865.83 -93866.24 47542.92 -95085.83 60.79 5 0.0000

The final model formulation can be seen in Equation 5.4.

log(Platelet Count);j, = 5y + S1branchzone; + fayear;, + B3 sin(w x month,)
+ B4 cos(w x month;) + fs(branchzone; x year; X sin(w x month;))
+ B¢(branchzone; x year; x cos(w x month;)) + frsex;

+ Y0i + 71: 8in (w x month;) + 7; cos (w x month;) + €. (5.4)

In this model, §; represents the overall intercept for platelet count. The term
[S1branchzone; accounts for the effect of the geographic branch zone of the ith indi-
vidual, while fyyear, captures the effect of the year k. The terms 5 sin(w x month,)
and 4 cos(w x month;) represent the seasonal effects using sine and cosine compo-
nents, respectively. The interaction terms f5(branchzone; X year; x sin(w x month;))
and [g(branchzone; X year;, x cos(w x month;)) model the combined effects of branch
zone and year interacting with seasonal patterns. The term frsex; reflects the effect
of the sex of the ith individual. The random effects ~y; capture individual-specific
deviations in platelet count, while vy; sin(w x month;) and 7; cos(w x month;) ac-
count for individual-specific seasonal deviations. Finally, €;;, represents the residual

error, which is assumed to be normally distributed with mean 0 and variance o2.
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5.2 Model Results

In this section, the top-performing model from the previous section is fitted to the
dataset and presented the findings. It is observed that, on average, males exhibit
a lower platelet count compared to females (B4, = —0.11), a trend consistent
with the insights gained from data exploration in Chapter 4. Given the presence
of multiple categorical variables, and interactions in the model, there are lots of
parameters estimated.

The detailed outcomes of the model are provided in Table A.1. We are particularly
interested in investigating the seasonal variations in platelet count. To explore this
aspect along with the effect of branch zones across different years, plots depicting
average profiles are analysed. These visualisations are illustrated in Figure 5.3,
showcasing the average profiles among female donors. It’s worth noting that the
estimated trajectories for males would be similar but shifted downward. Hence,
only the average trajectories for females are presented.

Observing Figure 5.3, it becomes evident that the fitted seasonal component predom-
inantly exhibits peaks closer to the middle of the year, particularly leaning towards
the winter months rather than the summer months. However, one notable exception
stands out. In 2017, profiles associated with branch zones Egoli, Vaal, and Northern
demonstrate a dip in the middle of the year. Additionally, differences in seasonal
effects among the respective branch zones are apparent. An intriguing observation
emerges as two distinct groups of branch zones become evident: (1) Egoli, North-
ern, and Vaal, and (2) Free State/North Cape, KwaZulu-Natal, Mpumalanga, and
Eastern Cape.

5.3 Model Analysis

In this section, a residual analysis is conducted to assess the adequacy of the fit-
ted model from the previous sections. The primary objective was to ensure that
the model assumptions are met, particularly focusing on the constant variance of
residuals centered around zero.

To achieve this, a series of diagnostic plots is employed. First, individual-specific
boxplots of residuals is presented, checking for consistent variance across all individ-
uals - Figure 5.4 (top left). It should be noted that all donors could not be plotted
and a subset is shown. It is evident from the plot that the errors of individual donors
have similar variances and are centered close to 0 — the inclusion of the random in-
tercept dealt with the issue seen in Figure 5.2. Subsequently, boxplots of residuals
are generated with respect to temporal variables, namely month and year, as well as
key covariates such as branch zone and sex. The aim is to identify any discernible
patterns or heteroscedasticity that may compromise the model’s performance. Con-
sidering the plot relating to boxplots by month (top middle), it can be seen that
there is no significant trend element — the inclusion of sine and cosine functions has
removed any trend in the residuals.

Considering boxplots relating to year, sex, and branch zone, it is noted that the
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Figure 5.3: Average fitted profiles from the fixed effects of the linear mixed effects
model, showing seasonal variations and level differences in platelet count among
female donors from 2016 to 2020. The grid format presents each year separately,
with 2016 in the top left, 2017 in the top middle, 2018 in the top right, 2019 in the
bottom left, and 2020 in the bottom middle.

distribution of the errors is centered at 0. It can also be seen that heteroskedasticity
is not present. The data appears consistent across the different groupings which
suggests homoskedasticity. This also holds true for other plots shown (month and
year).

Concurrently, a plot of standardised residuals against fitted values is constructed
to detect any systematic deviations or patterns, with a well-fitted model expected
to exhibit a random scatter. This can be seen in Figure 5.5. It is evident that no
significant pattern occurs. Based on the visual inspections of the diagnostic plots,
it is concluded that the model is adequate.

5.4 Conclusion

In this chapter, platelet count profiles were modelled using linear mixed-effect mod-
els. The nonlinear seasonal component was approached linearly by assuming yearly
seasonality and setting the period of sine and cosine curves to one year, a methodol-
ogy supported by insights from Chapter 4. Notable findings derived from the fitted
models included: (1) a higher average platelet count in females compared to males,
(2) the presence of seasonality in the data, with seasonal highs typically occurring
in the middle of the year (winter months), albeit with the exception of 2017, where
a seasonal low in the winter months was observed, primarily in Egoli, Vaal, and
Northern branch zones, (3) the identification of two distinct groupings of branch
zones, and (4) the observation of the widest spread of platelet count levels in 2020.
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Figure 5.4: Residual analysis: Final Model. The plots assess variance consistency
across individuals and check for patterns or heteroscedasticity with respect to month,
year, branch zone, and sex. The inclusion of random intercepts and seasonal com-
ponents addresses earlier model issues, ensuring residuals are centered and free from

trends.
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Figure 5.5: Standardised residuals vs. Fitted values: Final Model.
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Chapter 6

Trajectory Clusters

6.1 Introduction

In this chapter, the focus is on finding groups of donors whose platelet trajectories are
similar — to find homogeneous groups in the sample. To do this, we first adopt latent
class mixed-effect models to uncover groupings of profiles in the data. Latent class
mixed models assume that the population consists of several groups with distinct
trajectories. Unique patterns are estimated for each latent class and individuals are
probabilistically assigned to a class based on the likelihood that their data follows the
trajectory of a particular class. Therefore, the result is clusters of individuals with
similar longitudinal patterns. Next, we use functional principal component analysis
to uncover dominant modes of variation in platelet count profiles. In Chapter 3,
the PACE algorithm as a method to handle sparse functional data is introduced.
Profiles are clustered, using K-means, based on functional principal curve scores in
an effort to see if certain groups of profiles move differently through time. This
analysis is also performed on the data after splitting the profiles into separate yearly
profiles to capture dominant modes of variation within years — seasonality.

6.2 Latent Class Linear Mixed Modelling

To allow for fitting of models, the data used in this section is reduced to only contain
donors with more than (1) 48 months of data (this reduces the number of donors to
139) and (2) 30 months of data (this reduces the number of donors to 657).

In this study, the dataset is reduced to address computational constraints. This
approach introduces several potential biases. Firstly, the remaining sample may
exhibit systematic differences from the excluded donors, leading to selection bias.
For instance, donors with more extended records might have distinct health profiles
or engagement levels compared to those with fewer records. Secondly, the reduced
sample may not accurately represent the broader donor population, affecting the
generalisability of the findings. Additionally, the sensitivity of the latent class mixed
models to the sample size could lead to variations in cluster trajectories and model
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performance. The two cluster trajectories are compared to see the sensitivity of the
method to changing the sample. A spaghetti plot overlayed with the average platelet
profile in the sample is shown in Figure 6.1.

Platelet count

2016 2018 2020
Date

Figure 6.1: Spaghetti plot of reduced data with mean profile overlaid (black).

In this chapter we are not focused on interpretation of the mean curves and asso-
ciated parameters, but rather on uncovering if there are distinct latent trajectories
governing platelet count through time. Therefore, I decided to adopt a more flexible
structure, as compared to the structure in the previous section. It is decided to use
a B-spline with equally spaced half-yearly knots to measure temporal dynamics. It
is included as a class-specific and fixed effect.

To determine the optimal number of clusters, models are fitted for 2-5 clusters, and
their performance is evaluated using AIC, BIC, weighted root mean square error
(WRMSE), and weighted mean absolute error (WMAE), as illustrated in Figure
6.2. AIC and BIC serve as measures for model selection, balancing goodness of fit
and model complexity, where lower values indicate better fitting models adjusted
for complexity. Additionally, lower values of WMAE and WRMSE are preferred
for assessing predictive accuracy. Upon reviewing the metrics, it is decided that
the model with 2 clusters is the best choice due to its lower AIC and BIC values
compared to other models.

In Figure 6.3 cluster trajectories for each of the datasets across the 60 months are
shown. Cluster trajectories for the smaller dataset (containing profiles with at least
48 observations) can be seen on the left, and on the right are the cluster trajectories
for the larger dataset (containing profiles with at least 30 observations). It can be
seen that there is no visible difference between the graphs in the two figures.

Furthermore, in both datasets the same split between the two clusters is seen, with
one cluster containing approximately 40% of the data and the other approximately
60% of the data. Considering these in isolation lead me to conclude that the esti-
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Figure 6.2: Cluster performance metrics for 2-5 clusters.

mated curves show no real sensitivity to the change in the number of observations.
The estimated trajectories are very different when comparing the two clusters. Clus-
ter A exhibits more pronounced cyclical variation relative to Cluster B. The most
notable difference between the two cluster trajectories occurs in the latter half of
the period. Cluster B exhibits a downward trend and lower level relative to Cluster
A. Parallels can be drawn between the trajectories in Figure 5.3. In Chapter 5, it
was seen that two distinct groups of branch zones become evident: (1) Egoli, North-
ern, and Vaal, and (2) Free State/North Cape, KwaZulu-Natal, Mpumalanga, and
Eastern Cape. Interestingly, we see that Cluster B mostly tracks the trajectory of
group (1) and Cluster A mostly tracks the trajectory of group (2).

To uncover if there are any patterns that arise in the clustering, the clusters grouped
by the covariate data are tabulated. This is done for both datasets. Table 6.1
and Table 6.2 show the classifications relating to gender of donor. Interestingly, a
proportional split between Clusters A and B is seen. Bearing in mind that Cluster
A has 40% of all observations, and Cluster B has 60% of all observations. Cluster
A contains approximately 40% of males and 40% of females, and cluster B contains
the remaining 60%.

Table 6.1: Cluster classification by gender for smaller dataset (at least 48 observa-
tions in each profile).

Female Male
Cluster A 28 (39%) 28 (41%)
Cluster B 43 (61%) 40 (59%)
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Figure 6.3: Cluster trajectories for data with more than 48 observations (left) and
cluster trajectories for data with more than 30 observations (right).

Table 6.2: Cluster classification by gender for larger dataset (at least 30 observations
in each profile).

Female Male
Cluster A 136 (40%) 120 (38%)
Cluster B 201 (60%) 200 (62%)

The same tabulation for branch zone is performed and shown in Tables 6.3 and
6.4. Fisher’s exact test to test association between cluster and branch zone is per-
formed. The test yields an insignificant result for the smaller dataset (p-value =
.82) and a more significant result for the larger dataset (p-value = .04). This indi-
cates that there is a significant association between cluster and branch zone in the
larger dataset. However, considering the tables jointly, no clear or consistent pat-
tern emerges. The tables provide contradicting information. For example, in Table
6.3, it noted Mpumalanga mostly represented in Cluster B, however, in Table 6.4
this is reversed. Similar observations can be made for Free State (FS), KwaZulu-
Natal (KZN), and Vaal. Tt is worth noting as well that the biggest difference is
seen in branch zones with the smallest number of donors i.e. Eastern Cape and
Mpumalanga. Clusters do not represent branch zones nor do they represent gender.

Table 6.3: Cluster classification by branch zone for smaller dataset (at least 48
observations in each profile).

Egoli FS KZN Mpu North Vaal
Cluster A 20 (40%) 3 (23%) 3 (50%) 1 (33%) 21 (42%) 8 (47%)
Cluster B 30 (60%) 10 (77%) 3 (50%) 2 (67%) 29 (58%) 9 (53%)
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Table 6.4: Cluster classification by branch zone for larger dataset (at least 30 ob-
servations in each profile)

EC Egoli FS KZN Mpu North Vaal

Cluster A 3 (100%) 89 (37%) 28 (44%) 2 (13%) 11 (55%) 94 (41%) 29 (33%)
Cluster B 0 (0%) 150 (63%) 36 (56%) 13 (87%) 9 (45%) 134 (59%) 59 (67%)

This section explored reduced versions of the data due to the computational limi-
tations of the method used. A more flexible method to cluster platelet profiles is
required so that the analysis can include all profiles present in the data.
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6.3 FPCA

In this section I applied FPCA to the apheresis donor dataset. Figure 6.4 shows the
estimated covariance and correlation of platelet count. Examining the correlation
matrix reveals strong correlations between platelet count readings within individuals,
approaching 1 for adjacent readings and never dropping below 0.80. The covariance
matrix shows high covariance among curves in the latter half of the period relative
to the former half of the period. This correlates with findings in Chapter 4 and
Chapter 5.

Figure 6.5 shows the first four principal curves. The first three principal curves
account for 98.7% of the total variance in the data. The first curve explains 91.8%
of the variance. The second curve explains 4.7% of the variance, and the third curve
explains 2.2%. Figure 6.6 contains profiles of donors with extreme! FPC scores.
These are used to aid the interpretation of the principal curves. The second principal
curve is positive for the first 3 years and negative thereafter. This component is
explaining the change in platelet count before year 3 in comparison to after year
3. Considering the second row of Figure 6.6, we can see that profiles with extreme
FPC scores on the lower end trend upwards after 2019, while extreme values on the
upper end trend downwards. The first principal component is strictly positive. It
signifies the proportion of variance in platelet count curves attributed to a weighted
average of platelet count patterns, where greater emphasis is placed on the latter
half of the period (given the higher level). Parallels can be drawn between the shape
of the first PC and the fitted covariance matrix — higher covariance values in the
latter half of the period are seen. Looking at Figure 6.6, it is noted that the first
principal curve seems to be separating platelet curves by their innate difference in
level. Combining the interpretation of curves 1 and 2 shows that there is a lot of
variance in the latter half of the period (post 2019), and specifically, some platelet
curves trend upwards while other curves trend down causing an unusually high level
of variance during that period.
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Figure 6.4: FPCA: fitted correlation (left) and covariance (right).

The third FPC demonstrates a positive trend in 2016, 2017 and 2020, while being
negative in intervening years. It captures the variance associated with deviations

1Considering 2% and 98% percentiles.
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between the middle of the period and other time points.
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Figure 6.5: Top 4 principal curves.
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Figure 6.6: Platelet Count curves when FPC curves are extreme. The left side
displays the lower 2nd percentile, representing individuals with the lowest observed
FPC values, while the right side shows the upper 98th percentile, capturing the
highest FPC values. For PCs 1,2 and 3.

The investigation was extended into the loadings of platelet count curves onto the
principal curves, as depicted in Figure 6.7. Within the scatter plots presented in Fig-
ure 6.7, an examination of the covariate data is conducted, in an attempt to uncover
patterns. The top three scatter plots mirror their counterparts in the bottom row;
however, there is a distinction in the colouring applied. Specifically, the top three
are differentiated by sex, uncovering potential gender-related variations, while the
bottom set is differentiated by branch zone, exploring influence of this covariate on
the observed platelet count dynamics. Furthermore, Gaussian ellipses representing
data distribution, capturing 90% coverage, are overlaid for ease of interpretation.
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Figure 6.7: Scatter plots of loadings of platelet count curves onto principal curves
coloured by covariate data. Gaussian ellipses representing data distribution, captur-
ing 90% coverage are overlayed.

In the context of the top three plots differentiated by sex, a significant pattern
emerges: females exhibit higher loadings onto the first principal curve. This obser-
vation correlates with prior findings. This is seen through females on average having
higher loadings onto the first principal curve. Principal curves 2 and 3, however,
capture variations in platelet count levels within specific periods relative to the re-
maining time frame. Interestingly, no distinct differentiation by sex is apparent in
the loadings onto these latter principal curves — the ellipses are mostly overlapping.
This concurs with previous findings, indicating that, although females exhibit an
overall higher platelet count, the trajectory of average male profiles aligns with that
of females across these specific periods.

Shifting attention to the bottom 3 plots differentiated by branch zone, there is no
significant pattern or observation to be made. The most significant observation
made is that there is some difference between the branch zones in connection with
loadings onto the second principal curve. For example, Vaal and Northern tend to
load more highly onto the second principal curve relative to Eastern Cape. This
observation is consistent with earlier findings, as illustrated in Figure 4.3 and 5.3 —
Vaal and Northern regions exhibit a downward trend relative to Eastern Cape.
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6.3.1 Clustering Based on Principal Curves

In the previous section the behaviour of the platelet count curves based on their
loadings onto the principal curves was explored visually and in an exploratory way.
In this section we aimed to cluster profiles based on how they load onto the principal
curves to find curves that vary similarly from the mean curve.

In the context of this research K-means clustering is used to cluster profiles based
on their loadings onto principal curves. The loadings onto the first principal curve
are larger than loadings onto principal curves 2 and 3. An initial clustering using
3 clusters is shown in Figure 6.8. Due to the dominance of loadings onto the first
principal curve, it can be seen that only a level difference is detected in the clustering.
The average profile trajectories in the respective clusters are almost identical. The
only significant difference noted is a difference in the level.

Table 6.5: Contingency Table - Gender vs. Cluster. Clustering based on raw load-
ings.

Female Male Total
Cluster 1 527 (19%) 1223 (42%) 1750 (30%)
Cluster 2 1279 (46%) 1238 (42%) 2517 (44%)
Cluster 3 972 (35%) 475 (16%) 1447 (26%)

Examining Table 6.5, a predominant trend emerges, with the majority of both males
and females being assigned to Cluster 2. Specifically, 1 279 females, constituting 46%
of the total female population, and 1 238 males, representing 42% of the total male
population, fall into this cluster. In contrast, Cluster 3 exhibits a higher proportion
of females compared to males, while Cluster 1 demonstrates the converse, having
more males than females. This alignment is consistent with the earlier observa-
tion that females, on average, display higher platelet count levels relative to males.
Fisher’s exact test is performed indicating a significant association between cluster
and gender (p-value < .01).

When looking at branch zones, the clustering approach does not yield as notable
results. Table 6.6 attests to this observation.

Table 6.6: Contingency Table - Branch zone vs. Cluster. Clustering based on raw
loadings.

EC Ego FS/NC KZN Mpu North Vaal

1 48 (19%) 541 (29%) 128 (31%) 215 (29%) 25 (23%) 558 (36%) 235 (32%)
2 117 (45%) 859 (45%) 184 (44%) 331 (45%) 46 (42%) 671 (43%) 309 (42%)
393 (36%) 494 (26%) 103 (25%) 186 (25%) 39 (35%) 340 (21%) 192 (26%)

An observation is that a pattern emerges indicating that the Northern region is more
inclined to be associated with Cluster 1 over Cluster 3. Conversely, Eastern Cape
and Mpumalanga show a higher likelihood of affiliation with Cluster 3 relative to
Cluster 1 2.

2Recall that we expect 30% in cluster 1, 44% in cluster 2 and 26% in cluster 3.
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Figure 6.8: (left) Average platelet profiles for clustering based on loadings onto first
3 principal curves, and (right) average platelet profiles: Clustering based on raw
loadings.

We aimed to understand both the average level and the differences in trajectories.
Principal curves 2 and 3 exhibit the capability to capture distinctions in curves, as
discussed earlier. However, to mitigate the influence of loadings onto the dominant
first principal curve, clustering using two methods was attempted: (1) normalisation
of loading values to ensure a comparable scale, and (2) clustering based solely on
loadings onto principal curves 2 and 3. The resulting average profiles, as illustrated
in Figure 6.9, demonstrates the efficacy of this clustering approach. A compara-
tive analysis between Figure 6.8 and Figure 6.9 reveals that the clustering method
associated with Figure 6.9 successfully identifies groups of profiles with divergent
trajectories, particularly evident in the latter half of the observed period.

Examining the left plot in Figure 6.9, the average platelet count profiles for each
cluster based on all three normalised component loadings can be observed. Cluster 1
is associated with a higher level and maintains this high trajectory without a decline
in the latter half of the period. Cluster 2, on the other hand, largely mirrors the
same trajectory; however, during the latter half of the period, the average platelet
count exhibits a descending trend. Meanwhile, Cluster 3 is linked with a lower level
of average platelet count, characterised by a relatively stable trajectory throughout
the observed period.

The plot on the right tells a slightly different story - clustering based only on loadings
onto second and third principal curves. Cluster 1 is associated with a relatively low
average platelet count at the beginning of the period and shows an increasing trend
all the way to the end of the period; Cluster 2 is associated with a relatively high
average platelet count at the beginning of the period and displays a downward trend
towards the end of the period; and Cluster 3 is associated with a relatively moderate
level of platelet count with a relatively more stable trajectory. More specifically, the
3 clusters have the same trajectories up until a point (2019) and thereafter differ
in their trajectories. Cluster 1 is associated with increasing average platelet count;
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Figure 6.9: Average platelet count profiles: clustering based on normalised loadings
(left), and clustering based on loadings onto principal curves 2 and 3 (right).

Cluster 2 with decreasing average platelet count; and Cluster 3 with a relatively
stable average platelet count.

Figure 6.9 tells a different story than that of Figure 6.8. In Figure 6.8 the average
profiles follow the same trajectories. However, in Figure 6.9 the difference in tra-
jectories of platelet count profiles is highlighted, specifically in the latter half of the
period — there were distinct clusters that move differently towards the end of the
period.

Table 6.7 and Table 6.8 show the sexes and branch zones associated with the clus-
tering based on standardised values. It is noted that 49% of all donors allocated
to Cluster 1, 12% of donors allocated to Cluster 2, and 39% of donors allocated to
Cluster 3. The same pattern emerged as in Table 6.5 i.e males are more associated
with Cluster 1 (lower platelet count) relative to Cluster 3 (higher platelet count)
and vice versa for females.

Table 6.7: Contingency Table - Gender vs. Cluster. Clustering based on standard-
ised loadings.

Female Male Total
1 1002 (36%) 1777 (61%) 2779 (49%)
2 380 (14%) 294 (10%) 674 (12%)
3 1396 (50%) 865 (29%) 2261 (39%)

Considering Table 6.8, I noticed that Eastern Cape, Mpumalanga, Free state, and
KwaZulu-Natal are more inclined to be associated with Cluster 2. Additionally,
donors in Eastern Cape and Mpumalanga are less inclined to be associated with
Cluster 1.

Table 6.9 and Table 6.10 shows the association between clusters based on only
loadings onto the second and third principal curves and the covariate data available.
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Table 6.8: Contingency Table - Branch zone vs. Cluster. Clustering based on
standardised loadings.

EC Egoli FS KZN Mpu North Vaal
1 79 (31%) 932 (49%) 186 (456%) 328 (45%) 41 (37%) 852 (54%) 361 (49%)
2 86 (33%) 138 (%) 86 (21%) 153 (21%) 35 (32%) 114 (7%) 62 (8%)
3 93 (36%) 824 (44%) 143 (34%) 251 (34%) 34 (31%) 603 (39%) 313 (43%)

It can be seen that 29% of all observations are allocated to Cluster 1, 11% to Cluster
2, and 60% to Cluster 3.

Table 6.9: Contingency Table - Gender vs. Cluster. Clustering based loadings onto
second and third principal curves.

Female Male Total
1 744 (27%) 911 (31%) 1655 (29%)
2 270 (10%) 386 (13%) 656 (11%)
3 1764 (63%) 1639 (56%) 3403 (60%)

Table 6.10: Contingency Table - Branch zone vs. Cluster. Clustering based loadings
onto second and third principal curves.

EC Egoli FS KZN Mpu North Vaal

1 109 (42%) 478 (26%) 139 (34%) 270 (37%) 46 (42%) 427 (27%) 186 (25%)
2 8 (3%) 233 (12%) 30 (T%) 26 (4%) 3 (3%) 257 (16%) 99 (14%)
3 141 (54%) 1183 (63%) 246 (59%) 436 (59%) 61 (55%) 885 (57%) 451 (61%)

With reference to Table 6.10, It is noticed that Eastern Cape, Mpumalanga, KwaZulu-
Natal, and Free State are all less inclined to be associated with Cluster 2 and rela-
tively more associated with Cluster 1. The Northern region has a relatively larger
percentage of donors allocated to Cluster 2.
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6.4 Splitting each profile into separate yearly pro-
files

In the previous section FPCA was used to find dominant patterns of variation across
the 60 time points. Naturally, given the trajectories through time (inter-year vari-
ability), the seasonal part of the variance is overpowered. In this section we separate
each profile into 5 yearly profiles to capture variance within years and uncover sea-
sonal patterns. Figure 6.10 shows the correlation and covariance plots. The covari-
ance matrix shows high covariance among curves in the middle of the period (winter
months) relative to the beginning and the end.
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Figure 6.10: FPCA: fitted correlation (left) and covariance (right).

Figure 6.11 shows the first 3 principal curves. These 3 principal curves account
for 99.8% of the total variance in the data. The first curve explains 95.6% of the
variance. The second curve explains 2.9% of the variance, and the third curve
explains 1.3%.

Figure 6.12 contains profiles of donors with extreme® FPC scores. These are used to
aid the interpretation of the principal curves. The second principal curve is positive
for the first 6 months and negative thereafter. This component is explaining the
change in platelet count before month 6 in comparison to after month 6. Considering
the second row of Figure 6.12, it is noted that profiles with extreme FPC scores on
the lower end trend upwards after 2019, while extreme values on the upper end trend
downwards.

It was noted that the first principal component is strictly positive. It signifies the
proportion of variance in platelet count curves attributed to a weighted average
of platelet count patterns, where greater emphasis is placed in the middle of the
period. Parallels were then drawn between the shape of the first PC and the fitted
covariance matrix — higher covariance values in the middle of the period is noted.
Looking at Figure 6.12, the first principal curve seems to be separating platelet
curves by their innate difference in level. The third principal curve is positive in
the summer months and negative in the winter months. It captures the variance
associated with deviations between summer and winter months. Considering the

3Considering 2% and 98% percentiles.
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third row of Figure 6.12, the third principal curve detects the difference in seasonal
pattern in the yearly profiles. Specifically, those profiles with extreme values on the
lower end tend to have highs in the winter months and those with extreme values
on the upper end tend to have lows in the winter months relative to the summer
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Figure 6.11: Top 3 principal curves. Separate yearly profiles.
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Figure 6.12: Platelet count curves when FPC curves are extreme. The left side
displays the lower 2nd percentile, representing individuals with the lowest observed
FPC values, while the right side shows the upper 98th percentile, capturing the
highest FPC values. For PCs 1,2 and 3. Separate yearly profiles.

Combining interpretations of Figure 6.11 and Figure 6.12, it is evident that the
prinicpal curves relating to the yearly profiles are detecting differences in level (first
principal curve), trend (second principal curve), and seasonality (first and third
principal curves) between the yearly profiles.

In Figure 6.13, scatter plots of the loadings of the yearly profiles onto the principal
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curves are shown. Considering loadings onto the first principal curve, year 3 (2018)
and year 4 (2019) are associated with higher loadings on average. While year 2
(2017) is more associated with lower loadings onto the first principal curve. This
is consistent with what was found in the exploratory data analysis — years 3 and
4 have on average higher average platelet count levels relative to other years, with
year 2 having the lowest average platelet count levels. With reference to loadings
onto the second principal curve, it can be seen that year 5 (2020) is most associated
with higher loadings. This indicates that in year 5 there is a dominant downward
trajectory of platelet count. Conversely, year 4 and year 2 are associated with lower
loadings, indicating an upward trend.
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Figure 6.13: Scatter plots of loadings of platelet count curves onto principal curves
coloured by year. Gaussian ellipses representing data distribution, capturing 90%
coverage are overlayed.

Finally, considering the third principal curve detecting difference in seasonality, it
can be seen that year 2 is associated with higher loadings relative to all the other

years. This indicates that on average, a different seasonal pattern is evident in year
2.

6.5 Conclusion

This chapter aimed to identify groupings of donors that behave similarly or differ-
ently through the period. Initially, in Section 6.2 Latent Class Mixed Models were
applied, revealing no significant associations between clusters and gender or branch
zone. However, two distinct latent profiles were detected with the most notable dif-
ferences in the latter half of the period. Different clustering methods, using results
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from FPCA, were applied in Section 6.3. Clustering was performed based on donors’
raw FPC scores. This method primarily highlighted level differences due to the dom-
inance of the loadings onto the first principal curve. From this clustering method
it was seen that females tended to be associated with higher platelet count levels,
while regions like Eastern Cape and Mpumalanga exhibited higher levels compared
to Northern regions. To mitigate the dominance of the loadings onto the first princi-
pal curve, two additional methods were employed. The first involved standardising
the loadings onto principal components, while the second method entailed excluding
loadings onto the first principal curve during clustering. These approaches effec-
tively detected clusters exhibiting different trajectories. The clusters identified by
these methods showcased inconsistencies in grouping patterns, with certain regions
— Eastern Cape, Free State, Kwa-Zulu Natal, and Mpumalanga — which displayed
decreasing trends in the latter half of the period. Conversely, the second method
highlighted that donors from the same branch zones were more associated with clus-
ters displaying increasing trends in the latter half of the period. Nevertheless, con-
sistent latent trajectories were observed across methods, indicating heterogeneous
trajectories in the latter half of the period, particularly post-2019, signifying distinct
donor behaviours compared to the more consistent trajectories observed in the first
half of the period.

In section 6.4 the donor profiles were separated by year and applied FPCA to detect
intra-year variability. It is showed that this method is effective in detecting dominant
modes of variation in the data.
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Chapter 7

Discussion and Conclusion

The research questions guiding this study revolved around understanding the dy-
namics of platelet count and product failures within the context of platelet trans-
fusion medicine. Firstly, the investigation sought to determine if there are different
differences in platelet count levels and trajectories among various empirical group-
ings. Secondly, it aimed to explore the presence of seasonality in platelet count
data, investigating potential patterns and fluctuations over time. Thirdly, the study
aimed to identify distinct groupings of donors exhibiting similar behaviours regard-
ing platelet count trajectories. Lastly, it sought to establish if there is a connection
between average platelet trajectories and the occurrence of product failures, exam-
ining the relationship between platelet count dynamics and the reliability of platelet
products.

Seasonality in platelet count is a well-documented phenomenon, as supported by var-
ious sources in the literature [23][17][5], which consistently highlight seasonal lows
during summer periods. This study represents the first attempt to assess season-
ality within a cohort of South African donors. Initial exploratory data analysis in
Chapter 4 revealed a clear seasonal pattern in platelet count, further corroborated
by modelling using linear mixed effect models. The analysis indicated that platelet
count tends to exhibit seasonal highs closer to the middle of the year, aligning with
winter months (autumn-winter or winter-spring). Interestingly, while most years ex-
hibited a similar average seasonal pattern, 2017 appeared to deviate from this trend.
However, based on the fitted trajectories in Figure 5.3 in Chapter 5, the difference
in seasonality is only present in 3 of the 7 branch zones — Northern, Egoli, and Vaal.
Furthermore, fitted trajectories track relatively closely over the period forming what
seems to be one group. The remaining 4 branch zones — Free State, KwaZulu-Natal,
Mpumalanga, and Eastern Cape — exhibit similar average seasonal pattern and level
through time. Additionally, intra-year variability was investigated through FPCA,
which not only confirmed the presence of seasonality, but also revealed differences
in seasonal patterns between years. FPCA demonstrated potential as a method for
identifying outlying observations and detecting curves with abnormal behaviours,
highlighting its efficacy in uncovering insights into seasonal variations in platelet
count data.
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The examination of platelet count data revealed intriguing insights into the tem-
poral dynamics of platelet profiles. As discussed in Chapter 4, there is evidence of
seasonality in the product pass rate that aligns with the seasonal patterns observed
in platelet count data. Additionally, a trend has emerged since 2018, marked by a
decline in the proportion of platelet products successfully passing the volume and
yield tests. However, an accompanying decrease in average platelet count levels
was not observed. This observation prompted research question 3: Are there dis-
tinct groupings of donors that behave similarly? More specifically, are there specific
groupings of donors that behave differently during that decline. It is important
to note that the donors whose blood donations are pooled are different from the
apheresis donors. Therefore, this research was limited to evaluating patterns in the
respective datasets independently.

This question is addressed in Chapter 6, where the approach encompassed two pri-
mary methodologies: latent class mixed models and clustering based on loadings
onto functional principal curves. Using latent class mixed models, a random in-
tercept was introduced to accommodate variability in baseline platelet count levels
among donors. Two distinct clusters within the data are identified. Interestingly,
while these clusters exhibited somewhat similar trajectories pre-2019, differences are
apparent post-2018. One cluster demonstrated sustained or elevated platelet count
levels, while the other exhibited a distinct declining trend.

Furthermore, the investigation extended to the relationship between these identified
clusters and available covariate data, specifically gender and sex. Surprisingly, the
clusters appeared to show no significant associations with these demographic factors,
suggesting the presence of inherent groupings within the data that were indepen-
dent of gender or branch zone. This finding underscores the complexity of platelet
count dynamics and hints at potentially novel factors influencing platelet profile
variations. Using latent class mixed models can impose computational challenges.
This is specifically true when datasets are large and/or complex. The dataset was
reduced in order to fit the models in Section 6.2. Of course, this introduces its own
issues, such as introducing biases into the analysis. Furthermore, even after reduc-
ing the data, fitting of these models is computationally expensive and, therefore,
time-consuming.

FPCA was introduced as a method to uncover dominant modes of variation in
functional data. Once these are uncovered, one is able to identify outlying curves by
assessing curves that have extreme loadings associated with the respective principal
curves. Furthermore, curves can be clustered based on how they load onto the
principal curves. Since each observation is a linear combination of the principal
curves as seen in Equation 3.7, intuitively, curves with similar scores should exhibit
similar trajectories. Donor profiles are clustered based on how they load onto the
principal curves. This method proved to be more efficient relative to latent class
mixed models and showed efficacy in uncovering trends in the data.

Due to the size of the loadings onto the first principal curve, clustering based on the
raw loadings detected clusters with the same trajectory, but different levels. It was
found that females were associated with the cluster with a greater average platelet
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count. This finding correlates with previous literature [33][25][5][2] as well as with
the findings in Chapter 5. On average, females have higher platelet count levels
compared to males. Interestingly, in Chapter 4, it was noted that while females
have a higher average level, the trajectory of males’ and females’ average platelet
count is almost identical. To uncover different trajectories, the dominance of scores
related to the first principal curve needed to be dealt with. This was done in two
ways: (1) standardise the loadings and, (2) remove loadings onto the first principal
curve and cluster based on only loadings onto the second and third principal curves.

Interestingly, these methods of clustering uncovered cluster trajectories similar to
those seen when applying latent class mixed models. Both clustering methods iden-
tified a groups of donors that have the same trajectory in platelet count in the first
half of the period with different trajectories in the second. Most significantly, using
latent class mixed models and clustering based on FPCA, a latent grouping associ-
ated with a decline in platelet count in the latter half of the period is found. This
correlates with the observed decline in the proportion of products passing. This
variability in the data is also highlighted in Chapter 5 where it was noted that aver-
age platelet profiles differ more significantly in the latter half of the period. It was
also seen in Figure 6.4, where elevated levels of covariance in platelet count curves
were apparent. It is a common theme that in the latter half of the period platelet
count profiles behaved more differently relative to the first half of the period.

There is evidence in literature suggesting that genetic makeup/geographics affects
platelet count [2]. A key question to be answered is if there is association between
variables in the dataset and clusters associated with decreasing levels of platelet
count in the latter half of the period. As discussed, in Chapter 5 two groupings of
branch zones were found: (1) Egoli, Northern, and Vaal, and (2) Free State/North
Cape, KwaZulu-Natal, Mpumalanga, and Eastern Cape. The first group displayed
relatively stable average profiles and seasonal component through time, while the
second groups seasonal component was relatively more volatile. In the second group,
the seasonal relationship being reversed in 2017 is observed and, thereafter, less pro-
nounced seasonal components and a decreasing average level through time was noted.
Parallels with the trajectories of these groups and the latent profiles derived from
latent class mixed models can be drawn. Two groups are derived using this method.
The one group, Cluster A in Figure 6.3, appears to mirror the trajectory of the sec-
ond grouping, and the other group (Cluster B) mirrors the first group. Cluster A is
associated with more pronounced seasonal components and relatively higher levels
in the latter half, while Cluster B is associated with a low in the middle of 2017 and
decreasing trend post 2018 with a less apparent seasonal component. While this
relationship between the group trajectories is apparent, when analysing contingency
tables, it is found that there is no significant association between branch zone and
cluster assignment. Interestingly, a similar pattern is found in Section 6.3. As dis-
cussed, the clustering methods identified groupings of platelet profiles with different
behaviours in the latter half of the period. Considering the clustering based on stan-
dardised loadings, in Figure 6.9 it can be seen that Cluster 2 is associated with a
decrease in average platelet count in the latter half of the period and, upon analysis
of Table 6.8, it is seen that branch zones Eastern Cape, Free State, KwaZulu-Natal,
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and Mpumalanga are more inclined to be associated with that cluster while North-
ern, Vaal, and Egoli zones are less inclined to be associated with that cluster. This
contradicts discussed findings in Chapter 5, as well as findings based on clustering
on only loadings onto the second and third principal curves. In Figure 6.9, cluster
trajectories for this method can also be seen. Here, the opposite was seen, branch
zones Eastern Cape, Free State, KwaZulu-Natal, and Mpumalanga were not associ-
ated with the cluster exhibiting a downward trend in the latter half of the period
(Cluster 2) and were more inclined to being associated with the cluster exhibiting a
higher level in the latter half of the period (Cluster 1). Furthermore, Northern, Vaal
and Egoli regions were most associated with Cluster 2. This agreed with groupings
found in Chapter 5. It is presumed that keeping the level effect in the analysis
skews the intended result, therefore, there is a preference for considering the cluster-
ing based on only the loadings onto the second and third principal curves. Although,
analysis points to distinct groups within all branch zones displaying a decreasing
trend in the latter half of the period. With some branch zones exhibiting a greater
propensity towards the declining trajectory.

While this downward trend appeared to be more apparent in some branch zones rel-
ative to others, there is not enough evidence to make a conclusive decision regarding
association between clusters associated with a decreasing trend in the latter half of
the period and branch zone in which blood was donated. It is presumed that there
is some other factor not present in the data that is affecting platelet count levels and
platelet product pass rates. However, it can conclusively be said that during the
period in which declining platelet product pass rates were observed, there was more
variability in platelet profiles and there were groupings of platelet profiles displaying
a decreasing trend during that period.
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Appendix A

Linear Mixed Model Summary

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

(Intercept) 5.67 0.01 0.00

branchzoneEgoli -0.02 0.01 0.08

branchzoneFree State/North Cape -0.05 0.02 0.00
branchzoneKwaZulu Natal -0.04 0.01 0.00
branchzoneMpumalanga -0.00 0.02 0.89
branchzoneNorthern -0.05 0.01 0.00
branchzoneVaal -0.03 0.01 0.04

year2 -0.01 0.00 0.01

year3 0.03 0.00 0.00

yeard 0.08 0.00 0.00

yeard 0.07 0.00 0.00

month.sin -0.02 0.00 0.00

month.cos -0.02 0.00 0.00

sexM -0.11 0.00 0.00

branchzoneEgoli:year2 -0.04 0.00 0.00
branchzoneFree State/North Cape:year2 -0.00 0.01 0.71
branchzoneKwaZulu Natal:year2 -0.00 0.01 0.62
branchzoneMpumalanga:year2 -0.02 0.02 0.27
branchzoneNorthern:year2 -0.04 0.01 0.00
branchzoneVaal:year2 -0.04 0.01 0.00
branchzoneEgoli:year3 0.04 0.01 0.00
branchzoneFree State/North Cape:year3 -0.01 0.01 0.03
branchzoneKwaZulu Natal:year3 -0.02 0.01 0.00
branchzoneMpumalanga:year3 -0.04 0.01 0.00
branchzoneNorthern:year3 0.02 0.01 0.00
branchzoneVaal:year3 0.02 0.01 0.01
branchzoneEgoli:year4 -0.06 0.01 0.00
branchzoneFree State/North Cape:yeard -0.02 0.01 0.00
branchzoneKwaZulu Natal:year4 -0.01 0.01 0.02
branchzoneMpumalanga:year4 -0.02 0.01 0.12
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branchzoneNorthern:year4
branchzoneVaal:year4

branchzoneEgoli:yeard

branchzoneFree State/North Cape:yearh
branchzoneKwaZulu Natal:year5
branchzoneNorthern:yearh
branchzoneVaal:yearh
branchzoneEgoli:month.sin

branchzoneFree State/North Cape:month.sin
branchzoneKwaZulu Natal:month.sin
branchzoneMpumalanga:month.sin
branchzoneNorthern:month.sin
branchzoneVaal:month.sin

year2:month.sin

year3:month.sin

year4:month.sin

yearb:month.sin

branchzonekEgoli:month.cos

branchzoneFree State/North Cape:month.cos
branchzoneKwaZulu Natal:month.cos
branchzoneMpumalanga:month.cos
branchzoneNorthern:month.cos
branchzoneVaal:month.cos

year2:month.cos

year3d:month.cos

year4:month.cos

yearb:month.cos
branchzoneEgoli:year2:month.sin
branchzoneFree State/North Cape:year2:month.sin
branchzoneKwaZulu Natal:year2:month.sin
branchzoneMpumalanga:year2:month.sin
branchzoneNorthern:year2:month.sin
branchzoneVaal:year2:month.sin
branchzoneEgoli:year3:month.sin
branchzoneFree State/North Cape:year3:month.sin
branchzoneKwaZulu Natal:year3:month.sin
branchzoneMpumalanga:year3:month.sin
branchzoneNorthern:year3:month.sin
branchzoneVaal:year3:month.sin
branchzoneEgoli:year4:month.sin
branchzoneFree State/North Cape:yeard:month.sin
branchzoneKwaZulu Natal:year4:month.sin
branchzoneMpumalanga:year4:month.sin
branchzoneNorthern:year4:month.sin
branchzoneVaal:year4:month.sin
branchzoneEgoli:yearb:month.sin
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-0.06
-0.06
-0.08
-0.04
-0.02
-0.09
-0.09
0.06
0.01
0.02
-0.00
0.06
0.06
-0.04
0.04
-0.04
0.03
-0.01
-0.01
0.00
0.01
-0.01
-0.01
0.00
-0.05
-0.04
-0.01
0.01
-0.00
-0.02
0.03
0.00
0.01
-0.09
-0.00
-0.01
-0.02
-0.08
-0.09
0.02
0.02
-0.00
0.00
0.02
0.01
-0.06

0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.00
0.01
0.01
0.01
0.00
0.01
0.01
0.01
0.01
0.01
0.00
0.01
0.01
0.01
0.00
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.03
0.01
0.01
0.01
0.01
0.01
0.02
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01

0.00
0.00
0.00
0.00
0.01
0.00
0.00
0.00
0.17
0.00
0.65
0.00
0.00
0.00
0.00
0.00
0.00
0.10
0.23
0.45
0.18
0.26
0.06
0.42
0.00
0.00
0.02
0.18
0.76
0.02
0.31
0.65
0.11
0.00
0.77
0.31
0.13
0.00
0.00
0.00
0.08
0.82
0.92
0.03
0.29
0.00
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branchzoneFree State/North Cape:year5:month.sin
branchzoneKwaZulu Natal:year5:month.sin
branchzoneNorthern:year5:month.sin
branchzoneVaal:yearb:month.sin
branchzoneEgoli:year2:month.cos

branchzoneFree State/North Cape:year2:month.cos
branchzoneKwaZulu Natal:year2:month.cos
branchzoneMpumalanga:year2:month.cos
branchzoneNorthern:year2:month.cos
branchzoneVaal:year2:month.cos
branchzoneEgoli:year3:month.cos

branchzoneFree State/North Cape:year3:month.cos
branchzoneKwaZulu Natal:year3:month.cos
branchzoneMpumalanga:year3:month.cos
branchzoneNorthern:year3:month.cos
branchzoneVaal:year3:month.cos
branchzoneEgoli:year4:month.cos

branchzoneFree State/North Cape:yeard:month.cos
branchzoneKwaZulu Natal:year4:month.cos
branchzoneMpumalanga:year4:month.cos
branchzoneNorthern:year4:month.cos
branchzoneVaal:year4:month.cos
branchzoneEgoli:year5:month.cos

branchzoneFree State/North Cape:yearb:month.cos
branchzoneKwaZulu Natal:year5:month.cos
branchzoneNorthern:year5:month.cos
branchzoneVaal:year5:month.cos

Table A.1: Linear mixed model summary

0.01
-0.03
-0.05
-0.05

0.05

0.01

0.00
-0.02

0.04

0.04

0.06
-0.00

0.00
-0.02

0.06

0.06

0.06
-0.01

0.00
-0.01

0.06

0.06

0.02

0.01

0.01

0.02

0.03

0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.02
0.01
0.01
0.01
0.01
0.01
0.02
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01

0.55
0.00
0.00
0.00
0.00
0.43
0.93
0.30
0.00
0.00
0.00
0.79
0.86
0.24
0.00
0.00
0.00
0.19
0.89
0.61
0.00
0.00
0.02
0.11
0.20
0.01
0.00
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