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Abstract

Title of Dissertation: Characterization of Cord Blood Innate-Like T cell responses in

neonates born to healthy women and women living with HIV

Dissertation Directed By:

Cristiana Cairo, Ph.D., Assistant Professor
Department of Microbiology and Immunology
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Kirsten E. Lyke, M.D., Professor
Center for Vaccine Development

University of Maryland School of Medicine

Innate-like T cells (ILT), including yo T cells (particularly Vo2 cells), Natural Killer T
(NKT) cells, and Mucosal-associated Invariant T (MAIT) cells, serve as critical
immunologic intermediaries that integrate features of both innate and adaptive immunity.
These cells contribute to tissue homeostasis and play essential roles in host defense during
infection and inflammation. Although ILT subsets are present at the maternal—fetal
interface, their phenotypic and functional characteristics in early life remain insufficiently
defined. In this study, we performed a comprehensive characterization of ILT populations
in umbilical cord blood from neonates born to healthy women and women living with HIV.

Leveraging high-parameter spectral flow cytometry, we defined the phenotypic diversity,



activation states, and functional potential of these rare cell subsets. We identified
substantial heterogeneity within V32 T cells at baseline and following in vitro stimulation,
revealing distinct subsets with differential cytokine production and activation profiles.
Comparisons between HIV-exposed and HIV-unexposed neonates demonstrated modest
but meaningful perturbations in ILT composition and function among infants born to
women with HIV. Specifically, we observed altered frequencies of ILT subsets ex vivo and
shifts in the proportions of V&2 T cell subsets producing IFN-y or TNF-a both at baseline
and after expansion. Consistent with prior observations, maternal initiation of antiretroviral
therapy prior to pregnancy was associated with attenuated immune dysregulation in
exposed infants, underscoring the protective effects of early maternal treatment. To support
these immunologic analyses, we developed new computational and programming tools
optimized for the interpretation of high-dimensional spectral flow cytometry datasets.
These tools enabled enhanced quality control assessments, advanced -clustering,
visualization, and subset identification, providing a framework for more robust and
reproducible characterization of complex immune populations. Collectively, this work
advances our understanding of innate-like T cell development and immune imprinting at
birth, particularly in the context of maternal HIV infection. By integrating high-parameter
cytometric profiling with novel analytical methodologies, this dissertation provides both
biological insights and technical innovations that will enhance future studies of early-life

immunity and maternal-fetal immunology.
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Dedication

Para vivir es demasiado el tiempo;
Para saber no es nada.
(A qué vinimos, noche, corazén de la noche?
No es posible sino sofiar, morir,
sofiar que no morimos
y, a veces, un instante, despertar.

Rosario Castellanos
Nocturno
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Chapter 1: Introduction

Innate-like T cells (ILT), form a bridge between classical innate immune cells and adaptive
T cells, playing an important role in infection and inflammation. After T cell Receptor
(TCR)-dependent or TCR-independent activation (mediated by cell-subset specific ligands
and cytokines released by innate cells respectively) (1-3), ILT rapidly mount an
inflammatory response in the form of Th1-like cytokines and cytotoxic granule release (4,
5). This enables them to effectively participate in the early immune response before
adaptive immune responses ensue. Consequently, they have been shown to play key roles

in anti-microbial defense, as well as tumor immunity and immunoregulation(4).

The three known human ILT subsets in humans include the y§ T cells (V62s), Natural
Killer T cells (NKTs) and Mucosal-associated Invariant T cells (MAITs). While extensive
research has been carried out on these ILT populations in adults, less is known about them
during the neonatal period and infancy. Among the reasons ILT are understudied in
neonates is their low abundance in cord blood, and the multiple cell lineage markers
required for their identification. Combined with reduced biospecimen availability for
clinical samples, this has hindered immunologic study relying on conventional flow
cytometry (CFC) (due to limited markers) or mass cytometry (MC)(due to cell quantity
limitations). Consequently, prior studies required either specimen allocation for narrowly
defined immunological panels (for SFC) or pre-sorting (for MC) to enrich for the target

population.

ILT are present on both sides of the fetal-maternal interface during uncomplicated

pregnancies (6-8). Maternal NKTs and MAITs increase in the placenta during the course



of pregnancy and produce Thl-like cytokines upon stimulation. Cord blood ILT
predominantly express Thl-like cytokines, while cord V2s and NKTs can also produce
IL-17A in response to in vitro antigen stimulation (8-11). Both V§2s (specifically,
Vy9Vé2s) and MAITs expand and mature during early life in response to microbial
exposure. In contrast, invariant NKTs do not undergo significant expansion and show a

central memory phenotype at the time of birth (4, 12).

In uncomplicated full-term pregnancies, several mechanisms converge to create and
maintain fetal-maternal tolerance (13). However, maternal infections during pregnancy
have the potential to perturb the unique immunologic microenvironment at the fetal-
maternal interface through production pathogen-derived proteins and elicitation of
inflammatory innate cytokines (14). This can disrupt immunologic homeostasis, as
infections may cause activation of immune cell subsets (including ILT) triggering
inflammation. Additionally, pre-natal exposure to maternal infections and resultant
inflammation may impact the developing fetal immune system. In mice, IL-6 production
in response to prenatal exposure to maternal Yersinia pseudotuberculosis led to amplified
Th17 responses to infection later in life (15). Studies of human infants with prenatal
exposure to pathogens including Plasmodium spp. and Hepatitis C reported increased Th1-

biased cytokine responses to infection and immunization in early life (16-18).

In particular, several studies observed a higher infectious morbidity (due to enteric and
respiratory infections) in infants exposed to human immunodeficiency virus (HIV) in utero
but born uninfected (HEU) compared to their HIV unexposed (HU) counterparts from the
same communities, especially during the first six month of life (19, 20). Multiple
investigations have described underlying immunological defects in HEU infants, including

2



altered frequencies, memory differentiation and cytokine responses in T cells (21-25).
However, results differed across studies likely due to differences in maternal clinical
characteristics, including anti-retroviral therapy (ART) regimens, magnitude of viral load,

and infant feeding modality (21-30).

Our knowledge of fetal ILT subsets, during either a healthy, uncomplicated pregnancy or
following immune perturbation during gestation, is limited. The placental environment of
pregnant women living with HIV displays inflammatory features (including production of
TNFa, IL-6 and IL-1p), influenced by the peak and duration of viral load (VL) and/or
maternal immune activation (31-34). Moreover, the use of ART is widespread, and recent
studies suggest that certain antiretrovirals may impact the mitochondrial metabolism in a
way that alters the immune system and contributes to the inflammatory placental
microenvironment (35-37). Given these numerous considerations, we hypothesize cord
blood ILT subsets may also be perturbed in HEU infants as a result of in utero HIV/ART

exposure.

Prior technical limitations (38) related to the use of conventional flow cytometry (CFC)
include the limited number of markers that can be assessed simultaneously. Mass
cytometry (MC) can utilize >45 markers per panel but the slow acquisition rate, cellular
destruction during processing, and costs, often limit the depth of analysis as well as analysis
of cellular populations with low abundance, and have prevented accurate profiling of rare
neonatal ILT subsets. These challenges are further exacerbated by the difficulty of
discriminating differences from prenatal exposure to pathogens with the underlying

heterogeneity of individuals within clinical cohorts.



Spectral flow cytometry (SFC) is a platform increasingly used within immunology (38).
While the first commercially available spectral flow cytometer was introduced by Sony in
2012 (39), it was the launch of the Cytek Aurora in 2018 that popularized the approach.
The rapid adoption of SFC is due to occupying a distinct niche compared to cytometry-

focused technologies that preceded it, namely CFC and MC.

Mass cytometry (MC), unlike CFC and SFC, relies on mAbs conjugated to rare heavy
metal isotopes (typically lanthamide series elements) normally not present in biological
systems. While the panel size can be scaled up to 50-70 markers, the use of rare earth
metals makes them subject to trade and political disagreements, and have driven the costs

up considerably.

Both CFC and SFC rely on fluorophores, molecules that absorb light at a lower
wavelengths/higher energy (i.e. excitation), and then release photons at longer
wavelengths/lower energy (i.e. emission) (40). Every fluorophore has a characteristic
excitation and emission pattern, which distinguishes them from each other (i.e. fluorescent
signature). These photons are captured by the detectors and are subsequently amplified
electronically on the basis of the instruments gain (i.e. voltage settings), with the total
signal originating from every cell being recorded (41). Through various methods, using
single-stained reference (or unmixing) controls, this total signal can be
deciphered/deconvoluted back into individual fluorophore contributions (42-45). This
allows inference for the individual cell regarding presence, absence, and relative abundance
of each fluorophore on otherwise morphologically identical cells. Since flow cytometers
can acquire tens of thousands of events per second, this approach permits quantitative

assessment of immune cell heterogeneity at the system level.
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CFC and SFC differ in how single-color reference controls are applied when deconvolving
total signal from the full-stained cell back into its individual fluorophore contributions. In
CFC, the number of detectors is limited, resulting in events being recorded for only narrow
segments of the fluorescent spectrum, typically where the signal is highest (brightest) (41,
44, 46). Measurements from the detector are consequently interpreted as originating from
that fluorophore. This results in a fluorophore being assigned to a designated detector. The
signal contributions from different fluorophores that also emit photons captured by each
specific detector (as characterized with the single-stained reference controls), are
systematically/mathematically subtracted (i.e. compensated). This approach, while
mathematically exact (42, 44, 45), limits fluorophore combinations that can be used in the
same panel. CFC panels consequently select fluorophores based on their peak emission

wavelength, and avoid fluorophores that share significant overlaps for these peaks.

In SFC, the detectors are set up in arrays that sequentially segment the spectrum by
wavelength, and enable recording full emission spectrum for all fluorophores (42, 45, 47).
These fluorescent fingerprints called signatures, are defined after subtracting out the
contribution of background cellular autofluorescence (typically median fluorescent
intensity values sourced from the unstained control) and incorporated together into a
reference matrix. This reference matrix is used to decompose the total signal recorded from
an individual stained cell into fractional abundances of individual fluorophore components
using linear algebra approaches (typically ordinary least square approximation). Thus, even
fluorophores with highly similar emissions for the peak detector region can be
discriminated against by differences elsewhere in their spectra. This allows combination

fluorophores in a similar panel compared to CFC, where fluorophores with near similar



peak emission spectra are incompatible. As a result, well-designed CFC panels are usually
between 10-20 fluorophores, while SFC panels can contain 35-45 fluorophores, which

approaches the marker coverage for MC panels.

Spectral flow cytometry, with its capacity to resolve more fluorophores than CFC and the
ability to rapidly acquire a far larger number of cellular events than MC, may enable a more
comprehensive phenotypic and functional analyses of rare cell populations and thus
provides a platform to deepen our understanding of ILT cell subsets at birth. However, as
a newly emergent technology, underappreciated technological hurdles may require novel

solutions in order to rigorously profile rare subsets.

In this dissertation, I aimed to characterize cord blood Innate-like T cells. We developed a
29-color SFC panel which includes lineage, activation, and differentiation markers as well
as cytokines, to analyze ILT cells in a cohort of Malawian infants, comparing neonates
born to mothers with and without HIV infection. We characterized the marker expression
profile of cord blood ILT cell subsets and assessed the production of cytokines following
short-term polyclonal stimulation. In the process, I developed novel R packages to address
underappreciated, yet key aspects related to the performance of unmixing, assessing
instrumental variation, and methods for semi-supervised analysis targeting rare cell
subsets. Utilizing the power of SFC at a level of detection not previously possible, we
observed modest differences in frequencies of rare immune cell subsets and cytokine
production between unexposed and HEU infants, as well as delineated general features of

ILT in neonates.



Chapter 2: Materials and Methods

Participant recruitment and study design

As part of an observational longitudinal cohort study designed to examine clinical and
immunologic impact of exposure to maternal HIV, pregnant women were recruited during
their first antenatal care visit at two health centers in Malawi, East Africa; the Ndirande
research clinic in Blantyre, an urban center, and the Bvumbwe Health center in Thyolo
district, a rural area. HIV prevalence during antenatal care (ANC) was estimated to be 12-
14% for both sites in 2023 (48). The study was approved by the Institutional Review Board
of the University of Maryland School of Medicine and the Research Ethics Committee of
the Kamuzu University of Health Sciences. Written informed consent was obtained from

participants before screening and study procedures.

Our cohorts were defined on the basis of maternal clinical ART history and HIV viral load
(VL), and stratified as follows: a) newborns of HIV uninfected women (HU); b) newborns
of women living with HIV who began ART before conception and had an undetectable VL
through pregnancy (HEU-lo); and c) newborns of women diagnosed with HIV infection
and high VL (>1x10* copies/ml) at >20 weeks of gestation (HEU-hi). Viral load was
determined for pregnant women at enrollment and repeated at delivery along with CD4
counts. Infants who were found to have developed HIV infection by nine months of age
were excluded from the study. Additionally, mothers and infants whose samples were used
for this study screened negative for potential infection/exposure during pregnancy to
malaria including Plasmodium falciparum, Syphilis (Treponema pallidum), SARS-COV-
2, Dengue (DENV), and Chikungunya (CHKYV) using dry blood spots and sera acquired

during pregnancy and at delivery. Screening for congenital Cytomegalovirus (CMV) was



also carried out retrospectively using neonate urine samples collected during the first two

weeks of life.

Sample collection and processing

All infant specimens collected for this study were obtained from uncomplicated term
pregnancies. After delivery, cord blood was collected in citrate phosphate dextrose via
puncture of the umbilical vein and was processed within 12 hours of acquisition utilizing
a Lymphoprep (STEMCELL Technologies, Vancouver, Canada) gradient. Cord blood
mononuclear cells (CBMC) were cryopreserved in freezing medium consisting of 90%
fetal bovine serum (FBS, Gemini Bio, Sacramento, CA, USA) and 10% Dimethyl sulfoxide
(Millipore Sigma, Burlington, MA)(49). Samples were stored in vapor phase of liquid

nitrogen until shipment to Baltimore, MD, USA for sample processing.

CBMC were thawed, treated with DNAse [ (STEMCELL Technologies, 1 mg/mL), and
resuspended in complete RPMI 1640 (Thermo-Fisher, Waltham, MA, USA). Cells were
stained with anti-CD45 and counted on a Guava easyCyte (Millipore Sigma) and the cell
numbers reported as the number of CD45+ events. CBMC were resuspended at 3x10°
cells/mL in complete medium and incubated for 6 hours with protein transport inhibitors
(Thermo-Fisher, Waltham, MA) or with Phorbol 12-myristate 13-acetate plus ionomycin
(PMA+ionomycin) plus protein transport inhibitors (eBioscience Cell Stimulation

Cocktail)(50). After incubation at 37°C, 5% CO?2 the cells were prepared for analysis.

Spectral flow cytometry analysis

After a 6-hour incubation, CBMC were stained with Zombie NIR viability dye (Biolegend)
for 15 minutes at RT in the dark, followed by a wash. Cells were sequentially stained with

cocktails of surface monoclonal antibodies (mAbs) specific for surface markers at specific
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temperatures (see below and Supplementary Table 1) with or without tetramers (hMR1 5-
OP-RU (MAIT), hCD1d PBS-57 (NKT) acquired from the NIH tetramer core, or their
respective controls (hMR1 6-FP and unloaded hCD1d tetramers)(12, 31, 51) with a wash
between steps. The first cocktail of mAbs (primarily against chemokine receptors,
Supplementary Table 1) was incubated at 37°C for 30 minutes, the second cocktail
(including tetramers) at room temperature (RT) for 40 minutes, the third cocktail (against
other surface markers) at 4°C for 30 minutes. Following the last incubation, CBMC were
treated with BD Pharm Lyse (BD Biosciences) for 3 minutes to lyse remaining red blood
cells (RBCs) and immediately washed after the treatment. The cells were then
fixed/permeabilized with Cytofix/Cytoperm (BD Biosciences), washed twice, and
incubated at RT for 40 minutes with a mix of antibodies specific for intracellular cytokines.
After washing, the samples were resuspended in 0.4% paraformaldehyde (PFA) and
immediately stored at 4°C. All experiments were acquired on a 5 laser Cytek Aurora (Cytek
Biosciences, Fremont, CA, USA) the following day, after instrumentation passed
automated quality control. The median number of viable lymphocytes that were acquired

for fully stained specimens was 6.8 x 10° cells [IQR 5.7 x 10°, 8.5 x 10°]).

For normalization purposes, each experiment included control peripheral blood
mononuclear cells (PBMC) obtained from a single healthy adult donor in a single blood
draw. Unmixing controls were pre-optimized following best practices (52-55). The choice
of CBMC or PBMC for specific unmixing controls was determined in advance, to ensure
that the median fluorescent intensity (MFI) of each single-color fluorophore was greater
than or equal to that of the fluorophore in the fully stained sample. The same mAbs were

used for the unmixing controls as for the respective fully stained panel. For each



experiment, the full set of unstained and single-color control specimens (3-5x10° cells per
control) were processed alongside the complete panel specimens. A backup set of single
color-unmixing controls using beads (eBiosciences UltraComp Beads Plus, Thermo-

Fisher) were processed as the other controls at the start of the experiment series.

Raw .fcs files for unstained and single-color unmixing controls were exported from
SpectroFlo (v3.3.0, Cytek Biosciences) to R (R Statistical Software v4.3.1; R Core Team
2023) to evaluate autofluorescence and tandem stability using our R package Luciernaga
(see Chapter 3). Unmixing controls exhibiting substantial signature variation across
experimental runs were flagged for scrutiny during the unmixing process and replaced as
necessary. Unmixing was carried out in SpectroFlo. The universal negative (unstained)
controls always matched the respective single-color unmixing controls and fully stained
specimens in terms of treatment and cell type. The general autofluorescence extract feature
was utilized for all samples. We evaluated unmixing by employing 1xN plots in both
SpectroFlo and R. When substantial unmixing errors were observed, we substituted
brighter single-color unmixing controls from a different experimental run as the main

method to resolve unmixing issues.

Conventional flow cytometry analysis

Cells from every study participant were stained with four separate CFC panels, each
consisting of 8—9 markers (Supplementary Table 2). Following fixable viability staining
with Zombie Aqua (Biolegend, San Diego, CA, USA) or Horizon 780 (BD Biosciences,
Franklin Lakes, NJ, USA), the CBMC were washed and incubated with a cocktail of
surface markers (Supplementary Table 2) for 20 minutes at 4°C. After RBC lysis,

streptavidin was added for 15 minutes at RT in the dark.
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For analysis of intracellular cytokines and cytotoxic effector molecules, the CBMC were
fixed/permeabilized using BD Cytofix/Cytoperm (BD Biosciences) and intracellularly
stained with an optimized panel of mAbs (Supplementary Table 2). Cells were resuspended
in 0.4% PFA fixation buffer and analyzed within 24 hours on a 4 laser LSR-II flow
cytometer (BD Biosciences). The median number of viable lymphocytes that were acquired

for fully stained specimens was 4.3 x 10° cells [IQR 3.0 x 10°, 5.0 x 10°]).

Cord Blood V82 T lymphocytes function after in vitro expansion

To assess V32 cytokine responses and degranulation after expansion, CBMC were cultured
in each of the following conditions: A) zoledronic acid monohydrate (ZOL, 0.5 uM,
Millipore Sigma) and human recombinant interleukin 2 (IL-2, 20 ng/mL, R&D Systems,
Minneapolis, Minnesota, USA); B) Bacillus Calmette-Guerin (BCG, Pasteur strain) at a
pre-optimized multiplicity of infection of one (kindly provided by Dr. R. Manganelli,
University of Padova) in the presence of IL-2 (20 ng/mL); and C) IL-2 alone as a negative
control. The samples were incubated for 17 days at 37°C with 5% CO, and fresh cytokine
was added every three days doubling the cell culture volume with fresh medium on days 7
and 10. On day 14, only 2 ng/mL of cytokine was added to rest the cells (56). On day 17,
the CBMC were counted on a Guava easyCyte (Millipore Sigma) and allocated either to
analysis of differentiation/activation post-expansion or restimulation to assess cytokine

production and granule mobilization via CFC.

Seventeen days after stimulation, the CBMC were restimulated with anti-yd T Cell
Receptor (TCR)(clone B1.1, Thermo Fisher Scientific) in 96-well plates coated overnight
at 4°C with anti-yd TCR (Clone B1, diluted 1:100 in PBS, 50 pl/well). The cells were

plated in triplicate (2x10° per well) in the presence of anti-CD107a AlexaFluor488 (clone
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H4A3), GolgiPlug (brefeldin A, 1:1000), and GolgiStop (monensin, 1:1500) (BD
Biosciences). Following a 6-hour incubation, the cells were collected and washed with cold
PBS, before being processed for CFC as detailed above. At least 1 x 10° lymphocytes were

acquired on a LSR II (BD Biosciences) analyzer the following day, as described above.

Supervised analysis

Following acquisition (for CFC) or unmixing (for SFC), fcs files were imported in FlowJo
(v10.10.0, Beckton-Dickinson subsidiary, Ashland, OR, USA). Samples were visualized
using the bi-exponential transformation, and a gating template was applied, with manual
adjustments to exclude doublets, cell debris, and dead cells. For SFC, events in the live cell
gate of each fully stained sample were exported as an individual file to a separate
workspace where another gating template for ILT and non-ILT cell subsets was applied
and adjusted (Supplementary Figure 1). V52 cells were gated as CD7+CD3+Vad2+ cells,
using the clone B6, which is likely to recognize the Vy9V62 TCR (57). MAITs were gated
as either CD7+CD3+CD161hiVa7.2+ or CD7+CD3+CD161hihMR1 5-OP-RU+ cells for
anti-TCR- or tetramer-based identification (2, 12, 51). NKTs were gated as
CD7+CD3+Va24Jal8+ or CD7+CD3+hCD1d PBS-57+ cells for anti-TCR- or tetramer-
based identification. For CFC, pre-acquisition compensation was generated with single
color controls and fine-tuned post-acquisition for individual specimens. A panel-specific
gating template was applied and adjusted as needed (Supplementary Figure 2). For both
methods, data including frequencies, MFI and counts was then exported as .csv files for

use in statistical analysis.
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Semi-supervised analysis

Events in the manually gated ILT sub-populations described above were imported from
FlowJo to R using the CytoML and flowWorkspace R packages (58). Samples were bi-
exponentially transformed, with quality control checks carried out on individual specimens
using the PeacoQC (59) and Luciernaga packages (see Chapter 3). Normalization was
conducted using either CytoNorm v2.0 or CyCombine packages (60-62), when required
based on visual screening for batch effects (due to instrumental variation or other causes).
The effect of normalization was visualized by plotting the data before and after
normalization for each specimen and cell subset in R. To profile ILT features ex-vivo and
explore the heterogeneity of cord blood ILT subsets, we implemented a semi-supervised
analytical approach validating unsupervised analysis by manual gating. Using the
interactive Shiny App in our R package Coereba (see Chapter 4), manually gated ILT cells
from each specimen were visualized as individual bivariate plots. Individual markers were
sequentially visualized across all specimens by switching the x-axis parameter while
keeping the y-axis parameter constant. Automated minimum-density gating from the
openCyto package (63) was used to estimate the split-point between positive and negative
events for each given marker and individual. These automated gates were visualized and
manually adjusted as needed through Coereba’s RShiny application. The MFI values
corresponding to these individualized split-point gates were then exported to a .csv file.
The final gate placement for each given marker and individual was validated via their

visualization on a 1xN plot using the Luciernaga package.

Following split-point validation, an identity column was generated with Coereba for each

cell within an individual specimen, classifying the cells by the expression of their markers.
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The frequency of positive cells was defined for each marker in every donor by the location
of the relative split point. The identity column, alongside metadata corresponding to the
individual specimen and treatment, was then appended as new columns in the .fcs file.
After this process, all the cells originally identified as specific ILT subsets by manual gates
across all individual samples were concatenated in a single .fcs file for each of the two
treatments (PMA-+ionomycin or unstimulated control). Each concatenated file was
imported into FlowJo for dimensionality visualization using the Pairwise Controlled
Manifold Approximation (PaCMAP) plugin (64). Markers that had been used to exclude
events in the manual gating strategy, or were not expressed after a specific treatment, were
not included as parameters to run the PACMAP. Additionally, we ran other dimensionality
visualization methods (tSNE, UMAP and PHATE (65-67)) to compare the output across

algorithms (Supplementary Figure 4).

We manually gated clusters of the resulting PaCMAP on the basis of cell density
distribution and marker expression, separating out distinct islands and peninsulas of cells
from cells that aggregated on basis of separate markers. An individual .fcs file was
generated for each cluster within the visualization and brought into R using the CytoML
package. Coereba was then used to retrieve and reassemble the stored metadata for
individual cells into a “tidy” format (68), allowing calculation of the frequency of cells
derived from each individual across the various clusters. Using the stored manually
annotated gating information, we calculated median expression frequency for every marker
across all individuals in each manually identified cell subset or PaCMAP cluster.
Expression levels were summarized as beeswarm plots or heatmaps using the Coereba and

gt packages. The heatmaps use a combination of colors and symbols to display, for each
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marker, the median of individual frequencies of positive cells, across ILT clusters. For this
study, within the text we defined the analysis of manually gated ILT subsets as “global”,
and that of PACMAP-visualized ILT clusters as “local”. Finally, we brought into the R
workspace the manually gated ILT subsets and generated co-expression matrices for the

individual markers using the CytoGLMM package (69).

Statistical analyses

All analyses were performed using R Statistical Software (v4.3.1). For null hypothesis
significance testing (NHST), a p-value < 0.05 was considered significant. We assessed
normality using D’Agostino Omnibus K2 test (implemented in fBasics R package),
visually inspecting the distributions with histogram and Quantile-Quantile plots. Where
needed, we compared potential differences in the variance of distributions between
exposure groups using the Bartlett’s test. Continuous variables in the text are presented as
medians for proportions of positive cells in the parent gate, followed by interquartile ranges
(e.g., X[Y,Z]). Pairwise comparison of means or median frequencies were conducted using
a two-tailed student’s t-test or a Wilcox non-parametric test for normal or non-normal
distributions respectively. For comparisons between three groups, we employed either a
One-Way Anova (Type II) or a Kruskal-Wallis test for normal and non-normal
distributions, respectively. P-values were adjusted for multiple comparisons using
Benjamin Hochberg correction. To assess whether sex-specific differences were
independent of HIV/ART exposure status, we fitted two Generalized Linear Models with
the stats package using the following formulas: 1) ~ Infant sex + HIV/ART exposure group,
where HIV/ART exposure group was a factor with 3 variables (HU, HEU-lo, HEU-hi); and

2) ~ Infant sex + HIV/ART exposure group + Infant sex *HIV/ART exposure.
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Chapter 3: Luciernaga

Introduction

In cord blood, innate-like T cells (ILT) are found at low frequencies, with a prevalence of
<0.5% of T cells (6, 7, 50). After activation, ILT produce Thl-like cytokines. Additional
information about these rare cell populations during homeostasis or following infection is
limited due to several factors. Identifying ILT populations requires numerous markers
which limit the platforms upon which they can be measured (2, 4, 70). The limited
availability of biospecimen in clinical settings further hinders the ability to thoroughly
characterize these cells via a CFC panel. While MC panels can accommodate numerous
markers, the low acquisition rate and the rarity of cord blood ILT requires considerable
acquisition time per specimen to accumulate enough events to properly characterize these

cell populations.

In contrast, the SFC platform, occupying a distinct niche compared to other cytometry-
focused technologies, can be particularly suitable for characterizing rare cell populations
(38, 47). Its use of the full emission spectrum allows for the incorporation of additional
markers compared to CFC (Figure 1A), while the rapid acquisition rate enables the accrual
of enough events in a few minutes, ensuring statistically meaningful analysis (40). This
may enable the interrogation of previously unexplored heterogeneity in these rare cell
populations. However, to fully leverage the SFC potential for biological discovery,

addressing and resolving several technology specific challenges is fundamental.
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Figure 1: Conventional and Spectral Flow Cytometry. Normalized fluorescent
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representative of what is found on the full-stained cells.

17



The quality of the final unmixed SFC data depends on the quality of the relative unmixing
controls (both single color and unstained)(42, 44, 71). Unmixing controls are critical for
the deconvolution of total SFC signals into the respective fluorophore abundances, as their
individual signatures provision the reference matrix (42, 44). For each single-color
reference control, following autofluorescence subtraction, the remaining MFI values for
each detector are presumed to have originated from the fluorophore. These values are used
to distinguish the fluorescent signature of one fluorophore from that of others within the
reference matrix (42, 43). As individual fully-stained cells are unmixed, these normalized
single-color signatures are referenced to approximate the presence and abundance of
respective fluorophores on the full-stained cell (Figure 1B)(42, 43). Consequently,
anything that affects the values of the signatures within the matrix, can result in attribution
errors and unmixing results not reflective of the true abundance of a fluorophore (Figure
1C). Despite their critical importance, limited tools exist to profile the fluorescent
signatures used in the matrix. This is particularly problematic given that there are several

common causes known to lead to inaccurate fluorescent signatures.

Fluorescent-conjugated mAbs are subject to physical and biological forces that may affect
their fluorescence (40). Reactive oxygen species (ROS) produced by cells under different
circumstances can degrade the fluorophores (72). This can decrease the overall signal
contribution from particular segments of the light spectrum, altering the final normalized
signature. Additionally, tandem fluorophores have potential to degrade back into their
respective components, resulting in an underestimation of their own abundance, while
inflating that of the parent fluorophore (73). This can amplify the spectral similarity to the

other fluorophores, and results in increased uncertainty, and decreased resolution (42, 44).
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Low-level fluorophore signal due to reasons other than antigen-specific binding of mAbs
(e.g. Fc receptor capture, phagocytosis of PE and APC, or general stickiness) can impart a
dim “positive” signal to cells that should have be interpreted as “negative” for a marker
(40). This increased spreading of the negative population signal, and loss of resolution
between the truly positive and negative population, further complicates the discrimination
of dimly positive cell subsets from negative cells with high background (74). Similarly, it
limits our ability to utilize internal unstained autofluorescence negatives for unmixing,

creating a dependence on a universal unstained control.
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To identify the real signature of each fluorophore, an averaged autofluorescence signal has
to be subtracted from the signal of every single color control (42). The inherent assumption
is that the cells share a homogenous autofluorescence matching the signature in the single-

color controls.

While often the case for peripheral blood, this differs in tissues, or cells that are activated.
Autofluorescence of individual cells is driven by the expression of a mix of biological
molecules (ranging from amino acids like tryptophan, to intermediates like NADPH, cyclic
molecules, and actin) (75, 76). A shared autofluorescence signature is the background
signal of cells that share relative proportions of these intracellular autofluorescent
molecules (74). However, an increased expression of one autofluorescent molecule, or the
production of a novel autofluorescent molecule with a different emission pattern has the
potential to drive the appearance of additional discernable signature(s). Such a signature
would be unaccounted for within the unmixing matrix if relying on the “average signature”.
The reference matrix is consequently incomplete, with the additional signal being
misattributed to other fluorophores, introducing unmixing errors (characteristically defined
by distorted appearance and extreme negative values) (43, 77). (Figure 2A, B). Likewise,
if an additional autofluorescent signature is included in a matrix when it is not present, it
can hamper resolution (75, 76). There is currently no systematic way to decide whether an
autofluorescence signature is similar enough to the average to be treated as the average, or
whether it should be treated as a distinct autofluorescence signature and included in the

reference matrix.

Given the critical role unmixing controls (both single-color and unstained) play in the

deconvolution of fluorescence signals from mAb-stained samples, and the myriads of ways
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they can wind up distorted by experimental conditions, the limited existence of tools to
screen SFC unmixing controls for the aforementioned issues represents a significant
technical challenge. Consequently, there is a need for additional tools to prevent these

unmixing errors in SFC.

Commercially available unmixing software is slow to adopt best practices on their
platforms. Pre-unmixing, spectrum plots display raw fluorescence signals of acquired cells.
This enables the observation of major changes to the signature across the entire cell
population, although the applied density function often hides less prevalent variant
signatures. After unmixing, use of 1xN plots can be used to visually screen for the presence

of unmixing errors (53, 71).

While community guidelines exist to identify and mitigate unmixing issues,
implementation remains laborious. In medium to large SFC panels, with a greater number
of tandem fluorophores, and significant inter- and intra-laser spreading between the
fluorophores, deciphering the factors driving the identified unmixing issues can be
exceedingly difficult to determine, as misattribution of photons has a domino effect,

impacting the unmixing of multiple fluorophores(43).

Existing free and open-source software (FOSS) packages for quality control of flow
cytometry files (including the Bioconductor packages PeacoQC, FlowCut, FlowClean,
FlowAl) are primarily focused on identifying instrumental issues arising from fluidic or
laser fluctuations across instrumental platforms (55, 59, 78-80). They accomplish this by
monitoring cytometer event acquisition rate, and change in MFI-brightness for individual
fluorophores across time. These tools would not detect altered fluorophore signatures in an

individual experiment or an experimental series. Similarly, normalization software
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packages (like CytoNorm and CyCombine) are capable of detecting and correcting batch
effects by examining variation of marker expression in controls, and applying corrections
to normalize to the desired distribution (60-62). These apply a broadly corrective force at
the population level. However, is not well characterized whether these broad corrections
based on more prevalent cell populations are appropriate when applied to both rare cell
populations with unique marker expression patterns; and cells where unmixing-dependent

spread (UDS) resulted in less-than-ideal unmixing (43, 77).

I therefore set out to develop software tools suitable for SFC, to profile all fluorescent
signatures present in unmixing controls in an automated manner. By enumerating these
outputs, I seek to screen for quality issues in unmixing controls (both single color and
unstained), to allow for systematic and accurate identification of unmixing issues in full-

stained samples, and to generate testable hypotheses to solve them prior to unmixing.

Results

Working in the programming language R, I set out to build code functions to return the
averaged raw MFI across all detectors for a given gated population of cells (Figure 3A).
Following the identification of the detector with the brightest MFI, values of all the other
detectors were divided by it (i.e. normalized), resulting in values ranging from 0 to 1
(Figure 3B). The final results were then plotted, returning raw or normalized average

fluorescent signatures of a cell population.
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Figure 3: Raw and Normalized Signatures. Line plots depict averaged fluorescent
signature of several cell populations defined by FSC and SSC. Depicted are A) the raw
fluorescent signatures, that differ in terms of brightness, and B) the normalized

fluorescent signature.

For single-color unmixing controls, the MFI values for each detector of both positive and
negative gated populations are calculated, the background is then subtracted, normalized,
and the fluorophore’s fluorescent signature plotted. Averaging fluorescent signature at the

population level, however, risks “averaging out” any variant signatures that may be present.

Starting with unstained samples, I modified the existing signature return function to work
at the level of individual cells, generating individually normalized values across all
detectors for each cell. I then attempted to group the cells based upon shared
autofluorescent signatures. However, even with samples of 3 million CBMCs, stochastic
noise across 64 detector columns resulted in an enormous quantity of potential

combinations. Despite binning individual detector measurements based on percentiles (in
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increments of either 20 or 50), few cells ended up clustering together when all 64-detector
channels were used. With most fluorophores being defined by characteristic peaks, I
created a mechanism to agnostically identify these peaks within an individual fluorescent
signature, and use them for clustering signatures of individual cells. This approach
prioritizes the peak detectors that form the majority of the area-under-the-curve results, and

reduces the impact of noise from regions that contribute little to the overall signature.

I implemented an approach to identify local minima and local maxima within fluorescent
signatures, by applying a rolling criterion. For all identified maxima, peaks meeting a
certain height were returned and their corresponding detector values were subsequently
used for clustering. Normalized signatures of individual cells could therefore be classified
based on location and height of their peaks. Working with 10% bins, identifiable groupings
for unstained cells, and fluorophores with up to 5 peaks (the vast majority of fluorophores)
were returned. Having enabled identification of cells on the basis of shared autofluorescent
peaks within a pre-defined height limit, I set up a function to extract these clusters of cells
with shared signatures from their original .fcs file and store them as unique secondary .fcs
files. By ensuring keywords were retained, the purified signature .fcs files were recognized
by commercial software and could be used for unmixing (81-83). In parallel, clusters could

be described by counts and ratios for use in exploratory data analysis and reports.

These tools were then adapted for use with single-color controls, starting with an externally
provided autofluorescence signature derived from an unstained control for use in
background subtraction. Subsequently, I derived a method to safely utilize internal
autofluorescence from the same single-color control, using cells with peaks equivalent to

primary autofluorescence, and selecting for those with minimal contribution to the
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respective fluorophore’s primary detector. Upon cross-validation, the signatures generated
using the external and internal autofluorescence overwhelmingly matched, with a couple
notable exceptions. Namely, cases like CD45 (a uniform positive expression with negative
cells being completely mismatched autofluorescence) and viability dyes (with a high

degree of positive signal), required the use of an external autofluorescence (71).

I then sought to verify that the returned signatures matched those published by the
instrument and antibody vendors, by securing a collection of reference signatures for
individually chosen fluorophores. With access to these signatures, I wrote code functions
to enable comparison of the fluorophore signatures, utilizing metrics including cosine
(similarity matrix), kappa (complexity index), and collinearity (unmixing dependent-
spread) (77). I then compared signatures isolated from my individual unmixing controls
with those of the vendor to evaluate their similarity. These closely matched when the

community-defined proper unmixing guidelines were followed.

After generating automated return of fluorescent signatures for both single-color and
unstained unmixing controls, I proceeded to ascertain the effectiveness of detection of
variant signatures in an automated fashion. Across the board, for the single-colors, the
script quickly identified both mislabeled and accidentally contaminated antibodies (1%
APC-Fire750, 99% APC-Fire 810, likely resulting from accidental pipette-tip reuse), and
unmixing controls where the tandem fluorophores were beginning to decouple. Notably, I
was also able to correlate the unusual overly-corrective normalization patterns carried out
by CytoNorm version 2 with the breakdown of the tandem APC-Fire 8§10 into APC for

specific experimental days.
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When signatures acquired across different experimental days were plotted together, it
allowed for the visualization of changes in autofluorescence arising from experimental
processing delays. These plots enabled rapid screening of fluorophore performance across
an entire experimental series for unmixing issues, with the processing subsequently
automated to return results for all fluorophores as a pdf report. By implementing
adjustments for the ratio threshold, we further defined the amount of acceptable signature
noise for a given specimen. Strikingly, differences in unstained signatures for individual
specimens were noted, allowing for the rapid identification of individual specimens where
multiple autofluorescent signatures were present. One discernable pattern was a difference

in the height of secondary and tertiary autofluorescence peaks between CBMC and PBMC.

Having established a way to identify specimens containing more than one autofluorescence
signature, I sought to understand when autofluorescence signatures are different enough to
trigger unmixing issues, particularly those noticeable on 1xN plots against fluorophores
that resemble autofluorescence (BUV496, BV510, Spark Blue 550, etc.) (75). For CBMC,
within which autofluorescence is homogeneous for most samples, when a primary peak
was shared, the presence of secondary, unaccounted for autofluorescences with variation
of the second and third peaks heights by up to 30% compared to that represented by the
autofluorescence signature in the unmixing matrix resulted did not impact the unmixing

within our panel.

By contrast, presence of secondary, unaccounted for autofluorescences with different
primary peaks than that represented by the autofluorescence signature in the unmixing
matrix resulted in an obvious unmixing error (Figure 2A, B). This occurred even if the

secondary autofluorescence was rare (<0.5%). Most secondary autofluorescence causing
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unmixing errors were characterized by a primary peak in the UV7 (rather than in the V7

detector).

I then set out to understand the interplay between signal brightness and signature. Utilizing
a single-color control, gated on the positive peak, I subdivided the peak into percentile bins
(increments of 10), and extracted all the individually normalized signatures identified
within each bin (Figure 4 A,B). For antigen-fluorophores combinations that resulted in a
bright MFI, minimal difference in signature were present, with one or two signatures being

returned from each bin (Figure 4C).
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Figure 4: Leftover autofluorescence contamination has greater impact on cells with
dimmer signal. Single-color stained unmixing controls for CD38 APC-Fire 810 (top) and
CCR4 BUV615 (bottom) were gated for positive staining cells. Cells were then split into
10 percentile bins. Average normalized signatures for cells present in each bin were
derived. Depicted are A) Percentile bins within along the positive gated cells. B)
Normalized fluorescent signature within each bin, and C) Comparison of the average
normalized fluorescent signature for positive cells (red) compared to the percentile bin

signatures (gray) (D-F).
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In contrast, antigen-fluorophores combinations that resulted in a dim MFI (and were not
fully separated from the negatively stained cells) had substantially more normalized
signatures retrieved across percentile bins (Figure 4D). These signatures, when plotted,
showed consistent fluorescent signatures for the fluorophore, but with a step ladder
appearance to additional peaks coinciding with the main autofluorescence peak detectors
(Figure 4E, F). We determined that due to the variation in autofluorescence present in
individual cells at those detectors, subtraction of an averaged autofluorescence calculated
from the unstained control left a discrepancy, with cells that were under or over-extracted,
resulting in a step-ladder appearance. Within dimmer antigen-fluorophores combinations,
this residual autofluorescence contribution made up substantially more area-under-the-
curve than it did for brighter antigen-fluorophores combinations, leading to increased
impact on the overall fluorophore signature. When the fluorophore signatures containing
autofluorescence contamination were used in unmixing, the increase overlap/collinearity
resulted in unmixing issues. By identifying the issue, preparing PE-Cy5 CD25 and
BUV615 CCR4 single color controls with beads instead of cells substantially improved

unmixing results as the residual autofluorescence contamination was eliminated.

The development and optimization of quality control application for unmixing controls
allowed for a pipeline by which any acquired SFC experiment folder in raw format can be
screened. This was further expanded into an automated system to screen all acquired
reference controls on the flow core’s spectral instruments to preemptively identify
unmixing issues, forming an early warning system before users identified issues within

individual panels. Finally, these tools were incorporated into our Luciernaga R package,
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that is now available as a developmental package release via GitHub while undergoing

submission to Bioconductor.

Discussion

I set out to develop a collection of automated tools to enable the identification of low-
quality unmixing controls (unstained and single color) which result in inaccurate unmixing.
This work led to the creation of an R package, Luciernaga. Unlike traditional approaches
focused on fluorescent signatures at a population level (75, 76), Luciernaga operates at the
individual cell level. Within unstained controls, normalized signatures are clustered based
on the shared peak detectors and height. The majority of cells within our CBMC unstained
samples share similar fluorescent peaks. Through iterative unmixing, we showed that cells
sharing a common primary peak detector, allow for autofluorescence variance by up to

30% in the second and third peaks with similar unmixing results.

In contrast, unstained cells that possessed different primary peaks resulted in obvious
unmixing errors, even when these cells had a low relative abundance. This was driven by
unmixing occurring at the level of the individual cell, resulting in the matrix requiring both
autofluorescence signatures to properly unmix both populations. While clearly beneficial
for the resolution of the autofluorescence-similar fluorophores, the incorporation of these
additional autofluorescence signatures did not significantly impact the resolution for any

other fluorophore, despite increase in collinearity in our panel.

This was striking and emphasizes the need to acquire sufficient unstained cells to enable
identification of rare autofluorescent signatures. It also serves to define the extent that
divergent signatures can deviate before unmixing errors arise. As current commercial

software approaches focus on manually identifying separate autofluorescence signatures
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based on the primary peak-emission detector and a cosine value (75, 76), implementation
of automated return of isolated autofluorescence signatures with our selection criteria could
render the process more accurate and result in improved data quality. This would especially
be useful for the unmixing of cryopreserved longitudinal clinical specimens where

processing was suboptimal, and additional autofluorescence signatures that may be present.

Our approach could similarly be applied to single-color controls, where we illustrated why
some of the community best-practice guidelines work mechanistically. Pools of bright
staining cells contained relatively few individual normalized signatures, however, these
signatures become more abundant in dimmer staining cells. These bright staining cells, in
terms of MFI are driven by antigen abundance on the surface of a cell, and the photon
emission of the respective fluorophore. As a fluorophore-conjugated antibody binds and
accumulates on the cell surface, the signal of the fluorophore eventually matches that of
the autofluorescence, and both are co-designated as primary detector on the resulting
signature. As more mAb binds, the raw MFI height of the primary peak increases, while
that of the autofluorescence remains the same. At a certain point, the variation in
autofluorescence after subtraction contributes little to the overall normalized fluorescent

signature.

By contrast, with dimly staining fluorophore-antigen combinations, while the tipping point
where mAb binding to surface antigen emits a brighter signal than autofluorescence is
reached, the primary fluorophore peak never becomes bright enough to render the
autofluorescence contribution inconsequential. Therefore, inherent variation of
autofluorescence at the cellular level that remains following background autofluorescence

subtraction distorts the normalized signature. For the dimmer staining cells, residual
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autofluorescence after subtraction therefore contaminates the overall fluorescent signature,
increasing collinearity and contributing to unmixing errors. By replacing these dimly
staining cell signatures with bead controls, the unmixing outcomes significantly improved,
as the fluorescence signature was more accurately captured, and free of additional peaks

resulting from autofluorescence contamination.

This highlights why researchers taking a binary stance on whether to use beads or cells for
the whole panel is not advisable. While our own preference has been to use cells, in this
case we encountered a previously unappreciated situation not covered in the best
community practice guidelines or peer-reviewed literature that highlights the need to use

beads for specific marker/fluorophore combinations.

Additionally, we were able to characterize signatures arising from non-specific staining,
hungry monocytes, and tandem degradation. Notably, in the context of the cord blood ILT
panel, we were able to pinpoint cases where APC-Fire 810 degraded into respective
components, resulting in single-color controls containing both APC and APC-Fire §10.
The ensuing “single-color” control showed increased collinearity and cosine similarity
with the APC control, sparking unintended consequences and inaccurate data output. One
of the first applications of the Luciernaga R package was visualization of fluorescent
signatures across an entire experimental series. This resulted in rapid identification of

isolated contaminated antibodies resulting from pipetting mishaps.

Being able to pre-screen for contaminated or degraded antibody vials is an invaluable and
cost-saving tool, given that a single contaminated or degraded vial of antibody added to an
antibody-cocktail could severely reduce the overall resolution and accuracy of cell

population staining. Being able to proactively spot and replace these vials can therefore
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avoid the need to repeat experiments, repurchase antibodies for an entire panel, and repeat

time-consuming analysis hours.

Luciernaga provides an additional tool application to the family of flow cytometry R
packages. The ability to package cells within secondary, fully compliant .fcs files that
consist of single purified signatures has enabled deeper understanding the impact of
parameters within the unmixing process. While still in a developmental phase, with
incorporation of additional documentation and validation the package will be ready for
Bioconductor submission, as a useful tool in the computational cytometry toolbox,
allowing for improved unmixing results, and increased confidence in the underlying data

interpretation.
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Chapter 4: Coereba

Introduction

Due to technological limitations which previously prevented deep interrogation of rare cell
populations, little is known about cord blood ILTs in humans. Constraints for ILT detection
with CFC or MC include the fact that numerous markers are required in their identification,
cord blood ILTs are found at low frequencies (< 1% of T cells), and limited biospecimen
quantity can be drawn from a neonate, reducing the number of cells available for analyses.
SFC allows the characterization of these rare cell subsets, however, in doing so, millions
of non-target cells are also acquired, generating an enormous quantity of data. Given the
rarity of our target cell populations of interest, existing unsupervised algorithmic
approaches cannot be directly employed. To address this analytical gap, I created an R
package, Coereba, which enables a semi-supervised analysis thoroughly profiling the high-
dimensional space, permitting simultaneous characterization of the rare cell subsets of
interest, and all cell populations present in each sample. To this end, additional challenges
beyond those associated with the unmixing process detailed extensively in Chapter 3
needed to be addressed. Given the novelty of our approach and complexity of the topic, the

rationale is provided to contextualize the steps implemented by our algorithm.

Following unmixing, data corresponding to the acquired cells is stored as a Flow
Cytometry Standard (FCS) file (81, 82). Within these .fcs files, structured data from each
cell is stored within a table as a row, with each column corresponding to the calculated
unmixed abundances for each fluorophore (82, 83). Traditionally, supervised (manual)
analysis is utilized to explore flow cytometry data, typically mediated through commercial

software (commonly FlowJo or FCSExpress) by use of a graphical user interface (GUI).
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Once a cell population of interest is identified, a polygon gate is drawn, and cells falling
within the gate are selected (filtered) for analysis and can subsequently be gated for
additional marker combinations. The end result of the supervised analysis is a series of

hierarchical gates that focus from all events down to specific cell populations of interest

(55, 84).

SFC can profile more markers than CFC and acquire far more events per minute than MC,
thus generating larger .fcs files. From a technical perspective, despite the increase in file
size, the supervised analysis of individual SFC .fcs files does not change substantially (52,
55). However, when considering larger data sets, with multiple conditions, individuals,
timepoints and experiments, available rapid access memory (RAM) can quickly be
exhausted. A common workaround for these size-related problems is to export cells within
a specific node to a new .fcs file containing only the population of interest. This permits
supervised analysis of that cell population, but restricts the ability to simultaneously

characterize other cell subsets (53, 71).

In SFC, a far more substantial barrier for the traditional supervised analytical approach is
the impracticality of exploring a high-dimensional space defined by the many markers in a
panel with iterations of bidimensional plots (84-86). Given a PBMC sample, when no
fluorophores are added, the only distinguishing features on a flow cytometer are
morphological parameters, namely size (Forward Scatter, FSC), and granularity (Side
Scatter, SSC). While we can identify specific lymphocyte and myeloid subsets within the
low-dimensional space defined by FSC and SSC, we are unable to identify additional cell
populations that may be present. The two identified cell populations consequently appear

as homogenous groups (clusters), and any potential heterogeneity is not exposed.
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Figure 5: Defining a Cluster Depicted is A) Graphical depiction of how a cell cluster

can be defined. B) Graphical illustration of Coereba ClusterID concept.

As fluorophore-conjugated mAbs are added to “stain” the cells, additional heterogeneity
in the perceived uniform cell population is revealed as the dimensional space grows,
revealing the major immunological cell populations (B cells, T cells, NK cells, etc.) (Figure
5A). Incorporating additional markers may define differentiation and activation states.
These cell populations, as defined by the markers within a given panel, are targets of

analysis to determine differences in frequency (abundance) or marker expression.

While technological limit or cost may dictate the panel size, and therefore the limit of
number of clusters identifiable, the cell subset heterogeneity goes beyond these limits, as
incorporating additional markers could further subdivide clusters, creating numerous
smaller subsets. The theoretical limit of subdivision is reached when there are as many

clusters as cells in the samples, with each cluster containing a single cell (Figure 5A).
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Before this point, there exists a stage where all cells in a cluster share marker expression
with each other (Figure 5B). If every marker defines cells that are positive or negative, we
can estimate the theoretical number of clusters for a given panel as 2", with n being the

number of markers/parameters present.

For a CFC panel with 9 markers, the theoretical upper number of clusters is 512. Utilizing
traditional supervised analysis, also known as manual gating, exploring this dimensional
space while time consuming is achievable. By contrast, the theoretical upper number of
clusters for SFC (and also MC) panels with 40 or more markers approaches 500 billion.
The sheer number of potential subpopulations spread out over the high-dimensional space
defined by the markers vastly exceeds the ability to manually gate within an individual file
(55, 84, 86). Consequently, if the goal is to characterize every cell population within the

sample, SFC (and MC) require leveraging methods beyond manual gating.

While the number of markers may define the expanse of high-dimensional space, they do
not inform us how clusters within this space are distributed, which can impact the
effectiveness of various unsupervised analytical methods. If cells were to split evenly into
clusters for every additional marked included, these cell clusters would be uniformly
distributed across the high-dimensional space. However, a 3x10° CBMC sample stained
with a 40-marker panel would end up with terminal clusters containing only single cells
after grouping on the basis of only 12 markers (occupancy threshold). No further clusters
would be defined by the remaining 28 markers. The cluster distribution would therefore be
theoretically constrained, and the distance between clusters would be mainly dictated by

the choice of first selected markers.

38



The theoretical occupancy threshold does not actually exist in biological reality, as cell
clusters do not split on an even distribution as additional markers are added. Many cell
markers are co-expressed on the basis of cell type, with networks of shared markers being
what helps define a cell population (87). Within these co-segregating clusters, redundancy
is present, so clustering on an additional marker that is already uniformly expressed by the
clustered cells does not result in another division (69). Similarly, cell density is not
uniformly distributed across clusters. Cells divide, giving rise to daughter cells (clones)

that mostly share marker expression of the original cell that underwent expansion.

Because of these factors, while the maximum dimensionality of the analytical space is
defined by the panel markers, this space is sparsely occupied (84-86). Cell density is
distributed unevenly within particular clusters, based on the starting abundance and
heterogeneity of the major cell populations in relation to the markers present in the panel.
The distance between individual clusters in turn is dictated by differences in marker

expression.

While different cell lineages will cluster far apart, clusters of cells with similar marker
expressions will be in the same vicinity of high-dimensional space. These separate clusters
often arise as the immune system responds to infection, with cells altering their expression
of markers resulting in a new cluster that is separate from the original. Similarly, variation
from the parent cluster can also arise from distortions introduced by experimental
processing, or inaccuracy in the unmixing matrix, when a marker expression ends up

misclassified.

Examining clusters at this local level illustrates differences between MC and SFC data, due

to the number of acquired cells. While the extent of high-dimensional space and the reality
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of the underlying biological heterogeneity within do not change, acquiring 10000 cells, or
10 million cells will impact the resolution of data visualization. MC, with fewer input cells
cannot capture the rarer heterogenous clusters, resulting in greater distance between the
detectable clusters present, potentially explaining some of the disparate algorithmic results

compared to SFC, where these local environs have more adjacent clusters.

Within these contours, unsupervised analytical algorithms attempt to parse the high-
dimensional space and delineate separate clusters based on various metrics. The FlowSOM
package is emblematic of this approach, and employs self-organizing maps for
unsupervised clustering within R (88, 89). This clustering can also be leveraged by the
PeacoQC package to detect QC issues, and CytoNorm to correct batch effects by
normalization (59, 61, 62). Beyond FlowSOM, other unsupervised algorithms using
different approaches exist, typically implemented as free-and-open-source software
(FOSS) R packages (90, 91). Bioconductor serves as the main repository, enforcing
common standards for documentation, infrastructure interoperability, and continuous

testing to ensure the packages remain functional (92).

For major cell types, located far apart in high-dimensional space, in terms of marker
expression, the existing unsupervised algorithms often faithfully replicate supervised
gating results (55, 84, 93). However, when attempting to delineate cell populations with
high degree of co-expression, algorithms often fail to meaningfully represent the
underlying cell population, returning too few clusters (i.e. different cell subsets being
aggregated together) or too many clusters (i.e. splitting cells into biologically irrelevant

populations)(84, 94).
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These outcomes can be attributed to metrics used by the algorithms being inaccurate when
it comes to discerning separate clusters of cells with similar expression profiles (i.e. those
in local proximity). Our ability to refine the metrics to account for this disparity and
improve interpretation of the analogous unsupervised clusters is hampered by the fields
inability to concisely answer a more fundamentally biological question. Namely, in these
local high-dimensional environments, what defines a distinct cell population? (Figure 5A).
Do we define two clusters when they differ by one marker? Multiple markers? Or is it

marker dependent?

Existing unsupervised algorithms attempt to address this separation by defaulting to
various metric cutoffs, including Jaccard distance in the Phenograph algorithm, or meta
clustering in FlowSOM (89, 90). The potential reasons for this local mis-clustering, include
the fact that not all cell markers display segregating behavior, with some markers being
shared across cell types. Likewise, some markers do not clearly delineate a positive or a
negative population but display gradient expression levels (40). Additionally, since the
metrics rely on the underlying MFI value, they can encounter issues in SFC due to
unmixing errors and unmixing-dependent spreading (UDS) which affect both the scale and
the range of the signal and muddle the identification of positive and negative populations
(43, 77). This results in susceptibility to batch effects, which unless corrected, can lead to

technical noise being misinterpreted as biological data (52, 55, 93).

Given the difficulty in fine-tuning algorithm parameters to get unsupervised clusters to
reflect the underlying biology, a proposed scalable alternative to a fully unsupervised
analytical approach relies on automated gating methods to implement a minimally

supervised gating intervention (63, 84, 95, 96). The methodology scales well, but the
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maintenance of the FOSS version of the R packages has dropped off substantially after
commercialization of the approach (Ozette Technologies, Seattle, WA). While large gating
schemas are implementable, there is no efficient way to terminally gate to the point where

every cluster only contains cells sharing marker expression.

Given the complexities in the two competing approaches, there is a need for a semi-
supervised analytical approach capable of working with the complexity and idiosyncrasies
of SFC data, merging the biological interpretability of automated gating, with the
scalability of unsupervised clustering. This would enable profiling rare cell populations

without discarding information about other cell populations in the sample.

To fill these unmet analytical needs, I developed a computational tool, Coereba, to use SFC
data for the assessment of rare cell populations, tying into existing Bioconductor
infrastructure, and allowing incorporation of metadata and gating information for statistical

interrogation in downstream analysis.

Results

The first step in developing a computational tool to enable semi-supervised analysis was
to develop a function in R to determine, for each marker whether the fluorescence signal
was above or below a reference splitpoint. A splitpoint is defined by a fluorescence value
that enables the classification of cells as negative (for values below the threshold) or
positive (for values above the threshold) for a single marker/fluorophore. The dichotomous
classifications for each marker was then stored in a single new column (CoerebalD). This
identity column could then be used to cluster all cells in the sample on the basis of a shared

definition, and enumerate the number of cells present within these clusters.
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I next set out to enable individual split-point adjustments for different specimens, to better
account for batch effects or differential unmixing accuracy. I modified the function to
retrieve splitpoints based on specimen and marker identities from a .csv file. I then altered
the existing Luciernaga R package plotting functions to incorporate a vertical line at the

designated split point location to visualize whether the location was appropriate.

Next, being able to visualize all the original designated splitpoints for visual inspection, I
implemented an openCyto automated gating method to calculate the split point for each
marker (and specimen) by the minimum density method (63). I also integrated the ability
to set gate ranges to correct the split-point position when the automated results were
obviously inaccurate, which constrained the region where the minimum density algorithm

could function.

Given the time-consuming nature of adjusting splitpoints for individual specimens and
markers by editing a .csv file, I created a RShiny app to visualize the plots in an interactive
manner. By adding JSON code, I could manually adjust the location of the splitpoint for
individual markers (and specimen) by clicking a location on a plot to save the
corresponding coordinate on the x axis as the corrected location of the splitpoint. These
coordinates could then be merged with the existing .csv file to update the splitpoints being

applied.

Having the ability to calculate, validate and adjust individualized splitpoints, I leveraged
CytoML to import all manually-gated ILT cell nodes from FlowJo into R (58). Coereba
labeling was then carried out for every cell in a given conditional aliquot and across all

specimens. Additional metadata, including infant identification number, HIV-exposure
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status, infant sex, and maternal viral load was appended for future use for statistical

comparisons.
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Figure 6: Coereba Visualizations. Example of outputs from a typical Coereba semi-
supervised analysis, based on gates drawn on the dimensionality-visualized cells within
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the CD4 V32 cluster gated on B) a PACMAP. C) Summary heatmap of marker expression

for baseline Cord Blood ILT populations gated in B.
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The CoerebalD column, which contained summarized gating information of individual
cells, allowed filtering on basis of expressed markers, and enabled the return of clusters in
a manner analogous to manual gating. I could create templates to quickly isolate defined
cell populations of interest for differential analysis. Due to the processing speed of the

code, time from analysis to results was substantially reduced.

Similarly, all CoerebalD clusters containing cells positive for a given marker could be
filtered for and aggregated during analysis. This permitted the rapid return of marker
expressions profiles for all individuals for every designated cell population. Visualizing
the results as beeswarm boxplots (Figure 6A) quickly provided a comprehensive summary

of marker expression across the entire cell populations or within individual cell subsets.

While both prior implementations were effective, and efficiently replicated supervised
analytical approaches, I also wanted leverage the ‘“unknown population discovery
potential” characteristic of unsupervised algorithmic methods. I created a method by which
CoerebalD and metadata columns could be integrated into the keyword portion of an .fcs
file (82), enabling a dictionary style ability to reference the original values for the
equivalent numeric code within the .fcs files expression data. This allowed for .fcs files
containing Coereba data to be passed off to unsupervised algorithms, permitting the
retrieval of the Coereba gating information and metadata for the individual cells

downstream of the respective analysis.

When cells were clustered using FlowSOM, Phenograph or X-Shift algorithms, underlying

Coereba gating information for cells that ended up in individual unsupervised clusters
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could be retrieved (89-91). This enabled us to compare the effectiveness by which each

algorithm could distinguish cells with similar marker expression.

Similarly, cells passed through normalization algorithms like CyCombine and CytoNorm
store only adjusted MFI values, but retain their original CoerebalD identities (60-62).
Subsequently, by filtering for markers that were mismatched (started as positive, ended up
as negative, etc.) we could evaluate whether rare cell populations with unique marker
combinations (as well as cells with different unmixing-dependent spread (UDS) were being
inaccurately “assigned” to more abundant counterparts by the individual normalization

algorithm.

When passed to dimensionality reduction algorithms (64-67) (Supplementary Figure 3),
we could verify whether cells that shared CoerebalD ended up clustering close to each
other, or were scattered across the dimensionality reduction map. This allowed for the
assessment of whether individual algorithms were appropriately segregating cells, in a
biologically plausible manner, or were being driven by scaling differences in the
underlying datasets. Additionally, by creating manual gates around cell clusters (i.e.
islands) of interest (Figure 6B), CoerebalD and metadata of cells within these islands could
be re-inputted into R, re-enumerated to create beeswarm boxplots specific to the individual
clusters (Figure 6A). This allowed us to quickly assess and identify pre-existing
heterogeneity in cell subsets originally perceived as homogeneous. These outputs when
repeated for all dimensionality visualization clusters could be converted into heatmap
tables, providing an immediate visual summary of differences in marker expression by cell

subset (Figure 6C).
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In addition to filtering for previously defined populations, I sought to characterize unknown
cell populations on the basis of their shared CoerebalD. By enabling a filter option to
identify clusters that were present only in isolated individuals or experiments, I could
quickly return cluster IDs that matched these criteria. These would theoretically identify
populations resulting from poor specimen quality, antibody panel errors, or potentially
unique populations within individuals. An expansion of this approach enabled the retrieval
of Coereba clusters that were only present for particular treatment conditions or timepoints.
By plotting CoerebalDs for particular cell subsets in the form of tree plots, we were able

to visualize how these populations acquired marker expression during the early life period.

To facilitate integration with existing Bioconductor R packages, I encapsulated the
Coereba outputs data within a Summarized Experiment type object, enabling its future use
with more sophisticated statistical analysis packages (92). For differential analysis within
the beeswarm plot level, I wrote a consolidated function that would determine and carry
out the appropriate statical test, plot the results, and save the outputs as a pdf, enabling
rapid screening. All these functions were gathered and incorporated into an R package,

Coereba, which is available as a developmental release via GitHub.

Discussion

The field of SFC is rapidly progressing, allowing for the interrogation of increasingly more
complex datasets. This is due to improved fluorophores, increased number of fluorophores
within panels, and the ability to rapidly acquire large number of events (38, 47, 52, 55).
However, the ability to identify and interpret statistically significant changes within these

datasets is limited by the existing analytical tools. While many of these analytical tools are
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adopted from other similar fields (such as single-cell RNA-seq and MC), they do not

account for many of the unique features of SFC data.

Coereba is our attempt to combine the benefits of supervised manual gating with the
scalability of unsupervised analytical workflows. While additional improvements such as
improved speed and multi-core utilization (parallelization) would enhance performance,
the package has shown significant promise in its current form. It has allowed us to visually
summarize heterogeneity identified within high-dimensional datasets as figures containing
statistical metrics. Similarly, the capacity to rapidly filter and interpret marker expression
for populations of interest allows for a systematic approach to the analysis of flow
cytometry data than what had been previously available through out-of-date FOSS

packages.

Coereba allows us the opportunity to evaluate the performance of unsupervised tools that
are industry standards but the weaknesses of which have not been systematically evaluated,
including applications involved in clustering, normalization, and dimensionality
visualization. Systematically testing the assumptions of these analytical tools will highlight
areas needing improvement and allow us to rigorously question rather than accept an

algorithmic output as fact.

Furthermore, for CBMC, we encountered a few thousand clusters that included substantial
proportion of cells at the Coereba cluster level. This was both far fewer than the theoretical
upper limit based on panel size and cell counts, and far more clusters than current
algorithmic clustering and dimensionality reduction algorithms (like FlowSOM,

Phenograph, etc.) would have suggested on basis of their metric cutoffs. Defining what
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constitutes a cell population or a cluster remains a challenge that is, in part, dictated by the

markers contained within a given panel, and our question of interest within the dataset.

The difficulties in statistical interpretation of the Coereba nodes highlight this challenge.
When the expression of a single additional marker is sufficient to trigger a switch in cluster,
metrics based on counts (and therefore ratios) can be noisy and produce outliers that can
drive the inaccurate appearance of statistical significance when it is not present. Likewise,
poor specimen quality, or unique individual immunological expansions to stimuli can
affect the metrics by which we derive statistical significance. Linking Coereba to the
Bioconductor infrastructure should allow for more sophisticated statistical analysis

(including those using mixed-models) to be tested and implemented to solve this issue.

Another application of the Coereba package is as a screen for quality control. There is no
effective strategy to quantify errors introduced by loss of cells in situations in which poor
cryopreservation or errors in experimental processing led to cell death, which subsequently
leads to errors in the interpretation of the data. Future work characterizing a greater number
of specimens may inform which CoerebalDs are expected for a given panel, permitting the
flagging of experiments when the CoerebalD “fingerprint” of a specimen detects

deviations, possible resulting from poor specimen quality.

In conclusion, Coereba provides the infrastructure needed to implement semi-supervised
analysis of high-dimensional SFC data, approaching the analysis from a unique angle. This
results in outputs that prove informative for many potential downstream applications that
previously were difficult to assess or quantify. While answering what defines a “cell
population” remains elusive, individual researchers’ ability to thoroughly profile their

acquired .fcs files ensures a greater awareness of things that might have been otherwise
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missed using either the fully supervised or unsupervised approaches that had been available

at the start of this PhD journey.
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Chapter 5: CytometryQC

Introduction

Many unsupervised analytical methods, including clustering, dimensionality visualization
and normalization algorithms (55), rely on MFI to perform their tasks. As described in the
previous chapters, issues related to unmixing controls can carry over into the calculation
of fluorophore abundances (45, 75, 77). These in turn can result in altered MFI values,
creating batch effects for a particular experiment that can lead to the unsupervised
algorithms producing unexpected or inaccurate results (55, 60-62). Consequently, we
prioritized reducing variance due to these external factors across the flow cytometry
experiment series. With a well optimized panel and proper unmixing controls, differences
in abundance should be reflective of the changes in the underlying biology, and not of bias
introduced by other sources of variance (53, 71). Additionally, consistent normalization
controls that are thawed and processed on each experiment run can help mitigate these
issues by providing a known biological constant across experimental series, allowing

normalization algorithms to calculate and apply corrections(60-62).

Unquantified variation in instrument performance has the potential to introduce significant
artifacts into data analysis. Daily use of flow cytometers leads to wear and tear of lasers,
detectors and fluidics, resulting in gradual drifts over time and leading to altered
fluorescent signatures (47). In SFC, various approaches are implemented to mitigate these
changes, including the use of quality control beads, which emit know fluorescent
signatures. These beads are used to calibrate the instrumental gains daily, allowing the
instrument to match lot-specific MFI target for each detector. Maintaining baseline

standards long term is theoretically possible, allowing comparison between experiments
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performed months apart and reducing the sources of batch effects that may confound an
unsupervised analysis (55). In theory, reference control data can thus be saved to an
instrumental reference library of Cytek Aurora instruments, which will account for changes

in QC, allowing for their subsequent use in unmixing future experiments.

In practice, stored reference library controls often produce unmixing errors due to unknown
reasons within a few weeks of acquisition. Once the unmixing errors are encountered, it is
often difficult to determine which errant control is responsible, as there is no way to
visualize the stored fluorescent signature. This limits our ability to explain why library

controls start to fail when they initially performed well.

QC is normally performed only during the morning, and instruments are continuously
operating throughout the day. It is unknown to what extent instrumental drift may occur
during this time, and whether re-running QC during the evenings is necessary. If the
evening fluorescent signatures vary substantially from the QC baseline, it could result in
inaccurate unmixing. Additionally, as gains are adjusted to meet MFI thresholds based on
QC bead samples, anything that damages the beads prior to running QC analytics could

result in improperly set gains that could affect the final unmixed dataset.

Despite the realities of continuous cytometer usage, there are limited profiling tools to
evaluate the QC measurements longitudinally for many spectral flow cytometry platforms,
with vendors being slow to implement community-suggested feedback and best-
practices(71, 75). Having the ability to profile both fluorescent bead signatures and other
quality control metrics (Gain, MFI and robust coefficient variation variance (RCV) for
each detector) would permit the early identification of a range of instrumental issues (such

as laser failure, misalignment, fluidics problems, etc.) allowing pre-emptive action to be
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taken before the bias is introduced into data interpretation. In order to reduce batch effect
errors, I sought to develop software tools to visualize QC data, detect changes in QC bead
signals, and estimate how these sources of variation might affect the unmixing within our

datasets.

Results

I modified two existing Luciernaga functions: one that enabled the extraction of the stored
gain/voltage settings from within individual fcs files, and another that enabled the

automated gating of a target bead reference control population.

After combining the two Luciernaga functions, I incorporated the ability to both derive the
median raw fluorescent signature across detectors for the gated beads (Figure 7A), as well
as quantify their spread as %RCV (Figure 7B,C). I could then iterate over a collection of
fcs files within a folder, to create a data-frame object containing the recent QC data for a
given instrument. I then modified existing plotting functionalities within Luciernaga to
enable graphing these calculated values linearly, creating Levey-Jennings tracking plots.
Levey-Jennings plots offer a visual means of identifying deviations, shifts and trends in

analytical performance during data acquisition.

By leveraging the plotly R package, I converted the plot into interactive data visualizations.
I then proceeded to build a website using the open-source, next generation version of R
markdown, Quarto, to create a dashboard layout that could simultaneously visualize

interactive plots for all instrument detectors organized by laser.
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Figure 7: Levey-Jennings Plots. Graphical depictions of analytical performance are
shown as follows: A) Example of maintenance of bead lot specific target MFI on a 3-
laser Cytek Aurora spectral flow cytometer, before morning QC measurements in black,
after QC measurements in pink, with time (date of measurement) on the x-axis, and MFI
on the y-axis; and B) An example of bleach induced spikes in %rCV for the last detector
on the red laser; and C) Example of a failing laser on a 3-laser Cytek Aurora spectral
flow cytometer, with time (date of measurement) on the x-axis, and gain on the y-axis.

The red-dashed vertical lines depict field service engineer visits for maintenance.
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I next identified previously acquired QC .fcs files and processed all available files which
for some instruments represented over 7 years of data. Due to the size of the datasets, |
subdivided data analysis into individual years, enabling a rapid download of the underlying

data into .csv files and visualizing plots as pdf files for reporting purposes.

After optimizing the technique, I created analytic scripts for all the cytometers within the
core facility including Cytek, BD and Amnis instruments. While processing individual .fcs
files was the preferred route, I also created programs to parse the required data from
existent .pdf and .xml files. The extracted data was then visualized and incorporated as

additional instrument-specific webpages for dashboard.

Once the previously acquired data was analyzed and organized, I implemented an
automation pipeline to daily collect and process new QC data from each instrument. The
Microsoft Windows Task Scheduler was used to schedule morning processing script runs,
with newly acquired data being processed and submitted in a coordinated fashion to
GitHub, enabling preservation of backup files to the cloud. I then wrote a GitHub actions
script that when triggered, enabled GitHub to provision a virtual machine to carry out the
rendering and publishing of the updated data to the website, avoiding the use of in-house

computing (Figure 8A).

Leveraging retrospective data, I sought to estimate instrumental divergence from the
previous day’s QC measurements to the following day before QC measurement.
Substantial changes from baseline were observed 66% of the time. Simulating the effect of
these changes on reference signatures showed that instrumental fluctuations have the
potential to substantially differ from their original signatures. When these distorted

signatures were utilized to unmix samples acquired the day before, unmixing errors were
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encountered, due to signature mismatch with full-stained samples. By contrast, drifts
between morning and evening QC were minor, which when simulated against existing

reference controls did not significantly alter signatures or result in unmixing errors.

While these signature simulation experiments were ongoing, the core cytometry facility
switched QC bead lots, and major unmixing errors were encountered. From the dashboard,
the appearance of spikes in the %rCV was observed for the last detector of each laser. By
repeated comparison of signatures before and after QC, we observed that an APC-Fire 810-
like molecule was being stripped from the beads. When QC was run using the damaged
QC beads, the process resulted in the gains being dramatically increased for the detectors
(UV16, V16, B14, YG10, R8) in an attempt to match bead target MFI. The overcorrection
due to the damaged beads resulted in grotesquely distorted signatures. To validate whether
the unmixing errors were due to the use of damaged beads, we simulated changes observed
for the reference library signatures, and iteratively unmixed samples that had unmixed well

the day before, with the effect phenocopying the original unmixing results.

Finally, it was of interest to determine whether this phenomenon was an anomaly or part
of a recurring trend. We leveraged the retrospective datasets for the previous seven years
and queried events where similar changes in QC signatures occurred. We found evidence
of damaged beads used during QC for previous lots, but occurring on different detectors,
although to a lesser extent and less frequency than what was observed with the 2006 bead

lot.

As interest was voiced by the broader cytometry community in being able to build their
own similar dashboards and given my acquisition of significant knowledge of navigating

Quarto, GitHub and R, in addition to documentation for individuals with existing coding
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skills, I set out to write an R package, CytometryQC, that would programmatically write
the code needed to build individual flow cytometry core websites for those with no-to-little
coding experience. Preliminary testing shows promise, and the package enabled
significantly fewer edits to existing files. The program was also broadened to include

various platforms from different manufacturers, including Agilent, BD and ThermoFisher.
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Figure 8: CytometryQC-generated dashboard landing page. Depicted is an example of
the landing-page for a CytometryQC generated instrument QC dashboard. Legend and
how-to-interpret description are located on the far-left sidebar. Individual instrument
statuses for a particular day are to the right, being color-coded as green = pass, red = fail.
To the right, the daily QC results for individual detectors are displayed, with each
instrument occupying a tab slot. The far-right side bar displays a summary of instrument

status for individual days on the y axis.
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Discussion

Instrument quality control usually relies on manufacturer technical support, with limited
contribution by individual shared resource laboratories (SRL). With the implementation of
CytometryQC, we enable both users and SRL staff to explore quality control data and
leverage it. As instrument users, this matters as it can help reduce variance that may
otherwise affect our experiments, preventing batch effects rather than mitigating them after

they occur.

The implementation of an automated-tracking dashboard has allowed the evaluation of
Aurora QC functions, such as the assessment that designated target values are being
maintained over longer periods of time. The longitudinal tracking of gain has enabled the
early detection of failing lasers and detector arrays and enabled the scheduling of
instrument repair visits by field service engineers well in advance of when manufacturer
QC would have first detected an issue. Ability to intervene before issues arise that result in
significant instrumental downtime is incredibly valuable, since staff time and ability to
troubleshoot is limited, and longer an instrument is down for maintenance more potential

revenue is lost.

The monitoring of % rCV permitted the detection of debris accumulation within the fluidic
lines (allowing for enhanced cleaning protocols) and enabled the quick identification of the
issue caused by switching to a new QC bead lot. Specifically, the signal spread (as
identified by % rCV) for the last detector of each laser suddenly spiked. This issue was
entirely missed by manufacturer QC, resulted in significant experimental unmixing, and
would have led to a substantial number of user experiments being impacted, if not for the

early intervention.
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Our ability to visually track analytic performance permitted the retrospective analysis of
QC bead signatures, and enabled detection of significant numbers of “damaged bead” days.
Although these “bad bead” days were less frequent than what we encountered with the
2006 bead lot, our signature simulation and iterative unmixing approach showed that these
likely impacted the unmixing performance for those experiments analyzed during this
period, in a manner similar to what we saw for our own failed experiment. As these “bad
bead” days also did not trigger the QC fail criteria of the instrument manufacturer, the
missed-set QC targets would have resulted in altered fluorophore signatures and
unexplained unmixing errors for experiments acquired on those days. In cases where
impacted markers were critical, these experiments would need to be repeated, expanding

time, cost, reagents, etc.

While similar approaches showed the necessity of running QC daily on spectral flow
cytometers, only minor detector drifts occurred within a single day of continuous use. For
the majority of fluorophores, there was no appreciable change in signature at the evening
QC. In our testing, even noticeable changes did not impact a 29-color panel. Whether this
would be the case for significantly larger panels remains an open question. We found
reasons to justify daily QC on our spectral cytometers, and satisfactorily demonstrated that

daily QC drift is limited, at least in context of our 29-color SFC panel

We demonstrated the benefit of providing ready access to instrumental QC data, and plan
to distribute this “best practice” procedure among the broader cytometry community by
facilitating similar implementation of open-source tools. If these datasets, currently hidden
away in stored folders, are made available, the community will benefit as thousands of

datasets become available, allowing for further specialization of our detection tools for a
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wider array of problems than the ones we have encountered. While implementation of a
multi-instrument dashboard would still require Shared Resource Laboratory agreement,
advantages are sufficient to drive community uptake, as barrier entry is reduced with future

improvements.
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Chapter 6: Cord Blood Innate-Like T cells

Introduction

Due to previously discussed technical limitations, little is known about cord blood ILT.
Previous studies have reported they are present at low frequencies (6, 7, 50). Data has
demonstrated that upon stimulation, both NKT and V§2s produced Th1-like cytokines, and
both were capable of producing IL-17 under certain conditions (e.g., in the presence of IL-
23) (6,7, 50). For the V§2s, this was a particular feature of neonatal cells, which in addition
to IL-17 also produced perforin and granulysin, suggesting important mechanisms of
immune defense during the neonatal period (97). After birth, in response to microbiota,
both V52 and MAITs undergo expansion, and acquire maturation markers (4, 8, 14, 98).
By contrast, NKTs are already differentiated into memory at birth, and appear to remain at
a stable frequency over the first few months of life. Given their presence and capacity to
produce cytokine after activation, as well as the knowledge that ILT in adults secrete
cytokine and cytotoxic granules in response to infection and inflammation, cord blood ILT

may play similarly important roles during the neonatal period.

With technological improvements that have occurred in recent years, a detailed
characterization these rare cell populations from limited clinical biospecimen is now
attainable. The capacity to acquire and analyze greater numbers of cells (events) using SFC
may permit more extensive examination of heterogeneity within these cell subsets, and
their ability to respond to antigenic stimulation. It is unclear whether the cells that expand
during early life in response to microbial exposure are already present during the neonatal
period or emerge separately. Whether prenatal exposure to inflammation skews the ratio

of non-responsive vs. responsive precursor cells is unknown but could explain differences
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in susceptibility to infection due to disparate capacity to mount functional responses during
early life. A deep characterization of ILT in the neonatal period will allow us to better
understand the role that these cells play in both healthy individuals, as well as those with

chronic infection.

Given the increased morbidity in both lower respiratory tract infections and diarrheal
diseases seen in HEU infants during the first six months of life, many have hypothesized
that a contribution of altered immune responses at birth compared to HU infants living in
the same communities may be causative, even after accounting for socio-environmental
factors. Since the same disease outcomes can result from either immune hypo-
responsiveness (where pathogen mediates cellular damage) or hyper responsiveness
(where immune cell activation results in collateral cellular damage), understanding the
parameters of a healthy immune system can help inform the perturbations of a

compromised immune response and the choice of clinical intervention.

With the placental environment of women with HIV presenting inflammatory features
(including the production of inflammatory cytokines TNFa, IL-1p, IL-6) (32,33, 35), there
might be cytokine differences in cord blood ILT in HEU infants, given that both viral
proteins and ART can cross the placenta. Whether through direct effect or resulting from
innate immune activation, this can result in early activation of the neonatal immune system.
Whether these early activated cells persist as memory differentiated cells, or undergo
activation-induced cell death is unclear, but would ultimately result in an atypical immune
response compared to healthy infants without HIV exposure. Infants born to HIV-infected
mothers on ART with suppressed viral loads throughout pregnancy, may have reduced

immunologic perturbation (24).
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In order to characterize subtle differences in ILT responses arising from a gradient of HIV
exposure (as opposed to congenital infection) there is a need to broadly characterize the
cord blood of neonates born both to healthy women, and those living with HIV. To our
knowledge, no prior study has characterized cord blood ILT populations in an in-depth
fashion, and only two prior studies examined ILT in HEU infants at six months and two

years of age (21, 25).

Our access to a unique clinical East African mother-fetal cohort, allowed for leveraging
our expertise in SFC, and we designed a 29-color SFC panel to characterize cord blood
ILT and other T cell subsets. We analyzed over 60 cord blood specimens and assessed the
immune heterogeneity present using both supervised and semi-supervised analytical

approaches.

Results

ILT frequencies were determined by applying a manual gating strategy to a detailed 29-
color SFC panel (Figure 9A, Supplementary Figure 1). In neonates born to healthy mothers,
V2s were the most abundant ILT subset in T cells (0.693% [0.421, 1.30]) (Figure 9A),
detectable in all CBMC specimens analyzed. MAITs were present at lower frequencies
than V32 cells. Of note, the proportion of MAITs identified by tetramer staining (CD3+
CD161hi hMR1 5-OP-RU+ cells, 0.022% [0.017, 0.027]) was lower (p-value: 1x10°) than
the proportion identified by the antibody specific for the semi-invariant Va7.2 TCR chain
(CD3+ CD161hi Va7.2+ cells, 0.078% [0.056, 0.108]). NKTs were the least abundant of
the three ILT populations (0.053% [0.044, 0.073]) (Figure 9A, B). The proportion of NKTs

stained with tetramers (CD3+ hCD1d PBS-57+ cells) was not significantly different from
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the proportion identified by an antibody specific for the semi-invariant Va24Ja18 (CD3+

Va24Jal8+ cells; 0.029% [0.023, 0.057]).

While the V52 frequency appeared comparable between HU and HEU neonates by SFC,
an elevated V32 cell frequency was observed in HEU-hi infants by CFC analysis, which
included a distinct subset of specimens than the SFC analysis (Figure 9B). The frequency
of MAITs by tetramer staining appeared similar across exposure groups, but it tended to
be lower in HEU infants compared to HU infants with anti-TCR Va7.2, staining and
reached a statistically significant difference when HEU-lo and HEU-hi specimens were
pooled. A similar trend was also noted for NKTs, which were also significantly lower in
HEU after pooling the HEU-lo and HEU-hi groups, but only when staining with CD1d

tetramers.

To evaluate cell differentiation, we measured the expression of CD45RA and CD27 in ILT
subsets (Figure 9A, Supplementary Figure 3A). CD62L was expressed at low frequencies
in ILT, in contrast to adaptive T cell subsets, minimizing its utility for the assessment of
differentiation. Most V52 cells were naive (CD45RA+ CD27+, 54.0% [51.0, 70.2]), with
a sizable subset of central memory cells (Tecm) (CD45RA- CD27+, 25.1% [16.3, 38.4]) in
most individuals (Supplementary Figure 3A). Cord blood MAITs were almost all naive
(CD27+ CD45RA+, 87.5% [81.8, 92.5]), with only a few neonates displaying any sizable,
differentiated subset. Results were comparable for cells identified by either anti Va7.2 or
tetramer staining (Supplementary Figure 3B). Conversely, NKTs were predominantly Tcm
(CD45RA- CD27+, 67.4% [60.3, 77.0]), followed by naive, Tem, and Temra
(CD45RA+CD27-) cells. NKTs identified by either anti-Va24Jal8+ or tetramers had

comparable memory phenotypes (Supplementary Figure 9C). We did not observe any
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statistically significant difference between the HIV/ART exposure groups’ memory

differentiation phenotype for any ILT population, by either antibody or tetramer staining.
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Figure 9: Baseline heterogeneity of cord blood Innate-like T (ILT) cells. CBMC were
stained with a panel of 29 mAbs after a 6-hour incubation at 37°C in the presence of
Golgi inhibitors. (A) Dotplots of a representative specimen obtained from an unexposed
(HU) infant, show the expression of CD45RA and CD27 for Vd2s (top), MAITs
(middle), and NKTs (bottom). (B) The beeswarm plot displays the frequency of ILT
subsets, with individual symbols representing unique HIV unexposed (HU) study
participants, boxplots depicting median and IQR, whiskers showing the +/- 1.5 IQR
range. (C) A PaCMAP dimensionality reduction plot is used to visualize ILT subsets in
a concatenated file, including NKT and MAITs as identified by tetramer staining; the

gates are based on density-distribution and marker expression, with color code and cell
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counts included in the legend. (D) The heatmap summarizes marker expression for all
ILT clusters delineated in (C) for all study participants, using a combination of colors
and symbols to display, for each marker, the median of individual frequencies of positive

cells.

69



In order to rigorously compare HEU and HU infants, we first employed a semi-supervised
analysis to assess the heterogeneity of ILT subsets during homeostasis (Figure 9C).
Comparing multiple dimensionality reduction and visualization methods (Supplemental
Figure 4), individual algorithms differed in the extent of splitting or coalescing, but all
computational models grouped MAITs and NKTs in a single cluster per subset
(Supplementary Figure 4). Vd2s clustered by CD4, CD8 and CCR6 expression, which
appears to align with prior studies on V32 cell function. Comparing the results of the
PaCMAP and the heatmap (Figure 9C,D), it appears that markers driving cluster formation
in the PACMAP were those expressed at the highest (+++, red) or lowest (-, white) levels

by cells within the cluster, aligning with marker co-expression patterns (Figure 9D).

Within the PaCMAP (Figure 9C), cord blood MAITs were primarily CD8+, and most
expressed CD161, CD26, CCR6, NKG2D, and CD127 (Figure 9D), while the median
proportion of MAITs expressing CD25 or PD1 fell in the 20%-50% range. Of note, <20%
of MAITs expressed CD56, CD16, CD62L, CD4 and CCR4 (Figure 9D). NKTs were
primarily CD4+ and uniform in their expression of CD127, with most cells expressing
CD25, CCR4 and PDI1 (Figure 9D). The median frequency of expression for CD26 and
CD161 was 40%-60%, while CD38 was expressed by 30%-50% of the cells, with the

remaining markers expressed by <20% of the cells.
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Figure 10: Semi-supervised analysis highlights cord blood V62 cell phenotypic
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the respective cluster expressing the individual markers listed on the x-axis. The symbols

show individual values, boxplots show median and IQR, with whiskers indicating the
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+/- 1.5 IQR range. Shape and color identify HIV-exposure status. (A) depicts results for

the CD4+ PaCMAP cluster, (B) for CD8+, (C) for DN, (D) for T17, and (E) for PD1hi.
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Semi-supervised analysis revealed thatVa2 cells, the most abundant ILT population, were
distributed into five clusters (Figure 9D, Figure 10A-E). The three most abundant subsets
were primarily defined by the presence or absence of CD4 and CDS, the fourth by the
expression of CCR6, and the smallest by high levels of PD1. The CD4+ V32 cluster (35.0%
[23.5, 45.0] of total V62s) (Figures 9D, 10A), similar in marker expression to NKTs, was
predominantly Tcm, with uniform expression of CD127 and most cells positive for CD25.
Most cells also expressed CD26, CCR4 (a marker of Th2 polarization) and PD1 (likely
akin to a differentiation marker in Vo2 cells) (40, 69, 70). Approximately 50% of CD4+
V82 cells displayed CD161. NKG2D and CD38 were limited to <20% of the cells, while
markers of cytotoxic potential (CD56 and CD16) were minimally expressed. The CD8+
V52 cluster (18.5% [12.7, 25.0]) was primarily naive with uniform expression of NKG2D
and intermediate expression of CD161, CD38 and PD1 (Figures 9D, 10B). Minimal to no
expression of CD26, CCR6, or CCR4 was noted, suggestive of a Thl-like polarization. A
cluster of double-negative (DN; CD4-CD8-, 28.0% [19.7, 35.0]) V52 cells were mostly
naive, with Tcm cells being the second most represented differentiation subset (29.4%).
The majority expressed NKG2D, CD127, and PD1, with intermediate expression of CD26,
CD161, CD38 (Figures 9D, 10C). A V32 cluster segregated from the rest of the DN cells,
due to its high expression of CCR6, CD26 and CD161, was suggestive of Th17 polarization
(70). Cells in this cluster, identified as T17 (9.0% [4.0, 16.5]), were CD4-, CDS8-, CD127+
and, despite being naive, displayed NKG2D and CD25 on most cells (Figures 9D, 10D).
Less than 50% of the cells expressed PD1. The last V32 cluster was a small subset (present
in >85% of individuals, 3.0% [1.5, 5.0]) of mostly naive CD8+ cells characterized by high

PD1 and minimal NKG2D expression (similar to the CD4+ cluster) (Figures 9D, 10E). The
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CD8+ V52 and PD1hi Va2 clusters were the only two that included a sizable proportion of
CD56+ and CD16+ cells (20.1% and 30.2% for the CD8+ and 17.1% and 23.8% for the
PD1hi cluster), suggestive of cytotoxic potential, albeit modest. When we compared the
exposure groups by using metadata to stratify events within clusters, we observed small
differences (Figure 11). HEU-hi neonates, compared to the other two groups, showed
significantly higher expression of CD62L in the DN and in the T17 V&2 cluster (Figure
11B), as well as higher CD161 and lower CD56 in the DN cluster (Figure 11A, B). We
additionally observed a significantly lower frequency of CD161+ NKT cells in HEU-lo

infants compared to the other two groups (Figure 11c).
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Figure 11: Altered marker expression of cord blood ILT subsets in HEU infants. The
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CD161+ cells in the NKT PaCMAP cluster
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Discussion

This study demonstrates that use of SFC for specimens with low cell numbers, such as
human pediatric specimens, allows in-depth examination of low frequency subsets,
including ILT, that neither mass cytometry nor single cell RNA seq approaches could
analyze in a cost-effective manner without prior enrichment. Consistent with our previous
findings, we observed extensive heterogeneity in V42 cells, in contrast to the more

homogeneous features of NKT and MAIT cells.

We characterized the phenotype and functional profiles of cord blood ILT at baseline and
following polyclonal stimulation, using both supervised and semi-supervised analytical
approaches. We observed extensive heterogeneity in Vo2 cells based on the expression of
surface markers, consistent with prior single-cell RNA seq data published for a small
number of samples (99). Notably, we observed memory differentiated CD4+ population, a
T17-like CD4-CD8-CD26+CCR6+ population, as well as a rare PD1 high population.
Some V&2 T cell subsets displayed marker expression profiles reminiscent of cord blood

NKT and MAIT cells, which may be indicative of similar roles or cytokine responses.

While both NKT and MAIT cells appeared more homogeneous, the low abundance of these
two subsets may hinder our ability to identify and measure minor NKT and MAIT clusters.
CITE-seq analyses of pre-enriched subsets could validate and expand our current findings.
In contrast with a previous study (100), we observed no significant differences in the
marker expression of cord blood MAITs or NKTs defined by tetramer or by their
corresponding anti-TCR antibody staining. The tetramers performed consistently based on

internal normalization and unloaded controls. For MAITs, the apparent discrepancy

76



between our results and those of Swarbrick et al. is most likely the result of differences in
experimental design and gating strategy (100). The results they reported for both US and
South African neonates compared cytokine responses of tetramer defined MAITs (hMR1+)
to phenotypically defined MAITs (TRAV1/2+CD161+CD26+). Since the way hMR1+
was gated independent of additional markers, it is hard to determine whether the cells
ending up in this gate were staining in response to 5-OP-RU, to the tetramer itself, or were
the result of non-specific binding. Given that we observed greater frequency of TNFa
production after PMA-ionomycin than what they observed, and that their data is not
available, we are unable to ascertain whether some of the differences are due to technical

differences or poor tetramer performance.

Likewise, many global health groups with an immunology focus continue to identify as
NKTs to any cell stained as positive for CD3+CD56+. Our data directly contradicts this,
as CD56 is not expressed by either antibody or tetramer-gated NKTs. Furthermore, the
marker expression profile of NKTs is similar to that of the CD4 V&2 T cells, which also
do not express CD56. The only CD56 expression for ILT subsets was a low level of

expression found for the CD8 and PD1hi V82 T cells.

Despite a heightened pro-inflammatory milieu reported at the fetal-maternal interface
among pregnant women living with HIV, we only observed modest differences at the
global ILT level between HU and HEU infants. The differences were represented primarily
by altered MAIT and NKT frequencies for pooled HEU infant groups. The few markers
that were differentially expressed when viewed in isolation may not represent biologically
meaningful data, as they were frequently only seen for individual ILT subsets. While this

defies a concise explanation of changes that occur in HEU infants in response to viral/ART
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exposure before birth, these individual phenotypic marker changes at the subset level may

denote functional changes that may be present after activation.

In summary, we expanded our knowledge of rare cell subsets in humans, extensively and
robustly profiling the marker expression pattern of these cell subsets in neonates born to
healthy women and those living with HIV. We additionally demonstrated the suitability of

our toolsets when it comes to comprehensively assessing rare cell populations.
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Chapter 7: Activated Cord Blood Innate-Like T cells

Introduction

In adults, in response to infection and inflammation, ILT rapidly produce Thl-like
cytokines and release cytotoxic granules, making them important first-responders in the
early immune response (4, 12). Technological limitations have hampered our ability to
profile these cells in cord blood, but prior studies have demonstrated that they are present,
and are capable of producing Thl-like cytokines, following stimulation. This is in contrast
to the muted CD4 and CD8 T cell responses following stimulation during infancy. ILT may
play an important role in response to infections during early life before other immune

system branches are fully mature.

In utero exposure to infections may contribute to altered immune responses during infancy.
For example, HEU infants experience higher morbidity to lower respiratory tract infections
during the first six months of life compared to HU infants (even controlling for socio-
economic factors), suggesting that immune system dysfunction may play a role (26). These
disease manifestations could conceivably arise by either immune system hypo-
responsiveness (with ensuing pathogen mediated damage) or hyper-responsiveness (via
immune system collateral damage) during early life. Before birth, anything that alters the
potential to produce pro-inflammatory cytokines (and cytotoxic mediators under correct
circumstances like presence of IL-23) can impact what cells are present, and their
responsiveness during this critical window. Given our limited understanding of these cell
subsets and functionality during early life, it may be important to study the role of ILT. To
our knowledge, no studies have examined cytokine responses of cord blood ILT in HEU

infants. However, studies of cord blood Alpha Beta (af3) T cells have conflicting data with
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some demonstrating increased frequency of cytokine-producing cells in HEU infants, and
other studies finding little demonstrable response following activation. Given the
technological limitations (as well as unmeasured confounders in the clinical cohort

recruiting), it is possible and understandable that some discrepancies would arise.

Confounding variables that can affect the heterogeneity of HIV exposure during pregnancy
might include the presence and timing of maternal ART initiation and the kinetics of viral
load during pregnancy. Additionally, recent studies suggest that ART may have some
immune-activation effects (36), primarily via mitochondrial metabolism pathways, which
can result in inflammatory responses via the caspase cascade. Both viral proteins and ART
are capable of crossing the placental barrier. They may elicit fetal immune system
activation either directly or through activation of innate cell subsets, which may in turn
activate [LTs in an antigen-independent fashion. Whether these prematurely activated fetal
cells persist and mature, or undergo activation induced cell death is unknown, but the
resulting functional responses in early life would be noticeably different. Consequently,
controlling for confounding variables in order to ascertain differences in cytokine

responses is necessary.

To do this, we designed a 29-color SFC panel that contained the markers necessary to
identify the various cord blood ILT populations, as well as access activation, degranulation
and cytokine production upon activation. To do so, we controlled for various factors
(including screening for Plasmodium falciparum, Syphilis (Treponema pallidum), SARS-
COV-2, Dengue (DENV), and Chikungunya (CHKYV), stratifying by maternal HIV and

ART exposure, and selecting specimens of similar sex and gestational age. We processed

80



over 60 cord blood specimens, stimulating them for 6 hours with PMA-ionomycin, before

analyzing using both supervised and semi-supervised toolsets.

Results

To evaluate ILT function, we assessed their production of cytokines and mobilization of
cytotoxic granules in response to polyclonal stimulation. Comparing the ILT at the global
level (as defined in materials and methods), TNFa+ cellular expression was the most
commonly detected cytokine and the frequency of TNFa+ cells was highest in NKTs, with
a median frequency of 79.4% [71.4, 82.2], while medians ranged between 40% and 55%
in the Vo2 (51.3% [43.4, 58.8]) and MAIT (41.2% [33.0, 51.5]) populations (Figure 12A).
The frequency of IFNy+ cells was lower than TNFa+ cells in all ILT subsets, ranging from
a median of 4.3% [2.4, 6.2] in MAITs, to 20.8% [14.5, 24.8] in NKTs, and up to 40.3%
[32.1, 50.6] in Vo2 cells. Polyfunctionality (defined as % TNFa+IFNy+ cells) was highest
in Vo2s (25.2% [22.0, 32.4]), followed by NKTs (17.9% [12.7, 24.8]) and absent in MAIT
cells. Extending the analysis to NK (CD7+CD3-NKG2D+CD161+) and conventional T
cells (CD7+CD3+ excluding ILT), the median proportion of TNFo+ cells was 46.8% [38.7,
55.1] for NK cells, 16.7% [12.0, 23.2] for CD4 T cells and 6.4% [3.6, 10.1] for CD8 T cells
(Figure 12A), while the median proportion of IFNy+ cells was 74.8% [63.0, 83.3] for NK
cells, 9.8% [8.8, 17.6] for CD8 T cells, and 1.1% [0.9, 1.4] for CD4 T cells (Figure 12A).
Among these three cell populations, only the NK cells had a sizable proportion of
polyfunctional cells (37.9% [32.6, 50.5]). Thus, ILT subsets at birth display a cytokine

profile more akin to NK cells than conventional T cell subsets.
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Figure 12: Functional heterogeneity of cord blood ILT in response

stimulation ex-vivo with altered cytokine expression in HEU infants.
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with color code and cell counts included in the legend. (C) The heatmap summarizes
marker expression for all ILT clusters delineated in 4B for all study participants, using a
combination of colors and symbols to display, for each marker, the median of individual
frequencies of positive cells. (D, E) The beeswarm plots compare at the local level the
expression of specific markers between exposure groups. The symbols show individual
values, boxplots show median and IQR, with whiskers indicating the +/- 1.5 IQR range.
Shape and color identify HIV-exposure status. (D) Proportion of TNFa+ (top) and IFNy+
(bottom) cells in V62 DN cluster. (E) Proportion of CD69+ cells in the V52 PD1hi

cluster.

83



Dimensionality visualization plots of stimulated cells (Figure 12B) were generated
including cytokines and most of the same markers used to generate the PaCMAP for
unstimulated cells (Figure 9C). The algorithm formed the same clusters identified for
unstimulated ILT, with a V52 Th17 cluster segregated from the other Vo2s (suggestive of
distinct features compared to other clusters). MAIT and NKT cells each coalesced in a
single cluster, and the results were consistent with the global ILT analysis performed at
baseline (Figure 12A-C). The analysis of the V32 clusters at the local level highlighted
nuanced cytokine and degranulation profiles across subsets, consistent with our previously
published data (48). In the CD4+ V52 cluster, cells uniformly expressed TNFa (86.5%
[78.4, 90.4]), with a lower proportion expressing IFNy (46.2% [38.2, 55.7]) (Figures 12C,
13A). Less than 4% of the cells expressed CD107a, consistent with a low cytotoxic
potential for CD4+ V32 cells (48). Additionally, PD1 was upregulated compared to the
unstimulated control (p-value 2.4x10-8) (Figures 10A, 13A). Cells in the CD8+ Vo2 cluster
primarily expressed IFNy (68.4% [59.6, 77.3]) (Figures 12C, 13B)., with a lower
proportion expressing TNFa (42.1% [32.6, 50.2]). A modest frequency of CD107a+ cells
was present (18.8% [12.8, 25.1]), consistent with the frequency of CD56+ cells in the
control treatment, and suggestive of cytotoxic potential (Figures 10B, 13B). The DN V2
cluster had a cytokine profile comparable to the CD8+ Vo2 population, but with less
mobilization of cytotoxic granules (5.4% [3.4, 9.0]) (Figures 12C, 13C). Stimulation
induced a decrease in CD127 expression (p-value 2.0x10%) (Figures 10C, 13C). Cells in
the T17 V32 cluster produced intermediate levels of TNFa (42.4% [34.2, 48.9]) (Figures
12C, 13D), but no IFNy, and did not mobilize cytotoxic granules. The frequency of PD1+

cells was elevated after stimulation (p-value 6.0x10-7) (Figures 10D, 13D). This functional
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profile paralleled the activation pattern observed for MAITs. The PD1hi Vo2 cluster had
lower levels of CD69 expression (65.7% [54.6, 82.2]) (Figures 12C, 13E) compared to the
other Vo2 clusters (which were uniformly positive for this activation marker) and displayed
a distinct cytokine profile: <1% of the cells produced TNFa, only 16.6% [11.6, 23.7]
produced IFNy and 22.2% [12.8, 32.4] were CD107a+, suggestive of modest cytotoxic
potential and consistent with the levels of CD56 and CD16 expression observed for

unstimulated PD1hi cells (Figures 10E, 13E).
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identify HIV-exposure status. (A) depicts results for the CD4+ PaCMAP cluster, (B) for

CD8+, (C) for DN, (D) for T17, and (E) for PD1hi.
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When comparing exposure groups at the ILT global level (as described in materials and
methods), we observed no significant difference in cytokine production for any ILT
population. HEU-hi neonates, however, displayed substantial heterogeneity between
specimens in the frequency of IFNy+ Vo2 cells, with a significantly wider range of
positivity (20%-80% of IFNy+ cells) compared to the other two groups (30%-60% among
HEU-lo and HU, p-value 0.03). While CCR6 was downmodulated after stimulation in all
exposure groups, the proportion of CCR6+ Vo2 cells was significantly lower in HEU-lo
infants compared to HU infants. We observed no significant differences across exposure
groups in the frequency of individual clusters (Figure 13 A-E), with the exception of the
T17 V&2 population, which was lower in HEU-lo infants after stimulation (p-value 0.02)
(Figure 13D), consistent with a CCR6 down-modulation. However, a more granular
comparison of PACMAP V32 clusters between exposure groups revealed differential
upregulation of the activation marker CD69 in response to stimulation and differences in
cytokine responses. Importantly, the DN Vo2 cluster displayed a significantly higher
proportion of TNFo+ and IFNy+ in both HEU groups compared to the HU neonates,
consistent with higher frequencies of CD69+ cells (p-value 0.05 for both HU vs. HEU-lo
and HU vs. HEU-hi) (Figure 12D). For the PD1hi V52 cluster, the proportion of CD69+
cells was higher in both HEU groups compared to the HU infants, possibly suggestive of a

lower activation threshold in the HEU neonatal clusters (Figure 12E).
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Discussion

Leveraging our semi-supervised analytical approach, we observed a level of functional
heterogeneity in V62 cells comparable to the phenotypic heterogeneity noted ex vivo in the
previous chapter describing baseline expression. CD4+ V62, which exhibited a greater
breadth of memory differentiation than the other V2 subsets, produced greater frequency
of TNFa+ and IFNy+. Both the CD8+ and CD4-CD8- (DN) V62 produced more IFNy+
than TNFa+. By contrast, the T17-like CD26+ CCR6+ CD4-CD8- population produced
only TNFa+ while the PD1 high V2 subset showed minimal cytokine production, but a

higher CD107a frequency, suggestive of degranulation.

We similarly saw a demarcation of cytokine responses for NKT and MAIT, with NKT
paralleling the cytokine responses of CD4+ V32, and the MAIT subset showing similarity
to the T17 V52 subset. Given that both baseline marker expression and cytokine responses
exhibited the same demarcation pattern suggests that the phenotype and functional
potential of these cell subsets are interrelated. Cord blood ILT subsets, despite featuring
separate TCR arrangements, responsive to different antigens, may occupy similar
functional niches before birth, while retaining the potential to mediate effector responses
upon antigen exposure. When viewed in context of the broader aff T cell population, cells
sharing the same collection of markers can be seen beyond the ILT subsets, for example,
T17-like CD26+ CCR6+ CD161+ cells can be found across CD4+, CD8+ and CD4-CD8-
cord blood T cells, however their role is unknown, and it is not known whether stimulation

would result in similar cytokine expression responses under appropriate conditions.

Despite a heightened pro-inflammatory milieu reported at the fetal-maternal interface

among pregnant women living with HIV, we only observed modest differences at the
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global ILT level between HU and HEU infants. At the local V52 level, the large cluster of
DN cells displayed significantly higher proportions of IFNy+, TNFa+ and polyfunctional
cells in HEU-hi compared to HU and HEU-lo neonates. This trend was seen to a lesser
extent when it came to activation, with greater frequency of CD69+ cells being encountered
for PD1 high V&2 in the HEU-hi. Given that we similarly saw an increase in IFNy+ cells
in CD4-CD8- T cells that were not ILT for the HEU-hi infants suggest that there might be
an additional explanation impact of early life viral exposure seems to affect cells with these

marker combinations to a greater extent.

HEU-hi infants also displayed a significantly wider frequency range of IFNy+-expressing
V32 cells following ex vivo polyclonal stimulation compared to the other two groups,
which was not accounted for by the V52 cluster composition. The heterogeneity in maternal
cumulative viremia and time of ART initiation during pregnancy likely resulted in
disparate HIV/ART exposure among HEU-hi neonates, which may have contributed to our

observation.

Our findings overlap, in part, with those of other HEU studies that observed greater Thl
cytokine production in HEU infants compared to their HU counterparts. At the same time,
this difference was only noticeable for smaller subsets of V32 T cells and may explain the
disparate outcomes, as previous studies often only enrolled a small number of participants.
Cytokine differences that were reported based on measurements at the whole subset level
would have been driven by the share of the Vo2 subsets (differential capacity to produce
cytokines) present within the individual donor. For studies that were already small, a couple
specimens skewed toward one particular subset would have been sufficient to drive the

appearance of being statistically significant, when it was just subset composition all along.
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Together, these findings highlight the functional complexity of innate-like T cells in cord
blood, demonstrating that phenotypic heterogeneity within and across ILT subsets is
mirrored by distinct cytokine response profiles. The impact of HIV exposure in utero on
cytokine expression appears in specific Vo2 subsets, underscoring the importance of
investigating functional differences between HU and HEU neonates at a greater cellular

depth, especially for future studies targeting other cell subsets beyond cord blood ILTs.
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Conclusions and Future Directions

This study demonstrates that the use of SFC for samples of limited cell quantity, such as
human pediatric specimens, allows for in-depth examination of low frequency subsets,
including ILT, that neither mass cytometry nor single-cell RNA seq approaches could

analyze in a cost-effective manner without prior enrichment.

We characterized the phenotype and functional profiles of cord blood ILT, in neonates born
to mothers with or without HIV, at baseline and following polyclonal stimulation. The V2
cell phenotypic heterogeneity appeared to correspond, at least in part, to functional
characteristics, with different V62 clusters mediating distinct cytokine responses. The three
main clusters of V32 cells identified by PACMAP (CD4+, CD8+, DN) were skewed
towards a Th1-biased cytokine response, producing both [FNy and TNFa at varying levels.
The T17 cluster, characterized by expression of CCR6 and CD26, produced TNFa but no
IFNy, while the PD1hi subset expressed very low levels of [FNy, with no TNFa production.
Of note, the CD4+ cluster, which includes the most differentiated Vo2 cells based on
surface markers, shared phenotypic (CCR4, CD25, and CD26) and functional features with
NKT cells, with lymphocytes in both clusters secreting more TNFa than [IFNy. Conversely,
T17 cells shared phenotypic properties with MAIT cells (CD161, CCR6, CD26) and

neither subset appeared to produce IFNy in any of the donors analyzed.

Our data suggest that ILT cells are mildly perturbed in neonates born to women with HIV
who started ART before conception. However, modest differences in cytokine production
(ex vivo or after culture) and in a few phenotypic markers, noted for HEU-hi neonates,
suggest that immune perturbation may be more marked in this exposure group. The results

are in agreement with prior studies that showed small or no differences between HU and
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HEU infants in terms of immune responses and/or clinical outcomes when the mothers are
on ART (19, 24). For example, a study conducted in Belgium showed no difference in the
risk of hospitalization between HU and HEU infants born to women that started ART
before pregnancy, but a significantly higher risk for HEU infants born to women that
initiated ART during pregnancy, correlating with heightened cord blood monocyte
activation (24). Therefore, ART initiation before pregnancy may be beneficial not only for
the mother, but also for the infant. Initiation of ART preconception may mitigate fetal
immune perturbation by limiting exposure to high maternal viremia and/or inflammation.
However, preconception initiation could also prevent unintended effects on the developing
fetal immune system that may occur when ART starts during pregnancy. The current study

design does not allow us to discriminate between these possibilities.

Several study limitations should be considered when interpreting our results. While we
have maternal clinical and HIV screening information at enrollment and delivery (as well
as screening for other common pathogens), we cannot exclude that some women contracted
undiagnosed or subclinical infections during pregnancy. Our sample size was relatively
small, and, given the observed heterogeneity for multiple variables, we were likely
underpowered to detect small but biologically relevant differences across exposure groups.
All the specimens were cryopreserved and thawed, which may reduce cell viability and
affect marker expression. Our observations for ILT, that respond to microbial metabolites,
may be impacted by dietary/microbiota, environmental and geographic factors.
Additionally, there may be temporal variability, and we assessed infant responses only at
a single time point (at birth). These limitations, however, do not diminish the robustness of

our analytical approach towards baseline neonatal ILT physiology, which allowed us to
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rigorously assess these rare cell subsets and characterize them in neonates born to women

living with HIV.

While the first full spectrum analyzer became commercially available in 2013, the
implementation of this approach has become significantly more widespread in the last 5
years. The current trend is to repurpose packages and data analysis tools originally
developed for conventional/mass cytometry or single cell RNA-seq for use in SFC. This
practice, however, may not fully leverage SFC’s core strengths, which include increased
breadth compared to CFC and enhanced time/cost effectiveness compared to MC (often
enabling improved depth). In addition, repurposing does not appropriately mitigate the
variation in unmixing (due to autofluorescence, signature variance of unmixing controls,
and tandem fluorophore degradation), which is unique to spectral cytometry. For example,
data analysis tools initially intended for MC rarely handle the number of events acquired
in SFC, making down sampling an obligatory step to use those tools. This approach does
not fully leverage the depth of information obtained with SFC, potentially limiting our
understanding of the immune system heterogeneity. Building tools capable of handling the
unique SFC features and scalable to increasingly complex panels would enable a smoother

integration into existing bioinformatic workflows for downstream analysis.

Our study leveraged new toolsets to characterize rare cell subsets from limited
biospecimen. In the process of accomplishing this goal for our target cohort, large .fcs files
containing millions of non-target cells were acquired. While not the focus of the thesis,
same dataset and tools can be reanalyzed, allowing us to further understand how viral and
ART exposure may impact other non-ILT, T cell subsets in cord blood, both at baseline

and following activation. Alongside the Coereba R package method of defining cell
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clusters, it can permit the incorporation of other publicly available datasets (both SFC and

MC) to form a more comprehensive understanding of HEU infants.

Throughout the process of this PhD, we have tackled numerous questions pertaining to
analytical challenges that would have been unanswerable at the time utilizing commercially
available tools. In the process of addressing each challenge, we have created R packages
(Luciernaga, Coereba, CytometryQC) that allow for troubleshooting of our existing
workflows in a time efficient manner, pre-emptively identifying and correcting issues that
could hamper data quality, and allowing for targeted interventions as needed. Besides being
useful for their dedicated applications, they have potential for public use cases beyond the
study of rare cell subsets, especially in the context of big data sets maintained in public
repositories where provenance and metadata may not be well documented, limiting the

ability to automate analysis.

One potential use case is the future application of Coereba to identify specimens where
errors in processing may have contributed to cellular apoptosis, biasing cellular frequencies
of cell populations, resulting in unrepresentative data points being included in the statistical
analysis, as there are currently no tools that could detect these conditional aliquots that
would have failed QC. Additional analysis of specimens beyond those collected in our
study would be needed for validation but would enable researchers to avoid

misinterpretation of poor experimental processing as biological heterogeneity.

In tackling these challenges, we have highlighted the power of open-source and open-
science analytics, providing frameworks and tools that can be extended and shared with

the wider community, where uptake will determine the usefulness of these tools over time.
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In conclusion, we leveraged SFC to characterize rare subsets in neonates and optimized a
panel (as well as analysis tools and code) that provides a backbone for ILT analysis and
can be built upon as new fluorophore and additional conjugated antibodies become
available. Our results, obtained comparing HIV-unexposed and two groups of HEU infants,
suggest that ILT are mildly perturbed in HEU-lo, born to women who started ART before
conception, but showed that the Vo2 cell subset displays modest differences in HEU-hi
neonates, born to women who started ART during pregnancy. This data, in alignment with
prior literature, is consistent with the hypothesis that starting women on ART before

conception is an effective approach to mitigating infant immune perturbation.
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Appendix

All SFC .fes files generated for the Cord-Blood Innate-Like T cell manuscript are available
via the ImmPort repository (study accession SDY3080). The SFC data consists of the raw
fcs files for fully stained samples with the matched unstained and single-color unmixing
controls. We have attempted to format the metadata in accordance with both ImmPort and

MIFlow guidelines.

The visualized quality control data for the 5-laser Cytek Aurora on which the specimens
were acquired in 2023 is available via the UMGCC FCSS dashboard

(https://umgccfcss.github.io/AuroraSL/)

A full list of R packages and the R code used for the data visualizations and statistical
analysis for this paper can be found at https://github.com/DavidRach/CordBloodILT, along
with additional relevant and insightful information about laboratory protocols, instrumental

quality, etc.

The Luciernaga (https://github.com/DavidRach/Luciernaga), Coereba
(https://github.com/DavidRach/Coereba) and CytometryQC
(https://github.com/DavidRach/CytometryQC) R packages are available on GitHub, under

the free AGPL-3.0-or-later copyleft license.

Observation: V62 After Expansion

After expansion with Bacillus Calmette-Guerin (BCG) or zoledronic acid monohydrate
(ZOL) (Supplementary Figure 2, Supplementary Table 2), the frequency of naive V32 cells

declined (median 54.0% ex vivo, 15.4% BCG, 10.9% ZOL; p-value 7x10'? and 1.3x10'?
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for BCG and ZOL respectively) as they differentiated into Tcm (median 25.1% ex vivo,
63.4% BCG, 70.0% ZOL; p-value 7.1x107 and 7.1x107 for BCG and ZOL respectively)
(Supplementary Figure 3). Expansion with either ZOL and BCG led to a lower proportion
of NKG2D+ cells and a higher proportion of CD28+ cells compared to the IL2 control
(Figure 14A). ZOL stimulation also resulted in a higher frequency of PD 1+ cells compared
to BCG and IL2, consistent with our previously published data (50)(Figure 14A). We did
not observe any statistically significant differences in Vo2 cell frequencies between

exposure groups following expansion (data not shown).

In terms of marker expression, after ZOL expansion, HEU-hi infants displayed higher
proportions of CD28+ Vo2 cells compared to HEU-lo infants (Figure 14B), while HEU-lo
infants had higher NKG2D levels compared to the HEU-hi infants (Figure 14B). This
suggests that distinct underlying functional potential arising from differentiation may be
present between the HEU groups (71). However, we did not observe statistically significant
differences in perforin expression between exposure groups for any culture condition. We
next re-stimulated expanded Vo2 cells with plate-bound anti-ydTCR to assess IFNy and
TNFa production as well as degranulation (surface CD107a expression) (Figure 14C). We
did not observe statistically significant differences between exposure groups for the ZOL
or IL-2 expanded cells (Figure 14C). However, following culture with BCG + IL-2, HEU-
hi infants displayed lower frequencies of TNFa+, [FNy+, and polyfunctional TNFa+IFNy+

cells compared to HU infants (Figure 14D).
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Figure 14: Lower cytokine

production in BCG-expanded Vo2 cells following

restimulation in HEU infants. V32 cells were stimulated in vitro with ZOL+IL-2,

BCG+IL-2, or IL-2 alone and expanded in culture for 17 days. Expanded V62 cells were

restimulated with plate-bound anti-yd TCR antibody (A) The heatmap summarizes

marker expression of V52 cells by culture condition on day 17 (before restimulation),

using a combination of colors and symbols to display, for each marker, the median of

individual frequencies of positive cells. (B) The beeswarm plots compare the expression

of specific markers between exposure groups 17 days after ZOL stimulation (before

restimulation), showing individual values, median and IQR, with whiskers showing the

+/- 1.5 IQR range for NKG2D+ (left) and CD28+ (right) Vo2 cells. (C) The heatmap

summarizes by culture condition the V32 cell cytokine production and degranulation in
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response to restimulation, using a combination of colors and symbols to display, for each
marker, the median of individual frequencies of positive cells. (D) The beeswarm plots
compare exposure groups for cytokine production by BCG-expanded Vo2 T cells. The
response to restimulation is displayed as the frequency of TNFa+ (left), IFNy+ (middle),
and polyfunctional TNFa+ IFNy+ (right) V62 cells. The symbols show individual
values, boxplots show median and IQR, with whiskers indicating the +/- 1.5 IQR range.

Shape and color identify HIV exposure status.
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Discussion

We did not find substantial differences in markers, although we did observe small
differences in CD28 expression upon ZOL stimulation. We did observe decreased cytokine

responses in HEU-hi infants after expansion.

Unfortunately, we were unable to profile these cell cultures using the larger spectral flow
cytometry panel, that would have provided substantially greater marker coverage than the
four small panels in combination. Likewise, this might have permitted to ascertain which
V52 subsets made up the majority of the expanded V32 in the culture, shedding insight into
whether the decrease in cytokine frequency after restimulation in the HEU-hi was being
driven by compositional differences, or the cells simply not responding as they had ex-
vivo. After culture with BCG, cells derived from the HEU-hi group displayed lower
proportions of TNFa+ and IFNy+ V82 cells compared to HU neonates in response to TCR-
mediated restimulation, suggesting a possible defect in recall responses. ZOL, an inhibitor
of the enzyme farnesyl pyrophosphate synthase (FPPS), indirectly and potently stimulates
V52 cells by inducing upregulation of isopentenyl phosphate (IPP), the endogenous
intermediate of cholesterol biosynthesis sensed by Vo2 cells. BCG directly stimulates V2
cells via the production of (E)-4-Hydroxy-3-methyl-but-2-enyl pyrophosphate (HMBPP),
an intermediate of the non-mevalonate pathway of cholesterol biosynthesis, which is less
potent that ZOL for cord blood V62 cells stimulation. Since no differences in response to
restimulation were evident for cells expanded with the potent zoledronate, the defect is

likely subtle and only measurable after mild stimulation.
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Observation: Sex-specific Differences

We compared ILT frequencies and marker expression at baseline by infant sex, pooling all
infants regardless of HIV exposure groups (given the lack of major differences between
exposure groups at the global level) (Figure 15). We observed the following differences in
female compared to male neonates: significantly higher frequencies of CD8+, NKG2D+,
and CD45RA+ cells and lower proportions of CD62L+ and CD25+ cells in the Vo2 cell
subset (Figure 15A); and significantly lower frequencies of PD-1+ MAIT cells (Figure
15B). These markers (except CD62L and PD1) were still differentially expressed after

PMA-+ionomycin stimulation (data not shown).

To confirm our observations, we employed a generalized-linear model comparison to
account for the contribution of HIV/ART exposure. The results remained statistically
significant for sex for all the above markers, with CD62L in V32 cells also exhibiting an
interaction with HIV/ART exposure for the HEU-hi group (Supplementary Table 3). Of
note, there were no differences between males and females in the production of cytokines

or cytotoxic granule release after stimulation both ex-vivo or post-expansion.
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Figure 15: Differences in ILT global marker expression by infant sex. The beeswarm
plots show the differentially expressed markers in Vo2 cells (A), and in MAIT cells (B).
The symbols show individual values and the boxplots show median and IQR, with

whiskers indicating the +/- 1.5 IQR range. Shape and color identify infant sex.
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Discussion

Throughout this study we noted small but internally consistent differences across
conditional aliquots between male and female neonates in the expression of surface
markers (CD62L, PD1, NKG2D, CD45RA and CDS8) across multiple subsets, but
predominantly Vo2 cells. ILT subset frequencies did not account for the observed
differences. These disparities remained significant after controlling for other variables,
such as exposure and gestational age. Preliminary analyses of other cell subsets (NKs and
conventional aff T cells) confirmed differential expression of the same markers between
male and female neonates. Importantly, the sex-related differences did not appear to have
functional implications, since cytokines, CD69, and CD107a expression were comparable
between males and females. Previous studies have reported differences in inflammatory
cytokines, androgen receptors, and FoxP3+ Tregs during pregnancy with male versus
female neonates. Whether our observation is generalizable, or unique to our system,

remains to be determined.

104



Singlets - FSC Singlets-SSC
’ 88.3 97.4

7 SingletsSSCB
100.0

_SSC-A
SOCHL oo,

Lineage-

A~

.

APC-Fire 810 :: CD38

Zombie NIR :: Viability

B ORI SRV Y

Spark Blue 550 :: CD3

SSC-A FSCA " Pacific Blue - CD14 & CD19 .

™

BV711 :: CD7

T cells
99.9

T cells
: 90.2

a
[a]
o4 ] a1
B CD3+ O )
(=] 64.8 S &2
n (= o
[} 9 |
g - n i 3 4
o2
o % i 3
x i @
gi 3 NK < 1 Cytosolic CD3€+ NKs | X i
& 5.2 g | 951 g
0 )

"BV510 : CD45RA BV510 :: CD45RA APC-Fire 750 = CD27

V8- Vo2+
MAITs 1991 0.60

s
pars
N
o

4.7

aSaiaila,

PE-Dazzle 594 :: TNFa.

Spark Blue 550 :: CD3

NKTs
0.018

PE-Cy5 :: CD25

12556 151

Alexa Fluor 488 - CD1d PBS-57 N, BV480 : CD161

A Fluor 647 :: hMR1 5-OP-RU ,

BV750 :: IFNy

Supplementary Figure 1: Gating strategy for spectral flow cytometry (SFC) panel. The
dot plots illustrate the gating strategy used to identify the main ILT nodes for a
representative HIV-unexposed (HU) infant, with descending hierarchical gates denoted

by arrows. Individual gates and frequency in the parent gate are shown.
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Supplementary Figure 3: Differentiation of Cord Blood ILTs. (A) The beeswarm plot
displays the memory differentiation across ILT subsets, with each subset designated by
a color and a symbol. Individual symbols represent the individual proportions of cells
falling into each differentiation state listed on the x-axis. (B) The beeswarm plots
compare the expression of specific markers in MAITs defined by either antibody
(CD161hi Va7.2+) or tetramer (CD161hi hMR1 5-OP-RU+), designated by shape and
color. (C) The beeswarm plots compare the expression of specific markers in NKTs

identified by either antibody (Va24Ja18+) or tetramer (hCD1d PBS-57+), designated by
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shape and color. Symbols represent individual values, boxplots depict medians and IQR,

with whiskers showing the +/- 1.5 IQR range.
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Supplementary Figure 4: Different visualization algorithms identify comparable ILT
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maps. (A) PaCMAP, (B) UMAP, (C) tSNE, (D) and PHATE results are shown for

unstimulated (top) and PMA-+ionomycin stimulated ILT.
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Supplementary Table 1 SFC Antibodies

Marker

CD62L

CD8

CD69

CD19%4

Vo2

CD183

CD4

CD127

CD14

CDI19

CDl61

CD45RA

CD56
CD197
CD7
IFNy
CD196

CD3

Alternate Clone
Name
SK11
CDS8a RPA-TS
FN50
CCR4 1G1
B6

CXCR3 1C6/CXCR3
SK3
IL-7Ra A019D5
MSE2
SJ25C1
HP-3G10
HI100
5.1H11
CCR7 GO043H7
M-T701
B27
CCR6 11A9

SK7

Isotype Fluorophore Manufacturer Catalog Temperature

Mouse BUV395
IgG2a, k

Mouse BUV496
IgGl1, k

Mouse BUV563
IgGl, k

Mouse BUV615
IgGl1, k

Mouse BUV661
1gG2, k

Mouse BUV737
IgGl, k

Mouse BUV&05
IgGl, k

Mouse BV421
IgGl, k

Mouse Pacific Blue
IgG2a, k

Mouse Pacific Blue
IgGl, k

Mouse BV480
IgGl, k

Mouse BV510
IgG2b, k

Mouse BV605
IgGl, k

Mouse BV650
IgG2a, k

Mouse BV711
IgGl, k

Mouse BV750
IgGl, k

Mouse BV786
IgGl, k

Mouse Spark Blue
IgGl, k 550
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BD
Biosciences

BD
Biosciences

BD
Biosciences

BD
Biosciences

BD
Biosciences

BD
Biosciences

BD
Biosciences

BioLegend
BioLegend
BioLegend

BD
Biosciences

BioLegend
BioLegend
BioLegend

BD
Biosciences

BD
Biosciences

BD
Biosciences

BioLegend

Number
565219

612942

748764

613000

750056

741866

612887

351310

301828

363036

748279

304142

362538

353234

564018

566357

563704

344852

°C)
40

40
4°, RT
37°
4°,RT
40
37°,RT
37°
40
40
37°
40
37°,RT
37°,RT
37°
RT
37°

4°, RT

Location

Surface
Surface
Surface, IC
Surface
Surface, IC
Surface
Surface, IC
Surface
Surface
Surface
Surface
Surface
Surface, IC
Surface, IC
Surface
Intracellular
Surface

Surface, IC



Supplementary Table 1 SFC Antibodies

Marker Alternate

Name
hCD1d
PBS-57
Vo24Jal8

CD314 NKG2D
CD26
CD25 IL-2Ra
TNFao

CD279 PD1

CD16  FcyRlIII

hMRI 5-
OP-RU

Va7.2
CD107a
CD27
CD38
CD3*

CD3*

Clone

6B11

ID11

BASb

M-A251

MADI1

PD1.3.1.3

3G8

3C10

H4A3

0323

HIT2

UCHTI1

OKT3

Isotype Fluorophore Manufacturer Catalog Temperature

Tetramer Alexa Fluor

Mouse
IgGl1, k
Mouse
IgGl, k
Mouse
IgG2a, k
Mouse
IgGl, k
Mouse
IgGl, k
Mouse
IgG2b

Mouse
IgGl, k

488
FITC
PE
PerCP-
CyS5.5
PE-Cy5
PE-Dazzle

594
PE-Vio 770

APC

Tetramer Alexa Fluor

Mouse
IgGl, k
Mouse
IgGl, k
Mouse
IgGl, k
Mouse
IgGl, k
Mouse
IgGl, k
Mouse
IgG2a, k

647

Alexa Fluor
647

APC-R700

APC-Fire
750
APC-Fire
810

Alexa Fluor
488

Alexa Fluor
647

NIH
Tetramer
Core

BioLegend
BioLegend
BioLegend
BD
Biosciences

BioLegend

Miltenyi
Biotec

BioLegend

NIH
Tetramer
Core

BioLegend
BD
Biosciences
BioLegend
BioLegend
BioLegend

BioLegend

Number

342906

320806

302716

555433

502946

130-
117-
698

302012

351726

565184

302846

303550

300415

317312

°0)
RT
RT
37°,RT
RT
37°,RT
RT

37°, RT

4°

RT

RT
37°
37°
37°
40

4°

Location

Surface

Surface
Surface, IC
Intracellular
Surface
Intracellular

Surface, IC

Surface

Surface

Surface
Surface
Surface
Surface
Surface

Surface

RT = Stained at room temperature; 4°, RT = Antibody incubated at 4°C for surface staining and at room
temperature for intracellular staining; 37°, RT = Antibody incubated at 37°C for surface staining and at room
temperature for intracellular staining; IC = Intracellular. *Only used as unmixing controls for tetramers on

respective fluorophores.
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Supplementary Table 2 CFC Antibodies

Marker Alternate

Name

CD279 PDI

Vo2

Viability

CD3
CDs6 NCAM
CD27
CDl16
CD314 NKG2D

Streptavidin
CDI107a

LAMP-1
Perforin
Va2
CD3
CD25
TNFa

CDs6 NCAM

Granzyme B

CD56

Clone

EH12.2H7

B6

UCHT1

S5.1H11

0323

3G8

1D11

H4A3

dGo

B6

OKT3

CD25-4E3

MADbI1

TULYS56

GB11

5.1HI1

Isotype

Mouse IgG1,
k

Mouse IgG1,
k

Mouse 1gGl1,
k

Mouse IgGl,
k

Mouse 1gGl1,
k

Mouse IgGl,
k

Mouse 1gGl1,
k

Mouse IgGl,
k

Mouse
IgG2b, k
Mouse IgGl,
k
Mouse
IgG2a, k
Mouse
IgG2b, k
Mouse IgGl,
k

Mouse IgGl,
k

Mouse IgGl,
k

Mouse IgG1,
k

Fluorophore Manufacturer Catalog

BV421

BV421

Zombie
Aqua
Fixable
Viability dye
BV510

BV650
BV650
BV650
Biotin

BV650

Alexa Fluor
488

Alexa Fluor
488

FITC

PerCP-
eFluor 710

PerCP-
eFluor 710

PerCP-Cy5.5
PerCP-
eFluor 710
PE

PE
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BioLegend

BioLegend

BioLegend

BioLegend
BioLegend
BioLegend
BioLegend
BioLegend

BioLegend
BioLegend

BioLegend

BioLegend

Invitrogen

Invitrogen

BioLegend

Invitrogen
BD

Biosciences
BioLegend

Number
329920

331428

423101

300448

362532

302828

302042

320804

405232
328610

308108

331406

46-
0037-42

46-
0257-42

502926
46-
0566-42
561142

362508

Panel

CKaO,
CK17,
1,4b
2

CKaO,
CK17,
1, 4b

2
CK17,

4b
CKO

2
CK17

2,4b
CKaO,

1

CKaO,
4b
1

CK17

4b

CKO

Location

Surface

Surface

Surface

Surface

Surface

Surface

Surface

Surface

Surface
Surface

Intracellular

Surface

Surface

Surface

Intracellular

Surface

Intracellular

Surface



Supplementary Table 2 CFC Antibodies

Marker

CD28
V2
CD279
CD27
CD159
IFNy
CD3
V2
CD27
TNFa
Vsl
CD16
CD45RO
CD45RA
Viability
CD3*
CD3*
CD3*

CD3*

Alternate Clone
Name
"15EQ"
B6
PDI EH12.2H7
0323

NKG2A  REAI10

45-15

BW264/58

B6

0323

MAbI11

REA173

3G8

UCHLI1

HI100

UCHTI1

UCHT1

OKT3

UCHT1

Isotype
Mouse IgGl1, PE
k
Mouse IgG1, PE
k
Mouse 1gGl1, PE
k
Mouse IgG1, PE-Dazzle
k 594
Recombinant PE-Vio 770
human IgG1
Mouse IgG1, PE-Vio 770
k
Mouse PE-Vio 770
IgG2a, k
Mouse 1gGl1, APC
k
Mouse IgGl1, APC
k
Mouse IgG1, Alexa Fluor
k 647
Recombinant APC
human IgG1
Mouse IgG1, APC-Fire
k 750
Mouse APC-Fire
IgG2a, k 750
Mouse APC-Fire
IgG2b, k 750
BD Horizon
780
Mouse IgGl, BV421
k
Mouse IgGl, BV510
k
Mouse BV650
IgG2a, k
Mouse IgGl, FITC
k

113

Miltenyi
Biotec
BioLegend
BioLegend
BioLegend
Miltenyi
Biotec
Miltenyi
Biotec
Miltenyi
Biotec
BioLegend
BioLegend
BioLegend
Miltenyi
Biotec
BioLegend
BioLegend
BioLegend

BD
Biosciences
BioLegend
BioLegend
BioLegend

BioLegend

Fluorophore Manufacturer Catalog

Number
130-

126-172
331408
329906
302844
130-

113-567

130-
113-494

130-
113-130
331418
302810
502916

130-
118-968
302060
304250
304152
565388
300434
300448

317324

300406

Panel

CK17

2,4b

CKaO,

CK17

4b

CK17

CKO

1,2

4b

CKaO,
CK17

Location

Surface

Surface

Surface

Surface

Surface

Intracellular

Surface

Surface

Surface

Intracellular

Surface

Surface

Surface

Surface

Surface

Surface

Surface

Surface

Surface



Supplementary Table 2 CFC Antibodies

Marker  Alternate Clone Isotype
Name
CD3* OKT3 Mouse
IgG2a, k
CD3* UCHT1  Mouse IgGl,
k
CD3* UCHT!  Mouse IgGl,
k
CD3* BW264/58 Mouse
IgG2a, k
CD3* OKT3 Mouse
IgG2a, k
CD3* UCHT1  Mouse IgGl,
k

1 = Phenotype, 2 = NK markers, 4b = Cytotoxicity, CK = Cytokine, 0 = Ex Vivo, 17 = Post expansion

* Only used for compensation controls

Fluorophore Manufacturer Catalog Panel

PerCP-
eFluor 710

PE
PE-Dazzle
594
PE-Vio 770
APC

APC-Fire
750

114

Number

Invitrogen 46-
0037-42

BioLegend 300441
BioLegend 300450
Miltenyi 130-

Biotec 113-130
BioLegend 317318

BioLegend 300470

Location

Surface

Surface

Surface

Surface

Surface

Surface



Supplementary Table 3. Generalized Linear Model Results

Marker ~ Infant Sex + HIV/ART Exposure
Separate models for each dependent variable

Tested

Va2

NKG2D
NKG2D
NKG2D
NKG2D
CD8
CDg8
CD8
CDg8
CD45RA
CD45RA
CD45RA
CD45RA
CD62L
CD62L
CD62L
CD62L
CD25
CD25
CD25
CD25
MAIT
PD1

PD1

PD1

PD1

Predictor

Intercept

Sex: Male
Exposure: HEU-lo
Exposure: HEU-hi
Intercept

Sex: Male
Exposure: HEU-lo
Exposure: HEU-hi
Intercept

Sex: Male
Exposure: HEU-lo
Exposure: HEU-hi
Intercept

Sex: Male
Exposure: HEU-lo
Exposure: HEU-hi
Intercept

Sex: Male
Exposure: HEU-lo
Exposure: HEU-hi

Intercept

Sex: Male
Exposure: HEU-lo
Exposure: HEU-hi

OR

2.01
0.92
1.01
0.95
1.40
0.90
1.01
0.97
1.93
0.93
0.99
0.97
1.11
1.04
1.02
1.04
1.36
1.09
0.99
1.04

1.46
1.09
1.03
0.96

Brxxpy < 0.001; **p < 0.01; *p < 0.05

SE

0.03
0.03
0.04
0.04
0.04
0.04
0.05
0.05
0.03
0.03
0.04
0.04
0.02
0.02
0.02
0.02
0.04
0.04
0.05
0.05

0.04
0.04
0.05
0.05

z- p-value OR [95% CI]

value

20.62
-2.55
0.20
-1.43
8.18
-2.61
0.18
-0.55
18.99
-2.29
-0.13
-0.66
5.98
2.18
0.95
2.10
7.07
2.04
-0.19
0.74

8.69
2.00
0.60
-0.73

<0.001
0.014
0.845
0.158
<0.001
0.012
0.855
0.582
<0.001
0.026
0.896
0.509
<0.001
0.034
0.346
0.04
<0.001
0.046
0.852
0.464

<0.001
0.05
0.554
0.468

2.01 [1.88-2.15]
0.92 [0.87-0.98]
1.01 [0.93-1.09]
0.95 [0.88-1.02]
1.40 [1.29-1.52]
0.90 [0.84-0.97]
1.01 [0.92-1.11]
0.97 [0.89-1.07]
1.93 [1.80-2.07]
0.93 [0.87-0.99]
0.99 [0.92-1.08]
0.97 [0.90-1.05]
1.11 [1.07-1.15]
1.04 [1.00-1.07]
1.02 [0.98-1.06]
1.04 [1.00-1.08]
1.36 [1.25-1.48]
1.09 [1.00-1.18]
0.99 [0.90-1.10]
1.04 [0.94-1.14]

1.46 [1.34-1.58]
1.09 [1.00-1.18]
1.03 [0.93-1.14]
0.96 [0.88-1.06]

1

skksk

*kxk

skoksk

skeksk

Kk

Kk
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