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Abstract

Quantitative analysis of large single-cell measures acquired by phospho flow cytometry
typically involves establishing inclusion gate thresholds and combining measures from accepted
cells into a single median metric. Though this analysis method is simple, it overlooks the
heterogeneity of cell populations and there could be information missing from the single-cell
level.
Here, we have formulated approaches that can recognize the heterogeneity and extract
additional information involving dose-response and interactions between multiple molecules
from phospho flow cytometry datasets.
Using phospho flow multiplexed sampling of cell physical features, and primary antibodies
against protein markers, including GAPDH as a protein expression control, HA tag as an
exogenous gene/variant transfection measurement, and 8 antibodies detecting the activation
(phosphorylation) states of 8 proteins within conserved molecular pathways, two panels of
phospho-specific antibodies were used simultaneously for multiplexed measures in the same
cells.
Our approach involves single-cell standardization, fitting loess regression, identifying linear
domains in dose-response plots, building linear mixed-effects models, and multi-dimensional
analyses to detect interactions between phosphorylated protein markers.
We demonstrate the utility of this approach by expressing wild-type and 5 variants (4A,
D268E, Y138L, P38H, G129E) of PTEN on 8 markers of molecular pathways downstream of
PTEN, and we also expressed RHEB WT testing its impact on markers in the shared associated
pathways. We succeeded in differentiating subtypes of PTEN loss-of-function variants and were
iii

able to predict that PTEN P38H is a loss-of-lipid-phosphatase-function variant. We were also
able to infer that pAKT, p4EBP1, pS6, and pCREB are all downstream targets of PTEN
regulation while pAKT is between PTEN and p4EBP1, pS6, or pCREB.
In conclusion, our results demonstrate dose response and molecular pathway interactions
unavailable from reducing population data to single values, and our approach manifests strong
promise in variant function measurement and molecular signaling pathway inference.
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Lay Summary

Flow cytometry is a commonly used tool in biological research for measures of biophysical
features and protein levels within single cells. Phospho flow cytometry is a specific kind of flow
cytometry that measures levels of phosphorylated proteins. The typical data analysis method for
phospho flow cytometry involves compressing a gated area of cells into a single median metric.
Though this method is simple, it overlooks the individual differences among cells, potentially
missing information from the single-cell level. In this project, we have developed a single-cell
level analysis pipeline for phospho flow cytometry data that can standardize for individual
differences among cells and extract additional information including dose response and
molecular signaling pathway interactions, not possible with the typical method. Our approach
manifests strong promise in variant function measurement and molecular pathway inference.
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Chapter 1: Introduction
Protein phosphorylation is one of the most prevalent and critical post-translational
modifications (PTMs), and a variety of processes are mediated by protein phosphorylation,
including protein synthesis, cell division, cell growth, development, and aging (Huether &
McCance, 2014). Furthermore, protein phosphorylation dysregulation has been linked to various
disorders, including neurological disorders (such as autism spectrum disorder and Alzheimer's
disease), diabetes, and cancers (Forlenza et al., 2011; Janku et al., 2012; Samovski et al., 2015).
Multiple methods for detecting protein phosphorylation have been developed, among which
phospho flow cytometry has very high throughput, single-cell resolution, and allows multiplexed
measurements. The typical data analysis method for phospho flow cytometry involves
calculating the “fold change” of MFIs (median fluorescent intensity) between an experimental
group and the control group. Though this method is simple, it overlooks the heterogeneity of cell
populations. Here, we have developed a single-cell level analysis pipeline that can recognize the
heterogeneity and extract additional information from the phospho flow cytometry data sets.
To test the utility of our single-cell level analysis pipeline, we designed our experiment
based on the well-studied PTEN-related signaling pathway which is associated with autism
spectrum disorder (ASD).
1.1

Protein phosphorylation and its role in cellular signaling
One of the most prevalent and critical post-translational modifications (PTMs) is protein

phosphorylation (Sacco, Perfetto, Castagnoli, & Cesareni, 2012). Protein kinases are involved in
this reversible process, which includes the addition of a phosphate group (PO4) to the polar
group R of amino acids. As a result, the protein changes from hydrophobic apolar to hydrophilic
1

polar structure, allowing it to change shape while interacting with other molecules (Alberts et al.,
2008). Phosphatases, on the contrary, are enzymes that hydrolyze phosphoric acid monoesters
into a phosphate ion and a molecule with a free hydroxyl group (Barford, 1996). Consequently, a
phosphate group is removed from the phosphoprotein.
The activity of protein kinases and phosphatases can regulate signals originating from the
extracellular space as well as metabolic or stress signals arising from within the cell. Therefore,
protein phosphorylation is a crucial mechanism where cells sense their internal metabolic
conditions and external environments to arrange an appropriate physiological response (Cutillas,
2017). A variety of processes are mediated by protein phosphorylation, including protein
synthesis, cell division, cell growth, development, and aging (Huether & McCance, 2014).
Furthermore, protein phosphorylation dysregulation has been linked to various disorders,
including neurological disorders, diabetes, and cancers (Forlenza et al., 2011; Janku et al., 2012;
Samovski et al., 2015).
1.2

Methods for detecting protein phosphorylation
The invention and development of phosphorylation-dependent antibodies have freed

researchers from previous laborious methods for detecting protein phosphorylation, such as 2dimensional gel electrophoresis or SDS-PAGE paired with radioactive-isotope incubation. The
first phopho-antibody was developed in 1981, which broadly bound to proteins with
phosphotyrosine (Ross, Baltimore, & Eisen, 1981). In 1991, phospho-specific antibodies were
developed by immunizing rabbits with synthesized phosphopeptides that shared the same amino
acid sequence as the target protein around the phosphorylation site (Jczernik et al., 1991). With

2

the help of phospho-specific antibodies, protein phosphorylation can be easily detected by
multiple antibody detection methods such as Western blot, ELISA, and flow cytometry.
1.2.1

Western blot
The Western blot is a widely-used method for determining a protein's phosphorylation

status, for its relatively low requirements for equipment. A phospho-specific antibody can be
used to detect the protein of interest after SDS-PAGE and subsequent transfer to a membrane
(typically nitrocellulose or PVDF), eliminating the risks of radioisotope disposal associated with
the previous method (SDS-PAGE collocating with radioactive-isotope incubation). Despite the
advantages mentioned, Western blot is still a cell-lysate-level analysis and has rather low
throughputs.
1.2.2

Cell-based ELISA (Enzyme-Linked Immunosorbent Assay)
Cell-based ELISA has much higher throughputs compared to the Western blot. Cells are

cultured and seeded into a 96-well microplate. After fixation and permeabilization, primary
phospho-specific antibodies are applied to the well for incubation, followed by adding enzymelabeled secondary antibodies. The enzymes can turn added substrates into fluorescent or
colorimetric products that are detected by the scanner for analysis.
1.2.3

Flow cytometry/phospho flow cytometry
When paired with phospho-specific fluorescently conjugated antibodies, flow cytometry

further increases the throughput of protein phosphorylation detection while also having two other
major advantages: multiplexed measurements and single-cell resolution. Researchers refer to
this method as “phospho flow cytometry”, or simply “phospho flow”. Phospho flow cytometry
was first invented in 2002 (Perez & Nolan, 2002). It utilizes phospho-specific fluorescently
3

conjugated antibodies upon a standard flow cytometry setup (Oberprieler & Taskén, 2011). To
facilitate the recognition of intracellular phosphoproteins, cells need to be fixed by
formaldehyde, permeabilized by methanol, and stained by phospho-specific fluorescently
conjugated antibodies. Then, cells will run through the flow cytometer one by one as forward
scatter (FSC), side scatter (SSC), and fluorescence intensities of different spectrums are
measured. FSC and SSC are normally used in gating to remove debris and multiplets so that the
final population for further analysis only contains single cells
1.3

Typical data analysis method for phospho flow cytometry
Traditionally, a population-level analysis method is used in phospho flow cytometry that

involves calculating the “fold change” of MFIs (median fluorescent intensity, or mean
fluorescent intensity) between an experimental group and the control group (Krutzik, Trejo,
Schulz, & Nolan, 2011). Median fluorescent intensity is more commonly used than mean
fluorescent intensity as the median is more resistant to skewed distributions. Without further
notation, MFI refers to median fluorescent intensity in this thesis.
1.4

The research question and research goals
Though calculating the “fold change” of MFIs is a simple method, it overlooks the

heterogeneity of cell populations and there could be information missing when compressing the
cell population into a single median metric. Here, we have developed a single-cell level analysis
pipeline that can recognize the heterogeneity and can extract additional information from the
phospho flow cytometry data sets.
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To test the utility of our single-cell level analysis pipeline, we designed our experiment
based on the well-studied PTEN (phosphatase and tensin homolog)-related signaling pathway
which is associated with autism spectrum disorder (ASD).
1.5

The involvement of PTEN in ASD and PTEN-related signaling pathways
Autism spectrum disorder (ASD) is a certain group of complex neural development

disorders that affects approximately 1 in 66 children and youth in Canada (Ofner et al., 2018),
and PTEN is one case where monogenic mutations are linked with ASD. In this study, we
utilized well-studied PTEN-related signaling pathways to design our experiment, testing the
performance of our single-cell level phopho flow analysis pipeline.
1.5.1

Autism spectrum disorder
Autism spectrum disorder (ASD) refers to a group of complex neural development disorders

characterized by repetitive behavioral patterns as well as difficulties with social communication
and interaction. The symptoms are present from an early age and they can range from mild to
severe (David J. Kupfer, 2013). Evidence shows that genetic and environmental factors can both
contribute to the pathogenesis of ASD (Chaste & Leboyer, 2012).
1.5.2

The involvement of PTEN in ASD
Hundreds of genes and many genomic regions are reported to be associated with ASD, and

many of these genes function in common molecular pathways. PTEN is one of the rare cases
where monogenic mutations are linked with ASD. In 2005, Butler and co-workers examined 17
patients who had both ASD and macrocephaly, and 3 (17.6%) were found to carry germline
mutations of PTEN (Butler et al., 2005). This study first established the link between PTEN
mutations and ASD. Later, additional clinical studies suggest that approximately 1-5% of ASD
5

patients carry PTEN germline mutations (Buxbaum et al., 2007; McBride et al., 2010; Varga,
Pastore, Prior, Herman, & McBride, 2009). Currently, screening for PTEN variants is highly
recommended for ASD patients with macrocephaly (Zhou & Parada, 2012).
1.5.3

PTEN’s functions and PTEN-related signaling pathways
PTEN can act as both lipid phosphatase and protein phosphatase (Tu, Chen, Chen, & Stiles,

2020), of which its role as lipid phosphatase is better studied. PTEN, as a lipid phosphatase, can
dephosphorylate PIP3 (phosphatidylinositol (3,4,5)-trisphosphate) to PIP2 (phosphatidylinositol
4,5-bisphosphate), and thus acts as a negative regulator in the PTEN/PI3K/AKT signaling
pathway and inhibits the phosphorylation of AKT (Carnero, Blanco-Aparicio, Renner, Link, &
Leal, 2008). PTEN, as a protein phosphatase, can dephosphorylate PTK6 (protein tyrosine kinase
6) (Wozniak et al., 2017) while phosphorylated PTK6 can promote the phosphorylation of AKT
(Zheng, Peng, Wang, Asara, & Tyner, 2010).
Many studies were conducted on PTEN related intracellular signaling pathways (Carracedo
& Pandolfi, 2008; Chappell et al., 2011; Cheng et al., 2014; Gu et al., 2011; Mahalingam,
Sankhala, Mita, Giles, & Mita, 2009; McCubrey et al., 2014; McCubrey et al., 2012; Saini et al.,
2013; Wang, Xu, Lazarovici, Quirion, & Zheng, 2018; A. Y. Wen, Sakamoto, & Miller, 2010;
Wozniak et al., 2017; Zheng et al., 2010). To understand a bigger picture of PTEN’s role in these
pathways, we curated the results and re-drew them in a new signaling pathway map (Figure 1.1).
The pathway map greatly guided us in the experiment design.

6

Figure 1.1 Curated PTEN-related intracellular signaling pathways
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Chapter 2: Methods
This project is a collaboration between multiple members from Haas Lab. Cell culture and
plasmid transfection were done by Warren M. Meyers. Antibody staining, flow cytometry
running, gating and compensation were done by Fabian Meili.
Chapter 2.2 and 2.3 were revised upon the input from Wun C. Sin and Fabian Meili.
Chapter 2.4 was revised upon the input from Patrick Coleman.
2.1

Experimental design
There are 3 types of groups in our experiments: experimental groups, empty control groups,

and phospho flow control groups. They will be briefly introduced in the following sections.
2.1.1

Experimental groups and the empty control group
Based on the pathway map (Figure 1.1), we transfected plasmids containing 2 wild-type

genes (PTEN WT, or RHEB (Homo sapiens Ras homolog, mTORC1 binding) WT) or 5 PTEN
variants (G129E, Y138L, P38H, 4A, or D268E) that are HA (hemagglutinin) tagged in HEK
(Human Embryonic Kidney) 293 cells as experimental groups, which each has 4 replicate wells
of cells. These 5 variants covered major types of PTEN variants: PTEN G129E (Gly129 was
replaced by Glu) was found in Cowden syndrome, and previous research found that G129E
maintained protein phosphatase function while having little lipid phosphatase activity (Myers et
al., 1998; S. Wen et al., 2001). PTEN Y138L, on the contrary, maintained lipid phosphatase
activity while lacking protein phosphatase activity (Davidson et al., 2010). PTEN P38H is an
ASD-related loss-of-function variant (Chao et al., 2020; Klein, Sharifi‐Hannauer, &
Martinez‐Agosto, 2013), which has not been specified to be a loss-of-lipid-phosphatase8

function variant or a loss-of-protein-phosphatase-function variant. PTEN 4A is a gain-offunction variant of PTEN (Post et al., 2020), where Ser380, Thr382, Thr383, and Ser385 were
replaced with alanines. PTEN D268E appeared to be a WT-like variant in measurements of cell
growth and synaptogenesis in the previous study (Post et al., 2020).
Then, 2 replicates of each experimental group were stained with phospho-specific
antibodies from panel 1, and the other 2 replicates of each experimental group were stained with
phospho-specific antibodies from panel 2. Panel 1 includes: anti-GAPDH, anti-HA, anti-pGSK3β, anti-pSyk, anti-p4EBP1, anti-pERK1/2, anti-pp38 MAPK, and anti-pSTAT3. Panel 2
includes: anti-GAPDH, anti-HA, anti-pAKT, anti-pmTOR, anti-p4EBP1, anti-pSTAT5, antipS6, and anti-pCREB. Anti-GAPDH was used in both panel 1 and panel 2 for single-cell
standardization, and anti-HA was used in both panels as a transfection measurement. Besides,
anti-p4EBP1 was used in both panels to test the difference across panels.
The empty control group is very similar to the experimental groups as it was stained with
the same 2 panels of antibodies (2 replicates each panel). The difference between experimental
groups and the empty control group is that the latter group was transfected with plasmids
containing a junk sequence (not translated by HEK 293 cells) that was HA-tagged.
2.1.2

Phospho flow control groups
There are 2 types of phospho flow control groups: single-stained controls and background

noise control. Single-stained controls contain 14 wells of untransfected cells that were stained
with only 1 kind of antibodies, including 12 kinds of phosphorylated protein antibodies from 2
panels, anti-HA, and anti-GAPDH. These 14 wells of cells were used in compensation later. The
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background control is a single well of cells that were untransfected and unstained, which was
used for background noise subtraction.
Data acquisition for wells containing empty control, phosphor flow controls, and
experimental groups was carried out simultaneously with unchanged settings of the same flow
cytometer.
2.2

Cell culture and transfection
5 PTEN variants (G129E, Y138L, P38H, 4A, or D268E) were generated using site-directed

mutagenesis by Agilent Pfu Polymerase (as reported (Post et al., 2020)). RHEB (Accession
Number: NM_005614.3), PTEN (Accession Number: AAB66902.1), and PTEN variants were
cloned in-frame into a pCAG plasmid backbone with an N-terminal 3X HA tag. HEK293 cells
from the American Type Culture Collection (CRL-1573) were cultured in Dulbecco’s Modified
Eagle’s Medium (Millipore Sigma D6046) supplemented with 10% FBS and 100U/mL
Penicillin-Streptomycin. Cells were seeded at 1x105 per well in 24-well plates 16-20hrs before
transfection with 500ng of pCAG-3XHA-plasmid DNA using X-tremeGENE 9 at a ratio of 2uL
to 1ug DNA. Culture media were replaced 24h after transfection. After 48 hr, cells were
stimulated for 10 minutes with fresh culture media, rinsed once with PBS before being treated
with Trypsin-EDTA (Gibco, 25200072) for 5 minutes to create a single-cell suspension. Cells
were then fixed for 10 minutes in 3.2% PFA and resuspended in 100% ice-cold methanol and
stored at -20℃.
2.3

Antibody staining and flow cytometry
Cells were rinsed with Flow Cytometry Staining Buffer (FC001, R&D Systems) and then

stained with florescence-conjugated antibodies (see Table 2.1) in 50ul of Staining Buffer for one
10

hour on ice. Cells were then rinsed twice with Staining Buffer before being run on a CytoFLEX
LX N3-V5-B3-Y5-R3-I2 Flow Cytometer (Beckman Product No: C40312) and recorded in
V450, B525, B690, Y585, Y610, Y763, R660, and R712 channels.

Protein

Conjugated
antibody

Antibody
dilution

Fluorophore

Flow
cytometer
channel

Phosphorylation
site(s)

Activation/
Deactivation

Panel

GAPDH

Invitrogen
MA515738D48
8

1:200

Alexa-488

B525

N.A.

N.A.

1, 2

HA

Invitrogen
26183D680

1:400

Dylight680

R712

N.A.

N.A.

1, 2

p4EBP1

Cell
Signal 2846S

1:400

PE

Y585

Thr37, Thr46

Activation

1, 2

pGSK-3β

R&D IC25062V

1:50

Pacific Blue

V450

Ser9

Deactivation

1

pSyk

Invitrogen 469006-41

1:100

perCP-eFluor710

B690

Tyr319, Tyr352

Activation

1

pERK1/2

Invitrogen 469109-42

1:200

PE-eFluor610

Y610

Thr202, Tyr204

Activation

1

pp38 MAPK

Cell Signal
51255S

1:50

PE-Cy7

Y763

Thr180, Tyr182

Activation

1

pSTAT3

CellSignal 7195
8S

1:50

eFluor660

R660

Ser727

Activation

1

pAKT

Invitrogen 489715-42

1:200

VL1,YL3

V450

Ser473

Activation

2

pmTOR

Invitrogen 469718-42

1:100

perCP-eFluor710

B690

Ser2448

Activation

2

pSTAT5

Invitrogen 619010-42

1:50

PE-eFluor610

Y610

Tyr694

Activation

2

pS6

Fisher 25-900742

1:200

PE-Cy7

Y763

Ser235, Ser236

Activation

2

pCREB

Cell Signal
#14001

1:100

Alexa647

R660

Ser133

Activation

2

Table 2.1 Antibody information
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2.4

Gating and compensation
A two-step gating strategy was used in the experimental and empty control groups. In the

FlowJo software, after separating cells from debris using SSC-A versus FSC-A channels, FSC-W
and FSC-A channels were used to gate single cells from multiplets. The same manually-selected
gating regions in SSC-A versus FSC-A and FSC-W versus FSC-A scatter plots were applied in
all experimental and empty control groups.
Spectral compensation is another important preprocessing step for flow cytometry data
following the gating, in order to remove linear interference from a reporter fluorochrome spilling
over into detection by a secondary channel (Roederer, 2001). This is of even greater importance
for research methods such as this that investigate relationships between two or more reporters (in
this case, HA, GAPDH, and a phospho-specific antibody), as any spillover between two of the
channels of interest will affect the modeling of their interactions.
As expected, spillover was present in the recorded data (observed in uncorrected, singlestained control wells, Figure 2.1 a), d)). To remove this, it was processed in the FlowJo
(v10.7.1) software package, which provides the AutoSpill algorithm for automatically
calculating a spillover matrix from single-stained control wells (Roca et al., 2021). After
AutoSpill was run, some spillover was correctly removed (Figure 2.1 b)) but it was still apparent
between other channels (Figure 2.1 e)), indicating that correction was not complete, and channel
interaction modeling would not provide the correct results.
To remedy this, we performed manual inspections of any automatically generated spillover
matrix (by AutoSpill) and corrected those by hand if some errors still occurred, to minimize
spillover effects between channels (Figure 2.1 c), f)).
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After we obtained the compensation matrix for each of the two panels respectively using
single-stained controls, the compensation matrix was applied to all experimental and empty
control groups in each panel.

Figure 2.1 Single-stained control wells for calculating the spillover matrix. a) The well that was singlestained with anti-pSyk-perCP-eFluor710, targeting channel B690, spilling to Y763 channel. b) After correction by
AutoSpill. c) After correction by AutoSpill with manual adjustments. d) The well that was single-stained with antiHA-Dylight680, targeting channel R712, spilling to R660. e) After correction by AutoSpill. f) After correction by
AutoSpill with manual adjustments.
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2.5

Background noise subtraction and quality control
Background noise subtraction was the next step, following gating and compensation. A well

of untransfected and unstained HEK293 cells was used as the background noise control, which
went through flow cytometry using the same settings as the experimental groups. Two different
compensation matrices of the two panels were applied to the cells in the background control well
respectively, returning two versions of compensated background controls. The column medians
of each compensated background control were subtracted from respective columns of all
experimental and empty control groups in each respective panel, remedying for the background
noise (caused by the flow cytometer or cell autofluorescence, etc.).
After background noise subtraction, for all experimental and empty control groups (two
replicates combined), PFIRs (positive fluorescence intensity ratio) were calculated for each
antibody channel and recorded in Table 2.2 and Table 2.3 (PFIR lower than 90% was marked in
red). PFIRs of all experimental groups in the anti-pSTAT3 (R660) channel are lower than 90% in
panel 1, while those of all experimental groups and the empty control group in the anti-pmTOR
(B690) channel and the anti-pSTAT5 (Y610) channel are lower than 90% in panel 2. These 3
channels were discarded from further analysis due to the dim fluorescence. In total, there were 2
wild-type genes (PTEN WT, or RHEB WT) or 5 PTEN variants (G129E, Y138L, P38H, 4A, or
D268E) transfected into HEK 293 cells with 8 phosphorylated marker proteins (p4EBP1 was
tested in both panels) being tested and analyzed in two panels (see Figure 2.2).
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Group

AntiGAPDH
PFIR

Anti-HA
PFIR

Antip4EBP1
PFIR

AntipGSK-3β
PFIR

AntipSyk
PFIR

AntipERK1/2
PFIR

Antipp38
MAPK
PFIR

AntipSTAT3
PFIR

PTEN G129E
tranfection

99.92%

98.67%

99.86%

98.67%

98.36%

99.79%

99.60%

89.11%

PTEN 4A
transfection

99.83%

99.00%

99.74%

98.48%

98.72%

99.60%

99.38%

88.29%

PTEN Y138L
transfection

99.84%

99.31%

99.79%

99.02%

98.50%

99.76%

99.62%

88.55%

PTEN P38H
transfection

99.89%

98.88%

99.75%

98.61%

98.53%

99.40%

99.43%

89.52%

PTEN D268E
transfection

99.77%

99.09%

99.66%

98.66%

98.30%

99.53%

99.40%

88.59%

PTEN WT
transfection

99.88%

98.99%

99.81%

98.62%

98.93%

99.46%

99.37%

87.61%

RHEB WT
transfection

99.85%

98.63%

99.73%

99.04%

98.69%

99.30%

99.35%

87.00%

Empty control

99.80%

98.76%

99.68%

99.41%

99.27%

99.49%

99.56%

92.74%

Table 2.2 Positive fluorescence intensity ratios (PFIRs) of all groups and channels in panel 1. PFIRs lower than
90% are marked in red.
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Group

AntiGAPDH
PFIR

Anti-HA
PFIR

Antip4EBP1
PFIR

AntipAKT
PFIR

AntipmTOR
PFIR

AntipSTAT5
PFIR

Anti-pS6
PFIR

AntipCREB
PFIR

PTEN G129E
tranfection

99.83%

96.15%

99.74%

99.89%

62.23%

25.78%

98.64%

99.04%

PTEN 4A
transfection

99.76%

95.40%

99.77%

99.72%

66.07%

32.97%

97.78%

98.52%

PTEN Y138L
transfection

99.81%

98.40%

99.81%

99.82%

55.33%

59.63%

98.92%

99.30%

PTEN P38H
transfection

99.88%

96.52%

99.83%

99.84%

61.45%

40.75%

98.67%

98.92%

PTEN D268E
transfection

99.89%

94.73%

99.83%

99.86%

70.98%

29.87%

98.15%

98.71%

PTEN WT
transfection

99.86%

93.98%

99.83%

99.79%

70.77%

38.80%

97.39%

98.39%

RHEB WT
transfection

99.67%

93.17%

99.69%

99.73%

67.96%

26.65%

97.85%

98.48%

Empty control

99.90%

92.08%

99.86%

99.89%

67.71%

29.04%

99.01%

99.45%

Table 2.3 Positive fluorescence intensity ratios (PFIRs) of all groups and channels in panel 2. PFIRs lower than
90% are marked in red.
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Figure 2.2 Transfected genes (yellow) and phosphorylated marker proteins (red) in the curated PTEN-related
intracellular signaling pathway
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2.6

Single-cell level standardization
To standardize the difference of cell sizes and metabolism intensities, Glyceraldehyde 3-

phosphate dehydrogenase (GAPDH), encoded by the housekeeping gene GAPDH, was used as a
control. Fluorescence intensities of anti-phosphorylated_proteins and anti-HA (indicating
transfection amount) were divided by the fluorescence intensity of GAPDH in each cell to reflect
single-cell phosphorylation levels and the single-cell transfection level.
2.7

LOESS and partitioning
LOESS (locally weighted regression), developed by William S. Cleveland (Cleveland &

Devlin, 1988), was used to show general trends of the data in our scatter plots. It is a
nonparametric algorithm that utilizes locally weighted regression to fit a smooth curve through
points in a scatter plot. Loess curves can reveal trends in data that might be hard to model with a
parametric curve. geom_smooth function in ggplot2 package (Wickham, 2011) already had
“loess” option built-in, and parameter “span” represents the proportion of observations to use for
local regression. The common range for “span” is between 0.25 to 0.5, and “span” was set to 0.5
for all the loess curves, given the number (around 10,000) of cells in one plot. To be noticed,
only cells in the main transfection range (from -2 to 0) were maintained for LOESS and further
analysis, filtering out very lowly and highly transfected outliers (Figure 2.3).
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Figure 2.3 Probability density distribution of the transfection level. To calculate the probability density,
two replicates of each group were combined and plotted together. Only cells in the main transfection range (from -2
to 0) were maintained for LOESS and further analysis.

After setting the “span” value, span * n (n is the total number of all points) points closest to
x0 (in the x-axis direction) will form a local neighborhood near x0. The loess algorithm uses a
tricube weight function to weigh each point in the local neighborhood of x0, and observations
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whose x value is closer to x0 would be given more weight while less weight would be given to
observations that are farther away. The points in the local neighborhood of x0 are used to fit a
local polynomial weighted regression at x0.
Then, partitioning was done upon the basis of LOESS. 80 points were extracted evenly from
the LOESS curve in each scatter plot (phosphorylation level V.S. transfection level) of
experimental groups. Then, these 80 points were used as the input of the solve_for_partition
function in the RcppDynProg package (Mount, 2020). The function has 2 key parameters,
“penalty” and “max_k”. “penalty” represents per-segment cost penalty, and “max_k” represents
maximum segments to divide into. The function will return the breakpoints that have the least
sum of linear regression residues for each segment and per-segment cost penalty, while the
number of breakpoints will not exceed max_k minus 1. “penalty” was set to 0.006, and “max_k”
was set to 4, which has been working robustly for our past and recent datasets. As a result, k
breakpoints will partition the cell population into k+1 linear-like segments on the x-axis
(transfection level).
The middle linear-like segment after the lowly-transfected blobs of cells where the
phosphorylation level shows the most dose-response towards the transfection level is referred to
as the linear-response region, which was ascertained manually.
2.8

Linear mixed-effects model
For cells in each linear-like segment returned by the solve_for_partition function, lmer

function in lme4 package (Bates, Sarkar, Bates, & Matrix, 2007) was applied to build the linear
mixed-effects model. It measures how “group” and “transfection level” affect the
phosphorylation level of a protein from the single-cell level while “group” (either experimental
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groups or empty control group), “transfection level”, and their interaction control the fixed
effects and “replicate” (either replicate 1 or replicate 2) controls the random effects. We applied
the model in a pairwise way, so each experimental group was compared to the empty control
group to measure the net impact of the transfection of a gene/variant on the phosphorylation
level of a protein.
The linear mixed-effects model can be written in lmer function as:
𝒑𝒉𝒐𝒔𝒑𝒉𝒐𝒓𝒚𝒍𝒂𝒕𝒊𝒐𝒏 ~ 𝒕𝒓𝒂𝒏𝒔𝒇𝒆𝒄𝒕𝒊𝒐𝒏 + 𝒈𝒓𝒐𝒖𝒑 + 𝒕𝒓𝒂𝒏𝒔𝒇𝒆𝒄𝒕𝒊𝒐𝒏: 𝒈𝒓𝒐𝒖𝒑 + (𝒈𝒓𝒐𝒖𝒑 | 𝒓𝒆𝒑)
Where phosphorylation, the response variable, is the phosphorylation level of a protein in a
cell, indicated by the fluorescence intensity of an anti-phosphoprotein. Explanatory variables are
to the right of the tilde character (“~”). Random-effects terms are written inside parentheses
while fixed-effects terms are written without parentheses. transfection, a fixed-effects term,
refers to the transfection level of the plasmids (empty control or exogenous gene/variant),
indicated by the fluorescence intensity of anti-HA in a cell. group, another fixed-effects term,
can be either “empty_control” or “experimental_groups” for a cell. transfection:group, the last
fixed-effects term, refers to the interaction between transfection and group. The only randomeffects term is group | rep. To the right of the bar (“|”) is the random factor rep (either “replicate
1” or “replicate 2” ). group is to the left of the bar, which indicates that this random-effects term
includes correlated intercepts and slopes for the fixed factor group (Magezi, 2015).
For convenience, the estimated mean of the coefficient of transfection:group is referred to
as “transfection impact”, and that of group is referred to as “group difference”. The “transfection
impact” of the linear-response region (defined in Section 2.7) is referred to as “effect size”.
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Chapter 3: Results
3.1

Single-cell level standardization flattens LOESS curves in the empty control
Without standardization, we observed a dose-response (phosphorylation V.S. transfection)

in LOESS curves for the empty control (Figure 3.1 a)). After single-cell standardization (divided
by GAPDH), LOESS curves for the empty control became flat (Figure 3.1 c)), while the PTEN
WT experimental group still maintained dose-response LOESS curves (Figure 3.1 d)). This
result indicates that dividing by GAPDH works well in standardizing the difference of cell sizes
and single-cell level metabolism intensities
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Figure 3.1 Single-cell level standardization flattens LOESS curves in empty controls. a) In the scatter plots
of transfection amounts and phosphoprotein amounts, without single-cell standardization by GAPDH, both the
empty control group and the experimental group (PTEN WT used as an example) show obvious dose-response
LOESS curves. b) With single-cell standardization by GAPDH, LOESS curves in empty controls are flattened,
while the PTEN WT experimental group still maintains the dose-response LOESS curves.

3.2

Effect size (slope) reflects the extent of phosphoprotein activation
AKT phosphorylation is widely used as an indicator for measuring PTEN variants’

functions (Post et al., 2020). Here we used effect sizes derived from linear mixed-effects
modeling to measure the functions of PTEN variants (Figure 3.2 b)): the gain-of-function
variant PTEN 4A had the largest estimated mean of effect size across experimental groups, while
PTEN WT and the WT-like variant PTEN D268E had slightly smaller estimated means of effect
sizes. The 95% CIs (confidence intervals) of these 3 groups overlapped with each other,
indicating that their effect sizes were not significantly different. The 3 loss-of-function variants
PTEN Y138L (loss of protein phosphatase function), PTEN G129E (loss of lipid phosphatase
function), and PTEN P38H (ASD-related loss-of-function) exhibited significantly smaller effect
sizes compared to PTEN WT as their 95% CIs did not overlap with that of PTEN WT. The
typical data analysis method (calculating the fold change of MFIs) of phospho flow was applied
to our dataset as well (Figure 3.2 c)). The gain-of-function variant PTEN 4A even had a smaller
fold change compared to PTEN WT and PTEN D268E, possibly due to overlooking the
heterogeneity of cell populations (here, it’s the transfection level). The 3 loss-of-function
variants still had smaller fold changes compared to PTEN WT. Overall, our method of measuring
effect sizes performs well in measuring loss-of-function variants. As for gain-of-function variant
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PTEN 4 A, although its estimated mean of effect size is larger than PTEN WT, the difference is
not significant.
Apart from pAKT, estimated means of effect sizes for all the phosphorylated marker
proteins were plotted in 2 heatmaps (Figure 3.2 d) and e)). pGSK3β, pSyk, and pS6 showed
very similar patterns of effect sizes as compared to pAKT across PTEN WT and variants. pp38
MAPK, which is very far from PTEN and RHEB regulations (see pathway map in Figure 2.2)
exhibited near-zero values across all experimental groups. pERK1/2 is different as the largest
effect sizes were observed in the loss-of-function variants. pCREB did not show a large
difference in effect sizes across groups.
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Figure 3.2 Effect size (slope) reflects the extent of phosphoprotein activation. a) In the scatter plot of
single-cell transfection level and AKT phosphorylation level, LOESS curves demonstrate the general trend of the
data with different groups or replicates denoted by different colors or line shapes. Two vertical dashed lines indicate
2 “breakpoints” between low-mid and mid-high segments of the population, separating the cells into 3 linear-like
segments. In each segment, the linear mixed-effects model studies how transfection level affects protein
phosphorylation level (pAKT in this example), while group (PTEN WT or empty control), transfection level, and
their interaction control the fixed effects and replicate (1 or 2) controls the random effects. The fixed-effect result of
the linear mixed-effects model for each segment is shown as the black line (“transfection impact” is plotted as the
slope, and “group difference” is plotted as the intercept. See Section 2.8 for more information.). The “transfection
impact” (slope) of the middle segment (“linear-response region”) is referred to as “effect size”. b) The estimated
means of effect sizes of RHEB WT, PTEN WT, and 5 PTEN variants towards pAKT. Error bars indicate the 95%
confidence intervals. c) The fold change of pAKT’s MFIs (Median Fluorescence Intensities) between an
experimental group and the empty control group. d) The heatmap of the estimated means of effect sizes of RHEB,
PTEN WT and variants towards pGSK3β, p4EBP1, pSyk, pERK1/2 and pp38 MAPK in panel 1. e) The heatmap of
the estimated means of effect sizes of RHEB, PTEN WT and variants towards pAKT, p4EBP1, pS6 and pCREB in
panel 2.

3.3

Effect size (slope) helps ascertain major targets of gene regulation
PTEN WT had the strongest inhibitory effect size towards its primary target pAKT as

expected. PTEN also manifested strong inhibitory effect sizes towards its nearby downstream
targets (see Figure 3.3 b)) including pCREB, p4EBP1, and pS6. For more distant or upstream
marker proteins (Figure 3.3 b)), including pp38 AMPK, pGSK3β, and pSyk, the effect sizes
were much smaller. pERK1/2 stands out as it had a negative effect size of -0.14±0.03 while it is
upstream of PTEN regulation (according to Figure 3.3 b)). It indicates that there may be an
unreported entry point of PTEN upstream of pERK1/2.
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RHEB WT showed a promoting (positive) effect size towards pS6 and an inhibiting
(negative) size towards p4EBP1, which agreed with the curated pathway map (Figure 3.3 b)).
For most of the marker proteins that are upstream of RHEB, very weak effect sizes were
observed. Surprisingly, RHEB had the strongest inhibiting effect size towards pCREB, which
indicates that there may be interactions between PTEN and pCREB that have not been
previously identified.
Overall, the effect size performs well in ascertaining known major targets of gene
regulation, and it may identify novel interactions in molecular signaling pathways.
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Figure 3.3 Effect size (slope) helps ascertain major targets of gene regulation. a) Effect sizes of PTEN WT
and RHEB WT towards all 8 phosphorylated marker proteins. Effect sizes whose estimated mean is between -0.09
to 0.09 are denoted with dashed lines. Both estimated means and standard errors of effect sizes are shown on the
plot. Line thickness is proportional to the estimated means. b) Transfected genes (yellow) and phosphorylated
marker proteins (red) in the curated PTEN-related intracellular signaling pathway.

3.4

Dose-dependent analysis of signaling marker proteins reveals co-deactivation and

better distinguishes variant functions
Dose-dependent analysis was done within a panel (either panel 1 or panel 2), and the results
are shown in Figure 3.4 and Figure 3.5, respectively.
In panel 2, dose-dependent analysis with pAKT against pS6, pCREB, and p4EBP1 (Figure
3.4) showed that PTEN WT and the WT-like PTEN D268E are the most similar to each other,
with correlated reduction of pAKT with pS6, pCREB, and p4EBP1. PTEN 4A, the gain-offunction mutant, showed further reduction of phosphoprotein levels in the presence of increasing
exogenous protein, as expected. On the other hand, Y138L, P38H, and G129E did not show
correlations between pAKT levels with pS6, pCREB, or p4EBP1, agreeing with their roles as
loss-of-function variants.
Panel 2 dose-dependent analysis of pS6 levels with pAKT, p4EBP1, and pCREB (Figure
3.4) revealed cellular mechanisms that further distinguished PTEN loss-of-function variants. The
loss-of-protein-phosphatase-function variant Y138L is separated from the rest of the group. The
ASD-associated variant P38H is clustering closely to the main group, indicating its loss of
function is likely due to loss of lipid phosphatase activity.
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In panel 1, where pp38 MAPK, pGSK3β, and pSyk are far from PTEN regulation, no
obvious co-activation/co-deactivation was found (Figure 3.5). The different results of panel 1
and panel 2 indicate the importance of choosing major protein targets (of the gene) that have
strong effect sizes for dose-dependent analysis.
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Figure 3.4 Dose-dependent analysis of signaling marker proteins reveals co-deactivation and better
distinguishes variant functions. a) Using the scatter plot of PTEN WT transfection against pAKT and p4EBP1
level as an illustration, 80 dashed lines were drawn evenly along the x-axis (transfection level) in the range of - 1.35
to - 0.7 (the common linear-response region for panel 2). Each line has 3 intersection points: 1) the LOESS curve of
PTEN WT against pAKT, 2) the LOESS curve of PTEN WT against p4EBP1, and 3) x-axis (PTEN WT transfection
level). These 80 three-dimensional attributes were plotted with pAKT and p4EBP1 levels as X and Y axes,
respectively, while PTEN WT transfection level is indicated by the point size. b) Dose-dependent analysis of
signaling marker proteins in panel 2.
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Figure 3.5 Dose-dependent analysis of signaling marker proteins in panel 2. No obvious co-deactivation is
shown. To be noticed, the common linear-response region is [-1.1, -0.5] for panel 1, which is different from panel 2.
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3.5

Single-cell correlation analysis of phosphoprotein pairs identified divergent signaling

driven by ASD-associated genes
2-dimensional scatter plots (Figure 3.6) of cells expressing exogenous proteins PTEN WT,
RHEB WT, or empty control showed similar correlations among pAKT, p4EBP1, and pCREB,
indicating that expression of PTEN or RHEB did not change the physiological responses of these
phosphoproteins in HEK cells. Interestingly, expression of PTEN WT, but not RHEB WT further
reduced the level of pAKT, p4EBP1, and pCREB, indicating these proteins are all co-regulated
downstream targets of PTEN.
Similarly, PTEN WT increased the correlations between pS6 with pCREB, p4EBP1, and
pAKT, but only in the presence of further pS6 dephosphorylation (when pS6 level is lower than
around -0.75), presumably via the action of PTEN WT.
For further quantitative analysis, correlation heat maps were drawn (Figure 3.7 a)). Large
Pearson’s r values are present in p4EBP1 with pCREB (Pearson’s r = 0.57), p4EBP1 with pAKT
(Pearson’s r = 0.45), and pAKT with pCREB (Pearson’s r = 0.44) for empty control.
Overexpressing PTEN WT or RHEB WT altered the correlations of marker phosphoprotein pairs
in cells. To measure the magnitude of the alternations, Fisher r-to-z transformation was
performed. Large z scores between pS6 with p4EBP1 (z score = 20.57), pS6 with pCREB (z
score = 17.39), and pS6 with pAKT (z score =13.4) indicated strong co-regulation of these
signaling proteins by PTEN. In contrast, RHEB has much weaker effects on the activity states of
these proteins, indicating divergent signaling driven by PTEN and RHEB.
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Single-cell correlation analysis was also conducted for panel 1 (Figure 3.8 and Figure 3.9),
where PTEN transfection greatly and surprisingly increased the correlation between p4EBP1 and
pp38 MAPK as compared to the empty control (z score = 15.69).
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Figure 3.6 Two-dimensional single-cell scatter plots of marker phosphoprotein pairs in panel 2. Cells
from the common linear-response region of panel 2 (transfection level ranged from -1.35 to -0.7) whose
fluorescence intensities of all 4 marker protein channels resided in middle 95% populations (2.5% - 97.5%) were
plotted. Cells from different groups are denoted by different colors with LOESS showing general trends.
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Figure 3.7 Single-cell correlation heatmaps of marker phosphoprotein pairs in panel 2. a) Single-cell
correlation heatmaps for empty control, PTEN WT, and RHEB WT group. Cells from the common linear-response
region of panel 2 (transfection level ranged from -1.35 to -0.7) whose fluorescence intensities of all 4 marker protein
channels resided in middle 95% populations (2.5% - 97.5%) were used for calculating Pearson's r b) Fisher r-to-z
transformation was used to generate a z score assessing the magnitude of difference between two correlation
coefficients of either PTEN WT or RHEB WT with respect to empty control. If Pearson’s r of PTEN WT or RHEB
WT is greater than that of empty control, the resulting z score will have a positive sign; conversely, the sign of z
score will be negative.
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Figure 3.8 Two-dimensional single-cell scatter plots of marker phosphoprotein pairs in panel 1. Cells
from the common linear-response region of panel 1 (transfection level ranged from -1.1 to -0.5) whose fluorescence
intensities of all 5 marker protein channels resided in middle 95% populations (2.5% - 97.5%) were plotted. Cells
from different groups are denoted by different colors with LOESS showing general trends.
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Figure 3.9 Single-cell correlation heatmaps of marker phosphoprotein pairs in panel 1. a) Single-cell
correlation heatmaps for empty control, PTEN WT, and RHEB WT group. Cells from the common linear-response
region of panel 1 (transfection level ranged from -1.1 to -0.5) whose fluorescence intensities of all 5 marker protein
channels resided in middle 95% populations (2.5% - 97.5%) were used for calculating Pearson's r b) Fisher r-to-z
transformation was used to generate a z score assessing the magnitude of difference between two correlation
coefficients of either PTEN WT or RHEB WT with respect to empty control. If Pearson’s r of PTEN WT or RHEB
WT is greater than that of empty control, the resulting z score will have a positive sign; conversely, the sign of z
score will be negative.
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Chapter 4: Discussion
As stated in Section 1.4, we speculated the typical population-based analysis method of
phospho flow (calculating the “fold change” of MFIs) overlooks cell heterogeneity and misses
information from the single-cell level. Therefore, the goal of this project is to explore the
feasibility of single-cell analysis on phospho flow datasets. The results gave support for our
hypothesis and showed the advantages of our single-cell analysis pipeline as compared to the
typical method. In this chapter, I present a comparison between the two methods and discuss
unexpected findings.
4.1

Single-cell analysis pipeline can better distinguish variant functions
As stated in Section 3.2, the typical analysis method for phospho flow data which only

generates fold changes of MFIs failed to distinguish the gain-of-function variant PTEN 4A and
could not specify subtypes of loss-of-function variants. However, our methods (effect size
calculation, and dose-dependent analysis) succeeded in distinguishing PTEN 4A from PTEN WT
by showing that PTEN 4A had a larger estimated mean of effect size and could further reduce
phosphoprotein levels on dose-dependent analysis plots as compared to PTEN WT. In addition,
our method was able to distinguish the differences between loss-of-lipid-phosphatase-function
variant PTEN G129E and loss-of-protein-phosphatase-function variant PTEN Y138L by
separating the latter one apart from all the other variants on the dose-dependent analysis plots,
which could not be achieved by simply calculating fold changes of MFIs. Based on our results,
we are also the first group to predict that the ASD-associated variant P38H may be a loss-oflipid-phosphatase-function variant of PTEN. Overall, our method performs well in distinguishing
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loss-of-function variants and the gain-of-function variant from PTEN WT and it can also specify
subtypes of PTEN loss-of-function variants, which the typical method can not achieve.
4.2

Single-cell analysis pipeline shed light on molecular signaling pathways
Unlike calculating fold changes of MFIs, our single-cell pipeline can recognize the

heterogeneity of cells (mainly level of expression of exogenous proteins in our experiment) and
analyze phospho flow data from multiple dimensions, with the results shedding light on
molecular signaling pathways.
Our calculation of effect sizes incorporates the heterogeneity of cell populations as it
measures the magnitude (slope) of dose-response in the linear-response region. We found that
the effect size managed to reflect local details of signaling pathways: if a gene has a large effect
size towards a marker protein, this suggests that the marker protein is a downstream target of that
gene. As shown in Figure 3.3 c), pAKT, pCREB, p4EBP1, and pS6 are downstream of PTEN
regulation in the signaling pathways and they have large effect sizes in response to increasing
expression level of PTEN (Figure 3.3 a)). Similarly, p4EBP1 and pS6 are downstream of RHEB
regulation and they have large effect sizes in response to increasing expression of RHEB.
Further, we also unexpectedly found that PTEN had a noticeable negative effect size on
pERK1/2, although pERK1/2 has not yet been reported to be downstream of PTEN. Similar
situations also happened for RHEB towards pERK1/2 and pCREB.
Apart from effect sizes, co-deactivation (or co-activation) on dose-dependent analysis plots
also revealed downstream/upstream information about signaling pathways. As shown in Figure
3.4, obvious co-deactivations of pAKT against pS6, pCREB, or p4EBP1 were observed in PTEN
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WT, PTEN 4A, and PTEN D268E. The implication is that these 4 proteins are all downstream
targets of PTEN, and pAKT is located between PTEN and pS6, pCREB, or p4EBP1.
Our study also yielded interesting findings of molecular signaling pathways from the singlecell correlation analysis. PTEN WT increased the correlations between pS6 with pCREB,
p4EBP1, or pAKT as compared to the empty control, in the presence of further pS6
dephosphorylation, potentially due to high overexpression of PTEN.
4.3

Conclusion
Compared to the typical phospho flow data analysis method (calculating the “fold change”

of MFIs) which overlooks the heterogeneity of cell populations, our single-cell level analysis
pipeline makes use of this heterogeneity to extract additional information (including doseresponse, signaling pathway interactions, etc.) from phospho flow cytometry data sets. Our
results manifested the great promise of our single-cell level analysis pipeline in variant-function
measurement and molecular signaling pathway inference/explorations.
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