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Reactive Oxygen Species (ROS) are highly reactive chemical molecules that have essential roles 
in physiological processes. H2O2 is a relatively stable member of ROS family in aqueous 
environment and serves as an important signaling molecule in various mechanisms, such as the 
opioid overdose and myocardial ischemia. Among the various analytical tools, genetically 
encoded fluorescent indicator (GEFI) is a profound technology that demonstrates high specificity 
and spatiotemporal resolution in capturing the physiological production of H2O2. We have 
developed HRM63, a H2O2 GEFI that demonstrates 2-times higher fluorescent magnitude and 
10-times faster responding dynamic compared to HyPerRed, one of the most widely used H2O2 
GEFI. For the scope of this thesis, my investigation includes the HRM63 sensor characterization, 
including its subcellular specificity, reversibility and photoactivation, and the overall 
computational pipeline of analyzing the fluorescent readout of HRM63. We develop a single-cell 
tracking algorithm Cell of Interest Nearest Neighbor (COINN) based on the result from Cellpose, 
a deep learning-based segmentation algorithm, to visualize the cell-to-cell difference in the 
fluorescent output of sensor-transfected cells. We then design a ratiometric sensor HRM63-
mCherry to correct the effect of protein expression level. Combining the use of COINN and 
HRM63-mCherry, we present a new representation of fluorescent reading indicating the 
oxidation level that also accounts for the difference among individual cells. We also use the 
machine learning-based classification to predict whether the individual cells will respond to the 
agonist administration. Ultimately, these findings will allow more effective investigation on the 
pipeline of characterizing the H2O2 GEFIs using the fluorescent imaging.
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Chapter 1

INTRODUCTION

The overarching purpose of this thesis is to investigate the research pipeline of detecting

and quantifying the production of reactive oxygen species (ROS) in mammals. By charac-

terizing a genetically encoded redox probe from the experimental aspects and exploring its

performance in various in cyto circumstances, this thesis validates the potential of this probe

to be applied in the disease-modeling studies involving ROS-producing mechanisms. Fur-

thermore, this thesis also presents a cell tracking algorithm using nearest neighbor method

to extract information from the in cyto fluorescent imaging and uses it to investigate the

framework of quantifying the oxidative level from the fluorescent readout of the probe. The

results of this thesis aim to facilitate the biomedical studies that require long-term ROS

monitoring and provide insights towards the analysis of fluorescent images.

1.1 Background

1.1.1 Reactive Oxygen Species (ROS)

Reactive oxygen species (ROS) is a family of chemically reactive species produced in vari-

ous enzymatic reactions that contain oxygen metabolism. Some examples of ROS include

superoxide anion (O�
2 ) and hydrogen peroxide (H2O2) [2]. All members of ROS family are

highly reactive to the surrounding biological macromolecules due to their unstable molec-

ular structure. ROS-generating processes have long and complex evolution in organisms.

From the early cell-to-cell communication in unicellular organism to the complex regulation

of growth, apoptosis and other cellular signaling in human, ROS have vital roles in many

physiological processes [15, 16].

A delicate control over the intracellular ROS concentration is critical to maintain the

redox balance in the organisms [15]. Multiple antioxidant processes are known to maintain

the intracellular redox balance by catalyzing the ROS products into water and oxygen
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through the antioxidant enzymes, such as peroxiredoxins (PRX), glutathione peroxidases

(GPX) and catalase (Figure. 1.1) [1, 17]. Overproduction of ROS can defeat the natural

protection from the antioxidant enzymes and introduce oxidative stress to cells, causing

a variety of DNA damage [16]. Because of its high reactivity, ROS can a↵ect almost all

DNA, proteins and lipids when it is in a pathophysiological concentration, especially the

mitochondrial DNA that lacks the repair enzymes. Thus, ROS has been shown to relate

to many age-associated diseases [15]. Recent research shows that pathophysiology of more

than 200 types of diseases involves the production of ROS, such as cardiovascular lesion

[16].

Compared to other short-living ROS molecules, H2O2 is relatively stable in aqueous

environment and can last for several seconds. Thus, H2O2 can reversibly oxidize specific

protein thiolates, serving as the host defense and oxidative inducer for many cell types

[12]. The mounting evidence shows that low-level H2O2 also plays the role of an important

signaling molecule in physiological condition [18]. Other reactive oxygen intermediates, such

as O�
2 , undergo rapid dismutation to H2O2 upon production from enzymatic reactions [15].

The highly specific oxidation of thiolate groups byH2O2 enables the redox signaling involved

the thiolate-containing proteins [2]. The antioxidant enzymes including catalase (Cat) and

glutathione reduce the excessive H2O2 to water after H2O2 exits the mitochondria.

1.1.2 ROS in Opioid Misuse

Opioid has a long history of been used as an e↵ective pain-relieving substance, but the risk

of misuse and addiction of opioid introduce serious medical and societal problems regarding

the drug overdoses [19]. Between 1999 and 2017, about 400,000 out of 700,000 deaths by

drug overdose (56.8%) were related to opioids [20]. In 2016, an estimation of 2.4 million

Americans has shown the misuse of opioid, including 0.6% of teenagers between 12 to 17

years old and 1.1% of adults between 18 to 25 years old. The cost of related medical care,

such as ICU room admission, mechanical ventilation and vasopressor administration for

opioid overdose also increased. The total estimated cost to society is about $504 billion,

approximately 2.8% of the US gross domestic product (GDP) in 2015 [21].
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Figure 1.1: Schematic showing of reactive oxygen species (ROS) production and
regulation. Through the oxygen-involved metabolic mechanisms, ROS are produced and
delicatedly controlled by antioxidant enzymes, such as peroxiredoxins (PRX), glutathione
peroxidases (GPX) and catalase. Hydrogen peroxide (H2O2) also serves as an important
signaling messengers in many cellular mechanisms [1]
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Figure 1.2: Schematic showing of the role of ROS in regulating GPCRs in KOR
inactivation. ROS is generated through the NOX triggered by JNK-promoted PRDX6 lo-
calization. The generated ROS then inactivates the nearby GPCRs and lead to inactivation
of KOR [2].

H2O2 serves as a signaling messenger in the neural mechanisms of opioid receptors

reacting to opioid, a commonly prescribed pain relief used in anesthesia. Opioid receptor

activation triggers analgesic mechanism by activating G- protein receptor kinase (GRK) but

also causes the activation of a series of mitogen activated protein kinases (MAPK), such as

c-Jun N-terminal kinase (JNK). It promotes the localization of peroxiredoxin 6 (PRDX6),

triggering the production of H2O2 from the NADPH oxidase (NOX), which eventually leads

to the reducing response of the kappa opioid receptors (KOR) (Figure. 1.2) [2]. Patients

need to consume an increasing dosage of opioids to continue with the analgesic e↵ects.

Inactivation of JNK is then crucial to the increase of opioid e�cacy. Therefore, time-

resolved measurements of H2O2 in intact neuronal circuits would be critical to fully dissect

this signaling mechanism and contribute to the development of therapeutics for drug over-

dose and relapses.
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Figure 1.3: Schematic showing of ROS in cardiovascular diseases. ROS act as a
mediator in many cardiovascular diseases. Thus, monitoring the production of ROS helps
to integrate the relevent disease modeling [3].

1.1.3 ROS in Cardiovascular Disease

In order to maintain the continuous cardiac function, cardiomyocytes rely heavily on the

mitochondrial metabolic reaction that produces O�
2 as a byproduct. The highly reactive O�

2

will rapidly go through the dismutation and become H2O2. Together with the endogenous

production of carbon monoxide (CO) and nitric oxide (NO), H2O2 plays the role as a redox

signaling molecule to induce antioxidant protection and cellular repair mechanism [3, 18].

However, when the endogenous ROS production exceeds the capacity of the local, the

oxidative damage results in the changes in the expression of NOX 1, 2, 4 and 5, which

are closely associated to the pathophysiological conditions of cardiomyocytes, such as is-

chemia/reperfusion (IR) or hypertension (Figure. 1.3) [15, 17, 18]. In a study using the

in vivo human model to study the flow-mediated dilation of the endothelial IR injury, the

result suggests that ROS produced by NOX are determinants of endothelial function after

IR injury in human [22]. Genome study also reveals that a polymorphism in the promoter of

the p22phox gene found in the spontaneously hypertensive rats lead to an overexpression of
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NOX-1 subunit and a subsequent increase in ROS [23]. In the study of sarcoplasmic reticu-

lum (SR) sarcolemma calcium uptake in cardiomyocyte, the oxidative stress can up-regulate

the level of a sarcolemma membrane-targeted protein phosphatase, PP2Ce, which specifi-

cally regulate Phospholamban (PLN) that inhibits the Ca2+ uptake via SR calcium-ATPase

2a (SERCA2a), promoting ischemia reperfusion injury in the heart [24].

As the heart disease has been the leading cause of death of the world, its annual medical

expenditures of $219 billion in the United States from 2014 to 2015 shows urgent need for

proper diagnosis [25]. Developing the biosensors that quantify the ROS as the product of

pathophysiological process is critical to understand the mechanism behind the cardiovascular

diseases and can be further applied in the clinical practices.

1.1.4 Genetically Encoded Sensor

The technology of genetically encoded sensor, or genetically encoded Fluorescence Indicator

(GEFI) enables the real-time monitoring of redox products in living cells [12]. Developed by

fusing a fluorescent protein with another sensing protein that goes through conformational

change upon binding of target molecules, GEFIs are capable of visualizing the chemical and

biological dynamics of target molecules in situ.

The earlier generation of genetically encoded fluorescent protein ROS probes demon-

strates the capability of this tool and provides valuable insights towards the intracellular

production of ROS, but the low brightness and sensitivity of detecting ROS in low concen-

tration limits their application [12]. Since the amount of ROS produced as the signaling

messengers is usually at the basal levels, developing a ROS probe with high sensitivity,

specificity and dynamic range is in urgent need.

Additionally, the application of ROS probe in various cell types needs to be validated

in order to investigate the mechanism behind the tissue-specific production of ROS [17].

Mitochondrial H2O2 production decreases in cardiac tissues of sedentary rats with both

exercise and high-fat, high sucrose diet, unlike in skeletal muscles where the same treatment

leads to increased mitochondrial H2O2 production, due to di↵erent level of expression of

thioredoxin-2 reductase in sedentary animals [26]. Thus, examining the redox-capacity in
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di↵erent cell types is important to characterize the sensor functionality.

1.2 Prior Work: Capstone

1.2.1 Overview

My undergraduate research capstone focused on the structure-guided engineering of the

genetically encoded fluorescent protein probe for H2O2. We used the rational design of

structure-guided engineering to alter the protein structure of the sensor, in order to increase

its fluorescent output, expecting to improve the allosteric coupling between the H2O2 bind-

ing domain and the fluorescent reporter protein, as well as strengthening the network of

hydrogen bonds surrounding the H2O2-binding residues.

Thus far, we had generated multiple sensor variants that demonstrate better fluorescent

performance and faster response time to H2O2 stimulation compared to the existing H2O2

protein probes. The most recent variant HRM63 with a modified insertion site of the

reporter domain exhibited at least 2-fold higher fluorescent output than of HyPerRed at

10µM H2O2 stimulation. Combined with its rapid responding time, this new variant had

the potential to be applied to in vivo testing in ROS-induced signaling pathway research.

1.2.2 Results

Our developed sensor HRM63 was based on the sca↵old of HyPerRed, a derivative from

HyPer family which inserts a circularly permuted red fluorescent protein cpmApple onto

the regulatory domain of OxyR (OxyR-RD), a bacterial protein dimer from Escherichia

coli that selectively reacts to H2O2 via a single residue – Cys199. This residue embeds in a

hydrophobic pocket that repels the charged reactive species, such as superoxide. UponH2O2

stimulation, the thiolate deprotonation will expose Cys199 from the hydrophobic pocket and

bring it closer to another cysteine residue Cys208, causing the formation of a disulfide bond

(Figure. 1.4). Conformational energy induced by structural change of OxyR-RD leads to a

change in spectral properties [11].

We first hypothesized that the green fluorescent protein tends to have a higher com-

patibility to the intracellular environment compared to the fluorescent proteins of other
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Figure 1.4: Schematic showing of HRM63 and its response to H2O2. H2O2 induces
the formation of a disulfide bridge between two cysteine residues on the sensing domain,
triggering the increases in fluorescence of the reporter domain.

wavelengths, demonstrating a higher fluorescent performance upon the stimulation. Thus,

we replaced the cpmApple portion of HyPerRed with cpGFP from GCaMP6f [27] and cps-

fGFP from ASAP2 [28]. The result showed a significant improvement in the fluorescent

output upon 300µM H2O2 stimulation with both the reporter protein replacement and ac-

cording linker optimization. We chose cpGFP to proceed based on its higher performance.

We then designed 8 variants named Hy43-50 with the new insertion site in the region of

residues 210-215. The dynamic modeling of OxyR-RD protein indicated that while most of

the OxyR-RD structure reminds una↵ected by the binding of H2O2 molecules, the region

between residues 205 to 225 exhibits the majority of conformational change due to the

formation of disulfide bond between Cys199 and 208 [29]. We then hypothesized that the

bulky fluorescent protein creates steric hinderance at the H2O2 reacting region and prevents

the incoming H2O2 molecules from binding to the cystine residues. The new insertion

site is still at the proximity with the disulfide bond region, retaining the conformational

change that induces fluorescent output in the reporter region while avoiding the flexible loop
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Figure 1.5: 3D view of the reductive and oxidative OxyR-RD with the binding
site change. New insertion site improves the fluorescent response and dynamic at low
H2O2 concentration.

structure. We hypothesized that the new insertion site will optimize the spatial arrangement

at the H2O2 binding site, which will improve the fluorescent performance (Figure. 1.5).

Upon exposure to low concentration (10µM) of direct stimuli of H2O2, Hy44, 45, 46 and

47 demonstrated higher fluorescent output compared to HyPerRed under the wild-field

microscopy.

We created the variants HRM60-75 based on the structure of Hy46 by introducing single

mutation to the binding-site amino acid (residues 210-220). It is well documented that all

GFP-like fluorescent proteins preserve a �-barrel structure outside the cavity containing the

chromophores [30]. Hydrogen bonding between the chromophores and surrounding water

molecules have significant e↵ect on the fluorescent properties of protein [31]. The �-barrel

structure also evolves to be less porous after chromophore formation, preventing the water

molecules from interacting with the core [30]. Thus, we hypothesized that reducing water

access to the core of cpGFP will improve its fluorescent performance (Figure. 1.6). The

mutated amino acids were chosen to be large in size. Thus, we chose tyrosine proximal

to opening of cpGFP. We expected that the large amino acids will block the opening on

�-barrel structure of fluorescent protein, tightening the allosteric coupling and reducing the

water access to the chromophores.

By screening the generated variants with the 300µM H2O2 stimulation, we recognized

that the variant HRM63 demonstrates two-fold higher fluorescent output than Hy46 and all

other constructs do (Figure. 1.7). This variant also exhibited a faster responding dynamic
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Figure 1.6: 3D representation of cpGFP inserted onto OxyR-RD at the new
insertion site. The opening of �-barrel structure will be genetically fused to the OxyR-
RD at insertion site. Adding tyrosine to the insertion site reduces water access to the core
of cpGFP, improving the fluorescent output.

compared to other variants, where the maximal fluorescent output was reached within the

first five seconds. The outcompeting performance of HRM63 was also demonstrated at

low H2O2 concentration. Fluorescent imaging of HEK293 cells expressing HyPerRed upon

10µM H2O2 stimulation showed very minimal fluorescent change that was not distinguish-

able by human eyes, while HRM63 displayed obvious increase in its fluorescent output with

the same H2O2 concentration. Both sensors exhibited noticeable fluorescent change with

the saturation H2O2 stimulation. Thus, for further experiments, we selected HRM63 as our

final product.

1.3 Scope of Thesis

My research after finishing the capstone has been characterizing the developed HRM63 sen-

sor, including testifying its chemical properties and validating its functionality in various

types of cells. Using a series of characterization experiments, we confirm the subcellular

sensitivity, specific photo-activation and reversibility of HRM63. We also develop a ratio-

metric sensor by fusing a red and constitutitively fluorescent protein named mCherry with

HRM63. This ratiometric variant normalizes the green fluorescent readout of HRM63, serv-

ing as an attempt to quantify the oxidation level of the sensor-encoded cells by reducing

the biological artifact during the imaging process.
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Figure 1.7: Performance of HRM63 with saturation- and basal-level stimulation
of H2O2 compared to HyPerRed. HRM63 demonstrates almost 2-fold fluorescent change
upon saturation-level H2O2 administration (300µM) and also exhibits obvious change with
basal level of H2O2 stimulation (10µM). The performance of HRM63 in both scenarios
exceeds that of HyPerRed.

A parallel portion of my research is on exploring the computational pipeline of extracting

information from the fluorescent imaging. We develop a Python script that uses the nearest-

neighbor method to maintain the ROI identities across the frames, visualizing the single-cell

variance in the time-lapse fluorescent imaging of H2O2 sensor. Using this algorithm, we are

able to investigate how the biological variance, such as cell size, location and shape, a↵ects

the fluorescent readout of the sensor-transfected cells. Combining with the ratiometric

design, it aims to provide a more trustworthy analysis of the fluorescent output, facilitating

the use of our developed sensor in oxidation level quantification.
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Chapter 2

LITERATURE REVIEW

This section aims to provide an overview of the current literature that share the same

interest as in this thesis. Continuing from the brief background on GEFI provided in the

previous section, this section explores the genetically encoded H2O2 probe into more depth,

identifying the pros and cons of the current technologies. Since the prevalence of COVID19,

the focus of this thesis has been shifted to the computational analysis of the acquired data.

Thus, it is necessary to analyze this field that was relatively new to our research, including

the current cell tracking and segmentation algorithms used in image analysis, in order to

improve our current approach of computational data analysis and to acquire more accurate

information from the fluorescent readout in the experiments.

This section introduces the theoretical background for understanding the methods and

motivation for the algorithms and analysis that will be described in the later chapters.

2.1 Genetically Encoded H2O2 Sensor

2.1.1 Overview

The discovery of ROS in the opioid-receptor signaling and cardiovascular disease modeling

described in the previous section only represents a tiny portion of the existing researches

involving ROS. However, the analytical process in this area of research is hindered by the

unstable nature of ROS molecules. The traditional analytical processes are either unable to

capture the transient presence of ROS or failing to ensure the purity of the molecules before

they go through oxidation [32]. Though some biomarkers demonstrate great potential in

clinical use [33, 34] or are able to measure the ROS in gene-expression level [35], but either

the lack of selectivity or the labor-intensive imaging process limits their application [3, 32].

There are also fluorescent dyes that have low molecular weight and demonstrate optical

change upon stimulation, but their invasive dye-loading process can change the metabolism
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and thus alter the redox readout.

Benefited from its ability to deal with the highly reactive molecules in real time, GEFI

represents a revolutionary technology in understanding the redox nature [32]. GEFIs provide

multiple advantages compared to other biomarkers in detecting ROS:

1. GEFIs can be designed to target the subcellular compartments, which enables the

detection of ROS in the matrix [36] and mitochondria [37].

2. GEFIs are highly specific towards the targeted molecules because of its protein dy-

namic constraints. For example, the sensing domain of HyPerRed prevents the access

of O�
2 , retaining its specificity towards H2O2 [11].

3. GEFIs are benefited from the ultra-fast dynamic of protein, having a responding time

in millisecond scale that is able to capture the transient production of ROS.

4. The sequence of GEFIs can be modified to target only a subpopulation of the cells,

such as the muscle cells [36] or neurons [38].

5. GEFIs are reversible [12, 32], enabling the long-term monitoring of the relevant mech-

anism and reducing the labors of repetitive loading.

6. GEFIs can be used in transgeneic organisms, ensuring the reproducibility of the testing

results [32].

All these advantages contribute to a rising research interest towards the genetically

encoded ROS sensors. There exists numerous types of functional redox GEFIs use di↵erent

parameters to reflect redox status. For example, roGFP1, one of the most widely spread

sensors that couples the redox-active cysteine residues to the �-barrel surface of GFP in

spatial proximity to its chromophore, uses the glutathione redox potential EGSH to measure

the redox status [32, 39]. There are also sensors like Peredox that detects NADH/NAD+

registration using the bacterial repressor protein Rex [40]. In the scope of this thesis, only
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the GEFIs that specifically target H2O2 will be accessed. More specifically, the two H2O2-

detecting families of widely used H2O2 probes, HyPer and roGFP-coupled probes, will be

introduced to details and summarized as in Table A.1. Other H2O2 GEFIs, such as TriPer

[41], also demonstrate great functionality, but will not be included in this thesis.

2.1.2 HyPer Family

The HyPer family refers to a group of H2O2-detecting biosensors [8, 9, 10, 11, 12]. The

design of the first member named HyPer was reported in 2004 by Belousov et al., consisting

of the regulatory domain of a H2O2-sensitive transcriptional factor OxyR (OxyR-RD) from

Escherichia coli and the sensing domain of cpYFP inserted into the flexible region between

the residues 205–225. This design serves as a pioneer in theH2O2-detecting GEFIs, as it first

uses the OxyR-RD as the sensing domain, which grants the sensor high H2O2 specificity.

The key to the H2O2 sensitivity is the residue pair of Cys199 and Cys208, where Cys199

is released from a hydrophobic pocket once it is oxidized by H2O2 and forms a disulfide

bridge with Cys208 [8]. The hydrophobic pocket also prevents the access of other ROS

radicals like O�
2 [29]. The conformational change induced by the binding of H2O2 alters

the biochemical environment surrounding the reporter domain, causing an intensity change

of the chromophore. HyPer demonstrates its performance in cyto in the experiments with

growth factor stimulation in HeLa cells, but the authors also identify the problems of its

inability to detect low concentration of H2O2.

The second and third generation of this sensor, HyPer-2 [9] and HyPer-3 [10], retain

the same protein structure as in HyPer but the newly introduced mutation improves the

performance at low-H2O2 concentration and expands the dynamic range of the sensor [9,

10, 32]. HyPer-3 also demonstrates the in vivo performance of this sensor in zebrafish larva

[10].

The later variant of HyPerRed replaces the reporter domain in the previous three gen-

eration with cpmApple and serves as an intensiometric sensor with one excitation and one

emission wavelength [11]. This new variant, which is also the sca↵old of our developed

sensor, reduces the labor of working with ratiometric sensors that have multiple excitation
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wavelengths and shows improved sensitivity at low H2O2 concentration. HyPerRed is also

the first redox sensor that uses the red spectrum, enabling its co-application with multiple

messengers and synthetic dyes [11].

HyPer-7, the newest generation of HyPer family, is reported by Pak et al. recently.

Its sensing domain is replaced by the OxyR-RD from another strain of bacteria named

Neisseria meningitidis. They also introduce multiple mutations to the reporter domain of

cpGFP that greatly increases the brightness [12]. HyPer-7 demonstrates much enhanced

brightness and sensitivity compared to its predecessors, and its pH-stable property also add

on to its application in vivo [32]. It also provides great insights to our future sensor design

in terms of elevating the brightness and retaining the pH stability of the sensor upon redox

status changes.

2.1.3 roGFP Family

The name ”roGFP” stands for ”reduction-oxidation-sensitive GFP”. The first roGFP sensor

described in the overview section was designed in 2004 by Hanson et al. [39], but its target

of glutathione peroxidases are highly reactive with H2O2 [42]. Since H2O2 itself acts as an

important signaling messenger in many mechanisms [2], sensor specificity towards H2O2 is

necessary to provide valid measurement.

Thus, twoH2O2-specific roGFP-coupled sensors, roGFP2-Orp1 [13] and roGFP2-Tsa2�CR

[14], are designed by fusing Orp1 or Tsa2 peroxiredoxin to roGFP2, respectively. Both

structures utilizes the mechanism of oxidative redox relay, which is the intrinsic property

of peroxiredoxin to promote oxidation of other protein in a proximity-dependent manner

[13, 14]. Orp1 naturally mediates the oxidation of a transcription factor Yap1 by forming

a sulfenic acid (Cys-SOH) at Cys36 that reacts with the thiol Cys598 of Yap1. Gutscher

et al. shows that the oxidation-mediation of Orp1 is not restricted to Yap1, which can

be used to create a H2O2-specific sensor combined with roGFP2 [13]. Morgan et al. im-

proves the kinetic dynamic of this sensor by replacing the Orp1 with Tsa2, a mammalian

2-Cys peroxiredoxin that reacts to H2O2 binding 100-times faster than the sensing domain

of HyPer and roGFP2-Orp1 [14]. Both sensors demonstrate functionality in H2O2-specific
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detection, and roGFP2-Tsa2�CR also achieves basal-level H2O2 detection and subcellular

compartment specificity [13, 14].

In terms of our sensor design, though we choose HyPerRed as the sca↵old of our devel-

oped sensor, the studies on roGFP2-Orp1 and roGFP2-Tsa2�CR reveal important chemical

nature behind the H2O2-specific oxidation processes in proteins. For example, Gutscher et

al. explains to detail that the peroxidases act as the catalyses to accept the H2O2 and con-

vert the oxidation to a target protein, overcoming the activation barrier and ensuring the

H2O2 specificity [13]. It provides new insights towards the mechanisms of H2O2-triggered

proteins, facilitating our future design on improving the H2O2 specificity and sensitivity of

our sensor.

2.2 Computational Analysis of Fluorescence Image in H2O2 Sensors

2.2.1 Overview

The ultimate goal of using our developed H2O2 sensor is to reveal the redox status in the

targeted cells or tissue. However, there has not yet been a clear standard of evaluating

the performance of H2O2 probes. The fluorescent readout of the intensiometric sensor

HyPerRed is normalized to the baseline where zero stimuli is applied [11, 12]. The equation

is as shown below:

�F

F0
=

F � F0

F0
, (2.1)

where F0 represents the average intensity of the frames where zero stimuli is applied and

F is the average intensity of the current frame. Most of the ratiometric H2O2 biosensors

introduced above characterize their performance of the sensor by the ratio of dividing the

intensity of the emission signals excited by di↵erent wavelengths [8, 9, 10, 12, 13]. In the

study of roGFP2-Tsa2�CR, Morgan et al. uses an equation to describe the degree of sensor

oxidation (OxD) as shown below:

OxDroGFP2 =
I405sample ⇤ I488red � I405red ⇤ I488sample

I405sample ⇤ I488red � I405sample ⇤ I488ox + I405ox ⇤ �I405red ⇤ I488sample

,

(2.2)
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where I represents the acquired fluorescent intensity at emission wavelength 510nm after

the excitation with either 405nm or 488nm wavelength. The subscription of ’ox’ and ’red’

represent the fluorescent output of the fully oxidized and fully reduced control, and ’sample’

represents the sample fluorescent intensity [14]. This method takes the expression level of

protein sensors into consideration, providing a more convincing evaluation of the sensor

performance. However, none of the studies mentioned above reckon with the cell diversity

in the image processing and analysis, where the fluorescent output is usually taken by the

average of all cells present in a single frame.

Indeed, several studies published in the recent decades have shown that cells from the

same population have heterogeneous protein expression, resulting in a wide range of cellular

activity and di↵ering abilities to adapt to changing environments [43, 44, 45]. A study

reported by Radzinski et al. uses a flow cytometry-based methodology to investigate the

individual di↵erences in redox status in yeast cells coupled with roGFP2-Grx1 and shows

that the ratio between the oxidized and reduced cells increases during aging [44]. This

result confirms the e↵ect of cell-to-cell variability in reflecting oxidation level. However,

the complex experimental procedures of methodology based on flow cytometry may not

be suitable for GEFI development, as the variant screening and characterization usually

requires a large number of testing. A labor-free methodology of examining the individual

di↵erence in oxidation level in response to stimuli is necessary to the development and

application of H2O2 sensors.

Moreover, in the studies of HyPer sensors that were reported between 2006 and 2015,

the image processing of time-series data after recording the fluorescent output from the mi-

croscopes is mostly summarized as using the software of ImageJ [8, 9, 10, 11, 46]. However,

in the recently published study of HyPer-7, Pak et al. additionally perform the background

subtraction in each wavelength by taking a specified region of background for each exper-

iment and subtracting it by every pixel using Microsoft Excel [12]. It shows a growing

interest in optimizing the image processing and analysis paradigm to extract more useful

information from the time-series fluorescent data of cells transfected with H2O2 sensors.

Image processing and analysis refer to two distinct but intersecting fields, where image

processing as a branch of signal processing aims to improve the quality of the acquired
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images and image analysis investigates on how to extract the most valuable information

from the images [47]. The combination of these two techniques should contribute to improve

the performance evaluation of H2O2 sensor. One thing to note is that the image analysis

paradigm in bio-imaging usually require both the methods of interpreting the images and the

prior knowledge of the relevant biology as inputs. Thus, this section aims to investigate the

fields in computational analysis of fluorescent images, including cell segmentation, tracking

and classification, that are specifically related to the analysis of fluorescent H2O2 sensor.

2.2.2 Cell Segmentation

Image segmentation is usually the first step in image analysis, referring to delineating the

regions of interest (ROIs) [47]. This process has a long history in bio-imaging analysis,

because tracking the quantitative information of individual cells over the course of a time-

lapse experiment is always necessary to interpret the cellular behavior [48]. Because the

initial stage of our sensor development is composed of all in cyto experiment, this thesis only

analyzes the segmentation of cells. The word ”ROI” and ”cell” will be used interchangably to

represent the target of segmentation in the following sections. The current cell segmentation

algorithms can be classified into two categories :

1. Contour-based segmentation, which first detects the edges of ROIs and then fills the

target region;

2. Region-based segmentation, which starts with a seed region and grows until a signifi-

cantly deviate image region is reached [49].

More subdivisions regarding the cell segmentation algorithms can be based on image fea-

tures that are computed to determine the segmentation, such as local intensities, ROI shape

or cell textures [48]. Manual-labeling and thresholding methods represent the primary ver-

sions of contour-based and region-based segmentation methods, respectively. Both methods

were used in the image data analysis during the variant screening of our sensor develop-

ment. However, the delineating accuracy of these two methods is not desirable. Since

the fluorescent images are considered to have low signal-to-noise ratio (SNR) due to the
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Figure 2.1: Pre-neural-network processing of the training data in Cellpose. The
simulated di↵usion is used to transform the manual labelling of boundaries to vector flow
representation [4].

di↵raction artifacts [47], choosing an optimized threshold that perfectly separates the cells

and background is almost impossible (Fig A.1). An advanced region-based segmentation

method is the watershed transformation [50, 51, 52]. It uses the intensity gradient and

treats the images for analysis as a topographic map where the pixel value represents the

height of the ”drainage basin” and line going through the ridge is defined as the border.

This method improves the accuracy of segmenting the attached cells, but it has problems

with the overlapping cells [4]. In the case of manual labeling, the analysis e�ciency is very

low if the total number of cells exceed 10 at each frame. With the aid of image analysis

software, such as ImageJ [46], the separation result is improved but still fails to resolve some

of the problems, such as touching cells or unbalanced fluorescent protein expression in cells.

Moreover, the problem with many current algorithms is the lack of generality [47]. Cells

of di↵erent kinds have various shapes and characteristics, causing the image segmentation

method to follow the case-by-case approach. Because we need to characterize our sensors

in various cell types, using a generalist algorithm to standardize the segmentation results

collected from di↵erent types of cells is preferred.

A recently published generalist algorithm for cellular segmentation named Cellpose be-

comes a suitable fit for our segmentation need. Based on the topological representation

from watershed transformation, Cellpose generates a vector flow representation from the

manual annotation of mask, where the flow starts at the center of the ROI and creates a

spatial gradient towards the center (Figure. 2.1). This process is named as simulated dif-

fusion. A neural network is then trained using the generated flow to predict the horizontal
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Figure 2.2: Schematic showing of neural network processing in Cellpose. Neural
network is trained to predict the horizontal and vertical flows and possibility map to compute
the flow field for cell segmentation [4].

and vertical flows and the possibility map determining if a pixel is within the region of a

cell (Figure. 2.2) [4]. The architecture that this neural network is based on is the u-net

convolutional network architecture, which was the algorithm that achieved the best score

in the most di�cult transmitted light microscopy categories in Cell Tracking Challenge at

ISBI in 2015 [4, 53]. More importantly, Cellpose as a fast generalist algorithm trains the

neural network on a dataset of highly varied images of cells and still outperforms many

of the models trained on the specialist data [4]. It enables Cellpose to be used in variant

screening and characterization in H2O2 sensor design for reproducible results.

2.2.3 Cell Tracking

In the studies of many genetically encoded H2O2 sensors, single-cell cell tracking is not a

necessary process in the image analysis, because the intensity values are represented by the

average intensity of all ROIs in each frame, where the temporal correspondence of the single

cell is neglected. However, the importance of cell-to-cell di↵erence has been stated in many

other biological studies [43, 44, 45], indicating the need of single-cell tracking in time-lapsed

imaging. Cell tracking represents the method of following an object over the course of a

time-lapse experiment [47, 48]. The traditional cell tracking is usually done by manual

labeling, which is labor-intensive and also error-prone [54]. Thus, using a computational
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software to track cells does not only improve the e�ciency and accuracy, but also ensures

the reproducibility of the result. The current tracking algorithms can be classified [48] into

two groups:

1. Tracking by model evolution, where segmentation and tracking are performed simul-

taneously for the first frame and the derived model evolves in every consecutive frame

[48, 54, 55, 56];

2. Tracking by detection, which first segments the cells in all frames and then identifies

the temporal correspondence between the segmented cells from frame to frame [48, 57]

One of the most widely used model-based method is the active contour approach [54, 55, 56].

In this method, the process of segmentation and tracking is described as a model, where

both the image-dependent and image-independent data contribute to the evolution of the

model. The segmentation of the first frame is used to initialize the segmentation of the

second frame [54, 56]. The cells can be represented as the closed contours or intact surfaces.

The evolution equation is usually defined by the energy minimization, where the minimal

energy is at the boundary. One advantage of this type of tracking is that the computational

results from all previous frames, or a priori knowledge, are used to compute the model of

the sequential frames [54], assisting the separation of the touching cells [56]. Though this

approach was used in many recent studies of computational cell segmentation and tracking

[58, 59, 60], its complexity to implement is not desirable for the purpose of our research. The

advantages of model-based method include its precision in detecting the cell events, such as

the cell division, but it is not a problem to consider in the experiments of sensor design and

validation. Additionally, Cellpose as a generalist method serves as a simple and suitable

tool for 2-D fluorescent image analysis in the sensor characterization of HRM63. As we also

need image analysis on the 2-D image, a computationally simple detection-based method

for single-cell tracking that incorporates with Cellpose segmentation is then a better choice

for our research.

The first step of the detection-based cell tracking methods is to choose the appropriate

image features in the segmented images that describe the position and identity of the cells
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in each frame. The simplest method is to find the centroids of the detected cells [49,

61]. In a study of detection-based tracking, Al-Kofahi et al. designs a feature vector that

represents each cell in each frame using six image features, including centroids (both x- and

y- positions), area, eccentricity, major axis length and orientation [62]. The simplest linking

strategy of cells in di↵erent frames is the nearest-neighbor assignment, where the cells in

the current frame are linked to the closest cells in the next frame [49]. This approach

is possible for the fluorescent imaging if the ratio between the cell displacement across

the frame and the mean distance between cells in a single frame is <<0.5 [63]. Thus,

this method is suitable for tracking cells that lack motility under wide-field microscope.

Choosing a comparatively simple tracking method also compensates the long processing

time of Cellpose segmentation due to high computational complexity. One challenge for such

detection-based tracking is to resolve the one-to-many and many-to-one correspondence in

the consecutive frames [49, 56]. In the analysis of fluorescent images regarding H2O2 sensor

characterization, we assume no occurrence of cell division during the course of imaging, but

the detached cells that leave the field of observation or the cells that are not detected by

Cellpose in segmentation are the factors we consider during analysis. Additionally, Cellpose

is not a perfect segmentation method. It occasionally fails to detect some cells that have

been identified in the previous frame. Thus, the Cellpose-based tracking method needs to

take these problems into consideration.

2.2.4 Cell Classification

After the accurate single-cell segmentation and tracking, how to properly use the extracted

image properties becomes the next topic. The complex heterogeneous phenotypes demon-

strated by cells have made the interpretation of the cell response to stimulation a di�cult

task [44, 45]. In the past, we have made many attempts to reduce the trail-to-trail vari-

ance, such as maintaining the position of needle to administrate the agonist at the center

of the cell culturing well. With the single-cell tracking, we will also be able to analyze the

heterogeneity among the individual cells. A common approach to perform such analysis is

to separate the cells into two or more categories, which is also know as cell classification.
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Figure 2.3: Schematic showing of three di↵erent categories of cell classification.
a. Numerical feature extraction (NFE). b. Neural network (NN). c. Transport-based
morphometry (TBM).

Shifat-E-Rabbi et al. summarizes the cell classification approaches into three categories

(Figure.2.3):

1. Numerical feature extraction (NFE), which collects the pre-determined features from

the segmented cells and uses them to classify the cells with a classifier;

2. Neural network (NN), which learns the features from the raw data by itself and uses

these extracted features to classify;

3. Transport-based morphometry (TBM), which transforms image into a non-linear rep-

resentation that shows the interpretable di↵erences between classes [45].

Because we will perform the single-cell segmentation and tracking before the classifi-

cation, the numerical feature-based cell pattern classification methods best suit our need.

Indeed, this approach has been used to detect the functionality of subcellular proteins

[64, 65]. Many features, such as area, perimeter, elongation and variance, have been tested

to discriminate the cells, but the importance of features varies across datasets [45]. The six

image features proposed by Al-Kofahi et al. for cell detection can serve as a start for cell

classification.
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Chapter 3

METHOD

This section introduces the experimental procedures and computational processes used

to generate the results described later in this thesis. The experimental procedures are the

in cyto testing of GEFIs, including the variant generation, cell culture, DNA transfection,

stimulation-induced fluorescent imaging. The computational processes focus on the image

processing and analysis of the acquired fluorescent images, including background subtrac-

tion, cell segmentation, single-cell tracking and classification.

3.1 Library Generation and DNA Cloning

Protein structure modifying prediction was achieved through Chimera and GENtle. Primers

were designed using NEB Builder Assembly Tool website. Q5 High-Fidelity DNA Poly-

merase was used for PCR amplification. Backbone and insert DNA fragments varied accord-

ing to the desired outcome from the sensor. Hy46 had the backbone DNA as the OxyR-RD

DNA extracted from HyPerRed [11] and inserted the GcaMP6f [27] at a designated location

within the region of residues 210-215. HRM63 was designed using the structure of Hy46

as the backbone and inserted GCaMP6f onto a new insertion site as described in the prior

work. HRM63-mCherry ratiometric variant was designed by fusing a mCherry to the non-

flexible region of the OxyR-RD. Visualization of the DNA fragments was achieved in agarose

gel electrophoresis using SYBR Safe. PCR purification and spectrophotometer check were

used on the DNA fragments prior to the DNA cloning using Gibson Assembly. Bacterial

transformation of the full-length DNA product used Top 10 competent cells plated with 50

µL Super Optimal Broth (SOB) on a petri dish. Three individual colonies from each dish

of variant were picked and cultured. DNA isolated from the bacterial colonies after 15-hour

growth were purified and sent to GeneWiz for sequencing. One colony of each variant was

selected based on its genetic similarity to the planning sequence.
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3.2 Cell Culturing and Transfection

Human embryonic kidney (HEK293) cells were seeded at a density of 5⇤105 cells/well in 24-

well cell culturing plates after they reach 70% confluency. Cells were cultured in Dulbecco’s

modified eagle medium (DMEM) with 10% fetal calf serum (FCS) in the incubator with

37 °C and 5% CO2 for 24 hours. Transfection using 1.5 ug Lipofectamine 3000 reagent,

2 µL P3000 reagent, 100 µL Opti-MEM medium and 1 ng DNA for each construct was

performed when the confluency of cells reached 70% - 90%. After 6 hours, media of the cells

was replaced with fresh DMEM and cells were put back to incubator for at least 24 hours

before imaging.

The cardiomyocytes derived from human-induced pluripotent stem cell (hiPSC) were

o↵ered by Dr. David Mack and his research group. The di↵erentiation procedures were

documented in the recently published study by Klima et al. [66].

3.3 Fluorescent Imaging and H2O2 Stimulation

Media of cells was replaced with 600 µM of Living Cell Imaging Solution (LCIS), a clear

cell media that reduced the noise of spectrum absorption from phenol red. Cells were placed

into the incubator for 5 minutes after media change. Microscopy Leica DMI8 was used to

capture the fluorescent feedback from the cells.

MetaMorph, an imaging analysis software, was used to record the live imaging of cells

upon stimulation [67]. Imaging was taken with an exposure time of 100 ms. Light intensity

was set to 40 units and can be varied between 20 to 80 units according to the baseline

fluorescent value. For HRM63, the band-pass excitation wavelength of 450-490 nm was set

and the emission of 500-550 nm was captured. For HRM63-mCherry variant, each well was

imaged for twice, where the first shot used the filter of HRM63 and the second shot used

an excitation wavelength of 540-580 nm and the output 593-668 nm wavelength to captures

the intensity from mCherry.

Direct hydrogen peroxide administration to the cells was used for screening purposes.

Hydrogen peroxide solution in 30% (w/w) in water containing stabilizer from Sigma-Aldrich

[68] is diluted using LCIS. A total 300 µM H2O2 solution was delivered into the cell culturing
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well containing 600 µM H2O2 after 3-5 frames using a machine-controlled needle to reach

the final desired concentration between 10 – 300 µM . Menadione (1-25 µM), auranofin (500

nM-200 µM) and cyclopiazonic acid (CPA, 20 µM) were used to induce the intracellular

H2O2 production [5, 6, 7, 66, 69]. The addition of N-acetyl cysteine (NAC) was used

to exhaust the residual H2O2 prior to the stimulation [70]. For reversibility test, 20 µL

dithiothreitol (DTT) was added after saturation H2O2 stimulation. The rate of solution

delivery was between 4 to 10 mL/minute. We set the needle to inject the H2O2 solution at

the center of each culturing well and manually chose the field of view in the well to take the

images. The selected fields had more than 90 dispersed cells in healthy conditions and the

baseline value of these cells were between 100 to 1000 units.

3.4 Image Processing and Analysis

3.4.1 Pre-Processing and Segmentation

All of the fluorescent images were output in TIF format and processed using Python-based

algorithms on Google Colaboratory. Rolling-ball algorithm, which was first proposed by

Stanley R. Sternberg in 1983, was used to estimate the background intensity [71] for reducing

the e↵ect of the uneven background luminescence due to the centered light source during

the imaging. Starting by treating the intensity of every pixel as a third dimension, the local

background of each pixel is determined by averaging the intensity of a large ball around the

pixel [72]. The resulted background intensity was then subtracted from the original images

before further analysis.

Three segmentation methods were compared in this thesis: threshold, watershed trans-

formation and Cellpose. All the analysis on sensor characterization were based on the

Cellpose segmentation unless further specified. For threshold-based segmentation, a mask

was created according to the user-set threshold, which had a default of 50 units to minimize

the background noise while avoiding the ROI loss. Any ROI with an average intensity over

this threshold value were recorded. A series of image processing methods were performed

to the generated threshold mask, including binary fill holes() and binary erosion()

and binary closing(), to integrate the boundaries of the cells. Contours of each ROI were
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computed using the find contours() method. The watershed transfomration method first

set all pixels below 20 intensity to 0, reducing the noise in the background. The original im-

age was first transformed to a map measuring the distance from each pixel in the cell to the

background, where the local maximas (the pixel that was furthest to the background) were

saved as the markers of ROIs. The flooding from each marker to the boundaries determines

the label of each ROI, analogues to the water basin. The method watershed() package

was then used to perform the flooding step. The Cellpose segmentation was implemented

as described in the documentation [4]. All the methods mentioned above were from the

skimage and scipy packages.

3.4.2 Tracking: Cell of Interest Nearest Neighbor

Cell of Interest Nearest Neighbor (COINN) is the name given to the algorithm we devel-

oped to track and analyze the single-cell fluorescent readout (Figure. 3.1). The loaded

images were assumed to be 4-D, where the four dimensions corresponded to the number

of frames (n), channels, image height and image width. Compared to the traditional 3-D

time-lapse image, the additional second dimension (channel) depended on the number of

output wavelength. In the analysis of HRM63-mCherry ratiometric sensor, the wavelength

dimension was 2, where the first and second channels represented the time-lapsed imaging

of the cpGFP and mCherry output, respectively.

Cellpose segmentation was first performed for each frame. If the input image was a

multi-channel image, the first channel would be used for segmentation. Each 2-D mask

computed by Cellpose segmentation were labeled using the method of label(), where the

order of labeling was determined by the centroid positions.

The generated masks were then used to compute the centroids of each detected ROI using

the regionprops() method. We used a two-frame window to find the correspondence of

cells across the frames. For each frame at time t, the distance d between each ith ROI

Ct,i in the current frame to each jth ROI Ct+�t,j in the next frame were calculated by the

Euclidean distance between their x- and y- positions as shown in the equation below:
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Figure 3.1: Schematic showing of the image processing and analysis procedures
for single-cell fluorescence analysis in H2O2 sensor-transfected cells. Cellpose
segmentation is applied to all frames after background subtraction. The minimal distances
of the centroids in the current frame to all ROIs in the next frame are identified. The ROIs
from the first frame is then used as a reference to construct a label-correction matrix for the
ROIs in the consecutive frames. Duplicated matches of labels are removed by keeping the
ROI pair with the shortest distance and marking the others as ”out”. Using the centroids
to bridge the labels before and after the correction, a binary mask for each ROI is created
at each frame for image property extraction.
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Figure 3.2: Sample label correction matrix of COINN. For each ROI in the first frame
(column), its corresponding labels in the consecutive frames (row) are recorded. Each entry
also corresponds to a centroid location (not shown).

d(Ct,i, Ct+�t,j) =
q
(xCt,i � xCt+�t,j )

2 + (yCt,i � yCt+�t,j )
2. (3.1)

For each Ct,i, the Ct+�t,j that was closest to it would be extracted and recorded with the

label of Ct,i.

The labels of cells in the consecutive frames were then matched to the cells in the first

frame based on the proximity and collected to a matrix (Figure. 3.2). The corresponding

centroids of these labels were also recorded. Due to the detached cells or the segmentation

errors produced by Cellpose, the number of cells in each frame was fluctuating. Since we

were using a two-frame window, frames that had less cells than the first frame would contain

Not-a-Number(NaN) values, which would be neglected for later image property collection.

To deal with the duplicate cases, where multiple Ct,i shared one closest Ct+�t,j , the

distance between each Ct,i and the shared Ct+�t,j was compared again (Figure.3.3). The
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Figure 3.3: Graphic illustration of duplicate removal in COINN. If two or more
cells in the current frame identify the same cell in the next frame as their ”correct label”,
the Euclidean distance between the cells in the current and next frames is compared again.
The cell in the current frame with the shortest distance will ”win” the label, and the other
cells in the current frame will be marked as ”out”.

Ct,i that had the shortest distance among all ROIs proximate to the shared Ct+�t,j would

be matched. The other Ct,i involved in this duplicate removal would be marked as ’out’ in

the label correction matrix. Since the first frame was used as the matching reference, the

original labels of all ROIs in the first frame were directly appended to the front of the label

correction matrix, so that number of columns in the label correction matrix equals to the

number of frames in the input image.

Since the centroids before and after the label correction remain consistent, they were used

to match the label correction matrix back to the mask. Using the sample label correction

matrix in Figure.3.2 as an example, ROI 0 was labeled as 1 in the second frame. The

centroid of ROI 1 in the mask of the second frame was then compared to the centroid
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recorded in the label correction map, ensuring the consistency of tracking. To generate a

single-cell mask, all pixels in the second frame other than ROI 1 were set to zero. One

thing to note was that Python started labeling the ROIs from 0 when constructing the label

correction matrix, but the mask generated by Cellpose started its label from 1. Thus, in the

example given above, the pixels within the region of ROI 1 in the second frame should be

all labeled as 2. The single-cell mask was then created for each ROI in each frame and used

to extract the image properties from them. The collected properties include the detected

intensities from multiple channels, normalized intensity to its reduced state, experimental

conditions (trail number, stimuli condition, etc) and region properties (cell area, centroids

and eccentricity). Only the cells that were present in every frame were used for analysis.

The fluorescent readout of intensiometric sensor was represented by the di↵erence in flu-

orescence normalized to the fluorescence in the first frame (Equation.2.1). The performance

of ratiometric sensor was represented by the ratio between the emission signals of the two

wavelengths.

We also verified the nearest-neighbor approach by checking the ratio between the cell

displacement across the frames and the mean distance between cells in a single frame.

All distances were calculated by the Euclidean distance. The cell displacement across the

frames was computed by first averaging the displacement of each ROI across the frames,

then averaging the mean displacements of all ROIs. The mean distance between cells in a

single frame was calculated by averaging the distance between all pairs of centroids in the

first frame. The accuracy of COINN was verified by visually following 5 randomly chosen

ROI across all frames.

3.4.3 Classification

Five machine learning-based classification models, or classifiers, including logistic regression

(LR), decision tree (DT), k-nearest neighbor (KN), linear discrimination analysis (LDA),

support vector machine (SVM) were first used to predict if the individual hiPSC-derived

cardiomyocytes demonstrate fluorescent change upon CPA administration. The default

parameters from sklearn package were used for each model. Image data from six trials



32

of CPA-treated cardiomyocytes were first segmented and single-cell tracked using Cellpose

and COINN, respectively.

Seven image properties - F610 (mCherry intensity), area, eccentricity, major axis length,

orientation, and x- and y-positions of the centroid were first separately used to train the

given models. For each trial, the data matrix was given by the size of [number of ROIs *

number of frames] filled by the designated image property. Each ROI was given a label

of either 0 or 1, where 0 represented low-response cells and 1 represented at least 1% of

fluorescent change upon CPA administration. The data matrix and labels of each trial

were then appended together and randomly shu✏ed by ROIs, resulting a final data matrix

of size [(number of ROIs * number of trials) * number of frames] and a label list

with the same length as the row number of the data matrix. The splitting ratio between

the training and testing groups was empirically set to 9:1 based on the total number of

row of the data matrix. The classification was done 10 times with the training and testing

groups split from randomly shu✏ed data matrix at each time. The prediction accuracy of

each model and each image property was then computed by taking the average of the 10

iterations.

The same image features were then used together to train the model with the highest

accuracy in classifying the time-lapsed data. The data matrix for the all-parameter classifi-

cation is of size [(number of ROIs * number of trials) * number of features]. The

image features of each ROI were taken from the first frame of each trial. All the following

splitting and validation followed the same procedures as the time-dependent classification.

3.5 Statistical Analysis

All error bars used in this thesis represent the standard error of the mean (SEM). Significance

was determine using two-tailed t-test with a 95% or greater confidence level. The variance

of data was represented by the equation shown below:

S2 =
1

n� 1

X
(xi � x̄)2 (3.2)
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where S2 is the sample variance, n is the total number of samples, xi is the ith observa-

tion and x̄ is the sample mean. Levene’s test was used to test the equal variance of the

populations with the assumption of skewness.
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Chapter 4

RESULT

This section includes the results from the procedures described in the previous section,

primarily focusing on the experimental evidence of HRM63 sensor characterization and

computational result from the cell segmentation and single-cell tracking methods. The

results provide new insights towards the understanding of HRM63 functionality, as well as

the pipeline of image analysis in GEFI detecting H2O2.

4.1 Sensor Characterization

4.1.1 Photoactivation

HRM63 is specific to its excitation wavelength, making it a suitable sensor to be used to-

gether with the biomarkers of other colors. To allow the co-application of multiple sensors,

the generated probes should only be activated by wavelength within its excitation wave-

length band. It means HRM63 and HyPerRed should only exhibit fluorescent change when

they are stimulated by 488 nm and 597 nm wavelength, respectively. However, with its

excitation wavelength of 597 nm constitutively exhibits fluorescence on the background,

HyPerRed displays fluorescent peaks along with the periodic stimulation of 488 nm (Fig-

ure. 4.2.a). HRM63 demonstrates no obvious fluorescent activation with the periodic 597

nm stimulation (Figure. 4.2.b). This result indicates that HRM63 can be used along with

other probes of di↵erent wavelengths without having an a↵ected fluorescent readout.

4.1.2 Reversibility

We also verify the reversibility of HRM63 in cyto. Dithiothreitol (DTT) acts as a protective

reagent for -SH groups [73], quantitatively reducing the formation of disulfide bridges by

maintaining the monothiols in their reduced states [74, 75]. By first stimulating the HRM63-

transfected HEK293 cells to its saturation state using 300 µM of H2O2, we observe that
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adding 20 µM of DTT induces a rapid drop of the fluorescent output down to the basal

level (Figure. 4.2.c). A minimal relapse of fluorescence occurs after the H2O2 exhaustion

due to a small amount of residual H2O2. Adding a second wash of H2O2 after the DTT-

induced H2O2 exhaustion triggers a new peak of fluorescent output (Figure. 4.2.d). Both

the dynamic and amplitude of the second fluorescent peak are similar to these in the first

stimulation. Thus, this results shows that the fluorescence of HRM63 is reversible in cyto,

demonstrating the application of this sensor in the studies that require multiple times of

stimulation.

4.1.3 Subcellular Compartment Sensitivity

We examine the sensitivity of HRM63 in the cellular compartment. The variants of HRM63

and HyPerRed expressed in the mitochondria are designed to compare to the cytoplasm- ex-

pressing variants. Cytoplasm-expressing HRM63 demonstrates a higher fluorescent output

compared to the mitochondria-expressing variant, showing the sensor capability of distin-

guishing small H2O2 variation occurred within the same cell (Figure. 4.2.e). Both the

cytoplasm- and mitochondria-expressing HyPerRed exhibits minimal fluorescent output.

Both the loss-of-function (LoF) variants of HyPerRed and HRM63 are introduced with mu-

tation C199S to prevent the OxyR-RD from interacting with H2O2 [11]. Neither of the LoF

variants demonstrate any fluorescent changes upon H2O2 stimulation, indicating that the

fluorescent output is not a↵ected by the environmental changes in physiological condition.

4.1.4 Volumetric Control

We verify the fluorescent output of HRM63 by designing a ratiometric sensor that fuses

a constitutitively red fluorescent protein named mCherry to the non-flexible region of the

sensing domain of HRM63 (Figure. 4.1), inspired by the GCaMP-mCherry design in the

calcium protein indicators [76]. This ratiometric variant enables the normalizing analysis

of HRM63, validating the comparison between the green fluorescent output of HRM63 with

the red readout from HyPerRed. The comparison of the fluorescent performance of HRM63-

mCherry and HyPerRed as a function of H2O2 gradient demonstrates the high sensitivity
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Figure 4.1: Schematic showing of HRM63-mCherry ratiometric sensor. A con-
stitutively expressing mCherry is fused to the non-flexible region of the sensing domain,
serving as a volumetric control over the protein expression of the sensor.

of HRM63 at low H2O2 concentration, shown by the 100% of fluorescent change upon 8 µM

H2O2 stimulation, which is ten-fold higher than the 10% fluorescent output of HyPerRed

(Figure. 4.2.f). The maximal fluorescent output of HRM63 is 200% upon 300 µM H2O2

stimulation, demonstrating two-fold higher performance compared to HyPerRed.

HRM63-mCherry variant also serves as a volumetric control over the expression level

of the sensor. We investigate the performance of HRM63-mCherry as a function of mena-

dione concentration, a precursor for redox-cycling-triggering vitamin K synthesis [5]. By

stimulating the sensor-transfected cells with various concentration of menadione and mea-

suring the green and red values of cells for 10 hours, we discover that the protein expression

level slowly increases by around 50% in all trials (Figure. 4.2.g). This result indicates the

necessity of having a volumetric control to not only account for the variance in protein

expression level among the cells, but also take the growing protein expression in long-term

imaging into consideration. Meanwhile, it also shows that HRM63-mCherry variant is sen-

sitive enough to distinguish the intracellular production of H2O2 induced by the cellular

mechanism agonists.
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Figure 4.2: HRM63 sensor characterization. a-b. Photoactivation of HyPerRed and
HRM63 by the wavelengths outside of their excitation wavelength range. a. HyPerRed,
with 597 nm constitutively on and periodic 488 nm flashes. b. HRM63, with 488 nm on the
background and periodic 597 nm flashes. c-d. Reversibility of HRM63. c. By adding 20
mM of dithiothreitol (DTT), HRM63 can be returned to its reduced status. d. HRM63 can
be oxidized again by a second wash of H2O2 after been reduced by DTT. e. Fluorescent
comparison of HRM63 and HyPerRed transduced in cytoplasm and mitochondria. Trans-
fected HEK293 cells were stimulated with 10 µM menadione. cyto = cytoplasm. mito =
mitochondria. LoF = Loss-of-function variant. f-g. Performance of ratiometric HRM63-
mCherry sensor in HEK293 cells. f. Performance comparison between HRM63-mCherry
and HyPerRed as a function of H2O2 concentration gradient.g. Ratiometric fluorescent
reading of HRM63-mCherry as a function of menadione concentration gradient.
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Figure 4.3: Comparison of the segmentation result (top) and intensity values
(bottom) collected from the masks created by the threshold-based, watershed
transformation and Cellpose methods. Though all three methods were able to detect
cells in the sample HRM63-transfected hiPSC-derived cardiomyocytes, Cellpose demon-
strates better delineating accuracy and separation result on the touching cells. The ex-
tracted intensity using Cellpose segmentation also provides a cleaner trend reflecting the
fluorescent change.

4.2 Computational Pipeline of Evaluating Genetically Encoded H2O2 Probe

4.2.1 Cellpose Segmentation Improves the Image Data Extraction

In our prior analysis of fluorescent images, we typically used the threshold-based method

through ImageJ because it was computationally e�cient and easy to implement. Watershed

transform is also a popular and easy-to-use cell segmentation approach for many ongoing

studies of cell biology [51, 52]. We then use HRM63-mCherry-transfected hiPSC-derived

cardiomyocytes treated with 20 µM CPA at the fifth frame as a sample image to verify

the performance of the segmentation methods. As shown in Figure.4.3, HRM63-mCherry

variant can successfully express in the cardiomyocytes, demonstrating its application in the

study of monitoring H2O2-production in cardiovascular mechanism. The cpGFP channel of
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cells in the reduced state is taken at the first frame to compare the segmentation results.

Both threshold-based and watershed transformation methods mentioned above are able to

separate the cells from the background, but the threshold-based method fails to delineate

the outer boundaries, and watershed transform approach cannot separate the cluster of

touching cells.

Cellpose method demonstrates better segmentation of the touching cells in HRM63-

transfected hiPSC-derived cardiomyocytes compared to the threshold-based and watershed

transformation methods, enabling the accurate extraction of fluorescent readout as well as

the single-cell tracking in the later analysis. Compared to the two segmentation methods

described above, the segmentation result from Cellpose demonstrates better performance

in both the delineation of cell contours and the separation of multiple touching cells. The

touching-cell separation of Cellpose can be credited to the flow gradient vector representa-

tion of the cell and the additional two-channel (cytoplasm and nucleus) image dataset used

to train the neural network in Cellpose [4, 77]. In terms of variant screening and sensor

characterization of H2O2 sensor, the enhanced cell segmentation reduces variance due to

the interference of the background luminescence, providing a more trustworthy representa-

tion of oxidation level (Figure.4.3). The separation of touching cells provide more accurate

information on single-cell identities, aiding the studies on cell-to-cell di↵erence.

One problem of using Cellpose segmentation is its long processing time due to the com-

putational complexity of neural network. The time to compute the Cellpose segmentation

result on a regular workstation (Intel(R) Core(TM) i5-6300HQ CPU, 2.30 GHz, 4 GB RAM,

Windows 10 Professional) is approximately 124 seconds per single frame of 1200 ⇤ 1200 res-

olution. For a typical ten-minute imaging with an exposure time of 100 milliseconds for

variant screening, each image stack will have 600 frames, and it will be a total of 14400

2-D images to process for an experiment with a full 24-well cell-culturing plate. The seg-

mentation processing of all the images is almost 500 hours. Thus, we come up with two

approaches to conquer this computational complexity. The preferred approach is to use

online processing server. We choose to use Google Colaboratory, which is a Python-based

notebook that provides access to GPU and TPU from Google’s cloud server. It reduces the

time of segmentation to around 4 seconds per frame, which is 60-fold less than using the
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Figure 4.4: Trade-o↵ between ROI loss and computational time reduction. Reduc-
ing the rescale factor causes the ROI loss but also reduces the computational time. Setting
the rescale ratio to 0.5 (red dashed line) achieves the best balance between the ROI numbers
and computational time.

regular CPU from the workstation.

An alternative approach is to scale down the input image, reducing the data unit for

processing. Cellpose requires an optional input parameter named rescale that determines

the resizing ratio of the input image. The output mask is still the same size as the original

image. To validate the information loss during resizing, we use Cellpose to segment the

image of HyPerRed-transfected HEK293 cells in the reduced state with the rescale ratio

from 0.1 to 1 and compare the number of detected ROIs and computational time. The

result suggests that while the computational time increases exponentially as the rescale

ratio increases from 0.1 to 1 by an increment of 0.1, the trend of detected ROIs becomes

constant after the rescale ratio reaches to a certain threshold. It shows that rescaling the

original image to its 50% saves half of the computational time but only causes minimal ROI

loss. Thus, this rescaling approach can be used to reduce the computational time when the

advanced processing unit is not available or the input image has high image resolution.
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4.2.2 Single-Cell Tracking Visualizes the Cell-To-Cell Di↵erence

Using label correction and duplicate removal, COINN enables the single-cell tracking based

on Cellpose segmentation. Though Cellpose demonstrates excellent delineating accuracy

and clean separation of touching cells in 2-D fluorescent cell segmentation, it fails to provide

the temporal correspondence of cells in the time-lapsed imaging data. Additionally, due to

the position-based consecutive labeling of the mask, if Cellpose fails to detect one cell in

a frame, or a floating dead cell that enters or leaves the field of view, all the following

cells would be mislabeled. As shown in Figure.4.5, Cellpose segmentation identifies the

cell at the top right corner as one cell, but in the following frames the same region is

recognized as two touching cells. The consecutive labeling then changes for all the ROIs

located under the mislabeled cell. Using the label-correction method, we provide the time-

lapsed correspondence to the cells by finding their true labels based on their centroids

in all frames. Neither the segmentation error nor cell motion a↵ects the labeling of the

same cell across di↵erent frames. We then validate the use of nearest-neighbor approach in

hiPSC-derived cardiomyocytes by calculating the ratio between the cell displacement across

the frames and the mean distance between cells in the first frame. The resulted ratio is

1.56/615.76⇡0.0025, which is smaller than the threshold of 0.05 set by Ponti et al. [63],

suggesting that the nearest-neighbor tracking is possible for the type of cells and imaging

that we use.

Thus, the time-lapsed image property of single cells can be extracted by simply follow-

ing the corrected labels (Figure. 4.6). Tracking the fluorescent readout of the first six cells

segmented by Cellpose shows that the position-based consecutive labeling causes the dis-

connected time-lapsed intensity, whereas the label correction of COINN leads to the correct

single-cell temporal correspondence. The result of tracking shows the cell-to-cell di↵erence

in terms of fluorescent readout. All six segmented cells are proximate to the top edge of

the image, which implies similar level of luminescent noise from the background and similar

rate of receiving the agonist that di↵uses from the center of the cell culturing well, but they

demonstrate distinct dynamic in response to the CPA administration. The cell with the

highest initial green intensity also exhibits the highest fluorescent change upon the CPA
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Figure 4.5: Label correction maintains the temporal consistency of the mask
labels. The segmentation errors on touching cells produced by Cellpose leads to the shu✏ed
labeling of all the consecutive ROIs (top). Label correction of COINN ensures the correct
cell labeling for single-cell tracking in time-lapsed images (bottom).

Figure 4.6: COINN enables the single-cell tracking of image properties. The
shu✏ed labeling from Cellpose segmentation leads to inaccurate temporal correspondence
of fluorescent readout of single cells (left), which can be corrected by COINN (right).
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Trials 1 2 3 4 5 6

Percentage of low-response

cells in CPA-treated hiPSC-derived

cardiomyocytes (%)

6.12 35.29 58.62 13.89 65.00 4.00

Table 4.1: Percentage of hiPSC-derived cardiomyocytes that demonstrate less
than 1% maximal fluorescent change upon the administration of CPA. The low-
response portion in di↵erent trials spans a large range.

Figure 4.7: Removing the low-response cells from the data improves the fluo-
rescent readout. Variance increases as a result of the reduction of total number of data
points.

administration. The cells that are initially dimmer tend to be low-response to the agonist.

To verify the portion of low-response cells in the CPA-treatment group, we implement

COINN on six CPA-treated trials and calculate the percentage of low-response cells that

exhibit less than 1% of maximal fluorescent change upon CPA administration (Table.4.1).

CPA as a SERCA inhibitor prevents the recycling of Ca2+ into SR, leaving excessive Ca2+ in

the cytoplasm that disrupts the mitochondrial metabolism and induces oxidative stress [24,

66]. For consistency, the cells that demonstrate more than 1% of maximal fluorescent change

are represented by ”responsive cells” in the following context. The result varies from 4% to

65%, demonstrating a large trial-to-trial di↵erence in response to the CPA administration.
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By removing the low-response portion from the trials 3 and 5 that contain over 50% of low-

response cells, the overall fluorescent change of both trials noticeably increases (Figure.4.7).

We then quantify the data variance by calculating the population variance of all ROIs in

each frame using Equation.3.2. Assuming equal variance in each frame, the pooled variance

of all frames increases from 0.23 to 0.28 in trial 3 and from 0.13 to 0.15 in trial 5 after the

removal of low-response cells, as an expected outcome from removing more than half of the

data points.

4.2.3 Volumetric Control Provides a More Comparable Representation of Oxidation Level

for Intensiometric Sensor

As described in the previous section, the mCherry fused to the non-flexible region of OxyR-

RD serves as a protein-level control for HRM63. During the variant development, we observe

that the variance among the experiments due to the biological factors is significant. It does

not only cause inconsistent results, but also mislead us in the following experiments. Though

we are able to minimize its e↵ect by controlling a few factors, such as the temperature during

the imaging and cell culturing, the residual problems can still sabotage the experimental

results and therefore reduce the e�ciency of variant development. By adding a volumetric

control to the intensiometric sensor HRM63, the changes in the surrounding environment

of the sensor-transfected cells will project to both the reporter domain (cpGFP) and the

control (mCherry) that are proximate to each other when transfected to cells. Thus, we

hypothesize that using the ratio between the intensity of cpGFP and mCherry can better

represent the oxidation state of the sensing domain by normalizing the variance due to

unpredictable biological factor.

We first use the ratiometric reading to represent theH2O2 production in cardiomyocytes.

As shown in Figure.4.8, the elevated fluorescent result first demonstrates that HRM63 is

capable of capturing the intracellular H2O2 produced in hiPSC-derived cardiomyocytes

triggered by CPA. To distinguish the output from cpGFP and mCherry, we call them ”F509”

and ”F610”, respectively. The ratiometric reading from both wavelengths is ”F509/F610”.

We originally take the first frame of F610 as the only control for the entire imaging sequence,
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Figure 4.8: Comparison of the intensiometric and ratiometric output in the last
frame of hiPSC-derived cardiomyocytes triggered by CPA.�F/F0 is the percentage
change of cpGFP emission intensity from the baseline values. F509 and F610 refer to the
emission intensity of cpGFP and mCherry, respectively.

but we then discover that the expression level of HRM63-mCherry increases across frames in

long-term imaging (Figure.4.2.g). Thus, we alter our imaging pipeline to capture both the

F509 and F610 for each frame. During the segmentation, we empirically choose the cpGFP

channel as the reference to generate the masks for both F509 and F610. Both the normalized

F509 (�F/F0) and ratiometric reading (F509/F610) can represent the sensor oxidation level

in response to the CPA administration.

Using the pixel-wise ratio between cpGFP and mCherry intensity in the time-lapsed

imaging of sensor-transfected cells reduces variance in fluorescent readout. As mentioned in

the previous section, we hypothesize that the ratiometric reading normalizes the unknown

biological factors during both short- and long-term imaging, leading to more homogeneous

fluorescent outputs. In order to test the hypothesis, we calculate the pooled variance of

all frames from each trial of CPA-treated hiPSC-derived cardiomyocyte and compute the

average variance from the first three trials of both the control and CPA-treated groups.

We also calculate the variance from the data of HRM63-mCherry-transfected HEK293 cells

stimulated with menadione and auranofin. Auranofin serves as a thioredoxin reductase

inhibitor that stimulates the mitochondrial production ofH2O2 [6, 7]. As shown in Table.4.2,
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Agonist Cell Type
Final

Concentration

(µM)

Average Variance of Three Trials

�F/F0

of F509

F509/F610

ratio

�F/F0 of

F509/F610

Control
hiPSC-derived

cardiomyocytes
0 0.22 0.17 0.15

CPA
hiPSC-derived

cardiomyocytes
20 0.21 0.22 0.17

Control HEK293 0 0.70 0.37 0.36

Auranofin HEK293
0.5 1.56 0.55 0.56

2 2.94 0.92 0.93

Menadione HEK293

1 1.21 0.56 0.58

5 0.97 0.57 0.60

10 0.79 0.50 0.47

25 1.53 0.62 0.69

Table 4.2: Comparison of the variance of using �F/F0 of F509, F509/F610 ratio
and �F/F0 of F509/F610 as the measurement of fluorescent output in HRM63-
mCherry-transfected cardiomyocytes and HEK293 cells. �F/F0 of F509/F610 is
the F509/F610 normalized to the baseline ratio before adding any agonists. Each variance
is computed by the average variance from three trials of the same conditions. Using the
F509/F610 ratio or normalized ratio to represent the fluorescent change reduce the variance
among the cells.

the variance of fluorescent outputs among the cells is reduced when using F509/F610 ratio

and �F/F0 of F509/F610 as the measurement instead of the �F/F0 of F509. This variance

reduction is more evident in the data from HEK293 cells, where most of the variance in

using F509/F610 ratio and �F/F0 of F509/F610 is only half or even third of the variance of

using the �F/F0 of F509 as the fluorescent measurement.

The combination of volumetric control and single-cell tracking enables the filtration of

cells with aggregated and low-response proteins. Protein aggregation refers to the biological

phenomenon when the proteins accumulate and clump together, favoring its most thermo-
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Figure 4.9: Removal of the cells with extreme F610 values improves the separa-
tion of conditioned data. Both the cell-to-cell di↵erence and fluorescent response in
CPA-treated group can better be visualized after the removal of low-response and protein-
aggregated cells.

dynamical state [78]. The aggregation of GFP strongly correlates to the fluorescent protein

concentration in the targeted area [79]. In terms of sensor-transfected cells, high protein

expression represented by large F610 can be a sign of aggregation, potentially introducing

artifacts to the fluorescent readout. Moreover, as shown in Figure.4.6, the ROIs that have

a lower initial value tend to be less responsive to the CPA administration. Thus, we hy-

pothesize that the fluorescent readout of ROIs with extreme levels of fluorescent protein

expression are more likely to experience drawbacks. We then rank the CPA-treated hiPSC-

derived cardiomyocytos in the last frame based on their F610 and apply filter to the top

(high F610 value) and bottom (low F610 value) of the list. The percentage of filtration is

determined empirically based on the visual inspection. As shown in Figure.4.9, removing

the cells with top 10% and bottom 35% F610 values better visualizes the distributive dif-

ference between the CPA-treated and control groups. Each dot represents a single ROI in

the last frame. Both the CPA-treated and control groups demonstrate positive skewness in

the distribution of F610 values. The filtered plot shows that the cells in the control group

are confined to a smaller F509/F610 range of approximate 0.3 - 0.5, whereas the cells from

the CPA-treated group range from 0.2 to 1.0 F509/F610 ratio. Thus, this representation of
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di↵erence in fluorescent readout accounts for the cell-to-cell di↵erence in protein expres-

sion level, providing a more reliable and quantitative comparison between the treatment

and control groups. The p-values for the original and F610-filtered data are 8.99e�5 and

2.26e�3. While both data sets demonstrate statistical significance, the elevated p-value in

the filtered group is expected as the number of data points are reduced.

4.2.4 Using Machine Learning-Based Classification to Predict the Cell Responsiveness

Upon Agonist Administration

As described in the previous section, the purified cardiomyocytes can provide distinct flu-

orescent outputs. The low-response cells upon CPA administration exist in all six trials

of CPA-treated HRM63-mCherry-transfected hiPSC-cardiomyocytes. Since the mechanism

behind this phenomenon remains unknown, identifying the shared characteristics by the

low-response cells can help us to better interpret the fluorescent readout from the H2O2

sensors. Thus, we choose seven image features that can be extracted using COINN and

train five di↵erent machine learning-based classification models to investigate the correla-

tion between these features and cell fluorescent response. Six features (area, eccentricity,

max axis length, orientation and x- and y-position) are suggested by Al-Kofahi et al. to

identify cells in a cell segmentation method [62], implying their potential to describe the cell

conditions. The five classification models (LR, DT, K-NN, LDA and SVM) are suggested

in a review of cell classification using numerical features [45]. As shown by the result in the

volumetric control section, the protein expression level represented by the mCherry inten-

sity is also critical to the fluorescent performance of individual cells. Thus, F610 is also used

along with other six features.

The combination of SVM model and y-position feature produces the highest prediction

accuracy. As shown in Figure.4.10, the level of prediction accuracy is similar among the

used models and image features. The SVM model and the feature of y-position demonstrate

slightly higher prediction accuracy of 79.1% than the other model/feature pair, surpassing

the overall average prediction accuracy of 67.4% (all accuracy values shown in Table.A.2).

The kernel of SVM model is tuned to the radial basis function (RBF) to achieve the best
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Figure 4.10: Average prediction Accuracy of the models and image features in
the classification of whether HRM63-mCherry-transfected cardiomyocytes re-
spond to CPA administration. Prediction results are similar in all model/features. The
combination of SVM model and feature of y-position demonstrates the highest prediction
accuracy.

Figure 4.11: Confusion matrix of di↵erent models in the fluorescent response
classification. The image feature used to train the models is the y-position of cell centroid.
The SVM classifier demonstrates the lowest false negative rate.
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performance (Figure.A.3). It shows that SVM method is advantageous in non-linear clas-

sification. We also compare the confusion matrix of five classifiers using the y-position as

the training feature (Figure.4.11). The SVM model demonstrates the lowest false negative

rate compared to other models, but it fails to identify the cells that demonstrate fluores-

cent response. Indeed, all models demonstrate higher accuracy in classifying non-responsive

cells compared to the responsive cells. This result can be due to the uneven proportion

of the response and non-response groups in the testing set. An alternative explanation is,

since we use time-lapsed data as the input data matrix, the features of non-responsive cells

follow the similar patterns, while the responsive cells demonstrate various characterization.

Using the time-independent data matrix where each ROI is described by all seven features

in the first frame of each trial provides an average accuracy of 72.3%, lower than using the

time-dependent data.
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Chapter 5

DISCUSSION

This section provides the interpretation on the results described in the previous chapter.

We use sensor characterization to demonstrate the advantages of using HRM63 in in cyto

H2O2 monitoring and describe the significance of developing computational pipeline for

time-lapsed image analysis of H2O2 sensors. The limitations and future direction are also

included for the scope of this thesis.

5.1 Sensor Characterization

The experiments from this section validates the application of HRM63 in the studies involv-

ing H2O2 monitoring. Expressing HRM63 in di↵erent cellular compartments also demon-

strates its capability to distinguish intracellular H2O2 gradient. The ratiometric readouts

from HRM63-mCherry variant provide more consistent fluorescent output, validating its

high performance. Sensor characterization of HRM63 also demonstrates the sensor re-

versibility and consistent excitation spectrum.

For the scope of this thesis, the in cyto fluorescent output provides strong evidence for

our sensor performance. In order to prepare the sensors for future in vivo H2O2 monitor-

ing, we need to verify its performance in more cellular mechanisms. The results of inducing

the intracellular H2O2 production using menadione and auranofin in the HEK293 cells ex-

pressing HRM63-mcherry demonstrates a distinguishable output upon various concentration

of H2O2 stimulation. The CPA-induced fluorescent readout from the HRM63-mCherry-

transfected hiPSC-derived cardiomyocytes shows the application of our sensor in capturing

transient production of H2O2 in the study of ischemia and heart perfusion mechanism. We

will expand the application of HRM63 in di↵erent cell types and mechanisms, exploring its

potential as an e↵ective intracellular H2O2 probe.

Though HRM63 as a green variant demonstrates high fluorescent output and fast re-
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sponding dynamic, the spectrum of green fluorescence has poor penetration through deep

tissue, limiting its in vivo application in mammals. It guides us towards the next step of de-

signing sensor that uses near-infrared red (NIR) fluorescent protein as the reporter domain.

The low light-scattering and auto-fluorescence of NIR fluorescent protein with an optical

spectrum of 650–900 nm enables the deep-tissue imaging [80]. There have been multiple

protein sensors coupling with fluorescent proteins with red-shifted chromophore [80, 81],

but the application of NIR fluorescent proteins in detecting H2O2 has not yet been fully

investigated. Thus, we will explore the possibility of coupling NIR fluorescent protein to

our current design, facilitating the H2O2 detection in vivo.

5.2 Computational Evaluation

5.2.1 Cellpose Segmentation

Compared to the traditional threshold-based and watershed transformation segmentation

methods, Cellpose fulfills our need using its high delineating accuracy and separation of

touching cells. Though the computational complexity of Cellpose requires advanced pro-

cessing units, we have come up with solutions of using the online processing units on Google

Colaboratory and rescaling the input image to enable the frequent use of this method. Over-

all, among many existing segmentation method for cells, Cellpose is an appropriate tool to

extract image values.

We acknowledge the segmentation errors resulted from Cellpose method. The segmen-

tation result of images with low SNR ratio is often error-prone. For the fluorescent imaging

during H2O2 sensor development, uneven background luminescence and low initial fluores-

cence reduce the quality of the images, potentially leading to the segmentation errors, such

as the missing cells or drawing an intact ROI for multiple touching cells. We minimize

these e↵ects by pre-processing the image data using the rolling-ball algorithm to remove

the background noise. Since the number of cells for fluorescent imaging is usually above

50, and the field of view is empirically chosen , missing a few cells barely causes significant

e↵ect to the overall time-lapsed evaluation of the sensor.

Further investigation on the performance of new segmentation methods needs to be
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done. In a recently published study on the segmentation and tracking of human dendritic

cells, Braiki et al. uses the k-means clustering method to compute the segmentation result

in the first frame of a time-lapsed imaging of dendritic cells and track the cells using the

active contours with the first segmentation result as the a priori knowledge [60]. This

approach demonstrates high segmentation and tracking accuracy while having a much lower

computational complexity compared to the deep-learning methods. It is necessary to follow

the new trend in this field in order to optimize our image analysis pipeline.

5.2.2 Single-Cell Tracking

COINN is able to identify the cells that present from the first to last frame and correct

their labels to maintain the temporal correspondence through the frames. The results of

single-cell tracking shows the portion of cells that demonstrate less than 1% fluorescent

change upon agonist administration varies from trial to trial. Removing these cells from

the data increases the overall fluorescent output as well as the variance. This result verifies

the di↵erence in fluorescent response of the cardiomyocytes derived from the same hiPSC

population and also brings awareness to the e↵ect of cell-to-cell di↵erence in evaluating the

sensor performance.

We acknowledge the existence of cell-to-cell variance in all experimental environments,

thus the purpose of visualizing the fluorescent response of the individual cells is to raise

a question on whether all cells from the field of view should be used to show the sensor

performance, or only the responsive ones reflect the true fluorescent change induced by the

agonist. Because the experimental procedures of sensor screening are both time-consuming

and labor-intensive, optimizing the information extracted from every single image is a crit-

ical aspect to improve the entire pipeline of sensor development. Furthermore, the results

from single-cell analysis reveal the significant e↵ect of low-response cells. Future work on

understanding the causes behind the low-response cells should be conducted.

Quantitative examination of COINN performance needs to be conducted. We verify the

accuracy of COINN in CPA-treated cardiomyocytes by randomly select 5 cells from the

output data and visually examine their labels and positions through the entire course of
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imaging. Due to the intensive labor, this approach only works with the images of less than

50 frames. As documented in many cell segmentation and tracking studies, there are tasks

and solutions annotated by the experts to examine the performance of algorithms in these

two fields [4, 48, 53]. Verification on the accuracy of the combined Cellpose segmentation

and COINN single-cell tracking can provide evidence to the single-cell analysis.

Most of the single-cell tracking analysis results are based on the imaging from hiPSC-

derived cardiomyocytes upon CPA administration because of the moderate number of cells in

the field of view (n ⇡ 60). We use six trials of purified hiPSC-derived cardiomyocytes treated

with the same CPA concentration. The mechanism of cardiomyocytes can be di↵erent from

that of the other types of cells. Future study will focus on verifying the single-cell tracking

results in di↵erent types of cells transfected with various H2O2 sensors, quantifying the

existence of the low-response cells upon agonist administration.

One limitation of the single-cell tracking method proposed in this thesis is that it re-

moves the cells with missing temporal correspondence, or so-called ”sporadic cells”. For

the scope of this thesis, these cells are only excluded from the single-cell tracking result and

analysis, and their fluorescent readout is still used for the result of sensor characterization.

Removing the sporadic cells from the overall data slightly smooths the generated curve of

fluorescent readout and increases the overall intensity of both the control and CPA-treated

groups (Figure.A.4). Because the accuracy of this tracking method highly depends on the

performance of Cellpose segmentation, improving the segmentation accuracy of Cellpose can

reduce the number of sporadic cells. The visual inspection of these sporadic cell also suggest

low initial fluorescence of these cells. Further investigation to quantitatively examine the

mechanisms behind the sporadic cells needs to be conducted.

5.2.3 Volumetric Control

The volumetric design of HRM63-mCherry corrects some of the problems occurred in the

original intensiometric sensors, such as the change in protein expression. Recording both

the intensity from mCherry and cpGFP at each frame is a simple method that enables

pixel-wise ratiometric reading. Combining the use of single-cell tracking and volumetric
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control, we use a new approach to represent the fluorescent change while accounting for the

cell-to-cell di↵erence as well as the e↵ect of aggregation, minimizing the potential biological

factors that interfere with the reflection of oxidation level.

The mCherry fused to the non-flexible region on the sensing domain serves as the control

in the ratiometric reading, but introducing double amount of fluorescent proteins to cells

may increase the occasion of aggregation, especially when the sensor are tranfected to smaller

cells. We thus adjust the experimental and computational protocol to accommodate this

change. The top and bottom cuto↵ values of the protein expression level represented by

the F610 intensity are determined empirically to 10% and 35%. This value can be further

tuned to optimize the aggregation removal.

5.2.4 Machine Learning-Based Classification

Though the mechanism behind the responsiveness of sensor-transfected cells to the adminis-

trated agonist remains unknown, we aim to explore the potential factors that determine the

cell responsiveness to agonist administration from the computational perspective. Machine

learning-based supervised classification has been applied to many studies on the variabil-

ity in cell and tissue morphology [82], but the trained classifiers using the provided seven

image features in this thesis only demonstrate moderate prediction accuracy. The result

suggests that the SVM model using RBF kernel trained with y-position of the cell centroid

is a potential direction to proceed. Additionally, the prediction accuracy of time-dependent

one-feature classification is higher than that of the time-independent all-feature classifica-

tion. It shows that the temporal pattern of the features is an important criteria for the

classifiers to determine cell responsiveness.

For the scope of this thesis, all image features are one-dimensional data, which may

limit the performance of the classifier. Moreover, the seven features used in this analysis

are mostly on the position and shape of the cell, lacking the description on the cell textures.

Orlov et al. proposed more complex features in a study of multi-purpose image classi-

fication, which requires the wavelet transformation of the given grey-scale cell image [83].

Thus, future study will focus on using such features in the classification, investigating the
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features that are responsible to the cell responsiveness.

The dataset used to train the classifiers can be expanded in the future study. We used

the data from six trials of sensor-transfected hiPSC-derived cardiomyocytes to train and test

the classifers, so the results can be specific to this particular cell types. Shifat-E-Rabbi et

al. uses five datasets of di↵erent cell types to discriminate the cells [45]. A similar strategy

will be used in the future work to test the generality of the result.
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Chapter 6

CONCLUSION

Among all the analytical tools for intracellular monitoring of molecules, GEFI opens the

possibility for quantifiable ROS detection because of its high temporal resolution, subcellu-

lar sensitivity and cellular type specificity. Various designs on GEFIs specifically detecting

H2O2 have been proposed in recent year [8, 9, 10, 11, 12, 13, 14, 41], but the sensor sen-

sitivity in H2O2 lower than 50 µM is often a challenge [8, 9, 10, 11], or using yeast as a

sensor generation platform raises concerns on its application in mammalian cells [13, 14].

HRM63 serves as the first variant that uses cpGFP as the reporter while demonstrating high

sensitivity and brightness upon 10 µM H2O2 stimulation, enabling the H2O2 detection in

the physiological condition.

For the computational evaluation, we first show the application of Cellpose, an outper-

forming generalist segmentation method, in extracting image properties during H2O2 sensor

development. Based on the nearest-neighbor theory and segmentation result from Cellpose,

we also develop a single-cell tracking method named COINN to analyze the cell-to-cell dif-

ference upon agonist administration during the fluorescent imaging of HRM63-transfected

cells. We then show that using the pixel-wise ratiometric reading of HRM63-mCherry re-

duces the variance among the data variance. Removing the cells that have extreme protein

expression level also improves the separation of conditioned data from the control. Combin-

ing both the volumetric reading and single-cell tracking, we train the machine learning-based

classifiers to identify the correlation between the image features and cell response to ago-

nist administration. Although we did not identify a dominant feature, the SVM classifier

using the time-dependent y-position of cell centroid demonstrates its potential application

in predicting the cell responsiveness.

As in many other researches in the field of protein, protein sensor design and development

is like working in a black box. Cells from the same population can demonstrate distinct
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cellular activities, hindering the production of the reproducible results. Though we are able

to present HRM63 as an e↵ective sensor detecting the H2O2 production in various cellular

mechanisms, the biology behind many phenomenon regarding sensor dynamic still remains

unknown. Thus, we combine the experimental and computational evaluations to explore the

details of the relevant mechanisms, depicting the story of HRM63 from a new perspective.

These tests have important impact on the pipeline of developing genetically transfected

sensors, facilitating the relative researches involving ROS-mediated mechanisms.



59

BIBLIOGRAPHY

[1] J. N. Moloney and T. G. Cotter, “Ros signalling in the biology of cancer,” Seminars
in Cell and Developmental Biology, vol. 80, 2018.

[2] S. S. Schattauer, B. B. Land, K. L. Reichard, A. D. Abraham, L. M. Burgeno, J. R.
Kuhar, P. E. M. Phillips, S. E. Ong, and C. Chavkin, “Peroxiredoxin 6 mediates g↵i
protein-coupled receptor inactivation by cjun kinase,” Nature communications, vol. 8,
no. 1, 2017.

[3] E. Ho, K. K. Galougahi, C.-C. Liu, R. Bhindi, and G. A. Figtree, “Biological markers
of oxidative stress: Applications to cardiovascular research and practice,” Redox Biol,
vol. 1, no. 1, 2013.

[4] C. Stringer, T. Wang, M. Michaelos, and M. Pachitariu, “Cellpose: a generalist algo-
rithm for cellular segmentation,” Nature Methods, vol. 18, 2021.

[5] G. Loor, J. Kondapalli, J. M. Schriewer, N. S. Chandel, T. L. V. Hoek, and P. T. Schu-
macker, “Menadione triggers cell death through ros-dependent mechanisms involving
parp activation without requiring apoptosis,” Free Radic Biol Med, vol. 49, no. 12,
2010.

[6] A. A. Starkov, A. Y. Andreyev, S. F. Zhang, N. N. Starkova, M. Korneeva, M. Sy-
romyatnikov, and V. N. Popov, “Scavenging of h2o2 by mouse brain mitochondria,” J
Bioenerg Biomembr, vol. 46, no. 6, 2014.

[7] M. P. Rigobello, A. Folda, M. C. Baldoin, G. Scutari, and A. Bindoli, “E↵ect of aura-
nofin on the mitochondrial generation of hydrogen peroxide. role of thioredoxin reduc-
tase,” Free Radical Research, vol. 39, no. 7, 2005.

[8] V. V. Belousov, A. F. Fradkov, K. A. Lukyanov, D. B. Staroverov, K. S. Shakhbazov,
A. V. Terskikh, and S. Lukyanov, “Genetically encoded fluorescent indicator for intra-
cellular hydrogen peroxide,” Nature Methods, vol. 3, 2006.

[9] K. N. Markvicheva, D. S. Bilan, N. M. Mishina, A. Y. Gorokhovatsky, L. M. Vinokurov,
S. Lukyanov, and V. V. Belousov, “A genetically encoded sensor for h2o2 with expanded
dynamic range,” Bioorg Med Chem, vol. 19, no. 3, 2011.



60

[10] D. S. Bilan, L. Pase, L. Joosen, A. Y. Gorokhovatsky, Y. G. Ermakova, T. W. J.
Gadella, C. Grabher, C. Schultz, S. Lukyanov, and V. V. Belousov, “Hyper-3: a genet-
ically encoded h(2)o(2) probe with improved performance for ratiometric and fluores-
cence lifetime imaging,” ACS Chem Biol, vol. 8, no. 3, 2013.

[11] Y. G. Ermakova, D. S. Bilan, M. E. Matlashov, N. M. Mishina, K. N. Markvicheva,
O. M. Subach, F. V. Subach, I. Bogeski, M. Hoth, G. Enikolopov, and V. V. Belousov,
“Red fluorescent genetically encoded indicator for intracellular hydrogen peroxide,”
Nature Communications, vol. 5, no. 5222, 2014.

[12] V. V. Pak, D. Ezerin, O. G. Lyublinskaya, S. Vriz, J. Messens, and V. V. Belousov,
“Ultrasensitive genetically encoded indicator for hydrogen peroxide identifies roles for
the oxidant in cell migration and mitochondrial function,” Cell Metabolism, vol. 31,
2020.

[13] M. Gutscher, M. C. Sobotta, G. H. Wabnitz, S. Ballikaya, A. J. Meyer, Y. Samstag, and
T. P. Dick, “Proximity-based protein thiol oxidation by h2o2-scavenging peroxidases,”
J Biol Chem, vol. 284, no. 46, 2009.

[14] B. Morgan, K. V. Laer, T. N. E. Owusu, D. Ezeriņa, D. Pastor-Flores, P. S. Am-
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Figure A.1: Simple thresholding segmentation method demonstration. Image data
is the first frame of the time-lapse hiPSC-derived cardiomyocytes transfected with HRM63-
mCherry variant stimulated with cyclopiazonic acid (CPA). The trade-o↵s between the
touching-cell separation and the number of detecting ROIs make the thresholding method
no longer desirable.

Figure A.2: HRM63-mCherry variant demonstrates distinct performance stimu-
lated with concentration gradient of menadione and auranofin in HEK293 cells.
Both menadione and auranofin induce intracellular H2O2 production [5, 6, 7].
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Figure A.3: Comparison of the average prediction Accuracy using di↵erent sup-
port vector machine kernels in the classification of whether HRM63-mCherry-
transfected cardiomyocytes respond to CPA administration. The default radial
basis function kernel demonstrates the highest prediction accuracy. Seven image features
are used to compute the average prediction accuracy of each kernel.
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Figure A.4: Removal of sporadic cells slightly smooths the curve of fluorescent
output and increases the mean F509 intensity of both the control and CPA-
treated group. The sporadic cells are mostly due to the Cellpose segmentation error in
detecting cells with low signal-to-noise ratio.
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Appendix B

PYTHON CODE

Here is the link to the Google Colaboratory that contains the script of COINN and

machine learning-based classification:

https://colab.research.google.com/drive/1Xo1wigiCvlzwHNlEJPLKAsIJ-oxuyvp7?

usp=sharing


