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Abstract 
Type 2 diabetes (T2D) is a widespread metabolic disorder characterized by chronic 
hyperglycemia and insulin resistance (IR), impacting over 90% of diabetes cases globally. Despite 
extensive research, the precise molecular mechanisms of T2D remain unclear, highlighting the 
need for further investigation into its pathophysiology. This study aims to elucidate the 
relationship between pancreatic islet cell electrophysiological activity and gene expression 
profiles to enhance our understanding of T2D’s cellular mechanisms. 

Pancreatic islets from non-diabetic mice and humans were isolated, dissociated into single cells, 
and analyzed using high-density microelectrode arrays (HD-MEA) for electrophysiological across 
various glucose concentrations. The electrophysiological was monitored over 3-5 days, with 
validation through calcium fluorescence imaging. Single-cell RNA sequencing (scRNA-seq) was 
employed to analyze gene expression changes for alpha and beta cell types. 

Results revealed distinct electrophysiological patterns in response to glucose, with variations in 
spike frequency. Differential gene expression analysis identified gene expression changes in alpha 
and beta cells. The TRIB3 and FFAR4 genes were found to be downregulated in T2D compared to 
non-diabetic non-obese (NN) individuals, and both are involved in glucose transmembrane 
transport. Additionally, FFAR4 showed reduced expression in T2D relative to non-diabetic obese 
(NO) individuals, and is associated with peptide hormone secretion. Conversely, PDE4B was 
upregulated in T2D compared to NO individuals, impacting calcium channel voltage gating and 
cAMP signaling pathways. FXYD2, related to sodium channel regulation, was also downregulated 
in T2D compared to NO individuals. In alpha cells, the genes TMEM236, TMEM45B, and SYTL5 
were upregulated in T2D compared to both NN and NO individuals, suggesting alterations in 
cellular membrane dynamics and signaling pathways.  

The integration of HD-MEA with scRNA-seq provided insights into the functional and 
transcriptomic profiles of human pancreatic islets under different metabolic states. Findings 
highlight significant changes in gene expression and electrophysiology, emphasizing the impact 
of T2D and obesity on islet function. While this study enhances our understanding of islet 
dysfunction in T2D, it also points to limitations such as small sample sizes and the focus on only 
alpha and beta cells, suggesting the need for broader studies to further elucidate T2D mechanisms. 

  



 
 

Popular scientific summary 
Type 2 diabetes (T2D) is a major health issue affecting millions of people around the world. It is a 
chronic condition where the body either doesn't use insulin properly or doesn't produce enough 
of it, leading to high blood sugar levels. This problem is becoming more common, largely due to 
rising obesity rates and sedentary lifestyles. Although scientists have learned a lot about T2D, we 
still don't fully understand how it works at a detailed level, which is crucial for developing better 
treatments. 

In my research, I looked at pancreatic islets, which are tiny clusters of cells in the pancreas that 
play a key role in regulating blood sugar. These islets contain two main types of cells: alpha cells, 
which release a hormone called glucagon, and beta cells, which release insulin. To understand 
how these cells function differently in people with T2D compared to those without, I used two 
advanced techniques. 

First, I used high-density microelectrode arrays (HD-MEA) to measure the electrical activity of 
these cells. This method allows scientists to observe how cells react to different glucose levels by 
recording their electrical signals. For example, when blood sugar levels change, beta cells should 
adjust their electrical activity to regulate insulin release. By tracking these changes over several 
days, I could see how the cells responded to glucose. 

Second, I used single-cell RNA sequencing (scRNA-seq) to examine which genes were active in 
these cells. This technique helps to identify changes in gene expression, which can give us clues 
about how cells function. For instance, some genes related to glucose transport and hormone 
secretion were found to be altered in T2D, which may affect how well the cells manage blood sugar 
levels. 

The results showed distinct patterns of electrical activity and gene expression in the cells from 
people with T2D. Specifically, several genes involved in glucose transport and cell signaling were 
significantly different in T2D compared to healthy individuals. For instance, genes like TRIB3 and 
FFAR4 were less active in T2D, which could affect glucose handling. On the other hand, genes like 
PDE4B were more active, which might influence how cells respond to glucose. 

These findings are important because they help us understand what goes wrong in pancreatic 
islets during T2D. By identifying the specific changes in gene expression and cell function, we can 
develop more targeted treatments that address the root causes of the disease, potentially 
improving the management of T2D and reducing its impact on millions of people. However, the 
study also had limitations, such as a small number of samples and focusing only on alpha and beta 
cells. Future research with larger samples and including other cell types could provide a more 
comprehensive understanding of T2D. 

In summary, this research offers valuable insights into the cellular mechanisms of T2D, 
highlighting both the progress made and the areas that still need exploration. Understanding 
these details better can lead to more effective strategies for diagnosing and treating this 
widespread and challenging disease.  
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Introduction 

Type 2 diabetes 
Introduction 
Diabetes mellitus is a group of chronic metabolic disorders characterized by sustained high blood 
sugar levels (Kaul et al., 2013). T2D comprises more than 90% of the total number of diabetes 
cases and is characterized by insulin resistance IR and relative insulin deficiency (Chatterjee et al., 
2017). Insulin is a hormone produced by the pancreas that regulates blood sugar levels by 
allowing cells to take in glucose for energy (Tokarz et al., 2018). The global prevalence of T2D has 
increased dramatically during the past decades (Chatterjee et al., 2017). In addition, despite the 
numerous studies discovering the pathology of T2D, the exact molecular causes and risk factors 
remained unknown (Brunton, 2016). The high prevalence of T2D emphasizes the importance to 
investigate diabetes phenotypes and genotypes. This will pave the way to find biomarkers for 
early diagnosis, and more precise treatments for T2D (Chatterjee et al., 2017). 

Epidemiology  
The worldwide surge in obesity, lack of physical activity, and the consumption of high-energy 
diets has led to a rise in individuals affected by T2D (International Diabetes Federation, 2021). 
Around 537 million people were estimated to have diabetes in 2021, with over 90% of cases being 
T2D (International Diabetes Federation, 2021). Projections indicate a substantial increase to 783 
million individuals affected by 2045 (International Diabetes Federation, 2021). In 2021, 541 
million adults experienced a preclinical stage characterized by impaired glucose tolerance 
(International Diabetes Federation, 2021). However, proactive measures such as intensive 
lifestyle changes, medications, or a combination of both have led to postponing the onset of T2D 
(Knowler et al., 2002). Approximately 6.7 million adults (20–79) are estimated to have died as a 
result of diabetes, or its complications in 2021 (International Diabetes Federation, 2021). Around 
5.5% of the Swedish population has diabetes, though the prevalence likely varies across different 
counties due to variations in age distribution and socioeconomic factors (Swedish National 
Diabetes Register, 2020). In Sweden, T2D accounts for about 90% of all diabetes cases (Swedish 
National Diabetes Register, 2020). 

Pathophysiology 
T2D stems from inadequate insulin production by beta cells due to IR (Banday et al., 2020). IR 
occurs when cells do not respond effectively to normal insulin levels, primarily affecting muscles, 
the liver, and fat tissue. Normally, insulin suppresses glucose release in the liver, but in IR, the 
liver releases glucose inappropriately into the bloodstream. The beta cells’ density increases in 
the early stages of IR leading to more insulin secretion into the bloodstream to compensate for 
the insulin insensitivity (Galicia-Garcia et al., 2020). However, in established T2D, about half of a 
diabetic's  beta cells are typically lost, triggered by fatty acids activating Forkhead box protein O1 
(FOXO1), leading to beta cell apoptosis.  

Causes 
Lifestyle, genetic, and metabolic factors are the most important causes of the development of T2D 
(Ripsin et al., 2009). Lifestyle factors include obesity, lack of physical activity, poor diet, 
psychological stress, increased monitor viewing time or sitting in general, and short or disturbed 
sleep (Kolb & Martin, 2017). Obesity, defined as a body mass index (BMI) of 30 kg/m² or higher, 
is the most significant risk factor for T2D and is linked to metabolic abnormalities that lead to IR 
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(Galicia-Garcia et al., 2020). While the precise mechanisms by which obesity causes T2D and IR 
are not yet fully understood, many factors have been identified as playing crucial roles in the 
development of these conditions. Over 400 genomic variants are associated with T2D and most of 
the genes associated with it are related to pancreatic beta cell functions (Meigs, 2019). 

Diagnosis 
The diagnosis of diabetes involves multiple methods, primarily through hemoglobin A1C (HbA1C)  
criteria or plasma glucose concentration tests (Martinez et al., 2019). Fasting plasma glucose 
(FPG) measures blood sugar levels after an overnight fast, with levels above 126 mg/dL indicating 
diabetes. The two-hour oral glucose tolerance test (OGTT) evaluates glucose levels before and 
after ingesting glucose, diagnosing diabetes at levels exceeding 200 mg/dL. Glycated Hb A1C, 
assessing average blood glucose over months, diagnoses diabetes at levels over 6.5%. Each test 
has its advantages and limitations, with variations influenced by various factors like diet, 
medications, and health conditions (Henning, 2018). These methods might not always yield 
concordant results, and if asymptomatic, repeated testing is recommended for diagnosis.  

Treatment 
The fundamental approach for T2D involves diet and exercise as primary therapy, emphasizing a 
diet low in saturated fats and refined carbs while encouraging exercise for 90 to 150 minutes per 
week, especially targeting weight loss in obese T2D patients (Eckstein et al., 2019). If glycemic 
control is not achieved through lifestyle changes, medications like metformin are used initially, 
followed by a range of other options including insulin and various oral medications (Landgraf et 
al., 2019). Some studies highlight the cardiovascular benefits of certain medications like 
empagliflozin and liraglutide, especially for patients with cardiovascular disease (Henning, 2018). 
Treatment goals aim for a HbA1C less than 7%, blood pressure below 130/85 mmHg, and 
maintaining lipid levels within specific targets, typically using statins for reducing cardiovascular 
events (Landgraf et al., 2019). Monitoring for complications like microvascular issues, eye exams, 
and urine albumin levels, along with addressing lipid profiles, remains crucial in managing 
diabetes-related risks (Massey et al., 2019). 

Type 2 diabetes and the islets of langerhans 
The islets of langerhans 
The pancreatic islets, also known as the islets of Langerhans, are specific areas within the 
pancreas' endocrine cells responsible for producing hormones. These cells were initially 
identified in 1869 by Paul Langerhans, a German pathological anatomist (Langerhans, 1869). 
There are approximately 3.2 million islets in the human pancreas comprising about 4.5% of the 
pancreas's total volume and receive a notable 10–15% of its blood flow (Ionescu-Tirgoviste et al., 
2015). These islets are distributed in various densities across the pancreas and play a crucial role 
in regulating glucose metabolism (Pour et al., 2002). The islets in humans are composed of roughly 
60% beta cells, which are responsible for insulin production, lowering blood glucose levels by 
facilitating cellular glucose uptake and promoting glycogen synthesis (Da Silva Xavier, 2018; 
Ashcroft & Rorsman, 2012). Approximately 30% of the islets are alpha cells that produce 
glucagon, which raises blood glucose levels by promoting glycogen breakdown and glucose 
release by the liver (Brissova et al., 2005). The remaining 10% comprising delta, gamma, and 
epsilon  cells. delta cells which secrete somatostatin to inhibit the release of insulin and glucagon, 
thus modulating the activity of other islet cells and regulating glucose metabolism (Patel, 1999). 
Additionally, gamma or pancreatic polypeptide (PP) cells produce pancreatic polypeptide, 
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regulating both endocrine and exocrine pancreatic functions and influencing appetite and food 
intake (Katsuura et al., 2002). Finally, epsilon cells are responsible for ghrelin production, which 
stimulates appetite and promotes fat storage (Broglio et al., 2003). The schematic of the human 
pancreatic islet shown in Figure 1. The islets of T2D patients are on average smaller than half of 
the islets of non-diabetes (Deng et al., 2004). 

 

Figure 1.  The schematic of the cell composition of the human pancreatic islet and the adjacent parts. Beta 
and alpha cells account for about 60% and 30% of the islets, respectively. The remaining 10% is composed 
of delta, gamma, and epsilon cells. (Figure created in BioRender.com) 

Islet cells identity 
Beta cells are responsible for producing, storing, and releasing insulin and are the main cell type 
regulating glucose level in the body. Despite this broad definition, the current understanding of a 
beta cell lacks a standardized definition, causing ambiguity in identifying these cells based on 
various aspects of their biology (Butler et al., 2016). Defining a beta cell raises questions regarding 
its insulin production and whether regulated secretion in response to glucose changes is crucial 
for classification. Challenges exist in delineating beta cell loss, as reduced insulin labeling in tissue 
sections might overestimate cell loss, possibly due to cell death, dedifferentiation, or 
degranulation. A beta cell is characterized by synthesizing, processing, and secreting insulin solely 
in response to elevated blood glucose, excluding cells with constitutive or inappropriate insulin 
secretion. Mature beta cells express specific transcription factors like PDX1 and MAFA, the loss of 
which impacts function and can induce traits of other endocrine cell types, as observed in T2D 
mice models and T2D donors (Guo et al., 2013). This loss of defining factors, termed 
"dedifferentiation," occurs with prolonged exposure to high glucose levels, leading to impaired 
function. However, while some changes mirror a more immature state, others indicate a novel cell 
state, suggesting a potential distinction between "dedifferentiation" and a complete "loss of beta 
cell identity" in T2D progression (Weir et al., 2013). Under different diabetic conditions, the alpha 
cell transcriptome undergoes alterations (Oropeza & Herrera, 2024). This results in a reduction 
in the expression of some genes that are typically enriched in alpha cells and an increase in the 
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expression of certain  beta cell-enriched genes. However, these changes do not lead to the 
reprogramming of alpha cells into insulin cells or the activation of other key genes specific to beta 
cells. 

Islet cells transdifferentiation 
Beta cell transdifferentiation, distinct from reprogramming and dedifferentiation, involves 
mature cell types converting into other cell types (Cieślar-Pobuda et al., 2017). Beta cells can 
adopt traits of other islet hormones under certain conditions (Gutiérrez et al., 2017). For instance, 
removing the Nkx2.2 transcription factor from beta cells in mice led to swift diabetic symptoms 
due to insulin loss and reduced expression of numerous functional beta cell genes. Notably, alpha, 
delta, and gamma cells have demonstrated potential transformation into beta cells due to extreme 
beta cell loss offering a promising avenue for T2D treatment (Thorel et al., 2010). However, the 
complexities of these cellular changes in diabetes and their therapeutic implications necessitate 
further exploration (Lee et al., 2018). 

Induction of disallowed genes  
The idea of islet cells identity extends beyond the genes expressed, encompassing actively 
repressed genes termed "disallowed genes" (Pullen et al., 2010). Under conditions such as high-
fat diets and T2D, these genes are upregulated while beta cell identity markers decrease. Around 
60 disallowed genes, including MCT1, LDHA, HKI, and REST, have been identified in beta cells. 
MCT1 and LDHA, crucial for cellular functions during hypoxia, maintain low expression in mature 
beta cells. Overexpression of HKI can lead to irregular insulin secretion at different glucose levels 
(Becker et al., 1994). REST, a transcriptional repressor, when overexpressed, impacts insulin 
exocytosis and beta cell proliferation (Lemaire et al., 2016). Understanding how these disallowed 
genes are repressed and their involvement in islet cells dysfunction in conditions like T2D needs 
further investigation. 

A better understanding of islet cells alterations in type 2 diabetes 
Electrophysiological activity of islet cells 
Cells utilize exocytosis to release various molecules, including proteins, hormones, and 
neurotransmitters. Endocrine cells, found in tissues like the pancreas, manage systemic metabolic 
balance by secreting hormones that regulate metabolism, growth, and development (Burgoyne 
and Morgan, 2003). The circulating glucose levels in the body are controlled by the islets of 
Langerhans through regulating the exocytosis of the two principal glucoregulatory hormones, 
insulin and glucagon (Röder et al., 2016). The study of Barg et al. (2000) showed that the 
exocytosis level in mouse glucagon-secreting alpha cells is correlated with their electrical activity. 
It is also revealed that beta cell failure and reduced exocytosis can be used as hallmark features 
for early-stage T2D (Alejandro et al., 2015; Kahn et al., 2006). According to the Patch-clamp 
electrophysiology study of Dai et al. (2022), dysregulated glucagon secretion of alpha cells is 
linked to altered cell membrane and signaling properties in humans. However, the physical 
manipulation required for the patch-clamp can damage cells, leading to cell death or altered 
physiological states (Horn et al., 1988). Moreover, traditional patch-clamp techniques are time-
consuming and have low throughput, making them inefficient for large-scale studies (Yajuan et 
al., 2012). Additionally, the stability of the patch-clamp seal may decline with time, which can 
restrict the length of recordings and the feasibility of conducting long-term studies (Hamill et al., 
1981). High-density microelectrode array (HD-MEA) is a high-throughput method that enables 
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researchers to record the electrical activity of multiple single cells at the same time (Duru et al., 
2023). 

Gene expression profile of islet cells 
Single-cell analysis offer the potential to transform our understanding of entire organisms (Saliba 
et al., 2014). This is because they enable the tracing of cell lineages and provide a single-cell 
resolution for describing the heterogeneity within an organ. Single-cell RNA sequencing (scRNA-
seq) allows us to identify distinct cell subpopulations in different tissues using cells' gene 
expression profiles (La Manno et al., 2016; Villani et al., 2017). The islet cells, especially insulin-
producing beta cells, have heterogeneous functions (Pipeleers, 1992). The existence of 
transcriptionally different islet cells subpopulations has been revealed by several single-cell 
genomics studies (Baron et al., 2016; Muraro et al., 2016). The study by Camunas-Soler et al. 
(2020) showed that functional heterogeneity in beta cells is associated with a gene set that can be 
used to predict electrophysiology. 

 

Aim 
This project aimed to develop a high-throughput method for measuring the electrophysiological 
activity of human and mice islet single-cells using HD-MEA and perform the scRNA-seq analysis 
on human islets from T2D, obese nondiabetic, and nonobese nondiabetic to investigate the 
connection between the gene expression profile and the quantitative physiologic measurements 
of vesicle exocytosis of islet cells. To the writer's knowledge, it is the first study using a high-
throughput method for phenotyping primary mice and human islets using paired HD-MEA 
measurements and scRNAseq analysis. 

Task 1 
Preparation of pancreatic islets by dissolving pancreas tissue and manually picking the islets. 

Task 2 
Optimization of the protocol of the study of Camunas-Soler et al. (2020) for the dissociation of 
single-cells from islets and seeding them on high-resolution microelectrode chip (HR-MC) to 
maximize the number of cells per HR-MC. 

Task 3 
Measuring the electrical activity of the islet single cells from mice and humans at different 
physiological conditions. 

Task 4 
Validation cells' position & distribution on the HR-MC using calcium fluorescence imaging. 

Task 5 
Classification of the islet single cells according to their electrical activity patterns at different 
physiological conditions. 
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Task 6 
Investigation of the connection between exocytosis related gene expression profile of islet single-
cells and human T2D, obese nondiabetic, and nonobese nondiabetic using scRNA-seq analysis 
from publicly available datasets. 

It is expected that this study highlight the connection between electrophysiological activity and 
single-cell transcriptomics on the human iselts of T2D and nondiabetic to help to reveal the 
underlying cellular mechanisms that contribute to the disease phenotype. Moreover, the result of 
this project can be used as the foundation for the next project in this field where HD-MEA and 
scRNA-seq are going to be performed for the same islet cells.  

Materials and Methods 

Preparation of pancreatic islets 
In total, islets from 12 nondiabetic mice and 3 nondiabetic humans were used for the optimization 
protocols and HD-MEA (Appendix 1A). The pancreas of mice was obtained from the Experimental 
Biomedicine unit at Core Facilities of the University of Gothenburg. The pancreas of mice 
containing  Liberase TL (Roche) was incubated at 37°C for 8 minutes in a water bath under gentle 
rocking to dissolve the mice's pancreatic tissue and release the islets from the exocrine tissue. 
Human islets were obtained from the Alberta Diabetes Institute Core at the University of Alberta. 
Human and mouse islets were manually picked using a stereo microscope (Nikon SMZ745). The 
pancreas and islets were kept in ice-cold Hanks’ balanced salt solution (Gibco) with 0.1% bovine 
serum albumin (Sigma-Aldrich) during the preparation process. 

Optimization of the single-cell dissociation and seeding protocols 
The optimization for the dissociation of the human and mice single-cells from islets was 
performed by adjusting the initial number of islet cells and seeding volume using the protocol 
described in the study of Camunas-Soler et al. (2020) (Appendix 1A). For single-cell dissociation, 
500 µL of warm Accumax (Thermo Fisher Scientific) was used per 200 islets and incubated at 
37°C for 6 minutes. This was followed by treatment with 500 µL of Dispase (Gibco) per 200 islets 
at 37°C for 5 minutes. The attachment of the cells to the surface of HR-MC was enhanced using 60 
ul of rLaminin-521(Merk) with a concentration of 30 µg/ml. The suspension of islet single-cells 
was seeded in the high-resolution microelectrode Accura Chip (3Brain) and incubated with RPMI 
1640 Medium (Gibco) containing 10% heat-inactivated fetal bovine serum (Gibco), 1% penicillin-
streptomycin (Gibco), and 5mM glucose (Gibco) for humans (10mM glucose for mice) at 37°C as 
they are the normal glucose concentration of the extracellular solution in vivo environment 
(Braun et al., 2008). 

High-density microelectrode array 
The electrophysiological of the islet single cells on the Accura Chip containing 4096 electrodes 
was measured using BioCAM DupleX device (3Brain) and BrainWave5 software (3Brain) at 20 
kHz. The first electrophysiological measurement started 48 hours after seeding the cells on the 
Accura Chip for each sample. One hour before measurement, the cell solution was replaced with 
an extracellular solution (ES) containing 1mM glucose for human cells (5mM glucose for mouse 
cells). The cells' activity was recorded in three phases. First, electrical activity was measured for 
5 minutes using an extracellular solution (ES) with 1 mM glucose for human cells and 5 mM 
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glucose for mouse cells, called low-glucose phase. Next, the cell solution was replaced with ES 
containing 10 mM glucose for human cells and 20 mM glucose for mouse cells to exposure cells 
with high glucose levels, followed by a second 5-minute recording, called high-glucose phase. 
Finally, a third 5-minute recording was performed to assess the electrical activity of cells after the 
exposure to high glucose levels, called post-transition phase. All recordings were conducted at 
37°C and the procedure was repeated every 24 hours for 3-5 days following cell seeding for each 
sample. The study design of the HD-MEA recording of humans and mice cells is shown in Figure 
2.  

 

Figure 2.  Schematic representation of the study design for HD-MEA recordings of human and mouse islet 
single cells using the Accura Chip. Electroactivity was measured at 20 kHz using the BioCAM DupleX device 
and BrainWave5 software. Recordings began 48 hours after cell seeding, with three distinct phases 
captured: (1) Low-glucose phase, where cells were exposed to 1 mM glucose (human) or 5 mM glucose 
(mouse) for 5 minutes, (2) High-glucose phase, following the replacement with an extracellular solution 
containing 10 mM glucose (human) or 20 mM glucose (mouse) for 5 minutes, and (3) Post-transition phase, 
capturing the electroactivity after exposure to high glucose. This recording protocol was repeated daily for 
3-5 days post-seeding, with all experiments conducted at 37°C. (Figure created in BioRender.com) 

Validation of cells’ distribution  
Calcium fluorescence imaging for the cells in the Accura chip was performed using Fluo-4 dye 
(Invitrogen) and an upright microscope (Nikon ECLIPSE FN1) to validate the positions and 
distribution of the cells on the Accura chip. Images were observed using ImageJ software (National 
Institutes of Health). 

Classification of the islet single cells according to their electroactivity 
Integrated BrainWave5 software was used for the classification of the islet single cells according 
to their electroactivity. Spikes with amplitudes greater than 8 times the standard deviation from 
the baseline were considered significant as it is the default of the BrainWave5 software and the 
same approach is used in other studies (Leeson et al., 2024). Electrodes not in contact with the 
cells or recording a spike frequency of <0.05 spikes/s were excluded from the analysis. Islet cells 
were classified according to their spike frequency patterns. 

Single-cell RNA sequencing analysis 
Datasets 
In total, 18 human islet samples including 6 samples from T2D donors, 6 samples from NO, and 6 
samples from NN donors were analyzed. The raw FASTQ files of scRNA-seq data was obtained 
from the publicly available data portal of The Human Pancreas Analysis Program 
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(https://hpap.pmacs.upenn.edu/). The sequencing method for the scRNA-seq was the 10x 
Genomics Chromium platform. The inclusion criteria for T2D donors required a HbA1C level 
above 6.5%, a BMI greater than 30, and a diagnosis of T2D. For the obese nondiabetic group, the 
criteria included an HbA1C level below 6.5% and a BMI above 30. In contrast, the nonobese 
nondiabetic group needed an HbA1C level below 6.5% and a BMI below 25 (Appendix 2A). 

Alignment and conversion of FASTQ files 
The FASTQ files were input into Cell Ranger's (version 8.0) “cellranger count” command. This 
command aligns the sequencing reads to the reference genome and quantifies gene expression. 
The GRCh38 human genome (GENCODE v44/Ensembl 110 annotations) was used as a reference 
for alignment assembly. Cell Ranger produced a Feature-Barcodes Matrix, where rows represent 
genes and columns represent individual cells. This matrix provides detailed gene expression 
profiles for each cell, essential for downstream analysis. 

Data processing and libraries 
The analysis was performed using Python (version 3.12.0), with the following libraries: Scanpy 
(version  1.10.2) for single-cell analysis, AnnData (version 0.10.8) for data handling, Pandas 
(version 2.2.2) for data manipulation, NumPy (version 1.26.4) for numerical operations, and 
Seaborn (version  0.13.2) for data visualization. The Feature-Barcodes Matrix for each sample was 
loaded into an AnnData object which facilitates efficient data manipulation and analysis. Then, All 
samples merged into one AnnData object. 

Quality Control 
Doublet detection 
Doublets for each sample were detected using the default parameters of the Scrublet  (version 
0.2.3) library, a tool designed to identify and mitigate the impact of doublets in single-cell RNA-
seq datasets. Cells flagged as doublets were excluded from the analysis. Scrublet detects doublets 
by comparing the gene expression profiles of individual cells to simulated doublets created from 
pairs of cells (Wolock et al., 2019). By evaluating how closely each cell’s profile matches these 
simulated doublets, Scrublet can identify and flag potential doublets.  

Gene and cell filtering 
Genes expressed in fewer than 5 cells were removed to reduce noise and focus on consistently 
detected genes. Cells with fewer than 200 detected genes were excluded to ensure that only cells 
with a sufficient level of transcript coverage were analyzed. Additionally, cells with more than 
10,000 detected genes were removed, as these were considered potential doublets not identified 
by Scrublet. Cells with a mitochondrial gene proportion exceeding 20% were excluded, as high 
mitochondrial content typically indicates poor cell quality or cell stress (Jovic et al., 2022). Cells 
with a ribosomal gene proportion exceeding 40% were also removed for similar reasons, ensuring 
that only high-quality cells were included in the analysis. Furthermore, cells with more than 
100,000 total counts were filtered out to prevent the inclusion of cells likely representing 
aggregates or multiplets, which could skew downstream analyses. 

Normalization and log transformation 
The total count of reads per cell was normalized to a target sum of 10,000 reads. Normalizing to a 
consistent total count helps reduce biases introduced by varying sequencing depths, allowing for 
accurate comparison of gene expression levels between cells (Jovic et al., 2022). Next, the gene 
expression data were log-transformed. Log transformation is commonly used to manage the wide 
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range of expression values and to make the data more normally distributed, which is beneficial 
for many downstream analyses. Finally, a copy of the unprocessed data was saved in the raw 
attribute of the AnnData object. Freezing the raw data ensures that the original measurements are 
preserved and can be revisited if needed. 

Identification of highly-variable genes 
The top 2,000 highly-variable genes (HVG) were identified using the dispersion-based method of 
Scanpy (flavor='seurat'). This method calculates the normalized dispersion by scaling the 
dispersion values with the mean and standard deviation of dispersions for genes within a specific 
expression bin (Satija et al., 2015). The “batch_key” parameter was used to prevent the selection 
of sample-specific genes and serves as a batch correction method. This parameter ensures that 
highly variable genes are identified separately within each sample and then combined. The HVG 
are selected for further analysis as they are most informative for distinguishing different cell types 
and capturing significant biological variation (Jovic et al., 2022). Most genes in each cell are 
housekeeping genes, which typically show little variation in expression levels between cells. 
Because of this, their presence can often mask the true biological signals. Focusing on HVG helps 
to reduce noise and emphasize genes that are most informative for distinguishing different cell 
populations. 

Regression of unwanted variance: 
To remove the effects of technical artifacts, such as total read counts, mitochondrial and ribosomal 
gene proportions, these sources of variance were regressed out. Regression models designed to 
adjust for biological covariates can also handle technical covariates, such as count depth and batch 
effects, in single-cell data (Luecken & Theis, 2019). While normalization makes gene counts more 
comparable across cells, technical issues like count depth effects can still remain, impacting both 
biological and technical results. For instance, cells of different sizes may have different mRNA 
counts, and some technical artifacts may persist even after normalization. Removing count depth 
effects through regression can improve the accuracy of trajectory inference algorithms by better 
identifying transitions between cells. When adjusting for multiple covariates, it’s crucial to 
perform regression in a single step to account for their interactions.  

Scaling 
The gene expression values were scaled to have unit variance and a maximum value of 10. Scaling 
standardizes the data, making it easier to compare gene expression levels across cells and 
ensuring that the results of subsequent analyses are not disproportionately influenced by genes 
with larger expression ranges (Hafemeister & Satija, 2019). 

Principal component analysis (PCA): 
PCA was performed to reduce the dimensionality of the dataset while preserving the most 
significant variance. This reduction simplifies the data, highlighting the major patterns of 
variation and making it easier to visualize and interpret (Jovic et al., 2022). 

k-nearest neighbors calculation 
The k-nearest neighbors for each cell were computed based on the first 9 principal components. 
This computation defines the relationships between cells and is crucial for clustering and 
visualization (Zou et al., 2021). 
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Uniform manifold approximation and projection: 
Uniform manifold approximation and projection (UMAP) was applied for nonlinear 
dimensionality reduction, generating a two-dimensional representation of the data that preserves 
both local and global structures. UMAP is used for visualizing high-dimensional data in a lower-
dimensional space, allowing for intuitive exploration of the data and identification of cell clusters 
(Jovic et al., 2022). 

Clustering 
The Leiden clustering algorithm was used to identify distinct cell populations based on the 
neighborhood graph. The Leiden algorithm is a robust method for clustering single-cell data, 
providing insights into the structure and diversity of cell populations (Jovic et al., 2022). 

Identification and classification of islet cell types 
To identify and classify islet cell types, marker genes from previously published studies (Lawlor 
et al., 2017; Wang et al., 2016) and PanglaoDB database (Franzén et al., 2019) were utilized. Each 
cluster was assigned a cell type label based on these markers, ensuring accurate identification of 
cell types within the dataset. 

Refinement of endocrine cell types 
Given the close proximity of endocrine cell type clusters in the initial analysis, the classification 
was refined by creating subsets for each endocrine cell type. For each subset, the following steps 
were performed: HVG was identified to focus on the most informative features. Principal 
component analysis (PCA) was conducted, followed by the calculation of cell neighbors, 
generation of UMAP projections, and application of Leiden clustering. Clusters were re-named 
based on marker genes specific to endocrine cell types. Cells with high expression of marker genes 
for both alpha (GCG) and beta (INS) cell types were removed as they were suspected to be doublet 
or having contamination with ambient RNA. 

Pseudobulk differential expression analysis 
Separate subsets were created for alpha and beta cells, with raw normalized and logarithmized 
data used for analysis. Genes detected in fewer than 30 cells were filtered out to minimize noise 
and focus on consistently expressed genes. Cells with fewer than 200 detected genes were 
excluded to ensure that only cells with a sufficient level of transcript coverage were analyzed. 
Pseudobulk differential expression analysis (DEA) was then conducted for each cell type subset 
using pydeseq2, a Python implementation of DESeq2. The analysis compared T2D vs NN, T2D vs 
NO, and NO vs NN conditions separately. To ensure that the analysis of status was not confounded 
by sex-related gene expression differences, sex was included as a design factor. Genes with an 
adjusted p-value less than 0.05 and an absolute log2FoldChange (log2FC) higher than 1 were 
considered significant. 

Gene ontology (GO) analysis 
For the significant differentially expressed genes, Gene Ontology (GO) analysis was performed 
using the Enrichr platform (Chen et al., 2013) to investigate associated biological processes (GO 
Biological Process 2023) related to exocytosis and membrane action potentials. The minimum and 
maximal size of each gene set for GO was set to 10 and 500 genes, respectively. Enrichr platform 
uses fisher exact test which is proportion test that assumes a binomial distribution and 
independence for probability of any gene belonging to any biological process. Enrichr platform 
also computes the adjusted p-value using the Benjamini-Hochberg method for correcton for 
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multiple hypothesis testing. The biological processes with fewer than 2 related genes were filtered 
out. The biological processes with adjusted p-value less than 0.05 was considered significant. 

Results 

Classification of the islet single cells according to their electroactivity  
The raster plots showing the electrophysiological activity of human islet single cells recorded by 
active electrodes are presented in Figure 3. These plots are the result of HD-MEA measurements 
from a human islet sample taken on the fifth day after seeding single cells onto the HR-MC. The 
figure includes three raster plots, representing the low-glucose, high-glucose, and post-transition 
phases. Each electroactivity measurement spans 5 minutes (300 seconds) for each raster plot. In 
these plots, each row corresponds to an electrode, and each vertical line (|) represents a spike. A 
total of 41 active electrodes were detected in this experiment. Active electrodes are defined as 
those in contact with cells that recorded a spike frequency greater than 0.05 spikes per second. 

An increase in spike frequency was observed in some electrodes during the high-glucose and post-
transition phases, as the glucose concentration increased from 1 mM to 10 mM (red and yellow 
boxes in Figure 3). This response aligns with the expected behavior of beta cells, which typically 
increase insulin secretion and exocytosis under high-glucose conditions. Notably, certain 
electrodes (highlighted in red) showed a delayed response to elevated glucose levels compared to 
others (highlighted in yellow). This variation may reflect differences in beta cell functionality in 
response to glucose elevation. 

Conversely, a decrease in spike frequency was observed in some electrodes during the high-
glucose and post-transition phases (blue and green boxes in Figure 3), consistent with the 
expected behavior of alpha cells, which reduce glucagon secretion under high-glucose conditions. 
Similar to the beta cells, some electrodes (highlighted in green) displayed a delayed response to 
increased glucose levels compared to others (highlighted in blue), potentially reflecting functional 
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variations among alpha cells.

 

Figure 3. Raster plots illustrating the electrical activity of single human islet cells recorded from active 
electrodes. The data, obtained using HD-MEA on the fifth day post-seeding on the HR-MC from one human 
sample, are divided into three phases: low-glucose, high-glucose, and post-transition. Each raster plot 
represents 5 minutes (300 seconds) of electroactivity. Rows correspond to individual electrodes, and 
vertical lines (|) denote spikes. A total of 41 active electrodes were analyzed. Notably, some electrodes 
exhibited increased spike frequency during the high-glucose and post-transition phases with rising glucose 
concentration from 1 mM to 10 mM (highlighted in red and yellow boxes). Some electrodes (highlighted in 
red in Figure 3) showed a delayed response to elevated glucose levels compared to those highlighted in 
yellow. Conversely, other electrodes showed decreased spike frequency during these phases (highlighted 
in blue and green boxes). Some of these electrodes (highlighted in green) also exhibited a delayed response 
relative to the electrodes highlighted in blue. 

Single-cell RNA sequencing analysis 
Quality control 
In total, 57,007 cells and 38,606 genes from pancreatic islets of 18 human samples were analyzed. 
Scrublet identified 1,553 cells as doublets. Initial pre-processing of the data was performed by 
excluding the cells with fewer than 200 expressed genes (1,447 cells) and genes detected in fewer 
than 5 cells (5,094 genes). The violin plots showing the number of genes expressed per cell, total 
counts per cell, percentage of mitochondrial gene counts, and percentage of ribosomal gene 
counts before and after filtering are presented in Figure 4. For filtering, 344 cells with more than 
10,000 genes expressed, 698 cells with total counts exceeding 100,000, 1,984 cells with more than 
20% mitochondrial gene counts, and 321 cells with more than 40% ribosomal gene counts were 
removed (Figure 4B). Scatter plots depicting total counts versus the number of genes expressed 
and mitochondrial gene percentages before and after quality control sorted by conditions (T2D, 
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NO, and NN) are shown in Appendix 1B. The pie chart illustrating cell distribution across 
conditions (T2D, NO, and NN) is presented in Appendix 2B. 

 

Figure 4. Violin plots displaying the distribution of key metrics before (A) and after (B) filtering. Metrics 
include the number of genes expressed per cell, total counts per cell, percentage of counts in mitochondrial 
genes per cell, and percentage of counts in ribosomal genes per cell. The plots illustrate the variation in 
these parameters across cells before (A) and after (B) applying the filtering criteria: removing cells with 
more than 10,000 genes expressed, total counts exceeding 100,000, mitochondrial gene counts over 20%, 
and ribosomal gene counts over 40%. 

Cell typing 
Figure 5A illustrates the UMAP of islet cell types. The UMAP visualization reveals that endocrine 
cell clusters are closely grouped compared to other islet cell types. This clustering is consistent 
with expectations, given that endocrine cells share a primary function of hormone secretion, 
which results in the activation of similar cellular pathways and transcriptomic profiles (Campbell 
& Newgard, 2021). 

The distribution of cell types is detailed in Table 1C in Appendix C. Alpha, beta, and acinar cells 
account for the majority of the cell population, with 12,477, 12,202, and 8,319 cells, respectively. 
Conversely, epsilon, gamma, and immune cells are less prevalent, with 33, 762, and 801 cells, 
respectively. 

Figure 5B presents a dot plot showing the scaled mean gene expression for marker genes across 
the different islet cell types. The size of each dot represents the fraction of cells expressing the 
corresponding marker gene. The data indicate that the expression of marker genes is significantly 
higher within their respective cell types, with nearly all cells exhibiting high expression levels 
(scaled to 1) of their standard marker genes, except for immune cells. Immune cells are not 
classified into specific subtypes in this study, and thus, their marker gene expression was not 
evaluated in the same manner. 
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Figure 5.  (A) UMAP of islet cell types. The UMAP plot displays the clustering of various islet cell types based 
on their transcriptomic profiles. Endocrine cell types, including alpha, beta, delta, gamma, and epsilon cells, 
form closely clustered groups, reflecting their similar functions in hormone secretion and activation of 
related cellular pathways. In contrast, non-endocrine cells are more dispersed. (B) Dot plot of scaled mean 
gene expression for islet cell markers. The dot plot shows the scaled mean expression levels of marker genes 
for each islet cell type. The size of the dots indicates the fraction of cells expressing the respective marker 
gene, with larger dots representing a higher fraction of expressing cells. The plot demonstrates that marker 
genes are highly expressed within their specific cell types, with nearly all cells in each type exhibiting high 
expression levels of their standard marker genes. Immune cells were not classified into distinct subtypes in 
this study. 

Expression level of exocytosis-related genes across conditions 
The expression levels of a curated set of genes associated with exocytosis and electrophysiogical 
activity were analyzed in beta and alpha cells across the T2D, NO, and NN groups. This gene set 
included potassium channels, ATP-sensitive potassium channels, calcium channels, sodium 
channels, and glucose transporters. Detailed descriptions of these expression levels are provided 
in Appendix 1D and 2D, respectively. Genes were included in the analysis if they were expressed 
in at least 20% of the cells under each condition. The percentage of genes related to exocytosis 
and electrophysiological activity, as identified in the study by Camunas-Soler et al. (2020), and 
expressed in at least 20% of the cells in each condition for beta and alpha cells, is illustrated in 
Figure 6A. 
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Figure 6. Summary of genes expression analysis for beta and alpha cells. (A) Percentage of genes associated 
with exocytosis and cellular electrophysiological activity, including potassium channels, ATP-sensitive 
potassium channels, calcium channels, sodium channels, and glucose transporters, that are expressed in at 
least 20% of beta and alpha cells across the T2D, NO, and NN groups. Gene selection is based on criteria 
from Camunas-Soler et al. (2020). (B) Bar plots showing the number of DEGs in both beta and alpha cells 
across different comparisons. In beta cells, the T2D vs. NN comparison identified 258 DEGs, with 201 genes 
upregulated and 57 downregulated. The NO vs. NN comparison revealed 20 DEGs, comprising 11 
upregulated and 9 downregulated genes, while the T2D vs. NO comparison found 188 DEGs, including 120 
upregulated and 45 downregulated genes. In alpha cells, 390 DEGs were identified in the T2D vs. NN 
comparison, with 349 genes upregulated and 45 downregulated. The NO vs. NN comparison showed 17 
DEGs, with 12 upregulated and 5 downregulated genes, and the T2D vs. NO comparison revealed 27 DEGs, 
including 26 upregulated and 1 downregulated gene. Significant DEGs were defined as those with an 
adjusted p-value < 0.05 and an absolute log2 fold change (log2FC) > 1. This figure highlights the distinct 
DEG profiles in beta and alpha cells under each condition. 

Pseudobulk differential expression analysis 
Beta cells 
In the analysis of beta cells, 258 differentially expressed genes (DEGs) were identified when 
comparing T2D to NN (Figure 6B). Among these, the TRIB3 and FFAR4 genes, which are associated 
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with the regulation of glucose transmembrane transport, were notably downregulated in T2D 
compared to NN (Figure 7A). Of the total DEGs, 201 genes were upregulated and 57 were 
downregulated (Figure 6B). In the comparison between NO and NN, 20 DEGs were identified, with 
11 genes upregulated and 9 genes downregulated (Figure 6B). The TRIB3 gene was 
downregulated in NO compared to NN (Appendix 1E). Furthermore, the comparison of T2D to NO 
revealed 188 DEGs, consisting of 120 upregulated and 45 downregulated genes (Figure 6B). The 
FFAR4 gene was downregulated in T2D compared to NO (Appendix 2E). Notably, the PDE4B gene, 
involved in calcium channel voltage gating, was upregulated in T2D relative to NO, while the 
FXYD2 gene, a regulator of sodium channel activity, was downregulated in T2D compared to NO 
(Appendix 2E). Genes with an adjusted p-value below 0.05 and an absolute log2 fold change 
(log2FC) greater than 1 were considered significant. 

Alpha cells 
In the analysis of alpha cells, 390 differentially expressed genes (DEGs) were identified in the 
comparison between T2D and NN, with 349 genes upregulated and 45 genes downregulated 
(Figure 6B). Notably, the TMEM236 and TMEM45B genes, which encode transmembrane proteins, 
were upregulated in T2D compared to NN (Figure 7B). In the NO versus NN comparison, 17 DEGs 
were identified, comprising 12 upregulated and 5 downregulated genes (Figure 6B). The 
comparison between T2D and NO revealed 27 DEGs, with 26 genes upregulated and only 1 gene 
downregulated (Figure 6B). Among these, the SYTL5 gene, associated with protein transport and 
calcium ion binding, was significantly upregulated in T2D compared to NO (Appendix 4E).  
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Figure 7. Volcano plots for pseudobulk DEGs in beta and alpha cells between T2D and NN conditions. (A) 
Displays the DEGs identified in beta cells. In this comparison, a total of 258 DEGs were found, with 201 
genes upregulated and 57 genes downregulated. Especially, TRIB3 and FFAR4 gene that are related to  
regulation of glucose transmembrane transport were downregulated in T2D compared to NN. (B) 
Illustrates the DEGs identified in alpha cells. A total of 390 DEGs were observed, with 349 genes upregulated 
and 45 genes downregulated. Notably, TMEM236 and TMEM45B genes that encode transmembrane 
proteins were upregulated in T2D compared to NN. Genes with an adjusted p-value below 0.05 and an 
absolute log2 fold change (log2FC) greater than 1 were considered significant. 

Gene ontology (GO) analysis 
Appendix 1F highlights the top GO Biological Process terms for beta cells under T2D  versus NN 
conditions. There were no significant differences in these processes between T2D and NN 
conditions. However, among the top downregulated processes, terms such as “regulation of 
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glucose transmembrane transport” and “regulation of transmembrane transport”, both related to 
exocytosis and membrane action potentials, were identified. 

Appendix 2F presents the top 5 most significantly upregulated GO Biological Process terms for 
beta cells when comparing NO to NN conditions. Similar to the T2D versus NN comparison, none 
of the GO Biological Processes showed significant differences, and they were not associated with 
exocytosis or membrane action potentials. 

Appendix 3F shows the top 15 most significantly upregulated and downregulated GO Biological 
Process terms for beta cells in the T2D versus NO comparison. No processes were significantly 
different between these conditions. However, processes such as “cAMP-mediated signaling”, 
“membrane repolarization during action potentials”, “bicarbonate transport”, and “positive 
regulation of secretion by cell” were among the top upregulated processes, all of which are 
relevant to exocytosis and membrane action potentials. Additionally, “peptide hormone secretion” 
also related to these functions, was among the top downregulated processes. 

Appendix 4F presents the top 15 most significantly upregulated and downregulated GO Biological 
Process terms for alpha cells in T2D compared to NN conditions. While none of the processes 
exhibited statistically significant differences between these conditions, notable upregulated 
processes included “negative regulation of protein localization to basolateral plasma membrane” 
and “cellular response to cAMP”. Among the downregulated processes, “vesicle-mediated 
transport” was prominent. All these processes are related to exocytosis and membrane action 
potentials. 

Appendix 5F displays the top 15 most significantly upregulated and downregulated Gene 
Ontology (GO) Biological Process terms in alpha cells when comparing NO to NN conditions. 
Notably, processes related to exocytosis and membrane action potentials, such as “positive 
regulation of exocytosis”, “positive regulation of reactive oxygen species metabolic process”, 
“regulation of exocytosis”, and “positive regulation of protein secretion”, are significantly 
upregulated in NO samples compared to NN. 

Appendix 6F presents the top 15 most significantly upregulated GO Biological Process terms for 
alpha cells in T2D versus NO conditions. Here, processes like “regulation of gluconeogenesis”, 
“regulation of striated muscle cell differentiation”, and “regulation of myotube differentiation” 
were significantly different between T2D and NO conditions.  

Discussion 
This study aimed to link the functional and transcriptomic profiles of human pancreatic islets, 
with a specific focus on single-cell electroactivity and scRNA-seq analysis across different 
metabolic conditions, including T2D, NN, and NO individuals. The integration of HD-MEA for 
electrophysiological measurements and scRNA-seq helped to have a better view of alpha and beta 
cell heterogeneity, gene expression, and functional responses to glucose stimuli. 

Electrophysiological of islet cells 
The HD-MEA recordings revealed distinct electrical activity patterns among human islet cells that 
varied with glucose concentration. Notably, certain electrodes (highlighted in red and yellow in 
Figure 3) showed increased spike frequencies during both the high-glucose and post-transition 
phases, indicating a heightened functional response to elevated glucose levels. This observation 
aligns with existing literature that demonstrates an increase in the electrical activity of beta cells 
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in response to glucose stimulation, which is crucial for insulin secretion (Rorsman & Ashcroft, 
2018; Gilon & Henquin, 2001). 

Interestingly, some electrodes (highlighted in red in Figure 3) exhibited a delayed response to 
elevated glucose compared to others (highlighted in yellow in Figure 3). This delay may reflect 
the inherent heterogeneity among beta cells, a phenomenon previously reported by Delgadillo-
Silva et al. (2024), who observed variability in calcium dynamics among zebrafish beta cells in 
response to glucose. Additionally, Scarl et al. (2019) identified heterogeneity in glucose thresholds 
among beta cells derived from mouse islets. 

Conversely, a subset of electrodes (indicated by blue and green boxes in Figure 3) displayed a 
decrease in spike frequency during high-glucose and post-transition phases. This decrease may 
be attributed to alpha cells, whose function, specifically glucagon secretion, typically diminishes 
under high glucose conditions (Dunning et al., 2005). Additionally, some electrodes (highlighted 
in green in Figure 3) showed a delayed response to elevated glucose relative to others (highlighted 
in blue in Figure 3). This delay could indicate heterogeneity among alpha cells, supported by Dai 
et al. (2022), who observed variability in calcium channel activity and suppressed exocytosis 
among human alpha cells in response to rising glucose levels. These findings underscore the 
complex and dynamic nature of islet cell function and the variability in their electroactivity. 

Strengths 
Previous studies on islet cell electrophysiological predominantly employed patch-clamp 
techniques. HD-MEAs offer notable advantages over these methods, particularly in their ability to 
record from multiple cells simultaneously with single-cell resolution. This high-throughput 
approach enhances our understanding of islet electrophysiology (Maccione et al., 2015). Unlike 
the invasive patch-clamp technique, HD-MEAs minimally disrupt cell physiology, enabling long-
term monitoring while preserving cell viability which make HD-MEAs a batter technique for 
chronic studies. 

Limitations 
Despite these advantages, HD-MEAs have limitations. A significant drawback is that while HD-
MEAs effectively capture single-cell activity, they do not fully account for the intricate cell-to-cell 
interactions within islets. Beta and alpha cells interact extensively, and these interactions are 
crucial for regulating insulin and glucagon secretion (Peng et al., 2024). The inability of HD-MEAs 
to capture these interactions can result in an incomplete understanding of islet physiology. 

Moreover, HD-MEAs identify electrical activity patterns but do not inherently confirm the cell 
types being recorded (e.g., beta cells, alpha cells, or other islet cell types). To address this, 
supplementary techniques such as immunostaining or single-cell RNA sequencing are necessary 
to validate the cell type of the recorded cells. 

Single-cell RNA sequencing analysis 
In this experiment, DEG analysis in beta cells revealed that the TRIB3 gene was downregulated in 
NO individuals compared to NN individuals, indicating its involvement in the regulation of glucose 
transmembrane transport (Appendix 1E). Both FFAR4 and TRIB3 were downregulated in T2D 
compared to NN, with both genes also associated with the regulation of glucose transmembrane 
transport and identified among the top GO terms (Figure 7A and Appendix 1F). Additionally, 
FFAR4 was downregulated in T2D compared to NO and was linked to the GO term "Peptide 
Hormone Secretion" (Appendix 2E and 3F). The summary of the these finding is shown in Figure 
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8. These findings suggest that beta cell dysfunction in glucose transmembrane transport may be 
influenced by obesity. In a study by Martínez-López et al. (2023), TRIB3 was identified as a 
differentially coordinated gene in beta cells in T2D compared to nondiabetics. Our findings, 
together with this study, suggest that TRIB3 may be the initial gene altering glucose 
transmembrane transport, potentially triggering beta cell dysfunction in the progression of T2D. 
Furthermore, the study by Camunas-Soler et al. (2020) reported that FFAR4 expression is 
downregulated in type 1 diabetes (T1D) compared to nondiabetic donors. Together with our 
results, this emphasizes that the dysregulation of FFAR4 expression is likely a consequence of 
diabetes rather than a cause, reflecting the distinct pathophysiological mechanisms underlying 
type 1 and type 2 diabetes. 

In the DEG analysis of beta cells, the PDE4B gene was upregulated in T2D compared to NO 
individuals (Appendix 2E), but not in T2D compared to NN individuals (Figure 7A), nor in NO 
versus NN (Appendix 1E). The summary of these findings is presented in Figure 8. PDE4B is 
associated with calcium channel voltage gating and the negative regulation of cAMP signaling. In 
a study by Wang et al. (2023), PDE4B was also upregulated in T2D compared to nondiabetics, 
across two beta cell subpopulations identified through chromatin accessibility enrichment. 
Similarly, Weng et al. (2023) identified PDE4B as a T2D marker gene, showing upregulation in 
T2D beta cells relative to nondiabetics, with notable intra-donor heterogeneity in expression. 
Both studies included subjects with a BMI range from below 25 to above 30. Our study is unique 
in that it further subdivided the nondiabetic group into obese and nonobese categories based on 
BMI. Our findings suggest that PDE4B regulation is affected by both T2D and obesity (BMI) but 
not in different directions. This distinction may also explain the observed donor heterogeneity in 
PDE4B expression in Weng et al.'s (2023) study. 

In the DEG analysis of beta cells, FXYD2 was downregulated in T2D compared to NO individuals 
(Appendix 2E). However, FXYD2 expression did not differ significantly between T2D and NN 
individuals (Figure 7A), nor between NO and NN (Appendix 1E). Figure 8 presents a summary of 
these findings. FXYD2 is associated with sodium channel regulator activity. Interestingly, in four 
separate studies—Xin et al. (2016), Segerstolpe et al. (2016), Fang et al. (2019), and Weng et al. 
(2023); FXYD2 was consistently the only differentially expressed gene that was downregulated in 
T2D compared to nondiabetic individuals. This consistent replication across studies suggests that 
FXYD2 plays a crucial role in beta cell dysfunction in T2D, as highlighted by Ngara & Wierup 
(2022). Notably, previous studies grouped nondiabetic and T2D subjects with a BMI range from 
below 25 to above 30, while our study divided the nondiabetic group into obese and nonobese 
categories based on BMI. Our findings suggest that the regulation of FXYD2 is affected by both 
T2D and obesity (BMI) but through different mechanisms. 

In our study, we found that the genes TMEM236 and TMEM45B were significantly upregulated in 
alpha cells from individuals with T2D compared to NN (Figure 7B). Both of these genes encode 
transmembrane proteins, suggesting potential alterations in cellular membrane dynamics or 
signaling in T2D. Additionally, we observed a significant increased expression of SYTL5 in T2D 
alpha cells relative to NO (Appendix 4E), a gene associated with protein transport and calcium ion 
binding. A summary of these findings is provided in Figure 8. These findings are consistent with 
the study by Ackermann et al. (2016), which identified TMEM236, TMEM45B, and SYTL5 as 
among the most highly expressed genes in alpha cells compared to other cell types in non-diabetic 
donors. This alignment with prior research supports the hypothesis that alpha cell identity 
undergoes significant changes in T2D, as suggested by Oropeza & Herrera (2024). However, 
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contrasting results were reported by van Gurp et al. (2022), where these genes were not listed as 
markers of human alpha cell identity. This difference indicates that the role of these genes in alpha 
cell identity and their association with T2D requires further exploration. Moreover,  Notably, 
previous studies combined nondiabetic and T2D subjects with a BMI ranging from below 25 to 
above 30. In contrast, our study separated the nondiabetic group into obese and non-obese 
categories based on BMI. Our findings indicate that the regulation of SYTL5 is influenced by both 
T2D and obesity (BMI) but through different mechanism. 

Our analysis did not reveal any significant changes in the expression of alpha or beta cell-specific 
transcription factors, as highlighted by Ackermann et al. (2016), across T2D, NO, and NN groups. 
This suggests that the expression of islet-enriched transcription factors critical for alpha and beta 
cell maturity and function might be heterogeneously expressed within normal human islet cells, 
as reported by Shrestha et al. (2021). These findings underscore the complexity of gene 
expression patterns in T2D and the need for more research to elucidate the molecular 
mechanisms underlying these observations. 

 

Figure 8. Summary of DEG findings in alpha and beta cells across T2D, NO, and NN groups. The TRIB3 and 
FFAR4 genes were downregulated in T2D compared to NN and are linked to glucose transmembrane 
transport. Additionally, FFAR4 was downregulated in T2D compared to NO, with associations to peptide 
hormone secretion. PDE4B was upregulated in T2D compared to NO, influencing calcium channel voltage 
gating and cAMP signaling. FXYD2 was downregulated in T2D compared to NO, related to sodium channel 
regulation. In alpha cells, TMEM236, TMEM45B, and SYTL5 were upregulated in T2D compared to NN and 
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NO, indicating potential changes in cellular membrane dynamics and signaling. These results suggest a 
significant influence of both T2D and obesity on gene regulation, contributing to beta and alpha cell 
dysfunction in T2D. (Figure created in BioRender.com) 

Strengths 
Our study effectively categorized the nondiabetic group into obese and non-obese categories 
based on BMI, and applied a consistent threshold of BMI >30 for both the T2D and nondiabetic 
obese groups. This methodological choice helps to mitigate the confounding effect of obesity, 
which is a major risk factor for type 2 diabetes (Galicia-Garcia et al., 2020). By controlling for 
obesity in our comparisons, we aimed to better isolate the impact of diabetes itself on the 
observed outcomes (Hajian Tilaki, 2012). 

Limitations 
A key limitation of our study is the small sample size for the scRNA-seq analysis, with only 6 
samples per group. This limited number may impact the statistical power and generalizability of 
our findings. Future investigations with larger sample sizes are recommended to enhance the 
reliability and robustness of the results. 

Additionally, our focus was restricted to alpha and beta cells, leaving out other important 
endocrine islet cell types such as delta and gamma cells. Exploring the roles of these other cell 
types in future studies could provide a more comprehensive understanding of islet function and 
the pathophysiology of type 2 diabetes (Elgamal et al, 2023). Expanding the scope to include these 
additional cell types could reveal more detailed insights into the complex interactions within the 
islet microenvironment. 

Conclusion 
In conclusion, this study provides valuable insights into the complex interactions between gene 
expression and electrophysiological in human pancreatic islets across different metabolic states, 
particularly in the context of T2D. By integrating HD-MEA with scRNA-seq, we have highlighted 
the heterogeneity of alpha and beta cells in their functional and transcriptomic responses to 
glucose stimuli. Our findings underscore the significant impact of both T2D and obesity on the 
regulation of key genes involved in glucose transmembrane transport and cellular electroactivity, 
such as TRIB3, FFAR4, and PDE4B. Despite the limitations of small sample sizes and the exclusion 
of other islet cell types, this study advances our understanding of the molecular mechanisms 
underlying islet dysfunction in T2D and underscores the need for further research with larger 
cohorts and broader cell type analysis to fully elucidate the pathophysiology of T2D. 

Ethical aspects, gender perspectives, and impact on the society 
This project involved studies on human and mouse islets obtained from deceased organ donors 
and handling genetic personal data which was previously de-identified. This study did not involve 
using personal data, substances or processes that may cause harm to humans, the environment, 
animals or plants. Islets and pancreatic slices of mice were obtained from the Experimental 
Biomedicine unit at Core Facilities and Department of Physiology and using an ethical permit at 
the University of Gothenburg (permit: 5.2.18-01004/2022, Johan Tolö in Patrik Rorsman lab). 
Human islets were obtained through international islet procurement systems, in particular the 
Alberta Diabetes Institute Core at the University of Alberta following written consent and research 
ethics approval at the University of Alberta (Pro00013094, Pro00001754). The remaining of the 
work were based on publicly available sequencing data from the Human Pancreas Analysis 
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Program which were already de-identified to protect the identity of the subjects and did not 
require ethical permits. Protection of individuals with regard to the processing of personal data 
were followed according to the guidelines of the General Data Protection Regulation Foundation 
(GDPR, ISO 17024), and guidelines on consent under regulation (2016/679, adopted on 28 Nov 
2017 from 95/46/EC ). 

The availability of mouse and human samples for this study was dependent on third-party 
sources, which limited our ability to control for sex diversity within the samples. Despite this, 
scRNA-seq analysis was conducted using the Human Pancreas Analysis Program, which 
incorporates a balanced representation of sex in the data set, approximately 45% male and 55% 
female. This approach ensures that our findings account for sex-related differences and provides 
a more comprehensive understanding of the impact of sex on pancreatic islet cell function and 
gene expression. 

This project has made significant contributions to society by advancing our understanding of T2D, 
a major global health concern. By integrating high-density microelectrode arrays with single-cell 
RNA sequencing, this research provides a deeper insight into the functional and molecular 
changes in pancreatic islet cells associated with T2D. This enhanced understanding could lead to 
more targeted and effective diagnostic tools and treatment strategies, potentially improving the 
management and outcomes of T2D for millions of people. Additionally, by identifying key genes 
involved in glucose regulation and islet cell dysfunction, the study opens avenues for novel 
therapeutic interventions that could mitigate the impact of diabetes and related metabolic 
disorders. Overall, the findings offer hope for more personalized and precise approaches to 
diabetes care, ultimately benefiting public health and quality of life. 

Future perspectives 
Building on the findings of this study, several paths for future research could significantly enhance 
our understanding of pancreatic islet function and the pathophysiology of T2D. One critical area 
is the expansion of single-cell transcriptomic and electrophysiological analysis to include a 
broader range of endocrine cell types, such as delta and gamma cells. These cells, though less 
studied than alpha and beta cells, play crucial roles in the regulation of insulin and glucagon 
secretion and may contribute to the overall islet dysfunction observed in T2D. Investigating their 
gene expression profiles and functional behaviors could provide a more comprehensive 
understanding of the islet microenvironment and its changes in metabolic diseases. 

Moreover, future studies should consider increasing the sample size for scRNA-seq analysis to 
improve the statistical power and generalizability of the findings. Larger cohorts would allow for 
more robust conclusions and potentially reveal finer differences in gene expression and 
electroactivity patterns across diverse patient populations, including variations by sex, age, and 
the duration of diabetes. Additionally, longitudinal studies that track the progression of islet cell 
dysfunction from pre-diabetes to T2D could help identify early biomarkers and therapeutic 
targets for intervention. 

Advancements in multi-omics approaches also present exciting opportunities for future research. 
Integrating genomics, transcriptomics, proteomics, and metabolomics data could offer a holistic 
view of the molecular changes occurring in islet cells during diabetes progression. Such 
approaches could also help clarify the interplay between genetic predisposition and 
environmental factors, such as diet and lifestyle, in shaping islet function and dysfunction. 
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Finally, exploring the therapeutic potential of targeting the identified differentially expressed 
genes, such as TRIB3, FFAR4, and PDE4B, could prepare the way for novel treatments aimed at 
preserving or restoring islet function in T2D. For instance, small molecules or biologics that 
modulate the activity of these genes might be developed to enhance beta cell survival, improve 
glucose transport, or stabilize insulin secretion. Additionally, personalized medicine approaches 
that tailor treatments based on an individual's specific genetic and transcriptomic profile could 
offer more effective strategies for managing diabetes. 

In summary, while this study has provided significant insights into islet cell heterogeneity and 
dysfunction in T2D, much remains to be explored. Future research that broadens the scope of cell 
types analyzed, incorporates larger and more diverse populations, and leverages cutting-edge 
multi-omics technologies hold the promise of uncovering new pathways and targets for the 
prevention and treatment of diabetes. 
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Appendix 

Appendix A 
Table 1A – Information of each experiment used for optimization and HD-MEA 

Species Number 
of 

Samples 

Number 
of Cells 

Per 
Seeding 

Cell Seed 
Volume 

Seeding 
Concentration 

Health 
Status 

Sex 

Mouse 4 100k 100 ul 1k cells/ul Nondiabetic M 
Mouse 2 70k 90 ul 0.8k cells/ul Nondiabetic M 
Mouse 2 90k 50 ul 1.8k cells/ul Nondiabetic M 
Mouse 4 120k 40 ul 3k cells/ul Nondiabetic M 
Human 1 130k 100 ul 1.3k cells/ul Nondiabetic M 
Human 1 130k 60 ul 2.2k cells/ul Nondiabetic F 
Human 1 260k 60 ul 4.3k cells/ul Nondiabetic F 
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Table 2A – Information of samples used for scRNA-seq analysis 

Donor ID Age Sex Race BMI Hba1c 
(%) 

Diabetes Obesity 

036 23 Female Caucasian 16 5.2 No  No 

040 35 Male Caucasian 23.98 5.4 No No 

051 43 Female African 
American 

45.49 6.7 T2D Yes 

053 58 Female Caucasian 24.2 5.6 No No 

059 35 Male Caucasian 37.96 5.1 No Yes 

063 45 Female Caucasian 38.41 6.3 No Yes 

065 40 Male African 
American 

37.47 9.5 T2D Yes 

072 19 Male Hispanic 23.1 5.6 No No 

074 40 Female Caucasian 36.88 6.3 No Yes 

077 47 Male Caucasian 32.78 5.7 No Yes 

082 25 Male Caucasian 23.96 5.6 No No 

091 50 Female Hispanic 35.58 6.9 T2D Yes 

096 56 Female Hispanic 38.7 7.7 T2D Yes 

103 48 Female Caucasian 36.44 6 No Yes 

104 4 Male Hispanic 20.63 4.9 No No 

108 42 Male African 
American 

33 10.8 T2D Yes 

118 51 Female Caucasian 33.01 5.7 No Yes 

126 50 Female Hispanic 31.01 6.6 T2D Yes 
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Appendix B 

 

Figure 2A. Scatter plots showing total counts versus the number of genes expressed and mitochondrial 
gene percentages before and after quality control sorted by conditions (T2D, non-diabetic non-obese, and 
non-diabetic obese). 
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Figure 2B. Pie chart depicting the distribution of cells after quality control across different conditions: Type 
2 Diabetes (T2D), non-diabetic non-obese, and non-diabetic obese. 

Appendix C 
Table 1C. The distribution of cell types. 

Cell type Number of cells 
Acinar 8319 
Alpha 12477 
Beta 12202 
Delta 1844 

Ductal 3957 
Endothelial 1937 

Epsilon 33 
Gamma 762 
Immune 801 

Stellates_Mesenchymal 3281 
 

Appendix D 

 

Figure 1D. Expression levels of glucose transport, sodium, potassium, ATP-sensitive potassium, calcium 
channel genes for beta cells across various conditions. Each dot represents a gene, with color indicating the 
average scaled expression level in cells where the gene is detected in at least 20% of the cells in each 
condition. The size of each dot reflects the proportion of cells in which the gene is expressed. 
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Figure 2D. Expression levels of glucose transport, sodium, potassium, ATP-sensitive potassium, calcium 
channel genes for alpha cells across various conditions. Each dot represents a gene, with color indicating 
the average scaled expression level in cells where the gene is detected in at least 20% of the cells in each 
condition. The size of each dot reflects the proportion of cells in which the gene is expressed. 

 

Appendix E 

 

Figure 1E. Volcano plot for pseudobulk DEGs in beta cells between NO and NN conditions.  In this 
comparison, 20 DEGs were found, with 11 genes upregulated and 9 genes downregulated. Among these, the 
TRIB3 gene, which is associated with the regulation of glucose transmembrane transport, was 
downregulated in NO compared to NN. Genes with an adjusted p-value of less than 0.05 and an absolute 
log2 fold change (log2FC) exceeding 1 were considered significant. 
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Figure 2E. Volcano plot for pseudobulk DEGs in beta cells between T2D and NO conditions.  In this 
comparison, 188 DEGs were found, with 120 genes upregulated and 68 genes downregulated. Among these, 
the FFAR4 gene, which is associated with the regulation of glucose transmembrane transport, was 
downregulated in T2D compared to NO. Notably, the PDE4B gene, which is involved in calcium channel 
voltage gating, was upregulated in T2D compared to NO, while the FXYD2 gene, a regulator of sodium 
channel activity, was downregulated in T2D relative to NO.  Genes with an adjusted p-value below 0.05 and 
an absolute log2 fold change (log2FC) greater than 1 were considered significant. 

 

Figure 3E. Volcano plot for pseudobulk DEGs in alpha cells between NO and NN conditions.  In this 
comparison, 17 DEGs were found, with 12 genes upregulated and 5 genes downregulated. Genes with an 
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adjusted p-value of less than 0.05 and an absolute log2 fold change (log2FC) exceeding 1 were considered 
significant. 

 

 

Figure 4E. Volcano plot for pseudobulk DEGs in alpha cells between T2D and NO conditions.  In this 
comparison, 27 DEGs were found, with 26 genes upregulated and 1 gene downregulated. Notably, the SYTL5 
gene, which is linked to protein transport and calcium ion binding, showed a significant upregulation in T2D 
compared to NO. Genes with an adjusted p-value below 0.05 and an absolute log2 fold change (log2FC) 
greater than 1 were considered significant. 



39 
 

Appendix F 

 

Figure 1F. Top 15 most significantly upregulated and downregulated GO Biological Process terms in beta 
cells comparing T2D to NN conditions. No GO Biological Processes showed significant differences between 
T2D and NN conditions. However, downregulated processes related to exocytosis and membrane action 
potentials, such as "regulation of glucose transmembrane transport" and "regulation of transmembrane 
transport," were identified. 
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Figure 2F. Top 5 most significantly upregulated GO Biological Process terms in beta cells comparing NO  to 
NN conditions. No significant differences were observed between NO and NN conditions, and none of the 
identified processes were related to exocytosis or membrane action potentials. 

 

Figure 3F. Top 15 most significantly upregulated and downregulated GO Biological Process terms in beta 
cells comparing T2D to NO conditions. While no processes were significantly different, upregulated terms 



41 
 

included "cAMP-mediated signaling," "membrane repolarization during action potentials," and "positive 
regulation of secretion by cell," all related to exocytosis and membrane action potentials. Additionally, 
"peptide hormone secretion" was among the downregulated processes. 

 

Figure 4F. Top 15 most significantly upregulated and downregulated GO Biological Process terms in alpha 
cells comparing T2D to NN conditions. No significant differences were observed between these conditions. 
However, upregulated processes like "negative regulation of protein localization to basolateral plasma 
membrane" and "cellular response to cAMP," as well as downregulated processes such as "vesicle-mediated 
transport," were identified, all of which are related to exocytosis and membrane action potentials. 
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Figure 5F. Top 15 most significantly upregulated and downregulated GO Biological Process terms in alpha 
cells comparing NO to NN conditions. Notable upregulated processes include those related to exocytosis 
and membrane action potentials, such as “positive regulation of exocytosis”, “positive regulation of reactive 
oxygen species metabolic process”, and “positive regulation of protein secretion and transport”. These 
findings suggest enhanced exocytosis and membrane activity in alpha cells under NO conditions compared 
to NN. 



43 
 

 

Figure 6F. Top 15 most significantly upregulated GO Biological Process terms in alpha cells comparing T2D 
to NO conditions. Significant differences were found, with upregulated processes including "regulation of 
gluconeogenesis," "regulation of striated muscle cell differentiation," and "regulation of myotube 
differentiation."  


