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ABSTRACT OF THE THESIS 

 

Novel, Low-Cost, Inkjet Printed Platforms for Microfluidic Impedance Flow Cytometry and 

Digital Microfluidics 

by 

Kushal Rajendra Joshi 

Master of Science in Biomedical Engineering 

University of California, Irvine, 2020 

Dr. Rahim Esfandyarpour, Chair 

 

 Microfluidic impedance flow cytometry (μIFC) and digital microfluidics (DMF) are 

powerful techniques for single cell analysis and point-of-care diagnostics. Conventionally, 

these platforms are fabricated in cleanrooms with complicated and time-consuming 

microfabrication procedures such optical lithography, depositions, and etching. However, 

such high-end microfabrication facilities are extremely difficult to establish in low-income 

and developing countries due to their high capital investment and operating costs. This 

prevents the fabrication and use of these platforms in the developing world, where they are 

most needed for point-of-care applications. This thesis addresses these challenges by 

developing low-cost, scalable, easily-fabricable, and inkjet printed μIFC and DMF platforms 

for point-of-care applications, especially in developing countries. Our platforms can be 
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fabricated rapidly by any minimally trained user using just a commercial office inkjet printer, 

without the need for expensive cleanroom facilities.  

In chapter 2, we present a high-throughput, low-cost, inkjet printed μIFC platform 

capable of measuring single cell electrical properties. By combining our platform with 

advanced machine learning techniques, we demonstrate its utility to reliably classify 

different cell types. Specifically, we show the utility of our platform to reliably discriminate 

between cancerous and non-cancerous cells and to identify and classify different cancer cell 

sub-types. Our results show the potential of our platform for single cancer cell analysis, 

point-of-care cancer diagnosis and tumor heterogeneity studies.  

In chapter 3, we present our reusable, low-cost, easily-fabricable, inkjet printed DMF 

platform. We demonstrate the utility of our platform to precisely move and mix droplets of 

different reagents. We also show a miniaturized, portable, programmable, battery-powered 

version of our platform suitable for performing pre-programmed biochemical assays. Such a 

platform could be useful for performing point-of-care diagnostic tests in developing 

countries. 

We envision our low-cost, scalable, easily fabricable and user-friendly μIFC and DMF 

platforms to be potential game-changers in single cell analysis and point-of-care diagnostic 

technologies.   
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Chapter 1 

Introduction 

This chapter introduces the reader to the specific research problems addressed in 

this work as well as explains the organization and content of this thesis in detail. Section 1.1 

provides a brief overview of the research problem addressed herein. Section 1.2 explains the 

organization and content of the thesis along with a chapter wise summary of the results.  

 

1.1 Introduction to the research problem  

Point-of-care medical technologies are becoming increasingly important in diagnosis 

and monitoring of several diseases like malaria, HIV, and cancer, especially in resource-poor 

and developing countries with limited medical facilities. In order to be affordable and 

accessible to the poorest of the poor, point-of-care medical technologies should be low-cost 

and easy to manufacture, so that they can be produced in any part of the world. In the recent 

years, miniaturized, microfluidic technologies have emerged as promising solutions for 

point-of-care applications. Microfluidics has numerous advantages such as low sample 

volume requirement, portability, ability to precisely manipulate critical biological elements 

such as cells, proteins, etc. and lower cost compared to conventional methods.  

Microfluidic impedance flow cytometry (μIFC) is an emerging technology for label-

free single cell analysis and point-of-care diagnosis. μIFC is a label-free technique for 

measuring single cell electrical properties and has been utilized for several applications such 
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as detecting target cells in the sample, discriminating different cell types and testing efficacy 

of drugs on cancer cells. μIFC platforms are portable and lower in cost compared to 

conventional bulky, costly flow cytometers and are suitable for point-of-care applications, 

especially in developing countries which lack superior medical facilities.  

Digital microfluidics (DMF) is another emerging technology for point-of-care sample 

preparation, analysis, and biochemical assays. DMF platforms enable precise manipulation 

of discrete liquid droplets on an array of electrodes using the electrowetting-on-a-dielectric 

(EWOD) phenomenon. Small, discrete droplets (in the μL range) can be moved, mixed, and 

split and dispensed on an array of electrodes, purely using electrowetting forces. Owing to 

its portability and ability to work with extremely small liquid volumes, DMF platforms are 

suitable for point-of-care applications, especially for performing assays involving multiple 

reagent mixing, splitting steps. Moreover, droplet operations and assays can be programmed 

using a computer, which reduces the need of human intervention and dependency on skilled 

laboratory technicians.  

μIFC and DMF technologies can potentially make huge impact in developing and low-

income countries by making healthcare more affordable and accessible by enabling point-of-

care diagnosis of diseases.  However, they suffer one major drawback – their manufacturing 

process is costly and requires a well-equipped cleanroom and skilled technicians for 

performing complicated micro-nanofabrication procedures such as optical lithography, thin-

film depositions, and etchings. Fabrication of such platforms can be challenging in low-

income countries, due to large capital investments and operational costs needed for 

establishing a cleanroom as well as lack of skilled technicians for performing complex 

microfabrication procedures. To make μIFC and DMF truly suitable for point-of-care 
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applications in low-income nations, it is necessary to design such platforms by considering 

the limitations in cost, funding, and manufacturing resources.  

This thesis aims to address the challenges described above by developing novel, ultra-

low cost and easy to manufacture μIFC and DMF platforms for point-of-care diagnostic 

applications by combining low-cost inkjet printing and powerful microfluidics technology. 

The manufacturing process of these platforms is extremely simple and straightforward and 

can be performed by anyone with a basic knowledge of computers and inkjet printing, 

without the need of cleanroom micro-nanofabrication facilities. Due to their low-cost and 

simple, straightforward, and cleanroom-free manufacturing process, these platforms could 

potentially revolutionize point-of-care diagnostics. Chapter 2 of this thesis presents the 

design, fabrication and experimental results of our novel, ultra-low cost, inkjet printed μIFC 

platform. Chapter 3 of this thesis presents the design, fabrication, and experimental results 

of our low-cost, inkjet printed DMF platform. More details on the organization and content 

of this thesis can be found in the next section.  

 

1.2 Organization and content 

This thesis is organized into two main chapters (chapters 2 and 3), each describing 

an independent research project. The chapters may be read independently of each other. 

Each chapter opens up with an ‘introduction’ highlighting the specific problem, its scientific 

and practical significance addressed therein, along with the relevant literature review. Some 

terms are abbreviated into short forms for easy reference and are defined at the first 

mention. Introduction is followed by the ‘results’ section which presents important 

experimental results. It is followed by a ‘discussion’ which discusses the relevance and 
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significance of the results and prospects of future work. This section is followed by the 

‘Materials and Methods’ section which describes the experimental procedure in detail.  The 

important results presented in chapters 2 and 3 are summarized in the following paragraphs.  

 

Chapter 2: A Low-Cost, Inkjet Printed, Machine Learning-Assisted Biochip for 

Identification and Classification of Cancer Cells. 

In this chapter, we develop a novel, low-cost, inkjet printed μIFC biochip and 

demonstrate its utility to classify different cancer cell lines in combination with a machine 

learning algorithm. Conventional μIFC biochips are usually manufactured in well-equipped 

cleanrooms, which increases their cost and complexity, hindering their use in resource-poor 

regions. To address this challenge, we present a low-cost, simple, and straight-forward 

fabrication method for μIFC biochips using nanoparticle-inkjet-printing technique. This 

method can be implemented anywhere, by anyone with access to a computer and an office 

inkjet printer without the need for expensive cleanroom microfabrication facilities. We 

present the design, fabrication, and theoretical modelling of the biochip in detail. Then we 

present the results of initial characterization experiments with red blood cells and BY4742 

yeast cells. By utilizing an advanced machine learning algorithm for analyzing the data 

generated from our biochip, we demonstrate that our platform can reliably differentiate 

between these two cell types with high accuracy. Later, we present experimental results with 

cancerous (MDA-MB-231 and UCI-082014, triple negative breast cancer cell lines)  and non-

cancerous (MCF10A, healthy breast tissue cell line) cell lines and demonstrate two important 

functionalities of our biochip – 1) Discriminating non-cancerous cells (MCF10A) from two 

types of cancerous cells (MDA-MB-231 and UCI-082014). 2) Discriminating two sub-types of 



 

5 
 

cancer cells (MDA-MB-231 and UCI-082014). The former shows the potential of our biochip 

for point-of-care cancer diagnosis, while the latter demonstrates the utility of our biochip for 

studying heterogeneity in cancer cells.  

 

Chapter 3: A Low-Cost, Inkjet Printed Digital Microfluidic Platform for the Developing 

World 

This chapter presents a novel, low-cost, inkjet printed digital microfluidic (DMF) 

platform capable of rapidly moving and mixing discrete liquid droplets. Electrode arrays 

used in conventional DMF platforms are usually manufactured in cleanrooms by highly 

skilled technicians who perform complicated micro-nanofabrication procedures such as 

photolithography, deposition, and etching. Despite having a great potential to revolutionize 

point-of-care diagnosis in low-income countries, such expensive fabrication procedures, 

increase the cost and complexity of DMF platforms, hindering their application towards 

point-of-care diagnosis in such countries. To address this challenge we present a low-cost, 

nanoparticle-inkjet-printing technique for manufacturing DMF devices. This fabrication 

method is extremely simple and can be performed by a minimally trained user with basic 

knowledge of computers and inkjet printing. We perform several characterizations on our 

platform including the study of droplet velocity, contact angle and electrowetting force 

variation with actuation voltage. We also demonstrate the utility of our platform to rapidly 

move and mix droplets of different reagents, thus showing the its capability to perform high-

throughput biochemical assays.  

 

 



 

6 
 

Chapter 2 

A Low-Cost, Inkjet Printed, Machine Learning-Assisted Biochip 

for Identification and Classification of Cancer Cells 

 

2.1   Introduction 

The cell is the most fundamental unit of life. Analysis of biological cells is extremely 

critical to understand fundamental biological processes and has important applications in 

medical diagnosis, drug discovery and development. [1,2] Conventional cell-based assays 

measure the combined (average) response of bulk cell population, masking the response of 

a single cell in the sample.[1] The implicit assumption in such bulk measurements is that 

every cell in the population is similar and responds in a similar way.[3] However, this 

assumption can be misleading as cell-to-cell variations have been observed across all levels 

of life - from bacterial cells to human tissues, and in several diseases such as cancer.[3] These 

variations are often attributed to differences in cell development, genetic drift, differences 

in cell age due to proliferation and passaging as well as inherent stochasticity of cellular 

processes.[1]  Moreover, cell-to-cell variations largely influence cellular decision making and 

cell fate.[1]  

In particular, cellular heterogeneity is considered to be a hallmark of cancer.[4] 

Malignant tumors often contain cells of varied phenotypes and genotypes.[5] Cellular 

heterogeneity and clonal diversity of cells within the same tumor as well as variability in 
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tumors from different patients may lead to increased metastasis, tumor progression and 

therapeutic resistance.[5] In cancer, a single cell usually develops into a malignant mass of 

tumor cells with distinct subpopulations. Thus, even though a treatment maybe effective 

against majority of cells in a given tumor, certain subpopulations of cells may survive and 

acquire resistance to drugs, leading to cancer relapse. Thus, it is important to study cellular 

heterogeneity using single cell analysis (SCA), to better understand the dynamics of tumor 

formation, growth and metastasis which may aid in designing better drugs and treatment 

strategies.[6] It can also provide valuable insights into fundamental cancer biology, as well as 

unravel the extent of phenotypic and genotypic heterogeneity in tumors. Conventional SCA 

methods such as DNA/RNA sequencing, quantitative polymerase chain reaction (qPCR), 

mass / flow cytometry and gene expression studies are used for investigating cancer cell 

heterogeneity.[7,8,9] However, these techniques often have limitations in the number of cells 

that can be rapidly and automatically analyzed at high-throughput. Moreover, these 

techniques require highly trained and skilled technicians, expensive equipment, and long 

preparation times. These challenges can be addressed by developing miniaturized, low-cost, 

automated, and high-throughput platforms that perform SCA with high reliability.  

 Over the past few decades, microfluidics has enabled the development of powerful 

miniaturized platforms for SCA.[10] Microfluidic platforms can be designed to perform 

automated single cell manipulation and analysis tasks. Target cells in the sample can be 

isolated using intrinsic hydrodynamic forces (passive methods) or using external magnetic, 

electric or acoustic fields (active methods).[11] Various detection methods like mass 

spectroscopy, fluorescence microscopy and fluorometry, can be integrated with such 

microfluidic devices to analyze the isolated single cells.[11] Another distinct advantage of 
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microfluidic platforms is the ability to work with extremely small volumes (in the range of 

μL-nL) of liquid which reduces sample loss and dilution, leading to highly sensitive 

detections.[11] Moreover, microfluidic platforms can be designed to perform high-

throughput, parallel sample analysis to acquire data of large number of cells. Several 

different functionalities can be integrated into a single microfluidic chip allowing for 

automation, which also helps in reducing the contamination and errors caused by manual 

operations.[11]  

Previous research studies have shown that physiological changes in cells and tissues 

lead to changes in their dielectric properties.  The electrical properties of cells depend on cell 

membrane and cell composition (content of water, ions, etc.) which usually change in 

diseases like malaria and cancer.[12,13] Utilizing this knowledge, several researchers have 

designed microfluidic platforms for characterizing single cell electrical properties to classify 

different cell sub-types,[14] detect target cells in sample,[15] and test the efficacy of drugs on 

cells.[16] Microfluidic impedance flow cytometry (μIFC) is a popular technique for single cell 

electrical characterization. μIFC platforms contain a micro-channel with integrated micro-

electrodes which continuously monitor impedance changes during single cell passage. μIFC 

platforms have been widely used for electro-phenotyping of cell populations in the recent 

years. Du et al. (2013) reported a μIFC platform for classification of malaria parasite-infected 

and non-infected red blood cells (RBCs) based on single cell impedance signatures.[13] By 

combining μIFC with advanced data analysis techniques, they were able show clear 

differentiation of Plasmodium falciparum (Pf) infected RBCs from uninfected RBCs as well as 

among different Pf intraerythrocytic asexual stages. Holmes et al. (2009) designed a μIFC 

platform for differentiating leukocyte subtypes like Neutrophils, T-Lymphocytes and 
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Monocytes.[17] Zhao et al. (2016) demonstrated the utility of μIFC platform for classifying 

different mouse tumor cell lines.[14] Spencer et al. (2014) have reported a μIFC platform for 

detecting MCF7 cells (as a representation of circulating tumor cells (CTCs)) in blood.[15] All 

these studies have demonstrated the utility of μIFC platforms to reliably classify and detect 

target cells in the sample. Such μIFC platforms can serve as alternatives to traditional SCA 

techniques mentioned earlier, by offering advantages of low-cost, portability, 

miniaturization, and high throughput. Specifically, μIFC platforms can make a huge impact 

on public health and be useful for point-of-care (POC) diagnostic applications in resource-

poor and low-income countries, by making healthcare more accessible and affordable. 

According to the World Health Organization (WHO) 58% of breast cancer related deaths in 

developing countries occur due to lack of early detection programs.[18] Additionally, due to 

the lack of superior diagnostic facilities, breast cancer survival rates in developing countries 

is only 40% compared to developed countries where it is 80%.[18] These statistics signify the 

need to develop low-cost POC diagnostic platforms to make healthcare affordable and 

accessible in low-income countries. Thus, while designing μIFC-based POC diagnostics 

platforms, limitations in funding, infrastructure and cost should be appropriately 

considered. Furthermore, these platforms should be sensitive, affordable, robust, easy to 

manufacture and easy to use by any minimally trained user. However, it is important to note 

that conventional μIFC platforms are usually manufactured in cleanroom facilities with the 

help of skilled technicians and expensive micro-nanofabrication processes such as optical 

lithography, thin-film depositions, and etchings.[18] Such cleanroom facilities are difficult to 

establish in developing countries due to high capital and operational costs, complexity and 

high consumption of energy essential for maintaining the cleanroom environment.[19] 
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According to a recent study, the cost for building a class 10 cleanroom is typically US$2000 

per square foot and requires an additional US$1 million a year for operation.[19] These 

limitations hinder the mass production of conventional μIFC platforms and its application to 

POC diagnostics while adding a significant cost and complexity to these platforms. This is 

one of the important challenges addressed in this work. μIFC platforms are powerful tools 

for POC applications, however, the data generated by these platforms is multidimensional 

and cumbersome to analyze even for experts.  

In the recent years, artificial intelligence (AI) has outperformed humans in many 

domains. It has tremendous potential to transform medicine by improving prevention, 

diagnosis and treatment of diseases.[20] AI seeks to develop digital systems to accelerate 

tasks that require human intelligence such as reasoning, visual perception and decision 

making.[21,22] It can speed up analysis of large datasets, predict outcomes, find patterns in 

data facilitating faster and efficient decision making.[22] In particular, it is helpful in analyzing 

biomedical data which often contains large datasets like medical images, 

electroencephalography signals, gene or protein sequences,[23] which are difficult to analyze 

manually. Machine learning (ML) is a subset of AI which seeks to develop statistical 

algorithms that learn associations in datasets and can be used to predict future outcomes.[21] 

It has been adopted for wide range of applications in medicine including diagnosis and 

treatment of diseases,[24] drug discovery,[25] and single cell analysis,[26] and has paved the 

way for a new digital era in medicine. Recently, ML has also been utilized to analyze data 

generated from μIFC platforms. For example, in a recent work by Ahuja et al. (2019), 

supervised ML algorithms were used in combination with μIFC to assess the sensitivity of 

tumor cells to drugs and classify them as drug sensitive and drug-insensitive cells.[27]  
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Combining μIFC with ML analysis can reduce the dependency on skilled data analysis 

technicians, improving the suitability of μIFC platforms for point-of-care applications in 

developing countries. This is another consideration presented in this study.   

This research work addresses some of the challenges described above, by combining, 

powerful ML-computing techniques with easily accessible inkjet printing and microfluidics 

technology to develop a low-cost, robust, easy-to-manufacture and high-throughput μIFC 

platform capable of reliable, label-free and rapid identification and classification of  different 

cell types based on their electrical properties. Our μIFC biochips are made of ultra-low-cost, 

reusable and rapidly prototyped flexible-inkjet-nanoparticle-printed (FINP) electronic 

apparatus and disposable microfluidic devices, combined with ML data analysis techniques, 

with a potential for POC diagnosis and intercellular heterogeneity studies. According to the 

American Cancer Society, cancer is the second leading cause of death worldwide after 

cardiovascular disease and causes 1 in every 6 deaths worldwide.[28] Moreover, it is 

estimated that in 2020, ~1.8 million people will get affected by cancer and ~600,000 people 

will die of the disease in the United States alone.[29] Considering the urgency and significance 

of tackling cancer, we demonstrated the utility of our ML-assisted FINP-μIFC biochip to 

reliably discriminate of non-cancerous (healthy breast cells) from cancerous cells (triple-

negative breast cancer cells). Additionally, considering the importance of studying cellular 

heterogeneity in cancer diagnosis and treatment, we demonstrated the utility of our biochip 

to precisely discriminate different types of cancer cell types, with an aim to show the 

potential of our platform for inter-tumoral and intra-tumoral heterogeneity studies.     
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2.2   Results 

2.2.1 Design, modeling, and fabrication of ML-assisted FINP-μIFC biochip 

 The ML-Assisted FINP- μIFC biochip (Figure 2.1a) is designed to identify single cells 

by capturing their real-time impedance signatures. Our biochip consists of two parts – a 

flexible inkjet-nanoparticle-printed (FINP) electronic apparatus consisting of rapidly 

fabricated, silver nanoparticle inkjet printed electrodes (Materials and Methods) and a 

disposable polydimethylsiloxane (PDMS) microfluidic chip (Figure 2.1b). The electronic 

apparatus and the microfluidic chip are kept separate from each other, unlike conventional 

μIFC platforms where they are directly bonded to each other. The PDMS microfluidic device 

is bonded to a thin glass coverslip (~80 μm thick) and then placed on the FINP electronic 

apparatus to monitor impedance changes in a ‘contactless’ fashion. This prevents direct 

contact between the sample and the electrodes, eliminating the possibility of cross-

contamination as well as electrode fouling, making the FINP apparatus reusable.[18,30] The 

optimized width and the gap between two inkjet printed electrodes was 400 μm and 125 μm, 

respectively (Figure 2.1c). The channel dimensions were optimized according to each 

experiment to obtain maximize sensitivity and prevent clogging (Section 2.2, 2.3 & Materials 

and Methods). The channel is aligned in such a way that the micro-constriction (sensing 

region) is at the center of the two electrodes (Figure 2.1c). The device continuously monitors 

and measures a.c. electrical properties of cells in suspension which pass through the focusing 

micro-constriction in our disposable microfluidic chip. The measured impedance is 

modulated by the passage of individual bioparticles which temporarily disrupt the electric 

field as they pass through the micro-constriction. The closer micro-constriction dimensions 

are to the actual size of the cell, larger impedance change is expected. However, reducing the 
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micro-constriction size increases the chances of clogging. Therefore, the micro-constriction 

should be of optimum size (Materials and Methods).   

 

Figure 2.1: Schematic and working principle of ML-assisted FINP-μIFC biochip: (a) The 
ML-assisted FINP-μIFC biochip performs precise, label-free classification of single cells. 
Machine learning algorithm is used to perform classification of cells based on their 
pathological condition (non-cancerous and cancerous cells) and cancer cell sub-type 
discrimination at the single cell level. (b) Exploded schematic view of ML-assisted FINP-μIFC 
biochip, which consists of two parts – 1) reusable, flexible-inkjet-nanoparticle printed (FINP) 
electronic apparatus and 2) disposable microfluidic chips. (c) Optical image of a ML-assisted 
FINP-μIFC biochip along with the microscopic view of the micro-constriction sensing region. 
Edges of the microfluidic channel are highlighted with white-dashed lines. 

 

Initially, the proper working parameters for our experiments were determined by 

performing an equivalent circuit analysis of the ML-assisted FINP-μIFC biochip (Materials 

and Methods). Cells are suspended in a conductive medium, usually phosphate-buffered 

saline (PBS), which is modeled as a resistor (Rsol). The thin glass coverslip acts like an 
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insulative layer between two conductors (buffer and the electrodes) and hence modeled as 

a capacitor (Cg). The effect of electrical double layer formed at the glass-buffer interface is 

also considered and modeled as a capacitor (Cdl). Parasitic capacitance (Cpar) between the 

two electrodes is also considered. The cell is modelled as a series combination of membrane 

capacitors (Cm) and cytoplasmic resistance (Rc). The buffer resistance between the cell and 

the electrodes is termed as R1. The buffer resistance between the cell and the top wall of the 

channel is termed as R2. Figures 2.2a and 2.2b show the equivalent circuit model of our 

biochip with and without the cell in the sensing region. A careful circuit analysis was carried 

out to determine the correct working parameters to maximize the signal-to-noise ratio 

(SNR). Impedance of the circuit with and without the presence of the cell was calculated at 

different frequencies. Figure 2.2c shows the bode plot of the equivalent circuit model with 

and without the presence of the cell in the sensing region. The glass coverslip capacitance 

dominates the signal spectrum up to 400 kHz. A change in slope is observed at intermediate 

frequencies, which is the range in which impedance measurements should be made. At 

higher frequencies (> 20 MHz), the parasitic capacitance, caused by direct coupling between 

the two electrodes, dominates the signal spectrum. A similar bode plot has been observed in 

conventional μIFC platforms where the double layer capacitance dominates at lower 

frequencies, electrolytic resistance dominates at intermediate frequencies and parasitic 

capacitance dominates at high frequencies.[31]  Between the range of 400 kHz to 20 MHz, the 

impedance of the circuit model in the presence of the cell is higher than the impedance in the 

absence of the cell. Since the glass layer capacitance dominates below 400 kHz, impedance 

measurements should be performed above this frequency. Experimentally, best SNRs were 

observed above 300 kHz, which is in reasonable agreement with our analysis. For all the 
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experiments described in this work, 900 kHz excitation frequency was used as the best SNR 

was observed at this frequency. For each experiment, impedance measurements are 

continuously recorded, and the data was transferred to a computer for further processing 

(Materials and Methods).  
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Figure 2.2: ML-assisted FINP-μIFC biochip modelling and characterization. (a, b) 
Equivalent circuit model of the ML-assisted FINP-μIFC biochip under two different 
conditions, with and without the presence of a cell in the sensing region. (c) The bode plot of 
the equivalent circuit models shown in a and b. (d) Impedance response to a single yeast cell 
and single RBC. The peaks in the graph correspond to the detection of single cells. (e) Mean 
impedance modulation for both RBC and yeast cell populations. The scatter plots and 3D 
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bivariate gaussian distribution plots of (f,g) Δ|Φ| vs. Δ|Z|, (h,i) Δ|Iimg| vs. Δ|Ireal| and (j,k) 
Δ|Zimg| vs. Δ|Zreal|. 

 

2.2.2 Initial characterizations of the ML-assisted FINP-μIFC biochip 

Before implementing our biochip for cancer cell analysis, we performed experiments 

with red blood cells (RBCs, mean diameter ~7 μm) and BY4742 yeast cells (mean diameter 

~3.5 μm) to optimize its working parameters. In particular flow rate, voltage and excitation 

frequency were optimized and a variety of channel designs were tested.  For each 

experiment, cells suspended in 1X PBS (pH ~7.2) were flown through the biochip using a 

syringe pump (Harvard Apparatus, USA) and real-time impedance data of single cell passage 

were recorded at different voltages and frequencies using the impedance spectroscope 

(HF2IS, Zurich Instruments, Switzerland). Best SNR was obtained at a flow rate of 0.1 μL/min 

and a voltage of 10V at 900 kHz. After testing variety of channel designs, a channel with 

micro-constriction dimensions - 35 μm width, 10 μm length and 7μm height was found to be 

optimum for these experiments. For every cell passing through the sensing region, six 

significant features were extracted from the data – the magnitude of impedance change 

(Δ|Z|), the magnitude of phase change (Δ|Φ|), the magnitude of real impedance change 

(Δ|Zreal|), the magnitude of imaginary impedance change (Δ|Zimg|), the magnitude of real 

current change (Δ|Ireal|), the magnitude of imaginary current change (Δ|Iimg|). Each Δ was 

calculated by finding the absolute value of the change in the signal during single cell passage.  

Figure 2.2d shows the plot of normalized |Z| as a function of time during the passage of single 

cells. The peaks in the graph denote the passage of single RBC and yeast cells. Figure 2.2e 

shows the bar graph of mean Δ|Z| for RBC and yeast cells (~130 RBCs and ~130 yeast cells), 

showing a clear distinction between the two cell populations.  Figure 2.2f, 2.2h and 2.2j 
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shows the 2-D scatter plots of meaningful combinations of different features extracted for 

RBC and yeast cells - |ΔZ| vs. |ΔΦ|, |ΔZreal| vs. |ΔZimg| and |ΔIreal| vs. |ΔIimg|. The scatter plots 

are colored according to the density of datapoints with red denoting the highest density and 

blue denoting the lowest density of datapoints. For all the scatter plots, two cross lines are 

drawn to intersect at the center of the densest region (center point) of the RBC cluster, to 

denote its position. Compared to this center point, the yeast cell cluster shows a significant 

offset, showing that the cells could be identified and distinguished using all the extracted 

features. Figures 2.2g, 2.2i and 2.2k show the 3-D plots of bivariate normal probability 

density function (PDF) (assuming the populations are normally distributed) for both the cell 

populations, considering two features at a time. Two distinct 3-D plots of PDF visually 

indicate that the cells could be reliably classified using two features at a time.    

Quadratic Discriminant Analysis (QDA), one of the most popular supervised machine 

learning algorithms was used to build a classifier based on each and all of the extracted 

features (Materials and Methods).  In particular, QDA is useful for discriminating between 

similar clinical conditions with minor differences such as tumor sub-cell populations 

(section 2.2.3).[32] Previously, QDA has been used for classification of different variants of 

liver diseases and prostate cancer.[32,33] In this work, we used QDA to analyze the data 

generated by our ML-assisted FINP-μIFC biochip for classification of RBCs and yeast cells as 

well as for cancer cell classification described in the next section. For RBC and yeast cell 

classification, we implemented QDA classifiers with one, two, four and six training features. 

Classifiers were trained using randomly selected data of 234 single cells. The performance 

of the QDA classifiers was evaluated by calculating different performance metrics from 

confusion matrices (figure 2.3). These performance metrics include training and test 
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accuracy, recall, precision, and F1-score. Class 0 in our confusion matrices represents yeast 

cells while class 1 represents RBCs. For calculating the training and the test accuracy, the 

number of correctly classified cells were divided by the total number of cells used for 

classification. Precision was calculated by dividing the number of correctly predicted cells 

by the total number of cells predicted for a particular class. Recall was calculated by dividing 

the number of correctly predicted cells of a particular class by the actual number of cells of 

that class. F1-scores summarize the values of precision and recall into a single metric and is 

calculated by finding the harmonic mean of precision and recall using the formula: F1 score 

= (2 * precision * recall)/ (precision + recall). The maximum value of F1-score can be 1, which 

can only happen in case of a perfect classifier.  

First, we developed QDA classifiers using each of the extracted features (one out of 

six at a time) for training the classifier. The performance of these classifiers was evaluated 

using a test data of additional 129 mixed cells (RBCs and yeast cells together), and the best 

performance metrics were found when Δ|Zreal| is used for training the classifier. The 

confusion matrix of the test data for this classifier is shown in figure 2.3a. For this classifier, 

the test accuracy, precision, recall and F1-scores (considering yeast as the ‘positive’ class) 

were reported as 95.3%, 0.955, 0.913 and 0.934, respectively. To improve the classification 

accuracy, we then developed QDA classifiers using a meaningful combination of two features 

for training – ‘Δ|Φ| & Δ|Z|’, ‘Δ|Zimg| & Δ|Zreal|’ and ‘Δ|Iimg| & Δ|Ireal|’. The best performance 

metrics were found when Δ|Φ| & Δ|Z| are used for training the classifier, with the reported 

test accuracy, precision, recall and F1-scores as 100%, 1, 1 and 1. When Δ|Iimg| & Δ|Ireal| are 

used for training the classifier, these performance metrics were reported as 88.4%, 0.897, 
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0.761 and 0.823 and when Δ|Zimg| & Δ|Zreal| are used for training the classifier, these metrics 

were reported as 98.4%, 0.978, 0.978, 0.978.  

 

 

A 4.7% improvement in the classification accuracy is observed when the best two-

feature classifier (using Δ|Φ| & Δ|Z| for training) is used, compared to the best one-feature 

classifier (using Δ|Zreal| for training). We continued our analysis further using four and six 

features for training the classifier, both of which reported the test accuracy, precision, recall 

Figure 2.3: ML-assisted FINP-μIFC biochip classifier development using RBC and 
yeast cells. one, two, four and six extracted data features were used to train the 
classifiers. Confusion matrices showing the best performances for (a) one-feature 
classifier, Δ|Z real| as the feature of classifier, (b) two-feature classifier, Δ|Φ| & Δ|Z| as the 
features of classifier (out of these combinations “Δ|Φ| & Δ|Z|,” “Δ|Z img| & Δ|Z real|,” and “Δ|I 

img| & Δ|I real|). (e) Comparison between n-feature classifiers showing the performance 
metrics improvement of n-feature classifiers. (f-g) 2D generated decision boundaries 
illustrating the two-feature classifiers of (f) Δ|φ| vs. Δ|Z|, (g) Δ|Iimg| vs. Δ|Ireal| (h) and 
Δ|Zimg| vs. Δ|Zreal|. 
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and F1-score as 100%, 1, 1, and 1. Figures 2.3b shows the confusion matrices for two, four 

and six-feature classifiers where 100% classification accuracy was observed. Figure 2.3c is a 

bar plot showing how the improvement in the classification accuracy by increasing the 

number of features used for training the classifiers. Table 2.1 summarizes the performance 

metrics of the classifiers.  

No. of features Training 
accuracy 

Test accuracy  Recall  Precision  F1-score 

1 

 

2 

 

4 

 

6 

94.9% 

 

100% 

 

100%  

 

100%                  

95.3% 

 

100% 

 

100% 

 

100% 

0.945 

 

1 

 

1 

 

1 

0.954 

 

1 

 

1 

 

1 

0.949 

 

1 

 

1 

 

1 

 

For two, four and six feature classifiers, training and test accuracy were observed to 

be 100%. The precision was observed to be 1, meaning the 100% of the predicted yeast cells 

were classified correctly. Moreover, the recall value of 1 indicates that the classifier was able 

to recognize 100% of the yeast cells in the test data. Additionally, the F1-score of 1 indicates 

perfect classifier performance. 100% precision recall and F1-scores indicate that our 

classifiers can perfectly differentiate between RBC and yeast cells. This is not very surprising 

as these are two completely different cell types with quite different physical, biological and 

electrical properties. Furthermore, since 100% classification accuracy was observed for two, 

Table 2.1: Performance metrics summary of the n-feature (n=1,2,4,6) classifiers of the 
ML-assisted FINP-µIFC biochips using RBC and yeast cells. 
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four and six-feature classifiers, it is recommended to use only two features for classification 

to save computational time and cost.  

To better visualize the classification of RBC and yeast cells, we also generated decision 

boundary plots. Decision boundaries are a set of curves or surfaces which divide the input 

feature space into different regions corresponding to different classes. Since we trained the 

classifier with two, four and six features, decision boundaries are hyperplanes in 2-D, 4-D 

and 6-D. As hyperplanes in 4-D and 6-D are impossible to visualize, we used two feature 

classifiers - ‘Δ|Φ| & Δ|Z|’, ‘Δ|Zimg| & Δ|Zreal|’ and ‘Δ|Iimg| & Δ|Ireal|’ for generating 2-D decision 

boundary plots (figures 2.3d-2.3f). As seen from these plots, a distinction is observed 

between the two cell populations in all the three classifiers, however, there are some 

overlapping datapoints which is an indicator of not having 100% classification accuracy for 

some of the two-feature classifiers (100% classification accuracy is only observed when Δ|Φ| 

& Δ|Z| are used as features for training).  

Having successfully optimized working parameters for our biochip and 

demonstrating its utility to reliably classify two completely different cell types, we 

implemented our biochip for cancer cell analysis. In particular, we demonstrated the utility 

of our ML-assisted FINP-μIFC biochip to not only differentiate non-cancerous cells (MCF10A) 

from cancerous cells (MDA-MB-231 and UCI-082014 cells), but also differentiate two late 

stage triple negative breast cancer (TNBC) cells (MDA-MB-231 and UCI-082014 cells) from 

each other.  

 

2.2.3 Analysis of cancer cells using ML-assisted FINP-μIFC biochip 

Classification of cells based on their pathological state  



 

23 
 

Breast cancer affects a large number of women all over the world.[34] According to the 

American Cancer Society (ACS), approximately 1 in 8 women will be diagnosed with invasive 

breast cancer once in their lifetime and 1 in 39 women will die due to breast cancer.[35] Breast 

cancers can be classified into different subtypes according to their therapeutic and 

prognostic outcomes.[34] Usually, breast cancer cells express progesterone receptor (PR), 

estrogen receptor (ER), or overexpress human epidermal growth factor receptor 2 (HER2) 

protein.[34] Based on these molecular receptors, breast cancer tumors are classified into 

three sub-types – 1) hormone receptor positive tumors, 2) HER2 amplified tumors, 3) 

tumors that do not express ER or PR and do not overexpress HER2. The third sub-type of 

breast cancer is known as triple negative breast cancer (TNBC) because it lacks all the three 

molecular receptors.[34] Patients with TNBC usually have poor outcome compared to other 

breast cancer subtypes and account for 15-20% of all breast cancers.[34,36] Due to poor 

outcomes in patients with TNBC and the lack of molecular receptors, a deep understanding 

of TNBC is necessary to develop better drugs and therapeutic approaches.[34] Similar to other 

breast cancers, intertumoral heterogeneity is a hallmark of TNBC, which is often captured by 

classification of cells using miRNA expression data, copy number variation (CNV) and gene 

expression data.[37] Intertumoral heterogeneity in TNBC can also be quantified using single 

cell impedance signatures.[38]  

To demonstrate the utility of our biochip to reliably discriminate breast cancer cells 

from healthy breast tissue cells, and to discriminate two TNBC cell sub-types, we performed 

experiments with MCF10A (normal breast tissue cell line) and  two TNBC cell lines - MDA-

MB-231 and UCI-082014. Cells were suspended in 1X PBS and were flown through the ML-

assisted FINP-μIFC biochip, at flow rate of 0.1 μL/min (Labsmith, USA). AC voltage of 10V at 
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900 kHz was applied across the electrodes and impedance data of single cell passage were 

recorded (Materials and Methods). A channel containing 250 μm long and 20 μm wide micro-

constriction was found to maximize the SNR for these experiments. The channels were 

aligned to position the micro-constriction at the center of the two electrodes. Six significant 

features for single cell passages were then extracted after detrending and denoising the 

recorded data. Figure 2.4a shows the microscopic image of a MCF10A cell passing entering 

the sensing region. Figure 2.4b shows the plot of normalized |Z| as a function of time for 

MCF10A, MDA-MB-231 and UCI-082014 cell lines. Figure 2.4c shows the bar graph of mean 

impedance change during single cell passage, showing the highest mean impedance for 

MCF10A, followed by MDA-MB-231 and UCI-082014. Figure 2.4d-2.4f shows the scatter 

plots of different extracted features for all the three cell lines. For all the scatter plots, two 

cross lines are drawn to intersect at the center of the densest region (center point) of the 

MCF10A cluster, to mark its position. With respect to this center point, scatter plots of all the 

other cells show a significant offset, showing that these cells could be classified using all 

these extracted features.  
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Similar to the analysis of RBC and yeast cell experiments, QDA classifiers were 

implemented to discriminate cancerous cells and non-cancerous cells. QDA classifier models 

were trained with one, two, four and six features extracted from the biochip (using randomly 

Figure 2.4: Classification of cells based on their pathological state using the ML-
assisted FINP-μIFC biochip (a) Cancer cells flowing through the microfludic channel of 
a ML-assisted FINP-μIFC biochip. (b) The impedance response to a single MCF10A, MDA-
MB-231 and UCI-082014 cell. The peaks in the graph correspond to the decetion of single 
cells. (c) Mean impedance modulation for cancerous and noncancerous cell populations. 
The scatter plots of the extracted features of (d) Δ|Φ| vs. Δ|Z| (e) Δ|I img| vs. Δ|I real|, (f) and 
Δ|Z img| vs. Δ|Z real|. 
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selected data of 630 cells for training). Figure 2.5a-2.5d show that confusion matrices for 

these n-feature classifiers (n=1,2,4,6). Figure 2.5e is the bar plot showing the improvement 

in the classification accuracy achieved by increasing the number of training features. Table 

2.2 shows the evaluated performance metrics of our classifiers (using randomly selected 

data of additional 200 mixed cell types as the test data) and the best performance metrics 

were found for four-feature classifier. In our confusion matrices, class 0 denotes MCF10A 

cells, class 1 denotes MDA-MB-231 cells and class 2 denotes UCI-082014 cell line. The overall 

classification accuracy increased from 70.1% to 86.8% to 99% for one feature, two-feature, 

and four-feature classifiers, respectively. In case of six-feature classifier, the classification 

accuracy decreased slightly to 98.5% which is likely due to slight overfitting of the classifier.  
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The performance metrics, namely class-wise precision, recall and F1-score, for MDA-

MB-231 cells was reported as “0.509, 0.492, 0.500” , “0.815, 0.746, 0.779”, “0.983, 0.983, 

0.983” and “1, 0.949, 0.974” for one-feature, two-feature, four-feature and six-feature 

classifiers respectively. For UCI-082014 cells, these performance metrics were found to be 

“0.727, 0.903, 0.805”, “0.848, 0.903, 0.875”, “1, 0.984, 0.992”, and “0.954, 1, 0.976” for one-

feature, two-feature, four-feature and six-feature classifiers. For MCF10A cells, these values 

were reported as “0.851, 0.697, 0.766”, “0.922, 0.934, 0.928”, “0.987, 1, 0.987”, and “1, 1, 1” 

for one-feature, two-feature, four-feature and six-feature classifiers, respectively. To 

Figure 2.5: Classification of cells based on their pathological state. ML-assisted 
FINP-µIFC biochips used to discriminate between non-cancerous cells and 
cancerous cells. Implementing the classifier models for one, two, four and six extracted 
data features. Confusion matrices showing the best performances for (a) one-feature 
classifier using Δ|Z| as the feature of classifier, (b) two-feature classifier using Δ|Z img| & 
Δ|Z real| as features of classifier, (c) four-feature classifier using Δ|Z img|, Δ|Z real|, Δ|I img| & 
Δ|I real| are used as features of classifier, (d) and six-feature classifier using all six 
extracted data features. (e) Comparison between n-feature classifiers showing the 
performance metrics improvement of n-feature classifiers. (f-g) 2D generated decision 
boundaries illustrating the two-feature classifiers of (f) Δ|Φ| vs. Δ|Z|, (g) Δ|Iimg| vs. Δ|Ireal| 
(h) and Δ|Zimg| vs. Δ|Zreal|. 
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evaluate the overall performance of each of the classifiers, we calculated macro-average 

precision, macro-average recall, and macro-average F1-scores (Materials and Methods). 

These metrics were found to be “0.696, 0.697, 0.690”, “0.862, 0.861, 0.861”, “0.990, 0.989, 

0.987”, and “0.985, 0.983, 0.983” for one-feature, two-feature, four-feature and six-feature 

classifiers.  

 

 

 

 

 

 

 

The superior performance of four-feature and six-feature classifiers, as indicated by their 

performance metrics, show that these classifiers could be used to reliably discriminate these 

cell types. However, the choice of classifier will vary depending on the aim of the user. If the 

user is interested in a classifier with highest overall classification accuracy, four-feature 

classifier would be suitable as it gives highest classification accuracy among all the 

classifiers. On the contrary if the user is interested in discriminating cancerous and non-

cancerous cells with high reliability, six-feature classifier would be suitable as it correctly 

identified all the non-cancerous (MCF10A) cells from a test data containing a mixture of 

cancerous and non-cancerous cells. Since our major objective here is to discriminate non-

No. of features Training 
accuracy 

Test accuracy  Recall  Precision  F1-score 

1 

 

2 

 

4 

 

6 

75.7% 

 

91.3% 

 

98.9%  

 

98.1%                  

70.1% 

 

86.8% 

 

99% 

 

98.5% 

0.697 

 

0.861 

 

0.989 

 

0.983 

0.696 

 

0.862 

 

0.990 

 

0.985 

0.690 

 

0.861 

 

0.987 

 

0.983 

Table 2.2 Performance metrics summary of n-feature (n=1,2,4,6) classifiers of the ML-
assisted FINP-µIFC biochips for classification of non-cancerous cells and cancerous cells.  
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cancerous cells from cancerous cells, six-feature classifier would be most suitable to work 

with.  

We also generated 2-D decision boundary plots to better visualize the classification 

of these cells. Since the decision boundaries for six-feature classifiers are hyperplanes in 6-

D and difficult to visualize, we show 2-D decision boundaries for two-feature classifiers - 

Δ|Φ| vs. Δ|Z|, Δ|Iimg| vs. Δ|Ireal| and Δ|Zimg| vs. Δ|Zreal| (figures 2.5f-2.5h). The clear distinction 

between MCF10A, MDA-MB-231 and UCI-082014 cell lines show utility of our ML-assisted 

FINP-μIFC biochip to precisely and reliably discriminate cancerous (MDA-MB-231 and UCI-

082014) and non-cancerous (MCF10A) cells.  

 

Classification of cancer cell sub-types  

 To demonstrate the utility of our biochip for identifying and classifying cancer cell 

sub-types and to show its potential for studying tumor heterogeneity, we implemented 

another QDA classifier to classify MDA-MB-231 and UCI-082014 cells. Similar to previous 

analysis, we developed one-feature, two-feature, four-feature, and six-feature classifiers. 

These classifiers were trained using a randomly selected data of 410 individual cells. 

Additional data of 111 mixed cell-types were used to test the classifier.  
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Figure 2.6a-2.6d shows the confusion matrices for all the classifiers, where class 1 represents 

MDA-MB-231 and UCI-082014 cells. Considering MDA-MB-231 cells as the ‘positive’ class, 

the precision, recall and F1-scores were reported as  “0.938, 0.789, 0.857”, “0.926, 0.877, 

0.901”, “0.950, 1, 0.974” and “0.982, 0.965, 0.973” for one-feature, two-feature, four-feature 

and six-feature classifiers, respectively. The classification accuracy improved from 86.5% to 

90.1% to 97.3%, for one-feature, two-feature, and four-feature classifiers, respectively. For 

six-feature classifier, the classification accuracy was also reported to be 97.3%. Similar to 

previous analysis, best performance metrics were reported for four-feature and six-feature 

classifiers. Figure 2.6e shows the improvement in the classification accuracy among the n-

Figure 2.6: Cancer sub-type discrimination between MDA-MB-231 and UCI-082014 
cells. Confusion matrices showing the best performances for (a) one-feature classifier 
using Δ|Ireal| as the feature of classifier, (b) two-feature classifier using Δ|Iimg| & Δ|Ireal| as 
features of classifier, (c) four-feature classifier Δ|Z img|, Δ|Z real|, Δ|I img| & Δ|I real| as features 
of classifier, (d) and six-feature classifier using all six extracted data features. (e) 
Comparison between n-feature classifiers showing the performance metrics 
improvement of n-feature classifiers. (f-g) 2D generated decision boundaries illustrating 
the two-feature classifiers of (f) Δ|Φ| vs. Δ|Z|, (g) Δ|Iimg| vs. Δ|Ireal| (h) and Δ|Zimg| vs. 
Δ|Zreal|. 
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feature classifiers (n=1,2,4,6) and table 2.3 shows performance metrics of all the classifiers. 

Since the best performance metrics were found for four-feature and six-feature classifiers, it 

is recommended, that we use the four-feature classifier to reduce the computational cost and 

time. We also generate 2-D decision boundary plots similar to the previous analysis which 

show a clear distinction between two cancer cell sub-types (figures 2.6f-2.6h). These results 

show the utility of our biochip to reliably discriminate between two cancer cell sub-types 

and can be potentially useful for identifying heterogenous cell populations in tumors.  

No. of 

features 

Training 

accuracy 

Test accuracy Recall Precision F1-score 

1 

 

2 

 

4 

 

6 

90% 

 

93.4% 

 

98%  

 

98.3%                  

86.5% 

 

90.1% 

 

97.3% 

 

97.3% 

0.867 

 

0.902 

 

0.972 

 

0.973 

0.874 

 

0.902 

 

0.975 

 

0.973 

0.865 

 

0.901 

 

0.973 

 

0.973 

 

2.3 Discussion 

In this work, we have developed a novel ML-assisted FINP-μIFC biochip and 

demonstrated its utility to reliably discriminate between different cell types using single cell 

electrical characterization. Our biochip can potentially have many applications in single cell 

analysis, tumor heterogeneity studies and POC cancer diagnosis. Conventionally surgical 

Table 2.3 Performance metrics summary of n-feature (n=1,2,4,6) classifiers of the ML-
assisted FINP-µIFC biochips for cancer sub-type discrimination using two triple-negative 
breast cancer (TNBC) cells. 
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biopsies, radiological analysis of tissue samples is used for diagnosis of cancers.[39] These 

methods are costly, invasive, time-consuming, and complicated.[39] A low-cost and minimally 

invasive cancer diagnosis technique is preferred for POC applications. Our ML-assisted FINP-

μIFC biochip is a low-cost, miniaturized, and high-throughput technique capable of label-free 

classification of different cell types. In this work we demonstrated the utility of our biochip 

to reliably identify and classify non-cancerous cells (MCF10A) and cancerous cells (MDA-

MB-231 and UCI-082014). Such a biochip could potentially identify cancerous cells in real 

patient samples and be potentially useful for POC cancer diagnosis especially in resource-

limited settings.  

Additionally, an exhaustive study of tumor heterogeneity is essential to gain better 

insights into cancer biology and its development, as well as to design new therapeutic 

approaches for cancer.[40] Tumor heterogeneity is widely studied using single cell analysis 

techniques.[40] Single cell impedance measurement technique is considered to be an 

effective, label-free single cell analysis technique, that can provide valuable information 

about cellular properties.[39] It is a low-cost, rapid and label-free technique compared other 

single cell analysis methods involving proteomics, genomics or transcriptomics analysis.[38] 

In this work, we demonstrated the utility of our biochip to reliably discriminate between two 

TNBC cell types showing the potential of our platform to identify and classify two similar 

cancer cell lines. Our biochip could be potentially useful for clinicians and researchers 

studying intra-tumor and inter-tumor heterogeneity, especially in low-income countries.    

One of the major advantages of our ML-assisted FINP-μIFC biochip is its simple and 

rapid fabrication procedure. The FINP electronic apparatus used herein can be fabricated by 

any office inkjet printer by a minimally trained user in 20 minutes. Furthermore, it is 
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extremely cost-effective, costing ~20 cents per apparatus. Conventional μIFC platforms are 

made using lengthy and complicated microfabrication procedures (e.g. optical lithography, 

deposition, etc.) in high-end cleanroom facilities. However, as mentioned earlier, such 

facilities are extremely challenging to establish in low-income countries owing to their high 

capital investment (~$1800-$4000 per square foot), operational and maintenance costs 

(~$1 million per year).[19]  Compared to these platforms, our biochip is extremely low-cost, 

simple to fabricate and can be used by any minimally trained user. It should also be noted 

that other printing techniques, such as 3-D printing, could be utilized for making microfluidic 

devices, to lower the manufacturing complexity further. In the future, our ML-assisted FINP-

μIFC biochip could be tested with real clinical samples to study its suitability for real-world 

POC applications.    

 

2.4 Materials and methods 

 
Fabrication of flexible-inkjet-nanoparticle-printed (FINP) electronic apparatus: The 

FINP electronic apparatus was fabricated using a standard office inkjet printer (Epson XP-

440),  silver nanoparticle ink (Mitsubishi Paper Mills, USA), and a flexible microporous 

polyethylene terephthalate (PET) substrate (Mitsubishi Paper Mills, USA). The substrate has 

a special microporous coating which enhances the adhesion between the silver nanoparticle 

ink and the substrate. The silver nanoparticle ink was filled inside reusable inkjet printer 

cartridges using a syringe, which are then installed in the printer. The PET substrate was 

inserted in the paper slot of the printer. Electrode designs are then drawn in the ‘Inkscape’ 

software and printed onto the PET substrate. The printed electrode designs were cut-out 
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from the substrate using a scissor and were ready for use immediately. The electrodes were 

secured to a holder (glass slide) using a double-sided tape. The minimum feature size 

achieved using this technique depends on the nozzle size of the printer. With our printer, we 

can print features with minimum size of 150 um and can achieve a minimum gap of 125 μm 

between two features. In this work, we used a design containing two electrodes of width 400 

μm, separated by a distance of 125 μm.    

 

Microfluidic channel fabrication: Microfluidic channels were fabricated using PDMS 

soft lithography technique. Microfluidic channel molds were made with optical lithography 

technique, using MA-56 mask aligner (SUSS MicroTec, USA) and SU-8 2025 photoresist 

(Kayaku Advanced Materials, USA). Photomask designs are drawn in AutoCAD and then 

outsourced for fabrication (CAD/Art Services, Inc., USA). For fabrication of microfluidic 

channels, polydimethylsiloxane base and curing agent is mixed 10:1 ratio (w/w) and 

degassed in a vacuum chamber for ~30 min. The degassed mixture is then poured onto the 

SU-8 mold and cured in an oven at 75oC for ~25 min. PDMS microfluidic channels are then 

cut out from the mold and bonded to a thin glass coverslip (thickness: 80 μm, Electron 

Microscopy Sciences, USA) using plasma treatment. The bonded devices are then heated in 

an oven at 75oC for 5 min. 

 

Assembly of ML-Assisted FINP-μIFC biochip: To assemble the biochip, 20 μL mineral oil 

is applied to the FINP electronic apparatus. The bonded PDMS microfluidic device is carefully 

placed over the electronic apparatus and aligned to position the micro-constriction at the 

center of the two electrodes. The device is secured in place with a scotch tape. The use of 
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mineral oil eliminates the possibility of air gaps between the electronic apparatus and the 

PDMS microfluidic device and ensures a robust contact between the two.  

 

Theoretical Modelling: MATLAB (MathWorks, USA) was used to perform the 

equivalent circuit analysis. The buffer conductivity was assumed to be 1.6 mS/cm. The 

cytoplasmic conductivity and specific membrane capacitance of the cell were assumed as 

11.68 mS/cm and 1.81 μF/cm2 . The channel height, length and width were assumed to be 

40 μm, 250 μm and 20 μm, respectively. The thickness of the insulative layer (glass coverslip) 

and its dielectric constant were assumed to me 80 μm and 5, respectively. The impedance of 

the circuit is calculated for a range of frequencies (50 kHz to 500 MHz) and represented in a 

bode plot.  

 

Preparation of cell suspensions: Human red blood cells were purchased from 

Innovative Research, USA. BY4742 yeast cells were obtained from Liu Laboratory for 

Synthetic Evolution, BME department, UC Irvine. For preparation of these cell suspensions, 

20 μL of concentrated cell solutions were added to 1 ml of 1X PBS and then mixed by 

manually shaking the vial. Concentrated cell suspensions (~6 x 106 cells / ml) of MCF10A, 

MDA-MB-231 and UCI-082014 cell lines in 1X PBS were directly obtained from the 

Razorenova Lab (Department of Molecular Biology and Biochemistry, UC Irvine). These cell 

suspensions are further diluted to a concentration of ~1 x 106 cells/ml for performing 

experiments.  
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Experimental procedure: The assembled ML-assisted FINP-μIFC biochip is placed 

under a microscope (Leica Microsystems, USA) to visually monitor the flow of cells. One of 

the electrodes of the biochip is connected to the output of the impedance spectroscope 

(HF2IS, Zurich Instruments, Switzerland), which supplies AC voltage of 10V at 900 kHz. The 

other electrode is connected to the input of the transimpedance amplifier (HF2TA, Zurich 

Instruments, Switzerland). The output of the transimpedance amplifier is connected to the 

input of the spectroscope where the measured current is demodulated and transferred to a 

computer. All the cells were flown through the biochip at a flow rate of 0.1 μL/min using a 

syringe pump. 

 

Detrending, noise removal and feature extraction: The signal recorded from the 

impedance spectroscope is transferred to a computer for processing using MATLAB 

(MathWorks, USA). Fast-Fourier transform (FFT) is calculated to recognize unwanted 

frequencies, which are then removed using a band-stop filter. The signal is then detrended 

using the built-in MATLAB ‘detrend’ function. A 100-point moving average filter is then 

applied to the signal to remove any unwanted noise. Then, six significant features (Δ|Z|, Δ|Φ|, 

Δ|Zreal|, Δ|Zimg|, Δ|Ireal|, Δ|Iimg|) for each cell passing through the sensing region were 

extracted. Δ|Z| is calculated by finding the difference between the absolute values of 

impedance level during and before the passage of the cell. Δ|Φ| is calculated by finding the 

difference between the absolute values of phase level during and before the passage of the 

cell. Similarly, Δ|Zreal| and Δ|Zimg| is calculated by finding the change in the absolute values of 

real and imaginary impedance levels, respectively. Δ|Ireal| and Δ|Iimg| is calculated by finding 
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the change in the absolute values of real and imaginary current levels, respectively. These 

extracted features are then used for machine learning analysis.  

 

Supervised machine learning using quadratic discriminant analysis (QDA): Quadratic 

Discriminant Analysis, a type of supervised machine learning algorithm was used to build 

cell classifiers based on all the six extracted features of the data collected from the biochip. 

For initial characterization experiments with RBC and yeast, we obtained data of 200 RBCs 

and 129 yeast cells. Thus, the combined RBC-yeast dataset contains data of 329 cells. Data of 

200 cells was randomly selected from this combined dataset for training QDA classifiers and 

remaining data of 129 cells is kept aside as testing the classifier. The selected training dataset 

contains unequal number of RBC and yeast cell data (83 yeast and 117 RBCs). To avoid 

sample bias, we equate the number of RBCs and yeast cells by upsampling the yeast cell 

datapoints. This upsampled dataset contains data of 117 yeast cells and 117 RBCs and is used 

for training the QDA classifiers.  Four types of QDA classifiers were implemented, namely, 

one-feature, two-feature, four-feature, and six-feature classifiers. For one-feature classifiers, 

the model was trained using only one out of six features at a time. For two-feature classifiers, 

the model was trained by using a meaningful combination of two features at a time. (Δ|Z| and 

Δ|Φ|, Δ|Zreal| and Δ|Zimg|, Δ|Ireal| and Δ|Iimg|). Four feature classifiers were implemented by 

training the model with four features at a time ( “Δ|Z|, Δ|Φ|, Δ|Zreal|, Δ|Zimg|”, “Δ|Z|, Δ|Φ|, 

Δ|Ireal|, Δ|Iimg|” and “Δ|Zreal|, Δ|Zimg|, Δ|Ireal|, Δ|Iimg|”). The six-feature classifier was 

implemented by training the classifier with all the six extracted features. Performance of 

these classifiers was evaluated by using the test dataset of 129 cells, containing data of both 

RBC and yeast cells.  
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For MCF10A, MDA-MB-231 and UCI-082014 cells analysis, data of 600 cells was 

randomly chosen from a dataset of 797 cells (286 MCF10A cells, 262 MDA-MB-231 cells, 249 

UCI-082014 cells). Upsampling was used to ensure equal number of datapoints for each class 

of cell. After upsampling, the final training dataset consists of data of 210 cells of each class. 

Similar to RBC-yeast analysis one-feature, two-feature, four-feature, and six-feature 

classifiers were implemented. A test dataset of 197 mixed cell types was used to test 

classifier performance.  

For analysis of two TNBC cell lines (MDA-MB-231 and UCI-082014), data of 400 cells 

was randomly chosen from a dataset of 510 cells (261 MDA-MB-231 and 249 UCI-082014). 

After upsampling, the training dataset contained 205 cells of each class, which was used to 

train one-feature, two-feature, four-feature, and six-feature classifiers. A dataset of 111 

mixed cell types was used to evaluate classifier performance.  

Classifier performance was evaluated using several performance metrics, namely 

training accuracy, test accuracy, precision, recall and F1-score. Training accuracy is defined 

as the number of correctly classified cells in the training model out of the total number cells 

used for training. Test accuracy measures how the model performs when it is exposed to an 

unknown data. It is calculated by dividing the correctly classified cells of the test data divided 

by the total number of cells in the test data. Precision represents the number of correctly 

predicted cells out of all the predicted cells and is calculated by the formula –  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Where TP and FP represent the number of true positive and false positive samples. 
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Recall or sensitivity is defined as the number of correctly predicted cells out of the actual 

number of cells and is calculated by the formula –  

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Where, FN represents the number of false negative samples. F1-score summarizes precision 

and recall into a single metric and is calculated by the formula –  

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2𝑃𝑅

𝑃 + 𝑅
 

2-D decision boundary plots were generated in Python using NumPy and matplotlib 

libraries. 
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Chapter 3 
 
 

A Low-Cost, Inkjet Printed Digital Microfluidic Platform for the 

Developing World 

 

3.1   Introduction 

The requirement of low-cost, automated and high-throughput analytical techniques 

has led to miniaturization of many conventional biochemical assays.[41,42] Miniaturization of 

analytical techniques has several advantages including low sample volume requirement, 

enhanced selectivity and sensitivity, reduced time for analysis and possibility of performing 

highly parallelized assays. Conventional diagnostic assays usually need few milliliters or 

hundreds of microliters of reagents. On the contrary, utilization of miniaturized diagnostic 

assays can reduce reagent consumptions by a factor of 103-104.[41,43] This can result in 

considerable savings for repetitive tests that are often performed in clinical diagnostic 

laboratories.[41] Apart from cost savings, miniaturized diagnostic assays are particularly 

helpful in situations where extracting large amounts of patient samples could be harmful to 

patient’s health. For example, the average total blood volume of newborn babies with 

iatrogenic anemia is usually 240 ml and can be very low (~60 ml) in extremely low birth 

weight (ELBW) newborns.[43] Traditional blood analysis methods require 0.5 to 2.5 ml per 

test and many days of testing may result in blood loss exceeding the circulating blood 
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volume, which could be fatal for ELBW newborns.[43] In such scenarios, miniaturized 

diagnostic assays utilizing nanoliters to few microliters may be lifesaving.  

 Microfluidic systems enable precise manipulation of fluids at the microscale, allowing 

highly parallelized experiments with low sample volumes, thus facilitating miniaturization 

of various biochemical assays.[44] Microfluidic systems are typically classified into two types, 

depending on the method used for fluid control – digital (droplet) microfluidics and 

continuous-flow microfluidics.[45] External pumps are usually used to pump the fluid through 

microchannels in continuous-flow microfluidic systems.[45] On the contrary, digital 

microfluidic (DMF) systems manipulate discrete, minute droplets within the microliter 

range or smaller.[45] DMF devices utilize electrical forces to manipulate droplets and do not 

need external pumps or complicated channel geometries to move liquid droplets across a 

surface/duct.[46] [49]. DMF platforms can be designed to move, mix and split droplets of 

different reagents allowing several biochemical assays to be performed on a single device, 

such as fluorogenic apoptotic assay,[47] protein detection assay[48] and enzyme-linked 

immunosorbent assays (ELISA).[49] 

 Specifically, electrowetting-on-dielectric (EWOD), a popular technique for DMF, has 

been utilized for a number of applications in biology and medicine.[45] EWOD devices consists 

of a base plate with a pattern of electrodes which are used to manipulate sessile droplets. 

The electrodes are covered with a dielectric layer, along with a hydrophobic layer on the top 

to increase droplet contact angle and decrease contact angle hysteresis.[50] When an electric 

field is applied between the electrodes and a conductive liquid (electrolyte), the surface 

tension of the solid-liquid interface decreases, which in turn decreases the contact angle and 

increases the surface wetting (Figure 3.1a, b). Due to this,  if the electrode directly below the 
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droplet is grounded and a voltage is applied to the adjacent electrode, the contact angle of 

the droplet near the actuated electrode is decreased resulting in asymmetric contact angles 

on both sides of the droplet. These asymmetric contact angles generate a force which is 

directed towards the energized electrode, moving the droplet from one electrode to another 

(refer appendix A (section A.1) for detailed theory of EWOD).[50] Figure 3.1c, d show the 

actuation of a droplet placed on an EWOD platform. The magnitude of contact angle change 

depends on the applied voltage and can be quantified by the Lippmann-Young equation 

(section appendix A (section A.1)). Electrowetting has been historically studied using bare 

electrodes, without a covering of insulative layer.[51] However, for practical applications, 

EWOD is usually preferred mainly because of two reasons – 1) The insulative layer prevents 

electrolysis and allows application of high voltages, resulting in stronger electrowetting 

force, 2) A thin hydrophobic layer can be deposited on the insulative layer which helps in 

reducing contact angle hysteresis, thus facilitating droplet motion from one electrode to 

another.[52] Additionally, the insulative and the hydrophobic layers make EWOD devices 

excellent platforms for performing for performing biochemical assays due to their robust 

and inert characteristics. This is apparent from all the EWOD-DMF based bioanalytical 

techniques reported in the literature. For example, Sista et al. developed a DMF platform for 

detection of cardiac troponin 1, which is a common cardiac biomarker released during 

myocardial necrosis.[53,54] Srinivasan et al. designed an EWOD-DMF platform for performing 

colorimetric enzymatic glucose assay on urine, plasma, serum and saliva.[55] Hua et al. 

developed an EWOD-DMF device for multiplexed, automated, real time polymerase chain 

reaction (PCR) assays.[56]  
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Moreover, EWOD-DMF platforms are well apt for point-of-care (POC) diagnostics. 

POC diagnostic devices should be portable, low-cost, and robust for regular use in resource 

limited settings.[53] EWOD-DMF platforms allow direct electrical manipulation fluids, 

eliminating the need of bulky mechanical pumps, thus enabling an integrated, portable, 

durable platform that can be combined with smartphone / tablet analysis for use at point-

of-care.[53] Furthermore, POC diagnostic devices should be able to perform a wide range of 

assays using wide range of reagents and sample types.[53] EWOD-DMF devices offer flexibility 

of performing wide range of experimental processes and can be used repeatedly for 

laboratory tests.[53] By using microcontrollers and software programs, electrodes can be 

programmed to switched on/off to manipulate discrete liquid droplets, which allows easy 

modification of assay protocols, without modifying the device design.[53] 

 Additionally, POC testing devices should be low-cost and should be mass produced 

easily and economically. However, conventional EWOD-DMF devices are manufactured in 

cleanroom with expensive, complicated, and time-consuming processes like optical 

lithography, thin-film depositions and etching.[57] This hinders cost-effective, economical, 

and large-scale manufacturing of EWOD-DMF devices, preventing their application towards 

POC diagnostics.  Clinical laboratories and hospitals, especially in low-income countries and 

resource-limited settings, often have a limited access to superior diagnostic facilities as well 

as skilled technical personnel.[58] Furthermore, diagnostic tests for specific diseases might 

not be available to a large amount of population in certain regions due to their high costs.[58] 

For example, according to the World Health Organization (WHO) statistics, more than 3 

million Tuberculosis (TB) cases remain undetected each year.[58] Approximately half of the 

children born to HIV positive mothers in 16 countries in sub-Saharan Africa are tested, and 
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in some areas, 1 in 10 HIV-infected children are screened.[58] Through these statistics, it is 

evident that low-cost, easily accessible POC diagnostic platforms are essential to improve 

healthcare in low-income countries and resource-limited settings. Thus, it is important to 

consider the availability of funding and infrastructure while designing and manufacturing 

EWOD-DMF based POC diagnostic platforms.  

Taking these into consideration, we have designed a new class of low-cost EWOD-

DMF devices that are portable, easily manufacturable, economical, rapidly tailorable and 

easily-integrable which makes them accessible and affordable for POC applications in low-

income countries. We utilize a low-cost, easily accessible, and scalable inkjet printing 

technology for fabrication of these EWOD-DMF devices. Our platforms are made of low-cost, 

flexible-inkjet-nanoparticle-printed (FINP) electronic apparatuses. We integrate our FINP-

DMF devices with a simple microcontroller circuitry, cellphone-based analysis and portable 

DC power source and demonstrate a fully portable platform for precise control and 

manipulation of discrete sample droplets. A smartphone camera is used to image the motion 

of droplets for offline analysis. However, there is a possibility of developing a mobile 

application for real-time analysis of smartphone images. Apart from being economical, 

compact, and user-friendly, our platforms can be used for performing repetitive tests in any 

clinical settings. Due to its economical and easy manufacturing procedure, our FINP-DMF 

platform can potentially improve healthcare in developing and low-income countries.  
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Figure 3.1: Concept of electrowetting-on-dielectric and design and fabrication 
procedure of FINP-DMF platform. (a) A droplet of an electrolyte sitting on an 
electrowetting on dielectric (EWOD) device. The dielectric layer prevents spontaneous 
charge accumulation at the surface at zero voltage. (b) When a voltage is applied, charges 
accumulate at the interfaces, which decreases the surface tension of the solid-liquid interface 
and the contact angle of the liquid. (c,d) Principle of droplet motion on the EWOD device. 
When the droplet is located on the boundary between the actuated and non-actuated 
electrode, the electrowetting force is applied on the contact line located above the actuated 
electrode, and the capillary force is exerted on the contact line located on the lyophobic 
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region. The resultant force is located towards the actuated electrode, and the droplet moves 
towards the actuated electrode. (e) The fabrication process of the flexible inkjet-
nanoparticle-printed digital microfluidic (FINP-DMF) platform. Electrode designs are drawn 
in the Inkscape software and then printed on a flexible PET substrate using a commercial 
office printer. The printed devices are then coated with a 1 µm parylene C layer. A 
hydrophobic layer of FluoroPel PFC-1101V is coated on the top of the device. (f) FINP-DMF 
platform with square electrode configuration (design A). Each electrode is 3 mm × 3 mm, 
and the gap between two adjacent electrodes is 200 µm. (g) FINP-DMF platform with 
interdigitated electrode configuration (designs B and C). The base size of the electrode is 3 
mm × 3 mm. The saw-tooth-like interdigitated features are 150 μm in width for design B and 
300 μm for design C. 

 

3.2   Results  

3.2.1   Platform Characterization  

 EWOD-DMF platforms should operate with minimum sample volumes, fast droplet 

response times, low power supply and a range of different sample solutions in order to 

perform a variety of biochemical assays. These platforms require many considerations to 

develop a system that is low-cost, dependable, easily manufacturable and generates accurate 

results in a short period of time. These considerations include appropriate electrode design 

and fabrication, suitable working parameters, and the ability to handle a range of 

physiological relevant reagents. For this purpose, we showed a simple and inexpensive 

printing of conductive ink-based electrode arrays onto flexible substrate (Figure 3.1e). These 

inkjet printed electrode patterns were fabricated within minutes using commercial office 

inkjet printer, eliminating the need for sophisticated microfabrication equipment (Materials 

and Methods). Due to the importance of electrode design in droplet movement efficiency, two 

types of electrode designs were tested. The first was a square electrode design (electrode 

design A) and the second was interdigitated electrode design (electrode design B and 

electrode design C, respectively). We chose to work with square and interdigitated electrode 
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designs as these have been widely used in many existing EWOD studies. [60,61] Design A 

(figure 3.1f) consists of an array of square-shaped electrodes, each with size 3mm x 3mm, 

with a gap of 200 μm between two adjacent electrodes. The interdigitated electrode design 

(design B and C, figure 3.1g) consists of an array of electrodes with base a base size 3 mm x 

3 mm, with saw-tooth like interdigitated features, which are 150 μm in width for design B 

and 300 μm in width for design C. The detailed dimensions of these designs are shown in 

figure 3.1g. The height of the printed electrodes was found to be ~300 nm. Additionally, the 

conductivity and resistivity of electrodes was measured to be 6.25 x 106 S/m and 1.6 x 10-7 

Ω.m, respectively. The value of measured sheet resistance was 0.5 Ω/sq.  

 First, initial characterization experiments were performed to find the proper working 

parameters and electrode design (voltage, droplet volume, different fluids) for rapid as well 

as effective manipulation and mixing of droplet suspensions, which were followed by 

experiments with more clinically relevant reagents. Initial experiments were performed to 

optimize the sample droplet volume. To move droplets continuously without any 

interruption on an array of electrodes, it is essential to use a droplet volume that not only 

covers the entire electrode directly beneath the droplet but also partially covers the adjacent 

electrodes. For the characterization of this work, three common buffers used in cell 

biological assays were used: DI water (buffer I), 1X phosphate-buffered saline (PBS, buffer 

II), and 5X PBS (buffer III). For these initial characterization experiments described within 

this section, buffer I was utilized. For all the experiments, droplets were placed on the FINP-

DMF platform using laboratory pipettes. Droplet volumes of 20, 30 and 40 μL of buffer I were 

actuated within printed electrode arrays. We observed that 20 μL droplets failed to cover 

adjacent electrodes, interrupting their motion on the electrode arrays whereas 30 and 40 μL 



 

48 
 

droplets were able to slightly overlap adjacent electrodes resulting in uninterrupted motion. 

To minimize the sample volume, which is a major requirement in most miniaturized 

platforms, we used 30 μL droplets for all the experiments described in this work.  

 Moreover, for most EWOD-DMF devices (e.g., EWOD-DMF devices for POC 

applications), it is necessary to have a system that is both effective and efficient, one that can 

rapid move droplets with ideally minimum power consumption. To find the optimum driving 

force for droplet movement in our platform, we tested five operating voltages of 30, 45, 60, 

75 and 90 V. No droplet motion was observed at the lowest actuation voltage of 30 V, while 

dielectric breakdown and hydrolysis was observed at the highest voltage of 90 V. However, 

proper actuation of droplets without dielectric breakdown or hydrolysis was achieved at 45, 

60 and 75 V. The effect of actuation voltage on the droplet contact angle also plays an 

important role in droplet movement, as it has been shown previously that larger differences 

between actuated and non-actuated droplet contact angles generate larger electrowetting 

forces, resulting in faster droplet motion.[59] The contact angle of the droplet upon actuation 

decreases with increasing actuation voltage according to the Young-Lippman equation. This 

trend was experimentally investigated and verified, as shown in figure 3.2e. A smartphone 

camera was used to record the droplet motion and its contact angle, upon actuation, was 

measured using ImageJ, an open-source image analysis software. This experiment was 

repeated for three devices for each value of actuation voltage. Our results show that when 

no voltage was applied, the average contact angle of the droplet was 104.3° (non-actuated 

contact angle) and for 45 V, the average contact angle decreased to 89.4°. Similarly, on the 

application of 60 V and 75 V, the average contact angles were observed to be 86.4° and 81.9°, 

respectively. The error bars, as shown in figure 3.2e represent the maximum and minimum 
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values of contact angle measurements obtained at each of the actuation voltages. 

Additionally, to maximize the sample processing speed in our platform, we investigated the 

effect of different actuation voltages on the droplet velocity to find the proper voltage for the 

expeditious movement of droplets. Figure 3.2c, d show the movement of a droplet under the 

influence of actuation voltages. Three devices were tested, and the measured average 

velocities of droplets were found to be 0.23, 7.4 and 44.9 mm/s at actuation voltages of 45, 

60 and 75 V, respectively (figure 3.2f). The error bars in the figure denote the maximum and 

minimum values of measured velocities at each actuation voltage. The relationship between 

droplet velocity and actuation voltage resembles a parabola (figure 3.2f), which agrees with 

previously reported work,[59]  where it was shown that the linear droplet velocity varies with 

the square of the actuation voltage.[59] Furthermore, the electrowetting force at all the three 

functional actuation voltages (45, 60 and 75 V) was calculated as shown in figure 3.2g. The 

electrowetting force was observed to increase with increasing actuation voltage. At 45 V, the 

force was found to be 55 μN, at 60 and 75 V, it was found to be 66 μN and 84 μN, respectively.  

The increase in electrowetting force with respect to actuation voltage explains the increasing 

trend of linear droplet velocity. As the maximum droplet velocity and electrowetting driving 

force were observed at 75 V, this voltage was selected as the optimum value to perform all 

the experiments to ensure rapid droplet response and faster biochemical assays. For all 

further experiments, we used an actuation voltage of 75 V. 

 EWOD-DMF devices should be capable of performing high-throughput biochemical 

assays for practical and clinical applications. Thus, it is important to appropriately consider 

electrode designs that produce controlled and rapid droplet movement so that numerous 

assay reactions and results can be attained quickly. Considering this, we investigated the 
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effect of different electrode configurations on linear droplet velocity. To determine the best 

geometry for maximum droplet speed and efficient manipulation, different electrode designs 

capable of providing high droplet velocity were designed and tested (A, B and C, figure 3.1f, 

g). For these experiments, droplets were placed on one electrode and actuated to the 

adjacent electrode. A smartphone camera was used to record the droplet motion. Using 

image analysis, the linear droplet velocity was extrapolated by dividing the distance traveled 

by the droplet (length of the electrode plus gap) by the time required for the droplet to move 

from one electrode to another. Figure 3.2h shows the bar plot of the linear droplet velocity 

of all three electrode designs. It shows that the droplet velocity was highest for design B 

(44.87 mm/s), followed by design C (30.43 mm/s), and lastly, design A (22.85 mm/s). For 

interdigitated electrode designs, such as B and C, it has been previously observed that linear 

droplet velocity is higher than that on the square electrodes. Our observations are consistent 

with this previously observed phenomenon.[62] A higher velocity on interdigitated electrode 

designs (B and C) compared to square electrode design (A) is attributed to increased length 

of the contact line between the droplet and the actuated electrode, which generates higher 

driving force.[62] The difference between linear droplet velocities on design B and C can be 

explained by the fact that both designs have slightly different electrode designs (B has five 

and four fingers on opposing electrode pair; C has four and four fingers on opposing 

electrode pair) and thus, the increased length of the contact line of B, lends to a higher 

droplet velocity. Since, higher droplet velocities were observed on interdigitated electrode 

designs (B and C), we chose to work with these designs for our further experiments. 
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Figure 3.2: FINP-DMF biochip characterizations. (a) Side view of the droplet with zero 
voltage as taken by a smartphone camera. The contact angle of the droplet is greater than 
90° because of the underlying hydrophobic coating. (b) Side view of the droplet at an 
actuation voltage of 75 V as taken by a smartphone camera. The contact angle decreases due 
to the decrease in the solid–liquid surface tension. (c) Image showing a droplet placed on the 
FINP-DMF platform. (d) When the adjacent electrode is actuated, the droplet moves towards 
the actuated electrode. (e) Graph showing the variation of actuated contact angle with 
actuation voltage. (f) Graph showing variation of linear droplet velocity with the actuation 
voltage. (g) Graph showing the variation of calculated electrowetting force with the actuation 
voltage. (h) Bar graph showing the linear droplet velocity on electrode designs A, B and C. 

 

Additionally, for performing biochemical assays on EWOD-DMF devices, droplets of 

different reagents are often dispensed from different sites on the device, moved towards 

each other, and made to coalesce to mix both the reagents. For example, Ng et al. reported a 

proof-of-concept EWOD-DMF platform for performing a rubella virus (RV) IgG 
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immunoassay.[63] RV IgG antibodies were detected using an indirect ELISA involving several 

droplets mixing steps to capture the IgG antibody and incorporate chemiluminescent labels 

to the sample. Droplet mixing is thus a crucial operation that needs to be performed on 

EWOD-DMF devices for performing point-of-care biochemical assays and diagnostic tests, 

To characterize the mixing of two droplets on our FINP-DMF platform, we performed proof-

of-concept experiments with droplets colored with different dyes and mixed them using the 

FINP-DMF platform, where the distinct color droplets served as models for different 

reagents. We initially studied the effect of electrode geometry on droplet mixing by 

performing mixing experiments with the square electrode design (design A, shown in figure 

3.1f) and an interdigitated electrode design (design C, shown in figure 3.1g). Figure 3.3c–e 

show the mixing of blue and yellow droplets on a square electrode design (design A), 

and figure 3.3f–h show the mixing of red and yellow droplets on the interdigitated electrode 

design (design C), under the actuation of 75 V. Furthermore, the level and rate of mixing 

achieved is of equal importance in biochemical assays. EWOD-DMF devices must ensure that 

two droplets mix completely and homogeneously in a short period of time. Mixing of droplets 

is dominated by diffusion because of their laminar state, which is a slow process. Hence, it is 

necessary to quantify the level and rate of mixing to meet the assay design objectives of rapid 

and complete mixing. To characterize the rate of mixing in our FINP-DMF platform, we 

calculated the relative mixing index (RMI) previously described in the literature,[64] for both 

design A and C. We performed image analysis using MATLAB and calculated the percentage 

of mixing (level of mixing) using the mathematical formula for relative RMI (defined 

in Appendix A (section A.2)). A 12-megapixel, 30 fps smartphone digital camera fixed on a 
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tripod holder was used to perform the imaging. A 150 W halogen variable intensity fiber 

optic light source was used for illuminating the device.  

 

Figure 3.3: Characterization of droplet mixing on FINP-DMF biochip. (a) Percentage 
mixing versus time for mixing of blue and yellow droplets as calculated from the relative 
mixing index. (b) Percentage mixing versus time for mixing of yellow and red droplets as 
calculated from the relative mixing index. The error bars indicate standard deviations. (c) 
Position of blue and yellow droplets at time (t) = 10.6 s on interdigitated electrode 
configuration. The initial volume of both the droplets is 30 μL. (d) The blue droplet moves 
towards the yellow droplet and starts merging with it (t = 10.7 s). (e) Mixing of blue and 
yellow droplet yields a green-colored droplet (t = 18 s). (f) Position of yellow and red 
droplets at t = 5.4 s on square electrode configuration. The initial volume of both the droplets 
is 30 μL. (g) Yellow droplet moves towards the red droplet and starts merging with it (t = 5.7 
s). (h) Yellow and red droplets mix with each other to yield a single droplet (t = 13 s). 
 

Figure 3.3a shows the graph of mixing percentage versus time for design A (figure 3.3c–e). It 

was observed that mixing percentage rapidly increased with time within the first one or two 

seconds and remained almost constant thereafter. The rate of mixing at any given time can 

be found by calculating the slope of the curve at that time point. The maximum slope was 
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observed between 0 s to 1 s, and the rate of mixing (slope) within this time interval was 

found to be 60%/s. A similar trend was observed for mixing on electrode design C (figure 

3.3f–h), where the percentage mixing increased rapidly within the first second and then 

remained almost constant for the rest of the time duration (figure 3.3b). The maximum slope 

(rate of mixing) was observed in 0 s to 1 s and was calculated to be 78%/s. The higher slope 

of the curve (rate of mixing) for design C, compared to design A, may be due to the to higher 

linear droplet velocity on interdigitated electrode configuration, which enhances the natural 

oscillations of the droplet during its coalescence, resulting in rapid diffusion and mixing. The 

mixing percentage can be improved by employing other methods such as moving the droplet 

rapidly back and forth or agitating the droplet with acoustic waves, 

After investigating the effect of different parameters on moving and mixing of 

droplets, we demonstrated the utility of our platform to perform integrated droplet 

movement and sequential mixing operations. A 30 μL yellow droplet was initially placed on 

the top right corner electrode, and a blue and a red-colored droplet were placed on the 

bottom left and right corner electrodes, respectively. While keeping the red droplet 

stationary, the yellow droplet was manipulated by applying the actuation voltage to the 

adjacent upper electrodes and grounding the electrode on which the droplet currently 

resides. By sequentially applying voltages in this way, the yellow droplet was moved from 

the top right corner towards the bottom right corner electrode, where it was mixed with the 

red colored droplet. This resultant droplet mixture was then moved towards the bottom left 

corner, where it was mixed with a blue-colored droplet. Figures 3.4a–h show time sequence 

images of simultaneous movement and mixing using design C of the FINP-DMF platform. 

These experiments demonstrated the capability of our FINP-DMF platform to manipulate 
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multiple droplets and perform different mixing and movement operations, which is often A 

requirement in digital biochemical assays. 

 

Figure 3.4:  Sequence of images showing the motion and mixing of droplets on the 
FINP-DMF platform with interdigitated electrode design (design C). (a) Position of 
yellow, red and blue droplets at time (t) = 3.6 s. Initial volume of all droplets is 30 μL. (b) 
Position of droplets at t = 3.7 s. (c) Position of droplets at t = 4.9 s. (d) The yellow droplet 
moves towards the red droplet and starts merging with it (t = 5.7 s). (e) Yellow and red 
droplets mix with each other to yield a single droplet (t = 23.9 s). (f) The yellow–red droplet 
mixture then moves towards the adjacent electrode (t = 24.2 s). (g) Position of the blue 
droplet and yellow–red mixture droplet at t = 27.6 s. (h) The yellow–red droplet mixture 
moves towards the blue droplet and mixes with it (t = 37.1 s). 
 

3.2.2   Platform Characterization for clinically relevant reagents 

Next, we tested the functionality of our FINP-DMF platform to work with pseudo 

biospecimen regents. A variety of conductive media, such as phosphate saline buffer, lysis 

buffer and ethylene diamine tetra acetic acid (EDTA) are often used in several biochemical 

assays. As a result, for biochemical assays and POC applications, EWOD-DMF devices must 

be robust and operate with a range of different reagents. To demonstrate the utility of our 

platform with such physiological conductive buffers, we performed experiments with a 
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variety of liquids commonly used in biochemical assays, including buffer I (DI water), buffer 

II (1X PBS) and buffer III (5X PBS) solutions. In particular, the linear droplet velocity of all 

the three buffers at different actuation voltages was evaluated, with the main aim of 

investigating the effect of buffer conductivity on droplet velocity. Figure 3.5a shows the bar 

plot of linear droplet velocity of buffer I (conductivity ~0.055 μS/cm), buffer II (conductivity 

~15 mS/cm) and buffer III (conductivity ~75 mS/cm), at three different actuation voltages. 

It was observed that at any given actuation voltage, the linear droplet velocity was highest 

for buffer III, followed by buffer II and buffer I. In one of the previous studies, it has been 

observed that the electrowetting force increases with liquid conductivity.[65] Though the 

physics is still not well developed, it is theorized that higher conductivity liquids provide 

more charge to be produced at the solid–liquid interface and results in reduced surface 

tension. This is most likely the reason why highest droplet velocity was observed for buffer 

III and the lowest droplet velocity was observed for buffer I. 

 Biochemical assays often require manipulation, mixing and dilution of biological 

specimen samples, such as cell or DNA samples diluted with lysing buffer. Hence, we also 

examined the utility of our FINP-DMF device to manipulate and mix pseudo biospecimen 

suspensions and reagent and generate diluted suspensions. For this, we manipulated a 

concentrated solution of 10 μm polystyrene (PS) beads (SPI supplies, USA) sample, where 

beads were used as models of cells. A 10 μL droplet of a concentrated (40,000 beads/μL) PS 

beads solution was placed on the leftmost electrode and a 30 μL water droplet was placed 

on the rightmost electrode on our FINP-DMF platform (figure 3.5b). We then moved the 

droplet towards the bead solution and mixed it to generate a diluted bead droplet with a 

concentration of 10,000 beads/μL (figure 3.5c, d). We then placed a second 10 μL 
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concentrated bead droplet (40,000 beads/μL) on the rightmost electrode (figure 3.5e) and 

moved the previously generated diluted bead droplet towards the concentrated bead droplet 

where it was mixed. This resulted in a droplet with a new concentration of 16,000 beads μL 

(figure 3.5f, g). These results demonstrated the utility of our FINP-DMF platform to move 

and mix droplets of different concentrations. Thus, our FINP-DMF device could potentially 

be useful for performing various kinds of sample preparation and dilution steps for 

diagnostic tests. 

 

Figure 3.5: FINP-DMF biochip characterization for clinically relevant reagents. (a) 
Graph showing a variation of linear droplet velocity at different actuation voltages for buffer 
I, buffer II and buffer III droplets. (b) Position of concentrated bead solution droplet (10 μL) 
and buffer I droplet (30 μL) at time (t) = 9 s. (c) Buffer I moves towards the adjacent electrode 
(t = 12 s). (d) Buffer I moves towards the bead solution and mixes with it (t = 18 s). (e) A 10 
μL bead solution droplet is again placed on the rightmost electrode (t = 24 s). (f) Mixture of 
bead solution and buffer I moves towards the right electrode (t = 28 s). (g) The droplet 
mixture mixes with the new bead droplet on the rightmost electrode (t = 36 s). 
 

3.2.3   Portable FINP-DMF platform   

For POC applications, EWOD-DMF devices should be miniaturized, inexpensive, 

portable, and user-friendly for rapid and thorough assay-processing performance on a single 



 

58 
 

device. A commercially available experimental setup, consisting of a laboratory DC power 

supply and high voltage amplifier (figure 3.6a), were used for the experiments described so 

far. However, this type of control system has large dimensions and weight. For example, the 

laboratory DC power supply and high voltage amplifier would fit in a box of dimensions 10 

inches × 10 inches × 6 inches and would weigh 11 lbs. For most applications, a much smaller 

and lighter system is desired where the platform can be easily handled and transported in 

resource-limited settings. To miniaturize and automate our FINP-DMF platform, we 

developed a portable, automated, and lightweight control system for the manipulation of 

droplets. The portable platform consists of two 9 V alkaline batteries, a miniaturized step-up 

DC–DC converter (NCH6100HV high voltage DC power supply), an Arduino ATMEGA 2560 

microcontroller and Arduino-compatible relay modules (switching time: 5 ms) for precisely 

switching electrodes on/off. The step-up DC–DC converter needs a DC input ranging from 

12–24 V and provides a DC output in the range 85–235 V. The series combination of two 9 V 

batteries supply 18 V as input to the DC–DC converter, which in turn provides an output of 

approximately 127 V. To avoid any damage to our devices during experiments, the voltage 

was lowered to 75 V using a voltage divider circuit constructed from an appropriate 

combination of resistors. Arduino IDE software was used to program the switching circuit. 

The relays were switched “on” for 3 s so that the droplet moved from one electrode to 

another and then switched “off.” After a delay of 500 ms, the relays were again switched “on” 

to move the droplet over the electrodes in a sequence. Figure 3.6b shows the schematic of 

the portable circuit, which is a miniaturized and compact system compared to the bulky 

control circuit shown in figure 3.6a, and fits in a smaller 7 inches × 3 inches × 3 inches box 

and weighs about 2 lbs. Preliminary experiments with our battery-powered portable circuit 



 

59 
 

have shown that we can successfully manipulate buffer I droplets of 30 μL at a driving voltage 

of 75 V. By reducing the size FINP-DMF system, we have demonstrated that we can 

successfully automate the process of manipulating droplets and easily program the platform 

to potentially perform a wide variety of assays. 

 

Figure 3.6: Schematic of bulky and portable control circuitry of FINP-DMF platform. 
(a) Schematic of a bulky control circuitry, a laboratory DC power supply along with a high 
voltage amplifier. (b) Schematic of the portable control circuitry. Two 9 V batteries in series 
are used with the miniaturized high voltage, step-up DC–DC converter (HV), along with the 
microcontroller (MC), and relay circuitry to create a lightweight and compact version of 
control circuitry for switching electrodes on and off. 
 

3.3   Discussion  

Ever since the discovery of the EWOD,[66] several EWOD-based DMF platforms have 

been reported in the literature for a variety of applications such as dried blood spot (DBS) 

analysis,[67] single molecule detection[68] and microRNA analysis. However, the majority of 

the platforms reported in the literature are manufactured using expensive and complicated 
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cleanroom procedures.[69,70,71] As an example, the DMF platform used for DBS analysis was 

fabricated in a cleanroom using complicated, time-consuming and expensive processes like 

photolithography and etching.[67] However, it is extremely difficult to establish such facilities 

in developing countries. As mentioned in chapter 2, it generally costs about US $2000 per 

square foot for building a class-10 cleanroom and incurs an operating cost of US $1 million 

per year.[19] These numbers show how expensive and difficult it is to set up and operate a 

cleanroom and emphasize the need for cleanroom-free manufacturing methods for DMF 

devices to enable their widespread use, especially in developing countries. Our FINP-DMF 

platforms could potentially provide a cleanroom-free solution for manufacturing low-cost 

DMF platforms for various biochemical assays and POC diagnostics. Using just a commercial 

office inkjet printer, electrode patterns for hundreds of DMF devices can be printed within 

minutes. Our technique can not only potentially reduce the cost and increase production 

throughput but can also make these devices easily accessible to people in developing 

countries. Clinical or research laboratories in developing countries often lack essential 

facilities. Using a commercial office inkjet printer, which is generally available everywhere, 

FINP-DMF platforms can be quickly prototyped in such regions. Such platforms can 

potentially be prototyped in schools or educational institutions to teach students and 

encourage them to innovate, as they require minimal fabrication resources. Moreover, our 

low-cost, inkjet printed electrode fabrication method could also be used for developing other 

types of miniaturized devices such as single cell impedance cytometry platforms[72] and 

dielectrophoretic cell separation devices.[73] 

Many applications, including biochemical assays for point-of-care applications, 

require a more portable and compact control circuitry considering the limitations in space, 
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funding and cost. To increase the portability of the platform and reduce the cost, we 

transitioned to a portable, lightweight and low-cost control circuit consisting of two 9 V 

batteries, a miniaturized step-up DC–DC converter that supplies the actuation voltage, along 

with Arduino microcontroller and relays. The microcontroller and the Arduino IDE software 

allow easy programming the droplet motions on the platform, which can be used to develop 

pre-programmed assays. This functionality reduces the dependency on skilled technicians, 

as the programmed platform can perform assays, and directly deliver the results to the end-

users. Moreover, instead of using a computer to program the microcontroller, a similar 

smartphone-based application for controlling the FINP-DMF platform could also be 

developed to make the system more compact. Furthermore, using powerful cloud 

computing, such a smartphone-based application results could be accessible to clinicians. 

This would particularly benefit patients in low-resource settings, where access to clinicians 

is limited, as they can consult a clinician in a remote city by directly sharing the assay results 

over the cloud. In this study, we recorded droplet motion with a smartphone camera for 

offline analysis. However, a smartphone application for real-time image analysis, 

particularly for assays like ELISA could potentially be developed. 

Actuation voltages in EWOD devices depend on the dielectric constant of the 

insulative layer as well as its thickness. In this work, we used a 1 μm thick Parylene C 

insulative layer and achieved the optimum actuation voltage of 75 V. However, actuation 

voltages may be lowered further by using another insulating material of lower thickness and 

higher dielectric constant (e.g., barium strontium titanate (BST)).[74] 

Some research groups have previously reported inkjet printed DMF platforms for 

other applications. Dixon et al. reported an inkjet printed, roll-coated DMF platform for 
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performing miniaturized diagnostic assays.[57] Although the performance of their device was 

on par with conventional DMF devices, one major drawback with their technique is that it 

takes more than one day to complete fabrication as the inkjet printed electrodes need to be 

dried overnight after printing and before coating the dielectric and hydrophobic layer.[57] 

Compared to their approach, our inkjet printing technique is rapid (approximately 5 min), 

and the electrodes can be coated with the dielectric and hydrophobic layer immediately after 

printing. This saves time and enables mass production of FINP-DMF devices within a short 

time. Considering the low-cost, ease of manufacturing, portability, and the capability of using 

it with a smartphone, we envision our FINP-DMF platform to have a potential impact in the 

field of DMF-based POC diagnostics. 

 

3.4   Materials and Methods 

Fabrication of FINP-DMF electrodes : Inkscape software is used to draw the electrode 

array designs of EWOD-DMF platforms. Two types of electrode designs were fabricated -

square electrode configuration (design A) and interdigitated electrode configuration (design 

B and C). Design A contains an array of square-shaped electrodes (3mm x 3mm) separated 

by a 200 μm gap between the two electrodes. Designs B and C consists of electrodes with a 

base size of 3 mm x 3 mm with saw-tooth like interdigitated features of width 150 μm and 

300 μm, respectively. A commercial office inkjet printer (Epson XP 440), silver nanoparticle 

ink and a flexible, microporous polyethylene terephthalate (PET) substrate is used to print 

the electrode designs. Printer cartridges filled with silver nanoparticle ink are installed in 

the printer. The PET substrate is inserted in the paper slot of the printer and electrode 
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designs are printed on to it within minutes. The designs are then cut-out from the flexible 

substrate and 1 μm thick layer of Parylene C is deposited onto the electrode arrays using a 

Parylene coater (PDS2010 LABCOATER2). The Parylene-coated device is then secured to a 

silicon wafer with a double-sided tape and is placed in a spin-coater. A hydrophobic solution 

of FluoroPel-PFC 1101V (Cytonix, USA) (1% Fluoropolymer solution) is spin-coated onto the 

device at 1500 rpm for 30 sec. The device is then heated on a hot plate to cure the 

fluoropolymer solution for 15 min at 1200C. The hydrophobic fluoropolymer solution 

reduces contact angle hysteresis and facilitating a smooth droplet movement under the 

influence of the electrowetting force. The fabrication procedure is rapid, economical, and 

straight-forward compared to conventional cleanroom fabrication processes. The minimum 

size of the features obtained by inkjet printing depends on the printer nozzle size. In this 

case, we could achieve a minimum feature size of 150 μm and a minimum gap of 125 μm 

between two features.  

 

Smartphone imaging of droplet motion: We used a smartphone camera (12-megapixel, 

30 fps) to record the videos of droplet movement on our FINP-DMF platform. The 

smartphone was fixed on a tripod holder for the duration of imaging and the device was 

illuminated with 150W halogen fiber optic light source.    

 

Electrical control circuitry for droplet manipulation: To manipulate the droplets with 

the bulky control circuit, the output of the DC power supply is connected to the input of the 

high voltage amplifier (voltage gain: 50). Two probes are connected to the output of the 

amplifier. These two probes are used to manually apply actuation voltage to the electrodes 
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to move the droplets in a sequence. To automate and miniaturize this platform, we used 

Arduino ATMEGA 2560 microcontroller, electromechanical relays, a miniaturized step-up 

DC-DC converter (input range: 12-24 V, output range: 85-235V) and two 9V alkaline 

batteries. These components are connected to each other on a breadboard and the Arduino 

microcontroller is connected to a computer using a USB cable (refer Appendix A (section A.3) 

for the detailed circuit diagram). Conductive copper tapes are used to connect the portable 

circuit wires to the electrode pads. Arduino IDE software is used to control the timing and 

state of relays (i.e. ON / OFF).  

 

Analysis of droplet motion videos: To analyze the motion of droplets recorded on the 

smartphone camera, the videos are first exported to MATLAB (MathWorks, USA) and all the 

frames are extracted as separate image files. These files are then exported to ImageJ, an open 

source image analysis software for analysis. To calculate the velocity of droplet motion, the 

number of frames required for moving the droplet from one electrode to another are 

calculated. This number is then divided by the frame rate of the recorded videos to calculate 

the total time required for moving the droplet from one electrode to another. This calculated 

time is then used to calculate the velocity of the droplets. Contact angle of the droplets are 

calculated using the built-in angular measurement tool of ImageJ.  
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Chapter 4 

Summary 

 In this study, we presented novel, low-cost, inkjet printed platforms for microfluidic 

impedance flow cytometry and digital microfluidics. In particular, in chapter 2, we presented 

a low-cost reusable, inkjet printed microfluidic impedance flow cytometry platform (ML-

assisted FINP-μIFC biochip) and demonstrated its utility to identify and classify different cell 

types in combination with supervised machine learning. Our biochip measures impedance 

signatures of single cells as they pass through the sensing region. For each single cell passing 

through the sensing region, six significant features (Δ|Φ|, Δ|Z|, Δ|Zimg|, Δ|Zreal|, Δ|Iimg| and 

Δ|Ireal|) are extracted. Then, quadratic discriminant analysis, a type of supervised machine 

learning algorithm is used to build classifiers using one, two, four and six training features 

extracted from our biochip. Using this technique, initially, we demonstrated perfect 

discrimination of two completely different cell types (i.e. RBCs vs. yeast cells). We then used 

this technique to discriminate non-cancerous cells (MCF10A) from cancerous cells (MDA-

MB-231 and UCI-082014). Our results showed an exceptionally reliable classification of 

these cell types, demonstrating the utility of our biochip to identify cancerous and non-

cancerous cells, which could potentially have applications in cancer diagnosis. Moreover, we 

also implemented QDA classifiers to identify and classify two similar cancer cell types (MDA-

MB-231 and UCI-082014 cells), to demonstrate the utility of our platform to identify tumor 

sub-cell populations. Our results indicated that our biochip could identify and classify two 
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similar cancer cell lines with high reliability showing its utility for tumor heterogeneity 

studies. One of the major advantages of our ML-assisted FINP-μIFC biochip is its easy and 

cost-effective fabrication method. The electronic apparatus used in conventional μIFC 

platforms are manufactured in cleanrooms with expensive microfabrication processes and 

skilled technicians, making it difficult to fabricate such platforms in resource-poor regions. 

On the contrary, our biochip is made of silver nanoparticle-inkjet-printed electronic 

apparatus, which can be easily manufactured by a minimally trained with an access to a 

computer and an office inkjet printer in resource-limited settings. Another advantage is the 

usage of machine learning algorithms for data analysis which provides the opportunity for 

automating the data analysis process to directly deliver the results to end-users, thus 

reducing the dependency on skilled data analysis technicians. Our ML-assisted FINP-μIFC 

biochip, with its capability to precisely identify and classify different cancer cells, can 

potentially have applications in POC cancer diagnosis and tumor heterogeneity studies.  

 In chapter 3, we presented an inexpensive, inkjet printed, and reusable digital 

microfluidic biochip for performing point-of-care biochemical assays and sample 

preparation steps in low-income and developing countries. The electrode arrays used in 

conventional DMF devices are usually made in a cleanroom with expensive microfabrication 

processes such as lithography, depositions, and etching. However, such high-end cleanroom 

facilities are difficult to establish in developing countries due to their high capital 

investment, operating and maintenance cost. These challenges prevent the fabrication of 

DMF platforms in developing countries where they are most needed for point-of-care 

applications. To address these challenges and to make such platforms affordable and 

accessible to people in developing countries, we demonstrated fabrication of DMF biochips 
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using silver nanoparticle-inkjet-printing technique.  Our biochips (known as FINP-DMF 

biochips) can be manufactured anywhere with a commercial office inkjet printer, by a 

minimally trained user. Using an insulative layer of Parylene C and a hydrophobic coating of 

a fluoropolymer, we demonstrated precise movement and manipulation of discrete droplets. 

We performed several characterization experiments to find optimum working parameters 

(droplet volume, actuation voltage, different designs) for our FINP-DMF biochip. In 

particular we studied the effect of actuation voltage on droplet velocity, electrowetting force 

and contact angle. We also compared droplet velocities on different electrode designs 

(square vs. interdigitated electrodes) and observed highest droplet velocity on interdigitated 

electrode design. We then demonstrated the utility of our biochip to mix droplets of different 

reagents using different dye-colored water droplets as a model of study. For these 

experiments, the level and the rate of mixing on square and interdigitated electrode designs 

were analyzed and a higher rate of mixing was observed on interdigitated electrode designs. 

We then successfully demonstrated the utility of our platform to perform integrated droplet 

movement and mixing operations, which is often a requirement for digital biochemical 

assays. To demonstrate the utility of our platform to work with physiologically relevant 

reagents, we performed experiments with 1X and 5X PBS, which are commonly used buffers 

in biochemical assays. Our results demonstrated that our platform could successfully 

manipulate the droplets of these reagents, which showed that our platform could be useful 

in performing biochemical assays. Furthermore, we also successfully demonstrated a proof-

of-concept sample dilution experiment with our FINP-DMF platform using polystyrene bead 

solution and DI water. Lastly, we demonstrated a fully miniaturized, portable, light-weight 

battery powered FINP-DMF platform using a combination of Arduino microcontroller, 
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relays, miniaturized step-up DC-DC converter and 9V alkaline batteries. This portable FINP-

DMF platform can be pre-programmed using Arduino IDE software and can perform 

automated droplet movement and mixing steps. Such a portable, programmable FINP-DMF 

platforms can be used for performing numerous, pre-programmed biochemical assays in 

low-resource settings. Owing to its low-cost, easy fabrication method, portability and 

programmability, out FINP-DMF platforms could be potentially useful for performing point-

of-care biochemical assays in developing countries. 

 Our inkjet printed, low-cost, reusable ML-assisted FINP-μIFC biochip and FINP-DMF 

biochip, described herein, could potentially be a game-changer in point-of-care diagnostics 

and single cell analysis, especially in resource-limited settings and developing countries.  
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Appendix A  

A.1 Theory of electrowetting and electrowetting-on-dielectric (EWOD)  

When a voltage is applied between a metal-electrolyte interface, charges are 

redistributed and get accumulated at the solid-liquid interface, resulting in the formation of 

an electrical double layer, which leads to a change in the surface energy of solid-liquid 

interface.[75] Like charges accumulated at the solid-liquid interface repel each other which 

reduces the work required to expand the surface area, decreasing the associated surface 

tension, which changes the contact angle of the droplet.[75] This phenomenon is known as 

electrowetting.[51] The mathematical relationship between applied electric potential and 

contact angle is given by the Young-Lippmann equation. This equation can be derived using 

three different approaches – the classical thermodynamic approach, energy minimization 

approach and electromechanical approach. Here, the classical thermodynamic approach is 

presented in detail, while the other two approaches can be found elsewhere.[59] 

 

3.1.1   The classical thermodynamic approach  

Consider a droplet of an electrolyte placed on a smooth metal surface. The metal 

surface is in direct contact with the electrolyte. Consider a small potential difference applied 

between electrolyte-metal interface such that no redox reactions take place on the 

surface.[59] The application of electrical field leads to the formation of electrical double layer 

(EDL) in the liquid near the metal surface.[59] The mathematical relationship between surface 

tension, surface charge distribution and electrical potential can be derived from the Gibb’s 

interfacial thermodynamics,[59] which leads to the following equation -  
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−𝜌𝑆𝐿 =
𝑑𝛾𝑆𝐿

𝑒𝑓𝑓

𝑑𝑉
      (1) 

𝛾effSL is termed as the effective surface tension of the solid-liquid interface, ρSL is the electric-

field induced surface charge density at the solid-liquid interface and V is the electric 

potential.[59] If we assume that ions in the EDL are located at the fixed distance dH (usually in 

the order of few nanometers) from the surface, we can consider EDL to have a fixed 

capacitance (Helmholtz layer capacitance) per unit area[59] and can be written as :  

𝐶𝐻 =
𝜖0𝜖𝑙

𝑑𝐻
      (2) 

𝜖0 is the vacuum permittivity, 𝜖l is the relative permittivity of the liquid. Next, we integrate 

equation 1, which yields –  

𝛾𝑆𝐿
𝑒𝑓𝑓(𝑉) = 𝛾𝑆𝐿 − ∫ 𝜌𝑆𝐿𝑑𝑉      (3)

𝑉

𝑉𝑝𝑧𝑐

 

Furthermore, the mathematical relationship between CH, ρSL and V can be given by equation 

4:[59]  

𝐶𝐻 =
𝑑𝜌𝑆𝐿

𝑑𝑉
      (4) 

Integration of equation 4 and combining it with equation 3 yields:  

𝛾𝑆𝐿
𝑒𝑓𝑓

=  𝛾𝑆𝐿 − ∫ 𝐶𝐻𝑉𝑑𝑉 =  𝛾𝑆𝐿 −
𝐶𝐻

2
(𝑉 − 𝑉𝑝𝑧𝑐)

2
      (5)

𝑉

𝑉𝑝𝑧𝑐

 

Vpzc represents the potential at zero charge. When a solid is immersed in an electrolyte at 

zero voltage, spontaneous charges accumulate at the solid surface. Vpzc represents the 

voltage required to compensate this spontaneous process.[59] The term V in equation 5 

represents the voltage of the electrode relative to a reference electrode. Here, the 
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assumption is that most of the voltage drop occurs across EDL and there are no ohmic losses 

in the liquid.[59] Next, we write the Young’s equation at zero potential and at potential V: 

𝛾𝑆𝐺 − 𝛾𝑆𝐿 =  𝛾𝐿𝐺 𝑐𝑜𝑠𝜃0      (6) 

𝛾𝑆𝐺 − 𝛾𝑆𝐿
𝑒𝑓𝑓(𝑉) = 𝛾𝐿𝐺  𝑐𝑜𝑠𝜃      (7) 

Here, 𝜃 and 𝜃0 represent the contact angles after and before actuation, respectively. On 

subtraction of equation 6 and 7 and substitution of equation 5, we get: 

𝑐𝑜𝑠𝜃 = 𝑐𝑜𝑠𝜃0 +
𝐶𝐻

2𝛾𝐿𝐺
(𝑉 − 𝑉𝑝𝑧𝑐)

2
      (8) 

In an electrowetting-on-dielectric (EWOD) configuration, EDL forms at the surface of the 

insulative layer.[59] EDL can thus be considered to be in series with the dielectric layer. The 

capacitance of the dielectric layer can be written as:  

𝐶𝐷 =
𝜖0𝜖𝐷

𝑑
      (9) 

Here, d is the thickness of the dielectric layer, 𝜖d is the relative permittivity of the dielectric 

layer. Since dH (which usually in the order of few nanometers) << d (which usually in 

micrometer range) and 𝜖D << 𝜖l, CD << CH. The series equivalent capacitance of the system  

𝐶𝑒𝑞 =
𝐶𝐷 ∗ 𝐶𝐻

𝐶𝐷 + 𝐶𝐻
     (10) 

can be approximately written as Ceq = CD. Hence, most of the voltage drop in EWOD devices 

occurs in the dielectric layer and the voltage drop across the EDL can be neglected.[59] 

Equation 5 can thus be modified as:  

𝛾𝑆𝐿
𝑒𝑓𝑓(𝑉) =  𝛾𝑆𝐿 −

𝐶𝐷

2
𝑉2 =  𝛾𝑆𝐿 −

𝜖0𝜖𝐷

2𝑑
𝑉2      (11) 
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It has been assumed here that the dielectric layer does not give rise to a spontaneous charge 

at the surface and thus Vpzc has been neglected.[59] On combining Young’s equation with 

equation 11, the Young-Lippmann equation for EWOD can be expressed as:  

𝑐𝑜𝑠𝜃 = 𝑐𝑜𝑠𝜃0 +
𝐶𝐷

2𝛾𝐿𝐺
𝑉2      (12) 

The term 
𝐶𝐷

2𝛾𝐿𝐺
𝑉2 is called the electrowetting number (ƞ).  

 

3.1.1   Electrowetting force and droplet motion on EWOD platform 

 Subramanian et al. and Chaudhari et al. have shown that droplets can be moved on a 

surface using a gradient in wettability.[76,77] If a droplet is located in the boundary of 

lyophobic and lyophilic regions and provided that the contact angle hysteresis is small, the 

droplet moves to the lyophilic region. The EWOD technique can be used to move the droplet 

in a similar way. If a droplet is located at the boundary between actuated and non-actuated 

electrode, electrowetting force is applied on the contact line located on the actuated 

electrode, while a capillary force is exerted on the contact line located in the lyophobic (non-

actuated electrode) region.[59] The resultant of these forces is located towards the actuated 

electrode, and if this force is sufficient to overcome the contact angle hysteresis, the droplet 

moves towards the actuated electrode.[59] The electrowetting force is a result of the Maxwell 

stress tensor and can be translated as a capillary effect using the Young-Lippman equation. 

The electrowetting force during droplet motion from one electrode to another remains 

constant during its motion and is given by  

𝐹𝑒,𝑚𝑜𝑡𝑖𝑜𝑛 = 𝑒𝛾𝐿𝐺(𝑐𝑜𝑠𝜃𝑎 − 𝑐𝑜𝑠𝜃𝑛𝑎)     (13) 
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Here, 𝜃a and 𝜃na are actuated and non-actuated contact angles respectively and e is the 

electrode width. The detailed derivation of this equation is beyond the scope of this thesis 

and can be found elsewhere.[78] 

 EWOD platforms consists of a base plate with an array of electrodes which are used 

to manipulate sessile droplets. Such platforms are also referred to as open EWOD platforms 

and are usually preferred for mixing operations as natural oscillations during droplet 

coalescence enhances the mixing process.[59] In the present research, we have designed open 

EWOD platforms with FINP electronic apparatus and demonstrated its utility to precisely 

move and mix droplets.  

 

A.2 Calculation of mixing rate using relative mixing index (RMI) 

Mixing rate of two, colored liquids can be calculated by a variety of image analysis 

methods. Several mathematical indices, which can be calculated by image analysis, have been 

developed in order to quantify the extent of mixing.[64] Among various mixing indices 

developed by the research community, relative mixing index (RMI) is capable of providing 

the most accurate estimate of mixing because of its insensitivity to light intensities and span 

of intensity distributions.[64] Thus, we chose to use RMI to quantify mixing of droplets on our 

FINP-DMF platform. The mathematical formula for quantifying RMI can be defined as:  

𝑅𝑀𝐼 =  1 −
√1

𝑁
∑ (𝐼𝑖 − 𝐼𝑖

𝑝𝑒𝑟𝑓 𝑚𝑖𝑥
)2   𝑁

𝑖=1

√1
𝑁

∑ (𝐼𝑖
0 − 𝐼𝑖

𝑝𝑒𝑟𝑓 𝑚𝑖𝑥 
)2𝑁

𝑖=1   

    (14) 
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Where N is the total number of pixels, Ii is the intensity at pixels i, Ii0 is the intensity at pixel I 

if no mixing or diffusion occurs, Iiperf mix is the intensity of perfectly mixed solution at pixel i. 

The percentage of mixing can be found by multiplying RMI by 100% (% mixing = RMI x 

100%).  

 

A.3 Detailed circuit diagram of the portable FINP-DMF control circuit 

 

 




