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ABSTRACT 

Cell morphology encodes essential information that informs many underlying biological 

processes and responses to perturbations. Quantification of cell morphology has seen tremendous 

advances in recent years. However, limitations arise with regards to effectively defining 

morphological shapes and evaluating the extent of cellular heterogeneity. Using cell and nuclear 

contours generated using standard segmentation algorithms, we demonstrate the ability to 

classify cells based on a data-driven approach to determine shape mode distributions. These 

shape mode distributions provide users with the ability to directly quantify cell shapes and 

associated heterogeneity without oversimplification, with an effective visualization scheme that 

relates cell shape morphologies to morphological subtypes. 
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INTRODUCTION 

Assessing cell morphology is an essential methodology employed by clinicians and 

researchers in the study, diagnosis, prognosis, and treatment of human diseases. Fundamentally, 

cellular morphology represents the ensemble imprints of highly interactive molecular networks, 

including metabolic, proteomic, genomic and epigenomic components1–5. The coordinated 

orchestration of these inter-dependent cellular programs are critical to properly govern cellular 

behaviors4 and ultimately determine their responses to perturbations and stressors, such as 

microenvironmental cues, biomechanical stimuli6,7 and pharmacological treatments8–10. Although 

assessing morphology is often perceived as a qualitative and low-throughput modality, advances 

in high-content imaging11,12, quantitative image processing11,13,14, and computer vision15,16 have 

bolstered its potential utility, opening the doors for forward-thinking approaches, such as digital 

pathology17–20, biomarker identification1,21, and its application in phenotypic screening 

platforms9,22–24. 

Cell morphology is classically defined by a handful of geometric parameters11,25, 

delineating size (e.g. area, perimeter), shape (e.g. shape factor, aspect ratio), intensity (e.g. 

measures of expression and localization of fluorescently labeled proteins and organelles), and 

texture (i.e. higher order patterns based on the intensity distributions and localization) of cells and 

their corresponding nuclei. Traditionally, these parameters are computed for a population of cells 

and compared based on the mean values per parameter with the goal of biological simplicity, but 

this often introduces oversimplifications. Since these mean values often fail to capture the 

diversities within cell properties-particularly with regards to shapes, additional statistical 

descriptors—such as the Zernike number or contour roughness—are often introduced to enhance 

the morphological parameter-space. This has led to a tremendous increase in the number of 
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morphological parameters computed11,24, with the premise that these additional descriptors may 

capture the information needed to better define and differentiate cellular states. While these 

descriptors do capture more complexities, effective visualization and the assignment of direct 

biological meaning to these higher-order morphological features become increasingly challenging.  

Robustly computing the differences, mainly with regards to cell and nuclear sizes and 

intensities (e.g. protein contents) is readily doable using existing segmentation algorithms such as 

CellProfiler and ImageJ/Fiji11,26; however, defining their shapes beyond the classical geometric 

descriptors is far more complicated27. Part of the challenge lies in the fact that most shape 

descriptors measures the deviation of a cell’s shape from a circle, e.g. shape factor (4A/P2) and 

aspect ratio (long axis length/short axis length). This becomes particularly important when 

attempting to quantify the shapes of mesenchymal-like cells which tend to have extensive 

protrusions and blebs when cultured on 2D or in 3D substrates. For instance, cells seeded in 3D 

collagen gels exhibit extensive dendritic protrusions and nuclear blebs, features that are poorly 

captured by conventional shape metrics such as shape factor. Furthermore, even when taking a 

population of cells having very similar magnitudes for parameters describing their size and shapes, 

the actual contours of these cells exhibit a zoo of morphological phenotypes, highlighting the 

inherent cellular heterogeneity  

Quantifying phenotypic diversity among cells has emerged as an important and informative 

feature to probe transitions along various biological states at the single cell level, for instance: 

stages of embryonic development28–30, age21,31, disease progression1,32 and drug responses33.  

Typically, the magnitude of the cellular heterogeneity is computed based on the variance among 

cells for a particular parameter (e.g. cell area). However, it becomes unclear what can be 

considered the true extent of heterogeneity when the variances among parameters differ in 
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magnitude and/or direction along transitions (tendency towards convergence-less heterogeneous 

vs. divergence-more heterogeneous).   

To address these concerns, we took a fundamentally different approach. Using the raw 

coordinates of cell and nuclear contours across conditions we determine shape modes that describe 

inherent cell and nuclear shapes. Then using the distributions of these shapes, which denotes the 

representation of each shape mode among conditions, we compute the heterogeneity based on the 

Shannon entropy. 

BACKGROUND 

Development of the protocol 

Routinely assessed by pathologists, cellular morphology is highly sensitive to molecular and 

environmental changes caused by disease progression or drug exposure. We and others have 

recently shown that the information encoded in these cellular states are inherently associated with 

cell features such as gene and epigenetic expression patterns, modes of migration, and responses 

mechanical stiffness1–3,6,21,34,35. To better quantify cell morphologies, beyond classically defined 

geometric parameters and  provide a robust way to  quantify heterogeneity, we have developed a 

shape-analysis platform named VAMPIRE, for Visually Aided Morpho-Phenotyping Image 

Recognition1. VAMPIRE uses the raw cell shapes defined by the coordinates along the curvilinear 

contours of cells and nuclei to identify cellular morphological patterns enriched in different cellular 

conditions. This data-driven approach determines shape modes that robustly define morphological 

subtypes within cell populations.  

Overview of the procedure 

Using images masks obtained after standard segmentation with tools such as CellProfiler or 
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ImageJ/FIJI, VAMPIRE analysis is comprised of four essential steps. First, the coordinates of 

equidistant points along the periphery of the cell/nuclear contours are extracted and pooled for 

conditions of interest, then aligned along their long axis. This alignments step mitigates 

conformational artifacts that may arise, for instance from rotational variations. Secondly, two-

dimensional mathematical descriptors called eigen shape vectors are generated based on the real 

cell and nuclear shapes, such that linear combinations of eigen shape vectors reconstruct all raw 

cell or nuclear shapes in a cell population. Thirdly, using k-means clustering analysis, eigen shape 

vectors are dimensionally reduced to determine the shape modes. Lastly, each condition is 

interrogated based on the representation of each shape mode within the populations, and the 

frequency distributions of shape modes per condition is plotted1 (Figure 1).  

 

Figure 1. Data Flow Diagram of the single-cell phenotyping analysis platform 
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Applications of protocol and limitations  

The quantification of cell morphology is highly informative, both in answering 

fundamental questions in cell biology2–4, as well as key questions at the interfaces of clinical and 

translational medicine8,9,36, including assessing metastatic potential of cancer cells1, determination 

of cellular biological age based on cell morphology21, and the influence of microenvironmental 

cues on cell shape6. In these instances, such as cancer and ageing, manifestations at the 

physiological level often begin as subtle cellular changes that are associated with underlying 

biophysical (e.g. cell stiffness, motility, and adhesion) and biomolecular properties (protein 

content and activation) of the cell. Therefore, being able to identify these cellular changes early in 

the transformation process is essential to the development of effective approaches for effectual 

course corrections and progressive monitoring in the context of continued dysfunction and disease 

progression. 

 The integration of cell segmentation via CellProfiler or ImageJ/FIJI with VAMPIRE 

provides a user-friendly and intuitive way to both understand and visualize high dimensional 

morphological data. Proper visualization of cellular morphology is essential to the interpretation 

and understanding of the complex data extracted from cellular images. Morphological parameters 

are usually represented using a series of box plots and/or color-coded heatmaps accompanied by 

representative images. However, even with machine-learning and clustering analysis, 

discriminating phenotypes and making inferences based on the underlying biological processes 

using representative images can introduce bias25. Although heatmaps tend to illustrate the dataset 

in its entirety, they are often not intuitive and the necessary normalization steps, e.g. computing 

the z-score that allows the mixing of different numerical scales, can obscure the true magnitude of 

the measurements. While, bar charts show both the magnitude of the measurements and the spread 
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of the data, the extensive number of features does not allow easy interrogation of all features 

simultaneously, thereby limiting its usability to a subset of features and conditions. Here, 

VAMPIRE provides an intuitive interpretation of dimensionally reduced morphological data that 

better defines cellular phenotypes (Figure 2). 

 

Figure 2. VAMPIRE analysis overview. A. nuclear shapes re-oriented to eliminate rotational 

variation. B. cell shapes re-oriented to eliminate rotational variation. C. nucleus boundary is 

simplified using PCA D. cell boundary is simplified using PCA. E. dendrogram of nuclear and 

cell shapes.  

 

Comparison with other methods 

VAMPIRE presents three major advantages over conventional approaches11,25,26 to assess and 

visualize cell shape: 1) VAMPIRE bypasses the feature-extraction step (e.g. computing parameters 

such as shape factor and cell eccentricity), which can potentially biases the analysis, often making 

it difficult to directly compare cell conditions. This improvement allows for the ultra sensitive 

detection and tracking of morphological patterns, a critical feature that is often missed by 
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traditional morphological approaches. 2) VAMPIRE provides an in silico visualization scheme to 

compare and learn biologically meaningful information from complex morphology data, instead 

of using over-simplified classical morphological features or extensive feature sets, which can 

quickly become too abstract. 3) VAMPIRE provides a direct means to compute the degree of 

diversity and cellular heterogeneity within cell populations across conditions, by way of the 

Shannon entropy32, based on frequencies of eigen shapes:  

     𝑆 = −∑𝑝𝑖𝑙𝑛(𝑝𝑖) 

Here, S is the Shannon entropy and pi is the occurrence/probability of each shape mode. 

This direct comparison of conditions allows users to decipher underlying processess that 

influence cell shapes and associated heterogeneity, such as drug treatments and disease progression, 

while providing more than just the global increases/decreases in single morpholigical features, 

which can be insensitive to subtle changes. 

MATERIALS 

Equipment 

▪ A computer with at least 4GB of RAM running Mac OS X (OS X 10.9 or later), or 

Microsoft Windows (Windows 7 or later, 64-bit CPU) 

Software 

▪ Python 2.7.15 (https://www.python.org/downloads/release/python-2715/)  

▪ Java SE Development KIT 8 

(https://www.oracle.com/technetwork/java/javase/downloads/jdk8-downloads-

2133151.html) 

▪ CSV editor (e.g. Microsoft Excel, Numbers) 

https://www.python.org/downloads/release/python-2715/
https://www.oracle.com/technetwork/java/javase/downloads/jdk8-downloads-2133151.html
https://www.oracle.com/technetwork/java/javase/downloads/jdk8-downloads-2133151.html
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▪ Standard segmentation tool:                                                                                                    

CellProfiler 3.15 software (http://cellprofiler.org/releases/) , or                                 

ImageJ/FIJI (https://imagej.net/Fiji/Downloads) 

 

PROCEDURE 

Segment images using standard segmentation tools  TIMING 10-60 min 

1. Following image acquisition open segmentation tool of choice, e.g., CellProfiler 3.15, and 

follow the instructions provided in the tutorials section (http://cellprofiler.org/tutorials/) to 

design an appropriate pipeline for image segmentation. An example image set is provided in 

supplementary data, which includes a set of cell images from two different channels of nuclei 

and cells stained with H33342—nuclei and Phalloidin—F-actin.  A reference segmentation 

pipeline can also be found in supplementary data, file named “pipe.cppipe”.  After processing 

using CellProfiler, cell and/or nuclei segments will be exported in the folder named 

“experiment1" by default. A sample image set post-segmentation that can be directly run in 

Vampire can be found in supplementary data names ‘sample experiment 1’. 

If VAMPIRE is already installed proceed directly to step 3. 

Install VAMPIRE Graphic User Interface (GUI)  TIMING 2-5 min 

2. Download Python 2.7.15 (see Supplementary Methods for details on how to install python).  

3. For Mac OS X users open ‘Terminal’, or ‘Command prompt’ for Windows users, and install 

VAMPIRE analysis package by typing ‘pip install vampireanalysis’ into the Terminal or 

Command prompt interface and press enter. This will initiate the download of the VAMPIRE 

GUI, once download is completed, user will be prompted with ‘Successfully installed 

vampireanalysis-2.1.1’ 

? TROUBLESHOOTING 

http://cellprofiler.org/releases/)
https://imagej.net/Fiji/Downloads
http://cellprofiler.org/tutorials/
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4. Open the VAMPIRE GUI by typing ‘vampire.py’ into Terminal or Command prompt interface 

and press enter. This will launch the GUI that will open as a pop-up window (Figure 3). 

Note that for CellProfiler users, proceed to step 5 to combine cell segments into a single mask 

per image. If a single mask is already available proceed to step 6. 

 

Figure 3. VAMPIRE analysis GUI window 

Combine CellProfiler output into a single mask per image   TIMING 1-3 min 

5. Under the ‘Merge CellProfiler segmented objects’ click on the ‘search folder’ tab. This will 

open a dropdown menu where the user can set the file path to the output folder of CellProfiler. 

By default, CellProfiler outputs the results folder as ‘experiment1’. Once file path is selected, 

click on the ‘merge’ tab. By clicking on the ‘merge’ tab, two processes occur, 1. a mask file is 

created that contains all segmented cells per image, which is needed as the input for Vampire 
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analysis; and 2. a csv registry file named ‘segmented image location.csv’ is created containing 

the path to the images. 

6. Open registry file named ‘segmented image location.csv’, and label the identity of channel 1 

and channel 2, indicating cells and nuclei, then save file and close. This information will be 

essential for building the model in subsequent steps. 

Create image registry  TIMING 1-10 min 

7. Under the Create object CSV section of the Vampire GUI, click on the ‘load csv’ tab and set 

path to the ‘segmented image location.csv’ then click on create. This will create a new folder 

named ‘segmented images’, containing the mask files, and a csv file named ‘image sets to build 

model.csv’ needed to build the model.  

? TROUBLESHOOTING 

Build VAMPIRE shape-analysis model  TIMING 1-5 min 

8. Open csv filed named ‘segmented image location.csv’ and copy the contents for the conditions 

of interest. In the segmented images folder, open the ‘image set to build model.csv’ and past 

the copied contents, then save and close file. 

Note that outputs from multiple conditions, and/or multiple time point can be pasted into the 

csv file to build a comprehensive model. 

9. Under the Model section, click on ‘search folder’, this will open a drop-down menu where the 

user can select the path to the ‘image set to build model.csv’ file.  

10. Enter the number of eigen-shapes in the input box. Note that the number of eigen-shapes 

entered here will determine the number of shape nodes to describe the population of cells. 

11. Enter a model name for which the model file will be saved. We recommend using a name 

indicating the conditions used and the date, then click on the ‘build model’ tab. 
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? TROUBLESHOOTING 

This creates two new folders named “ch1_buildmodel” and “ch2_buildmodel”, containing the 

same complimentary files for the nuclei and cells selected to build the model. Each folder 

contains:  

▪ The average eigen shapes for the population of cells, with a .png file containing the 

contour for each shape based on the number of eigen shapes specified. 

▪ The dendrogram showing the linkages and the relationship among eigen shapes/shape 

modes 

▪ The overlay of all raw shapes falling into each eigen shape mode 

▪ The distribution showing the fractional abundance for cells within each shape mode, 

with the percent of cells within each mode denotes on the top of the bars. This 

distribution is the overall distribution across all cells within the conditions selected to 

build the model. 

▪ The dendrogram showing the linkages, with color-coded shape mode contours. 

Application of the model to analyze shapes across conditions  TIMING 1-5 min 

12. Open the ‘image set to build model.csv’ file and copy the entries for conditions of interest to 

compare. Open csv file named ‘image set to apply model’ and paste the contents then save and 

close file. 

13. Under the Model section of the Vampire GUI, click on the ‘search folder’ tab and select path 

to the ‘image set to apply model.csv’ file, then enter the same number of eigen-shapes and 

model name used in the build model steps (step 9-11), then click on the ‘apply model’ tab. 

? TROUBLESHOOTING 
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After clicking on the ‘apply model’ tab two new folders are created named ‘ch1_apply model’ 

and ‘ch2_apply model’, containing the model outputs for cells and nuclei respectively. Each 

folder contains: 

▪ The average contour shapes for the number of eigen-shapes specified  

▪ The dendrogram showing the linkages and the relationship among eigen shapes/shape 

modes 

▪ The overlay of all raw shapes falling into each eigen shape mode 

▪ A stacked distribution showing the fractional abundance for cells within each shape 

mode, with the percent of cells within each mode denotes on the top of the bars. The 

order of the stacks is denoted based on the order of conditions inputted in the ‘image 

sets to apply model.csv’.  

▪ The dendrogram showing the linkages and eigen shape contours, with color-coded 

shape mode contours. 
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TROUBLESHOOTING 

TABLE 1| Troubleshooting table. 

Step Problem Possible reason Solution 

1 CellProfiler does 

not launch 

Computer does not 

have the correct 

verison of Java SDK8 

installed 

 

Download and install Java SDK8, and 

re-open CellProfiler 

3 VAMPIRE 

analysis package 

does not install 

 

Unable to load 

VAMPIRE 

analysis interface 

 

You may not be 

connected to the 

internet  

 

Pip manager in 

Python needs to be 

updated 

Since the software needs internet 

connection to install, connect to the 

internet and run installation again 

 

Type pip install --upgrade pip into the 

Terminal, then re-run vampire.py 

10,12 Error message: no 

objects to 

concatenate 

 

 

 

Taking too long to 

generate results 

Samples to build the 

model not selected 

 

 

 

 

Wrong path location 

specified in ‘search 

folder’ tab 

Open ‘masterUI.csv’ and specify the 

samples needed to build the model by 

inputting ‘1’ in column 2 then save 

changes and close file.  

Change the path to the correct file 

location and re-run step by clicking on 

‘build model’ 

 

 

 

 

    

______________________________________________________________________________

______________________________________________________________________________ 
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ANTICIPATED RESULTS 

 

 

 

 

 

 

Figure 4. Anticipated output results of VAMPIRE analysis. A. Fluorescent images of mouse 

embryonic fibroblast (MEF) cultured on circle and triangle micropattern. (left) binary segmented 

image of the fluorescent image. (right) Scale bar = 70um. B. eigen-shape distribution of wildtype 

and lamin knockout MEF cultured on circle and triangle micropattern. 

 User can clear distinguish that the cells cultured on circle micropattern are mainly 

classified as circle eigen-shape, while the cells cultured on triangle micropattern are dominantly 

classified as two different triangle eigen-shapes: sharp contour and blunt contour  (Figure 4). 

This result would encourages the user to investigate the role of lamin in cell adhesion. 

CONCLUSION 

 Understanding cell morphology is key to interpret many biological processes and 

responses. VAMPIRE analysis has overcome the limitations of traditional cell morphology 

quantification tools to evaluate the cellular heterogeneity, using cell and nuclear boundary 

contours generated with standard segmentation software tools. We have demonstrated  

the ability to classify cells based on a data-driven approach to determine shape mode 

distributions. These shape mode distributions provide users with the ability to directly quantify 

cell shapes and associated heterogeneity without oversimplification, with an effective 

visualization scheme that relates cell shape morphologies to morphological subtypes. 
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aneuploidy by measuring the variance in the number of chromosomes of the cells grown on collagen coated 

substrates with varying stiffness. 

• Provost’s Undergraduate Research Award (PURA): $3,000 funding for the project aforementioned 

Software Development: Visually-Aided Morpho-Phenotyping Recognition tool (VAMPIRE) 

• Developed a python-based software for biologists with no programming background to easily extract 

morphological features of cells, using images of single or multi fluorescence channels. The software then 

classifies cells by quantifying the degree of cellular heterogeneity and provides an effectual visualization 

scheme that relates shape morphologies to cellular states. 

• Submitted to Nature Protocols (2018). 

 

Institut Curie                        Paris, France 

Research Intern (P.I. : Danijela Vignjevic)             June 2017 – July 2017 

Project: collective migration of A431 human epidermal carcinogenic cells under various microenvironment 

• Characterized Epithelial to Mesenchymal Transition (EMT) markers of A431 invasive carcinogenic cells 

grown on various substrates: matrigel, fibronectin, monomeric collagen, and collagen network. 

 

TECHNICAL SKILLS 

Programming Python, TensorFlow, MATLAB, Java, ImageJ Macro, Raspberry Pi  

Laboratory         Micropatterning, Chromosome spreading, Midiprep, Transfection, Confocal imaging, Bioreactor  

Design  3D Printing, Laser cutting, Solidworks, Woodwork, Drawing, Painting, Illustrator, Photoshop 

 

LEADERSHIP & EXTRACURRICULAR ACTIVITIES  

Korean-American Scientists and Engineers Association–JHU YG Chapter  

Visual Art Director          January 2016 - July 2018  

• Organized intra-collegiate mentorship events for Korean and Korean-American student body at JHU 

• Hosted scholarship information sessions, professor invitation talks, and cultural events. Avg. # of 

participants: 40 

• Designed promotional posters, event materials, and social media posts using Adobe Creative Suites 

 

PROJECTS & AWARDS  

Student Initiatives Fund, JHU Whiting School of Engineering                June 2017 

• Selected as one of top 4 individually proposed independent engineering projects to be awarded $3,500 in 

funding.  

 Project Topic: self-powered air circulation system to prevent respiratory diseases  

HopHacks, JHU Hackathon             February 2018 

• Developed a web application that compares the user’s medical expenses to others who received similar 

level of medical services. 

• First Place Winner Award 
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YHacks, Yale University Hackathon                 December 2017 

• Developed a search engine that predicts emerging technology and products, providing credible insight for 

the investors based on the big data collected objectively from the web. 

• Viacom: Best Use of the Viacom Datapoint JavaScript Utility Award 

• Informa: Best Hot Technology Predictor Award 

HopHacks, JHU Hackathon          September 2017 

• Developed a mobile app that facilitates seamless exchange between fiat and cryptocurrency, using the 

blockchain technology. 

• Facebook: Judge’s Choice Award 

• Deloitte: Best User Experience Award 

• Capital One: Best Financial Hack Award 

MedHacks, JHU Medical Themed Hackathon            October 2016  

• Developed a mobile app that reads electroencephalogram (EEG) signals sent from a hairband called MUSE 

and shows the user’s (i.e. autistic child) current emotional status. 

• Second Place Winner Award 

• Wolfram’s Best Tech Award  

 

*Curriculum Vitae has been modified to fit the margins of the thesis. 

 


